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Seasonal Variations in the Activated Sludge Microbiome with Respect to

Nitrification Performance

Overview Abstract

Activated sludge consists of a diverse microbial community that is used by
wastewater engineers to metabolize excessive nutrients in domestic wastewater so that
these excessive nutrients do not impact downstream waters. While most biological
contaminantemoval processes, suchaasbon (measured &sological Oxygen Demand
and phosphorous removal are performed consistentlyrgead, nitrification performance
significantly declines in cold temperatures. The seasonal decline in nitrification
performances known as seasonal nitrification failure. To understand seasonal nitrification
failure, this thesisanalyzed triplicate, fulkcale, sequencing batch reactors throughout
several years to investigate seasonal variations in the activated sludge mierebibm
respect to community composition (16S rRNA getied metabolically activeomposition
(16S rRNA transcript), and expressionarioA(ammonia monooxygenase) which is a
key-nitrification functional gene.

There werell4 OTUs (operational taxonomimits), which were consistently
present in all three reactors, every week, for an entire year and together comprise 74.3%
84.0% of the entire community. The changes in abundances of these OTUs and other
seasonally present OTUsy sigrafigastly dgistincttironseach s on 6 s
other. The community composition was also significantly distinct from the protein
synthesis composition throughout the entire year. While the entire activated sludge
community and proteisynthesis compositions flucteat, the ammoniaxidizing

community was at a constant abundance throughout the year based on tracking known



ammonia oxidizers and theemoAfunctional gene despite seasonal nitrification failure.

While theamoAtranscripts declined with the seasonally delshperatures, which explain

the seasonal nitrificat i onammeniaobxidizeepioteinde c | i 1
synthesis potentiaimeasured byNitrosomonassp. 16S rRNA transcriptglid not

significantly decline with temperature. This suggels&sd are other metabolic activities
performed by the known ammonia oxidizing community to maintain stable community
abundance and protein synthesis potential when ammonia oxidization is no longer the most
thermodynamically favorable metabolism.

This resit changes the narrative that seasonal nitrification failure occurs due to
declining abundances of ammonia oxidizing organisms in cold temperatures, and instead
provides insight as to ho@amoAexpression seasonally changes with the complex and
seasonally yhamic microbial ecology of the activated sludge community. Additionally,
this research provides the most comprehensive baseline of the activated sludge
communities seasonal composition, proteymthesis potential anAmoA expression to
date. Future resechers can ugbeseresults to investigate specific highlighted seasonally
variant OTUs which may influent the activated sludge microbiome, as well as explore the

additional roles known ammonia oxidizers play in this complex microbial system.
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Chapter 1

General Introduction

Wastewater treatment plants are designeiei@t influent wastewater so that the
resulting effluent discharge contains minimal solids, carbon, nitrogen, and phosphorous
content in an effort to prevent downstream pollutiohile solids are typically removed
using physical processes, excessiveients are primarily removed during biological
secondary treatment. Secondary treatment uses activated sludge, a diverse consortium of
microbes with a prolonged growth time, to biologically metabolize these nutrients into less
harmfulcompoundgl). Thes biological processes are not always perediconsistently
at wastewater treatment facilities which undergo significant seasonal temperature shifts
(2). This is particularly noticeable with the ammonia oxidizing bacterieciwlead
wa s t e wratrogenmcygcke with ammonia oxidation which is the first major step in
nitrification. Ammonia oxidizing bacteriads actiyv
in cold temperature, preventing nitrification from occurring. This phenomenon is referred

to as seaswl nitrificationfailure (3-12).

Seasonal nitrification failure has been a longstanding issue within wastewater
treatment plantsPredominantlythis has been studies rateimiting kineticsin benchtop
engineering solutionsot fullscale treatment facilitiesPotential solutions have explored
prolonged solids retention time for longer periods of growth and bioaugmentation to
introduce psychrophilic/psychrotolerant ammonia oxidizers into dttevated sludge
system(3-8, 10, 1316). Unfortunately, these proposals and benchtop experiments rarely
translate from the field into scaéble options for fullscale wastewater treatment facilities.

The National Pollutant Discharge Elimination Systgermits often do not regulate

1



ammonia between December to April due to a lack of viedilgtions(17). What is needed

is an approach which focuses on what is occurring with the ammonia oxidizing community
and the entire microbial community within fidtale wastewater treatment facilities. This
thesis explores how the microbial community in activated sludge wastewater treatment

plants fluctuate throughout the seasons.

Usinga combination of molecular biology techniques includimg latest in high
throughput sequencing technologies, as well as quantitative polymerase chain reaction
techniques to determine copy numbers of functional genes and transcripts, how the
microbial community fluctuates throughout the year in terms of abundance, activity, and
growth was explored Additionally, with a specific focus on the nitrifying biomassgoal
wast o uncover trends in the ammonia oxidizin
information will help future wastewater engineers to prevent seasonal niinifidatiure
by designing around organisms which are already present and active in wastewater
treatment facilities. Below is a further outline of the Brainerd WasteWwatatment Plant,
Nitrogen Cyclingat BrainerdWastewater Treatment Plant, and thetrodologiesused to

investigate seasonal nitrification failure at the Brainerd Wastewater Treatment Plant.

Brainerd Wastewater Treatment Plant

The Brainerd Wastewater Treatment Plant is designed for up to 6 million gallons
per day (22,700 cubic meters per day) and services the cities of Brainerd and Baxter in
westernc ent r al Mi nnesot a. The treat ment pl a

domes i ¢ wastewater which services the area6os



Wastewater Treatment Plant underwent a significant renovation in 2010 and transformed
from a conventional wastewater treatment plant into four sequencing batch reaabls cap

of performing enhanced biological removal of nitrogen and phosphorous.

While the treatment plant has four reactors and has the capacity for 6 million
gallons per day, only three reactors actively operate at any given time with an average daily
inflow closer to 2 million gallons per day. Each of these three sequencing batch reactors
operates on a cycle controlled by a computer based on parameters predetermined by the
chief wastewater operator. While the three active sequencing batch reactorspesstpm
independent processes and do not mix, they recefleent wastewatefrom the same

upstream operations and discharge to the same downstream processes.

Figurel.l shows a schematic of the Brainerd Wastewater Treatment Plant starting
at the headwds where influent domestic wastewater is received. This wastewater passes
through bar screens to remove larger solid items before a grit chamber forces smaller solid
items to separate from the treatment plant process. After the grit chah®erfluen
wastewater is disperdanto one of the three sequencing batch reactors for secondary
treatment. Following secondary treatmehere is an equalization basin which ensures a

stable effluent flow during disinfection before discharging into the MisgisRijver.
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Figure 1.1 Overview of the processes performed at the Brainerd Wastewater Treatment Plant (Brainerd
Public Utilities, MN). Each building is highlighted in a light green color. The top portion represents the
treatment plant from a geograpHicaerview, while the bottom portion represents the treatment plant from
as hydraulic gradient with wastewater flowing downgradient for treatment. The dark green pipes indicate
the influent wastewater. After secondary treatment the influent wastewsitgirdp a dark red piping for

the treated wastewater and blue pipes for the biosolids.

Secondary treatment is the most complex stage of the operb@oassat relies
on biological processes to remove the excessive carbon, nitrogen, and phospbanous fr
the influent wastewater. This diverse consortium of microbes is referred to as activated
sludge, coined from founders Ardern and Lockett who recognized that recycling dense
settled sludge resulted in longer growth times for microorgan(i$&)s Thelonger growth
times increase the density of biomass which provides higher performance in remediating

influent wastewater(8, 1921). The typical sludge retention time at the Brainerd
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Wastewater Treatment Plant is approximately 8 days to ensure growtitritying

biomass.

Secondary treatment is outlined in Figur which depicts a schematic of the
reactor cycle. The total reactor cycle takes approximatblyués. The three reactors are
on an offset schedule by approximately tvaurs so that one reac is always filling with
influent wastewater while the other two are performing biological treatment. The first
stage istatic fill where influent wastewater flows into the reactor on the top of the activated
sludge without mechanical homogenization tbé influent wastewater and activated
sludge. The next stage is an anaxixed fill, where the entire reactor is homogenized,
carbon sources are present from the influent wastewater, but oxygen is not pumped into
the reactor. The reactor is still fillj with influent wastewater during this time period.
Mixed fillis when denitrification and part of the phosphorous uptake occurs by denitrifying
and phosphorous accumulating organisms occurs. fatic fill andmixed fill typically

last an hour each.
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Figure 1.2The various stages of the sequencing batch reactor cycle at Brainerd Wastewater Treatment Plant.
A) depicts thestatic fill where influent wastewater is yellow, and activated sludge is dark brown. B) depicts
mixed fillwhere the light brown is a homogenized mixture of influent wastewater and activated sludge. C)
depictsreactwhere air is pumped into the reactor to promoteficiation. D) Duringsettlingthe supernatant

and settled sludge separate so that the supernatant in bluederabhtedFigure 1.2¢e) before some sludge

is wastedinto anaerobic digesters (Figure 1.2f).



Occasionally, during higher influent wastewatelumes, a brieferobic filloccurs
for 10-30 minutes. Aerobic fill provides oxygen to the reactor while new influent
wastewater is still entering the system. For the purposes of this strdic fill was
considered negligible and incorporated itie react stage. Duringeact the aeration
system provides finrbubbles of air into the wastewater treatment plant so that aerobic
biological processes such as nitrification can occur. During the winter, there are some
heatergdo attempt to heahe airsupplied to the reactar§he contact time between the
heaters and air supply is limited. The computer system monitors the concentration of
dissolved oxygenhowever,will continue pumping oxygen until 3.5ppm is reached.
Afterwards, the aeration systeimuss off temporarily until the oxygen is consumed and the
concentration of oxygen reaches 0.8pjamd thevhere the aeration system turns back on.
This is a technique to save on energy cbstsausaeration costs are typically 50% of the
operational costat most wastewater treatment faciliti®eactasts for a minimum of 110

minutes and is typically-Bours long.

After react the mixers and aeration system completely shut down to enable
activated sludge biomass to settle duringsidlingcycle. Sdtling is the final stage these
studies analyzbecauseafterwards the wastewater is no longer being treated biologically.
Settlinglasts thour and is followed by a 145 minutedecantperiod where the uppermost
treated wastewater flanownstream into an equalization basin before disinfection. After
decantthere is a brief (120 minute)waste sludgevhere some of the activated sludge is
sent to the treatment pldrtanaerobic digestéor further biosolids processing. There may
be a period the reactors do Imoig duringidle, but typically this process restarts as influent

wastewater begins to flow again.



These stages are specifically designed so that there are three distinctfpetloels
activated sludge microbial community. Dursigtic fillandmixed fillis the anoxic period,
while reactis the aerobic period. Finallgettlingserves as an anaerobic period. These
three periods of anoxic, aerobic, and anaerobic cyclingcareial to leveraging the
nitrogen cycle through diverse organisms biologically metabolizing influent ammonia to

inert dinitrogen gas.

The Nitrogen Cycle in Sequencing Batch Reactors

Domestic wastewater typically has betweerbP5mg/L of ammonia in the influent
wastewater. This is predominantly organic nitrogen from urea, which breaks down into
ammonia with the urease enzym@&his ammonia is removed bgmmonia oxidizing
microorganisns which metabolize the ammonia into nitrite using tlmmonia
monooxygenaseAMo) as well as thehydroxylamine oxioreductaseH@o) (22, 23)
Afterwards, nitrite oxidizing bacteria metabolize the nitrite into nitrate usingithiee
oxioreductaseNxr)(24). These enzymeia the presence of oxygdacilitate nitrification.
Typically, nitrification is performed by two distinct organisrfiere is potentiahowever,
for someNitrospirato perform both these steps. Thilgospiraare regarded as complete

ammonia oxidizing bacteria (Comammd@2}-26).

After nitrification, the anaerobic processes of denitrification occur where the
primary electron acceptor switches from oxygen to the reduced nitrogenous compounds.
Initially as nitrak, thenitrate reductas€Nar/Nap) reduces the nitrate back to nitrite and

later nitrite reductasgNir) reduce nitrite to nitrioxide (27-29). Nitric oxide is further



reduced to nitrous oxide viaitric oxide reductaseNor). Finally, the nitrous oxide is
metabolized into dinitrogen gas with tmitrous oxide reductaséNos). A complete

breakdown of the nitrogen cycle is shown in Figure 1.3.

N Z%Z

\orB

hzo NO

Denitrification

Organic Ammonification

NH3/NH,* NO,

Nitrogen .
Assimilation

napA/narG

Figure 1.3Key stages of the nitrogen cycle. Ammonification is shown in red, vas#emilation is shown

in dark red. Nitrification steps of ammonia oxidation and nitrite oxidation are shown in orange and yellow.
Nitrate reduction is shown in green. The denitrification steps of nitrite reduction, nitric oxide reduction, and
nitrous oxde reduction are shown in light blue, blue, and purple. Nitrogen fixation from nitrogen gas back
to ammonia is shown in pink, while the anammox bypass from ammonia and nitrite to nitrogen gas is shown

in gray.

Each stegn nitrification and denitrifications critical to wastewater treatnte

transferharmful forms of nitrogenous compouniti$o dinitrogen gas which is inert and



comprises 78% of thatmosphergd30-32). Nitrification steps are designed to prevent
excessive mounts of ammonia from being released into the environment. Ammonia is
often a limiting nutrient in the environment, especially for marine waters. The excessive
ammonia released from wastewater treatment plants contributes to large algal blooms
growing o these excessive nutrients. The algal blooms consume most of the dissolved
oxygen in these bodies of water which suffocates aerobic fish, bacteria, and plants in the
water. This process is called eutrophication and can redatgi@hypoxic zoneshesize

of the State of Delawarm the Gulf of Mexico resulting in over $100 million losses
annually to seafood and tourismithout accounting for ecosystem service 10g88s35).
Preventing eutrophication has been a central tenant of wastewater tresimeenthe

inception of activated sludg®ased processes.

Performing just nitrification leaves nitrogen as nitrite and nitrate, which still
contributes to eutrophication. Additionally, nitrate in excessive abundance can enter the
drinking water systerandcontribute to blue baby syndrome. Blue baby syndrome occurs
when nitratds converted in bodies into nitrite whibimds to hemoglobin in human blood
preventing oxygen uptake which results in suffocation. Minimizing both ammonia, nitrite,
and nitrate fom effluent wastewater has become a key component of enhanced nitrogen

removal.

Enhanced nitrogen removal designates wastewater treatment plants performing
both nitrification and denitrification. While removing nitrite and nitrate is essential for the
first steps of denitrification, the biggest challenge is ensuring nitrous oxide fully
metabolizes into dinitrogen gas. Nitrous oxide is an extremely potent greenhouse gas, over

298 times as damaging as carbon dioxide based on weigligightratio (31).
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While each individual nitrification and denitrification step is crucial to wastewater
treatment plant performance, it begins with ammonia oxidation which is oftelimméteg
based on temperature. In cold temperatures, wastewater treatment plargswjtge to
meet standard effluent ammonia concentrations. This seasonal lapse in performance is
called seasonal nitrification failure. The Brainerd Wastewater Treatment Facility has a
significant history of not being able to meet effluent ammonia digehanits to the point
where they are no longer required to have winter permits. There has been a lack of viable,
cost effective options for wastewater treatment plant operators despite growing pressure to
reduce effluent nitrogen. To design for theufet of yearound effective wastewater
treatment plants, a thorough investigation of the activated sludge microbi@se
performed focusing on the shifts in activity of ammonia oxidizing bactahat

underperform during seasonal nitrification failure.

Methodological Approach for Investigating Seasonal Nitrification Failure of The

Activated Sludge Microbiome

To comprehensively understand how the wastewater microbiome shifts during
seasonal nitrification failurehis study focuseson two temporal scalesThe first scale is
a broader annual overview of the reactors
microbial community throughout a yeafhis studytracks the entire community as well
as the known nitrification community as the temperature fluctuates. This study dequire
weekly samples from the triplicate sequencing batch reactors at Brainerd Wastewater
Treatment Facility to discern progressive changethéntemperature, community, and

performance over time. These samplesetaken while the reactorgerein their aerobic

11



react phase and actively treating wastewater. The microbial comnuastsacked using
next generation high throughput sequencingctiprovides the relative abundance of
distinct phylogenetic groups of organisms. Additional analysis indlugentitative
polymerase chain reaction (qPCR) for specific functional genes. These genes include the
16S rRNA gene as a proxy for total biomamsmimonia monooxygenagene(amoA)for
both Bacteria and Archaea to determine known ammonia oxidizers, as wetlites
reductasegene (nirS and nirK) and nitrous-oxide reductasegene (nosZ) which are
representative of the major denitrification patha:ayCombining sequencing with gPCR
provides relative community abundances to connect to absolute abundances of genes as
they fluctuate throughout the year. When the nitrification performance declines during
cold temperatures, wevere be able to track whit organisms changed in relative
abundance, the shifts in the nitrification community, and if these performance shifts
impaced the denitrification community whose process relies on nitrification. This shed
light on how the community, specifically the knowitrifying organisms, fluctuates in
abundance and performance throughout the year. This same #atassed to build a
kinetic model which predistperformance at a given time of year, based on the operational
parameters such as mixéguor suspendedolids and sludge retention time.

The second time scale will be a finer, morelepth look at shifts in activity during
t he r e-hourtcyxless Bhe €equencing batch reactors continuously alternate between
static filling, mixed filling, aerobic red, settling, and decanting before repeating this
process throughout the year. While ammonia oxidation only occurs during the aerobic
react stage, the ammonia oxidizing community only requires the presence of ammonia to

begin transcribing their genes amuilding proteins for ammonia oxidation. Transcribing

12



amoAcan occur rapidly within minutes when ammonia is detected by the cell. The known
ammonia oxidizers as well as the activated sludge community may significantly fluctuate
in activity as the sequeimg batch reactors alternate between these cycle stages, and
broadly throughout the seasons. To investigate the activity profiles of the activated sludge
community, four sampling tripseccured at the start of each new season to provide a
fingerprint thatprofiles these fluctuations. At the start of each season, samples
collected every l@ninutes during the static fill, mixed fill, react, and settling stages of the
reactors cycle. These samplesrerapidly frozen in a dnjce and ethanol bath togserve
an exact time point. The DNA and RNA of the sampleseanalyzed. DNA shows the
composition and functional potential of the community, and RNA will discern community
members who are actively performing protein synthesis and transcribing fungtores
for ammonia oxidization. Using next generation sequencing on the 16S rRNA gene and
transcriptsthis study cardifferentiate between microbes that are present, and microbes
that are active in the activated sludge community. To discriminate meaitibesknown
nitrification community, additional sequencing taegethe ammonia monooxygenase
(amoA) as a functional gene and transcript. The sequencing data mraeldgive
abundances which can be complimented with quantitative polymerase chaionreact
the same genes for absolute abundance. This will provide a comprehensive view of the
known ammonia oxidizers that are present and active during the seasons as well as the
activity of the microbial community in activated sludge.

Ultimately, this sidy presents the most comprehensive analysis of the changes in
the activated sludge microbiome to date. No previous study has observed three identical

and independent reactors with the same level of temporal resolution. Additionally, no
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previous study rmanalyzed the activity of known nitrifying organisms across the seasons
using transcriptomic sequencing. This study will provide a higher resolution analysis of
the known nitrifying organisms and microbial community in activated sludge. The results
from this study will provide future researchers a more solidified foundation of knowledge
to discern which organisms play a role, directly or indirectly, in seasonal nitrification

failure.
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Research Objectives and Hypotheses

Objective 1Who is outhere? Characterization and quantification of the dynamic seasonal
shifts in community composition and structure of the activated sludge microbiome with
special emphasis on nitrification performance.
Hypot hesi s la: The act i vaytflucuates | udge
proportionally to the temperature with lower diversity in the winter and higher
diversity in the summer.
Hypothesis 1b: The abundance of the known nitrification community will remain
proportional to the nitrification performance, as nitafiion performance fluctuates
throughout the year.
Objective 2:Can we model them? Model the sequencing batch reactors to predict the
abundance of ammonia oxidizing bacteria as well as their intended performance throughout
the year.
Hypothesis 2a: The défent oxygen profiles throughout the aerobic react cycle
significantly impact ammonia oxidation performance.
Hypothesis 2b: The quantitative abundancambAgenes to 16S rRNA genes can
be used to accurately predict the nitrification performance througheyear.
Objective 3: How active are they? Quantification of 16S rRNA transsi@sta measure
of seasonal shifts in activity of microbial populations in activated slatgeneasuring
the seasonal dynamics of the abundance of 16S rR&iiscripts thoughout a reaction
cycle.
Hypothesis 3a: The microbial activity will be proportional to the water

temperature, with the highest activity in the summer, and lowest in the cold winter.
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Hypothesis 3b: The microbial activity will be distinctly different beén the

aerobic, anaerobic, and settling stages within the sequencing batch reactors.
Objective 4When are they active? l denti ficati
oxidizing bacteria based on high throughout amplicon sequencamg@itranscripts and
genes.

Hypothesis 4a: Known taxonomic groups of ammandaizers vary in their

activity during different stages of a sequencing batch reactor cycle.

Hypothesis 4b: Seasonal fluctuations in activated sludge water temperatures affect

the ativity of known groups of ammoniaxidizers.

Hypothesis 4c: Community structure and composition does not reflect seasonal

variance in activity of individual taxa in activated sludge.
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Chapter 2

Composition and Dynamics of the Activated Sludge Microbime during Seasonal

Nitrification Failure
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Synopsis

Wastewater treatment plants in temperate climate zones frequently undergo
seasonal nitrification failure in the winter month yet maintain removal efficiency for other
contaminants. We tested the hypothesis that nitrification failure can be correlatdtsto sh
in the nitrifying microbial community. We monitored three parallel -falhle sequencing
batch reactors over the course of a year with respect to reactor performance, microbial
community composition vid6S rRNA genampliconsequencing, and functiahgene
abundance using gqPCR. All reactors demonstrated similar changes to their core
microbiome, and only subtle variations among seasonal and transient taxa. We observed a
decrease in species richness during the winter, with a slow recovery of theeddludge
community during spring. Despite the change in nitrification performance, ammonia
monooxygenase gene abundances remained constant throughout the year, as did the
relative sequence abundanceéNitfosomonadacaeThis suggests that nitrificatidailure
at colder temperatures might result from different reaction kinetics of nitrifying taxa, or
that other organisms with strong seasonal shifts in population abundance, e.g. an uncultured
lineage ofSaprospiraceaeaffect plant performance in the want This research is a
comprehensive analysis of the seasonal microbial community dynamics in triplicate full
scale sequencing batch reactors and ultimately strengthens our basic understanding of the
microbial ecology of activated sludge communities byealing seasonal succession

patterns of individual taxa that correlate with nutrient removal efficiency.
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Introduction

Municipal wastewater treatment plants are designed to leverage the metabolic
capabilities of microorganisms to remove excessive nusrisnth as organic carbon,
phosphorous, and ammonia from sewage. These diverse groups of microorganisms
comprise the activated sludge microbiome which acts as the active biological component
that remediates the influent wastewaters. One of the diversebmigpoocesses central to
wastewater treatment is nitrification. Under aerobic conditions during wastewater
treatment nitrifying microorganisms oxidize ammonia to nitrate. Under anaerobic
conditions denitrifying bacteria can then reduce nitrate to gasewns of nitrogen (such
as nitrous oxide and dinitrogen gas) ultimately lowering dissolved wastewater nitrogen
concentrations. When untreated, elevated concentrations of ammonia, nitrite, and nitrate in
rivers and streams contribute to eutrophicationileady t o hypoxi c fidea
receiving waters bodies, which constitute human and environmental health hazards.
Among others these concerns have made managing the nitrogen cycle an important
component of the grand challenges for environmental engingerihg 22! Century(1).

In temperate climate zones such as in many states in the Northern United States
(e.g. Minnesota), wastewater treatment plants regularly experience a seasonal decrease in
nitrification performance during the cold winter month. Thss in nitrification
performance is often so prevalent that many local permits only require monitoring winter
ammonia concentrations without any regulatory limits on effluent concentrations due to a
lack of viable options for cosdffective removal of amonia in the cold season. The
discharge of elevated concentrations of ammonia (greater than 4 mg/L) with treated

wastewater during the winter (water temper

19



nitrification f ail ur ekingtoihdremengllyaeduee narbgenMi n n e
loads to the Mississippi River by up to 40% by 2025 and even further in future years (2).

In order to be able to meet these discharge milestones, concerted efforts of wastewater
treatment plant operators and microbgts will be required to further our understanding

of the impacts of temperate climate zone winter conditions on the composition and activity

of the activated sludge microbiome at fetlale wastewater treatment plants.

The process of nitrification is oamonly carried out by separate and taxonomically
diverse groups of microorganisms (3). First, ammamiaizing bacteria and archaea
oxidize ammonia to nitrite and then nitrbeidizing bacteria further oxidize nitrite to
nitrate. Recently, also completanmonia oxidizing bacteria (comammox) have been
describe which are capable of oxidizing ammonia via nitrite to nitrate direefly (Bheir

role in domestic wastewater treatmdmweverequires further research.

Becaus, heating wastewater is extrelyjecostly, wastewater operators will
typically react to seasonal nitrification failure by increasing the mixgobr suspended
solids (MLSS), prolonging sludge aeration periods, and lengthening sludge retention times
(SRT). These serve as attempts toaase nitrifying biomass and prolong reaction time
but have not always been successful in preventing seasonal nitrification failure. Previous
studies have often revealed conflicting results when analyzing the relationship of
temperature to nitrifying bionsa and plant nitrogen removal performance. Unfortunately,
there is a lack of studies on figtale treatment plants in temperate climate zones that also
collected yearround seasonal data, so a lot of information about nitrification performance
and nitrifying biomass abundance has been derived from laboratory experiments which are

often not very -wepltdsdsenmtaehaveoef NAFeal exam
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studies using benescale membrane bioreactors and granular activated sludge systems no
low temperature effects on the abundance of nitrifying biomass and reactor nitrification
performance have been observedl{§. This might indicate that systems operating with
prolonged retention times are less affected by temperature fluctuations. (Hd&gver,

other laboratory studies using reactors operated similarly tedale sequencing batch
reactors (SRBs) have reported a direct correlation between loss of nitrifying biomass and
decreasing nitrogen removal efficiency {18). Still other labmatory studies have
observed a decrease of ammonia removal efficiency at lower temperatures with no decrease
in the abundance of ammoroaidizing bacteria, but notable fluctuations in the abundance

of nitrite-oxidizing bacteria (121).

Only a few studis of microbial community dynamics in fedcale activated sludge
systems in temperate climate zones have been performed usinghroigbhput
microbiome analyses to compare community dynamics to ammonia removal efficiency and
seasonal temperature fluctwats (6, 16, 227). These studies have shown that the
activated sludge microbial community is shaped to some extend by both deterministic and
neutral factors (21, 280). Shifts in wastewater treatment plant nitrification perfomrance
have been also previsly studied by quantifying ammonia monooxygenasadA gene
copy numbers using qPCR to monitor the seasonal dynamics of ammoaideing
bacteria (AOB) (13, 15). However, nearly all current-fdale wastewater treatment plant
studies have investigateontinuously stirred tank reactor configurations which operate at
steadystate, while information on the seasonal community dynamics in sequencing batch

reactors that operate under dynamic féastine conditions is scarce.
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Here we provide a detaileshaysis of the composition and seasonal dynamics of
the activated sludge microbial community in three parallel SBR of a wastewater treatment
plant that almost completely loses its nitrification performance each winter. The WWTP
at Brainerd Minnesota is great sampling location to address the microbial ecology of
seasonal nitrification failure because of its geographic location (CoordinatesI¥eaR2 1
94°129BnyV), its continental climate with vast seasonal temperature differences (average
high 26.9°C in dly and average 1owl9.8°C in January), and because of the fact that the
plant operates three parallel SBRs at any given time which allowed for replicate sampling

of full-scale reactors at high temporal resolution (weekly) for over a year.

