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Abstract
Marine phytoplankton are central players in the global carbon cycle, responsible for nearly
half of global primary production. The identification of the factors controlling phytoplankton ecology, physiology, and, ultimately, bloom dynamics has been a central problem in the
field of biological oceanography for the past century. Molecular approaches enable the direct examination of species-specific metabolic profiles in mixed, natural communities, a task
which was previously intractable. In this thesis, I developed and applied novel analytical
tools and bioinformatic pipelines to characterize the physiological response of phytoplankton to their environment at various levels of taxonomic grouping. An in silico Bayesian
statistical approach was designed to identify stable reference genes from high-throughput
sequence data for use in RT-qPCR assays or metatranscriptome studies. Using a metatranscriptomic approach, the role of resource partitioning in the coexistence of two closely
related diatom species in an estuarine system was examined. This study demonstrated that
co-occurring diatoms in a dynamic coastal system have apparent differences in their capacity to use nitrogen and phosphorus, and that these differences may facilitate the diversity
of the phytoplankton. The second field study focused on the diatom, haptophyte, and dinoflagellate functional groups, using simulated blooms to characterize the traits that govern
the magnitude and timing of phytoplankton blooms in the oligotrophic ocean. The results
indicated that blooms form when phytoplankton are released from limitation by resources
and that the mechanistic basis for the success of one functional group over another may be
driven by how efficiently the transcriptome is modulated following a nutrient pulse. The
final study looked at the sub-species level, examining the balance of phenotypic plasticity
and strain diversity in the success of the coccolithophore Emiliania huxleyi. Results indicated strong control of nitrogen on the species complex and showed that nutrient resupply
shifted the strain composition as well as transcript abundance of key biogeochemical genes
involved in nutrient acquisition and the life stage of the population. Together, these studies
demonstrate the breadth of information that can be garnered through the integration of
molecular approaches with traditional biological oceanographic surveys, with each illuminating fundamental questions around phytoplankton ecology and bloom formation.
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1.1

Background and Motivation

The upper, sunlight region of the pelagic ocean, or “euphotic” zone, is home to microscopic plants, phytoplankton, which thrive and photosynthesize in this well-lit environment.
Though individually quite small, the combined net primary production (NPP) of this diverse consortium in the marine system is estimated to be between ∼ 44 to 67 Pg of carbon
(C) per year, nearly 50% of global NPP (Longhurst et al., 1995; Field et al., 1998; Behrenfeld et al., 2005; Westberry et al., 2008). Due to this significant role in the carbon cycle,
the identification of the major factors controlling phytoplankton ecology, physiology, and,
ultimately, bloom dynamics has been a central problem in the field of biological oceanography for the past century. From physical explanations (Sverdrup’s critical depth hypothesis
(1953)), to chemical rationale (Redfield ratio (1958)), to ecological theory (Margalef’s mandala (1978)), the field has been constantly reevaluating evidence to answer the question:
What drives phytoplankton production?
Since these foundational hypotheses were put forth, significant advancements in the study
of ocean primary production have been made both through the continued collection of traditional biological oceanographic datasets (e.g. chlorophyll, nutrients, taxonomic counts) particularly at long-term sampling sites (Karl and Lukas, 1996; Steinberg et al., 2001; Smith and
Fraser, 2003; Li and Smayda, 1998), and through technological advancements. Remote sensing from satellites, starting with the Coastal Zone Color Scanner (CZCS) in 1978, enabled
global-scale estimates of chlorophyll a and spawned a new generation of missions to measure
ocean color (e.g. SeaWiFs, MODIS Aqua) (McClain, 2009). High-throughput approaches
such as flow cytometry, the early use of which led to the discovery of the most abundant photosynthetic organism on Earth (Chisholm et al., 1988), have now been expanded to enable
automated measurements along oceanic transects (Swalwell et al., 2011; Ribalet et al., 2015)
and over time series (Olson et al., 2003). Finally, the integration of molecular techniques
into the study of marine microbes has provided a window into this previously muddled and
complex world. With these tools we have discovered previously unknown diversity in the
plankton (Lopez-Garcia et al., 2001), clarified the evolutionary histories of protists (Keeling et al., 2005), characterized previously invisible microbial communities (Fuhrman et al.,
1993), and tracked the molecular metabolism underlying biogeochemical cycles (Könneke
et al., 2005). Despite the impressive advances that have been made in the study of phytoplankton, the mechanisms that underlie the participation of these microorganisms in marine
food webs and biogeochemical cycles remains poorly understood.
The macronutrients nitrogen (N) and phosphorus (P) are widely recognized to be major
drivers of phytoplankton growth and activities in marine systems (Moore et al., 2004). In
many regards, however, we lack a fundamental understanding of how nutrients are metabolized by different phytoplankton species and functional groups, processes that may directly
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dictate their distributions and activities. Characterizing the interplay between individual
phytoplankton taxa and their N and P environment in a natural setting remains a major
on-going challenge, as many metrics such as elemental composition or enzymatic activity
lack specificity and can largely only be assessed for the bulk community. These studies may
be taken in to the lab, but doing so limits the ability to compare between species as you
can in a natural setting, and comes with a set of biases such as ease of culturing (Lakeman
et al., 2009). This thesis will focus on the following questions:
1. How do phytoplankton respond to changing nutrient environments? Are these changes
common across functional groups, genera, species, strains?
2. What enables the maintenance of diverse phytoplankton communities?
3. How does diversity, both genetic and functional, influence ecosystem function and
biogeochemical cycling?
Using a combination of field and experimental approaches and harnessing new molecular
tools, this thesis aims to address these questions at a detailed, molecular-level. In this
chapter I will set the stage for the coming data chapters, briefly discussing phytoplankton
diversity, their functioning in biogeochemical cycles, and the implementation and utility of
molecular tools in environmental microbiology and oceanography.

1.1.1

Diversity in the phytoplankton

Photosynthetic organisms at the broadest level can be broken into two distinct groups:
prokaryotes (primarily bacteria1 ) and eukaryotes. While, cyanobacteria are numerically
more abundant, this thesis will focus on the larger, eukaryotic fraction of photosynthetic
plankton. All eukaryotic photosynthetic organisms (terrestrial and marine) are believed to
have descended from one common ancestor (Margulis, 1971) and then diversified into three
main lineages: green algae, glaucophytes, and red algae (Falkowski et al., 2004). Land plants
are significantly more diverse at the species-level (∼ 268, 600 species) (Chapman, 2009) than
are phytoplankton (∼ 25, 000 species) (Costello et al., 2013). Unlike land plants, which are a
“crown” group, with all species falling into a single clade (Virdiplantae), algae span all three
of the photosynthetic eukaryotic groupings and are far more genetically diverse as a whole
than are land plants (Falkowski et al., 2004). This diversity directly contradicts Gause’s law
of competitive exclusion, which posits that two organisms competing for the same resources
cannot coexist under constant ecological factors as even the slightest advantage held by one
organism will lead to domination in the long term (Hardin, 1960). But, phytoplankton,
1

There are some organisms currently classified as archaea that are phototrophs (e.g. the haloarchaeon
Haloarcula marismortui). However, these organisms do not fix carbon and rely upon bacteriorhodopsin
rather than chlorophyll. To date, chlorophyll biosynthesis has not been detected in archaea (Bryant and
Frigaard, 2006).
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who superficially compete for the same two resources, light and nutrients, persist. Hutchinson (1961) dubbed this the “paradox of the plankton.” Explanations for this paradoxical
state span life history differences (Huisman et al., 2001), environmental fluctuation (Roy
and Chattopadhyay, 2007), individual variability (Menden-Deuer and Rowlett, 2014), and
differential niche partitioning (Connel and Connell, 1980).
The deeply nested diversity of phytoplankton is manifest not only genetically, but also
morphologically and functionally. At the most basic level, the size of eukaryotic phytoplankton, measured here as the maximum linear dimension, extends over three orders of
magnitude (Finkel et al., 2010), ranging from the smallest free-living eukaryote Ostreococcus
to species of diatoms that may be visible to the naked eye, e.g. Ethmodiscus rex. Size,
sometimes called the ‘master trait’, is central to the structuring of phytoplankton populations and distributions as it may influence nutrient kinetics, growth rate, and sinking speeds
(Finkel et al., 2010). Across this range of sizes there are several prominent functional groups
of eukaryotic phytoplankton. This thesis focuses on three marine pelagic eukaryotic phyla,
or functional groups, that are abundant in the modern ocean: Bacillariophyta (diatoms),
Haptophyta (haptophytes), and Dinophyta (dinoflagellates). It is hypothesized that these
three phyla diverged from their progenitor group, Rhodophyta, through a secondary endosymbiotic event (Falkowski et al., 2004). Fossil records indicate that these groups arose
during the mesozoic period, with dinoflagellates and haptophytes first appearing in the Triassic, followed later by the diatoms, which appeared in the Cretaceous period(Katz et al.,
2004). The expansion of the red lineage had a significant impact on the trajectory of global
biogeochemical cycles and arguably were central in the sculpting of the modern oceanic
environment. For example, the rise of diatoms, which are distinguished from other groups
by their hard mineral shell comprised of polymerized silicic acid, decreased the amount of
available silica (Si) in the ocean from an hypothesized original high concentration to today’s
undersaturated state, with Si concentrations often less than 1𝜇𝑀 in the open ocean (Conley,
2002). This provides a nice example of the strong reciprocal relationship that exists between
the phytoplankton and the geochemical state of the ocean.

1.1.2

Phytoplankton and their geochemical environment

Phytoplankton are largely autotrophic2 organisms, relying upon photosynthesis to convert
light into chemical energy that is then stored in organic compounds. Photosynthesis, in
addition to carbon and light, requires both macro- (e.g. N and P) and micro-nutrients
(e.g. iron (Fe) and zinc (Zn)). In the marine environment, growth and photosynthesis are
frequently limited by nutrient availability, as the surface waters of the ocean are variably
2
The importance and prominence of mixotrophy, or a combination of photosynthetic and heterotrophic
or predatory lifestyles, is increasingly being recognized across functional groups in marine systems (Worden
et al., 2015). With regard to this thesis, it is worth noting that members of both the dinoflagellate and
haptophyte functional groups are known to be mixotrophic (Unrein et al., 2014; Jeong et al., 2010).
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deplete of many nutrients (N, P, Fe, Zn, vitamin B12 etc.) (Moore et al., 2004; Bertrand
et al., 2007). These patterns of limitation are thought to be central to the global-scale
biogeography of phytoplankton functional groups (Follows et al., 2007).
Diversity in the metabolic capacity for nutrients across of phytoplankton groups partially
explains the emergent patterns observed in the field and in models. These differences span
unique metabolic requirements, as with diatoms’ requirement for Si; differences in nutrient
uptake kinetics, such as higher or lower half-saturation constants or uptake rates; or the
ability to acquire nutrients from substrates not accessible to the whole community, as seen
in the ability to grow on urea. There is extensive literature on the nutrient dynamics of
a variety of phytoplankton taxa, which has revealed fundamental differences amongst the
diatom, dinoflagellate, and haptophyte functional groups that are thought to be related
to evolutionary history (Litchman and Klausmeier, 2008). For example, significant differences in uptake and affinity for N have been observed between functional groups. Diatoms
have higher maximum nutrient uptake rates (Vmax ) than either haptophytes or dinoflagellates. However, haptophtes have a far lower half-saturation constant (KN ), a term which
is inversely related to nutrient affinity, with low half-saturation constants indicating higher
affinity (Litchman et al., 2007). Thus, these parameters define different niches for the haptophytes and diatoms, with diatoms outcompeting haptophytes when N is abundant, while
haptophytes dominate when N is low. Such differences were described earlier by Margalef’s
mandala, in which phytoplankton functional groups were placed in nutrient and turbulence
space, associating each group with a different regime and ecological strategy (Margalef,
1978).
Beyond differences in nutrient metabolism across functional groups, inter- and intraspecies diversity of nutrient metabolism has been observed within these functional groups.
For example, at the order-level, pennate and centric diatoms demonstrate different iron
requirements (Marchetti et al., 2006), with pennates being better adapted to growth under Fe-limiting conditions in part because of enhanced Fe storage with the protein ferritin
(Marchetti et al., 2008). At a lower level, the Fe requirement of species within a genus of
pennate diatoms, Pseudo-nitzschia, has been found to be variable, with large differences
associated with the isolation location, be it coastal or open ocean (Marchetti et al., 2006).
Another interesting example of variable nutrient metabolism is in the haptophyte Emiliania
huxleyi. The genetic diversity of E. huxelyi has recently been found to be extensive (Read
et al., 2013); however, physiological studies that precede those observations showed interstrain differences in the ability to grow on organic N substrates (Strom and Bright, 2009) and
organic P substrates (Dyhrman and Palenik, 2003). Observations of these taxon specific differences, while easily made in culture, are not as easily detectable in the field. However, the
incorporation of molecular tools into the study of nutrient physiology in addition to providing a more holistic appreciation of the molecular physiology underlying nutrient metabolism,
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can enable the assessment of nutrient physiology in the field.

1.1.3

Molecular tools in microbial ecology and oceanography

As with the field of medicine, advances in sequencing and mass spectrometry technologies
over the last decade have accelerated investigations of diversity and function in the field
of biological oceanography. The burgeoning technologies fueling the “-omics” 3 revolution
have allowed a unique glimpse into the previously hidden molecular world of the microbes.
These studies span the level of the genome, or the metabolic capacity of an organism; the
transcriptome, the immediate response of an organism to its environment; and the proteome,
the end product of the transcriptome and potential marker of previous stress.
The sequencing of phytoplankton genomes (Armbrust et al., 2004; Derelle et al., 2006;
Read et al., 2013; Worden et al., 2009; Gobler et al., 2011; Bowler et al., 2008) illuminated the
ecology of these organisms, and thus facilitating the discovery of biochemical pathways with
geochemical significance that were unanticipated, such as the ornithine-urea cycle in diatoms
(Armbrust et al., 2004). In addition to gene discovery, these studies laid the foundation for
the use of transcriptomic (Mock et al., 2008; Dyhrman et al., 2012; Mock et al., 2008) and
proteomic (Wurch et al., 2011a; Bertrand et al., 2012; Jones et al., 2013) approaches to study
metabolic plasticity in phytoplankton. These elegant studies have elucidated the response
of phytoplankton to macronutrient (Rokitta et al., 2014; Dyhrman et al., 2012; Wurch et al.,
2011a; Shrestha et al., 2012; Mock et al., 2008; Bender et al., 2014; Allen et al., 2011) and
micronutrient limitation (Lommer et al., 2012; Nunn et al., 2013; Allen et al., 2008; Marchetti
et al., 2008; Bertrand et al., 2012) and identified previously unknown biochemical connections
between eukaryotic plankton and their associated bacteria (Durham et al., 2015). However,
due partially to a lack of available reference genomes and transcriptomes, these studies were
not able to be performed in the field for eukaryotic organisms until quite recently.
“Meta”-genomic, -transcriptomic, and -proteomic studies in marine ecosystems focused
on eukaryotes have lagged behind such studies on prokaryotes. Transformative work using
these meta-’omic techniques to study field populations has identified synchronous patterns
of gene expression in both autotrophic and heterotrophic plankton (Ottesen et al., 2014,
2013), the importance of specialists in the response of communities to dissolved organic
matter (McCarren et al., 2010), and a gradation of multiple nutrient stress in a cosmopolitan phytoplankter (Saito et al., 2014). The power in these studies was the ability to associate
physiological response to environmental cues to individual members of a mixed community.
Until quite recently, there were but a limited number of eukaryotic plankton with reference
genomes or transcriptomes. The lack of diversity in the reference sequences of eukaryotic
3
“-omics” is a catch-all suffix typically used to describe large, molecular datasets (e.g. genomics, the
study of the genome; and transcriptomics, the study of the complete set of RNA transcripts produced under
certain conditions). The use of this suffix, however, is expanding to other fields (see #badomics).
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phytoplankton limited the scope of otherwise robust meta-omic studies on these communities (Marchetti et al., 2012). However, a new sequencing initiative, the Marine Microbial
Eukaryotic Transcriptome Sequencing Project (MMETSP), fleshed out the eukaryotic tree
of life, adding sequence data for hundreds of different species and strains, many from previously unsequenced phyla (Keeling et al., 2014) species and strains, many from previously
unrepresented groups. These data, combined with improving sequence technologies, which
are becoming increasingly affordable, make eukaryotic transcriptomic studies increasingly
tractable.

1.2

Thesis Overview

The overarching goal of this thesis was to 1) develop bioinformatic tools and pipelines for
the analysis of eukaryotic metatranscriptomic datasets and 2) apply these tools in the field
to characterize the metabolic underpinnings of phytoplankton physiology and ecology at
various levels of taxonomic grouping.
A primary limiting factor in eukaryotic metatranscriptomics has been the difficulty of
both normalizing and contextualizing metatranscriptomic signals. Due to the relative simplicity of prokaryotic genomes, metatranscriptomic studies of prokaryotic communities have
commonly been paired with metagenomic studies, enabling the normalization of RNA (or
cDNA) to DNA, a natural internal standard (Frias-Lopez et al., 2008; McCarren et al., 2010;
Shi et al., 2011). Eukaryotic genomes are both larger4 and more complex, possessing intronic regions, pseudogenes, as well as large stretches of highly repetitive, non-coding DNA
sequence (Taft et al., 2007). Therefore, the depth of sequencing that would be required to
potentially cover all the genomes of a mixed eukaryotic community would be immense and
would consequently obviate their use in normalization. As means of counteracting these impediments, I compared the efficacy of two different statistical techniques, 𝑘-means clustering
(Hartigan and Wong, 1979) and analysis of sequence counts (ASC) (Wu et al., 2010), for
the identification of stably expressed genes from transcriptome datasets. ASC, an empirical
Bayes method to detect differential gene expression generated from quantifiable sequence
count data, was found to function well in isolating stably expressed genes from a large gene
set (Chapter 2). Taking this approach into the field, genes that were stable for individual taxonomic groups were identified from metatranscriptomic data and used to aid in the
normalization of observed patterns.
Broadly speaking, the three field studies in this thesis examine how nutrient shifts in the
environment affect different members of the eukaryotic phytoplankton community. Each
chapter focuses on a different level of taxonomic grouping ranging from, at the highest
4

Some estimates suggest that the haploid genome of dinoflagellates can range between 3-245𝑥106 kbp,
which is 1-77 times the size of the human haploid genome (Hou and Lin, 2009).
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Chapter 5: Strain

Haptophytes

Chapter 4: Functional Group

Chapter 3: Species

Diatoms

Dinoflagellates

Figure 1-1: Conceptual overview of the levels of diversity explored in Chapters 3, 4, and 5 of this
thesis.

level, comparisons across functional groups, to species-level comparisons, and down to intraspecies, or strain-level comparisons (Figure 1-1). Additionally, each study was designed to
be related to a broader ecological question in biological oceanography.
The vast diversity of phytoplankton has long perplexed biological oceanographers, as
these organisms superficially appear to coexist in an isotropic environment while competing
for the same basic resources, nutrients and light. Niche partitioning of resources has been
hypothesized to be one factor enabling the “paradox of the plankton” (Hutchinson, 1961)
but quantitative approaches to identify and track it in the field have been lacking. Working
at the long-term sampling site in Narragansett Bay, where seasonal dynamics in phytoplankton abundances are well-described and where multiple species are known to simultaneously
co-exist, metatranscriptome profiling was used to track species-specific metabolic profiles.
In addition to tracking known metabolic pathways, new techniques were developed to 1)
identify novel resource responsive gene targets without a priori knowledge of function and
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2) contextualize expression signals to compare the ecophysiology of organisms. This study
clearly demonstrated fundamental differences in nutrient utilization between two dominant
diatom species in the same environment, suggesting that there was resource partitioning
occurring in the field (Chapter 3).
Both Chapters 4 and 5 focus on characterizing physiological constraints on the oligotrophic eukaryotic phytoplankton, though at different levels of taxonomic resolution. It
has been postulated that the net oxygen state of oligotrophic systems is controlled by aperiodic bursts of production by the large eukaryotic phytoplankton in response to nutrient
pulses (Karl et al., 2003). Long-term monitoring at Station ALOHA suggests seasonality
in ecosystem productivity, as evidenced by increased carbon and biogenic Si export during summer. Currently, however, very little is known about the nutritional constraints
and metabolic capabilities of the three major phytoplankton functional groups in the oligotrophic ocean: diatoms, haptophytes, and dinoflagellates. By sampling and comparing the
global gene expression of eukaryotic community both in situ and in simulated deep water
upwelling incubations (Chapter 4), I was able to identify 1) specific drivers of production
for taxonomic groups and 2) transcriptional patterns consistent with the previously defined
ecological traits and strategies of different functional groups (Margalef, 1978).
As can be seen from Chapters 3 and 4 as well as other published works (Dyhrman
et al., 2006, 2012; Wurch et al., 2011a; Bertrand et al., 2012; Jones et al., 2013; Bender
et al., 2014; Frischkorn et al., 2014), metabolic plasticity as measured through proteomicand transcriptomic-approache in response to environmental change is currently a standard
means of examining and characterizing physiological responses to perturbation. Another
way that communities respond to perturbation is through succession of species, or, in some
cases, strains. Genomic surveys of cultured isolates of E. huxleyi have shown a high level
of variability amongst the genomes (Read et al., 2013). This mirrors the physiological variability observed in the field and laboratory, as well as in its cosmopolitan distribution across
oceanic biomes. Using a metatranscriptomic approach, the relative strain composition and
metabolic response of E. huxleyi was tracked across field observations and in microcosm
studies, which shifted the nutrient environment (Chapter 5). Results demonstrated that
the population was constrained by N-limitation. The addition of N produced a shift in
metabolism that was highly conserved across these replicated experiments and, more surprisingly, across previous culture-based studies. Additionally, changes in strain-specific gene
sets point to a shift in the strain composition of the E. huxleyi species complex.
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Chapter 2

Identifying reference genes with stable
expression from high throughput sequence
data

This chapter was originally published as Alexander, H., Jenkins, B.D., Rynearson, T.A., Saito, M.A.,
Mercier, M.L., and Dyhrman, S.T. (2012). Identifying reference genes with stable expression from high
throughput sequence data. Front. Microbiol. 3, 385.
H.A., B.D.J., T.A.R., M.L.M., M.A.S., and S.T.D. performed research; H.A. and S.T.D. analyzed data;
H.A. and S.T.D. wrote the paper; and B.D.J., T.A.R., M.L.M., M.A.S contributed to the writing of the
paper.
The supplemental figures, tables, and data sheets for this chapter can be found in Appendix A.
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2.1

Abstract

Genes that are constitutively expressed across multiple environmental stimuli are crucial to
quantifying differentially expressed genes, particularly when employing quantitative reverse
transcriptase polymerase chain reaction (RT-qPCR) assays. However, the identification of
these potential reference genes in non-model organisms is challenging and is often guided by
expression patterns in distantly related organisms. Here, transcriptome datasets from the
diatom Thalassiosira pseudonana grown under replete, phosphorus-limited, iron-limited,
and phosphorus and iron co-limited nutrient regimes were analyzed through literaturebased searches for homologous reference genes, 𝑘-means clustering, and Analysis of Sequence
Counts (ASC) to identify putative reference genes. A total of 9759 genes were identified
and screened for stable expression. Literature-based searches surveyed 18 generally accepted
reference genes, revealing 101 homologs in T. pseudonana with variable expression and a
wide range of mean tags per million. 𝐾-means analysis parsed the whole transcriptome into
15 clusters. The two most stable clusters contained 709 genes but still had distinct patterns in expression. ASC analyses identified 179 genes that were stably expressed (posterior
probability, post-𝑝 < 0.1, for 1.25 fold change). Genes known to have a stable expression
pattern across the test treatments, like actin, were identified in this pool of 179 candidate
genes. ASC can be employed on data without biological replicates and was more robust
than the 𝑘-means approach in isolating genes with stable expression. The intersection of
the genes identified through ASC with commonly used reference genes from the literature
suggests that actin and ubiquitin ligase may be useful reference genes for T. pseudonana
and potentially other diatoms. With the wealth of transcriptome sequence data becoming
available, ASC can be easily applied to transcriptome datasets from other phytoplankton to
identify reference genes.

