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Abstract

Blooms of marine phytoplankton fix complex pools of dissolved organic matter (DOM)
that are thought to be partitioned among hundreds of heterotrophic microbes at the base
of the food web. While the relationship between microbial consumers and phytoplankton
DOM is a key component of marine carbon cycling, microbial loop metabolism is largely
understood from model organisms and substrates. Here we took an untargeted approach
to measure and analyze partitioning of four distinct phytoplankton-derived DOM pools
amongst heterotrophic populations in a natural microbial community using a combination
of ecogenomics, stable isotope probing (SIP), and proteomics. '*C-labeled exudate or
lysate from a diatom or a picocyanobacterium were each preferentially assimilated by

different heterotrophic taxa with specialized metabolic and physiological adaptations.
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Bacteroidetes populations, with their unique high-molecular-weight transporters, were
superior competitors for DOM derived from diatom cell lysis, rapidly increasing growth
rates and ribosomal protein expression to produce new relatively high C:N biomass.
Proteobacteria responses varied, with relatively low levels of assimilation by
Gammaproteobacteria populations, while copiotrophic Alphaproteobacteria such as the
Roseobacter clade, with their diverse array of ABC- and TRAP-type transporters to
scavenge monomers and nitrogen-rich metabolites, accounted for nearly all cyanobacteria
exudate assimilation and produced new relatively low C:N biomass. Carbon assimilation
rates calculated from SIP data show that exudate and lysate from two common marine
phytoplankton are being used by taxonomically distinct sets of heterotrophic populations
with unique metabolic adaptations, providing a deeper mechanistic understanding of

consumer succession and carbon use during marine bloom events.

Significance Statement

Marine dissolved organic matter, which originates from phytoplankton, holds as much
carbon as Earth’s atmosphere; yet, the biological processes governing its fate are
primarily studied under idealized laboratory conditions or through indirect measures such
as genome sequencing. In this work, we used isotope labeling to directly quantify uptake
of complex carbon pools from the two primary sources of marine organic carbon
(diatoms and cyanobacteria) by a natural microbial community. Our data show that
carbon pools are partitioned into distinct microbial lineages with growth rates and cell
carbon and nutrient contents that match their preferred substrates. Our results provide
ecological and functional insights into the patterns of microbial community structure

changes that occur during marine phytoplankton blooms.
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Main Text

Introduction

Cyanobacteria and diatoms perform 65-85% of dissolved organic matter (DOM)
production in marine upwelling zones (1, 2), much of which is synthesized during short-
term bloom events when carbon fixation exceeds respiration (3). The distinct
ecophysiological features of these two phytoplankton lineages provide ecosystem
services that are essential for the coastal ocean food web, such as seasonally-offset bloom
cycles (1, 4) and the production of DOM with unique compositions and stoichiometries
that fuels successive trophic transfers of fixed carbon through initial assimilation by

microbial osmotrophs (5-7).

Most of the DOM produced during diatom and cyanobacteria blooms is first
channeled through the microbial loop (8), which assimilates or respires the complex pool
of dissolved carbon and nutrients that is otherwise inaccessible to higher trophic levels
(9). This metabolically coupled system of fixation and remineralization is a major
determinant of marine food web stability and global DOM cycles (10). However, efforts
to characterize how different microbial populations contribute to DOM turnover are
typically limited by the use of model organisms or model substrates to interpret emergent

properties of the whole community (11-17).

In this study, we amended complex pools of diatom (Thalassiosira pseudonana) and
cyanobacterium (Synechococcus sp. strain WH8102) DOM uniformly labeled with the
Bcarbon (13C) stable isotope for proteomic stable isotope probing analysis (proteomic
SIP) (17-19). Labeled cell lysate or exudate materials from each phytoplankton (four
treatments) were separately amended to microcosms of coastal seawater and the '*C
isotopes of each DOM substrate pool were tracked into the newly synthesized
proteinaceous biomass of the heterotopic community with mass spectrometry. Our
experiments use exudates to represent relatively low-molecular-weight DOM produced

during the growth phase of a non-limited phytoplankton bloom, while lysates represent
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relatively high-molecular-weight material produced by cell lysis during bloom
senescence or from ongoing top-down processes, such as sloppy feeding and viral lysis
(20-22). By combining proteomic SIP with metagenome-assembled genome binning, we
were able to measure how whole communities and individual populations assimilated

DOM resources available during diatom and cyanobacteria blooms.

Patterns of assimilation of the four DOM substrates (diatom lysate [DLy], diatom
exudate [DEx], cyanobacteria lysate [CLy], or cyanobacteria exudate [CEx]) into
different heterotrophic population proteomes were used to 1) determine how communities
partitioned phytoplankton DOM, 2) demonstrate how substrate specialization is linked to
protein expression and ecophysiological adaptations, and 3) discuss how the activity of
major microbial loop members impacts rates of freshly-fixed carbon incorporation and
net carbon and nutrient cycling. Our results suggest that the composition of the active
heterotrophic community and their rates of processing phytoplankton DOM is controlled
to a large extent by molecular properties of the DOM itself (e.g., here, cell lysates or
exudates from different algal species); thus, changes in DOM source will have
implications for elemental cycles in the ocean and nutrient flow through food webs (23—
25). By detailing the metabolic relationships between individual heterotrophic
populations and phytoplankton-derived DOM constituents with methods such as
proteomic SIP, we can provide empirical measurements for community-level modeling of

the fate of carbon and nutrients derived from marine primary productivity.

Results

This work presents several lines of evidence from experimentally-derived data to
support one of the current models of the marine microbial loop, wherein distinct lineages
of heterotrophic marine microbes are adapted to metabolize specific pools of
phytoplankton-fixed DOM through resource partitioning. To investigate this hypothesis,
we used a stable isotope tracing experiment in which '*C-labeled complex DOM pools
were amended to mesocosms of coastal seawater containing natural microbial
communities. Shotgun metagenomics and metaproteomic SIP data detailing the

heterotrophic community before and after DOM inputs was used to determine
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community- and population-level changes in structure, biomass '3C-labelling, proteome
functions with increased or decreased expression, the populations (and their proteins)
enriched in '3C, and to ultimately calculate the contribution of specific populations to the

uptake and potential turnover of common marine DOM pools.

Substrate-dependent labeling of the community metaproteome

We observed significant 3C-labeling of the coastal microbial community after only
15 hours of 20 °C incubation with all four labeled substrates (Table S1); however, the
two phytoplankton species (diatom or cyanobacteria) and two cell fractions (lysate or
exudate) did not elicit the same frequency or magnitude of '*C assimilation into
heterotroph biomass. Metaproteome label frequency (the percentage of a given set of
proteins that is labeled with '3C above background) and average enrichment (the
proportion of total C that is 13C in proteins enriched above background) were highest in
the diatom lysate treatment (mean 23.2% and 86.2%) and lowest in the cyanobacteria
exudate treatment (mean 11.9% and 53.1%) (Table S1). Overall, label frequency and
average enrichment were higher in diatom substrates compared to cyanobacteria, and

higher in lysate fraction compared to exudate from each phytoplankton species.