The objectiveof this study was to identify and quantify the abundance dynamics of
core and seasonal microbial taxa in the activated sludge of three parallsiafell
sequencing batch reactor. Shifts in abundance of microbial taxa were correlated to observed
conditons of onitrification failure6, defined
winter months. We link relative sequencing abundance fromthiglughput sequencing
to absolute gene abundances determined by quantitative polymerase chain reaction
(QPCR) . Emphasis was on Oknowné nitrifying
oxidizing bacteria, archaeaandnitritex i di zi ng bacteri a. We i de
of microbial taxa that were present y@aund in all three reactors, seasonal taxawlesie
associated with only one or multiple seasons but that wergletectable during at least
one of the four seasons, and transient taxa that were present in any of the three reactors for
shorter ti me peri od but wer e rmeowenrd a ctod s
microorganisms in each of these groups and correlate their occurrence and seasonal

dynamics with wastewater temperature and effluent ammonia concentrations throughout
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the year. This work identifies important activated sludge microorganismsftbett the
nitrification performance of SRBs. Overall, this work contributes to a better understanding
of the microbial community composition and dynamics of activated sludge systems in
SBRs in temperate climate zones that are experience strong seasopalatare

fluctuations.
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Materials and Methods
Plant and sampling

The Brainerd Wastewater Treatment Facility (WWTF) in Minnesota is a Class A
facility designed to treat domestic wastewater at an average wet weather flow of 22,700
m?/day with acarbonaceous biological oxygen demand (CBOD) influent concentration of
240 mg/L and a TSS concentration of 240 mg/L. The average observed influent ammonia
concentration is 35 mg/L throughout the year, while nitrate and nitrite were not detected.
The aveage influent flow during the study period ranged from 6,965 + 3®8ay in
winter 2015 to 9,577 + 2640 ¥day in summer 2016. The Facility has a continuous

discharge to the Mississippi River.

The influent domestic wastewater is pumped into one of thassl@l sequencing
batch reactors (SBRs) at a time. Once a reactor has been filled aeration starts and the
influent wastewater is directed into the next reactor. This process is repeated about every
two hours allowing for nearly identical treatment comghf in three completely
independent activated sludge reactor systems. Aeration is pulled from ambient air without
prior heating. Each reactor cycle lasts approximately six hours. During eguobusigycle
reactors operational conditions switch from stétiimg, mixed filling, aeration, settling,
decanting and waste sludge removal. The reactors are located underground and completely
covered which reduces seasonal temperature variations and limits photosynthetic growth.
In summer 2016, during sampling wseb3 to 55, heavy rainfalls increased influent flow
rates from 7000 Aiday to 9500 rfiday resulting in slightly lower sludge retention times

of 4.5 days instead of 8 days during the rest of the year.
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Activated sludge samples were collected for 55 cornsecweeks (July 13, 2015
to July 31, 2016) from each of the three parallel reactors in operation. The samples were
always taken about one hour into the aerobic reaction cycle following reactor filling. Each
reactor is connected to a sink for easy samplRrgpr to sample collection pipes were
flushed for about 5 min each time. Collected wastewater samples were immediately frozen
at-20°C until further processing. At week 18 the impellor of SBR 1 broke. The activated
sludge of SBR 1, as well as some sludfjeeactor SBR 2 and 3 were transferred into SBR
4 at this time to continue operations with three reactors. The initial startup of SBR 4 marked
the only time during our yedong sampling campaign at whichultiple reactor contents
wereblendedand theredre not operated completely independent of each other. SBR 2 and
3 only donated activated sludge to SRB 4 during its initial startup. Otherwise SBR 2 and 3
were completely independent during the entire yeag experimentBecauset any given
time of theyearlong sampling campaign the wastewater treatment plant operated with
three parallel SBRsve decided to combine the datasets of week 1 to 17 of SBR 1 with
weeks 19 to 55 of SBR 4. Because of the failure of SBR 1 during week 18 we removed the
sample fom the dataset. For consistency in the following data analysis we will only refer
to the three parallel reactors as SBR 1, 2, and 3 with SBR 1 being the reactor that was

restarted at week 18.

The plants performance dat&rmemade available to us by theastewater facility
in Brainerd, MN. Total suspended solids (TSS), pH, water temperature, biological oxygen
demand (BOD), sludge volume index (SVI), mixed liquor suspended solids (MLSS),
sludge blanket, ammonia and phosphorus concentrations were deteaoaoeding to

standard EPA methods. A summary of the plant chemical and operational parameters is
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shown inTable S21 in the supplementary information. This includes daily temperatures,
influent flow rates, and pH. Several parameters such as #hquent stspended solids,

BOD, and phosphorous are recorded 3 times per week. In this case we report weekly
averages for that specific dataliable S21. The treatment plant only measured ammonia
concentrations every2 weeks based on their permit requiremenise @ the infrequency

of ammonia testing, additional samples were collected before nitrification failure began.

Starting January 2016 (week 26) effluent wastewater samples from the reactors
were collected to quantify ammonia, nitrite, and nitrate concentrations using continuous
segmented flow analysis to complement the chemical data routinely monitored by the plant.
Effluent samples were taken from an equalization basin that receives the supernatants of
all SBRs and immediately frozen-20°C until analysis. This means that the collected data
on effluent ammonia, nitrite, and nitrate concentrations represent awelags for the

three operational SRBs.

Continuous Segmented Flow Analysis

Quantification of ammonia, nitrate, and nitrate concentrations in effluent
wastewater were performed on a SEAL AutoAnalyzer 3 HR continuous segmented flow
analyzer (Seal Analidal Inc; Mequon WI) according to standard mudtst methods as to
manufacturero6s instructions. I'n brief, ef f
water and centrifuged for 5 min at 13,000 g to collect the supernatant. Ammonia
concentrations wer quantified using method No.-T)2-93 (with salicylate chemistry),
detection range 0.25 to 25 mg/L as nitrogen. Quantification of nitrate and nitrite

concentrations were performed using method N@0&94 with hydrazine sulfate for NO
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measurements anditiwout hydrazine sulfate for NOquantification, detection range 0.3
to 11 mg/L as nitrogen. NOconcentrations were calculated by subtracting2NO

concentrations from N{roncentrations.

16S rRNA gene amplicon sequencing

DNA was extracted from thactivated sludge samples using BastDNAM SPIN
KitforSoil( MP Bi omedi cal s; Santa Ana; CA) accorc
with the following modifications. Sludge samples were thawed on ice and thoroughly
mixed before 50 pL were mixed with 450uL of 5% (v/v) sodium dodecyl sulfate lysis
buffer (120 mMsodium phosphate (pH 8.0) and 5% sodium dodecyl sulfate lysis buffer).
Cell lysis was performed by three consecutive frebagv cycle at 20°C, thawing samples
on ice in between freezing. Following cell lysis samples were incubated for 90 min at 70°C
in a water bath. The following steps were carried out as toFtsDNAM SPIN Kit

protocol. The DNA extracts were stored2®°C until further use.

DNA extracts were provided to the University of Minnesota Genomics Center
(UMGC) for 16S rRNA gene ampliconeguencing, beginning from DNA quality
assessment and quantification, barcoded amplification, PCR product purification and
library preparation. Protocols for each step followed UMGC developed methods, which
have been published previously by Gohl et al. @0Bequencing primers were those also
used for the Earth Microbiome Project covering variable regions V1 through V3 on the
16S RNA gene. The choice of sequencing primers follows the recommendation of

Albertsen et al. (2015) for the phylogenetic analgs$iactivated sludge communities (31).
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Controls using PCR water for DNA extraction and PCR amplification were included to
verify reagent purity and identify potential sample contamination during library
construction. Sequencing of all samples and contratsperformed on an lllumina MiSeq
sequencing system (lllumina, San Diego, CA, USA) using the 2 x 300 bp MiSeq Reagent
Kit v3 (600 cycle) (lllumina, San Diego, CA, USA). The MiSeq Reporter Software v2.5.1.3
(Mlumina, San Diego, CA, USA) was used for sigpabcessing, denultiplexing and

trimming of adapter sequences.

Microbial diversity analysis

Sequence analysis was performed using the Geipetine of the University of
Minnesota Supercomputing Institute (32). This pipeline utilizes PandaSeghossirhers
together, QlI ME, ChimeraSlayero6és usearcho6l
Default settings were used for quality control, primer trimming, filtering, chimera and host
detection. Subsampling and rarifying samples were disabled ipigebne. Operational
taxonomic unit (OTU) picking was done outside of the Gojptipeline using QIIME and
the SILVA rRNA database (release 128) (33, 34). OTUs were assigned at the 97% cutoff
level. Only two samples, SBR 2, week 8 and SBR 3 week 2 diamptify and were
disregarded from the dataset. DNA extraction and PCR control samples resulted in >5000
low quality sequence reads. Plotting the number of sequence reads against unique OTUs
(data not shown) demonstrated that the diversity of the all dentras significantly

different from all activated sludge samples.
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Statistical analysis

The statistical analysis of the obtained sequence data was performed using R
version 3.4.2 (35). Ordination was performed using/égan softwarpackage in R while
regression analysis, ANOVA and ANCOVA functions, as well as comparatists were
done using thalr4 software package in R (36, 37). ANOVA was used for linear regression
analysis which was performed to determine relationships over time, or temeeratur
changes. If the null hypothesis was zero, and no linear relationship was discernable, a
comparative-test was performed to compare the statistical means for the two groups. The
95% confidence intervals for statistical mean values were calculated Rsargl are
provided when comparing linear regressions which could disprove the null hypothesis.
ANCOVA was used in specific cases to determine if multiple factors were impacted by a
single response such as total biomass and temperatures effects on theéaaoxidaing
community. Constrained Correspondence Analysis (CCA) was performed using the vegan
package in R, which utilizes the Cé$guared distances. The analysis was performed twice
to separate variables which can be controlled by plant operators|l @amyieonmental
parameters which are uncontrollable. Temperature was used in botbeshalause the
parameter can potentially be controll ed
characteristic of the influent wastewater. All statisticalueal are provided in the

supplementary information.

Quantitative Polymerase Chain Reaction

Quantification of 16S rRNA and functional marker genes was performed on a

7900HT Fast Realime PCR System with a 384ell block module (Applied Biosystems
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Inc, Foster City, CA). Reactions were performed in 25 pL volumes. Each reaction mix
contained 10pL of PCR Grade Water (Ambion Inc; Foster City, CA), 12.5 uL of 2X
SsoFast! EvaGreen® Supermix (BiRad Laboratories; Hercules, CA), 1.25 pL of 10
mg/L bovine serunalbumin solution (Millipore Sigma; St. Louis, MO), 0.5 pL of forward
primer (0.5 uM), 0.25 pL of reverse primer (0.5 uM), and 0.5 pL of template DNA.

Gene quantification by gPCR targeted 11&S rRNAgene as proxy for total Bacteria, and

the ammonia monooxygenase genesnA) of Bacteria and Archaea to estimate the
abundance of nitrifier populations. Functional marker gene quantification to estimate
population abundance of denitrifiers targeted the nitrite reductase gjeeandnirS as

well as the nitrous oxide reductase gemasf clade 1)Primer sequences and references
are provided inTable S22 in the Supplementary Information. PCR cycler temperature
programs for thd6S rRNAandamoAgene of Bacteria comprised 40 cycles of 15 sec at
95°C and 1 min at 60°C. Both assays for @imeoAgene of Archaea and tiesZgene had

40 cycles of 15 sec at 95°C followed by 1 min at 54°C.rlike€ andnirSgene gPCR assay
temperature programs comprised 40 cycles of 15 sec at 98°C, 54°C for 30s, and an
elongation step of 30 sec at 72°C. As standards, dilution series of linear DNA fragments
(g-Blocks, IDT DNA Technologies) of the respective target genes were used. All samples,
standards, and negative controls were analyzed in triplicates and amplicdicispa@s
confirmed by melt curve analyzes. Amplification efficiencies of the different assays ranged

from 81% to 103% (average of 88%). ThevRlues of the standard curves ranged from

0.983 to 0.999 (average of 0.9926).

Data availability
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lllumina sequencing reads have been deposited in the National Center for Biotechnology

Sequence Read

Archive under accession number PRINA490320.
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Results
Seasonal variations in plant nitrification performance

The SBRs of the wastewater treatment facility in Brainerd Minnesota were seeded
with activated sludge in September 2010.
beginningin 2011. Sincehe startup of the plant, the influent wastewater temperature
fluctuates seasonally from as low as 10°C in the winter to up to 20°C during the summer
month. Influent wastewater temperature fluctuations are inversely correlated to effluent
wastewater ammonia conceribas. With decreasing wastewater temperatures,
nitrification performance declines resulting in elevated effluent water ammonia
concentrations n t he combi ned FiBuR®E). Figuref2l shaavathat st r e a
ammonia concentrations increase atuefit wastewater temperatures around 13°C and
continue to rise as long as colder temperatures prevail in the winter sndhth most
significant increase in effluent ammonia concentration during our sampling period
occurred between December 2015 (averad® £.0.42 mg/L) and January 2016 (average
4.48 + 4.27 mg/L) (p<0.005). When water temperatures rise in the Spring, ammonia
effluent concentrations begin to decrease again. However, recovery of complete ammonia
removal takes several months, often until Mayune, even after wastewater temperatures
have risen again above 13°C. While permit requirements require plant operators to monitor
ammonia concentrations in the wastewater effluent periodically, influent wastewater
ammonia concentrations are only measursporadically. The nfluent wastewater
ammonia concentration at the sampled wastewater treatment vipdeninfrequently
measured. Therefore, this study usesaterage for standard domestic wastewadach

typically is35 mg/L (38) throughout the sanmg year.
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Figure 2.1. Brainerd wastewater treatment plant performance parameters from 2011 to 2016. a) Influent
water temperature (black circles) and effluent ammonia concentration (red squares) for all years since plant
startup in 2011. The sampling year summer 2015 to samP016 is highlighted in light blue. b) Plant
performance parameters for the sampling period from July 2015 to July 2016. Influent water temperature
(black circles), effluent ammonia concentration (red squares), effluent biological oxygen demand (BOD)
(blue diamonds), and effluent phosphate concentrations (yellow triangles). Effluent ammonia concentrations
were inversely correlated to temperature. The effluent ammonia concentration between 2011 to 2015 was
measured once per month by the wastewater opsratd@rainerd Wastewater Treatment Facility. During

seasonal nitrification failure in 2016, three samples per week were collected and analyzed by our team using
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the Seal Flow AutoAnalyzer 3 HR. This causes a slight shift in the typically expected effitnerntrations

during Summer 2016.

Based on the annual wastewater influent temperatures and effluent ammonia
concentrations for the sampling period July 2015 to July 2016, we defined five seasons as
follows: Summer (July 18to September 29, 2015), Fdl(September 28to December
20", 2015), Winter (December 212015, to March 18 2016), and Spring (March %0

June 194, 2016). Sampling continued into Summer 2016 until Jufyy 3016.

Over the course of the 5Beeks of sampling, the influemtastewater temperature range
fluctuated by 9°C with a high of 21°C in summer 2015 and a low of 12°C during the winter
montts. The rate of temperature decrease/increase between the cooling period (Fall and
Winter month) and the warming period (Spring andh&er month) for the sampling year

was +£0.043°C/dayHigure S21).

Effluent ammonia concentration was the only routinely monitored wastewater
parameter that showed significant seasonal fluctuation (p<0.005), rangin¢ef®itinan
or equal to concentratie aslow as 0.1 mg/L (method detection limit) in the Fall to 8.2
mg/L in Spring. Other parameters such as Biological Oxygen DemandsjB@idsphate
concentrations (P), and Total Suspended Solids (TSS) did not vary significantly with
season (p<0.74, 0.4and 0.20, respectively, as shownFigure S21). A detailed list of
average plant operational parameters for each season is providedlenS21 in the

supplementary information.
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Seasonal community dynamics
Outcome sequencing datageneral ovenaw

The seasonal shifts in community composition in the three SBRs were analyzed
using barcoded 16S rRNA gene amplicon sequencing. Sequencing resulted in 3795 x 10
total reads. 92.8% of the raw reads passed the initial quality filtering. Of the ren@aBiing
x 10’ reads 76.9% of the bases had-adQre greater than 30. Chimera detection removed
additional sequences so that in the end in 7.58 rdi@chimeric, qualityfiltered reads (on
average 56,000 reads per sample) were subjected to OTU clustering at the 97% cutoff level.
OTU clustering resul-tedeli®® QPB&s ufnoguteh & stp
set. For analysis and better compan of samples, we assumed that the read abundance,
meaning the number of reads in each OTU, is corresponding to the actual abundance of the
respective 16S rRNA phylotype in each activated sludge sample. However, it is important
to keep in mind that thead abundance in DNA amplicon sequencing data sets is affected
by DNA extraction efficiency, primer specificity, and the copy number of ribosomal RNA
operons per genome and does bubis insteadfa ect 1

commonly used estimatidrased on 16S rRNA genes

Alpha diversity and reactor synchrony

We calculated the alpha diversity indices, Simpson, Shannon, and Chaol in order
to compare the local species diversity of the activated sludge communities for each of the
three SBRs overhe complete sampling period of 55 weeks-439. All three alpha

diversity indices did not vary significantly with time considering the entire sampling period
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(Figure S2S2ac). The differences in the Simpson and Shannon indices between reactors
were modi not significant (p>0.05)Table S23). Significant differences in alpha diversity
between reactors were only observed for reactors 1 and 2 as well as Zlabte453).

This was most likely a consequence of the shutdown of reactor 1 at week 18resfiel tr

of activated sludge from reactors 1, 2 and 3 as inoculum to start up reactor 4 (in the
following we refer to reactor 4 as reactor 1, see further explanations in the methods
section). Reactors 2 and 3 were operated independently over the wholenggrepiod,
however no significant differences in alpha diversity indices were observed over the entire
year of sampling comparing these two reactors. The average alpha diversity indices for the
three operational reactors at any given time during the sagnpéar were 0.9% 0.01,

4.53+ 0.18, and 62% 87 for the Simpson, Shannon, and Chaol indices, respectively.

While alpha diversity did not significantly vary between reactors, we observed
significant differences when comparing the Simpson and Shandiaesrfor the different
seasons. Generally, diversity was lower in the winter and higher in the summer. Including
fall and spring the microbial community diversity in the reactors varied significantly each
season (p>0.05)Table S24). Exceptions were thé/inter/Spring transition for Shannon
and Simpson indices at clagvel OTU clustering and the Summer/Fall transition for the
Simpson index at gendsvel OTU clustering Table S24). No seasonally significant
differences were observed for the Chaol inadexgch fluctuated weeko-week but was

consistent among the reactofsgure S22c).
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Definitions: core & seasonal community (one vs multiple seasons)

To study the annual shifts in the activated sludge microbial community composition
and identify micrbial taxa associated with seasonal shifts in wastewater temperature and
effluent ammonia concentrations we group the total 1984 spleselsOTUs into four
categories: A O6cored6 communi t yourmfnalthreer obi a
reactors O0single season6 taxa that were found
seasond taxa that were found during more t
| east one of the four seasons, andre®@trans.i
reactors for shorter time periods (only a few weeks) but were never consistently found

during an entire season or for any longer consecutive period of time.

The core community comprised 114 OTUs occurring in all three operational
reactors at any timeuring the sampling yearligure S21 1) . This O6corebd
constituted the largest fraction of the entire activated sludge community with a relative
sequence abundance of 74.3% and 78.2% during the two summers 2015/16, 82.5% in
winter of 2015, and 849% in Spring 2016Kigure 22). Combining the two categories of
seasonally occurring OTUs, they accounted for 15.1% and 17.6% of the activated sludge
community in summers 2015/16, and only 5.3% and 6.7% in winter and spring. We
identified more seasonal OTUs the summers 2015/16 and fall (96/105 and 75 OTUs,
respectively) than in the winter and spring (39 and 55 OTElgufe S211). Transiently
occurring OTUs ranged in relative sequence abundance from 6.7% to 12.3%, with
relatively higher abundances in twnter than in the summer. While transiently detected

OTUs made up only a relatively small fraction of the entire community in each season this
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category had the highest OTU richness with numbers betweeB4&3#h the summer and

up to 372 OTUs during theinter (Figure S23 in the supplementary information).
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Figure 2.2. Average abundance of core, seasonal, and transient operational taxonomic units (OTUs). Core
OTUs (blue) were present yeayund in all three reactors. Seasonal OTUs (orange) were found during only
one specific season or multiple seasons but were abseng diirleast one of the four seasons. Transient
OTUs (yellow) were present in any of the three reactors for shorter time periods (weeks) but were never
consistently found during an entire season or for any longer consecutive period dhimelative sguence

abundance of seasonal OTUs decreases during the winter and increases in the summer month.
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OTUs that change with plant nitrification performance and temp

Canonicalcorrelation analysis (CCA) reveal that wastewater temperature was the
most dominat variable affecting microbial community composition and shift throughout
the year. Effluent ammonia concentration was inversely correlated to changes in

wastewater temperaturBigure 23).
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Figure 2.3. Constrained correspondence analysis (CCA) witerational and performance parameters with

the activated sludge microbial community composition at the Brainerd wastewater treatment plant for July
2015 to July 2016. All classified OTUs in the complete sequence dataset are shown as red dots. The larger
rainbow-colored dots represent the 55 weekly average microbial communities for the three sampled
sequencing batch reactors. Parameter variable are shown as blue arrows and include temperature (Temp),
mixed liquor suspendesblids (MLSS), influent flow ratesan®/day (Flow), foodto-microbes ratio (FTM),

sludge blanket levels (Blanket), sludge retention time (SRT), effluent ammonia (NH3), biological oxygen
demand (BOD5), phosphorous concentration (Phos), and total suspended solids (TSS). a) The CCA including
the five recorded operational parameters MLSS, Flow, FTM, Blanket, and SRT. b) CCA including the four
plant performance parameters NH3, BOD5, Phos, and TSS. Temperature as potentially controllable

parameter was included in both plots to emphasize its séffegt on community composition and structure.

We identified OTUs that changed in relative sequence abundance in correlation to
annual fluctuations of wastewater temperature and effluent ammonia concentrations by
calculating Pearson's produchoment correlation coefficients fR between OTU
abundance and each of the two other variables. The two correlation coefficients (for water
temperature and effluent ammonia concentrations) were plotted against each other for the
top 95% most abundant OTW$the activated sludge microbial communiBigure 24).

In Figure 24, all OTUs with correlation coefficients of?R 0.4 for either variable,
wastewater temperature or effluent ammonia concentration, and a relative sequence

abundance of > 0.1% are labélwith their specific taxa names.
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Figure 2.4. Correlation coefficients of OTUs (97% sequence similarity level) with effluent ammonia
concentration and wastewater temperature for the entire sampling year. The size of the dots is proportional
to the average abundance of the respective OTU. OTUs refmédsnblue dots have a positive correlation

with temperature while OTUs represented by red dots have a negative correlation to temperature. OTUs are
names by their highest taxonomic rank. OTU names are given for all OTUs with correlation coefficients of
>0.4 to either wastewater temperature or effluent ammonia concentration except for OTUs classified as
belonging to taxa comprising known nitrifiers in order to emphasize their weak correlation with both of these
parameters. A complete list of all highlight®©TUs in thisFigure 2can be found inrable S2 in the

supplementary information.

Among the core community OTUSs, an uncultuBagprospiracea€’.64% = 2.9%),

a Comanonadaceag/ariovorax(3.38 + 2.0%)), &Rhodocyclacea€).92% + 0.6%), and
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the two unbaracterized taxa @hlorobi(classified a&hlorobialesSJA-28 (0.14 + 0.1%))
andGemmatimonadaceg®.12 + 0.2%) correlated highest with the observed changes in
wastewater temperature and effluent ammonia concentrations (either of the two correlation

coefficients > 0.4).

Several OTUs with high correlation coefficients to wastewater temperature and
effluent ammonia concentrations did not occur y@amd but were instead only present
for multiple consecutive seasons. Among these OTUs an uncuhi@dflexiSBR2076,
a Cytophagaceaéyadobacte), and an uncultured TM@®gpendentiagoccurred in two
or three consecutive seasons at relative sequence abundances ranging from 0.49 + 0.5%,
0.28 + 0.4%, to 0.01 £ 0.0%, respectively. Another uncharacterized taXhlafbflexi

further classified aérdenticatenalesccurred only in the fall of 2015

(single sason OTU) with a relative sequence abundance of 0.57 + 0.6% but correlation
coefficients > 0.4 to wastewater temperature and effluent ammonia concentrations
(R?=0.45 and R=0.40, respectively). Also, some of the only transiently occurring OTUs
showed strog correlation with shifts in wastewater temperature and effluent ammonia
concentrations. These OTUs comprise Afighaproteobacteria Albirhodobact€0.92 +

0.6%), an uncultured marine betaproteobacteria hot creek clone (0.22 + 0.2%), an
uncharacterizedsracilibacteria (0.01 + 0.0%), and twdAcidobacteria Holophagae
belonging to subgroup 7 (0.12 + 0.2%) and subgroup 10 (0.13 + 0.2%). Transient OTU

were generally of low relative sequence abundance.

Interestingly, none of these OTUs, belonging to any w@ix&nown nitrifying
bacteria in our activated sludge sequence data (e.g. the fditndgomonadaceaer the

generaNitrosomonasand Nitrotoga), met these criteria, indicating that the relative
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sequence abundance of known nitrifiers did not significacttgnge with the observed
seasonal variations in water temperature and effluent ammonia concentfatgons 24).
Also see the corresponding quantitative PCR results for the ammonia monooxygenase gene

(amoA below.

The three most abundant OTUs in eaétthe four arbitrary OTU groups (core,
single season, multiple season, transient) are stfogure S24 in the supplementary
information in order to emphasize that most of the abundant OTUs in each category did
not show a strong correlation {R 0.4) with either wastewater temperature or effluent
ammonia concentration. The sum of the relative sequence abundance of the top three most
abundant core OTUs averaged 20.7% + 2.2%, while multiple season OTUs had a

cumulative abundance of 1.3% * 0.6%, and singis@e OTUs 0.3% * 0.1%.

To quantify the compositional dissimilarity of the activated sludge microbial
community between all 55 weekly samples of each of the three reactors, we calculated
Bray-Curtis, Euclidian, and Kulczynski metrics and performed priecipbordinates
analysis to visualize (dis)similarities among the 16S rRNA gene amplicon data for each
sample(36, 42, 43). All statistical dissimilarity matrices revealed similar resultEigiee
S2.S5 to S6a in supplementary information) showing disti seasonal shifts among the
activated sludge communities for all three reactors. Samples collected during the winter
months (blue colors) and the summer months (red colors) cluster at opposite ends of the
first principle coordinate that explains mostloé variation in the dataset. figure 25 the
first principle coordinate for the Bra@urtis metrics is plotted against the seasonal change
in wastewater temperature emphasizing the distinct shift in microbial community

composition with seasonal variaticn wastewater temperatures (see &lgre S212 for
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the portion of the total variance explained by B@&yrtis dimensions). The fall and winter

months, when wastewater temperature gradually declined, and the spring and summer
months, when wastewater miperatures gradually increased again, both revealed a
statistically significant (p < 2&6), strong linear correlation {R> 0.81) of microbial

community dissimilarity with the seasonal trends in wastewater temperature change.
Interestingly, the linear regssion did not show significant differences between the slopes
(Ancova p<0.948) of the two regression lines indicating that the rate of temperature change
during falddbwiniot eandd csoprli mg/ls uware r Tthednvsatr am t
6cool downo-upa nd e @ was mowever, hat isigndicantly different y

intercepts (Ancova p<2.2E6) revealing a temperature gap of about 1.7°C between winter
60cedomlwnd and s-umiher Adwaobmsequence of the t
wast ewatdewnaodcsalg fall -204d5bagidnriwag mi n spr
microbial community composition in the activated sludge of the sampled plant were
significantly different from each other in summer 2015 and summer Ejiir¢ S210 in

supplementary information).
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Figure 25. Linear regression of the first principle component (PC1) of the-Buayis dissimilarity analysis

with the observed fluctuation in wastewater temperature. The plot shows all 55 weekly samples of each of
the three triplicatereactors (squares, circles, triangles, diamonds). Reactor 1 samples are shown before
(squares) and after (diamonds) impellor failure at week 18 (November 2015). The size of each symbol denotes
the effluent ammonia concentration. The rainbmor scheme mresents the sampling months with warmer
summer and fall months in red/yellow colors and colder spring and winter months in blue/green colors. Linear
regression lines with 95% confidence intervals for the cooling seasons (fall and winter; blue) and warming
seasons (sping and summer; orange) show the strong correlation of microbial community richness with the

recorded changes in wastewater temperature throughout the sampling year.
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Using other matrices to quantify the compositional dissimilarity of theratet
sludge microbial community showed that the temperature gap between seasonal cooling
and warming periods was remarkably invariant, with 1.7°C and 1.1°C for the Kulczynski
and Euclidean dissimilarity matrices, respectivélig(re S2S6ad, in the suplementary

information).

