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Abstract

From microbes to microbiomes: bacterial proteomes reveal strategies for overcoming

environmental challenges

Miranda Cristen Mudge

Chair of the Supervisory Committee:
Michael J. MacCoss

Genome Sciences

Bacteria exist in every environment studied on Earth due to their wide-ranging
metabolic capacities. In recent years, many studies have highlighted the significant contributions
of bacteria as they interact with and respond to both other organisms and their environment
through chemical signals. Because bacteria quickly respond to small physical and/or chemical
environmental changes by adjusting their proteome, mass spectrometry-based proteomic
techniques have gained momentum as a means to study the metabolic changes of mixed
communities to environmental perturbations. In the following chapters, | utilize three different
mass spectrometry techniques to identify the unique ways that microbes overcome
environmental challenges in three unique projects. The complexity of the mass spectrometry
data acquisition strategy utilized increases with chapter number, moving from the identification
of the most abundant proteins in a single-organism culture to the eventual discovery of peptides

from a complex ocean microbiome that can be isolated and targeted with mass spectrometry.



In Chapter 1, | outline the many decisions that should be considered when
conducting a complex proteomic or metaproteomic study. In Chapter 2, | describe adaptations
of a model psychrophilic bacterium to subzero, hypersaline conditions to analyze the long-term
effects of temperature, salinity, and nutrients on viability and survival and identify potential
biomarkers for life detection through enrichment analyses of short amino acid chains. Chapter 3
transitions to a more complex biological system and quantitative mass spectrometry techniques.
A high-resolution time series analysis of the bacterial metaproteome preceding a harmful algal
bloom was utilized to isolate peptide biomarkers through quantitative discovery and targeted
validation mass spectrometry analyses. In Chapter 4, the same microbiome was further
characterized to elucidate metabolic patterns in the context of multiple algal blooms. Metabolic
scheduling, the idea that bacteria prioritize distinct pathways at specific times of day, was
explored to reveal functions that reflect global changes in the metabolic strategy of the
microbiome between blooms. Finally, in Chapter 5 | reflect on the challenges still present in
microbiome research, specifically in the context of metaproteomics, and discuss future

directions for the research.
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Chapter 1: INTRODUCTION

1.1 MICROBIOLOGY MODERN PERSPECTIVE

Bacteria are ubiquitous on Earth and, as such, have a large influence on both human
health and the environment (O’Malley 2008). Studies of the microbiome have exponentially risen
with the advent of technologies such as high-throughput DNA sequencing, increasing our ability
to detect and quantify the diversity of community members and dramatically altering our
understanding of the pivotal role bacteria play in major health outcomes and disease (Moran
2015; Compant et al., 2019; Trevathan-Tackettet al., 2019; Ogunrinola et al., 2020). For example,
research on the gut microbiome has profoundly transformed the field of gastroenterology (Nichols
and Davenport 2021). Many of these same microbes are also found throughout terrestrial, marine,
and extreme environments on Earth (Rocca etal., 2019). Many specific niches are characterized
by the presence of keystone taxa, or bacteria with unique metabolisms that allow them to
adaptively occupy a given location. Additionally, the wide diversity of organisms on Earth shows
that the microbiome can change in dynamic response to perturbations through cascades of
altered taxonomic composition and active functionality, with effects observed on both human and
environmental outcomes (Rocca et al., 2019). The research herein provides an in-depth look at
the importance of bacteria in two understudied environments that are anticipated to be adversely
influenced by global climate change. Using mass spectrometry-based proteomics to interrogate
the proteome in response to simulated and natural perturbations, | explore the changing functions
of the bacterium Colwellia psychrerythraea and an ocean microbiome. Specifically, the chapters
detail the temporal changes that occur in response to challenging environmental perturbations
and how these changes reveal potential biomarkers for various applications, with strong

implications for translational environmental microbiology.



1.2 PROTEOMICS IN MICROBIOLOGY

Proteomics is the study of the complete set of proteins within a biological system. In
contrast to other ‘omics approaches, proteomics reflects the active functions of cells at the time
of harvest. Proteomic techniques, like mass spectrometry (MS), are capable of capturing
functionality through the measurement of peptides (Wu and MacCoss 2002), the component
pieces of proteins that are tightly regulated and rapidly modified in response to minute
environmental perturbations (Maier et al., 2011). Recent advances in MS techniques and methods
have enabled accurate quantification of peptides in a variety of sample types across a wide
dynamic range (Brunner et al., 2022; Zubarev 2013). While proteomics studies analyze a single
organism, metaproteomics is the collection and analysis of a mixed community of organisms.
Most bacteria cannot be cultured (Zamkovaya et al., 2021) and even those that can, often don’t
live alone in the environment (Moran 2015, Fierer 2017). Taking this into consideration,
metaproteomic studies are especially useful for observing the response of a mixed community to
environmental perturbations as these analyses capture the true dynamic response of cells as
opposed to their predicted functional capacity (Morris et al., 2010; Kleiner et al., 2017; Mikan et
al., 2020; Shrestha et al., 2021; Zhao et al., 2023).

The building blocks of proteins, amino acids, have been isolated from asteroids and space
dust (Potiszil et al., 2023), hinting at the potential for their use by other lifeforms on exoplanets.
The sequence of those amino acids yield specific peptides that can retain both taxonomic and
functional information which are directly measured in traditional bottom-up mass spectrometry
experiments (Gillet, Leitner, and Aebersold 2016); (M. Miller and M. Smith 2023). The confident
identification of those peptides in different samples allows for direct conclusions in proteomic
comparative studies and avoids inherent pitfalls of protein inference, such as mis-identification
and over-interpretation (Rosenberger et al., 2017; Plubell et al., 2021). Proteins, in their role as

cellular biological machines, reflect active functionality at the time of cell capture and reveal



regulatory mechanisms and adaptations to environmental changes as organisms can change
their proteomes rapidly. Microbiome analyses uncover community-scale interactions that allow
certain bacteria to dominate while others are limited, while also highlighting the prevalence of
functional redundancy and conservation of metabolic processes across taxonomies. Additionally,
enrichments of specific bacteria in some studies may indicate the competitive advantages of
keystone taxa (Venter, Smith, and Payne 2011). The study herein demonstrates the importance
of selecting the appropriate analytical scale, showcasing detailed analyses at multiple levels and

their applications across various fields.

1.2.1 MASS SPECTROMETRY-BASED PROTEOMIC TECHNIQUES

Recent advancementsin mass spectrometry are increasing the applicability and relevance
of proteomic studies. While microbiome studies are currently dominated by metagenomics
through the application of high-throughput sequencing technologies (Zhang and Ning 2015), the
field is expanding to harness the power of metaproteomics through applied mass spectrometry.
To expand on considerations for experimental design, the specific mass spectrometry technique
or method applied in a study will make a considerable impact on the biological conclusions one
can make. In this work, only bottom-up proteomics, in which proteins are broken into their
component peptides prior to MS analysis, will be considered (M. Miller and M. Smith 2023). In
bottom-up MS proteomics, the targets being directly measured are peptides; for this reason, all
interpretations will be made at the peptide level to avoid the problems that come with protein
inference (Rosenberger et al., 2017), that are further exacerbated when samples contain mixed
communities (see discussion in Mikan et al., 2020).

Data-dependent acquisition (DDA) mass spectrometry is a robust technique that captures

the most abundant peptides in a sample in a stochastic manner (Bateman et al., 2014). Though



not directly quantitative, this approach has broad applicability and has been widely adopted in the
proteomics field. More recently, data-independent acquisition (DIA) mass spectrometry was
developed, which is a quantitative method that systematically samples all ions within a specified
mass-to-charge window (Pino et al., 2020). DIA is a powerful tool but requires targeted extraction
of the signal ions resulting from fragmentation and downstream interpretation relies on a database
(Lee et al., 2016generally the metagenome of the sample itself or a highly related sample or
organism. Database selection has a major impact on biological conclusions from metaproteomic
MS analyses (Timmins-Schiffman et al., 2017) and could be seen as a weakness of proteomics
due to the added costs incurred, however recent advances in both Al and de novo sequencing
are playing a part in making up the gap to advance proteomic capabilities (R. S. Johnson et al.,
2020). While both DDA and DIA are discovery-based techniques, targeted analyses are also
possible. Parallel reaction monitoring is a targeted method that allows for highly sensitive and
accurate quantification of a subset of peptides (Remes, Yip, and MacCoss 2020). All of these
methods have advantages and disadvantages (Hu, Noble, and Wolf-Yadlin 2016). DDA is
affordable and produces more manageable data, but the stochastic nature in which ions are
selected for fragmentation limits researchers to a qualitative or comparative quantitation analysis.
DIA allows for quantification of all peptides across a wide m/z range regardless of the precursor
ion intensities. That said, coeluting peptides can create difficulties in downstream interpretation
(Rosenberger et al., 2017), especially when samples contain mixed or complicated proteomes as
is the case with microbiome samples (Saito et al., 2019). Quantitative accuracy is improved with
targeted analyses (Doerr 2012), but only a few targets can be measured at a time and they must
be known prior to conducting the analysis (van Bentum and Selbach 2021). Due to the inherent
complexities in downstream analyses, experimental design when using mass spectrometry-based
proteomics is a critical decision point. While this is true in any protein study, it becomes even
more important when trying to understand how a mixed microbial community changes through

time.



1.3 COMPLEXITY OF MICROBIOME DATA ANALYSIS

Despite MS-based proteomics generating an abundance of peptide spectral data, final
interpretation of active metabolic functions from big data remains challenging. In the following
chapters, a variety of approaches are utilized to extract meaningful and statistically significant
trends without bias across various data structures and biological questions. This work repeatedly
emphasizes the power of dimensionality reduction technigues, such as non-metric
multidimensional scaling (NMDS)(Mudge et al., 2021) and principal component analysis
(PCA)(Boyd et al., 2016), which help isolate drivers of variation between samples under various
conditions or across timepoints. Choosing the most relevant statistical method is also crucial for
accurate downstream data interpretation. For example, in Chapter 2 log fold change analysis
distinguishes significant differences in protein abundance between experimental conditions,
revealing relevant metabolic modifications to environmental perturbations. In Chapters 3 and 4
more advanced time series statistics were applied to find significant trends in environmental
metaproteomic data for the first time. This allowed for the non-biased isolation of changepoints in
underlying peptide abundance states for use in revealing potential biomarkers. As the peptide
and protein amino acid sequences are informative and specific to both taxonomic and functional
annotations, | was able to reveal who was doing what through time. Taxonomic composition is
often used in microbiome studies to analyze changes in community composition (Sunagawa et
al., 2015; Shin et al., 2018); this approach, however, does not elucidate what the microbes present
are actually doing. Functionality, as categorized through gene ontology (GO) terms, can be more
difficult to isolate and interpret due to the innate complexity of GO term structure; however,
understanding the active metabolic responses to conditions is crucial to scientific advancement.
In this work, a tool called MetaGOmics (Riffle et al., 2017) is utilized and improved to assign
annotations of both taxa and function across a microbiome, facilitating the analysis of overarching

trends. Chapters 3 and 4 aim to draw statistically robust biological conclusions by using both



taxonomy and function to address a variety of hypothesis-driven and environmentally relevant
guestions.

Though microbiomes often exhibit a high level of diversity, common metabolic processes
are shared across many bacteria, making them relevant to a variety of studies regardless of the
biological question being addressed. For example, carbon, nitrogen, and fatty acid metabolism
are all critical for life as we know it (Morris et al., 2010). Recent literature has uncovered evidence
that these processes can occur with regularity even in bacteria, with metabolic cycles ranging
from seasonal to daily (Lindh et al., 2015; Arandia-Gorostidi et al., 2022). This regularity suggests
the presence of metabolic scheduling, with distinct pathways prioritized at specific times of day.
This general idea of metabolic scheduling is relatively new and fundamentally changes our view
of how organisms as simple as bacteria can operate within complex communities, and perhaps
even how and why certain mixtures maintain the balance they do. Choosing a specific time of day
to sample could have drastic implications for the biological pathways expressed at the time of
collection and should be further examined. Additionally, most microorganisms have specific
adaptations down to the strain level that can offer them a competitive advantage against
neighboring bacteria in the midst of environmental change (Scheuerl et al., 2020; Lieberman
2022). Teasing apart the influence of metabolic scheduling and competitive strategies in the
context of complex biological processes is difficult but could provide diagnostic or forecasting

capabilities in a range of fields.

1.4 ORGANIZATION OF THIS DISSERTATION

While the experiments presented here are diverse, there are overarching themes worth
noting. One major goal of the work was the development of biomarkers to aid in the translation
from bench to real world applications. The development of peptide-based biomarkers is gaining

momentum in medical research, with a range of potential molecular or antigen rapid tests in



development (Pandey, Malviya, and Chottova Dvorakova 2021). Another theme of this research
was the characterization of adaptation strategies in the midst of challenging environments, both
in the context of a single organism and a diverse microbiome. Finally, the backbone of this
research was the use of mass spectrometry-based proteomics techniques to isolate functional
strategies of bacteria when responding to change through a peptide-centric lens.

In Chapter 2, the model psychrophilic bacterium Colwellia psychrerythraea 34H (Cp34H)
was used to analyze the long-term effects of temperature, salinity, and nutrients on viability and
survival. Specific adaptation strategies were isolated by examining the proteome after incubations
of four months across two temperatures and two nutrient conditions. Potential biomarkers for life
in subzero environments were additionally isolated by searching for enriched combinations of
short (2-5) amino acid chains, small enough for life detection strategies proposed on future
missions. In Chapter 3, a metaproteomic analyses of a complete time series that captured an
ocean microbiome preceding a harmful algal bloom of the non-toxic phytoplankton Chaetoceros
socialis was performed. Pre-bloom dynamics were examined to isolate peptide biomarkers
through the development of a novel, statistically robust pipeline for discovery. After the
identification of peptide biomarkers that predict the onset of bloom formation, the peptides were
tested in a targeted mass spectrometry assay on another in situ time-series to determine their
validity in predicting blooms. In Chapter 4, peptides from the same pre-bloom time series in
Chapter 3 were further characterized in the context of the entire 22 day time series collected
during the 2021 field season (Nunn 2024) in which both pre-bloom and post-bloom dynamics of
Chaetoceros influenced the metabolic scheduling of the surrounding microbiome. GO terms were
examined to identify unique patterns in metabolism across various dominant bacterial classes of
the microbiome; additionally, GO terms were examined independent of taxonomy to reveal
functions that reflectglobal changes in the metabolic strategy of the microbiome between blooms.
Through these chapters a variety of mass spectrometry techniques were used and optimized for

analyzing low-biomass microbial communities, including data-dependent acquisition, data-



independent acquisition, and parallel reaction monitoring, to better understand how microbiomes
respond to their environment and how they may in turn also influence the environment in tangible,

applicable, and relevant ways.






Chapter 2: SUBZERO, SALINE INCUBATIONS OF
COLWELLIA PSYCHRERYTHRAEA REVEAL
STRATEGIES AND BIOMARKERS FOR SUSTAINED LIFE
IN EXTREME ICY ENVIRONMENTS

Chapter 2 is adapted with minimal modification from:

Mudge, Miranda C., Brook L. Nunn, Erin Firth, Marcela Ewert, Kianna Hales, William E. Fondrie,
William S. Noble, Jonathan Toner, Bonnie Light, and Karen A. Junge. 2021. “Subzero,
Saline Incubations of Colwellia Psychrerythraea Reveal Strategies and Biomarkers for

Sustained Life in Extreme Icy Environments.” Environmental Microbiology 23 (7): 3840—
66. https://doi.org/10.1111/1462-2920.15485.

M. C. Mudge contribution: Proteomic mass spectrometry, including sample preparations and all
proteomic data analyses, and biomarker identifications.

2.1 ABSTRACT

Colwellia psychrerythraea is a marine psychrophilic bacterium known for its remarkable ability to
maintain activity during long-term exposure to extreme subzero temperatures and
correspondingly high salinities in sea ice. These microorganisms must have adaptations to both
high salinity and low temperature to survive, be metabolically active, or grow in the ice. Here, we
report on an experimental design that allowed us to monitor culturability, cell abundance, activity,
and proteomic signatures of Colwellia psychrerythraea strain 34H (Cp34H) in subzero brines and
supercooled sea water through long-term incubations under eight conditions with varying subzero
temperatures, salinities, and nutrient additions. Shotgun proteomics found novel metabolic
strategies used to maintain culturability in response to each independent experimental variable,
particularly in pathways regulating carbon, nitrogen, and fatty acid metabolism. Statistical analysis

of abundances of proteins uniquely identified in isolated conditions provide metabolism-specific
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protein biosignatures indicative of growth or survival in either increased salinity, decreased
temperature, or nutrient limitation. Additionally, to aid in the search for extant life on other icy
worlds, analysis of detected short peptides in -10°C incubations after four months identified over
500 potential biosignatures that could indicate the presence of terrestrial-like cold-active or

halophilic metabolisms on other icy worlds.

22 INTRODUCTION

As seawater freezes, organisms are trapped within brine channels and inclusions. This
habitable, liquid fraction of the sea ice environment is spatially heterogeneous and variably
interconnected (Golden et al.,, 2007; Ewert and Deming, 2014), with decreasing temperatures
resulting in reduced brine volume and increased brine salinity (Cox and Weeks, 1983). This
environment is dynamic and heterogeneous over spatial and temporal scales, including many
factors such as bacterial abundances and diversities, extracellular polymeric substances (EPS)
(Callins et al., 2008), and dissolved organic carbon (DOC) (Underwood et al., 2010). In the Arctic,
conditions can be simultaneously dynamic and extreme for considerable periods of time; data
recorded within sea ice near Utqiagvik, Alaska show temperatures remaining below -10°C and
calculated brine salinities remaining above 144 ppt (14.4% salt content) for greater than 100
consecutive days (Ewert and Deming, 2014). Organisms living in sea ice thus may be considered
polyextremophiles, experiencing both subzero temperatures (psychrotolerance or psychrophily;
Junge et al., 2019) and high salinities (halotolerance or halophily; Oren, 2006), as well as highly
variable nutrient availability.

Polyextremophiles have a particular relevanceto astrobiology, and given that most planets
and moons with the potential to harbor life have surface temperatures well below freezing with
putative high salt content liquids (Hand et al., 2009; Martin and McMinn, 2018), it is reasonable

to examine polyextremophilic psychrophiles. Of distinct interest in the search for signs of
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extraterrestrial life is the Europan chaos terrain (Hand et al., 2017, Europa Lander Report).
Organisms sampled from this environment would be expected to have passed through habitable
subsurface liquid into uninhabitable surface ice, thus it is important to understand the survivability
of organisms and biosignatures when transferred to conditions beyond their known growth limits
for considerable periods of time, specifically conditions that are colder, more saline, and
potentially nutrient limited. Additionally, liquid water, ranging in size from droplets to predicted
subsurface oceans, has been detected on various icy worlds throughout the Solar System due to
the high concentration of salts within (Carr et al., 1998; Hendrix et al., 2018; Lauro et al., 2020),
making brines on such worlds a suitable target for the search for biomarkers of life. Martin et al.
(2020) modeled one such example, Titan’s subsurface ocean, to report potential protein
compactness, flexibility, and backbone dihedral distributions by comparing proteins found on
Earth to simulations in Titan waters, adding weight to our hypothesis described herein that
proteins can exist in extreme hypersaline conditions.

The theoretical minimum growth temperatures for psychrophilic organisms (such as those
predicted for Antarctic isolates in Bowman et al., 1998) will be limited by the equilibrium salinity
of the brines, unless the organism is inhabiting supercooled solutions. On Earth, supercooled
water exists in clouds, in the surface waters of open leads or ice islands in the Arctic ocean
(Untersteiner and Sommerfeld, 1964; Katsaros, 1973), or brines underneath Antarctic ice sealed
lakes (Murray et al., 2012); evidence of bacterial activity has been observed in supercooled cloud
droplets and Antarctic brines, suggesting such liquids provide suitable habitats for life (Sattler,
2001; Murray et al.,, 2012; Creamean, 2019). Adaptations that limit sea ice freezing, favor
supercooling, or allow the organism to locate itself in conditions of favorable salinity will be
advantageous to microorganisms in sea ice. Survival at subzero temperatures in equilibrium
brines in comparison to supercooled seawater at the same temperature has not been examined
to date. It is furthermore unclear whether low-temperature or high-salinity adaptations, or what

combination of both, grant an organism the ability to grow under the corresponding equilibrium
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brine salinity conditions in subzero environments. Thus, in order to characterize the responses of
organisms to polyextremophilic environments, we used multivariable laboratory experiments with
both supercooled seawater and equilibrium brines that allowed us to investigate the individual
and interactive effects of salinity and temperature and at the same time explore microbial activities
in supercooled seawater.

Here we specifically examined Colwellia psychrerythraea 34H (Cp34H), a marine
psychrophilic gammaproteobacterium from subzero Arctic marine sediments (Huston et al., 2000)
that is also found in sea ice (Methe et al., 2005; Boetius et al., 2015). Cp34H is considered the
model marine psychrophile for cold oceans (Czajkaa et al., 2018); it has been shown to exhibit
protein synthesis at very low subzero temperatures in artificial sea ice (Junge et al., 2006), and
to possess many adaptations typical of psychrophilic sea ice bacteria (Methe et al., 2005; Ewert
and Deming, 2011; Collins and Deming, 2013; Nunn et al., 2015; Firth et al., 2016; Showalter and
Deming, 2017). The current temperature growth range of Cp34H in nutrient rich marine media is
-12to 19°C (Wells and Deming, 2006a,b), corresponding to an equilibrium brine salinity maximum
of approximately 181 ppt (Cox and Weeks, 1986; Eicken and Salganek, 2009), well outside the
observed salinity growth range of Cp34H at its optimal growth temperature of 8°C in nutrient rich
marine medium (15 to 70 ppt; Huston, 2003). The equilibrium brine conditions studied here were
chosen based on natural conditions encountered by organisms within sea ice based on known
eutectic point values. Below -5°C, conductive fluid flow in sea ice ceases to exist (Golden et al.,
2007) and brine pockets containing a high salt content are isolated. By comparing results from
cells in-brine with cells in-supercooled seawater, we can specifically elucidate the impact that
salts alone have on microbial activities at a given temperature and without ice formation. This
controlled analysis removesthe factor of the ice itself, as examined in previous in-ice experimental
studies (e.g., Junge et al., 2006; Nunn et al., 2015) or field work (e.g., Junge et al., 2004), where
it is impossible to distinguish between effects of temperature and salinity - since in the natural

habitat of sea ice both are always intricately linked. Although past work has characterized the
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effects of temperature and time on psychrophilic activities and proteomes in ice (Nunn et al.,
2015), to our knowledge the functional responses unique to temperature, salinity, and nutrients in
Cp34H have yet to be characterized.

In this study, Cp34H was incubated for four months at two subzero temperatures within
its growth range, in supercooled seawater or in equilibrium brine, with or without nutrient additions.
By tracking bacterial cell counts, metabolic activity, culturability, and proteomic responses in
tandem across the eight conditions, we investigated proteome shifts to determine potential protein
indicators for identifying present or extant life in each independent condition, whether on Earth or
other icy worlds. Individual and interactive effects of temperature, salinity, and nutrient availability
were disentangled, providing the molecular details of cellular culturability maintenance after
extended periods of time. We furthermore analyzed the detected peptides from Cp34H held at -
10°C for four months for short polypeptide enrichments to determine if specific amino acids were
enriched relative to the entire predicted proteome, representing abundant temperature- or salinity-
dependent biomarkers with high detectability and survivability that are compatible with life on
Earth found in environments analogous to those proposed off-Earth. As proteins and amino acids
survive in the environment for extended periods of time and have been detected in extraterrestrial
bodies (e.g., McKay et al., 1996; refs within Cobb and Pudritz, 2014; McGeoch et al., 2020), we
propose and provide a list of short three or four amino acid long polypeptides (referred to as 3-
and 4-mers) as candidate biomarkers for future exobiology missions — especially relevant given
that most worlds in the solar system are at temperatures well below the freezing point of water
with high salinity and limited water activity (Carr et al., 1998; Khurana et al., 1998; Hand et al.,

2009; Hendrix et al., 2018; Parro et al., 2018).

2.3 METHODS
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Supercooled sea water and equilibrium brines We prepared three sterile saline
solutions (artificial seawater (ASW) at 6°C, equilibrium brine at =5°C and -10°C). The ionic
composition of the solutions was chosen to reflect the freezing-equilibrium concentrations of
seawater at —1°, —5° and —10°C resulting in salinities of 35, 84, and 140 ppt with respective salt
content of 3.5, 8.4, and 14% (Table 2.1, Marion et al., 1999). Recipes for saline solutions were
calculated to achieve the desired molal concentrations for each temperature (Table 2.2). Solutions
were prepared with 1000 g of milli-Q water previously amended with 1.3 g/L of the buffer TAPSO
(3-[N- tris(hydroxymethyl) methylamino]-2-hydroxypropane-sulfonic acid) and titrated to a pH of
7.6. Individual marine salts listed in Table 2.2 were added to the buffered milli-Q water at room
temperature. Care was taken to prevent mineral precipitation at room temperature by mixing
CaCl: separately in half of the water volume and slowly titrating the CaClz solution into a solution
containing the remaining salts. After preparation, saline solutions were filter-sterilized using 0.2
pm cap-filters. Equilibrium ionic concentrations in Table 2.1 were converted to salt concentrations
(%) following Marion and Kargel (2008). Water activity for brines was calculated based on the

equilibrium constant of ice, a function of temperature (Spencer et al., 1990).

Table 2.1 Molal concentrations of sea saltions used to prepare equilibrium solutions.

Eadbn | N K ca Mg o S0, g4 smnam M
(mol/kg)

-1°C 0.486 0.011 0.010 0.055 0.567 0.029 3.5 0.7 0.990

-5°C 1.228 0.027 0.024 0.1383 1.432 0.074 8.4 1.8 0.953

-10°C 2.172 0.051 0.046 0.263 2.720 0.060 14.0 3.2 0.907

Concentrations were calculated assuming the equilibrium freezing pathway of seawater (Marion
et al., 1999). Salt concentration (%) was calculated according to Marion & Kargel (2008). Water
activity for Brine was calculated based on the equilibrium constant of ice, a function of temperature
(Spencer et al., 1990). Note that the equilibrium solution at —1°C corresponds to artificial seawater
(ASW).
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Table 2.2. Recipe used in the preparation of experimental saline solutions.

Solution KCI MgCl, NaCl MgSO, CaCl,
ASW 0.8 2.4 28.4 3.5 11
-5°C Brine 2.0 6.1 71.8 8.9 2.7
-10°C Brine 3.8 19.3 126.9 7.3 51

Salts (g) added to 1000 g of water.

