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Coastal upwelling regions, such as the California Current Ecosystem, are among the most 

biologically productive regions in the ocean. Eukaryotic phytoplankton, particularly diatoms, 

underlie this high productivity, forming the base of the food web and driving biogeochemical 

cycling in the region. As a result, understanding how anthropogenic change, which is 

superimposed on the high variability of coastal upwelling regions, may influence phytoplankton 

abundances and physiology is critical towards forecasting the future state of the ocean. 

Concurrently, advancements in molecular-based approaches offer the ability to examine these 

organisms both within their environment and with an unprecedented level of detail. 
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In Chapter 1, we review, from a molecular perspective, the diverse mechanisms that 

marine eukaryotic phytoplankton have evolved related to the acquisition and use of the 

micronutrient iron. Iron frequently limits phytoplankton growth in the large areas of the ocean 

including the California Current, and its bioavailability for phytoplankton is expected to be 

reduced by ocean acidification, which is driven by rising atmospheric carbon dioxide 

concentrations. Therefore, in Chapter 2, we examine the effects of ocean acidification on natural 

phytoplankton communities in the California Current Ecosystem. We show that eukaryotic 

phytoplankton respond to increased acidification with a variety of iron uptake and conservation 

mechanisms that are indicative of increased iron stress, further supporting that acidification will 

negatively impact phytoplankton communities. 

In Chapter 3, we describe how pigment-based approaches to measure phytoplankton 

abundances and community composition align with quantitative DNA- or RNA-based 

measurements. As phytoplankton pigments may be modeled from hyperspectral remote sensing 

data, these results further support that phytoplankton community composition, including harmful 

bloom-forming taxa, can be assessed from satellite-based ocean color observations. 

In Chapter 4, these quantitative molecular approaches are leveraged to examine patterns 

in diatom abundances, diversity, and gene expression the California Current Ecosystem. In 

contrast to other phytoplankton groups, seasonal upwelling conditions are strongly associated 

with increases in diatom abundances and diversity as well as differences in gene expression. 

Furthermore, dominant bloom-forming diatoms in the nearshore environment are shown to be 

dispersal limited over relatively small spatial scales, as they sink out of the euphotic zone and 

contribute to carbon export rather than becoming established offshore. 
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Collectively, these results improve our understanding of phytoplankton in upwelling 

regions and support our ability to predict their future responses. In some areas, upwelling may 

intensify, resulting in an abundance of diverse diatoms that contribute to carbon export. In other 

areas, increased stratification may result in a diatom community with both low abundances and 

low diversity. Meanwhile, increased acidification may exacerbate iron limitation leading to 

declines in productivity. Continued environmental genomic investigations of phytoplankton in 

upwelling regions that further span phases of climate modes or experiment with other projected 

future conditions may reveal additional patterns and responses, increasing our understanding of 

phytoplankton from individual genes to entire communities.
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CHAPTER 1 - MOLECULAR MECANISMS FOR IRON UPTAKE AND 
HOMEOSTASIS IN MARINE EUKARYOTIC PHYTOPLANKTON 

 
Robert H. Lampe, Tyler H. Coale, Jeffrey B. McQuaid, and Andrew E. Allen 

 

Abstract 
The micronutrient iron is essential for phytoplankton growth due to its central role in a 

wide variety of key metabolic processes including photosynthesis and nitrate assimilation. As a 

result of scarce bioavailable iron in seawater, marine primary productivity is often iron-limited 

with future iron supplies remaining uncertain. Although evolutionary constraints resulted in high 

cellular iron requirements, phytoplankton evolved diverse mechanisms that enable uptake of 

multiple forms of iron, iron storage over short and long timescales, and modulation of their iron 

requirement under stress. Genomics continues to increase our understanding of iron-related 

proteins that are homologous to those characterized in other model organisms, while recently, 

molecular and cell biology is revealing unique genes and processes with connections to iron 

acquisition or use. Moreover, there are an increasing number of examples showing the interplay 

between iron uptake and extracellular processes such as boundary layer chemistry and microbial 

interactions. 

 

1. Introduction 
Nutrient availability in the ocean has immense influence on global primary productivity 

and microbially-mediated biogeochemical cycling. In this context, the role of iron (Fe) as a 

micronutrient that limits phytoplankton growth has garnered significant interest over the past 

several decades. Although reviews from the 1950s and 1960s in this very journal describe early 

recognition of the universal requirement for iron to support life (Provasoli 1958), uncertainty 

remained surrounding its significance in controlling phytoplankton growth in the natural 
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environment (Lewin and Guillard 1963; Strickland 1965). Following the first accurate 

measurements of dissolved iron in seawater in the 1980s that revealed surface concentrations less 

than 0.5 nmol/kg (Gordon et al. 1982; Landing and Bruland 1981; Landing and Bruland 1987) 

and experiments demonstrating increases in phytoplankton biomass after iron enrichment (Coale 

1991; Martin and Fitzwater 1988; Martin et al. 1989), the high importance of iron as a control on 

phytoplankton abundances and productivity in the ocean began to be more fully recognized. 

 With extensive and on-going efforts to obtain high-quality iron measurements in the 

ocean, namely via the GEOTRACES program (Anderson 2020), dissolved iron concentrations in 

the surface ocean are now known to typically be 0.1 to 0.6 nM range but as low as 0.01 nM 

(GEOTRACES Intermediate Data Product Group 2023; Tagliabue et al. 2012) contributing to 

widespread limitation of growth in large areas of the ocean (Moore et al. 2001). Moreover, iron 

has been found to simultaneously co-limit eukaryotic phytoplankton growth with nitrogen 

(Browning et al. 2017), the other trace metal Mn (Browning et al. 2021), and light in subsurface 

chlorophyll maxima layers (Hogle et al. 2018) and in the Southern Ocean (Boyd 2002). 

Furthermore, there are interactive effects between iron and other micronutrients, such as vitamin 

B12 (Bertrand et al. 2015; Bertrand et al. 2007), copper (Peers et al. 2005), and Zn (Crawford et 

al. 2003). The availability of silicic acid and iron may also have interactive effects on diatoms, a 

lineage of phytoplankton belonging to the Stramenopile clade, as they require silicic acid to 

produce their cell walls (Brzezinski et al. 2011; Hutchins et al. 2001; Marchetti et al. 2010).  

 Iron limitation in phytoplankton is traced to their early evolutionary history, most notably 

with the evolution of oxygenic photosynthesis. In phytoplankton, iron has essential roles as a 

cofactor for several proteins in diverse cellular processes, namely photosynthesis and nitrate 

assimilation (Marchetti and Maldonado 2016). Oxygenic photosynthesis emerged approximately 
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three billion years ago when dissolved iron concentrations were significantly higher, and 

phytoplankton made use of this abundant iron to irreversibly incorporate it into their 

photosynthetic electron transport chain and other key enzymes (Behrenfeld and Milligan 2013; 

Wade et al. 2021). Following widespread and persistent oxygenation of surface waters 1,850-

1,250 Mya (Anbar and Knoll 2002), iron in seawater formed insoluble ferric oxyhydroxides that 

precipitated, resulting in the low dissolved iron concentrations observed today (Behrenfeld and 

Milligan 2013; Liu and Millero 2002). In addition to biological uptake, dissolved iron adsorbs 

onto particle surfaces or forms colloidal authigenic particles that may aggregate into larger 

particles and sink, further contributing to iron removal from the surface ocean, although these 

processes are somewhat reversable (Boyd et al. 2017; Tagliabue et al. 2023). 

 Iron removal is balanced by inputs that vary regionally (Tagliabue et al. 2017). On global 

scales, iron supply is dominated by continental margin sediments where lateral advection 

transports iron beyond coastal waters. Iron released from hydrothermal vents is also a significant 

source as it is transported long distances and eventually upwelled, particularly in the Southern 

Ocean (Ardyna et al. 2019). In contrast, atmospheric dust deposition is relatively important in 

low latitude regions (Tagliabue et al. 2017), and on regional scales, rivers, glaciers, and sea ice 

melt also contribute to iron inputs (Gerringa et al. 2012; Raiswell et al. 2008; Rijkenberg et al. 

2014). Following biological uptake, rapid recycling can further sustain iron in the euphotic zone 

(Boyd et al. 2017).  

Iron bioavailability is further influenced by its complex physicochemical speciation in 

seawater (Figure 1.1). It exists in two oxidation states: the more soluble ferrous iron (Fe(II)) and 

less soluble ferric iron (Fe(III)) that forms Fe(III) oxyhydroxide precipitates (Byrne and Kester 

1976; Kuma et al. 1992). Fe(II) generally exists in relatively low concentrations as it undergoes 



4 

oxidation to Fe(III) within minutes to hours (Santana-Casiano et al. 2005), although at times, 

Fe(II) can account for a high percentage of total dissolved iron (Hopwood et al. 2020). Within 

the dissolved iron pool, less than 1% is presumed to exist as soluble inorganic Fe(II) or Fe(III), 

the sum of which is referred to as Fe′. The remainder is usually bound to organic ligands such as 

bacterial siderophores, humic acids, proteins, and exopolysaccharides. With a range of relatively 

strong to weak affinities for iron, these organic ligands allow dissolved iron concentrations to 

persist above the solubility limits of its inorganic species (Gledhill and Buck 2012). 

Transformations among these chemical species are influenced by pH, temperature, oxygen, and 

photochemistry including the dissolution of particulate iron (Fitzsimmons and Conway 2023; 

Lorenzo et al. 2020; Tagliabue et al. 2009). The result is a spectrum of iron bioavailability from 

the most available but least abundant being Fe′ to the least available generally being iron bound 

to certain strong organic ligands (Lis et al. 2015). 

In response to iron stress or limitation, phytoplankton exhibit a range of physiological 

responses that in conjunction with the physiological aspects of iron uptake are reviewed by 

Marchetti and Maldonado (2016). Photophysiological responses to iron stress are further detailed 

by Behrenfeld and Milligan (2013). Briefly, intracellular iron contents, or quotas, decrease. 

Maximal uptake rates of both Fe′ and organically-complexed iron increase suggesting the 

upregulation of various cell surface iron transporters (Harrison and Morel 1986; Maldonado and 

Price 2001). Cell sizes may also decrease thus reducing overall nutrient requirements and 

improving nutrient uptake kinetics (Marchetti and Maldonado 2016). Phytoplankton remodel 

their photosynthetic architecture, including decreases in their pigment inventories leading to 

observable changes in their fluorescent properties (Behrenfeld and Milligan 2013; Davey and 

Geider 2001; Ryan-Keogh and Thomalla 2020). In diatoms, iron limitation also affects their 
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elemental stoichiometry. Specifically, diatoms show increased silicon (Si) relative to carbon and 

nitrogen (Hutchins and Bruland 1998), which appears to be driven by reductions in cellular 

carbon and nitrogen rather than increases in Si (Maniscalco et al. 2022). 

 

Figure 1.1: Cell surface view of iron uptake and processes that influence iron bioavailability in 
seawater. Figure adapted from images created with BioRender.com. 
 

Here we describe molecular mechanisms underlying iron uptake, cellular iron demand, 

and responses to iron stress in marine eukaryotic phytoplankton. Due to their prominence and 

ecological importance, previous studies, and therefore this review, largely focus on diatoms 

(Bacillariophyta) that alone comprise considerable diversity (Bowler et al. 2010). However, 

many diatom proteins are homologous to those found in other phytoplankton lineages, 

suggesting that some of these mechanisms translate to different taxa. Studies on marine green 
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algae (Prasinophyta), haptophytes (Haptophyta), dinoflagellates (Dinoflagellata), and other 

eukaryotic organisms are also included. 

 

2. Iron Uptake Mechanisms and Transporters 

Corresponding to the wide variety of iron species available in seawater, eukaryotic 

phytoplankton evolved to possess a variety of iron uptake mechanisms enabling uptake of 

multiple iron sources, thus combating low iron availability and diffusion limitation (Figure 

1.1)(Sunda and Huntsman 1995; Völker and Wolf-Gladrow 1999). The evolutionary history of 

eukaryotic phytoplankton is complex and diverse ranging from primary endosymbiotic events 

that created the green and red algal lineages to secondary and tertiary endosymbioses (Keeling 

2010). Genetic origins within these lineages are further complicated by extensive horizontal gene 

transfer with bacteria (Fan et al. 2020). Diatoms, for example, are secondary endosymbionts with 

a mosaic of genes derived from both red and green algal endosymbionts, horizontally transferred 

genes of bacterial origin, and the retention of “metazoan-type” genes from their heterotrophic 

exosymbiont ancestor (Bowler et al. 2010). This conglomeration of genes allows certain 

eukaryotic phytoplankton to possess diverse functional repertoires where iron-related genes are 

no exception.   

 

2.1 Inorganic Iron Uptake and Intracellular Transport 

As normally less than 1% of the dissolved iron pool, soluble inorganic iron (Fe′) exists in 

picomolar concentrations, yet it is the most bioavailable species and a primary source of iron for 

marine phytoplankton (Gledhill and Buck 2012; Morel et al. 2008). Inorganic iron uptake 

systems characterized in terrestrial organisms have affinities for iron in the micromolar range 
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suggesting that marine phytoplankton must have novel mechanisms for inorganic iron 

acquisition under low concentrations (Sutak et al. 2020). One such mechanism is the protein 

phytotransferrin (pTF), an outer membrane receptor that allows cells to import individual Fe(III) 

atoms via endocytosis (McQuaid et al. 2018)(Figure 1.1). This protein family includes the genes 

previously known as ISIP2A in diatoms (Allen et al. 2008) and FEA1 in green algae (Lelandais 

et al. 2016) that are found widely across phytoplankton lineages (Morrissey et al. 2015) and 

upregulated under low iron availability (Bender et al. 2018; Cohen et al. 2017b). 

 The evolution of pTF is a remarkable example of convergent evolution with transferrins 

that are found in metazoans and certain photosynthetic organisms, such as land plants and the 

green algae Duniella salina. Specifically, both families convergently evolved a requirement for 

carbonate (CO3
2−) to coordinate Fe(III) ion binding resulting in a second-order dependence on the 

concentrations of both Fe′ and CO3
2− (Baker et al. 2003; McQuaid et al. 2018). These second-

order kinetics allow pTF to leverage high concentrations of CO3
2− to acquire trace quantities of 

iron; however, in environments with low iron concentrations, carbonate ion concentrations may 

also be insufficient leading to iron-carbonate co-limitation with respect to pTF-mediated iron 

uptake (McQuaid et al. 2018).  

Additionally, carbonate ion concentrations are declining due to ocean acidification 

(Gruber et al. 2019), further decreasing the ability to bind inorganic iron. Acidification also 

makes iron less likely to dissociate from certain organic ligands, further lowering concentrations 

of Fe′ (Shi et al. 2010). Collectively, these effects may explain the negative impacts of 

acidification on iron-stressed phytoplankton (Lampe et al. 2023; Sugie et al. 2013; Trimborn et 

al. 2017), although changes in both pH and carbonate chemistry at the cell surface via 
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photosynthesis and extracellular enzymes, such as carbonic anhydrases may allow phytoplankton 

to overcome some of these effects (Liu et al. 2022) (Figure 1.1). 

 Prior to the discovery of pTF, kinetic models for iron uptake suggested that dissolved 

iron species, including soluble inorganic ferric iron, or Fe(III)′, required reduction at the cell 

surface (Shaked et al. 2005). This model was based on the reductive iron uptake system in 

baker’s yeast (Saccharomyces cerevisiae) and supported by similar genes found in the genome of 

the diatom Thalassiosira pseudonana (Armbrust et al. 2004), as well as physiological 

experiments with Thalassiosira spp. (Maldonado et al. 2006). This system includes cell surface 

ferric reductases that generate free ferrous iron, or Fe(II)′, from both Fe(III)′ and organically 

complexed iron. Fe(II)′ is then re-oxidized by a multi-copper oxidase that is coupled to a ferric 

iron permease (FTR) for transport across the cell membrane (Figure 1.1). This process enables 

selective iron transport, thus avoiding the uptake of unwanted metals (Blaby-Haas and Merchant 

2012); however, as previously described, the affinities for iron uptake with this system are likely 

in the micromolar range (Lesuisse and Labbe 1989). While experiments suggest that diatoms 

exhibit extracellular Fe(II) oxidation that is impacted by copper availability (Maldonado et al. 

2006), it is unknown whether or not this system is viable and functions at the cell surface as 

opposed to within endosomes. Additionally, while FTRs in T. pseudonana are localized to the 

cell surface, the localization of the multicopper oxidase remains unclear, leading to the 

alternative hypothesis that FTR functions as an independent transporter for Fe(III)′ uptake (A.B. 

Kustka, personal communication). 
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Figure 1.2: (a) Intracellular view of iron transport and storage as well as enzymes associated with 
iron demand. (b) Iron requirements for photosynthetic electron transport. (c) Iron requirements 
for mitochondrial electron transport. Abbreviations: AOX, alternative oxidase; BioB, biotin 
synthase; cyt, cytochrome; DMT, divalent metal transporter; FAD, flavin adenine dinucleotide; 
Fd, ferredoxin; Fld, flavodoxin; FRE, ferric reductase; FTN, ferritin; Fum, fumarate; GOGAT, 
glutamate synthase; ISIP3, iron starvation-induced protein 3; LOX, lipoxygenase; mNT, 
mitoNEET; NR, nitrate reductase; NiR, nitrite reductase; NRT, nitrate transporter; PC, 
plastocyanin; POD, peroxidase; PQ, plastoquinone pool; PS, photosystem; PTOX, plastid 
terminal oxidase; RHO, xanthorhodopsin; ROS, reactive oxygen species; Suc, succinate; SiR, 
sulfite reductase; SLC25A, solute carrier family 25; SOD, superoxide dismutase; TCA, 
tricarboxylic acid; ThiC, phosphomethylpyrimidine synthase; XO, xanthine oxidase. Figure 
adapted from images created with BioRender.com 
 

Direct uptake of inorganic ferrous iron, or Fe(II)′, has been observed in different 

microalgae (Sutak et al. 2012) and likely occurs via non-specific divalent metal transporters 
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(Marchetti and Maldonado 2016) that may also take up iron following ferric reductase activity 

(Sutak et al. 2020)(Figure 1.1). Several families of proteins may perform this function including 

ZIP (Zrt, Irt-like Protein), NRAMP (Natural Resistance-Associated Macrophage Protein), and 

CDF (Cation Diffusion Facilitator) family transporters where they have been characterized in 

non-marine model organisms (Blaby-Haas and Merchant 2012). Once intracellular, iron must be 

trafficked to different sites and transported across organelle membranes; therefore, transporters 

in these families may also perform this function (Figure 1.2). To transport iron across the 

mitochondrial inner membrane, phytoplankton likely use proteins in the mitochondrial carrier 

family (SLC25A28 and SLC25A37, also referred to as mitoferrins) (Blaby-Haas and Merchant 

2012). Phytoplankton also possess homologs in the Ccc1/VIT1 (Ca(II)-sensitive Cross-

Complementer 1 / Vacuolar Iron Transporter 1) family that transport intracellular iron in fungi 

and plants; however, while VIT1 transcripts are iron-responsive in green alga Ostreococcus tauri 

(Lelandais et al. 2016), they do not appear to be so in diatoms (Lampe et al. 2018). Rather, VIT1 

in diatoms has been proposed to serve a role in cadmium detoxification (Brembu et al. 2011), 

although its specific function remains unclear. Lastly, diatoms and the pelagophyte, 

Pelagomonas calceolata, possess ferroportins that export iron and other divalent metals in 

multicellular organisms (Mitchell et al. 2014; Ward and Kaplan 2012); in microalgae, they are 

hypothesized to export iron from endosomes (Guérin et al. 2022). 

 
2.2 Organic Iron Uptake 

Diverse eukaryotic phytoplankton isolates and natural populations also have the ability to 

take up iron complexed to organic ligands (Hutchins et al. 1999; Lis et al. 2015; Maldonado et al. 

2005; Shaked et al. 2020). These include a variety of structurally different compounds such as 

polysaccharides, proteins, porphyrins (heme), humic acids, and siderophores. Collectively, these 
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ligands increase the solubility of iron and form iron-ligand complexes that normally represent a 

majority of the dissolved iron pool (Gledhill and Buck 2012). 

 Dozens of structurally distinct siderophores have been observed and quantified in 

seawater; however, the chemical structures of many ligands remains unknown (Moffett and 

Boiteau 2024). Rather, organic speciation of dissolved iron in seawater is usually characterized 

in bulk terms by concentrations and conditional stability constants that are assigned to ligand 

classes: L1 for strong ligands or L2 for weaker ligands (Gledhill and Buck 2012). Stability 

constants, however, are poor indicators of bioavailability, and the disassociation of iron from 

organic ligands to Fe′ is strongly influenced by light, further complicating their bioavailability 

(Shaked et al. 2020) (Figure 1.1). Furthermore, microbial production of iron-binding ligands in 

seawater is highly heterogenous (Moffett and Boiteau 2024). As a result, it is unlikely that there 

is a single uptake strategy that phytoplankton can rely upon in all situations, and selective 

pressure exists for multiple uptake mechanisms for organically complexed iron in addition to 

those for inorganic iron uptake. 

The mechanisms for uptake of iron complexed with polysaccharides, proteins, and humic 

acids remain unknown. In the case of heme uptake, SLC49-family transporters have been 

proposed to serve this role as in metazoans (Lampe et al. 2023). Alternatively, iron may be 

released at the cell surface by decycling heme oxygenases (Allen et al. 2008); however, these 

processes remain to be experimentally validated.  

In contrast, uptake of siderophore-bound iron is more well-characterized and appears to 

be common among eukaryotic phytoplankton even though no marine eukaryote is known to 

produce them. As siderophore production is primarily attributed to bacteria for their own uptake 

mechanisms (Manck et al. 2022), siderophore uptake by eukaryotic phytoplankton represents 
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another example of phytoplankton–bacterial interactions. The diatom Phaeodactylum 

tricornutum can take up the hydroxamate siderophores ferrioxamine B (FOB) and ferrioxamine 

E (FOE)(Soria-Dengg and Horstmann 1995) while Thalassiosira oceanica can only use FOB 

(Maldonado and Price 2001). Many other diatoms have also demonstrated to FOB use (Strzepek 

et al. 2011), as well as the dinoflagellate Amphidinium carterae (Malych et al. 2022) and the 

haptophytes Gephyrocapsa huxleyi (formerly Emiliania huxleyi) and Phaeocystis antarctica 

(Mausz et al. 2020; Segovia et al. 2017; Strzepek et al. 2011). 

As previously described, early studies hypothesized that eukaryotic phytoplankton relied 

on a yeast-like reductive iron uptake system for both inorganic and organically complexed iron 

(see Section 2.1)(Shaked et al. 2005). Under this model, membrane-bound ferric reductase 

proteins liberate iron from extracellular siderophores and other ligands to increase the Fe′ 

concentration available for uptake at the cell surface (Maldonado et al. 2006)(Figure 1.1). In 

addition to possessing genes that are similar to those of the yeast-like system (Armbrust et al. 

2004), many phytoplankton species are known to exhibit extracellular ferric reductase activity 

that increases alongside uptake rates at low iron concentrations (Shaked et al. 2005). 

Furthermore, Fe(II)-specific ligands, e.g. ferrozine, inhibit iron uptake, presumably by trapping 

reduced iron as it is produced at the cell surface. However, as this system primarily operates with 

micromolar-level iron concentrations (Lesuisse and Labbe 1989), it remains unclear whether it is 

viable for organically complexed iron at the sub-nanomolar concentrations that are typical of the 

marine environment. Moreover, some marine phytoplankton lack extracellular ferric reductases, 

including the prasinophytes Micromonas pusilla and O. tauri, the alveolate Chromera velia, and 

G. huxleyi, which is still capable of FOB uptake (Sutak et al. 2012; Sutak et al. 2010). 
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  On the other hand, non-reductive siderophore uptake employing siderophore receptors 

occurs at lower concentrations (Lesuisse et al. 2001). Rather than employing extracellular 

reduction, studies with P. tricornutum revealed that uptake of hydroxamate siderophores, 

including FOB and ferrichrome, relies on siderophore binding at the cell surface followed by 

endocytosis (Figure 1.1). This uptake strategy was shown to involve the proteins ISIP1 (Kazamia 

et al. 2018), FBP1, and FRE2 (Coale et al. 2019). The precise role of ISIP1 remains unclear, but 

it appears to predominantly be a diatom-specific protein (Kazamia et al. 2018). FBP1 is a 

siderophore receptor that was acquired via horizontal gene transfer from bacteria, while FRE2 is 

a ferric reductase of eukaryotic ancestry (Coale et al. 2019). Orthologs of FBP1 are found in 

species known to utilize FOB, including diatoms, haptophytes, dinoflagellates, and 

prasinophytes.  

This uptake system allows phytoplankton to access iron bound to certain hydroxamate 

siderophores, but not catecholates or iron bound to weaker ligands such as humic substances 

(Coale et al. 2019). Moreover, the FBP1 gene has diversified and duplicated within genomes; 

some diatom species encode up to five paralogs that potentially bind different substrates. The 

FRE2 protein is one of five encoded in the P. tricornutum genome, yet none of the others 

provide functional redundancy. FRE2 also does not contribute significantly to extracellular iron 

reduction, indicating that this function is performed by other ferric reductases that remain to be 

characterized. Thus, siderophore assimilation by marine eukaryotes is likely achieved through 

specific receptor-mediated uptake, followed by endocytosis, reduction, and dissociation the Fe-

ligand complex within the cell (Figures 1 and 2). As pTF-mediated iron uptake also depends on 

endocytosis, these independent pathways likely converge intracellularly to deliver iron to the 

chloroplast where cellular iron demand is likely highest (Turnšek et al. 2021) (Figures 1 and 2). 
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3. Iron-containing Proteins and Storage Mechanisms 

3.1. Iron as a Cofactor 

The unique electrochemical properties of iron make it an ideal enzyme cofactor for 

electron transfer and catalysis (Balk and Schaedler 2014). As such, it primarily exists as iron-

sulfur (Fe-S) clusters, heme, and di-iron or mononuclear iron in a variety of proteins relating to 

diverse metabolic processes (Figure 1.2).   

Most notably, iron is heavily used in the photosynthetic electron transport chain (Figure 

1.2b). Within microalgae, theoretical estimations and biochemical data in iron-limited diatoms 

suggest that photosynthesis may account for greater than 50% of cellular iron (Raven 1990; 

Strzepek and Harrison 2004). In linear (non-cyclic) electron flow, electrons are transferred from 

PSII (2-3 Fe) to the cytochrome b6f complex (Cyt b6f, 5 Fe) via plastoquinol (PQH2), to PSI (12 

Fe) via cytochrome c6 (also known as cytochrome b553, 1 Fe), and lastly to a mobile ferredoxin 

(Fd, 2 Fe), totaling 22-23 iron atoms per linear electron transport chain (Behrenfeld and Milligan 

2013; Raven et al. 1999). Phytoplankton also possess the heme-requiring protein cytochrome c550 

encoded by the psbV gene, which acts as an extrinsic subunit of PSII (Roncel et al. 2012).  

 Similarly, iron is used in the mitochondrial electron transport chain (Figure 1.2c). There 

are 47 iron atoms in each: Complex I (NADH:ubiquinone oxidoreductase) has 30 Fe, Complex II 

(succinate dehydrogenase) has 9 Fe, Complex III (cytochrome bc1) has 5 Fe, cytochrome c has 1 

Fe, and Complex IV (cytochrome c oxidase) has 2 Fe, further contributing to cellular iron 

demand, although to a lesser extent than photosynthesis (Raven 1990; Raven and Beardall 2017). 

The mitochondrial alternative oxidase (AOX) is also localized to the inner mitochondrial 

membrane and interrupts electron transport to Complex III to mitigate stress (Murik et al. 2019); 

it contains 2 Fe atoms (Berthold and Stenmark 2003). Other iron-requiring mitochondrial 
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proteins include the tricarboxylic acid (TCA) cycle protein aconitase that isomerizes citrate to 

isocitrate (Read et al. 2021) and mitoNEET, which, in metazoans, resides in the mitochondrial 

outer membrane to regulate mitochondrial iron homeostasis (Lampe et al. 2023; Lee et al. 2022) 

(Figure 1.2). 

In addition to electron transport chains, nitrogen assimilation requires iron and likely 

contributes to a large proportion of cellular iron demand (Raven 1988) (Figure 1.2). In particular, 

the reduction of nitrate depends on the iron-containing enzymes nitrate reductase and nitrite 

reductase. Furthermore, nitrite reductase and the plastid-localized glutamate synthase depend on 

ferredoxin for electron transfer (Pierella Karlusich et al. 2014; Smith et al. 2019). Phytoplankton 

also possess a mitochondrial NADPH-dependent glutamate synthase, and diatoms possess a 

NADPH-dependent nitrite reductase in addition to the ferredoxin-dependent gene; however, both 

of these enzymes also require iron (Brown et al. 2009; Smith et al. 2019; Vanoni and Curti 

1999). Besides photosynthetic electron transport and nitrogen assimilation, ferredoxins are also 

employed in diverse other processes, including sulfite reduction via sulfite reductase (Pierella 

Karlusich et al. 2014).  

Iron is also required for the synthesis of certain organic compounds (Figure 1.2). Among 

the final steps of heme synthesis are coproporphyrinogen oxidase that possesses an iron-sulfur 

cluster and ferrochelatase that catalyzes the insertion of iron into protoporphyrin IX yielding 

heme (Ferreira et al. 1995; Layer et al. 2002; Oborník and Green 2005). Cytochrome P450s are a 

diverse family of heme-containing enzymes that are found across the tree of life and catalyze a 

wide range of reactions (Gilardi and Di Nardo 2017; Teng et al. 2019); of particular note are 

specific carotenoid hydroxylases in the cytochrome P450 family that are involved in the 

synthesis of certain accessory pigments, such as fucoxanthin and other photoprotective 
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xanthophylls in phytoplankton (Cui et al. 2019). The synthesis of both vitamin B1 (thiamine) and 

vitamin B7 (biotin) also requires iron via the proteins phosphomethylpyrimidine synthase (ThiC) 

and biotin synthase (BioB), respectively (Coale et al. 2022; Cohen et al. 2017b; Croft et al. 2006; 

Martinez-Gomez and Downs 2008). Lastly, the synthesis of the chromophore retinal for 

microbial rhodopsins (see Section 4) includes a β-carotene cleavage enzyme (β-carotene 15,15’-

dioxygenase) that is likely an iron-containing enzyme (Lindqvist and Andersson 2002; Strauss et 

al. 2023). 

Some of the proteins involved in both the production and removal of reactive oxygen 

species (ROS) require iron as well. Xanthine oxidase is one of several oxidoreductases that 

produce ROS in peroxisomes (Diaz and Plummer 2018; Nishino and Okamoto 2000). 

Detoxification of ROS is catalyzed by superoxide dismutases (SOD) which produce hydrogen 

peroxide (Fridovich 1998), and one type of SOD among others that phytoplankton possess 

requires iron (Groussman et al. 2015). Catalases or heme peroxidases, which also require iron, 

then dispose of the hydrogen peroxide produced SODs (Geider and La Roche 1994). 

Other iron-requiring proteins include a variety of DNA metabolism enzymes (Puig et al. 

2017) and lipoxygenases (LOXs) that are responsible for the oxidation of polyunsaturated fatty 

acids (D’Ippolito et al. 2009)(Figure 1.2). Furthermore, there are likely additional iron-requiring 

metalloenzymes and processes that remain to be uncovered. In diatoms for example, iron is 

incorporated into their silica cell walls, yet this process is not well understood (Ellwood and 

Hunter 2000; Ingall et al. 2013). 
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3.2 Iron Detoxification and Storage 

Free iron is toxic as it produces ROS via the Fenton reaction (Halliwell and Gutteridge 

1992); therefore, organisms require mechanisms to safely mobilize or sequester it within a cell. 

For intracellular trafficking and short-term storage, phytoplankton may use phytochelatins and 

metallothioneins as metallochaperones, both of which are low-molecular-weight proteins rich in 

cysteine enabling high metal-binding capacities (Blaby-Haas and Merchant 2023; Lelandais et al. 

2016; Smith et al. 2016). In the chlorarachniophyte Bigelowiella natans an iron-responsive 

CobW domain-containing protein may serve this role (Kotabova et al. 2021). 

The ability to take up more iron than needed to sustain maximum growth, or luxury 

uptake, can provide a competitive advantage to phytoplankton. In iron-limiting regions of the 

ocean where iron inputs are episodic, luxury uptake coupled to long-term storage may support 

continued growth and allow phytoplankton to subsist, particularly for certain diatoms (Lampe et 

al. 2018; Twining and Baines 2022). Two long-term iron storage mechanisms in phytoplankton 

have been described: vacuoles and the protein ferritin (Figure 1.2). 

Highly localized intracellular concentrations of iron in the diatom Thalassiosira 

weissflogii and green alga D. salina are indicative of a vacuolar storage mechanism (Nuester et 

al. 2012; Paz et al. 2007). In D. salina, these were further identified to be acidic vacuoles and 

may be analogous to those in other organisms where polyphosphate provides high iron-binding 

capacities. This hypothesis is further supported by the presence of the acidic vacuole-associated 

protein H+-pyrophosphatase in D. salina (Paz et al. 2007), which was also found to be 

upregulated under iron stress in O. tauri (Lelandais et al. 2016). 

Divalent metal transporters localized to the vacuole may serve to export iron to the 

cytoplasm. Specially, ZIP-family and NRAMP proteins are hypothesized to serve this role in 
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diatoms (Lampe et al. 2018), and in T. pseudonana, one ZIP-family protein showed vacuolar 

localization (Shire 2022) (Figure 1.2). In Ostreococcus, high expression of Ccc1/VIT1, which is 

homologous to a vacuolar iron transporter in yeast and plants, suggests that this gene may serve 

this role in green algae (Lelandais et al. 2016). 

Ferritins are ubiquitous proteins that assemble into nanocages capable of storing 

relatively high amounts of Fe(III) atoms (Marchetti et al. 2009). Diatom ferritins are generally 

distinct from other eukaryotic ferritins and more similar to cyanobacterial ferritins where a role 

in long-term storage has been shown (Groussman et al. 2015; Shire and Kustka 2015); however, 

this role is not ubiquitous. Coupled to their unusually high iron storage capacity, the diatom 

genus Pseudo-nitzschia thus far appears to uniquely express ferritin in response to high iron 

availability, and some diatoms, such as T. pseudonana, lack the gene completely (Cohen et al. 

2018b; Lampe et al. 2018). In other diatoms, ferritin likely supports iron recycling over diel 

cycles, as shown in the green alga Ostreococcus (Botebol et al. 2015); however, diel expression 

of ferritin has not yet been observed in diatoms (Smith et al. 2016). 

The protein ISIP3 is another potentially related storage mechanism as it has a conserved 

domain belonging to the ferritin superfamily (DUF305) (Behnke and LaRoche 2020). It has been 

found across a range of phytoplankton lineages (Behnke and LaRoche 2020) and is strongly 

upregulated under iron stress in diatoms (Allen et al. 2008; Chappell et al. 2015), P. calceolata 

(Guérin et al. 2022), and the haptophytes, G. huxleyi and P. anarctica (Bender et al. 2018; Lampe et al. 2021), indicating 

widespread use among phytoplankton taxa. However, as high expression in low-iron conditions 

is inconsistent with a typical storage function, ISIP3 is hypothesized to have a role in iron 

reallocation and trafficking under low-iron conditions. 
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4. Cellular Adaptations to Cope with Iron Stress 

In response to iron stress, phytoplankton simultaneously reduce their cellular iron 

requirements and improve their nutrient uptake kinetics with strategies such as downregulating 

iron-containing proteins and upregulating iron transporters (Marchetti and Maldonado 2016). 

Thus, the cellular costs associated with iron-containing proteins and membrane space available 

for iron uptake form the basis for iron limitation in phytoplankton (McCain et al. 2021). 

Upregulation of iron transporters and downregulation of iron-containing proteins such as those 

involved in photosynthesis and nitrate assimilation can be observed in the transcriptomes and 

proteomes of phytoplankton in both laboratory (Allen et al. 2008; Cohen et al. 2018a; Lampe et 

al. 2021; Li et al. 2020; Nunn et al. 2013) and field environments (Cohen et al. 2017b; Jabre et 

al. 2021; Marchetti et al. 2012; Wu et al. 2019). Reducing cellular iron requirements can be a 

temporary response to low iron availability or permanent adaptation for phytoplankton existing 

within chronically low iron areas, as demonstrated by chronically iron-limited oceanic 

phytoplankton having lower iron quotas and higher iron use efficiencies compared with coastal 

phytoplankton (Marchetti and Maldonado 2016; Marchetti et al. 2012). 