Known functional guilds involved in-8jcling
Taxa known to comprise ammonénd nitrite-oxidizing bacteria

We searched the activated sludge 16S rRNA gene amplicon data for taxa known to
contain microorganisms capable of ammaooxidation and nitrite oxidation. The known
ammoniaoxidizing bacteria in our activated sludge samples all belonged to the family of
Nitrosomonadaceae comprising the generditrosomonasand Nitrosospina Only
Nitrosomonasvere detected yeaound repreenting on average between 0.2 and 0.5% of
the core communityNitrosospinabelonged to the category of transient OTUs because they
were only detected sporadicallfFigure 26). Interestingly, we also found anaerobic
ammoniaoxidizing bacteria belonging Wandidatufrocadiaof the Planctomycetales in
some of the samples. TiBrocadiaOTU we identified was the only known ammonia
oxidizing taxa that reveal a significant correlation to changes in wastewater temperature.
While the overall sequence abundanéeCandidatusBrocadia was relatively low (<
0.03%), the taxa increased 2did in relative sequence abundance between the months of
January and July when temperatures dropped from 15°C to 12.2 °C in winter 2015/spring

2016 Figure SZ7 in the supplementatformation).
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Figure 2.6. Average relative sequence abundances (three parallel reactors) of OTUs affiliated to taxa
comprising known ammonia oxidizing bacteria identified in the activated sludge samples from the
wastewater treatment plant at Brainerd, MN, between July 2015 andQil8y GreemitrosospinaOTUs,
red NitrosomonasOTUs, and black sum of aNlitrosomonadacea®TUs (including an ambiguous OTU
cluster affiliated to this family). Whildlitrosomona have been detected in all samples throughout the entire

year,Nitrosopinahave only been detected sporadically in one of the three sequencing batch reactors.

Known nitriteoxidizing bacteria belonged td\itrotoga, Nitrospira, and
Nitrobacter. Nitrotogabelonged to the core community detected throughout the entire year

at a réative sequence abundance of on average >0Nbaspira and Nitrobacterhave

47



only been identified in some of the weekly samples. Both taxa occurred sporadically and
have not been detected as part of the activated sludge community over an entire season.
The relative abundance of the complete nitrifying microbial community, comprising
known taxa of ammonia and nitrtidizing bacteria was 0.96% * 0.37%. This relative
abundance is within the lower range of typical reported abundances for nitrifier
communites in activated sludge samples (21, 23, 26, 44). For example, Griffin et al (2017)
report a relative abundance itrosomonasof ~0.5%, while the relative abundances of
Nitrospira varied between 0.75% to 2.3% in their system. However, Ju et al (20d4) an
Saunders et al (2016) reported a relative sequence abundaNded®omona®f less than

1%. None of the known nitrifying functional guilds we detected in our activated sludge
samples correlated significantly to either changes in wastewater tempearadueéluent

ammonia concentrations. Also deéigure 23 and description of results above.

Functional marker genes of ammortigidizing bacteria and archaea

We used quantitative PCR to monitor the abundance of the 16S rRNA gene and
several functional marker genes of key microbial nitrogen transformation processes in
activated sludge such as ammonia oxidation, nitrite reduction, and nitrous oxide reduction.
In order to quantify ammoniaxidizing Bacteria and Archaea we used primers targeting
the functional marker gene ammonia monooxygenas®4). Denitrifying bacteria were
guantified by targeting the two nitrite reductase gem&andnirK, while microorganisis
capable of nitrous oxide reduction were quantified targeting the nitrous oxide reductase
genenosZclade 1. The quantitative PCR results are summarizeleigare 27. The

synchrony of the gPCR data for reactors 2 and 3 was highly significant for atifepeh
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genes over the entire year. Reactor 1 was distinct from reactors 2 and 3 with respect to
nosZgene copy number=0.8686 and p=0.7908nd distinct from only reactor 3 for

nirk gene copy numbers (p=0.5181), which might be due to the impellarefaiueactor

1 at week 18.
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Figure 2.7. Quantitative PCR results showing the change in gene copy numbers over time for the 16S rRNA
gene and process relevant functional marker genes for microbial nitrification and denitrification. Gene copy
number are show as log copy number per milliliter of activated sludge. Gene copy numbers of the 16S rRNA
gene (red circles), ammonia monooxygenase gene of amioxidizing bacteriagmoAgene of AOB; blue
triangles), ammonia monooxygenase gene of ammmxidizing archaeagmoAgene AOA; green triangles),

nitrite reductaseirS (orange squares), nitrite reductaseK (gray squares), nitrous oxide reductassz
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(black diamonds). All gene copy numbers show a significant decrease at week 18 in Novemlvane2015
the impellor or reactor 1 broke and had to be replaced. Apart from this incidence gene copy numbers of all
guantified genes were relatively stable and no statistically significant changes (Anova p<0.05) were identified

throughout the entire year.

Over the entire year of sampling average 16S rRNA gene copy numbers were 8.62
+ 0.37 log(copies/mL). Shifts in 16S rRNA gene abundance during the year did not
correlate with wastewater temperature and effluent ammonia concentrations. Overall, 16S
rRNA genecopy numbers were three orders of magnitude higher than both bacterial and
archaeabmoAgene copy numbers. Average annaimdoAgene copy numbers were 5.94
+ 0.56 log(copies/mL) for Bacteria and 5.47 + 0.42 log(copies/mL) for Archaea. A linear
regression bbacterialamoAgene copy numbers with the cumulative 16S rRNA gene
sequence abundance of all OTUs classifiellliiidsomonadaceaever the entire years
resulted in a correlation coefficient of B.64 (pvalue 5.21&% (Figure S29). The strong
and sigificant correlation of both datasets confirmed that the population abundance of
known ammoniaxidizing bacteria is relatively stable throughout the year and does not

change significantly when wastewater temperature dropped in the winter month.

We also tied to quantify complete ammonia oxidizing bacteria affiliated to the Nitrospira
(Comammox Nitrospira) by using the recently publisaetAtargeted qPCR primers of
Pjevac et al. (45) (data not shown). In almost all activated sludge samples collebied in t

study, comammox Nitrospira were below our gPCR assay detection limit.

50



Functional marker genes of denitrifying microorganisms

The abundance of the nitrite reductase gen$ was two orders of magnitude
higher than the abundance of thieK-type nitrite reductase. We quantified 7.57 + 0.39
log(copies/mL) for thanirS-type nitrite reductase and only 5.55 + 0.39 log(copies/mL) for
the nirK-type nitrite reductase. Cladetype nirous oxide reductase geneo§éd copy
numbers were 7.81 £ 0.47 log(copies/miEiglre 27). All functional genes quantified by
gPCR did not show a significant change in abundance with the observed decrease in
wastewater temperature and tmgresponding increase in effluent ammonia concentration

during the winter season.
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Discussion
Reactor synchrony

At first, we compared the three parallel reactors with each other to evaluate if they
are true replicates or show any significant diffexes with respect to composition and
structure of their activated sludge communities. In this context it is important to consider
that the WWTP in Brainered, MN does not have an upstream equalization basin or primary
settling tank to homogenize influent stawater. Interestingly, despite constarteeding
of reactors with influent wastewater every 6 hours (average duration of a reactor cycle) we
did not find significant differences in alpha diversity between the three reactors at any time
during the yeatong sampling campaign. Only on week 18, when the impellor of reactor 1
broke, differences in relative amplicon abundance and qPCR gene copy numbers became
significant for reactor 1 compared to the other two reactors. While maintenance work
required drasti changes in sludge volume of reactor 1 during week 18, reacdtartdoy
using activated sludge from the two other operational reactors established a microbial
community with insignificantly different alpha diversity to the other two reactors within a
week. We therefore decided to eliminate the week 18 sample of reactor 1 from the dataset
and combine samples of week 1 to 17 and 19 to 55 into one continuous set of data for
reactor 1. The observed similarity between the independent triplicate reaatbesdsting
because it means that any so slight variations in the chemical composition, physical
parameters, and community composition of the influent wastewater over time, did not
change the activated sludge microbial community in any of the three raactionsay that
were statistically significant. Any minor shifts in community composition between reactors

resulted from transient OTUs that occurred for only a short period of time at low relative
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sequence abundance before been washed out of the system(ragat OTUs were
singletons). The high similarity between reactors was also supported by the fact that
process performance did not significantly alter between reactors at any time during the
sampling yeaas shown in Figure 2.10®verall, core and sharedasonal OTUs accounted

for 87.7% and 93.3% of the activated sludge communities in the three reactors. A higher
similarity of the activated sludge microbial communities within different reactors of the
same fullscale WWTP than between different plants h&so been observed in previous

studies (21).

From the perspective of an operator of a wastewater treatment plant similar to the
facility in Brainerd, the similarity in community composition and structure among the three
parallel reactors is an importafihding because reactor failures, such as the technical
problems observed in reactor 1 at week 18, will not affect the other reactors nor impair
overall plant performance. The operational reactors can serve as seed banks for inoculation

when maintenancer éechnical issues require a restart of one reactor.

Seasonal community dynamics

Activated sludge communities have been reported to be shaped by both
deterministic and neutral factors (21-28). At the Brainerd WWTP, temporal variation
in community stucture was primarily driven by changes in wastewater temper&igreé
2.3). Also, previous studies have reported on strong seasonal effects associated with

temperature on the bacterial community composition and structure in WWTP (21, 46).

Griffin and Wells (21) recently reported that the community dynamics in six full

scale reactors at four WWTPs in the Chicago area (lllinois, USA) displayed a highly
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reproducible and synchronous seasonal fluctuation. They also observed that after one
complete year ofampling individual reactors maintained minor but stable differences in
community composition. We also found that the summer 2015 and summer 2016 microbial
communities at the Brainerd WWTP in Minnesota were significantly different from each
other Figure S210), however, both summer sample were more similar to each other than
to any of the samples from the other three seasons (winter, spring, anéidaiie (S2).

This suggests a seasonal community succession but continual annual drift of the activated
sludge community at the Brainerd facility. How this annual community drift will affect
plant functional stability and process performance on ateng annual time scale will be

an interesting topic for future studies. Based on our current data it isgsiibledo discern
seasonal trends within one year from log term variations between consecutive years.
However, seasonal community succession across multiple years has beendlascibe
distinct characteristic of aquatic microbial communities in freshvaatd marine habitats
(47-49). For activated sludge systems seasonal temperature fluctuations seem to be mainly
a predominant deterministic factor for the composition of communities of WWTP located

in temperate climate zones, while WWTP in tropical climatith warmer, less variable
average annual temperatures, continual community drift rather than seasonal succession
patterns seems to drive variation in community composition (16). Interestingly, the
microbiomes in WWTP located in polar regions with cambias cold climate seem to be

able to maintain high performance levels in terms of organic matter and nutrient removal

but these plants are usually operated at SRTs of up to 30 days (22).

Because temperature seems to be a major driver of seasonal consuccdysion

at the Brainerd WWTP, the significant differences between the summer 2015 and 2016
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activated sludge communities might be explainable by the observed temperature gap
between cooling and warming periods. While the rate of temperature changgeodaling

and warming phases was similar (£0.043°C/day) recovery of alpha and beta diversity in
summer 2016 was delayed by 5.1 SRT cycles (calculation based on an annual average of
7.8 days per SRT) compared to activated sludge microbial diversity desgrisemmer

2015. More data will be needed to evaluate if this observation is a reproducible
characteristic causing annual drift of activated sludge communities in sequencing batch

reactors of temperate climate WWTPs.

Co-occurrence networks can help temdify interconnections between OTUs based
on their paired presence within complex communities (50). Acomrrence analysis
performed on the dataset obtained in this study did not identify any meaningful interactions
between community members (data riaiven) because of the high abundance of a relative
low number of core OTUs with many interactions which reduced the interpretability of the
obtained network. This is a known limitation of networks that are characterized by local
hot spots of abundant coratibns between neighboring network notes (51). Considering
that variable copy number of ribosomal RNA genes can influence relative OTU
abundances in sequencing libraries and the fact that metabolic functions are generally not
well conserved among ribotypesoes further limit the meaningful interpretation of co
occurrence networks for the identification of putative interactions between microorganisms

in the environment.
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Nitrifying community

The WWTP in Brainerd repeatedly experienced a loss in nitiicgperformance
when wastewater temperatures decreased below 13°C during the cold Minnesota winters.
Despite the observed decrease Hneloval efficiency our sequencing and qPCR results
showed that the abundance of known nitrifying microbial populati@ssrather constant
throughout the entire year. As mentioned above lower temperatures reduce microbial
growth rates and may wash out sigwowing nitrifiers if sludge retention times are kept
constant and relatively short (annual average 7.8 days) aloygatUnder this assumption
we expected that the decrease in nitrification performance in the winter month might be
associated with a decrease in nitrifier population abundance. However, our 16S rRNA gene
amplicon sequencing and gPCR data did not reugalsagnificant correlation between
relative OTU abundances, ammonia monooxygenase gene copy numbers and the observed
seasonal fluctuations in temperature and effluent ammonia concentration. This means that
the nitrifying community must maintain a growthiedigher than the inverse of the SRT
in order to remain in the system. However, at the same time we observed a decrease in
plant nitrification performance which means that the populations of known nitrifiers
maintained their growth rates while loweringeith energy generation via ammonia
oxidation. Maintaining growth rates at lower rates of ammonia oxidation might be possible
when organisms are metabolically versatile and flexible and can switch over to another
energy metabolism or when immigration frorfluent sources maintain a stable population
abundance. It is also conceivable that other species than the typical, known ammonia
oxidizers contribute to the ammonia oxidation rates in the warmer spring and summer

mont hs but t hat t hesti wendk nmiwa r oicsregaasnoinsanhsl y
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sensitive and are contributing less to the observed amount of ammonia removal in the
winter. The fact that ammonia removal activity is never completely lost and activity is
recovered in spring means that known and omkmmicrobial taxa capable of ammonia
oxidation must remain in the reactors yeamnd or are continuously immigrating with

influent wastewaters.

Other studies that report on the correlation of seasonal nitrification failure with
ammoniaoxidizing commurty dynamics based on 16S rRNA gene amplicon sequencing
also observed that nitrifying populations can maintain a relatively stable abundance despite
seasonal fluctuations in wastewater temperature (21). Delatolla(@®nlquantified the
biomass and rRNAontent in a wastewater biofilm by fluoresceirteitu hybridization
and microscopy and did not find evidence for seasonal effects on the abundance of
nitrifying microorganisms at colder temperatures (19). Conversely, Beneduce et al.
(2014)(13) showed thathe abundance of ammoroaidizing bacteria was severely
affected by drastic changes in temperature, dissolved oxygen, and salinity in a wastewater

treatment plant treating water from a saline thermal spa.

More data might be necessary to identify i€ tbhbserved change in nitrifying
activity is solely thermodynamically driven (17), or a consequence of microbial
populations entering or leaving the system throughout the seasoRgjuie 24, we
identified a couple of OTUs that showed a strong correlatio relative sequence
abundance with either temperature and/or effluent ammonia concentration (alsdblece
S25 in Supplementary information). An OTU classified as uncultGegatospiraceawas
the second most abundant OTU in all three SBRs with arageeannual abundance of

7.64% + 2.9%. We observed a significant positive correlation with temperature as well as
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a significant negative correlation with effluent ammonia concentration (Pearson R=0.69 &
0.63, p<8.19 & 4.6e5) while the relative sequenabdundance of thiSaprospiraceae

OTU ranged from 12.0% during the summer down to 3.0% in the winter. We also identified
a secondaprospiracea®TU, classified a€andidatus Aquirestigs one of the top three
most abundant OTUs i TUcdtdgay sibomwd detecped ieonhgire a s o n
Fall of 2015 and Spring and Summer 2016 but not during the winter month. Important in
this context might be that it has been shown in previous studies that with the decrease in
temperatures the structure and spec@sposition of microbial aggregates and biofilms

in activated sludge can change which may directly or indirectly impact nitrification
performance (19, 205aprospiraceabave been described as epiphytic rods that attach to
filamentous bacteria (52). Theye commonly found in flocs and aggregates of activated
sludge. However, their exact role in wastewater treatment is not well understood (21, 24,
25, 53, 54). Members of th8aprospiraceaemay be important in the breakdown of
complex carbon sources. ltdbeen suggested that their hydrolytic activity provides simple
carbon substrates for other microorganisms involved in the removal of nutrients and this
might even be the radaniting step for these processes (55, 56). However, most nitrifiers
are autotrphs and do not rely on organic carbon for growth. On the other hand, Reza and
Alvarez Cuenca (57) suggested that members of the f&@ajyospiraceaeould also be

directly involved with the nitrification processes.

It might be conceivable that a changeabundance dbaprospiraceaeluring the
winter has an effect on the structural integrity of activated sludge aggregates which will
alter the habitat space of nitrifier populations. This might not directly affect nitrifier

population abundances but coulddirectly affect nitrification efficiency if ammonia

58



oxidizers lose the structural support for forming close spatial associations with nitrite
oxidizers in activated sludge flocs. However, in order to test this hypothesis a microscopic
study will be requied to visualize and quantify the involved microbial taxa and their spatial
association in accordance with seasonal extremes of high and low wastewater
temperatures. In this contekiiture studies should also evaluate the role of the ambiguous
taxonomic goups affiliated with the phyl&hlorobi andChloroflexi(Table S2) that we
identified as core or multiple season taxa with significant correlation to wastewater
temperature and effluent ammonia concentrations, for their contributions to aggregate

stability and reactor nitrogen removal processes.
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Conclusions

We investigated the composition and seasonal dynamics of activated sludge communities
of three fultscale sequencing batch reactors of a wastewater treatment plant in a temperate
climate zone, with focus on changes in community structure in responsartmarental

variables. We showed that:

A Temperature was the primary driver of shifts in alpha and beta community diversity

A Seasonal patterns of microbial community structure exist in highly synchronized

reactors

A A set of core OTUs were highly abundant asttbngly synchronized between

reactors

A Individual OTUs only occurred seasonally (single season, multiple seasons) or for

shorter periods of time in any of the three reactors

A Key functional groups such as ammonia oxidizing bacteria maintained stable
population abundances despite decrease in plant ammonia removal performance in
the winter month

To date this study is one of the most comprehensive analyzes of seasonal community
dynamics in the activated sludge microbiome of SRBs in temperate climatethahes
experience a periodic decrease in nitrogen removal efficiency. A medepth
understanding of the seasonal community composition and dynamics will be beneficial for
treatment plants which continually struggle to maintain efficient nitrificatiorvides

despite following typical mitigation strategies such as prolonging SRT and increasing total

biomass. Future time series studies should assess the transcriptional activity of
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nitrification-associated genes, in order to quantify microbial activitfissassociated with

cold temperature nitrification failure so that factors controlling the abundance of nitrifying
populations can be better understood. The data presented here will help to develop
predictive models and new concepts to improve bioreaesigd and operation condition

for wastewater treatment plants in temperate climate zones so that they can achieving

reliable nitrification performance at all seasons.
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Chapter 3

Nitritation Kinetic Model for Brainerd Wastewater Treatment Facility
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Synopsis

Wastewater treatment facilities often demonstrate significant loss in nitrification
performance throughout the winter months. The understand this phenomenon, a kinetic
model was created which integrated real data from Brainerd Wastewater Treatmewt Facilit
and other kinetic models. This revealed that temperature and total biomass played the most
significant role in predicting the effluent ammonia concentration. While dissolved oxygen
concentration may fluctuate significantly, this appeared to make nificzgnt impact on
the treatment plant performance. The incorporation of read data from high throughput
sequencing and quantitative polymerase chain reaction data hinders the model due to
unpredictable variations. Ultimately, using sequencing data pto\mslthe most accurate
method of tracking the AOB community but still did not capture the actual conditions of

the treatment facility.
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Introduction

Kinetic models are designed to predict wastewater treatment plants operational
performance based on theerage chemical composition of domestic wastewater. Models
such as ones developed by Gao in 2010 ifiplement the feadamine nature of
sequencing batch reactors, while common programs such as Activated Sludge Model No.
3 (2) are more representativecointinuously stirredank reactor styleKinetic models are
typically created to incorporate nearly every individual operational variable in wastewater
treatment and every treatment plant design. Howdwesetmodels all make assumptions
about the miavbial community based on typical activated sludge, despite numerous studies
showing the microbial community strongly fluctuates with respect to temperahase
microbial community compositions are largely assumed and calculated purely

mathematically, aspposed to being monitored and inputted into the model itself.

Recent advancements in molecular biology open the possibility foitimeal
microbial composition monitoring. This can be performed through high throughput
sequencing or targeting specificganisms through functional genes. These molecular
biology techniques can then be incorporated into kinetic models to provide a stronger
representation of the microbial community throughout the seasons and offer a stronger
ability to predict performance trieatment facilities.This study aims to connect molecular
biology and kinetic models by developing a kinetic model for the Brainerd Wastewater
Treatment Facilityods nitrification perform

guantitative polymease chain reaction.
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Methods:

Brainerd Wastewater Treatment Facility Overview: The facility consists of three
sequencing batch reactors. In total, the treatment plant is designed to operate at 6 million

gallons per day, but currently hande®und 2 million gallons per day. Each sequencing

batch reactorrunsatbour cycl e which has sever al stag
fillo, fhnaerobic reacto, fAsettlingodoshoudecant
Aaer obi ciodr Withattotal op4eycl es per day, each reac

community is exposed to a total ch8urs of aerobic biological growth.

Dissolved Oxygen: Brainerd Wastewater Treatment Facility uses a computer
program to control the dissolved oxyrg concentration during the reaction cycle. The
dissolved oxygen concentration will turn on at the start of the aerobic react cycle and
continue supplying oxygen until 3.5ppm is reached. After 3.5ppm is reached the air blower
will shut down and let theissolved oxygen concentration drop until 0.75ppm where it will
turn back on until either 3.5ppm is reached again, or thehtwo aerobic react cycle is
finished. This frequently created three distinct trends in the aeration profile where the
3.5ppmd Aipeakeached one to three times. T |
Adoubl e peako, and Atriple peak. 0 Single
months, double occurs throughout the entire year, while triple peaksoftestoccur
during winter. Since double peaks occur throughout the entire year, theloyepr
simulations were run using exclusively double peaks. Additional tests compared the
average temperature extreme of 10°C and 18°C using all three profiles. An additional

dissolved oxygen pffile was created using a consistent 3.5ppm as comparison.
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Monod Kinetics were applied to model the ammonia concentration and the
dissolved oxygen concentration which were taken from sequencing batch reactors under
similar operational conditions to Brainerd preforming nitritation (1). Other models such
as (Activded Sludge Model No. 3) ASM3 (2) incorporate bicarbonate and nitrite
concentrations as factors impacting nitritation performanBecausethe pH remained
relatively constant at Brainerd (influent and effluent) #relconcentratioof nitrite were

remaine low, these were removed to simplify the model.

Equation 3.1

Y ny
0 Yoo Y

Equation 3.1 denotes the terms S for the substrate concentration of both ammonia and oxygen as
we l | as the K fAhalf v e thelighdstyratewbsobsttate atitizationvidn amombniai s h a |

and oxygen.

Temperature: To account for the effects of temperature, a double Arrhenius
equation was used as shown in Stark, 1996 (3). This was used to account improve the
model at altemperature ranges and differs from common Monod models. Most Monod
models replace K and #&erms as temperature dependent. Typically, models such as
ASM3 have two values for K andskone value at 20°C and the other set to 10°C. These
K values would bénterpolated based on the provided temperature. This assumes that with
increasing temperatures, the kinetics are always assumed to be increasing. This assumption
is generally valid between 1Z5°C but not in higher temperature ranges. Nitrification has

shown to decrease in performance betweedBC and completely stop by 55°Clo
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better model nitrification in both cold and warmer temperatures, the double Arrhenius
equation was implemented as its own independent parameter. To express this component
as a percentage, the peak temperatukex,Wvhich occurs at approximately 37.25°C was

divided by the given temperature value.

Equation 3.2

0Q  oqQ
W OoR vdd

Equation 3.2 denotes a double Arrhenius equation where each A term is thexjpoaential factor, £
denotes the activation energy, R is the universal gas constant, T is the temperatuggianide/maximum

rate of ammonia degradation based on temperaturgwWés used tareate a unitless term that changes in
percent of total possible ammonia degradation based on temperature, which could be combined with other

parameters in the equation.

Biomass: Total biomass was calculated using a+alssice for microbialr@wth
as shown in Davis (4). It should be noted
it still managed to be fitted using SBR configurations as well. This provided a total biomass
approximation as mixed liquor volatile suspended solide pEmameters for yield (Y) and
the decay constant Kwere fitted to match data supplied from Brainerd Wastewater
Treatment Facility. The additional data to calculate the total biomass such as the influent

BOD, effluent BOD, SRT and HRT were alpoovided from the wastewater facility.

The biomass for AOB was calculated in two ways, both which approximated the
percent abundance of AOB within the total biomass. The first was AfQRBgaich
expressed the percent abundance for AOB usingthiglughputsequencing data. The
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number of reads which were from the fanMigrosomonadacea&ere divided by the total
number of reads in the sequencing run. Secondly was ARBRWhich approximated the
percent biomass by dividing the concentratioarabAgene cpies/L by the concentration

of 16S rRNAgene copies/L.
Equation 3.3

Y Y

"N

w

Equation 3.3calculates the total biomass in the mixed liquor volative suspended solids. In this egtation,
represents the sludge retention tiiviés the yeild coefficient, § is the influent BOD representing the carbon
available for microbial growth, S is the effluent BOBjs the hydraulic retention time, andi i a death

coefficient for microbes dying in the system.

Equation 34

O Oz o0B
Equation 3.4quantifies the biomass of ammonia oxidizing bacteria by taking the total biomass calculated in
Equation 3.3 and multiplying this by the percent of ammonia oxidizing bacteria found in the total sequencing

reads throughout the year.

Equation 35

O Oz o0B
Equation 3.5 quantifies the biomass of ammonia oxidizing bacteria by taking the total biomass calculated in
Equation 3.3 and multiplying this by the percent of ammonia oxidizing bacteria determined dydhe
functionalgeneds total copy numbers, divided by the 16S r

many ammonia oxidizing bacteria are present in the activated sludge.
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Maximum Substrate Utilization Rate: The final calculation was which was
fitted to the model based on the effluent ammonia data supplied from Brainerd Wastewater
Treat ment Facility. The data was fit usi
Together with the other components created the final kinetic modebas $h Equation

6. Each variable is described below in Table 1.

Equation 3.6
QY ‘ Y Y oaQ  oqQ |
Q0 0 Y U Y W o vdd

Equation 3.6is a combined equatiaromprised of Equations 33.5. The paxterm represents the maximum
substrate utilization rate. This term was empirically fitted to best align with the annual data at the Brainerd
Wastewater Treatment Facility. The terms fag4and Xaos need to be exwanged depending whether the
equation is being calculated using ammonia oxidizing bacteria biomass values derived from qPCR results or

using sequencing data.

Other considerations: Ammonia oxidizing archaea (AOA) were not considered for
this model yet hee demonstrated to contribute to ammonia removal in wastewater
treatment plants (5). AOA were present during the 204816 sampling period but were
not during the 2017 2018 sample period. Other models predict the AOB concentration
using growth paranters (1,2,6). This was removed from the model in favor of integrating
molecular techniques and reddta. Additional parameters were considered such as nitrite

inhibition (2) and pH inhibition (6) but were removed since data has not shown significant
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fluctuations in either at Brainerd Wastewater Treatment Facility. Finally, most models
focus on continuously stirretdnk reactor, or attached growth membrane models, which

were not incorporateldecausehey do not represent the treatment facilities conusti®).
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Symbol Definitional Value Units Source
d Hydraulic 2 hours | days Brainerd WWTP
retention time per cycle
(8 hours
per day)
dc Sludge retention | Varies days Brainerd WWTP
time
Y Yield Coefficient | 0.48 mg/L Fitted Parameter
biomass/
mg/L BOD
Kd Death Coefficient 0.15 1/days Fitted Parameter
KnNH3 Half saturation | 1.35 mg/L Gao (2010)
constant
Ko2 Half saturation | 0.31 mg/L Gao (2010)
constant
SN Influent BOD Vaires mg/L Brainerd WWTP
S Effluent BOD Varies Brainerd WWTP
So2 Dissolved Varies mg/L Average Profiles from
Oxygen Conc. Brainerd WWTP
SIN-NH3 Inf. Ammonia 15 mg/L Average for Brainerd
WWTP
S\H3 Ammonia Conc. | Varies mg/L Calculated from model
HMaXseq Substrate -0.06967 | mg- Derivedfrom sequencing
utilization rate NH3/(L*min) | data
HMmaxgecr | Substrate -0.12868 | mg- Derived from gPCR datg
utilization rate NH3/(L*min)
X Biomass Varies mg/L Calculated or Given by
(MVLSS) Brainerd WWTP
AOB%seq | Percent Varies % (AOB reads/Total reads
Abundance of
AOB
AOB%qpcr | Percent Varies % (amoAcopiesl6S rRNA
Abundance of copies)
AOB
A1 Preexponential | 2.34E+11| mg/(kg*day) | Stark (1996)
factor
Ea Activation 52.9 kJ /mol Stark (1996)
energy
Az Preexponential | 6.49E+11| mg/(kg*day) | Stark (1996)
factor
Ea Activation 55.6 kJ / mol Stark (1996)
energy
Vmax Maximum rate | 8.950038| mg/(kg*day) | Calculated from original

for Arrhenius

Equation

equation
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R Universal Gas 0.008134| kJ/(K*mol) Davis (2010)
Constant
Table 3.1 highlights the variables comprising the model, typical values, units, and the source of the data.
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Results:

Throughout the sampling period of 2015 2016, the influent wastewater
temperature ranged between a high of 20°C and low of 12°C. Based on the model, this
impacted the performance between 63% down to 44.5% of the maximum temperature
(37.5°C). The declinento winter dropped the performance of the plant by nearly 30%.
While temperature fluctuated as a steady decline into winter and rise in spring, other
variables such as MLVSS significantly changed throughout the seasons, but more
sporadically. The Summaverage was closer to 1330 mg/L while Winter was a decline
down to 965 mg/L. Other variables such as B&BODet, AOB%seq AOBY%qgpcr ¢, did

not appear to significantly fluctuate throughout the season.