Bacterial strain and cellular preparations Cell preparations were obtained from
cultures of Colwellia psychrerythraea strain 34H (ATCC No. BAA-681; GenBank Accession No.
AF396670). Cp34H was cultured from frozen glycerol stocks, and then grown to early stationary
phase in half-strength Marine Broth 2216 (SIGMA, Junge et al., 2006)), rocking, at 0°C to a final
cell density of 1.04x10° cells mL* (ODsoo = 0.44).

The culture was split into three equal parts and centrifuged under sterile conditions at
2,800 x g for 20 min at 4°C (Nunn et al., 2015). After discarding the supernatant, cells were
resuspended in either one of the three pre-chilled sterile saline solutions (see above), centrifuged
again at 2,800 x g for 10 min at 4°C and resuspended in their corresponding pre-chilled saline
solution for a final ODsoo of 0.26 (ASW), 0.29 (-5°C brine) and 0.28 (-10°C brine). Triplicate 100
pL aliquots of cell resuspension were fixed in 2% formaldehyde and stored at 4°C for the
determination of bacterial abundance through epifluorescence microscopy (see Culturability and
cell abundance (cell counts)); another set of triplicate 20 L aliquots was used to determine
culturability through the most probable number (MPN) procedure as described below. The
resulting initial cell concentrations were 3.12x108, 3.39x108 and 2.75x108 cells mL* for ASW,
-5°C and —10°C brine, respectively. The initial MPN of culturable cells were 2.15x108, 3.75x108,
and 2.15x108 cells mL* for ASW, -5°C and —10°C brine, respectively.

Cells resuspended in saline solutions were either used without further amendments (-nutr

superscript) or amended with glucose (1 g/L), yeast extract (14 mg/L) and leucine (4 mg/L) (+nutr
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superscript). Nutrient concentrations used here are known to support growth in Cp34H (Marx et
al.,, 2009; Czajka et al., 2018). Cell resuspensions intended for activity measurements were
amended with glucose and yeast extract only, as the radioactive marker already contained
leucine. Parallel growth curves of Cp34H in ASW with and without nutrients at -1°C for 16 days
were also performed to confirm that this minimal amount of nutrients can support growth and

culturability under optimal temperature and salinity conditions.

Incubations Prior to incubation at the two temperatures, cell resuspensions were distributed
intol.5 mL microcentrifuge tubes (Fisherbrand™ Premium) to be used for measurements of
metabolic activity (500 pL cell resuspensions for protein synthesis through [3H]-leucine
incorporation), measurements of cell abundance and culturability (600 uL cell resuspension,
shared) and proteomics (600 pL cell resuspension). To determine protein synthesis activity,
triplicate samples of both live incubations and killed control cells were retrieved at 2, 12, 24 hours
and one month. Metabolic activity incubations were completed at one month since previous
studies had shown that subzero activity rates based on increases of leucine incorporations over
time until maximum incorporation amounts are reached can usually be calculated during initial 24
hour incubation periods, thus allowing for the determination of activity rates for the different
treatments (Junge et al., 2006, Nunn et al., 2015). Samples for cell counts and cell culturability
were retrieved after initial set-up and after one (n = 3) and four months (n = 4). Samples for
proteomic analysis were harvested after four months (n = 4).

Microcentrifuge tubes were placed in plastic racks, wrapped in bubble wrap casings to
reduce temperature fluctuations, and transferred to —5°C and —10°C incubators. Fluctuations in
incubator temperature were monitored prior to the start of the experiment, and the minimum
temperature registered in a few days period was either -5°C or -10°C. Based on measured

cooling rates, samples reached their target incubation temperature within one hour.
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To generate a reference proteomic dataset (control) from which all experimental proteomic
datasets were compared, Cp34H was grown at -1°C and harvested at mid-exponential growth.
Specifically, three cultures of Cp34H were grown in 20 mL of ¥2 x MB2216 (BD Difco) at -1°C,
stirring, to a final cell density of 4.82x108+3.18x10’ cells mL™. Initial inocula were derived from
the same frozen glycerol stock used for all other cell resuspensions. From each flask, one 1 mL
aliquot was obtained and killed with an immediate addition (i.e., within seconds) of 200 L of pre-
chilled 50% trichloroacetic acid (TCA). Any possible effectof opening the tube (and allowing more
oxygen to enter for a few seconds) is considered negligible. Another 1 mL aliquot was fixed with
2% formaldehyde and stored at 4°C for analysis of microbial abundance. TCA-killed samples
were centrifuged at 5,000 x g for 20 min at 4°C, then washed with cold, sterile ASW and
centrifuged again at 18,000 x g for 15 min at 4°C. Pellets were stored at -70°C until proteomic

sample preparation (as described below).

Culturability and cell abundance (cell counts) At each time point, each
microcentrifuge tube was subsampled for culturability, cell abundance and proteomic analysis.
Culturability was determined by aliquoting 20 pL into triplicate wells of a pre-chilled 96-well
microplate containing 180 pL of %2 x MB 2216. Ten serial 1:10 dilutions were performed on each
triplicate sample. Microplates were incubated at 4°C until wells in the microplate showed visible
turbidity. The number of wells displaying growth was converted into three-digit codes used to
calculate the most probable number of culturable cells (MPN) according to standard tables from
the FDA Bacteriological Analytical Manual (Blodget, 2011). To determine cell abundances, 100
uL aliguots were fixed in 2% formaldehyde and kept at 4°C until epifluorescence microscopy
enumeration. Cells were stained with the DNA-fluorescent stain DAPI (4',6'-diamidino-2-

phenylindole 2HC) and microscopic counts were performed in triplicate as in Junge et al. (2004).
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Metabolic activity: [3H]-leucine incorporation Bacterial metabolic activity was
measured using [3H]-leucine incorporation assays previously developed for the analysis of
bacterial protein synthesis activity of Cp34H in saline ice (Junge et al., 2006; Nunn et al., 2015).
Briefly, incubations for the metabolic activity assays contained 100 pL of the radioactive tracer
([3H]-leucine (10 Ci mL™*; diluted 1:100 from stock of [3H]-leucine [ICN Biomedicals, Catalog No.
20036E; 40-60 CimL* in sterile 2:98 ethanol-water mixture])). For controls, 100 pL of 50% chilled
trichloroacetic acid (TCA) were added to each microtube before tracer addition (as in Junge et
al., 2006 and Nunn et al., 2015). Triplicate controls were completed at each temperature and time
point. Methods described by Junge and colleagues (2006, 2015) were primarily followed, with the
exception of one modification where two ethanol washes were performed during the processing

stage.

Proteomic sample preparations After four months of incubation, a 440 pL aliquot
from each 600 pL cell suspension sample was subsampled, killed with 88 uL of cold 50% TCA,
and cell debris and proteins were pelleted at 18,000 x g for 15 min at 4°C. After discarding
supernatant, pellets were frozen at -70°C until proteomic sample preparation. All TCA-precipitated
cell pellets for proteomic analyses were mechanically lysed (Branson 250 Sonifier; 20kHz, 10 x
10 s on ice) and then proteins were solubilized, quantified, and digested following the detailed
methods outlined in Nunn et al. (Nunn et al., 2015). Briefly, 100 pg aliquots of protein were
reduced (tris(2-carboxyethyl)phosphine (TCEP), alkylated (iodoacetamide) and then digested
with Promega modified trypsin (4 hr 37°C). Peptides were desalted using C18 miniprep centrifugal
spin columns following manufacturer's instructions (Nest group MicroSpin columns) and cleaned
up peptides were evaporated to dryness and resuspended in 2% acetonitrile (ACN), 0.1% formic

acid with final concentration of 0.5 pg protein pL.
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Proteomic mass spectrometry The mass spectrometry analysis was performed on
a QExactive Hybrid Quadrupole Orbitrap with an inline EASY-nLC 1200 (ThermoFisher
Scientific). Reverse-phase chromatography was achieved using a Manufactured PicoTip fused
silica capillary column (40 cm long, 75 pm i.d.) packed in-house with C18 particles (Dr. Maisch
ReproSil-Pur; C18-Aq, 120 A, 3 uym) fitted with an in-house packed kasil-frit 3cm long, 100 pm
i.d. precolumn (Dr. Maisch ReproSil-Pur; C18-Aq, 120A, 3 pym). To maintain a stable back-
pressure on the liquid chromatography column, the 40 cm analytical column was held at 40°C.
Peptides were eluted using an acidified (formic acid, 0.1% v/v) water-acetonitrile gradient (2—35%
acetonitrile in 120 min). The top 20 most intense ions were selected for MS2 acquisition from
precursor ion scans of 400-1200 m/z. Centroid full MS resolution data was collected at 70,000
with AGC target of 1x10°8 and centroid MS2 data was collected at resolution of 35,000 with AGC
target of 5x10*. Dynamic exclusion was set to 10 seconds and +2, +3, +4 ions were selected for
MS2 using data dependent acquisition mode (DDA). Sample analyses on the MS were
randomized to reduce batch effects and quality control (QC) peptide mixtures were analyzed
every fifth injection to monitor chromatography and MS sensitivity. Skyline was used to determine
that QC standards did not deviate >10% through all analyses (MacLean et al., 2010). The mass
spectrometry data are deposited to the Proteome Xchange Consortium via the PRIDE partner

repository with the dataset identifier PXD022428.

Protein data interpretation Peptide identifications from mass spectrometry data were
completed using Comet 2018.01 rev. 2 (Eng et al., 2013; 2015) and the Uniprot Colwellia
psychrerythraea protein database (downloaded 4/2/2019) concatenated with 50 common
contaminants and the quality control peptides. Comet parameters included: reverse concatenated
sequence database search, trypsin enzyme specificity, cysteine modification of 57 Da and
modifications on methionine of 15.999 Da (oxidation). PeptideProphet and ProteinProphet were

used to validate peptide spectral matches (PSMs) and determine thresholds for a false discovery
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rate < 0.01 (proteins accepted if = 2 peptides identified, and p > 0.95 on ProteinProphet and p >
0.99 on PeptideProphet (Nesvizhskii et al., 2003). Abacus (in the QPROT software suite) was
used to generate normalized spectral abundance factors (NSAF), the number of unique peptides
identified for each protein across all experiments, and peptide spectral match (PSM) counts for
all confidently identified proteins (Fermin et al., 2011; Choi et al., 2015). NSAF corrects for the
effect of protein length on final spectral counts, as larger proteins inherently contribute more
peptides. NSAF is calculated as the number of spectral counts for a protein (SpecCnt), divided
by the protein length (L) (i.e., the number of amino acids), divided by the sum of SpecCnt/L for all
proteins identified in a mass spectrometry experiment. NSAF values were further analyzed with
QPROT to determine pairwise log2 fold changes between treatments and were plotted using
ggplot2 to generate volcano plots (Choi et al., 2015; Wickham, 2016). All data presented to be
significantly changing passed log- fold-change = |0.5] and Z-statistic score = |2.0| (equivalent to
p-value < 0.05; two tailed) (Choi et al., 2015). Nonparametric multidimensional scaling analysis
(NMDS) was completed on NSAF values for each bioreplicate with = 2 unique peptides identified
per treatment using the package “vegan” with R studio version 1.2.1335 (Oksanen et al., 2013;
Rstudio Team, 2020). Hierarchical clustering analysis was completed using the package
“pheatmap” on peptides meeting more stringent significance thresholds of log: fold-change = |2
and Z-statistic score = |2.0|. Upset plots and venn diagrams were completed on datasets where
= 2 unique peptides were detected across all experiments, and = 2 spectral counts per bioreplicate
(Chen, 2018; Conway and Gehlenborg, 2019). A defined list of 21 functional annotation terms for
categorizing proteins was selected using EggNOG-mapper version 5.0, a database for defining
proteins using orthologous relationships and gene evolutionary histories (Huerta-Cepas et al.,
2019). All identified proteins were also annotated with Kyoto Encyclopedia of Genes and
Genomes (KEGG) using KOALA (Kanehisa et al., 2015), assigning K numbers to identified

metabolic enzymes. Proteins identified to be significantly changing were mapped onto pre-
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existing metabolic maps using KEGG Mapper - Search&Color Pathway tool

(https://www.genome.jp/kegg/tool/map pathway2.html).

Enrichment analysis of salinity and temperature-specific short polypeptide

Enrichment analyses of the amino acid sequences retained after four months at -
10°C were completed to determine if there were short peptide sequences (3-4 amino acids) that
were significantly enriched relative to the short peptide sequences from all of the proteins detected
across these experiments. Peptide-spectrum matches (PSMs) were post-processed using
Percolator (Kall et al., 2007) to detect peptides in each run at a false discovery rate (FDR)
threshold of 1%. NSAF values from all MS experiments on the four treatment conditions were
analyzed using two-factor analysis of variance (ANOVA) with 1% FDR control via the Benjamini-
Hochberg (BH) procedure to detect proteins associated with changes in temperature and salinity.
This analysis provided sets of proteins associated with temperature (-5°C vs. -10°C), salinity
(ASW vs. equilibrium brines), and the interaction of the two terms (all conditions vs. -10°C brine
treatments). From the proteins identified in the ANOVA, log: fold change was computed followed
by a one-tailed t-test (with BH FDR control at 1%) to determine significantly changing proteins
between different treatments (log= fold change = 0.5). Proteins identified to be significantly
different in response to high salinity, -10°C temperatures, or the combined effectsin the -10°C
brines were then digested in silico to 3-4 amino acid long k-mers, and statistically evaluated
relative to the background lists of 3-mers and 4-mers detected across all experiments to identify
condition-specific enriched short polypeptides. A chi-squared test was performed on the k-mer
counts in each condition, with BH multiple testing correction, providing a g-value and logz fold
change value for each k-mer and allowing identification of statistically different frequencies of the
k-mers observed in the different treatments. A second chi-squared test was performed to
determine which, if any, amino acid compositions of the identified 3-mers and 4-mers were

significantly increased or decreased relative to the amino acid distribution of all detected peptide
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k-mers. Heatmaps were generated to visualize the distribution of amino acids in the 3-mers and
4-mers, irrespective of the location in the sequence, where rows representing amino acid
distributions were clustered using Euclidean distances. Principal component analysis was
completed using Python using scikit-learn package v.0.21.3, and all code and scripts are provided

in the Github repository github.com/noble-lab/2020 _cp34h.

24 RESULTS
2.4.1 CULTURABILITY, ABUNDANCE AND ACTIVITY ANALYZED AFTER ONE
MONTH INCUBATION

Incubations of Cp34H (Fig. 2.1) in artificial seawater (ASW; Table 2.1) with nutrient media
at optimal salinity and warmer temperature (-1°C) demonstrated that Cp34H can grow in this
media as indicated by the increase in culturability (quantified as the number of culturable cells
determined through MPN technique; see experimental procedures below) over time up to a
maximum of 1.45x108 cells mL* (Fig. 2.2). When incubated at —5°C in supercooled ASW, Cp34H
maintained a high number of culturable cells (~1x108 cells mL*) over four months in experiments
where nutrients were present (Fig. 2.2a). Exposure to lower temperature (i.e., -10°C, Fig. 2.2b, d)
resulted in a complete elimination of culturable cells; higher salinity (i.e., 8.4% [for the nutrient-
depleted treatment only], Fig. 2.2c) resulted in a sharp decrease in the number of culturable cells
(down to an average of 5.38x10* +/- 1.08x10? cells mL*). With the exception of most of the -10°C
treatments, culturability in brine samples increased in the presence of nutrients. Cells remained
culturable after one month of incubation in -10°C brine treatments, with total cell abundances as
high or higher than in -5°C incubations (Fig. 2.3). Total cell abundance in -5°C brine treatments

after four months showed a significant decrease (p < 0.01; Fig. 2.3).
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Figure 2.1. Experimental design for long-term incubations of Cp34H in extreme temperatures and
salinities. Cells were grown in optimal media at 0°C until desired concentration was reached. Cells
were then aliquoted into three separate media with salinity concentrations calculated in Table 2.1-
2. Media for each salinity was divided into 2 flasks, with or without additional nutrients. Cells were
then aliquoted in triplicate to eppendorf tubes and incubated at -5°C or -10°C for one and four
months. Samples were harvested and cell count and culturability measures were performed.
Additionally, samples incubated one month were measured for activity using [3H]-leu and samples
incubated for four months were analyzed via mass spectroscopy.

-10°C

3.2 ppt
+/- Nutrients

[3H]-leucine incorporation into Cp34H was tracked for the first month of the incubation and
used to approximate the rate of oxygen depletion within the cultures, not accounting for possible
oxygen flux into or out of the sealed 1.5 mL eppendorf tubes as the microcentrifuge tubes were
likely not gas tight (Table 2.3). Generally, Cp34H incorporated [3H]-leucine into newly made
proteins at both temperatures, usually peaking at 1 hr (Table 2.3). Incorporation rates ranged from

3.63x107 (-10°C, brine™) to 2.37x102 (-5°C, ASW*"") g bacterial carbon produced per g
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Figure 2.2. Most probable number (MPN) of culturable cells (logarithmic scale) after incubation
for one to four months at —5°C or —10°C. Open symbols indicate cells incubated in saline solution
without nutrients (either ASW: blue, —=5°C brine or —10°C brine: orange); filled symbols indicate
cells incubated in saline solutions amended with nutrients. Black filled circle indicates initial
starting condition cell cultures. Lines connect average values at each time point (*"s: black, "ts:
gray). Note that the salinity of brines is different for each temperature (see Table 2.1).

bacteria carbon per hour, with incorporation rates in ASW two to five orders of magnitude higher
than those from corresponding brine treatments (Table 2.3). At one month, brine™" at -5°C
doubled incorporation of [3H]-leucine; cells incubated in brine at -10°C showed no measurable

levels of activity, and all non-brine treatments showed no major change in [3H]-leucine

incorporation (Fig. 2.4).
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Table 2.3 Rates and Metabolic States of Cp34H Across Experimental Treatments.

Temp. (°C) Condition Time Max Rate* Oxygen status at Metabolic

(hour) (@C(gC*h™) 4 monthst State™

-5 ASW-" 2 3.64x10* Depleted Maintenance
-5 ASwWm 1 2.37x102 Depleted Growth

-5 brine™" 1 7.51x106 Limited Maintenance

-5 brine*™™" 1 4.71x104 Depleted Maintenance

-10 ASW™ 1 6.51x104 Depleted Maintenance
-10 ASW 1 1.59x10? Depleted Growth
-10 brine™" 1 3.63x10”7 Limited Survival

-10 brine™™" 24 1.47x104 Unknown Maintenance

Maximum [3H]-leucine incorporation rates were calculated from [3H]-leucine uptake and scaled
to bacterial abundance according to the methods and values used in Simon and Azam (1989),
with an isotope dilution of 126 for nutrient samples and assuming 65 fg C bacterium following
Junge et al. (2006). Metabolic states were derived from the findings of Price and Sowers (2004),

assuming a value of 1E-3 for pg for both temperatures listed.tOxygen depletion threshold
calculated as the number of hours to use all oxygen in 600 pL solution at 20°C.

24.2 PROTEOMES ANALYZED AFTER FOUR MONTH INCUBATION

Using mass spectrometry, we identified a total of 2362 proteins (FDR < 0.01) from a combined
analysis of all eight modified temperature, salinity and nutrient treated cell states (47 total MS
experiments). Non-metric multidimensional scaling analysis (NMDS) of the relative abundance
(normalized spectral abundance factors: NSAF) of all proteins identified in these experimental
treatments revealed that temperature, salinity, and nutrient additions drive clustering of MS
experimental results on bioreplicates into distinct groups (Fig. 2.5). Importantly, sub-populations
with unique protein profiles emerge after four months compared to the Cp34H -1°C controls (Fig.
2.5, black), despite very low levels of metabolic activities and culturabilities in some of the
incubations (Table 2.3). The supercooled ASW samples separate along NMDS component 2, with
clusters of -5°C separated by the presence/absence of nutrients. Brine*"t samples exhibit the
greatest separation from the other samples along NMDS component 1 (Fig. 2.5). Samples
incubated at -10°C cluster together in a subpopulation independent of salinity (Fig. 2.5, red).

Immediately adjacent to this cluster are samples from the -5°C brine™ condition (Fig. 2.5).
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Figure 2.3. Cell abundance (logarithmic scale) after incubation for one and four months at —-5°C
or —10°C. Cell count was performed on cells harvested after incubation for one or four months.
Open symbols indicate cells incubated in saline solution without nutrients (either ASW: blue, —-5°C
brine or —10°C brine: orange); filled symbols indicate cells incubated in saline solutions amended
with nutrients. Lines connect average values at each time point ¢"s: black, "s: gray). Note that
the salinity of equilibrium brines is different for each temperature (see Table 2.1).

2.4.3 GROWING AND MAINTENANCE ACTIVITY SIGNATURES OF CULTURABLE
CELL POPULATIONS AT -5°C
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Figure 2.4. [3H]-leucine incorporation during early incubation time points. Metabolic activity (3H-
leucine incorporation) after incubation first 24 h and 1 month at -5 °C or —10 °C. Open symbols
indicate cells incubated in saline solution without nutrients (either ASW: blue, =5°C brine or -10°C
brine: orange); filled symbols indicate cells incubated in saline solutions amended with nutrients.
Lines connect average values at each time point (*"*s: black, "ts: gray). Dashed line corresponds
to the median of controls. Lines connect average values at each time point.

Analysis of the set of proteins shared between conditions identified 874 proteins common
among all groups. A total of 68 proteins found within the control were not observed in any of the
other treatments at four months (Fig. 2.6b, black), whereas 16 proteins were shared among all
treatments at four months (Fig. 2.6b, red), indicative of a time- and/or temperature-dependent
response. The second highest number of unique proteins shared were present in the control,
ASWHUr ASWUT - and brine™™'s, Brine™'s, the condition experiencing the most external stressors,

had 45 proteins shared with the control and 12 proteins unique to the condition, the highest

abundance of proteins unique to any individual experimental group (Fig. 2.6b).
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Figure 2.5. Non-metric multidimensional scaling analysis (NMDS) of the NSAF values for all
proteins confidently identified in each bioreplicate from each experimental condition harvested at
four months. Sample clustering and culturability driven by condition. Open symbols indicate cells
incubated in saline solution without nutrients (either ASW: blue, —5°C brine or —=10°C brine:
orange); filled symbols indicate cells incubated in saline solutions amended with nutrients. Black
filled circles represent -1°C starting cell culture conditions (controls). Clustering reveals subgroups
based on temperature (dotted line, —5°C: green, —10°C: red), salinity (dashed line, ASW: blue,
brine: orange), or salinity-nutrient nexus at —5°C (solid line, color respective to salinity).
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Figure 2.6. Visual analysis of quantitative proteomic data identifying uniqgue and shared proteins
across experimental conditions. a) Upset plot revealing the number of proteins uniquely shared
between the conditions indicated on the parameter grid. The horizontal barchart on the left
represents the number of proteins present in each condition (Set Size). The parameter grid
indicates which conditions share unique detected proteins as presented in the vertical barchart.
Parameter grid colors indicate intersections of proteins unique to the control (black), all
experimental conditions (red), ASW-specific conditions (blues), brine-specific conditions (yellow
and oranges), and unique to nutrient additions (greens). b) Venn diagram revealing the overlap
and uniqueness of proteins identified across all samples.

The four treatment conditions yielded proteomes distinct from the control (Fig. 2.7, cluster
1, 4-5, 7-9). Vertical clustering of protein abundance (NSAF) in the five different treatment
conditions revealed that nutrient status controlled the resulting proteome to a greater extent than
salinity (i.e., brine vs. ASW), though both ASW samples were more similar to the control than
brine samples with the same nutrient status (Fig. 2.7). ASW* had the second greatest number
of proteins observed, which included a variety of proteins involved in nitrogen regulation and iron
transport (Fig. 2.7, cluster 3; GInK, GInG, NrtA, NirB, and NasA, and 4 iron complex outer

membrane transport proteins: Fe-Omp). Clusters 4 and 11 are primarily driven by the brine*

treatment proteome, with multiple general stress response proteins differentially abundant in
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cluster 11, including Hfg and CPS_3912 (Fig. 2.7). Two proteins involved in the generation of
exopolymers are represented in cluster 5 (Fig. 2.7, cluster 5; ExbB, Wza). Cluster 9 consisted of
multiple enzymes involved in metabolism and synthesis of secondary metabolites (e.g., AcekK,
HepA, TypB, ACSL) and in nucleotide metabolism (PpnN, WecB). Brine™" contained one protein
with a distinct increase in abundance compared to all other conditions: CPS_3809 is a type IV pili
methyl-accepting chemotaxis transducer N-terminal domain-containing protein (Fig. 2.7, cluster
10).

Around 300 proteins in both ASW treatments and around 200 proteins associated with
both brine treatments were significantly more abundant relative to controls, respectively (Fig. 2.8;
Table 2.4). The majority of the proteins that increased in abundance were attributed to energy
production, amino transport and metabolism processes. Compared to the two brine states, ASW
had a greater number of proteins involved in transcription and cell wall biogenesis (Fig. 2.9).
ASWHUr had twice as many enzymes increase in abundance (17 vs. 7) involved in carbohydrate
transport and metabolism, while ASW™" had twice the number of proteins involved in lipid
metabolism significantly increase (13 vs. 6, Fig. 2.9). Brine*™ was observed to have over four
times the number of significant proteins decrease in abundance compared to all other conditions
(489 total, 193 unique, Table 2.4), representing the functional categories amino acid transport
and metabolism (69), energy production and conversion (52), translation, ribosomal structure,

and biogenesis (35), and function unknown (85) (Fig. 2.9).