Taxonomic composition of labeled and unlabeled metaproteomes

The coastal microbial community metaproteome predominantly consisted of
common marine prokaryotic taxa, including Actinobacteria, Archaea, Alpha-, Gamma-,
and Betaproteobacteria, and Bacteroidetes (Fig. S1). Taxonomic annotation of protein or
peptide amino acid sequences can be challenging to confidently resolve to low taxonomic
levels even with paired metagenome and 16S rRNA gene amplicon libraries; however,
the majority of sequence annotations (>55%) could be confidently made to the genus
level and >90% to the class level for well-represented marine lineages, and taxonomic
structure gleaned from two DNA-based analyses showed similar patterns of microbial
representation (Fig. S2). The taxonomic composition of the unlabeled fraction of
community metaproteomes was not significantly different between the four substrate
treatments based on phytoplankton species, cell fraction, or the interaction of both (Fig.

1A), nor was the taxonomic composition of metagenomes or 16S rRNA gene sequences



163
164
165
166
167
168
169

170
171
172
173
174
175
176
177
178
179
180
181
182
183
184
185
186
187
188
189
190

191

(data not shown). Each substrate treatment did, however, elicit a significant shift from the
no-substrate incubation (T;s) and no-incubation (Ty) controls (Fig. S3). In comparison,
the taxonomic composition of the labeled fraction of community metaproteomes was
significantly different between substrate treatments and was most strongly differentiated
by phytoplankton species, followed by cell fraction, but not on the interaction effect
(PERMANOVA: phytoplankton species R’ = .33, F; 3= 8.4, p <.001, cell fraction R’ =
.26, F; §=6.6, p <.001; Fig. 1B).

Overall, 92.5% of labeled proteins with confident taxonomic annotation were
assigned to Bacteroidetes, Alpha-, and Gammaproteobacteria populations. The taxonomic
composition of labeled metaproteomes across treatments showed notable differences in
representation of these three lineages (Fig. 2A). Proteins from populations of
Alphaproteobacteria made up >75% of labeled proteins recovered from the cyanobacteria
exudate treatment but <35% from diatom lysate, while Bacteroidetes proteins made up
>50% of labeled proteins in the diatom lysate treatment and <10% from cyanobacteria
exudate (Fig. 2A). Gammaproteobacteria populations made up a smaller proportion of
the total labeled proteins across treatments (5-10%), but were proportionally higher in the
exudate compared to lysate treatments from both phytoplankton. Within each lineage,
active family-level populations generally followed a similar trend in relative labeled
metaproteome abundance across treatments (Fig. S4). For example, the abundant
Alphaproteobacteria populations Rhodobacteraceae, Rhodospirillaceae, and
Pelagibacteraceae all comprised a higher proportion of labeled proteins from exudate
treatments, particularly from the cyanobacterium, while both the abundant Bacteroidetes
populations Flavobacteriaceae and Cryomorphaceae were more represented in lysate
treatments, particularly from the diatom (Fig. S4A). These patterns in over- or under-
representative protein abundance in a given treatment were not apparent when comparing
bulk proteins from each treatment to bulk proteins from the control (Fig. S4B), again
highlighting the sensitivity of proteomic SIP to measure responses to substrate

availability at the initial stages of resource partitioning.

In addition to differences in taxonomic representation of labeled proteomes across

7
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treatments (Fig. 2A), labeled proteins expressed by the three dominant lineages also
showed distinct patterns of 13C-enrichment (Fig. 2B). Although labeled
Alphaproteobacteria proteomes were not the most highly enriched on average among
major lineages, their levels were consistent across all treatments, with 61.2-74.3% 3C
enrichment in labeled proteins regardless of phytoplankton species or cell fraction (Fig.
2). Enrichment levels of labeled Gammaproteobacteria proteomes varied more based on
treatment than Alphaproteobacteria and were much more labeled in diatom DOM
treatments than cyanobacteria DOM (Table S2), with particularly low enrichment in the
cyanobacteria exudate treatment (24.5%). Bacteroidetes showed a similar pattern to
Gammaproteobacteria but with a more extreme shift from very high average enrichment
in the diatom lysate treatment (>95%) to the lowest of all three lineages in cyanobacteria
exudate (21.6%). Label frequency of lineage proteomes followed a similar pattern to
average enrichment, for example with Alphaproteobacteria proteomes relatively
consistent in label frequency across treatments (18.8-22.3%) while Bacteroidetes
proteomes ranged from 48.2% in diatom lysate to just 5.2% in cyanobacteria exudate

(Table S2).

To determine if these lineage-level enrichment patterns were consistent at more
detailed taxonomic ranks, we performed nonparametric significance tests on '3C-
enrichment values of all genus-level proteomes in our samples. Overall, >40 populations
within Alphaproteobacteria, Gammaproteobacteria, and Bacteroidetes were significantly
enriched compared to the null expectation, and grouping these taxa by their enrichment
values across treatments supported a general pattern of phylogenetic conservation in
DOM assimilation (Fig. S5). Given that derived traits such as metabolic strategy are
more likely to be conserved among closely-related populations, we hypothesized that
mechanisms underlying conserved patterns of assimilation among populations within the
three dominant lineages, but divergent between them, would be evident in the functional

compositions of their proteomes.

Functional composition of proteomes across substrate treatments and taxa

To explore this hypothesis and to identify any potential functional drivers of niche
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differentiation, we examined how the abundance of 10 dominant protein functional
groups (representing 72.1% of total annotated protein abundance) were distributed both
within and between the proteomes of the three major bacterial lineages. Within a taxon,
differences in the functional composition of the post-incubation T;s control and labeled
substrate treatment proteomes indicated a shared response across most populations of a
shift from a physiological state of low activity where transport proteins dominated the
proteome to one of growth and proliferation where ribosomal proteins and
transcription/translation proteins dominate new function synthesis (Fig. 3; Table S3). For
example, the functional composition of the labeled Alphaproteobacteria proteomes in
DOM treatments was considerably different than in the post-incubation control, with
significantly lower average proportion of ABC-type (-15.6%), TRAP-type (-5.5%), and
polyamine-specific (-3.0%) transporters and higher average proportions of ribosomal
protein (+15.9%), transcription/translation factor (+5.7%), and (to a lesser extent)
polymerases (+0.5%). Similarly, in the Bacteroidetes proteomes, TonB-dependent
transporter proteins made up a lower average proportion (-8.1%) of labeled proteomes
after DOM treatments than in the 15-hour no substrate control proteomes (T;s), while
ribosomal proteins (+17.9%), transcription/translation factors (+11.2%), and polymerases

(+2.5%) increased in proteome relative abundance after DOM treatments (Fig. 3).