2.2

Introduction

Quantitative reverse transcriptase polymerase chain reaction (RT-qPCR) facilitates rapid,
accurate, high-throughput analyses of gene expression, greatly enhancing and expanding
molecular biological studies in a variety of organisms. This method has moved beyond the
realm of model organisms (Adib et al., 2004; Antonov et al., 2005; Caldwell et al., 2005;
Marionneau et al., 2005; Flatt et al., 2008) to be employed for the examination of ecological
and physiological characteristics of marine microbes in both culture and the environment
(Zehr and Turner, 2001; Nicot et al., 2005; Maldonado et al., 2006; Mock et al., 2008; Zhao
et al., 2009; Whitney et al., 2011; Wurch et al., 2011a; Allen et al., 2008; Kustka et al.,
2007; Lin et al., 2009). There are two primary methods of gene expression analysis for single
genes: 1) absolute quantification, whereby the copy number of a gene is determined through
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comparison of the PCR signal to a standard curve, and 2) relative gene expression, in which
the expression of the gene of interest is determined through comparison to a reference gene
(or internal control gene), often employing the 2−ΔΔ𝐶𝑇 method. The 2−ΔΔ𝐶𝑇 method
used the expression of the target gene and reference gene in both a treatment and control
treatment to estimate the fold change of the target gene (Livak and Schmittgen, 2001; Pfaffl,
2001; Schmittgen and Livak, 2008).
Inherent in the 2−ΔΔ𝐶𝑇 method is the selection of a reference, or “housekeeping,” gene
to act as an endogenous control. Ideally, the expression levels of the selected reference
gene should remain stable across the treatments being examined. Genes like GAPDH,
actin, and rRNA are often targeted as possible reference genes and tested for consistency in
expression across treatments (Vandesompele et al., 2002; Pfaffl et al., 2004; Radonic et al.,
2004). However, both Czechowski et al. (2005) and de Jonge et al. (2007) demonstrated
that canonical reference genes were often widely differentially regulated. In fact, de Jonge
et al. (2007) noted that commonly used reference genes were not represented in the fifty most
stably expressed genes in the human genome. Results from RT-qPCR studies using improper
reference genes (e.g. genes that are not constitutively expressed) can be significantly different
from results obtained with a proper reference gene (Dheda et al., 2005; Lanoix et al., 2012).
Considering that previously established reference genes were not among the mostly stably
expressed genes in model organisms, basing the selection of candidate genes for non-model
organisms solely upon known reference genes may not prove the best method (de Jonge
et al., 2007; Czechowski et al., 2005).
Application of RT-qPCR has proven particularly fruitful in the study of marine phytoplankton, illuminating transcriptional responses to physical stressors (Rosic et al., 2010b,b),
nutrient limitation (Davis et al., 2006; Moseley et al., 2006; Davis and Palenik, 2008; Stuart
et al., 2009; Whitney et al., 2011; Wurch et al., 2011a; Bender et al., 2012; Berg et al., 2008),
and the diel cycle (Whitney et al., 2011; Bender et al., 2012), as well as highlighting the modulation and activity of many metabolic pathways (Moseley et al., 2006; McGinn and Morel,
2008a; Mock et al., 2008; Bender et al., 2012). The success of these studies hinged upon
the selection of a stably expressed reference gene. While there is often extensive literature
characterizing the dynamics of suites of genes expressed under different conditions in studies of model organisms, similar breadth is lacking for non-model organisms, such as marine
phytoplankton. With few genome sequences available, the selection of reference genes for
eukaryotic phytoplankton is a challenge, and researchers must often choose candidate genes
(e.g. actin (Nicot et al., 2005), GAPDH (Czechowski et al., 2005)) based on the literature
from model organisms that are distantly related to the study organism. Selecting and validating potential reference genes is a difficult task that consequently slows the development
and application of targeted gene expression studies for phytoplankton.
Screening the wealth of sequence data produced by modern ultra high-throughput se-
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quencing technologies may advance and broaden the search for candidate reference genes
in non-model organisms. This is particularly true of transcriptome datasets whereby genes
with stable expression can be identified between treatment conditions. Two statistical techniques, 𝑘-means clustering (Hartigan and Wong, 1979) and analysis of sequence counts
(ASC) (Wu et al., 2010), usually used to investigate patterns of differential expression in
transcriptome datasets, show promise in this regard. The 𝑘-means algorithm is a partitionbased, non-hierarchical clustering method, which divides sequence tags into the specified
𝑘-number of clusters, while minimizing the intra-cluster spread based on the specified distance metric (Hartigan and Wong, 1979; Tavazoie et al., 1999; Gerstein and Jansen, 2000;
Quackenbush, 2001; D’haeseleer, 2005). ASC is a novel empirical Bayes method (estimating
the prior distribution from the data, itself) to detect differential gene expression generated
from quantifiable gene expression counts (as generated by Illumina Digital Gene Expression tag profiling, RNA-seq or similar high-throughput sequencing technologies) (Wu et al.,
2010). When applied to transcriptome data these tools cannot only be used to identify genes
with differential expression, they can be used to identify genes with highly stable expression
patterns.
Here, literature-based searches, 𝑘-means clustering, and ASC are compared as tools for
reference gene selection using a transcript sequence dataset collected from the centric diatom
Thalassiosira pseudonana, grown under nutrient replete, phosphorus-limited (P-limited),
iron-limited (Fe-limited), and phosphorus and iron co-limited (co-limited) treatments.

2.3
2.3.1

Materials and Methods
Culturing and transcriptome data collection

Axenic T. pseudonana CCMP1335 was grown at 14∘ C under 24 hour light (120 𝜇mol photons
𝑚−2 𝑠−1 ) after Dyhrman et al. (2012) in f/2 plus silica chelated media made from surface
Sargasso Sea water. Nitrate, silica, vitamins, and trace metals were at f/2 concentrations
(Guillard and Ryther 1962), while iron and phosphate were modified across treatments. In
3−
brief, triplicate cultures of replete (36 𝜇M PO3−
4 , 400 nM Fe), P-limited (0.4 𝜇M PO4 ,
3−
400 nM Fe), Fe-limited (36 𝜇M PO3−
4 , 40 nM Fe), and co-limited (0.4 𝜇M PO4 , 40 nM

Fe) treatments were harvested when growth deviated from the replete control. Growth was
monitored by cell counts. Biomass was harvested onto 0.2 𝜇m filters and flash frozen in
liquid nitrogen and total RNA was extracted as described in (Dyhrman et al., 2012). Tagseq sequencing of the transcriptome was performed by Illumina with a polyA selection and
NlaIII digestion, resulting in 21 base pair sequence reads or tags (Dyhrman et al., 2012).
Libraries were of varied sizes as follows: replete (∼12 million), P-limited (∼13 million),
Fe-limited (∼23 million), and co-limited (∼26 million). Tags were mapped to gene models
(predicted protein coding regions) with a pipeline designed by Genesifter Inc., requiring 100%
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identity and covering 9759 genes. Tag counts within a gene were pooled and normalized to
the size of the library, with resulting data expressed in tags per million (TPM). Genes with
normalized tag counts less than 2.5 TPM for each of the four treatments were excluded
(Figure A-1), leaving 7380 genes in the analysis. The data discussed in this publication have
been deposited in NCBI Gene Expression Omnibus (GEO) (Edgar, 2002) and are accessible
through GEO Series accession number GSE40509.

2.3.2

Reference gene identification

The current, relevant literature from algae and plant-based studies was queried for reference
genes used as endogenous controls for relative gene expression assays. Stably expressed genes
reported in the literature were compared using BLASTn (Altschul et al., 1997) against the
T. pseudonana genome in NCBI (AAFD00000000.2) to find homologs (e-value < 1.0e-1).
A loose e-value cutoff was used to be inclusive and enhance our collection of all potential
reference gene candidates. In addition, the Eukaryotic Orthologous Group (KOG) definitions
for the genes found via BLAST were identified, and subsequent genes located in the KOG
definition families were included in the analysis.
For the 𝑘-means analysis, tag counts from the four treatments corresponding to the 7380
genes with reads greater than 2.5 TPM were clustered using the 𝑘-means algorithm under the
Pearson correlation coefficient. The distance was measured with a Pearson correlation as it
has been found to perform as well or better than other similar distance measures for non-ratio
or count-based data (Gibbons and Roth, 2002), such as the T. pseudonana transcriptome
dataset. The number of clusters (𝑘) was determined via a figure of merit (FOM) estimation,
which is an approximation of the predictive power of the clustering method (Yeung et al.,
2001). FOM analysis was performed by predicting the FOM value for values of 𝑘 ranging
from 𝑘 = 1 (one cluster) to 𝑘 = 50 (fifty clusters). The FOM value decreases as the withincluster similarity increases, thus the FOM value was minimized to determine the optimal
𝑘-value. All clustering analyses were performed using the MultiExperiment Viewer (MeV)
version 4.7 (Saeed et al., 2003, 2006). Possible reference gene targets were identified by
isolating clusters of genes that exhibited similarly stable expression patterns across the four
treatments.
Using ASC (Wu et al., 2010), the statistical significance of an observed fold change
was determined in pairwise comparisons between each of the limited treatments and the
replete control. The posterior probability (post-𝑝) was calculated by computing the posterior
mean of the log ratio of proportions over each of the P-limited, Fe-limited, and co-limited
treatments relative to the replete treatment for a fold change of 1.10, 1.25, and 1.50. Possible
constitutively expressed genes were identified by selecting genes for which the post-p of each
of the nutrient-limited treatments relative to the replete treatment for each of the fold change
values was less than a specified cutoff. Posterior probability cutoffs between 0.01 and 0.20
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were assessed across each of the fold changes (Table 2-1). Ultimately, a post-𝑝 of 0.10 was
selected for further analyses (meaning that genes selected had less than a 10% chance of
having the specified fold change between treatments), for it yielded genes across all of the
fold change bins examined and demonstrated a broader range of mean normalized tag counts
than seen for a post-𝑝 of 0.05 or 0.01. All ASC analyses were made using ASC 0.1.5 in R.

2.4

Results

Transcript sequence data was generated from T. pseudonana CCMP1335, grown in four
different treatments (replete, P-limited, Fe-limited, and co-limited). Potential reference
genes were identified through 1) querying the data to identify expression of common reference
genes based on literature searches, 2) a pattern-driven analysis using 𝑘-means clustering
(Hartigan and Wong, 1979) and 3) a quantitative analysis based the probability of fold
change using ASC.
Selection of reference genes often falls upon those used in previous relative expression
studies. The literature was surveyed for RT-qPCR expression studies employing the 2−ΔΔ𝐶𝑇
method for the following algae and plants: T. pseudonana (Maldonado et al., 2006; McGinn
and Morel, 2008a,b; Mock et al., 2008; Park et al., 2008; Carvalho and Lettieri, 2011; Whitney et al., 2011), Thalassiosira weissflogii (Davis et al., 2006; McGinn and Morel, 2008a;
Park et al., 2008; Whitney et al., 2011), Phaeodactylum tricornutum (Siaut et al., 2007;
McGinn and Morel, 2008a), Emiliana huxleyi (Bruhn et al., 2010; Richier et al., 2011), Micromonas pusilla (McDonald et al., 2010), Chlamydomonas reinhardtii (Moseley et al., 2006;
Zhao et al., 2009), Alexandrium spp. (Lee et al., 2009; Moustafa et al., 2010), Symbiodinium
sp. (Rosic et al., 2010b,a; Leggat et al., 2011), Prorocentrum minimum (Guo and Ki, 2012),
Aureococcus anophagefferens (Berg et al., 2008; Wurch et al., 2011a), Solanum tuberosum
(Nicot et al., 2005), and Arabidopsis thaliana (Avonce et al., 2004). Results from the current
literature survey yielded a list of 18 key reference genes frequently employed in the study of
gene expression for eukaryotic phytoplankton and plants: actin, calmodulin, cyclin dependent kinase, cyclophilin, cytochrome c, G-protein beta subunit, ferric enterobactin binding
periplasmic protein precursor, histones, elongation factors, GAPDH, heat shock protein 90,
poly(A) polymerase, ribosomal protein large subunit, ribosomal protein small subunit, SAM,
𝛼-, 𝛽-, 𝛾-tubulin, and ubiquitin conjugating enzymes (Data Sheet 2-1). It is important to
note that as more reference genes are validated as stable, the selection of putative reference
genes may expand. The 101 genes identified as homologous to these reference genes across
the four treatments in T. pseudonana had variable expression patterns and a wide range of
mean normalized counts (0.08 to 1087.8 TPM) (Figure 2-1). Genes within a specific gene
family (e.g. the five actin genes) had different mean counts as well as variable coefficients
of variation (CV), which is indicative of variable expression (Data Sheet 2-1). For example,
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ACT 1 (NCBI: 7449411) had a mean expression of 1024.1 TPM and a CV of only 12.3%,
where as ACT 5 (NCBI: 7445819) had a lower mean expression of 23.95 and a higher CV of
35.5% (Data Sheet 2-1).
The high-throughput transcript dataset was analyzed with 𝑘-means clustering. Prior to
performing 𝑘-means cluster analysis, FOM optimization was run and found to be minimized
at 𝑘 = 15. Thus, 𝑘-means analysis was run under the Pearson correlation coefficient for
𝑘 = 15, yielding 15 clusters, for which the intra-cluster variation was minimized (Figure A2). Of the 15 clusters produced (ranging in size from 162 to 954 genes), Cluster 4 (433 genes),
Cluster 9 (243 genes), and Cluster 14 (466 genes) had candidate reference genes based on a
low magnitude of change associated with the expression patterns in those clusters (Figure A2). However, Cluster 4 showed a clear pattern of differential regulation (downregulated in
the replete and upregulated in the co-limited), and as such it was not considered to be
an optimal candidate cluster and was excluded from additional analyses. Both Cluster 9
and Cluster 14 consisted of genes with a wide range in mean TPM values (1.74 to 4191.91
TPM), with relatively small deviations from the mean value (Figure 2-1; Data Sheet 2-2),
which stands in contrast to other clusters that had definite treatment driven expression
patterns (Figure A-2). Despite the relatively small deviations from the mean value, genes
in Clusters 9 and 14 displayed both clear patterns of regulation, as demonstrated by the
average change in tag count relative to the mean (Figure 2-2) and the presence of “outlier”
genes with differential expression such as NCBI: 7451632, which was downregulated in the
co-limited treatment for Cluster 14 (Figure 2-1; Data Sheet 2-2).
Adapting ASC to examine stable expression patterns, genes for which the post-𝑝 was less
than 0.1 (e.g. had less than a 10% chance of equaling or exceeding the fold change cutoff)
were plotted in three low fold change bins: 1.10, 1.25, and 1.50. A post-𝑝 of 0.1 was selected
as it optimized the dataset for a wide range of mean gene expression values and provided
coverage for each of the fold change bins examined (Table 2-1). The number of genes in
each of the fold change bins increased with increasing value of fold change. For example,
two genes passed the 1.10 cutoff, 179 genes passed the 1.25 cutoff, and 1375 genes passed
the 1.50 cutoff. With the increase in the number of genes came an increase in the variation
from the mean of the normalized tag counts (Figure 2-1; Data Sheet 2-3).
The bin with the 1.10 cutoff had two genes (NCBI: 7446346 and 7452192), which are
both hypothetical proteins (Figure 2-1). A BLASTn search of 7446346 against the nr NCBI
database yielded 69% identity over 251 base pairs (e-value, 1e-13) to a hypothetical protein (NCBI: CP000544.1) from Halorhodospira halophila, a salt-tolerant purple bacterium,
and 69% identity over 232 base pairs (e-value, 1e-12) to a hypothetical protein (NCBI:
CP001905.1) from Thioalkalivibrio sp. K90mix, also a salt-tolerant chemolithoautotrophic
bacteria. BLASTp searches of 7452192 showed the highest identity hits to hypothetical proteins from Aureococcus anophagefferens (NCBI: EGB11506.1; 31% identity; e-value, 2e-21)
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Figure 2-1: Expression patterns of putative reference genes identified through literature-based
searches, 𝑘-means clustering, and ASC analysis. Through literature-based searches, a total of 101
genes homologous to reference genes from previous studies on plants and algae were identified in T.
pseudonana and plotted to indicate deviation and mean TPM (Literature). 𝐾-means clustering was
applied to the 7380 genes and Cluster 9 (243 genes) and Cluster 14 (466 genes) possessed the genes
with the most stable expression pattern across the four treatments. Genes from these clusters are
plotted to indicate deviation and mean TPM (𝑘-means: Cluster 9; 𝑘−means: Cluster 14). ASC was
used to assess statistical significance (post-𝑝 < 0.1) of fold changes of 1.10, 1.25, and 1.50 for each
treatment relative to the replete control. Genes from these fold change bins are plotted to indicate
deviation and mean TPM (ASC: 1.50 fold change; ASC: 1.25 fold change; ASC 1.10 fold change).
For a fold change of 1.10, two genes, both hypothetical proteins, (NCBI: 7446346 and 7452192)
passed the post-𝑝 < 0.1 cutoff, and represent the most stable genes based on the ASC analysis (Data
Sheet 2-3). For each of the six classes of putative reference genes, tag counts were normalized to
total library size (in TPM) and are plotted relative to the mean for each of the four treatments:
Replete (Rep), P-limited (P-lim), Fe-limited (Fe-lim), and co-limited (Co-lim). The color of the line
correlates to the mean normalized tag count. A star marks a gene (NCBI: 7451632) in Cluster 14
that is not on the scale of expression for P-limited (1104.7 TPM) and co-limited (-1664.9 TPM)
treatments.
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Figure 2-2: Average deviation from the mean level of expression for all genes found with literaturebased searches, 𝑘-means clustering, and ASC analysis of 1.25 fold change. The average change in
tag count from the mean expression (TPM) for all the genes identified through literature-based
searches for genes homologous to known reference genes from the literature (𝑛 = 101), 𝑘-means
clustering from Cluster 9 (𝑛 = 243) and Cluster 14 (n = 466), and ASC analysis identifying genes
demonstrating a 1.25 fold change with a post-𝑝 < 0.1 (𝑛 = 179). The mean standard deviations
for the four cases are as follows: Literature (92.62 TPM), Cluster 9 (41.66 TPM), Cluster 14 (43.12
TPM), and ASC (14.24 TPM). The mean TPM is plotted for the four treatments: Replete (Rep),
P-limited (P-lim), Fe-limited (Fe-lim), and co-limited (Co-lim).

and from Chlorella variablis (NCBI: EFN56803.1; 24% identity; e-value, 7e-11).
The 1.25 fold change bin was used for the identification of candidate reference genes
as it offered a larger selection than the 1.10 fold change bin without including genes with
increased deviations from the mean, as was the case with the 1.50 fold change bin. Thus,
the 1.25 fold change category was the focus of the rest of the analyses (Data Sheet 2-3).
Genes in the 1.25 fold change bin showed a broad range of mean normalized tag counts
ranging from 7 to over 1200 TPM with a median of 41.94 TPM, providing for the selection
of genes with different levels of constitutive expression in the cell (Figure 2-1). Notably, the
median of the average tag counts of the genes in the ASC 1.25 fold change bin was 41.94
TPM, which is much higher than that of both Cluster 9 and Cluster 14 with median values
of 14.18 TPM and 21.93 TPM, respectively.
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Table 2-1: Gene counts for the fold change bins of 1.50, 1.25, and 1.10 across posterior probability cutoffs ranging from 0.01 to 0.20.
Fold change
Posterior
probability
post-𝑝 < 0.2
post-𝑝 < 0.1
post-𝑝 < 0.05
post-𝑝 < 0.01

Number
of genes
1649
1375
1127
801

1.50
Min.
TPM
2.11
2.22
2.83
5.69

Max.
TPM
1802.38
1802.38
1802.38
1802.38

Number
of genes
312
179
122
62

1.25
Min.
TPM
2.83
7.06
20
20

Max.
TPM
1281.15
1281.15
1281.15
1281.15

Number
of genes
8
2
1
0

1.10
Min.
TPM
20
51.81
105.73
NA

Max.
TPM
176.63
105.73
105.73
NA

38

Underlying differences in the magnitude and pattern of expression variation across treatments were identified by examining the average tag count change for each reference gene
detection method (Figure 2-2). If all genes in a group were perfectly constitutively expressed,
the average change in tag count relative to the mean observed would be 0 TPM (e.g. the
TPM values across all treatments for each of the genes within a group were the same). The
average variation from the mean observed in the literature (ranging from -25.34 to 23.84
TPM) highlighted the differential expression across treatments. The average change in tag
count relative to the mean in both Cluster 9 (ranging from -16.56 to 8.47) and Cluster
14 (ranging from -18.72 to 11.11 TPM) clearly demonstrated patterns of regulation across
treatments (e.g. the upregulation under P-limitation and downregulation under co-limited
observed in Cluster 14). In contrast, the average change in tag count relative to the mean
observed in the genes identified through ASC (1.25 fold change with post-𝑝 < 0.1), which
showed a low magnitude of variation (ranging from -1.732 to 1.613 TPM) and a small mean
standard deviation across the four treatments (14.24 TPM). Ultimately, the expression patterns of the majority of the genes identified through literature-based searches and 𝑘-means
clustering were more variable across the T. pseudonana test treatments, than those genes
identified with ASC.
A comparison of the three techniques: literature-based searches, 𝑘-means cluster selection, and ASC cutoff at 1.25 fold change revealed comparatively few genes in common
between the techniques (Figure 2-3). Of the 709 genes identified through 𝑘-means clustering
and the 179 genes found through ASC analysis (genes which pass the 1.25 fold change cutoff
for post-𝑝 < 0.1), 21 genes are shared (Figure 2-3), of which six lacked GO annotations or
KOG definitions (Data Sheet 2-2). Between the genes identified through literature and ASC
analysis, six genes were held in common; these genes were representative of the general gene
classifications: actin (NCBI: 7449411), cyclophilin (NCBI: 7445376), and ubiquitin ligases
(NCBI: 7448637, 7450639, 7446724, and 7451971). Only two genes (NCBI: 7448637 and
7446724) were found in common amongst all three methods of reference gene selection, both
of which were annotated as putative ubiquitin ligases (Data Sheet 2-1).

2.5

Discussion

Prior to the availability of high-throughput molecular datasets, reference genes for non-model
organisms were selected based on literature reports of stably expressed genes in model organisms. With non-model organisms such as eukaryotic phytoplankton this task is particularly
difficult, as stably expressed genes are not readily apparent in the relatively limited molecular literature specific to these organisms. Often the selection of a reference gene relies on
information from distantly related organisms under dissimilar conditions, leading to extensive validation work (McDonald et al., 2010; Whitney et al., 2011). Herein, we compared the
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Figure 2-3: Comparison of possible reference genes found with literature-based searches, 𝑘-means
clustering, and ASC analysis of 1.25 fold change. Venn diagram analysis was used to compare
genes identified as candidate reference genes through literature-based homolog searches (totaling
101 genes), with the 𝑘-means clustering method (genes in Cluster 9 and 14, totaling 709 genes), and
with quantitative exclusion by ASC (based on genes demonstrating a 1.25 fold change with a post𝑝 < 0.1, totaling 179 genes). The number of genes in each region is reported. The intersection of all
ASC and literature-based searches yielded six total genes representing three different gene families:
actin (NCBI: 7449411), cyclophilin (NCBI: 7445376), and ubiquitin ligase (NCBI: 7448637, 7450639,
7446724, and 7451971).

efficacy of reference gene selection based on the literature as compared to verifiable selection
through 𝑘-means clustering and ASC analysis of high-throughput transcriptome data in T.
pseudonana across four nutrient treatments (replete, P-limited, Fe-limited, and co-limited).
These treatments are of environmental relevance as both P and Fe are major drivers of
diatom physiological ecology and consequently carbon fixation (Moore et al., 2004). Additionally, P and Fe often occur concurrently at very low concentrations in marine systems
and have been found to be independently co-limited, or mutually exclusive biochemically
(Saito et al., 2008).
Our literature-based search of relative gene expression studies from 12 algae and plants
yielded 18 general reference gene categories, for which 101 homologs in the T. pseudonana
genome were identified (Data Sheet 2-1). While some of these genes demonstrated stable
expression (e.g. actin, cyclophilin, and ubiquitin conjugating enzymes), the vast majority
displayed some form of differential expression in the treatments examined herein. Furthermore, there was considerable heterogeneity of expression among the different gene copies
of actin, cyclophilin, and ubiquitin conjugating enzymes, demonstrating that not all genes
within a gene family are stably expressed. These data underscore that a literature-based
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selection of reference genes necessitates validation across all treatments of interest (Vandesompele et al., 2002; Pfaffl et al., 2004).
Differential expression patterns in high-throughput datasets are often analyzed with clustering methods, such as hierarchical or 𝑘-means clustering (D’haeseleer, 2005). Rather than
using a clustering method for the identification of differential expression patterns, here it
is applied to identify constitutively expressed genes. The 𝑘-means clustering algorithm was
chosen as it is a top-down or partition-based approach to gene clustering that is not hierarchical and requires few assumptions about the data (Hartigan and Wong, 1979). Several
of the 709 putative reference genes identified by 𝑘-means analysis (from Clusters 9 and 14)
were clearly differentially regulated, with large deviations from the mean expression level.
The presence of outliers is to be expected using the 𝑘-means method, for it is a patternbased method and all genes must be placed into one of the partitioned 𝑘 = 15 clusters.
Thus, optimal placement of a gene is not always guaranteed. As with a finite number of
clusters, the assignment of a gene is often forced. For example, even genes in Cluster 9
and 14 were subject to strong patterns of regulation, with both clusters demonstrating large
average changes in tag count relative to the mean tag count. Arguably, it is better to select
a reference gene from a pool of genes that do not share the same pattern of regulation.
Therefore, genes uncovered via 𝑘-means clustering must be manually surveyed to exclude
genes with large deviation prior to the selection of a candidate reference gene.
In lieu of clustering approaches, other studies have used statistical parsing of ESTs in
tomato plants (Coker and Davies, 2003) and Affymetrix whole-genome GeneChip data from
A. thaliana (Czechowski et al., 2005) and humans (de Jonge et al., 2007) to identify reference
genes that have small deviations from the mean of replicated treatments. In contrast to these
and other statistical methodologies typically applied to high-throughput sequence data with
replication, the Bayesian approach to gene expression analysis, ASC, allowed for selection of
candidate genes based on a statistical cutoff rather than cardinality. Though typically used
for the identification of differentially expressed genes, the function of ASC was reversed in
this study by lowering the post-𝑝 cutoff. Genes for which post-𝑝 < 0.1 for a specified fold
change were targeted, meaning that genes that were unlikely to have made that fold change
were selected. The 1.25 fold change bin yielded the most options for candidate reference
genes without sacrificing stability of expression (as was seen in the 1.50 fold change bin).
ASC provides a method of identifying reference genes with expression levels similar to
those of target genes. For example, the mean normalized tag counts of genes identified using
ASC were broad (from 7 to over 1200 TPM), providing the opportunity for reference gene
expression to be generally matched with target gene expression. Current studies frequently
employ reference genes for endogenous control that have very high levels of expression across
all treatments, such as ACT1 (NCBI: 7449411) in T. pseudonana (which has a mean expression value of 1024.1 TPM in this data set), yet these highly expressed genes might not
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be optimal for studies of genes with low levels of expression or when multiplexing targets in
probe-based RT-qPCR analysis.
High-throughput transcript datasets also allow the selection of reference genes to move
beyond the confines of gene annotation and previously identified reference genes. In fact,
the two genes with the most stable expression in the 1.10 fold change bin are hypothetical,
with no clear annotation. Of the 179 genes that passed the 1.25 fold change cutoff with
ASC, 44 lacked both GO and KOG annotations. A large percentage of the 11,390 genes in
the T. pseudonana genome are annotated as hypothetical proteins (Armbrust et al., 2004;
Mock et al., 2008), and here we show a number of them are stably expressed across the
target conditions. This has been seen with model organisms, where a good majority of
constitutively expressed genes fall outside the bounds of preconceived “housekeeping” genes
(Czechowski et al., 2005; de Jonge et al., 2007). By using a Bayesian approach such as ASC,
hypothetical proteins can be chosen as reference genes.
Comparison of the putative reference genes recovered using ASC to previous studies
served to cross-validate the ASC approach. Actin (ACT1, NCBI: 7449411) has been validated in the literature as a suitable reference gene for relative expression studies of T.
pseudonana under Fe-limitation (Whitney et al., 2011), a treatment considered in this study,
and was one of the 179 genes passing the ASC 1.25 fold change cutoff. Additionally, only
five of the 179 genes with stable expression found with ASC were identified as differentially
expressed in a study of T. pseudonana under additional treatments to those described here
(e.g. nitrogen limitation, silica limitation, etc.) (Mock et al., 2008) (Data Sheet 2-4). Of
the five, only one gene (NCBI: 7451974) was identified as differentially expressed under
Fe-limitation, a condition examined in this study. Taken together, this validates the genes
identified with ASC using alternative data and methods, and suggests that the ASC-detected
genes are globally stable across many different conditions for T. pseudonana. However, one
of the two genes identified in the 1.10 fold change bin (NCBI: 7446346) was identified as
significantly down-regulated under nitrogen limitation by Mock et al. (2008). This highlights the importance of validating genes across all treatments of interest prior to their use
as reference genes.
Notably, the 𝑘-means and ASC dataset revealed only 21 genes in common. The 179
genes found through ASC were, in fact, distributed fairly evenly across all of the 15 clusters.
The lack of intersection observed between the two datasets is likely related to the parsing
ability inherent in 𝑘-means clustering. The 𝑘-means approach is highly driven by patterns
of differential regulation, but does not consider the significance of that regulation (e.g.
genes that are not significantly upregulated are placed in a cluster with genes that are
significantly upregulated). Thus, the stably expressed genes that were identified by ASC,
though not displaying major patterns of regulation, were clustered based on minor patterns
in variation of gene expression. Therefore, while 𝑘-means clustering provides a global view