2.4.4 SHORT POLYPEPTIDES INDICATIVE OF HIGH SALINITY OR EXTREME LOW
TEMPERATURE

After four months, samples incubated at -10°C maintained similar cell counts to those

incubated at -5°C despite a complete loss of culturability (Fig. 2.3). We investigated if specific 3-
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tonB - Periplasmic protein tonb [Q47X40]

ALP1 - Alkaline phosphatase [Q47X80]

——— Uncharacterized protein [Q47X41]

ALP2 - Alkaline phosphatase [Q47X79]

——— Uncharacterized protein [Q47VV2]

cydA - Cytochrome bd ubiquinol oxidase subunit | [Q484A9]

1THM - Thermitase [Q488H8]

exbD — Biopolymer transport protein exbd [Q47X39]

——— Uncharacterized protein [Q488K0]

— Uncharacterized protein [Q48AK6]

Fe-OMP - Iron complex outermembrane recepter protein [Q47VV3]
pepP - Xaa-Pro aminopeptidase [Q485R9]

pspA — Phage shock protein A [Q47UX7]

livG - Branched-chain AA transport system ATP-binding protein [Q47YM8]
bauA - Beta-alanine-—pyruvate transaminase [Q47WV7]

deaD - ATP-dependent RNA helicase dead [Q484Q1]

livF - Branched-chain AA transport system ATP-binding protein [Q47YN3]
Fe-OMP - Iron complex outermembrane recepter protein [Q487M3]
AGD - Alpha-glucosidase [Q487N2]

—-- Uncharacterized protein [Q47XA3]

CycC - Cytochrome ¢ [Q47YK6]

Fe-OMP - Iron complex outermembrane recepter protein [Q48AA8]

— Uncharacterized protein [Q485Y1]

Fe-OMP - Iron complex outermembrane recepter protein [Q487J5]

paaK - Phenylacetate—coa ligase [Q47YN4]

hexR - Rpir family transcriptional regulator, carbohydrate utilization regulator [Q482L7]
cofD - LPPG:FO 2-phospho-L-lactate transferase [Q47WW?7

ABC-2.A - ABC-2 type transport system ATP-binding protein [Q489Q6]
—-- Uncharacterized protein [Q489M8]

ytrA — Gntr family transcriptional regulator [Q489Q7]

gInK — Nitrogen regulatory protein P-Il 2 [Q488X3]

nrtA — Nitrate/nitrite transport system substrate-binding protein [Q47YX8]
nasA — Assimilatory nitrate reductase catalytic subunit [Q47UD9]

nirB — Nitrite reductase (NADH) large subunit [Q47UD7]

——— Uncharacterized protein [Q47YF4]

——— Uncharacterized protein [Q47YY1]

pulA - Pullulanase [Q484T3]

——— Uncharacterized protein [Q489H4]

gpgS - Glucosyl-3—-phosphoglycerate synthase [Q489J9]

GLYK — D—glycerate 3-kinase [Q489J7]

HXT - MFS transporter, SP family, sugar:H+ symporter [Q48AA1]
Fe—OMP - Iron complex outermembrane recepter protein [Q484T4]

gInG - Nitrogen regulation response regulator ging [Q489V9]

livK - Branched-chain AA transport system substrate-binding protein [Q47YN2]
rpoZ — DNA-directed RNA polymerase subunit omega [Q47UB2]
——- Uncharacterized protein [Q47XF8]

—-— Uncharacterized protein [Q47Y49]

IhpA - 4-hydroxyproline epimerase [Q485S3]

exbB — Biopolymer transport protein exbb [Q47X37]

—-- Uncharacterized protein [Q480R0]

Uncharacterized protein [Q47UR3]

Uncharacterized protein [Q485W8]

—-— Uncharacterized protein [Q47XF7]

flaG - Flagellar protein flag [Q485N2]

wza — Polysaccharide biosynthesis/export protein [Q47U59]
—-— Uncharacterized protein [Q47WK2]

sorA — Sulfite dehydrogenase (cytochrome) subunit A [Q47UF5]
bfr — Bacterioferritin [Q486V5]

—-— Uncharacterized protein [Q47WD8]

——- Putative lipoprotein [Q47272]

exbD — Biopolymer transport protein exbd [Q47XQ0]

——— Putative Xaa—Pro dipeptidase [Q486C4]

——— PEP-CTERM domain-containing protein [Q488H7]

dgcB — [Q47YBO]

RP-L30 - Large subunit ribosomal protein L30 [Q488Z5]

RP-L33 - Large subunit ribosomal protein L33 [Q48AD6]

——— Uncharacterized protein [Q47ZL9]

ala - Alanine dehydrogenase [Q47UJ8]

dhaa - 3-hydroxy-D-aspartate aldolase [Q47UJ7]

——— Uncharacterized protein [Q487J2]

ACSL - Long—chain acyl-coa synthetase [Q47YL8]

pfaC — Polyketide-type polyunsaturated fatty acid synthase [Q47ZH0]
ACSS3 - Propionyl-coa synthetase [Q487U9]

HPD - 4-hydroxyphenylpyruvate dioxygenase [Q47YG2]

pfaA — Polyketide-type polyunsaturated fatty acid synthase [Q47ZG8]

——— Uncharacterized protein [Q484R6]

miaB — Trna-2-methylthio-N6-dimethylallyladenosine synthase [Q47Y80]
dnaK — Molecular chaperone dnak [Q486F9]

wecB — UDP-N-acetylglucosamine 2—epimerase (non-hydrolysing) [Q48A39]
nadC - Nicotinate-nucleotide pyrophosphorylase (carboxylating) [Q47US0]
ppnN - Pyrimidine/purine-5'-nucleotide nucleosidase [Q47YA9

aceK - Isocitrate dehydrogenase kinase/phosphatase [Q487A4]

hepA — ATP-dependent helicase hepa [Q47VK5]

asnB — Asparagine synthase (glutamine-hydrolysing) [Q47U84]

pntA - H+-translocating NAD(P) transhydrogenase subunit alpha [Q484K1]
——— Uncharacterized protein [Q482P8]

pgm - Phosphoglucomutase [Q485E2]

pchF - 4—cresol dehydrogenase (hydroxylating) flavoprotein subunit [Q48910]
hemY - Protoporphyrinogen oxidase [Q48AX1]

glmS - Glutamine-—-fructose-6-phosphate transaminase (isomerizing) [Q47UE2]
—-- Fatty-acyl-coa synthase [Q47WB3]

Ihpl — 1-pyrroline-2—carboxylate reductase [Q485R8]

trpB - Tryptophan synthase beta chain [Q483T2]

acul - Acrylyl-coa reductase (NADPH) [Q47UY0]

ACSL - Long-chain acyl-coa synthetase [Q486T3]

actP — Cation/acetate symporter [Q47UD2]

——— Uncharacterized protein [Q47U78]

CBS - CBS domain—containing protein [Q47UDO]

——— Uncharacterized protein [Q47XJ8]

hfq - Host factor-I protein [Q48A22]

——— Uncharacterized protein [Q48AH9]

OmpA — Ompa family protein [Q47U48]

DUF - DUF4124 domain-containing protein [Q47XA0]
——-- Cytochrome ¢552 [Q48A34]

ArsA - Arylsulfatase [Q47ZN9]

——— Uncharacterized protein [Q489R0]

d protein [Q47YM7]

Uncharacterized protein [Q483M6]

——— Uncharacterized protein [Q483V5]

ACSL - Long-chain acyl-coa synthetase [Q47YM9]

exaB — Cytochrome ¢550 [Q483Z5]

exaA — Alcohol dehydrogenase (cytochrome c) [Q483Z8]

TGFBI - Transforming growth factor-beta-induced protein [Q485Z7]

metlL - Bifunctional aspartokinase / homoserine dehydrogenase 2 [Q489Q0]
metH — 5-methyltetrahydrofolate——homocysteine methyltransferase [Q487C0]
metA — Hi ine O-succinyltrar O-acetyltransferase [Q487C1]
metE — 5-methyltetrahydropteroyltriglutamate--homocysteine methyltransferase [Q486X1]
——— Uncharacterized protein [Q48A70]
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Figure 2.7. Vertically and horizontally clustered heatmap view of all proteins revealed to be
increased in abundance in one of the four treatment conditions at -5°C (ASW*s| prine*™ts, ASW-
nuts - prine™ts) relative to the control condition by logz fold > 2 (p < 0.05). Vertical dendrogram
indicates hierarchical clustering of the different samples, while horizontal dendrogram clustered
protein NSAF values normalized by row (12 clusters, 118 proteins).
4 amino acid-long polypeptide combinations (“k-mers”) indicative of the individual stressors of
extreme low temperature (-10°C), high salinity (brine), or the co-occurrence of these stressors
accumulate in extremophile cells. ANOVA analysis of the semi-quantitative proteomic data from
the -5°C and -10°C treatments identified unique sets of proteins specifically associated with
extremelow temperature (885 proteins), high salinity (586 proteins), and the interaction of the two
stressors (1802 proteins) at a 1% FDR threshold.

In general, there were fewer temperature-specific k-mers (79) than brine-specific k-mers
(180; Fig. 2.10A). Proteins identified to be significantly increased in the -10°C brine treatments
contained the highest number of unique enriched k-mers (367; Fig. 2.10a). Temperature-specific
3-mersin -10°C conditions were significantly enriched in glutamic acid (E) and valine (V), while
aspartic acid (D) and threonine (T) were depleted relative to all other detected protein k-mers.
The distributions of amino acids were not significantly differentin the temperature-specific 4-mers.
Salinity-specific 3-mersin brine conditions were significantly enriched in alanine (A) and depleted
in aspartic acid (Q) relative to all other detected protein k-mers (Fig. 2.10b). The distributions of
amino acids in brine-specific 4-mers also had significantly higher frequencies of alanine (A), but
also higher abundances of the polar amino acid glutamine (Q). These brine-specific 4-mers were
likewise depleted in aspartic acid (D), and the two non-polar amino acids phenylalanine (F) and
tryptophan (W) (Fig. 2.10b; Appendix A.7).

One k-mer, Lys-Asp-Ala (KDA), was identified to be enriched in each of the three isolated
analyses of extreme low temperatures (-10°C), high salinity (brine), and a combination of both (-
10°C brine) responses (Fig. 2.10a). The four k-mers that were identified to be enriched in the

brine and -10°C treatments separately, but not in the co-occurring stressor treatment, were
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Figure 2.8. Differential abundances (log= fold change: LFC) of all proteins detected in four
experimental -5°C conditions compared to control cells and their respective significance z-score
calculated. Average protein abundances were determined from spectral counts from the control
samples and compared to the average spectral counts for the experimental conditions a)
ASWHuts by ASWts ) brine™™ s, d) brine™ . Proteins meeting a significance threshold of LFC
=10.5|] and a z-score = 2 are indicated in color where each color represents a different EQgNOG
term. Functional annotations are: dark blue: amino acid transport and metabolism, green: energy
production and conversion, magenta: coenzyme transport and metabolism, light blue:
carbohydrate transport and metabolism, orange: lipid transport and metabolism, dark pink:
intracellular trafficking secretion and vesicular transport, light pink: cell motility. Proteins were
labeled with a protein name if the LFC = |2| or z-score = 15.
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Figure 2.9. Proteins quantified and assigned to EggNOG terms. Proteins identified via mass
spectrometry to undergo significant changes in abundance compared to optimal conditions
(increases shown in red, decreases shown in blue) were mapped to functional orthology
enrichment terms using EQgNOG. A count was determined (shown in individual boxes) for each
experimental condition to identify differences between temperature, salinity, and nutrient
responses.

Table 2.4: Summary of unique proteins decreased in abundance at -5°C compared to
controls held at -1°C.

Experimental TOta.“ Number of Tota_l Numper of Percentage of
Condition Proteins Decreased Proteins Unlgl_Je to Proteins Identified*
(compared to -1°C) Each Condition

ASW +nuts 301 37 54.1

ASW -nuts 312 41 61
Common 33 60.6

Brine *nuts 489 193 81.9

Brine -nuts 237 23 73.9
Common 27 81.5

All experimental conditions contain samples incubated at -5°C, where Commonindicates proteins
shared between salinites (ASW or Brine). Protein abundance was compared to control to
calculate log fold change (LFC), where LFC <-0.5 indicates significant decrease for calculating
total number of proteins per condition. Number of unique proteins shows venn diagram results of
proteins uniquely decreased in a specific condition or shared salinity.*Calculated as number of
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proteins identified by EggNog (Gene Ontology analysis) out of total number proteins significantly
changed, indicates percentage of proteins with known classification.
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Figure 2.10. Enriched k-mers attributed to extreme environmental stressor conditions. a)
Distribution of k-mers (3-4 amino acid long polypeptides) identified to be enriched in proteins in
significantly higher abundances in high salinity (i.e., brine; orange), extreme low temperature (i.e.,
-10°C; blue), and the combined analysis of high salinity and low temperature (i.e., -10°C brine;
purple). Subsets include lists of 3-mers and 4-mers identified to be enriched in more than one
condition. b) Heatmap of the distribution of amino acids found in 3-mers (irrespective of position).
¢) Heatmap of the distribution of amino acids found in 4-mers (irrespective of position). For
heatmaps, amino acid counts in each k-mer are represented by rows with no scaling applied, and
rows are clustered using Euclidean distance and average linkage. Columns represent treatments
and are not clustered.
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dominated by the presence of alanine: Val-Glu-Gly, Glu-Ala-Ala, Ala-Ala-Gly, and Lys-Ala-Ala
(VEG, EAA, AAG, KAA; Fig. 2.10a). Analysis of shared k-mers between the high salinity and the
combined high salinity and low temperature treatment revealed 19 k-mers. Of the 534 4-mers
identified to be enriched in the proteins inferred from our peptide data, 96% (512) of them were

actually detected by mass spectrometry in our condition-specific samples.

25 DISCUSSION

2.5.1 CULTURABILITY AND ACTIVITY ANALYSIS

As is the case for sea ice (when bacterial cells get included into recently formed ice
immediately experiencing a change in salinity and temperature in their new habitat), cells of
Cp34H were immediately transitioned from control conditions into their respective media destined
for long-term incubations without any prior acclimatization steps. As shown previously for in-ice
incubations (Junge et al. 2006; Nunn et al., 2015), Cp34H is capable of withstanding this rapid
transition into subzero solutions, evidenced by positive measures of incorporation of [3H]-leucine
(i.e., protein synthesis) at rates that indicate that cells in the majority of treatments were in
metabolic states of either growth or maintenance by 24 hours (metabolism-terms according to
established rates in Price and Sowers, 2004; Table 2.3; Fig. 2.4). The only exception was -10°C
brine™, with an activity rate representative of a physiological survival state (Table 2.3). Here, we
characterize the response of Cp34H after one month incubation as being in one of four
physiological activity states: i) growing and culturable cells (high levels of activity and culturability;
-5°C, ASW), ii) active cells (low levels of activity and moderate culturability; -5°C, brine), iii) viable

but not culturable, or VBNC, cells (moderate levels of activity and very low to no culturability; -
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10°C, ASwut), and iv) surviving cells (very low to no levels of activity and not culturable but
persisting as evidenced by maintained total counts; -10°C, brine).

Throughout this paper we chose to use the term culturability as an assessment of cell
state as it most accurately reflects what is being measured in our samples. In the literature,
culturability has also been used synonymously with viability, alluding to the fact that cells must be
viable in order to be amenable to culturing (Pinto et al., 2015). For many bacterial species, as was
the case in our study, cells can still be viable (as indicated by positive measures of [3H]-leucine
based protein synthesis) but not culturable (as indicated by no recoverability in culture). This cell
state, referred to in the literature as the VBNC (Viable But Not Culturable) cell state, has been
described as a survival strategy for cells coping with environmental stress without entering
dormancy (Pinto et al., 2013; Ayrapetyan and Oliver, 2016). Evidence of the VBNC state in our -
10°C ASWM™samples at one month warrants further study, especially in view of the fact that a
better understanding of this adaptive strategy may help inform future astrobiological searches,
particularly given the relevance of maintaining a measurable level of activity that ensures long-
term survival in salty and super cold environments such as might be found on other icy worlds.

Our finding of continued protein synthesis activity at -10°C in supercooled ASW, but not
in high salinity brine, suggests salinity stress as the most detrimental factor under the conditions
studied here. This is congruent with the known growth salt content range of Cp34H ([1.5 - 7.0%,
in marine medium], Huston, 2003), and the fact that cells were not culturable after one month of
incubation in -10°C brine. After four months at -10°C, cells in all treatments were unculturable
(Fig. 2.2), suggesting that both the lower temperature and the higher salinity affected culturability
to a greater degree after prolonged incubation. Organisms frozen in sea ice at —10°C are expected
to be partitioned in the brine fraction of the ice (Junge et al., 2019), and thus experience conditions
equivalent to those of our —10°C equilibrium brine treatments (Fig. 2.2d). Our data suggest that
Cp34H would not be active under the more extreme temperature and salt content conditions

within one month of incorporation into sea ice. However, natural wintertime sea ice samples are
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known to contain an abundant supply of potentially cryo-and halo-protective exopolymersthought
to be important for microbial survival (Krembs et al., 2002, 2008, 2011) and in-ice activity (Junge
etal., 2006), and it is possible that Cp34H remains active when embedded within such substances
in the ice (Junge et al., 2006; Marx et al., 2009). Further studies that include polymeramendments
could shed light on the likelihood of active growth in high salinity brines of Cp34H with significance

for sea ice environmental conditions.

2.5.2 THE DYNAMIC PROTEOMIC RESPONSE OF Cp34H IN SUBZERO
TEMPERATURES

The predicted proteome for Cp34H consists of 4,910 proteins (Methe et al., 2005), of which
we identified 2,362 proteins (48% of the predicted proteome). This expands on previous studies
by Nunn et al. who identified 1,763 proteins (36%; Nunn et al., 2015). Technical and biological
replicates of proteomic signatures from each condition form distinct subpopulation clusters in an
NMDS analysis, providing confidence that the four month-long treatments yield distinct protein
responses based on temperature, salinity, and nutrients in Cp34H (Fig. 2.5). Because samples at
-5°C retained culturability (Fig. 2.2a, c),these proteins were analyzed to provide information about
how active cells mitigated decreased temperature, increased salinity, and nutrient limitation;
samples at -10°C, which lost culturability but contained persisting cells (Fig. 2.2b, d; 2.3), were
analyzed for the enrichment of polypeptides that could serve as biomarkers for previously active

life on icy worlds.

2.5.3 CONSTITUTIVE PROTEOMIC RESPONSE OF Cp34H TO FOUR MONTH
EXPOSURES OF -5°C
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The constitutive proteomic response from Cp34H suggested a metabolic shift toward an
anaerobic-like state through the increased expression of proteins involved in the Entner-Doudoroff
pathway (Czajka et al., 2018) and sulfate reduction (Parro et al., 2018) (Fig. 2.8a-d). The alteration
of these central core metabolisms in four month-long incubations support calculations and
previous suggestions that the cellular chemical reactions in these pathways occur more
spontaneously (i.e., more negative value calculated for Gibbs free energy) than traditional C, N,
and S acquisition (Flamholz et al., 2013; Noor et al., 2014; Czajka et al., 2018). Observed
increases in amino acid transport across all conditions emphasizes the rapid response of these
cells to the available extracellular substrates (i.e., free leucine) and intracellular recycling of amino
acids as a primary nitrogen source. In particular, cysteine and methionine metabolism, a
metabolic source of sulfur and nitrogen, were observed to increase in all conditions. Additionally,
proteins involved in cellular motility, including flagellar, pilus, and chemotaxis proteins, were
abundant across all conditions, supporting previous examinations of Cp34H in response to
subzero temperatures (Nunn et al., 2015; Showalter and Deming, 2018) and presenting additional
motility-specific biomarkers for extant life as desired by NASA’s Ladder of Life Detection (Neveu

et al., 2018).

2.5.4 RESPONSES TO TEMPERATURE, SALINITY, AND NUTRIENTS

Our analysis of the proteins that significantly diverge in critical metabolic pathways of each
condition at -5°C in comparison to the control identified unique mitigation strategies in each
individual treatment. These condition-specific analyses revealed that the availability of nutrients
triggered the use of new pathways of carbon and nitrogen assimilation and the additional stress

of low temperatures or high salinity initiated intracellular recycling to strengthen cell walls. In

40



addition to analyzing each individual condition, a broader analysis of environmental variables was

performed to isolate effects of salinity, nutrients, and temperature on Cp34H.

ASW with Nutrients. Cells incubated in ASW*™" at -5°C experienced conditions closest
to the -1°C control, allowing for an isolated examination of long-term temperature- and reduced
available oxygen- dependent effects. The reported growth range for Cp34H extends from 19°C to
-12°C, with an optimal growth temperature of 8°C (Huston, 2003; Wells and Deming, 2006a,b;
Junge et al., 2003). Within the context of this range, we hypothesize that Cp34H experiences
minor temperature stress, not enough to permanently damage cells, but enough to activate
metabolic pathway networks within the cell that lead to an optimized maintenance of functionality.
At -5°C, cells were able to maintain levels of culturability equivalent to that experienced by cells
in optimal conditions (Fig. 2.2a). Activity as measured by the maximum incorporation rate of [3H]-
leucine after 1 hour was also observed at rates (2.37x102g C (g C)* h) consistent with either
growing or metabolically active cells (Price and Sowers, 2004; Junge et al., 2006) (Table 2.3).
The predominant mitigation strategy of -5°C ASW*"' to withstand long-term incubation
was the increased utilization of amino acid metabolism (Fig. 2.8a; 2.9), facilitated primarily by
mechanisms of assimilatory nitrate reduction described herein, that allowed Cp34H to preserve
activation of necessary pathways for maintaining cell activity over prolonged time frames (Fig.
2.7). An increased production of amino acids in ASW* requires a readily available nitrogen
source. Though it is difficultto ascertain if cells in ASW*™™" were nitrogen limited by month four,
the increase in abundance of nitrogen regulatory proteins, including nitrate ABC transporter
(NrtA), nitrate reductase (NasA), nitrite reductase NADPH (NirB), nitrogen regulatory protein PII
(GInK), and DNA-binding transcriptional regulator NtrC (GInG) (Fig. 2.7, cluster 3; Appendix A.1),
suggests Cp34H modulates its need for nitrogen through the directed acquisition of extracellular
nitrate, a predominant and readily available form of nitrogen shown to drive biogeography and

trophic status in Arctic surface waters and sea ice (Ardyna and Arrigo, 2020; Clark et al., 2020;
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Henley et al., 2020). Notable nitrate transporters included NrtA, an ABC transporter responsible
for high-affinity nitrate acquisition at low concentrations (Nagore et al., 2006; Akhtar et al., 2015),
and GInG, a component of the NtrB/NtrC system that responds to nitrogen limitation and plays an
important role in the regulation of transcription (Pahel et al., 1982). Cp34H'’s preferential
expression of high-affinity transporters in this analysis suggested that the initial nutrient
concentration supplied did not sustain the metabolic needs of the cells over the entire four month
incubation, possibly due to ASW*'" at -5°C possessing the highest rates of activity during early
time point measurements (Table 2.3). Other notable nitrogen metabolism proteins increased in
ASW™U such as nitrate reductase (NasA) and nitrite reductase NADPH (NirB), suggested that
Cp34H may utilize assimilatory nitrate reduction pathways for producing ammonia (Fig. 2.7,
cluster 3; Appendix A.1). For example, Mycobacterium tuberculosis incubated under hypoxia
conditions was able to utilize nitrite as a sole nitrogen source due to NirB, an iron-sulfur containing
protein that can reduce nitrite directly to ammonia (Jackson et al., 1981; Wang and Gunsalus,
2000; Chen and Wang, 2015), allowing critical nitrogen regulation when cells entered dormancy
states (Akhtar et al., 2013). This assembly of proteins emphasized the benefits of metabolic
diversification in nitrogen regulation in the dual presence of low temperature and potential reduced
oxygen stress.

In close relation to nitrogen metabolism, ASW*s uniquely revealed increased
abundances of enzymes involved in arginine biosynthesis, while all other conditions decreased
the abundance of these enzymes (Appendix A.2). Previous studies have suggested psychrophiles
reduce arginine content in proteins because of increased hydrogen bonding and reduced protein
flexibility (Maayer et al., 2014), while other studies have revealed that marine psychrophiles grown
with readily available nutrients, such as this, use chemotaxis and active transport to acquire and
assimilate arginine (Geesey and Morisa, 1979). Arginine can be utilized in the biosynthesis of
glutamate and evidence here supports the hypothesis that glutamate is being synthesized from

the abundant branched-chain amino acids (Wu and Morris, 1998) (Fig. 2.8a, putative branched
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chain amino acid transporters: CPS_3416, CPS_3412/LivF, CPS_3417/LivG). Significant
increases in GInK, a component of the nitrogen regulatory protein PIl, also suggested that cells
tightly regulate acetyl CoA and arginine metabolism (Watzer et al.,, 2019). Overall, these
preferential mechanisms of nitrogen regulation through nitrate reduction proteins and arginine
biosynthesis pathways allow ASW*'s to maintain a wide array of metabolisms that sustain its

high culturability over four month incubations at a decreased temperature.

ASW without Nutrients. In the Polar oceans, nutrient levels vary widely, have changed
considerably with the climate change pronounced there, and show low and high nutrient
conditions occurring at different locations or at different times of the year (Ardyna and Arrigo,
2020; Henley et al., 2020). In cold, nutrient-depleted waters, organisms require multiple strategies
for nutrient acquisition and cold-response maintenance for long in-ice residence times. In our
incubations, the one order of magnitude reduction in culturability of cells observed in ASW™ur
compared to cells in ASW*s indicated that the presence of nutrients plays a critical role in
maintaining higher levels of culturability under subzero conditions (Fig. 2.5), confirming the widely
accepted hypothesis that psychrophilic growth is enhanced with increased nutrient availability
(Moyer et al., 2017). Primary drivers of metabolism in ASW™" included modifications to the
membrane through the regulation of two-component systems, increases in membrane receptors,
and alterations to fatty acid metabolism (Fig. 2.8b, 2.9; Appendix A.4).

The major membrane proteins substantially increased were TonB receptors, with 12
enzymes (i.e., TonB, ExbB, ExbD, and Fe-OMP iron complex outer membrane receptors)
discovered to have a significant logz fold change in ASW"" (Fig. 2.8B). TonB receptors are active
transporters that facilitate uptake of a wide range of molecules and nutrients (i.e., vitamin B12,
siderophores, polysaccharides, aromatic compounds (Pawelek et al., 2006; Shultis et al., 2006;
Bolam and Berg, 2018; Fujita et al., 2019)). TonB is part of a membrane complex that includes

ExbB and ExbD proteins; in our data, these proteins were observed to decrease significantly in
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all conditions compared to the control cells (Fig. 2.7). As extracellular polysaccharides (EPS) play
a key role in stabilizing extracellular environments for Cp34H and other psychrophiles (Deming
and Young, 2017; Bowman, 2017), it was interesting that despite TonB receptors being
significantly increased, ExbB and ExbD are only increased in control conditions (Fig. 2.7). This
may be a time-dependent expression, suggesting that EPS is already present in the cell matrix
and does not need to be remade through the four month incubation. Notably, several other
membrane proteins were observed to significantly increase in ASW™ (12 efflux pumps: RND,
Acr family A/B/D/E/F, magnesium CorC and cobalt; 9 type IV pilus biogenesis proteins: Pil-
N/O/C/PIM/Q, MshL; 2 Omp porins; 4 mechanosensitive ion channel proteins; Fig. 2.8B). These
membrane modifications may serve to aid cells in their acquisition of extracellular nutrient sources
through control of membrane permeability or nutrient depletion-directed motility (Ferenci 2005;
Castillo-Keller et al., 2006; Ni et al., 2016).