In addition to the general functional shift toward growth after substrate addition
within each lineage proteome, there were notable changes to the taxonomic
representation of top metabolic functions in the community metaproteome. For example,
the taxonomic distribution of proteins assigned to “growth and information processing”
functions (ribosomal proteins, ATPases, transcription/translation factors, nucleotide
polymerases, nucleoside kinases) did not differ significantly between the initial (T,) and
post-incubation (T;5) control communities, and were distributed similarly to what might
be expected from the community taxonomic composition (Fig. S6A, functions near the
ternary centers). Some functions, however, were clearly lineage-specific (Fig. S6A,
functions near the ternary corners) as suggested by previous work (26—28). For example,
the distribution of proteins annotated as TonB-dependent transporters and sus-like

biopolymer transporters were skewed toward Bacteroidetes and Gammaproteobacteria,
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which collectively represented 94.3% of proteins with these functions expressed by the
three major lineages. Conversely, the abundance of proteins annotated to ABC- and
TRAP-type transporters and polyamine-specialized transporters was highly skewed
(91.2%) toward Alphaproteobacteria populations. These stark differences in resource
transport strategies between major lineages not only reflect expressed proteomes, but also
adaptations in genomes themselves. For example, nearly all TonB-dependent subunit
genes from the metagenomes were annotated to Bacteroidetes populations while ABC
transport subunit genes were predominately annotated to Alphaproteobacteria (data not
shown), suggesting that past evolutionary selection, and not regulatory mechanisms,
strongly dictates the use of different resource acquisition systems by each respective

lineage.

In substrate treatments, labeled proteins from specialized functions (e.g., membrane
transport systems) remained asymmetrical in taxonomic representation (Fig. S6B),
indicating that lineage-specific expression of these derived functions was maintained.
However, labeled proteins annotated to the “growth and information processing”
functional category shifted from relatively evenly-distributed in the controls toward
skewed, lineage-specific patterns in the substrate treatments (Fig. S6B). In accordance
with the 13C-enrichment data, substrate treatments with the most extreme shifts in
taxonomic composition of functional groups were the cyanobacteria exudate and the
diatom lysate. In the former, all labeled functional groups except TonB-dependent and
sus-like biopolymer transporters were strongly skewed towards Alphaproteobacteria
representation. In the latter, Bacteroidetes populations synthesized most of the protein
abundance for all functions (Fig. S6B). While the percent of labeled proteins annotated to
Gammaproteobacteria populations never reached levels observed for Alphaproteobacteria
and Bacteroidetes, a significant increase in Gammaproteobacteria representation of the 10
functional categories was observed in both exudate treatments. For example, labeled
Gammaproteobacteria proteins classified as ABC transporters, TonB-dependent
transporters, ribosomal proteins, DNA/RNA polymerases, and transcription/translation
factors all increased to 10-20% of total proteins identified in exudate treatments versus

just 0-10% for lysate treatments.
10
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Relationships between resource preferences and ecophysiology

To determine whether protein 13C enrichment (i.e., de novo protein synthesis) and
shifts to a proteome dominated by growth-related functions resulted in genome
replication (especially after amendment of a preferred DOM fraction), we estimated
growth rates for individual microbial populations by read-mapping to high-quality
metagenome assembled genome bins (MAGs) (29). In support of the link between
protein synthesis and cellular growth, average estimated growth rates for populations in
the three dominant lineages were strongly correlated with their respective enrichment
patterns across the four treatments (Pearson » = 0.76; Fig. 4A and B). Accordingly,
Bacteroidetes populations exhibited the highest estimated growth rates in the diatom
lysate treatment and the lowest in the cyanobacteria exudate treatment, while
Alphaproteobacteria had the highest growth estimate in the cyanobacteria exudate

treatment and lowest in the diatom lysate treatment (Fig. 4B; Table S4).

Evidence from these experimental data indicate that the four DOM components
elicited bottom-up selection for a different set of active, specialized microbial
populations. Based on previous work showing that the metabolomic profiles of
phytoplankton DOM can vary significantly between species and cellular fractions (30,
31), and on the assumption that heterotrophic populations would show specialization on
substrates with stoichiometries that match their biomass requirements, we sought to
estimate whether C:N requirements of the most significantly enriched genera in each
treatment varied according to substrate preferences. Indeed, the de novo synthesized
proteins of highly-active populations in the three major heterotrophic lineages had
distinct amino acid C:N, and the genes that encode those proteins also had distinct GC%
(Fig. 4C; Table S5). In general, Bacteroidetes populations had lower gene GC% and
higher protein C:N requirements compared to Alphaproteobacteria, with
Gammaproteobacteria falling in between, corroborating our presumption of DOM

stoichiometry for the four substrates.

In order to estimate and compare the ecological outcomes of total DOM uptake by

the three major lineages, labeled carbon assimilation rates were calculated in the four
11
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treatments using experimentally-derived values: growth rates, proportional protein
abundances, '3C enrichment values, and label frequencies. Bacteroidetes populations
exhibited the highest average daily substrate assimilation in diatom lysate treatments, at
3,309 ng 13C L! day!, while their rate dropped to 42 ng '3C L-! day™! in the cyanobacteria
exudate treatments (Fig. S7; Table S6). The Gammaproteobacteria assimilation rate was
highest in the diatom exudate treatments with an average of 259 ng '*C L! day'! and
lowest in cyanobacteria exudate at 63 ng '3C L-! day!, while Alphaproteobacteria
assimilation rates remained relatively stable across all DOM treatments (1,467 — 2,076 ng

BC L1 day™).

Discussion

A significant fraction of newly-fixed marine DOM flows through heterotrophic
cells in the microbial loop, which control its subsequent release as CO, through
respiration or retention in food webs as biomass (32). The partitioning of the complex
DOM pool amongst hundreds of co-occurring populations is a key mechanism
controlling marine biogeochemical cycling (1618, 26, 33-38). In this work, we combine
the novel approach of proteomic SIP with paired metagenome sequencing and binning to
measure partitioning of complex marine DOM, representing different metabolite pools
associated with phytoplankton blooms, into the population-specific biomass of a natural
marine microbial community. Our results show that DOM composition has a strong
bottom-up control in assembling the active subset of the total community, which is
generally composed of related populations with derived, specialized metabolic and
ecophysiological traits. This implies that different lineages of abundant heterotrophic
microbes can coexist in part due to differentiated resource use capabilities, and that the
distributed nature of metabolic strategies amongst diverse populations in the community
facilitate the efficient turnover of the highly heterogeneous pool of DOM available
throughout a phytoplankton bloom.