Variable Responses: The impact of each variablehe total performance of
nitrification I S demonstrated i n Figure
concentration of ammonia is typically around 35 mg/L, when mixed with activated sludge
this concentration diffuses to around 15 mg/L. During abeobic react cycle, as the
ammonia concentration declines from 15 mg/L to the calculated effluent, it is in the highest
region of variability from 90% down to 50% by 1.35 mg/L. This impact is showigure

3.1a.

74



1.0

1.0

a) b)

Percent Response
04 0.6 0.8

Percent Response
04 06 08

(9]
N =3
g
0 10 20 30 40 0 1 2 3 4
Ammonia Concentration (mg/L) Dissolved Oxygen Concentration (mg/L)
O. - m -
- c) d) MLVSS
—~ . = 1600
o | 3 1400
e E = 1200
5 c < = 1000
o
2o | = = 800
g o
= )
= g S
S S
i O
o @
™~ O~
o | < Scales Linearly
Average Percent based on qPCR = 0.247%
o Average MLVSS Prediction = 1184 mg/L
10 20 30 40 50 00 01 02 03 04 05
Temperature (Celcius) % AOB based on gPCR (amoA/16S rRNA)

Figure 3.1(ad) A) The impact of ammonia concentration on the model is shown as a Percent Response
where the calculated rate of ammonia degradation is calculated and divided by the maximum degradation
rate so that a unitless percentage can be used in the equati@mmonia is removed from the system the
performance exponentially decays. B) The dissolved oxygen concentration impacts the model as a Percent
Response. C) A doublerrhenius equation models the impact of temperature on nitrification performance.
While the response is nearly linear betweer300C, an significant cudff occurs after the peak at 37.25°C.

D) Select MLVSS concentrations of 1600 mg/L (red), 1400 mg/L (orange), 1200 mg/L (green), 1000 mg/L
(blue), and 800 mg/L (purple) are shown ifledionship to the percentage of AOB detected in the system.

The gray lines represent the average based on both MM8&h is the biomass represented by X

(horizontal) and gPCR percent abundance (vertical)
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The dissolved oxygen profiles fluctuate between 0.78.mg to 3.5 mg/L. This limits

the impact of dissolved oxygen between 71% and 92% change in variable response as
shown inFigure 31b. Figure 32ad highlights each individual oxygen profile and the
impact on dS/dT. While each dissolved oxygen profil®) can be shown as impacting
dS/dT in Figure 32b, ultimately, there is not a statistically significant difference in
performance across the dissolved oxygen profiles for summer conditions (2c¢) and winter
conditions (2d). There is a significant differenshown when the dissolved oxygen
concentration is held at a constant 3.5 mg/L. In summer this is minimal from ~0.4 mg/L
with the profiles down to 0.07 mg/L as a constant dissolved oxygen concentration. In the
winter the impact occurs from ~4.1 mg/L bdsmn the profiles down to 3.2 mg/L with a

constant dissolved oxygen concentration.
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Figure 3.2 (ad) A) The four dissolved oxygen profiles are highlighted as single peak (red), double peak
(blue), triple peak (black), and a constant 3.5 mg/L (glagh). B) Using a consistent AOB biomass
(2.5mg/L) and 18°C, the change in ammonia concentration over 5 minutes is expressed as mg/(L*min). C)
The dissolved oxygen profiles are tested using summer temperature conditions (18°C) and\@B/mg

D) Thedissolved oxygen profiles are tested using winter temperature conditions (10°C) and20Bihg

AOB biomass was predicted using both MLVSS and a relative abundance and
scaled |inearly with t hdiguedide Wlilestheaadtivec ul at i

abundance for both gPCR and sequencing data were scakignec: (33a), there were no
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significant correlations to temperature, MLVSS, nor effluent ammonia. Throughout the
year there was no significant trend for variation in either gPCR or sequgguaniameters,

only a high amount of scatter. The two parameters do show similar trends in data as shown
in Figure 33b, where they have a significant linear correlation, but with a high scatter (R
=0.19). While the MLVSS was able to represent whatrtament plant recorde#ifure

3.3c), the incorporation of AOB biomass generated unpredictable treigisd 33d) and

large variations in AOB biomass.
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Figure 3.3 (ad) A) The percentabundance ommonia oxidizing bacteriboth sequencing data
(blue) and gqPCR data (red) is shown throughout the year. While neither significantly change over time or
temperature, they both experience large wiagkveek fluctuations. B) The Sequencing Data and gPCR
Data are statistically significantly linear (p<0.05) but have weak correlafio0.R9. C) Using the recorded
data from Brainerd Wastewater Treatment Plantdés SR
predicted (red) and correlated similarly to theuatplant data (black). D) Combining the predicted MLVSS
(Fig. 3c) with the two AOB percent abundance metrics, the final AOB concentration is determined using

sequencing data (blue) and gPCR data (red).

Overall the plants performance was calculatedcamtpared against the actual data
from Brainerd Wastewater Treatment Facility as showrrigure 34. Both models
demonstrated the decline in performance during the winter, but also predicted several other
lapses in treatment. The gPCR data predictechtajors lapses in nitrification activity in
December and again in March but did not during January and February. The sequencing

data only had one large lapse in performance starting in January throughout May.
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Figure 3.4shows the trends of the predidt@model, actual plant data, and temperature. The effluent ammonia
concentration is predicted using sequencing data in blue, using gPCR data in red, while the actual plant data
is shown in black. The temperature (purple) experiences a gradual declin9ftérdown to ~12°C in the

winter before warming up again.

The necessary AOB biomass to consistently have an effluent ammonia
concentration of 1 mg/L was back calculated. Using the substrate utilization rate from
sequencing (uma¥y), and assuming then@l ammonia concentration was 1 mg/L, the
biomass was predicted between 5 and 25°C. This ranged from an AOB biomass of 4.34
mg-AOB/L down to 1.61 mgAOB/L in peak conditions. The results are showFimgure

35.
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Figure 3.5The necessary AOB biomass to achieve yeand effluent quality of 1mg/L was back

calculated. As the temperature declines and nitrification becomes less kineticially feasible, more AOB

biomass is necessary to achieve the same quality in higher temegratu
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Discussion:

Dissolved Oxygen Profiles: While the dissolved oxygen profiles do vary,
ultimately there is little effect on the nitrification activity. Each profile; single double, and
triple peak, performs almost identically throughout the dffiéiseasons. Future models
for these sequencing batch reactors might not need to incorporate dissolved oxygen as a
significant factor and can account for other variables which ultimately increase value to the
precision of the model. There remains potdntiat these dissolved oxygen profiles impact

heterotrophic growth, and change the MLVSS, but this is not accounted for in this model.

Biomass Prediction: While total biomass expressed as MLVSS was able to be
predicted with similar trends to the actualtal from Brainerd, the inclusion of both
sequencing data and gPCR data ultimately hinders the model. The gPCR data is
exceptionally problematic since small changes in eahevAor 16S rRNAconcentrations
create major precessions in the model. Thepoiential that the qPCR primers are too
specific and are not fully capturing the diversity of ammonia oxidizing bacteria in the
wastewater treatment plant. This could explain the high variability of nitrification
performance this predictor demonstrateSimilarly, the sequencing data only targets
known ammonia oxidizing bacteria. Other bacteria may be contributing to ammonia
oxidation which were not included in the model causing unpredictable shifts in
performance. Ultimately, the concentration of MLV®®)ht be a stronger predictor for
nitrification performance than incorporating new scientific tools to account for AOB

biomass.

Substrate Concentration: Using the same amount of biomass (2A®8W.) at

two temperatures (18°C & 10°C) the time to aghi@an effluent ammonia quality of 1
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mg/L was calculated. The model predicted approximately 107 minutes at 18°C and 165
minutes at 10°C. Since the current total aerobic reaction time is only 120 minutes, the
operators would need to continue aerating foradditional 45 minutes to continue the
same effluent ammonia quality. Presently, the treatment plant does have some allocated
idle time after the previous reaction cycle decants. This could be an opportunity to increase
the aerobic reaction period ard&tbnal 30 minutes. Having a reaction time of 150 minutes
would achieve approximately 1.9 mg/L effluent ammonia. This is still a significant

decrease in ammonia from the predicted 4.3 mg/L at the current 120 minute aerobic react.

Ideal AOB Biomass: Théowest temperature Brainerd Wastewater Treatment
Facility typically experiences are 10°C. To maintain consistent removal (1mg/L of
ammonia),Figure 35 suggests at least 3.23 +A@B/L. However, the wastewater
operators previously ran higher MLVSS acte sludge systems (MLSS > 2,500 mg/L)
and stil!] experienced seasonal i ssues. Af
seasonal nitrification failure by lowering MLVSS in the winter, which is against
conventional | ogi c saThate nanbe otmeovdrialled whictpeffextd i ¢ t |

nitrification that have not previously been recorded.
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Conclusion:

Creating a model helps predict the impact of various factors in the wastewater
treatment plant. Ultimately, the unique dissol@ggen profiles did not significantly
impact the effluent ammonia concentration. Temperature, total biomass (MLVSS) appear
to be the two largest model predictors for effluent ammonia concentration. Integrating
additional datasets such as sequencing dath QPCR created heightened complexity
which ultimately hindered the model 6s abil
concentration. Finally, there is an opportunity for the treatment plant to increase the
aerobic reaction time or maintain a e@tent 3.5ppm of dissolved oxygen for increased

removal efficiency.
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Chapter 4
Seasonal Activity and Community Composition Shifts in FulScale Activated

Sludge Sequencing Batch Reactors
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Importance

Sequencing batch reactors are a common design for wastewater treatment plants,
particularly in smaller municipalities due to their low footprint and ease of operations.
However, like most treatment plants in temperate/continental climates, the microbial
community involved in water treatment is highly seasonal and their biological processes

can be sensitive to cold temperatures. The seasonality of these microbial communities has
been explored primarily in conventional treatment plants, but not in seqgen&ioh
reactor s. Further mor e, most studies often
However, the activated sludge microbial community is very diverse that it is often hard to

di scern which organisms are AQ@acteisveend 0and nw
study we are applying additional sequencin
are active?0 and Awhich organisms are gr owi
gain new insights into seasonal microbial populations dyremia activity patterns

affecting wastewater treatment.
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Synopsis

Activated sludge is comprised of diverse microorganisms which remediate
wastewater. Previous research has characterized activated sludge using 16S rRNA gene
amplicon sequencing whidanhelps to address questions about the relaiadance of
microorganisms, regardlesd cells beingactive, inactive, or deadin this study we use
16S rRNAamplicontranscript sequencing order tocharacterie fiactived populations
(via protein synthesis potentiadnd gain a deeper understanding of microbial activity
patternswithin activated sludgeSeasonal abundances of individual populations in
activated sludge change over time, yet a persistent group of core organisms remains
throughout the year which are traditionally classified on presence or absence without
monitoring their activity or growth. The goal of this study was to further our understanding
of how the activated sludge microbiome changes between seasons with tespect
population abundance, activity, and growth. Triplicate sequencing batch reactors were
sampled in 1@ninute intervals throughout reaction cycles during all four seasons. We
guantified the gene and transcript copy numbers of 16S rRNA amplicons ushtigneeal
PCR and sequenced the products to reveal community abundance and activity changes. We
observed significantly different compositions when comparing 16S rRNA genes and
transcripts for every season. Further investigation revealed 108 OTUs tafile s
abundance, activity, and growth throughout the year. -Nartiferating OTUs were
commonly humashealth related, while OTUs that showed seasonal abundance changes
have previously been identified as being associated with floc formation and bulking. We
observedsignificant differences in 16S rRNA transcript copy numbers, particularly at

lower temperatures which lasted until the activated sludge community had acclimated to
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warmer water temperatures again. Ultimately, this study provides-depih seasonal
analysis of the activated sludge microbiome and is one of the first investigations into the

seasonal dynamics of microbial activity variations based on quantifying and sequencing

16S rRNA transcripts.
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Introduction

The activated sludge process is a biologicatiant removal process in wastewater
treatment plants (WWTP) relying on taxonomically and metabolically diverse microbial
consortia of which the majority of microorganisms havetgédie cultured and are carrying
out unknown functiond). Understanding seasonal dynamics and activity of individual
microbes in this complex community is paramount to future sustainable nutrient
management and economic wastewater trea(@erictivated sludge is dependent on
specific core microorganisms to obtain desired process outcomes. The activated sludge
microbiome has been extensively stu@dti3) and facilitated development of an
ecosystenspecific reference databdsd). However, activated sludge is dependent on
physiological actiity of specific microbial functional groups, hence it is essential to
combine information on microbiome taxonomy and classification with phenotypic

information on the physiological state of identified microbial populations.

16S rRNA gene amplicon sequemgiis the standard method for identification,
characterization of the diversity, composition, and dynamics of microbial communities.
However, most sequencing studies are based on amplifying rRNA genes from
environmental DNA extracts. Environmental DNA exifis contain DNA from active cells,
inactive but viable cells, dormant cells, as well as extracellular DNA from degraded or
lysed cells. Therefore, analyses based on environmental DNA presenisidezheiew of
the community structure lacking informatioon the metabolic state of microbial
population§15). In contrast environmental RNA provides a more immediate view on
microbial activities because RNA has a rapid turnover rate withis(t&)Jland a shorter

half-life than DNA(17). Thus, sequencing reverse transcripts (cDNA) of 16S rRNAE m
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representative of the déact i v e(@8)The aumber on
of sequencing tags of a specific taxon in an Rib&ed 16S rRNA library relative to DNA
based 16S rRNA gene library can be used as a measure of potential activity. Therefore,
parallel sequencing and comparison of 168lARamplicon libraries based on RNA and
DNA can help to: 1) reveal shifts in activity patterns among rare and abundant taxa; 2)
identify populations in the activated sludge community changing their physiological state
during different SBR cycles; and allowmew insights into seasonal variations in

physiological states of core members of the activated sludge community.

This approach has been used in previous studies of microbiomes in soils and lakes
and provided the basis for generating and testing hypotbesi® complex interplay of
microbial community structure and activityp-24). While ribosomal RNA as measure of
microbial activity has limitation(d8), ribosomal RNA is a critical component required for
protein synthesis. The ratio of 16S rRNA transcripts and 16S rRNA gene amplicons of a

specific taxa can therefore serve as proxy of potenti@darovgorotein synthesis.

Previous studies have reported the activated sludge core commuity rf@bstly
based on the abundance and occurrence frequency of OTUs. Griffinrepaitedon a
core microbial community 0134 OTUs across siwastewatertreatmentplantsin the
Midwest of the United States. The core community they observed wasiglty
synchronous by seaq@?). Saunders et ahnalyzedhe microlal community composition
of 13 wastewater treatment plants in Denmark. They idenéfiezbre genutevel OTUs,
andfoundnumerous OTUs itheinfluent wastewater whickeemed to continuousseed
the activated sludgeicrobial community(10). Interestingly Saunders et akported that

Nitrotoga were thedominant nitriteoxidizing bacteribitaxa in their analyzed systems
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while many other published studies on the activated sludge microbial community
hypothesized that thiitrospira is a ubiquitoustaxa of nitriteoxidizing bacteriaacross
globalwastewatetreatment plantét). A study by the Global Water Microbial Consortium
notes 28 core OTUs which were prevalent in most wastewater treatment plants across the
world and considered core OTUs to be prevalent in over 8a¥eafastewater treatment
facilities worldwide While speculations on the existence of a global core activated sludge
microbiome are intriguing it also raise questiassto whythere are consistedeviations

from the globalctivated sludge microbionmnsensug3, 4, 10)and what causes these

alterations in microbial community assembly.

For the WWTP under investigation in this study we have also previously reported
on the core community by sequencing and comparing the occurrence and abundance of
16S rRNA genexmplicons from three parallel sequencing batch reactors (SBR) sampled
weekly over a yedB). This study focused on OTUs which correlated to both season
temperature variations andrification performance which drastically declingwaring cold
temperaturesdespite annual stability in abundanceamongst the ammonia oxidizing
community. We reported 114 OTUs which were consistently present in the SBRs and
classified these OTUs as tlwere microbiome. While all these previous studies have
expanded our understanding of the diversity of activated sludge, many of the identified
taxa are not known or have not been characterized with respect to metabolic function and
physiological role in wstewater treatment. This issue is discussed in the Microbial
Database for Activated Sludge (MiDAS) field guide which specializes in curation of
microorganisms performing important functions in WW{I23. We therefore decided to

evaluate if 16S rRNA transcript sequencing alongside routine-Daék®d 16S rRNA gene
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amplicon gquencing and absolute quantification of microbial biomass by quantitative PCR

can inform and guide the identification of processe | ev an't Okey ©player
activated sludge 6écored microbi omes. Her e
identify core OTUsnot only presentbut also activeand proliferating in the dynamic

environment of SBRs

Il n order to expand the O6cored microbiom
out to analyze how the activated sludge microbiome fluctuates acrosesaasgaeactor
cycles. Seasonal data have the potential to reveal compositional changes influenced by
plant operational and environmental parameters such as seasonal temperature changes.
Using full-scale SBRs enables observations across hydraulic resitieresewhich are
only observable by batch and plfigw reactors, but not in continuous$firred tank
reactor§25). Throughout sgsons and reactor cycles we sequenced the 16S rRNA gene as
marker gene for composition and 16S rRNA transcripts which serve as a proxy for the
protein synthesis potent{dB). Additionally, the 16S rRNA transcript copy numbers were
guantified using reverse transcription quantitative PCR at different reactes tycliscern
overall variations in protein synthesis potential. Our data provides insight into the activity
and composition of the activated sludge community between seasons and helps to identify
seasonal variations in activity profiles among taxa. Bhisly presents a comprehensive
analysis of the activated sludge microbiome comparing three paralistald SBRs. We
are describing activated sludge community shifts comparing inflow and different reactor
cycles based on 16S rRNA gene and 16S rRNA ¢rgstsamplicon sequencing. Further
we performed our analysis on a WWTP in a continental climate which undergoes strong

seasonal temperature variations (3). This allowed us to compare samples collected during
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the four seasons with respect to community stafid plant performance parameters. By
combining DNA and RNA amplicon sequencing and quantitative-)dPICR, we gain

insights into the assembly and seasonal shifts of the activated sludge community. We
outline new <criteria f omeéananiyziorbg omesi| v e
presence, activity, and growth. Our approach can further inform researchers on the
importance and role of many yetbecultured and uncharacterized taxa in activated

sludge.

93



Materials and Methods
Wastewateil reatment Plant

Brainerd Wastewater Treatment Facility has threedtédlle SBRs averaging six
hour long cycles. Typically, one hour of static filling (SF), one hour of mixed fill (MF), 2
hours of aerobic react cycle, one hour of settling, and one finafbilodecanting, wasting
excess activated sludge, and sitting idle. The final hour for decanting, wasting sludge, and
idle was not sampled. The program is set to fill the reactor up to a third influent wastewater,
and two thirds activated sludge beforgjipaing the reaction cycle. Additional details of

the plant configuration and standard operations are described in JohnstdB8).2019
Sample Collection

Sample trip occurred with 10-days at the start of each season (J8ly2D17,
October " 2017, December 27 2017, and March 27 2018).Samples were collected
every 10minutes from each SBR cycle. The SBRs are equipped with a faucet which draws
from an individual reactoiThese faucets were used to collect samples from the reactors.

The faucets were drawn for at leasts#tonds to ensure a fresh sample not idle in the
pipes.

Five minutes prior to settling, we collected 20 liters of activated sludge in a carboy
to simulatethe settling occurring in the reactor. From the carboy, samples were collected
from the settled sludge at the bottom usin

were collected from the top half to represent decanted wastewater.

Sample aliquots i@ml microcentrifuge tubes were rapidly frozen to approximately
-72°C in a bath of dry ice and ethanol. No RNA stabilization solutions were used since
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preliminary testing determined them to be less consistent than rapid freezing (data not
shown). Samples we stored in-80°C and thawed prior to nucleic acid extractions or

chemical analysis.

The transcriptional response for 16S rRNA were quantified at every time interval.
The 16S rRNA gene quantities were only quantified at select times. These time points
represent the midpoint for Static Fill (30min), Mixed Fill (80min), the beginning of React
(140min), the ending of React (220min), and the midpoint time for the decanted and settled
sludge during Settling (270min). These six time points, for the triplicaieta®s, across
the seasons, were used for 16S rRNA amplicon sequencing analysis to compare the 16S
rRNA transcript and the 16S rRNA gene abundances. These time points will be abbreviated
as SF (Static Fill), MF (Mixed Fill), R1 (React 140 minutes), R2 (R23a0 minutes), SS

(settled sludge), and DW (decanted water) troughout the remaining manuscript.
Nucleic Acid Extraction and Reverse Transcription

Frozen samples were centrifuged for 5 minutes at 13 000 g to thaw, then
resuspended and transferred into lysis buffer for either DNA or RNA extraction. Cells were
disrupted using the FastPr@d 5G Homogenizer (Santa Ana, CA) for 40 seconds at 6m/s.
The DNA extractions were performed using 50uL of homogenized sample and followed

the protocol for the MP Bl O FastDNAE Spin

RNA extractions were performed using 250uL of sample following the protocol for
Quick-RNA Fecal/Soil MicrobeMicroprep Kit by Zymo Research (Irvine, CA). During
the final step to elute RNA from the filter, 50uL of DNAse/RNAse Free water was used to

create aliquots of the extracted RNA. After RNA extraction, DNA was removed using the
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TURBO DNA-f r e KitHrom Invitrogen (Carlsbad, CA). The incubation of the DNase
enzyme was increased from 30 to 40 minutes before inactivation to ensure removal of
residual DNA. Finally, reverse transcription was performed using PrimeScriyRT

Kit from Takara (Kusatsu, Japan). Tihneubation step was increased from 15 to 20 minutes
before inactivation to ensure reverse transcription completed. During protocol
development, each step was confirmed using qPCRIRIR for two functional genes
(16S rRNA ancamoA as well as DNA and RNAigh sensitivity fluorometric assays on a
Qubit 4 Fluorometer by Invitrogen (Carlsbad, CA) as shown in the supplenfeigiaigs

S4.1-34.3).
gPCR and RTPCR

Quantification was performed on a Brad CFX Connect Redlime PCR

Instrument (Hercules, CA).Eac r eacti on contained 10&glL of

|l nc; Foster City, CA) , 12.5¢L of -R&dX SsoF
Laboratories; Hercules, CA), 1.25¢L of 10mi
Si gma; St . Loui s, MOne,r 0O.05¢5e MQf, f0orwarld op
(0. 5egM), and O0.5¢L of template (c) DNA. Th

genes/transcript (V3 region 33 CCTACGGGAGGCAGCAG and 51R
ATTACCGCGGCTGCTG@E26)) served as proxy for total biomass and protein synthesis
capability. For statistical analysis, when a value fell below the detection limit after
repetitive attempts, a value of half the detectiamitliwas use(7). The average
amplification standard had an efficiency of 92.9% * 6.9% ahddefficient of 0.968 +

0.041.

Sequencing and Data Analysis
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Sequencing was performed by the Univers
V1-V3 primers for 16S rRNA based under conditions in Johnston(3028) Sequencing
analysis was performed using DADA2 in RSty@®, 30) Default settings were used
unless noted wittruncLen=c(290,270d remove low quality endfReads under 200 base
pairs were removedr(inLen=c(200,200))Additional settings werenaxMismatch=1and
minOverlap=2Q0 whi ch f or ces mer g emirsavithllgisnakliingo v er |

basepair. The distribution of sample reads is showRigure S4.

Operational taxonomic units (OTU) referenced SILVA rRNA SSU(23Bpat the
97% cutoff. DADAZ2 classifid 1 002 genutevel. The average sample finished with 44
601 + 18 580 merged reads. Seven samples poorly amplified, with a total of less than 1 000

reads and were removed from the dataBable S41).
Statistical Analysis

Statistical analysis and grapli was performed using RStudio version 3200
Bray-Curtis dissimilarity was performed using teganpackage to calculate the distances
and percent variance explairi@d, 33) Adonis tests were used to determine the
significance of ordination clusters. ANOVA and regression analysis were used to
determine the relationship between transcript abundances over time. Stdests Were

used to determine signifiat differences across gene/transcript quantifications.
Consistent Core Microbiome Requirements

The three criteria we developed are to determine the nalsie ®rganisms in
abundance, activity, and growth. 1) Abundant OTUs are detectible each seaspmifusin

average of R1 and R2 for the three SBRs) and did not vary in relative 16S rRNA gene
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sequence abundance more thalodlacross all seasons. 2) Active OTUs are detectible
each season (using an average of R1 and R2 for the three SBRs) and did noL&8ry in
rRNA transcript relative abundance more thdnd across all seasons. Thesled cutoffs

were selected because microbial growth and diversity imdogally distributed where
meaningful changes occur over logarithmic incremésd3 Additionally, we are using

these llog cutoffs since previous works that focus on OTUs have shown that OTUs
significantly correlate the temperature by following a similar frequency to temperature's
seasonal sinwave pattern, gardless of the amplitude of the actual temperature change
This study focuses on the variationslange changes iamplitude of seasonal OTUs by
selecting a 4og cutoff to be applied to lettansformed dat&5, 36) 3) Growing OTUs
measured a >Ibg increase in absolute abundance when comparing the influent wastewater
to the activated sludge community (using an average of R1 and R2 for the three SBRS).
The absolute abundance was calculated by multiplyineg relative 16S rRNA gene
sequence abundance bythe total 16S rRNA gene copy number obtained by qPCR for each
of the sampled sequencing batch reactior cycle phases. A more detailed equation and

explanation can be found in the supplemental materials (lBquat).

Data availability

Sequences are available from the NCBI Sequence Read Archive with accession number

PRJINA591266
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Results:

Plant Performance

Data records provided by Brainerd Wastewater Treatment Facility were used to
tabulate average plaonperational parameters and performance metrics duringdays0
period around each of the four sampling dafexble 41). Temperatures, and volumetric
flow rates were measured daily (n93€r month whereas other parameters were measured
three times per wek (n=12 per month. Both influent water temperature, and air
temperature were statically different across seaddresinfluent and effluent wastewater
volume in fall was significantly higher than other seasons, likely due to tourism in the area.
The chenrcal composition of the influent wastewater remained highly similar and did not
significantly change for most parameters over the seasons. An exception were the effluent
ammonia and total suspended solids concentrations. Total suspended solids appear to ha
higher concentrations in the summer and fall. However these data points seemed to be
largely driven by outlier datapoints of very high concentrations measured just once per
month (612 mg/L in summer and 1073 mg/L in fall). We decided to not remove these
datapoints since they are public records recorded by the wastewater operators. Suspended
solid concentrations peaked always after our sampling days and were unlikely to impact
our resultsEffluent ammonia was only measured once per month, and therefosécal
inferences could not be made. We have previously shown detailed annual changes in
effluent ammonia, which is known to be significantly impacted during cold temperatures

in what is referred to as seasonal nitrification fail8)e
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Summer ‘17 Fall '17 ‘Winter '17 Spring '18
Sample Date | July 1=, 2017 October 314, 2017  December 27, 2017  March 27t 2018
Inf. Water Temp. (°C) | 17.53 £ 051 1593+091 13.89£0.90 11.56 =058
Air Temp. Range (°C) 13310278 11.7to 16.1 -33.91t0-20.6 -18.8 0 -8.1
Influent (m”3/day) | 9774+318 12911 £1 591 9 956 + 409 9410+ 364
Effluent (m”3/day) | 8910 +455 12547+ 1 818 9138 +591 8 638 + 409
Inf. BODS (mg/L) | 175+£52 167 + 64 139 +48 164 =29
Eff. BODS (mg/L) | 2.00+0.00 1.23 +0.60 1.33+0.49 1.75+0.27
Inf. TSS (mg/L) | 338 + 138 378 £261 169 £ 52 263 =47
Eff. TSS (mg/L) | 2.83+134 2.85+241 1.92 +0.67 2.92+1.38
Inf. Phos. (mg/L) | 4.87+0.44 3.58 +0.67 5.08 £0.30 551047
Eff. Phos (mg/L) | 0.20+0.06 0.33+0.23 0.15+0.06 0.18+0.02
Eff. NH3 (mg/L)* | 0.10 0.10 4.12 9.43
MLSS (mg/L) | 1378 £ 166 1335152 1165+219 1092+ 167

*Values only recorded once per month. Date closest to sampling trip was used.