42

of commonalities in gene expression patterns, ASC is more robust at identifying reference
genes.
Eight genes were common between the ASC and literature-based searches, which were
distributed across three general gene classes: actin (NCBI: 7449411), cyclophilin (NCBI:
7445376), and ubiquitin ligases (NCBI: 7448637, 7450639, 7446724, and 7451971). For
those interested in identifying suitable reference genes for studies in T. pseudonana but
lack transcriptome datasets across the treatments of interest, these eight genes may serve
as good tentative reference genes as they are verified in this study and have been identified as stable in many other organisms under many conditions. In particular, ubiquitin
ligases/conjugating enzymes have been used as reference genes in several studies involving
other algae, namely, Aureococcus anophagefferens, Phaeodactylum tricornutum, and Prorocentrum minimum (Siaut et al., 2007; McGinn and Morel, 2008a; Guo and Ki, 2012; Wurch
et al., 2011a; Berg et al., 2008), and with further analysis may represent particularly good
reference genes in the phytoplankton.
Sequence-based transcriptome profiling has become an increasingly useful method for
gene discovery and differential expression analysis. Yet, RT-qPCR is still valuable for the
examination of detailed trends in expression in both culture and field studies. Here we
show that the application of ASC and, to a lesser extent, 𝑘-means clustering can be used
to successfully screen transcriptome data for potential reference genes. The isolation of
candidate reference genes using ASC with the 1.25 fold change cutoff for post-𝑝 < 0.1
was more robust and stringent at excluding differentially expressed genes than both the
literature-based searches and 𝑘-means clustering. Based on these data for T. pseudonana, it
was shown that ACT 1 and ubiquitin ligase may be useful reference genes. Yet, in addition
to these common reference genes, the data demonstrate that there are many more stably
expressed genes (both annotated and hypothetical) to choose from for expression studies in
this and potentially other diatoms. Notably, this survey focused only on variation in P and Fe
supply, so these genes may not transfer to studies of other nutritional drivers or other physical
forces, such as light intensity or temperature. As more transcriptome data are generated
for phytoplankton, ASC can be employed without sequence replicates, to identify reference
genes for other phytoplankton under various conditions. Additionally, the suite of genes
identified through these analyses might allow for better multi-gene normalization analysis
that would provide for the detection of smaller fold changes with certainty (Vandesompele
et al., 2002; Czechowski et al., 2005).
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Chapter 3

Metatranscriptome analyses indicate resource
partitioning between diatoms in the field

This chapter was originally published as Alexander, H., Jenkins, B.D., Rynearson, T.A., and Dyhrman,
S.T. (2015). Metatranscriptome analyses indicate resource partitioning between diatoms in the field. Proc.
Natl. Acad. Sci. U. S. A. 112:17, E2182-E2190.
H.A., B.D.J., T.A.R., and S.T.D. designed research; H.A., B.D.J., T.A.R., and S.T.D. performed research; H.A. contributed new reagents/analytic tools; H.A. analyzed data; and H.A., B.D.J., T.A.R., and
S.T.D. wrote the paper.
The supplemental figures, tables, and data sheets for this chapter can be found in Appendix B.
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3.1

Abstract

Diverse communities of marine phytoplankton carry out half of global primary production.
The vast diversity of the phytoplankton has long perplexed ecologists, as these organisms
coexist in an isotropic environment while competing for the same basic resources (e.g. inorganic nutrients). Differential niche partitioning of resources is one hypothesis to explain this
“paradox of the plankton,” but it is difficult to quantify and track variation in phytoplankton
metabolism in situ. Here we use quantitative metatranscriptome analyses to examine pathways of nitrogen (N) and phosphorus (P) metabolism in diatoms that co-occur regularly in
an estuary on the east coast of the US (Narragansett Bay). Expression of known N and P
metabolic pathways varied between the two diatom species, indicating apparent differences
in resource utilization capacity that may prevent direct competition. Nutrient amendment
incubations skewed N:P ratios, elucidating nutrient responsive patterns of expression, and
facilitating a quantitative comparison between diatoms. The resource-responsive (RR) gene
sets deviated in composition from the metabolic profile of the organism, being enriched in
genes associated with N and P metabolism. Expression of the RR gene set varied over time
and differed significantly between diatoms, resulting in opposite transcriptional responses
to the same environment. Apparent differences in metabolic capacity and the expression
of that capacity in the environment suggest that diatom-specific resource partitioning was
occurring in Narragansett Bay. This high-resolution approach highlights the molecular underpinnings of diatom resource utilization and how co-occurring diatoms adjust their cellular
physiology to partition their niche space.

3.2

Introduction

The stability and primary productivity of ecosystems has long been linked to the diversity of
primary producers (Elton, 1958; Cardinale et al., 2012). This is well documented in terrestrial systems (Naeem et al., 1994; Tilman et al., 2001; Cadotte, 2013; Balvanera et al., 2006;
Tilman et al., 1996) and is increasingly being established for marine systems (Behl et al.,
2011; Striebel et al., 2009; Steiner et al., 2005; Ptacnik et al., 2008). Marine phytoplankton
generate roughly half of global primary production (Nielsen, 1960; Strickland, 1965; Field
et al., 1998) and play a critical role in oceanic ecosystem structure and function. Within
the phytoplankton, the diatoms generate an estimated 40% of marine primary production
(Nelson et al., 1995). Thus diatoms alone exert profound influence over marine primary
production and global carbon (C) cycling, particularly in coastal margins and estuaries.
Phytoplankton are extremely diverse, with over 5,000 described species (Sournia et al.,
1991; Tett and Barton, 1995; Mann and Droop, 1996). This dramatic level of taxonomic
diversity in the plankton is difficult to resolve with the apparently limited number of niches
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in the pelagic habitat, as these organisms compete for the same two basic resources: light and
nutrients. As was highlighted by Hutchinson (1961), the phytoplankton violate Gause’s law
of competitive exclusion, which posits that two organisms competing for the same resources
cannot coexist. Much thought has gone towards identifying the cause of the “paradox of
the plankton” and include explanations such as “contemporaneous disequilibrium” of patchy
phytoplankton distributions (Richerson et al., 1970), life history differences (Huisman et al.,
2001), species oscillations (Huisman and Weissing, 1999), environmental fluctuation (Roy
and Chattopadhyay, 2007), intra-specific variation (Menden-Deuer and Rowlett, 2014), and
differential niche partitioning (Connel and Connell, 1980). Of these potential factors, one of
the most difficult to directly observe in the plankton is niche partitioning. Different species
may have unique strategies that allow them to specialize on certain resources or nutrient
forms, and species may have different responses to resource shifts that allow them to avoid
competition. Such specialization in eco-evolutionary strategy may underlie the “winnerloser” dynamics observed in productive estuaries and coastal systems, yet resolving patterns
of species-specific resource metabolism in the field remains a central challenge.
It is accepted that the macronutrients N and P are central to the structuring of phytoplankton communities across large spatial and temporal scales (Margalef, 1963; Follows
et al., 2007; Johnson et al., 2006), and that phytoplankton compete for nutrients in the
natural environment (Sommer, 1983, 1985). Studies focused on nutrient geochemistry, and
phytoplankton quotas or uptake have emphasized the importance of nutrients to community dynamics, but these do not generally examine resource partitioning between individual species (Hutchins et al., 1999; Zubkov et al., 2003). Transcriptional studies provide
species-specific resolution, but few studies have examined the global expression of nutrient metabolism pathways in the field (Marchetti et al., 2012) or in organisms lacking a
fully sequenced genome (Frischkorn et al., 2014; Moustafa et al., 2010), and as a result, the
mechanistic underpinnings of phytoplankton resource metabolism in situ are not well understood. In situ global gene expression analyses (metatranscriptome profiling) are a means for
elucidating a species’ metabolic capacity and examining patterns in resource utilization potential through time by tracking the expression of species’ resource-responsive genes. When
simultaneously applied to multiple species in a sample, this can resolve differences in the
expressed gene compliment and how it is modulated, which may reflect resource partitioning
of phytoplankton niche space (Gifford et al., 2013). For example, this approach has uncovered species-specific expression of genes for the transport of organic compounds (Poretsky
et al., 2010; Rinta-Kanto et al., 2012; Gifford et al., 2011), highlighting potential differences
in resource partitioning. Although increasingly critical for identifying resource utilization in
the bacterioplankton, metatranscriptome profiling has only recently been used to examine
resource utilization in coastal eukaryotic phytoplankton populations (Dupont et al., 2015),
largely due to challenges in quantifying a transcriptional response in a mixed population and
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until recently, the lack of reference genomes and transcriptomes for determining the origin of
the transcriptional response. Co-occurring phytoplankton may possess different metabolic
capabilities and responses to resource availability, which may then enable resource partitioning and the segregation of the fundamental niche or the realized niche. Knowledge of
if and how these organisms modulate their niche space would allow predictive models to
better resolve species distribution and ecosystem structure and function in the future ocean
(Follows et al., 2007).
Herein we examined pathways of resource metabolism between two co-occurring diatoms
from the genera Thalassiosira and Skeletonema, sampled from a time-series site in Narragansett Bay. Narragansett Bay is a highly productive and dynamic estuarine environment
on the east coast of the United States with an estimated bay-wide average net production
of 269 𝑔𝐶 𝑚−2 𝑦𝑟−1 (Oviatt et al., 1981). Quantitative metatranscriptomic techniques were
developed and used to: 1) assign taxonomic designation, 2) assess and track changes in
known metabolic capacity through quantitative molecular fingerprinting (QMF), 3) statistically identify the resource responsive gene set, and 4) proportionalize the expression of
resource-responsive genes to track species-specific responses through time, using standardized transcriptional differentiation scores (𝑆𝑇 𝐷). This multifaceted computational approach
enabled the unprecedented resolution of the unique strategies these two diatoms use for resource acquisition.

3.3
3.3.1

Materials and Methods
Experimental set up and sample collection

Surface seawater was collected and sampled for total community RNA at the long-term
sampling site in Narragansett Bay, RI (Station II, 41∘ 34′ 07′′ N, 71∘ 23′ 31′′ W) during 2012
(16 May, 21 May, 30 May, 4 June, and 8 June, here called S1 through S5) in conjunction with
the weekly time-series sampling effort. To diminish the influence of diel signals, samples were
collected and processed between 0830 and 0900 local time. Near surface water was collected
in an acid-washed carboy and then filtered onto polycarbonate filters (5.0 𝜇m pore size,
47𝑚𝑚) using a peristaltic pump. Filters were then placed in cryovials and stored in liquid
nitrogen until RNA extraction. In this manner all samples were preserved within 15 minutes
of collection. In addition to sampling for total community RNA, phytoplankton abundance
was measured as part of the long-term weekly survey (Furnas, 1983, 1982).
A nutrient amendment incubation experiment was performed on 30 May 2012, with
S3 representing the t = 0 of the experiment. Water collected in conjunction with S3 was
pre-filtered through 200𝜇𝑚 mesh to remove large zooplankton grazers and placed into acid
washed 2.5-L bottles. Triplicate bottles were then amended with nutrients to create five
treatments: +N, +P, -N, -P, and ambient control. The +N and +P treatments were designed
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to eliminate the N and P stress signals, respectively, while the -N and -P treatments were
supplemented with everything except the nutrient in question (e.g. the -N treatment was
amended with P, Si, Fe, and vitamins), to force the draw down of N and P, respectively
(Table B-2). N and P amendment concentrations were selected to be approximately 10x the
seasonal average ambient N and P concentrations in the surface waters of Narragansett Bay
measured at Station II. Silica, Fe, and f/5 vitamin amendments were made in proportion to
the f/5 media ratios (Guillard, 1975). Bottles were placed in a flow-through incubator at
ambient temperatures and PAR to mimic the collection depth. The incubation was run for
48 hours, at which point all treatments were sampled for total community RNA as described
above by filtering and snap- freezing 2𝐿 of biomass from each replicate bottle.

3.3.2

RNA extraction and sequencing

Filters from triplicate bottles, representing approximately 6𝐿 of water, were pooled by treatment and extracted for each of the in situ and incubation experiment samples. RNA was
extracted from individual filters with the RNAeasy Mini Kit (Qiagen), following a modified
version of the yeast protocol. Briefly, lysis buffer and RNA-clean zircon beads were added
to the filter and samples were vortexed for 1 minute, placed on ice for 30 seconds, and then
vortexed again for 1 minute. Samples were then processed following the yeast protocol. The
resulting RNA was eluted in water and then treated for possible DNA contamination using
TURBO DNA-free Kit (Ambion) following the Rigorous Dnase protocol. RNA from each
triplicate was then pooled by sample or treatment, using the RNA Cleanup Protocol from
the RNAeasy Mini Kit (Qiagen). The total RNA ( > 1000 ng for each sample) was then
enriched for eukaryotic mRNA through a poly-A pull down onto oligo-dT beads. The resulting enriched RNA sample then went through library preparation with the Illumina TruSeq
RNA Prep Kit (Illumina). Libraries were sequenced at the Columbia University Genome
Center (New York, New York) with an Illumina HiSeq2000. Each sample was sequenced
to produce ∼ 60 million, 100 base pair, paired end reads (Table B-1). Raw sequence data
quality was visualized using FastQC (Andrews, 2010) and then cleaned and trimmed using
Trimmomatic v 0.27 (paired end mode; 6-base pair wide sliding window for quality below
20; minimum length 25 base pair) (Lohse et al., 2012). Environmental sequence reads are
available at the NCBI under accession number SRP055134.

3.3.3

Transcriptome and genome mapping

To assign taxonomic identification to the reads a database was created from transcriptomes
made publicly available as of 17 March 2014 through the Marine Microbial Eukaryote Transcriptome Sequencing Project (MMETSP). In total, 401 transcriptomes from 209 species
or cultured isolates were collected. Like-species transcriptomes were combined (regardless
of strain or condition) using CD-HIT-EST (98% identity; word size of 9). The resulting
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clustered set of transcripts was considered to be the representative transcriptome for the
species or cultured isolate. The 209 transcriptomes created in this manner were concatenated to form a comprehensive species-level transcriptome database from the MMETSP
library. Due to the large size of the resulting MMETSP database, trimmed reads were
mapped to the MMETSP using the Burrows-Wheeler Aligner (BWA) (Li and Durbin, 2010)
and then counted using the HTSeq 0.6.1 package (Anders et al., 2014).
Transcriptomes from two ecologically relevant diatom species in Narragansett Bay were
selected: Skeletonema costatum RCC1716 (MMETSP0013, accessed from the publicly available transcriptome databases, Moore Foundation Marine Microbiology Initiative-supported
Marine Microbial Eukaryote Transcriptome Sequencing Project, National Center for Genome
Resources) and Thalassiosira rotula CCMP3096 (a custom assembly available at EBI, accession number Hx2000045970). These transcriptomes were individually clustered using
CD-HIT-EST (parameters: -c 0.98, -n 9) (Li and Godzik, 2006). The resulting clustered set
of transcripts was then concatenated to form a reference transcriptome database. Trimmed
reads from the field and incubation samples were mapped to this transcriptome database using Bowtie2 v 2.2.1 (parameters: -a -sensitive) (Langmead and Salzberg, 2012). As a point
of comparison, reads were also mapped using Bowtie2 v2.2.1 under the same parameters
to the genome of the model centric diatom species, Thalassiosira pseudonana CCMP1335
(v3.0), an organism not known to be abundant in Narragansett Bay. Mapped reads were
then counted by transcript using the HTSeq 0.6.1 python package (parameters: -m union -s
no) (Anders et al., 2014). Reads aligning to more than one full transcript were not counted.
KEGG pathways were assigned to the assembled sequences using the online KEGG Automatic Annotation Server (KAAS), using the bi-directional best-hit (BBH) method to obtain
KEGG Orthology annotations. In this study, only genes with a normalized count (NC) (raw
count / total number of genes mapped to an organism) of at least 2 tags per million (𝑇 𝑃 𝑀 )
in at least one of the field or incubation samples were included, thus limiting the sample set
to 4318 genes for T. rotula (19.3% of the transcriptome) and 20921 genes for Skeletonema
spp. (75.6% of the transcriptome). This difference in coverage is directly related to their
relative abundance in the population.

3.3.4

Transcriptome clustering

To assess relatedness of genes within Skeletonema spp. and T. rotula, the transcriptomes
were translated using ORF Predictor using a reference BLASTx alignment against the NCBI
database with an 1e-5 cutoff (Min et al., 2005). These translated peptide sequences were
then combined with the translated proteins from the diatom genomes Fragilariopsis cylindrus
CCMP1102 v1.0, Phaeodactylm tricornutum CCMP632 v2.0, Pseudo-nitzschia multiseries
CLN-47 v1.0, and Thalassiosira pseudonana CCMP1335 v3.0, which were collected from
the Joint Genome Institute JGI database. A protein similarity network was then created
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using EGN, a software program that automates the reconstruction of gene networks from
protein sequences through reciprocal BLASTp analysis (e-value <1e-5, hit identity threshold:
20%, best-reciprocal threshold of best e-value: 5%, minimal match coverage threshold: 90%)
(Halary et al., 2013, 2010). Networks were then visualized and manipulated using Cytoscape
3.0, where the layout of the network was produced using an edge-weighted spring-embedded
model based on e-value, meaning that genes that are closer together are more similar (Smoot
et al., 2011; Saito et al., 2012). Known RR genes from previous transcriptome studies of
the diatom species, T. pseudonana, were selected for analysis: 1) the P-responsive gene,
Thaps_24435, a NPT (Dyhrman et al., 2012) and 2) the N-responsive gene, Thaps_25299,
an assimilatory nitrate reductase (Bender et al., 2014).

3.3.5

Identification of stable and nutrient-responsive genes

Intercomparison of nutrient-incubation experiments enabled the identification of both nutrientresponsive genes and stably expressed reference genes for T. rotula and Skeletonema spp..
For each organism, RR genes were identified by comparing the counts for that organism in
+N to the -N incubation and the +P to the -P incubation, respectively, using Analysis of
Sequence Counts (ASC), an empirical Bayes method, which estimates the prior distribution
from the data, itself (Wu et al., 2010). ASC analyses were run using raw count data from
each species separately. Genes were considered to be differentially regulated between treatments if for a fold change of 2.0 the posterior probability (post-𝑝) was greater than 0.95
(Dyhrman et al., 2012). After surveying the output of several different post-𝑝 cutoffs, stable
genes were identified using ASC as described by Alexander et al. (2012) through pairwise
comparisons of each of the incubation treatments (fold change of 1.25, post-𝑝 < 0.1).

3.3.6

Normalization of metatranscriptome data

Counts from the field were first normalized to the sequences belonging to the species in the
library (Equation (3.1)). For a particular species, 𝑐, the number of reads mapping to a gene
𝑔, 𝑐𝑖,𝑔 , was normalized to the sum of all the counts across all genes for that organism yielding
the normalized count, 𝑁 𝐶𝑖,𝑔 , similar to normalization techniques used for metatranscriptome
data (Marchetti et al., 2012; Ottesen et al., 2011).
𝑐𝑖,𝑔
𝑁 𝐶𝑖,𝑔 = ∑︀
𝑐𝑖,𝑔

(3.1)

𝑔𝜖𝐺

From hence forth, only genes for which 𝑁 𝐶 > 2𝑇 𝑃 𝑀 in at least one sample (incubation
or field) were considered. To facilitate interspecies comparisons, the NC was normalized to
the geometric mean of the set of stable reference genes, 𝑅, yielding a stable gene normalized
count (𝑆𝐺𝑁 𝐶). The calculation of 𝑆𝐺𝑁 𝐶 (Equation (3.2)) for transcriptome data, while a
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novel application to metatranscriptome analysis, was designed to emulate the normalization
used in qRT-PCR studies (Vandesompele et al., 2002). The normalization of 𝑇 𝑃 𝑀 values
measured in the field to stable gene expression did not change the patterns of expression
observed across samples Figure B-8.
𝑆𝐺𝑁 𝐶𝑖,𝑔 = (︃

𝑅
∏︀

𝑁 𝐶𝑖,𝑔
)︃1/𝑅

(3.2)

𝑁 𝐶𝑖,𝑔

The nutrient responsive genes identified as differentially expressed in the nutrient incubations (Table B-2) were then selected for investigation in the field metatranscriptomes
(S1 through S5). The 𝑆𝐺𝑁 𝐶 from the field for these nutrient-related genes were bounded
by the 𝑆𝐺𝑁 𝐶 from like nutrient incubations to calculate the standardized transcriptional
differentiation score for N (𝑆𝑇 𝐷𝑁 ) (Equation (3.3)) and P (𝑆𝑇 𝐷𝑃 ) (Equation (3.4)).
𝑆𝑇 𝐷𝑁 =

𝑆𝐺𝑁 𝐶𝑓 𝑖𝑒𝑙𝑑 − 𝑆𝐺𝑁 𝐶+𝑁
𝑆𝐺𝑁 𝐶−𝑁 − 𝑆𝐺𝑁 𝐶+𝑁

(3.3)

𝑆𝑇 𝐷𝑁 =

𝑆𝐺𝑁 𝐶𝑓 𝑖𝑒𝑙𝑑 − 𝑆𝐺𝑁 𝐶+𝑃
𝑆𝐺𝑁 𝐶−𝑃 − 𝑆𝐺𝑁 𝐶+𝑃

(3.4)

For example, in calculating 𝑆𝑇 𝐷𝑁 , the 𝑆𝐺𝑁 𝐶𝑓 𝑖𝑒𝑙𝑑 is put in the range of the 𝑆𝐺𝑁 𝐶+𝑁
and 𝑆𝐺𝑁 𝐶−𝑁 . By consequence, if the 𝑆𝑇 𝐷𝑁 for a gene in the field equals zero it is more
similar in expression to the +N treatment and if it equals one it is more similar in expression
to the -N treatment.

3.4
3.4.1

Results and Discussion
Samples and sequencing

Narragansett Bay has seasonal blooms of diatoms which have been monitored through weekly
cell counts for over 50 years at a long-term time series station (Borkman and Smayda, 2009;
Li and Smayda, 1998). Five eukaryotic surface metatranscriptome samples were taken from
surface seawater collected during May and June of 2012 at the time-series site yielding
over 358 million 100 base pair, paired end cDNA reads from the field (S1-5) (Table B-1). In
conjunction with these field-based surveys, a nutrient amendment incubation experiment was
performed with natural communities on 30 May 2012 (S3) to drive the community towards
opposite extremes in the nitrogen (N): phosphorus (P) ratio (Redfield ratio) (Table B2). Eukaryotic metatranscriptomes from the five incubation treatments produced over 264
million 100 base pair, paired end cDNA reads (Table B-1).
To assign taxonomic designation, sequences from the time series were conservatively
mapped (such that if a read mapped to more than one gene it was discarded) to a sequence
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library containing all assembled sequences and annotations generated through the Marine
Microbial Eukaryotic Transcriptome Sequencing Project (MMETSP) (Keeling et al., 2014)
which were public as of 17 March 2014. The custom sequence library contained 401 transcriptomes across 209 species or cultured isolates. Between 62 to 71% of reads from the
in situ samples mapped to the MMETSP database with diatoms dominating the libraries,
representing 30 to 46% of the total mapped reads (Figure 3-1). The peak in diatom representation coincided with a bloom of Skeletonema spp. detected in time-series cell counts
(Figure B-1), and a period of historical overlap between the Skeletonema and Thalassiosira
genera. Skeletonema and Thalassiosira were well represented during the time period studied in both mapped RNA (Figure 3-1) and cell counts (Figure B-1). T. rotula was present
but at low abundance during the time-series, while Skeletonema spp. was abundant, with
sampling spanning a bloom of Skeletonema (>10,000,000 cells L−1 ), with peak cell densities
in S2 (21 May 2012) (Figure B-1). As such, subsequent analyses were focused on these two
groups by remapping the data to representative transcriptomes: T. rotula and S. costatum
(Table B-1). S. costatum was chosen as it was the transcriptome from the genus Skeletonema that recruited the most hits in the MMETSP database. Because Skeletonema is
known to include morphologically cryptic species that can only be identified by scanning
electron microscopy (Sarno et al., 2005; Zingone et al., 2005; Smayda, 2011), it is referred
to here as Skeletonema spp. for clarity. Up to 17.5 and 54.9% of reads from a single sample
mapped to T. rotula and S. costatum, respectively. As a point of comparison, reads were
also mapped to the genome of a second Thalassiosirid, T. pseudonana, a diatom that is not
known to be abundant in Narragansett Bay (Table B-1). Though displaying high identity
with the 18S rDNA to T. rotula and S. costatum (96% and 93% identity, respectively), less
than 1% of the metatranscriptome reads mapped T. pseudonana (Table B-1), highlighting
the specificity of the approach.