In conjunction with the high iron requirement of photosynthetic proteins, a prominent 

manifestation of iron stress is remodeling of the photosynthetic apparatus. As the iron 

requirements of PSI and Cyt b6f are higher than that of PSII (Figure 1.2b), iron-limited oceanic 

phytoplankton have generally reduced their PSI and Cyt b6f, resulting in higher PSII:PSI ratios 

(Strzepek and Harrison 2004), but this ratio may differ among species (Strzepek et al. 2019). 

Furthermore, coastal species may also preferentially downregulate PSI and Cyt b6f under iron-

limited conditions (Strzepek and Harrison 2004). A reduction in PSI relative to PSII may 

increase a cell’s reliance on the plastoquinol oxidase (PTOX) that diverts electrons following 
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PSII (Behrenfeld and Milligan 2013) (Figure 1.2b). This pathway may allow ATP production to 

continue as a proton gradient is created by PSII proton release during water splitting, with lower 

iron costs than linear electron transport as PTOX only requires 2 iron atoms. Overall, 

phytoplankton become chlorotic under iron stress—that is, pigment inventories and chlorophyll 

decrease (Behrenfeld and Milligan 2013; Geider et al. 1993). However, phytoplankton also 

increase photoprotective xanthophyll pigments and associated light-harvesting complex (LHC) 

proteins, such as those in the Lhcx and Lhcz families (Geider et al. 1993; Kolody et al. 2022; 

Smith et al. 2016). As a consequence of this remodeling, iron-limited phytoplankton have 

reduced PSII photochemical efficiencies, commonly measured as Fv/Fm (Behrenfeld and 

Milligan 2013). 

Another strategy to reduce iron requirements is by using functionally equivalent proteins 

that do not rely on iron as cofactors. In the photosynthetic electron transport chain, plastocyanin 

(PC) substitutes for cytochrome c6 as the electron transfer agent between the cytochrome b6f 

complex and PSII (Figure 1.2b) (Peers and Price 2006) and may be either the sole protein 

serving this functional role (Scheiber et al. 2019), constitutively expressed (Marchetti et al. 

2012), or upregulated in response to iron availability (Cohen et al. 2017a). As previously 

described, ferredoxin is used in the photosynthetic electron transport chain and nitrogen 

assimilation. Under iron-limitation, ferredoxin can be substituted with flavodoxin that is less-

efficient but uses flavin mononucleotide rather than iron as a cofactor (La Roche et al. 1993) 

(Figure 1.2b). While the ratio of expression between the ferredoxin and flavodoxin correlates 

well with iron in many phytoplankton, it does not in diatoms (Carradec et al. 2018). This 

difference is explained by the possession of two distinct flavodoxins by diatoms and certain 

dinoflagellates with plastids of diatom origin, or dinotoms (Graff van Creveld et al. 2023). Clade 
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II flavodoxins are iron-responsive and substitute for ferredoxin, but Clade I flavodoxins are not 

iron-responsive and appear to mitigate oxidate stress. As another substitution, phytoplankton 

may exchange the iron-using SOD for other types of SODs that may be functionally equivalent 

and use different metal cofactors: Mn, Cu-Zn, and Ni (Groussman et al. 2015) (Figure 1.2).  

To circumvent chlorophyll-based photosynthesis altogether, iron-limited phytoplankton 

may use an alternative light-harvesting protein, xanthorhodopsin (Strauss et al. 2023). As a 

microbial (type 1) rhodopsin, xanthorhodopsins absorb light via the chromophore retinal and 

may transport protons in the plastid. This proposed function would create a proton gradient 

driving chloroplast-localized ATP synthase and increase cellular fitness under low-iron 

conditions (Figure 1.2b). Alternatively, xanthorhodopsin was localized to vacuolar membranes in 

the polar diatom Pseudo-nitzschia subcurvata suggesting that it pumps protons to support 

vacuolar-type ATPases (Andrew et al. 2023; Sunda and Marchetti 2024). 

 With altered photosynthetic activity under iron stress, light-independent Calvin–Benson 

cycle genes at times are upregulated (Allen et al. 2008; Behrenfeld and Milligan 2013). Perhaps 

most consistently, phytoplankton upregulate class I fructose 1,6-bisphosphate aldolase 

(FBA)(Coale et al. 2022). Phytoplankton possess multiple FBAs that likely serve different 

functions, and in the case of the class I FBA, it may be useful in producing glyceraldehyde-3-

phosphate from fructose bisphosphate to temporarily fuel glycolysis (Coale et al. 2022). 

Respiration is also impacted by iron stress, as shown by decreased respiration rates and 

downregulation of associated transcripts (Allen et al. 2008; Davey and Geider 2001). 
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5. Iron-related Signaling and Regulation 

Iron deficiency stimulates changes in the abundance of a relatively large number of 

transcripts and proteins, including some of the aforementioned genes related to uptake, storage, 

and iron-sparing measures. Additionally, iron stress has been shown to trigger programmed cell 

death linked to the activity of certain metacaspases (Bidle and Bender 2008). Therefore, 

eukaryotic phytoplankton likely possess a sensing mechanism and associated signaling pathways 

in relation to their iron status (Hanikenne et al. 2009). As in photosynthetic organisms at large, 

this putative sensing mechanism remains unknown, and only a relatively small number of 

potential regulatory elements have been proposed. 

 Cis-regulatory elements related to iron have been identified via genomic analyses of the 

diatoms P. tricornutum, T. oceanica, and Fragilariopsis cylindrus. Among these diatoms, there 

is a conserved palindromic motif upstream of the iron-responsive genes ISIP1, FLDA, and a class 

I FBA (FBA3) (Lommer et al. 2012) that is homologous to an iron-responsive cis-element in the 

model freshwater green alga Chlamydomonas reinhardtii (Deng and Eriksson 2007; Yoshinaga 

et al. 2014). In conjunction with another motif in P. tricornutum, genetic substitution disrupted 

activity of FLDA and FBP1, while ISIP1 was disrupted with solely by one (Yoshinaga et al. 

2014). Perhaps uncoincidentally, three pairs of iron-responsive genes in P. tricornutum have 

been found to be co-located in the genome: FRE2 and FBP1, CREG1 and ISIP2B, and TYR1 and 

ISIP1 (Allen et al. 2008). As previously described, FRE2 and FBP1 functionally interact to 

perform hydroxamate siderophore uptake (Coale et al. 2019). The timing of expression of these 

genes was also similar under acclimation to low-iron conditions further suggesting that 

expression of these gene clusters is controlled by shared cis-elements (Yoshinaga et al. 2014). 
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  CREG (cellular repressor of E1A-stimulated genes) proteins have further been found to 

be iron-responsive in diatoms (Behnke et al. 2023; Lampe et al. 2023; Lommer et al. 2012) and 

the chlorarachniophyte B. natans (Kotabova et al. 2021). The related human CREG1 protein is a 

secreted glycoprotein that mediates endocytosis of a specific growth factor (Han et al. 2009). As 

diatom CREG proteins have been found to colocalize with pTF, CREG is hypothesized to 

positively regulate pTF-mediated endocytosis during iron-limited conditions (Turnšek et al. 

2021).  

 The increased expression of certain transcription factors (TFs) under low iron suggests 

that they may regulate other iron-responsive genes. In P. tricornutum, 15 TFs of diverse families 

were found to be induced by low iron (Smith et al. 2016). Two of the fifteen are sigma factors 

that likely are localized to the chloroplast and regulate genes in the chloroplast genome. In 

contrast, T. pseudonana and T. oceanica had fewer differentially expressed TFs under iron 

limitation (Behnke et al. 2023; Goldman et al. 2019). 

 Post-translational regulation via protein phosphorylation, which may activate or 

deactivate proteins during iron stress has also been studied in the diatom P. tricornutum (Tan et 

al. 2020). Approximately 100 proteins showed phosphorylation associated with low iron 

conditions; 12 of these proteins were also found to transcriptionally increase under low iron. Of 

note, clade II flavodoxins were phosphorylated under low iron conditions suggesting 

phosphorylation-based activation of these proteins. pTF also displayed different phosphorylation 

patterns depending on time of day and iron status suggesting that phosphorylation has a 

regulatory role for pTF activity.  
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Future Issues 

1. Laboratory and environmental omic studies continue to highlight the diverse and unique 

adaptations used by phytoplankton in response to iron availability; however, functional 

characterization of genes is still in its infancy, with a large number of proteins that are not 

well studied or are of unknown function, necessitating continued development or use of 

forward and reverse genetic systems with model phytoplankton species. 

2. Eukaryotic phytoplankton certainly access diverse iron species, including iron bound to 

both known and unknown organic ligands, yet gaps in knowledge remain with respect to 

the molecular bases for uptake of both inorganic and organically complexed iron, 

including endocytosis.  

3. The identification of endocytosis as a prominent mechanism for iron acquisition demands 

a re-evluation of localizations of iron transporters and reductase activity. Furthermore, 

there are likely trade-offs to consider between high-affinity receptor-mediated 

endocytosis and low-affinity transporters, such as increased susceptibility to viral 

infection via endocytosis. 

4. Not only are future iron supplies uncertain, but the interactive effects of iron with other 

potential stressors that can influence iron bioavailability and demand, such as ocean 

acidification and warming require further examination. Furthermore, existing co-

limitation scenarios continue to emerge, but the interactive effects of iron limitation with 

other nutrients are relatively unknown. 

5. What are the cellular mechanisms for sensing and signaling iron bioavailability and 

stress? Furthermore, what regulatory mechanisms such as TFs and non-coding RNAs, 

govern cellular responses to altered iron status? 
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6. Phytoplankton–bacterial interactions in the context of iron availability remain unclear. 

For example, is there competition for iron or is the relationship mutualistic or 

commensal, particularly with respect to bacterially produced siderophores? For symbiotic 

relationships such as eukaryotic phytoplankton and endosymbiotic diazotrophs that 

require high amounts of iron for nitrogenase, are there coordinated responses to iron 

availability?  
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Terms and Definitions: 

• Colloidal Iron – nanoparticulate iron species that can pass through a 0.2- or 0.4-µm filter 

but are not truly dissolved. 

• Dissolved Iron – Iron species that can pass through a 0.2- or 0.4-µm filter, thus including 

both soluble iron species (less than 0.02 µm) and colloidal iron species (nanoparticulate 

species that are not truly dissolved) 

• Particulate Iron – iron within or attached to particles greater 0.2- or 0.4-µm. 

• Luxury uptake – the process in which organisms take up more of a nutrient than what is 

required for maximum growth 

• Micronutrient – a chemical element or compound that is required for growth in relatively 

small quantities  

• Siderophore – microbially-produced low molecular weight molecules that have a high-

affinity for iron   
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Abstract 

Coastal upwelling regions are among the most productive marine ecosystems but may be 

threatened by amplified ocean acidification. Increased acidification is hypothesized to reduce 

iron bioavailability for phytoplankton thereby expanding iron limitation and impacting primary 

production. Here we show from community to molecular levels that phytoplankton in an 

upwelling region respond to short-term acidification exposure with iron uptake pathways and 

strategies that reduce cellular iron demand. A combined physiological and multi-omics approach 

was applied to trace metal clean incubations that introduced 1200 ppm CO2 for up to four days. 

Although variable, molecular-level responses indicate a prioritization of iron uptake pathways 

that are less hindered by acidification and reductions in iron utilization. Growth, nutrient uptake, 

and community compositions remained largely unaffected suggesting that these mechanisms 

may confer short-term resistance to acidification; however, we speculate that cellular iron 

demand is only temporarily satisfied, and longer-term acidification exposure without increased 

iron inputs may result in increased iron stress. 

 

Introduction 

Present-day atmospheric carbon dioxide (CO2) concentrations of over 400 ppm have not 

been observed in the past 800,000 years and are increasing at an average rate that exceeds any 

observed in the past 20,000 years (Joos and Spahni 2008; Keeling et al. 2005; Tripati et al. 
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2009). Approximately 30% of this released CO2 is absorbed in the surface ocean resulting in a 

shift in the carbonic acid system and decline in seawater pH known as ocean acidification 

(Gruber et al. 2019).  

 Coastal upwelling regions such as the California Current System (CCS) account for a 

significant proportion of marine primary production and exhibit some of the largest pH 

variability in the ocean due to the natural acidity of upwelled waters (Capone and Hutchins 2013; 

Leinweber and Gruber 2013). Some coastal upwelling areas are also expected to experience 

accelerated or amplified ocean acidification (Capone and Hutchins 2013; Hauri et al. 2013). In 

the CCS for example, the rate of acidification may be double that of the global average resulting 

in increased overall exposure to higher acidity for organisms, particularly during periods of 

strong upwelling (Capone and Hutchins 2013; Feely et al. 2008; Osborne et al. 2020). 

 Phytoplankton, especially diatoms, drive the high levels of primary production in 

upwelling regions that in turn support highly productive fisheries (Capone and Hutchins 2013); 

however, their vulnerability to acidification remains uncertain. Most phytoplankton species 

appear to exhibit relatively little response to acidification although there is variability among 

taxa (Mackey et al. 2015). Field-based experiments with diatom communities suggest that effects 

from acidification are more frequently positive than negative and coastal communities are less 

affected than oceanic communities; however, shifts in community composition may also occur 

(Bach and Taucher 2019).  

 Further uncertainty in phytoplankton responses lies in the relationships between ocean 

acidification and iron bioavailability. Iron is a critical micronutrient for phytoplankton growth 

that is often limiting in the ocean including coastal upwelling regions such as the California 

Current and Peru/Humboldt Current Systems (Bruland et al. 2001; Hutchins et al. 2002; Moore 
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et al. 2013; Till et al. 2019), and its availability in a future more acidic ocean remains 

controversial (Hutchins and Boyd 2016). Reductions in bioavailable iron in response to 

acidification have been demonstrated in laboratory settings and are attributed to two 

mechanisms: (1) under acidic conditions, iron is less likely to disassociate from certain organic 

ligands to its more bioavailable form, labile dissolved inorganic iron (Fe')(Shi et al. 2010), and 

(2) the algal inorganic iron uptake protein, phytotransferrin (pTF), is dependent on carbonate ion 

concentrations ([CO3
2−]) that decline under acidic conditions (McQuaid et al. 2018). In the 

California Current system, [CO3
2−] is estimated to have declined 35% during the 20th century 

(Osborne et al. 2020). 

 The laboratory studies demonstrating these impacts in bioavailable iron may not have 

captured important dynamics including biotic interactions with siderophore-producing bacteria, a 

significantly more complex iron pool, and dynamic nutrient availability (Boyd et al. 2015). 

Further acidification experiments with natural seawater and a single diatom species, 

Thalassiosira weissflogii, did not produce significant differences in iron uptake rates indicating 

the presence of natural iron-binding ligands that are largely unaffected by pH (Shi et al. 2010), 

although reductions in Fe' in the natural environment from increased complexation have also 

been observed (Avendaño et al. 2016; Gledhill et al. 1998). Other experiments and modelling 

studies suggest that iron bioavailability may instead increase in response to acidification due to 

increased solubility of Fe(III) (Gledhill et al. 2015; Stockdale et al. 2016; Zhu et al. 2021), 

increased oxidative lifetimes of highly bioavailable Fe(II) (Breitbarth et al. 2010; Capone and 

Hutchins 2013), and enhanced dissolution of particulate iron (Lorenzo et al. 2020). 

 Previous field-based studies examining the effects of ocean acidification on 

phytoplankton communities under iron stress or limitation, namely within the iron-limited 
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subarctic North Pacific and Southern Ocean, have shown conflicting results. Some experiments 

have shown that diatom communities are negatively impacted with reduced abundances, growth 

rates, and photosynthetic efficiencies (Endo et al. 2015; Pausch et al. 2022; Sugie et al. 2013; 

Trimborn et al. 2017). Other experiments observed no changes in growth, macronutrient uptake, 

and community composition (Endo et al. 2013; Yoshimura et al. 2014; Yoshimura et al. 2013). 

One experiment in the Southern Ocean observed no differences in growth or macronutrient 

uptake in the whole phytoplankton community; however, centric diatoms appeared to be 

favoured over pennate diatoms indicating variable responses among more specific taxonomic 

groups that may not be evident if examining the entire community (Feng et al. 2010). In contrast 

to these other experiments, Hopkinson et al. (2010) made pH adjustments to communities in the 

Gulf of Alaska resulting in very modest increases to growth and photosynthetic efficiency in 

conjunction with downregulation of certain photosynthetic proteins. Other ocean acidification 

studies have been conducted in regions with relatively high ambient iron concentrations, some of 

which used artificially high levels of strong iron-binding ligands to induce iron stress (Chen et al. 

2004; Hoppe et al. 2013; Mausz et al. 2020; Segovia et al. 2017); however, these ligands also 

increase the solubility of iron leading to increased overall dissolved iron concentrations (Borer et 

al. 2005).  

Within upwelling regions, previous experiments also indicate a lack of change in 

response to acidification with diatom-dominated phytoplankton assemblages, but acidification 

was not assessed along with iron status even though the phytoplankton communities in these 

regions often exhibit high iron demand and limitation (Bruland et al. 2001; Hutchins et al. 2002; 

Till et al. 2019). In the CCS, several experiments showed no discernible differences in growth, 

primary productivity, and carbon-to-nitrogen ratios (Tortell et al. 2002; Tortell et al. 2000; 
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Tortell et al. 1997); however, responses were not evaluated with CO2 levels exceeding 800 ppm 

to exceed modern day surface pH variability in upwelling systems (Supplementary Tables 1 and 

2).  Only Osma, et al. (2020) examined responses up to 1,600 ppm CO2 in the Peru/Humboldt 

Current System, but also did not observe differences in macronutrient drawdown, chlorophyll a 

concentrations, or diatom cell abundances.  

High pH variability in coastal upwelling ecosystems has led to speculation that the native 

microorganisms in these regions may have the metabolic flexibility to accommodate relatively 

large pH changes. As evidenced by the response of higher trophic levels (mussels, gastropods, 

and planktonic copepods) in the Peru/Humboldt Current System, examining ocean acidification 

relative to local conditions rather than the global mean provides an improved understanding of 

organisms’ tolerance (Vargas et al. 2017). As a result, phytoplankton responses in coastal 

upwelling regions may be different than those observed in other areas such as chronically iron-

limited (high-nitrate low-chlorophyll) regions with low pH variability (Capone and Hutchins 

2013; Joint et al. 2011). 

Furthermore, the aforementioned field-based experiments employed physiological 

assessments of the whole phytoplankton community that are incapable of discriminating changes 

only occurring within a specific taxonomic group. At times, taxon-specific pigment analyses and 

microscopic cell counts were employed showing a lack of change in abundances for more 

specific taxonomic groups or species, but not offering a window into taxon-specific 

physiological adjustments (Endo et al. 2015; Endo et al. 2013; Hopkinson et al. 2010). As 

previously mentioned, centric and pennate diatoms exhibited differing trends in their relative 

abundances in an experiment in the Southern Ocean (Feng et al. 2010) suggesting more 

taxonomically-specific resolution is needed to evaluate responses to ocean acidification. 



46 

Transcriptomic and proteomic analyses can provide this greater resolution while also providing 

insight into the short-term molecular-level changes that may precede physiological changes or 

differences in community structure. Moreover, molecular-level knowledge of phytoplankton 

responses to acidification is limited to a small number of taxa under laboratory conditions 

without considering iron bioavailability or using organisms obtained from upwelling areas 

(Beszteri et al. 2018; Jones et al. 2013; Valenzuela et al. 2018).  

 Thus, to evaluate potential impacts of acidification on phytoplankton in an upwelling 

region, ocean acidification was simulated with natural phytoplankton communities in the CCS. 

Trace metal clean techniques were used throughout enabling interrogation of acidification-driven 

effects on iron availability without unnatural changes to the iron pool. Air-CO2 gas mixtures up 

to 1200 ppm CO2 were applied, which exceeds both the projected global mean atmospheric CO2 

concentration for the year 2100 under the highest emission Shared Socio-Economic Pathway 

(SSP5-8.5) and most reported surface seawater pCO2 and pH variability in the CCS 

(Supplementary Tables 1-3). With a combined physiological and multi-omic approach, these 

experiments enable probing of mixed phytoplankton assemblages’ sensitivity to short-term 

acidification exposure from the whole community to taxonomically-specific molecular levels 

while considering the high importance of iron bioavailability.   

 

Results  

Experimental set-up, initial conditions, and assessments of iron limitation 

Four incubation experiments were conducted in the CCS. Experiments 1-3 occurred 

within an upwelling filament, represented by newly upwelled waters at Experiment 1 that 

progressively aged by Experiment 3, and used communities from the near-surface (Fig. 2.1a and 
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Supplemental Fig. 2.1, Table 2.1). Experiment 4 serves as a farther offshore site with an initial 

community from a subsurface chlorophyll maximum layer (SCML) at 60 m (Supplemental Fig. 

2.1). 

Initial pH at Experiment 1 was lowest (7.89 ± 0.00) as upwelled waters are naturally 

acidic and then became less acidic (8.06 ± 0.01 by Experiments 3 and 4) from outgassing and 

primary production (Supplemental Fig. 2.2 and Supplemental Table 2.3)(Capone and Hutchins 

2013; Feely et al. 2008; Fiechter et al. 2014; Turi et al. 2014). In each experiment, triplicate 

bottles were supplemented with chelexed macronutrients (Table 2.1) and bubbled with HEPA-

filtered air balanced with 400, 800, or 1200 ppm CO2. Samples were then collected at one-day 

intervals that varied among experiments to attempt to avoid macronutrient depletion with an 

upper limit of 96 h to also avoid increased bottle effects: 48 and 72 h for experiment 1, 24 and 48 

h for experiment 2, and 48 and 96 h for experiments 3 and 4 (Table 2.1). By the time of 

sampling, the incubations had an approximate pH of 8.0 ± 0.0, 7.8 ± 0.0, and 7.6 ± 0.0 

(Supplemental Fig. 2.2) and pCO2 concentrations of 413 ± 21, 800 ± 34, and 1197 ± 44 µatm for 

each respective treatment with some variability in pCO2 concentrations among experiments 

(Supplemental Table 2.3). 

As anticipated for the region, initial dissolved iron concentrations ([dFe]) were below 1 

nmol L-1 (Fig. 2.1b)(Bruland et al. 2001); only a small fraction of this dissolved iron exists as 

inorganic Fe(III) with most bound to organic ligands (Bundy et al. 2014). Labile particulate iron 

concentrations were highest in the vicinity of Experiment 1 (> 10 nmol L-1), and decreased to 

generally less than 1.0 nmol L-1 offshore near Experiments 3 and 4 (Supplemental Fig. 2.3).  
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Figure 2.1: Overview of the initial conditions for the four experiments (E1-E4). (a) Map of 
experiment locations with satellite-derived chlorophyll a. The chlorophyll a data was obtained 
from the NOAA Coastwatch Browser as a 14-day average centred on August 22, 2020 which 
falls between Experiments 2 and 3 (Table 1). (b) Dissolved iron concentrations (dFe, nmol L-1) 
(c, d) Nitrate (NO3, µmol L-1) to dissolved iron (dFe, nmol L-1) ratios (c) before and (d) after 
macronutrient addition at the start of each experiment. The horizontal dashed line indicates the 
threshold for potential iron limitation (8 µmol:nmol)(Hogle et al. 2018; King and Barbeau 2011). 
Ratios were derived and standard deviations were propagated from the average values of field 
replicates presented in Figs. 2.1a and 2.2a (e) Siex proxy for diatom iron limitation within each 
experimental treatment. Initial time point (T0) values reflect the Siex value following 
macronutrient addition. Negative values indicate iron stress or limitation due to preferential 
uptake of silicic acid (H4SiO4) relative to nitrate (NO3)(Hogle et al. 2018; King and Barbeau 
2011).  Error bars represent the standard deviation of the mean (n = 3 biologically independent 
samples or field replicate samples for T0). For dissolved iron concentrations at Experiments 1 
and 4 and macronutrient data at T0 of Experiment 2, n = 2. 
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Table 2.1: Experiment information. All experiments were conducted during the same cruise in 
August, 2019. Macronutrients were added at the concentrations specified. Subsampling was 
performed for all measurements at the time points listed (hours) in addition to the initial time 
point (T0). Chlorophyll a concentrations were measured every 24 h. 
 

Exp. Date Latitude &  
Longitude 

NO3 & H4SiO4  
added 
(µmol L-1) 

PO4 added 
(µmol L-1) 

Time  
points 
(hours) 

1 Aug. 13 36° 7.398 N 
122° 2.475 W 

5 0.3125 48, 72 

2 Aug. 19 36° 7.333 N 
122° 40.441 
W 

20 1.25 24, 48 

3 Aug. 24 35° 34.823 N 
122° 39.551 
W 

25 1.5625 48, 96 

4 Aug. 30 34° 53.818 N 
124° 46.905 
W 

25 1.5625 48, 96 

 

With these iron concentrations, the addition of macronutrients created the potential for 

iron stress or limitation, particularly at Experiments 3 and 4 with Experiment 2 already showing 

signs of Fe limitation in situ. Ratios of nitrate to dissolved iron concentrations (NO3:dFe) greater 

than eight (µmol:nmol) suggest the potential for iron limitation (Hogle et al. 2018), and the 

initial conditions of all experiments exceeded this threshold following the addition of NO3 (Fig. 

2.1c, d). These ratios are also in line with those that naturally occur in the region (Forsch et al. 

2023). 

Siex is an additional biogeochemical proxy that serves as an indicator of Fe limitation in 

diatoms (Hogle et al. 2018); as Fe-limited diatoms preferentially uptake silicic acid (H4SiO4) 

relative to NO3 (Hutchins and Bruland 1998), lower than expected H4SiO4 concentrations 

compared to NO3 concentrations indicates the presence of Fe limitation. Siex reports the 

difference between H4SiO4 and NO3 concentrations (Methods); therefore, negative values 

indicate greater H4SiO4 uptake due to iron stress in diatoms. At Experiment 2, negative values 
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were observed from the initial timepoint (T0) throughout the experiment (Fig. 2.1e). Following 

macronutrient addition, negative values were also observed in Experiments 3 and 4 while values 

remained positive in Experiment 1 (Fig. 2.1e).  

Parallel incubations with unamended control treatments and iron addition treatments (+5 

nmol L-1) were performed to further evaluate the presence of iron stress during the experiments. 

Following 24 hours of incubation at Experiment 2 and 48 hours at Experiment 3, chlorophyll a 

concentrations significantly increased with the addition of iron indicating the presence of iron 

limitation in these communities by the first sampling time points (Supplemental Fig. 2.4). At 

Experiment 4, nitrate was initially depleted indicating no iron limitation in the initial community 

(Fig. 2.2 and Supplemental Fig. 2.5); however, in incubations initiated 24 hours later while 

following a Lagrangian drifter, significant increases in chlorophyll a were observed only with the 

addition of both iron and nitrate suggesting co-limitation in this community. As nitrate was 

added without iron in the community subjected to increased acidification, it was likely iron-

limited. Considering low (< 1 µmol L-1) nitrate concentrations after 72 hours in Experiment 1 

(Fig. 2.2), the phytoplankton community there was not iron-limited, although it may have 

encountered some degree of iron stress. 

 

Whole-community physiological responses 

Despite differences in pH between treatments at all timepoints (Supplemental Fig. 2.2), 

few significant differences (P < 0.05) were observed in chlorophyll a concentrations, particulate 

carbon-to-nitrogen ratios, and macronutrient concentrations. Short-term iron uptake rates were 

normalized to both chlorophyll a and particulate organic carbon (POC) with both inorganic iron 

(FeCl3) and iron bound to the organic ligand desferrioxamine B (Fe-DFB)(Fig. 2.2 and 
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Supplemental Figs. 2.6, 2.7). Although chlorophyll content varies in response to environmental 

conditions (Wang et al. 2009), light and temperature were consistent during the experiments 

resulting in comparable chlorophyll-normalized rates that may better reflect photoautotrophic 

biomass compared to POC. Chlorophyll a has often also been used to normalize Fe uptake rates 

in phytoplankton communities as POC includes heterotrophic biomass (Hoppe et al. 2013; 

Marchetti and Maldonado 2016; Trimborn et al. 2015). 

 When normalized to chlorophyll a, maximum inorganic Fe uptake rates were 

significantly higher in the 1200 ppm when compared to the 400 ppm treatment at the final time 

point for Experiment 3 (P = 0.016) indicating an increase in cell surface transporters (Marchetti 

and Maldonado 2016). All other Fe uptake rates were not significantly different among 

treatments at each time point and experiment including when normalized to POC. The 

measurable uptake of Fe-DFB, particularly at Experiments 3 and 4 where rates were similar to 

those of iron-limited populations and isolates (Maldonado and Price 1999; Maldonado and Price 

2001), further indicates iron stress as phytoplankton normally only acquire significant amounts 

of Fe-DFB when iron-limited (Marchetti and Maldonado 2016).  
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Figure 2.2: Physiological measurements associated with the incubations. (a) Nitrate (NO3, 
black), phosphate (PO4 x 10, white), and silicate (H4SiO4, gray) concentrations (µmol L-1). The 
initial (T0) concentrations are those before amending at the concentrations shown in Table 2.1. 
(b) Chlorophyll a concentrations (µmol L-1) from every 24 h interval for the 400 (red), 800 
(blue), and 1200 ppm CO2 treatments (green).  At Experiment 1, the 800 ppm and 1200 ppm 
treatments are significantly different (P = 0.026) after 72 h. At Experiment 3, the 400 ppm 
treatment is significantly different from both the 800 ppm (P = 0.018) and 1200 ppm treatments 
(P = 0.010) after 96 h. (c) Ratios of particulate organic carbon (POC) to particulate organic 
nitrogen (PON). The expected Redfield ratio (106:16) is denoted with horizontal dashed line. (d) 
Short-term iron-59 uptake rates normalized to chlorophyll a (pmol Fe µg Chl-1 hr-1) for inorganic 
iron (FeCl3, black, left y-axis) and organically-complexed iron as ferrioxamine B (Fe-DFB, 
white, right y-axis). At Experiment 3, the FeCl3 uptake rates are significantly different between 
the 400 and 1200 ppm treatments (P = 0.016). Both pCO2 treatments and time points in hours are 
denoted on the x-axis in a, c, and d. Error bars represent the standard deviation of the mean (n = 
3 biologically independent samples or field replicate samples for T0 except the Experiment 4 800 
ppm samples where n = 2). Significant differences (P < 0.05, Two-way ANOVA with Tukey’s 
HSD test) are denoted with an asterisk (*). 
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Community growth rates (µ) estimated from chlorophyll a concentrations were also not 

significantly different between the experiments (Supplemental Fig. 2.8). In Experiment 1, a 

relatively rapid average growth rate of 0.87 ± 0.10 d-1 suggests that members of these 

communities may have performed multiple cell divisions leading to a large increase in 

chlorophyll a and drawdown of NO3 to <1 µmol L-1. Multiple divisions also may have 

potentially occurred at Experiment 3 (µ = 0.46 ± 0.04 d-1) and approximately one division may 

have occurred before the termination of Experiment 4 (µ = 0.27 ± 0.04 d-1) as both experiments 

were four days long. Collectively, these rates suggest that the total exposure to acidification 

exceeds that of the community doubling time. In the case of Experiment 2, the shorter duration 

of the experiment (48 h) and lower average growth rate (µ = 0.32 ± 0.08 d-1) suggests that the 

community doubling time exceeded the duration of exposure. This lower growth rate was likely 

driven by iron-limitation in the initial community. 

 

Microbial community composition 

Eukaryotic and prokaryotic community compositions throughout the ocean acidification 

experiments were inferred via 18S and 16S ribosomal RNA (rRNA) amplicon sequencing (Fig. 

2.3). Within eukaryotic phytoplankton rRNA, Experiments 1-3 were dominated by centric 

diatoms, particularly the large chain-forming genera Chaetoceros, Eucampia, and Thalassiosira, 

with relatively high abundances in Experiment 4 as well (Fig. 2.3a, Supplemental Fig. 2.9). 

Pennate diatoms were also present throughout and largely consisted of Pseudo-nitzschia with a 

notable presence of Navicula in Experiment 2 (Supplemental Fig. 2.9). Chaetoceros, 

Thalassiosira, and Pseudo-nitzschia are also among the most abundant diatoms in both the 

region and the ocean (James et al. 2022; Malviya et al. 2016). Experiment 3 had a high 
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abundance of the prasinophyte Ostreoccocus (Bathycoccaceae) and the pelagophyte 

Pelagomonas calceolata (Pelagomonadales), both of which are cosmopolitan picoeukaryotes 

(Demir-Hilton et al. 2011; Worden et al. 2012). Pelagomonas calceolata further dominated 

Experiment 4 in line with their previously observed high abundances in SCMLs (Dupont et al. 

2015). 

 Alphaproteobacteria and Gammaproteobacteria, were prevalent in all four experiments as 

observed in the global ocean (Fig. 2.3a)(Sunagawa et al. 2015). In particular, these groups were 

dominated by the ubiquitous Rhodobacterales order (Buchan et al. 2005) and SAR86 clade 

(Hoarfrost et al. 2020)(Supplemental Fig. S.10). Cyanobacteria were less than 0.5% of the 

prokaryotic communities in Experiments 1 and 2 further indicating that the phytoplankton 

communities were dominated by diatoms. Experiment 3 had a notable presence of 

Synechococcus (14% of 16S rRNA), and Experiment 4 was dominated by Prochloroccocus 

(71% of 16S rRNA) indicating a higher presence of cyanobacteria in both of those experiments. 

 Like the physiological measurements, increased CO2 largely did not alter the eukaryotic 

or prokaryotic community compositions. Alpha diversity expressed as the Shannon Index was 

not significantly different among CO2 treatments in each experiment except for prokaryotes in 

Experiment 1 where diversity was higher in the 400 ppm treatment (Fig. 2.3b). Community 

dissimilarity (Bray-Curtis) was driven more by the distinct initial communities and change in the 

communities over time with no significant differences among CO2 treatments for both 

prokaryotes and eukaryotes in each experiment (Fig. 2.3c and Supplemental Fig. 2.11, 

PERMANOVA, P > 0.05).  

 Differential abundances of specific taxa as rRNA-derived amplicon sequence variants 

(ASVs) were evaluated with DESeq2 among the treatments at the final timepoints (Fig. 2.3d and 
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Supplemental Fig. 2.12). Between the 400 ppm and 1200 ppm treatments, DESeq2 estimated that 

fewer than 1.5% of the eukaryotic ASVs and no more than a single prokaryotic ASV within each 

experiment were differentially abundant. Five 18S ASVs with significantly decreased 

abundances at 1200 ppm were haptophytes belonging to the Prymnesiophyceae class or 

Isochrysidales order without more detailed taxonomic resolution. These taxonomic groups 

contain calcifying algae that may be more susceptible to acidification as the precipitation of 

calcium carbonate becomes less energetically favourable, although a wide range of responses for 

haptophytes has previously been observed and some species are not calcifying (Dutkiewicz et al. 

2015; Edvardsen et al. 2000; Mackey et al. 2015). Three additional differentially abundant 18S 

ASVs were metazoan sequences including a hydrozoan and a copepod, which likely stems from 

uneven distributions of metazoans between treatments rather than an acidification-driven 

response.  

 

Differential expression of transcripts and proteins among CO2 treatments 

Dominant eukaryotic phytoplankton groups identified from 18S rRNA were abundant in 

corresponding poly(A)-selected metatranscriptomes and metaproteomes (Fig. 2.3a). Between 

23.8% and 48.2% of orthologous gene groups, or orthogroups, were unique to the detected 

protein sequences in each experiment’s metatranscriptome assembly highlighting the diverse 

functional repertoires within each community (Supplemental Fig. 2.13) in addition to their 

significant differences in microbial community composition (Fig. 2.3c). In each experiment, 

differential expression of KEGG-annotated transcripts was examined between CO2 treatments 

within these taxonomic groups. The same was conducted for protein abundances in Experiments 

1 and 3. Often differentially expressed transcripts were not detected as proteins (Supplemental 
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2.4), likely due to comparatively lower resolution with mass spectrometry, but some consistent 

patterns were observed.  

Transcriptional changes were generally lower at 800 versus 400 ppm compared to 1200 

versus 400 ppm indicating that transcriptional responses are dependent on CO2 conditions (Fig. 

2.4a and Supplemental Table 2.5); protein abundances were not examined for the 800 ppm 

treatments. Dominant taxonomic groups also displayed differing levels of responsiveness with 

centric diatoms being more responsive than pennate diatoms in terms of both transcripts and 

proteins. Further variability was observed in the transcripts or proteins that were differentially 

abundant within taxonomic groups across experiments and time points.  