Table 41 features seasonal operational conditions and performance metrics for the sample trips taken throughout
20172018. The data presented is an average of@a$0vindow around theample period. The influent water and air
temperatures, and flowrates, had periods of statistically significant differences compared to other seasons. Other than
effluent ammonia, typical effluent operational performance metrics for biological oxygen dlephersphorous, and

total suspended solids did not statistically vary throughout the seasons.

Quantification of 16S rRNA Transcript and 16S rRNA Gene Abundance during Reactor

Cycles

We gquantified 16S rRNA transcript abundances during the reactor cytl@ at
minute intervals at all four seasonBigure 41). The average 16S rRNA transcript
abundances (log(transcripts/mL)) during the SF was 11.4+0.5 in summer, 13.4+1 in fall,
11.7+1 in winter and 11.940.5 in spring. When the influent wastewater and actiiatgd
weremixed during MF, the 16S rRNA transcript abundances (log(transcriptsfeddhed
12.3£0.7 in summer, 13.84£0.3 in fall, 12.5£0.9 in winter, and 12.5+0.4 in sprirgy. Th

mixing led to statistically significant increasas 16S rRNA transcript alndancesn
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summer, winter, and spring (all p<0.05) whilanscriptabundance in fall remained
constant (p=0.12)During the 2hour long aerobic react cycle (R1&R2) the average 16S
rRNA transcript abundances (log(transcripts/migre11.9+0.9 in summer, 13.7+0.5 in
fall, 11.5+0.9 in winter, and 12.9+0.4 in spring. At the onset of aeration, the samples
collected inwinter experienced a statistically significant declinel6S rRNA transcript
abundancép<4.5e5). During the aerobic reacycle, 16S rRNA transcript abundances in
the summer were significantly lower than in spring (p<bgéuthigher thann thewinter
(p<0.025). During settling, the bottom sludge (SS) averaged 16S rRNA transcript
abundances (log(transcripts/mL)) of 280.5 in summer, 14.5+0.4 in fall, 13.1+1.0 in
winter, and 12.9£0.3 in sprintn the supernatant watere quantifiedL6S rRNA transcript
abundances (log(transcripts/mL)) of 11.1+1.1 in summer, 12.3+0.8 in fall, 11.3+0.8 in

winter, and 10.9£0.8 in spring.

The 16S rRNA gene abundance did not show any statistically significant seasonal
differences when comparing different reactor cycles. The average 16S rRNA gene
abundances ranged from 8.6+0.2 log(genes/mL) during SF to an average of 9.6+0.42

log(genes/mL) ding MF, R1, and R2.
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Figure 4.1 The activity of the influent wastewater and activated sludge community is shown for each season and
throughout the reactor cycle in -b@inute intervalsFigure 41a shows the SF, MF, R1 and R2 cycles, whilgure

4.1bé&c timepoints occur simultaneously, as the activated sludge settles (SS) to the bottom(6b) and decants (DW) from
the top (6c) of the reactor. The quantitative abundance of 16S rRNA transcript (solid lines) are shown by season (summer
in red squares, fall inrange circles, winter blue triangles, and spring green diamonds). The solid hatch represents the
standard deviation for the 16S rRNA transcript. The dashed line and dashed gray hatch represent and average abundance
of 16S rRNA genes throughout the year,ichhdo not significantly change with respect to seasons. The transcript
abundances in the fall are continuously significantly higher transcript copy numbers for 16S rRNA, while the other
seasons remain relatively comparable at different stages. Each sgpsoences a significant increase in transcripts

once the activated sludge is mixed with the influent wastewater, followed typically by a period of stabilization throughout
the reaction cycle. Winter experienced a significant decrease in 16S rRNAipenatthe onset of aeration. Settling

causes an increased concentration of activity in the thick bottom settled sludge while the decant significantly declines

before moving on in the treatment process.
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Beta Diversity Analysis

In Figure 42a, PC1(x-axis) represents 38.2% of the total variance explained and
separates the inflow community (SF) from activated sludge samples. R&ds)y
represents 17.3% of the total variance explained and separates 16S rRNA gene sequences
and 16S rRNA transcripts. #din PC2, we also observed separation of the seasons within
the activated sludge compositions. The 16S rRNA gene and 16S rRNA transcript
compositions were most different comparing fall and spring. The activated sludge 16S
rRNA transcript community compdgn in winter and summer overlapped, however their

seasond6s 16S rRNA gene community composit
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" SF=Static Fill
'R;‘ MF=Mixed Fill
e R1=React1
R2=React2
55=Settled
a A 4 DW=Decant
o s WM o
= o
a
. oW
= " m = -
g == g "
- R2 0
= = R A, 18S rRNA gene
b} " . 3] ARMF = Summer
oS P sF a2 R1 Fall
B 09? A‘F 2 a 4 Winter
5 Rl s E ss .
R o s : * Sprin
T ? i o . . pring
] °, o g o P w
@ &y s @ Ripo D
=] #%,F B R:
R1 ] a <
o MF o 58 oo
hd T oM
©
168 rRNA transcript
o;\ 0 Summer
Fall
-« -« A Winter
? ? © Spring
-0.2 0] 0.2 04 e -0.4 -0.2 (] 02 0.4
Bray-Curtis PC1 (38.2%) Bray-Curtis PC1 (32.2%)

Figure 4.2 Principle coordinates analysis was used to compare trends in reactor cycles, the community composition and
expression, as well as senabtrendsFigure 42a highlights the difference between the influent wastewater and the
activated sludge communitiFigure 42b removes the static fill to represent the distinct separation of 16S rRNA genes
and 16S rRNA transcripts in the activated skidger the »axis, while the seasons are separated on-thésy The 16S

rRNA gene is represented by the closed shapes, while the 16S rRNA transcript is denoted by the open shapes. Summer
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is represented by red squares, fall by orange diamonds, wintdudyriangles, and spring by green diamonds. The

acronyms correlate to the six reactor cycles sequenced in the study.

We removed SF data and recalculated dissimilarity to emphasize differences within
the activated sludge composition throughout reactolesygigure 42b). PC1 (xaxis)
represents 32.2% of the total variance explained and separates the 16S rRNA gene
communities from the 16S rRNA transcripts. PC2axys) represents 18.2% of the total
variance explained and shows separation of communitisgdson. The activated sludge
16S rRNA transcript compositions from winter and summer overlapped, however their 16S
rRNA gene community composition did not. Additional dissimilarity analysis was
performed to separate the 16S rRNA genes from the transikriptsler to determine if
further trends in separation across specific reactor cycles would become apfigreet (

S45). InFigure S45a, PC2 (yaxis) showed a slight separation of the DW samples from

the other reactorcongpygstione 6s 16S r RNA gene

Seasonal Shifts of 16S rRNA Gene and Transcript Community Composition

Figure 43 comparesthelegat i o of the relative abund
between seasons based on 16S rRNA genegigx and 16S rRNA transcripts-&xis).
OTU distribution along the-axis denotes lodpld change in relative abundance of 16S
rRNA genes beteen seasons. Distribution along thexs indicates lodgold change in
relative 16S rRNA transcripts abundance of induvial OTUs when comparing activated
sludge samples from different seasons. OTUs having higher 16S rRNA gene abundance in

a seasonal compaon are more intensely colored towards the respective season color. The
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size of each OTU is proportional to the average 16S rRNA gene abundance between the
two compared seasons. OTUs outside of the-tlastl box in the center of each plot
change more #n Xlog in relative abundance between the two seasons, while less-than 1

log changes are within the daksmed box.
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Figure 4.3 Each plot compares two seasons ratio of 16S rRNA gene composition as well as the 16S rRNA transcription
composition to discerhow much variation occurs between successive seakimsg 43a-d) and 6month intervals

(Figure 43e&f). Each circle represents an OTU plotted with the average DNA percent abundance representing their size.
Both axes represent a logarithmic ratiotfee OTUs percent abundance based on 16S rRNA genéqxand 16S rRNA
transcript (yaxis). The ratios compare seasonal trends with summer (red), fall (orange), winter (blue), and spring (green).
The intensity of the color scales proportionally with thBUS higher abundance season. If an OTU is always within <1

log change based on thel6S rRNA gene, it is at a constant abundance. If an OTU is always-ldthehadge based
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on the 16S rRNA transcript, it is at a constant activity. There are 119 OTUs mvb&t both criteria for every pldtigure

4.3af) and are within the dashed square.

Figures4.3ad show successive seasonal comparisons, while Figi3e&f shows
6-month intervals, to emphasize seasonal variations. Successional s€apames43a-d)
on average share 92.5%+2.8% of the same 16S rRNA gene composition, and 97.9+0.6%
16S rRNA transcript composition. Therefore, 7.5£2.8% of the 16S rRNA gene
communities are unique to each season. Only 2.1%+0.6% of the 16S rRNA transcript
composition were ugue comparing successive seasons. On average 79.3%=5.1% of the
16S rRNA gene composition and 82.7%z=7.3% of the 16S rRNA transcript composition

did not change more thanldg between successive seasons.

When comparing compositions in fall to sprirfgdure 43e) both communities
share 87.4% 16S rRNA gene compositions and differ 12.6% each. However, only 63.2%
and 68.6% of the 16S rRNA gene composition remains at similar abundanédeg)(<1
while 24.2% and 18.9% significantly change between fall and spfihg 16S rRNA
transcript compositions are 94.9% and 96.7% similar in fall and spring, with 5.1% and
3.3% unique compositional changes. Despite the similar taxonomic compositions, 41.4%
of fall and 19.5% of spring 16S rRNA transcript composition signiflgashange between

seasons, leaving 53.5% and 77.1% of the composition at similar percent abundances.

Summer and winterHgure 43f), appear more similar with 95.5% and 95.0%
overlapping 16S rRNA gene composition, and 80.7% and 84.0% 16S rRNA gene
compositions at similar levels of percent abundances. Therefore only 4.5% and 5.0% is

unique to each season, and 14.8% and 11.0% sigmiffcchange between summer to
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winter. There is less variation among 16S rRNA transcripts with 97.9% and 98.3% shared
transcript compositions, and 85.2% and 90.6% shared composition at similar percent
abundances. Summer and winter samples only had 2.1%.3a%@a unique 16S rRNA

transcripts, and 12.7% and 7.7% significant variation in relative transcript abundance.

We observed linearity of OTU 16S rRNA gene and transcript abundances
comparing fall and spring samples (p<<0.05=45.8%). Summer and winter domn
significantly correlate 16S rRNA genes to transcripts (p>0.95). All four successional
seasons (Figuré.3a-d) had statistically significant correlations between 16S rRNA genes

and transcripts (p<<0.05), with low?Ralues averaging 20.7+7.5%.

119 OTUs d not change more than-ldg in gene or transcript abundance
throughout the yeailhese 119 OTUs comprise the following percent abundances based
on 16S rRNA gene composition per season: 69.6% in summer, 59.0% in fall, 75.7% in
winter, and 63.6% in springhese 119 OTUs comprise the following percent abundances
based on 16S rRNA transcript composition: 63.5% in summer, 49.1% in fall, 70.4% in
winter, and 73.3% in spring. The top five most abundant OTUs from these 119 OTUs are
also listed inFigure 45. Addtional seasonally unique, and significantly changing OTUs

per season are listed in Supplemental Tabde? &d 4.3.

Comparison of Influent Wastewater Community and Activated Sludge

To differentiate OTUs growing in activated sludge from OTUs passirayidr
with influent wastewater, the absolute abundance of each OTU in the SF community was

compared to the average absolute abundance during the reaction cycle (R1 and R2) using
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a masshalance of each OTU (Equatiod.$). Figure 44 compares absolute abundas

of OTUs in the SF community to the combined reaction cycle (R1 and R2). OTUs
increasing greater thanldg from the SF community are OTUs which grow and recycle in
activated sludge. OTUs with less thatod difference in abundance do not signifidant
grow and will wash out. Irrigure 44, OTUs are represented by dots, and those OTUs

within the shaded region do not significantly grow.

241 OTUs grow

25.7% as Influent Community

88.8% in Activated Sludge
A Nitrosomonas o
¢ Nitrotoga * -
@ Nitrobacter

165 OTUs do not grow
73.1% as Influent Community
11.2% in Activated Sludge

>1-log increase
1:1 ratio
<1-log decrease

Average Reaction Cycle Abundance (log(copies/mL))
4

1.2% SF (66 OTUs) and 4.2% Activated Sludge (34 OTUS) have zero overlap
@ ENOINND ENDS 000 o

0 2 4 6 8

Average Static Fill Abundance (log(copies/mL)

Figure 44 A mass balance was performed on each OTU to discern which organisms are significantly growing and
proliferating in activated sludge or passing through the sy3tem16S rRNA gene relative abundance from sequencing

is multiplied by the quantitative total abundance of 16S rRNA gene copies via qPCR to yield an absolute abundance of
each OTU. Each dot peesents a unique OTU which appeared in both SF and during the react cycleaXifiésxhe
abundance during SF, while theayis is the average abundance throughout the year during R1, and R2. Nitrifying
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organisms are denoted in green triangNisr¢somonas, orange diamonds\trotoga) and cyan squareslitfrobactel).

The red line denotes the cutoff for OTUs which are greater thag difference, the purple line denotes exactip-I1L
ratio, and the blue line is a less thalog decrease cutoff. Anlying falling between these bounds (purple shaded region)
is considered at similar abundances entering the system and leaving the system at da&adyid. Above this shaded

region, are OTUs which grew in abundance and are propagated in activdtgs slu

506 OTUs were assessedHigure 44, but only 406 overlap between the reactor
cycles. Of the 406 overlapping OTUs, 165 OTUs are in the shaded region which comprises
73.1% of the SF community. Although influent wastewater makes up on averagedd third
the reactor volume, these 165 OTUs constitute 11.2% of activated sludge. The region above
the shaded area represents OTUs in the reactor which are growing in activated sludge.
These 275 OTUs grow to represent 88.8% of the activated sludge commuaity B&it7%

of the influent wastewater community.

100 OTUs do not overlap between SF and the react cycles due to low sequencing
reads. 66 of these OTUs are in the SF community comprising 1.2%. The remaining 34
OTUs were unique to activated sludge represgn#i.2% of the total activated sludge

community.

The Consistent Core Microbiome

We found 108 OTUs meeting ourFigure45ee <cr i
highlights 179 OTUs which exhibited consistent abundancdagXnnually), and 172
OTUs with casistent protein synthesis activity @dg annually). 119 OTUs exhibit both

consistent 16S rRNA gene and transcript abundances. Of the 275 OTUs which were
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growing in activated sludgé&igure 44), 108 had constant abundance and activity, meeting
allthreecr i teri a for our ficore microbiomeodo: Gro
to our 16S rRNA gene analysis, these OTUs comprise 58.7% of the activated sludge
composition in summer, 51.5% in fall, 70.8% in winter, and 59.6% in spring. The same
OTUs repreent 60.2%, 46.9%, 66.5%, and 70.5% of the summer, fall, winter and spring

16S rRNA transcript abundance, respecti vel
mi cr obi ome 0 Figureed5 With ghteie averagen annual relative abundance.
Additionally, the top three OTUs fulfilling one or two criteria are listedrigure 45 with

their respective average annual relative abundances.

Abundance & Activity (6.59%)
1. Leptotrichia (2.15%)
2. Arcobacter (0.99%) Only Constant Activity (0.94%)
3. Acinetobacter (0.87%) LT 1. Bacteroides (0.55%)
2. Hypnocyclicus (0.20%)
Constant Abundance Constant Activity 3. Tolumonas (0.16%)

Only Constant Abundance (1.64%) 22 OTUs
1. Lachnospiraceae_NA (0.29%)
2. Agathobacter (0.15%)

3. Akkermansia (0.11%)

5 0TUs

Growth in Activated
Sludge
81 OTUs

Only Growth (12.02%)
1. Kouleothrix (1.65%)
2. Chloroflexi (0.99%)
3. Gordonia (0.59%)

Figure 45 is a Triple Venn Diagram representing the intersections of the three criteria for the consistent core
microbiome. The three criteria were constant abundance in bHeg<hange in relative abundance throughout the year
based on 16S rRNA genes shownFigure 43), constant activity in yellow (<lbg change in relative abundance

throughout the year based on 16S rRNA transcript showigimre 43), and in activated sludge in red ¢kl change
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in absolute abundance compared to influent wastewater as shéigure 44). The top three OTUs based on relative
abundance averaged across seasons and during the reaction cycle (average of R1 & R2) is listed for OTUs which meet
one or two criteria, while the top five OTUs which met all three criteria are listegteTare a total of 179 constant
abundance OTUs, 172 constant activity OTUs, and 275 proliferating OTUs. 108 OTUs met all three criteria as the

consistent core microbiome.

Interestingly, 29.2% to 48.5% of the activated sludge microbiome composition
basedn 16S rRNA genes varies significantly in abundance or growth throughout the year.
Accordingly, 29.5% to 53.1% of the 16S rRNA transcript composition of the activated

sludge microbiome varies significantly in abundance.

Figure 46 highlights the top 50 mésibundant OTUsaccording to oul6S rRNA
gene amplicon sequencimgsults of samples collectatliring the react cycle. For the
majority of OTUsyelativel6S rRNA gene abundances were proportional to the 16S rRNA
transcript abundances with less thalod fold differences. While proportional, 16S rRNA
transcriptscopy numbersveregenerallyhigherthan 16S rRNA gene copy numbetde
50 OTUslisted inFigure 46 comprise 56.7+6.8% of tHE6S rRNA geneommunity, yet
they make up7.5+3.5% of the communitpased on 16S rRNA transcript sequencing.
However, of the 5@nost abundar®TUs, 100TUshad at least one season with more than
a llog difference betweegene and transcript copy numhevkile 5 OTUsshowed higher
than tlog differences between geaead transcript copy numbeoser multiple seasons.
Leptotrichiawas notably far lesBactivadin terms of 16S rRNA transcript abundance than
the 16S rRNA gene abundance wollave suggeste(P.1% relative 16S rRNA gene

abundanceompared to 0.1%elativel6S rRNA transcrippbundanceomposition).
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Figure 46. Relative abundances of the top 50 OTUs during the oyate (average of R1 and R&)r all four seasons.
Each season is color coded with summer in red, fall in orange, winter in blusgramglin green. The size of each circle
is proportional to the relative sequence abunddfigeire 46ashows relativel6S rRNA genasequence abundance and
Figure 46b shows relative 16S rRNA transcrgitundancesFigure 46¢ shows the ratio of transpts-to-genes Higher

transcript relative abundances ardicatedby solidcircles while higher gene abundances ardicatedby open circles
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Among the top 50 OTUs were several OTUs which declined in 16S rRNA gene
abundance during winter or springtlmaintained ®ble16S rRNA transcript abundances
and therefore had a high transciipigene ratio. These OTUs include several
uncharacterized organisms fromMoraxellaceag Myxococcales, Candidatus
AccumulibacterChitinophagalesandPhaselicystiswhile Candidatu&ccumulibacteis
a known phosphate accumulating organism, the rest of these have yet unknown roles in

wastewater treatment faciliti€¢$4, 37)
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Discussion

In this study we investigated the response of the activated sludge microbiome in
three fullscale SBRs of a WWTP previously described to experience seasonal variations
in composition and seasannitrification failure. We sampled inflow wastewater and
activated sludge and applied hitiroughput 16S rRNA transcript sequencing alongside
RT-gPCR to break down the complex composition of the activated sludge microbiome into
taxonomic groups of micmr gani sms not only abundant re

community but metabolically active and growing during a full reactor cycle.

Activated sludge systems are designed to recycle settled solids so microorganisms
have longer generation times. 188NA gene amplicon sequencing based on activated
sludge DNA extracts will pick up inactive and dormant species and extracellular DNA.
16S rRNA transcript sequencing in conjunction with 16S rRNA gene sequencing has the
potential to reveal OTUs which maintaa detetableamount of ribosomal RNA indicating
their metabolic capacity for instant de novo protein biosynthesis. Considering only our 16S
rRNA gene sequence data, we would have identified 179 OTUs as activated sludge core
microbiome members based ore trelative abundance. By also sequencing 16S rRNA
transcripts we were able to extend the core microbiome definition to include 119 OTUs not
only consistently abundant but also active in the sense that they cell containéabtietec

amounts of ribosomal RNAs indicator for their preparedness to synthesize new proteins.

QuantitativePCR revealed total 16S rRNA transcript copy numbers were about 2
3 order of magnitude higher than 16S rRNA gene copy numbegaré 41). This was
expected as most cells maimtahousands to ten thousand of ribosomes when they are

metabolically active. In Fall, 16S rRNA transcript copy numbers were significantly higher
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during all reactor cycles compared to Winter, Spring, and Summer. While 16S rRNA
transcript copy numbers in Spg and Summer were not significantly different from each
other they were greater than 16S rRNA transcript copy numbers in the winter during the
react cycle. As a consequence of aeration with cold air during the winter, we observed a
decrease in 16S rRNAanscript copy numbers by up to 2 orders of magnitude. This
indicates that the activated sludge microbiome reacts with a decrease in protein synthesis
potential due to the exposure to cold air during aeration and the consequential drop in water
temperatureWe observed this phenomenon when quantifying 16S rRNA transcripts, not
16S rRNA gene copy numbers which serve as proxy for total cell counts. The observed
decrease in protein synthesis potential in the activated sludge community did not affect

total cellbiomass.

The activated sludge composition did not significantly change throughout reactor cycles
yet the was significantly different from the microbial community in the influent wastewater
(SF)Figure 42A). By calculating absolute abundances, we found%b5of the influent
wastewater OTUs replicate and grow to comprise 88.8% of activated sludge yet 73.1% of

influent passes washes out as 11.2% of the activated sludge composition.

Seasonal Shifts in the Activated Sludge Microbiome

Based on BrayCurtis dissmilarity, the activated sludge composition varied most
when comparing 16S rRNA gene with 16S rRNA transcript composition (32.2% variance
explained), emphasizing the value of considering to sequence 16S rRNA transcript in
addition to 16S rRNA genéEB3). The seasons during which activated sludge samples were
collected were the second most differentiating principle component describing activated

sludge composition, with a total of 18.2% of explained total variance. Fall and spring
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samples had the most distt compositionsKigure 42b). Summer and winter compaosition
were statistically more similar based on Bfyrtis dissimilarity for 16S rRNA transcripts

(Figure 42b).

The sampling dates in fall and spring succeeded the longest periods of continually
wam and continually cold weather conditions. While fall and spring compositions
appeared to be distindtigure 42b), 16S rRNA transcript copy numbers during fall and
spring were relativelytableand sl i ghtly higher thanncompar
summer and winter. The transient weather conditions leading into summer and winter
resulted in a more similar composition between these two seasons but the lower 16S rRNA
transcript copy numbers during mixed fill and react cycles demonstrated a lowan pro
synthesis potential as the activated sludge microbial tries to acclimate to changing
temperatures. Temperature is continually demonstrated to be a significant driving factor
affecting activated sludge community composit{dns7) however, by including
guantification of 16S rRNA transcript copy numbers we demonstrated how microbial
community activity is also impacted by seasonal temperatures. The decrease in transcript
copy numbers at the sat of aeration in winter demonstrate this phenomenon because the
sampled wastewater treatment plant experienced a sudden cold front the day before
sampling. Air temperatures decreased fr&tC to-20°C during the day and from8°C
to -33°C during the mht. Coldshock and recovery have been observed irstabe, but
we show this phenomena affecting a-gghle WWTR38, 39) As global climate changes
the likelihood of more drastic weather impacted shifts in temperature will rise, emphasizing
why it is important to better understand the boundaries of resilience of activated sludge

microbial community activities to ensurebkleprocess performance in the fut(4e).
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Based on Brayurtis dissimilarity, activated sludge composition varied
prominently with seasons yet shifts between reactor cycles were less pronousced. A
expected, the DW had the most dissimilar composition but not significantly. 16S rRNA
transcript composition was expected to show more variation across reactor cycles since
ribosomal RNA has a shorter hidife than genomic DNA1). Because generation times
of most microorganism are longer than the average duration of an complete cycle
(SRT>>HRT(25)) composition did not change significantly once the influent wastewater

mixed with activated sludge.

Activated sludge microbial community resilience and plant performance stability
are caotinuously been impacted by the influent wastewater. In this study we observed the
largest community dissimilarity (38.2%igure 42a) between the influent wastewater
sampled during SF and the activated sludge microbial community. While the activated
sludge community composition showed slight seasonal variations, we observed little
variation throughout the whole year in the influent wastewater chemical and composition.
This has also been observed by Newton et al. previ@)sigince Ibareleet al. showed
influent wastewater impacts activated sludge microbial community structure, we used a
mass balance approach to determine which OTUs were growing (or not) in our SBRs.
Individual OTU growth rates were calculated similarly to Saunderg0ghut using 16S

rRNA gene copy numbers forted biomass.

Among the OTUs, which were not growing during the react cycles of the reactors
we identified primarily humaihealth related bacterial taxa. These inclutleé such as
Leptotrichia (2.1%+1.0%) which is found as part of the oral and intestinahan

microflora(42), Arcobacter (1.0%+0.9%), a taxa comprising enteropathogenic

117



bacterig43), and Acinetobacter(0.9%%+0.5%), containing species related to human
infectiong44). These OTUs have also been observed in influent and effluent wastewater
by Numberger et &45), based on relative sequence abundance. Using ahbdasse
approach to approximate absolute OTU abundances we found humarraleddith OTUS,

while present, were not growing in the activated sludge reactors. One exception was
Mycobacterium(0.9%+0.0%), known to comprise species causing tuberculosis and
leprosy. MycobacteriumOTUs were present androwing in the SBR, however
Mycobacteriumwas less active during the winter because we observed a lower protein

synthesis potentigd6).

The parallel sequencing of DNA and RNA in conjunction with 16S rRNA gene and
transcript copy humber quantification enable us to categorize the identified OTUs in the
activated sludge samples in several different categories based on their abundange, activit
and growth in the system. OTUs which were
abundance and activity by more thatod comprised members of the talKauleothrix
(1.7%=+1.6%), uncultured OTUs belonging to the phylghiorofiexi (1.0%+1.3%), and
Gordonia (0.6%0.5%) Kouleothrix have been described to be associated with sludge
bulking(47), while members of the diverse phyluthloroflexiinclude microorganisms
capable of degrading halogenated hydrocarbons as well as filamentous microorganisms are
part of activated sludge flo@s). Members of th taxaGordoniahave been described to
be capable of degrading various xenobiotic compa®)sOther floc forming organisms
of the genuZoogloeafluctuatedin abundancéhroughout the seasons, but viitla lower
range Zoogloeads regarded ag ubiquitoustaxaamong wastewater treatment plamtgh

relative sequencebundancef typically around 0.89%(4). However,we observed the
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highest relativd6S rRNA genabundancef Zoogloean the fall at 0.56% and the lowest
in the spring at 0.1%lnterestingly, based orelative 16S rRNA transcript abundances,
Zoogloeacomprisedl.77% in the fall and 0.55% in theinter. Thee observed changes
in abundance and activiof floc-forming microbial taxa in activated sludgeay contribute

to seasonalariationsin in plant process performancdsy impacting activated sludge

aggregate structure and stability.

Forty-eighh OTUs i dentified as fAgrowingo in t
average of 4.95% of the bulk activated sludge community also had a high protein synthesis
potential but fluctuated in abundance by more thdaglbetween seasons. The most
abundant amanthese identified OTUs wasaliangium(0.87%z+1.2%) Haliangiumare
detected in Carrousel oxidation ditch systems and might be involved in denitrifié&tion
51). We do not know much about denitrifiars SBRs but since the WWTP undergoes
seasonal nitrification failure, the abundance of denitrifiers might be affelttad.
noteworthy, that among the top 50 OTUdg-igure 46, only Nitrotoga,a nitrite oxidizing
bacterium is present, whilditrosomonasvhich is the predominant ammonia oxidizer is

far lower in abundance at 0.28%20.