In accordance with the largely labile nature of fresh phytoplankton-derived DOM

(20), all four 3C-labeled substrate pools were widely assimilated by the coastal

12
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heterotrophic community. Despite the fundamentally different character of the four
substrates, the 15-hour incubation periods led to high label frequency and '*C-enrichment
of all treatment metaproteomes (12.1 + 3.0%; 54.4 £ 15.9%). The speed and extent of
labeling observed here supports previous results using isotopically-labeled model
substrates (39) and phytoplankton-derived DOM (36). In our work, substrate addition did
not significantly shift the taxonomic or functional compositions of metaproteomes
recovered before vs. after incubation. Rather, substrate-induced changes to the taxonomic
composition of metaproteomes were only detected when comparing the initial
metaproteome to the newly-synthesized (*C-labeled) metaproteome. These results
highlight the sensitivity of the proteomic SIP method to detect rapid responses to
environmental change prior to the large-scale shifts in biological activity that can be
detected with unlabeled approaches (e.g., metagenomics), which are dependent on
physiological responses such as genome replication and cell division. This observation
has been noted elsewhere when measuring microbial responses to DOM inputs, where
changes to protein expression (i.e., modulation of community function) occur before any

detected changes in community taxonomic composition (40).

Population-level substrate preferences are more similar with increasing phylogenetic
relatedness

Shifts in taxonomic composition of labeled metaproteomes in each treatment
could be attributed to different responses by common marine heterotrophic bacteria,
confirming general patterns found in previous studies (41—44). The vast majority of
peptides from labeled metaproteomes (>85%) were annotated to the marine microbial
lineages Actinobacteria, Archaea, Alpha-, Gamma-, and Betaproteobacteria, and
Bacteroidetes. All four DOM pools were assimilated at some level by all of these
lineages, but the magnitude and frequency of protein labeling in each lineage varied
significantly across treatments. Importantly, resource assimilation patterns were similar
amongst populations belonging to the same taxonomic class, but distinct between classes,
corroborating previous findings that responses to model DOM compounds are typically
conserved at broad phylogenetic resolution (17, 22). This observation supports a model in
which the strength of resource competition between heterotrophic populations is

13
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inversely related to their phylogenetic distance (45), implying that selection pressure
exerted upon closely-related taxa in the coastal ocean does not act on DOM utilization
traits. Rather, as has been supported previously, allopatry and biogeography may be more
important for generating species- or strain-level diversity in natural environments (46,
47), while higher-level diversity is maintained by divergent resource niches that help

reduce competitive exclusion.

Although the four substrate treatments appeared to strongly and reproducibly
select for different sets of active taxa, individual population proteomes typically showed
the same response regardless of DOM treatment: proportional increases in synthesis of
ribosomal proteins and decreases in substrate transporters after DOM amendment. This
growth-prioritization response was exacerbated when the DOM was a preferred resource
(i.e., when the overall proteome enrichment of the population was highest). From this
pattern, we purport that the observed shift in metaproteome functional structure in each
treatment is predominantly driven by a subset of “responder” populations that rapidly
assimilate their preferred substrate into biomass when it becomes available, rather than
being driven by a community-wide shift in which all populations alter their proteome in

response to newly available resources.

Differences in DOM assimilation between highly-abundant taxa

Fitting our data into this theoretical framework, a general picture of how
resources are distributed among taxa in the marine microbial loop emerges. The
Bacteroidetes lineage, represented predominately by a few major Flavobacteriales taxa in
our samples, preferentially assimilates DOM components derived from diatom lysates
that are probably rapidly available upon cell death from sloppy feed, viral lysis, or mass
senescence in the terminal phase of a bloom. On the other hand, the Alphaproteobacteria
lineage, represented primarily by Pelagibacterales, Rhodobacterales, and Rhodospirillales
taxa, assimilates mostly cyanobacteria- rather than diatom-derived substrates, and also
specializes on the exuded fraction of DOM that is steadily available during nominal
phytoplankton growth or in the early stages of a bloom cycle. Despite representing ~12%

of unlabeled metaproteomes, Gammaproteobacteria lineages were not highly competitive

14
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in assimilating substrates overall. For lineages such as Oceanospirillales and
Cellvibrionales, which did demonstrate moderate labeling, their uptake patterns diverged
from those of both the Alphaproteobacteria and Bacteroidetes lineages by exhibiting
higher enrichment on diatom- compared to cyanobacteria-derived DOM and nearly two-
fold higher enrichment on exudates than lysates. Considering the magnitude of total
assimilation accounted for by these three prevalent lineages, their strong preferences and
competitive abilities for assimilating different resources are likely to be essential for the
overall efficiency of DOM cycling in marine ecosystems (48), especially throughout the

phases of a mixed-species phytoplankton blooms (6).

Combining metagenomics and metaproteomics with our SIP approach allowed for
the exploration of how substrate preferences of active populations were related to their

metabolic and ecophysiological characteristics.

Protein expression and ecophysiological evidence for Bacteroidetes lysate DOM
resource preference

Bacteroidetes populations, which were most competitive in assimilating diatom
lysate, almost exclusively expressed TonB-dependent (TBD) membrane transport
proteins among all identified substrate uptake systems in the metaproteome, which
function by binding polymeric and carbon-rich molecules making up the structural and
storage components of diatom cellular biomass (6, 30, 49-51). Not only were TBD
transporters abundant within the genomes and proteomes of this lineage, but a significant
proportion of 13C-enriched (i.e., newly synthesized) proteins from Flavobacteriales
populations appear to function as part of the sus-like polysaccharide system, which acts
to recognize and degrade glycans (52), and is involved in competitive uptake of
phytoplankton carbohydrates (53, 54). These results suggest a metabolic program within
Bacteroidetes taxa that specializes on carbon-rich high molecular weight DOM, causing
Bacteroidetes to be most competitive when this substrate type is present and poorly
competitive when it is not (e.g., in cyanobacteria exudate). This specialization pattern on
C-rich DOM was also borne out in the estimated carbon:nitrogen ratio requirement of

Bacteroidetes nucleotides and amino acids, which was higher than other active taxa in the
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community we sampled. Also of note, and exclusive to the Bacteroidetes proteomes, was
the detection of peroxiredoxin proteins, which provide protection against oxidative stress.
Both peroxiredoxin enzymes and biopolymer transporters assigned to the Bacteroidetes
became enriched in all substrate treatments, except for the cyanobacteria exudate
treatment, implying that cells of this lineage are particularly well-suited for growth in the

phycosphere where oxygen levels and mucilage will be highest.