 As acidification is hypothesized to induce iron stress, three indicators of iron stress, the 

iron starvation-induced genes ISIP1, ISIP2A/pTF, and ISIP3, were examined in both centric and 

pennate diatoms (Fig. 2.4b and Supplemental Fig. 2.14). ISIP1 is linked to endocytosis of 

siderophore-bound iron (Kazamia et al. 2018). ISIP2A, or phytotransferrin (pTF), is an inorganic 

iron uptake protein with a direct dependence on carbonate ions (McQuaid et al. 2018). As 

previously mentioned, this carbonate ion dependence may result in negative impacts on iron 

uptake as carbonate ions decline under acidic conditions. ISIP3 does not have a known function 

although it has a ferritin-like domain further suggesting a role in iron metabolism (Behnke and 

LaRoche 2020). 
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Figure 2.3: Microbial community composition and diversity for each experiment (E1-4) from 
both 18S and 16S rRNA amplicons. (a) The average relative abundances of major taxonomic 
groups from 18S rRNA, poly(A)-selected mRNA (metatranscriptome), proteins (metaproteome), 
and 16S rRNA within each time point and treatment. The average abundances from the 
metatranscriptomes were derived from the relative abundances of eukaryotic-assigned transcripts 
per million normalized reads (TPM). The average abundances from the metaproteomes were 
derived from the average relative abundances of total sum ion intensities for all eukaryotic 
peptides identified. (b) Alpha diversity expressed as the Shannon Index within each sample for 
eukaryotic rRNA (top) and prokaryotic rRNA (bottom). Bars indicate the average Shannon 
Index. For prokaryotic ASVs at Experiment 1, the initial conditions (T0) are significantly 
different than all other treatments (Kruskal-Wallis test, Benjamini & Hochberg adjusted P = 
0.037). The 400 ppm treatment is also significantly different from both the 800 ppm (Benjamini 
& Hochberg adjusted P = 0.037) and 1200 ppm (Benjamini & Hochberg adjusted P = 0.045) 
treatments. n = 3 biologically independent samples or field replicate samples for T0 except the 
Experiment 3 T0 and Experiment 4 800 ppm samples where n = 2. (c) PCoA plots of Bray-Curtis 
dissimilarity for eukaryotic rRNA (top) and prokaryotic rRNA (bottom). Experiments and 
treatments are denoted by color and shape respectively as described in the legend. (d) The 
number of significantly differential abundant amplicon sequence variants (ASVs) at each 
experiment determined by DESeq2 (Wald test) between the 400 ppm (left) and 1200 ppm (right) 
treatments at the final time point for each experiment (Benjamini & Hochberg adjusted P < 
0.05). Eukaryotic ASVs are shown on top and prokaryotic ASVs are shown on the bottom plot. 
The total number of ASVs for each experiment is shown in parentheses next to the experiment 
number of the y-axis. 
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 These genes are often highly responsive to iron status in diatoms (Behnke and LaRoche 

2020; Cohen et al. 2017; Smith et al. 2016), and high gene expression relative to others in each 

sample would not be expected unless the cells were experiencing iron stress or limitation. In 

Experiments 1 and 2, all three genes were in the top 1% of expressed transcripts by the final time 

point in all CO2 treatments indicating extremely high expression, iron stress, and iron demand 

even though macronutrients were depleted at the end of Experiment 1 (Fig. 2.4b and 

Supplemental Fig. 2.14). In Experiments 3 and 4, transcript expression was within the top 5% of 

expressed genes also indicating iron stress. Importantly, none of the ISIP transcripts were 

significantly differentially expressed between CO2 treatments at each time point (P > 0.05) 

suggesting no relative increase or decrease in iron stress as a function of CO2. These patterns 

were also consistent between centric and pennate diatoms (Fig. 2.4b and Supplemental Fig. 

2.14).  

 ISIP proteins were not universally detected; however, in Experiments 1 and 3, ISIP3 from 

centric diatoms was in the top 5% of detected proteins at the final time points further suggesting 

the development of iron stress in these experiments (Supplemental Fig. 2.15). Other ISIP 

proteins approached the top 5% in both centric and pennate diatoms. Protein abundances were 

also not significantly different between CO2 treatments. The exceptions are for ISIP1 and ISIP2A 

in centric diatoms in Experiment 3 at 48 h where they were not detected in the 1200 ppm 

treatment; however, both were detected after 96 h where abundances were not significantly 

different (Supplemental Fig. 2.15).  

 Nutrient stress in Experiments 1 and 3 was further evaluated by examining cellular 

resource allocations to ribosomal and photosynthetic proteins (Supplemental Fig. 2.16) (McCain 

et al. 2022). At Experiment 1, both centric and pennate diatoms displayed significant reductions 
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in their ribosomal protein mass fractions from 48 to 72 h, likely reflecting the onset of nitrogen 

limitation after 72 h (P < 0.01, Supplemental Fig. 2.16). At the earlier timepoint, 48 h, pennate 

diatoms displayed moderate increases in their ribosomal protein mass fractions under higher CO2 

(P = 0.11) indicating an increase in ribosomal investment from increased acidity. At Experiment 

3, a different response was observed in centric diatoms and Ostreococcus with both significantly 

reducing their photosynthetic protein mass fractions after the initial time point (P < 0.01, 

Supplemental Fig. 2.16).  This shift is likely a result of increased iron stress as observed in 

diatoms within the Southern Ocean (McCain et al. 2022). A lack of change to the ribosomal mass 

fraction in comparison to pennate diatoms at Experiment 1 further highlights the potential 

differences in responses among taxonomic groups or the interactive effects of ocean acidification 

under increased Fe stress.  

The total number of significantly differentially expressed transcripts was variable across 

the experiments with the most found at Experiments 1 and 3 where the exposure to acidification 

relative to the community growth rates were the longest (Supplemental Fig. 2.8, Supplemental 

Tables 2.4 and 2.5). Although total differential expression of transcripts within each taxonomic 

group was less than 1%, those that were differentially expressed highlight the reconfiguration of 

iron, nitrogen, and carbon uptake proteins as well as cellular iron requirements to increased CO2. 

Many other differentially expressed genes are of unknown function as anticipated for eukaryotic 

phytoplankton (Blaby-Haas and Merchant 2019). 
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Figure 2.4: Molecular-level responses to increased pCO2. (a) Heatmap of the number of 
significantly differentially expressed transcripts (T) or proteins (P) for dominant taxonomic 
groups at each experiment (DESeq2 Wald test, P < 0.05, log2 scale) in the 800 ppm vs 400 ppm 
treatments (left) and 1200 ppm vs 400 ppm treatments (right) at each time point. Gray boxes 
indicate time points where there is no corresponding proteome. (b) Normalized transcript 
expression of iron starvation-induced proteins (ISIPs) in centric diatoms (log10 scale): ISIP1 
(red), ISIP2A (phytotransferrin or pTF, blue), ISIP3 (green). The horizontal dashed lines indicate 
the averaged 95th and 99th percentile for total transcript abundance in each experiment. Error bars 
represent the standard deviation of the mean (n = 3 biologically independent samples or field 
replicate samples for T0 except the Experiment 3 T0 and Experiment 4 800 ppm samples where 
n = 2). (c) MA plots for taxonomic groups, experiments (E), and time points (T), where 
significant differential expression for transcripts (top row) or proteins (bottom row) of interest 
between the 1200 and 400 ppm treatments was observed. Differentially expressed genes or 
proteins (DESeq2 Wald test, Benjamini & Hochberg adjusted P < 0.05) are shown as pies 
representing the proportion of expression for dominant genera. Pie size is proportional to P value 
with larger pies denoting a smaller P value. Black circles rather than pies are shown for 
Ostreoccocus as expression is already examined at the genus level. Gray points are genes that 
were not significantly differentially abundance (DESeq2 Wald test, Benjamini & Hochberg 
adjusted P > 0.05). Data points with log2 fold changes less than -5 or greater than 5 are plotted at 
-5 and 5 respectively.  
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Under higher CO2, increased expression of genes related to iron uptake or transport that 

are distinct from ISIP2a/pTF was observed (Fig. 2.4c). At times, several of these genes have 

been observed to be upregulated by diatoms under iron stress in the laboratory and field (Allen et 

al. 2008; Cohen et al. 2017; Lommer et al. 2012). This response includes an iron permease 

(FTR1). Diatom FTR1 proteins are related to those found in green algae and yeast where they 

have been shown to mediate inorganic ferric iron uptake like pTF (Supplemental Fig. 

2.17)(Behnke and LaRoche 2020; Blaby-Haas and Merchant 2012). FTR1 transcripts and 

proteins significantly increased in centric diatoms at 1200 ppm CO2 in Experiment 3 indicating 

an increase in cell surface transporters. This increase in transporters likely resulted in the 

significantly higher maximum uptake rates of inorganic iron observed here (Fig. 2.2d)(Harrison 

and Morel 1986).  

Two putative ferrous iron transporters displayed increased transcript expression in 

Experiment 1 under increased CO2: one in the ZIP family (ZIP1) in centric diatoms and one in 

the CDF family (FieF-like) in pennate diatoms (Fig. 2.4c). Diatom homologs of the ZIP1 gene 

are related to ZIP-family genes in green algae, and have been found to be upregulated under Fe 

stress for diatoms in the both the field and laboratory (Allen et al. 2008; Cohen et al. 2017; 

Lampe et al. 2018). The CDF transporter found here is from a distinct clade than one previously 

described to be upregulated under Fe stress in the model diatom P. tricornutum (Supplemental 

Fig. 2.18) and is related to green algal CDF transporters that have been shown to have Mn 

transport capability (Ibuot et al. 2020).  

ZIP and CDF-family transporters can transport multiple divalent metal cations (Blaby-

Haas and Merchant 2012); therefore, if localized to the cell surface, they may serve as low 

affinity Fe(II) permeases to take advantage of potentially increased Fe(II)(Breitbarth et al. 2010; 
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Coale et al. 2022). Direct Fe(II) uptake has been demonstrated in eukaryotic microalgae 

including diatoms supporting this role(Sutak et al. 2012). ZIP and CDF-family transporters may 

also be involved with intracellular transport or release of stored iron potentially indicating an 

increased reliance on iron recycling or storage (Blaby-Haas and Merchant 2012; Kustka et al. 

2007; Lampe et al. 2018).  

Putative siderophore-bound iron uptake genes, an FecCD-domain containing gene in 

centric diatoms and SLC49 family transporters in pennate diatoms also displayed increased 

transcript expression at 1200 ppm CO2 in Experiment 1 (Fig. 2.4c). These genes are poorly 

characterized in diatoms but have been linked to siderophore-based Fe uptake in other 

organisms. The FecCD domain has been characterized as part of a bacterial operon for a ferric 

citrate ABC transporter in E. coli (Staudenmaier et al. 1989). Similar proteins are present in 

several centric and pennate diatoms and were likely obtained via horizontal gene transfer from 

bacteria (Supplemental Fig. 2.19). Diatom SLC49-family transporters are similar to those found 

in metazoans where they have been functionally characterized (Supplemental Fig. 2.20)(Khan 

and Quigley 2013). These proteins are related to heme transport and may be responsible for 

heme uptake as observed in diatom cultures and eukaryotic phytoplankton in the natural 

environment (Hutchins et al. 1999; Khan and Quigley 2013). 

 The increased expression of these transporters is consistent with the expected decrease in 

bioavailable free inorganic ferric iron that may result from acidification. At Experiment 1, 

increased transporter expression implies an increased reliance on siderophore-bound iron or 

ferrous iron that may increase unlike ferric iron. At Experiment 3, the response was instead an 

increase of a ferric iron permease (FTR1) that does not have a carbonate-dependence like 

phytotransferrin. Observed as both transcripts and proteins, this increase suggests that there were 
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a greater number of cell surface transporters for inorganic ferric iron as supported by higher 

maximum rates of inorganic iron uptake (Fig. 2.2d).   

 One exception to this increase in transporter expression was in centric diatoms at 

Experiment 1 where decreased abundances of ferric reductase proteins under increased CO2 were 

observed (Fig. 2.4c). Ferric reductases have been implicated as part of a siderophore uptake 

pathway including that of Fe-DFB in diatoms (Coale et al. 2019), suggesting that this other 

pathway may not be favoured under these conditions; however, the ones expressed here may 

represent separate ferric reductase homologs that do not serve the same functional role. 

Ferrichrome-binding protein 1 (FBP1) acts as a receptor in concert with ferric reductases for 

siderophore uptake including Fe-DFB, but it was not differentially expressed (Supplemental Fig. 

2.21 and 2.22) corresponding to the similar Fe-DFB uptake rates among treatments (Fig. 2.2d 

and Supplemental Fig. 2.6).   

As some of the ferrous iron transporters with increased expression may be responsible for 

intracellular transport, these increases may also suggest a greater reliance on iron recycling or 

releasing stored iron to support growth in the short-term. Also in response to increased CO2 at 

Experiment 1, centric diatoms increased transcript expression of a CREG-like gene (cellular 

repressor of E1-A stimulated genes; Fig. 2.4c) that is upregulated under iron stress in diatoms 

(Allen et al. 2008; Behnke et al. 2023; Lommer et al. 2012). Diatom CREG proteins are 

proposed to have a regulatory role in positively inducing endocytosis of iron when iron 

availability is low suggesting an increased dependence on endocytosis of iron under increased 

CO2 (Turnšek et al. 2021). 

 Other differentially expressed genes indicate an adoption of strategies that reduce cellular 

iron demand. Due to its versatile redox chemistry, iron plays an essential role in photosynthesis-
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related proteins in diatoms, and reductions in photosynthetic proteins can be related to iron stress 

(Coale et al. 2022). In centric diatoms, higher CO2 reduced protein abundances of the 

photosynthetic proteins cytochrome b6 (petB) at Experiment 1 as well as apocytochrome f 

(petA) and photosystem II D1 (psbA) at Experiment 3 (Fig. 2.4c and Supplemental Fig. 2.23). 

Similarly, these proteins had lower abundances due to increased acidification in two previously 

mentioned low iron experiments in the Gulf of Alaska (Hopkinson et al. 2010). In pennate 

diatoms, lower protein abundances for the cytochrome b6f complex protein, petC, and the 

ferredoxin-NADP+ reductase, petH, were also found at Experiment 1.  

Iron is also critical for mitochondrial electron transport (Coale et al. 2022), and in centric 

diatoms at Experiment 1, downregulation of an iron-containing mitochondrial protein, 

mitoNEET (mNT), that may be involved in signalling was observed (Fig. 2.4c)(Paddock et al. 

2007). MitoNEET sequences were found to be widely distributed in diatoms where they are 

related to those in other eukaryotic phytoplankton including green algae (Supplementary Fig. 

24). In the model green algae, Chlamydomonas reinhardtii, mNT was downregulated under iron 

stress indicating that this iron-sparing response may be more widely distributed among 

phytoplankton (Urzica et al. 2012). 

Cellular iron requirements can also be reduced by using iron-free functionally equivalent 

proteins. In Experiment 3, centric diatoms increased transcript abundances of plastocyanin 

(petE), a copper-containing functional equivalent for the iron-requiring photosynthetic electron 

transport chain protein cytochrome c6 (Peers and Price 2006), and increased protein abundances 

of the Cu-Zn utilizing superoxide dismutase (SOD; Fig. 4C). Different SOD proteins in diatoms 

employ different metal cofactors including iron (Groussman et al. 2015), and the 
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overrepresentation of Cu-Zn SOD may signify a preference for a non-iron using SOD under high 

CO2.  

Additionally, nitrogen assimilation proteins are estimated to account for a significant 

portion of the cellular iron requirement in phytoplankton (Raven 1988), and reducing their 

transcript or protein abundances has also been associated with iron stress in phytoplankton 

(Cohen et al. 2017). Under higher CO2, pennate diatoms decreased transcript expression of 

ammonium transporters (AMT) and the ferredoxin-dependent glutamate synthase (Fd-GOGAT) 

in Experiment 1 and nitrate transporters (NRT) in Experiment 3 (Fig. 2.4c and Supplemental Fig. 

2.25). Similarly, centric diatoms decreased transcript expression of the ferredoxin-dependent 

nitrite reductase (Fd-Nir) in Experiment 3 (Supplemental Figs. 2.23 and 2.25).  

At the first time point of Experiment 3, Ostreococcus decreased transcript expression for 

the entire assimilatory nitrate reduction pathway including the plastid-localized nitrite transporter 

(FNT) and the nitrate transporter accessory protein, NAR2 (Fig. 2.4c). NRT and Fd-Nir also 

displayed significantly lower protein abundances while NAR2 abundances were not significantly 

different. Fd-GOGAT transcript expression was also lower at the first time point (P = 0.052, Fig. 

2.4c and Supplemental Fig. 2.25), and by the second time point, protein abundances were 

significantly lower (Supplemental Figs. 2.25 and 2.26). Ostreococcus also reduced transcript 

expression at 800 ppm for these nitrate assimilation genes but not to the same degree as at 1200 

ppm further indicating that responses are function of CO2 (Supplemental Fig. 2.25). 

Additionally, Ostreococcus responded by increasing transcript expression of a SLC9-family 

Na+/H+ exchanger at 1200 ppm, potentially to regulate intracellular pH under higher acidity (Fig. 

2.4c)(Fuster and Alexander 2014).  
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At the second time point, Ostreococcus displayed further iron-related responses 

(Supplemental Fig. 2.26). Like the increased protein abundances of the Cu-Zn SOD for centric 

diatoms, Ostreococcus increased expression of the Ni-using SOD. Ostreococcus also had 

reduced protein abundances of the iron storage protein ferritin (FTN) where it may play a role in 

buffering intracellular iron, a function that may no longer be beneficial under Fe stress (Botebol 

et al. 2015). 

In Experiment 1, centric diatoms displayed remodelling of their carbon uptake pathway 

with changes in carbonic anhydrase (CA) transcript and protein abundances (Fig. 2.4c). Carbonic 

anhydrases (CA) interconvert CO2 and HCO3- as part of the CO2-concentrating mechanism 

(CCM) in diatoms to overcome relatively low concentrations of ambient CO2 (Matsuda et al. 

2017). Diatoms possess multiple CAs belonging to evolutionarily distinct families with diverse 

localizations including extracellular CAs at the cell surface, although there is not consistent 

conservation between family and location (Matsuda et al. 2017).  

With increased CO2, transcript expression of α-CA and β-CA in centric diatoms at 

Experiment 1 significantly increased while expression of δ-CA and ι-CA significantly decreased 

(Fig. 2.4c and Supplemental Fig. 2.23). These genes were not found to be differentially abundant 

on the protein level. Conversely, CAs in pennate diatoms at Experiment 1 were not significantly 

different on the transcript level, but δ-CA proteins significantly decreased with increased CO2 

aligning with the lower expression observed in centric diatoms. 

In centric diatoms, α-CA, β-CA, and γ-CA expression was dominated by Chaetoceros 

whereas other centric diatom genera were expressing δ-CA and ι-CA indicating that these 

responses may be more genus-specific (Fig. 2.4c and Supplemental Fig. 2.23). As zinc is a 

common cofactor in carbonic anhydrases (Morel et al. 2020) and ZIP-family transporters may 
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also transport zinc (Blaby-Haas and Merchant 2012), increased expression of ZIP1, which was 

also largely from Chaetoceros, may serve to support increased α-CA and β-CA abundances 

under higher CO2. α-CA and β-CA are believed to be localized to different compartments in the 

chloroplast in model diatoms (Matsuda et al. 2017), and expression of α-CA is thought to be 

constitutive (Samukawa et al. 2014). γ-CAs and δ-CAs have shown a wide range of localizations 

(Matsuda et al. 2017; Samukawa et al. 2014) and ι-CA has been localized to the chloroplast in T. 

pseudonona (Jensen et al. 2019). Both δ-CA and ι-CA have been shown to be downregulated 

under high CO2 as observed here, although for δ-CA, this pattern is not entirely consistent 

(Crawfurd et al. 2011; Hennon et al. 2015; Jensen et al. 2019; Samukawa et al. 2014). 

 SLC4-family bicarbonate transporters are also part of the CCM (Nakajima et al. 2013). 

Despite change in CA expression, SLC4 transporter transcripts were not differentially expressed 

in any experiment for centric or pennate diatoms (Supplemental Fig. 2.27). In the protein data, it 

was only detected at Experiment 1 in centric diatoms after 72 hours where it was also not 

differentially abundant. SLC4 expression has previously been shown to decrease with higher CO2 

in the model diatom T. pseudonana (Hennon et al. 2015); however, no difference in bicarbonate 

uptake or certain SLC4 transcripts within a more extensive pH range (7.5 to 8.2) was observed in 

the model diatom P. tricornutum suggesting a lack of response over the pH ranges used here 

(Nakajima et al. 2013).  

 

Discussion 

Ocean acidification is hypothesized to alter iron bioavailability (McQuaid et al. 2018; Shi 

et al. 2010), which is particularly important as large areas of the ocean including some upwelling 

regions experience frequent iron limitation (Bruland et al. 2001; Hutchins et al. 2002; Till et al. 
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2019). Here we examined upwelling-associated phytoplankton communities’ responses while 

they were simultaneously exposed to iron stress and acidification over short time periods. The 

iron status and responses of these communities were assessed with a combination of 

experimental, biogeochemical, physiological, and ‘omics approaches. Although large differences 

were not observed in the bulk community, molecular-level responses with greater taxonomic 

resolution of dominant groups were indicative of acidification-driven alterations to iron 

bioavailability and greater iron stress under higher CO2. Within centric and pennate diatoms, 

these responses were variable, but included changes to myriad of genes related to iron uptake and 

cellular iron demand (Fig. 2.5).  Several of the iron-related genes described here are relatively 

uncharacterized in diatoms and of diverse evolutionary origins highlighting diatoms’ unique 

adaptations to grow under low iron availability. 

 In Experiment 1, both centric and pennate diatoms employed iron uptake pathways for 

siderophore-bound iron or ferrous iron that are more bioavailable under acidic conditions than 

ferric iron (Fig. 2.4c, 2.5) (McQuaid et al. 2018; Shi et al. 2010). Here, a preference for 

siderophore-bound iron may not have been reflected in the uptake rates of Fe-DFB (Fig. 2.2d) as 

Fe-DFB uptake has been characterized with a different suite of genes than the ones observed to 

be upregulated here (FecCD and SLC49A). Genes responsible for Fe-DFB uptake, FRE and 

FBP1, were also not differentially expressed except for decreased protein abundances in centric 

diatoms in Experiment 1, although the ferric reductases expressed here may represent separate 

homologs that does not serve the same functional role (Fig. 2.4c and Supplemental Figs. 2.21 

and 2,22)(Coale et al. 2019). Furthermore, uptake of Fe-DFB may be less affected by 

acidification compared to other siderophore complexes (McQuaid et al. 2018; Shi et al. 2010), 

and organically-complexed iron in seawater is generally more bioavailable (Shaked et al. 2020). 



71 

In Experiment 3, the response was instead transcriptional and proteomic increases in iron 

permeases (FTR) in centric diatoms signifying an increase in free inorganic iron transporters as 

its availability is reduced (Fig. 2.4c). This increase in transporters is further supported by higher 

maximal uptake rates of inorganic iron that are also a further sign of increased iron stress (Fig. 

2.2d). 

 

 

Figure 2.5: Potential diatom-related cellular changes from increased acidification driving 
changes in iron chemistry and/or bioavailability.Molecules or proteins are coloured red or blue 
for potential increases or decreases respectively. Black denotes no change. This figure was 
created with BioRender.com. 
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The difference in iron transporter expression between the two experiments may have 

occurred for several reasons. First, the iron status of the communities was distinctly different; the 

community at Experiment 1 was not iron-limited whereas the community at Experiment 3 was, 

although in Experiment 1, the NO3:dFe ratio suggested the potential for iron limitation and high 

expression of ISIP genes indicates some degree of iron stress (Fig. 2.4b). Meanwhile, 

Experiment 1 also had the highest initial dFe concentrations (Fig. 2.1b). Collectively, this may 

have allowed the community at Experiment 1 to possess relatively high intracellular and/or 

stored iron to rely on while subjected to added iron stress from acidification. The observed 

increased expression of ferrous iron transporters that are potentially intracellular may support 

this increased reliance on intracellular recycling or release of stored iron to sustain growth over 

these relatively short timescales (Blaby-Haas and Merchant 2012; Lampe et al. 2018). Second, 

the iron pools between the experiments were likely distinct although they are largely 

uncharacterized here. Besides higher dissolved iron concentrations, labile particulate iron 

concentrations were relatively high at Experiment 1, and dissolution of particulate iron may have 

supported growth (Fig. 2.1c and Supplemental Fig. 2.3). Third, the communities were distinct 

not only in terms of composition but also functional diversity (Fig. 2.3c).  Only 12.2% and 

21.5% of orthologous gene clusters in centric and pennate diatoms respectively were found to be 

shared between the two experiments (Supplemental Fig. 2.13). Certainly, there is high functional 

diversity within diatoms, and their responses may not be equivalent. 

In both Experiments 1 and 3 however, diatoms also appeared to reduce their cellular iron 

requirements (Figs. 2.4c and 2.5, Supplemental Figs. 2.23 and 2.25). Decreased transcript or 

protein abundances of several iron-requiring proteins related to photosynthesis and nitrogen 

assimilation as well as a mitochondrial protein, mitoNEET, were observed. In Experiment 3, 
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centric diatoms increased transcript abundances of the iron-free protein plastocyanin and 

increased protein abundances of the Cu-Zn SOD which may substitute for the iron-using SOD.  

Collectively, these changes in transcript and protein abundances signify an increase in 

iron stress resulting from acidification. The use of alternative iron uptake pathways or iron-

sparing measures may have temporarily satisfied high cellular iron demand over the relatively 

short periods examined here, but longer-term exposure to high CO2 may have resulted in a more 

iron-stressed community. For the community at Experiment 1, siderophore-bound iron or ferrous 

iron uptake pathways are likely less efficient than those for inorganic ferric iron uptake, and a 

reliance on iron storage is not sustainable over longer time scales. For the community at 

Experiment 3, the increase of iron permeases for ferric iron uptake confers increased energetic 

costs, and reductions in iron-requiring photosynthetic and nitrogen assimilation proteins may 

result in less efficiency in these critical pathways for growth. However, future iron supplies will 

likely be altered, and the net result remains unknown (Boyd et al. 2014; Capone and Hutchins 

2013); increased iron inputs could offset reductions in bioavailability and prevent increased iron 

stress. 

 Remodeling of carbon uptake pathways was also observed in centric diatoms in 

Experiment 1 (Fig. 2.4c and Supplemental Fig. 2.23). Phytoplankton employ a carbon 

concentrating mechanism (CCM) that includes carbonic anhydrases (CA) to overcome relatively 

low concentrations of ambient CO2 (Matsuda et al. 2017). Extracellular CAs (eCA) can alter the 

carbonate chemistry in the region immediately around the cell (Chrachri et al. 2018) with 

activities that span orders of magnitude and scale with cell size (Shen and Hopkinson 2015). This 

function may potentially overcome impacts from acidification such as maintaining elevated 

[CO3
2−] for iron uptake via phytotransferrin. In Experiment 1, certain centric diatoms decreased 
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expression of CAs associated with low CO2 as CO2 increased which potentially translates into 

energetic savings (Mackey et al. 2015); however, Chaetoceros instead appeared to increase 

expression of α-CA and β-CA which would have the opposite effect (Fig. 2.4c). Potential 

energetic savings or costs may also be offset by other observed changes such as the relative 

increases in ribosomal proteins in pennate diatoms at Experiment 1 (Supplemental Fig. 2.16), 

other unknown proteins, or are negligible relative to the cell’s energy demand contributing to the 

lack of large changes observed here.  

The absence of large observable effects in Experiments 2 and 4 may be a result of 

reduced acidification exposure relative to community growth rates compared to Experiments 1 

and 3 where multiple cell divisions may have occurred (Supplemental Fig. 2.8). Corresponding 

to this reduced exposure relative to growth rate, there were comparatively fewer transcriptional 

changes in Experiments 2 and 4 (Fig. 2.4a). Alternatively, there may have been an increase or no 

net change in bioavailable iron during those experiments. Under acidic conditions, the 

dissociation of iron from certain organic ligands is less favourable; however, this is not universal 

and some ligands are unaffected (Shi et al. 2010). Under more acidic conditions, some models 

indicate that Fe(III) may instead be more soluble leading to increases in bioavailable dissolved 

iron (Gledhill et al. 2015; Stockdale et al. 2016). Indeed, the iron pool and dynamics in the 

natural environment are vastly more complex than those in laboratory studies with both a single 

organism and iron source where reductions in iron bioavailability have been shown (Boyd et al. 

2015).  

 Within all four experiments however, short-term exposure to pCO2 levels surpassing 

global surface seawater means predicted by the end of the century and most natural surface water 

variability in the CCS (Supplemental Tables 2.1-2.3) produced few observable differences in 
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chlorophyll a production and nutrient uptake including that of both inorganic and organically-

complexed iron (Fig. 2.2). Furthermore, increased CO2 did not alter the carbon-to-nitrogen ratios 

of the community suggesting a lack of CO2 fertilization with no increase in carbon content from 

high CO2 as previously proposed (Fig. 2.2c) (Riebesell et al. 2007). Increased acidification did 

not create shifts in the prokaryotic or eukaryotic microbial communities over the short duration 

of the experiments as there were almost no significant differences in alpha diversity or 

community among treatments (Fig. 2.3b, 2.3c). Few ASVs (< 1.5%) were estimated to be 

differentially abundant (Fig. 2.3d), and of those that were, some may be calcifying 

phytoplankton that were impacted as calcification became less energetically favourable (Mackey 

et al. 2015).  

 These results may suggest that the natural phytoplankton communities observed here 

possess short-term resistance to acidification at pH values as low as 7.6 despite iron stress. 

Certainly, many phytoplankton taxa, especially diatoms, regularly bloom within the naturally 

acidic conditions of initially upwelled waters, and this resistance may have been selected for. 

Our experiment further offshore, Experiment 4, indicates that this lack of impact may extend 

farther than the nearshore region; however, these responses may still differ from regions where 

both pH variability and iron supply are even lower, e.g., high-nitrate low-chlorophyll regions.  

Again however, these results may have occurred from the relatively short duration of the 

experiments, and longer exposure may have showed either impacts from added iron stress or 

continued resistance.  

 Ocean acidification is in itself a multiple stressor as several carbon and iron parameters in 

seawater are changing simultaneously (Hurd et al. 2020). As a disturbance, it may be 

representative of a nonlinear transition where the tipping points are not reached until extreme 
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conditions are encountered (Scheffer et al. 2009). In the case of phytoplankton in upwelling 

regions, the tipping point may exist at atmospheric CO2 levels beyond those estimated by the end 

of the century under high emissions scenarios or more prolonged exposure compared to the short 

time-scales used here (Supplementary Table 2). These extremes and interactive effects with 

additional stressors such as temperature for upwelling-associated phytoplankton communities 

remain to be uncovered. 

 

Methods 

Experimental design 

Trace metal clean incubation experiments were conducted at four sites (Table 2.1) in 

August 2019 onboard the R/V Atlantis as part of the California Current Ecosystem Long-Term 

Ecological Research (CCE-LTER) Process Cruise. At each site at approximately 06:00 PST, 

seawater was collected from near the depth of maximum fluorescence (Supplemental Fig. 2.1) 

with a trace metal CTD-rosette fitted with Teflon coated 5 L Niskin-X bottles (Ocean Test 

Equipment) on a non-metallic hydroline. Niskin bottles were then brought into a positive 

pressure trace metal clean van where seawater was dispensed into 4 L polycarbonate bottles 

fitted with perfluoroalkoxy alkane (PFA) tubing and Kynar® PVDF barb fittings for sampling 

and bubbling. At the end of one inlet line, the bottles also had a plastic aerator (Lee’s Discard-A-

Stone) to maximize gas transfer. 

 Prior to the incubations, bottles were cleaned using trace metal techniques in a trace 

metal clean area under positive pressure. First, bottles were treated with acidic detergent 

(CitraNOX®, Alconox Inc.) for one day then rinsed five times with Milli-Q. Bottles were then 

filled with 1.2 mol L-1 trace metal grade HCl for two weeks then rinsed again three times with 
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Milli-Q. During each step, detergent, Milli-Q, or HCl was syringed through the aerator, barbs, 

and tubing with all plastic syringes (NORM-JECT®).   

Bottles were rinsed with seawater three times, then 4 L of seawater was dispensed into 

each bottle. To attempt to avoid macronutrient depletion, macronutrients (nitrate, phosphate, and 

silicic acid) that had been prepared with trace metal grade salts and passed over Chelex 100 resin 

to remove contaminating metals as described by Sunda et al. (2005). Macronutrients were added 

at varying concentrations based on estimated initial concentrations (Table 2.1). Bottles were then 

transferred to the laboratory onboard where they were placed in an incubator (Percival Scientific) 

at 12.5°C with 115 µmol photons m-2 s-1 photosynthetically active radiation (PAR). The 

incubator was programmed on a light:dark cycle to closely match the timing of sunset and 

sunrise at the time and location of the incubations (lights on from 06:30 to 19:45). Seawater was 

then continuously bubbled with commercially prepared gas mixtures of air balanced with 400, 

800, or 1200 ppm CO2 (Praxair, Inc.) at a total rate of 0.3 LPM for each treatment. Gas was 

delivered to each bottle through a 4-port cross connector and fine-tuned with KeckTM tubing 

clamps to achieve evenly distributed flow of approximately 0.1 LPM in each bottle. Prior to the 

cross connector, gas was filtered through a 0.2 µm Millex-FG PTFE filter (Millipore), passed 

through tubing that also cleaned with 1.2 mol L-1 trace metal clean HCl and rinsed three times 

with Milli-Q, then delivered to the inlet tubing at the bottle through another WhatmanTM HEPA-

Vent filter. A HEPA-Vent filter was also was placed on the outlet tubing to prevent 

contaminating particles from entering the bottles. Triplicate bottles were used for all 

experimental conditions; one replicate from the 800 ppm treatment for experiment 4 (800B) was 

not included in final analyses due to potential iron contamination. 
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Seawater was collected directly from the Niskin bottles and immediately processed for 

the initial time point. For the later time points, sampling occurred at one-day intervals that varied 

among experiments: 48 and 72 hours for Experiment 1, 24 and 48 hours for Experiment 2, and 

48 and 96 hours for Experiments 3 and 4 (Table 2.1). These intervals were chosen to attempt to 

avoid macronutrient depletion with maximum experimental duration of 96 hours to also avoid 

increased bottle effects. To sample these later timepoints or chlorophyll a at 24-hour intervals, 

bottles were brought into a HEPA-filtered positive pressure trace metal clean area. Samples were 

then immediately taken for dissolved inorganic carbon (DIC) followed by subsamples for 

chlorophyll a, particulate organic carbon and nitrogen, RNA, proteins, Fe uptake, macronutrient 

concentrations, and total alkalinity (TA) that were dispensed into additional bottles for sampling 

as described below.  

 

Satellite data and maps 

Satellite-derived data were obtained from the NOAA CoastWatch Browser, and maps 

were created with matplotlib v2.2.2 for Python v2.7 (Hunter 2007). Chlorophyll a concentrations 

on a 0.0125° grid were obtained from MODIS on board the Aqua (EOS PM). 

 

Carbonate chemistry 

Initial (T0) seawater samples for dissolved inorganic carbon (DIC) and total alkalinity 

(TA) analysis were collected from the Niskin bottles. Tubing was attached to the Niskin bottle 

and placed at the bottom of a 250 mL borosilicate glass bottle. The bottle was then inverted to 

thoroughly rinse the inside of the bottle and then filled from the bottom and allowed to overflow 

at least one full volume. The tubing was then pinched and withdrawn leaving only a small 
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headspace. 100 µL of a saturated mercuric chloride (HgCl2) solution was added to the sample to 

prevent biological activity (Hunter 2007). Bottles were then sealed with high vacuum grease 

(Apiezon) on the stopper and fastened using a rubber band and bottle clip. 

For the later timepoints, DIC and TA samples were collected separately. DIC was 

collected immediately by slowly syringing without introducing bubbles from the incubation 

bottles into 60- or 120-mL borosilicate glass bottles. Each bottle was gently rinsed with seawater 

then filled from the bottom using tubing connected to the syringe. Seawater was immediately 

poisoned with either 25 µL or 50 µL of saturated HgCl2 solution for the 60- or 120-mL bottles 

respectively. Bottles were then sealed with grease and clipped as done for the T0 samples. DIC 

was measured with an Automated Infra-Red Inorganic Carbon Analyzer (AIRICA, Marianda) 

equipped with a LI-COR 7000 CO2/H2O gas analyser as the detector. 

 TA was collected from filtrate from the sterivex used for RNA or proteins into 250 mL 

borosilicate glass bottles. Each bottle was rinsed thoroughly three times before filling. Seawater 

was poisoned with 100 µL saturated HgCl2 solution and the bottles were sealed as described for 

the T0 samples. TA was then measured with an open-cell potentiometric acid titration (0.1 N 

HCl) system developed by the Dickson Lab at Scripps Institution of Oceanography (Dickson et 

al. 2007). 