One objective of this study was to identify OTUs which belong to the activated
sludge O6corebd microbi omeA total of 108 ©TUs mehpur ed t r
three citeria for abundance, activity, and growth. Most of these OTUs are typical members
of activated sludge microbial communities sucfi esasphaergd2.9%+1.3%[52), which
is a known phosphate accumulating microorganism, Saqulospiracead6.6%+3.5%)
filamentous bacteria with a so far unknown role in activated s{6@yeSaprospiraceae

was the highest abundance OTU withtabte 16S rRNA gene and transcript abundance
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throughot the year, while our previous study noted it as the second most abundant
OTU(3). Interestingly someof the most ubiquitous OTUgcentlyidentified bya survey

of the Global Water Microbiome Consortium were not present in our S@RsFor
exampl e, we didnot find evi disoltedorghnism t he
Casimicrobium huifangaghat might play a role irphosgate removaland ntrate
reduction.Our activated sludge communities also did not containraegnbers of the
genusNitrospira(53). While the Global Water Microbiome Consortium reported on the
ubiquitous presence ditrospirain a global survey of WWTR4), the most abundant
known nitriteoxidizers in the SBR samples in this study weiteotoga (0.2%+0.2%)ard
Nitrobacter (0.3%+0.2%{54). However, the global assessment of activated sludge
bacterial communities mostly featured conventional continuously stirred tank reactor
configurations.Nitrosomonas(0.2%+0.2%) was the most abundant known ammonia
oxidizer in our system. All three known rif{fing taxa present in the sampled treatment
plant in this studyNitrosomonas, Nitrotogaand Nitrobacter, met our three criteria for
consistent core OTUdg-{gure 44), based on consistent abundance, growth, and protein
synthesis potential, despite seadonitrification failurg3). All three known nitrifiers
remaining active and continuing to grow despite the seasonal nitrification failure raises the
guestion if these specieseametabolically more flexible than known and capable of

switching when wastewater temperatures decrease.

Activated sludge presents one of the most diverse and dynamic engineered
microbial ecosystems. This study presents a detailed analysis of the tinflastewater
and activated sludge microbiome during the stages of a reactor cycle. By quantifying and

sequencing the 16S rRNA genes and transcripts, we identify bacterial taxonomic groups
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based on their changes in abundance, protein synthesis poterdigdheancontinued
growth in SBRs. This study improves our understanding of the microbial ecology of
activated sludge and emphasizes the need to move from describing activated sludge
compositions by relative sequence abundances to an absolute quantgatigsneent
incorporating activity of individual core taxa, if we want to better understand their role in

community functions and resilience to perturbation in the future.
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Chapter 5
Seasonal Variations in the Ammonia Oxidizing Community in Triplicate FullScale

Sequencing Batch Reactors
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Synopsis

Ammonia oxidizing bacteria play an important role in activated sludge microbial
communities by oxidizing ammonia fromfluent wastewater to prevent eutrophication
from excessive nitrogenous compounds. However, ammonia oxidizing bacteria are
sensitive to cold temperatures causing 06se
performance declines. To understand vgbgsonal nitrification is prevalent, we sampled
triplicate fullkscale sequencing batch reactors each season for ammonia monooxygenase
(amoA)gene and transcript quantification as well as Higloughput sequencing during
the reactor cycle. ThamoAtranscipt copy numbers fluctuated throughout the seasons
with similar seasonal trends as temperature indicating there snessactivity resulting
in nitrification failure. WhileamoAactivity shifts were expected, this seasonal pattern was
not observed iMitrosomonasspp.16S rRNA transcript quantification, which stabilized
during peak nitrification failure. The stability dbitrosomonaspp.16S rRNA transcripts
indicates the community may remain active using other metabolic pathways which requires
their sable protein synthesis potential. Additionally, we obsemé@dosospirabriensis
having a highemmoAtranscriptto-gene ratio than any othamoAASV cluster. This
suggests the activated sludge process does not select for the most active ammonig oxidizin
bacteria and can be further optimized for ammonia oxidizing bacteria already within the

system.
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Introduction

Wastewater treatment plants leverage ammonia oxidizing bacteria with nitrite
oxidizing bacteria during aerobic treatment to perform nitrification, the biological
oxidation of ammonia. Ammonia is common byproduct of urea which is in domestic
wastewater atancentrations between % mg/L (1). The ammonia is first metabolized
into nitrite by the ammonia oxidizing bacteria, then into nitrate by the nitrite oxidizing
bacteria. This process is known as nitrification and it is essentially to meeting water quality
standards determined by the NatibRollutant Discharge Elimination System pern(s
These permits require a minimum of monthly testing for effluent ammonia concentrations,
but often only have achievable water quality standards during the summer and fall months.
There is often a gap ipermitted levels of effluent ammonia concentrations in temperate
and continental climates because wastewater treatment plants often cannot meet these
standards during the colder seasons due to seasonal nitrification {&)jui®easonal
nitrification failure occurs when the temperatures drop during the colder seasons and the
biological process of nitrification is severely hindefé§l This hinderance is particularly
noticeable at the initial ammonia oxidation step which createdimatang issues for e
nitrite oxidizing bacteria downstream denitrification biological processes. Seasonal
nitrification failure is so prevalent, that despite it being the largest annual release of
ammonia from domestic wastewater treatment plants, it goes unregulatedadaekmf
affordable treatment options such as heating operations or chemical treatment.
Environmental engineers are working to prevent this due to the environmental degradation
caused as a result of eutrophication in bodies of water receiving efflustaweadern(2).

This study aims to explore how the ammoni
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expression fluctuates throughout the seasons in order to determine baselines for which
ammonia oxidizing bacteria are most impacted by temperature in-scéll triplicate

sequencing batch reactor (SBR) wastewater treatment plant.

Cold temperature nitrification has been explored in numeroussdale
investigations which typically suggest longer solid retention times and attached growth on
membranes to increasaitrifying organisms biomass, and that in synthetic and
bi oaugment ed mi cr opferfoarance coldhteraperatureyndrgication ig h
possible(5-12). While this wisdom has been known to wastewater operators for years, it
rarely makes significanimpacts on nitrification performance when scalgdinto fulk
scale wastewater treatment plants likely as a result of théfeeabmplexity and diversity
in activated sludge systems. The treatment plant in this study has had a significant history
of trying different operational parameters to strengthen cold weather nitrification
performance to no avail. The inability for benchtop reactors to scale appropriately to full
scale wastewater treatment plants presents a gap in knowledge where we need to better
understand the ammonia oxidizing -scalenmuni t
wastewater treatment plants and determine transcriptional activity baselines so that an

appropriate assessment can be performed when scglibgnchtop experiments.

We havepreviously characterized the broader microbial community composition
at the Brainerd Wastewater Treatment Facility and demonstrated that the ammonia
oxidizing communityds abundance does not
despite seasonal nification failure (13). Additionally, we have shown that the dominant
nitrite oxidizers areNitrotoga, and Nitrobacter as opposed tdNitrospira which has

potential to perform both ammonia oxidation and nitrite oxidation. The niche branch of
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Nitrospira performing both steps are referred to as Comammox bacteria (complete
ammonia oxidizing bacteria) and have a unigue ammonia monooxygenadd 4jeh®)
However,duetolackdii t r o gprpsenceatbisstudy will focus on the traditicaralbA

functional gendor ammonia monooxygenase.

To understand how the ammonia oxidizing community is changing in activity, the
16S rRNA transcripts angmoAtranscripts will be sequenced and quantified. Transcripts
have a relatively short lifespan when compared to DNA aecktaore are more reflective
of microbial communitiesd activity. The 16
cellular activity because these rRNA transcripts are a critical component required for
protein synthesis. 16S rRNA transcripts can tleeegerve as a proxy fde novagorotein
synthesis(16). The fraction of total 16S rRNA transcripts which are known ammonia
oxidizers will be characterized by sequencing the reverse transcripts cDNA via 16S rRNA
amplicon sequencing. This will ultimatelysdiernhow active is the ammonia oxidizing
cells whereasamoA transcript quantification will discerhow active is the ammonia

oxidizing metabolic function?

TheamoAtranscript quantification serves as a proxy for activity for the ammonia
monooxygenase madbolic pathways, and by additionally sequencing these transcripts we
can gain a high resolution of the phylogeny of active ammonia oxidizers. While 16S rRNA
gene amplicon sequencing of specific regions-{A8Lfor activated sludgél?)) is the
standard fortotal bacterial communities, it often lacks strain specific information for
common ammonia oxidizing bacteria. SequencingatheAfunctional gene provides far
more taxonomic resolution and insight into the specific phylogeny of active ammonia

oxidizers (18, 19) By sequencing th@moA transcripts we can discern how active
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commonly culturableNitrosomonaseuropaea andllitrosomonaseutropha are from less
commonly studiedNitrosomonadoriensis or potentially unculturable forms of ammonia

oxidizers(20).

Thisstudy wi || i nvestigate the ni trifica
activity, and metabolic activity throughout seasons and the reactor cycles in triplicate full
scale SBR activated sludge system. We will be sequencing and quantifying 16S rRNA and
amoA genes and transcripts to discern detailed changes in the ammonia oxidizing
communitydés composition, protein synthesis
have previously observed constant abundance of ammonia oxidizing bacteria, we
hypothesizeellular activity also remains relatively constant throughout the seasons, while
the ammonia oxidizing metabolic pathway fluctuates. Additionally, by investigating strain
specific changes in trEmoAphylogeny we hope to discern which ammonia oxidizess ar
the most active populations throughout cold temperatures so that engineers can design
processes which select for organisms which can proliferate isdalé treatment plants

and bridge the gap between benchtop anesftdle investigations.
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Methods:

Complete methods have been previously described in JohnstonZ1)20hich
includes: sample collection, DNA and RNA extraction, gPCR andjRCR, 16S rRNA
gene and transcript sequencing analysis, and statistical analysis. In brief the previous

methods include:

Sample trips occurred within idhays at the start of each season (Jily2D17,
October §" 2017, December 27 2017, and March 27 2018).Samples were collected
every 10minutes from each SBR cycle throughout the cycles StaticSH), Mixed Filled
(MF), Aerobic React (R1 at the onset of aeration, and R2 just prior to the end of aeration),
and concurrent timepoints of Settled Sludge (SS) and Decanted Water (DW) from the

bottom and top portion of the reactor.

Sample aliquots in 2ml iwrocentrifuge tubes were rapidly frozen to approximately
-72°C in a bath of dry ice and ethanol and preserve8DifC until downstream processing
DNA was extracted usingflP Bl O Fast DNAE Spin Kit for So
extractions were performeding QuickRNA Fecal/Soil Microbe Microprep Kit by Zymo
Research (Irvine, CA). From these RNA extracts, residual DNA was digested using
TURBO DNASf r e &I from Invitrogen (Carlsbad, CA) followed by reverse
transcription using PrimeScript RACR Kit from Takara (Kusatsu, Japan). All DNA and
cDNA products were quantified on a Bitad CFX Connect Redlime PCR Instrument
(Hercules, CA) with an average amplification standard efficiency of 92.9% + 6.9%and R

coefficient of 0.968 + 0.041.
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16S rRNA sequences weperformed using V3 primers at the University of
Mi nnesot ads (@2 andwere@rsalyzE€dusirgg DADA23)in RStudio(24)
referencing the SILVA rRNA SSU 132 datab&86). Statistical analysis was performed

using thevegan(26) andalr4 (27) packages in RStudio.

Primers and Sequencing Analysis

The primers used f@amoAgene and transcript quantification of ammonia oxidizing
bacteria are amoA Fmo d3 § 5T GGGGTTT GIGAICC)IG@Mhd GenAOBR
30 GCAGTGATCATCCAGTTGCG) publ i shed28.by Mei
Additionally, w80udATFAGCGBECAOLRRAGTIAGGAAAGTTC
GenAOAR3O6( 5@CAAGCGGCCATCCAGCTGTATGTCC) prin
oxidizing archaea but this data svaot significant for this stud{28). For sequencing
analysis, the amoAFmod primer was still used, however, the reverse primer a2kbA
(53006 CCCCTCKGSAAAGQ@Y was@dIed @)significantly increase the
region size to approximately 490 bgsarsfor a more detailed genomic resolution of
variations in theamoA phylogeny. These primers were fitted with the Nextera primer
adapters for I Il umina Mi Seq sequencing at
Since we assume lower species richnessrinAsequencing results, these samples were
on a Astowawayo Mi Seq | ane with other samp
reads, but overall, less depth than a fult$&ig lane. ThamoAgene samples had a total

of 4,597,063 raw reads and tmmoAtranscripts totaled 3,647,505 raw reads.

Demultiplexed raw sequences were imported to Quantitative Insights Into

Microbial Ecology 2 (QIIME 2 version 2019.https://qgiime2.ord/for initial processing

and qualty control (29). DADAZ2 plugin was applied to trim the low quality regions of
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forward and reverse reads at 290 and 26(2Bj respectively, and the primers were
removed simultaneously. The chimera removal and sequence dereplication were further
performedoy DADA2 with default settings. The amplicon sequence variants (ASVSs)
generated from DADA2 were directly used for sequence alignment and masking by
alignto-treemafft-fastree pipeline in gphylogeny plugin, to remove the gaps and

highly variable regionsThen the phylogenetic trees was built by FastTree pro(Bamn
TheamoAgene samples averaged 16,978+6763 merged pairs per sample amd£he
transcript samples averaged 13,106+7431 merged pairs per sample (please see
SupplementalFigure 51 for distribution). According to the ASVs summary from

DADA2, the sequence libraries ainoAgene and transcripts were rarefied to a sampling

depth of 5000 and 2000 sequences, respectively, for alpha and beta diversity estimation.

A customamoA referencedatabase was created for taxonomic analysis. -High
guality amoAsequences with score above 430, HMM coverage higher than 80%, and size
larger than 200 amino acids, were downloaded from FunGene database

(http://fungene.cme.msu.edu(31). The unique taxonomy annotation was adopted from

NCBI database through Entrez using a custom Perl sdipg.amoAsequences were
trimmed to extract the reference reads forampA primersA Naive Bayes classifier was
then trainedusing the reference reads and taxonomic annotation-feag@reclassifier

plugin, for taxonomic classification.

Segmented Flow Injection Analyzer

Ammonia and nitrate were quantified using a SEAL AutoAnalyzer 3HR continuous

segmented flow analyzer (@eAnalytical Inc; Mequon, WI). This methodology uses the
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manufactures instructions (No-1®2-93 for ammonia, and No.-G09-94 for nitrate) and

is further described in Johnston 2019 (5).
Data availability

16S rRNA amplicon sequences are available from the NCBI Sequence Read
Archive with accession numbd?RIJNA591266. TheamoA amplicon sequences are

available from the NCBI Sequence Read Archive with accession number PRINA605150.
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Results:

Seasonally ChanggPlant Parameters and Performance

Historical data records (2010 to 2018) provided by Brainerd Wastewater Treatment
Facility were used to plot average annual influent water temperature (blue) and effluent
ammonia concentrations (redfFigure 51). Other plant operational parameters and
performance metrics for the sampling period can be found in Table S1, but do not
significantly change throughout the year. Influent water temperature and effluent ammonia
concentrations revealed an inverse refafop, with lower temperatures in winter and
spring correlating with raising ammonia concentrations in the plant effluent. At the
Brainerd Wastewater Treatment Facility and other wastewater treatment plants in
continental climate zones this annual decreag#ant ammonia removal performance is
commonly referred to as cold temperature nitrification failure. Ammonia concentrations in
the effluent during the four sampling events in summer, fall and, winter of 2017, and spring
of 2018 are included as datapwinin Figure 51. The average effluent ammonia
concentrations reported by the Brainerd Wastewater Treatment Plant during the sampling
events ranged frorh.59+0.43 mg/L in the summer, 0.31+0.26 in the fall, 5.63+4.02mg/L
in the winter, to 6.62+4.88mg/L ihé spring of 2018. Except for the sampling event in fall
2017, effluent ammonia concentrations were always within the standard deviation of the

annual average effluent ammonia concentrations recorded frori22Q80
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Figure 52 shows how the influent ammonia is biologically oxidized throughout the

reactor cycle. During SF, there is an average of 25mg/L+14mg/L of ammonia with high

t
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temperatur e
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variations depending on the time of day filled. Once the reactors mix influent \atestew

with activated sludge during MF, the average drops to 9.0mg/L+2.7mg/L for summer, fall
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and winter which were not statistically distinct. The ammonia concentration in spring does

significantly decline between SF and MF, but only to 20mg/L+9mg/L whias w

significantly higher than other seasons. After the aerobic react cycle where ammonia

oxidation occurs, the ammonia concentration was down to 0.5mg/L in summer, 2.3mg/L

in fall, 5.8mg/L in winter, and 14.6mg/L in spring. The anaerobic settling cycle was

measured as the bottom settled sludggure 52b) and the decanted wat&igure 52c¢),

but this did not result in statistically significant further removal of ammonia for any season.
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Figure 5.2 The average ammonia concentration (mg/L) per seasonr(suin red squares, fall in orange

circles, winter in blue triangles, spring in green diamonds) throughout the reactor cycle is reported with the

standard deviations shown in the shaded area. Figure 5.2a shows starts with the static fill, where large
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variaions in influent ammonia occur due to the fill time from fluctuations in diurnal loading. Mixed fill tends

to level off as activated sludge is mixed with influent wastewater, before the aerobic react cycle where
ammonia oxidation typically occurs. FiguBe2b&c occur simultaneously as anaerobic settling occurs
showing the dense settled activated sludge in Figure 5.2b while the decanted effluent wastewater is shown in
Figure 5.2b. The is no statistical difference between summer and fall during reacttlargl sdtile winter

and spring are significantly higher and distinct from each other. Seasonal nitrification failure impacts spring
the most, with poor performance and high variations among triplicate reactors due to diurnal loading.

Individual reactors péormances are shown in Supplemental Figure S5.5.

Seasonal variation in nitrifier gene and transcript abundances

The amoA transcript copies numbers were quantified atmifute intervals
throughout the reactor cycle and are showRigure 53. The SF was highly variable for
all seasons, with an average of 6.1+1.7 log(copies/mL). The highest abundance of amoA
transcript copis occurs in the fall with an average of 9.4+0.5 log(copies/mL) throughout
MF, R1, and R2 which were significantly higher than all other seasons.aiod\
transcript copies in summer and winter were not statistically different (p=0.09) and
averaged 8.1+0.@g(copies/mL) in the summer and 7.7+1.5 log(copies/mL) in the winter.
The copies numbers for winter and spring not significantly different (p=0.08), but spring
is significantly different from summer (p=6-8¢ with an average abundance of 7.3+0.8

log(copes/mL).
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Figure 5.3TheamoAtranscript activity anémoAgene abundance is shown for each season and throughout
the reactor cycle in Xfhinute intervals. Figure 5.6a shows the SF, MF, R1 and R2 cycles, while Figure
5.6b&c timepoints occur simultaneoushs the activated sludge settles (SS) to the bottom(6b) and decants
(DW) from the top (6c¢) of the reactor. The quantitative abundanamoftranscripts (solid lines) are shown

by season (summer in red squares, fall in orange circles, winter bluedsiaagt spring green diamonds).

The solid hatch represents the standard deviation faxrtittranscript. The dashed line and dashed gray
hatch represent and average abundanamofigenes throughout the year, which do not significantly change
with respect to seasons. The transcript abundances in the fall are continuously significantly higher transcript
copy numbers foamoAwhile summer and winter remain relatively comparable aeufit stages. The
transcript abundances in spring are significantly smaller during MF, R1, and SS. Each season experiences a
significant increase in transcripts once the activated sludge is mixed with the influent wastewater, followed

typically by a perioaf stabilization throughout the reaction cycle. Settling causes an increased concentration
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of activity in the thick bottom settled sludge while the decant significantly declines before moving on in the

treatment process.

During settling, theamoAtranscipt copy numbers significantly increased as the
dense activated sludge settled to the bottom of the reactor. Each season ave@yed
transcript copy numbers log(copies/mL) of 9.2+0.6 in summer, 10.0+0.6 in fall, 8.7+1.5 in
winter, and 7.8+0.8 in spring.he decanted water similarly saw a significant decrease in
amoAtranscripts as most of the floccular sludge settled removing the suspended solids.
The decanted water averagadoAtranscript copy numbers log(copies/mL) of 7.3£1.2 in

summer, 8.0+1.0 in fgll7.7+1.8 in winter, and 6.2+1.1 in spring.

Quantification ofamoAgene copy numbers did not reveal statistically significant
seasonal variations throughout reactor cycles SF, MF, R1, and R2 for the four seasons and
were therefore averaged together inltteeck dashed line and hatch for standard deviation
as shown inFigure 53. The average SFamoA gene abundance was 4.0+0.8
log(copies/mL). The averagemoAgene abundance throughout MF, R1, and R2 was
5.840.7 log(copies/mL). The SS increased concentratpmou6.4+0.5 log(copies/mL)

while the DW decreased down to 4.8+£0.9 log(copies/mL).

In order to gain further insights into the seasonal differences in ammonia oxidizer
activity during aerobic react cycle (R1 and R2), we used resultsanoodtranscript RF
gPCR Figure 53) and a quantitative abundanceNafrosomonaspp. OTUs obtainedyb
16S rRNA amplicon sequencing obtained from our previous &1k In Figure 54a we
correlate the relative abundance\sfrosomonaspp. 16S rRNA transcripts multiplied by

total 16S rRNA transcripts per mL wimoAtranscripts copy numbers obtained RY-
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gPCR. The Tukey box and whisker graphs at the bottom and right eBggid 54 show
the differences i n amoAtenscriptargNitrosorhonasppcleS s e a s o

rRNA transcript abundances.
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Figure 5.4The correlation between tla@noAtranscript abundance-xis) with the absolute abundance of
the unculturedNitrosomonaspp. transcripts @axis) is plotted by season in Figure 5.4a. Summer is the red
squares, fall is the orange circles, winter is theeltfiangles, and spring is the green diamonds.
Additionally, Tukey boxandwhisker plots of the data is shown with the extremes, the 25% and 75%
interquartile ranges, and the median vakigure 5.4b&c&d use the standard deviations for temperature,
amoAtranscripts, and unculturéditrosomonaspp.transcripts extrapolated into seasonal sirm&e trends

to demonstrate how temperature @amdoAactivity move together, while unculturé&dtrosomonaspp.

transcripts have a unique stability during the spring.
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The amoA transcript abundances were the highest in the fall (9.4+0.2
log(transcripts/mL)) followed by summer (8.1+0.4 log(transcripts/mL)) then winter
(7.7£0.7 log(transcripts/mL)) with the lowest in the spring (7.3+0.2 log(transcripts/mL)).
Winter and spring did ot show statistically different average transcript abundances
(p>0.065). The seasonal trendarhoAtranscript abundance followed the reactor water
temperature seasonal profiles as showRigure 54c. HoweverNitrosomonaspp.16S
rRNA transcript abundece profiles did not follow the same seasonal trend as shown in
Figure 54d. Nitrosomonasspp. 16S rRNA transcript were highest in the fall (11.5+0.2
log(transcripts/mL)), followed by spring (10.0£0.3 log(transcripts/mL)), summer (9.4+0.4
log(transcripts/rh)), and winter (9.2+0.6 log(transcripts/mL)). Winter and summer were
statistically similar (p>0.246) while the other seasons were statistically distinct (p<0.05).
While Figure 51 demonstrates the shoesine relationship between temperature and
effluent ammonia concentrationFigure 54b&c demonstrate the sisine wave
relationship between temperature @mioAtranscripts using the standard deviation of the
data collected. Howevelitrosomonasspp. 16S rRNA transcripts do not appear to

distinctly follow either of these trends.

Ammonia Monooxygenase Sequencing Results

Sequencing themoA gene and transcript revealed phylogenetic shifts in the
ammonia oxidizing community throughout the reactor cycle. Using the Faith Phylogenetic
Diversity Index(32), the SF of influent wastewater consistently had higher phylogenetic
diversity than the other reactor cycles (Supplemdfitire S53). The average relative

abundance throughout the year, for each reactor cycle is shéwgune 55. Five clusters
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of AS \dged aaelatere abundance greater than 1% each throughout the year. These
five clusters of ASVs cumulatively totaled >97.6% of the ammonia oxidizing bacteria
based oramoAgene relative abundance and >98.6% basednomAtranscript relative
abundance. Th&F, primarily domestic wastewater, had two predominant ammonia
oxidizers based oramoA gene amplicon sequencing with relative abundances of
43.75%8.23% foNitrosococcussp. and 32.48%+12.18% for unculturdd¢rosomonas

sp. The SEmoAtranscript relatie abundances throughout the year were 59.30%+4.11%
for unculturedNitrosomonasp. and 26.22%+5.92% fblitrosococcusp. Once activated
sludge is mixed with influent wastewater, the average for unculiNitedsomonassp.

during MF, R1, and R2 is 66.61%#%6 based oamoAgenes and 86.56%+9.42% based

on amoAtranscripts. Théitosococcusp. dropped significantly in relative abundance to
20.66%x4.25% based @moAgenes and 9.34%+6.76% basedaroAtranscripts. These
major trends were common across individual seasons histograms, as shown in

SupplementalFigure S52.

141



1.0
1.0

— a) (left) amoA gene
b) (right) amoA Transcript

Ll
I
1nl
L
L1l
|

Nitrosomonas;s__
Nitrosococcus;
Bacteria;s__
Nitrosomonas eutropha
Betaproteobacteria;s__
Nitrosospira briensis
Proteobacteria
Nitrosococcus watsonii
Nitrosomonas
Nitrosomonas europaea
Bacteria
Betaproteobacteria

0.8
06

086

04
0.4

amoA Gene Percent Abundance

OO0 ODO0O0oOo0@DoOoaoao
amoA Transcript Percent Abundance

0.2
0.2

":s_" denotes unique ASV.
Otherwise, Uncultured/Ambiguous ASV.

0.0
0.0

SF MF R1 R2 Ss DWW SF MF R1 R2 ss  Dw

Figure 5.5The average relative abundance from the three SBRs across all four seasons of ASVs based on
taxonomic assignment froamoA genes an@moAtranscripts are shown above. The average of ASVs

based oramoAgene amplicon sequencing are shown on the left in Figure 5.5a, whilent#granscript

amplicon sequencing results are shown in Figure 5.5b. Overall, an uncultured spBigiesomonasp.
dominated the activated sludge system, wiRiteosococcusp. dominated the influent wastewater during

SF. A breakdown of the triplicate reactors in each season is shown in Supplemental Figure S5.2.

To understand how active each ASV cluster is on albgetlell basis Figure 56
plots the relative abundance of each ASV on trexix, with a logtransformedamoA
relative abundance of transcriitsgenes ration on thegxis. Several data points (nolyab
the lowest abundance ASVs) are not depicted due to insufficient reads in each season. The
largest group of unculturéditrosomonasp. present in the system, only had slightly more
transcriptto-genes (+30%+12%, wheredsditrosospira briensis had over denfold
increase in transcript®-genes (1651%+345%). UnculturBlitrosomonasp. did average

66.61%+5.20% of the overahmoA composition and certainly performs the largest
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percentage of ammonia oxidizing occurring, on a-twetiell basisNitrosospirabriensis

(0.05%z=0.04%) appears to be far more active.
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Figure 5.6 The ratio ofamoAtranscriptsto-genes is shown in the plot above with the log(relative
abundance) cimoAgenes across theaxis, and the log(ratio of transcrigitsgenes) across theaxis.

Each color denotes a unigamoAASYV, where the size is proportional to the relative abundanaenofA

genes. The shape and outline color of each ASV changes with respect to season with red squares in the
summer, orange circles in the fall, blue tigées in the winter, and green diamonds in the spring. The

higher abundance ASVs have a 1:1 transddgiene ratio, while there is leamoAactivity in the mid
abundance ASVs. ASVs with the lowest relative abundaneenoifgenes tended to be the most active

with respect t@moAtranscript activity.
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Ammonia Oxidizing Archaea.

Beyond typical ammonia oxidizing bacteria, we quantifestioA gene and
transcripts for ammonia oxidizing archaea. The average concentration of ammonia
oxidizing archaeamoAgenes in the activated sludge were 3.5+0.5 log(copies/mL). Nearly
80% of the initial archaeamoA transcripts were below the detection limit before
determined to be insignificant to plant operations. A summary of the ammonia oxidizing

archaeamoAgenes is shown in Supplemerfajure SH4.
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Discussion

Seasonal Nitrification Failure

Seasonal nitrification failure did occur during the sampling year with the average
ammonia concentration in the DW rising to 6.2+2.8mg/L in winter and 10.1+7.0 in spring.
The ammonia concentration had large standard deviations in spring, likely duerendiff
initial concentrations in each reactor during the filling processes (SF and MF). For each
sample trip, the start times for filling a reactor were at approximately 10am, 12pm, and
2pm. Whichever reactor starts filling closest to 10am typically regpodelower
concentration of ammonia in the influent wastewater. This is a result of the differences in
the diurnal volumetric flows coming into the treatment plant, where early mornings have
an increased use of showers and running water which creates aohaak of influent
wastewater but lowers the concentration of amm@@& This creates different initial
concentrations of ammonia in the reactors, while the actual degradation rate throughout the

three reactors in spring is not statistically signifi@sshown in Supplementabure S5.