3.4.2

Temporal plasticity in expressed metabolic capacity

Metatranscriptome short reads were mapped to transcriptomes that had been annotated
with Kyoto Encyclopedia of Genes and Genomes (KEGG) orthology (KO) (Data Sheet
3-1), allowing the expression of KO gene families within a KEGG module (higher-level
groupings of KO gene families into pathway or functional classifications) to be examined
over time. Normalizing the expression of KEGG modules to the total KEGG annotated
reads for each organism across time yielded the Quantitative Metabolic Fingerprint (QMF),
which highlighted differences between the two species and differences across time for each
species (Figure 3-2). A comparison of the total number of annotated genes falling into each
of the KEGG modules revealed a close to one-to-one linear relationship (slope of 1.0948,
𝑅2 = 0.9123) (Figure B-2), indicating that the observed differences are not an artifact of gene
distribution between organisms. The QMFs of the two organisms were distinct and there
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Figure 3-1: Taxonomic classification of RNA-seq paired end reads across the five field samples.
Classification was determined by mapping to a database comprised of all publicly available transcriptomes through the Marine Microbial Eukaryotic Transcriptome Project (MMETSP) as of March 17,
2014.

were significant shifts in the QMF of each species over time reflecting considerable plasticity
in the expressed metabolic capacity (Figure B-3). Central carbohydrate metabolism, carbon
fixation, and other carbohydrate metabolism were some of the most highly expressed KEGG
modules in the field for both Skeletonema spp. and T. rotula, though higher for Skeletonema
spp., where expression of these pathways peaked during S4 representing over 84% of mapped
KEGG reads (Figure 3-2). The largest global shift in KEGG module expression was seen
in Skeletonema spp. on S2 (Figure B-3), when its density peaked at 11,520,000 cells L−1 .
The S2 time point for Skeletonema spp. had increased QMF signals in ATP synthesis,
proteasome, and ubiquitin systems and decreased QMF signals in photosynthesis and carbon
metabolism relative to other time points. For example, reads mapping in photosynthesis
dropped by over an order of magnitude from 0.3-2.2% of annotated transcripts in S1, S35 to 0.03% during S2 (Figure 3-2). The temporal plasticity of transcript allocation to
different aspects of metabolism for both species was striking and likely reflects the dynamic
environment which they inhabit: an estuary, where the geochemistry is highly variable
(Nixon et al., 1995).
Temporal plasticity in the KEGG module expression patterns, including a shift away
from the expression of carbon fixation and photosynthesis suggests that the elevated Skeletonema spp. cell numbers observed in S2 may have been after this diatom reached peak
bloom biomass. A significant proportion of the KEGG modules expressed were classified
as ribosomes (5-45% for Skeletonema spp. and 5-9% for T. rotula). Gifford et al. (2013)
suggested that ribosomal protein expression correlates with growth rate. Applying this prin54

ciple to these eukaryotic data suggests the growth rates for both Skeletonema spp. and T.
rotula fluctuated, with peaks in growth rate occurring during S1 and S3 for Skeletonema
spp.. This pattern for Skeletonema spp. did not track with the relative abundance of the organism, which peaked in the S2 sample, again suggesting that this sample was taken during
the bloom decline. These growth dynamics cannot be fully resolved without a more detailed
sample set.
Skeletonema spp., the dominant diatom during the study period (Figure 3-1), had a
higher proportion of transcripts related to growth relative to T. rotula, such as those encoding aspects of carbon metabolism, N metabolism, sulfur metabolism, and lipid metabolism
(Figure 3-2). Conversely, several KEGG modules were more highly expressed in T. rotula compared to Skeletonema spp., particularly those for glycan metabolism, phosphate
and amino acid transport systems, and repair system modules (Figure 3-2). The majority of highly expressed KO modules (e.g. N metabolism) were based on moderate to high
expression across several KO gene families, but, in some cases, the differences in expression at the module level were due to differences in the expression of a single KO gene
family within the KEGG module. For example, the driver of the difference in the expression of glycan metabolism, which represented upwards of 41% of all KEGG annotated
reads for T. rotula compared to less than 0.6% for Skeletonema spp., was primarily associated with the high expression of a putative UDP-N-acetylglucosamine-dolichyl-phosphate
N-acetylglucosaminephosphotransferase (K01001). This was identified as a silaffin-like response gene associated with silica polymerization (Shrestha et al., 2012). Differences in
silica metabolism may in part drive how the fundamental niche is segregated between these
two diatoms. Taken together, the contrast in QMF between the two diatoms underscores
the fundamental differences in expressed metabolic capacity that are present in these two
co-occurring diatoms and highlights traits of a successful competitor (e.g. high expression
of carbon metabolism).

3.4.3

Species-specific resource utilization underpins physiological ecology

KO gene families related to N and P metabolism were examined in the field samples to
identify species-specific patterns in resource utilization. Skeletonema spp. and T. rotula
both possess and express core pathways of N and P metabolism (such as the ornithineurea cycle) (Figure 3-3). Expression of these individual KO gene families was temporally
variable, as was observed with the expression of KEGG Modules, but related enzymes in a
pathway exhibited a coordinated response (Figure 3-3). For example, the nitrate transporter
(K02575), nitrate reductase (K10534), and nitrite reductase (K00366), in Skeletonema spp.
all had peak expression in S2 (Figure 3-3). Skeletonema spp. and T. rotula share pathway
homologs, including the same suite of N transporters (ammonium: AMT, nitrate: NRT,
amino acid: AAPJ), but these genes often had disparate patterns of expression between
55

Figure 3-2: Quantitative metabolic fingerprint (QMF) depicting the relative expression of KEGG
modules for Skeletonema spp. and T. rotula in Narragansett Bay across the five sampling time points
(S1-S5). Color indicates the proportion of total reads mapping to each KEGG module relative to
all KEGG annotated reads.
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the two species (Figure 3-3). Skeletonema spp., the more abundant diatom, had high expression of KO gene families associated with the acquisition of nitrate and ammonia that
were particularly amplified during the S2 bloom event. T. rotula had low expression of both
of those transporters but high expression of a general amino acid transporter (Figure 3-3).
Amino acid transport (North and Stephens, 1972) and nitrate transport (Serra et al., 1978)
has previously been found to inversely correlate with intracellular nitrate concentration in
the cell or the presence of ammonia in the media. Yet, here, two closely related diatoms,
existing in the same parcel of water and the same nutrient environment, are expressing
genes to access different pools of dissolved N. Similar to nitrate transport, there was high
expression of nitrate/ nitrite reductase KO gene families in Skeletonema spp., whereas T.
rotula appears to possess a different N reduction metabolism. This is observed in a KO gene
family that is absent from the reference transcriptome of Skeletonema spp.: hydroxylamine
reductase (Figure 3-3). This gene has been found in the genomes of both T. pseudonana
and P. tricornutum, and is thought to have been acquired via lateral transfer from bacteria
(Bowler et al., 2008). The enzyme may potentially aid redox balancing and electron cycling
from nitrate reduction (Allen et al., 2008). While the absence of this gene in Skeletonema
spp., has not been definitively shown, the marked high expression of this gene in T. rotula
suggests that this gene product represents a potential point of segregation in the metabolic
capacity of these two species. Together, these data suggest that these species have disparate
strategies for acquiring N and this may in part drive the relative success of Skeletonema spp.
over the sample period.
While N has been observed to be a primary nutritional driver in Narragansett Bay
(Nixon et al., 1995; Smayda, 1974; Sakshaug, 1977), P may also drive the dynamics of these
two diatoms. Skeletonema spp. shows elevated expression of a sodium phosphate cotransporter (NPT), again with peak expression during S2 (bloom). T. rotula does express the
NPT as highly, but by comparison has a much higher transcript count for a putative P
transporter (PTA), that is not detected in Skeletonema spp. (Figure 3-3). These transporters may have different kinetic properties that allow the two species to diverge in their
PO3−
4 uptake strategies. Genes associated with the scavenging of P from organic molecules,
such as glycerophosphoryl diester phosphodiesterase (GDP), also suggest differences in expressed metabolic capacity between the two species. GDP may be associated with exogenous
metabolism of dissolved organic P (DOP) or internally in the cleaving of P from lipids (Van
Mooy et al., 2009; Dyhrman et al., 2012). The expression of GDP by Skeletonema spp.,
with peak around S2, and apparent absence of this transcript in T. rotula suggests Skeletonema spp. may be accessing a pool of DOP that is not being utilized by T. rotula. In
T. pseudonana, related transcripts are tightly linked to concomitant changes in the proteome and biochemical activities (Dyhrman et al., 2012). If these transcriptional patterns
are linked to similar changes in activities, then these insights suggest that there is a funda-
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Figure 3-3: Schematic cell model depicting the relative expression of KO gene families associated
with nitrogen (N) and phosphorus (P) metabolic pathways for Skeletonema spp. and T. rotula in
Narragansett Bay across the five sampling time points (S1-S5). Color indicates the proportion of
total reads mapping to each KEGG module relative to all KEGG annotated reads.
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mental difference in the metabolic capacity being expressed in the same environment by the
two diatoms. Skeletonema spp. is both actively taking up PO3−
4 and hydrolyzing organic
sources, where as T. rotula is not hydrolyzing DOP and is taking up inorganic PO3−
4 by a
different mechanism. In summary, these data suggest that these two diatoms have unique
metabolic capacity for the utilization of specific forms of N and P. Such disparate resource
utilization potential could be a niche-defining feature that underpins diatom diversity as well
as the “winner-loser” dynamic observed here with the differences in cell abundance between
the species.

3.4.4

Identification and modulation of resource responsive genes in situ
highlights species-specific differences

To identify and quantitatively track resource responsive (RR) genes in situ, incubation experiments were used to examine species-specific transcriptional responses to shifts in N:P
ratios. Comparing the expression patterns between like nutrient treatments (+N versus -N
and +P versus -P) for each of the organisms enabled the statistical identification of a suite
of N- and P-responsive genes (Wu et al., 2010) and stable reference genes (Alexander et al.,
2012). For these genes, counts were normalized to the stable reference genes (Figure B-4)
resulting in stable gene normalized counts (𝑆𝐺𝑁 𝐶). Calculation of a 𝑆𝐺𝑁 𝐶 is similar in
concept to reference gene normalization done in qRT-PCR (Bustin, 2000) or metatranscriptome studies of prokaryotes (McCarren et al., 2010), with the added value of not having to
rely on reference genes from model diatoms. This normalization did not alter the observed
patterns of expressionFigure B-8.
Of the transcripts expressed at greater than 2 tags per million (𝑇 𝑃 𝑀 ) for at least
one treatment, 24.5% and 17.9% were identified as RR by being significantly up or downregulated between N or P treatments for Skeletonema spp. and T. rotula, respectively
(Data Sheet 3-2, Table B-3). As is common with phytoplankton studies (Marchetti et al.,
2012), the majority of the RR genes do not have a KEGG annotation (Figure B-4A). The
portion of the RR gene set annotated with KEGG ontology for Skeletonema spp. and T.
rotula revealed that, relative to the full KEGG profile, genes comprising genetic information processing associated with replication (encompassing ribosomes, nucleotide replication
and processing) were underrepresented for both organisms in the RR set (Figure B-5). By
contrast, the RR sets were enriched for energy, carbohydrate, and lipid metabolism, which
encompass pathways known to be associated with the metabolism of N and P (Figure 3-4A,
Figure B-5). Specific genes in this set included, but were not limited to, those associated
with N assimilation (e.g. glutamate dehydrogenase, glutamine synthase, nitrate reductase),
DON utilization (e.g. urease, aminopeptidase, amino-acid transport system), P scavenging
(e.g. phosphate transporter, sodium phosphate cotransporter) and DOP utilization (e.g.
phosphatases) (Data Sheet 3-2). A number of these genes have been shown to be N or P
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responsive in transcriptional studies with cultures of the diatom T. pseudonona (Dyhrman
et al., 2012; Bender et al., 2014), and transporters, and enzymes for the processing of organic
N or P, as observed here, are well known to be resource responsive in many phytoplankton
(Dyhrman et al., 2012; Wurch et al., 2011a; Dyhrman et al., 2006; Bruhn et al., 2010).
Overall, these genes demonstrated patterns of regulation in situ (Figure 3-4B, Figure B-6)
similar to what has been observed in culture (Dyhrman et al., 2012; Bender et al., 2014). In
the incubations, the sodium-phosphate cotransporter (NPT) was significantly up-regulated
in the -P treatment for both species (Figure 3-4B), which is consistent with P regulation of
a T. pseudonana NPT homolog (Thaps_24435) observed in culture experiments (Dyhrman
et al., 2012). Nitrate reductase, which has been shown to be regulated by N in T. pseudonana (Thaps_25299) (Bender et al., 2012), was up-regulated in -N for T. rotula, but not
Skeletonema spp. (Figure B-6). In fact, members of this large gene family (Figure B-7)
showed disparate regulation in both species (Figure B-6). These data demonstrate that the
use of nutrient amendments is robust for normalizing and identifying N and P responsive
genes in the field that are consistent with known signals, but also point to the value of in situ
analyses, as application of a priori knowledge about regulation from model diatoms could
lead to misinterpretations.
Of the RR gene sets for Skeletonema spp. and T. rotula, only 17.7 and 12.7% of the
genes, respectively, were annotated with KEGG ontology (Figure 3-4A). Identifying differentially regulated genes in situ through experimental manipulations allowed the expression
patterns of genes to be tracked even when their function was unknown. As an example, two
RR gene families were identified with homologs in Skeletonema spp. and T. rotula (Figure 3-4B, Figure B-7). RR1 was up-regulated in -P compared to +P for both species (Figure 3-4B). Homologs from RR1 were also identified in other diatom genomes (Fracy_268075,
Phatr_19661, Psemu_246578, Psemu_319824, Thaps_32459) (Figure B-7). Annotations
for these genes were limited, though Fracy_268075 was identified as possibly involved in
intracellular trafficking, secretion, or vesicular transport, suggesting these proteins may be
involved in poly-P metabolism (Ogawa et al., 2000). RR2 demonstrated significantly different patterns of regulation in the two species: up-regulated in -N compared to +N for
T. rotula but down-regulated in -N compared to +N for Skeletonema spp. (Figure 3-4B).
A homolog from RR2 was identified in T. pseudonana (Thaps_22648) (Figure B-7) and
was poorly characterized, with the best BLAST hit to a human dentin sialophosphoprotein.
This suggests RR2 could be associated with biomineralization.
To enable cross-comparison of the RR genes between species, their expression was put
into a greater metabolic context by proportionalizing the expression in the field to the
transcriptional range observed in the incubations with extremes in the N:P ratio. This
technique is similar in concept to targeted assays using qRT-PCR to compare expression
patterns between species in culture (Kang et al., 2009). Briefly, the 𝑆𝐺𝑁 𝐶 of a N or
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Figure 3-4: Functional composition of the resource-responsive (RR) gene sets for T. rotula and
Skeletonema spp. (A), the relative expression in the incubation samples (B) and standardized
transcriptional differentiation (STD) scores (C) for a known P-responsive gene, sodium-phosphate
cotransporter, and two novel RR gene families. (A) The RR gene sets were identified through cross
comparison of like-nutrient incubations (i.e. +N vs. -N and +P vs. -P), using ASC (fold change =
2, post-𝑝 > 0.95) (Wu et al., 2010). The relative functional categorization of the RR gene set for
T. rotula and Skeletonema spp. based on KEGG ontology as assigned by KAAS is depicted at the
module-level relative to the portion unannotated with KEGG. (B) Expression pattern in stable gene
normalized counts (𝑆𝐺𝑁 𝐶) of the genes from the associated gene cluster from T. rotula (T) and
Skeletonema spp. (S) plotted in related incubations (i.e. novel P-responsive shows expression from
+P and -P incubations). Asterisk indicates significance between pair-wise comparisons (fold change
= 2, post-𝑝 > 0.95) (Wu et al., 2010). (C) 𝑆𝑇 𝐷 scores plotted across the five sample points showing
𝑆𝑇 𝐷𝑃 for the P-significant genes and 𝑆𝑇 𝐷𝑁 for the N-significant genes. Dashed horizontal lines at
0 and 1 indicate the +P/+N and -P/-N for corresponding significant genes.
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P responsive gene in the field was bounded by the 𝑆𝐺𝑁 𝐶 from the respective nutrient
treatments to yield the standardized transcriptional differentiation score for both N (𝑆𝑇 𝐷𝑁 ,
Equation (3.3)) and P (𝑆𝑇 𝐷𝑃 , Equation (3.4)) (Figure 3-4C). The 𝑆𝑇 𝐷 score was used to
directly compare expression relative to its observed maximum and minimum capacity in the
incubations where values of 𝑆𝑇 𝐷 ≈ 1 indicate signals are similar to the deplete condition,
and values of 𝑆𝑇 𝐷 ≈ 0 indicate similarity to the replete condition. Generally, the patterns
observed of a genes abundance with 𝑆𝑇 𝐷 was analogous to that observed with either the
𝑇 𝑃 𝑀 or 𝑆𝐺𝑁 𝐶 (Figure B-8). The 𝑆𝑇 𝐷𝑁 and 𝑆𝑇 𝐷𝑃 were plotted for genes from the NPT
and the two highlighted RR gene families, over the time-series (Figure 3-4C). The NPT for
both Skeletonema spp. and T. rotula showed elevated expression during S2. RR1, which
was also identified as significantly expressed in -P compared to +P, also showed elevation
during S2 (the bloom day). The expression of RR1, however, was also elevated on S4 for
both diatoms, which was not seen for the NPT. However, 𝑆𝑇 𝐷𝑃 > 1 for Skeletonema spp.
indicating a far more P deficient response in Skeletonema spp. compared to T. rotula, which
never demonstrated P-sensitive expression in the field comparable to that observed in the -P
incubations (Figure 3-4C). RR2 showed different patterns of expression across time for both
species. Most interestingly, perhaps, was the low 𝑆𝑇 𝐷𝑁 score for Skeletonema spp. during
its bloom period indicating that the RR2 expression was more similar to the +N treatment,
whereas the 𝑆𝑇 𝐷𝑁 for T. rotula was greater than one suggesting that expression was more
similar to the -N treatment (Figure 3-4C). These three, targeted examples suggest that
during the large bloom of Skeletonema spp., Skeletonema spp. was expressing genes in
pattern more similar to the -P and +N treatments, while the expression of T. rotula was
more similar only to the -N treatment. Notably, these are orthogonal patterns associated
with the same environment.
To expand upon the single gene analysis above (Figure 3-4), the 𝑆𝑇 𝐷𝑁 and 𝑆𝑇 𝐷𝑃
(Equations (3.3) and (3.4)) were calculated (Data Sheet 3-2) for all the identified N- and
P-responsive genes, respectively. As can be seen both in the single gene examples (Figure 34C) and in all N- and P-responsive genes (Figure B-9), the 𝑆𝑇 𝐷 score observed across field
samples was variably ≫ 1 or ≪ 0, indicating that the observed field signal was outside
than the range of expression observed in the incubation experiments. The variability in the
observed 𝑆𝑇 𝐷 values in the field suggests that the incubation treatments did not capture
the full dynamic range for the RR gene sets. The most striking instance of this was the
skew evident in Skeletonema spp. during its bloom in S2, where the distribution of 𝑆𝑇 𝐷𝑃 of
P-responsive was skewed positive, with many many genes having 𝑆𝑇 𝐷𝑃 ≫ 1 (Figure B-9).
This may suggest that though known low P-responsive genes were significantly differentially
abundant between the -P and +P conditions (e.g. NPT) the -P treatment did not fully
capture the low P signature of the population, indicating the -P incubation was not run
long enough to fully deplete inorganic P. Alternatively, the observed skew may suggest that
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Figure 3-5: Evolution of N- and P-responsive gene partitioning over time in Narragansett Bay
for Skeletonema spp., white, and T. rotula, black. The fraction of identified N- and P-responsive
genes (2-fold change, post-𝑝 > 0.95 for +N compared to -N and +P compared to -P), for which
the 𝑆𝑇 𝐷𝑁 or 𝑆𝑇 𝐷𝑃 , respectively, is greater than a cutoff 𝐶, for 0.25 < 𝐶 < 0.75. The value of
𝐶 was varied over 10 different values and the average fraction and standard deviation across the
values of 𝐶 was plotted for both species across samples. Similarity of the fraction of genes greater
than a specified cutoff was assessed for the N- and P-responsive gene sets between species and across
samples using an analysis of variance (ANOVA) with a generalized linear model. Groups identified
from a Tukey HSD test (𝑝 < 0.05) on the results of the post-hoc ANOVA analysis are lettered and
show the divergence of species across samples.
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the expression of RR genes is not controlled solely by by one environmental factor such as N
or P concentration, but rather is dynamically regulated in response to the complex abiotic
and biotic environment that these organisms inhabit.
The global metabolic state of Skeletonema spp. and T. rotula was assessed by tracking
the fraction of the N- and P-responsive gene sets that were similar to the -N and -P conditions, respectively (Figure 3-5). To do this, a cutoff value, 𝐶 was varied, 0.25 < 𝐶 < 0.75.
For each sample, the mean fraction of N- or P-responsive genes for which 𝑆𝑇 𝐷𝑁 or 𝑆𝑇 𝐷𝑃 >
𝐶 was assessed for both organisms across the five in situ samples (Figure 3-5). Notably, S2
stands out amongst the time points, where Skeletonema spp. has a large proportion of the
P-responsive genes (0.93 ± .01%) with 𝑆𝑇 𝐷𝑃 > 𝐶 but a small proportion of N-responsive
genes (0.08 ± 0.02) with 𝑆𝑇 𝐷𝑁 > 𝐶. This suggests P availability may have constrained
Skeletonema spp. populations during the bloom sample (S2). Conversely, a large proportion of the N-regulated genes in T. rotula (0.44 ± 0.06) have 𝑆𝑇 𝐷𝑁 > 𝐶 consistent with
the divergent responsiveness of RR2 observed for T. rotula compared to Skeletonema spp.
(Figure 3-4C). In fact, with the exception of S1 and S5 for the N-responsive and S4 for
the P-responsive gene sets, the two species always showed statistically significant (Tukey
HSD analysis (𝑝 < 0.05)) orthogonal responses (Figure 3-5). These patterns combined with
the temporal variability in gene expression patterns indicate a finely tuned response to the
environment, which is distinctive for each diatom species. Although there are many potential controls on diatom dynamics in Narragansett Bay, including top-down processes like
predation (Martin, 1970; Lawerence and Menden-Deuer, 2012), these patterns of resource
responsive gene expression suggest the presence of bottom-up nutrient control on diatom
population dynamics in Narragansett Bay.
This work addresses fundamental knowledge gaps in how phytoplankton species are able
to co-occur while they compete for the same basic resources. Co-occurring diatoms appear to
have different functional capabilities in N and P metabolism, and this metabolic potential
is modulated in field populations in a distinctive way for each diatom. These findings
suggest that differential resource partitioning is occurring between these two diatoms in
situ. Such resource partitioning could facilitate the vast diversity of the phytoplankton and
the structure, function, and productivity of aquatic ecosystems. In culture studies, resourcerelated transcriptional changes have been shown to be tightly choreographed with changes
in proteins, activities, and biochemical pools (Dyhrman et al., 2012; Wurch et al., 2011a;
Bertrand et al., 2012). If further work were able to similarly link the transcriptional patterns
observed here with changes in enzymatic activities or uptake rates, then shifts in the RR gene
sets may reflect aspects of the realized niche and how it differs between these two species.
These detailed, in situ transcriptional comparisons would not have been possible without
proportionalization to metabolic capacity (𝑆𝑇 𝐷), which provides a quantitative means to
directly compare transcriptional patterns between species. This approach could be applied
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to other systems, organisms, or environmental parameters to identify responsive genes and
proportionalize their expression, with the aim of answering similar questions about how
co-occurring species adjust their cellular physiology to partition their niche space.
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Chapter 4

Functional group-specific traits drive
phytoplankton dynamics in the oligotrophic
ocean

This chapter was originally published as Alexander, H., Rouco, M., Haley, S.T., Wilson, S.T., Karl,
D.M., and Dyhrman, S.T. (2015). Functional group-specific traits drive phytoplankton dynamics in the
oligotrophic ocean. Proc. Natl. Acad. Sci. U. S. A. 112:44, E5972-E5979.
H.A. and S.T.D. designed research; H.A., M.R., S.T.H., S.T.W., and S.T.D. performed research; H.A.,
D.M.K., and S.T.D. analyzed data; H.A. and S.T.D. wrote the paper; and M.R., S.T.H., S.T.W., and D.M.K.
contributed to the writing of the paper.
The supplemental figures, tables, and data sheets for this chapter can be found in Appendix C.
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4.1

Abstract

A diverse microbial assemblage in the ocean is responsible for nearly half of global primary production. It has been hypothesized and experimentally demonstrated that nutrient
loading can stimulate blooms of large eukaryotic phytoplankton in oligotrophic systems.
Although central to better balancing biogeochemical models, knowledge of the metabolic
traits that govern the dynamics of these bloom-forming phytoplankton is limited. We employed eukaryotic metatranscriptomic techniques to identify the metabolic basis of functional
group-specific traits that may drive the shift between net heterotrophy and autotrophy in
the oligotrophic ocean. Replicated blooms were simulated by deep seawater (DSW) addition to mimic nutrient loading in the North Pacific Subtropical Gyre and the transcriptional
responses of phytoplankton functional groups were assayed. Responses of the diatom, haptophyte, and dinoflagellate functional groups in simulated blooms were unique, with diatoms
and haptophytes significantly (95% confidence) shifting their quantitative metabolic fingerprint from the in situ condition, while dinoflagellates showed little response. Significantly
differentially abundant genes identified the importance of co-limitation by nutrients, metals, and vitamins in eukaryotic phytoplankton metabolism and bloom formation in this
system. The variable transcript allocation ratio, used to quantify transcript reallocation following DSW amendment, differed for diatoms and haptophytes, reflecting the long-standing
paradigm of phytoplankton r- and K-type growth strategies. While the underlying metabolic
potential of the large eukaryotic phytoplankton was consistently present, the lack of a bloom
during the study period suggests a crucial dependence on physical and biogeochemical forcing, which are susceptible to alteration with changing climate.