Additionally, the existence of proteins from both biosynthesis and degradation pathways
in fatty acid metabolism suggested that long-chain fatty acids were constructed or deconstructed
as needed, confirming the critical importance of adapting membrane fluidity for maintaining
activity at low temperatures (Bowman 2017). Specifically, lipopolysaccharide assembly protein
LptD was increased, along with AccB, an acetyl-CoA carboxylase that leads to the production of
malonyl-CoA (Fig. 2.8b). Malonyl-CoA signals bacteria to increase their production of fatty acids
and phospholipid biosynthesis by acting as a potent negative regulator of fatty acid catabolism
(Fujita et al., 2007). Additionally, increases in fatty acid degradation proteins FadB and FadE were
offset by the presence of FadR, a regulator for fatty acid metabolism (Fujita et al., 2007; Zhang et
al., 2012). Cp34H encodes multiple copies of various fatty acid metabolism regulatory proteins in
its genome (Wan et al., 2016), emphasizing the need for high-precision regulation for the
utilization of fatty acids in diverse environments. The increase in fatty acid biosynthesis enzymes,
even in the absence of external nutrients, showed that 1) Cp34H has multiple methods for coping

with nutrient limitation, 2) cells are adept in balancing multiple external stressors, and 3) the
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combination of the more moderate temperature and nutrient stresses tested here are not enough
to engage the prioritization of fatty acid breakdown, thus showing that cells are prepared to handle

more extreme conditions than those in ASW-"" incubations.

Brine with Nutrients. Shelf Arctic ocean waters are fed by nutrient-rich sources (Torres-
Valdés et al., 2016), and brine inclusions within land-fast sea ice are often respectively nutrient
replete, offering a variety of extracellular substances for organisms residing in such inclusions to
utilize for prolonged survival. Some of the metabolites captured in brine inclusions contain classes
of compatible solutes that can serve as osmoprotectants against the increased salinity imposed
by the brine as the ice ages (Welsh, 2000; Firth et al., 2016). The slight decrease in culturability
in brine*™™ (Fig. 2.2c) reflected an expansive salinity and growth response that decreased both
the diversity and abundance of proteins detected (Fig. 2.8c; Table 2.4), yielding the most distinct
matrix of proteins tested in this study (Fig. 2.5). Of the four conditions at -5°C, brine*™™'" had the
lowest number of unique proteins (Fig. 2.6, yellow) and the highest number of proteins
significantly decreased in abundance compared to the control, independent of functional category
(Fig. 2.7c; Table 2.4). Large decreases in ribosomal subunits were observed that were not
apparent in other conditions (Appendix A.5), suggesting that part of the overall decrease in protein
abundance is due to the lack of available cellular machinery for engaging in translation. The
general decrease observed in both protein count and abundance detected compared to other
conditions suggests that brine*"" cells increased protein turnover in order to prioritize a subset of
enzymes to survive the increased salinity exposure (Fig. 2.7).

Potential protein biomarkers of salinity stress observed in this study are Hfg, OmpA, and
type IV pilus proteins (Fig. 2.8c, d). The most notable protein contributing to these changes is Hfq,
a stress-activated RNA-binding chaperone protein that directs a profound number of biological
processes in bacteria including carbon metabolism (Vogel and Luisi, 2011), fatty acid biosynthesis

(Bianco et al., 2019; Huber et al., 2020), chemotaxis and moatility (Soutourina and Bertin, 2003),
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and membrane proteins (Deng et al., 2016). Hfq had the second highest increase in log fold
change (Fig. 2.8c) in brine*s; while Hfqwas detected as increased at high levels in all experiment
conditions (Fig. 2.8a-d), the combination of brine and nutrients extends the influence of this RNA
chaperone to lead the induction of widespread protein decreases. Because of its increased
prevalence with the addition of multiple stressors, Hfq could serve as a potential biomarker for
cells in extreme environments. The Hfg gene is required for the regulation of OmpA, an outer
membrane protein that is osmoregulated, involved in maintaining membrane integrity (Udekwu et
al., 2005; Choi and Lee, 2019), and was increased in abundance in brine*s, Evidence of
increased OmpA in halophilic bacteria supports the use of this protein as an indicator for a
prolonged salinity stress response (Yun et al., 2018). Additionally, OmpA mRNA s notably stable,
which could increase the likelihood of translation under extreme stress (Nilsson et al., 1984,
Vytvytska et al., 1998, 2000). The increase in type IV pilus protein MshD, 1 of 4 proteins uniquely
detected in brine™" (Fig. 2.6), reveals a brine*™™ - driven response and may represent a
biomarker for psychrophiles in higher nutrient brines. Additionally, a significant increase in
branched-chain amino acid ABC transporters was observed both in brine™™" and ASW*u
conditions (LivG, LivF, LivK, Fig. 2.7, clusters 2, 3, 4; Appendix A.6), confirming the preferential
utilization of leucine, which was provided in our nutrient additions, and thus validating our use of
leucine as a protein synthesis tracker for activity assessment (Table 2.3).

Proteins with the greatest decrease in abundance in brine*™ were involved in fatty acid
metabolism (Fig. 2.8c, Table 2.4). Enzymes involved included acetyl-CoA carboxylase carboxyl
transferase (AccC/A/D, Fig. 2.8c) and acyl-carrier proteins (FabG/V/D/B/A/ZIFIY, Fig. 2.8c).
Brine*r was the only condition to induce widespread decreases in fatty acid biosynthesis, though
no notable enzymes involved in degradation were detected as significant (Appendix A.7). This
indicated that the entire process of fatty acid metabolism has been included in the observed
protein decrease experienced. It is possible to infer that cells avoid expending energy on the

degradation of fatty acids due to the presence of other utilizable nutrients in their environment
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that they can acquire through the increased use of type IV pilus proteins. This study reveals that
cells experiencing increased salinity in the presence of a readily available nutrient source undergo
widespread decreases in metabolism while maintaining select stress proteins that are increased

to levels greater than in any other condition.

Brine without Nutrients.  Bacteria in these subzero, hypersaline environments possess
adaptations of great relevance to astrobiology, as the presence of liquid water onicy worlds facing
constant extreme cold temperatures is dependent upon an over-saturation of salts (Zolotov, 2007;
Dickson et al., 2013; Vance et al., 2019). As such, proteins increased in these incubations could
inform further investigation into valuable biomarkers for life in extreme conditions. In response to
varied stressors, brine™" cells exhibited the highest number of unique proteins in any
experimental group (Fig. 2.8b, ¢), including a putative gluconeogenesis factor protein for
regulating cell shape (CPS_2836), NAD kinase (NadK) which synthesizes NADP and acts as an
essential reducing agent (Spaans et al., 2015), an ubiquinone kinase (UbiB) that functions under
anaerobic conditions (Meganathan et al., 2001), and membrane-bound proteins such as an RND
efflux- and ATP- transporters that can regulate the ion concentrations within cells (Tokunaga et
al., 2004; Li and Nikaido, 2009). This diverse set of unique proteins suggests that brine ™ cells
must initiate a suite of metabolic processes to survive cold, high salinity conditions with limited
nutrients for extended periods of time. The varied metabolic response of -5°C brine™" was only
partially effective at maintaining culturability after four months (Fig. 2.2c), with an NMDS analysis
revealing that these samples clustered nearest cells incubated at -10°C which completely lost
recoverability (Fig. 2.2b, D; 2.5a). Conversely, the comparable condition of ASW™ with
equivalent temperature and nutrients, exhibited only a moderate decrease in culturability (Fig.
2.2a), suggesting that proteins specific to brine™" were responsible for conferring increased
protection against salinity stress. An increase in enzymes involved in aromatic amino acid

metabolism, including activation of the shikimate pathway (AroE, CPS_3954, TrpCF, TrpE, HisC,
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TyrA, Fig. 2.8d), have all been previously noted as defense mechanisms against increased
salinity (Falb et al., 2008; Lee et al., 2016).

When cells experienced temperature, salinity, and nutrient stress simultaneously (i.e.,
brine™ samples), we detected an increase in the ATP-dependent peptidase FtsH, an important
regulator of growth, cell division, and extracytoplasmic membrane stress that is also required for
the synthesis of multiple components of polysaccharides (Ito and Akiyama, 2005)(Fig. 2.8d). FtsH
is @ membrane protein responsible for degrading thermodynamically unstable proteins and
maintaining cellular and membrane lipopolysaccharides (LPS)(Shimohata et al., 2002; Ito and
Akiyama, 2005). These membrane-specific changes, combined with increases in the FTS
negative regulator protein YccA, associated type Il secretion system proteins (GspC, GspL, Fig.
2.8d), and other fatty acid regulation proteins (LptB, DjlA, PaaK, FadH, Fig. 2.8d), suggest that
brine™ mitigates the matrix of environmental stressors by actively maintaining a highly regulated,
LPS-enriched membrane. Fortified (and specialized) membranes can buffer the cells against the
subzero saline environment while simultaneously managing any internal damage to cellular
processes via DNA damage repair (SbcC, RadA) and purine salvage pathway proteins (Ade), two
processes that are likely correlated with the high salt content of the brine incubation (Fig. 2.8d).
The nutrient-limited state also increases chemotaxis, motility, and amidohydrolase proteins
common to both nutrient-limited conditions (see General Nutrient-Limitation Response below).
Additionally, enoyl-CoA hydratase (i.e., PaaK) isolated from the haloarchaea Haloferax
mediterranei was essential for the mobilization of carbon stored in polyhydroxyalkanoate (PHA)
through beta-oxidation pathways also present in Cp34H, suggesting a possible recycling of fatty

acids for use as a carbon source in brine™ (Methe et al., 2005; Liu et al., 2016).

General Salinity-Dependent Response. In our samples, protein pathways prioritized in
response to increased salinity include general amino acid transport and recycling, an intracellular

metabolism that would also provide the cell with needed carbon and nitrogen (Fig. 2.9). OmpA
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was also prioritized and has been characterized in E. coli for its significant role in maintaining
membrane integrity. The combined correlation of Hfqg and OmpA to cellular envelope stress in
high salt conditions suggests a distinct salinity response by Cp34H (Fig. 2.8C-D, Table 2.) (Choi
and Lee, 2019). Additionally, psychrophiles and halophiles have contradictory strategies for the
production of branched-chain fatty acids (Ventosa et al., 1998; Chattopadhyay, 2006)(LivG, LivK,
LivF, Fig. 2.7), therefore Cp34H cells exposed to both low temperatures and high salinities must
combine strategies, as was observed here. Due to the increased expression of fatty acid
biosynthesis proteins (i.e., LptD, LptB, AccB, PaakK, Fig. 2.8), we also propose that fatty acids be
explored for use as potential biomarkers for high salinity candidates. For example, while
psychrophiles are documented to increase branched-chain fatty acids (Chattopadhyay 2006),
halophiles decreased branch-chains in favor of cyclopropane fatty acids and unsaturated fatty
acids (Ventosa et al., 1998). Because the presence of branched-chain C15 monounsaturated fatty
acid is so unusual amongst halophilic bacteria, Skerratt et al. (1991) proposed it as a taxonomic

biomarker for specific strains isolated from Antarctic lakes.

General Nutrient-Limitation Response. Entrapment in sea ice brine inclusions would create
aclosed system, naturally creating a nutrient limited environment. Both ASW""" and brine™ cells
displayed increased abundance of proteins involved in chemotaxis-directed motility (MotA, Mcp,
Fig. 2.8b, d), consistent with previous microscopic evidence that cells actively follow nutrient
gradients (Junge et al., 2003; Showalter and Deming, 2018). Nutrient-limited treatments also
exhibited increases in pilus proteins responsible for Cp34H nutrient acquisition (PilP, PilC). Type
IV pilus proteins are present in a diverse array of bacteria (Craig et al., 2019), aiding primarily in
the acquisition of nutrients (Gold et al., 2015), suggesting that once detection and abundance
thresholds are quantified, they may serve as good biomarkers of generalized nutrient limitation in
field work. Additionally, type IV pili possess a twitching motility as well as the ability to sense and

adhere to solid surfaces, creating the potential for ice-affine surface adaptations or adhesion to
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inorganic solutes present within brine channels (Collins, 2009; Baker et al., 2017; Craigz et al.,
2019). An increased abundance of amidohydrolase family proteins (CPS_3630, 3629, 0854),
which have been associated with increased growth of organisms in nutrient-limited conditions
(Cezairliyana and Ausubela, 2017), suggests these hydrolytic enzymes could serve as a general

biomarker for low nutrient bioavailability.

General Temperature-Dependent Response after four months at -5°C.

The general response to a decrease in temperature over four months relative to
the control culture is primarily characterized by significant changes in carbon metabolism,
emphasizing its central role in cell survival as temperature decreases (Czajka et al., 2018)
(Appendix A.8-11). Proteins in the glycine cleavage system were increased in Cp34H, which
allowed cells to utilize products, e.g., glycine betaine, as compatible solutes or as bioavailable
sources of carbon and nitrogen (Andreesen, 1994; Methe et al., 2005; Gunde-Cimerman et al.,
2018). Enzymes involved in the detoxification of formaldehyde were identified (i.e., S-
formylglutathione hydrolase (FrmB), S-(hydroxymethyl)glutathione dehydrogenase (FrmA),
alanine-glyoxylate transaminase (AGXT)), highlighting the importance of methane and other small
1-C substrates as a primary carbon source utilized through the folate biosynthesis pathway (i.e.,
aminomethyltransferase (GcvT), 5-methyltetrahydrofolate-homocysteine methyltransferase
(MetH), glycine hydroxymethyltransferase (GlyA)) at the four month time point. In nutrient-replete
bacterial incubations, it has previously been noted that these metabolisms are initiated after
macromolecular carbon sources are depleted (Mikan et al., 2020). That said, all conditions
possess enzymes for the breakdown of glucose through the Entner-Doudoroff pathway
(glucokinase (GLK), glyceraldehyde 3-phosphate dehydrogenase (GAPDH); Appendix A.8-11),
indicating either that glucose remained in the system, or these enzymes are retained by Cp34H
and express slow turnover rates. This same network of carbon metabolism enzymes produce

formate, methanol, NADH and hydrogen, all byproducts from precursors previously

50



recognized/modeled to increase in ice veins (Price 2000). Similarities in carbon metabolism could
be due to the utilization of choline as a substrate for energy production and biosynthesis pathways
(Collins and Deming, 2013; Czajka et al., 2018). Choline, a B vitamin and preferentially utilized
osmolyte by Cp34H in sea ice brines (Firth et al., 2016), would be expected to be present at
adequate levels in conditions receiving nutrients due to the inclusion of yeast extract, but it
appears that even cells lacking nutrients rely on this pathway for metabolism when other stressors
are present.

MetE, a vitamin B12-independent methionine synthase (Mordukhovaand Pan, 2013), had
the highest logz fold change of any protein detected in all conditions (Fig. 2.8a-d), with the
exception of ASW*™s. Additionally, all conditions except ASW*™™' also exhibited a significant
increase in nitrous oxide reductase (NosZ, Fig. 2.8b, c), suggesting a buildup of nitrous oxide;
this byproduct is a known inhibitor of vitamin B12 metabolism that renders the vitamin inactive
(Pemaetal., 1998; Stockton et al., 2017), likely generating cellular B12 deficiencies. Vitamin B12,
also known as cobalamin, is essential for a variety of metabolic pathways, such as 1-carbon
metabolism and methionine metabolism. B12 has also been thoroughly studied for its
thermodynamic stability as a biomolecule that can only be synthesized by microorganisms,
yielding broad implications for origin of life studies (Eschenmoser, 2011). Despite its high demand
by cells, B12 is often sparsely found in marine environments such as the ocean, where it is largely
depleted in surface waters and only measurable in femtomolar to low picomolar concentrations
(Menzel and Spaeth, 1962; Safiudo-Wilhelmy et al., 2012; Ellis et al., 2016). Supporting our
conclusion that these cells were challenged by inhibition or depletion of vitamin B12, vitamin B
transporters increased in abundance in all -5°C conditions (BtuB; Fig. 2.7, 5a-d). The lack of
intracellular vitamin B12, whether through a cellular inability to acquire or through inactivation via
nitrous oxide, appears to cause a number of consequences in the cell.

Sulfate reduction was activated in all -5°C conditions compared to the control,

demonstrating a cold-adapted sulfate metabolic response in Cp34H. Sulfate reduction has been
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previously noted to be more active in psychrophilic marine bacteria compared to warmer-adapted
marine bacteria (Knoblauch et al., 1999) and general carbon turnover rates in Arctic marine
sediments are comparable to temperate climates due to their activity (Sageman et al., 1998).
This, however, is the first analysis to reveal that sulfate reduction enzymes in a psychrophilic
bacterium increased in response to lower subzero temperatures (i.e., -1°C to -5°C) regardless of
nutrient input (CysC, CysJ, Cysl, CysH, CysN, CysD, Fig. 2.8a-d). Cp34H has been previously
noted to have an enhanced genomic potential for sulfur metabolism, possessing both the ability
to oxidize intracellular sulfur and acquire sulfur extracellularly through sulfatase production (Methe
et al.,, 2005). Further, sulfur metabolism could be driven by the increase in cysteine and
methionine metabolism experienced by cells in all conditions as a general response to a decrease
in temperature. Complete activation of the methionine biosynthesis pathway was observed in all
conditions (MetA, MetB, MetC, MetE, MetH, MetK, MetL, Appendix A.8-11). Substitutions of
various amino acids for methionine, previously observed to be increased in psychrophilic proteins,
could stabilize the metal-binding domains of protein structures under low temperature conditions
(Harvilla et al., 2014; Maayer et al., 2014). Because the -5°C treatments were incubated for four
months, increases in sulfate reduction may be a result of oxygen limitation. Calculations based
on the growth rates tracked with [3H]-leucine suggest that the oxygen is reduced by the end of
the first week in the ASW*t incubation (Table 2.3), further supporting the presence of anaerobic
metabolic pathways being captured by the proteome at month four. These findings suggest that
when overwintering, psychrophilic sulfate reducing enzymes can increase in abundance as
temperatures drop, potentially influencing global sulfur cycles (Karr et al., 2005). Additionally,
heterotrophic bacteria in anaerobic conditions of evolving glacial lakes also exhibit active sulfate
reduction, suggesting these metabolic pathways may have increased relevancein other planetary

lakes, such as on Titan (Parro et al., 2018).
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2.5.5 SURVIVABLE AND DETECTABLE POLYPEPTIDE BIOMARKERS

These are the firstincubations of Cp34H in supercooled ASW and equilibrium brine where
activity, culturability, and proteomics were simultaneously monitored. Based on previous work
that indicates activity at -10°C in ice samples for extended periods of time (Junge et al., 2006;
Nunn et al., 2015), visual evidence that our incubations maintained cell numbers at -10°C in all
treatments, and results presented here that detected protein profiles at -10°C significantly differed
from controls support the hypothesis that cells in extreme conditions on an icy world could retain
specific polypeptide signatures for life at these conditions. This study represents the first statistical
evaluation of detected bacterial peptide sequences to determine if short peptide motifs (3-4 amino
acid long) were specifically synthesized and/or retained as a result of the high salinity or low -
10°C temperature. Evidence of the enrichment of short peptides in icy-world-analog incubations
here on Earth provide environment-specific context for future discoveries of detectable
biomarkers for life (extant or extinct) on other icy worlds. Currently, no multi-amino acid-based
biomarkers for life exist, but here we provide a list of potential candidate polypeptides that could
be targeted using high mass accuracy lander-based or in-orbit mass spectrometers (for review
see Arevalo et al., 2020). Candidate biomarkers must be detectable by mass spectrometry and
include polypeptide sequences of 2-8 amino acids in length; for statistical reasons, our analysis
focuses on polypeptides of 3-4 amino acids in length.

The most extreme experimental condition, -10°C brine, representative of the response of
terrestrial organisms to highly saline ice, especially under low-nutrient circumstances, is of distinct
astrobiological relevance. Our analysis identified over 534 k-mers that were found to be
significantly increased in Cp34H (Fig. 2.10). These peptides are specifically enriched in the amino
acids Ala, Val, Glu, and GIn. Over 80 amino acids have been detected in carbonaceous meteorites
(Pizzarello and Holmes, 2009; Pizzarello et al., 2006; Georgiou, 2018), and the most dominant

alpha-amino acids discovered in meteorites follows a distribution of Gly>Ala>Glu>Asp>Ser
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(Davila and McKay, 2014), notably containing two of the dominant amino acids detected to be
enriched in k-mers (Ala and Glu) at the more extreme conditions studied here. Alanine is the
second smallest of the 20 alpha-amino acids and is used in synthetic peptide design as a small
spacer amino acid, providing non-charged flexibility (Walters and DeGrado, 2006 and citations
within). The increased abundance of alanine in both 3- and 4-mers in both the temperature- and
brine-specific enrichment analyses also suggests that alanine provides a flexible spacer to
connect functional or acidic residues with higher binding affinities or catalytic propensities (Bartlett
et al., 2002). Valine, another frequently encountered amino acid in meteorites (Cobb and Pudritz,
2014), is noted to have a short hydrophilic side chain, providing valine-rich peptides with greater
flexibility and activity at low temperatures.

Georgiou (2018) proposed that different combinations of amino acids generate specific
catalytic units that may be enriched in life on earth, thereby increasing the probability of being
discovered in primitive extraterrestrial life forms. Examinations of catalytic sites within enzymes
suggest that two of the amino acids revealed to be enriched, retained, and detected in Cp34H k-
mers have key chemical groups that can increase catalytic potential (GIn: amide, Glu: carboxylate;
Bartlett et al., 2002). Previous analyses of >190 catalytic enzymes’ three-dimensional structures
and functional sites identified six common catalytic triads (Thr-His-His, Ser-His-Asp, Ser-His-Glu,
Asp-Thr-Lys, Thr-Lys-Asp, Lys-Glu-Lys; Gutteridge and Thornton, 2005). None of these 3-mers
were identified in our analysis of enriched k-mers with the exception of Ser-His-Asp (SHD), a
catalytic site of hydrolase serine proteases, identified in one temperature-specific 4-mer Ser-His-
Asp-Arg (SHDR). The k-mer identified to be enriched in the temperature-, salinity-, and brine-
10°C- specific responses, Lys-Asp-Ala (KDA), is present in 189 of the predicted proteins from
Cp34H. Although the sequence is short, it may enhance the functionality of these proteins in
subzero temperatures as it has an acidic residue with a basic amide functional group (K), a
carboxylate functional group (D), and a small non-polar spacer amino acid (A). In colder

temperatures, where protein structures can become rigid and inflexible, the small amino acid
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spacer would provide a wider opening for other molecules to bind with adjacent catalytic amino
acids.

Although individual amino acids have been detected in meteorites, and numerous models
and predictions based on physical properties of known enzymes have been made to theorize on
novel life detection strategies, this report is the first to take detectable polypeptide biosignatures
from psychrophiles incubated in extreme environmental conditions with the goal of identifying
common, short, repeating patterns that might be found elsewhere in the Solar System. These
peptides could be included in immunoassay-based life detector chips as proposed by Parro et al.,
2018, or directly detected and verified using tandem mass spectrometry methods (e.g., Arevalo
et al.,, 2020). Since peptides fragment in a predictable manner, generating a forward and
backward conformational sequence fingerprint with b- and y-ions, high mass-accuracy mass
spectrometry methods have a distinct advantage for detecting the proposed list of k-mers.
Furthermore, for off-planet missions to detect life, mass spectrometers have flight heritage as they
have been tested on missions to Mars dating back to the 1970s Viking mission (Anderson et al.,
1972). Mass spectrometers can provide sensitive and quantitative analyses of the chemical
composition of a range of planetary matrices, decipher isotopic, elemental, and molecular
abundances in an unbiased manner, and, with more recent advancements, allow for and direct
complex experiments in the gas phase using tandem mass spectrometers, making them capable
payload instruments for helping confidently detect biomarkers of life (e.g., Arevalo et al., 2019).
For example, using tandem mass spectrometry, mission control will be able to design experiments
that first accumulate predetermined ions (i.e., specific mass to charge ratios), while ejecting all
other ions. This increases the signal to noise ratio, improves sample-specific detection limits, and
yields higher resolution fragmentation spectra (i.e., MS2) for downstream interpretation. Mission-
ready high mass-accuracy Orbitraps are already under development, showing great promise for
detecting 3-4 amino acid long polypeptides (Arevalo et al., 2018). With known polypeptide targets,

such as we provide here, pre-programmed parallel reaction monitoring mass spectrometry (PRM-
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MS) methods can be designed to target, isolate, and fragment desired peptide masses of interest
in the gas phase. The sensitivity of these MS based-methods have demonstrated detection of
attomolar levels of many peptides within complex matrices (Gillette and Carr, 2013; Glukhova et
al., 2013). Additionally, mass spectrometers would allow for on-the-fly organic or inorganic target
selection from ground control so that these instruments can discover unexpected signals in a
targeted-assay-like manner as new information is gained while in orbit.

The list of k-mers provided here reveals important trends in amino acid sequences and
should be further refined as they are explored in other organisms. Although peptides have been
subjectively placed low on the “evidence for life” scale, directly correlating specific features that
are enriched in terrigenous systems similar to those anticipated off-Earth may allow us to link
heritable traits found as a molecular signal to specific environmental responses (Neveu et al.,
2018). Direct correlations of k-mers featured here to high salinity or low temperature would
strengthen evidence for the existence of life elsewhere if discovered off-planet. In addition to
performing additional tests on these k-mers in other organisms, these peptides can be used in
other low biomass, subzero or saline environments to determine their universality as a life
detection biomarker. Isotopically-labeled synthetic duplicates should be made as laboratory
standards, and limits of quantification and detection should be established with mass
spectrometry methods in a variety of matrices, including rock with potential relevance to the joint

NASA and ESA future Mars rock and soil sample return campaign.

2.6 CONCLUDING REMARKS

Conditions in the most extreme cold environments on Earth provide a useful analog to
study other icy worlds, where survival would require organisms to maintain adaptations to extreme
low temperatures and high salinities. Long-term survival in a matrix of extreme conditions can

offer valuable clues to the metabolic strategies employed by microbial life-forms enduring similar
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combinations of stresses as the experimental variables explored in this study. Additionally, as
specific proteins were uniquely identified and/or significantly increased or decreased in direct
correlation to isolated variables, peptides from those proteins could be selected as biomarkers for
extant life here and elsewhere.