The synthesis of these findings generally agrees with previous observations that
Bacteroidetes populations increase in relative abundance and cell-specific activity in the
middle and late phases of phytoplankton blooms and encode a large number of
specialized enzymes allowing for the degradation and assimilation of polysaccharides
(17, 26, 53, 55-58). Our data further suggest that lysate DOM, particularly those derived
from diatoms, stimulate higher cellular growth rates in Bacteroidetes taxa relative to
other co-occurring populations and other substrates we tested, allowing this lineage to
translate their resource use strategy into growth and division in a suitable environment.
This hypothesis was also supported by examining the shift in proportional representation
of functions in the labeled metaproteomes from each treatment compared to the control
incubations; when diatom lysate was amended, the majority of substrate-derived (i.e.,
13C-labeled) ribosomal proteins and transcription/translation factors synthesized by the
community were annotated to Bacteroidetes populations. When contextualizing proteome
enrichment and cell abundance of Bacteroidetes as DOM carbon uptake rates, the
ecological role of this lineage was salient, with 80x higher carbon uptake rates of diatom
lysate compared to cyanobacteria exudate, and over double the assimilation rate of

diatom lysate compared to the other two major lineages.
Protein expression and ecophysiological evidence for Alphaproteobacteria exudate DOM
resource preference

In contrast to the Bacteroidetes, Alphaproteobacteria populations expressed
mostly ABC and TRAP membrane transport proteins that target a wide range of
polyamines, nucleosides, amino acids, short chain fatty acids, and other uncharacterized

small molecules. Phytoplankton exudates are relatively rich in these compounds, and
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DOM exuded by cyanobacteria in particular can contain high concentrations of
polyamines and organic osmolytes (31, 59, 60). Our observation that three-quarters of
13C-enriched peptides in cyanobacteria exudate treatments were annotated to
Alphaproteobacteria suggests that their reliance on ABC and TRAP expression is a
highly successful strategy for assimilation of this specific DOM fraction. The relatively
low estimated carbon:nitrogen ratio requirements of Alphaproteobacteria nucleotides and
proteins also suggests that cyanobacteria DOM (generally half the C:N ratio of diatoms)
is more congruent with the elemental requirements of this lineage than the other
substrates fractions tested (42, 43). As was the case in the Bacteroidetes lineage, the
relatively higher estimated growth rates of Alphaproteobacteria taxa in the presence of
their preferred resource pool suggests enhanced cellular growth and reproduction, and,
indeed, nearly 90% of newly synthesized ribosomal proteins and transcription/translation
factors in the cyanobacteria exudate treatment were annotated to Alphaproteobacteria

populations.

Although Alphaproteobacteria populations constituted the proportional majority
of labeled proteins in the cyanobacteria exudate treatment (probably due to low
assimilation by other taxa), the average enrichment values of this lineage were
remarkably consistent across all four substrates. Most Alphaproteobacteria taxa have
been shown to have relatively stable abundances and metabolic activities during
phytoplankton bloom cycles compared with other heterotrophic bacteria (26) and have
been noted to lack strong spatiotemporal gene expression patterns during active blooms
(57, 61, 62). Similarly, populations of the most abundant Alphaproteobacteria family in
our samples, Rhodobacteraceae, have been shown to retain high and consistent metabolic
activity and growth rate despite marked fluctuations in organic matter and chlorophyll
concentrations in a natural bloom (56). These results are seemingly at odds with some
isolate and co-culture studies which show substantial remodeling of gene expression
among copiotrophic Alphaproteobacteria populations (11); however, observations during
naturally-occurring blooms or experiments that used complex DOM sources may be more
representative of steady metabolic activity in Alphaproteobacteria. Indeed, the

Alphaproteobacteria as a whole showed little variability in carbon uptake rates across
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treatments, and only dominated daily cyanobacteria exudate assimilation because
Bacteroidetes and Gammaproteobacteria lineages appeared to have over an order of
magnitude slower uptake rates. Taken together, our data suggest that populations in this
lineage specialize on a subset of the low molecular weight and relatively N-rich
molecules of marine DOM, which are probably present to some extent in all

phytoplankton-derived resources but not accessed as readily by other phyla.
Heterogeneity in DOM responses between Alphaproteobacteria populations

Although aggregating Alphaproteobacteria populations at the class level was
informative for community-scale interpretation, there was a notable pattern of
heterogeneity in the representation of individual Alphaproteobacteria taxa in labeled and
unlabeled treatment metaproteomes, implying more nuanced metabolic strategies than in
other heterotrophic lineages. For example, Rhodobacteraceae and Rhodospirillaceae
proteomes both had slightly (but not significantly) lower relative abundance in DOM
treatments compared the control, while Pelagibacteraceae proteomes were slightly more
represented in the treatments (shown as deviations from the 1:1 relationship in Fig. S4B);
this may imply that the latter taxon increased protein expression more than the former
taxa during substrate incubations. However, Pelagibacteraceae had very low
representation in the labeled portion of treatment metaproteomes compared to total
treatment metaproteomes (unlabeled + labeled) while Rhodobacteraceae and
Rhodospirillaceae had higher representation in the labeled protein pools (shown as
deviations from the 1:1 relationship in Fig. S4A), implying a major difference in the
number of proteins synthesized from the amended 3C-labelled DOM by these

populations.

We propose that this observation supports two possible conclusions. First,
Pelagibacteraceae cells are synthesizing more proteins in the substrate addition treatments
compared to the no-substrate control, but they are not efficiently using '3C-labeled
resources for anabolism and are instead relying on existing (unlabeled) substrates for
biomass synthesis. Alternatively, since these results are based on proportional abundance,

the relative increase in Pelagibacteraceae representation in substrate treatments could
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result from an offsetting loss of protein biomass assigned to other taxa even if the
Pelagibacteraceae remain largely unresponsive during the incubation period. While our
data cannot definitively rule out this zero-sum-game scenario, our results show that most
other dominant taxa did exhibit high 3C-enrichment and activity, undermining the latter
conclusion that other abundant taxa were decreasing in biomass relative to the
Pelagibacteraceae. Further, there is precedence for a mechanism of metabolic partitioning
that supports the former conclusion of a low carbon use efficiency model, which may be
worth considering for future studies of Pelagibacteraceae physiology. For example,
Guillemette et al. observed that freshwater bacterioplankton preferentially used
autochthonous organic matter from phytoplankton for respiration, whereas allochthonous
organic matter from terrestrial sources was used for biomass production (63). Applying
this model to marine Pelagibacteraceae would suggest that these cells preferentially use
the amended freshly fixed, phytoplankton-derived (13C-labeled) metabolites for
respiration, and the pre-existing pool of unlabeled DOM for biosynthesis. Indirect
evidence in partial support of this hypothesis comes from findings that key molecules of
fresh DOM exuded from cyanobacteria are used primarily for ATP generation through
respiration and only marginally for biomass production by Pelagibacteria spp. (64-66).
Further experiments to trace labeled organic inputs into both anabolic and catabolic

products will be needed to address these more nuanced metabolic processes.