 Both seawater DIC and TA measurements were made relative to certified reference 

materials (CRMs) provided by the laboratory of A. Dickson at Scripps Institution of 

Oceanography. The accuracy and precision of the measurements from the CRMs were -0.21 ± 

1.26 µmol kg-1 (n = 24) for DIC and -0.42 ± 1.85 µmol kg-1 (n = 17) for TA. The complete 

seawater carbonic-acid system (i.e., pCO2, pH, CO32-, HCO3-, etc) was calculated based on DIC, 

TA, temperature, salinity, phosphate, and silicate using CO2SYS for MATLAB (v 2.1)(Lewis 
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and Wallace 1998). Calculations used the first and second dissociation constants of carbonic acid 

(K1 and K2) from Mehrbach et al. (1973) refit by Dickson and Millero (1987), the dissociation 

constants of bisulfate (KHSO4) from Dickson (1990), and total boron from Uppstrom (1974). pH 

values are reported on the total H+ scale. 

 

Dissolved iron concentrations 

Dissolved iron (dFe) was measured via chemiluminescence flow-injection analysis with 

hydrogen peroxide oxidation (FeLume, Waterville Analytical) as described by Lohan et al. 

(2006). Briefly, seawater was filtered using acid-cleaned 0.2 µm Acropak 200 capsule filters 

(VWR International) into clean and rinsed low-density polyethylene (Nalgene) bottles in a 

positive pressure clean van then was acidified to pH ~ 1.8 with HCl (Optima grade, Fisher 

Scientific). Dissolved iron was oxidized to Fe(III) with hydrogen peroxide (1% v/v optima 

grade), buffered in-line with an ammonium-acetate mixture, and selectively pre-concentrated on 

a column packed with resin (Toyopearl 650 M chelating resin) at pH ~3.5. After the sample was 

eluted with 0.23 M HCl (Optima grade), the production of radicals catalyses a three-step 

oxidation reaction with hydrogen peroxide (0.23 M optima grade) and luminol (0.25 mM). Iron 

was then eluted and oxidized with pH > 9 luminol-ammonia buffer, and the chemiluminescence 

(425 nm) was measured with a photomultiplier tube. Final dissolved iron concentrations were 

then quantified via external standard curve. In-house and GEOTRACES consensus reference 

standards (geotraces.org) were measured in each analytical run to ensure accuracy and precision. 

 

 

 



81 

Labile particulate iron concentrations 

Labile particulate iron was calculated as total dissolvable Fe (TDFe) minus dissolved iron 

(dFe). Unfiltered samples were acidified to pH ~ 1.8 with HCl (Optima grade, Fisher Scientific) 

and stored for 22-24 months. Immediately prior to analysis, the samples were syringe-filtered using 

acid-cleaned syringes and 0.2 µm Supor® filters, and then analyzed using the same analytical 

methods as for dFe samples. The blank from the syringe-filtration was averaged 0.058 nmol L-1, 

which is at most a 6% correction to the overall measurement of TDFe. Due to the calibration range 

of the standards, it was necessary to dilute many of the samples, especially nearshore; therefore, 

offshore filtered Pacific surface seawater (0.22 nmol L-1) was used to dilute samples by a factor of 

10 prior to analysis. 

 

Dissolved macronutrient concentrations 

Approximately 30-35 mL of filtrate from the Sterivex filter unit (0.2 µm) was dispensed 

into 50 mL polypropylene centrifuge tubes and frozen at -20°C until analysis. Each tube was 

rinsed three times before filling. Nutrients were analysed on a QuAATro continuous segmented 

flow autoanalyzer (SEAL Analytical) as described by the CalCOFI methods manual. Total 

oxidized nitrogen (nitrate reduced to nitrite), solely nitrite, and the efficiency of reduction of 

nitrate to nitrite were assessed to calculate solely the nitrate concentration. Reference materials 

for nutrients in seawater (KANSO Co., LTD.) were included in the run for quality control. 
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Siex proxy for diatom iron limitation 

Siex is a biogeochemical proxy that suggests Fe limitation in diatoms due to preferential 

utilization of silicic acid (Hogle et al. 2018; Hutchins and Bruland 1998; King and Barbeau 

2011), and was calculated as described by Hogle et al. (2018). Briefly, 

𝑆𝑆𝑆𝑆𝑒𝑒𝑒𝑒  =  [µ𝑚𝑚𝑚𝑚𝑚𝑚 𝐻𝐻4𝑆𝑆𝑆𝑆𝑂𝑂4 𝐿𝐿−1] – ([µ𝑚𝑚𝑚𝑚𝑚𝑚 𝑁𝑁𝑂𝑂3 𝐿𝐿−1] ∗ 𝑅𝑅𝑆𝑆𝑆𝑆:𝑁𝑁𝑁𝑁3)  where  𝑅𝑅𝑆𝑆𝑆𝑆:𝑁𝑁𝑁𝑁3 is the preformed 

ratio of silicic acid and nitrate from upwelled source waters. Based on averaged values from the 

upwelling source water densities in the region (σθ = 25.8 kg m-3), 𝑅𝑅𝑆𝑆𝑆𝑆:𝑁𝑁𝑁𝑁3 = 0.99 (Hogle et al. 

2018). 

 

Parallel incubations to assess iron status 

Parallel incubations were conducted to evaluate the presence of iron limitations. First, 

approximately four hours prior to the start of each of the pCO2 experiments, seawater was 

collected from near the same depth as the pCO2 experiments with the TMC rosette 

(Supplementary Fig. 1). One litre of seawater was dispensed into trace metal clean polycarbonate 

bottles. Trace metal clean techniques were used as described above. Triplicate bottles at each site 

were either unamended (control), supplemented with 5 nmol L-1 iron (+Fe), or supplemented 

with 100 nmol L-1 of the iron chelator desferrioxamine B (+DFB).  

 Bottles were incubated in situ for 24 hours with a quasi-Lagrangian drifter as described in 

Stukel et al. (2013). The drifter was equipped with a surface float and holey-sock drogue centred 

at 15 m. Bottles were attached to the drifter near the depth of collection in mesh bags. Either 

immediately (T0) or after 24 hours of incubation, samples were collected for chlorophyll a and 

macronutrients. The drifter was followed between the start of these incubations and the 

acidification incubations to sample from approximately the same water mass. 
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 One day following the initiation of the fourth pCO2 experiment (E4) and while still 

following the Lagrangian drifter, an additional trace metal clean incubation experiment was 

performed using a community collected and incubated on the drifter at 40 m depth. Triplicate 1 L 

polycarbonate bottles at each site were either unamended (control), supplemented with 5 nmol L-

1 (+Fe), supplemented with 10 µmol L-1 (+N), or both iron and nitrate (+FeN). After 48 hours, 

samples were collected for chlorophyll a.  

 In addition to the incubations at E3 on the drifter, deckboard incubations in triplicate 2.7 

L polycarbonate bottles were performed with neutral density screening for light and flow-

through seawater for temperature. These bottles were either unamended (control) or 

supplemented with 5 nmol L-1 (+Fe). Samples for chlorophyll a were collected immediately (T0) 

and following 24 and 48 hours of incubation. 

 

Chlorophyll a 

Fifty mL of seawater was filtered through a GF/B filter (1.0 µm, 25 mm) for the 

acidification experiments or a GF/F filter for the parallel incubations under gentle vacuum 

pressure (< 100 mm Hg) and frozen at -20°C until analysis. Chlorophyll a extraction was 

performed using 90% acetone at -20°C for 24 h and measured via in vitro fluorometry on a 

Turner Designs 10-AU fluorometer using the acidification method. Community growth rates (µ) 

were derived from the slope of linear regressions with the natural log of chlorophyll a 

concentrations over time. The last time point from Experiment 1 was excluded from the growth 

rate calculations as macronutrients were depleted. 
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Particulate organic carbon and nitrogen 

Four hundred mL of seawater was filtered through a pre-combusted Whatman GF/B filter 

(1.0 µm, 25 mm, 450°C for 6 hours) under gentle vacuum pressure (< 100 mm Hg) and frozen in 

plastic petri dishes at -20. Filters were dried at 62°C then inorganic carbon was removed by 

acidifying the filters with HCl vapor followed by drying for another hour at 62°C. Filters were 

then encapsulated in tin and analysed on a Costech ECS 4010 CHNSO Analyzer following the 

manufacturer’s instructions. Blank filters were run alongside the samples and subtracted from the 

sample quantities. 

 

Short-term 59Fe uptake assays 

Iron uptake rates were characterized in subsamples collected from the incubation bottles 

or directly from the Niskin-X bottles (T0 samples) in acid-cleaned polycarbonate bottles.  

Additions of either 1 nmol L-1 59FeCl3 or 1 nmol L-1 59Fe-DFB (ferrioxamine B) were made to 

uptake bottles which were then incubated without light. 59Fe-DFB stocks were equilibrated 

overnight with a 4:5 ratio of iron to DFB. Four aliquots of each uptake bottle were filtered onto 1 

µm polycarbonate filters at one-hour intervals. Each filter was rinsed with an oxalate-EDTA 

wash solution for 15 minutes before rinsing with filtered seawater (Tang and Morel 2006). 

Filters were then preserved in Ecolite™ liquid scintillation cocktail (MP Biomedicals), and 59Fe 

was quantified by liquid scintillation counting. Uptake rates were calculated by the linear 

regression of particulate 59Fe per litre of seawater against time. Rates were normalized to both 

chlorophyll a and particulate organic carbon concentrations. 
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RNA collection and extraction 

Between 525 and 1100 mL of seawater from each bottle or the initial seawater was 

filtered through a 0.22 µm Sterivex-GP filter unit (Cat. no. SVGP01050, Millipore) which was 

immediately sealed with a 1.2 mol L-1 HCl and Milli-Q rinsed luer-lock plug and Hemato-SealTM 

tube sealant, wrapped in aluminum foil, and flash frozen in liquid nitrogen. RNA was extracted 

using the NucleoMag RNA extraction kit (Machery-Nagel) on an Eppendorf epMotion 5075t as 

described here: https://dx.doi.org/10.17504/protocols.io.bd9ti96n. RNA quality and quantity 

were assessed with an Agilent 2200 TapeStation (RNA ScreenTape) and the Quant-iTTM 

Ribogreen® RNA Assay kit. For RNA at initial time point (T0) for Experiment 3, n = 2.  

 

16S and 18S rRNA Amplicon Sequencing and Analysis 

From the aforementioned extracted RNA, cDNA was synthesized with the Invitrogen 

SuperScript™ III First-Strand Synthesis System according to the manufacturer’s instructions. 

RNA-derived amplicon libraries targeting the V4-V5 hypervariable region of the 16S gene and 

the V9 hypervariable region of the 18S region were then generated via a one-step PCR using the 

cDNA with the Azura TruFi DNA Polymerase PCR kit. For 16S, the 515-F 

(GTGYCAGCMGCCGCGGTAA) and 926R (CCGYCAATTYMTTTRAGTTT) primer set was 

used (Parada et al. 2016). For 18S, the 1389F (TTGTACACACCGCCC) and 1510R 

(CCTTCYGCAGGTTCACCTAC) primer set was used (Amaral-Zettler et al. 2009). Each 

reaction was performed with an initial denaturing step at 95°C for 1 minute followed by 30 

cycles of 95°C for 15 seconds, 56°C for 15 seconds, and 72°C for 30 seconds. 2.5 µL of each 

PCR reaction was ran on a 1.8% agarose gel confirm amplification. PCR products were purified 

using Beckman Coulter AMPure XP following the standard PCR clean-up protocol. PCR 

https://dx.doi.org/10.17504/protocols.io.bd9ti96n
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quantification was performed using Invitrogen Quant-iT PicoGreen dsDNA Assay kit. Samples 

were then pooled in equal proportions (10 ng DNA per sample) followed by another AMPure XP 

PCR purification. The final libraries were evaluated on an Agilent 2200 TapeStation (D1000 

ScreenTape), quantified with Qubit HS dsDNA kit, and each sequenced at the University of 

California, Davis Sequencing Core on a single Illumina MiSeq lane with a 15% PhiX spike-in.  

 Amplicons were analysed with QIIME2 v2019.10 (Bolyen et al. 2019). Briefly, 

demultiplexed paired-end reads were trimmed to remove adapter and primer sequences with 

cutadapt(Martin 2011). Trimmed reads were then denoised with DADA2 to produce amplicon 

sequence variants (ASVs)(Callahan et al. 2016). Taxonomic annotation of ASVs was conducted 

with the q2-feature-classifier classify-sklearn naïve-bayes classifier (Bokulich et al. 2018; 

Pedregosa et al. 2011) and the SILVA database (Release 138) for 16S (Pruesse et al. 2007) or the 

PR2 database (v4.12.0) for 18S (Guillou et al. 2012). 16S ASVs with eukaryotic, plastid, and 

mitochondrial taxonomic assignments were removed. Diversity metrics and significance tests 

were calculated with the QIIME2 diversity plugin with samples rarefied to 3,756 reads for the 

16S data and 82,249 reads for the 18S data (Supplementary Fig. 28)(Anderson 2001; Kruskal 

and Wallis 1952). Differential abundances of ASVs were assessed using the final time points of 

each experiment with DESeq2 v1.22.2 (Love et al. 2014; McMurdie and Holmes 2014; Weiss et 

al. 2017). ASVs were considered differentially abundant by those with Benjamini and Hochberg 

adjusted P-values < 0.05 (Benjamini and Hochberg 1995). 

 

Metatranscriptome library preparation, sequencing, and analysis 

  A poly-A selected metatranscriptome sequencing library was constructed with the 

Illumina TruSeq Stranded mRNA kit according to the manufacturer’s instructions and sequenced 
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on an Illumina NovaSeq 6000 with a S4 flow cell (2 x 150bp). Raw reads were quality trimmed 

with trimmomatic v0.39 (Bolger et al. 2014) and evaluated with FastQC v0.11.8 and MultiQC 

v1.9.dev0 (Ewels et al. 2016). Trimmed reads were assembled into contigs utilizing subsets of 

samples to generate sub-assemblies with Trinity v2.8.5 with min_contig_length set to 150 bases 

(Grabherr et al. 2011). These assemblies were then merged into final assemblies for each 

experiment with Trans-AbySS v2.0.1 (Robertson et al. 2010). 

Proteins were predicted from the final assemblies with GenemarkS-T (Tang et al. 2015) 

which were deduplicated using the nucleotides of the predicted proteins and the dedupe script 

from BBMap v38.79. Ribosomal RNA sequences were identified with SortMeRNA v2.1 and 

were also removed (Kopylova et al. 2012). Reads were mapped to the predicted proteins with 

Bowtie2 v2.3.5 in local alignment mode (Langmead and Salzberg 2012). Only reads with a 

MAPQ score ≥ 8 were retained. Taxonomic annotation of predicted proteins was performed with 

DIAMOND (v0.9.31) BLASTP searches against PhyloDB v1.076 (Bertrand et al. 2015; 

Buchfink et al. 2015) with an E-value cutoff of 10-5, minimum query coverage of 60%, and 

alignment sores in the top 95%. To avoid mis-annotations from contamination in the reference 

database, final taxonomic assignment was based on the Lineage Probability Index from the 

BLASTP hits with the aforementioned cutoffs (Bertrand et al. 2015; Podell and Gaasterland 

2007). Orthogroups across different experiments were identified using the hierarchial 

phylogenetic approach implemented in OrthoFinder v2.5.4 (Emms and Kelly 2019). For 

functional annotation, DIAMOND BLASTP searches were performed against the Kyoto 

Encyclopedia of Genes and Genomes (KEGG; Release 94.1) (Bertrand et al. 2015; Kanehisa et 

al. 2017). KEGG Ortholog (KO) assignment was performed with KofamKOALA which utilizes 

hmmsearch against KOfam, an HMM database of Kos (Aramaki et al. 2019). Within taxonomic 
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groups, read counts were summed by KO annotation, and if KO annotation was absent, the 

KEGG gene annotation was used. Normalization and differential expression of transcripts were 

then assessed with DESeq2 v1.22.2. Significance in differentially expressed transcripts was 

determined with Benjamini and Hochberg adjusted P-values (P < 0.05) (Benjamini and 

Hochberg 1995). MA plots were generated with the code provided in Cohen et al. (2022). 

 

Protein sample collection, extraction, and preparation 

Seawater (300-900 mL) was filtered through a 0.22 µm Sterivex-GP filter unit (Cat. no. 

SVGP01050, Millipore) which was immediately sealed with a 1.2 mol L-1 HCl and Milli-Q 

rinsed luer-lock plug and Hemato-SealTM tube sealant, wrapped in aluminium foil, and flash 

frozen in liquid nitrogen. Proteins were extracted with a detergent-based procedure based on 

Saito et al. (2011). First, filters were removed from the Sterivex casing as described by Cruaud et 

al. (2017) and placed in 750 µL of extraction buffer (2% SDS, 0.1 M Tris/HCl pH 7.5, 5 mM 

EDTA). Samples were incubated for 10 minutes at 95°C while mixed at 350 rpm. Sonication was 

then performed with a Diagenode Biorupter for approximately 8 minutes (15 second on/off 

intervals) at 4°C. Next, samples were again incubated at room temperature for 30 minutes while 

gently vortexing every 10 minutes. The filters were then removed from the tubes, and the 

remaining liquid was centrifuged at 15,000 x g for 30 minutes at room temperature. The 

supernatant containing the extracted protein was then removed without disturbing the pellet. 

Crude protein extracts were quantified with the PierceTM colorimetric BCA protein concentration 

assay. 

 S-TrapTM mini columns (PROTIFI) were then used to remove SDS extraction buffer from 

the samples and to digest extracted proteins into mass-spectrometry-compatible peptides. 
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Proteins were first reduced and alkylated using 5 mmol L-1 dithiothreitol and 15 mmol L-1 

iodoacetamide respectively, and then denatured using 12% phosphoric acid. Samples were then 

diluted (1:7) with S-trapTM buffer (pH 7.1 100 mmol L-1 tetraethylammonium bicarbonate in 

90% aqueous methanol) and loaded onto the S-trapTM columns. To remove SDS, each sample 

was washed 10 times with 600 µL S-trapTM buffer using gentle vacuum. Proteins were then 

digested on-column using trypsin (1 trypsin: 25 protein) at 37°C for 16 hours. Tryptic peptides 

were eluted from the S-TrapTM columns with a series of 50 mmol L-1 ammonium bicarbonate, 

0.2 % aqueous formic acid, and 50% acetonitrile + 0.2% formic acid washes. Eluted samples 

were desalted on pre-conditioned 50 mg C18 columns (HyperSep), dried using a Vacufuge Plus 

(Eppendorf) and then resuspended in a 1% formic acid, 3% acetonitrile solution prior to liquid 

chromatography – tandem mass spectrometry analysis.  

 

Metaproteomic processing and analysis 

Samples were analyzed on a Dionex UltiMate™ 3000 RSLC-nano LC system (Thermo 

Scientific) coupled to a Q-Exactive hybrid quadrupole-Orbitrap mass spectrometer (Thermo 

Scientific). Each sample was analyzed in duplicate, and a blank was run between each set of 

biological replicates. The peptide matrix was separated using one-dimensional liquid 

chromatography for 125 minutes under a non-linear gradient (Supplemental Table 2.6). The mass 

spectrometer was operated under positive polarity, data-dependent acquisition mode. Detailed 

mass spectrometer settings are shown in (Supplemental Table 2.7). 

Raw mass spectrometry files were converted to mzML format using 

ThermoRawFileParser (Hulstaert et al. 2019). Two annotated databases were compiled using 

experiment-specific metatranscriptome sequences (see Metatranscriptome library preparation, 



90 

sequencing, and analysis) and appended with proteins from the common Repository of 

Adventitious Proteins to detect contaminants. Databases were then filtered to remove redundant 

sequences, and database searching was conducted using OpenMS MSGF+ with a 1% false 

discovery rate (Kim and Pevzner 2014; Röst et al. 2016). Post translational modification 

parameters included cysteine carbamidomethylation as a fixed modification, and methionine 

oxidation and N-terminal glutamate to pyroglutamate conversion as variable modifications. 

 Peptides were quantified using MS1 ion intensities, and FeatureFinderIdentification was 

used to identify unknown features based on identified MS2 spectra in replicate injections 

(Weisser and Choudhary 2017). Individual peptide abundances in each injection were 

normalized to the sum of all peptide intensities in that injection (total sum scaling), excluding 

peptides matching to the common contaminants database. Unique peptides were assigned to a 

taxonomic and functional annotation based on the metatranscriptome assembly and annotation. 

Non-unique peptides, i.e., peptides matching to more than one taxonomic group or functional 

annotation, were considered to be ambiguous. As with the transcripts, peptides were grouped 

based on KEGG Ortholog (KO) and gene annotations within each taxonomic group. Significant 

differences in protein group abundance for each taxonomic group were assessed within 

experiments using ion intensities with DESeq2 and Benjamini and Hochberg adjusted P-values 

(P < 0.05)(Benjamini and Hochberg 1995; Love et al. 2014). Although DESeq2 is designed for 

RNA-seq data, here it was used for consistency between the transcript and protein analyses, and 

it has been found to be effective at determining significance in differentially expressed proteins 

(Langley and Mayr 2015).  

 Ribosomal and photosynthetic protein mass fractions were calculated as described by 

McCain et al. (2022). Specifically, KO gene definitions were searched against character strings 
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for each function. The photosynthesis group included all proteins with “photosyn*”, “light-

harvesting complex”, “flavodoxin”, or “plastocyanin” in their annotation where “*” represents a 

wildcard character. The ribosome group included all proteins with “ribosom*” and excluded 

proteins responsible for ribosomal synthesis. To be included, each taxonomic group of interest 

was required to have more than 50 unique peptides for each protein group to avoid known biases 

(McCain et al. 2022). Mass fractions were then calculated by summing the peptide abundances 

for each function within each taxonomic group and then dividing by the total peptide 

abundancefor the taxonomic group. Differences in proteomic mass fractions were evaluated via 

ANOVAs followed by Tukey’s honest significant difference test in R.  

 

Phylogenetic analyses 

Taxonomically representative sets of homologs of diatom FTR, CDF-family, FecCD-

domain, SLC49-family, and mitoNEET genes with an emphasis on unicellular eukaryotic algae 

were identified from the NCBI nr and MMETSP databases via BLASTP searches (E-value ≤ 10-

3)(Keeling et al. 2014; Pruitt et al. 2007). To reduce the complexity stemming from the 

transcriptomes in MMETSP, sequences were clustered at the 95% similarity level with 

USEARCH (Edgar 2010). Seed sequences were then aligned using MAFFT v7(Katoh and 

Standley 2013). Poorly aligned regions and regions rich in gaps were identified and removed 

using trimAI in gappyout mode (Capella-Gutiérrez et al. 2009). Alignments were then visualized 

and inspected in SeaView 4 (Gouy et al. 2010). Maximum likelihood phylogeny was computed 

in IQTree 2 under the model that produced the best fit using ModelFinder (Kalyaanamoorthy et 

al. 2017; Minh et al. 2020). Ultra-fast bootstrap approximation was estimated from 10,000 

replicates. 
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Statistical analyses 

Two-way ANOVAs followed by Tukey’s honest significant difference test were 

performed on the biological and chemical properties of the seawater using Graphpad PRISM 

v9.0.0. 

 

Data availability 

The sequence data for the metatranscriptome and rRNA amplicon libraries reported in 

this study have been deposited in the National Center for Biotechnology (NCBI) sequence read 

archive under the BioProject accession no. PRJNA787648. Metatranscriptome assemblies, read 

counts, and annotations are available at Zenodo: https://doi.org/10.5281/zenodo.5758778. The 

mass spectrometry proteomics data have been deposited to the ProteomeXchange Consortium 

via the PRIDE partner repository with the dataset identifier PXD038549 (Perez-Riverol et al. 

2019). The SILVA database was obtained from the SILVA website, and the PR2 database was 

obtained from GitHub. The PhyloDB database is available on the A.E. Allen Lab website. 
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Supplemental Figure 2.1: Temperature (°C, blue) and chlorophyll fluorescence voltages (V, 
green) from the CTD downcast prior to the start of the incubations. The horizontal dashed line 
indicates the depth of seawater collection for the ocean acidification experiments. The dotted line 
indicates the depth of collection for the in situ incubations. Data shallower than 24 m are not 
available for the cast for Experiment 2. 
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Supplemental Figure 2.2: pH (total scale, left y-axis) and carbonate ion concentrations [CO3

2−] 
(µmol kg-1, right y-axis) computed from dissolved inorganic carbon (DIC) and total alkalinity 
(TA) for each experiment (E). Timepoints (T) and CO2 treatments (µatm) are denoted on the x-
axis. Measured DIC and TA as well as calculated pH, pCO2, and [CO3

2−] are shown in 
Supplemental Table 2.3. 
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Supplemental Figure 2.3: Labile particulate iron concentrations (LpFe, nmol L-1) calculated from 
total dissolvable iron minus dissolved iron concentrations. (a) Average concentrations from 10 to 
25 m at locations near where the ocean acidification experiments were conducted (n = 1-2). 
Locations where seawater was collected for each experiment are numbered and shown as grey 
diamonds. (b, c) Depth profiles corresponding to the sites labelled b and c in panel a near the 
initial seawater collection for Experiment 4 at 60 m. 
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Supplemental Figure 2.4: Chlorophyll a concentrations (µg L-1) from the parallel incubations. (A, 
B, C, E) In situ experiments with control, iron addition (+Fe), or DFB addition (+DFB) 
treatments after 24 hours. (D) Deckboard experiment during Experiment 3 with control and iron 
addition treatments sampled after 24 and 48 hours. (F) In situ incubation initiated 24 hours after 
Experiment 4 with control, iron addition, nitrate addition, and iron plus nitrate addition 
treatments. Bottles were incubated for 48 hours. Y-axis scales are different for each experiment. 
Letters denote significant differences between means where observed (P < 0.05, ANOVA with 
Tukey Test). Error bars represent the standard deviation of the mean (n = 3). 
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Supplemental Figure 2.5: Macronutrient concentrations (µmol L-1) from the parallel in situ 
incubations at the initial time point (T0) and after 24 hours of incubation with control (C), iron 
addition (+Fe), or DFB addition (+DFB) treatments. Phosphate (PO4) concentrations are one-
tenth the plotted values. Y-axis scales are different for each experiment. Error bars represent the 
standard deviation of the mean (n = 3). 
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Supplemental Figure 2.6: Short-term iron-59 uptake rates normalized to particulate organic 
carbon (µmol Fe mol C-1 hr-1) for inorganic iron (FeCl3, black, left y-axis) and organically-
complexed iron as ferrioxamine B (FeDFB, white, right y-axis). Error bars represent the standard 
deviation of the mean (n = 3 except the Experiment 4 800 ppm samples where n = 2). 
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Supplemental Figure 2.7: Short-term iron-59 uptake rates over time. (A, B) normalized to 
chlorophyll a concentrations (pmol Fe µg Chl-1 hr-1). (C, D) normalized to particulate organic 
carbon (µmol Fe mol C-1 hr-1). (A, C) inorganic iron (FeCl3) uptakes. (B, D) organically-
complexed iron as ferrioxamine B (FeDFB) uptake rates. Error bars represent the standard 
deviation of the mean (n = 3 except the Experiment 4 800 ppm samples where n = 2). 
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Supplemental Figure 2.8: Community growth rates (µ, d-1) for each treatment within each 
experiment. Growth rates were not significantly different within each experiment (P > 0.05).  
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Supplemental Figure 2.9: The relative abundance of diatom orders and genera within diatom 
annotated 18S rRNA amplicons at each experiment (E1-4). Orders share colours as follows: 
polar centric (blue), radial centric (purple), raphid pennate (brown), araphid pennate (red), and 
unknown (green). 

 
  



119 

 
 
Supplemental Figure 2.10: The relative abundance of bacterial classes and orders from 16S 
rRNA amplicons at each experiment (E1-4). 
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Supplemental Figure 2.11: PCoA plots of Bray-Curtis dissimilarity for the eukaryotic community 
(18S rRNA, top) and prokaryotic community (16S rRNA, bottom). Experiments and time points 
are denoted by colour and shape respectively (see legend). 
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Supplemental Figure 2.12: The number of significantly differential abundant amplicon sequence 
variants (ASVs) at each experiment determined by DESeq2 between the 800 µatm (right) and 
400 µatm (left) treatments at the final time point for each experiment (P < 0.05). Eukaryotes are 
shown on top and prokaryotes are shown on the bottom plot. The total number of ASVs for each 
experiment is shown in parentheses next to the experiment number of the y-axis. 
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Supplemental Figure 2.13: Venn diagrams of detected orthologous genes among the 
communities at the different experiments (E1-E4) for (A) centric diatoms and (B) pennate 
diatoms. The percentage of orthologous genes unique to each experiment is shown. 
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Supplemental Figure 2.14: Normalized transcript expression of iron starvation-induced proteins 
(ISIPs) in pennate diatoms (log10 scale): ISIP1 (red), ISIP2A (phytotransferrin or pTF, blue), 
ISIP3 (green). The horizontal dashed lines indicate the averaged 95th and 99th percentile for 
transcript abundance in each experiment. Error bars represent the standard deviation of the mean 
(n = 3 except the Experiment 3 T0 and Experiment 4 800 ppm samples where n = 2).  



124 

 
 

Supplemental Figure 2.15: Normalized (total sum scaled) protein abundances of iron starvation-
induced proteins (ISIPs) in centric diatoms (top row) and pennate diatoms (bottom row). The 
horizontal dashed lines indicate the averaged 95th and 99th percentile for protein abundances in 
each experiment. Error bars represent the standard deviation of the mean (n = 3 except the 
Experiment 3 T0 samples where n = 2). 
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Supplemental Figure 2.16: Photosynthetic and ribosomal protein mass fractions for each 
Experiment (E), and taxonomic group with at least 50 unique peptides for each functional 
category. Time points (h) are denoted by shape and CO2 treatments are denoted by color as 
shown in the legend. Note that the scale of each axis is different.  
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Supplemental Figure 2.17: Maximum likelihood phylogenetic tree as inferred from iron 
permease (FTR1) amino acid sequences (255 taxa/241 positions) under the LG+C40+F+R8 
model as implemented in IQTree 2. The scale bar represents 0.1 amino acid substitutions per 
position. Branch colors and labels correspond to different taxonomic groups. Numbers above 
branches indicate ultra-fast Maximum-likelihood bootstrap support. A PDF version of this tree is 
available in this manuscript’s associated figshare repository: 
doi.org/10.6084/m9.figshare.22589218 

  

https://doi.org/10.6084/m9.figshare.22589218
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Supplemental Figure 2.18: Maximum likelihood phylogenetic tree as inferred from CDF-family 
amino acid sequences (542 taxa/309 positions) under the LG+F+R10 model as implemented in 
IQTree 2. The scale bar represents 0.1 amino acid substitutions per position. Branch colors and 
labels correspond to different taxonomic groups. Numbers above branches indicate Maximum 
likelihood ultra-fast bootstrap support. A PDF version of this tree is available in this 
manuscript’s associated figshare repository: doi.org/10.6084/m9.figshare.22589218  

https://doi.org/10.6084/m9.figshare.22589218


128 

 
 

Supplemental Figure 2.19: Maximum likelhood phylogenetic tree as inferred from FecCD-like 
sequences (58 taxa/250 positions) under the LG+C20+F+R5 model as implemented in IQTree 2. 
The scale bar represents 0.1 amino acid substitutions per position. Branch colours and labels 
correspond to different taxonomic groups. Numbers above branches indicate Maximum 
likelihood ultra-fast bootstrap support. A PDF version of this tree is available in this 
manuscript’s associated figshare repository: doi.org/10.6084/m9.figshare.22589218 
  

https://doi.org/10.6084/m9.figshare.22589218
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Supplemental Figure 2.20. Maximum likelihood phylogenetic tree as inferred from SLC49 -
family amino acid sequences (374 taxa/386 positions) under the LG+C40+F+R10 model as 
implemented in IQTree 2. The scale bar represents 0.1 amino acid substitutions per position. 
Branch colours and labels correspond to different taxonomic groups. Numbers above branches 
indicate ultra-fast Maximum-likelihood bootstrap support. A PDF version of this tree is available 
in this manuscript’s associated figshare repository: doi.org/10.6084/m9.figshare.22589218 

https://doi.org/10.6084/m9.figshare.22589218
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Supplemental Figure 2.21:  Normalized transcript expression of ferrichrome binding protein 1 
(FBP1) in all diatoms. Error bars represent the standard deviation of the mean (n = 3 except the 
Experiment 3 T0 and Experiment 4 800 ppm samples where n = 2). 
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Supplemental Figure 2.22: Normalized (total sum scaled) protein abundances of ferrichrome 
binding protein 1 (FBP1) in all diatoms at Experiment 1. FBP1 proteins at E1 were either 
classified as unknown diatoms or centric diatoms with none assigned to pennate diatoms. FBP1 
protein expression was not detected at Experiment 3. Error bars represent the standard deviation 
of the mean (n = 3). 
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Supplemental Figure 2.23: MA plots for centric diatoms at Experiment 1 (T72) and Experiment 
3 (T48). Comparisons are made between the 1200 ppm and 400 ppm treatments for both 
transcripts (top row) and proteins (bottom row). Differentially expressed genes or proteins (P < 
0.05) are shown as pies representing the proportion of expression for dominant genera. Pie size is 
proportional to P-value with larger pies denoting a smaller P-value. Grey points are genes that 
were not significantly differentially abundance (P > 0.05). Data points with log2 fold changes 
less than -5 or greater than 5 are plotted at -5 and 5 respectively. 
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Supplemental Figure 2.24: Maximum likelihood phylogenetic tree as inferred from mitoNEET 
amino acid sequences (279 taxa/102 positions) under the LG+C40+F+R7 model as implemented 
in IQTree 2. The scale bar represents 1 amino acid substitutions per position. Branch colours and 
labels correspond to different taxonomic groups. Numbers above branches indicate ultra-fast 
Maximum-likelihood bootstrap support. A PDF version of this tree is available in this 
manuscript’s associated figshare repository: doi.org/10.6084/m9.figshare.22589218 

  

https://doi.org/10.6084/m9.figshare.22589218
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Supplemental Figure 2.25: Differential expression of nitrogen assimilation transcripts for certain 
taxonomic groups and experiments (E). Colours indicate the log2 fold change for comparisons 
listed above each paired time points (T). Adjusted P-values < 0.10 are shown. Genes are 
abbreviated as follows: NRT nitrate transporter, NAR2 nitrate transport accessory protein, NR 
nitrate reductase, FNT formate-nitrite transporter, Nir nitrite reductase, AMT ammonium 
transporter, GSII/III glutamine synthetase GOGAT, glutamate synthase. 
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Supplemental Figure 2.26: MA plots for Ostreococcus at the second time point (96 hours) at 
Experiment 3. Black points are shown for significantly differentially expressed transcripts or 
proteins (P < 0.05) and are proportional to the P-value. Data points with log2 fold changes less 
than -5 or greater than 5 are plotted at -5 and 5 respectively. 
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Supplemental Figure 2.27: SLC4-family bicarbonate transporter transcript expression (log10 
scale) in centric diatoms (top) and pennate diatoms (bottom). The horizontal dashed lines 
indicate the averaged 95th and 99th percentile for transcript abundance in each experiment. Error 
bars indicate the standard deviation of the mean (n = 3 except the Experiment 3 T0 and 
Experiment 4 800 ppm samples where n = 2). 
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Supplemental Figure 2.28: Rarefaction curves for eukaryotes (18S) and prokaryotes (16S) for 
each sample. The vertical dashed line indicates the sampling depth for rarefaction. Colours for 
each sample correspond to the different experiments as shown in the legend. 
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Supplemental Table 2.1: Reported minimum near-surface pH values in the California Current 
System. These pH values represent extreme cases and anomalies rather than averages with most 
variability existing at greater pH values. pCO2, DIC, and CO3 ion concentrations were estimated 
using seacarb(Gattuso et al. 2021) from pH and a constant temperature (11.8°C), salinity (32.7 
psu), and total alkalinity (2218 µmol kg-1) as used by Feely et al. (2018). 
 

Data Source Sampling or  
Model Years 

Depth  pH pCO2  
(µatm) 

DIC 
(µmol kg-1) 

CO3 
(µmol kg-1) 

Feely et al. 2008 2007 surface 7.7 944 2162 64 
Hauri et al. 2013 2011 surface 7.85 649 2114 88 
Feely et al. 2016 2007, 2011-2013  7.7 944 2162 64 
Chan et al. 2017 2011-2013 surface 7.43 1818 2241 36 
Lilly et al. 2019 2011-2018 16 m 7.64 1094 2180 56 
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Supplemental Table 2.2: Carbonate system projections for Tier 1 Shared Socioeconomic 
Pathway (SSP) scenarios representing the wide range of uncertainty by the year 2100 (Gidden et 
al. 2019). Future atmospheric pCO2 concentrations (pCO2-atm) were obtained from the SSP Public 
Database Version 2.0 (Riahi et al. 2017). An 800 ppm atmospheric CO2 calculation was included 
as ours and previous experiments have used that concentration as a high CO2 treatment. For all 
calculations, constant temperature (11.8°C) and salinity (32.7 psu) as used by Feely et al. (2018) 
were used. Surface seawater pCO2 concentrations were calculated with marelac v2.1.10 
(Soetaert et al. 2020). DIC, pH, and CO3 ion concentrations were estimated using seacarb 
(Gattuso et al. 2021) from the estimated pCO2-sw values and a constant total alkalinity of 2234 
µmol kg-1, the average value from 2009-2015 CalCOFI samples in the upper 20 m. 
 