Understanding the specific mechanisms by which extremophiles adapt to their
surroundings is important for the progress of environmental, technological, and astrobiological
advancements. Here we report how environmental variables of low temperature, high salinity, and
absence of nutrients independently affect functional proteomic responses in the context of
culturability and metabolic activity of Cp34H, particularly highlighting the impact of carbon,
nitrogen, and fatty acid metabolism. Finally, we propose the use of polypeptide biomarkers in
advancing astrobiological searches for life on other icy worlds, providing a suitable list of

candidate biomarkers to investigate in future studies.
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Chapter 3: HARMFUL ALGAL BLOOMS PRECEDED BY A
PREDICTABLE AND QUANTIFIABLE SHIFT IN THE
OCEAN MICROBIOME

Chapter 3 is adapted with minimal modification from:

Mudge, M.C., Riffle, M., Chebli, G., Plubell, D., Rynearson, T., Noble, W.S., Timmins-Schiffman,
E., Kubanek, J., Nunn, B.L. (2024) Harmful algal blooms preceded by a predictable and
guantifiable shift in the oceanic microbiome. Nat Commun. In review.

M. C. Mudge contribution: Study design, sample collection, DNA extractions, sample processing,
data analysis and interpretation, and manuscript drafting and editing.

3.1 ABSTRACT

Harmful algal blooms (HABs) have become a worldwide environmental and human health
problem, stressing the urgent need for a reliable forecasting tool. Dynamic interactions between
algae, including harmful algae, and bacteria play a large role regulating water chemistry. Free-
living bacteria quickly respond to small physical and/or chemical environmental changes by
adjusting their proteome. We hypothesize that this response is detectable at the peptide level and
occurs before rapid phytoplankton growth characteristic of harmful bloom events. To characterize
the microbiome’s physiological changes preceding bloom onset, we collected and analyzed a
high-resolution metaproteomic time series of a free-living microbiomein a coastal ecosystem. We
developed an agnostic, comprehensive, and statistically robust framework to query the microbial
metaproteome for bacterial peptides that undergo a non-reverting state shift in abundance ~24
hours prior to HAB onset. Twelve candidate HAB biomarkers were confirmed to be detectable,

guantifiable, and correlated across two pre-bloom periods. This study proposes and verifies that
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the changing molecular signals within the ocean microbiome can be used as diagnostic
biomarkers for predicting HAB initiation, potentially mitigating detrimental algal bloom outcomes

in the future.

3.2 INTRODUCTION

Harmful algal blooms (HABs) are sudden accumulations of photosynthetic phytoplankton
that cause adverse effectsto aquatic ecosystems (“What Is a Harmful Algal Bloom?”, National
Oceanic and Atmospheric Administration). These blooms pose serious threats to both human
health and the economy (Berdalet et al., 2015) with negative consequences on fishing, tourism,
and real estate industries as well as mass mortalities of coastal marine mammals, seabirds, and
fishes. Harmful effects caused by bloom-forming species are primarily attributed to the production
of highly toxic compounds such as neurotoxins (Anderson et al., 2021); that said, there are many
non-toxic HAB species that achieve remarkably high cell densities that can block sunlight to
deeper waters, alter local water chemistry (e.g., pH, nutrients)(Brooks et al., 2016), generate
hypoxic or anoxic zones (Turley et al., 2022), and/or obstruct fish gills, all potentially leading to a
swift rise in mortalities (Rolton et al.,, 2022). A variety of human-made and environmental
perturbations are capable of initiating these blooms (Glibert and Burkholder 2018); however, in
the majority of bloom events, the specific underlying cause for HAB initiation is unknown. In
general, two fundamental goals of HAB research are (1) to determine what factors lead to the
dominance of HAB-forming species and (2) to predict bloom onset, enabling warning and
mitigation strategies to combat the increasing frequency and intensity of HAB events globally
(Barton et al., 2016).

Interactions between phytoplankton and bacteria have been shown to play a paramount
role in shaping the dynamics of nutrient availability, biogeochemical cycles, and microbial diversity

and function in marine ecosystems (Seymour et al., 2017, Mayali 2018; Muratore et al., 2022). In
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the specific context of HABS, tight associations have been observed within the microbiome as
phytoplankton advance through bloom cycles, with bacteria playing a deterministic role in the
outcome of HAB progression and algal byproducts (Dong et. al., 2014; Coyne, Wang, and
Johnson 2022; Kuhlisch et al., 2024). Additionally, certain consistently abundant taxa have been
noted as commonly associated with different phytoplankton species (Hattenrath-Lehmann and
Gobler 2017; Deng et al., 2022; Fortin et al., 2022), lending precedent to the idea that community
structure and function are driven by specific associations (Grossart et al., 2005). The influence
these organisms have on each other's biological potential creates a recognized opportunity
(Gajardo et al.,, 2023) to utilize rapid bacterial active responses to individual and interacting
chemical, physical, and biological factors as an in situ predictor for phytoplankton dynamics.

Proteomic techniques are capable of capturing this active functionality of cells through the
measurement of peptides, the component pieces of proteins that are tightly regulated and rapidly
modified in response to minute environmental perturbations (Maier et al., 2011; Calado 2022).
Recent advances in mass spectrometry (MS) techniques and methods have enabled highly
accurate quantification of peptides in a variety of sample types across a wide dynamic range
(Brunner et al.,, 2022). Additionally, as the development of peptide-based biomarkers for
diagnosing human health (Pandey et al., 2021) is gaining momentum in medical research, a range
of potential molecular or antigen rapid tests could be deployed via citizen science (Agarwal et al.,
2022) or autonomous vehicle monitoring for environmental applications (Wang et al., 2024).

The high-resolution time series presented here captured the biological and chemical
characteristics of a dynamic coastal ecosystem during two pre-bloom periods of the HAB-forming
diatom Chaetoceros socialis. To interrogate the microbiome for biomarkers capable of predicting
a HAB >24 hours in advance, a metaproteomic analysis was performed to quantify bacterial
peptides collected every four hours. A multistep framework was developed for selecting and
statistically validating potential biomarker peptides using a hidden Markov model (HMM), a

statistical approach that can identify when the underlying state of the data undergoes a non-
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reverting shifts in time series data. Our investigation revealed 314 potential biomarkers for
predicting bloom onset. Targeted validation of peptides from a second pre-bloom period with a
different chemical profile confirmed a subset of 12 peptides as quantifiable, non-reverting
biomarkers. These findings provide evidence towards the use of the bacterial microbiome to

generate biomarkers for predicting future HABs.

3.3 METHODS

Sample collection and water column analysis Sample collection methods are
detailed in Nunn et. al., 2024. Briefly, field sampling was conducted in East Sound, WA, USA from
May 27 - June 18, 2021, by pumping water from 100 m offshore at a constant depth of 2 m and
flow rate of 5 L mint. Whole water was filtered through a 200 um nylon mesh followed by three
subsequent filters at 100 um, 10 pum, 1 um before final collection onto a 0.22 um polyethersulfone
(PES) 47 mm filter. Final metaproteomic samples were stored long term in -80°C on 0.22 m
polyethersulfone (PES) filters. Additional samples collected included nutrients, flow cytometry,
prokaryotic DNA/proteomics, eukaryotic DNA/RNA/proteomics, and dissolved metabolites. Water
chemistry was also monitored at the collection site with a YSI Exol Sonde probe capturing

chlorophyll a concentration, salinity, temperature, dissolved oxygen, and pH every 10 minutes.

Metagenome assembly and database generation DNA extraction was performed
according to methods detailed in Nunn et. al., 2024 on samples from all time points collected. All
132 samples were combined to generate a pooled sample with equal amounts of DNA (50 ng)
from each sample for whole genome sequencing (WGS) using 150 bp paired-end lllumina
sequencing (NextSeq500 Mid Output v2 Kit - 300 cycle) through the Northwest Genomics Center

(NWGC) at the University of Washington. DNA library preparation, quality controls, and WGS
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were performed by the NWGC. The resulting FASTQs were assembled into a metagenome using
MEGAHIT (Li et al. 2015). Samtools (Danecek et al., 2021) 1.14 was used with Python (Van
Rossum and Drake 2009) 3.7.7 to filter only mapped reads, and Prodigal (Hyatt etal., 2010) 2.6.3
was used to convert contigs into a FASTA file consisting of 3,457,818 proteins (PRIDE identifier

PXD052873).

Proteomic sample processing Samples collected for microbiome proteomic
analysis (collected on 0.22 um PES) were manually agitated within a 3x4 cm Ziplock baggie with
100 pl S-Trap solubilization buffer (5% SDS, 50 mM TEAB, 2 mM MgClz, 1X HALT protease and
phosphatase inhibitors in nanopure water) to ensure equal spreading of the buffer across the filter
surface. The cell lysate was collected via pipette in a 2 mL microfuge tube. This was followed by
additional rinse of the filter with 100 pl nanopure water followed by manual agitation and
immediate transfer of solution to pool fractions in the 2 mL tube. Two additional rinses of the filter
with 100 pl nanopure water without manual agitation were performed and the solution added to
the pool. The resulting 400 pl whole cell solution was then sonicated (Branson 250 Sonifier; 20
kHz, 30 x 10 s on ice). Samples were then evaporated in a SpeedVac (ThermoFisher Scientific
SRF110) at room temperature to reduce the volume to 100 L (5% SDS). Protein concentrations
for each sample were quantified in triplicate using a Bicinchoninic Acid protein assay kit (Pierce
Thermo Scientific) using a microplate reader. Enolase protein standard (0.16 yL 100 ng pI™
enolase per 1 ug protein) was added to each sample to track digestion efficiency. Each sample
(20 pg protein) was treated with benzonase to degrade DNA (0.5 pL 250 unit pI™t 10 minutes at
95°C), and proteins were reduced with 20 mM dithiothreitol for 10 minutes at 60°C followed by a
four minute cool down to room temperature, alkylated with 40 mM iodoacetamide for 30 minutes
in the dark, acidified to pH <2 (1.2% aqueous phosphoric acid), and then processed on an S-trap
micro column according to manufacturer's recommendations (Protifi S-Trap micro protocol).

Proteins were digested with Promega modifiedtrypsin (2 pg for 1:10 ratio, 1 hour 37°C). Resulting
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peptides were evaporated to dryness and resuspended in 2% acetonitrile (ACN), 0.1% formic
acid with final concentration of 0.5 ug protein ul™. Prior to analysis on the mass spectrometer,
each sample received 50 fmol ug? protein of Pierce Retention Time Calibration (PRTC) as an

external standard to monitor MS performance across experiments.

Proteomic mass spectrometry overview All mass spectrometry analyses were
performed on an Orbitrap Lumos Fusion Tribrid instrument with an inline EASY-nLC 1200
(ThermoFisher Scientific). Reverse phase chromatography was achieved using a manufactured
PicoTip fused silica capillary column (75 um i.d., 40 cm long) packed in-house with C18 beads
(Dr. Maisch ReproSil-Pur; C18-Aq, 120 A, 3 ym) and maintained at 50°C. The analytical column
was fitted with a4 cmlong, 150 ym i.d. in-house packed kasil-frit precolumn (Dr. Maisch ReproSil-
Pur; C18-Aqg, 120 A, 3 um). Peptides were eluted using an acidified (formic acid, 0.1% v/v) water-
acetonitrile gradient (2-45% acetonitrile). Sample analyses on the MS were randomized to reduce
batch effects and quality control (QC) peptide mixtures were analyzed every sixth injection to
monitor chromatography and MS sensitivity. Each sample was analyzed with data-dependent
acquisition (DDA) and data-independent acquisition (DIA) in random order. Skyline was used to
evaluate the consistency of the resulting peak areas and retention times of QC standards through
all analyses (MacLean et al., 2010). The DDA MS data are deposited to the Proteome Xchange
Consortium via the PRIDE partner repository with the dataset identifier PXD052873. The DIA and
PRM MS data are deposited to Panorama Public (Sharma et al, 2014; 2018):

(https://panoramaweb.org/Orcas-Island-Time-Series.url).

DDA analyses Samples from June 12, 2021 (17:00) to June 18, 2021 (13:00) were
analyzed on the mass spectrometer operating in DDA mode. The top 20 most intense ions were
selected for MS2 acquisition from precursor ion scans of 400-1200 m/z. Centroid full MS

resolution data was collected at 70,000 with AGC target of 1 x10° and centroid MS2 data was
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collected at resolution of 35,000 with AGC target of 5 x 10%. Dynamic exclusion was set to 10
seconds and +2, +3, +4 ions were selected forMS2. Comet2022.01 (Eng, Jahan, and Hoopmann
2013; Eng et al.,, 2015) was used to search the DDA files; parameters included: reverse
concatenated sequence database search, 10 ppm precursor mass tolerance, semi-tryptic
specificity with 3 allowed missed cleavages, cysteine modification of 57 Da (resulting from the
iodoacetamide) and modifications on methionine of 15.999 Da (oxidation). Percolator (version
3.02)(Kall et al., 2007; The et al., 2016) was used to select peptides with 1% FDR. An open source
Nextflow workflow (https://github.com/mriffle/nf-filter-fasta) was used to reduce the metagenomic
FASTA from 3,457,818 proteins into a smaller DDA-refined database representing all possible
proteins from the peptides detected in the samples for proteomic interpretation. These peptides
were mapped back to the full metagenomic FASTA to compile a database of all proteins with at
least 1 peptide identified by the workflow. The resulting DDA-refined database contained 36,429

protein sequences.

DIA analyses Samples from June 12, 2021 (17:00) to June 18, 2021 (13:00) were
analyzed on the mass spectrometer using DIA mode. For each DIA MS experiment, 4 g digested
peptides with 7 fmol PRTC were analyzed. Centroid full MS resolution data was collected at
120,000 and MS2 data was collected at a resolution of 15,000 with an AGC target of 4 x10° across
isolation windows of 8 m/z. Prosit (Gessulat et al., 2019) was used to process the DDA-refined
database using an HCD intensity and ion retention time prediction model according to methods
from Searle et. al., 2020(Searle et al. 2020). Six gas phase fractionations (GPFs) spanning 100
m/z for each analysis were completed with narrow isolation window (4 m/z) to generate a
chromatogram library using Encyclopedia (Searle et al., 2018) v. 1.4.01 following Pino et. al.,
2020. The 36 individual time series MS experiments were searched against the resulting
chromatogram library using Encyclopedia v. 1.12.31. Encyclopedia-exported results were

visualized using Skyline-daily version 22.2.0.527, including quality assurance that every peptide
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contained at least three quantifiable transitions and external standards (PRTC peptides) had a
coefficient of variation below 20%. Quantitative values for each peptide were generated using
Skyline which calculated the area under the curve (AUC) for each peptide after total ion current

(TIC) normalization using Encyclopedia-inferred peak boundaries.

Taxonomic and Functional Annotations. MetaGOmics (Riffle et al.,, 2017)

software (version 0.2.0; https://www.yeastrc.org/metagomics) identifies the lowest common

ancestor on each peptide’s taxonomic and functional Gene Ontology (GO) assignment using a
provided site-specific metagenomic-generated protein sequence database. Here, we used the
DDA-refined database as our background proteome and provided a complete list of all peptides
identified at each timepoint with their respective peptide quantities (DIA-MS). The MetaGOmics

reports were used to annotate peptides to their respective GO terms and taxonomic classes.

3.3.1 Framework for selecting peptides

Phase 1A: Data dimensionality Reduction- PCA. Quantitative peptide AUC values
were first median normalized and log transformed prior to performing the PCA. PC1 was driven
by missingness of data across the 36 timepoints and was not included in further exploratory
analysis. PC2 and PC3 were separated by day of collection, identifying a critical time point of
change. A Mann-Whitney test was used to test for significance between the first and second half
of the timeseries. The top 10% of peptides driving variation across PC2 were selected as

candidate peptides.

Phase 1B: Taxonomic trends in summed peptide abundances. Peptide abundances

resulting from each class as annotated by MetaGOmics were summed at each timepoint and
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plotted through time. A Spearman’s correlation coefficient rho (p) was then calculated (Table 3.2;
Fig. 3.9) comparing the summed quantitative peptide abundance values for each class and
ranked time. All peptides from the bacterial classes with a correlation coefficient p >=|0.5| were
selected for further development and testing as biomarkers (i.e., Flavobacteriia,
Gammaproteobacteria, Verrucomicrobiae, and Opitutae). Alphaproteobacteria was additionally

added to the analysis as it represented the most abundant taxonomic class.

Phase 2: HMM State-shift time series analysis. A two-state hidden
Markov model (HMM) was then fit to the quantitative values associated with each candidate
peptide to identify those that undergo a non-reverting state shift >24 hours prior to the BSD (R
package depmixS4 (Visser and Speekenbrink 2010) (Fig. 3.12-13). The time series data was log
transformed prior to model fitting. The model was specified to have a Gaussian distribution and
transition probabilities were assumed to be stationary. Model parameters were estimated using
an Expectation-Maximization (EM) algorithm, with a random seed set to ensure reproducibility.
The resulting probability matrix was used to determine the latent state of the observations, and
the determined state outcomes were plotted through time. Of the 314 peptides determined to
undergo a non-reverting state shift, 87 were selected for the next phase of biomarker

development.

Phase 3: Matrix-Matched Calibration Curve (MMCC). To determine if the
candidate peptides are quantitative by mass spectrometry, a matrix-matched calibration curve
(MMCC)wascreated (Pino, Searle, et al., 2020). MMCC analysis provides the user with the ability
to determine a peptide’s detectability within a complex matrix and whether the peptide yields a
linear response when analyzed with targeted parallel reaction monitoring (PRM) methods in a
dilution series. A pooled sample consisting of 2 pg aliquots of digested peptides from 36 samples

from our time series as a representative water microbiome. This microbiome sample was serially
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diluted with a matched matrix of peptides resulting from the marine bacterium Colwellia
psychrerythraea 34H (Methé et al.,, 2005). The resulting dilution series consisted of six
microbiome-to-matrix ratios that spanned the expected dynamic range of targeted peptides: 0%,

0.3%, 3%, 50%, 70%, 100% microbiome.

PRM analyses on MMCC The targeted peptide list was generated using the
Skyline analysis of the DIA data. Peptides were trapped and separated on a near identical
chromatography setup detailed earlier with the exception of the analytical column length (30 cm).
Mass spectrometry experiments were completed with 2 ug digested peptides with 150 fmol PRTC.
Peptides were eluted using the same gradient as DDA/DIA experiments followed by a 30 minute
wash with 80% ACN and 10 minute re-equilibration with 3% ACN. Targeted ions were selected
for MS2 acquisition from precursor ion scans of 400-1000 m/z with an isolation window of 1.6
m/z, flow rate of 300 nL/min, and resolution of 30,000. Centroid full MS and MS2 data was
collected with an AGC target of 4 x10°. Data was analyzed with Skyline (MacLean et al., 2010)
software to identify peptide peaks and chromatographic time boundaries. Skyline-calculated
peptide quantification from AUC were exported and analyzed with R following Pino et al. 2020. A
total of 27 peptides were identified to yield linear responses via the MMCC with resulting limit of

detection (LOD) >1e6.

Biomarker Peptide Validation To validate the final 27 candidate peptides as
predictive HAB biomarkers, PRM MS analyses were performed on the set of samples collected
from May 28, 2021 (01:00) to June 3, 2021 (01:00) using the same target peptide list. MS
experiments were completed on 2 pg peptides with 150 fmol PRTC external standard. Skyline
(version 23.0.9.187) was used to visualize the peptide peak boundaries, which were visualized
and manually adjusted based on the parameters established by the MMCC methods. The

resulting AUC report was exported from Skyline and evaluated in R to analyze the temporal trends
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for each peptide. A two state HMM was fit to each peptide to select for those that undergo a non-
reverting state shift, resulting in the final panel of 12 successful biomarker peptides. A Spearman
correlation analysis was performed on the 12 peptides to compare peptide abundances across
the discovery and validation data sets and assess for consistency of pre-bloom temporal trends.
Taxonomic and functional annotations were assigned to each of the 12 peptides by first mapping
each peptide back to its respective parent proteins within the DDA-refined database.
Subsequently, a standard protein search was performed against the publicly available NR

database using the Basic Local Alignment Search Tool (BLAST; 2/6/2024).

3.4 RESULTS
3.4.1 Field-sampling captures two pre-bloom initiation periods with divergent nutrient
profiles

A high-resolution time series of a coastal bacterial microbiome was acquired from
May 27 - June 18, 2021 in East Sound, WA, USA, capturing samples every 4 hours across one
full HAB cycle and the pre-bloom dynamics of a second HAB (Fig.3.1; 3.2). On-site microscopy
determined that the eukaryotic fraction of the ecosystem was dominated by Chaetoceros socialis
(SoundToxins Phytoplankton Monitoring Network). Two bloom initiations of C. socialis were
identified from the detailed chlorophyll fluorescence trace (Fig. 3.1b, ¢). Calculated bloom start
dates (BSD)(Brody, Lozier, and Dunne 2013) were May 31 at 23:00 and June 18 at 11:00 (Fig.
3.3). Cell counts of nanoeukaryotes and picoeukaryotes confirmed the May 31st BSD (Fig. 3.1d),
while Sound Toxin microscopy and satellite images confirmed the presence of a HAB on June 19
[SoundToxins Phytoplankton Monitoring Network](Fig. 3.4). The nutrient conditions over the two
pre-bloom initiation periods revealed divergent chemistries (Fig. 3.1h, i). Specifically, the pre-

bloom period in May experienced a 20-30 mM increase in silicate and a 15 mM increase in nitrate
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~60 hours in advance of the BSD (Fig. 3.1h), coinciding with a 4°C fluctuation in temperature (Fig.
3.1j). In contrast, in the pre-bloom conditions prior to the June BSD concentrations of all nutrients
measured fluctuated < 5 mM, revealing a more stable chemical ecosystem (Fig. 3.1i).

As a result of these divergent nutrient profiles in the pre-bloom conditions, the two time
series were considered as separate in situ pre-bloom experiments (discovery and validation)
allowing the opportunity to characterize each ecosystem independently (Fig. 3.1a). June 12 - 18
was selected as the discovery period because the environmental parameters monitored were
more stable (Fig. 3.1f). May 28 - June 2 was selected as the validation period to test candidate

biomarkers (Fig. 3.1a).

34.2 Discovery phase: identifying peptide biomarkers through quantitative

metaproteomics

A new metaproteomic pipeline was developed to 1) confidently identify peptides from this
complex microbiome, 2) generate quantitative peptide data, and 3) annotate peptides using a
lowest common ancestor approach.

Briefly, data dependent acquisition (DDA) MS data from the June 12 - 18 sample set (36
samples) were searched against the metagenome-generated database (DB) of 3,457,818
proteins (PRIDE identifier PXD052873). DDA analysis yielded 36,429 protein detections from the
9,765 peptides confidently detected, which were used to generate the smaller DDA-refined
database for quantitative data independent acquisition (DIA) analysis and interpretation (Fig.
3.5)(Everett, Bierl, and Master 2010; Bern and Kil 2011). The resulting DDA-refined database
represents 1% of the original metagenome. Next, the DIA analysis of the discovery sample set
detected 4,645 unique peptides. A conservative approach was taken to only include peptides that
yielded a quantitative value for > 50% of the 36 time points, yielding a final set of 4,468 peptides

for the next phase of our biomarker screen (Fig. 3.6).
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Phase 1A: Data dimensionality reduction (PCA) For Phase 1A, a
principal component analysis (PCA) was performed on the time series to identify how the
quantified peptides varied by time and day of collection. A PCA of all quantified peptides from the
DIA analysis of the discovery period revealed that variation across PC1 (proportion of variance =
12.67%) was driven by absence of peptide signals across the time series (Fig. 3.7). Visualization
of PC2 (proportion of variance = 9.17%) vs PC3 (proportion of variance = 6.67%) revealed two
clusters of data separating along PC2 (Fig. 3.8a). Analysis of the date and time of collection
represented by each datapoint revealed that the separation was driven by the date of collection
(between June 15-16; Fig. 3.8a), not the time of day of collection as expected. A Mann-Whitney
test of PC2 loadings between June 12 - 15 and June 16 - 18 was significant (p = 1.916e-09). A
total of 447 peptides, representing the top 10% of peptides driving variation across PC2, were

selected for Phase 2 analysis.

Phase 1B: Taxonomic trend analysis In Phase 1B, 2,015 of the total 4,468 peptides were
annotated with MetaGOmics (Riffle et al., 2017), revealing representation of 29 total bacterial
classes in the quantitative peptide dataset (Fig. 3.9). Nearly half of those annotated peptides were
from Alphaproteobacteria (956 peptides). The next five most abundant classes were
Flavobacteria (431 peptides), Gammaproteobacteria (339 peptides), Verrucomicrobiae (91
peptides), Bacilli (75 peptides), and Opitutae (39 peptides)(Table 3.1). Seven of the 29 taxa
showed significant correlation between summed quantitative peptide abundance values and time
over the pre-bloom period (Spearman’s rho cut-off =|0.5|; Fig. 3.8b; Table 3.2). Verrucomicrobiae,
Opitutae, Acidobacteriia, and Zetaproteobacteria exhibited a strong positive trend over time (p 2
0.7, Fig. 3.8b), with a distinct inflection in abundance at the same June 15-16 changepoint
identified from the PCA (Fig. 3.8a, b). The peptide trend from the most abundant class,
Alphaproteobacteria, exhibited a weak positive correlation (p = 0.35, Fig. 3.8b), while peptide

trends from Gammaproteobacteria, Flavobacteria, and Epsilonproteobacteria exhibited a
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Figure 3.1. Fieldwork captures pre-bloom dynamics of two Chaetoceros socialis blooms. a)
Relative phytoplankton levels were captured by chlorophyll a measured every 10 min via YSI
Exol Sonde probe. Time periods selected for discovery (yellow) and validation (blue) are
highlighted and bloom start date (BSD) indicated with a dotted red line. b,c) The chlorophyll a
trace for the discovery and validation datasets are expanded for alignment. d,e) Flow cytometry
of nanoeukaryotes and picoeukaryotes, as well as bacterial f,g) cell counts were determined using
cell size. h,i) Nutrient concentrations were reported from total nutrient analysis. Temperature j,k)
of the water column was captured with a YSI probe.

35 35
a b
= 34 5 34
& 3 2 33
> 32 > 32
S 3 = 31
© ©
» 30 » 30
29 29
28 29 30 31 01 02 12 13 14 15 16 17 18
& 8.50 d 8.50
8.25 8.25
- = - =
0.8.00 2.8.00
7.75 7.75
7308 29 30 31 01 02 7307 13 14 15 16 17 18
e 160 f =160
o o
S 140 S 140
© ©
—_ S
2 120 3 120
g 3 MW
100 100
8 80 8 80
O 60 O 60
28 29 30 31 01 02 12 13 14 15 16 17 18
May - June June

Figure 3.2. Water chemistry measurements during discovery and validation pre-bloom periods.
YSI Exol Sonde probe used to capture levels of a,b) salinity, c,d) pH, and e,f) dissolved oxygen
at sample collection site for the validation and discovery data sets, respectively.
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chlorophyll a was calculated to determine the bloom start date for the a) discovery and b)
validation data sets. BSD, noted with a dotted line, was annotated as the point of highest rate of
change in the time period analyzed.

negative correlation with time (p < -0.5, Fig. 3.8b). All peptides from classes with a p = |0.5| were
selected forthe next phase of biomarker discovery. Additionally, peptides from the most abundant
class, Alphaproteobacteria, were also selected to proceed through biomarker development. In

total, our taxa-driven discovery approach yielded 1858 peptides for consideration as biomarkers

in Phase 2.