Protein expression and ecophysiological evidence for mixed or inconclusive DOM
resource preferences of other taxonomic lineages

Gammaproteobacteria proteins comprised the third most abundant subset of all
unlabeled metaproteomes and were highly represented in the compositional analysis of
the metagenome assembly data. Gammaproteobacteria lineages appear to favor the
assimilation of exudate rather than lysate DOM with approximately double the number of
labeled peptides being detected in both exudate treatments compared to lysate from the
same phytoplankton. Overall, though, far fewer peptides could be confidently assigned to
finer taxonomic levels compared to the proteomes of the Alphaproteobacteria and
Bacteroidetes lineages, obscuring detailed analyses of most Gammaproteobacteria
populations. For example, the relative abundances of the proteomes of assigned
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taxonomic families within the Gammaproteobacteria (i.e., Porticoccaceae, SAR86 and
SUPO5 clades) were generally comparable to those of other low abundance taxa, such as

the Marine Group II Euryacrhaeota and Acidimicrobiaceae.

Low abundance taxonomic groups generally showed similar patterns of
enrichment in substrate treatments on the time scale we used in our experiments. Given
that we observed relatively little *C assimilation by low abundance groups, their
contribution to ecosystem-scale carbon cycling appears to be proportional to their low
representation. In a recent estimate of microbial population-level production compared to
relative abundance in a coastal community, the most abundant bacteria accounted for a
disproportionately high amount of biomass and activity, whereas rare taxa were proposed
to not be able to grow fast enough in these competitive communities to add significantly
to the total production (67). Importantly, however, the low abundance taxa may occupy
niches not filled by the abundant populations in the initial communities, which implies
that substrate turnover may be dependent on initial community structure in addition to
DOM acting as a bottom-up mechanism of community assembly. This simultaneous and
reciprocal relationship between resource composition and biological community structure
is supported by a literature with many cases of microbe-dependent DOM turnover and

DOM-dependent microbial community assembly (36, 50, 68).

Conclusion

Contemporary oceans contain a highly heterogeneous pool of phytoplankton-
derived DOM that varies substantially in quality and quantity over space and time (1).
Variability in the type and timing of primary production is postulated to represent an
important bottom-up driver of genotypic and phenotypic diversity in coexisting
heterotrophic microorganisms (33), especially during phytoplankton blooms where
substrate-controlled succession of taxa may hold integral control over the fate of fixed
carbon (26). The results of our study support and extend our understanding of microbe-
DOM interactions by demonstrating that separate pools of DOM from diatoms and

cyanobacteria collected during simulated bloom phases of growth (exudates) and
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senescence (lysates) inordinately support the activities of taxonomically-distinct subsets
of the heterotrophic microbial community. Our approach using proteomic SIP allowed for
the identification of newly-synthesized proteins that represent rapid (<15 hour) responses
to DOM addition, revealing which taxonomic groups and metabolic functions were most
active in assimilating the four distinct DOM pools before any observable shifts were
recorded by unlabeled metaproteomic or metagenomic analyses. The strong signal of
partitioned resource assimilation between phylogenetically-distinct lineages allowed us to
characterize the role of different heterotrophs in turning over each of the simulated bloom
DOM pools. In a broad view, populations of Bacteroidetes are adapted to using relatively
carbon-rich high molecular weight DOM compounds that are more common in lysates,
particularly from large eukaryotes such as diatoms, while Proteobacteria show variability
in their resource specialization, though numerically abundant Alphaproteobacteria such
as SAR11 and Roseobacter-closed populations assimilated a vast majority of the

cyanobacteria exudate DOM that was taken up by the community.

Based on these data we estimate the lineage-specific rates of carbon assimilation
of these four DOM pools and conclude that these distributed resource preferences are
probably crucial for efficient turnover (i.e., assimilation or respiration) of DOM during a
bloom (26, 48). Therefore, changes to the origin and composition of DOM inputs under
future ocean conditions, such as increased CO, concentrations and higher temperatures,
may have predictable consequences for global carbon cycling and nutrient flux rates
through the microbial loop (69, 70). For example, several models suggest future surface
oceans will be more stratified (71), indicating a potential for cyanobacterial blooms to
become more prevalent due to their tolerance of higher temperatures and more
oligotrophic conditions, while diatom blooms decrease due to reliance on cooler, more
turbulent and nitrate-rich waters. When considering this scenario in light of our results,
the surface ocean could be expected to experience increased Alphaproteobacteria activity
due to increased cyanobacterial exudation, and correspondingly lower contribution of
Bacteroidetes activity due to the absence of diatom-derived DOM. Though our data does
not provide direct insights into carbon use efficiencies of the taxa observed here, such a

shift toward an Alphaproteobacteria-dominated community could depress carbon
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sequestration via the microbial carbon pump (72) by favoring organisms, such as
Pelagibacteria spp., that have more tightly-coupled and lower efficiency carbon

metabolism (64).

Overall, the different metabolic strategies and adaptations used by coexisting
surface ocean heterotrophic populations that consume phytoplankton DOM dictate
carbon use efficiency at the community level. This distributed community metabolism
not only allows taxa to coexist by decreasing direct resource competition, but also
indicates that trophic transfer and remineralization rates in the microbial loop are strongly
coupled to DOM properties. Experiments that provide complex, naturally-occurring
substrates to resident microbial communities and track the fate of carbon and nutrients, as
well as the activity and ecophysiological characteristics of microbial populations, will be
crucial to the ongoing effort to mechanistically connect microbial community dynamics

to global biogeochemical cycles.