SSP pCO2-atm 
(ppm) 

pCO2-sw 
(µatm) 

DIC 
(µmol kg-1) 

pHT CO3 
(µmol kg-1) 

1-2.6 432 425 2067 8.017 125 
2-4.5 567 557 2108 7.913 101 
N/A 800 786 2154 7.776 76 
3-7.0 834 820 2160 7.760 73 
5-8.5 1089 1070 2192 7.652 58 
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Supplemental Table 2.3: Average dissolved inorganic carbon (DIC) and total alkalinity (TA) as 
well as calculated pH, pCO2, and [CO3

2−]. Errors represent the standard deviation of the mean (n = 3). 

 

Exp. Treat-
ment Hours DIC 

(µmol kg-1) 
TA 

(µmol kg-1) pHT pCO2 
(µatm) 

[𝐂𝐂𝐂𝐂𝟑𝟑
𝟐𝟐−] 

(µmol kg-1) 
E1 T0 0 2123    ± 2  2247  ± 2  7.89  ± 0.00 590  ± 5 99  ± 1 
 400 48 2048  ± 20 2245  ± 12 8.06  ± 0.03 382  ± 34 142  ± 9 
  72 2063  ± 15 2254  ± 16 8.04  ± 0.02 396  ± 24 139  ± 7 
 800 48 2160  ± 6 2253  ± 3 7.79  ± 0.01 763  ± 22 83  ± 2 
  72 2171  ± 1 2264  ± 3 7.79  ± 0.01 765  ± 19 84  ± 2 
 1200 48 2199  ± 8 2230  ± 6 7.59  ± 0.02 1241  ± 71 53  ± 3 
  72 2220  ± 3 2255  ± 4 7.61  ± 0.01 1200  ± 32 56  ± 1 
E2 T0 0 2088  ± 8 2242  ± 10 7.94  ± 0.04 516  ± 52  117  ± 11 
 400 24 2082  ± 3 2262  ± 4 8.02  ± 0.00 428  ± 3 132  ± 1 
  48 2086  ± 7 2266  ± 5 8.02  ± 0.01 427  ± 8 132  ± 1 
 800 24 2180  ± 5 2264  ± 4 7.76  ± 0.02 832  ± 49 78  ± 4 
  48 2181  ± 2 2265  ± 4 7.76  ± 0.01 830  ± 28 78  ± 2 
 1200 24 2227  ± 3 2265  ± 3 7.61  ± 0.01 1192  ± 39 57  ± 2 
  48 2230  ± 2 2268  ± 2 7.61  ± 0.01 1186  ± 36 58  ± 2 
E3 T0 0 2022  ± 4  2244  ± 2 8.06  ± 0.01 377  ± 5 159  ± 1 
 400 48 2079  ± 3 2259  ± 3 8.02  ± 0.01 425  ± 5 132  ± 1 
  96 2085  ± 2 2272  ± 6 8.03  ± 0.01 410  ± 8 137 ± 3 
 800 48 2176  ± 2 2261  ± 6 7.76  ± 0.01 816  ± 26 79 ± 3 
  96 2181  ± 2 2274  ± 2 7.79  ± 0.00 777  ± 9 83 ± 1 
 1200 48 2227  ± 1 2262  ± 4 7.61  ± 0.01 1208  ± 31 56 ± 1 
  96 2230  ± 3 2271  ± 4 7.62  ± 0.02 1160  ± 53 59 ± 2 
E4 T0 0 2016  ± 3  2221  ± 2 8.06  ± 0.01 374  ± 6 148 ± 2 
 400 48 2062  ± 1 2242  ± 4 8.02  ± 0.01 418  ± 9 131 ± 2 
  96 2067  ± 3 2245  ± 4 8.02  ± 0.00 424  ± 2 130 ±1 
 800 48 2157  ± 4 2241  ± 7 7.77  ± 0.01 807  ± 13 77 ± 1 
  96 2162  ± 5 2245  ± 4 7.76  ± 0.00 813  ± 9 77 ± 1 
 1200 48 2207  ± 2 2241  ± 3 7.60  ± 0.00 1213  ± 5 54 ± 0 
  96  2209  ± 9 2247  ± 4 7.61  ± 0.02 1179  ± 55 56 ± 2 
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Supplemental Table 2.4: Comparison between the number of significantly differentially 
expressed transcript (T) or protein (P) clusters for dominant taxonomic groups at each 
experiment (DESeq2 Wald Test, Benjamini & Hochberg adjusted P < 0.05). 
 
  

Group Exp. 
& 

Time-
point 

Total 
transcripts 

Total 
proteins 

400 
 ppm 

transcripts 

400  
ppm 

proteins 

400  
ppm 
both 

1200  
ppm 

transcripts 

1200 
 ppm  

proteins 

1200 
ppm 
both 

Centric 
Diatoms 

E1-T1 27,446 926 40 57 0 155 46 1 
E1-T2 22,834 639 105 18 1 29 115 1 

 E3-T1 13,603 160 6 46 0 9 15 0 
 E3-T2 14,489 368 1 27 0 30 84 4 
Pennate 
diatoms 

E1-T1 19,518 267 0 26 0 1 26 0 
E1-T2 26,845 995 8 24 0 3 12 0 

 E3-T1 12,722 89 2 27 0 0 15 0 
 E3-T2 13,236 195 0 25 0 2 43 0 
Ostreo-
coccus 

E3-T1 5,670 594 27 95 5 5 27 1 
E3-T2 5,696 595 11 40 0 3 145 0 

Pelago- 
monas 

E3-T1 7,671 83 0 16 0 0 11 0 
E3-T2 7,564 61 0 5 0 0 30 0 



142 

Supplemental Table 2.5:The number of significantly differentially expressed transcript (T) or 
protein (P) clusters for dominant taxonomic groups at each experiment (DESeq2 Wald Test, 
Benjamini & Hochberg adjusted P < 0.05). These data are presented as a heatmap in Fig. 2.4a. 
 
 

  800 v 400 ppm 1200 v 400 ppm 
  T1 T2 T1 T2 
Group Exp. 400 800 400 800 400 1200 400 1200 
Centric  
Diatoms 

E1 (T) 1 0 2 3 40 155 105 29 
E1 (P) - - - - 57 46 18 115 
E2 (T) 1 7 0 0 0 0 0 0 

 E3 (T) 1 0 0 3 6 9 1 30 
 E3 (P) - - - - 46 15 27 84 
 E4 (T) 14 1 0 0 3 10 1 1 
Pennate  
Diatoms 

E1 (T) 0 1 0 0 0 1 8 3 
E1 (P) - - - - 26 26 24 12 
E2 (T) 0 1 0 0 1 4 0 1 

 E3 (T) 0 0 0 1 2 0 0 2 
 E3 (P) - - - - 27 15 25 43 
 E4 (T) 0 0 0 0 0 4 0 1 
Ostreo- E3 (T) 15 4 10 1 27 5 11 3 
coccus E3 (P) - - - - 95 27 40 145 
Pelago- 
monas 

E3 (T) 0 0 0 0 0 0 0 0 
E3 (P) - - - - 16 11 5 30 
E4 (T) 71 25 0 0 0 0 0 0 
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Supplemental Table 2.6: Liquid chromatography flow rates and solvent composition settings.  
Arrows indicate linear increase or decreases in Solvent B* and A** composition.  
 
Time (minutes) Flow (μl/min) % Solvent B % Solvent A 
0-15 0.3 5 95 
15.1 - 90 0.25 5  30  95  70 
90.1 - 102 0.25 30  55 70  45 
102.1 - 106 0.3 55  95 45  5 
106.1 - 110 0.3 95 5 
111 - 125 0.3 5 95 

 
*Solvent A: H2O, 0.1% Formic Acid 
** Solvent B: Acetonitrile, 0.1% Formic Acid 
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Supplemental Table 2.7: Mass spectrometer settings.  
 
Parameter Setting 

TopN 8 
Intensity Threshold 8.3e4 
Dynamic Exclusion 30s 
  
MS1 Scan Resolution 140,000 
MS1 Scan Range 400 to 2000 m/z 
MS1 Automatic Gain Control Target 3e6 
  
MS2 Scan Resolution  17,500 
MS2 Scan Range 200 to 2000 m/z 
M2 Automatic Gain Control Target 1e6 
MS2 Isolation Window 2.0 m/z 
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CHAPTER 3 - RELATIONSHIPS BETWEEN PHYTOPLANKTON PIGMENTS AND 
DNA- OR RNA-BASED ABUNDANCES SUPPORT ECOLOGICAL APPLICATIONS 

 
Robert H. Lampe, Ariel J. Rabines, Steffaney M. Wood, Anne Schulberg, Ralf Goericke, Pratap 

Venepally, Hong Zheng, Michael R. Stukel, Michael R. Landry, Andrew D. Barton,  
Andrew E. Allen 

 
Abstract 

Observations of phytoplankton abundances and community structure are critical towards 

understanding marine ecosystems. Common approaches to determine group-specific abundances 

include measuring phytoplankton pigments via high-performance liquid chromatography and 

DNA-based metabarcoding. Increasingly, mRNA abundances via metatranscriptomics are also 

employed. As phytoplankton pigments are used to develop and validate remote sensing 

algorithms, further comparisons between pigments and other metrics are needed to validate the 

extent to which these measurements agree for group-specific abundances; however, most 

previous comparisons have been hindered by metabarcoding and metatranscriptomics solely 

producing relative abundance data. By employing quantitative approaches that express both 18S 

rDNA and total mRNA as concentrations, we show that these measurements are related for 

several eukaryotic phytoplankton groups. We further propose that integration of these can be 

used to examine ecological patterns more deeply. For example, productivity-diversity 

relationships of both the whole community and individual groups show a dinoflagellate-driven 

negative trend rather than the commonly-found unimodal pattern. Pigments are also shown to 

relate to certain harmful algal bloom-forming taxa as well as the expression of sets of genes. 

Altogether, these results suggest that potential models of pigment concentrations via 

hyperspectral remote sensing may enable improved assessments of global phytoplankton 

community structure, including the detection of harmful algal blooms, and support the 

development of ecosystem models.   
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1 Introduction 

Marine phytoplankton comprise both prokaryotic cyanobacteria and diverse lineages of 

eukaryotes with distinct evolutionary histories (Pierella Karlusich et al. 2020). Collectively, they 

are responsible for approximately 50% of global primary production, support marine food webs 

and extensively contribute to biogeochemical cycling (Huang et al. 2021).  Their distinct 

evolutionary trajectories have also given rise to different traits, functional roles, and niches. For 

example, diatoms (Bacillariophyta) tend to dominate under well-mixed, nutrient-rich conditions, 

are considered principal contributors to carbon export with fast sinking rates, and are a 

significant component of the silicon cycle due to their formation of silica cell walls (Agusti et al. 

2015; Bowler et al. 2010; Guidi et al. 2016) Dinoflagellates (Dinoflagellata) may be major 

contributors to carbon export in oligotrophic regions, and many species are mixotrophs, which 

enables them to serve multiple important roles in marine food webs (Guidi et al. 2016; Stoecker 

et al. 2017). Prymnesiophytes (Haptophyta) include coccolithophores with calcium carbonate 

shells, the formation of which influences upper ocean alkalinity and air-sea carbon dioxide 

exchange (Rost and Riebesell 2004). The prymnesiophytes also include the bloom-forming 

Phaeocystis spp. which are a major source of the sulfur compound, dimethylsulfoniopropanate 

(DMSP), that is hypothesized to influence cloud formation and climate (Smith Jr and Trimborn 

2023). Cryptophytes (Cryptophyta) are considered to be ubiquitous and may be highly abundant 

in the Sargasso Sea and Southern Ocean (Cotti-Rausch et al. 2016; Mendes et al. 2018; 

Richardson 2022). Lastly, the chlorophytes (Chlorophyta) and pelagophytes (Pelagophyceae) are 

additional picoeukaryotes that are important primary producers, particularly in the open ocean 

(Guérin et al. 2022; Lopes dos Santos et al. 2017; Not et al. 2012; Worden et al. 2012).  
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Due to these contributions to ecosystem function and differing roles, assessing 

phytoplankton abundances and disentangling phytoplankton community composition (PCC) is 

necessary to understand marine environments (Cetinić et al. 2024). For example, current Earth 

systems models (ESMs) are unable to confidently project if primary productivity will increase or 

decrease under future climate scenarios (Kwiatkowski et al. 2020). By examining the effects of 

natural climate variability and anthropogenic change on phytoplankton communities as well as 

their physiology, more accurate and detailed representation of different groups can be generated 

to improve these model predictions (Cetinić et al. 2024; Tagliabue 2023). Knowledge of PCC 

may also further help estimate carbon export flux (Kramer et al. 2024b). Additionally, 

monitoring for harmful algal blooms (HABs) is important for human health as well as 

understanding their impacts on fisheries and ecosystems (Anderson et al. 2012), and fisheries 

managers may benefit from knowledge of PCC to aid stock assessments and identify suitable 

fishing zones (Sathyendranath et al. 2023; Satterthwaite et al. 2023). 

A common approach to estimate phytoplankton abundances and determine PCC is the 

measurement of phytoplankton pigments via high-performance liquid chromatography (HPLC). 

Specifically, certain accessory pigments can be used as proxies, or diagnostic pigments, to 

determine the abundances of specific groups, even though some of these pigments are shared 

among groups (Jeffrey et al. 2011; Kramer and Siegel 2019). As pigments directly alter the 

shapes and magnitudes of remote sensing reflectance spectra, HPLC-measured pigments are also 

extensively used to develop and validate satellite-based remote sensing algorithms. Given the 

recent availability of hyperspectral remote sensing reflectance data from NASA’s Plankton, 

Aerosol, Cloud, ocean Ecology (PACE) mission, the continued development of remote sensing 
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algorithms based on HPLC pigments may enable global scale estimation of phytoplankton 

pigment concentrations and PCC (Cetinić et al. 2024; Kramer et al. 2022). 

As a result, it is important to compare phytoplankton pigments to other metrics of PCC. If 

other metrics agree with pigments, they may also be useful for validating remote sensing 

algorithms. Conversely, it is important to compare other metrics of PCC to phytoplankton 

pigments as it remains uncertain whether indirect approaches such as DNA and RNA sequencing 

are reflective of phytoplankton biomass. DNA metabarcoding is increasingly being used to 

determine PCC, primarily by sequencing hypervariable regions of the 16S gene for prokaryotes 

and phytoplankton plastids or the 18S gene for eukaryotes (Lopes dos Santos et al. 2022), and it 

is increasingly common to use environmental mRNA sequencing, or metatranscriptomics, to 

determine PCC (Cohen et al. 2022). 

Initial comparisons between phytoplankton pigments and DNA indicate that the metrics 

are correlated in some cases; however, these comparisons have been hindered by the 

compositional nature of sequencing data (Catlett et al. 2023; Kramer et al. 2024a). By default, 

DNA and RNA sequencing produce relative abundance data, which complicates their 

interpretability and can lead to spurious correlations (Gloor et al. 2017). This is because there are 

multiple scenarios that could lead to a taxonomic group having the same or different relative 

abundances among samples, and potential differences in relative abundances are not necessarily 

reflective of differences in their true abundances. For example, one group’s true abundance could 

be the same in two samples while another group’s is lower in just one sample leading to a higher 

relative abundance of the first group even though the two abundances are equal. Alternatively, 

both groups’ true abundances could be higher in one sample but to different degrees, resulting in 

lower relative abundances in one group even though its true abundance has increased. 
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To compare phytoplankton pigments and relative DNA abundances, previous studies 

have also normalized diagnostic pigment concentrations to total chlorophyll a concentrations or 

the sum of diagnostic pigments, thereby making both DNA and pigment data relative quantities 

(Catlett et al. 2023; Kramer et al. 2024a). However, the use of these approaches while only using 

relative abundances of prokaryotic or eukaryotic taxa presents other issues. As an example, high 

total chlorophyll a could be driven by relatively high cyanobacterial abundances that would not 

be captured in 18S sequencing, which targets eukaryotes. If the eukaryotic phytoplankton 

community is then dominated by one group, this group would have a high relative abundance 

that is coupled to low concentrations of their diagnostic pigment relative to total chlorophyll a. 

The use of 16S alone to capture both prokaryotic cyanobacteria and eukaryotic plastids may 

circumvent this issue, but references for plastid 16S sequences are not as comprehensive and are 

influenced by potentially greater variability in plastid copy number (Decelle et al. 2015; Lopes 

dos Santos et al. 2022). Alternatively, simultaneous metabarcoding of the 16S and 18S rRNA 

gene with three domain primers addresses this issue, but it may also require greater sequencing 

depth to capture the diversity of the eukaryotic community (Yeh et al. 2021). Even if eukaryotic 

relative abundances are only compared to the sum of eukaryotic diagnostic pigments, the DNA-

based relative abundances are still influenced by non-photosynthetic taxa. Altogether, these 

problems with normalization and potential discrepancies between true abundances and relative 

metrics can be severe issues that produce misleading correlations. 

The estimation of absolute abundances via internal standards avoids these issues and 

enables comparisons between gene or transcript concentrations and phytoplankton pigment 

concentrations (Cohen et al. 2022; Lin et al. 2019). This approach was used in a study in the 

Western Antarctic Peninsula to compare 18S DNA concentrations to group-specific chlorophyll 
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a concentrations (Lin et al. 2019). With a small sample size (n = 16) and cryptophyte-dominated 

communities, strong relationships for cryptophytes and Phaeocystis were observed, but not with 

diatoms. Other groups were not examined, and it remains unclear if these relationships persist 

with larger sample sizes, other regions with different communities, or across the entire spectrum 

of phytoplankton abundances. Furthermore, it remains unclear if absolute quantities of mRNA 

from metatranscriptomics and phytoplankton pigments relate to one another.  

Here we investigate relationships between phytoplankton pigments and quantitative 

DNA- or RNA-based abundances with paired samples collected over a seven-year period on 

seasonal California Cooperative Oceanic Fisheries Investigations (CalCOFI) surveys. The 

CalCOFI sampling area is within the California Current Ecosystem, a coastal upwelling biome 

associated with an eastern boundary current. Although the sampling area is largely restricted to 

the southern California Current (Figs. 3.1A and 3.1B), it is along a major biogeographic 

boundary at Point Conception, and contains phytoplankton taxa commonly associated with both 

the central North Pacific Subtropical Gyre and the subarctic Northeast Pacific; thus, it captures 

communities associated with the broader region (Checkley and Barth 2009; Venrick 1998). The 

range in phytoplankton abundances closely aligns with those observed globally and is captured 

by sampling the gradients from nearshore stations influenced by upwelling to offshore 

oligotrophic stations (Deutsch et al. 2021; James et al. 2022; Venrick 2002). CalCOFI 

additionally conducts four cruises per year, capturing differences from seasonal and interannual 

variability. Beyond examining PCC, we explore additional applications stemming from 

relationships between phytoplankton pigments and DNA- or RNA-based abundances including 

investigating productivity-diversity relationships, forecasting harmful algal blooms, and inferring 

expression of specific genes. 



153 

 
Figure 3.1: Overview of CalCOFI samples used in this study. (A, B) Locations and quantity of 
samples for DNA and RNA with corresponding phytoplankton pigment samples. (C, D) 
Temperature (°C) and nitrate concentrations (µmol L-1) across seasons for the paired DNA and 
pigment samples used here. Corresponding data for the RNA samples are shown in Supplemental 
Fig. 3.1. (E) Phytoplankton pigment concentrations. Pigment abbreviations: TChla, total 
chlorophyll a; Allo, alloxanthin; ButFuco, 19'-butanoyloxyfucoxanthin; DVChla, divinyl 
chlorophyll a; Fuco, fucoxanthin; HexFuco; 19'-hexanoyloxyfucoxanthin; MVChlb, monovinyl 
chlorophyll b; Perid, peridinin; Zea, zeaxanthin. (F, G) Relative abundances of different 
phytoplankton groups using the 18S-V4 (red), 18S-V9 (blue), or transcript abundance (metaT, 
green). For prokaryota, the 16S V4-V5 region was used and is shown in red. (H, I) Absolute 
abundances for 18S or 16S rRNA genes (copies L-1, left y-axis) and transcripts (transcripts L-1, 
right y-axis). Different metrics are colored as in panels F and G. 
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2 Materials and Methods 

2.1 Sample collection and biogeochemical measurements 

From select stations on seasonal CalCOFI cruises from 2014 to 2020, 417 DNA and 118 

RNA samples were collected concurrently with phytoplankton pigments within the euphotic 

zone along CalCOFI lines 80.0 and 90.0 and at the Santa Barbara Basin (Station 81.8 46.9) (Figs. 

3.1A and 3.1B). These data represent only a subset of the on-going NOAA-CalCOFI Ocean 

Genomics (NCOG) time series, with no DNA samples from 2017 and only RNA samples from 

2017-2020 to examine samples only where quantitative approaches for DNA and RNA were 

employed with concurrent sampling of phytoplankton pigments (James et al. 2022). CalCOFI 

cruises survey the California Current Ecosystem in a standardized grid pattern with most stations 

in the southern California Current region. During this time period, winter cruises occurred during 

January and February, spring cruises occurred during April, summer cruises occurred in July and 

August, and autumn cruises occurred in October and November. There was no Spring cruise 

during 2020 due to the COVID-19 pandemic. At each station, seawater was collected from the 

near-surface (normally 10 m) and the subsurface chlorophyll maximum layer (SCML) with a 

CTD rosette for pigments, DNA, RNA, and flow cytometry. Temperature data are derived from 

duplicate Seabird SBE 3Plus sensors on a Seabird 911+ CTD.  Macronutrient concentrations 

were measured on a QuAAtro continuous segmented flow autoanalyzer (SEAL Analytical) 

alongside reference materials (KANSO technos) (Armstrong et al. 1967; Gordon et al. 1992). 

The nitracline depth is defined as the depth where nitrate first exceeds 1 µM.  

Primary productivity was estimated via 14C uptake at select stations. Briefly, seawater 

was collected from six depths representing 56%, 30%, 10%, 3%, 1%, and 0.3% surface light 

levels shortly before local apparent noon and dispensed into triplicate 250 mL polycarbonate 
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bottles (two light bottles and one dark control). Bottles were inoculated with NaH14CO3 and 

incubated until civil twilight in tubes with flow-through seawater and neutral-density screens to 

simulate in situ light levels. Following incubation, samples were filtered onto 0.45 µm HA filters 

(Millipore), acidified with HCl, immersed in scintillation fluor, and measured with a scintillation 

counter once back onshore. Half-day productivity at each depth was averaged between the two 

light bottles and corrected with the dark uptake bottle then multiplied by 1.8 to obtain 24 hour 

productivity (Eppley 1992). When comparing productivity to diversity from DNA, samples from 

the entire NCOG dataset (2014 to 2020) that were closest to the collection depths of productivity 

samples were used (n = 757). 

 

2.2 High-performance liquid chromatography pigment analysis 

Phytoplankton pigment concentrations were determined with high-performance liquid 

chromatography (HPLC). Samples were collected with 0.5, 1.04, or 2.2 L opaque brown bottles 

depending on the fluorescence measured by the CTD and filtered onto 25 mm GF/F filters under 

low vacuum pressure (≤ 40 mm Hg). Once completed filtering, the filters were carefully folded 

in half, blotted on a paper towel to remove excess water, and stored in 2 mL cryovials in liquid 

nitrogen until analysis at the Horn Point Analytical Services Laboratory at the University of 

Maryland. Taxon-specific contributions to total chlorophyll a concentrations were determined 

with phytoclass v1.0.0 (Hayward et al. 2023).  

 

2.3 Nucleic acid sample collection and extraction 

For DNA samples, 0.2 to 10.4 L (mean = 3.3 L) of seawater was filtered onto 0.22 µm 

Sterivex™ filters. RNA samples were collected simultaneously following the same approach but 



156 

with generally higher volumes (2.0 to 4.8 L, mean = 4.0 L). RNA samples were also only 

collected near local apparent noon to minimize bias from the diel cycle.  

Following filtration, samples were immediately flash frozen in liquid nitrogen and stored 

at -80°C. DNA was extracted with the Macherey-Nagel NucleoMag Plant kit on an Eppendorf 

epMotion 5075TMX and assessed on a 1.8% agarose gel. At the start of DNA extraction during 

the addition of lysis buffer, 1.74 to 3.78 ng of Schizosaccharomyces pombe genomic DNA was 

added to each sample as an internal standard (Lin et al. 2019). RNA was also extracted on the 

Eppendorf epMotion but with the Machery-Nagel NucleoMag RNA kit. As an internal standard, 

2 to 5 billion copies of Invitrogen™ ArrayControl™ RNA Spikes #1 and #8 were added to the 

lysis buffer of each sample at a 2.66:1 ratio. 

 

2.4 Amplicon library preparation and sequencing 

Amplicon libraries separately targeting the V4-V5 region of the 16S rRNA gene, the V4 

and V9 regions of the 18S rRNA gene, and the ITS2 gene from the diatom genus Pseudo-

nitzschia were constructed via a one-step PCR with the TruFi DNA Polymerase PCR kit to 

simultaneously amplify the region of interest and barcode each sample. For 16S, the 515F-Y (5′-

GTG YCA GCM GCC GCG GTA A-3′) and 926R (5′-CCG YCA ATT YMT TTR AGT TT-3′) 

primer set was used (Parada et al. 2016). For 18S-V4, the V4F (5′-CCA GCA SCY GCG GTA 

ATT CC-3′) and V4RB (5′-CCA GCA SCY GCG GTA ATT CC-3′) primer set was used 

(Berdjeb et al. 2018). For 18S-V9, the 1389F (5′-TTG TAC ACA CCG CCC-3′) and 1510R (5′-

CCT TCY GCA GGT TCA CCT AC-5′) primer set was used (Amaral-Zettler et al. 2009). For 

Pseudo-nitzschia ITS2, the 5.8SF (5′-TGC TTG TCT GAG TGT CTG TGG A-3′) and 28SR (5'-

TAT GCT TAA ATT CAG CGG GT-3′) primer set was used (Lim et al. 2018). 
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Each reaction was performed with an initial denaturing step at 95°C for 1 minute 

followed by 30 cycles of 95°C for 15 seconds, 56°C for 15 seconds, and 72°C for 30 seconds. 

2.5 µL of each PCR reaction was run on a 1.8% agarose gel to confirm amplification, then PCR 

products were purified with Beckman Coulter AMPure XP beads following the manufacturer’s 

instructions. PCR quantification was performed in duplicate using the Invitrogen Quant-iT 

PicoGreen dsDNA Assay kit. Samples were then combined in equal proportions into multiple 

pools followed by another 0.8x AMPure XP bead purification on the final pool. DNA quality of 

each pool was evaluated on an Agilent 2200 TapeStation, and quantification was performed with 

the Qubit HS dsDNA kit. Each 16S or 18S pool was sequenced on an Illumina MiSeq (2 x 300 

bp for 16S and V4 or 2 x 150 bp for V9) except for the one pool for the 2014-2016 euphotic zone 

V9 samples, which was run on an Illumina NextSeq (Mid Output, 2 x 150 bp). The Pseudo-

nitzschia ITS2 pool was sequenced on a single lane of an Illumina NovaSeq 6000 with a SP flow 

cell (2 x 250 bp). 

 

2.5 Analysis of amplicon sequence data 

Amplicons were first analyzed with QIIME2 v2019.10 for the 16S and 18S data or 

QIIME2 v2021.2 for the Pseudo-nitzschia ITS2 data (Bolyen et al. 2019). Briefly, paired-end 

reads were trimmed to remove adapter and primer sequences with cutadapt (Martin 2011). 

Trimmed reads were then denoised with DADA2 to produce amplicon sequence variants 

(ASVs). Each MiSeq run was denoised with DADA2 separately to account for different error 

profiles in each run then merged. Taxonomic annotation of ASVs was performed with the q2-

feature-classifier naïve bayes classifier using the SILVA database (Release 138) for 16S ASVs 

and the PR2 database (v4.13.0) for 18S ASVs (Bokulich et al. 2018; Guillou et al. 2012; 
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Pedregosa et al. 2011; Pruesse et al. 2007). For ITS2 ASVs, annotation was performed using 

BLAST (classify-consensus-blast) with Pseudo-nitzschia ITS2 sequences database as references 

(Brunson et al. 2024; Lim et al. 2018). When examining 16S relative abundances, all eukaryotic, 

plastid, and mitochondrial ASVs were removed, and when examining 18S relative abundances, 

dinoflagellates exclude Syndiniales and prymnesiophytes refers to all Prymnesiophyceae unless 

otherwise noted. 

To estimate absolute abundances of 16S and 18S ASVs, recovery of the aforementioned 

internal standards was used (Lin et al. 2019). For each ASV within each sample, the number of 

reads was divided by the ratio of T. thermophilus or S. pombe reads to the number of rRNA 

copies added. The total number of copies was then normalized to the volume filtered for each 

sample to estimate copies L-1. 

 

2.6 Metatranscriptome sequencing, assembly, and analysis 

To examine eukaryotic sequences, poly-A selected RNA-Seq libraries were created. 

Poly-A selected cDNA from total RNA was generated with the SMART-Seq® v4 Ultra® Low 

Input RNA Kit for Sequencing (Takara Bio USA, Inc.), which was then sheared with a Covaris® 

E210 focused-ultrasonicator targeting 300 bp fragments. The final sequencing library was then 

constructed with the NEB NEBNext® Ultra™ II DNA Library Kit and sequenced on three lanes 

of a NovaSeq 6000 with a S4 flow cell (2 x 150 bp).  

For prokaryotic sequences, sequencing libraries were constructed following ribosomal 

RNA (rRNA) depletion. For samples from 2014-2019, rRNA was depleted with a 2:1:1 mixture 

of Ribo-Zero Plant, Bacteria, and Human/Mouse/Rat (Illumina) following the manufacturer’s 

low input protocol. For samples from 2020, rRNA depletion was performed with siTOOLs 
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riboPOOLs with a 6:1:1 mixture of the pan-prokaryote, pan-plant, and pan-mammal riboPOOLs 

following the manufacturer’s instructions for low inputs. rRNA depletion was confirmed with all 

samples on an Agilent TapeStation 2200 with High Sensitivity RNA ScreenTape. cDNA was 

then synthesized using the Ovation RNA-Seq System V2 kit (NuGEN) using both poly-A and 

random hexamer primers followed by fragmentation with a Covaris® E210 focused-

ultrasonicator targeting 300 bp fragments. cDNA was then purified with Agencourt RNAClean 

XP beads, and library preparation was performed with the Ovation Ultralow System V2 

(NuGEN). After end repair, ligation, and amplification, the libraries were assessed on an Agilent 

TapeStation 2200 with High Sensitivity DNA ScreenTape. A subset of samples from 2014-2016 

were sequenced separately in four pools on an Illumina HiSeq 4000 (2 x 150 bp). The remaining 

libraries were sequenced across five pools on an Illumina NovaSeq 6000 with a S4 flow cell (2 x 

150 bp). 

For both types of libraries, the resulting raw reads were trimmed for quality and to 

remove Illumina adaptors. Ribosomal RNA sequences were also removed with Ribopicker 

v0.4.3 (Schmieder et al. 2011). Trimmed and filtered reads were then used for assembly into 

contigs, and abundances were quantified by mapping these reads to the assembly. Both assembly 

and read mapping were performed with CLC Bio Genomics Server v21.0.3. Gene prediction was 

performed with FragGeneScan v1.16, and rRNA removal was performed again with Ribopicker 

(Rho et al. 2010). Predicted proteins were further filtered to remove those less than 10 amino 

acids long or with greater than or equal to 20% stop codons. Gene clusters were generated from 

the predicted proteins with MCL with the inflation option (-I) set to 4 and scheme option  

(-scheme) set to 6 (Enright et al. 2002). 
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With the final assemblies, taxonomic annotation of each protein coding gene was 

assigned via DIAMOND BLASTP alignments using PhyloDB v1.076 as a reference database 

(Bertrand et al. 2015). Final taxonomic assignments were based on highest Lineage Probability 

Index values (Podell and Gaasterland 2007). For functional annotation, DIAMOND BLASTP 

alignments were performed with the Kyoto Encyclopedia of Genes and Genomes (KEGG; 

Release 94.1) (Kanehisa et al. 2017). KEGG Ortholog (KO) assignment was performed with 

KofamKOALA, which uses hmmsearch against KOfam, an HMM database of KOs (Aramaki et 

al. 2019). E-value cutoffs of 1e-5 were used throughout. 

To normalize read counts, raw reads were first converted to transcripts per million 

(TPM)(Li et al. 2009). Absolute quantities (transcripts L-1), i.e. quantitative metatranscriptomics, 

were then calculated based on the average recovery of the aforementioned Invitrogen™ 

ArrayControl™ RNA Spikes and the volume of sample filtered as described in Cohen et al. 

(2022). For performing correlations with individual genes, transcripts L-1 within each taxonomic 

group and sample were summed by KO annotation, and if KO annotation was absent, the KEGG 

gene annotation was used. The domoic acid biosynthesis gene, dabA, was annotated using the 

sequences reported in Brunson et al. (2018).  

 

2.7 Flow Cytometry 

Two mL samples of seawater were collected in cryovials and fixed with 100 µL of 0.2 

µm filtered 10% paraformaldehyde for a 0.5% final concentration. Fixation was allowed to occur 

for 10 min before freezing the sample in liquid nitrogen. Once onshore, samples were stored at  

-80°C or on dry ice until analysis at the SOEST Flow Cytometry Facility, University of Hawaii 

at Manoa.  
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Prior to analysis, thawed samples were stained with Hoechst 33342 (1 µg mL-1, v/v, final 

concentration) at room temperature in the dark for 1 hour (Monger and Landry 1993). Aliquots 

(100 µl) were analyzed using a Beckman-Coulter EPICS Altra flow cytometer with a Harvard 

Apparatus syringe pump for volumetric sample delivery. Simultaneous (co-linear) excitation of 

the plankton was provided by two argon ion lasers, tuned to 488 nm (1 W) and the UV range 

(200 mW). The optical filter configuration distinguished populations based on chlorophyll a (red 

fluorescence, 680 nm), phycoerythrin (orange fluorescence, 575 nm), DNA (blue fluorescence, 

450 nm), and forward and 90° side-scatter signatures. Blue-fluorescence and red-fluorescence 

signals are used to distinguish DNA-containing heterotrophic (non-pigmented) from 

phototrophic (chlorophyll-containing) cells.  Standardized fluorescence and scatter parameters 

were determined relative to 0.5- and 1.0-µm yellow-green calibration beads and 0.5-µm UV 

calibration beads run in each sample. Bead-normalized red-fluorescence values are also used as a 

measure of cellular chlorophyll a (Landry et al. 2003). Raw data (listmode files) were processed 

using the software FlowJo (Treestar Inc., www.flowjo.com). Cell abundance estimates were then 

calculated accounting for the volume dilutions from the added preservative and stain solutions. 

 

2.7 Statistics 

All correlations and models were generated with R v4.3.2. Generalized additive models 

(GAMs) were fit with the mgcv package v 1.9-1 (Wood 2017). When examining multiple gene 

correlations, P-values were adjusted using the Benjamini & Hochberg procedure (Benjamini and 

Hochberg 1995). 
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3 Results and Discussion 

3.1 Quantitative relationships among pigments, DNA, and RNA 

As the sampling locations span nearshore stations influenced by coastal upwelling to 

offshore oligotrophic conditions (James et al. 2022; Venrick 2002), the paired phytoplankton 

pigment and DNA or RNA samples encompass a wide range of environmental conditions (Figs. 

3.1A-3.1D and Supplemental Fig. 3.1). Seasonal and interannual variability were also captured 

with notably lower temperatures and higher nutrients in the Spring season relating to seasonal 

upwelling as well as an unprecedented marine heatwave from mid-2014 to 2016 associated with 

El Niño in 2015 (Di Lorenzo and Mantua 2016; Jacox et al. 2018). Concurrent with the wide-

ranging environmental conditions, total chlorophyll a and accessory pigment concentrations 

often spanned several orders of magnitude with all accessory pigments detected in concentrations 

as low as 0.001 to 0.005 µg L-1 (Fig. 3.1E). Fucoxanthin (Fuco) exhibited the greatest range with 

concentrations reaching 6.81 µg L-1, and 19'-hexanoyloxyfucoxanthin (HexFuco) exceeded 1 µg 

L-1 in several samples. All other pigment concentrations examined here were always less than 1 

µg L-1. 