Phase 2: State shift analysis (HMM) As our goal was to identify biomarkers to predict
HAB initiation, a hidden Markov model (HMM) approach was applied to reveal peptides with a
non-reverting shift in underlying state processes. A two-state HMM was fit to each of the 2,015
Phase 1 candidate peptides’ temporal abundances (Fig. 3.6, yellow). A total of 314 peptides
were confirmed to undergo a non-reverting state shift >24 hours prior to the bloom start date
(Fig. 3.8c). This set included 88 peptides that were identified from both Phase 1 analyses, as

well as 181 that originated from only the Phase 1A PCA and 221 from only the Phase 1B

correlation analysis (Fig. 3.6).
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Figure 3.4. Satellite images of chlorophyll a concentration confirming HAB presence. MODIS
satellite images of near-surface chlorophyll a concentration (mg m-) in waters surrounding East
Sound, WA, USA during a) June 1 and b) June 21, 2021. The MODIS Chlorophyll a product is
available from both the Terra and Aqua satellites. The sensor and imagery resolution is 1 km, and
the temporal resolution is daily. References: MODISA L2 OC

doi:10.5067/AQUA/MODIS/L2/0C/2018
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Figure 3.5. Schematic of data analysis pipeline for MS proteomics. A pipeline was created to
identify, quantify, and quality assure candidate peptide biomarkers across the experimental
analysis.

Phase 3: Matrix-Matched Calibration Curves (MMCC) From the 314 peptides
that passed Phase 2, 87 peptides were randomly selected to test for a quantitative response in a
dilution series using targeted mass spectrometry (Pino, Searle, et al., 2020). Because
metaproteomic measurements using MS techniques are prone to confounding matrix effects, we
constructed a matrix-matched calibration curve to ensure that candidate peptides could be
accurately and reliably quantified prior to further analysis (Fig. 3.6, blue). The MMCC consisted
of a dilution series of this study’s microbiome peptides against a matched-matrix of Colwellia
psychrerythraea 34H peptides to determine if candidate biomarkers exhibited a linear response
during targeted MS experiments and establish a limit of detection (LOD) for each peptide. The
MMCC method followed by parallel reaction monitoring (PRM) allowed evaluation of the LOD for
the 87 peptides down to a detectable threshold of 1e3, and the dilution series demonstrated a

linear trend above the LOD (Fig. 3.10). Due to sample limitation, a random subset of 27 peptides

that passed the MMCC standards were selected to progress through to the validation phase.
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Figure 3.6. Framework for determining candidate peptides. Schematic of the biomarker
identification pipeline for systematic peptide discovery (yellow-framed box) and validation (blue-
framed box). For peptide discovery, data-independent acquisition was used to quantify peptides
from the June 12 -18 samples. Peptides contributing to pre-bloom microbiome proteome variation
were identified in Phase 1A through dimensionality reduction (PC loadings indicated by green and
purple arrow illustrations in PCA plot) and Phase 1B through correlation analysis of taxonomic
trends over time which identified peptides from taxonomic classes that had a time-specific
correlation (p 2 |0.5]). The candidate peptides identified in Phase 1 progressed to Phase 2 state
shift analysis using hidden Markov models. In the discovery phase a total of 314 peptides were
identified as potential biomarker candidates for downstream testing. A subset of 87 of the
candidate peptides were randomly selected and to determine if they yielded quantitative linear
responses in Phase 3 using a matrix-matched calibration curve. Afinal randomly selected subset
of 27 peptides that passed Phase 3 was evaluated using targeted analysis to evaluate
consistency in temporal abundance from May 28 - June 2 and validate the biomarkers as
predictors of HAB initiation.
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Figure 3.8. Quantified peptides characterized across the microbiome reveal trends in global
structure and specific taxa. a) PCA of all quantified bacterial peptide abundances from DIA
analyses, colored to illustrate the first (June 12-15, purple) and second (June 16-18, pink) half of
the time series, with PC2/3 reported. b) Time series of the total peptide abundances of bacterial
classes, with shaded regions representing loess smoothing. Spearman’s correlation coefficient
rho (p)was calculated using each class’s summed peptide abundance against ranked time values
(positive (20.5, blue), negative (<-0.5, red) and no (black) correlation). c) Distribution of the HMM
state shift timing for all non-reverting peptides when average peptide abundance before and after
the state shift are compared. Numbers above the bars indicate how many peptides from that time
were selected as final biomarkers for validation.
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Table 3.1. Spearman’s correlation coefficient for class-level summed peptide abundance
over time.

Peptide cég:f?::it;z: Significance
Verrucomicrobiae 0.900 2.20E-16
Opitutae 0.849 3.60E-08
Acidobacteriia 0.703 5.09E-06
Zetaproteobacteria 0.642 3.69E-05
Gammaproteobacteria -0.562 4.56E-04
Epsilonproteobacteria -0.554 5.55E-04
Flavobacteriia -0.545 7.19E-04
Bacteroidia 0.458 5.40E-03
Deltaproteobacteria 0.447 6.76E-03
Balneolia -0.432 2.27E-02
Phycisphaerae 0.421 1.12E-02
Sphingobacteriia -0.415 1.25E-02
Gloeobacteria -0.408 1.40E-02
Clostridia -0.403 1.54E-02
Chlamydiia -0.363 3.01E-02
Alphaproteobacteria 0.348 3.83E-02
Chitinophagia -0.298 8.25E-02
Oligoflexia 0.280 1.09E-01
Actinobacteria 0.279 1.10E-01
Planctomycetia 0.262 1.23E-01
Bacilli -0.228 1.81E-01
Saprospiria -0.222 1.92E-01
Acidimicrobiia 0.192 2.84E-01
Spirochaetia 0.164 3.54E-01
Tissierellia 0.162 3.99E-01
Lentisphaeria 0.114 5.08E-01
Cytophagia 0.076 6.60E-01
Thermotogae 0.024 8.90E-01
Betaproteobacteria 0.003 9.86E-01

Calculated correlation coefficient (Spearman’s rho) and significance (p-value) between summed
peptide abundances for each class from the discovery time series.
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Table 3.2. Peptide selection proportions by framework phase.

Method Group Phase 1 Phase 2
Data dlmenglonallty Total Number Peptides 447 181
reduction
Total Number Peptides 1858 221
Alphaproteobacteria 956 61
Gammproteobacteria 339 34
Taxonomic Flavobacteria 431 63
correlation analysis Opitutate 39 21
Verrucomicrobiae 91 40
Acidobacteriia 1 1
Zetaproteobacteria 1 1

The number of peptides evaluated within each biomarkerframework phase in the discovery phase
are reported. Phase 2 represents the number of peptides from classes that underwent a non-
reverting state shift prior to the BSD.
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Figure 3.9. Correlation analysis of identified bacterial classes over time shows trends in peptide
abundance prior to BSD. Points represent total summed abundance of all peptides annotated per
given bacterial class across the discovery dataset.
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3.4.3 Validation of biomarkers as predictors of HABs

In order to determine whether our final subset of 27 biomarkers could predict a
HAB, targeted MS analyses were performed on the May 28 - June 2 pre-bloom sample set (i.e.,
the validation period, Fig 3.1c). The goal of the validation experiment was to evaluate whether the
27 biomarkers identified in the discovery bloom data set also exhibited a non-reverting state-shift
prior to the June 18 BSD and whether the resulting temporal patterns were consistent across
multiple blooms. All peptides identified as potential pre-bloom biomarkers were above the LOD in
the validation time series. A two-state HMM was fitto each peptide, revealing a total of 12 peptides
that exhibited a non-reverting state shift prior to the BSD (Fig. 3.11a,b; Fig. 3.12-13). The state
shift for all peptides occurred at least 24 hours prior to the observed BSD for both blooms (Fig.
3.1c; Fig. 3.11b; Fig. 3.12-13; Table 3.3). Additionally, a Spearman correlation analysis of the
discovery and validation blooms showed a strong positive correlation for eight of the quantified
peptides when peptide abundance was aligned to the BSD (correlation value = 0.6 (e.g., Fig.
3.11a,b; Fig. 3.14). A detailed annotation of the peptides with Basic Local Alignment Search Tool
(BLAST) protein analysis revealed that, of the final 12 validated biomarkers, 8 peptides were from
Gammaproteobacteria, 2 peptides were from Flavobacteriia, and 2 peptides were from
Verrucomicrobiae. Functionally, 6 of the biomarker peptides were TonB-dependent receptors, 2
peptides were ribosomal, and others are indicative of an active response to the environment

(Table 3.4).
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Figure 3.10. Quantitative linearity of biomarker peptides assessed using a matrix-matched
calibration curve (MMCC). Peptide abundance of all biomarker peptides in the validation analysis,
including controls and standards, for each dilution series of representative HAB sample in a
matched-matrix of Colwellia psychrerythraea 34H.
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Figure 3.11. Peptides serve as reproducible predictive biomarkers of bloom onset across
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Table 3.3. Spearman’s correlation coefficient rho and p-values for biomarker peptides.

Peptide ig;ﬁ::it::: Significance
VVGLENQNPQNR 0.9021314 1.72E-09
APTPGQENVTK 0.8747826 2.59E-06
IPAQADGTPER 0.8286957 2.10E-06
TAIPSYNVAR 0.7955957 1.26E-05
LAGEIFDASEGR 0.7678261 1.90E-05
SAFLSSDPTSPSR 0.7653838 1.32E-05
SSSGIANQAVK 0.6617391 5.86E-04
VLNGNSGTVLGLNSR 0.6108167 1.52E-03
STPSVQINR 0.4792346 1.78E-02
LQQATGQLENTAR 0.3730435 7.34E-02
AASTEAVNNAK -0.3782609 6.92E-02
AAEANASPAVK -0.8008696 4.46E-06
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Calculated correlation coefficient (Spearman’s rho) and significance (p-value) between peptide
abundances from the discovery and validation time series by aligning times by BSD.
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Figure 3.12. Predicted state of peptides from DIA analysis on discovery data set. a Peptide
abundances and b predicted state over time (HMM) for the panel of peptides chosen to proceed
to Phase 3. Carrot (") indicates peptides that do not pass Phase 2; these peptides were included
in the validation experiment as negative controls. Dotted line indicates bloom start date (BSD).
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Figure 3.13. Predicted state of peptides from PRM analysis on validation data set. a) Peptide
abundances and b) predicted state over time (HMM) for the panel of peptides chosen to proceed
to Phase 3. Asterisk (*) indicates external standards; carrot (*) indicates controls. Dotted line
indicates bloom start date (BSD).
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Figure 3.14. Correlation of biomarker peptides between discovery and validation pre-bloom
periods. Alignment of peptides determined by setting T: as the time point immediately prior to the
BSD, with T+ set as each subsequent time point moving backwards in time from the BSD.
Peptide abundances were only compared for time points where both discovery and validation
phase possessed a quantitative value (24 samples).
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Table 3.4. Biomarker peptide annotations and details.

i Peptide ?Discovery Pre-bloom Validation Pre-bloom
Taxonomic Class Peptide Protein Function Abundance | State Switch State Switch
i Trend | (hrs before BSD) | (hrs before BSD)

APTPGQENVTK* +
Q TonB-dependent receptor 66 54
VVGLENQNPQNR* + 62 54
IPAQADGTPER TonB-dependent receptor + 42 34
. TAIPSYNVAR TonB-dependent receptor + 54 54

Gammaproteobacteria X .
LAGEIFDASEGR 30S ribosomal protein S7 + 46 58
AAEANASPAVK Bacteriorhodopsin-like protein - 58 50
SAFLSSDPTSPSR* . - 50 34
Family 16 glycosylhydrolase (GH16)
VLNGNSGTVLGLNSR* = 46 34
SSSGIANQAVK TonB-dependent receptor - 102 66
Flavobacteriia f
TonB-dependent receptor plug domain-
SLEEAS containing protein 54 26
Prepilin-type N-terminal
AASTEAVNNAK cleavage/methylation domain-containing + 78 30
Verrucomicrobiae p
protein

LQQATGQLENTAR 508S ribosomal protein L29 + 66 34

* N Peptides map back to the same protein in metagenomic-generated protein sequence
database.

Successful candidate peptides are detailed with taxonomic class, protein of origin function,
temporal trend of the quantified peptide abundance (increase as +, decrease as -), and timing of
HMM state switch indicated as number of hours prior to BSD in the discovery and validation
phytoplankton bloom events.

3.5 DISCUSSION

In this study, we utilized high-temporal resolution sampling of a bacterial microbiome to
reveal that certain bacterial peptides undergo explicit and reproducible state shifts 224 hours prior
to the BSD of two HABs occurring in divergent chemical ecosystems. These peptides originated
from bacterial community members whose population densities also reflected changes in total
peptide abundance approximately 24 hours prior to HAB onset. These findings confirm our
hypothesis that HABs and their associated microbiomes exhibit ecological coupling of metabolic
activity in response to the biological or environmental factors that drive HAB initiation, allowing for
the development of HAB predictive tools in the form of peptides.

As the long-term goal of this research is to identify candidate peptide biomarkers that can

be easily isolated and identified in future applications, sample collection targeted free-living
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marine bacteria. Targeting free-living bacteria increases the likelihood that any relevant
biomarkers would be applicable for predictive use in other bloom scenarios (in comparison to
particle-associated bacteria that would be specific to their respective bloom-forming
phytoplankton), as well as avoids the practical complications of extracting bacterial signals from
abundant phytoplankton biomass (Timmins-Schiffman et al., 2018; Ahern et al., 2021).
Additionally, probe-based hourly chlorophyll a abundance was used to calculate the BSD (Brody,
Lozier, and Dunne 2013), streamlining the assessment of HAB onset independent of laborious,
and sometimes unreliable, methods used to quantify cell counts.

To further optimize data analyses, we developed a statistically robust metaproteomic
pipeline to increase the accuracy of peptide identifications through an agnostic scaling of the MS
search space. Since the DDA MS analysis of site- and time-matched samples provided peptide
fragmentation spectra and their corresponding high mass accuracy precursor mass-to-charge
ratios, traditional peptide-spectrum match search algorithms were applied to identify all detectable
peptide candidates corresponding to the immense metagenomic protein sequence database. This
information was then utilized to reduce the metagenomic protein sequence database by 99%. By
doing the database reduction using DDA data that is distinct from the DIA data used in the
discovery Phases, this approach avoids potential biases incurred by double-dipping methods
widespread among other metaproteomic pipelines (Everett, Bierl, and Master 2010). This novel
approach allowed for confident detection and quantification of DIA peptide signals in an unbiased,
statistically robust manner, while accurately controlling the false discovery rate (FDR)(Fig. 3.5).

Due to the discovery-based nature of this analysis and the innate complexity of the marine
microbiome, a combined approach of empirical and taxonomy-specific analyses for biomarker
identification was advantageous, as neither individual analysis captured all peptides exhibiting
biomarker potential and other ecosystems may exhibit different dynamics than those captured
here. That said, many of the biomarker candidates were identified in both peptide selection

methods in Phase 1 (88 peptides, 28%; Table 3.1; Fig. 3.6). While Phase 1B (taxonomic
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correlation analysis) yielded over three times as many candidate peptides as Phase 1A (data
dimensionality reduction), each method discovered a similar number of non-reverting peptides in
Phase 2 (Phase 1A =181; Phase 1B = 221). Limited sample quantities for downstream analyses
restricted our validation screen to only a subset of peptides (87 of the 314; 28%) for targeted
analysis; however, we posit that all 314 biomarkersidentified in the discovery analysis have strong
potential for development as predictive signals for HAB onset.

Although all samples were collected from the same coastal site, the two blooms began
~17 days apart (Fig. 3.1a) with significantly different chemical landscapes represented by the
varied nutrient profiles characterizing the water column prior to each bloom (Fig. 3.1h,i). This
pronounced difference between the conditions present during sample collection was seen as a
benefit to the study as any bloom biomarker selected for real-world application would need to be
consistent across diverse HAB systems and resilient to any external influences from potential
perturbations. Despite the contrasting nutrient profiles through time, consistent microbial peptide
signals were observed preceding both HABs (Fig. 3.11a,b; Fig. 3.15). This observation
underscores the microbiome’s potential for revealing key changes in the complex chemical matrix
of the ecosystem through highly specific biological responses independent of environmental
conditions. Additionally, the timing of the HMM state shifts identified for all the peptides compared
with the timing of the BSD for the two blooms revealed that a change in the collective functions of
the bacterial microbiome occurred within 24-48 hours prior to bloom onset (Fig. 3.11a,b; Table
3.4). This is the first study to statistically identify and isolate this critical time frame in pre-bloom
dynamics for future research and funding mechanisms to focus on.

The class-level bacterial structure of the microbiome in the pre-bloom discovery
phase mirrors previously documented marine microbiomes surrounding phytoplankton bloom
events (Lindh et al.,, 2015; Patin et al., 2020; Ferrer-Gonzalez et al., 2021). The classes

dominating our final biomarker screen included commonly occurring Gammaproteobacteria
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Figure 3.15. Timing of state shift compared to BSD. For each peptide identified as a HAB
biomarker, the coordinates for the plot were calculated by subtracting the hour of sample
collection immediately following the HMM state shift from the BSD. The amount of time that
passed between the HMM state shift and the BSD were compared between the discovery and
validation blooms.

Francis et al., 2021), Flavobacteriia (Wiliams et al. 2013; Teeling et al., 2016), and
Verrucomicrobiae (Sichert et al.,, 2020; L. H. Orellana et al., 2022) (Table 3.4). The shared
taxonomic profiles across blooms increase the likelihood that these peptides will be generalizable
to other marine phytoplankton blooms and suggest the presence of keystone taxa that precede
HAB formation. These classes all yielded detectable, quantifiable, and consistent biomarker

peptides across both blooms (Fig. 3.11). A protein BLAST (Altschul et al., 1990) analysis of each

of the 12 validated peptides revealed that the active functionality represented by our biomarker
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panel was driven by general cellular growth and directed responses to chemical conditions of the
pre-bloom ecosystem. Two of the biomarker peptides from Gammaproteobacteria uniquely map
to the protein family 16 glycosylhydrolase (GH16), a class of carbohydrate-active enzymes
(CAZymes) involved in the degradation of polysaccharides, the dominant molecules in
transparent exopolymer particles (TEP) released by bloom forming algae (Viborg et al., 2019;
Vidal-Melgosa et al.,, 2021). Another Gammaproteobacteria peptide that decreased as time
approached the BSD was the light-driven proton pump bacteriorhodopsin-like protein (Béja et al.,
2000). A reduction in active light-derived energy processes, despite consistent light exposure may
indicate a switch to heterotrophic feeding strategies (Guo, Zhang, and Lin 2014; Bar-Shalom et
al., 2023). These Gammaproteobacteria peptides may also reflectan active change in metabolism
to employ general strategies for combating resource limitation and potential cell death, both
conditions suggested by the overall downward trend of total peptides affiliated with the
Gammaproteobacteria class (Fig. 3.8b). From Verrucomicrobiae, biomarker peptides mapped to
the proteins 50S ribosomal protein L29 and a putative major type IV pilin protein (Prepilin-type N-
terminal cleavage/methylation domain containing protein). We would expect an upregulation of
protein translation-associated pathways, such as ribosomal proteins, to support the pre-bloom
growth observed in Verrucomicrobiae (Scott et al., 2010). Type IV pili are functionally diverse,
playing a role in processes ranging from motility and biofilm formation to DNA uptake, protein
secretion, and adherence(Bunger et al., 2020; Ellison, Whitfield, and Brun 2022), potentially
allowing them to serve as a useful wide-ranging biomarker due to the prevalence of
Verrucomicrobiae in marine ecosystems (L. H. Orellana et al., 2022). All biomarkers exhibited a
statistically significant, non-reverting state shift in abundance (Fig. 3.12-13), allowing for the
possibility of further development as a rapid assessment tool that can differentiate normal and
pre-bloom microbiome states using a relative change in abundance threshold (Pandey, Malviya,

and Chottova Dvorakova 2021).
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While a diverse screen is advantageous for capturing the heterogeneity of potential HAB
systems, having multiple biomarkersthat respond differently to the same underlying process adds
valuable redundancy to a detection system. If one biomarker fails or provides ambiguous results,
others may provide diagnostic information, enhancing the overall reliability of the detection system
(Ou et al., 2021). In our final peptide panel, 6 of the 12 biomarker peptides were identified as
TonB-dependent receptors (TBDRs)(Table 3.4); TBDRs are components of a critical energy-
dependent transport system for acquiring scarce vital resources (Silale and Berg 2023). TonB
systems are ubiquitous and highly expressed in gram negative bacteria (Morris et al., 2010; Tang
et al., 2012; Dong et. al., 2014), and individual TBDRs exhibit high selectivity in substrate uptake,
with targeted compounds including (but not limited to) iron (Pawelek et al., 2006), vitamin Bi2
(Shultis et al., 2006), carbohydrates (Blanvillain et al., 2007), lignans (Fujita et al., 2019), and
nickel chelates (Schauer et al., 2007). While the high diversity of TBDRs makes it difficult to
elucidate their specific functional role in this ecosystem, the contrasting patterns between the
TBDRs in bacterial classes detected here (i.e., increasing abundance in Gammaproteobacteria
vs. decreasing abundance in Flavobacteria) suggests that distinct chemical signals in the water
column may be preferentially beneficial to specific organisms within the microbiome (Russo et al.
2016; Teeling et al., 2016; Pollet, Martin, and Koropatkin 2021). Previous studies have
demonstrated that both Gammaproteobacteria and Flavobacteriia utilize TBDRSs in response to
algal blooms, specifically to consume complex organic molecules (i.e., polysaccharides) released
throughout bloom progression by algae as they increase their metabolic productivity (Williams et
al., 2013; Dong et al., 2014; Francis et al., 2021). To date, this is the first in situ evidence that
TBDR proteins may be active prior to bloom formation. Because TonB systems are a
metabolically expensive transport method, the cosmopolitan frontline response seen here
suggests TBDRs equate to an essential and highly sensitive indicator of changes in water
chemistry precluding HAB initiation, posing an ideal target for the development of a forecasting

tool.
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Techniques for bloom monitoring and forecasting that utilize water chemistry (Marrone et
al., 2024), fluid dynamics (Zheng et al., 2021), satellites (Lin et al., 2021), machine learning (Lee
et al., 2023), and even the microbiome (Gajardo et al., 2023) have been proposed; however, to
date, no reliable predictor of HABs exists. This research highlights both the potential of the
microbiome for generating intracellular predictive signals as well as the potential for dissolved
metabolomics analyses to elucidate extracellular biochemical signals in the water that may be
driving bloom formation. Additionally, further study is needed in both oceanic and coastal marine
ecosystems to validate if these findings are translatable to blooms of other planktonic types,
including cyanobacteria and toxin-producing blooms. While capturing a bloom system prior to
onset remains difficult, isolating this critical time frame in future studies could advance our
understanding of what triggers a bloom and how community structure is impacted by

environmental factors prompting bloom initiation.
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Chapter 4: THE INFLUENCE OF ALGAL BLOOM CYCLES ON
METABOLIC SCHEDULING WITHIN THE BACTERIAL
MICROBIOME

4.1 INTRODUCTION

The ocean’s microbial diversity is immense (Sunagawa et al., 2020). Various studies
attempting to quantify bacteria in the ocean estimate cell count ranges spanning several orders
of magnitude (Whitman, Coleman, and Wiebe 1998; Kallmeyer et al., 2012). While many studies
have attempted to characterize the depth of microbial diversity in marine environments (Brown et
al., 2009; Salazar et al., 2016), reports of community composition are consistently dominated by
only a few bacteria (Agogué et al., 2011; Allen et al., 2012; Sunagawa et al., 2015; Walker et al.,
2022) - namely members of the Proteobacteria and Bacteroidetes phyla. The prevalence of these
bacteria suggests an ecological or evolutionary competitive edge that allows them to be suited to
resource and nutrient limitations common in the ocean (Giovannoni and Stingl 2005).

Recent research posits that circadian rhythms may confer an advantage in survival
(Johnson et al., 2017; Leach, Carrier, and Reitzel 2019). Studies of cyanobacteria have paved
the way for greater understanding of circadian rhythmicity (Golden 2020; Tanaka, Shimakawa,
and Nakanishi 2020) across various levels of life including prokaryotes, eukaryotes, and archaea.
For example, it is known that organisms capable of photosynthesis engage in this metabolic
process primarily during the day to optimally utilize sunlight (Eberhard, Finazzi, and Wollman
2008). In this chapter, | propose the idea that many metabolic processes selectively occur at a
specific time, introducing a metabolic schedule for the organism that encompasses not just one

specific function but rather a continuous cascade of molecular functions that occur on a regulated
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schedule. When organisms are able to regulate their functionality they may be better able to
anticipate environmental perturbations and respond with a competitive advantage for gaining
resources (Johnson et al., 2017). The discovery of regular scheduling for functional activities in
the microbiome highlights the need for microbiome studies to progress beyond genetic
sequencing to further characterize active metabolisms in order to better understand how
organisms are responding to changes in their environment.

While blooms can be environmental disasters with a variety of harmful consequences on
the environment and surrounding life, they also provide a large natural reservoir for carbon
sequestration (Falkowski et al., 2000), yield a source of food for surrounding life (Huisman et al.,
2018), and play a role in nutrient cycling in the ocean (Howarth and Marino 2006). The sudden
release of nutrients such as dissolved organic matter (DOM) during bloom decline creates an
opportunity for rapid microbial community succession (Yang et al., 2015; Zhou et al., 2020; Chen
et al, 2021). For example, metatranscriptomics studies of the bacteria-phytoplankton
relationships surrounding a bloom show that closely associated bacteria will increase expression
of a variety to transporters to take advantage of increased DOM (Rinta-Kanto et al., 2012). Various
classes of bacteria like Verrucomicrobiae have been documented as specialized consumers of
complex polysaccharides released during bloom progression (Orellana et al., 2022). Members of
the class Gammaproteobacteria have been shown to increase early in bloom cycles as rapid
responders to specific phytoplankton activity (Tada et al. 2012). Flavobacteriia are also rapid
responders that dominate microbial communities surrounding peak bloom activity (Williams et al.,
2013). Additionally, when bacteria, such as Flavobacteriia, metabolize algal byproducts they, in
turn, release DOM preferentially utilized by other bacterial groups, including
Gammaproteobacteria and Alphaproteobacteria (Williams et al., 2013). In this way, the rapid
response of one bacteria evolved to have a competitive edge for utilizing released nutrients

promotes dynamic patterns of bacterial succession throughout the bloom cycle (Buchan et al.,
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2014). Additionally, microbiomes associated with bloom events exhibit a surprising consistency
throughout the bloom cycle (Sapp et al., 2007; Teeling et al., 2016).