Materials and Methods

Phytoplankton growth conditions and 3C-labeled substrates

Two phytoplankton species (Thalassiosira pseudonana and Synechococcus sp.
WHS8102) were grown axenically in the laboratory under enriched Na,'*COj; conditions
in artificial seawater F/2 media without unlabeled inorganic carbon. The F/2 media was
sparged overnight with N, autoclave-sterilized, and amended with algal vitamins (40 mg
thiamine-HCl, 20 mg biotin, and 20 mg cobalamin per 250 mL). One mL of stock culture
of each phytoplankton was transferred to a 250 mL culture flask of medium with either
Na,'3COj3 or unlabeled Na,COjs (used to monitor growth) added to the F/2 medium via
stirring to 3 mM final concentration. Diatom and cyanobacterial cells were grown at 22
°C with the bottle sealed from the atmosphere under continuous light until late
exponential phase (ODgyp 0f 0.2 and 0.1 after 150 and 200 hours, respectively),

whereupon the 3C-labeled cultures were centrifuged at 5000 x g for 15 minutes.
22



633
634
635
636
637
638
639
640
641
642
643
644

645

646
647
648
649
650
651
652
653
654
655
656
657
658
659

660

Supernatant was collected and sparged by bubbling with air, filter-sterilized at 0.1-um,
and frozen at —80 °C (exudate). Cell pellets were rinsed and resuspended in DI water,
freeze-thawed three times, sonicated, then centrifuged at 5000 x g for 15 minutes.
Supernatant was collected and frozen at —80 °C (lysate). Phytoplankton cells from the
labeled cultures were confirmed to be >80% '3C using nanoSIMS (data not shown). In
order to amend equal carbon mass to all treatments, DOM carbon content was measured
by adding 250-750 uL of exudate or lysate to 25 mm GFF filter membranes (baked for 4
hours at 450°C), allowing to dry overnight, then adding 250 uL 10% HCI to each filter
and again drying overnight. Nutrient and elemental (CHN) analysis of DOM on filters
was conducted by the Marine Science Institute (UC Santa Barbara, USA). No measures
of molecular weight or stoichiometric composition could be made on DOM, as the total

exudate and lysate 13C-biomass was required to amend to mesocosms.
Sample collection and substrate incubations

Mesocosm water samples were collected on November 22, 2014 from the intake of
the Hatfield Marine Science Center seawater distribution system at the mouth of Yaquina
Bay (44.62°N, -124.04°W; OR, USA). A total of ~200 L (11 L/sample, 18 samples) of
surface seawater was pre-filtered through 3-um PES membranes (Pall Corporation, Ann
Arbor, MI) and collected in separate 12 L acid-washed carboys. Samples were
transported back to Oregon State University and placed in a dark 20 °C incubation room.
Three samples were immediately filtered onto 0.2-um PES membranes to collect
microbial biomass for characterization of initial community DNA and protein (T). The
four substrate pools were amended to water samples in triplicate after being diluted in
with 0.2-pum-filtered seawater from the sampling site to uniform concentrations based on
C and N analysis (~40 uM C final concentration). The last set of triplicate carboys (T;s)
was amended with 800 mL 0.2-pm-filtered seawater from the sampling site as a no-
substrate control. All 15 samples were incubated in the absence of light at 20 °C for ~15

hr prior to biomass collection and processing.

DNA and protein extraction
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Total community DNA was extracted from one liter of water from each microcosm
by filtering onto 0.2-pm PES filter membrane and performing the CTAB phenol-
chloroform protocol (73). Total community protein was extracted from 10 L as reported
previously using SDS cell lysis and protein precipitation with trichloroacetic acid (17).
DNA and protein samples were stored at —80 °C until preparation for sequencing and

mass spectrometry.
Metagenome sequencing, assembly, and annotation

Metagenome libraries were prepared from whole community DNA using the
Illumina Nextera XT kit. DNA libraries were normalized by concentration and pooled
based on quantification with Bioanalyzer HS-DNA Chips. Sequencing was performed on
[llumina HiSeq 3000, generating 151-base pair, paired-end reads, with >3 million reads
per sample. All reads were trimmed and quality filtered using Sickle (74); bases with a
phred score <25 (across 15-base pair sliding windows) were trimmed and only reads
>100 bp were retained. This process yielded 4.8-7.5 Mbp per replicate. IDBA-UD (75)
was used for de novo metagenome assembly of combined replicate libraries to produce
one assembly for each of the four substrate treatments and two controls. Metagenome
assembled contig sequences are available from NCBI under BioSample SAMN04917373,
BioProject PRINA320136, and short read archive SRS1422236, and unassembled paired-

end metagenome reads are under archive SRX1738728-32.

Prokaryotic protein coding sequences (CDS) were predicted from assembled contigs
using Prodigal (76). CDS were taxonomically annotated based on best hit to the RefSeq
protein database (05 January 2019) using the ‘diamond’ program (77); annotation rates
varied from >95% for domain-level to 55% for genus-level. CDS were functionally
annotated to clusters of orthologous genes (COG) based on best rpsBLAST hits to the
COG database (78); the annotation rate of protein sequences to COGs was 75.2%.

CDS read depth was measured by pairwise alignment of shotgun reads to the
assembly of all samples using the ‘Bowtie2’ program (79). CDS relative abundance

across samples was then calculated by dividing read depth by a per-sample genome
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equivalence metric determined by the ‘MicrobeCensus’ program (80). Relative

abundance was reported as reads per kilobase of genome equivalents (RPKG).

MaxBin2 was used to create population bins of contigs (81) that were manually
curated and evaluated for overall quality using ‘CheckM’ (82). Relative growth rates
under different experimental conditions (reported as mean binned contig peak-to-trough
ratio) were estimated for bins in each sample with >50% completion and <10%
contamination using the ‘DEMIC’ program (29). The main advantage of using
metagenome-derived growth rate estimates in this study is that they can encompass a
range of populations in an untargeted manner and can be performed with minimal

disturbance to in situ processes.
Peptide mass spectrometry, identification, and search database construction

Extracted proteins were denatured with 6 M guanidine, reduced with 10 mM
DTT, and digested with trypsin at room temperature at the enzyme:substrate ratio of
1:100 (w:w). A total of 25 pg of peptide product per sample was loaded offline into a
150-pm-inner-diameter two-dimensional (2D) back column (Polymicro Technologies)
packed with 3 cm of C18 reverse-phase (RP) resin (Luna; Phenomenex) and 3 cm of
strong-cation-exchange (SCX) resin (Luna; Phenomenex). Samples were analyzed using
2D-Liquid Chromatography Tandem Mass Spectrometry (2D-LC-MS/MS) on an LTQ
Orbitrap Elite mass spectrometer (Thermo Scientific, Waltham, MA) with previously
described conditions (17, 18). Briefly, each mass spectrometric run was configured with
11 SCX fractionations using 5%, 7%, 10%, 12%, 15%, 17%, 20%, 25%, 35%, 50%, and
100% of solvent D (500 mM ammonium acetate dissolved in solvent A). Each SCX
fraction was separated by a 110-min RP gradient from 100% solvent A to 50% solvent B.
The LC eluent was directly nanosprayed (Proxeon) into an LTQ Orbitrap Elite mass
spectrometer (Thermo Scientific). Both MS scans and collision-induced dissociation
(CID) MS/MS scans were acquired in Orbitrap with a resolution of 30,000 and 15,000,
respectively. After each MS scan, the eight most abundant precursor ions were selected