4.2

Introduction

It has been postulated that the net oxygen state of oligotrophic systems is controlled by
irregular blooms of large eukaryotic phytoplankton (Karl et al., 2003), which have been
shown to respond to nutrient input in open ocean ecosystems (McAndrew et al., 2007).
Nutrient loading shifts the community away from a tightly regenerating microbial loop,
based on small phytoplankton (typically bacterioplankton), towards a community with a
higher proportion of larger phytoplankton cells (typically eukaryotic phytoplankton) and,
consequently, more carbon export (McAndrew et al., 2007). Data from Station ALOHA in
the oligotrophic North Pacific Subtropical Gyre (NPSG) during the summer period have
identified increased export of organic carbon, diatom-associated biogenic silica (BSi), and,
to a lesser extent, particulate inorganic carbon (PIC) associated with calcification (Karl
et al., 2012). These increases are potentially a result of nutrient-driven community shifts.
Blooms of eukaryotic phytoplankton in oligotrophic environments are often dominated by the
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diatom functional group (Villareal et al., 2012) and may determine the balance between net
heterotrophic and net autotrophic conditions (Karl et al., 2003). Such blooms, however, are
thought to be under-sampled and may often go undetected in satellite ocean color records
(Villareal et al., 2011). Consequently, the drivers of bloom formation and concomitant
carbon export remain poorly understood, particularly in critical oligotrophic systems.
Though central to better balancing global biogeochemical models of net primary production (NPP) (López-Urrutia et al., 2006), knowledge of the biogeochemical drivers that govern
the dynamics of these bloom-forming organisms in oligotrophic systems is limited. Nutrient
environments are integral to the structuring of phytoplankton communities (Margalef, 1978;
Tilman, 1977; Cavender-Bares et al., 2001) and initiating blooms. Originally thought to
be a stable low-fluctuating habitat, long-term monitoring at Station ALOHA has demonstrated that within the constraints of an oligotrophic ecosystem the nutrient regime can be
quite dynamic, alternating in controlling factors over many time scales (Karl et al., 2001).
These oscillations may be driven by biological (e.g. bloom of N2-fixing cyanobacteria, which
draw down P or Fe, while injecting new nitrogen into the system (Karl, 2002)), physical
(e.g. nutrient supply from transient eddies (Benitez-Nelson et al., 2007)), or anthropogenic
(e.g. atmospheric deposition of nutrients (Kim et al., 2014)) forcing. Regardless of the
source, these nutrient-loading events could act to stimulate blooms in the large eukaryotic
phytoplankton community. Historically, the distributions of key eukaryotic phytoplankton
function groups have been tracked relative to nutrient stoichiometries to examine how nutrients influence the physiological ecology of different functional groups like diatoms and
haptophytes (Cortés et al., 2001; Villareal et al., 2012). Although valuable, it is still difficult
to relate stoichiometries to the dynamics of bloom formation and, in particular, to patterns
in key groups like diatoms without specific measures of functional group physiology.
Molecular-level tools that can track transcripts, proteins, or even metabolites and biochemicals in a taxon-specific way are increasingly being employed in cultures and field populations to track metabolic capacity and physiological responses (Marchetti et al., 2012;
Alexander et al., 2015a; Dupont et al., 2015; Pearson et al., 2015; Ottesen et al., 2014;
Hennon et al., 2015; Dyhrman et al., 2012; Amin et al., 2015). Molecular assessment of
physiology for eukaryotic populations is most tractable in coastal systems with high biomass
(Alexander et al., 2015a; Dupont et al., 2015), so, in oligotrophic ocean regions, molecular
studies of physiology have typically been limited to the numerically abundant members of
the microbial community: picoplankton (cyanobacteria, heterotrophic bacteria, and small
picoeukaryotes). Groundbreaking studies have demonstrated the responsiveness of the dominant picoplankton community to pulses of deep seawater (DSW) (Shi et al., 2012) and of
DOM (McCarren et al., 2010), as well as the diel synchrony of the photosynthetic and heterotrophic communities (Ottesen et al., 2014), yet were limited in their coverage of the rare,
large eukaryotic fraction due both to the low biomass of their standing stock and the lack of
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reference sequences. A recent world ocean survey has highlighted the diversity encompassed
within the eukaryotic planktonic community (de Vargas et al., 2015) and suggested that the
structuring of these communities may be driven by physical and chemical oceanographic
features (Villar et al., 2015). Yet again, the responsiveness of these keystone eukaryotic
phytoplankton communities to changing environmental conditions remains poorly described
and understood. New resources, including a new marine microbial eukaryote sequencing
initiative (Keeling et al., 2014), in combination with the bioinformatic pipeline used here
are making possible the study of oligotrophic eukaryotic phytoplankton with unprecedented
mechanistic resolution. Here we examined potential biogeochemical controls on phytoplankton bloom formation in the NPSG and the metabolic traits that govern the distribution and
responses of unique functional groups.

4.3
4.3.1

Materials and Methods
Sample collection

Seawater for the in situ eukaryote community mRNA analysis was collected at the HOT,
Station ALOHA (22∘ 45′ N, 158∘ 00′ W) from a depth of 25 𝑚 at 1400 hrs (local time) on
three occasions during August and September 2012 as part of the HOE-DYLAN research
expedition aboard the R/V Kilo Moana. Hydrocasts for sampling were performed using
a conductivity-temperature-depth (CTD) rosette water sampler equipped with 24 Scripps
12-L sampling bottles. Water was collected in acid-washed 20-L carboys and approximately
60-L of seawater was prescreened through 200𝜇𝑚 mesh and then filtered onto polycarbonate
filters (5.0𝜇𝑚 pore size, 47𝑚𝑚, Whatman) by way of peristaltic pump. This size fraction
was targeted to sample large eukaryotic phytoplankton, which are known to form blooms and
contribute to export flux in the NPSG. Filters were changed every 20 minutes or when flow
rate decreased. Filters were placed in cryovials and stored in liquid nitrogen until mRNA
extraction. The total length of filtration time did not exceed 3 hours. Nutrient delivery in
the ocean is highly variable; here we chose to model a single nutrient pulse. The incubation
experiments were performed with two treatments: a DSW treatment, which included 10%
0.2𝜇𝑚 filtered seawater collected from 700 𝑚 added to whole seawater collected at 25 m and
a control treatment with no addition (Table C-1). Triplicate 20-L carboys of each treatment
were incubated at 30% surface light levels using on-deck incubators for 7 days and processed
as described above on the final day at 1400 h (local time). Nutrient concentrations for
−
−
4−
phosphate [PO3−
4 ], nitrate and nitrite [NO2 +NO3 ], and silicate [SiO4 ] (Table C-1) were

measured by filtering 125𝑚𝐿 of seawater through a 0.2 𝜇𝑚, 47-𝑚𝑚 polycarbonate filter, and
stored frozen (20∘ C) in acid washed bottles until analysis at the Chesapeake Bay Lab at the
University of Maryland according to the facility’s protocols. Chlorophyll a was measured
on whole water samples collected onto GFF filters (25𝑚𝑚, Whatman) using a 90% acetone
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extraction and assayed by fluorescence using the AquaFluor Turner TD700 (Parsons et al.,
1984). There was little difference between the in situ sample and the control treatment at
the end of the seven-day incubation both with regards to total chlorophyll a concentration
and transcriptional profile (Figures C-1 and C-7). There was no significance difference in
(QMF) between the control treatment at the final time point and the in situ sample taken
at the start of the incubation (Figure C-7). To most conservatively compare non-bloom and
bloom scenarios, analyses thus focused on the comparison of the in situ community to the
DSW amended samples.

4.3.2

RNA extraction and sequencing

RNA was extracted from individual filters with the RNeasy Mini Kit (Qiagen), following a
modified version of the yeast protocol. Briefly, lysis buffer and RNA-clean zirconia/silica
beads was added to the filter and samples were vortexed for 1 minute, placed on ice for
30 seconds, and then vortexed again for 1 minute. Samples were then processed following
the yeast protocol. The resulting RNA was eluted in water and then treated for possible
DNA contamination using TURBO DNA-free Kit (Ambion) following the Rigorous DNase
protocol. RNA from individual filters was then pooled by sample, using the RNA Cleanup
Protocol from the RNeasy Mini Kit (Qiagen). The resulting RNA sample thus represented
approximately 60𝐿 of total seawater for the in situ sample. Filters were pooled across
like triplicate bottles by treatment, totaling 60𝐿 from each of the incubation treatments.
The total RNA sample was then enriched for eukaryotic mRNA through a poly-A pull
down. The resulting enriched mRNA sample then went through library preparation with
the Illumina TruSeq mRNA Prep Kit (Illumina). Libraries were sequenced with the Illumina
HiSeq2000 at Columbia Genome Center (New York, NY). Each sample was sequenced to
produce a targeted 60 million, 100 base pair, paired end reads. These environmental sequence
data are deposited in the Sequence Read Archive (SRA) through the National Center for
Biotechnology Information (NCBI) under accession number SRP056385. Raw sequence data
quality was visualized using FastQC and then cleaned and trimmed using Trimmomatic v
0.27 (paired end mode; 6-base pair wide sliding window for quality below 20; minimum
length 25 base pair).

4.3.3

Genome database creation and mapping

Environmentally relevant algal genomes (Aureococcus anophagefferens CCMP1984 v1.0,
Emiliania huxleyi CCMP1516 v1.0, Fragilariopsis cylindrus CCMP1102 v1.0, Micromonas
pusilla RCC 299 v3.0, Ostreococcus lucimarinus v2.0, Ostreococcus tauri v2.0, Phaeodactylum tricornutum CCMP632 v2.0, Pseudo-nitzschia multiseries CLN-47 v1.0, Thalassiosira
pseudonana CCMP1335 v3.0) were collected from the Joint Genome Institute (JGI) database
and concatenated. Trimmed, paired-end reads from each of the samples were mapped to
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this concatenated genome library using the Burrows-Wheeler Aligner (Li and Durbin, 2010)
(BWA-mem, parameters: -k 10 -aM) and then counted using the HTSeq 0.6.1 package
(Anders et al., 2014).

4.3.4

MMETSP database creation and mapping

Transcriptome sequences and annotations generated through the Marine Microbial Eukaryote Transcriptome Sequencing Project (MMETSP) that were made public as of 17 March
2014 were collected, representing 401 transcriptomes across 209 species or cultured isolates.
Transcriptomes from like species (regardless of strain or condition) and cultured isolates
were pooled and clustered using CD-HIT-EST (98% identity; word size of 9). The resulting clustered set of transcripts was considered to be the representative transcriptome for
the species or cultured isolate. Transcriptomes were annotated with KEGG Orthology annotations using the bi-directional best hit (BBH) method through the KEGG Automatic
Annotation Server (KAAS) (Moriya et al., 2007). It is worth noting that the KEGG module
names are human defined and some genes are artificially grouped in the context of phytoplankton metabolism. For example, this is the case with the “methane metabolism” module, which includes a suite of genes related to carbon not specifically methane metabolism.
The 209 transcriptomes created in this manner were concatenated to form a comprehensive
species-level transcriptome database from the MMETSP library. Due to the large size of
the resulting MMETSP database, trimmed reads were mapped to the MMETSP using the
Burrows-Wheeler Aligner (Li and Durbin, 2010) (BWA-mem, parameters: -k 10 -aM) and
then counted using the HTSeq 0.6.1 package (Anders et al., 2014).

4.3.5

Differential expression analysis

Counts obtained from HTSeq were pooled for like-KEGG orthologs across all species in a
functional group. The quantitative metabolic fingerprint (QMF) was assessed by normalizing
global patterns of expression at the module-level to the total mapped reads, an approach
similar to those used in several metagenomic and metatranscriptomic studies focused on
prokaryotes (Shi et al., 2011; Ottesen et al., 2014; Shi et al., 2012). A r-mode principle component analysis (PCA) and confidence ellipses of the QMF signals by functional group and
sample type (in situ, no addition control, and DSW addition) were calculated and visualized
using FactorMineR package in R (Figures 4-2 and C-7). No significant difference was seen
between the in situ and no addition control samples (Figure C-7). For each functional group,
the pooled KEGG counts from the in situ samples (S1-S3) were compared to those from
the corresponding DSW amendment (E1-E3) using Analysis of Sequence Counts (ASC), an
empirical Bayes method (Wu et al., 2010). Genes were considered to be differentially abundant between treatments if for a fold change of 2.0 the posterior probability (post-𝑝) was
greater than 0.95 (Dyhrman et al., 2012). Patterns of differential abundance were visualized
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using Circos (Krzywinski et al., 2009). Global shifts in the expression of genes independent
of functional group were assessed with TMM normalization using the Microbial Assemblage
Normalized Transcript Analysis package (MANTA, v. 1.12.0)(Marchetti et al., 2012).

4.3.6

Variable transcript allocation modeling

Variable transcript allocation following DSW amendment was calculated for each functional
group. Though there was a normal distribution of log fold change across all functional
groups, the means were off-set for the diatoms and the haptophytes (Figure C-4). From
the set of all genes (𝐺), the genes (𝑔) that had statistically significant increased transcript
abundance (Equation (4.1)) or decreased transcript abundance (Equation (4.2)) as identified
with ASC (2 fold change, post-𝑝 > 0.95) (Wu et al., 2010) in DSW amended treatments (E)
relative to the in situ sample (S) were considered.
𝑈 = {𝑔 : 𝑝𝑜𝑠𝑡 − 𝑝(

𝑇𝐸,𝑔
> 2) > 0.95, 𝑔𝜖𝐺}
𝑇𝑆,𝑔

(4.1)

𝐷 = {𝑔 : 𝑝𝑜𝑠𝑡 − 𝑝(

𝑇𝑆,𝑔
> 2) > 0.95, 𝑔𝜖𝐺}
𝑇𝐸,𝑔

(4.2)

A variable transcript allocation score (𝑉 𝑇 𝐴) was calculated for both the set of genes with
both increased (Equation (4.3)) and decreased (Equation (4.4)) abundance, taking the ratio
of the summed transcripts per million (T) for the in situ (S) and experimental DSW amended
treatments (E) of every gene (𝑢 or 𝑑) within the set of significantly differentially abundant
genes (U or D). 𝑉 𝑇 𝐴 scores were calculated so as to always be greater than one, thus the
𝑉 𝑇 𝐴𝐷𝑛 sums the reciprocal of the ratio summed in 𝑉 𝑇 𝐴𝑈 𝑝 (Equations (4.3) and (4.4)).
𝑉 𝑇 𝐴𝐷𝑛 is the magnitude of the decreased transcriptional response following DSW addition,
while the 𝑉 𝑇 𝐴𝑈 𝑝 is the magnitude of the increased transcriptional response following DSW
addition. 𝑉 𝑇 𝐴𝑈 𝑝 and 𝑉 𝑇 𝐴𝐷𝑛 , as ratios, focus on the total transcript pool shifted between
S and E rather than the number of genes with differential abundance. As such, we can
directly compare these two ratios with 𝑉 𝑇 𝐴𝑅 (Equation (4.5)) and assess the metabolic
trait of reallocation efficiency. If 𝑉 𝑇 𝐴𝑅 > 1, there was a larger transcript pool (TPM) in
genes that were increased than were decreased, indicating an efficient reallocation of the
transcript pool. By contrast, if 𝑉 𝑇 𝐴𝑅 < 1, less TPM was increased than was decreased.
This model defines the total metabolic responsiveness as a trait that can be compared
between the functional groups.
𝑉 𝑇 𝐴𝑈 𝑝 =

∑︁ 𝑇𝐸,𝑢
𝑢𝜖𝑈

𝑉 𝑇 𝐴𝐷𝑛 =

∑︁ 𝑇𝑆,𝑑
𝑑𝜖𝐷
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𝑇𝑆,𝑢
𝑇𝐸,𝑑

(4.3)

(4.4)

𝑉 𝑇 𝐴𝑅 =

4.4

𝑉 𝑇 𝐴𝑈 𝑝
𝑉 𝑇 𝐴𝐷𝑛

(4.5)

Results and Discussion

We leveraged increases in reference sequence availability (Keeling et al., 2014) to identify the
expressed metabolic capabilities of different phytoplankton functional groups. Total RNA
from the eukaryotic community (> 5𝜇𝑚) of the surface mixed layer at Station ALOHA was
sequenced (60 million 100 base pair, poly-A selected, paired end reads) from three samples
collected during August-September 2012 (S1-S3). To better understand the underlying
functional group-specific metabolism associated with blooms, three blooms were simulated
via on-deck incubations. While there are many potential nutrient inputs or bloom drivers
(e.g. biologically fixed nitrogen), these blooms were simulated through the addition of deep
seawater (DSW) to mimic nutrient loading by upwelling. These incubation experiments
were modeled after McAndrew et al. (2007) and were performed in conjunction with each
of the in situ samples, amending surface water with a 10% mixture by volume of water
from below the nutricline (700 m) following McAndrew et al. (2007). Sequence reads from
the in situ samples (S1-S3) and the bloom simulations (E1-E3) were mapped to 1) nonsymbiotic microalgal genomes and 2) a custom database comprised of all publically available
transcriptomes as of 17 March 2014 from the Marine Microbial Eukaryotic Transcriptome
Project (MMETSP) (Keeling et al., 2014).
The MMETSP provides a 50x expansion of molecular data across the eukaryotic tree
of life, which both better reflects the broad diversity within the protists and adds higherdefinition coverage for well-studied groups such as diatoms and dinoflagellates (Keeling et al.,
2014). Our leveraging of this database for the pipeline developed herein enabled unprecedented identification of taxonomic composition (58-62% of reads identified) compared to
mapping the same dataset to genomes (12-14%), which have been used in previous studies
(Marchetti et al., 2012). Due to the taxonomic bias of the non-symbiotic algal genomes,
the majority of reads from the in situ eukaryote community mRNA samples were annotated
as diatoms or haptophytes. When mapped to the custom MMETSP database, however,
dinoflagellates dominated, constituting 36-40% of the mapped reads, with the diatoms and
haptophytes the next most highly represented functional groups (Figure 4-1A). The dominance of dinoflagellates in the 5𝜇𝑚 size fraction, confirmed in historic surface pigment
analyses at Station ALOHA (Letelier et al., 1993), stands in contrast to previous eukaryotic
metatranscriptome studies in the oligotrophic ocean where they accounted for < 5% of reads
(Marchetti et al., 2012). Although clearly present and important to the community, dinoflagellate read abundance here and in sediment trap data collected during the same cruise series
(Fontanez et al., 2015) may be magnified by their large transcript pool (Moustafa et al.,
2010; Hackett et al., 2004).
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Figure 4-1: Taxonomic distribution in mRNA mapped reads consistent across time but altered by
deep seawater (DSW) addition. Sequences collected during the summer of 2012 at Station ALOHA
(S1: 6 August, S2: 24 August, S3: 2 September) and corresponding deep seawater (DSW) incubation
experiments (E1-E3) were mapped to two custom databases: 1) non-symbiotic microalgal genomes
and 2) all freely available transcriptomes from the MMETSP as of 17 March 2014. (A) Taxonomic
affiliation of reads across the three most abundant functional groups: dinoflagellates, diatoms, and
haptophytes mapped to both the genome and MMETSP databases for S1-S3. The corresponding
DSW addition incubations E1-E3 were only mapped the MMETSP database. The percent of total
reads mapped is indicated inside each of the circles. (B) Spearman rank correlation for species
composition shifts within each of the three functional groups across S1-S3 and E1-E3.
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The species composition of the functional groups, reflected in rank abundance (Figure 41B), was highly conserved across all three in situ samples (S1-S3), underscoring the stability
of phytoplankton populations in this well-studied oligotrophic system. Between 18.1 and
20.7% of reads mapped to the MMETSP database were annotated with KEGG orthology,
elucidating differences in the mRNA distribution between functional groups at the pathway
level. Looking at the module-level, the general distribution of transcripts in proportion to
the total was assessed using quantitative metabolic fingerprinting (QMF) (Alexander et al.,
2015a). Diatoms have a larger proportion of mRNA in the transport-related system (e.g.
metallic cation, B12 , phosphate, and amino acid) compared to haptophytes and dinoflagellates (Figure 4-2A). Purine metabolism was consistently a large component of haptophyte
QMF (5.6-27%), an order of magnitude higher than diatoms and dinoflagellates (1-2%).
Purine nucleotides may represent a source of DON accessible to haptophytes, as haptophytes have been found to grow on purines as their sole N source (Palenik and Henson,
1997). As the precursors for nucleic acid biosynthesis, purine uptake in the ocean has also
been attributed to nucleotide salvage (Winn and Karl, 1984). These functional group differences observed at the module-level are underscored by principle component analysis (PCA)
with the QMF for each functional group differing with 95% confidence (Figure 4-2B) and
are suggestive of metabolic partitioning between functional groups. Within a functional
group, the QMF was stable across time (Figure 4-2A), in contrast to the variability observed in coastal systems over similar time scales (Alexander et al., 2015a; Dupont et al.,
2015). This stability likely reflects both the unique physiological attributes of oligotrophic
phytoplankton as well as the comparatively static geochemical environment.
The static nature of population structure and functional group QMF was altered by
replicated nutrient-rich DSW addition experiments, which led to a 7- to 17-fold increase in
chlorophyll a, increases not observed in the control treatment (Figure C-1). This increase
was consistent with previous studies, which also noted increases in diatoms (McAndrew
et al., 2007). Diatom-associated mRNA reads increased in each of the DSW experiments
(Figure 4-1A). Although species designations can be influenced by the composition of the
database used for read mapping, apparent taxonomic shifts occurred at the species-level for
diatoms and haptophytes (Figure C-2). Shifts in taxonomic composition were consistent
with DSW addition for diatoms and haptophytes, with rank abundance clustering for all
experiments (Figure 4-1B). Taxonomic shifts in diatoms were driven by an increase in the
rank abundance of certain species, which in all cases were pennate forms (Figure C-2),
including genera known to be present in the NPSG like Pseudo-nitzschia (Silver et al., 2010)
and common in oligotrophic nutrient amendment incubation studies (Marchetti et al., 2005,
2012). Although species shifts also occurred within the haptophtyes, Emiliania huxleyi was
always the most dominant taxon (Figure C-2). The shifts in diatom dominance compared
to the consistent dominance of E. huxleyi may reflect differences in evolutionary strategies,
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Figure 4-2: Quantitative metabolic fingerprint (QMF) and patterns of differential expression across
KEGG orthology following DSW addition underscore functional group traits. Caption continued on
following page.
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Figure 4-2: Quantitative metabolic fingerprint (QMF) and patterns of differential expression across
KEGG orthology following DSW addition underscore functional group traits. (A) The relative
metabolic partitioning of the mRNA pool across the three in situ samples (S1-S3) and corresponding deep seawater (DSW) incubation experiments (E1-E3) was assessed using QMF. The summed
proportion of mapped reads falling into each of the KEGG modules is depicted as a heat map. (B)
Principal component analysis of the QMF signals for each of the functional groups across S1-S3 and
E1-E3; 95% confidence ellipses are indicated for each of the sample types by functional group. (C)
Log fold change and significance of differential expression between deep seawater (DSW) amendments and in situ samples for KEGG orthologs is visualized with Circos (Krzywinski et al., 2009)
for the diatoms, haptophytes, and dinoflagellates. Outermost ring colors indicate the KEGG super
module, with individual wedges of the pie corresponding to KEGG modules as numbered in A. Concentric circles indicate the expression of the three, replicated DSW addition experiments compared
to in situ samples: E3 (outer), E2 (middle), E1 (inner). The log fold change of individual KEGG
orthologs is depicted as a bar plot bounded -3 to 3. The background color of individual KEGG
modules identifies the percentage of genes within module that were significantly (2 fold-change,
post-𝑝 > 0.95) increased (orange) or decreased (blue) in abundance, where darker colors indicate
that a higher percentage of genes within that module were significantly different.

with metabolic diversity spread across many species in the diatoms and a single species
complex with a pangenome, E. huxleyi, in the haptophytes (Read et al., 2013). The QMF of
DSW addition was significantly different from the QMF of the in situ community for both
diatoms and haptophytes, but not dinoflagellates (Figure 4-2B). Following DSW addition,
the QMF for both diatoms and haptophytes was characterized by increased expression of
modules associated with growth, such as carbon fixation (Figure 4-2A). These shifts are not
the result of changes in species composition, as the patterns of expression from individual
species tracked the summed community (Figure C-3). The lack of change in the QMF of
dinoflagellates (Figure 4-2B) likely reflects their range of life strategies (Hackett et al., 2004)
and minimal transcriptional regulation of gene expression as observed in culture-studies
(Moustafa et al., 2010).
Variability within the QMF modules was resolved by statistically assessing the changes
in abundance of individual genes for each functional group using a Bayesian approach (Wu
et al., 2010) (Figures 4-2 and C-4). Statistical significance (2-fold change, posterior probability (post-𝑝) > 0.95) of differential abundance was examined for 4038 KEGG orthologs
common to diatoms, haptophytes, and dinoflagellates. As with the QMF (Figure 4-2A),
dinoflagellates demonstrated little to no significant changes in gene expression (Figure 42C). The suites of transcripts with significantly increased transcript abundance following
DSW were highly conserved for both diatoms and haptophytes across the three replicate
experiments (40% of 334 and 19% of 490 genes common, respectively) but differed between
functional groups (41 of the total 824 significantly increased transcripts genes common) (Figure C-5). Of the genes with increased transcript abundance many of those conserved across
all three experiments for diatoms and haptophytes were associated with growth (e.g. ATP
synthesis (10), photosynthesis (11), and carbon fixation (13)) (Figures 4-2 and C-6). Addi-
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Figure 4-3: Shifts in transcript abundance of genes responsive to biogeochemical forcing. The
significance of changes in abundance (2 fold-change, post-𝑝 > 0.95, or > 0.99) for genes known
to be associated with N, P, vitamin, Fe, or other trace metals metabolism for diatoms (D) or
haptophytes (H) is indicated as blue (decrease) or orange (increase). Genes present within the
reference transcriptome, but not detected in the field were marked in black, and genes absent
from the reference are hashed. KEGG IDs are as follows: Urea transporter (K11959), nitrite/ate
transporter (K02575), phosphate transporter (K08176), glycerophosphoryl diester phosphodiesterase
(K01126), adenosylhomocysteinase (K01251), phosphomethylpyrimidine synthase (K03147), 5methyltetrahydrofolate-homocysteine methyltransferase (K00548), iron complex transport system
(K02013), iron/zinc/copper transport system (K11706), cobalt/nickel transport system (K02006),
zinc transporter (K14715).