The consistency of taxa yields precedent to the idea that these bacterial members of
marine populations should also be factoredinto models of phytoplankton bloom development and
progression. Algal bloom cycles are characterized by a sequence of initiation, exponential growth,
and demise. The field season detailed in Chapter 3 captured a unigue ecosystem during a period
of transition in which the number of bacteria peaked between two Chaetoceros blooms. Mass
spectrometry was used to evaluate the changes in the functional profile of the microbiome. While
the dataset immediately precedes a Chaetoceros bloom that began on June 18, 2021, it is also
important to explore the context of this dynamic microbiome as a result of prior bloom demise. To
investigate temporal trends in the context of a changing environment, a two state hidden Markov
model was used to identify functions in the microbiome through an analysis of gene ontology (GO)
terms. Immediately preceding the second Chaetoceros bloom, a rapid onset of metabolic activity
was observed in classes of the phylum Verrucomicrobia, specifically the classes
Verrucomicrobiae and Opitutae, which underwent a significant increase in all functional terms in
the second half of the analyzed time series. Alternatively, the classes Gammaproteobacteria and
Flavobacteriia exhibited a non-reverting state shift characterized by an overall decrease in
functional output. Given the prominence of these classes in the context of HAB literature, the
decrease in peptide abundance is likely attributable to their decline following a depletion of the
influx of organic matter produced during the bust cycle of the previous bloom. Additionally, the
classes Planctomycetia and Gloeobacteria also exhibited a non-reverting state shift in their
respective biological processes though the relevance of these lower abundance bacteria is less
clear as they are underrepresented in marine literature. The examination of these changing
classes of bacteria and their metabolic cascades in the context of multiple bloom events provides
insight into the dynamic nature of microbiome succession surrounding bloom events and can

enhance microbiome dynamic models and ecosystem process forecasting.
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4.2 METHODS

Methods related to sample collection and data analysis are detailed in Chapter 3.3 or Nunn et.

al., 2024.

Taxonomic and functional in summed peptide abundances. MetaGOmics (Riffle et

al.,, 2017) software (version 0.2.0; https://www.yeastrc.org/metagomics) identifies the lowest
common ancestor on each peptide’s taxonomic and functional Gene Ontology (GO) assignment
using a provided site-specific metagenomic-generated protein sequence database. Here, we
used the DDA-refined database as our background proteome and provided a complete list of all
peptides identified at each timepoint with their respective peptide quantities (DIA-MS). The
MetaGOmicsreports were used to annotate peptides to their respective GO terms and taxonomic
classes. Peptide abundances resulting from each class as annotated by MetaGOmics were

summed at each timepoint and plotted through time.

HMM State-shift time series analysis. A two-state hidden Markov model (HMM) was then
fitto the quantitative values associated with each class or GO term to identify those that undergo
a non-reverting state shift >24 hours prior to the BSD (R package depmixS4). The time series
data was log transformed prior to model fitting. The model was specified to have a Gaussian
distribution and transition probabilities were assumed to be stationary. Model parameters were
estimated using an Expectation-Maximization (EM) algorithm, with a random seed set to ensure
reproducibility. The resulting probability matrix was used to determine the latent state of the

observations, and the determined state outcomes were plotted through time.

4.3 RESULTS
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4.3.1 Analysis of microbiome between two blooms

A high-resolution data set of the bacterial metaproteome captured two independent
harmful algal bloom initiations of the phytoplankton Chaetoceros (Fig. 4.1a; Fig. 3.1a). The first
bloom was closely followed by an increase in bacterial cell counts indicative of a bacterial bloom
that peaked following the first phytoplankton bloom demise (Fig. 4.1a). This bacterial bloom
decreased in cell count number prior to the time frame analyzed by metaproteomics; however,
there was an increase in bacterial cell count on June 16, two days preceding the second
phytoplankton bloom (Fig. 4.1b).

Using data-independent acquisition methods, a mass spectrometry analysis of the six
days immediately preceding the second bloom identified 4468 peptides across a time series of
36 total time points collected every four hours. Of the 4468 peptides in the dataset, 4370 peptides
(97.8%) were annotated with taxonomic and functional terms by MetaGOmics. Class level
taxonomy annotations were assigned to 2015 peptides (45%) and then used to look for
community level trends while GO term grouping was utilized to analyze trends in the timing of
functional changes across the microbiome. A total of 29 classes and 803 GO terms were

identified.

4.3.2 A unified cellular perspective: GO term analysis of the total microbiome

To assess general trends across the microbiome, a complete Gene Ontology Directed
Acyclic Graph (GO-DAG) for the bacterial microbiome was assembled using annotations from all
GO terms identified by MetaGOmics. Each tree consisted of all possible GO terms with the root
node representing the GO type (i.e., biological process), leaf nodes representing the highest

specificity GO terms, and parent nodes as any node that generates a child or leaf node (Fig. 4.2).
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Figure 4.1. Bacterial abundance changes surrounding a phytoplankton bloom-bust cycle. a)
Chlorophyll a levels across the 22 day field season show the full bloom cycle of one Chaetoceros
bloom and the pre-bloom period of a second Chaetoceros bloom. b) Bacterial cell counts from
the field season show an increase in cell count during and immediately following the first bloom
as well as prior to the second bloom (adapted from Nunn et. al., 2024).

All analyses here were completed by constructing the GO-DAG generated using the root node

“piological process.” This GO type was selected as the most relevant for assessing changes in

bacterial function.
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Figure 4.2. Diagram of Directed Acyclic Graph (GO-DAG). a) A full GO-DAG will contain root
nodes that form the base of the tree and have no parent node (A), parent nodes that are
connected to lower GO terms (A,B), and leaf nodes that form the terminal end of the tree (C, D).
b) Example of a GO-DAG for urea transmembrane transport.

All GO terms annotated as “no rank” were selected for a representative analysis to identify
trends in abundance patterns across the microbiome independent of taxonomy. Of the 803 GO
terms within the data set, 277 were not annotated at the class level. A hidden Markov model
determined that 13 unique time series representing 31 GO terms were found to undergo a non-
reverting state shift prior to HAB initiation (Fig. 4.3). Of the 31 non-reverting GO terms, 12 were
not annotated to have a lowest common ancestor (LCA) class level, suggesting these peptides
are conserved across phyla or kingdoms. These terms included aerobic respiration, protein

processing, glycine catabolic process, nitrogen cycle metabolic process, serine family amino acid

catabolic process, sodium ion transport, and sulfur compound catabolic process (Fig. 4.3).
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Figure 4.3. Analysis of non-reverting state shifts across the whole microbiome reveal unique GO
terms. A two-state hidden Markov model was fit to all GO terms identified within the microbiome
time series to identify those terms that underwent a non-reverting state shift prior to HAB initiation.
The time series for each non-reverting GO term is ordered here by timing of the underlying state
shift.

4.3.3 Pairwise correlations between microbiome functions

To reduce the innate complexity of the GO term analysis, a filtering algorithm, referred to
henceforth as MetaGOmics-thresholding, was applied prior to assessing for pairwise correlations
to extract a subset of independent GO terms by trimming the DAGS. The settings within the
MetaGOmics-thresholder are a peptide g-value of 0.01 and a distinct peptide count of 3. A
threshold of zero was utilized to simplify downstream interpretations, thereby reducing the total
set of GO terms from 803 down to 184 starting terms. A Spearman correlation analysis was then
performed on this subset using summed peptide abundances for each GO term identified by
MetaGOmics to identify related functions. A total of 353 strong associations were discovered

(correlation 2|0.8|) between pairwise comparisons of GO terms, with 281 positive correlations and
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72 negative correlations. The same analysis conducted at the peptide level yields 4,417 strong

positive correlations and 585 strong negative correlations.

4.3.4 Highly conserved GO terms show trends in functionality pre- and post-bloom

Using biological process as a parent node, all child nodes immediately connected to
biological process were isolated for downstream analyses, resulting in 10 highly conserved
processes represented across 19 of the 29 total classes. These nodes included both parent and
leaf nodes (Fig. 4.4). Trends in these 10 highly conserved functional processes were evaluated
by plotting the time series of summed peptide abundances for each term (Fig. 4.4a,b), normalizing
to each time point (Fig. 4.4c), and normalizing to the GO term itself (Fig. 4.4d). In the context of
their specific peptide abundances, the classes Alphaproteobacteria, Flavobacteriia, and
Gammaproteobacteria dominated with the highest abundance of all terms analyzed (Fig. 4.4a).
Terms that were identified across many bacterial classes exhibited a greater stability in their
abundance (Fig. 4.4a-c) and ratios (Fig. 4.4d) through time. For example, the terms “metabolic
process” and “cellular process” showed spikes in abundance throughout the time series but these
spikes were shared across all of the represented classes (Fig. 4.4c). In other cases, certain
classes like Verrucomicrobiae (Fig. 4.4, green) and Opitutae (Fig. 4.4, pink) began to increase on
June 16 across all GO terms.

The total abundance of the GO terms directly connected to the root node “biological
process” are mostly consistent between classes, though certain classes exhibit unique trends
prior to the second Chaetoceros bloom. Alphaproteobacteria is the most abundant class
represented by total number of peptides, GO terms they are associated with, and relative
abundances of both compared to other classes. The next most abundant classes as represented

by LCA-assigned peptide abundances are Flavobacteria, Gammaproteobacteria, Bacilli,
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Verrucomicrobiae, and Opitutae (Table 4.1; Fig. 3.9). While the functions presented here are
chosen to represent highly conserved processes based on their direct connection to the root node
“pbiological process”, the number of classes represented by each term varies. The most highly
represented GO terms are metabolic process (18 classes) and cellular process (16 classes). On
the other hand, “developmental process” is represented by only one class. Terms with higher
abundance also experience higher variation in abundance across the time series, as reflected by
the individual peptides represented.

A general trend of increased abundance across the classes Verrucomicrobiae and
Opitutae also emerges across high level GO terms (e.g., “biological regulation”, “cellular
component organization or biogenesis”, “developmental process”)(Fig. 4.4). Changes in the
overall distribution of GO terms across the classes is also evident when GO terms are normalized

across the entire time series (Fig. 4d).

Table 4.1. Summary of bacterial classes that undergo a non-reverting state shift within
the data set.

Class HMM _state Number GO | Number HMM Nl_meer I_-IMM Total n_umber General

shift terms GO terms time points peptides trend

Flavobacteriia 18.21 (06/14) 277 38 7 431 Down

Gammaproteobacteria | 18.21 (06/14) 360 79 11 339 Down

Gloeobacteria 18.21 (06/14) 18 18 1 4 Down

Planctomycetia 19.01 (06/15) 10 1 1 6

Verrucomicrobiae 19.01 (06/15) 203 145 8 91 Up
Opitutae 20.05 (06/16) 125 94 9 39 Up

A detailed summary of each bacterial class that was determined to undergo a non-reverting state
shift when a two-state HMM was fit to the total summed peptide abundance, including the timing
of the state shift, the total number of GO terms, the number of non-reverting GO terms, the number
of time points at which at least one GO term underwent a state shift, the total number of peptides,
and the general abundance trend of non-reverting GO terms.
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Figure 4.4. Analysis of highly conserved gene ontology (GO) terms across all classes. Class level
summed peptide abundances foreach GO term were analyzed across the microbiometime series
for the GO terms identified as direct child nodes of biological process and visualized as a) line
charts and b) stacked area charts. GO terms were also c¢) normalized by each individual time
point and d) by each GO term.

4.3.5 Functional cascade driving non-reverting bacterial classes

To evaluate the composition of the microbiome and its functional output in the context of
the surrounding HABS, a hidden Markov model was fit to each class of bacteria to evaluate the
summed peptide abundance time series and identify classes that underwent a non-reverting state
shift. Of the 29 total classes identified in the microbiome, six were found to undergo a non-
reverting state shift: Flavobacteriia, Gammaproteobacteria, Gloeobacteria, Planctomycetia,
Verrucomicrobiae, and Opitutae (Fig. 4.5). To further examine the metabolic output of these

classes, all GO terms from each non-reverting class were then assessed by HMM.

4.3.6 Flavobacteriia

Flavobacteriia was the most abundant class of bacteria to undergo a non-reverting state
shift when total summed peptide abundance was evaluated (Table 4.1). With 431 annotated
peptides, Flavobacteriia are the second most abundant class of bacteria in the sampled
microbiome. A total of 277 GO terms were annotated to Flavobacteriia, and 38 of those GO terms
underwent a non-reverting state shift prior to bloom formation with the first transition June 14th at
hour 9:00 and the final transition June 15th at hour 21:00 (Fig. 4.6a). Flavobacteriia functional
terms decreased overall, with the exception of protein remodeling and cellular amino acid
metabolic process, which increased in abundance (Fig. 4.6b). The GO terms “protein localization”
and “translational elongation” underwent a state shift of decreased peptide abundance prior to

the total class level shift. “Protein refolding” and “cellular amino acid metabolic process” were the
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Figure 4.5. Analysis of non-reverting state shifts across individual bacterial classes reveal trends
in taxonomy preceding HAB. A two-state hidden Markov model was fit to the summed peptide
abundances from each individual bacterial class to identify those terms that underwent a non-
reverting state shift prior to HAB initiation. The time series for each non-reverting class is ordered
here by timing of the underlying state shift.

only terms to show an increase in abundance on June 15 at hours 09:00 and 13:00, respectively.
This change coincided with the observed increase in functional terms in the class

Verrucomicrobiae (Fig. 4.8).

4.3.7 Gammaproteobacteria

Gammaproteobacteriawas the second most abundant class of bacteria to undergo a non-
reverting state shift when total summed peptide abundance was evaluated (Table 4.1). The

overall state shift forthe class occurredon June 14 at hour 21:00 (Fig. 4.7a), reflectinga decrease
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Figure 4.6. Analysis of non-reverting state shifts across the Flavobacteriia by time point and GO
term. All non-reverting GO terms from the class Flavobacteriia, plotted by a) timing of the
underlying state shift and b) GO term. GO terms represent summed peptide abundances, with
data filtered to include only peptides represented by >50% of the time points.

in peptide abundance matched by all non-reverting GO terms within the class. A total of 360
individual GO terms were annotated to Gammaproteobacteria’s 339 total peptides (Table 4.1).
Because the two-state hidden Markov model was prone to error during a large multivariate
analysis, representative GO terms for all unique GO term time series were selected prior to model
fitting to reduce error when evaluating the specific timing of the underlying state shift. A hidden
Markov model was fit to the 118 unique time series identified, revealing 79 non-reverting functions
represented by 32 unique time series including the highest tiered category, biological process
(Fig. 4.7b; Table 4.1). The overall cascade began with a decrease in energy production (“ATP
biosynthesis process”, “cation transport”, etc.), followed by nitrogen related processes, cellular

protein modifications, “cell cycle”, and finally transport related processes. The final non-reverting

function of “response to external stimulus” was observed June 16 at hour 05:00.

4.3.8 Verrucomicrobiae

Verrucomicrobiae had a total of 91 annotated peptides associated with 203 GO terms
(Table 4.1); 145 these GO terms underwent a non-reverting state shift prior to the June 18th BSD,
the most non-reverting GO terms of any class observed (Fig. 4.8a). These 145 GO terms resulted
from 39 unique peptide-abundance time-trends, with state shifts occurring between June 15th at
hour 05:00 and June 16th at hour 13:00 (Fig. 4.8a,b). The non-reverting state shift for
Verrucomicrobiae as a class based on total summed peptide abundance was identified as
occurring on June 15th at hour 05:00, making this the only class to undergo non-reverting state

shift in total peptide abundance at the start of its metabolic cascade. This burst of activity was
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Figure 4.7. Analysis of non-reverting state shifts across the Gammaproteobacteria by time point
and GO term. All non-reverting GO terms from the class Gammaproteobacteria, plotted by a)
timing of the underlying state shift and b) GO term.
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Figure 4.8. Analysis of non-reverting state shifts across the Verrucomicrobiae by time point and
GO term. All non-reverting GO terms from the class Verrucomicrobiae, plotted by a) timing of the
underlying state shift and b) GO term. c¢) Gene counts for Verrucomicrobiae across the field
season.

also reflected in the overall abundance of GO terms observed, with the highest GO term
abundances occurring on June 15 at hour 05:00 while subsequent timepoints had progressively
smaller increases in abundance. All non-reverting time series were characterized by a notable
increase in peptide abundance immediately following the changepoint. Compared to other
classes, Verrucomicrobiae showed a unique increase in the functional term developmental
process (Fig. 4.8b), also annotated as cell morphogenesis. The overall increase in peptide
abundance was also reflected in the gene counts observed by the class preceding the second
bloom, which began to increase on June 8th and continued through the end of the sample

collection on June 18th (Fig. 4.8¢).

4.3.9 Opitutae

Opitutae had a total of 39 annotated peptides associated with 125 GO terms (Table 4.1),

94 of which underwent a non-reverting state shift prior to the June 18th bloom start date (BSD,;
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see Chapter 3 for reference). These 94 GO terms mapped back to 25 unique time series, with
state shifts occurring between June 15th at hour 13:00 and June 17th at hour 09:00 (Fig. 4.9a).
The non-reverting state shift for Opitutae as a class based on total summed peptide abundance
occurredon June 16th at hour 05:00 (Fig. 4.9a), making this class the last to undergo a detectable
change in state prior to the bloom when evaluated using a two state model. All non-reverting time
series were characterized by a notable increase in peptide abundance immediately following the
changepoint, similar to the metabolic profile of the class Verrucomicrobiae. Compared to other

classes, Opitutae showed a unique increase in functional terms related to cell motility (Fig. 4.9b).
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Figure 4.9. Analysis of non-reverting state shifts across the Opitutae by time point and GO term.
All non-reverting GO terms from the class Opitutae, plotted by a) timing of the underlying state

shift and b) GO term.

4.4 DISCUSSION

Previous studies have evaluated the rapid succession of clades of bacteria closely

associated with phytoplankton bloom progression and demise, showing that the emergence of

consistent bacterial members is driven by available substrates (Teeling et al., 2016). Alternatively,
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comparatively few studies have evaluated the dynamics preceding blooms that can trigger bloom
onset and even fewer have tracked the distributions of metabolisms among those clades. Here |
utilize peptide abundances as an equivalent proxy for the presence of various bacteria and their
active functions (Waldbauer et al., 2012; Mikan et al., 2020) to isolate interactions between
bacteria as they react and preemptively respond to the conditions surrounding multiple
phytoplankton bloom events. A close examination of changing functional output through a
metaproteomic analysis of the bacterial microbiome highlights key classes that change
surrounding blooms and the metabolic changes they undergo in the time between blooms. This
study reveals interesting trends in bacteria influenced by pre- and post-bloom dynamics and also
attempts to tackle the complexity of a functional analysis resulting from the interconnectedness

of gene ontology terminology.

4.4.1 Multiple bloom cycles influence the bacterial microbiome

To understand the metabolic patterns captured by the mass spectrometry analysis
here, it is important to recognize that the field season captured two consecutive Chaetoceros
socialis blooms. As such, the dynamic functions described herein detail both transitions made
prior to a Chaetoceros bloom as well as signals from the end of the previous bloom. In the context
of known literature, many of the classes represented in the marine ecosystem are consistently
prevalent in marine microbiomes as well as recognized degraders of algal bloom byproducts
(Brown et al., 2009; Teeling et al., 2016). The first Chaetoceros bloom captured in the 2021 field
season began on May 31, peaked on June 4, and maintained chlorophyll a levels above 25 ug L
L through June 8 (Fig. 4.1a). Immediately preceding the drop to a near zero level of chlorophyll a

on June 8 at 09:00, there was a spike in bacterial cell count beginning June 7 at 17:00. The
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dominant classes of bacteria based on gene counts at the time were Alphaproteobacteria,
Gammaprotebacteria, and Flavobacteriia (Nunn et. al., 2024).

A hidden Markov model was chosen for this analysis due to the nature of the study,
specifically that the dynamics of the system were observed to shift from a stable, low nutrient
state rapidly into a HAB. Because of this, a two-state HMM was utilized to take advantage of the
high-resolution dynamicsto evaluate the precise timing of the shift in microbial functional output
preceding the bloom and isolate functions that undergo a significant change. This dynamic
change in metabolic profile of the microbiome, both as a whole and at the class level (Fig. 4.5-
4.9), revealed a cascade of functions preceding bloom initiation. While the HMM was a valuable
model for isolating changepoint-driven state switches, we recognize that further analyses
employing other types of models, as well as additional variables like environmental covariates,
are necessary to validate the significance of the relationship between the classes. For example,
in Chapter 3, atwo-state HMM was utilized to identify individual peptides that could predict harmful
algal blooms. In Chapter 4, a two state HMM was applied to GO terms by summing related peptide
abundances to identify changes in function both across the microbiome and within individual
classes. In this way, the two-state model identified both preemptive increases in function
preceding the second bloom as well as decreases in function that reflect the demise of the first
bloom. Further analyses could include a dynamic factor analysis to identify the covariates driving

underlying trends.

4.4.2 Verrucomicrobia phylum increases metabolic activity but differentiates in class-
related carbon metabolism strategies

Of the classes that fit a non-reverting two-state HMM, the classes Verrucomicrobiae and
Opitutae exhibit a distinct onset of metabolic activity prior to the bloom indicative of a cascade of

functional activation immediately prior to the second HAB (Fig. 4.8a-b; Fig. 4.9).
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Verrucomicrobiae’s increased metabolic activity was coupled with growth as demonstrated by
increased cell counts preceding the HAB (Fig. 4.8c). Based on gene counts, the increase in
Verrucomicrobiae levels began prior to the period of time analyzed by MS, but the activation of
metabolic function didn’t begin until later, highlighting the importance of selecting analysis
techniques that reflect the active state of the system at the time of capture. Most studies of the
microbiome are limited to taxonomic composition, but a study consisting only of metagenomics in
this case would not be able to confidently identify the timing of the metabolic cascade that began
prior to the bloom. This is particularly important in bloom studies where HAB onset is rapid.

Opitutae activated a cascade of molecular functions starting June 15 beginning with
carbon metabolism, followed by chromosome condensation and DNA packaging, then translation
and protein processing coupled with an initiation of cell motility related functions, high level cellular
process regulation, and finally an increase in electron transport chain and ion transport.
Interspersed are increases in functions related to cellular detoxification and the removal of
superoxide radicals. This cascade suggests that Opitutae’s increase in activity was related to the
acquisition of carbon, specifically related to glucose, hexose, monosaccharide, and small
molecule metabolic processes. The cascade of processes related to packaging DNA, protein
metabolic processes, and translation are likely occurring simultaneously as cells respond to their
environment. Multiple terms related to cell motility and locomotion are increased in Opitutae
beginning June 16 at hour 05:00, indicating Opitutae may be poised to actively scavenge for
resources that other classes receive passively, conferring an advantage prior to bloom formation.
As protein production continues to increase, cells activate pathways related to energy acquisition
like electron transport chain and ion mobility related proteins. Overall, the increase in Opitutae’s
peptide abundance follows a general progression of metabolic activity as cells grow in response
to resource acquisition.

Verrucomicrobiae also experiences an increase in metabolic activity following a longer

progression of cell growth validated by gene counts for the class. Unlike other classes,
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Verrucomicrobiae’s increase in activity correlates with the general class-level peptide abundance
as evidenced by the timing of the state shift biological process in tandem with 58 other GO terms
including ATP, nitrogen, cellular protein, organic substance, peptide, and ribonucleoside
metabolic and biosynthesis processes, as well as general translation on June 15 at hour 05:00.
Four hours later, at 09:00, in contrast to Opitutae, Verrucomicrobiae simultaneously increased
processes related to chromosome condensation, localization, protein modification, cellular
regulation processes, and ion transport (Fig. 4.8b). As time progressed, additional GO terms like
ribosome biogenesis, DNA biosynthesis, small molecule metabolic process, and TCA cycle also

increased. Within 24 hours, Verrucomicrobiae exhibited an increase in 137 GO terms.

4.4.3 Notable characteristics of the phylum Verrucomicrobia

The phylum Verrucomicrobia was first documented in 1933 and first recognized as a
unique phylum in 1997 (Hedlund, Gosink, and Staley 1997). Verrucomicrobia is highly prevalent,
near ubiquitous in marine environments (Freitas et al. 2012), and contains a large taxonomic
diversity across associated genomes and their sizes. Respective classes are commonly referred
to as subdivisions: Verrucomicrobiae (1), Spartobacteria (2), and Opitutae (3,4). The International
Census of Marine Microbes (IcoMM) analyzed all major ocean basins across 506 samples and
found that Verrucomicrobia was present in 98% of the samples and was on average the sixth
most common phylum in the water column (Freitas et al., 2012), making these bacteria of great
relevance to studies of marine ecosystems, specifically marine microbiomes. Genomes
associated with Opitutae are generally observed to be smaller and cosmopolitan compared to the

class Verrucomicrobiae which has the largest genome in the phylum at 2.7 million base pairs.
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4.4.4 Differences between Verrucomicrobiae and Opitutae suggest specialized
competitive strategies between classes

Verrucomicrobiae has been previously associated with phytoplankton blooms, as they
possess the capacity for degrading algal byproducts like complex lipopolysaccharides (Orellana
et al.,, 2021). In particular, Verrucomicrobiae is capable of sequestering organic matter and
complex polysaccharides released during blooms through the expression of enzymes like
glycoside hydrolase, sulfatases, and carbohydrate esterases (Sichert et al., 2020; Orellana et al.,
2021). The increase in “carbohydrate derivative biosynthetic process” and “carbohydrate
metabolic process” in Verrucomicrobiae preceding the second bloom suggests these processes
could also play a role in the bacteria’s response to anticipating oncoming blooms in addition to
post-bloom activity. Interestingly, despite the close genetic relationship between the two classes,
Opitutae is not associated with phytoplankton blooms. This may be because Opitutae is less
documented or prevalent in marine microbiomes.