DNA metabarcoding of both the V4 and V9 regions of the 18S rRNA gene for eukaryotes 

as well as the V4-V5 regions of the 16S rRNA gene for prokaryotes similarly showed wide 

ranges in relative abundances (Figs. 3.1F and 3.1G). Among eukaryotes, diatoms exhibited the 

greatest range in accordance with their known dominance during blooms in the region (Goericke 

2011; Venrick 2012). Chlorophytes also exhibited a wide range of relative abundances, and their 

average abundance exceeded that of diatoms. Dinoflagellates were also found in high 

abundances, and while they indeed bloom in the region (Anderson et al. 2008; Kahru et al. 

2021), their high abundances via 18S metabarcoding may be due to bias from high 18S gene 
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copy numbers (Martin et al. 2022). Other eukaryotic phytoplankton groups were typically less 

than 10% of the total eukaryotic community. In particular, cryptophytes were less than 1% of the 

community on average but were found to be as high as 5%. Within eukaryotic mRNA expressed 

as relative abundances [transcripts per million (TPM)], intragroup variability was less 

pronounced, and most groups displayed higher relative abundances compared to their 18S DNA 

abundances (Figs. 3.1F). The sole exception was with dinoflagellates which had lower relative 

abundances with RNA compared to DNA, further suggesting bias in their DNA relative 

abundances due to high 18S DNA copy numbers. 

Within prokaryotes, all cyanobacteria combined and the cyanobacterial genus 

Prochlorococcus displayed similar distributions, indicating that Prochlorococcus was often the 

dominant member of the cyanobacterial community (Figs. 3.1G and 3.1I). Cell abundances 

measured via flow cytometry also show that Prochlorococcus is dominant in these samples, with 

Prochlorococcus displaying higher abundances than Synechococcus in 76% of samples 

(Supplemental Fig. 3.2). Cyanobacteria as a whole and Prochlorococcus also displayed lower 

relative abundances from transcripts compared to 16S rRNA genes (Fig. 3.1G).  

When converted to absolute abundances based on the recovery of internal standards and 

normalizing to the volume filtered (gene copies L-1 or transcripts L-1), differences and 

distributions among groups were similar to those observed with relative abundances (Figs. 3.1F-

1I). However, such quantitative approaches have not been widely adopted, and most 

metabarcoding data are solely expressed as relative abundances. As previously described, other 

studies have normalized phytoplankton pigments to total chlorophyll a concentrations in an 

attempt to make DNA-based relative abundances and phytoplankton pigments comparable 

(Catlett et al. 2023; Kramer et al. 2024a). When using pigments directly, diagnostic pigments 
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used for specific phytoplankton groups include monovinyl chlorophyll b (MVChlb) for 

chlorophytes, alloxanthin (Allo) for cryptophytes, fucoxanthin (Fuco) for diatoms, peridinin 

(Perid) for dinoflagellates, 19'-butanoyloxyfucoxanthin (ButFuco) for pelagophytes, 19'-

hexanoyloxyfucoxanthin (HexFuco) for prymnesiophytes, zeaxanthin (Zea) for cyanobacteria, 

and divinyl chlorophyll a (DVChla) for Prochlorococcus (Catlett et al. 2023; Kramer and Siegel 

2019). 

Within eukaryotic taxa, comparisons between normalized pigment concentrations and 

DNA-based relative abundances showed moderate to strong correlations for several groups (Fig. 

3.2A). In particular, the relative abundances of diatoms and Fuco displayed the strongest 

agreement (r = 0.79-0.82) followed by pelagophytes and ButFuco (r = 0.71-0.77). Cryptophytes 

with Allo and chlorophytes with MVChlb were also moderately well correlated (r = 0.51-0.65) 

whereas dinoflagellates with Perid and prymnesiophytes with HexFuco were weakly correlated 

(r = 0.32-0.42). Previous studies using samples from the California Current (Plumes and 

Blooms), North Atlantic Ocean (NAAMES), and Northeast Pacific Ocean (EXPORTS) have 

shown similar results where relationships are notable for chlorophytes, cryptophytes and 

pelagophytes, weak for prymnesiophytes and dinoflagellates, and inconsistent among the studies 

for diatoms (Catlett et al. 2023; Kramer et al. 2024a). In another previous study in the Western 

Antarctic Peninsula where a chemotaxonomic approach that partitions total chlorophyll a 

(CHEMTAX) was used rather than diagnostic pigments directly, cryptophytes were moderately 

well correlated between the measurements whereas diatoms were not (Lin et al. 2019; Mackey et 

al. 1996). Within these studies, abundances for some groups were also too low to be included. 

Although these results suggest that there are moderately strong relationships between 

pigments and DNA-based relative abundances for several phytoplankton groups, these analyses 
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are hindered by the compositional nature of relative abundance data as previously described. The 

estimation of absolute abundances via internal standards removes compositionality and enables 

the comparison of DNA- or RNA-based concentrations (copies L-1 or transcripts L-1) to 

phytoplankton pigment concentrations (µg L-1). By doing so here, all correlations were stronger 

than those with relative abundances for eukaryotic phytoplankton taxa (Fig. 3.2B). In particular, 

the relationships between dinoflagellates and Perid was dramatically stronger with both marker 

genes (r = 0.77-0.79). The relationship for prymnesiophytes was also stronger but not to the 

same degree (r = 0.46-0.51). Furthermore, all groups were most strongly correlated with their 

diagnostic pigments except prymnesiophytes, which had similarly strong correlations with 

peridinin (Supplemental Fig. 3.3). By using taxon-specific biomass as chlorophyll a 

concentrations with a chemotaxonomic approach (phytoclass) (Hayward et al. 2023), correlations 

were often similar (Supplemental Fig. 3.4). Moreover, strong correlations were also observed 

among absolute transcript abundances and pigment concentrations (r = 0.66-0.88) except for 

prymnesiophytes which had a similar correlation when using their DNA-based abundances (r = 

0.43) (Fig. 3.2C). 
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Figure 3.2: Correlations among abundance metrics for each major eukaryotic phytoplankton 
group. Pearson correlations are all significant (P < 0.05) and coefficients are displayed in each 
panel. Lines with 95% confidence intervals show linear models with significant relationships 
between variables (P < 0.05). (A) Diagnostic pigments normalized to total chlorophyll a (TChla) 
against relative abundances of either the 18S-V4 (red) and 18S-V9 (blue) rRNA gene abundance. 
(B) Diagnostic pigment concentrations against absolute abundances of the 18S-V4 (red) and 
18S-V9 (blue) rRNA genes (copies L-1). (C) Diagnostic pigment concentrations against absolute 
abundances of mRNA (transcripts L-1). 



167 

These results indicate that abundances of diagnostic phytoplankton pigments and 

phytoplankton DNA or RNA often agree. Furthermore, they suggest that the aforementioned 

issues with compositionality or normalization of pigments to total chlorophyll a may lead to 

misleading conclusions about these relationships, particularly for dinoflagellates. Besides 

compositionality, DNA- and RNA-based abundances have other biases that can also lead to 

discrepancies. Copies of 18S DNA can vary orders of magnitude among closely related 

phytoplankton species (Zhu et al. 2005), and DNA sequencing may also capture deceased cells 

that have lost some or all of their pigments. RNA abundances may be variable within a cell, 

instead reflecting overall activity or differential transcription rates in response to environmental 

stimuli (Moran et al. 2012). Both metrics are also influenced by the comprehensiveness of 

reference databases where unknown phytoplankton sequences may be unassigned (Krinos et al. 

2023). 

Differences in pigment abundances may also be a source of variability. For example, 

reduced light availability may lead to cellular increases in accessory pigments (Henriksen et al. 

2002). Using mixed layer depth as a proxy for light history, decreased light availability has been 

shown to have a small but significant effect on discrepancies between phytoplankton pigments 

and DNA relative abundances (Catlett et al. 2023). To examine the effects of light history, we 

performed linear regressions on the residuals from linear models for absolute abundances with 

depth as a predictor variable and coarse proxy for reduced light availability (Supplemental Fig. 

3.5). Besides with cryptophytes, depth was found to positively and significantly predict residuals, 

aligning with an increase in pigments at depth which may be attributed to reduced light. High 

variability in near-surface samples was also observed and may reflect large differences in light 

conditions from sampling throughout the diel cycle. 
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Furthermore, as some pigments are shared among certain groups, the presence of one 

group may influence pigment concentrations that are diagnostic of a different group. 

Fucoxanthin, for example, is not only found in diatoms but also other photosynthetic eukaryotes 

with red algal-derived plastids (Jeffrey et al. 2011; Kramer and Siegel 2019). Previous studies 

suggest that shared pigments are an important source of disagreement between the two 

measurements, but the strong correlations for many groups, particularly with diatoms, suggests 

that it may be a less prevalent issue in certain cases (Catlett et al. 2023; Kramer et al. 2024a).  

Intragroup variability in pigment composition may also be a contributing factor with 

different species having different pigment concentrations (Neeley et al. 2022; Zapata et al. 2004). 

In particular, dinoflagellates may be influenced by taxa that no longer have peridinin. The 

previously shown dinoflagellate correlations were performed without Syndiniales, an early 

branching clade that are likely parasitic and have lost their plastid altogether (Decelle et al. 2022; 

Guillou et al. 2008). Overall, Syndiniales accounted for 30 to 34% of dinoflagellate 18S copies 

in our data, and their removal considerably increased the strength of dinoflagellate-peridinin 

correlations (Supplemental Fig. 3.6 and Supplemental Table 3.1). Other dinoflagellate taxa 

appear to have instead replaced their plastids with others via kleptoplasty, integration of a new 

plastid, or obtaining endosymbionts (Novák Vanclová and Dorrell 2024). For example, the 

Kareniaceae family (e.g., the genera Karenia, Karlodinium, and Takayama) and 

Kryptoperidiniceae family (e.g., the genus Durinskia) contain fucoxanthin from an ancestral 

haptophyte or diatom endosymbiont respectively, members of the genus Dinophysis have a 

complex kleptoplastidic relationship with a cryptophyte, and the genus Lepidodinium contains 

plastids originating from a chlorophyte (Kamikawa et al. 2015; Novák Vanclová and Dorrell 

2024; Zapata et al. 2012). However, neither Kryptoperidiniceae nor Lepidodinium were detected 
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in these data with either 18S marker, and filtering of other groups did not alter the strength of the 

correlation between Dinoflagellates and peridinin indicating that besides Syndiniales, these 

groups do not influence the dinoflagellate-peridinin relationship in this region (Table S1). The 

prymnesiophyte Phaeocystis globosa has also been suggested to contain ButFuco rather than 

HexFuco (Antajan et al. 2004; Wang et al. 2022), and while filtering ASVs annotated as this 

species marginally improved the strength of the correlation for prymnesiophytes with the V4 

data (from r = 0.46 to r = 0.48), it was lower in the V9 data (from r = 0.51 to r = 0.45). 
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Figure 3.3: Correlations among abundance metrics for cyanobacteria. (A) Average bead-
normalized red fluorescence per cell for Prochlorococcus versus depth (m). The fluorescence 
units are arbitrary. (B) Prochlorococcus DNA-based absolute abundances (copies L-1) against 
cellular abundances. (C, D) Relative and absolute abundance comparisons between all 
cyanobacteria and zeaxanthin (Zea). (E, F) Relative and absolute abundance comparisons 
between Prochlorococcus and divinyl chlorophyll a (DVChla). Pearson correlations are 
significant (P < 0.05) and coefficients are displayed in panels B-F. Lines with 95% confidence 
intervals shows linear models with significant relationships between variables (P < 0.05). 
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Within cyanobacteria, Prochlorococcus chlorophyll content significantly increased with 

depth, suggesting an increase in pigments as light availability is reduced (Fig. 3.3A). 

Furthermore, Prochlorococcus absolute abundances strongly agreed with cell abundances from 

flow cytometry throughout the water column as previously observed in the greater region (Fig. 

3.3B) (Jones-Kellett et al. 2024). In combination, these results suggest that DNA-based 

abundances and pigments are increasingly uncoupled as light availability is reduced. To 

minimize effects from light, only samples from the upper 20 m of the water column were further 

examined. When using relative abundances, all cyanobacteria with Zea and Prochloroccocus 

with DVChla were strongly correlated (Fig. 3.3C-F). However, DVChla, was not detected in 

12.5% of samples which generally corresponded to lower DNA abundances (Fig. 3.3F). Unlike 

the eukaryotic data, the strengths of these correlations were lower when using absolute 

abundances, albeit still moderately well correlated. Although variability in pigments was reduced 

by removing samples deeper than 20 m, other factors such as cloud cover may further contribute 

the remaining observed pigment variability and a weaker correlation with absolute abundances. 

This variation in pigments may be normalized when dividing by total chlorophyll a leading to 

higher correlations with relative abundances. Some of the discrepancy with absolute abundances 

may also be caused by Prochlorococcus cell sizes which are smaller than the pore size of the 

GF/F filters used for pigments here (nominally 0.7 µm), leading to some Prochlorococcus cells 

being missed while being captured by flow cytometry or DNA that used a smaller pore size (0.2 

µm) (Partensky et al. 1999; Ting et al. 2007). As in eukaryotic phytoplankton, the absolute 

abundances of transcripts were also moderately well correlated for cyanobacteria with Zea and 

Prochloroccocus with DVChla (Supplemental Fig. 3.7). 
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3.2 Applications from integration phytoplankton pigments with molecular data 

The strong agreement among eukaryotic phytoplankton pigments and DNA or RNA for 

several groups indicates that these metrics are comparable proxies for phytoplankton abundances 

and community composition. As phytoplankton pigments directly impact remote sensing 

reflectance spectra, HPLC pigments are useful for validating remote-sensing algorithms; 

however, these results suggest that the absolute abundances of DNA or RNA may also be useful 

for model development. Furthermore, these results support that potential models for 

phytoplankton pigment concentrations via remote sensing may be able to provide comparable 

global estimates of different phytoplankton groups (Kramer et al. 2022). In the following 

sections, we further examine relationships gleaned by integrating phytoplankton pigments and 

DNA- or RNA-based metrics to demonstrate potential applications for addressing ecological 

questions, monitoring harmful algal blooms, or inferring phytoplankton group-specific activity. 

 

3.2.1 Increased taxonomic resolution with biomass estimation in ecological assessments 

Phytoplankton pigments and DNA-based metabarcoding have separate strengths that can 

be leveraged when integrated: phytoplankton contributions to total chlorophyll a can be 

estimated with chemotaxonomic approaches providing a standardized estimate of biomass for 

each group, and DNA offers marker gene-level resolution into the composition of each sample. 

This increased resolution is possible even when the DNA-based data are expressed solely as 

relative abundances. 

To illustrate this combined approach, diversity expressed as the Shannon index (H’) was 

compared to both total chlorophyll a and taxon-specific chlorophyll a as proxies for 

phytoplankton biomass (Fig. 3.4). Biomass is often used as a proxy for productivity, thus 
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enabling investigation of productivity-diversity relationships (PDRs) (Irigoien et al. 2004; Smith 

2007). 

PDRs may exhibit different trends, but marine phytoplankton are presumed to exhibit a 

unimodal distribution with maximum diversity at an intermediate level of productivity, including 

within models of phytoplankton communities in the California Current Ecosystem (Goebel et al. 

2013; Irigoien et al. 2004; Li 2002). PDRs may also be positive, negative, or flat, with other 

studies suggesting that there is no relationship when accounting for potentially inadequate 

sampling (Cermeño et al. 2013; Smith 2007). Examination of these relationships is particularly 

important for understanding how environmental change may impact diversity and productivity. 

When comparing total chlorophyll a concentrations and the diversity of all six eukaryotic 

phytoplankton groups examined here, the PDR for the region was negative rather than unimodal, 

with diversity remaining high at low and intermediate biomass levels before declining at high 

biomass (Fig. 3.4A). During the same cruises, additional samples concurrently measured DNA 

abundances and net primary productivity (NPP, mg C m-3 d-1). When comparing diversity and 

NPP directly, the relationship was similarly flat then negative (Supplemental Fig. 3.8A). The 

Shannon index considers both richness and evenness, thereby downweighing the influence of 

rare taxa in comparison to richness, defined here as the number of ASVs (Ibarbalz et al. 2019; 

Ma 2018). Despite substantially more variability, richness also displayed a negative trend 

including when adding cyanobacterial richness (Supplemental Fig. 3.8B and 3.9).  

By partitioning total chlorophyll a concentrations into separate eukaryotic phytoplankton 

groups and leveraging the high taxonomic resolution of the DNA-based data, PDRs were 

examined within each group (Fig. 3.4). Dinoflagellates, diatoms, and cryptophytes displayed 

significant relationships whereas other groups did not for both amplicons. Furthermore, diatoms 
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and dinoflagellates displayed opposing trends, where diatoms displayed the expected unimodal 

relationship while dinoflagellates displayed a negative relationship. When considering richness, 

the trend for diatoms was largely positive, indicating a decline in evenness at the highest levels 

of biomass leading to lower diversity, and for cryptophytes, the relationship was slightly positive 

with both metrics (Fig. 3.4 and Supplemental Fig. 3.10). Dinoflagellates had the highest richness 

with as many as 353 ASVs, while diatoms had a maximum of 93 ASVs (Supplemental Fig. 

3.10). Cryptophytes and pelagophytes had low richness with maxima of 15 and 9 ASVs, 

respectively (Supplemental Fig. 3.10). For pelagophytes, the relatively low richness and lack of 

trend may be due to dominance of a single species, Pelagomonas calceolata, that is highly 

prevalent in SCMLs (Dupont et al. 2015; Guérin et al. 2022). Meanwhile, chlorophytes and 

prymnesiophytes did not display significant relationships between biomass and richness. 

Considering the relatively high richness and sole negative trend, dinoflagellates appear to be the 

primary drivers of the community-wide trend, besides at high biomass where diatoms have a 

high influence. This dominance by dinoflagellates is further evidenced by a shift to a more 

unimodal distribution by examining the community in the absence of dinoflagellates 

(Supplemental Fig. 3.11). 

The observations of unimodal PDRs have led to hypotheses for the mechanisms that 

underlying them. Indeed, our observed negative trend aligns with the negative side of unimodal 

PDRs where diversity decreases with increased productivity. This decline is predicted to be 

associated with high productivity nearshore upwelling conditions where there is strong 

competition for light and opportunist large cells such as diatoms escape grazing (Goebel et al. 

2013; Irigoien et al. 2004; Vallina et al. 2014). In agreement, the observed low diversity aligns 

with the nearshore environment, shallow nitracline depths, and increase in diatom biomass 
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relative to dinoflagellates (Figs. 3.4 and Supplemental Fig. 3.12). However, increased diatom 

richness with biomass indicates that the negative trend is not entirely driven by the dominance of 

a few opportunist diatom taxa that escape predation (Supplemental Fig. 3.10C). Rather, many 

diatoms appear to flourish when competition for nutrients is minimized under upwelling 

conditions, although evenness likely declines at the highest levels.  

 

 

Figure 3.4: Productivity-diversity relationships in the region with biomass (chlorophyll a 
concentrations) as a proxy for productivity and diversity expressed as the Shannon Index (H’) for 
both the 18S-V4 (red) and 18S-V9 (blue) data. (A) The diversity of all eukaryotic phytoplankton 
groups and total chlorophyll a concentrations. (B-D) Environmental variables against total 
chlorophyll a concentrations colored by near-surface (purple) or subsurface chlorophyll max 
(SCM, green) samples. (E-J) Diversity of individual phytoplankton groups against their taxon-
specific biomass estimated with phytoclass. Lines represent GAMs and corresponding 95% 
confidence intervals where significant (P < 0.05). The deviance explained by each GAM or “NS” 
for not significant (P > 0.05) is shown above each panel for each amplicon.   
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High diversity at intermediate productivity has been suggested to be associated with 

offshore oligotrophic conditions (Goebel et al. 2013). Although offshore oligotrophic samples 

aligned with the lowest biomass levels, they were in part responsible for intermediate NPP along 

with SCMLs at intermediate depths, in agreement with model predictions (Fig. 3.4 and 

Supplemental Fig. 3.8). The low productivity and low diversity end of the unimodal distribution 

is expected to be caused by light limitation (Goebel et al. 2013), and while chlorophyll a 

concentrations suggest that the deepest SCML samples align with intermediate biomass, they are 

influenced by reduced light causing elevated chlorophyll content (Cullen 2015). As predicted, 

the deepest SCML samples displayed the lowest NPP rates; however, contrary to predictions, 

diversity and richness remained high in these samples resulting in an absence of the positive side 

of a unimodal distribution (Supplemental Fig. 3.8). 

The low productivity and diversity end of unimodal distributions have also been 

attributed to selective grazing with the dominance of a few slow-growing nutrient specialists 

(Vallina et al. 2014). As diversity and richness instead remained high, many phytoplankton taxa, 

particularly dinoflagellates, appear to coexist within low productivity regimes. Within 

dinoflagellates, this coexistence may be supported by mixotrophy or diel vertical migrations 

where nutrient availability at depth is exploited at night and photosynthesis in the near-surface 

occurs during the day (Stoecker et al. 2017; Zheng et al. 2023). Within prymnesiophytes, there 

may also be some mixotrophic taxa (Koppelle et al. 2022). Small cells such as chlorophytes, 

pelagophytes, and prymnesiophytes are also at an advantage under oligotrophic conditions due to 

more effective resource acquisition and use (Raven 1998), although their diversity is maintained 

across their biomass ranges (Fig. 3.4). Even though diatom diversity is lower under oligotrophic 

conditions, certain diatoms such as those that form symbiotic relationships with diazotrophs may 
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be favored under these conditions and contribute to the increased diversity (Kemp and Villareal 

2018).  

Overall, these results highlight the contrasting strategies of different phytoplankton 

groups and align with the classical view of diatoms and dinoflagellates on opposite ends of the r-

selected vs K-selected continuum (Margalef 1978). However, these results may differ from other 

regions that exhibit greater stability or experience frequent blooms of groups besides diatoms. 

Continued warming in the region is anticipated to lead to increased stratification resulting in 

conditions analogous to those in the offshore oligotrophic region with deeper nitraclines 

(Ducklow et al. 2022; Lund 2024). These projections imply that increased stratification leads to 

low productivity but high phytoplankton community diversity, although diatom diversity will be 

lower. In such a scenario, the high level of diversity will instead be driven by dinoflagellates and 

supplemented by a variety of picoeukaryotes, contrasting with predictions of lower diversity in 

ecosystem models of open ocean regions (Henson et al. 2021). 

 

3.2.3 Monitoring and forecasting harmful algal blooms 

The strong relationships between pigments and abundances of certain groups may also be 

useful for monitoring or forecasting harmful algal blooms (HABs). For example, certain species 

in the diatom genus, Pseudo-nitzschia, produce the neurotoxin domoic acid (DA) resulting in 

HABs worldwide (Bates et al. 2018). They are also commonly responsible for HABs in our 

study region and California Current at large (Lewitus et al. 2012). With absolute abundances 

accounting for 10% to 11% of diatom 18S copies, Pseudo-nitzschia was among the most 

dominant diatom genera, only exceeded by Thalassiosira and Chaetoceros (Fig. 3.5A). Pseudo-

nitzschia was also detected in 74% to 79% of samples when diatoms were present with an 
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equivalent number when fucoxanthin was detected. Overall, a strong positive relationship 

between Pseudo-nitzschia and total diatom abundances was observed, and fucoxanthin 

concentrations explained 10% more of the variance in Pseudo-nitzschia abundances than 

chlorophyll a concentrations (Fig. 3.5). Expression of dabA, the first gene in the domoic acid 

biosynthetic pathway (Brunson et al. 2018), was also detected in 13 metatranscriptomics 

samples, and 7 of the 11 samples with greater than 0.5 µg L-1 concentrations of fucoxanthin had 

detectable dabA expression (Fig. 3.5E). These samples comprised diverse Pseudo-nitzschia 

species with an overall dominance of P. delicatissima; however, the highest dabA expression 

occurred when P. australis relative abundances were elevated (Fig. 3.5F). 

Not all species of Pseudo-nitzschia have been shown to produce domoic acid, and DA 

production is influenced by environmental conditions (Bates et al. 2018). Similarly, expression 

of dabA does not always confer detectable particulate DA (Brunson et al. 2024). However, 

current models in the region that predict Pseudo-nitzschia HABs and domoic acid production use 

a variety of data including remotely-sensed chlorophyll a and two reflectance wavebands, 

suggesting that fucoxanthin detection in conjunction with other measurements and cellular 

modeling may offer better predictions for Pseudo-nitzschia and domoic acid (Anderson et al. 

2016; Moreno et al. 2022).   

Certain dinoflagellates may also cause HABs globally and in the region (Anderson et al. 

2012; Anderson et al. 2021). These HABs are caused by certain species in the genera 

Alexandrium, Dinophysis, and Gonyaulax as well as the species Gymnodinium catenatum and 

Lingulodinium polyedra (Anderson et al. 2021; Ternon et al. 2023; Trainer et al. 2010). These 

genera were also among the most dominant dinoflagellate genera detected, although 39% of V4 
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and 55% of V9 18S copies for dinoflagellates were unassigned on a genus level (Supplemental 

Fig. 13).  

 

 

Figure 3.5: Pseudo-nitzschia abundances. (A) Relative abundances of the top three diatom 
genera based on total copies L-1. (B) Pseudo-nitzschia absolute abundances against diatom 
(Bacillariophyta) absolute abundances. (C) Pseudo-nitzschia absolute abundances against total 
chlorophyll a concentrations (D) Pseudo-nitzschia absolute abundances against fucoxanthin 
concentrations. (E) Total dabA expression against fucoxanthin concentrations. (F) Relative 
abundances of Pseudo-nitzschia species from ITS2 sequencing (left y-axis) and total dabA 
expression (right y-axis). Samples are ordered by fucoxanthin concentrations as shown in Panel 
E.  
 

Despite dinoflagellate diversity declining with increasing biomass, dinoflagellate richness 

was the highest among groups, including where the highest dinoflagellate biomass was observed 
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(Fig. 3.4 and Supplemental Fig. 10). As a result, the samples with high dinoflagellate abundances 

still comprise many genera. Considering that peridinin concentrations did not exceed 1 µg L-1, an 

intense dinoflagellate bloom that may have resulted in even lower diversity was not captured 

here. Nevertheless, peridinin concentrations and V4-based abundances of the dinoflagellate 

genera Alexandrium, Gonyaulax, and Gymnodinium were significantly related (Supplemental 

Fig. 13). Peridinin concentrations also explained 9-16% more of the variance in the abundances 

of these genera compared to total chlorophyll a concentrations. In contrast, no significant 

relationships were observed for Lingulodinium and Dinophysis, the latter of which does not 

contain peridinin as previously noted. As in Pseudo-nitzschia, there are non-toxic members of 

these genera, and their presence does not imply the production of their respective toxins 

(Anderson et al. 2012). However, the ability to distinguish increased peridinin or fucoxanthin 

concentrations with remote sensing suggests increases in the genera identified here and may aid 

HAB monitoring efforts. 

 

3.2.3 Towards increased inference of biogeochemical or metabolic activity 

Current ESMs are unable to confidently predict climate-driven changes to NPP, and 

improving these models to better account for phytoplankton abundances and functions is a 

critical component to address this uncertainty (Kwiatkowski et al. 2020; Tagliabue 2023). Model 

parameters include biological rates and biogeochemical fluxes, and there is increasing interest in 

the ability to connect ‘omics data with rates such that the ‘omics can inform these model 

parameters (Saito et al. 2024; Strzepek et al. 2022). The absolute quantities of certain proteins 

have shown promise for inferring rates of nitrite oxidation and carbon fixation (Roberts et al. 
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2024; Saito et al. 2020), although it is unclear if absolute transcript abundances will be able to 

serve a similar purpose (McCain et al. 2024). 

The strong correlations between pigments and total transcript abundances in most groups 

examined here suggests that pigment abundances may also relate to the expression of specific 

genes (Fig. 2C). Within each group, the absolute abundances of genes clustered by KEGG 

annotations (Sect. 2.6) were correlated with their respective diagnostic pigments (Fig. 3.6). In 

chlorophytes, there was only one strongly significant correlation with a light-harvesting 

chlorophyll-binding protein (LHCB) and Prochlorococcus which had no significant correlation. 

In other groups however, 67 to 2,312 genes were strongly correlated (r > 0.60, FDR < 0.05). For 

some taxa, specific genes displayed stronger correlations than both 18S rDNA and all transcripts 

combined (Fig. 3.2), indicating that they may individually be used as indicators of abundances. 

These include the pentose phosphate pathway genes 6-phosphogluconate dehydrogenase (PGD) 

and glucose-6-phosphate dehydrogenase (G6PD) in dinoflagellates as well as several accessory 

light harvesting complex (LHCF) proteins in prymnesiophytes.  With 34% to 65% of genes with 

no assigned function, the remaining genes fall into diverse sets of metabolic categories (Fig. 3.6).  

In cryptophytes and dinoflagellates, several genes related to carbon fixation and 

photosynthesis were strongly correlated (Fig. 3.6). Cryptophytes and diatoms also showed strong 

correlations with several nitrogen metabolism genes. In baker’s yeast (Saccharomyces 

cerevisiae), the abundances of individual proteins are generally poor predictors of their 

corresponding reaction rates (McCain et al. 2024), but the combined abundances of functional 

units of genes, i.e. modules or subsystems, that are responsible for specific pathways may more 

accurately predict rates. Similarly, increases in the abundances of specific pigments here is 

indicative of the expression of certain pathways which may be useful in predicting group-
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specific reaction rates in situ. Further establishment of these relationships or between pigments 

and protein abundances may potentially support global estimates of these group-specific reaction 

rates. 

 

 

Figure 3.6: Strongly significant correlations between diagnostic pigments and gene expression 
(transcripts L-1) associated with each respective group (r > 0.60, FDR < 0.05) and organized by 
KEGG module classes. To examine correlations, genes were aggregated by KEGG Ortholog 
annotations and if not present, the KEGG gene annotations were used. 
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4 Conclusions 

By integrating phytoplankton pigments with quantitative abundances of 18S DNA and 

total mRNA via metabarcoding and metatranscriptomics respectively, we demonstrate that 

diagnostic pigments for specific eukaryotic phytoplankton groups correlate with both their DNA- 

and RNA-based abundances. Although there are inherent biases associated with each of these 

measurements, their relationships suggest that they are comparable and may be useful for the 

development of satellite-based remote sensing models of phytoplankton group-specific 

abundances. Rather than the 18S rRNA gene which suffers from variable copy numbers, other 

sequencing-based markers may be more useful for drawing these comparisons. For example, the 

photosystem gene psbO is universal among phytoplankton which normally have one or two at 

most copies per genome (Pierella Karlusich et al. 2023). It is also unclear if 18S sequencing of 

rRNA rather than the rRNA gene from DNA offers a less biased assessment. However, these 

results also provide increased confidence that both DNA- and RNA-based abundances are 

reflective of phytoplankton group-specific biomass. Prymnesiophytes displayed the weakest 

correlations out of all groups examined here, but the calcium carbonate shells of 

coccolithophores are highly optically refractive enabling easier detection via satellite-based 

remote sensing (Balch 2018). When coupled to other satellite, glider, or float-based 

measurements of photophysiology (Lin et al. 2016; Ryan-Keogh et al. 2023), phytoplankton 

group-specific abundances, community composition, and physiological assessments may be able 

to be remotely and collectively assembled. 

Although this assessment was only performed in the California Current Ecosystem, these 

relationships may extend to other regions. Previous use of quantitative metabarcoding in the 

Western Antarctic Peninsula with relatively high abundances of cryptophytes showed that their 
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chemotaxonomic abundances were well correlated with their DNA-based abundances (Lin et al. 

2019). Diatoms were not strongly correlated, but this result may be an artifact from a small 

sample size that did not capture a large range of diatom abundances in the region. Considering 

that the strengths of correlations in all eukaryotic groups improved when translating relative 

abundances into absolute abundances here, previous studies in the California Current, North 

Atlantic and Northeast Pacific that used relative abundances were likely affected by issues when 

correlating compositional data, and we hypothesize that stronger correlations would be observed 

had quantitative approaches been employed. In particular, dinoflagellates displayed relatively 

low correlations with relative abundances (Catlett et al. 2023; Kramer et al. 2024a), but the 

strength of these correlations dramatically improved by using quantitative approaches here (Fig. 

3.2A). For cyanobacterial abundances, pigment and transcriptional variability likely contributed 

to weaker correlations when using absolute abundances. Smaller filter pore sizes such as those 

obtained by combusting GF/F filters may also need to be considered when drawing these 

comparisons in future studies (Nayar and Chou 2003). 

The existence of relationships among these metrics also opens the door to several 

applications beyond simply assessing phytoplankton abundances and community composition. 

For example, PDRs can be examined in detail with not only the whole phytoplankton community 

but also within individual phytoplankton groups. By doing so, we show that the PDR for the 

whole community in the region is negative rather than the expected unimodal distribution (Fig. 

3.4A). By partitioning biomass into separate groups and leveraging the high resolution provided 

by DNA, we show that this negative trend is driven by dinoflagellates while diatoms largely 

show the opposite trend (Figs. 3.4G and 3.4H). These differences in PDRs align with the 

classical view of diatoms and dinoflagellates on opposite ends of the r- and K-selected 
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continuum, while also showing that diatom richness increases under bloom scenarios rather than 

selecting for a small number of opportunists (Margalef 1978). The results also suggest that a shift 

to a more stratified less productive regime from climate change may support a more diverse 

phytoplankton community, but one that has low diatom diversity.  

Increases in diatom and dinoflagellate pigments also align with increases in genera that 

contain harmful bloom-forming taxa (Fig. 3.5 and Supplemental Fig. 3.12). With the harmful 

diatom genus Pseudo-nitzschia, gene expression for toxin biosynthesis was also often elevated 

under higher fucoxanthin concentrations (Fig. 3.5E).  Although increases in these genera does 

not always imply that there is toxin production, the detection of these pigments, and in particular, 

the substitution of remotely sensed chlorophyll a for phytoplankton pigments will likely improve 

HAB detection and forecasts. Increases in pigments also corresponds to higher expression of 

genes specific to their respective group besides with Chlorophytes. These genes fall into diverse 

metabolic categories, and as connections between gene expression and rate processes emerge as 

done with quantitative protein measurements (McCain et al. 2024), the detection of pigments 

may aid the inference of group-specific metabolic activity and support the development of 

ESMs. 
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Supplemental Figure 3.1: (A) Temperature (°C) and (B) nitrate concentrations (µmol L-1) among 
seasons for the RNA samples. 
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Supplemental Figure 3.2: Cell abundances (cells mL-1) for Prochlorococcus (Pro) and 
Synechococcus (Syn) as (A) distributions and (B) sample-by-sample comparisons where the 
dashed line represents a one-to-one relationship.  
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Supplemental Figure 3.3: Pearson correlations among absolute abundances of phytoplankton 
groups and diagnostic pigments for (A) 18S-V4 and (B) 18S-V9 data. Correlations are not shown 
where P > 0.05. 
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Supplemental Figure 3.4: Correlations between 18S-V4 (red) or 18S-V9 (blue) absolute 
abundances (copies L-1) and taxon-specific contributions to total chlorophyll estimated with 
phytoclass (µg L-1) for each major eukaryotic phytoplankton group. Pearson correlations are 
significant (P < 0.05) and coefficients are displayed in each panel. Lines with 95% confidence 
intervals shows linear models with significant relationships between variables (P < 0.05). 
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Supplemental Figure 3.5: Linear regressions for depth (m) in predicting residuals from linear 
models on the absolute abundance and diagnostic pigments shown in Fig. 2B. Coefficients of 
determination (R2) and regression lines are shown when P < 0.05. 
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Supplemental Figure 3.6: Relative abundances based on total copies L-1 of Dinoflagellata ASVs 
on the (A) order level including Syndiniales and (B) genus level when Syndiniales are removed. 
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Supplemental Figure 3.7: Correlations between diagnostic pigment concentrations and the 
absolute abundances of mRNA (transcripts L-1) for (A) all cyanobacteria and zeaxanthin and (B) 
Prochlorococcus and divinyl chlorophyll a (DVChla). Only samples from the upper 20 m are 
included. Pearson correlations are significant (P < 0.05) and coefficients are displayed in each 
panel. Lines with 95% confidence intervals show linear models with significant relationships 
between variables (P < 0.05). 
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Supplemental Figure 3.8: Productivity-diversity relationships in the region with net primary 
productivity (NPP) and both (a) the Shannon Index and (b) richness (ASVs) using both the 18S-
V4 (red) and 18S-V9 (blue) data. Lines represent GAMs and corresponding 95% confidence 
intervals where significant (P < 0.05). The deviance explained by each GAM is shown above 
each panel for each amplicon. (C-E) Environmental variables against total chlorophyll a 
concentrations coloured by near-surface (purple) or subsurface chlorophyll max (SCM, green) 
samples. 
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Supplemental Figure 3.9: Productivity-diversity relationship in the region for (A) all eukaryotic 
phytoplankton groups or (B) all eukaryotic groups and cyanobacteria with biomass (chlorophyll 
a concentrations) as a proxy for productivity and diversity expressed as the richness (number of 
ASVs) for both the 18S-V4 (red) and 18S-V9 (blue) data. Lines represent significant GAMs and 
corresponding 95% confidence intervals (P < 0.05). The deviance explained by each GAM is 
shown for each panel for each amplicon. 
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Supplemental Figure 3.10: Productivity-diversity relationships for each individual phytoplankton 
groups using richness (ASVs) against taxon-specific biomass estimated with phytoclass. Lines 
represent GAMs and corresponding 95% confidence intervals where significant (P < 0.05). The 
deviance explained by each GAM or “NS” for not significant (P > 0.05) is shown above each 
panel for each amplicon.   
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Supplemental Figure 3.11: Productivity-diversity relationships in the region for all eukaryotic 
phytoplankton groups except for dinoflagellates with biomass (chlorophyll a concentrations) as a 
proxy for productivity and diversity expressed as the Shannon Index (H’) for both the 18S-V4 
(red) and 18S-V9 (blue) data. Lines represent significant GAMs and corresponding 95% 
confidence intervals (P < 0.05). The deviance explained by each GAM is shown above the plot 
for each amplicon. 
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Supplemental Figure 3.12: Diatom-to-dinoflagellate ratio for the (A) 18S-V4 and (B) 18S-V9 
data against total chlorophyll a concentrations. The line and 95% confidence interval represent 
the GAM (P < 0.0001) that explains 15.0% (V4) or 18.2% (V9) of the deviance. 
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Supplemental Figure 3.13: Dinoflagellate genus-level abundances against (A) total dinoflagellate 
copies L-1, (B) total chlorophyll a concentrations, and (C) peridinin concentrations. 
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Supplemental Table 3.1: Pearson correlation coefficients for dinoflagellates with different groups 
removed and peridinin. 
 