tionally, following DSW addition, diatoms had signals indicative of the incorporation of both
nitrogen (increasing abundance of glutamate and glutamine synthase) and iron (switching
from NADPH to ferredoxin sulfate reductase). These changes in transcriptional patterns
indicate that both diatoms and haptophytes increase fundamental metabolic processes required for photosynthetic growth in response to DSW.
For diatoms and haptophytes, the consistency in genes with increased transcript abundance stands in contrast to the patterns of genes with significantly decreased transcript
abundance following DSW addition (Figure C-5). Diatoms were typified by significant decreases in transcript abundance of many genes following DSW, consisting of a large portion
(1389 genes) of their metabolism compared to haptophytes (490 genes) (Figure 4-2C). Genes
with decreased transcript abundance were variable across the three experiments (1.5% and
6.9% similar for diatoms and haptophytes, respectively) (Figure C-5) and imply a tailoring
of basal metabolism to the change in biogeochemical environment from DSW amendment.
Across the KEGG modules, specific genes known to be markers of nutrient limitation significantly decreased in abundance following DSW addition (Figure 4-3), potentially signifying
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a limitation in the in situ population that was alleviated following resupply. Such genes or
their protein products are frequently used as proxies to identify limitation in the field (Saito
et al., 2014). In E1 and E2, there was a decrease in diatom-associated glycerophosphoryl
phosphodiesterase (Dyhrman et al., 2012) and adenosylhomocysteinase (Bertrand et al.,
2012), indicative of phosphorus (P) and vitamin limitation, respectively (Figure 4-3). Silica
transporters, though not in KEGG, were surveyed and not found to have significant shifts
in abundance. E3 was characterized by a decrease in abundance of many genes indicative
of limitation in the diatoms, including but not limited to, a urea transporter (Bender et al.,
2012), a phosphate transporter (Dyhrman et al., 2012), and metal transporters (Figure 4-3).
This is suggestive of diatom co-limitation in E3, similar to patterns of co-limitation recently
observed in picocyanobacteria in the Pacific Ocean (Saito et al., 2014). There was a decrease
in transcript abundance for haptophyte-associated nitrate and nitrite transporters in E2 and
E3 and homocysteine methyltransferase in E1 (Figure 4-3). This may be indicative of nitrogen and vitamin limitation based on the pattern in other organisms (Bertrand et al., 2012;
Bender et al., 2014), but the regulation of these targets in haptophytes is poorly understood.
Metal transport proteins were significantly increased for haptophtyes in E1-E3 and indicated
metabolic strategies following the addition of resources that differ from diatoms. In contrast
to the diatoms, no markers of P limitation, such as the phosphate transporter or alkaline
phosphatase in E. huxleyi (Dyhrman et al., 2006; Dyhrman and Palenik, 2003; Xu et al.,
2006), were significantly decreased for haptophytes, consistent with their known tolerance
for P limitation (Lessard et al., 2005). These data evince that diatoms and haptophytes
are not under the same biogeochemical controls in situ and employ disparate strategies following DSW addition to capitalize on newly available resources. Being able to identify and
characterize multiple markers of limitation in a genera-specific manner for these eukaryotes
is of central importance to the modeling of aperiodic blooms of these groups in oligotrophic
systems.
The above analyses focus primarily on the gene content and transcriptional patterns;
however, the underlying eco-evolutionary metabolic traits for a functional group may be
better described by considering the shift in the total transcript pool (TPM). Using the
statistically resolved patterns of increases and decreases in transcript abundance, a variable
transcript allocation ratio (𝑉 𝑇 𝐴𝑅) was calculated to model functional group transcriptional
responsiveness to DSW amendment (Figure 4-4). 𝑉 𝑇 𝐴𝑅 > 1 indicates an efficient reallocation of the transcriptional potential from genes with decreased abundance to genes with
increased abundance following DSW amendment, while 𝑉 𝑇 𝐴𝑅 < 1 indicates an inefficient
reallocation. The dinoflagellates had variable 𝑉 𝑇 𝐴 scores due to their small pool of differentially abundant genes, however the 𝑉 𝑇 𝐴 scores consistently resulted in disparate patterns
for the diatom and the haptophytes (Figure 4-4). In every experiment, the diatoms fell
above the 1:1 line, with a 𝑉 𝑇 𝐴𝑅 > 1 (1.15 − 1.75), while haptophytes fell below, with a
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Figure 4-4: Variable transcript allocation space differentiates functional group strategies. The
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metabolism super group is illustrated as a pie slice in orange.
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𝑉 𝑇 𝐴𝑅 < 1 (0.58 − 0.83) (Figure 4-4). The relative efficiency of reallocation, here defined
by 𝑉 𝑇 𝐴𝑅, reflects differences in the metabolic traits of these functional groups and aligns
with preexisting ecological traits as defined by (Margalef, 1978). Diatoms are r-selected
with high maximum uptake rates that enhance their competition under high or fluctuating
nutrients (such as a DSW upwelling event). This trait is reflected in the significant decrease
in transcript abundance of many genes across a broad metabolic range coupled with the targeted increase of a subset of genes largely falling within the energy metabolism super module
(Figure 4-4), a pattern which was also observed with gene-focused analyses using trimmed
mean of M value (TMM) normalization (Marchetti et al., 2012; Robinson and Oshlack, 2010)
(Figure C-6). Haptophytes are K-selected, possessing a low half-saturation constant that
enhances growth under low nutrient conditions, but are unable to capitalize on nutrient
pulses like r-selected competitors. Again, this ecological trait is reflected in changes in the
haptophyte transcript pool. Though numerically fewer of their genes significantly decreased
in abundance with DSW addition, the total TPM represented by those genes with decreased
abundance exceeded that of those induced, defined by 𝑉 𝑇 𝐴𝑅 < 1 (Figure 4-4). This is also
reinforced by the gene-specific analysis (Figure C-6). It has been speculated that the mechanistic basis for the r- and K- tradeoff dichotomy in the phytoplankton lies in the disparate
investment in growth or resource acquisition machinery (Litchman and Klausmeier, 2008).
The large portion of the transcript pool that increased (𝑉 𝑇 𝐴𝑅 > 1) for diatoms shows an
ability to capitalize on newly available resources, with 14.2-14.9% of the increased TPM
in the KEGG energy metabolism super module (Figure 4-4). Haptophytes (𝑉 𝑇 𝐴𝑅 < 1),
by contrast, do not efficiently reallocate the transcript pool, with only 5.5-10.2% of the increased TPM in energy metabolism (Figure 4-4). In short, haptophytes do not appear to
modulate their transcript pool to capitalize on growth processes as efficiently as diatoms
(Figure 4-4).
These functional group-specific molecular and metabolic mechanisms underpin the aperiodic eukaryotic phytoplankton blooms in the oligotrophic ocean. Whereas both diatoms
and haptophytes, including calcifying groups, likely contribute to a shift towards a net autotrophic condition when there is a nutrient pulse, the ecosystem function of oligotrophic
systems may ultimately hinge on the unique trait of the diatoms to more efficiently turn
over their scavenger metabolism to one of enhanced production. This finding is consistent
with the dominance of diatom-associated BSi export relative to PIC export during summer
in the NPSG (Karl et al., 2012). Unlike the preceding 13 years of study at Station ALOHA
(Karl et al., 2012), enhanced production and export characteristic of bloom events were not
observed during the summer of 2012, which exhibited a period of sustained net-heterotrophy.
We demonstrated through simulated blooms that the metabolic capacity for enhanced production is inherent in the large eukaryotic phytoplankton regardless of water mass, suggesting
that the lack of bloom in 2012 was variably due to deficiency in macronutrients, vitamins,
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and metals. As the conditions observed during summer 2012 may be increasingly encountered in a future ocean (Doney et al., 2012), modeling the molecular traits and tradeoffs
of these populations will help better predict ecosystem state and metabolic balance of the
ocean.
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Chapter 5

Physiological response and strain variation
of the Emiliania huxleyi species complex
under changing nutrient environments

The supplemental figures, tables, and data sheets for this chapter can be found in Appendix D.
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5.1

Abstract

Phytoplankton are well tuned to respond to changing environments, which may happen at
the community-level with functional group succession, at the species-level through shifts in
strain composition, or at the strain-level through alterations to phenotype. Community-level
shifts have been well described; however, strain or phenotypic shifts have been more difficult
to identify and describe in the field. Here, we examined the intersecting roles of metabolic
plasticity and strain diversity in the response of natural populations of the biogeochemically
significant coccolithophore Emiliania huxleyi to shifting nutrient regimes in the North Pacific
Subtropical Gyre (NPSG). Using a metatranscriptomic approach, field observations were
paired with microcosm studies to track the compositional and metabolic responses to shifts in
the geochemical environment. The transcriptomes and genome of five strains were clustered
based on protein homology to identify the ‘core’ set of genes common across strains, as well
as sets of genes unique to each strain. These strain-specific gene sets were used to track strain
composition in the field and microcosms. The strain composition of the in situ samples varied
little over the sampling period, with transcripts specific to strains CCMP1516, CCMP370
and PLYM219 being the most abundant. Following the addition of nitrogen, however,
transcripts specific to strains CCMP374 and CCMP379 exhibited dramatic increases. In
addition to the variations in strain diversity observed following nutrient addition, significant
changes in transcript abundance were observed for gene pathways involved in nitrogen and
phosphorus metabolism. The data suggest that nitrogen is a major driver of the physiological
ecology of E. huxleyi in this system, and nitrogen supply may be linked to shifts in the ploidy
of the population and changes in both nutrient physiology and calcification state. Together,
these data underscore the ecological importance of the “pan genome” of E. huxleyi, suggesting
that genetic variability within the species complex combined with global metabolic plasticity
may be at the heart of its success in a wide variety of marine environments.

5.2

Introduction

Central to the carbon cycle, marine phytoplankton are estimated to constitute nearly half of
global primary productivity (Field et al., 1998). Beyond their contributions to primary production (1-10% of total marine carbon fixation), coccolithophores are an important source
of particulate inorganic carbon in the form of calcite (CaCO3 ) and are estimated to comprise about 50% of calcite deposition to sediments (Poulton et al., 2007). Consequently,
coccolithophores play a dual role in the cycling of carbon, both in the organic carbon pump,
drawing CO2 out of the atmosphere, and the carbonate counter pump, where CO2−
3 removed
for calcification decreases total alkalinity thus leading to a positive feedback on atmospheric
pCO2 (Zondervan et al., 2002). The ratio of calcification to carbon fixation has been found to
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vary across environmental factors such as temperature, salinity, light and nutrients (Paasche,
2001; Bollmann and Herrle, 2007; Zondervan, 2007; Feng et al., 2008).
Numerically, Emiliania huxleyi is the most abundant coccolithophore species in the modern ocean (Paasche, 2001), known for its cosmopolitan distribution and ability to form large
blooms in both eutrophic coastal regions and oligotrophic open ocean regions (Holligan et al.,
1993; Brown and Yoder, 1994). Margalef (1978) put forth a hypothesis that such blooms by
coccolithophores (K-selected) follow upon the boom-bust dynamics of diatoms (r-selected),
where diatoms bloom quickly, depleting the environment of key nutrients such as nitrogen
(N), phosphorus (P), and silica (Si). In these low nutrient environments, it is frequently E.
huxleyi, which is thought to be the most r-selected of the coccolithophores, that thrives and
blooms (Litchman et al., 2006). E. huxleyi is known to be well-adapted to such low-nutrient
environments, having the ability to alter its metabolism to scavenge nutrients from organic
compounds (Palenik and Henson, 1997; Dyhrman and Palenik, 2003; Bruhn et al., 2010;
Rouco et al., 2013). This metabolic plasticity may be central to its ability to adapt to the
environment and form large blooms.
The potential effects of rising atmospheric CO2 (Raven et al., 2005; Meinshausen et al.,
2011) on the production and calcification of this keystone phytoplankton group is debated
and has been found to vary both across environmental parameters, such as the nutrient
environment (Sciandra et al., 2003; Leonardos and Geider, 2005; Rouco et al., 2013), and
amongst strains (Riebesell et al., 2000; Iglesias-Rodriguez et al., 2008; Langer et al., 2009).
Beyond the variable response to carbonate chemistry, inter-strain variability has been observed in the ability to grow on various organic substrates (Strom and Bright, 2009) and
in enzymatic activities (Steinke et al., 1998; Dyhrman and Palenik, 2003; Alcolombri et al.,
2015). The capacity for this variability was largely revealed through the genome sequencing
of many E. huxleyi strains (Read et al., 2013). Historically believed to be a single species,
the genome of E. huxleyi, termed a “pan genome”, was found to be highly variable across
strains, not only in microsatellite regions, but in gene content, with up to 25% coding regions
variable across species (Read et al., 2013). Such genomic variability has been described in a
cosmopolitan cyanobacterial species (Kashtan et al., 2014) and may be central to the success
of these species in diverse environmental conditions (Biller et al., 2014), but had not been
previously described for a marine microeukaryote. While significant diversity as described
by non-coding microsatellite loci has been observed in the field (Iglesias-Rodriguez et al.,
2006), the variability of gene content as seen across various isolates has not been directly
observed in situ. Global surveys of mixed communities have suggested that the known diversity of E. huxleyi may be a cornerstone of its future response to changing ocean conditions
(e.g. increased stratification and acidification) (Beaufort et al., 2011).
In spite of the intersecting importance of metabolic plasticity and strain diversity in the
ecology of E. huxleyi, these dynamics have not yet been assessed in the field, being primarily
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limited to monoculture studies of individual isolates. Using a metatranscriptomic approach,
the relative contribution and activity of different strains of E. huxleyi and their combined
physiological signature were tracked both in situ in the North Pacific Subtropical Gyre and
under altered nutrient conditions through replicated microcosm incubations.

5.3
5.3.1

Materials and Methods
Sample collection and shipboard nutrient incubation experiments

Seawater for the in situ eukaryote community mRNA analysis was collected at the HOT,
Station ALOHA (22∘ 45′ N, 158∘ 00′ W) from a depth of 25 m at 1400 hrs (local time) on
six occasions during the summer of 2012 (S1: 6 August, S2: 12 August, S3: 24 August, S4:
30 August, S5: 2 September, S6: 5 September) using a Eulerian sampling scheme as part of
the Hawaii Ocean Experiment - Dynamics of Light and Nutrients (HOE-DYLAN) research
expedition as per Alexander et al. (2015b). Water was collected in acid-washed 20-L carboys
and approximately 60𝐿 of seawater was prescreened through 200𝜇𝑚 mesh and then filtered
onto polycarbonate filters (5.0𝜇𝑚 pore size, 47𝑚𝑚, Whatman) by way of peristaltic pump.
Filters were changed every 20 minutes or when flow rate decreased. Filters were placed in
cryovials and stored in liquid nitrogen until mRNA extraction. The total length of filtration
time did not exceed 3 hours.
In conjunction with these field-based surveys, two factorial nutrient amendment incubation experiments, here referred to as E1 and E2, focused on shifting the ratios of the
macronutrients N and P were performed with natural communities (T0 of E1 was S1 and T0
of E2 was S4) (Table 5-1). Incubations were modeled after a simulated 10% deep seawater
(DSW) upwelling as described in Alexander et al. (2015b). The concentration of iron was
based on Marchetti et al. (2012) and vitamin B12 was modeled after Bertrand et al. (2007).
Triplicate 20-L carboys of each treatment were incubated at 30% surface light-levels using
on-deck incubators for 7 days and processed as described above, on the final day at 1400 hrs
−
−
(local time). Nutrient concentrations for phosphate [PO3−
4 ], nitrate and nitrite [NO2 +NO3 ]

were measured by filtering 125𝑚𝐿 of seawater through a 0.2𝜇𝑚, 47𝑚𝑚 polycarbonate filTable 5-1: Final nutrient concentrations used in nutrient amendment incubations.

Amendment
Nitrate
Phosphate
Silica
Iron
Vitamin B12
Deep Seawater (700m)

Control
-

+N
4𝜇𝑀
-
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Treatment
+P
-N
3𝜇𝑀 3𝜇𝑀
8.7𝜇𝑀
5𝑛𝑀
100𝑝𝑀
-

-P
4𝜇𝑀
8.7𝜇𝑀
5𝑛𝑀
100𝑝𝑀
-

+DSW
10% v/v

ter, and stored frozen (-20∘ C) in acid washed bottles until analysis at the Chesapeake Bay
Lab at the University of Maryland according to the facility’s protocols. Samples for alkaline phosphatase activity (APA) were collected by filtering 250-mL of whole seawater onto
polycarbonate filters (0.2𝜇𝑚 pore size, 47𝑚𝑚, Whatman) and frozen at -20∘ C. These filters
were then resuspended in artificial seawater and assayed for APA fluorometrically using the
fluorogenic phosphatase substrate 6,8-difluoro-4-methylumbelliferyl phosphate (diMUF-P,
Molecular probes) following established field protocols (Dyhrman et al., 2006). Chlorophyll
a was measured on whole water samples collected onto GF/F filters (25𝑚𝑚, Whatman)
using a 90% acetone extraction and assayed by fluorescence using the AquaFluor Turner
TD700 (Parsons et al., 1984).

5.3.2

RNA extraction and sequencing

RNA was extracted from individual filters with the RNeasy Mini Kit (Qiagen), following a
modified version of the yeast protocol. Briefly, lysis buffer and RNA-clean zirconia/silica
beads was added to the filter and samples were vortexed for 1 minute, placed on ice for
30 seconds, and then vortexed again for 1 minute. Samples were then processed following
the yeast protocol. The resulting RNA was eluted in water and then treated for possible
DNA contamination using TURBO DNA-free Kit (Ambion) following the Rigorous DNase
protocol. RNA from individual filters was then pooled by sample, using the RNA Cleanup
Protocol from the RNeasy Mini Kit (Qiagen). The resulting RNA sample thus represented
approximately 56𝐿 of total seawater for the in situ sample. Filters were across triplicate
bottles by treatment, totaling 56𝐿 from each of the incubation treatments. The total RNA
sample was then enriched for eukaryotic mRNA through a poly-A pull down. The resulting
enriched mRNA sample then went through library preparation with the Illumina TruSeq
mRNA Prep Kit (Illumina). Libraries were sequenced with the Illumina HiSeq2000 at
Columbia Genome Center (New York, NY). Each sample was sequenced to produce a targeted 60 million, 100 base pair, paired end reads. Raw sequence data quality was visualized
using FastQC and then cleaned and trimmed using Trimmomatic v 0.27 (paired end mode;
6-base pair wide sliding window for quality below 20; minimum length 25 base pair).

5.3.3

Community- and strain-specific mapping and expression analysis

Transcriptome sequences and annotations generated through the Marine Microbial Eukaryote Transcriptome Sequencing Project (MMETSP) (Keeling et al., 2014) that were made
public as of 17 March 2014 were collected and treated as per Alexander et al. (2015b) to
track species composition of the metatranscriptomes. Due to the large size of the resulting MMETSP database, trimmed reads from the metatranscriptome were mapped to the
MMETSP using the Burrows-Wheeler Aligner (Li and Durbin, 2010) (BWA-mem, parameters: -k 10 -aM) and then counted using the HTSeq 0.6.1 package (Anders et al., 2014).
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The combined transcriptomes from unialgal cultures of four strains of E. huxleyi, CCMP374,
CCMP379, CCMP370, and PLYM219 (Table D-1), were collected from the MMETSP. The
combined assemblies, as assembled with the National Center for Genome Resources (NCGR)
pipeline on September 4, 2013, are available through the iMicrobe data commons. In addition to these four transcriptomes, the predicted transcripts from the E. huxleyi genome,
strain CCMP1516, were used. The predicted protein translation of each of the transcriptomes was used for quality control and gene clustering. Each of the translated transcriptomes were trimmed based on predicted peptide length, requiring sequences to be longer
than 70 amino acids. The resulting set of genes was considered for subsequent analyses.
Peptide sequences were clustered into gene clusters with orthoMCL (Li et al., 2003), using standard parameters: BLASTP with an e-value cutoff of 1e-5, and an inflation value
(-I) of 1.5. Initially, the transcripts unique to CCMP1516, here surveyed using the predicted transcripts from the genome, were the most dominant of the subsets of genes in these
analyses, representing 50% of the E. huxleyi reads in the field (Figure D-1). Closer inspection demonstrated that many of the most highly represented genes identified as unique
to CCMP1516 were associated with metabolic stasis or senescence (e.g. OG1_5_1124, a
group of homologous proteins in the E. huxleyi genome such as JGI #413698 annotated as
putative senescence-related proteins and highly expressed in all field samples). Many of the
proteins in the unique set of CCMP1516 were identified as ‘core’ amongst the 13 strains
surveyed by Read et al. (2013), yet were absent in some or all of the transcriptomes of the
four strains in this study. This absence likely is related to the fact that these strains were
largely sampled under exponential growth conditions, limiting the expression of genes that
might be associated with stressors or stasis. The lack of ‘core’ gene representation in some
of these transcriptomes underscores the importance of growth condition in transcriptome
completeness.
Using the orthoMCL clustering of like-transcripts across strains, a framework was established to track relative expression of genes from E. huxleyi at two levels: 1) the orthologus
group, which considers the summed signature of all transcripts across strains, and 2) the
transcript, which is specific to a single transcript or strain. With this clustering framework,
field and incubation samples were mapped to the data set using RNA-Seq by Expectation
Maximization (RSEM), a software package designed to estimate gene and isoform expression values from RNA-seq data. Here we define orthologous groups as genes and individual
transcripts (from any strain) as isoforms. Data were mapped using RSEM version 1.2.20
(parameters: –paired-end -p8 -bowtie2 -bowtie2-mismatch-rate 0.2)1 . A r-mode principal
component analysis (PCA) was performed using the PCA function within the Python scikitlearn module (v. 0.15.2) to assess the relative contribution of individual strains to the “core”
1
A note: RSEM is not yet able to deal with gapped mapping, such as enabled by BWA, which was used
for the community-level mapping due to database size constraints.
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gene set expression profile across samples. Taking a conservative approach, the RNA abundances from like treatments (each consisting of pooled triplicate bottles), which were run
with different communities from separate water masses more than two weeks apart, were
considered to be biological replicates for differential abundance analysis. These analyses
were run with edgeR using default parameters to calculate dispersion and to assess differential abundance of both individual transcripts and orthologous groups of each of the amended
incubations compared to the no-addition control. Genes thought to be associated with nitrogen and phosphorus metabolism (Dyhrman et al., 2006; Rokitta et al., 2014; McKew
et al., 2015) and with calcification and ploidy state (von Dassow et al., 2009; Mackinder
et al., 2011; Frada et al., 2012) were compared against the translated proteins comprising
the orthologous groups used in this study (tblastn with an e-value cutoff of 1e-20).

5.4

Results and Discussion

Large eukaryotic phytoplankton (> 5.0𝜇𝑚) from the surface mixed layer at Station ALOHA
in the NPSG were sampled six times in the summer of 2015, following a Eulerian sampling
scheme. To perturb the nutrient environment of the community, two identical microcosm
incubation experiments were conducted with natural populations approximately two weeks
apart. These experiments included a no addition control, a 10% (v/v) deep (700𝑚) seawater
(DSW) treatment to simulate upwelling, and four treatments designed to skew the nitrogen
(N) : phosphorus (P) ratio (Table 5-1, Figure D-2). Total mRNA was extracted and deeply
sequenced from these samples, using poly-A selection to isolate the eukaryotic mRNA. Sequence reads from the in situ and experimental treatments were conservatively mapped to
a custom database comprised of all publicly available transcriptomes in the Marine Microbial Eukaryotic Transcriptome Sequencing Project (MMETSP) (Keeling et al., 2014). Data
were also mapped separately to a curated set of available E. huxleyi transcriptomes (Keeling
et al., 2014)) and to the genome (Read et al., 2013) encompassing five genetically distinct
strains: CCMP1516, CCMP370, CCMP374, CCMP379, and PLYM219 (Table D-1).

5.4.1

Diatom and haptophyte community structure

The taxonomic composition of the RNA pool was used to examine diatom and haptophyte
populations over time and in the microcosms. Population structure, as measured with
Spearman rank abundance, was stable across all in situ samples for both the haptophytes
and the diatoms (Figure 5-1A). However, a distinct shift in the population structure of
diatoms and haptophytes occurred following the addition of N. Treatments to which N
was added (+N, -P, +DSW) clustered separately from those to which no N was added
(in situ, control, +P, -N), with UPGMA distance between the two clusters of 0.45 and
0.5 for diatoms and haptophytes, respectively (Figure 5-1A). In diatoms, clustering was also
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observed between treatments to which Fe was added in addition to N (-P, +DSW) compared
to treatments to which only N was added (UPGMA distance of 0.28) (Figure 5-1A). This
pattern was not observed in haptophytes, where the -P treatments clustered separately
from the +N and +DSW treatments (Figure 5-1A). Following N-addition there was an
increase in RNA reads associated with Emiliania relative to its abundance in the control,
but no other haptophyte became the most abundant (Figure 5-1C, D). While E. huxleyi was
consistently the most abundant haptophyte (Figure 5-1C, D), the dominant diatom changed
from Pseudo-nitzschia to Cylindrotheca when N and Fe were both added (Figure 5-1C, D).
This pattern was strikingly consistent across both microcosms separated in time by several
weeks (Figure 5-1). The importance of Si and Fe in the structuring of diatom populations is
well-documented (Marchetti et al., 2005, 2012), and here treatments containing N and Fe are
clearly driving changes in diatom rank abundance at the genus level. A similar pattern was
not observed within the haptophytes, where E. huxleyi was consistently the most abundant.
The strain diversity as manifest in the “pan genome” of E. huxleyi (Read et al., 2013) may be
central to the observed dynamics between haptophytes and diatoms, with strains diversity
in E. huxleyi being analogous to the genus diversity in diatoms.