Disregarding the complex interrelatedness of GO terms and the timing of their state shifts,
Verrucomicrobiae and Opitutae shared 75 GO terms; Verrucomicrobiae had more unique GO
terms (70 GO terms) identified using a LCA approach, but also more GO terms overall compared
to Opitutae (19 GO terms). Terms shared between the two classes from the Verrucomicrobia
phylum seemed related to Opitutae’'s cell motility and detoxification proteins, while
Verrucomicrobiae had many more terms related to purine ribonucleoside processes and ATP
synthesis (Fig. 4.8b; Fig. 4.9b).

Additionally, the two Verrucomicrobiaclasses were uniquely characterized by their specific
carbon metabolic processes (Fig. 4.8b; Fig. 4.9b). Opitutae’s metabolism began with an increase
in glucose, hexose, and monosaccharide metabolism. These GO terms are related to activation
of glycolysis and the pentose phosphate pathway which were activated early in the time series

functional cascade. Conversely, Verrucomicrobiae increased citrate and malate metabolism,
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processes related to the TCA and glyoxylate cycle (Dalcin Martins et al., 2021). Even though
these classes are highly genetically related and exhibit similar trends in their metabolic activity
and timing, the specific pathways activated differ between the two, emphasizing the importance
of looking at active functionality rather than predicted functionality when evaluating biological
systems. This may have implications for the bacteria’s relationship to phytoplankton blooms, as
Verrucomicrobiae are recognized degraders of complex polysaccharides released as bloom
byproducts (Cardman et al., 2014; Sichert et al., 2020; Orellana et al., 2022) while Opitutae has

no documented association with algal blooms to our knowledge.

4.4.5 Classes that decrease in abundance reflect response driven by loss of productivity

after bloom demise

While classes from the Verrucomicrobia phylum experience a pronounced increase in
abundance of all related GO terms, the classes Flavobacteria and Gammaproteobacteria
experience a non-reverting state shiftin “biological process” corresponding to an overall decrease
in the majority of all GO terms identified, respectively. Apart from Alphaproteobacteria (956
peptides), the classes Flavobacteriia (431 peptides) and Gammaproteobacteria (339 peptides)
are the second and third most abundant bacteria represented in the microbiome identified using
guantitative proteomics (Table 4.1). A smaller proportion of GO terms in both decreasing classes
(13.7% Flavobacteriia, 21.9% Gammaproteobacteria) were found to undergo a non-reverting
state shift when compared to prominent classes where biological process was increased (71.4%
Verrucomicrobiae, 78.4% Opitutae). One possibility is that a general decline in metabolic activity
is slower than an increase in metabolic activity. For example, classes that are prominent are more
capable of slowing their protein turnover, whereas cells increasing in metabolic activity need to

experience a burst to maintain growth. It is also possible that less optimal conditions lead to a
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general decline in the abundance of Flavobacteriia. Also of note is the timing of decreasing GO
terms compared to increasing GO terms. The majority of the GO terms in Gammaproteobacteria
and Flavobacteriia undergo a state shift prior to those in Verrucomicrobiae and Opitutae.
Additionally, the GO termsin Flavobacteriia that do increase, specifically protein refolding, cellular
amino acid metabolic process, and ATP biosynthesis, do so towards the end of the time series
around the same time that processes in Verrucomicrobiae and Opitutae begin to increase. This
suggests that the trends in metabolic activity across the classes are related to different stimuli,
namely the different blooms. Based on these distinct trends, metabolic activity reflected by the
changing GO termsin relevant classes will be further analyzed in the context of the bloom which
seems to exert the greatest influence.

Both Gammaproteobacteria and Flavobacteriia are commonly associated with algal bloom
progression (Morris et al., 2010). The association between Gammaproteobacteria and algal
blooms has been well documented, and these bacteria play a large role in marine carbon and
nitrogen cycling (Liu and Liu 2020). Gammaproteobacteria are often found in carbon-rich marine
environments due to their diversity and abundance of specialized transporters; they have also
been found to correlate with the rise of phytoplankton blooms through increased cell abundance
(Francis et al., 2021; Vidal-Melgosa et al., 2021). In this system, Gammaproteobacteria-specific
peptides were highly abundant with 339 total peptides representing 360 GO terms. While all of
the non-reverting GO terms identified in Gammaproteobacteria were found to decrease in
abundance, a smaller proportion of terms exhibited a non-reverting state shift compared to other
classes like Verrucomicrobiae or Opitutae. Flavobacteriia are another class of bacteria shown to
dominate microbial communities across a variety of ecosystems (Williams et al., 2013; Russo et
al., 2016). While most of the functional terms in Flavobacteriia decrease, protein refolding and
cellular amino acid metabolic process increase, suggesting a coordinated response where the

class is responding to some environmental cue that the next bloom is about to begin. This change
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is also consistent with the timing of the pre-bloom responders Verrucomicrobiae and Opitutae,
while all of the functional terms that decrease switch states nearer to the first bloom (Fig. 4.6).
For the dataset analyzed here, these classes appear to reflect trends detailed in the
literature in that they seem to have peaked prior to the beginning of the analysis. Figures 4.6 and
4.7 show that both classes are down-regulating their metabolic processes, suggesting that the
abundance of biological matter produced in the wake of the first bloom event has been utilized.
Nunn et. al., 2024 shows that the first bloom coincided with an influx of nutrients into the water
column which could have also influenced the bacterial bloom that peaked prior to the dataset
analyzed here. Therefore, a likely explanation for this result is that Gammaproteobacteria and
Flavobacteriia are responding to the decrease in available DOM (from the prior date June 1
through the end of the bloom on June 7) and decrease of available nutrients by downregulating

most of their metabolic functions.

446 Potential clues in lower abundance classes

In addition to the classes detailed above, Gloeobacteria and Planctomycetia also
underwent a non-reverting state shift in “biological process”, indicating a switch in underlying
metabolism. Despite both of these classes having few specific peptides identified as LCA terms,
other contributing peptides might be ubiquitous across a range of classes and thus grouped in
the overarching category of unannotated peptides. Gloeobacteria only contained one annotated
peptide related to terms including oxidation-reduction process, photosynthesis, and
organonitrogen compound metabolic process. Gloeobacteria is a class of cyanobacteriawith early
phylogenetic divergence that has been used in studies to elucidate the early origins of
photosynthesis (Saw, Cardona, and Montejano 2021; Grettenberger, 2021), suggesting

potentially relevant implications for metabolic scheduling despite a lack of association with
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phytoplankton blooms. Planctomycetia mapped to two unique peptides, one related to cell redox
and homeostasis, and the other only annotated as biological process. Though this class is a
known member of many marine and terrestrial environments (Dedysh and lvanova 2019), it is not
commonly associated with algal bloom events directly. While these classes do undergo a
detectable state shift, more studies are needed to determine their relevance in the context of

microbial community dynamics and their importance in the context of harmful algal blooms.

4.4.7 Annotation tools play a critical role in biological conclusions

Many tools exist for annotating proteomic identifications (Sajulga et al., 2020). We
chose to use MetaGOmics (Riffle etal., 2017), but there is the possibility that peptides annotations
have been added or updated in the literature since the time of performing the analysis.
Additionally, there is the possibility of error; more specifically, it is possible that some of the
peptides annotated to bacteria are also found within the eukaryotic fraction of the microbiome.
One example includes the presence of GO termsrelated to photosynthesis, specifically within the
classes Opitutae and Gloeobacteria. A literature search shows that Opitutae class does not have
members that appear to be capable of photosynthesis. The peptides related to photosynthesis
GO terms may actually originate from cyanobacteria, which were noted as present in the
microbiome through a flow cytometry analysis (Nunn et. al., 2024). Such ambiguity should be

considered in further studies that seek to expand upon the results provided here.

4.4.8 Complexity of GO terms as functional descriptors

While our metaproteomics analysis yielded valuable insight into the functional

profile of the microbiome captured along a high-resolution temporal gradient, it is important to
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recognize that GO term functional analyses are more innately complex than taxonomic analyses
of the same system. While both annotation types are hierarchical, GO DAGs display highly
interrelated connections between terms. Additionally, a single peptide may map back to more
than 30 unique functional terms, making it difficultto draw conclusions about the overall biological
system. This complexity was inherent to the analysis performed here. For example, seven GO
terms with unigue peptide abundance time series annotated as Gammaproteobacteria were
shown to undergo a non-reverting state shift on June 14 at hour 01:00 (Fig. 4.7), however the
abundance trends of these terms within the class are only identifiable by using time series
statistics. This also makes correlation analyses that utilize GO terms as input very difficult, as
repeated GO terms that seem highly correlated may stem from a single peptide. This caveat is
unavoidable given the prevalence of GO terms as descriptors of gene products but must be taken
into account when weighing the significance of functional associations.

In conclusion, analyzing trends in function across the time series revealed interesting
functions that may help in future studies of algal blooms. Alphaproteobacteria dominated the
microbiome in both number of peptides and overall peptide abundance, remaining stable
throughout the entire metaproteomic analysis from June 12 - 18. The next most abundant classes,
Flavobacteriia and Gammaproteobacteria, appear to be primarily influenced by the first
Chaetoceros bloom. These classes underwent a non-reverting state shift on June 14 at hour
21:00 characterized by an overall decrease in functionality likely driven by the bloom demise
immediately preceding the analysis. The phylum Verrucomicrobia, specifically the classes
Verrucomicrobiae and Opitutae, showed a significant increase in peptide abundance prior to the
second Chaetoceros bloom. Verrucomicrobiae underwent a non-reverting state shift on June 15
at hour 05:00, with increased peptide abundance across 39 GO terms within a 24 hour period.
On June 15 at hour 05:00, Opitutae underwent a non-reverting state shift with 22 GO terms
increasing over the following 48 hours. All significant GO terms across Verrucomicrobiae and

Opitutae increased in abundance, but the functions prioritized by the two classes differed. While
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both classes increased carbon acquisition, Verrucomicrobiae activated the TCA and glyoxylate
cycle while Opitutae increased metabolic pathways related to glycolysis and the pentose
phosphate pathway. Opitutae also uniquely increased cell motility processes. By identifying the
timing of these non-reverting biological processes across abundant and relevant bacterial
classes, the work here provides a unique characterization of the microbiome’s metabolic schedule
and how a complex community responds to and influences the dynamics of multiple

phytoplankton bloom cycles.
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Chapter 5: CLOSING REMARKS

Metaproteomics studies are gaining recognition for their ability to isolate functional
changes in a biological system, particularly in microbiomeresearch. The research presented here
builds on prior studies by highlighting strategic adaptations to challenging environmental
conditions across multiple unique systems. The chapters herein highlight how organisms are able
to regulate their functionality to anticipate environmental perturbations and respond with rapid and
strategic tactics to survive and even gain a competitive advantage in the face of difficult
circumstances. When taken together, this work showcases the applicability of metaproteomics to
environmental studies and also highlights a variety of considerations to address in future research

of any biological system.

5.1 THE COMPLEXITY OF ANNOTATIONS AND PROTEOMIC DATA
ANALYSIS

Biological analyses such as the ones conducted here are directly dependent upon the
quality of the data collected. Confident peptide identifications from mass spectra are essential to
make biological conclusions, but the value of these peptides is directly linked to the used to
generate the data (Timmins-Schiffman et. al., 2017). The ideal database for generating confident
identifications is a site- and time-specific metagenome, however this can be difficult for smaller
labs with limited resources. Fortunately, advances in high-throughput DNA sequencing are easing
the barrier of entry for these types of studies. There is also much potential in the future of de novo
sequencing for constructing reliable databases. Researchers pursuing proteomic studies of novel
systems should consider the potential benefits of rapidly developing technologies for constructing
databases for their own experiments. Conversely, as technologies advance, it will become easier

to generate thousands of peptide identifications from any given analysis. A careful balance must
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be established between obtaining a large number of potentially relevant peptide identifications
and narrowing searches to only relevant peptides of interest. Ideally, a proteomic analysis will be
performed by searching against the largest possible library of only changing relevant targets.
Data analysis in metaproteomics studies remains difficult and is not a streamlined,
automated pipeline yet. Even when confidentannotations are established, the inherent complexity
of GO terms as detailed in Chapter 4 remains a roadblock when identifying the relevant level at
which to draw biological conclusions. Trends in higher level processes like “metabolic process”
or “locomotion” can reveal global changes in the microbiome with relevant implications for
metabolic scheduling as detailed in Chapter 4. On the other hand, analyzing specific terms
revealed by child nodes on a GO-DAG can lead to the identification of unique responses or
adaptations as specific taxa change their functionality to gain a competitive edge. Balancing the
weight of each level of analysis is crucial for both identifying novel changes occurring as
microbiomes respond to environmental perturbations and better characterizing biological

systems.

5.2 METAPROTEOMICS IN CONTEXT

While metaproteomic analyses are powerful due to their ability to reveal the active
functionality of cells in their natural community setting, the results of any study must be considered
in the greater context of the system being analyzed. For example, Chapter 3 highlights the
potential of the microbiome for generating intracellular predictive signals. The addition of a
dissolved metabolomics analysis to complement this study could elucidate extracellular
biochemical signals in the water that may be driving bloom formation. This could be further
complemented by a panel testing for the presence of relevant toxins or satellite mapping of
chlorophyll levels across the entire time series. Furthermore, there is also potential to map

increases in chlorophyll measured via fluorescence signal against the metatranscriptome of the
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phytoplankton present in the system. All of these variables combined provide a comprehensive
view of the changing dynamics that precede the initiation of the harmful algal bloom captured in
the 2021 field work. While the focus of the study in Chapter 3 was limited to predictive biomarkers
in the form of bacterial peptides, compiling every possible variable analyzed could aid future
researchers in pinpointing all contributing factors to HAB initiation.

Though metaproteomics studies are gaining prevalence, the current state of the
field of microbiome research is centered around metagenomic studies. Advances in high-
throughput DNA sequencing have allowed for exponential progress in reporting on complex
systems, especially as costs continue to drop. A literature search of microbiome articles reveals
that many researchers report on metrics like community composition and diversity. While these
studies capture the innate complexity of a mixed system, they fail to capture what the bacteria or
other organisms present are actually doing. Even transcriptomic studies only capture functional
potential of the system, these studies are prone to issues due to the high regulation of transcription
within cells. Additionally, pipelines for evaluating transcriptomic data tend to select for highly
differentially expressed genes that can yield low active protein function and mRNA has been
proven as an unreliable indicator for protein activity (Evan et. al., 2015). Metaproteomics analyses
are highly valuable as they capture the active functional profile of the cell, yielding promise as an
avenue for discovering how communities actually respond to and influence their environment.

When considering the studies presented here in the context of my PhD, | realized
that despite the large differences between the studies conducted, the systems analyzed, and the
techniques utilized, many of the same proteins shared functions across the studies. One prevalent
example was TonB transporters, a major protein pathway that facilitates uptake of a wide range
of molecules and nutrients (Pawelek et al., 2006; Shultis et al., 2006; Bolam and Berg, 2018;
Fujita et al., 2019). Despite major differences in the bacteria present between studies, certain
proteins are preferentially utilized across phylogenies. A logical extension of this observation is

that the functionality of any microbiome could be condensed to a system of proteins
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representative not only of various taxa but of the entire biological system as one unit. In this line
of thinking, certain proteins would be expressed at a given time of day, regardless of community
structure, due to the functional redundancy present across various taxa. Metabolic scheduling, as
explored in detail in Chapter 4, proposes wide ranging implication regarding the timing of sampling
in a variety of environmental studies. If sample collection for a study of a marine microbiome is
limited to daily, or even monthly, sampling, then the time of day in which the sample is collected
could drastically impact the biological conclusions that result from the study. For example,
collecting samples once per day, but at different times of day across a time series, could lead to
significant changes between samples that result not from a biological response in the system but
simply from discrepancies in the experimental design. For this reason, future research in the field

should take care to consider the idea of metabolic scheduling across a range of microbiome

studies.
53 FUTURE DIRECTIONS
5.3.1 The future of life detection research

Biomarkers revealed in Chapter 2 from the analysis on Cp34H revealed metabolic
responses to challenges that stretch the adaptive potential even for extremophiles, subsequently
revealing relevant biomarkers for life in cold, saline environments. The enrichment analysis
detailed in Chapter 2 allowed for isolation of short amino acid chains (k-mers) that could be used
to detect present or extant life on other worlds during upcoming space missions. One ongoing
future direction is currently being conducted by the Arevalo lab at University of Maryland (Ni et
al., 2023). A subset of the k-mersare being synthesized and tested with instrumentation to isolate

detectable k-mers in line with NASA’s for future life detection missions. The idea of peptides as
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biomarkers for life open a new avenue for research that could revolutionize the field of

astrobiology.

5.3.2 The future of HAB research

Harmful algal bloom research is currently limited to monitoring known sites of
bloom activity for the presence of toxin production or biomass accumulation, leading to a period
of delay between any bloom start date and confirmed bloom presence that prevents a proper
timeline of warning the public against potential hazardous exposure. Additionally, toxin analyses
are limited to testing for specific known toxins and could potentially exclude relevant screening
for hazards present. Advances in machine learning and technologies like satellite imaging are
creating a potential avenue for forecasting that could help advance the field of HAB research.
While highly applicable due to the prevalence of publicly available networks of satellite data, the
role of the microbiome in influencing bloom activity should not be understated. Additionally, many
methods of machine learning rely on the curation of complete datasets that comprehensively
capture all variables in the system that may influence bloom development, including biological
and environmental factors. The dataset presented here in both Chapters 3 and 4 and Nunn et.
al. 2024 is unprecedented in scope and will aid both in the development of future directions
presented within the Chapters as well as in potential use for other researchers to test their own
modeling approaches against a high-resolution time series preceding bloom development. There
are still many potential avenues of scientific investigation that can be pursued with the data

presented here.

5.4 CONCLUSION

136



The field of metaproteomics research has the potential to expand studies ranging
from human health applications to the environment to reveal relevant adaptations and strategies
for overcoming environmental challenges. In this dissertation, | utilized and helped optimize a
wide range of mass spectrometry techniques to analyze and quantify changes in both individual
bacteria and complex microbiomes over time as they respond to environmental perturbations.
This research was also used to identify and develop potential biomarkers for a wide range of
applications. The novel ideas and robust applications presented here are at the forefront of
environmental proteomic research and have the potential to expand and exceed the boundaries

of microbiome research as we know it.
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A.1: Nitrogen metabolism in ASW+nuts at -5°C. KEGG pathway map of nitrogen metabolism
with proteins detected in ASW*ts at -5°C as compared to control cells (red: LFC = 0.5, blue:
LFC <- 0.5, yellow: LFC between 0.5 and -0.5; all: Z-score = 2).
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A.2: Arginine biosynthesis in ASW+nuts at -5°C. KEGG pathway map of arginine biosynthesis

with proteins detected in ASW*'s at
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A.3: Two-component systems in ASW-nuts at -5°C. KEGG pathway map of two-component
systems with proteins detected in ASWs at -5°C as compared to control cells (red: LFC = 0.5,

blue: LFC <-0.5, yellow: LFC between 0.5 and -0.5; all: Z-score = 2).
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A.4: Ribosomes in brine+nuts at -5°C. KEGG pathway map of individual ribosomal components
with proteins detected in brine™s at -5°C as compared to control cells (red: LFC = 0.5, blue:
LFC <-0.5, yellow: LFC between 0.5 and -0.5; all: Z-score = 2).
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A.5: Valine, leucine and isoleucine degradation in brine+nuts at -5°C. KEGG pathway map of
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A.6: Fatty acid biosynthesis in brine+nuts at -5°C. KEGG pathway map of fatty acid biosynthesis
with proteins detected in brine™*s at -5°C as compared to control cells (red: LFC = 0.5, blue:
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A.7: Phenylalanine, tyrosine and tryptophan biosynthesis in brine-nuts at -5°C. KEGG pathway
map of phenylalanine, tyrosine and tryptophan biosynthesis with proteins detected in brine™ts at
-5°C as compared to control cells (red: LFC = 0.5, blue: LFC < -0.5, yellow: LFC between 0.5
and -0.5; all: Z-score = 2).
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A.8: Carbon metabolism in ASW+nuts at -5°C. KEGG pathway map of carbon metabolism with

proteins detected in ASW*™'s at -5°C as compared to control cells (red: LFC = 0.5, blue: LFC < -
0.5, yellow: LFC between 0.5 and -0.5; all: Z-score = 2).
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A.9: Carbon metabolism in ASW-nuts at -5°C. KEGG pathway map of carbon metabolism with
proteins detected in ASW™*s at -5°C as compared to control cells (red: LFC = 0.5, blue: LFC < -

0.5, yellow: LFC between 0.5 and -0.5; all: Z-score = 2).
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A.10: Carbon metabolism in brine+nuts at -5°C. KEGG pathway map of carbon metabolism with
proteins detected in brine™ts at -5°C as compared to control cells (red: LFC = 0.5, blue: LFC < -
0.5, yellow: LFC between 0.5 and -0.5; all: Z-score = 2).
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A.11: Carbon metabolism in brine™ts at -5°C. KEGG pathway map of carbon metabolism with
proteins detected in brine™ts at -5°C as compared to control cells (red: LFC = 0.5, blue: LFC < -
0.5, yellow: LFC between 0.5 and -0.5; all: Z-score = 2).

182




	Chapter 1: INTRODUCTION
	1.1  MICROBIOLOGY MODERN PERSPECTIVE
	1.2 PROTEOMICS IN MICROBIOLOGY
	1.2.1 MASS SPECTROMETRY-BASED PROTEOMIC TECHNIQUES

	1.3  COMPLEXITY OF MICROBIOME DATA ANALYSIS
	1.4 ORGANIZATION OF THIS DISSERTATION

	Chapter 2: SUBZERO, SALINE INCUBATIONS OF COLWELLIA PSYCHRERYTHRAEA REVEAL STRATEGIES AND BIOMARKERS FOR SUSTAINED LIFE IN EXTREME ICY ENVIRONMENTS
	2.1  ABSTRACT
	2.2  INTRODUCTION
	2.3 METHODS
	2.4  RESULTS
	2.4.1 CULTURABILITY, ABUNDANCE AND ACTIVITY ANALYZED AFTER ONE MONTH INCUBATION
	2.4.2  PROTEOMES ANALYZED AFTER FOUR MONTH INCUBATION
	Using mass spectrometry, we identified a total of 2362 proteins (FDR < 0.01) from a combined analysis of all eight modified temperature, salinity and nutrient treated cell states (47 total MS experiments). Non-metric multidimensional scaling analysis ...
	2.4.3 GROWING AND MAINTENANCE ACTIVITY SIGNATURES OF CULTURABLE CELL POPULATIONS AT -5 C
	2.4.4 SHORT POLYPEPTIDES INDICATIVE OF HIGH SALINITY OR EXTREME LOW TEMPERATURE

	2.5 DISCUSSION
	2.5.1  CULTURABILITY AND ACTIVITY ANALYSIS
	2.5.2  THE DYNAMIC PROTEOMIC RESPONSE OF Cp34H IN SUBZERO TEMPERATURES
	2.5.3 CONSTITUTIVE PROTEOMIC RESPONSE OF Cp34H TO FOUR MONTH EXPOSURES OF -5 C
	2.5.4  RESPONSES TO TEMPERATURE, SALINITY, AND NUTRIENTS
	2.5.5  SURVIVABLE AND DETECTABLE POLYPEPTIDE BIOMARKERS

	2.6  CONCLUDING REMARKS

	Chapter 3: HARMFUL ALGAL BLOOMS PRECEDED BY A PREDICTABLE AND QUANTIFIABLE SHIFT IN THE OCEAN MICROBIOME
	3.1  ABSTRACT
	3.2  INTRODUCTION
	3.3 METHODS
	3.3.1  Framework for selecting peptides

	3.4  RESULTS
	3.4.1  Field-sampling captures two pre-bloom initiation periods with divergent nutrient profiles
	3.4.2  Discovery phase: identifying peptide biomarkers through quantitative metaproteomics
	Figure 3.6. Framework for determining candidate peptides. Schematic of the biomarker identification pipeline for systematic peptide discovery (yellow-framed box) and validation (blue-framed box). For peptide discovery, data-independent acquisition was...

	3.4.3 Validation of biomarkers as predictors of HABs
	Figure 3.11. Peptides serve as reproducible predictive biomarkers of bloom onset across discovery and validation blooms. A representative subset of 4 of the 12 validated biomarkers’ peptide abundances from a the discovery time series (yellow: June 12-...
	Successful candidate peptides are detailed with taxonomic class, protein of origin function, temporal trend of the quantified peptide abundance (increase as +, decrease as -), and timing of HMM state switch indicated as number of hours prior to BSD in...


	3.5  DISCUSSION

	Chapter 4: THE INFLUENCE OF ALGAL BLOOM CYCLES ON METABOLIC SCHEDULING WITHIN THE BACTERIAL MICROBIOME
	4.1  INTRODUCTION
	4.2  METHODS
	4.3  RESULTS
	4.3.1 Analysis of microbiome between two blooms
	4.3.2 A unified cellular perspective: GO term analysis of the total microbiome
	4.3.3 Pairwise correlations between microbiome functions
	4.3.4 Highly conserved GO terms show trends in functionality pre- and post-bloom
	4.3.5 Functional cascade driving non-reverting bacterial classes
	4.3.6 Flavobacteriia
	4.3.7 Gammaproteobacteria
	4.3.8 Verrucomicrobiae
	also reflected in the overall abundance of GO terms observed, with the highest GO term abundances occurring on June 15 at hour 05:00 while subsequent timepoints had progressively smaller increases in abundance. All non-reverting time series were chara...
	4.3.9 Opitutae

	4.4 DISCUSSION
	4.4.1 Multiple bloom cycles influence the bacterial microbiome
	4.4.2 Verrucomicrobia phylum increases metabolic activity but differentiates in class-related carbon metabolism strategies
	4.4.3 Notable characteristics of the phylum Verrucomicrobia
	4.4.4 Differences between Verrucomicrobiae and Opitutae suggest specialized competitive strategies between classes
	4.4.5  Classes that decrease in abundance reflect response driven by loss of productivity after bloom demise
	4.4.6  Potential clues in lower abundance classes
	4.4.7  Annotation tools play a critical role in biological conclusions
	4.4.8  Complexity of GO terms as functional descriptors


	Chapter 5: CLOSING REMARKS
	5.1  THE COMPLEXITY OF ANNOTATIONS AND PROTEOMIC DATA ANALYSIS
	5.2  METAPROTEOMICS IN CONTEXT
	5.3  FUTURE DIRECTIONS
	5.3.1  The future of life detection research
	5.3.2  The future of HAB research

	5.4  CONCLUSION
	BIBLIOGRAPHY

	Appendix A: KEGG PATHWAY MAPS OF ENRICHED PATHWAYS IN Cp34H FOUR MONTH INCUBATIONS