 Amplicon 
 Relative Absolute 
Removed Group V4 V9 V4 V9 

None 0.18 0.20 0.73 0.65 
Syndiniales 0.42 0.35 0.77 0.70 
Kareniceae 0.18 0.20 0.73 0.65 
Dinophysis 0.17 0.20 0.73 0.65 
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CHAPTER 4 - COASTAL UPWELLING DYNAMICS GOVERN DISTINCT PATTERNS 
IN DIATOM ABUNDANCES, DIVERSITY, AND GENE EXPRESSION 

 
Robert H. Lampe, Ariel J. Rabines, Anne Schulberg, Ralf Goericke, Pratap Venepally,  

Michael Sorenson, Hong Zheng, Brice X. Semmens, Kelly D. Goodwin, Andrew D. Barton,  
Andrew E. Allen 

 

Abstract 

Coastal upwelling regions, such as the California Current Ecosystem (CCE), are among 

the most biologically productive areas in the ocean. In these regions, seasonal upwelling fuels 

intense phytoplankton blooms dominated by diatoms, which in turn support biogeochemical 

cycling, carbon sequestration, and productive fisheries. Here we contrast pelagic diatom 

abundances, diversity, and gene expression with other major phytoplankton groups in the CCE 

via standardized oceanographic surveys that capture extensive spatiotemporal and 

biogeochemical variability within hundreds of samples for 18S metabarcoding and 

metatranscriptomics. We show that in contrast to other phytoplankton groups, seasonal 

upwelling conditions are strongly associated with increases in diatom abundances and diversity 

as well as differences in gene expression. Overall, the community is dominated by the bloom-

forming genera Chaetoceros, Thalassiosira, and Pseudo-nitzschia; however, members of these 

genera are dispersal limited, even over relatively small spatial scales. Rather than becoming 

established offshore, these diatoms appear to sink out of the euphotic zone and contribute to 

carbon export. Furthermore, by integrating these data with others, we estimate global pelagic 

diatom diversity with the V9 region of the 18S rRNA gene to be 11,432 ASVs. 
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Introduction 

Diatoms (Bacillariophyta) are among the most diverse and prolific phytoplankton groups 

in the ocean (Armbrust, 2009; Bowler et al., 2010). In particular, they frequently dominate 

phytoplankton blooms in coastal upwelling regions associated with eastern boundary currents 

such as the California Current Ecosystem (CCE) (Allen, 1945; Estrada and Blasco, 1985; 

Goericke, 2011; Taylor and Landry, 2018; Venrick, 2012). These regions are highly dynamic, 

where in certain areas, seasonal upwelling-favorable winds cause cold, nutrient-rich water to be 

delivered to the euphotic zone, fueling phytoplankton growth and primary productivity (Chavez 

and Messié, 2009). As these diatom-dominated phytoplankton blooms lead to some of the 

highest productivity in the ocean, diatoms in upwelling regions disproportionally contribute to 

global biogeochemical cycling and the support of higher trophic levels (Capone and Hutchins, 

2013).  

 Despite their significant presence and ecological importance, the extent of diatom 

abundances and diversity within the spatiotemporal and biogeochemical variability of upwelling 

ecosystems remains relatively unexplored. Indeed, diatoms often bloom during upwelling events 

and regularly account for a majority of phytoplankton biomass as observed from phytoplankton 

pigments, although pigments lack deeper taxonomic resolution (Goericke, 2011; Lampe et al., 

2024). Similar observations as well as the identification of dominant diatoms have been reported 

with microscopy (Venrick, 2002, 2009; Venrick, 2012); however, the number of diatoms that can 

be distinguished with light microscopy is orders of magnitude lower than estimates of their 

species-level diversity, and even lower when considering cryptic species (Guiry, 2024; Kooistra 

et al., 2007; Mann and Droop, 1996). 
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Compared to microscopy, sequencing of marker genes such as the 18S rRNA gene often 

provides higher resolution of the diatom community (Zimmermann et al., 2015). On a global 

scale, diatom 18S rRNA-based diversity was investigated via the Tara Oceans expedition, which 

includes few samples from coastal upwelling ecosystems, but estimated global 18S-based pelagic 

diatom diversity to be over 4,500 operational taxonomic units (OTUs) (Malviya et al., 2016; 

Pierella Karlusich et al., 2024). Although both Tara Oceans and separate observations from the 

North Atlantic Ocean show that diatom diversity remains comparatively high between the coastal 

and open ocean (Malviya et al., 2016; Setta et al., 2023), diatom diversity in the CCE instead 

exhibits a different pattern that is unique among phytoplankton groups in the region. In the CCE, 

diatom diversity is highest concomitantly with their abundances in the nearshore where 

upwelling occurs, whereas in the offshore oligotrophic region, their diversity and abundances are 

low (James et al., 2022; Lampe et al., 2024). These differences in diversity have also been 

investigated in the context of onshore and offshore eddies with different nutrient profiles (Abdala 

et al., 2022); however, the processes underlying these trends as well as those that govern 

community assembly in diatoms in upwelling regions remain underexplored. In particular, 

knowledge of diatom community structure may inform our understanding of carbon export as 

certain diatoms may disproportionally contribute to export flux, but detailed molecular-level 

observations of sinking diatoms in the CCE are relatively sparse (Durkin et al., 2022; Leblanc et 

al., 2018; Preston et al., 2020; Valencia et al., 2022).  

 The examination of diatom gene expression via metatranscriptomics has provided further 

targeted insight into diatoms’ physiological responses to upwelling or other conditions found in 

upwelling environments. For example, diatoms have been found to proactively invest in nitrogen 

assimilation prior to upwelling events in order to outcompete other phytoplankton taxa (Lampe 
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et al., 2018b; Lin et al., 2024). Within the California Current, diatoms have also been shown to 

be highly transcriptionally responsive to nutrient availability and the diel cycle (Cohen et al., 

2017; Kolody et al., 2019; Maniscalco et al., 2023), while employing diverse mechanisms to 

counteract stressors such as ocean acidification and iron stress (Kolody et al., 2022; Lampe et al., 

2018a; Lampe et al., 2023). However, differences in diatom gene expression along 

environmental gradients that coincide with differences in their abundances and diversity in 

upwelling regimes remain unexplored. 

 Thus, here we examine patterns in pelagic diatom abundances, diversity, and gene 

expression in the CCE and contrast these patterns with other dominant phytoplankton groups. 

For each season over seven years, DNA and RNA samples for metabarcoding and 

metatranscriptomics respectively were collected and analyzed from California Cooperative 

Oceanic Fisheries Investigations (CalCOFI) surveys, hereafter referred to as the NOAA-

CalCOFI Ocean Genomics (NCOG) dataset. Although the CalCOFI sampling area is largely 

restricted to the southern California Current, it crosses a major biogeographic boundary at Point 

Conception, California and contains a mixture of phytoplankton communities associated with 

offshore oligotrophic waters and the subarctic Northeast Pacific, enabling significant sampling of 

the communities associated with the overall CCE (Checkley and Barth, 2009; Venrick, 1998). 

Variability in phytoplankton abundances in the CCE is also most strongly in the cross-shore 

direction, and the sampling grid captures this variability spanning nearshore coastal samples to 

more offshore oligotrophic waters (Deutsch et al., 2021; Hayward and Venrick, 1998; James et 

al., 2022). Additionally, the four cruises per year over seven years captures seasonal and 

interannual variability. Overall, these data provide the basis to investigate patterns associated 

with the molecular-level abundances and diversity of diatoms in the CCE with relatively high 



218 

temporal and spatial resolution across wide-ranging physicochemical environments in the 

California Current.  

 

Figure 4.1: Overview of NOAA-CalCOFI Ocean Genomics (NCOG) sampling from 2014 to 
2020. (A-C) Map of the CalCOFI sampling grid for epipelagic DNA, mesopelagic DNA, and 
RNA (all depths) respectively. Line labels correspond to the CalCOFI line and station numbering 
system. Bubble sizes correspond to the total number of samples collected at each station as 
indicated in each panel’s legend. The smallest points shown as grey diamonds on lines 60.0, 
66.7, 70.0, and 73.3 denote stations where no samples were taken. (D) Temperature (°C), (E) 
nitrate concentrations (NO3, µmol L-1), and (F) chlorophyll a concentrations (µg L-1) across 
seasons corresponding to all of the 2014-2020 NCOG DNA samples. Nitrate concentrations are 
plotted on a cube root scale, and chlorophyll a concentrations are plotted on a log scale. Surface 
and subsurface chlorophyll max (SCM) samples are separated and coloured in green and blue 
respectively. 
 
Results 

Diatom abundances in the California Current Ecosystem 

The updated NCOG data used here includes 993 euphotic zone DNA samples and 656 

mesopelagic zone DNA samples (Figs. 4.1a,b). RNA samples for poly(A)-selected 

metatranscriptomics are also included with 220 euphotic zone and 87 from the mesopelagic zone 
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(Fig. 4.1c). From seven years of seasonal sampling and the strong cross-shore gradients in the 

region, the naturally high physical, chemical, and biological variability of the region was 

captured as observed with wide ranges in temperature, nitrate concentrations, and chlorophyll a 

concentrations (Figs. 4.1d-f) (Deutsch et al., 2021). In particular, seasonal wind-driven 

upwelling, primarily during spring, leads to lower temperatures coupled to higher nitrate and 

chlorophyll a concentrations (Jacox et al., 2018a). Relatively strong interannual variability was 

also captured due to an unprecedented marine heatwave from mid-2014 to 2016 associated with 

El Niño in 2015, although temperature anomalies were restricted to approximately the upper 50 

m (Di Lorenzo and Mantua, 2016; Jacox et al., 2018b; Leising et al., 2015).  

 Metabarcoding of both the V4 and V9 hypervariable regions of the 18S rRNA gene was 

performed on all DNA samples to examine unique sequences, or amplicon sequence variants 

(ASVs). Diatoms (Bacillariophyta) in the region had 1189 and 891 ASVs for the V4 and V9 

regions respectively (Fig. 4.2a). Rarefaction further suggests that the high sequencing depth 

achieved here enabled saturation of the total number of both V4 and V9 diatom ASVs in the 

region. Inference of ASVs also enables comparisons with other data sets where the same V9 

primers were used (Callahan et al., 2017). Of the V9 ASVs in NCOG, 420 (47%) were 

undetected in other global surveys combined which includes Tara Oceans, Plankton Planet. and 

four stations from the Malaspina Expedition (Fig. 4.2b).  

When integrated, these data offer an updated estimate of 18S-V9 diversity for pelagic 

diatoms in the global ocean. Assuming a log-normal (Preston) distribution of diatom ASVs and 

their binned abundances, a previous extrapolation from Tara Oceans suggested that there are 

4,748 operational taxonomic units (OTUs) having observed 81.6% of OTUs (Malviya et al. 

2016). With these combined datasets and ASV-level resolution, we now estimate that there are 
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11,432 diatom V9 ASVs with 62% observed (Fig. 4.2c). Importantly, ASVs represent biological 

DNA sequences as opposed to OTUs that are clusters of sequencing reads, offering an updated 

diversity estimate with intrinsic biological meaning and sequences that can be further compared 

in future studies (Callahan et al. 2017). 

 

Figure 4.2: Overview of total diatom richness and abundances in the NCOG dataset from 2014 to 
2020. (A) Rarefaction curves for diatom ASVs in the V4 (red) and V9 (blue) data. (B) Venn 
diagram of diatom 18S-V9 ASVs found within Tara Oceans including the Tara Polar Circle 
samples, available Malaspina Expedition and Plankton Planet samples, and CalCOFI (NCOG). 
(C) Log-normal distribution (Preston) of V9-18S ASV abundances from integrating different 
datasets shown in B. The area under the curve provides an extrapolated estimate of total number 
of ASVs, and therefore, an indication of the percent of ASVs sampled across datasets. (D) 
Relative abundances (% 18S reads or eukaryotic TPM) and absolute abundances (copies L-1 or 
transcripts L-1) of different phytoplankton groups using V4 (red), V9 (blue), or transcript 
abundances (green). (E) Taxon-specific biomass as chlorophyll a concentrations estimated with 
phytoclass against total chlorophyll a concentrations. Curves were fit with a generalized additive 
model.  
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Within the euphotic zone samples from NCOG, diatom ASVs comprised 0% to 64% of 

all eukaryotic taxa including non-photosynthetic organisms (Fig. 4.2d). By using an internal 

DNA standard, relative abundances were translated into estimates of absolute abundances for 

diatom ASVs for samples from all years except 2017 (Materials and Methods). Maxima of 1.14 

x 1010 copies L-1 in the V4 data (median = 6.61 x 106 copies L-1) and 6.32 x 109 copies L-1 in the 

V9 data (median = 7.47 x 106 copies L-1) were observed (Fig. 4.2d). Concurrently, diatom 

abundances as a proportion of eukaryotic mRNA were assessed with relative and quantitative 

metatranscriptomics that also used internal standards in the euphotic zone samples. Relative 

abundances show that diatoms comprised 0.74% to 14.5% (median = 1.55%) of eukaryotic 

mRNA, and when converted to absolute abundances, diatoms accounted for 1.63 x 108 to 4.24 x 

1010 transcripts L-1 (median = 1.11 x 109 transcripts L-1) (Fig. 4.2d and Supplemental Fig. 4.1).  

Overall, diatom abundances between the V4 and V9 data were strongly correlated 

(Spearman’s ρ > 0.96, P < 0.0001) with diatoms often displaying higher abundances with the V9 

data (Supplemental Fig. 4.2). This bias towards diatoms with the V9 data may be due to the 

primers missing some eukaryotic taxa that are better captured with V4 primers (McNichol et al. 

2021). Significant correlations were also observed between 18S and transcript abundances with 

absolute quantities showing a stronger correlation (Spearman’s ρ = 0.65, n = 90) than the relative 

data (ρ = 0.44, n = 122) (Supplemental Fig. 4.2). 

 On average, diatom 18S and transcript relative abundances were lower than those of other 

major eukaryotic phytoplankton groups: chlorophytes (Chlorophyta), dinoflagellates 

(Dinoflagellata), and haptophytes (Haptophyta); however, when converted to absolute 

abundances, average diatom abundances were higher than chlorophytes and haptophytes (Fig. 

4.2d). High dinoflagellate abundances may be due to bias from their high 18S gene copy 
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numbers (Martin et al. 2022), and their transcript abundances were more similar to those of other 

phytoplankton groups. Maximum values of diatom 18S abundances exceeded those of 

chlorophytes and haptophytes with diatom transcripts exceeding all groups (Fig. 4.2d). Similarly, 

diatom-specific biomass derived from HPLC pigments largely exceeded other groups besides at 

the lowest levels of total chlorophyll a (Fig. 4.2e). Overall, these wide ranges in diatom 

abundances and high abundances when overall phytoplankton biomass is high align with their 

known “bloom and bust” lifestyle (Gross 2012). 

To further examine and contrast patterns in diatom abundances, relative and absolute 

abundances were considered against various physical, chemical, and biological measurements 

(Fig. 4.3). With the relative abundances, the centered log-ratio (CLR) transformation was applied 

to account for compositionality (Supplemental Fig. 4.3) (Gloor et al. 2017). Diatom abundances 

were higher in shallower subsurface chlorophyll maxima layers (SCMLs) relative to the near 

surface samples (normally 10 m) or SCLMs deeper than 51 m (Figs. 4.3a,b). The separation of 

SCMLs at 51 m was used to distinguish shallower from deeper subsurface chlorophyll maxima, 

the former which may exist during upwelling conditions and the latter existing under more 

stratified nutrient-limited conditions. In most cases, diatom abundances were also significantly 

higher during the spring and summer seasons compared to winter and autumn (Figs. 4.3a and 

4.3b). When considering interannual variability, median diatom abundances were also lower 

during the 2014-2016 warm anomaly; however, these differences were not significant. As the 

warm anomaly was restricted to 50 m or shallower, samples solely collected within those depths 

were also examined, but no significant differences were observed either (Leising et al. 2015). 

Aggregated regional diatom cell counts from the mixed layer also do not indicate a significant 

difference among years (Supplemental Fig. 4.4). By correlating abundances with other measured 
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variables, diatom abundances were most strongly related to increased chlorophyll a 

concentrations and euphotic zone-integrated rates of primary productivity (mg C m-2 d-1) as well 

as lower nitracline depths and distances from shore (ρ = 0.57–0.82, Fig. 4.3c and Supplemental 

Figs. 4.5, 4.6). 

These measurements with strong connections to increased diatom abundances are 

indicative of seasonal coastal upwelling, and align with well-known increases in diatom 

abundances during upwelling events. Furthermore, this pattern is distinct among eukaryotic 

phytoplankton groups. With 18S relative abundances and absolute transcript abundances, 

chlorophytes exhibited similar patterns to diatoms, albeit with weaker correlations (Fig. 4.3c). 

Meanwhile, dinoflagellates and haptophytes displayed weak or non-significant correlations. 

Higher correlations across all groups were observed when using the absolute data, which may be 

a result of the absolute data not being influenced by compositionality (Lampe et al. 2024a) 

however, diatom correlations remained the strongest. Although significant differences among 

seasons were also observed for other phytoplankton group abundances, there were not strong 

differences associated with increases in the spring and summer as observed in diatoms (Figs. 4.3 

and Supplemental Fig. 4.7). This separation of diatoms compared to other groups is further 

evidenced by significantly lower realized temperature niches (P < 0.0001), further suggesting 

that their niche is associated with upwelling conditions (Supplemental Fig. 4.8).  
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Figure 4.3: Diatom abundances data against environmental measurements. (A) CLR-transformed 
relative abundances separated by depth class (surface, chlorophyll max < 51 m, chlorophyll ≥ 51 
m), season, or year for the V4 (red) and V9 (blue) data. Letters denote medians that are 
significantly different (adjusted P-value < 0.05, Kruskal-Wallis test). If letters are black, the 
significant differences are the same for V4 and V9 data; otherwise, they are shown in red for V4 
and blue for V9. Letters are not shown where differences are not significant. (B) Absolute 
abundance data (copies L-1) corresponding to panel A. (C) Spearman correlation results between 
the abundance of dominant phytoplankton groups and continuous environmental variables. Both 
the relative (rel.) and absolute (abs.) abundance data are shown for both the V4 and V9 data as 
well absolute abundances from the metatranscriptome (transcripts L-1). The color of each point 
corresponds to the rank correlation coefficient (ρ) whereas the size of each point corresponds to 
the adjusted P-value as shown in the legend. For the CLR-transformed data, correlations were 
computed with ALDEx2 using 1000 Monte Carlo instances. In all data sets shown, P-values 
were adjusted with the Benjamini-Hochberg procedure. 
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Diatom genera abundances and richness 

To examine the composition of the diatom community, genus-level abundances and 

richness within euphotic zone samples were assessed (Fig. 4.4). To normalize for uneven 

sequencing depth across samples, samples were rarefied to 24,000 reads resulting in retainment 

of 938 samples (94%) with the V4 data and 988 samples (99%) with the V9 data. The V4 data 

had taxonomic assignments to 49 different diatom genera whereas the V9 data had 35 genera 

(Fig. 4.4a). Likewise, 83% of V4 reads had genus-level assignments whereas only 65% of V9 

reads had genus-level assignments. Of the remaining 17% of V4 reads without genus-level 

assignments, 15.7% of the total community only had class level assignments, predominantly 

classified as polar centric diatoms (13.1%), and of the remaining 35% of V9 reads without 

genus-level assignments, 17.0% of the total community had class-level assignments, 

predominantly raphid pennate diatoms (9.4%). Eighteen genera in the V4 data with 

representatives from all four diatom classes were absent in the V9 data while only four genera in 

the V9 data absent in V4 data. Of these, Amphora and Biddulphia were detected with only one 

read post-rarefaction in the V4 data; similarly, one read was assigned to Cymbella in the V9 data 

which was not found in V4 data. Higher resolution taxonomic assignment with the V4 region, 

which is also longer than the V9 region, is likely a result of greater genetic divergence in diatoms 

compared to V9, particularly between araphid and raphid pennates (Malviya et al. 2016).  
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Figure 4.4: Genus-level diatom abundances and richness on log scales. Genera are color-coded 
by class as shown in the legend and ordered by rarified V4 read abundances. Where applicable, 
V4 data are shown in red and on the left, and V9 data are shown in blue on the right of each 
panel. ASVs without genus-level annotation are shown at the lowest taxonomic level possible. 
(A) Total rarified 18S read abundances (B) 18S absolute abundances (copies L-1) (C) Absolute 
transcript abundances (transcripts L-1). Genus-level assignments in the metatranscriptome that 
are not in the 18S data are classified on the class level. Complete genus-level transcript 
abundances are show in Supplemental Figure 4.9. (D) Cell abundances from microscopy (cells 
100 mL-1). Genus-level assignments in the cell counts that are not in the 18S data are classified 
on the class level. Both unclassified centric and pennate diatoms in the cell counts are shown as 
Bacillariophyta. Complete genus-level transcript abundances are show in Supplemental Figure 
4.10. (E) Genus-level richness (total number of ASVs). 
 

However, both markers indicate that Thalassiosira, Chaetoceros, and Pseudo-nitzschia 

are the most prevalent genera in the region (Fig. 4.4). In the V4 data, these genera were 18.9%, 

18.0%, and 14.2% respectively. The remaining top ten genera were Rhizosolenia (7.6%), 

Guinardia (4.1%), Leptocylindrus (2.5%), Bacteriastrum (2.3%), Actinocyclus (2.2%), 

Cylindrotheca (2.2%), and Thalassionema (1.5%). In the V9 data, Thalassiosira, Chaetoceros, 

and Pseudo-nitzschia comprised 20.5%, 16.8%, and 14.2% of reads respectively. As in the V4 
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data, Actinocyclus (1.8%) Cylindrotheca (0.9%), and Leptocylindrus (0.8%) were in the top ten 

genera, but Guinardia and Thalassionema were completely absent in the V9 data. Rather, 

Eucampia (1.3%), Skeletonema (1.2%), and Minidiscus (0.9%) were in in the top ten V9 genera 

and similarly were between 0.4% and 1.5% in the V4 data. Arcocellulus was also one of the most 

abundant V9 genera (2.3%) while being one of the least abundant V4 genera. 

The Tara Oceans expedition also found Chaetoceros, Thalassiosira, and Pseudo-

nitzschia to be the first, second, and fourth most abundant genera with both the V4 and V9 

regions (Pierella Karlusich et al. 2024). Similarly, Actinocyclus and Leptocylindrus were also 

highly abundant with both amplicons and Guinardia was abundant in the V4 data. In contrast, 

Porosira and Proboscia were among the top 10 genera globally, while showing lower relative 

abundances in NCOG. Differences in certain genera such as the high abundances of Fragilaria 

in Tara Oceans while absent here are likely a result of their more limited biogeographic 

distribution (Pierella Karlusich et al. 2024). 

 Using both 18S and transcript absolute abundances, patterns remained largely the same 

(Figs. 4.4b,c and Supplemental Fig. 4.9). Thalassiosira still dominated with maximal abundances 

that were an order of magnitude higher than other genera. Chaetoceros and Pseudo-nitzschia also 

followed as highly abundant; however, Skeletonema exhibited some of the highest transcript 

abundances and based on average V4-based absolute abundances, it was within the top 10 most 

abundant genera, as observed with both the relative and absolute V9 data. However, differences 

may be from the exclusion of samples from 2017 in the absolute abundance data.  

 Microscopic cell counts from the near-surface also indicate that Chaetoceros, excluding 

those identified as resting spores, and Pseudo-nitzschia were the most abundant diatom genera 

(Fig. 4.4d). Similarly, dominant genera included Thalassionema, Cylindrotheca, Leptocylindrus, 
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and Bacteriastrum in order of total abundance; however, Fragilariopsis, Nitzschia, 

Dactyliosolen, and Hemialus were the third, fourth, ninth, and tenth most abundant genera 

respectively while the amplicon data shows that these are rarer genera. The high abundance of 

Thalassiosira in the amplicon data contrasted with comparatively lower cell counts (twelfth most 

abundant) suggests that Thalassiosira is overrepresented with 18S sequencing, in agreement with 

other comparisons (Rynearson et al. 2020). Although rDNA copy number appears to be 

correlated with cell size (Biard et al. 2017; Zhu et al. 2005) and genome size (Martin et al. 2021), 

there is likely large variation in Thalassiosira considering their large variability in cell size (3 – 

186 µm diameter) (Hasle and Syvertsen 1997) and the order of magnitude difference in copies 

between two Thalassiosira species (Zhu et al. 2005). Further discrepancies between the 

microscopy and amplicon data may be attributed to lack of representation in respective 

references, mismatched sampling in terms of location or depth for low abundance taxa such as 

those predominately found in SCMLs (Supplemental Fig. 4.10), or difficulty identifying small 

cells. 

 Additionally, genus-level abundances and intragenus richness (number of ASVs) were 

strongly correlated (Figs. 4.4e and Supplemental Fig. 4.11, r = 0.69-0.83). As found in Tara 

Oceans, Chaetoceros was not only the most abundant genus but also the most diverse (Malviya 

et al. 2016). The related genus Bacteriastrum also displayed high richness for its abundance. 

Other representatives of each diatom class also show deviations from the linear relationship 

(Supplemental Fig. 4.11). Some very low abundance genera were restricted to a single ASV 

which may simply be a result of low levels of sampling for those genera, although examining 

unrarefied data for these genera rarely indicated the presence of an additional ASV. In both 

datasets, the radial centric genera Actinocyclus, Coscinodiscus, and Cyclotella had relatively high 
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richness whereas the other centric genera, Leptocylindrus and Eucpamia showed relative less or 

their abundance. However, these trends were not entirely consistent across both datasets. For 

example, Pleurosigma had high richness for its abundance in the V4 data but low richness in the 

V9 data (Supplemental Fig. 4.11). 

 

Environmental and biogeochemical factors associated with diatom diversity 

Alpha diversity expressed as the exponentiated Shannon’s diversity index was examined 

within the rarefied data from the euphotic zone among both marker genes. Both the V4 and V9 

data were strongly correlated, although V9 showed overall higher diversity and richness but 

lower evenness (Supplemental Fig. 4.12) (Hill 1973). To examine influences on alpha diversity, 

differences in Shannon diversity values were compared with the other physical, chemical, and 

biological measurements (Fig. 4.5 and Supplemental Fig. 4.13). As observed with the diatom 

abundances, increases in diversity aligned with signatures of upwelling: the spring season, high 

chlorophyll a concentrations, high primary productivity, low distances from shore, and shallow 

nitracline depths (Kruskal-Wallis test, Figs. 4.5a,b). Diversity was also higher in shallower 

SCMLs (Fig. 4.5a). Nitracline depth, distance from shore, and primary productivity similarly 

explained the greatest amount of deviance with generalized additive models (13.0-15.7%), with 

the explained deviance by chlorophyll a concentrations being lower (4.3-5.4%) (Supplemental 

Fig. 4.13). However, a previous analysis using a subset of these data and corresponding 

phytoplankton pigment concentrations indicates that diatom-specific chlorophyll a accounts for a 

greater amount of deviance (15-20%) (Lampe et al. 2024a). Moreover, diatom diversity displays 

a right-shifted unimodal trend and richness increases with abundance, indicating that diatom 

community evenness declines at high diatom abundances (Supplemental Fig. 4.14). All other 
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examined variables here displayed weak relationships, and interannual variability differed 

between the two amplicons as observed with the relative abundances (Fig. 4.5 and Supplemental 

Fig. 4.13). 

 

Figure 4.5: Exponentiated Shannon diversity [exp(H)] compared to environmental 
measurements. (A) Shannon diversity separated by depth class (surface, chlorophyll max < 51 m, 
chlorophyll ≥ 51 m), season, or year. Letters denote medians that are significantly different (P < 
0.05, Kruskal-Wallis test). If black, the significant differences are the same for V4 and V9 data, 
otherwise, they are shown in red for V4 and blue for V9. (B) Spearman correlation results 
between Shannon diversity within dominant phytoplankton groups and continuous 
environmental variables for both the V4 and V9 data. (C) The percentage of variance in diatom 
beta diversity explained by different environmental variables. 
 
 These trends further contrast diatoms with other phytoplankton groups (Fig. 4.5b). In 

chlorophytes, correlations were largely not significant, and in haptophytes the strengths of the 

correlations were weaker and negative. Meanwhile, dinoflagellates displayed a strongly opposing 

pattern where increased diversity aligned with conditions opposite of those for diatoms, further 

supporting their opposing niches in the CCE (Lampe et al. 2024a).  
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The influence of environmental conditions on differences within the diatom community, 

i.e. beta diversity, were further assessed with PERMANOVAs (adonis) on robust Aitchison 

distances, another compositional data analysis approach based on CLR-transformed counts for 

beta diversity (Martino et al. 2019). After filtering for only samples with all environmental 

variables and abundance thresholds (Materials and Methods), 416 samples in the V4 data and 

535 samples in the V9 data were used. Seasonality was the strongest individual explanatory 

variable of diatom community dissimilarity for both marker genes (R2 = 17.8% [V4] and 12.6% 

[V9]) in agreement with the patterns of seasonal upwelling aligning with changes in abundances 

and alpha diversity (Fig. 4.5c). Other variables, however, were less explanatory. Distance from 

shore closely followed seasons in the V9 data (R2 = 11.7%) but to a lesser degree in the V4 data 

(R2 = 5.8%). All other variables, including nitracline depth and chlorophyll a individually 

accounted for less than 10% of the explained variance with both amplicons. Distance between 

stations also did not strongly correlate with community dissimilarity when considering either all 

samples (Mantel test, r = 0.05 [V4] and 0.06 [V9], P < 0.05) or individual cruises as only three 

out of the 27 cruises had significant correlations (Mantel test, r = 0.28-0.29, FDR = 0.027, 

Supplemental Fig. 4.15). 

 

Biogeography of individual diatom ASVs 

The absence of a strong correlation between sample and community distances could be 

explained by diatoms’ high capacity for dispersal and the relatively small size of the study area 

(Cermeño and Falkowski 2009). However, it has also been suggested that diatoms can be 

dispersal limited (Vanormelingen et al. 2007). Considering the general increase in diatom 

diversity nearshore (Fig. 4.5 and Supplemental Fig. 4.13) as well as the frequently observed 
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steep cross-shore physicochemical and biological gradients (Deutsch et al. 2021, James et al. 

2022; Matthews and Ohman 2023), the biogeography of individual diatom ASVs was 

investigated with abundance-occupancy distributions. Here, the average relative abundance was 

used with occupancy defined as the percentage of stations where each ASV was detected at least 

once (Fig. 4.6 and Supplemental Fig. 4.11). Assuming unlimited dispersal, neutral models 

predict a relationship between abundance and occupancy where taxa that are highly abundant are 

also expected to be widespread (Shade and Stopnisek 2019; Sloan et al. 2006). These models can 

be fit to abundancy-occupancy distributions, and taxa that deviate below the model predictions 

(95% confidence interval) exhibit low occurrence for their abundance, implying that they may be 

dispersal limited (Shade and Stopnisek 2019).  

 Overall, the abundance and occurrence of eukaryotic ASVs were well described by the 

neutral model (ρ = 0.71-0.73; Supplemental Fig. 4.16). Within diatoms, station occupancy was as 

high as 63 out of 66 stations in the V4 data and all 66 stations in the V9 data, but more than 88% 

of all diatom ASVs were only found in fewer than half of the stations. Other phytoplankton 

groups had ASVs detected in all stations with both amplicons, but most of their ASVs were also 

only detected in fewer than 50% of the stations.  
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Figure 4.6: (A) Abundance-occupancy distributions fit with a neutral model for the V4 (left) and 
V9 (right) datasets. Abundances are the average rarefied abundance in the dataset while the 
occupancy is based on the percentage of stations where the ASV was detected. ASVs that occur 
more or less frequently than predicted by the model are shown above or below the 95% 
confidence intervals (dashed lines) around the model prediction (solid black line). These ASVs 
that deviate from the neutral model are colored by genus or the lowest possible taxonomic 
classification where genus-level classification is not available. The full data from which the 
neutral model was fit is shown in Fig. S15. (B and C) The average read abundance on a log scale 
per station for Thalassiosira and Pseudo-nitzschia ASVs that are predicted to be dispersal 
limited by the neutral model.  



235 

Over 8% and 15% of diatom ASVs in the V4 and V9 data respectively were found to be 

below the model prediction, which is higher than other phytoplankton groups (3-5%) and 

suggests dispersal limitation (Fig 4.6a). Moreover, Thalassiosira and Pseudo-nitzschia ASVs 

were significantly enriched in this dispersal limited fraction (Fisher’s exact test, FDR < 0.06) and 

displayed a trend of higher abundances in the nearshore environment (Figs. 4.6b,c). Although 

Chaetoceros ASVs were not significantly overrepresented in the dispersal limited group, many 

Chaetoceros ASVs also exhibited this same trend (Supplemental Fig. 4.17). Overall, these ASVs 

are not only among the most abundant individually but also from the most prominent genera. 

This pattern, however, indicates that they are geographically limited within the study region and 

frequently either undetected or found in low abundances in the offshore region. As successful 

colonization offshore requires both arrival and establishment (Barberán et al. 2014), this suggests 

that they are either removed from the euphotic zone by various processes or that colonization in 

the offshore region is short-lived. Indeed, the steep nutrient gradients in the cross-shore direction 

leads to nitrogen limitation, iron limitation, or increased silicon stress which may result in 

senescence and sinking (Deutsch et al. 2021, Forsch et al. 2023). Cells may also be removed 

from the euphotic zone by physical processes, i.e. subduction (Stukel et al. 2023). Alternatively, 

they may be infected or grazed either before they can disperse or become established.  

To investigate potential connections to other organisms that may cause cell death and 

prevent dispersal, the co-occurrence of diatom ASVs with other taxa was examined, including 

prokaryotic ASVs from 16S amplicon sequencing (Materials and Methods). Overall, diatom 

ASVs both above and below the neutral model exhibited similar co-occurrence profiles 

(Supplemental Fig. 4.18). Microbial grazers represent the main biological control on 

phytoplankton abundances (Kuhlisch et al. 2024); however, there was no clear increase for 
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dispersal limited diatom ASVs in the relative number of connections with ciliates, metazoans, 

copepods, radiolarians, or choanoflagellates. Diatoms may also be infected by parasites 

belonging to the Syndiniales, Ooymycota, and Chytridiomycota lineages (Kuhlisch et al. 2024), 

and of these parasites, only Ooymycota connections were elevated for dispersal limited diatoms. 