5.4.2

E. huxleyi species-complex physiological ecology

Clustering of orthologous proteins was used to isolate the transcript signals from different
E. huxleyi strains in the field and examine strain-specific physiological ecology. From the
five strains isolated across the world’s oceans (Figure 5-4A) there were a total of 132,888
predicted transcripts (Table D-1). Despite the variable isolation locations, the gene content
of these strains covered the same major functional classes with similar relative abundances at
the broad level of the KOG class (Figure D-3). Grouping these transcripts based on predicted
protein homology using OrthoMCL (Li et al., 2003) yielded 56,647 distinct orthologous
groups. Orthologous groups varied in size and strain representation, with some groups
containing proteins from a single strain and some groups having representative proteins from
each of the five strains surveyed here (Figure D-4). To better understand the physiology of
the E. huxleyi species complex, metabolic pathways putatively related to N, P, calcification,
and ploidy were tracked for both the ‘meta’ organism (sum of all strains – orthologous group)
and for individual strains.
Typically, in culture based studies sequencing of biological replicates is used to constrain
the variability observed within RNA expression. Here, a conservative approach is taken,
considering the two replicated experiments, which were performed two weeks apart with
different initial communities, to be biological replicates. As such, the two biological replicates used in our statistical analyses of differential expression consisted of entirely different
starting populations of E. huxleyi and different overall communities. Using these biological
replicates, the significance of differential abundance was assessed for each of the orthologous
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Figure 5-1: Population shifts in response to nitrogen addition for both haptophytes and diatoms
differ with addition of Fe. Caption continued on following page.
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Figure 5-1: Population shifts in response to nitrogen addition for both haptophytes and diatoms
differ with addition of Fe. Spearman rank correlation was used to assess the species composition
shifts within both diatoms and haptophytes across all samples: six in situ samples (S1-S6) and each
of the nutrient amended conditions (+N, -N, +P, -P, +DSW) and the unamended control (C) for both
E1 and E2, indicated as 1 or 2. The Spearman rank correlations were clustered hierarchically using
the Unweighted Pair Group Method with Arithmetic Mean (UPGMA). The relative contribution of
the most abundant diatom and haptophyte genus to all mapped reads was tracked across six in situ
samples and two incubation experiments. The percentage of all mapped reads corresponding to the
most dominant diatom (grey line, squares) and haptophyte (black line, circles) genus in each of the
in situ samples (B) and in each of the two replicated incubation experiments, E1 (C) and E2 (D).
The taxonomic designation of the most abundant taxa is indicated by the marker color. Nutrients
added to incubation experiments are indicated on the exterior of the radar plots, indicating the
addition of nitrate, phosphate, vitamins, and FeCl.

groups and individual gene orthologs in each of the amended incubations compared to the no
addition control with edgeR. Genes with a two-fold increase (FDR < 0.05) were considered
to be differentially abundant. Broadly speaking, for a gene to be considered significantly
differentially abundant, it had to be similarly shifted between treatments in both of the
two replicated experiments. Using this approach, treatments to which nitrate was added
(namely, +N, -P, and +DSW) had between 1,212 and 1,466 orthologous groups with FDR
< 0.05 compared to treatments with no N added that had at most 2 genes significantly differentially abundant (Figure D-5). The significantly differentially abundant genes for the three
treatments that received N were conserved, with 45% of differentially abundant orthologs
common across treatments (Figure D-6). Far fewer strain-specific transcripts (161 - 918)
were identified as significantly regulated (Figure D-5, Data Sheet 5-3). This is likely due to
a lack of statistical power, in that the coverage of individual strains was necessarily lower
than the whole. Because of this, the following sections focus on the expression of orthologous
groups, which consider the global signature of all the strains. However, it is worth noting
the wide spread of estimated fold change of individual, strain-specific transcripts compared
to the orthologous group (Figure 5-2).
Nitrogen scavenging and assimilation
Broadly speaking, genes associated with N-metabolism, which were significantly differentially abundant following N-addition, could be broken into two groups: genes associated
with the response to N-limitation and genes associated with the response to newly available
substrates produced over the course of the experiment, such as ammonium (Figure 5-3A).
In microcosm treatments that received N, a number of gene families that are known to be
regulated by N supply had decreased abundance. For example, transporters of organic and
inorganic N sources were significantly decreased (FDR < 0.05) relative to the no addition
control (Figure 5-2). This included a family of urea transporters (UTP), ammonium transporters (AMT), and nitrate transporters (NRT) (Figure 5-2, Data Sheet 5-1, Data Sheet
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Figure 5-2: Fold change of genes associated with nitrogen and phosphorus metabolism, calcification, and ploidy across each of the incubation amendments compared to the no addition control.
The significance of log fold change of orthologous groups associated with N and P metabolism, calcification, and ploidy state was assessed with edgeR across the five amended incubations relative to
the no addition control (opaque grey). The size of the orthologous group marker is proportionate to
the log of the mean abundance across the two treatments. Orthologous groups that are significantly
differentially abundant (FDR < 0.05) are highlighted in red. Individual transcripts within an orthologous group are plotted in light grey or red to indicate significance of fold change. Genes of interest
are labeled with abbreviations as follows, labels in bold indicate significant regulation in two or more
conditions. Acetamidase, Amidases (AMD); Formaidase (FMD) Acety-CoA carboxylase (ACCase);
Ferredoxin-dependent glutamate synthase (GLT); Nitrate transporter (NRT); Urease (URE); Urea
transporter (UTP); Glutamine synthase type II (GS type II); Glutamine synthase type III (GS
type III); Ammonium transporters (AMTs); Formate/nitrite transporter (NAR); Glycerophosphoryl diester phosphodiesterase (GDP); Vacuolar transport chaperone (VTC); 5’-nucleotidase (NTD);
Alkaline phosphatase (AP1); Phosphate repressible phosphate permease (PRPP); Alternative oxidase (AOX); Plasma membrane H+ ATPase (ATPase); Vacuolar H+ -ATPase V1 sector, subunit B
+
2+
(ATPVB); Ca+
2 /Mg2 -permeable cation channel (CX); Glutamic acid, proline, and alanine rich Ca
−
+
−
binding protein (GPA); Anion (Na -independent Cl /HCO3 ) exchanger (AE1); 𝛽-type carbonic anhydrase (𝛽CA), 𝛿-type carbonic anhydrase (𝛿CA), 𝛾-type carbonic anhydrase (𝛾CA); voltage-gated
+
+
Ca2+ channel (CAV); Na+ /Ca+
2 -K exchanger (NCKX); Vacuolar H -ATPase V0 sector subunits
c/c (ATPVcc); Dynein heavy chain (DYH); Histone H2A (H2A).
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5-2). In addition to the decreases in UTP, urease (URE), which scavenges N in the form
of NH+
4 from urea, was significantly decreased following N-addition. Of the N-metabolism
genes surveyed, the largest decrease in abundance was observed in three orthologous groups
of amidases (AMD) and formamidases (FMD), which scavenge NH+
4 from amides and formamides (Figure 5-2). These patterns were found to persist not only across the two replicated experiments but also across treatments, with many of the genes being significantly
regulated in more than one N-amended condition (e.g. DSW, -P, and +N).
There was a strong correlation between the observed patterns of transcript regulation for
each of the aforementioned gene families and prior transcriptomic (Rokitta et al., 2014) and
rate-based (Palenik and Henson, 1997; Bruhn et al., 2010) studies focused on N-limitation
responses. Most striking, however, is the coordination of each of these markers with a labbased proteomic study of the physiological response of CCMP1516 to N-limitation (Figure 53A) (McKew et al., 2015). The AMT, NRT, and UTP gene families observed to be less
abundant in N-amended incubations were each significantly increased in the proteome of
N-limited cultures of CCMP1516 (Figure 5-3A). Additionally, the URE and one of the FMD
gene families were found to have increased abundance in proteomic analyses (Figure 53A). This pattern of regulation in URE was also observed at the transcript level in Nlimited cultures of E. huxleyi, where the enzyme may serve as a means of accessing N
from the ornithine-urea cycle (Rokitta et al., 2014) or as a means of accessing exogenous
urea (Dyhrman and Anderson, 2003). E. huxleyi is known to grow on amides and other
organic N sources (Palenik and Henson, 1997), and N-limiting conditions are known to
cause increases in transcripts and enzyme activity for the AMD/FMD (Bruhn et al., 2010;
Palenik and Henson, 1997). The data from this field study combined with many previous labbased studies suggest that these N-limitation responses are highly conserved across strains
(Figure 5-5), and across environmental and laboratory conditions as well (Figures 5-2 and 53).
Several markers of changes in N assimilation and energy production were pronounced
following the addition of N to the incubations. The NH+
4 released by FMD, AMD, and
URE is ultimately incorporated into biological material through glutamine synthase (GS)
(Rokitta et al., 2014). A shift between the smaller, GS type II, under low N conditions to
the larger GS type III with a higher N requirement, following N-addition was observed. In
culture transcriptome comparisons, Rokitta et al. (2014) noted that in both haploid and
diploid stages, E. huxleyi induces a malate:quinone-oxidoreductase (MQO) that can bypass
malate-dehydrogenase (MDH) in the TCA cycle and feed electrons directly into the electron
transport chain to enable the production of ATP, while limiting carbon loss to respiration.
MQO was significantly decreased (between 5 and 9 log fold change) in both +N and +DSW
(Figure D-7). Additionally, though not significantly different, MDH increased 6.4 fold under
N-addition (FDR = 0.36) (Figure D-8). The MQO, absent from diatom genomes but found
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to be highly expressed in E. huxleyi both in N-limited cultures and in this oligotrophic
setting, may be a unique and niche-defining aspect of E. huxleyi response to changes in
N. The coordination of the N-induced transporters, enzymes used for the scavenging of N
from organic molecules, and shifts in energy metabolism strongly suggest that the in situ
population of E. huxleyi was released from N-limitation with the presence of an added N
source, here nitrate.
One exception to the coordination observed between the field data with McKew et al.
(2015) and other transcriptomic studies (Dyhrman et al., 2006; Rokitta et al., 2014) were a
set of transporters that were significantly increased following N-addition. In each treatment where N was added, three groups of ammonium transporters (AMTs) and a nitrite/formamide transporter (NAR) significantly increased. While an increase of AMT has
been observed in N replete centric diatoms (Bender et al., 2014), this shift was likely due to
the setting of these experiments. Unlike studies done on axenic cultures, these incubations
were performed with whole seawater, consisting of mixed communities of heterotrophic,
mixotrophic, and autotrophic organisms. Over the course of the incubation, it is likely that
there was active remineralization (Casciotti et al., 2008) that may have produced ammonium
or amides.
These observations provide an unprecedented glimpse at the import of N in controlling in
situ molecular physiology of E. huxleyi in the NPSG. Moreover, the choreography observed
in the patterns of gene regulation between laboratory studies on axenic, monoclonal cultures
and field incubation experiments with mixed communities is striking and suggests that these
responses are highly conserved within E. huxleyi.
Phosphorus scavenging
The N:P ratio was elevated in the +N, +DSW and -P treatments, the latter of which
represented the most extreme condition (Figure D-2). Genes associated with P-metabolism,
and known to be P-regulated in culture (Dyhrman et al., 2006; McKew et al., 2015) showed
a global trend towards increased abundance following N-addition. The -P condition had
more genes changing in P-metabolism than the other treatments, with significant increases
observed in genes associated with P-transport, P-scavenging from organic molecules, and
polyphosphate (poly-P) metabolism. A family of vacuolar transport chaperonins (VTC),
which are thought to be associated with poly-P metabolism (Ogawa et al., 2000; Hothorn
et al., 2009; Dyhrman et al., 2012), had the largest significant fold change in each of the
conditions to which N was added (Figure 5-2). Although poly-P accumulation was thought
to be a luxury uptake response (Perry et al., 1976), VTC has been observed to be increased in
diatoms under P-limitation (Dyhrman et al., 2006, 2012) and may be indicative of internal
poly-P cycling consistent with recent observation of bulk poly-P in the NPSG and the
Sargasso Sea (Martin et al. 2014; Diaz et al. 2015).
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Figure 5-3: Coordination between lab-based proteomic studies of nitrogen and phosphorus limitation in CCMP1516, bulk enzymatic activity, and patterns of transcript abundance in the field. The
relative regulation and significance of genes associated with nitrogen (N)-limitation and substrate
response (A) and phosphorus (P)-limitation (B) are shown for each of +N, -P, and deep seawater
(+DSW) compared to the control no addition as well as for the proteomic data from McKew et al.
(2015). The bulk community alkaline phosphatase activity (APA) at the time of RNA sampling
(7 days) was assessed for each of the six conditions in E2 (C). Significant differences in APA are
marked with a, b, and c (Tukey HSD, 𝑝 < 0.05). The relative transcript abundance in transcripts
per million (TPM) for E. huxleyi AP1 is plotted in orange for each of the samples.

Genes associated with the scavenging of inorganic phosphate (P𝑖 ) from organic molecules
were also significantly increased, with two glycerophosphoryl diester phosphodiesterase (GDP)
orthologous groups and a 5’-nucleotidase (NTD) orthologous group significantly more abundant following N-addition (Figure 5-2). Additionally, two P-regulated gene families that are
well-characterized in E. huxleyi, alkaline phosphatase (AP1) (Xu et al., 2006) and phosphaterepressible phosphate permease (PRPP) (Chung et al., 2003; Dyhrman and Palenik, 2003;
Dyhrman et al., 2006), were significantly increased only in -P (Figure 5-2). This suggests
that high affinity P transport and the hydrolysis of phosphomonoesters like nucleotides are
central to the low-P-response in E. huxleyi. These responses appear to be highly conserved,
as they have been observed in the responses of diatoms and pelagophytes to P-limitation
(Wurch et al., 2011b; Dyhrman et al., 2012).
As with the genes associated with N-limitation, genes associated with P-limitation were
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well choreographed with the proteomic data from McKew et al. (2015) (Figure 5-3B). Each
of the gene families identified as significantly increased in the -P treatment was significantly
increased in the P-limited cultures of CCMP1516, with the exception of two gene families,
which were likely below their detection limit or lost during the extraction because of membrane association (Figure 5-3B). Notably, NTD, which was not detected by McKew et al.
(2015) in CCMP1516, was found to be present in E. huxleyi CCMP374 and CCMP373,
and induced under P-limitation (Dyhrman and Palenik, 2003). Similarly PRPP has been
found to be induced under -P conditions at both the transcript- (Dyhrman et al., 2006) and
protein-levels (McKew et al., 2015), as well as in cultures grown on organic nitrogen (Bruhn
et al., 2010).
The regulation of E. huxleyi AP1 showed particular sensitivity to the presence of P𝑖
in the environment (Figure 5-3B,C). Alkaline phosphatase is a cell surface protein used for
scavenging organic P from the environment and its induction in -P is seen in many diverse
phytoplankton groups (Sakshaug et al., 1984; Dyhrman and Palenik, 1997, 2003; Wurch
et al., 2011a). AP1 in E. huxleyi has been shown to be increased 1000-fold at the transcriptlevel when subjected to P-limiting conditions (Xu et al., 2006), and was found to constitute
3% of all spectral counts in a P-limited proteomic data (McKew et al., 2015). In +DSW,
where the added P was higher than the no addition control, -P, and +N, there was a slight
decrease in AP1 transcript abundance. Additionally, bulk community alkaline phosphatase
activity (APA) was significantly increased in the -P condition relative to all other treatments
(Tukey HSD, 𝑝 < 0.05) and tracked well with the AP1 transcript abundance (Figure 5-3B,
C). The difference between bulk community activity and transcript abundance in the +DSW
treatment underscores the power of species-specific methods, suggesting that other organisms
in the community might be less sensitive to the presence of inorganic phosphate. This falls
in line with previous findings that suggest that E. huxleyi may have one of the highest
affinities (out of the eukaryotic algae) for P, leading to its success in P-limited competition
experiments (Riegman and Stolte, 2000) and potentially enabling its ability to bloom in low
P environments (Lessard et al., 2005). Unlike the diatoms, which appear to be co-limited
by N and Fe (Figure 5-1), E. huxleyi appears to be primarily limited by N, with P being
secondarily limiting.
Shift in life stage and calcification state
Tracking genes associated with ploidy state and calcification suggests that the community
in the NPSG and in non-N-amended incubations were haploid and non-calcifying. The
addition of N, however, putatively shifted the community to diploid and calcifying states
(Figure 5-2). Genes thought to be associated with calcification (Mackinder et al., 2010)
and found to be up-regulated in calcifying cells (Mackinder et al., 2011) were found to be
significantly increased following N-addition. These genes included those associated with
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inorganic carbon transport (e.g. carbonic anhydrases ( 𝛽, 𝛾, 𝛿CA) and a group of anion
+
(Cl− /HCO−
3 ) exchangers (AE1)), calcium (Ca) acquisition (e.g. voltage-gated Ca2 channel
+
+
+
(CAV), Na+ /Ca+
2 -K exchanger (NCKX), and Ca2 /Mg2 -permeable cation channel (CX)),

and proton transport (e.g. Vacuolar H+-ATPase V0 sector subunits c/c (ATPVcc)). Simultaneously in N-amended incubations, there was a significant decrease in the abundance
of two genes used as markers of haploid life phase (Frada et al., 2012), dynein heavy chain
(DYH) and histone H2A (H2A). The life cycle of E. huxleyi is thought to fluctuate between diploid and haploid stages, with calcification only occurring in the diploid stage, and
motility occuring during the haploid stage (Paasche, 2001). The coordinated increase of
genes associated with calcification with the decrease of genes associated with haploid life
stage, particularly DYH, which is integral to the flagella, highlight this known association of
calcification and ploidy state (Frada et al., 2012). Interestingly, recent work has suggested
the erosiion of the 1N-specific genes, such as those integral to flagella formation, in several oligotrophic strains of E. hxuleyi (von Dassow et al., 2015). The pattern of increased
calcification following N-addition also falls in line with previously described coordination between nutrient environment and calcification in E. huxleyi (Paasche, 2001). P-limitation has
been observed to increase Ca content per coccolith and induce calcification in non-calcifying
cultures, while N-limitation was found to decrease Ca content per coccolith (Paasche and
Brubak, 1994; Paasche, 1998). The link between ploidy or life phase and nutrient concentration is not well understood (Green et al., 1996), though a connection to viral infection
has been hypothesized (Frada et al., 2008). Thus, the predominant state of the in situ
population of E. huxleyi in the NPSG appeared to be haploid and non-calcifying in E1 and
E2, but shifted with N-addition, suggesting either the strong control of N on the life stage
of the population or, potentially, consistent pressure from viruses.

5.4.3

Strain variability with altered geochemistry

There were 5,243 genes identified as shared amongst the five strains here, fewer than the
nearly 20,000 ‘core’ genes reported in the comparative genome analysis (Read et al., 2013).
To encompass the most comprehensive set of common genes, all proteins identified as ‘core’
by Read et al. (2013) were added to the shared orthologous groups, resulting in 16,914 ‘core’
orthologous groups (Figure D-1, Figure 5-4B). This ‘core’ set accounted for 80% of the reads
mapping to E. huxleyi in the field and 70% in incubations (Figure D-1). The sum of the
five sets of genes unique to each of the strains accounted for 15% of all transcripts mapped
to E. huxleyi (Figure 5-4C). Using the strain-specific orthologous groups as a metric for the
relative strain composition in the field (or marker of the most active strain), reads mapped
to each of the five strains across the month-long sampling period (Figure 5-4C). These data
are consistent with the finding that single cells of cosmopolitan taxa isolated from the same
environment may possess diverse sets of genetic alleles and flexible gene sets (Kashtan et al.,
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2014). These results also mirror microsatellite studies of E. huxleyi that found high diversity
at the global-scale and many genetic polymorphisms between individuals collected in the
same sample (Iglesias-Rodriguez et al., 2006).
The strain composition of the in situ samples varied little over the sampling period.
Strains CCMP1516, CCMP370, and PLYM219 had the highest apparent abundances of
strain-specific transcripts, while those of CCMP374 and CCMP379 were less abundant (Figure 5-4C). Although the dominant haptophyte species did not change regardless of nutrient
treatment as did the dominant diatom (Figure 5-1C, D), apparent shifts in the strain-level
composition of the E. huxleyi were observed. In addition to being dominant in the field,
transcripts specific to CCMP1516 and PLYM219 were the most abundant in treatments
where N was not added (Control, -N, +P) (Figure 5-4D, E). By contrast, transcripts specific to both CCMP379 and CCMP374 exhibited dramatic increases (e.g. < 1% to 5% of
reads for CCMP374) following N-addition in both experiments (Figure 5-4D, E). These shifts
may reflect the different capabilities within the original seed population, such as previously
observed in strain variability in growth rate on different organic nitrogen substrates (Strom
and Bright, 2009) or enzymatic activity (e.g. FMD) (Palenik and Henson, 1997; Bruhn
et al., 2010). Given better sequencing coverage, variability between strains in the expression
of genes, such as FMD, might have been statistically distinguishable (Figure 5-2).
A subtle difference in the N-amended treatments consistent across experiments was that
strain-specific transcripts associated with CCMP379 were more abundant in the -P treatment, which had been augmented with iron and vitamins (Figure 5-4D, 2E). Such enhanced
abundance of a particular strain with added trace metals is potentially supported by the
heterozygosity observed in trace metal-associated genes (Read et al., 2013) and trace metal
quotas across strains (Sunda and Huntsman, 1992, 1995), or ability to thrive in low P environments (Dyhrman and Palenik, 2003). These results suggest both that multiple strains
co-exist in the same environment and that alterations in the geochemical environment can
shift the relative abundance and activity of various strains. Such observations support the
hypothesis by Read et al. (2013), who postulated that the diversity in the pan genome as
observed across cultured isolates may be present in the field and central to the cosmopolitan
nature of E. huxleyi.
In addition to the observed shifts in strain abundance following changes in the geochemical environment, the expression of the set of 5,243 shared genes (Figure D-4) was examined
by strain across the nutrient treatments to statistically validate the apparent shifts in strain
abundance and transcriptional response. The 5,243 shared gene set was better annotated
than the entire set of orthologous groups, with 73% of the shared orthologous groups annotated with KOG as compared to only 36.9% for the sum (Figure D-9), likely because
this set contains essential and well-studied metabolic pathways (e.g. carbon fixation). Focusing on this relatively well-annotated fraction, RSEM (Li and Dewey, 2011) was used to
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Figure 5-4: The distribution, orthologous grouping, and relative representation of E. huxleyi strains
in the field and in incubation experiments. Strains used in this study were isolated from different
oceanographic regions (A). Genes were clustered based on protein homology using OrthoMCL to
identify the ‘core’ orthologous groups (OGs) common to all strains, OGs present in some but not all
strains (Mix), and OGs unique to each of the strains (B). The relative contributions of the unique
gene sets were tracked across time in the field (C) and in each of the incubation experiments, E1 (D)
and E2 (E). Nutrients added to incubation experiments are indicated on the exterior of the radar
plots, indicating the addition of nitrate, phosphate, vitamins, and FeCl.

estimate the relative contribution of each ‘isoform’, here defined as the orthologous genes
from each of the strains comprising the ‘core’ orthologous group (Figure D-10). Principle
components analysis (PCA) of the estimated TPM of the 5,243 shared orthologous groups,
broken down by the five strains across time and experimental condition, showed separation
of strains and conditions. The first three components of the PCA explained 36.2% of the
variance (Figure 5-5). The primary separation occurred along the first component (20.5%
of variance), which clearly separated treatments to which N was added from treatments
where no N was added (Figure 5-5C), similar to shifts observed between functional groups
following DSW addition (Alexander et al., 2015b). No difference was seen between strains
in the first three components in the treatments to which no N was added (Figure 5-5A,B).
The second and third component separated strains in treatments where N was added, with
the second component (8.1%) separating CCMP1516 from the four other strains and the
third component (7.6%) separating CCMP379 from CCMP374 (Figure 5-5B). Interestingly,
these data appear mirror observations of the abundance of unique gene sets Figure 5-4, as
the unique gene sets of CCMP379 and CCMP374 were observed to increase in abundance
following N-addition (Figure 5-4). These data suggest that the metabolic profiles of strains
based solely on shared genes are similar, at least in the context of this very oligotrophic environment, where haptophytes are thought to be limited (Alexander et al., 2015b). Strikingly,
the addition of N appears to change the metabolic profile of all strains in a similar way, e.g.
enhanced carbon fixation (Component 1), such as was observed in the strong conservation
and choreography of N and P metabolic genes (Figure 5-2). However, differences between
the responses of strains in the shared set of genes exist (Components 2 and 3), paralleling
observations of variable response to nutrient pulses across diatom species (Alexander et al.,
2015a).
With their description of the pan genome of E. huxleyi, Read et al. (2013) speculated
that the variability in gene content across strains may be indicative of the Bass-Becking
hypothesis, or “everything is everywhere but the environment selects” (Baas-Becking, 1934;
de Wit et al., 2006), holding true for the strain diversity observed in E. huxleyi. These
data from both field observations and incubation experiments demonstrate that a diverse
consortium of strains existed simultaneously in the field (Figure 5-4C). Furthermore, the
shift in strain composition or activity in N-amended treatments (Figure 5-4D,E) may be
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Figure 5-5: Principle components analysis of the RSEM-estimated strain-specific contributions to
the observed abundance of each of the 5,243 orthologous group common amongst the five strains in
the field. A PCA was performed on the RNA-Seq by Expectation Maximization (RSEM) estimated
TPM abundance of strain-specific transcripts within the 5,243 shared orthologous groups across all
in situ and incubation samples. The first three components, which in total explain 36.9% of the
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2 versus Component 3 (B, D). Plots are colored both by strain (A, B) and by condition (C, D).
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indicative of the “environmental selection” of strains. Cross comparison of the species-specific
modulation of the shared gene set also suggests that while there is a strongly conserved
response to N-limitation, individual strains respond differently to the same environmental
stimuli.