The full-scale sequencing batch reactors in this study, typically perform
simultaneous nitrification, denitrification, and phosphorous removal. Similascale
reactors have sustained nitrification, denitrificatioand phosphorous removal at
temperatures as low as 10°C but have prolonger aeration perioti®ofs{34). Aeration
already accounts for approximately 44% of the operational costs at wastewater treatment
facilities, making doubling the period of aedatilikely infeasible for most municipalities

(35).
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Seasonal dynamics of nitrifier abundance and activity

Our results show based on DNA extractiaampAgene copy numbers were stable
throughout the year. We observed 5.8+0.7 log(copies/miyr@iAgenes, Wile similar
studies have shown between 5.5 and 7.5 log(copies/mamafA genes for ammonia
oxidizing bacteria in several municipal and industrial wastewater treatment fa¢il@ies
36, 37) On the RNA level however, we observed a strong correlati@maiAtranscript
copy numbers with temperature. According to the observed trends in wastewater
temperature and nitrification performandagure 51), amoAtranscript abundance was
highest in the fall following a prolonged period of warm summer tempergkigese 53).

The amoA transcript abundance was lowest in the spring after month of cold winter
temperaturesHigure 52). This is consistent with previously reported observations of the
seasonal dynamics in ce(B8) and transcript(39-41) abundance aman nitrifying
populations and likely explains why wastewater treatment plants experience seasonal
nitrification failure. Interesting to us was that we observed in this study that the 16S rRNA
transcript abundance dfitrosomonasspp. did not decrease witlecteasing wastewater
temperatures. While we quantified the highest abundardgrosomonaspp. 16S rRNA
transcripts in the fall, the second highest transcript abundances were recorded in spring.
This means thatlitrosomonasspp. increased their average protein synthesis potential in
the spring to a level higher than the observed average protein synthesis potentials quantified
for winter and summerHgure 57). This suggests thatitrosomonasspp. are capable of
maintainingand increasing their ribosome numbers at low wastewater temperatures, once
the temperature stabilizes. If an increase in ribosome counts is indicative of cell metabolic

activity and growth, then it appears that the observed increase in protein syntteggialpo
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in Nitrosomonasspp. during the spring is not associated with ammonia oxidation since
ammonia concentrations in the effluent are highest during in spring. Ritsosomonas

spp. cells abundance (16S rRNA gene copy numbers) does not decreaseyieitper

raising the question of how Nitrosomonas spp. maintains cell growth based on an energy

metabolism other than ammonia oxidation.

In order to maintain a constant abundance level in an SBR, cell growth is required
in order to avoid washout and decrease in population abundance. If the growth of
Nitrosomonasspp. during the cold season is not associated with a measurable extent of
ammonia oxidization it might indicate thiditrosomonaspp. are capable of surviving on
a minimal amount of energy dm ammonia oxidation or switching to an energy
metabolism other than ammonia oxidation at lower temperatures in order to be able to
continue to grow and maintain a stable population size. Previous studies have demonstrated
thatNitrosomonaguropaeahas boh nitrite reductase and nitric oxide reducté&®) and
several species have uredq86), but whether or not these are predominantly used by
Nitrosomonas n acti vated sludge hasndédt been expl
the nitrogen cycle. Instdaof predominantly performing ammonia oxidation, perhaps
performing multiple steps of the nitrogen cycle as the reactors alternate between aerobic
and anaerobic cycles is sufficient for sustained growth. Additionally, all ammonia
oxidizing bacteria can fixarbon via the Calvin Cycle and several have specialized
carboxysomes for carbon fixati¢h3-45). While Nitrospiracomammaox organisms are not
present in our system, recent analysis has shown they have metabolic diversity possibly
due to selective enviromental pressures such as oxygen availapligy These additional

sources of energy ilNitrosomonas,urease activity, denitrification genes, and carbon
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fixation needs to be further analyzed to determine if this community has transcriptional

changes in thee pathways across seasonal temperature fluctuations.

We also previously observed that general bacterial 16S rRNA transcript copy
numbers significantly declined in the winter once reactors start to get aerated with cold
ambient air after a sudden cold sk@21). During this cold shock, this study shows the
abundancef amoAtranscript copy numbers only slowly declined in response to the onset
of aeration in the winter. This suggests that while the overall protein synthesis potential of
the activated sludgmicrobial community has immediate responses, transcriptiamof
genes progressively declines and is less impaired by a decline in reactor water temperature.
While we observed a correlation between the seasonal abundameAtranscripts and
reactor nitrification performance, the decrease in community 16S rRNA transcripts at onset
of aeration during winter indicates a general decline in microbial activity in the activated
sludge during cold season reaction cycles. This sugdgleat the decrease in ammonia
removal at colder temperatures is not solely associated with the abundance and activity of
unculturedNitrosomonaspp. but also associated with the activity of other activated sludge
community members that might directly ordirectly affect ammonia removal from
wastewater. While we expected to quantify differencemmoAtranscript copy numbers
switching from the mainhanoxic mixed fill reactor to the react cycles with active sludge
aeration, the rather consistamoAtranscript copy numbers transitioning from mixed fill
to aeration might be due to the previously reported finding @h@A expression is
controlled and regulated by the presence and concentration of ammonium, not oxygen

(47). There appeared to be signiftaleclines during DW, and increases during SS, which
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is most likely a result of the settling process removing concentrated nitrifying flocs from

DW, and settling them into the bulking activated sludge in SS.

Phylogeny of amoA Sequences

Overall, we obsered little seasonal variation immoA phylogeny, and no
significant differences between the triplicate sequencing batch reactors ammonia oxidizing
community. The lack of seasonal variations in ammonia oxidizer populations has been
previously reported in 1@%astewater treatment plants near Tok$#8), however, these
treatment plants are in a subtropical climate where their reported air temperatures varied
between 14°C to 31°C whereas we observed air temperatures bedddeno 28°C. The
vast majority of sguences from the SF influent wastewater as well as in the activated
sludge community come from uncultured straindNdfosomonasand Nitrosococcusin
fact, only 4 ASV clusters were cultured species accounting for 3.5%+2.8% afmihv&
gene relative abumhces, and only 1.6%+1.3% of s@oAtranscript relative abundances.
This is reflective of A TR O Grweheetr eP It chtee mM&ag
available reference genes is dependent on the few cultured organisms. Our results show
similar trendsof predominantly unknowhlitrosomonasspecies to Wang et al 20{80)
who performed TRFLP fingerprinting over various wastewater treatment plants.
However, they did nateport anyNitrosococcuslespite our study using the same forward
primers and only glht variations in reverse primers. Additionally, neither of our previous
16S rRNA amplicon sequencing dataggi3) detected\Nitrosococcusvhich might be a

limitation in the 16S rRNA primer selectiqd7). Alternatively, this might be a cluster
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from Nitrosomonaseuropaea Nm50, which has an extremely simalaroA amplicon,

potentially from horizontal gene trans{ér).

Transcript Expression

We determined the ratio of relative abundancemnudAtranscripts tamoAgenes
as a normalization of the cellular activity for each ASV cluster. The Faiths phylogenetic
diversity index (Supplementdfigure S53) indicated that there is less diversity of
organisms expressirgmoAtranscripts than there were with the functiogahe, making
most ASV clusters have low transcriptgene ratios. The vast majority of transcripts and
ammonia oxidation occurring might belong to an uncultured grougitodsomonassp,
but their ratio of transcript-genes was only slightly greatemathoneto-one at 1.3+0.1
transcripts/genes. The most active ASV penoA gene, across all four seasons was
Nitrosospirabriensis which averaged 17.5+3.5 transcripts/geN@ssospirabr i ensi s d6's
resilience has been demonstrated before in ammonia stanedperiments where the
amoA transcription rate slowly depleted over a week without significant changes to
biomass(52). Nitrosospira briensis was first isolated by Helene Winogradsky, and is
typically found in freshwater ecosystems, agricultural fields, meadowg53, 54) It is
currently unclear why this organism appears to have such a high activity per cell yet remain
at such low abundances in activated sludge. There might be competition or significant
environmental pressures which minimize cellulaovgh (55). Unfortunately, few studies
have focused omitrosospirabriensis in engineered systems. Further research should
explore how to leverage what appears to be a particularly active species of ammonia

oxidizers, throughout seasonal variations, tagate seasonal nitrification failure.
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Conclusions

This study is the first major investigation into the seasonal dynamics of ammonia
monooxygenase transcript expression in-$gthle activated sludge sequencing batch
reactors. Throughout this study we balemonstrated: 1) there are strong seasonal patterns
to theamoAtranscript expression likely resulting in seasonal nitrification failure. 2) the
lack of seasonal fluctuations @amoAgene abundance and uncultuidittosomonaspp.
16S rRNA transcripts gigest stable cellular functions such as protein synthesis potential
and open the potential for other metabolic functions for energy. 3) There are clusters of
ammonia oxidizers such aBtrosospirabriensis which have higher transcript expressions
than other organisms that could be leveraged for more effective nitrification performance
in wastewater treatment facilities. Understanding how the phylogeny and expression of
amoAtranscripts varies proviss a basis to reevaluate how nitrification is handled presently
in most wastewater treatment plants, and design around the most active nitrifiers to prevent

seasonal nitrification failure.
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Summary of Conclusions

This thesis is a culmination of three major publications centering around seasonal
fluctuations in the activated sludge microbiome and an exploration into the kinetic activity
of the ammonia oxidizing community in sequencing batefctors. Throughout this

complete body of works, six major conclusions were drawn and are summarized below.

There exists a replicable core community and seasonal community in activated sludge
sequencing batch reactors. Chapter 1 presents 114 OTUs whislere found in the
triplicate sequencing batch reactors at every week for an entire year. These OTUs varied
between 74.3% of the activated sludge composition in the warmer seasons where there is
overall more diversity, up to 82.5% of the activated sludgaposition in the colder
months when diversity and species richness is significantly lower. Chapter 3 explored a
very similar subset of 108 OTUs which met three criteria for constant abundance, constant
protein synthesis potential, and constant growthciwHiluctuates between 63.2% up to
84.0% of the community composition based on 16S rRNA genes, and 53.5% to 90.6%

based on 16S rRNA transcripts.

While Chapter 1 and Chapter 3 present different definitions of the core microbiome
focusing on either persisie presence or the three criteria, they both reveal that in
completely independent sequencing batch reactors with negligible differences in influent
wastewater and operational parameters exists highly similar and synchronous activated
sludge systems. Thisoncept of a core wastewater treatment plant has been explored

before, but these comparisons are across different treatment plants and geographies. Most
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conventional wastewater treatment plants have only one reactor which offers only technical
replicatian to be processed. Replicable core microbiomes in such a complex and dynamic
full-scale system provides significant insight into the assembly of the activated sludge

microbial community composition.

Core OTUs such aitrothrix and Tetrasphaeraare comron to numerous
activated sludge systems, OTUs I&aprospiraceado experience significant seasonality
with higher abundances in the summer and declines in the winter which might change the
floccular formation of activated sludge. Knowing which organismes expected to be
present and at which abundance throughout the seasons enables us to quickly assess
variations when noideal operations occur. Even recognizing that organisms such as
Nitrosomonasand Nitrotoga are core OTUs despite unstable perforneareveals there
may be other OTUs and attributing factors to seasonal nitrification than simply loss in
metabolic activity. Our inclusion of 16S rRNA transcript sequencing and quantification
enables researchers to have a baseline understanding of remtivthy of these organisms
fluctuates throughout the season and if there are significant periods of growth and

proliferation or inactivity throughout the year.

These replicable core microbiomes also conversely apply to organisms which were
transient or ot growing in the activated sludge system. The activated sludge community
composition is so rich and diverse that it is potentially difficult to assess which organisms
are insignificant or negligible during operations. By analyzing which OTUs were not
present across all three reactors and understanding what percentage of influent wastewater
OTUs do not grow, we are able to presume these OTUs are not likely candidates for causing

disruptions in operational performance.
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Ultimately, our characterizaton af he cor e mi cr obi ome, and

criteria which included 16S rRNA transcript composition and activity, we are able to more
accurately define how the activated sludge microbiome assembles and generate stronger

hypotheses of what to expect in fuethresearch.

Temperature is the driving factor for the changes in the activated sludge community
composition, protein synthesis potential, given stable operational parameters.
Previous studies have shown that the type of influent wastewater and the rgteigion

time are the two most important factors when determining the activated sludge community
composition. In our study, the influent wastewater was consistently domestic wastewater,
which is a steady, homogenous chemical composition. Additionléysludge retention

time made the most significant impacts when increased betwéeatays up to 10 days

since numerous organisms such as nitrifying bacteria rely on prolonged sludge retention
times. After 710 days, distinctions between conventioaetivated sludge (SRT -10

days) and membrane bioreactors (infinitely long SRT) do not appear to have significant

compositional distinctions and synchronize with temperature.

Since the Brainerd Wastewater Treatment Plant consistently maintained sludge
retention times longer than 7 days and the predominantly handles domestic wastewater,
temperature was the driving factor in community composition. This has been previously
shown in conventional treatment plants, and membrane bioreactors, but our results in
Chapter 1 defined that temperature predicted the community composition in triplicate
reactors. Additionally, the few annual studies grab samples only once a month or twice a

year, while the vast majority of activated sludge community composition studlgs o
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sample once per year. Our weekly sampling provides arbggilution and steady shift in

how the activated sludge microbiome changes throughout the year. We were able to show
that the exact same temperature, does not fully indicate the same contoomptysition.
Instead, knowing both temperature and whether the temperature was increasing in the
spring to summer seasons or decreasing in the fall to winter seasons made a significant

impact what the activated sludge community composition dynamics.

This was followedup in Chapter 3 which was able to identify OTUs that were in
various growth or decline stages by using 16S rRNA transcript amplicon sequencing to
identify OTUs fluctuating in protein synthesis potential. Ultimately, this calls upon future
researchers to include more specific information about when their samples were taken, and
how active their community composition was at the time. It is insufficient to merely state
which temperatura sample was collected at; sample collection requires an understanding
of seasonality to accurately determine the activated sludge community compositions stage
in growth. The combined results in Chapter 1 and Chapter 3 signify that given stable
influent ard sludge retention time, temperature with the season are the biggest factors in

understanding the activated sludge community composition dynamics.

Variations in the dissolved oxygen profiles do not significantly impact the
performance of nitrification. The Brainerd Wastewater Treatment Plant largely operates

on a computecontrolled system, with specific dissolved oxygen parameters to minimize
the expensive costs of aeration during secondary treatment. The system is designed to
diffuse air until a maximon of 3.5ppm is reached. The air blowers will shut off until a

lower limit of 0.75ppm occurs. This causes several peaks to occur duringhthg 2
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aeration, specifically we observed seasonal trends where warmer months had multiple
peaks (up to three), amlder months only peaked once during the reaction cycle. Since
oxygen levels are known to impact the ammonia oxidizing community when set to a
constant dissolved oxygen concentration, we set out to model the unique oxygen profiles

observed at the Braind Wastewater Treatment Plant and determine their impact.

Chapter 2 highlights how regardless of one, two, or three peaks in the dissolved
oxygen profile, there is no observable difference in the expected performance of the
ammonia oxidizing community. He impacts of these peaks were negligible as the
cumulative sum of oxygen supplied to a reactor was statistically identical. Further analysis
may be necessary to understand if these profiles are significantly impacting the
heterotrophic bacterial commuyitespecially since Chapter 3 revealed significant changes
in the 16S rRNA transcript copy numbers while experiencing a winterstmdk during
aeration, but currently the consistent Bierformance strongly suggests this too is
negligible. This data Viaates that temperature is still the major driving factor in ammonia
oxidation and community composition as opposed to shifts in the oxygen profiles. Possibly
the two variables, temperature and dissolved oxygen, are inextricably interlinked and need
further investigations to discern why these oxygen profiles shift throughout the year. For
now, understanding that the dissolved oxygen profiles were not the primary cause of
seasonal nitrification failure compelled us to further uncover shifts in the ammonia

oxidizing communityés phylogeny and transc

Ammonia oxidizing bacteria can maintain stable population abundances, stable

protein synthesis potential, yet have variations inammonia monooxygenase
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transcriptional activity suggesting an alernative metabolic function. Chapter 1
analyzed the abundance of the ammonia oxidizing community throughout the entire year
by two metrics. The first, quantifying the relative abundance of known ammonia oxidizing
bacteria from 16S rRNA gene amplicon seqecing revealed consistent abundances
between 0.2% and 0.5% of the overall activated sludge composition. The second was a
guantification of theammonia monooxygenaBectional gene which maintained a stable
5.94+0.56 log(copies/mL) throughout the ye@ihese values were replicated in Chapter 3
which similar levels of relative abundance, gene copy numbers, and using-balsase
approach of 16S rRNA gene quantification, determined similar levels of absolute

abundance in the activated sludge system.

Chapter 3 additionally showed stable protein synthesis potential for known
ammonia oxidizing bacteria based on 16S rRNA transcript amplicon sequencing. While
there were changes using a mbatance 16S rRNA transcript approach, the observed
changes in seqneing abundance did not align with the temperature changes nor the
performance during seasonal nitrification. The only observed changes which correlated to
temperature and seasonal nitrification failure was quantifying #mmonia
monooxygenasganscriptvia reverseranscript quantitative polymerase chain reaction.
Having stable abundances and protein synthesis potential and observed growth via 16S
rRNA gene masbalance suggests the known ammonia oxidizing bacteria are continually
growing and thrivingin activated sludge. However, since the anticipaetnonia
monooxygenadeanscript activity significantly changes, this ultimately suggests that there

is potential for a shift in metabolic activity for ammonia oxidizing bacteria. There are
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several potetial pathways indicated by complete genomes of known ammonia oxidizers

which future research should explore.

There is a selective growth and proliferation forNitrosomonasspecies over other
known ammonia oxidizing bacteria in sequencing batch reactorsinfluent domestic
wastewater entering the Brainerd Wastewater Treatment Plant hagrédominant
ammonia oxidizers based amoAgene amplicon sequencing with relative abundances of
43.75%8.23% foNitrosococcusp. and 32.48%+12.18% fblitrosomonasp. Despite
Nitrosococcussp. being slightly more abundaritjtrosomonassp. dominates influent
domestic wastewater in terms of protein synthesis potential measur@uafdranscript
amplicon sequencing. TlamoAtranscript relative abundances throughthe year were
59.30%+4.11% fomMitrosomonassp. and 26.22%+5.92% fditrosococcussp. This
becomes evident during the activated sludge process Nitrosomonassp. is the only

OTU to experience significant growth, as shown in Chapter 4 comprisith@wes 60%

of the amoA gene composition and over 80% of thenoA transcript composition.
Nitrosomonassp. appears to be growing and proliferating in domestic wastewater based
on the higramoAtranscript copy numbers, which leadstsacontinual growthn activated
sludge. Most lab based kinetic studies focus on culturblitidsomonaseutropha,
watsonii, and europaea but there is a specific uncultured species that is the most prolific in

domestic wastewater treatment processes.
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The activated sludge syem is not optimized for the most active known ammonia
oxidizing organisms present in the system such asitrosospirabriensis. Chapter 4
explores the taxonomy of the abundant ammonia oxidizers basedakgene amplicon
sequencing and the active ammormaidizers based oramoA transcript amplicon
sequencing. When comparing the ratio of relative abundameeaAtranscriptsto-genes,

the largest group oNitrosomonassp. present in the system, only had slightly more
transcriptto-genes (+30£12%, wherebltrosospirabriensis had over a tefold increase

in transcriptgto-genes (1651%+345%Nitrosomonasp. did average 66.61%+5.20% of
the overallamoAcomposition and certainly performs the largest percentage of ammonia
oxidizing occurring, on a cetb-cell basisNitrosospirabriensis (0.05%+0.04%) appears

to be far more active.

This suggests ammonia oxidization performance in wastewater treatment plants
have the potential to be more efficient if redesigned around the proliferatibtragopira
briensis instead oNitrosomonassp. Further investigations need to explore how the
surrounding microbial ecology selects fhitrosomonasover other known ammonia
oxidizing bacteria. Despite not being the most active and effidiégmgsomonasnight
be the most competitive based on the specific engineering conditions and surrounding

microbial ecology.
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Future Studies

This thesis presents many new questions and avenues for future researchers to

consider. Several of the most significant are outlined below:

Role of Saprospiraceaén Activated Sludge Wastewater Treatment Plants

An unculturedSaprospiracea®TU has been identified throughout this study as a core
organism in activated sludge and is typically betwe&d4dlof abundance throughout all
activated sludge wastewater treatment studies. This organism additionally haxsga str
correlation to both temperature and effluent ammonia concentration. While whole genome
sequencing studies dbaprospiraceaedo not indicate nitrogen cycling genes, it is
specifically noted that this organism is on the outside of floc structures atwmindrobic
nitrifying bacteria populations. Further investigations need to study whether the absence
or presence obaprospiraceaé activated sludge plays an indirect role in the activity of

nitrifying bacteria, and floccular structure.

Temperature Dependent SingleCell Transcriptomics of Ammonia Oxidizing

Bacteria

Nitrosomonasis typically regarded as an ammonia oxidizer despite having numerous
functional genes for other functions such as urease enzymes, and denitrification genes.
Using singlecell transcriptomics to isolatditrosomonasat various temperatures, we can
discern the activity of each pathway. This will help determine if at low temperatures,
Nitrosomonascan still maintain basic cellular functions without relying primarily on

energy fom ammonia oxidation.
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Competition in Ammonia Oxidizing Bacteria and Nitrite Oxidizing Bacteria

Nitrification is performed by numerous organisms, with unique sets of genes and rates of
gene expression. There is a lot of variation within available furaltigenes in microbes
commonly occurring in wastewater treatment plants between ammonia oxidizers
Nitrosomonasand Nitrosospirg and nitrite oxidizersNitrospira, Nitrobacter, and
Nitrotoga This becomes more complex with the inclusion of comammox (complete
ammonia oxidizing) and anammox (anaerobic ammonia oxidation) bacteria. There is a
significant amount of competition for incoming urea and ammonia. Our lab will explore
different combinations of organisms to understand how the expression of various

functional genes shift based on synergistic and competitive relationships

Nitrosomonas | Nitrosococcus| Nitrospira | Nitrospira | Nitrotoga | Nitrobacter | AMX
(CMX)
Gene Ammonia Ammonia Nitrite Ammonia | Nitrite Nitrite Shortcut
Oxidizer Oxidizer Oxidizer & Nitrite | Oxidizer | Oxidizer Ammonia
Oxidizer Oxidizer
Urease | Varies Yes Yes Yes - Yes Yes
amo Yes Yes - Yes - - Yes
hao Yes Yes - Yes - - Varies
nxr+nas | - - Yes Yes Yes Yes Yes
nir Yes - Yes Yes Yes Yes Similar?

Table 6.1 shows the distribution of genes available to common genera of ammonia oxidizing and nitrite
oxidizing bacteria. Typically, research has focused on interactions of just ammonia oxidation and nitrite

oxidation, leaving uncertainty to how these organisms etenfor energy usingreaseandnir functions
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within floc structures. With the addition of recently discovered comammox (CMX) bacteria and advances in

molecular techniques, there is a critical need for a reevaluation of competitioco@etation.
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Table S2.1 Physical and chemical parameters of influent and effluent wastewater at the Brainerd wastewater

treatment plant throughout the sampling year from July 2015 to July 2016.

Temp |TSS |Tns.:/L) pH |pH |POS> |PO,> |BOD; |BOD, NH, Total SRT |MLSS [Sludge |SVI
et (™ ety aney [cert) [imgt |img) |img) |imgry  pmgnwy [TV |FM Ratiol o {mgny Bt |y
(inf.) . . (m™/day) (meters)
(inf.) |(eff.) (inf.))  |(eff.) (eff.)
Summer |1835% 411+ |61+ [749%|7324490% 036= [M48= | . - [024% 7306 [0.0839= 1828 |IS31+ 180+ 120+
‘15 0.77 |86 2.8 023 [0.10 |1.0 02 53 . oz 303 0.025 3.02 394|025 14
Fallcs |16:52% 374 392 [7492[7304f532+ foaax [236+ [ o o 027+ {7054+ Joo836+ [839+ [1308% 193 [131+
T es 1os 1.6 035 [0.13 13 0.3 71 o 024 379 0.027 222 339|044 21
Winter  [13.60+ [306+ |51+ 7527324522+ [025= [193= | . . [420% 6965+ [0.0861= |7.64% |1086+ 196+ |139+
°15-16  |097 |62 19 038 011 |09 0.2 53 : 079 303 0.025 142|126 028 17
) 1495 (319 |46 |[743+|7.28+[4.82= |0.18= 216+ 454=  |7,836+ [0.0814= |856+ [1303+ [1.78+ |96+
Spring ‘16 31714
128 |69 1.9 021 [0.13 |1.0 0.1 61 2.20 330 0.022 203 [200 |023 12
Summer [1848+ |454+ [34+ (7377234399 (022+ [312= [233+ (260 [9577+ |0.1215% [556+ [1960+ [1.98= |89=
16 102|134 |14 0.17 |0.10 |08 0.1 74 0.84 0.08 2650 0.019 137 702|029 21
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Table S2.2 Primer sequences used for quantitative PCR.

Target Gene Forward Primer Reverse Primer Reference
SequenB8é) (ESequenx@®) (5

16S rRNA geng 338F 518R (NUbel &

(V3 region) CCTACGGGAGGCAG ATTACCGCGGCTGCT Muyzer,
CAG GG 1997)

amoA (Bacteria) | 550-F 745R (Harms et al.
TCAGTAGCYGACTA CTTTAACATAGTAGA 2003)
CACMGG AAGCG

amoA (Archaea) | GenAOA-F GenAOA-R (Meinhardt
ATAGAGCCTCAAGT CCAAGCGGCCATCCA etal. 2015)
AGGAAAGTTCTA GCT GTATGTCC

nirk nirkK876¢ nirk1040 (Braker et
ATYGGCGGVCAYGG GCCTCGATCAGRTTR al. 1998)
CGA TGG

nirS nirSCd3aF nirSR3cd (Throback et
AACGYSAAGGARAC GASTTCGGRTGSGTC al. 2004)
SGG TTSAYGAA

nosZ Clade 1 nosZ2F nosZ2R (Harter et al.
CGCRACGGCAASAA CAKRTGCAKSGCRTG 2017)
GGTSMSSGT GCAGAA

amoA clade A | comaA244F cOmA-659R (Pjevac et

(Comammox) TAYAAYTGGGTSAAY™ ARATCATSGTGCTRTC al., 2017,
A Throback et

al., 2004)

amoA clade B | comaA244F cOmA-659R (Pjevac et

(Comammox) TAYTTCTGGACRTTY1 ARATCCARACDGTGTC al., 2017,
A Throback et

al., 2004)
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Table S2.3.P-values of a pairwise comparison of a lineagression of Shannon, Simpson, and Chaol
diversity indices for the activated sludge microbial communities in the sequencing batch reactors of the
sampled WWTP. Ralues > 0.05 indicate that the diversity indices for the reactor pairs are not significantl

different, rejecting the null hypothesis that the slope is zero.