However, Oomycota connections represented less than 0.5% of all diatom connections. Diverse 

bacteria also cause pathogenicity in diatoms including the grammaproteobacter Croceibacter 

atlanticus, although no difference was observed for connections to this species (Bartolek et al. 

2022; van Tol et al. 2016). Other known pathogenic bacteria were largely undetected, which may 

result from the inability to resolve species with 16S metabarcoding (Branscombe et al. 2024; 

Kuhlisch et al. 2024). Although co-occurrence may not detect a true interaction and there are 

other interactions that are not accounted for such as viral infection, these results suggest that 

differential biological interactions do not account for differences in diatoms’ ability to disperse 

(Röttjers and Faust 2018). 

 

Diatoms in the mesopelagic zone 

Samples from 170-200 m and 515 m were examined to further explore diatoms below the 

euphotic zone, particularly those that may be dispersal limited from sinking or subduction (Fig. 

4.1b) (Stukel et al. 2023). In comparison, the deepest chlorophyll maximum sample used here 

was found at 130 m at the most offshore station (station 090.0 120.0) where the euphotic zone is 

normally much deeper than in the nearshore environment. Overall, the CCE exhibits above 

average carbon flux, and diatoms often represent a high proportion of the community within 

sinking particles (Durkin et al. 2022; Krause et al. 2015; Preston et al. 2020; Stukel et al. 2023; 

Valencia et al. 2022). The depths sampled here are below those considered to be upwelling 
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source waters in the region; therefore, diatoms found in the mesopelagic in the here may 

significantly contribute to carbon sequestration (Fiechter and Moore 2024). 

 

 

Figure 4.7: Diatom abundances and diversity in the mesopelagic zone. Absolute abundances 
(copies L-1) by depth class when including mesopelagic depths. (B) Exponentiated Shannon 
diversity [exp(H)] by depth class when including mesopelagic depths. (C) Relative abundances 
of the most abundant diatom genera or the lowest possible taxonomic classification where genus-
level classification is not available within the euphotic zone, 170-200m, and 515 m for V4 (top) 
and V9 (bottom). 
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 On average, diatoms were less than 0.5% of the eukaryotic community in the 

mesopelagic samples but were as high as 7.6% (V4) or 17.6% (V9), which largely exceeded 

chlorophytes and haptophytes. Dinoflagellates, however, were on average 7-10% of the 

community and as high as 71-91%. When using absolute abundances, diatoms generally declined 

among depth categories from shallow SCMLs to the 515 m samples (Fig. 4.7a). Although diatom 

transcript abundances were also lower in the mesopelagic, active transcription implies that some 

cells were living and active, perhaps having recently sunk out of the euphotic zone 

(Supplemental Fig. 4.1).  

Diatom richness in the mesopelagic was 515 V4 and 409 V9 ASVs, which is similarly 

lower as the euphotic zone samples had 882 V4 and 719 V9 ASVs. Alpha diversity expressed as 

the Shannon index was also significantly lower at these depths (Kruskal Wallis, P < 0.05) (Fig. 

4.7b). Within the diatom ASVs predicted to be dispersal limited by the neutral model, 88% of V4 

ASVs and 92% of V9 ASVs were detected in the mesopelagic samples, suggesting that these 

ASVs are sinking out of the euphotic zone before dispersing or becoming established in the 

offshore region. 

Within the diatom ASVs in the mesopelagic zone however, 42-56% were undetected in 

euphotic zone. These ASVs include five genera in the V4 data and one in the V9 data that were 

undetected in the euphotic zone, indicating that there may be remaining undetected diversity in 

the euphotic zone or that ASVs from outside the study region enter the mesopelagic zone via 

lateral advection (Supplemental Fig. 4.19). Conversely, 14 genera in the V4 data and nine in the 

V9 data detected in the euphotic zone were not found in the mesopelagic samples (Supplemental 

Fig. 4.19). These genera were only found in low abundances in the euphotic zone, and therefore, 

they may not significantly contribute to export. 
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 As in the euphotic zone, Thalassiosira, Chaetoceros, and Pseudo-nitzschia were the most 

abundance diatom genera in the mesopelagic zone, further indicating that these dominant genera 

sink out of the euphotic zone rather than disperse offshore (Fig. 4.7c and Supplemental Fig. 

4.11). However, Chaetoceros rather than Thalassiosira dominated the samples at depth. 

Thalassiosira and Pseudo-nitzschia have previously been linked to sinking particle flux in the 

region, but these results suggest that Chaetoceros may also play a large role (Preston et al. 2020; 

Sekula-Wood et al. 2009; Valencia et al. 2022). Skeletonema and Actinocyclus also maintained 

their high relative abundances from the euphotic zone to the mesopelagic zone. In contrast, some 

genera that were less abundant in the euphotic zone were instead the most abundant genera in the 

mesopelagic zone, although there were differences among the two amplicons with the V9 data 

having a relatively large proportion of unclassified ASVs. In the V4 data, Eucampia was the 19th 

most abundant genus, but continued to increase in relative abundances with depth to become the 

6th most abundant genus. Furthermore, Porosira was one of the least abundant in the euphotic 

zone, but became one of the most abundant, exceeding Pseudo-nitzschia on a relative basis and 

having the highest average absolute abundances. In the V9 data, Minidiscus was found to have 

relatively high abundances matching previous observations within sinking particles in the 

California Current and Mediterranean Sea (Durkin et al. 2022; Leblanc et al. 2018). 

 
Diatom gene expression in the California Current Ecosystem 

From the RNA samples, which span onshore to offshore on two distinct sampling lines 

(Fig. 4.1c), assembled protein coding sequences that were taxonomically annotated as diatoms 

were further annotated with both the KEGG database. Sequences were then clustered into 

orthologous groups resulting in 26,616 unique diatom gene clusters. Samples were also only 

collected near local apparent noon to minimize effects from the diel cycle. 
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Within the euphotic zone, the abundances diatom gene clusters on an absolute basis 

varied many orders of magnitude (Supplemental Fig. 4.20). Approximately 66% of these clusters 

had no associated functional annotation; however, diverse cellular processes were represented 

among those that had annotations (Supplemental Fig. 4.20). Overall, photosynthesis was the 

most highly expressed functional category with the photosystem II genes, psbA and psbD, as the 

most abundant gene clusters overall. Following, the RuBisCo genes (rbcL and rbcS), which 

catalyze the first step in the Calvin-Benson cycle for carbon fixation, were among the next most 

abundant. As diatoms largely have an obligate requirement for silicon for their cell walls 

(frustules), silicic acid transporter (SIT) transcripts were also highly abundant, along with 

transcripts for frustulin, which may help protect the frustule (Kröger and Poulsen 2008). Other 

prominent nutrient acquisition gene transcripts include those for nitrate transporters (NRT) and 

phytotransferrin (pTF or ISIP2a), which mediates inorganic ferric iron uptake (McQuaid et al. 

2018). Xanthorhodopsin which may aid diatoms in storing energy in the vacuole as well as genes 

associated with the early stages of sexual reproduction (Sig1-3) were also highly abundant 

(Armbrust 1999; Sunda and Marchetti 2024). 
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Figure 4.8: Diatom gene expression. (A) PCA of diatom expression with k-means clusters. 
Colors correspond to the depth of each sample. (B) Distance from shore (m), nitracline depth 
(m), chlorophyll a on (µg L-1) on a log scale, and integrated primary productivity (mg C m-2 d-1) 
on a log scale plotted against the first principal component. Lines represent generalized additive 
models with associated 95% confidence intervals. 
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 Overall, diatom transcription across all euphotic zone samples coalesced into four 

clusters that separated along the environmental conditions matching those associated with 

increased abundances and diversity (Fig. 4.8). This pattern in gene expression also differed from 

that of chlorophytes and haptophytes; however, dinoflagellate expression also separated along 

these same variables (Supplemental Fig. 4.11), aligning with dinoflagellates’ opposing patterns 

to diatoms as observed with diversity (Fig. 5). One cluster in diatoms in particular, shown as 

Cluster 4, comprised samples that correspond with the same upwelling-related conditions as 

abundances and diversity: nearshore, shallow nitracline depths, high chlorophyll a 

concentrations, and high rates of primary productivity (Fig. 4.8). Furthermore, 92% of the 

samples in this cluster were from the spring and summer seasons, where these seasons only 

accounted for 41% to 49% of the remaining clusters’ samples. In contrast, Clusters 2 and 3 

correspond to conditions associated with the offshore oligotrophic region and display separation 

along the second principal component, which corresponds with depth: Cluster 2 represents 

offshore shallow samples, and Cluster 3 represents offshore deeper samples (Fig. 4.8).  

 Genes that are overrepresented in cluster 4 are indicative of relative increases in 

expression within the diatom community during coastal upwelling conditions. As these 

conditions also correspond to when diatom abundances are high, many of the most abundant 

genes are found to be overrepresented in this cluster including those associated with 

photosynthesis, carbon fixation, and nutrient uptake include NRT, SIT, pTF, and the other 

inorganic iron transporter, FTR (Lampe et al. 2024b). In contrast, the sexual reproduction genes, 

Sig1-3, were more abundant in the other clusters indicating a potential shift from asexual 

reproduction to sexual reproduction as upwelling subsides.  
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Discussion 

By surveying phytoplankton groups within the CCE, we observed that the regional 

diatom community exhibits unique patterns linked to seasonal coastal upwelling. In agreement 

with their well-known increased abundances when coastal upwelling arises (Estrada and Blasco 

1985), diatom abundances increased in the spring and summer seasons, when upwelling-

favorable winds are most likely to occur, and in the nearshore environment with shallow 

nitracline depths (Fig. 4.3) (Chavez and Messié 2009). Overall, diatoms dominate when 

phytoplankton biomass is highest, further showing strong positive correlations with chlorophyll a 

concentrations and rates of primary productivity (Figs. 4.1 and 4.3). These seasonal upwelling 

conditions also corresponded to relative increases in expression for genes associated with 

growth, such as those involved in photosynthesis, carbon fixation, and nutrient uptake (Fig. 4.8). 

Considering that cyanobacteria, as an early photosynthetic ancestor to diatoms, modulate their 

physiology based on seasonal changes even though their generation times are significantly 

shorter, these seasonal patterns raise the question as to whether diatoms may also seasonally alter 

their physiology in anticipation of coastal upwelling or other seasonal changes (Jabbur et al. 

2024). 

However, these increases in abundances do not lead to an overwhelming dominance of 

certain bloom-forming diatoms. Rather, diatom diversity increases under the same conditions 

that lead to increased abundances, indicating that seasonal coastal upwelling leads to a more 

diverse diatom community. Indeed, seasonality was found to explain the greatest amount of 

variance in diatom community dissimilarity (Fig. 4.5c). 

This strong seasonal pattern and increased diversity with upwelling conditions was 

unmatched by other groups, besides dinoflagellates which exhibited contrasting diversity trends 
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(Fig. 4.5b and Supplemental Fig. 4.7) (James et al. 2022). As previously observed with taxon-

specific biomass in the region, dinoflagellate diversity is highest when their biomass is lowest, 

whereas diatom diversity is highest when their biomass is highest (Lampe et al. 2024a). 

Considering these divergent diversity trends and a significant difference in realized temperature 

niches (Supplemental Fig. 4.8), these results further reinforce the classical view of diatoms and 

dinoflagellates on opposite ends of the r- vs K-selected continuum, where diverse diatoms 

proliferate in the turbulent nutrient-rich upwelling region and dinoflagellates dominate in the 

offshore oligotrophic region as they are likely bolstered by mixotrophy (Margalef 1978; Stoecker 

et al. 2017).  

Certainly, there are diatoms that exhibit unique strategies to grow in oligotrophic 

conditions, which may support observations of similar levels of diatom diversity between the 

coastal and open ocean (Kemp and Villareal 2018; Malviya et al. 2016; Setta et al. 2023). These 

observations will need to be reconciled with the steep decline in diversity toward the oligotrophic 

region observed here, particularly by including observations from other coastal upwelling 

systems. Globally, diatom diversity is lowest in the polar regions, but exhibits a wide range in 

other latitudes (Pierella Karlusich et al. 2024). Considering these observations and the high level 

of diversity observed here that was undetected in global surveys, it is possible that coastal 

upwelling regions harbor some of the highest levels of diatom diversity in the ocean (Fig. 4.2b). 

The absence of these taxa in global surveys may, in part, be attributed to dispersal 

limitation for diatoms that are abundant in the nearshore coastal upwelling zone. Notably, many 

abundant diatom ASVs belonging to the genera Thalassiosira, Chaetoceros, and Pseudo-

nitzschia appear to be restricted to the nearshore environment (Fig. 4.6 and Supplemental Fig. 

4.17). Their absence in the offshore region contrasts with their high level of detection in the 
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mesopelagic zone, indicating that these taxa, among other dispersal limited diatoms, are 

blooming in the nearshore environment and sinking out of the euphotic zone rather than being 

advected or becoming established offshore. Along with certain other diatoms that are prevalent 

in the mesopelagic zone, these diatoms may disproportionality contribute to carbon export. 

 Although seasonality was consistently associated with differences in diatom abundances, 

diversity, and gene expression, patterns were inconsistent when considering interannual 

variability. Notably, this time series encompasses an unprecedented marine heatwave from mid-

2014 to 2016 associated with El Niño in 2015, but significant differences among years were not 

observed (Di Lorenzo and Mantua 2016; Jacox et al. 2018; Leising et al. 2015). However, these 

data remain almost exclusively within the positive or “warm” phase of the Pacific Decadal 

Oscillation (PDO) and the negative phase of the North Pacific Gyre Oscillation (NPGO) indices, 

which have been correlated with regional physical and biological fluctuations (Werb and 

Rudnick 2023, Di Lorenzo et al. 2008). Thus, longer-term observations that span greater 

variability in these indices may reveal patterns in interannual or decadal variability for diatoms in 

the California Current. 

 

Materials and Methods 

Sample collection and environmental variables 

Samples were collected from select stations on seasonal CalCOFI cruises that occurred 

from 2014 to 2020 (Fig. 4.1a). CalCOFI surveys the California Current ecosystem in a 

standardized grid pattern with most sampled stations occurring the southern California Current 

region. Winter cruises occurred during January and February, spring cruises occurred during 

April, summer cruises occurred in July and August, and autumn cruises occurred in October and 
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November. There was no spring cruise in 2020 due to the COVID-19 pandemic. There are also 

fewer samples from the northernmost lines (lines 60.0 through 73.3, Fig. 4.1a) as those were only 

visited on certain Winter and Spring cruises; northern line samples used here were collected on 

the Spring 2017 cruise (1704SH) and the Winter 2020 cruise (2001RL).  

 At each station, seawater was collected targeting four depths when bathymetry permitted: 

the near-surface (normally 10 m), the subsurface chlorophyll maximum layer (SCML), either 

170 m or 200 m, and 515 m with a CTD rosette. Chlorophyll a was collected via gentle vacuum 

filtration of seawater onto GF/F filters then measured on a Turner 10-AU fluorometer via the 

acidification method (Strickland and Parsons 1972). Dissolved oxygen was measured using the 

Carpenter modification of the Winkler method (Carpenter 1965). Macronutrient concentrations 

were measured on a QuAAtro continuous segmented flow autoanalyzer (SEAL Analytical) 

alongside reference materials (KANSO technos) (Armstrong et al. 1967; Gordon et al. 1992; 

Murphy and Riley 1962). The nitracline depth was then defined as the depth at which nitrate 

concentrations reach 1 µmol L-1. Siex, a biogeochemical proxy that suggests Fe limitation in 

diatoms due to preferential utilization of silicic acid (Hogle et al. 2018; Hutchins and Bruland 

1998; King and Barbeau 2011), was then calculated as described by Hogle et al. (2018). Briefly, 

𝑆𝑆𝑆𝑆𝑒𝑒𝑒𝑒  =  [µ𝑚𝑚𝑚𝑚𝑚𝑚 𝐻𝐻4𝑆𝑆𝑆𝑆𝑂𝑂4 𝐿𝐿−1] – ([µ𝑚𝑚𝑚𝑚𝑚𝑚 𝑁𝑁𝑂𝑂3 𝐿𝐿−1] ∗ 𝑅𝑅𝑆𝑆𝑆𝑆:𝑁𝑁𝑁𝑁3)  where  𝑅𝑅𝑆𝑆𝑆𝑆:𝑁𝑁𝑁𝑁3 is the preformed 

ratio of silicic acid and nitrate from upwelled source waters. Based on averaged values from the 

upwelling source water densities in the region (σθ = 25.8 kg m-3), 𝑅𝑅𝑆𝑆𝑆𝑆:𝑁𝑁𝑁𝑁3= 0.99 (Hogle et al. 

2018). 

 Primary productivity was estimated via 14C uptake at select stations. Briefly, seawater 

was collected from six depths representing 56%, 30%, 10%, 3%, 1%, and 0.3% surface light 

levels shortly before local apparent noon and dispensed into triplicate 250 mL polycarbonate 
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bottles (two light bottles and one dark control). Bottles were then inoculated with NaH14CO3 and 

incubated until civil twilight in tubes with flow-through seawater and neutral-density screens to 

simulate in situ light levels. Following incubation, samples were filtered onto 0.45 µm HA filters 

(Millipore), acidified with HCl, immersed in scintillation fluor, and measured with a scintillation 

counter once back onshore. Half light-day productivity at each depth was averaged between the 

two light bottles and corrected with the dark uptake bottle then multiplied by 1.8 to obtain 24 

hour productivity (Eppley 1992). 

 

Nucleic acid sample collection and extraction 

For DNA samples, 0.20 to 8.85 L (mean = 4.16 L) of seawater was filtered from onto 

0.22 µm Sterivex™ filters. RNA samples were collected simultaneously following the same 

approach but with generally higher volumes (2.00-8.67 L, mean = 4.44 L). RNA samples were 

also only collected near local noon to avoid bias from the diel cycle. Following filtration, 

samples were immediately flash frozen in liquid nitrogen, then stored at -80°C post-cruise. DNA 

was extracted with the Macherey-Nagel NucleoMag Plant kit on an Eppendorf epMotion 

5075TMX and assessed on a 1.8% agarose gel. At the start of DNA extraction (addition of lysis 

buffer), 1.74 to 3.78 ng of Schizosaccharomyces pombe genomic DNA was added to each 

sample as an internal standard for all years except euphotic zone samples from 2017 (Lin et al. 

2018). RNA was extracted with the Machery-Nagel NucleoMag RNA kit on the Eppendorf 

epMotion. As an internal standard, 2-5 billion copies of Invitrogen™ ArrayControl™ RNA 

Spikes #1 and #8 were added to the lysis buffer of each sample at a 2.66:1 ratio.  
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Amplicon library preparation and sequencing 

Amplicon libraries separately targeting the V4 and V9 regions of the 18S rRNA gene and 

the V4-V5 region of the 16S rRNA gene and were constructed via a one-step PCR with the TruFi 

DNA Polymerase PCR kit to simultaneously amplify the region of interest and barcode each 

sample. For 18S-V4, the V4F (5′-CCA GCA SCY GCG GTA ATT CC-3′) and V4RB (5′-CCA 

GCA SCY GCG GTA ATT CC-3′) primer set was used (Berdjeb et al. 2018). For 18S-V9, the 

1389F (5′-TTG TAC ACA CCG CCC-3′) and 1510R (5′-CCT TCY GCA GGT TCA CCT AC-

5′) primer set was used (Amaral-Zettler et al. 2009). For 16S, the 515F-Y (5′-GTG YCA GCM 

GCC GCG GTA A-3′) and 926R (5′-CCG YCA ATT YMT TTR AGT TT-3′) primer set was 

used (Parada et al. 2016). 

Each reaction was performed with an initial denaturing step at 95°C for 1 minute 

followed by 30 cycles of 95°C for 15 seconds, 56°C for 15 seconds, and 72°C for 30 seconds. 

2.5 µL of each PCR reaction was run on a 1.8% agarose gel to confirm amplification, then PCR 

products were purified with Beckman Coulter AMPure XP beads following the manufacturer’s 

instructions. PCR quantification was performed in duplicate using the Invitrogen Quant-iT 

PicoGreen dsDNA Assay kit. Samples were then combined in equal proportions into multiple 

pools followed by another 0.8x AMPure XP bead purification on the final pool. DNA quality of 

each pool was evaluated on an Agilent 2200 TapeStation, and quantification was performed with 

the Qubit HS dsDNA kit. Each 16S or 18S pool was sequenced on an Illumina MiSeq (2 x 300 

bp for 16S and V4 or 2 x 150 bp for V9) except for the one pool for the 2014-2016 euphotic zone 

V9 samples, which was run on an Illumina NextSeq 500 (Mid Output, 2 x 150 bp). 
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Analysis of amplicon sequences 

Amplicons were first analyzed with QIIME2 v2019.10 (Bolyen et al. 2019). Briefly, 

paired-end reads were trimmed to remove adapter and primer sequences with cutadapt (Martin 

2011). Trimmed reads were then denoised with DADA2 to produce amplicon sequence variants 

(ASVs; maxEE = 2, chimera-method = “pooled”). Each MiSeq run was denoised with DADA2 

separately to account for different error profiles in each run then merged. Taxonomic annotation 

of ASVs was performed with the q2-feature-classifier naïve bayes classifier and the PR2 database 

(v4.13.0) (Bokulich et al. 2018; Guillou et al. 2012; Pedregosa et al. 2011). When examining 

dinoflagellates (Dinoflagellata), ASVs assigned to the Syndiniales class were excluded. 

 To compare the presence or absence of ASVs across different datasets using the same 

18S-V9 primers, raw sequences were downloaded for the European Nucleotide Archive for Tara 

Oceans (PRJEB6610) (de Vargas et al. 2015), Tara Polar Circle (PRJEB9737) (Ibarbalz et al. 

2019), the Malaspina Expedition (PRJEB36469) (Obiol et al. 2020), and Plankton Planet 

(PRJEB53961) (de Vargas et al. 2022). Raw sequences were analyzed in the QIIME2 

environment as described above, except for one difference with the Tara data. As DADA2 

generates an error profile based on each run, and run info for Tara samples is not available, 

ASVs were generated for each sample individually then combined. On average, Tara samples 

have more than the 100 million total bases required to learn error rates via DADA2 ensuring the 

accuracy of this approach (Callahan 2022). A Preston log-normal distribution was then generated 

from the combined datasets with the asbio package for R (Aho and Aho 2020). 

To address the compositional (relative) nature of these data, two approaches were used. 

First, the centered log-ratio (CLR) transformation was applied, where read counts of each ASV 

are divided the geometric mean followed by a log transformation. This approach is a 
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compositional data analysis method that maintains the relationships between ASVs but results in 

data that are symmetric and linearly related allowing for statistical comparisons and correlations 

to be applied (Gloor et al. 2017; Weiss et al. 2017). Spearman correlations were calculated using 

ALDEx2 which converts ASV counts to probabilities via 1000 Monte Carlo instances sampled 

from the Dirichlet distribution that are then CLR-transformed (Fernandes et al. 2014).  

Second, for all years except 2017, an internal standard of S. pombe genomic DNA added 

during cell lysis (DNA sample collection and extraction) to estimate ASV copies L-1 as described 

by Lin et al. (2018). For each ASV within each sample, the number of reads was divided by the 

ratio of S. pombe reads to the number of rRNA copies added (approximately 1.29 x 107 to 2.79 x 

107 because of differences in the amount of genomic DNA added). The total number of copies 

was then normalized to the volume filtered for each sample to estimate copies L-1. 

Rarefaction curves were generated with vegan package in R (Oksanen et al. 2007). To 

compare genus level abundances across the entire dataset, samples were rarefied to 24,000 reads 

with the QIIME2 rarefy plugin. The Shannon diversity index was calculated with the QIIME2 

diversity plugin on samples with a minimum of 500 diatom reads. For beta diversity analysis, 

robust Aitchison distances as described by Martino et al. (2019) were calculated using the 

DEICODE plugin for QIIME2 on ASVs found in at least 10 samples and samples with a 

minimum of 500 diatom reads. PERMANOVA (adonis) and Mantel testing was then also 

performed with the vegan package in R (Oksanen et al. 2007).  

Realized temperature niches (Tobs) were estimated for ASVs detected in 10 or more 

euphotic zone samples with the robust optimum method (Cristóbal et al. 2014). Specifically, the 

proportion of copies per L for each ASV were used to fill a weighted vector of a fixed size (n = 

10,000) with corresponding temperature values (Chaffron et al. 2021). Tobs was then defined as 
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the median value of this vector. Abundance-occupancy curves and neutral model fitting was 

performed using the sncm.fit function from Burns et al. (2016). Co-occurrence networks using 

the euphotic zone samples including the 16S data were generated with FlashWeave v0.19.0 in 

sensitive mode with default options (FlashWeave-S) (Tackmann et al. 2019). Prior to network 

construction, ASVs whose abundances that were not in the upper quartile in at least five samples 

were removed (Chaffron et al. 2021). Metadata was also included during network construction to 

reduce spurious associations due to abiotic factors. All other statistical tests and models such as 

correlations, generalized additive models (GAMs), Student’s T-tests, Kruskal-Wallis tests, 

ANOVAs, and Fisher’s exact tests were performed in R. GAMs also performed with R and the 

mgcv package (Wood 2011). When performing multiple tests, P-values were adjusted with the 

Benjamini and Hochberg procedure (Benjamini and Hochberg 1995). 

 

Metatranscriptome sequencing, assembly, and analysis 

Poly(A) selected cDNA from total RNA was generated with the SMART-Seq® v4 

Ultra® Low Input RNA Kit for Sequencing (Takara Bio USA, Inc.) which was then sheared with 

a Covaris® ultrasonicator. The final sequencing library was then constructed with the NEB 

NEBNext® Ultra™ II DNA Library Kit and sequenced on three lanes of a Novaseq 6000 with 

S4 flow cell (2 x 150 bp).  

 The resulting raw reads were then trimmed for quality and adaptor removal. Ribosomal 

RNA (rRNA) sequences were removed with Ribopicker v0.4.3 (Schmieder et al. 2011). 

Trimmed and filtered reads were then used for assembly into contigs and abundances were 

quantified by mapping these reads to the assembly. Both assembly and read mapping were 

performed with CLC Bio Genomics Server v21.0.3. Gene prediction was performed with 
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FragGeneScan v1.16 and rRNA removal was performed again (Rho et al. 2010). Predicted 

proteins were further filtered to remove those less than 10 amino acids long or with greater than 

or equal to 20% stop codons. Gene clusters were generated from the predicted proteins with 

MCL with the inflation option (-I) set to 4 and scheme option (-scheme) set to 6 (Enright et al. 

2002). 

 With the final assembly, taxonomic annotation of each protein coding gene was assigned 

with the Lineage Probability Index and PhyloDB v1.076 which includes diatom transcriptomes 

from the Marine Microbial Eukaryote Transcriptome Sequencing Project (MMETSP) as well as 

some available genomes (Bertrand et al. 2015; Keeling et al. 2014; Podell and Gaasterland 

2007). For functional annotation, DIAMOND BLASTP searches were performed against the 

Kyoto Encyclopedia of Genes and Genomes (KEGG; Release 94.1) (Bertrand et al. 2015; 

Kanehisa et al. 2017). KEGG Ortholog (KO) assignment was performed with KofamKOALA 

which utilizes hmmsearch against KOfam, an HMM database of KOs (Aramaki et al. 2019).  

 To normalize read counts, reads were first converted to transcripts per million (TPM) (Li 

et al. 2009). TPM were then used to evaluate the relative contribution of diatoms to the 

eukaryotic mRNA. To examine the relative expression of diatom gene clusters, diatom ORFs 

were selected and their TPMs were summed by gene cluster. Gene cluster expression was then 

expressed as the percentage of TPM relative to the total diatom TPM of each sample (Carradec et 

al. 2018). Absolute quantities on a transcripts L-1 basis, i.e. quantitative metatranscriptomics, 

were also calculated based on the average recovery of the aforementioned Invitrogen™ 

ArrayControl™ RNA Spikes and the volume of sample filtered as described in Cohen et al 

(Cohen et al. 2022). 
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HPLC pigment analysis 

Phytoplankton pigment concentrations were determined via high-performance liquid 

chromatography (HPLC). Samples were collecting with 0.5, 1.04, or 2.2 L opaque brown bottles 

depending on the fluorescence measured by the CTD and filtered onto 25 mm GF/F filters under 

low vacuum pressure (≤ 40 mm Hg). Once finished, the filters were carefully folded in half, 

blotted on a paper towel to remove excess water, and stored in 2 mL cryovials in liquid nitrogen 

until analysis. Samples were then analyzed at the Horn Point Analytical Services Laboratory at 

the University of Maryland. Taxon-specific contributions to total chlorophyll a concentrations 

were determined with phytoclass v1.0.0 (Hayward et al. 2023).  

 

Phytoplankton cell counts 

From 2014 to 2020, 30 mL samples were collected at 34 CalCOFI stations with some 

exceptions described below (Fig. S6A). Each sample was from the second depth of the CTD-

rosette (normally 10-20 m) to collect from the mixed layer when a mixed layer existed. Samples 

were preserved with 1% buffered formalin and returned to the lab onshore where they were 

pooled into the four regional samples defined by Hayward and Venrick (1998) (Fig. S7). 

Samples were not collected on the Winter 2014 cruise, in the Southeast Region during Winter 

2018, in all regions except the Northeast during Winter 2019, and there was no cruise during 

spring 2020 due to the COVID-19 pandemic. 

Pooled samples were counted with an inverted phase-contrast microscope. The volume of 

counted material depended upon the concentration of cells, which was roughly estimated by the 

chlorophyll concentration and varied between 0.5 mL and 100 mL. The entire sample was 

counted at 100X magnification for larger species and then one or more subareas were counted at 
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250X magnification for smaller cells. Subareas usually represented 16.7% of the total area. 

When a small cell was noted on a low-power count, but was not seen under higher power, it was 

excluded. When possible, cells of uncertain identity were transferred to a compound scope for 

identification under higher magnification. 

 

Data deposition 

The sequence data reported in this study have been deposited in the National Center for 

Biotechnology (NCBI) sequence read archive under the BioProject accession numbers 

PRJNA555783, PRJNA665326, and PRJNA804265. 
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Supplemental Figure 4.1: The abundance of diatom transcripts as (A) absolute abundances 
(transcripts L-1) and (B) relative abundances (percent of TPM) for each depth category. The 
number of samples is denoted as n.  
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Supplemental Figure 4.2: Spearman correlations between different measures of diatom 
abundances. (A, B) Relative and absolute abundances for V4 versus V9. The dashed lines 
indicate a one-to-one relationship. (C) Relative transcript abundances versus relative 18S 
abundances for V4 (red) and (V9) blue. (D) Absolute transcript abundances versus absolute 18S 
abundances for V4 (red) and (V9) blue. In panels C and D, lines show linear models with 95% 
confidence intervals.  
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Supplemental Figure 4.3: 18S-V4 CLR-transformed relative abundances versus 18S-V9 CLR-
transformed relative abundances for summed diatom ASVs in each NCOG sample. The dashed 
line indicates a one-to-one relationship. Relative abundances are significantly correlated 
(Spearman’s ρ = 0.87, P < 0.0001). 
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Supplemental Figure 4.4: Diatom cell counts from near-surface waters and pooled by regions on 
CalCOFI cruises from 2014 to 2020. (A) Stations coded by region for pooling the cell count 
samples. (B) Total diatom cells per 100 mL for each region and year. Regions and years that are 
highlighted in red do not have complete sample sets (see Materials and Methods). 
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Supplemental Figure 4.5: Summed CLR-transformed diatom abundances versus environmental 
variables in both V4 (red) and V9 (blue) data with Spearman rank correlation coefficients shown 
above each panel. Correlations were computed with ALDEx2 using 1000 Monte Carlo instances 
and are all significant (adjusted P < 0.05). 
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Supplemental Figure 4.6: Summed diatom absolute abundances (copies L-1) versus 
environmental variables in both V4 (red) and V9 (blue) data with Spearman rank correlation 
coefficients. All correlations were significant (adjusted P < 0.05). 
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Supplemental Figure 4.7: (A) CLR-transformed relative abundances and (B) absolute 
abundances (copies L-1) separated by season for Chlorophyta, Dinoflagellata, and Haptophyta 
with the V4 (red) and V9 (blue) data. Letters denote medians that are significantly different 
(adjusted P-value < 0.05, Kruskal-Wallis test). Black letters indicate that the significant 
differences are the same for V4 and V9 data. Otherwise, they are shown in red for V4 and blue 
for V9. 
  



275 

 

Supplemental Figure 4.8: Realized temperature niches (Tobs) for ASVs detected in 10 or more 
euphotic zone samples within dominant eukaryotic phytoplankton groups for the V4 (red) and 
V9 (blue) data. Letters denote medians that are significantly different (adjusted P-value < 0.05, 
Kruskal-Wallis test). The distribution of the underlying temperature measurements is also shown 
in the left panel. 
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Supplemental Figure 4.9: Genus-level diatom abundances and richness (log scale) based on 
transcripts per L from the metatranscriptome (left) and microscopic cell counts (right, cells per 
100 mL). Genera are color-coded by class as shown in the legend.  
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Supplemental Figure 4.10: The percentage of rarefied reads found in near-surface versus 
subsurface chlorophyll maxima layers (SCML) for each diatom genus and both the 18S-V4 (left) 
and 18S-V9 (right) data. Genera are color-coded by class levels as shown in the legend. ASVs 
without genus-level annotation are aggregated by the lowest taxonomic-level available.  
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Supplemental Figure 4.11: Relationship between genus abundance and richness as shown in Fig. 
4 for the V4 (top) and V9 (bottom) data. Points are colored by class as shown in the legend. The 
black line and gray shading represent the linear relationship and 95% confidence interval where 
total reads are greater than 10. Pearson correlation coefficients and P-values are shown in each 
panel. 
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Supplemental Figure 4.12: Alpha diversity metrics between the diatom-only V4 and V9 data 
after rarefaction. The means within each metric are significantly different (P < 0.001, Student’s t-
test). (A) Pearson correlation between exponentiated Shannon index values. (B) Exponentiated 
Shannon index values shown as boxplots for each dataset. (C) Sample richness (number of 
diatom ASVs). (D) Pielou’s evenness index. 
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Supplemental Figure 4.13: Relationships between alpha diversity expressed as the exponentiated 
Shannon index and continuous variables for both the V4 (red) and V9 (blue) datasets. 
Generalized additive models (GAM) were used to generate trendlines with 95% confidence 
intervals. Spearman correlation coefficients (ρ) and the percent deviance explained by the GAM 
are shown above each plot. NS = not significant (P > 0.05). 
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Supplemental Figure 4.14: Diatom diversity expressed as the (A) Shannon Index or (B) richness 
(number of ASVs) against taxon-specific biomass (µg chlorophyll a L-1). Lines represent GAMs 
with 95% confidence intervals, and the deviance explained by each GAM is shown above each 
panel. Data are reproduced from Lampe et al. (2024). 
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Supplemental Figure 4.15: Mantel test results between distance between stations and diatom 
community dissimilarity within each cruise. Cruises are labeled by ID (YYYYMM format) with 
the number of station ins parentheses on the x-axis. Significant correlations are shown in black 
(FDR < 0.05), otherwise correlations are shown in grey.   
 

 

  



283 

 

Supplemental Figure 4.16: Abundance-occupancy distributions for all (A) V4 and (B) V9 ASVs 
from the rarefied data. The solid line represents the fit of the neutral model, and the dashed line 
represented the 95% confidence interval around the model prediction.  
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Supplemental Figure 4.17: The average read abundance on a log scale per station for (A) all 
diatom ASVs and (B) Chaetoceros ASVs that are predicted to be dispersal limited by the neutral 
model. 
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Supplemental Figure 4.18: Connections between (A, B) diatom V4 ASVs or (C, D) diatom V9 
ASVs and other taxa as inferred from the co-occurrence network. Only diatom ASVs that are (A, 
C) above or (B, D) below the 95% confidence intervals of the neutral model are included. 
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Supplemental Figure 4.19: Genus-level diatom abundances within mesopelagic zone samples 
from (A) rarefied relative abundances and (B) absolute 18S abundances (copies L-1). V4 data are 
shown in red and on the left, and V9 data are shown in blue on the right of each panel. ASVs 
without genus-level annotation are shown at the lowest taxonomic level possible. 
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Supplemental Figure 4.20: The absolute abundances of diatom gene clusters. (A) Gene clusters 
ordered by abundance. (B) Boxplots of diatom gene expression by KEGG module classes where 
applicable.  
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Supplemental Figure 4.21: Gene expression in other dominant phytoplankton groups. PCAs for 
each group with k-means clusters are shown above followed by distance from shore (m), 
nitracline depth (m), chlorophyll a on (µg L-1) on a log scale, and integrated primary productivity 
(mg C m-2 d-1) on a log scale plotted against the first principal component. Colors in the PCA 
represent depth (m), and lines represent generalized additive models with associated 95% 
confidence intervals. 
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