5.5

Conclusion

Metabolic plasticity in response to environmental change is a current cornerstone to the
study of phytoplankton physiology, with much effort being put towards characterizing transcriptand protein-level shifts following perturbation (Dyhrman et al., 2006, 2012; Wurch et al.,
2011a; Bertrand et al., 2012; Jones et al., 2013; Bender et al., 2014; Frischkorn et al., 2014).
A compliment to the observed physiological response to the environment in some species
has been found to be strain or genomic variability (Kashtan et al., 2014). This study looked
at the intersection of these two types of response in field populations of E. huxleyi under
changing nutrient environments, finding that both strain variability and physiological plasticity are central to the success of E. huxleyi. Metatranscriptomic approaches enabled the
direct tracking of metabolic shifts in the E. huxleyi species complex following changes in the
geochemical environment, demonstrating the central role of N in determining the metabolic
state of E. huxleyi in the NPSG. These analyses suggested that unlike diatoms, which appear
to be N/Fe co-limited, P might be secondarily limiting to E. huxleyi. In spite of the many
factors that differentiate field and laboratory studies, choreography of the transcriptional
response to N- and P-limitation with previous proteomic studies (McKew et al., 2015) was
observed, suggesting a highly conserved physiological response to these stressors across the
species complex. In concert with these observed shifts in physiology, the co-existence of at
least five strains in the same environment based on the variable gene sets of each strain was
observed. This combined with the modulation of the strain-specific transcript abundance
support the hypothesis that the genomic variability of this species complex may facilitate its
ability to thrive in a range of environments (Read et al., 2013), such as in other cosmopolitan
phytoplankton (Derelle et al., 2006; Johnson et al., 2006) inherently limits this type of study
and highlights the importance of continued isolation and culturing of phytoplankton strains
to facilitate this type of strain-specific research both more broadly in E. huxleyi, but also
across other phytoplankton groups.
Together these direct observations of the shifts in the molecular physiology and the strain
composition of natural populations of E. huxleyi in response to changes in the geochemical
environment suggest that 1) physiological responses to N and P limitation are highly conserved across strains, 2) many strains concurrently exist in the NPSG and 3) fluctuations of
environmental parameters may change strain abundances. There is debate as to what level of
taxonomic resolution is important in global biogeochemical models (Follows and Dutkiewicz,
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2011). The results of this study suggest that while strain variability occurs within the E.
huxleyi species complex, the global physiological response to nutrient environments is highly
conserved across strains and may be sufficient for accurately capturing the dynamics of this
biogeochemically significant taxonomic group.
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Chapter 6

Conclusion and Outlook
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6.1

Thesis summary and next steps

Climate change is arguably one of the most urgent issues presently confronting the world.
With no end in sight to the anthropogenic emission of carbon dioxide, expedited warming,
sea level rise, and shifts in local and global weather patterns are likely. These changes, however, are not limited to terrestrial ecosystems as coordinated changes in the temperature,
carbonate chemistry, stratification, and nutrient environment of the ocean occur. These
rapid changes to the Earth’s ecosystem highlight the importance of a holistic understanding
of the global carbon cycle in which phytoplankton are key players. These climate-related
changes to marine ecosystems will likely change the biogeography of phytoplankton as organisms adapt to new environmental conditions. Predicting these changes to the phytoplankton
distributions hinges upon understanding the response of phytoplankton both at the community and species-level. In this thesis, I presented new tools (Chapter 2) and approaches
(Chapter 3-5) to survey, characterize, and quantify the response of phytoplankton to changes
in their nutrient environment in situ.
This thesis first introduces the development of a statistical approach to identify stably expressed genes for use both in qRT-PCR and metatranscriptomic studies from highthroughput sequencing datasets (Chapter 2). Many of the “housekeeping genes” that are
commonly used as references in qRT-PCR studies of phytoplankton were found to be variably expressed across the conditions used in this study. Such variability in a reference gene
can drastically alter the gene expression patterns of the gene of interest. This approach
broadens the pool of possible gene targets by facilitating the selection of genes without a
priori knowledge of function. Application of this technique to the metatranscriptomic study
in Chapter 3 identified unique stable reference genes for both of the dominant diatoms and
facilitated the quantitative comparison of their transcriptional signals.
The field study in Narragansett Bay, presented in Chapter 3, approached the problem
of assessing and comparing diatom nutrient physiology in two ways. Metabolic pathways
with known relationships to N and P metabolism were tracked for both taxa. This approach
suggested that the more dominant Skeletonema was likely utilizing inorganic nutrients, where
as the less abundant T. rotula was relying upon organic compounds, like amino acids.
This study, however, went further by combining field samples with incubation experiments.
Using a Bayesian approach, these incubation experiments were used to 1) identify novel
resource responsive gene targets and 2) contextualize expression signals to directly compare
the physiology of organisms in situ. This second step was accomplished by proportionalizing
the signals in the field to the metabolic bounds on expression observed in the incubation
experiments. These data demonstrated significant differences in the expression patterns of
resource responsive genes, indicating that these two species are responding differently to the
same nutrient environment. Narragansett Bay is an ideal model system for investigating
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the interplay between diversity and biogeochemistry as well as basic questions in ecology,
such as the role of specialization in a dynamic ecosystem. Given the opportunity, I would
want to sample this community throughout the year, in combination with similar nutrient
experiments that were run for longer duration in larger volumes. While this technique was
designed to examine the response of phytoplankton to nutrient dynamics, it could quite
easily be expanded to other systems or variables.
Chapters 4 and 5, both set in the oligotrophic North Pacific Subtropical Gyre, look to
the opposite ends of the diversity spectrum, assessing the differences in response to nutrient
pulse amongst functional groups and amongst strains. By sampling and comparing the global
gene expression of the eukaryotic community both in situ and in simulated deep seawater
(DSW) upwelling incubations, the specific drivers of production for taxonomic groups were
identified (Chapter 4). The divergence in the variable transcript allocation ratio (VTAR)
between the diatoms and haptophytes was one of the more surprising outcomes of this
study, as it suggests that the r- and K-strategies as defined by enzyme kinetics and growth
rate appear to hold true at the level of the transcription. I am quite interested to see if
this schism in diatom and haptophyte VTAR is consistent across other stimuli, timescales,
and systems1 . In the near future, I would like to replicate this study, with an additional
sample 24-hours post-DSW addition in order to assess the more immediate response of the
community to nutrient addition, potentially removing the signals associated with shifts in
the community structure.
The other rather perplexing outcome from this study was the lack of response seen in the
dinoflagellates following DSW addition. Chapter 4 suggests that this might be due to the fact
that dinoflagellates might have alternative trophic strategies or live symbiotically. However,
I suspect that that it is more of a general characteristic of dinoflagellate transcriptional
regulation, or, rather, the lack thereof. It is known that autotrophic dinoflagellates do
respond at the protein and activity level to changes in their nutrient environment (Dyhrman
and Palenik, 1999). Though not discussed in this thesis, expression patterns of Prorocentrum
in the Narragansett Bay incubations suggest that this pattern of no regulation may hold
true in coastal dinoflagellates as well. Together, these data seem to indicate that metabolic
plasticity in the dinoflagellates is happening at the protein level. It remains to be seen if
these general patterns are upheld in future transcriptomic and metatranscripomic studies.
Finally, Chapter 5 investigates the intersecting roles of metabolic plasticity and strain
diversity in the response of the Emiliania huxleyi species complex to changing nutrient
environments. The co-existence of at least five strains was observed in the environment,
as defined by the variable gene sets. Additionally, following the addition of N, the strain
composition of the field appeared to be altered. These findings support the hypothesis of
Read et al. (2013) that the variability in gene content as observed in the pan genome is
1

A preliminary glance at the data from Narragansett Bay suggests that this difference may be upheld.
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present and modulated in the field. Additionally, metabolic plasticity, as defined by changes
in transcript abundance, was observed, particularly in metabolic processes associated with
N and P metabolism, as well as life stage and calcification. The fact that any genes were
identified as significantly differentially regulated in this study is surprising, as the two “biological replicates” used were actually distinct incubation experiments that were performed
approximately two weeks apart with different initial populations. This, combined with the
fact that many of these gene targets were also identified as significantly differentially regulated in N and P limited cultures in proteomic work by McKew et al. (2015), suggests that
these responses to nutrient stress are highly conserved within the E. huxleyi species consortium. In my opinion this study highlights the importance of culturing diversity. In many
ways, even with metatranscriptome assembly, we are limited by what we know; our ability
to assign function or taxonomy to meta-omic data in the field hinges upon our databases.
Together these data provide new insights into the inner workings of the phytoplankton
consortia, illuminating potentially missed co-limitations, capabilities, and interactions. Yet,
the ultimate fate of these data beyond my very narrow field remains uncertain. Currently
there is a disconnect between the type of data that we biologists want to collect and the
type of data that ecosystem and ocean modelers want. The undertone of some of the
chapters in this thesis is that these findings might be integrated into biogeochemical models.
While I do believe that progress is being made toward this ultimate goal2 , many hurdles
remain (Hood et al., 2007; Worden et al., 2015). With continued collaboration and discourse
between molecular ecologists and ecosystem modelers, I am hopeful that a solid quantitative
connection might be made.

2
In particular, the Darwin Project (Follows et al., 2007) and some interesting, as of yet unpublished,
work by Victoria Coles are pushing the boundaries on this integration.
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6.2

A final thought

“We cannot cheat on DNA. We cannot get round photosynthesis. We cannot say I am not going to give a damn about phytoplankton. All these tiny mechanisms provide the preconditions
of our planetary life.”
– Barbara Ward, Who Speaks for Earth? 3
Barbara Ward, a British economist during the 20th century, was an early proponent of
sustainable development. She possessed a very holistic view of the intersection of economic
and environmental concerns, arguing strongly for humans to practice “careful husbandry” of
the Earth. How ironic that her earthy quote so closely coincided with the major objects of
my thesis (phytoplankton, DNA...), all while neatly summing up a point that I have been
struggling with during my PhD. For my research, I dove into the smallest detail, tracking
the shifts in the RNA composition of a consortium of very tiny organisms living within a
very small parcel of water in the middle of a very large ocean. After analyzing these data,
it was hard to rationalize their connection to the larger scale dynamics of the ocean system.
These findings at the sub-micro scale seemed too detached from the global system to have
any real import. But, as Barbara Ward points out, these “tiny mechanisms provide the
preconditions of our planetary life.”

3

Barbara Ward et al. Edited by Maurice F. Strong. (1973) Who Speaks for Earth? New York, Norton.
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A.1

Supplemental Figures
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Figure A-1: Histogram analysis of the distribution of normalized tag counts (TPM) for each gene
across each of the four treatments (Replete, P-limited, Fe-limited, and co-limited). The abundance
of normalized tag counts (TPM) was assessed, tallying the total number of genes with a given tag
count. Only tag counts less than 20 are depicted to aid the visualization of the inflection in the data
at 2.5 TPM.
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Figure A-2: 𝐾-means clustering of normalized genes. The 7380 genes that passed the 2.5 TPM cutoff were clustered into 15 clusters using the
𝑘-means algorithm under the Pearson correlation coefficient. Tag counts normalized to total library size (in TPM) for each gene are plotted relative
to the mean (indicated by the color of the line) for each of the four treatments: Replete (Rep), P-limited (P-lim), Fe-limited (Fe-lim), and co-limited
(Co-lim).

A.2

Supplemental Data

Data Sheet 2-1 Genes in the T. pseudonana genome homologous to reference genes from
relative expression studies in algae and plants. Data Sheet 2-1 can be downloaded from the online version of the manuscript of Alexander et al. (2012)
through Frontiers in Aquatic Microbiology.
Data Sheet 2-2 Putative reference genes identified with k-means clustering analysis (Cluster
9 and Clusters 14). Data Sheet 2-2 can be downloaded from the online
version of the manuscript of Alexander et al. (2012) through Frontiers in
Aquatic Microbiology.
Data Sheet 2-3 Data Sheet 3. Putative reference genes identified with ASC analysis (𝑝 < 0.1
for a fold change of 1.25). Data Sheet 2-3 can be downloaded from the online
version of the manuscript of Alexander et al. (2012) through Frontiers in
Aquatic Microbiology.
Data Sheet 2-4 : The intersection of differentially expressed genes identified by Mock et al.
(2008) and stably expressed genes identified through ASC (1.25 fold change
bin, 𝑝 < 0.1). Data Sheet 2-4 can be downloaded from the online version
of the manuscript of Alexander et al. (2012) through Frontiers in Aquatic
Microbiology.
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B.1

Supplemental Figures

Figure B-1: Abundance estimation from cell counts of Skeletonema spp. and T. rotula across the
five sample points during the spring of 2012.
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Figure B-2: Total number of genes assigned to each KEGG module for Skeletonema spp. and T.
rotula.
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Figure B-3: Dendrogram depicting hierarchical clustering of samples based on relative expression
of KEGG modules (Figure 2) across the five samples S1-S5 for Skeletonema spp. and T. rotula.
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Figure B-4: Expression of stable reference genes identified based on literature and statistical
parsing in nutrient amendment incubation. (A) The expression in tags per million (𝑇 𝑃 𝑀 ) of stable
reference genes identified in T. rotula (dashed line) and Skeletonema spp. (solid lines) based on
homology (e-value < 1e-5) to a known reference genes in T. pseudonana, ACT1 (Thaps_25772), in
nutrient incubations. (B) Also shown are reference genes identified in the incubation experiments,
using statistical analysis of sequence counts (Alexander et al., 2012; Wu et al., 2010), and nutrient
incubations
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Figure B-5: Functional composition of the reference transcriptome and resource-responsive (RR)
gene subset for T. rotula and Skeletonema spp. (A) RR gene sets were identified through cross
comparison of like-nutrient incubations (i.e. +N vs. -N and +P vs. -P), using ASC (fold change
= 2, post-𝑝 > 0.95). The relative functional categorization of the reference transcriptomes and RR
gene set for T. rotula and Skeletonema spp. based on KEGG ontology as assigned by KAAS is
depicted at the module-level.
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nitrate reductase gene cluster across the incubation experiment treatments. Significance of regulation
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Figure B-7: Gene cluster known nutrient-responsive genes in T. pseudonana: (A) assimilatory
nitrate reductase and (B) sodium-phosphate cotransporter and novel resource-responsive (RR) gene
families: (C) RR1 and (D) RR2. Transcripts from the transcriptomes of T. rotula and Skeletonema
spp. were clustered based upon relative homology with available diatom genomes: F. cylindrus, P.
tricornitum, P. multiseries, and T. pseudonana. Symbols indicate different species, while color indicates regulation in the field incubation experiments. Two nodes within a gene cluster are connected
by an edge if they share a homologous protein (reciprocal BLAST hit with a minimum of 1e-5 score
and minimum 20% identity). Gene clusters are visualized using an edge-weighted spring-embedded
model based on e-value, meaning that genes that are closer together are more similar. The width of
the line correlates to the magnitude of the e-value, with lower e-values represented by thicker lines
and higher e-values represented by thinner lines.
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Figure B-8: The expression of a sodium phosphate cotransporter (NPT) gene family for Skeletonema spp. and T. rotula as measured in tags per million (𝑇 𝑃 𝑀 ), stable gene normalized count
(𝑆𝐺𝑁 𝐶), and standardized transcriptional differentiation score for P (𝑆𝑇 𝐷𝑃 ). The 𝑇 𝑃 𝑀 (A, B)
and 𝑆𝐺𝑁 𝐶 (C, D) of the NPT gene family is plotted for Skeletonema spp., light blue circles, and
T. rotula, dark blue squares, both in the in situ samples S1-5 (A, C) and the incubation treatments
(B, D). The 𝑆𝑇 𝐷𝑃 , which contextualizes the expression of a gene in the field relative to expression
in the +P and -P treatments, is shown for the five in situ samples (E).
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Figure B-9: The distribution of the standardized transcriptional differentiation scores for nitrogen and phosphorus, 𝑆𝑇 𝐷𝑁 and 𝑆𝑇 𝐷𝑃 was assessed
for the N- and P-responsive genes, respectively for T. rotula, dark blue, and Skeletonema spp., light blue, across the five samples. The stable gene
normalized counts (𝑆𝐺𝑁 𝐶) of the N- and P-responsive genes (2-fold change, post−𝑝 > 0.95) was normalized to their expression in the like incubation
experiments. A semi-log plot is used to show the distribution of gene counts between -10 and 10 for both of the organisms across the five samples.
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Supplemental Tables

Table B-1: The total number of paired end reads after quality control and trimming and the
percentage of reads mapping to the T. pseudonana genome, T. rotula transcriptome, and S. costatum
transcriptome.

Sample
S1
S2
S3
S4
S5
Ambient Control
+N
-N
+P
-P

Library Size
(PE reads)
89455034
64888267
103250243
45370867
55061692
51508197
58626239
44561851
51130364
58834022

Representation in library
T. pseudonana T. rotula S. costatum
2.98%
17.50%
33.50%
0.41%
11.70%
54.90%
0.39%
7.30%
9.00%
0.68%
8.80%
8.30%
0.88%
10.40%
11.20%
0.27%
13.40%
8.00%
0.43%
6.10%
5.30%
0.41%
8.70%
8.30%
0.29%
8.50%
8.00%
0.40%
6.60%
6.50%

Table B-2: Nutrient concentrations used in nutrient amendment incubations.

Amendment
Nitrate
Phosphate
Silica
Iron
Vitamin B12

Ambient Control
-

Treatment
+N
+P
10𝜇𝑀 3𝜇𝑀
-
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-N
3𝜇𝑀
68𝜇𝑀
4.6𝜇𝑀
f/5

-P
10𝜇𝑀
68𝜇𝑀
4.6𝜇𝑀
f/5

Table B-3: Total number of contigs in the T. rotula and S. costatum transcriptomes and the
number of genes in each of the differentially regulated and stable groupings.

Number of contigs in
transcriptome
Pass 2 TPM cutoff
Up in -P vs +P
Down in -P vs +P
Up in -N vs +N
Down in -N vs +N
All differentially
regulated (2 fold
change,
post-𝑝 > 0.95)
Stable genes (1.25
fold change,
post-𝑝 < 0.1)

T. rotula

S. costatum

22362

27665

4318
249
335
196
49

20921
4754
52
9
1631

775

5136

1

4
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Supplemental Data

Data Sheet 3-1 Annotations based on KEGG Ontology for Skeletonema spp. and T. rotula
transcriptomes. Data Sheet 3-1 can be downloaded from the online version
of the manuscript of Alexander et al. (2015a) through Proceedings of the
National Academy of Sciences.
Data Sheet 3-2 Relative expression in tags per million (TPM) for genes identified as differentially or stably expressed in nutrient incubations. Data Sheet 3-2 can be
downloaded from the online version of the manuscript of Alexander et al.
(2015a) through Proceedings of the National Academy of Sciences.
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Supplemental Figures
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T=168: No addition control
T=168: 10% DSW addition (E)
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Figure C-1: Chlorophyll a of replicated experiments for in situ samples (S), a no addition control,
and a 10% deep seawater (DSW) amendment (E). Incubation samples were harvested after 168
hours.
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Figure C-2: Rank abundance shifts in the species composition of diatoms, haptophytes and dinoflagellates for the three experiments. The relative
shift in rank abundance for each species is depicted for each incubation experiment (E1-E3) following deep seawater (DSW) addition. The nine most
abundant taxa following DSW addition are highlighted for each of the functional groups. Although the species that recruited the reads are denoted
here this is highly driven by the composition of the database and does not necessarily indicate the actual species present, but rather the closest species
present in the database.
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Figure C-3: Comparison of the quantitative metabolic fingerprint (QMF) between the whole
functional group and representative taxa. The proportion of reads falling into each of the modules
depicted in Figure 2 is plotted for S1-S3 and E1-E3, comparing the summed functional group signal
and that of a representative taxon. Color of the marker indicates the sample; solid and dashed lines
mark the 1:1 and 1:2 lines, respectively.
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Figure C-4: Distribution of log fold change following deep seawater (DSW) addition. Histogram
of the number of genes falling within each of the log fold change bins for diatoms, haptophytes and
dinoflagellates. Solid line indicates no fold change; dashed lines indicate 2 fold-change both up and
down.
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Figure C-5: Weighted Venn diagrams of genes with significantly different abundances following deep seawater (DSW) addition by functional group. The uniqueness of KEGG orthologs with
increased or decreased abundances as determined by ASC (2 fold-change, post-p > 0.95) across
experiments was assessed for diatoms, haptophytes, and dinoflagellates.
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Figure C-6: Microbial Assemblage Normalized Transcript Analysis (MANTA) ratio-averaged plots
for global shifts in expression of KEGG orthologs. Fold change ratio (R) and average read count
(A) are plotted for read counts in the in situ (S) and deep seawater (DSW) amendment (E) samples
across the three sample pairs (S1:E1, S2:E2, S3:E3). The trimmed mean of fold-change values is
noted as a gray solid line; orthologs unique to one library are separated by gray dashed lines. Pies
indicate the taxonomic distribution of orthologous reads across the three functional groups. KEGG
orthologs that were significantly differentially expressed (DE) (adjusted 𝑃 > 0.05) are outlined in
black and those not significantly DE are outlined in gray. DE KEGG orthologs that fall in the
Energy Metabolism KEGG module are outlined in orange.
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Figure C-7: Principal component analysis of the quantitative metabolic fingerprint (QMF) signals
across in situ, no addition control, and deep seawater (DSW) amended samples. Principal component
analysis of the QMF signals for each of the functional groups across in situ (S1-S3), control no
addition (C1-C3) and DSW amendment (E1-E3); 95% confidence ellipses are indicated for each of
the sample types by functional group.
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Table C-1: Macronutrient concentrations in control no addition (C), DSW-amended incubations
(E), and 700 m water used in DSW amendment incubations
−
Time post
NO−
PO3−
2 + NO3
4
inoculation (hours)
(𝜇𝑀 )
(𝜇𝑀 )
C (control no addition) *
168
0.12 ± 0.03
0.12 ± 0.02
E (+ 10% DSW) *
168
1.9 ± .93
0.23 ± 0.05
DSW (700 m water) *
N/A
37.5 ± 1.68
3.14 ± 0.03
* Nutrient data averaged for E1 and E2, nutrients were not assayed on E3.

Treatment
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SiO4−
4
(𝜇𝑀 )
1.91 ± 0.2
8.46 ± 3.11
83.4 ± 9.33
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Figure D-1: The relative expression of ‘core’, shared, and CCMP1516-specific transcripts across
time and in incubation experiments. The percentage of all mapped reads corresponding to the genes
considered to be ‘core’ by Read et al. (2013) (black), found to be shared across the five strains used
in this study (grey), or originally considered to be unique to CCMP1516 are plotted for each in situ
sample (A) and in each of the two replicated incubation experiments, E1 (B) and E2 (C). Nutrients
added to incubation experiments are indicated on the exterior of the radar plots, indicating the
addition of nitrate, phosphate, trace metals, and vitamins.
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Figure D-2: Inorganic nitrogen and phosphorus concentrations at the point of RNA sampling (7
days post-inoculation) for each of the six treatments in E1 and E2, averaged across triplicate bottles
(n=3).
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Figure D-3: The percent of genes falling into each of the KOG classes for each of the five strains.
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Figure D-4: The number of orthologous groups falling into each of the possible strain sets across
the five strains surveyed. The relative strain membership is depicted in a scatter plot along the x-axis
ranging from the first row of ’shared’ or ‘core’ genes, common to all strains (black), through variable
memberships across some but not all strains, to sets comprised of only one strain (colored). Genes
common to all strains in this study are shown in black. Genes identified as ‘core’ in CCMP1516, the
genome strain, by Read et al. (2013), but that were not identified in some or all of the other strains
were added to the ‘shared’ set and are indicated in yellow hatching.
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Figure D-5: Log normalized fold change plotted against log normalized average abundance for
each of the five amended treatments compared to the no-addition control. edgeR was used to assess
the average abundance and log fold change for each of the orthologous groups (left column) and
strain-specific transcripts (right column). Genes are colored by generalized metabolic function. The
intensity of the color indicates significance, with opaque indicating significance (FDR < 0.05).
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Figure D-6: Weighted Venn diagrams of significantly (FDR < 0.05) different, increased, and
decreased orthologus groups and species-specific transcripts across each of the amendments to which
N was added (+N, -P, +DSW).
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Figure D-7: Fold change of genes associated with carbon, nucleotide, and amino acid metabolism
across each of the incubation amendments compared to the no addition control. The log fold change
of orthologous groups associated with carbon, nucleotide, and amino acid metabolism was assessed
with edgeR across the five amended incubations compared to the no addition control are plotted
in opaque grey. The size of the orthologous group marker is proportionate to the log of the mean
abundance across the two treatments. Orthologous groups are that are significantly differentially
abundant (FDR < 0.05) are plotted highlighted in red. Individual transcripts within an orthologous
group are plotted in light grey or red to indicate significance of fold change. Genes of interest are
labeled with abbreviations as follows, labels in bold indicate significant regulation in two or more
conditions.
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Figure D-8: Fold change of genes associated with photosynthesis, ATP synthesis, Calvin cycle,
TCA cycle, and glycolysis across each of the incubation amendments compared to the no addition
control. The log fold change of orthologous groups associated with photosynthesis, ATP synthesis,
Calvin cycle, TCA cycle, and glycolysis was assessed with edgeR across the five amended incubations
compared to the no addition control are plotted in opaque grey. The size of the orthologous group
marker is proportionate to the log of the mean abundance across the two treatments. Orthologous
groups are that are significantly differentially abundant (FDR < 0.05) are plotted highlighted in
red. Individual transcripts within an orthologous group are plotted in light grey or red to indicate
significance of fold change. Genes of interest are labeled with abbreviations as follows, labels in bold
indicate significant regulation in two or more conditions.
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Figure D-9: Annotation of orthologous groups using KOG orthology for all E. huxleyi orthologous
groups and for shared orthologous groups. The relative percentage of orthologous groups able to
be annotated for all orthologous groups (A) and orthologous group shared amongst the five studied
strains (B) are shown. The number of orthologous groups falling into each KOG class or multiple
classes (m.c.) is shown for both all orthologous groups (C) and shared groups (D).
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Figure D-10: RSEM estimated contribution of each strain to the abundance of the shared set of
genes in the field and incubation experiments.
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Table D-1: Strain isolation date, synonyms, and transcriptome/genome information for each of the five strains used in this study.
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Strain
synonyms

Genome or
Transcriptome

Predicted
proteins

Transcripts
passing
quality
control

1991

CCMP2090

Genome

33341

32538

Representative
orthoMCL
orthologus
groups
23792

CCMP370

1959

451B, F451

Transcriptome

38712

33455

29068

CCMP374

1990

Transcriptome

18859

15728

14628

CCMP379

1957

Transcriptome

23300

20016

18561

MMETSP09940997

iMicrobe

PLYM219

1992

Transcriptome

36189

31410

27741

MMETSP11501153

iMicrobe

Strain

Isolation
date

CCMP1516

89E,
CCMP1949
92A, P-92A,
UTEX1061,
CCAP/1A,
Plymouth 2
NZEH,
CAWPO 6

MMETSP
Sample IDs
N/A
MMETSP11541157
MMETSP10061009

Reference for
genome/
transcriptome
download
JGI
iMicrobe
iMicrobe

D.3

Supplemental Data

Data Sheet 5-1 Expression, isoform, and annotation data for genes assocaited with nitrogen,
phosphorus, calcification, and ploidy as plotted in Figure 5-2. Data Sheet
5-1 can be downloaded from my personal GitHub repository.
Data Sheet 5-2 The edgeR estimated log2 fold change, log2 counts-per-million, FDR, and
𝑝-value for each orthologus groups in each of the ammended incubations
compared to the no-addion control. Data Sheet 5-2 can be downloaded from
my personal GitHub repository.
Data Sheet 5-3 The edgeR estimated log2 fold change, log2 counts-per-million, FDR, and
p-value for each isoform in each of the ammended incubations compared to
the no-addion control. Data Sheet 5-3 can be downloaded from my personal
GitHub repository.
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