Chaol Genus Level

SBR 1 SBR 2 SBR3 | SBR1* SBR 1 SBR 2 SBR3 | SBR1* SBR 1 SBR 2 SBR3 | SBR1*
SBR1 X 1.40E-01] 2.54E-01 X SBR 1 X 8.70E-02| 2.69E-01 X SBR1 X 2.78E-02| 3.32E-01] X
SBR 2 | 1.40E-01] X 7.67E-01| 1.31E-03| SBR 2 | 8.70E-02| X 1.15E-01| 2.03E-03| SBR 2 | 2.78E-02 X 6.56E-02| 8.77E-01
SBR 3 | 2.54E-01| 7.67E-01 X 2.28E-01] SBR 3 | 2.69E-01] 1.15E-01 X 5.12E-01] SBR 3 | 3.32E-01| 6.56E-02] X 5.62E-01
SBR 1* X 1.31E-03] 2.28E-01 X SBR 1* X 2.03E-03| 5.12E-01] X SBR 1* X 8.77E-01] 5.62E-01] X

Shannon Class Level Simpson Class Level

SBR1 SBR 2 SBR3 | SBR1* SBR 1 SBR 2 SBR3 | SBR1*
SBR 1 X 2.24E-02| 1.41E-01] X SBR 1 X 1.37E-01] 5.14E-01] X
SBR 2 | 2.24E-02| X 9.26E-01| 1.75E-01] SBR 2 | 1.37E-01 X 9.46E-01| 6.02E-01
SBR 3 | 1.41E-01] 9.26E-01 X 8.31E-01 SBR 3 | 5.14E-01] 9.46E-01 X 9.38E-01]
SBR 1* X 1.75E-01] 8.31E-01 X SBR 1* X 6.02E-01] 9.38E-01] X

Table S2.4P-values of a-test comparing the means of Shannon, Simpson, and Chaol diversity indices for
the activated sludge microbial communities in the sequencing batch reactoessafripled WWTP for the
four seasons. -Ralues < 0.05 indicate that the diversity indices for the respective season are significantly

different for the respective reactor pair. Almost every season in all reactors had significantly different alpha

diversiies.
Chaol Genus Level
Summer Fall Winter | Spring Summer Fall Winter | Spring Summer Fall Winter | Spring
Summer X 1.59E-02| 1.20E-11| 7.71E-16 Summer X 1.90E-01] 3.44E-07| 6.24E-12 Summer X 1.74E-01] 4.65E-02| 4.05E-01
Fall 1.59E-02] X 1.15E-02| 8.39E-05| Fall 1.90E-01] X 4.05E-05| 6.55E-10 Fall 1.74E-01] X 9.29E-01] 4.33E-01
Winter | 1.20E-11| 1.15E-02 X 1.52E-02) Winter | 3.44E-07| 4.05E-05 X 1.53E-03 Winter | 4.65E-02| 9.29E-01 X 2.27E-01
Spring | 7.71E-16| 8.39E-05| 1.52E-02] X Spring | 6.24E-12| 6.55E-10| 1.53E-03| X Spring | 4.05E-01| 4.33E-01| 2.27E-01 X
Shannon Class Level Simpson Class Level
Summer Fall Winter Spring Summer Fall Winter Spring
Summer X 2.94E-03| 1.83E-18| 1.02E-17| Summer X 2.74E-03| 1.09E-17| 7.62E-13
Fall 2.94E-03 X 3.44E-10| 9.48E-10| Fall 2.74E-03 X 2.44E-08| 8.45E-07
Winter | 1.83E-18| 3.44E-10| X 7.69E-01] Winter | 1.09E-17| 2.44E-08| X 9.08E-01
Spring | 1.02E-17| 9.48E-10| 7.69E-01 X Spring | 7.62E-13| 8.45E-07| 9.08E-01 X
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Table S2.5 OTUs with relative sequence abundance > 0.1% and Pearson's product moment correlation

coefficients R > 0.4 for either of the variables wastewater temperature or effluent ammonia concentration.

OTU classification at the 97% sequenauikrity cutoff (speciedevel). The last column to the right shows

if the respective taxa belongs to the OTU category core, single season, multiple season, or transient.

OTU R? R? Effluent Average % Season
Temperature Ammonia  Abundance category

Bacteroidetes_Sphingobad 0.432 0.400 7.64% + Core

rila_Sphingobacteriales 2.92%

_Saprospiraceaeunculture

d

Proteobacteria_Betaproteq 0.620 0.344 3.38% + Core

bacteria_Burkholderiales 2.08%

_Comamonadaceae_Vario

orax

Proteobacteria_Alphaprotel 0.591 0.261 0.92% + Transient

obacteria_Rhodobacterale] 0.56%

_Rhodobacteraceae_Albirh

odobacter

Proteobacteria_Betaproteq 0.460 0.367 0.78% + Core

bacteria_Rhodocyclales 0.49%

Rhodocyclaceaeambiguous

_taxa

Chloroflexi_Ardenticatenia| 0.454 0.404 0.57% + Single

_Ardenticatenalesambiguo 0.58% Season

us_taxa Fall

Chloroflexi SBR2076 _uncy 0.702 0.357 0.49% + Multiple

Itured bacterium 0.47% Season
(Sum/Fal
[/Win)

Bacteroidetes_Cytophagia| 0.377 0.602 0.28% + Multiple

Cytophagales_Cytophagad 0.39% Season

ae (Spr/Sum

_Dyadobacter )

TM6 0.447 0.596 0.01% + Multiple

(Dependentiae uncultured 0.01% Season

bacterium (Sum/Fal
1)

Proteobacteria 0.422 0.518 0.22% + Transient

_Betaproteobacteria _Hi 0.21%

Creek 32_
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_uncultured maring
bacterium

Gracilibacteria_ambiguous| 0.223 0.718 0.01% + Transient
_taxa 0.02%
Chlorobi_Chlorobia_Chlor | 0.387 0.525 0.14% + Core
obiales SJA28 uncultured 0.14%

bacterium

Acidobacteria_Holophagag 0.576 0.302 0.13% + Transient
_Subgroup 10 ABS89 0.17%

_bacterium enrichmer

culture clone

Gemmatimonadetes_Gem| 0.338 0.530 0.12% + Core
atimonadetes_Gemmatimg 0.18%

adales

_Gemmatimonadaceaenc

ultured

Acidobacteria_Holophagag 0.495 0.423 0.12% + Transient
_Subgroup 7_unculture 0.18%

soil bacterium

OTU affiliated to taxa of known nitrifying bacteria

Proteobacteria_Betaproteq 0.127 0.085 0.24% + Core
bacteria_Nitrosomonadale 0.19%
_Nitrosomonadaceae_Nitr(

somonas

Proteobacteria_Betaproteq 0.038 0.005 0.48% + Core
bacteria_Nitrosomonadales 0.26%
_Nitrosomonadaceae

Proteobacteria_Betaproteqg 0.101 0.079 0.47% + Core
bacteria_Nitrosomonadale: 0.30%

_GallionellaceaeCandidat
usNitrotoga
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Table S2.6.Using the quantitative PCR data to compare reactors theskeigs were used determine a linear
relationship betweenac SBRs® gene abundance with an Anova tes

p<0.05. This was complimented with a Studentisst since most reactors did not change significantly

throughout the year.

16SrRNA SBR1 SBR 2 SBR3 | SBR1* nosZ SBR 1 SBR 2 SBR3 | SBR1*
SBR 1 X 3.49E-03 [2.53E-02 n/a SBR 1 X 8.69E-01| 7.90E-01 n/a
SBR 2 |3.49E-03 X 1.65E-06 [2.13E-03 SBR 2 | 8.69E-01 X 2.77E-02 | 1.58E-01
SBR 3 |2.53E-02 |1.65E-06 X 3.03E-05 SBR 3 | 7.90E-01[2.77E-02 X 1.78E-02
SBR 1* n/a 2.13E-03 |3.03E-05 X SBR 1* n/a 1.58E-01|1.78E-02 X
AOB SBR 1 SBR 2 SBR3 | SBR1* AOA SBR 1 SBR 2 SBR3 | SBR1*
SBR 1 X 1.23E-03 [1.35E-03 n/a SBR 1 X 1.23E-03 |1.35E-03 n/a
SBR 2 |1.23E-03 X 1.41E-07 [9.30E-05 SBR 2 |1.23E-03 X 1.41E-07 [9.30E-05
SBR 3 |1.35E-03 |1.41E-07 X 1.00E-10 SBR 3 |1.35E-03 |[1.41E-07 X 1.00E-10
SBR 1* n/a 9.30E-05 |1.00E-10 X SBR 1* n/a 9.30E-05 |1.00E-10 X
nirkK SBR 1 SBR 2 SBR3 | SBR1* nirS SBR 1 SBR 2 SBR3 | SBR1*
SBR 1 X 1.06E-02 | 5.18E-01 n/a SBR 1 X 3.42E-03 |2.31E-02 n/a
SBR 2 |1.06E-02 X 3.60E-02 |1.16E-04 SBR 2 |3.42E-03 X 5.01E-05 |1.08E-04
SBR 3 | 5.18E-01[3.60E-02 X 4.26E-10 SBR 3 |2.31E-02 |5.01E-05 X 2.87E-07
SBR 1* n/a 1.16E-04 |4.26E-10 X SBR 1* n/a 1.08E-04 |2.87E-07 X
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Table S2.7Using the quantitative PCR datacdtado mp ar e r e a c ttestiwas paefor@ddtodmmpared s t
the means of the average gene abundance between reactors. Red cells highlight p <0.05. The average gene
abundance throughout the year is not statistically different between reactors witheackgptions when

comparisons are made with SBR 1 and SBR 1* which were not operational throughout the entire year.

16SrRNA SBR1 SBR 2 SBR3 | SBR1* nosZ SBR1 SBR 2 SBR3 | SBR1*
SBR 1 X 3.92E-01| 2.23E-01| 7.48E-01 SBR 1 X 3.53E-01| 5.02E-01| 7.38E-01
SBR 2 | 3.92E-01 X 5.55E-01| 5.16E-01 SBR 2 | 3.53E-01 X 4.56E-01| 1.35E-01
SBR 3 | 2.23E-01] 5.55E-01 X 2.77E-01 SBR 3 | 5.02E-01] 4.56E-01 X 3.48E-01
SBR 1* | 7.48E-01| 5.16E-01] 2.77E-01 X SBR 1* | 7.38E-01| 1.35E-01] 3.48E-01 X
AOB SBR 1 SBR 2 SBR3 | SBR1* AOA SBR 1 SBR 2 SBR3 | SBR1*
SBR1 X 3.67E-02| 2.77E-01| 4.32E-03 SBR1 X 1.72E-02| 6.96E-01| 6.53E-04
SBR 2 | 3.67E-02 X 3.78E-01| 2.24E-01 SBR 2 | 1.72E-02 X 6.66E-02| 1.44E-01
SBR 3 | 2.77E-01] 3.78E-01 X 6.68E-02 SBR 3 | 6.96E-01] 6.66E-02 X 3.41E-03
SBR 1* | 4.32E-03| 2.24E-01| 6.68E-02 X SBR 1* | 6.53E-04| 1.44E-01| 3.41E-03 X
nirK SBR1 SBR 2 SBR3 | SBR1* nirS SBR1 SBR 2 SBR3 | SBR1*
SBR1 X 6.79E-01| 9.41E-01| 5.71E-01 SBR1 X 4.10E-01| 5.28E-01| 7.83E-01
SBR 2 | 6.79E-01 X 7.30E-01] 2.76E-01 SBR 2 | 4.10E-01 X 9.65E-01| 2.46E-01
SBR 3 | 9.41E-01] 7.30E-01 X 5.09E-01 SBR 3 | 5.28E-01] 9.65E-01 X 3.69E-01
SBR 1* | 5.71E-01] 2.76E-01| 5.09E-01 X SBR 1* | 7.83E-01] 2.46E-01| 3.69E-01 X

203



18

[essususssssuss) [sXeuss) CO0D
Qo000 O OO0 Q0
M~
© Cooling
¢ |nflected Cooling
Warming
©o | L J

Temperature [° C]

o™
—

40 60
Time (days)

Figure S2.1.This plot denotes the temperature regression between Fall and Winter against Spring and

Summer. The blue outlined circlssow the original Fall and Winter data whereas the blue filled circles are

inflected over the saxis to show the flipped alignment alongside the orange triangle Spring and Summer

data points. The slopes are not statistically different with the averag®frahange as approximately

+0.043°C/day. The solids lines denote the linear regression while the dashed lines denote the 95% confidence

interval for the average.
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Figure S2.2.Different alpha diversity metrics were performed acrossdifferent reactors through a)
Shannon Diversity b) Simpson Diversity, and c) Chaol Richness. Each sequencing batch reactor is shown
individually as blue circles for SBR1, red squares for SBR2, yellow triangles for SBR3, and green diamonds
for SBR1*. Simpon and Shannon diversity were calculated at two levels, genus level (solid shapes) and

class level (outlined shapes).
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Figure S2.3.The average number of genus level OTUs in the core community (blue), seasonal community
(both multiple and single seasare in orange), and transient community (yellow) for each season. The black
dashed line is exact values shared by all reactors while transient is an average between the reactors. The core
community stays constant throughout the year, the transient catyralso remains consistent, while the

seasonal OTUs decrease the richness of the reactors in the winter.
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Figure S2.5.Principal Coordinates analysis was performed using -Bnarfis dissimilarity. The rainbow
color gradient denotes the changes in the months. Each reactor is plotted separately based on shape (Square
SBR1, CircleSBR2, TriangleSBR3,DiamondSBR1*). The effluent ammonia concentration denotes the

size of the data points. PC1 represents a separation based on the months and effluent ammonia concentration.
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Figure S2.6.Several diversity metrics were regressed against the influent teatperature including a)
Shannon diversity, b) Simpson diversity, ¢) Kulcynski, and d) Euclidean. The rainbow color gradient denotes
the changes in the months. Each reactor is plotted separately based on shapeSE@Rjua@ircleSBR2,
Triangle SBR3, DamondSBR1*). The linear regression is shown with the 95% confidence intervals as
dashed lines for Spring and Summer in orange and Fall and Winter in blue. Each plot shows similar recovery
lags ranging from 1.11°C up to 2.20°C. The first two figur@segent this trend in a single dimension with
alpha diversity while the other two represent this trend on the highest axis of variance-dimmerisional,

beta diversity dissimilarity matrices.
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Figure S2.7.0ne OTU affiliated to a taxa comprising knownaerobic ammoniaxidizing (anammox)
bacterial was observed during the sample per@ahdidatus Broacadigblack circles). A second OTU
affiliated to an Acidobacteria clone from an Anammox enrichment is also included (red triangles). The
relative sequece abundance of th€andidatus BroacadigDTU increases at the end of winter when
nitrification performance decreased. During nitrification failure there is an abundance of both ammonia and
nitrite in the reactors. The change in relative abundance @dhdidatus Broacadi®TU is probably not
significant enough to be associated with nitrogen removal, however certain str@asdiflatus Brocadia

thrive in colder temperaturéblendrickx et al., 2014)
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Figure S2.8.The known nitrite oxidizing community is highlighted over the months above. The dominance
of Nitrotoga (green circles)over other nitrite oxidizing bacteria such Bgrospira (red squares) and
Nitrobacter (purple diamonds has been previouslyltured fron activated sludge and are ideal in

temperatures between 10°C and 17AGwi, Off, Kaya, & Spieck, 2009)
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Figure S2.10.shows a principal coordinates analysis of only the two summers with July 2015 in blue, and

July 2016 in red. The two separate apgear distinct, however they only overlap for three weeks. Summer

2015 started July 13 2015 until the end of summer. Summer 2016 started Jihe@06, and sampling

finished July 3® with only three overlapping weeks.
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Figure S2.11The quintuplesenn diagram represents the core community, multiple season, and single season
OTUs. Summer 2015 is represented in red, Fall in yellow, Winter in blue, Spring in green, and Summer
2016 in purple The core 114 OTUs represent the shared space betwédke slasons. Anything shared

between two seasons is a multiple season OTU and listed only under each season is a single seasson OTU.
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Figure S2.12 Bray-Curtis dissimilarity creates several dimensions where each dimension explains a portion
of thetotal variance observed between samples. This plot highlights each individual dimension in the blue

dots on the left yaxis. The orange dots are a cumulative total of the dimensions on the-aigist y

215



Appendix B
Chapter 4 Supplemental Materials
Seasaoal Activity and Community Composition Shifts in Full-Scale Activated

Sludge Sequencing Batch Reactors
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Figure S4lshows the concentrations of RNA and DNA i mmedi
after DNA digestion (fiDigesto). T h2d homongemizea(#0d o r a n ¢
seconds at 6m/s) while the gray and yellow samples were rue. twWicese were all performed using 50uL

sample volumes.
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gPCR Results Varying Extraction Volume
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Figure S42 shows different sample volumes, ranging from 25ul, up to 250ul used for RNA extraction. The
blue shades represent the samples quantifiedusiyRC R vi a 16S r RNA thegreemer s ( 0
shades represent the same samples quantified arsiogprimers forammonim x i di zi ng bacteri a
The PreDig represents the raw extracted sample where only residual DNA is amplified. Dig represents the
remaining DNA amplified after DNAigestion. RNA is not amplified in the PreDig or Dig samples, since

the RNA still represents the reversempliment strand. After reverse transcription, the RT bars, the RNA is

amplified as cDNA.
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gPCR and RJPCR Results over Homogenization
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Figure S43 shows the effects of homogenizing samplesamna FastPre4, and twice (40sec, 6m/s). The
blue shades represent the samples quantifiedusigyRC R vi a 16S r RNA primers (0:
shades represent the same samples quantified arsiogprimers forammonim x i di zi ng bacteri a
The PreDig represents the raw extracted sample where only residual DNA is amplified. Dig represents the
remaining DNA amplified after DNA digestion. RNA is not amplified in the PreDig or Dig samples, since

the RNA still represents the reversemplimert strand. After reverse transcription, the RT bars, the RNA is
amplified as cDNA. Performing the homogenization step twice appeared to disrupt the recovery of RNA
reads. The recovery of RNA was successively worse with more homogenization steps (mjt shlbw

samples started with 50uL volume.
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Figure S44 is a histogram of the reads per samples after processing in DADA2. Samples with less than

1000 reads were removed from the sample set.
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Table S41 lists the samples with low reads which weeenoved from the dataset. All the samples were
from Reactor 3 and were positioned similarly on then@dl plate submitted for sequencing. Due to their
position on the 9avell plate, and previously having been quantified for DNA, a handling issue may hav

arisen at the sequencing core.

Sample ID Time Season| Reactor Reads

3sprl6RNAy | Static Fill Spring | Reactor 3 | 99

8sprl6RNAy | Mixed Fill Spring | Reactor 3 | 128

27bsprl6RNAYy| Settled Spring | Reactor 3 | 462
Sludge

14spr16RNAy | React 1 Spring | Reactor 3 | 530

27bfalll6RNAy | Settled Fall Reactor 3 | 557
Sludge

22sprl6RNAy | React2 Spring | Reactor 3 | 718

14falll6RNAy | React 1 Fall Reactor 3 | 787
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Figure S45 shows a principle coordinates analysis using the Bragtis Dissimilarity Matrix on the 16S

rRNA genecomposition Figure S45a) and the 16S rRNA transcript compositidfigre S45b). The
composition in the summer is shown in red, the fall is shown in orange, the winter is shown in blue, and the
spring is shown in green. The reactor cycles are dengtétely abbreviations (SF= static fill* not included,

MF= Mixed Fill, R1= React 1, R2= React 2, DW = decanted water, SS= settled sludge).
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Table S42 highlights the top three highest abundance OTUs (based on 16S rRNA gene abundance) which
significanty fluctuate (either based on 16S rRNA genes or 16S rRNA transcripts) throughout the seasons in

each subfigure of Figureda

Top 3 Seasonally Trending OTUs when comparing seasons. 16S rRNA gene %6S rRNA transcript ¢
Figure3
Patescibacteria_Saccharimonadia_Saccharimonadales_NA_NA 1.37% 0.16%
Actinobacteria_Actinobacteria_Propionibacteriales_Propionibacteriaceae_Propionicimonas 0.17% 0.26%
Actinobacteria_Actinobacteria_Propionibacteriales_Nocardioidaceae_Nocardioides 0.17% 0.10%
Fall
Chloroflexi_Anaerolineae_SBR1031_A4b_NA 2.73% 2.54%
Bacteroidetes_Bacteroidia_Chitinophagales_Saprospiraceae_Phaeodactylibacter 0.51% 0.73%
Proteobacteria_AlphaproteoRickettsiales_Mitochondria_NA 0.32% 0.07%
Figure3bFall
Proteobacteria_Deltaproteobacteria_Myxococcales_Haliangiaceae_Haliangium 2.34% 6.28%
Actinobacteria_Actinobacteria_Corynebacteriales_Mycobacteriaceae_Mycobacterium 1.38% 0.60%
Bacteroidetes_Bacteroidia_Bacteroidales_Bacteroidaceae_Bacteroides 0.86% 0.06%
Winter
WPS-2_NA_NA_NA_NA 1.12% 1.31%
Patescibacteria_GraciliNA_NA_NA 0.90% 0.30%
Proteobacteria_Alphaproteobacteria_Rhizobiales_Beijerinckiaceae_NA 0.29% 0.24%
Figure3cWinter
Chloroflexi_Chloroflexia_Chloroflexales_Roseiflexaceae_Kouleothrix 1.71% 3.14%
Patescibacteria_Gracilibacteria_Absconditabacteriales_(SR1)_NA_NA 1.50% 0.37%
Chloroflexi_Anaerolineae_ SBR1031_A4b_NA 1.12% 0.68%
Spring
Proteobacteria_Alphaproteobacteria_Rhodobacterales_Rhodobacteraceae_Pseudorhodobacter  2.07% 1.07%
Bacteroidetes_Bacteroidia_Cytophagales_Spirosomaceae_Persicitalea 2.04% 1.01%
Bacteroidetes_Bacteroidia_Chitinophagales_Chitinophagaceae_Ferruginibacter 1.21% 0.44%
Figure3dSpring
Proteobacteria_Alphaproteobacteria_Rhodobacterales_Rhodobacteraceae_Pseudorhodobacter  2.07% 1.07%
Actinobacteria_Actinobacteria_Propionibacteriales_Propionibacteriaceae_Propioniciclava 1.44% 0.15%
Proteobacteria_Alphaproteobacteria_Sphingomonadales_Sphingomonadaceae_Novosphingobium 0.94% 0.16%
Chloroflexi_Chloroflexia_Chloroflexales_Roseiflexaceae_Kouleothrix 1.54% 3.13%
Bacteroidetes_Bacteroidia_Bacteroidales_Bacteroidaceae_Bacteroides 1.15% 0.03%
Proteobacteria_Gammaproteobacteria_Pseudomonadales_Moraxellaceae_NA 0.76% 2.47%
Figure3eFall
Chloroflexi_Chloroflexia_Chloroflexales_Roseiflexaceae_Kouleothrix 3.37% 4.00%
Chloroflexi_Anaerolineae_SBR1031_A4b_NA 2.73% 19.41%
Proteobacteria_Deltaproteobacteria_Myxococcales_Haliangiaceae_Haliangium 2.34% 8.86%
Spring
Proteobacteria_Alphaproteobacteria_Rhodobacterales_Rhodobacteraceae_Pseudorhodobacter  2.07% 43.65%
Bacteroidetes_Bacteroidia_Cytophagales_Spirosomaceae_Persicitalea 2.04% 36.98%
Actinobacteria_Actinobacteria_Propionibacteriales_Propionibacteriaceae_Propionicimonas 1.52% 54.27%
Figure3f]
Patescibacteria_Saccharimonadia_Saccharimonadales_NA_NA 1.37% 0.16%
Bacteroidetes_Bacteroidia_Bacteroidales_Bacteroidaceae_Bacteroides 1.15% 0.03%
Actinobacteria_Actinobacteria_Corynebacteriales_Mycobacteriaceae_Mycobacterium 1.13% 0.96%
Winter
Chloroflexi_Anaerolineae_SBR1031_A4b_NA 1.12% 0.68%
Planctomycetes_Phycisphaerae_Tepidisphaerales_Tepidisphaeraceae_Tepidisphaera 0.28% 0.13%
Proteobacteria_Gammaproteobacteria_Oceanospirillales_Nitrincolaceae_Balneatrix 0.15% 0.01%

223



Table S43 shows the top three highest abundance OTUs (based on 16S rRNA genes) which were unique to

each season and were n@tually represented in the subfigures of FigiRaf. These OTUs do not occur

i n

the comparative season, yet stil

based on 16S rRNA gene abundance.

Top 3 OTUs unique to each season when compared to another season.

Figure3
Actinobacteria_Actinobacteria_Corynebacteriales_Nocardiaceae_Gordonia 0.45%
Proteobacteria_Alphaproteobacteria_Rhodobacterales_Rhodobacteraceae_Rubellimicrobium 0.15%
Cyanobacteria_Sericytochromatia_ NA_NA_NA 0.08%
Fall
Patescibacteria_Parcubacteria_Candidatus_Moranbacteria_ NA_NA 0.37%
Planctomycetes_Planctomycetacia_lsosphaerales_Isosphaeraceae_NA 0.28%
Planctomycetes_Planctomycetacia_Gemmatales_Gemmataceae NA 0.16%
Figure3bFall
Bacteroidetes_Bacteroidia_Bacteroidales_ NA_NA 0.21%
Bacteroidetes_Bacteroidia_Bacteroidales_Prevotellaceae_Prevotella_7 0.14%
Actinobacteria_Thermoleophilia_Solirubrobacterales_Solirubrobacteraceae_NA 0.12%
Winter
Actinobacteria_Actinobacteria_Corynebacteriales_Nocardiaceae_Gordonia 0.82%
Armatimonadetes_Armatimonadia_Armatimonadales_Armatimonadaceae_Armatimonas 0.13%
Proteobacteria_Alphaproteobacteria_Rhizobiales_Beijerinckiaceae_FukuN57 0.06%
Figure3cWinter
Chloroflexi_Anaerolineae_Anaerolineales_Anaerolineaceae_ UTCFX1 0.19%
Proteobacteria_Gammaproteobacteria_Betaproteobacteriales_Burkholderiaceae_Sphaerotilu€.19%
Bacteroidetes_Bacteroidia_Chitinophagales_Saprospiraceae_Phaeodactylibacter 0.19%
Spring
Actinobacteria_Actinobacteria_Propionibacteriales_Propionibacteriaceae_Aestuariimicrobium 0.21%
Proteobacteria_Gammaproteobacteria_Betaproteobacteriales_Burkholderiaceae_Pseud 0.20%
Actinobacteria_Actinobacteria_Micrococcales_Demequinaceae_Demequina 0.14%
Figure3dSpring
Proteobacteria_Alphaproteobacteria_Rhizobiales_Beijerinckiaceae_NA 0.48%
Actinobacteria_Actinobacteria_Propionibacteriales_Propionibacteriaceae_Aestuariimicrobium 0.21%
Proteobacteria_Gammaproteobacteria_Betaproteobacteriales_Burkholderiaceae_Pseud 0.20%
Chloroflexi_Anaerolineae_Anaerolineales_Anaerolineaceae_ UTCFX1 1.38%
Fusobacteria_Fusobacteriia_Fusobacteriales_Leptotrichiaceae_Hypnocyclicus 0.54%
Proteobacteria_Gammaproteobacteria_Pseudomonadales_Moraxellaceae_Enhydrobacter  0.34%
Figure3eFall
Chloroflexi_Anaerolineae_Anaerolineales_Anaerolineaceae_ UTCFX1 1.00%
Bacteroidetes_Bacteroidia_Chitinophagales_Saprospiraceae_Phaeodactylibacter 0.51%
Proteobacteria_Gammaproteobacteria_Pseudomonadales_Moraxellaceae_Enhydrobacter  0.46%
Spring
Actinobacteria_Actinobacteria_Corynebacteriales_Nocardiaceae_Gordonia 1.26%
Actinobacteria_Actinobacteria_Propionibacteriales_Propionibacteriaceae_Aestuariimicrobium 0.21%
Bacteroidetes_Bacteroidia_Flavobacteriales_Weeksellaceae_Chryseobacterium 0.17%

Bacteroidetes_Bacteroidia_Cytophagales_Microscillaceae_NA 0.16%
Proteobacteria_Gammaproteobacteria_Betaproteobacteriales_Burkholderiaceae_Ramlibacter0.10%
Proteobacteria_Gammaproteobacteria_Enterobacteriales_Enterobacteriaceae_Enterobacter 0.08%
Winter

Proteobacteria_Alphaproteobacteria_Rhizobiales_Beijerinckiaceae_NA 0.29%
Armatimonadetes_Armatimonadia_Armatimonadales_Armatimonadaceae_Armatimonas 0.13%
Planctomycetes_Planctomycetacia_lsosphaerales_Isosphaeraceae_NA 0.11%
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Cotu = (Concentration of 16S rRNA genes via gPCR) * (OTU relative abundance via

sequencing)

V = Volume of the Reactor
H = Heights of the Reactor
A = Area of the Reactor
SF = Static Fill

AS = Activated Sludge

R = Reactor
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These OTUs only pass through the reactors from the Static Fill Cycle
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These OTUs proliferate due to the activated sludge cycle and remain in the system.

Equation S41 shows the stepy-step equation to discern whether an OTU was proliferating in the activated
sludge system or passitigrough the system. In this equatiomyrCrepresents the concentration of each
OTU by multiplying the relative abundance based on 16S rRNA gene sequencing by the total 16S rRNA

concentration based on gPCR amplification.
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Appendix C
Chapter 5 Supplemental Materials
Seasonal Variations in the Ammonia Oxidizing Community in Triplicate FullScale

Sequencing Batch Reactors
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Figure S5.1The histogram shows the average distribution of processed ASVs forahaoAgene amplicon
sequences and the @hoAtranscript amplicon sequences. TdmoAgenes are shown in the purple while
theamoAtranscripts are in orange. ThenoAgene samplesdd an average of 16,978+6763 merged pairs

per sample while themoAtranscript samples averaged 13,106+7431 merged pairs per sample.
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Figure S5.2The average relative abundance of the triplicate sequencing batch reactors ASV clusters per
season are repreded above with summer in the upper left, fall in the upper right, winter in the lower left,
and spring in the lower right. Each seasons quadrant has both the relative abundance of ASV clusters for
amoAgenes on the left, armmoAtranscripts on the rightNitrosomonasiominates the activated sludge
system overall, whil®itrosococcusvas the most abundant cluster in the influent wastewater during static

fill (SF).
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