under automated data-dependent acquisition for MS/MS analysis by CID.
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Sipros v1.3 (83) was used to search MS/MS spectra of each sample against a
matched protein database constructed from its metagenome. The database searches used
the following parameters: parent mass offsets of =3, —2,—1, 0, 1, 2, 3 Da; mass tolerance
of 0.05 and 0.02 Da for parent ions and fragment ions, respectively; up to two missed
cleavages; and full enzyme specificity required. The database searching results were
filtered to achieve 1% FDR at the peptide level. Proteins were inferred from the identified
peptides using the parsimony rule (84). Indistinguishable proteins were combined as a
protein group and a minimum of two peptides, at least one of which must be unique, were
required for each inferred protein or protein group. An initial search was performed in the
unlabeled mode against all metagenome CDS clustered at 100% identity using CD-hit
(85) to identify the subset of proteins expressed by the community and create a smaller
database for 1*C-labeled spectra searches. Out of all metagenome CDS clusters, 11.8%
(291,725) returned a positive peptide ID during the unlabeled search and were used to
build a reduced database for Sipros v1.3 labeled search mode, which identified both
unlabeled (<2% '3C-enriched) and labeled (>2% '3C-enriched) peptides from spectral
matches. Data from the labeled search mode is presented, and the total numbers of
spectra, peptides, and proteins identified are shown in Table S7. Using the labeled search
mode, two metrics were used to quantify '3C-labeling of identified proteins: label
frequency and average enrichment. These metrics were calculated as previously
described (17). Label frequency of a protein (or proteins aggregated by taxonomic level
or treatment) is the percentage of its total peptides with a 13C content >2% (i.e., peptides
enriched in isotope above the background of 1.1%). Average enrichment of a protein (or
proteins aggregated by taxonomic level or treatment) is the percent of its total carbon

atoms that are 13C.

Reverse sequences of CDS in the reduced database were added as decoys to
calculate false discovery rate (FDR) of labeled searches. Reverse sequences of CDS in
the reduced database were added as decoys to calculate false discovery rate (FDR) of
labeled searches. The FDRs of the labeled searches were independently estimated using
the unamended control samples, which should have no enriched peptides. Only an

average of 0.20% of PSMs were falsely identified to be enriched in the unamended
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control samples. This validated the identification confidence of the labeled searches. All
CDS in this database were digested in silico, and those that were 7-60 residues long with
a maximum of two missed tryptic cuts were considered in the final search database (17,
18). The conservative two-peptide threshold (i.e., one unique and one shared peptide, or
two unique peptides) was used to validate and filter protein hits after implementing a 1%
peptide-level FDR. Normalized balanced spectral counts (NBSC) of detected peptides
annotated to each identified protein were summed and used to quantify the relative
abundance of a given protein in each sample. Proteomics data were deposited in the
ProteomeXchange Consortium via the PRIDE (86) partner repository with the dataset
identifier PXD008093.

Statistical analysis and carbon assimilation calculations

Principal component analysis (PCoA) was used to determine relationships between
taxonomic composition of proteins across samples and to calculate variance captured
during dimension reduction. PCoAs were performed in R (v 3.4.0) using the function
‘rca()’ from the package ‘vegan’ (87) and resulting components were plotted with the

package ‘ggplot2’ (88).

To determine significant '3C-enrichment in a given population, average
enrichments for all genus-level populations were z-score-normalized by sample to
account for differences in the number of recovered proteins from each treatment.
Compared to a null distribution created from 1000 random subsamples of labeled spectra
from all metaproteome peptides, a population had significantly high average enrichment
if it was greater than or equal to 95% of average enrichment values from the null
distribution (17). These tests were performed with custom python scripts using the ‘scipy
stats’ and ‘skbio’ libraries. Heatmaps of the statistics were made in R using the packages

‘ggplot2’ and ‘vegan’.

The average DNA sequence GC content (%) of all search database CDS with
protein hits, along with the carbon to nitrogen ratio (C:N) of protein amino acid

sequences encoded by these CDS, were calculated using custom python scripts using the
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‘skbio’ library. Scatterplots of DNA GC % and protein amino acid C:N per taxon were
produced using the R package ‘ggplot2’. All R code and data tables for producing figures
is available at https://github.com/kieft1bp-sys/Phytoplankton DOM/Manuscript _code.

Per-taxon carbon assimilation rates (ng '*C assimilated L' day') for each major
taxon in each treatment were calculated with experimentally-derived values using the

equation

(N x R)x ENRV x LF x 10~5ng
15 hr

X 1000 mL X 24 hrs

where N is cell counts per treatment (cells mL), R is taxon-specific relative protein
abundance per treatment (% NBSC), ENRYV is taxon-specific average '*C enrichment
value per treatment (%), LF is taxon-specific label frequency per treatment (%), 10- ng is
a per-cell carbon mass factor (ng C cell!; (89)), 15 hours is the incubation period of our
experiments, and the multiplication factors of 1000 mL and 24 hours allow for results to

be reported in ng 13C assimilated L-! day! (Table 1).
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Figure 2. Stacked bars represent the taxonomic composition of labeled metaproteomes in

each DOM treatment, shown as relative NBSC abundance of order-level population

labeled proteomes in the three major microbial lineages. Community proteins not

assigned to these three lineages are not shown but are included in the relative abundance

calculations (A). Line plots depict absolute NBSC abundance of labeled proteins

organized by average enrichment (ENRV histogram of 2-100% !3C in 3% bins) across

treatments for the three major lineages.
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Figure 3. The functional structure of the initial no-incubation control community
metaproteome (T() compared to that of each post-incubation treatment (the T;sno-
substrate control plus the four DOM substrates). Data for the Ty and T;s control samples
show the functional structure of total proteins recovered (all unlabeled because no 3C
was amended), while data for the four DOM treatments show functional structures of
only labeled proteins to highlight de novo protein synthesis responses by each lineage.
The mean relative NBSC abundance of each of the 10 major functions on the right y-axis
is faceted into three columns representing the proteomes of each of the three major
lineages. Points are colored and shaped by treatment and lines connecting T, with each

post-incubation treatment are colored by treatment.
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Figure 4. Assimilation metrics (calculated as square-root-transformed ENRV*LF) of the
three major lineages across substrate treatments (A). Average growth rate estimates of
high-quality metagenome assembled genome populations in each lineage across substrate
treatments (B). Bars in (A) and (B) depict standard error of each value from triplicate
samples. The scatterplot of estimated carbon:nitrogen requirements of newly-synthesized
proteins in relation to the GC content of DNA encoding those proteins for significantly-

enriched genera in each major lineage (C).
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Table 1. Estimations of carbon assimilation rate (ng '*C L-! day") for each major lineage

across the substrate treatments. See Table S6 for the full table of empirically-derived and

cited values used to calculate these rates. See Figure S7 for plotted rate values.

Treatment Taxon ng 3C assimilated
L-1 day-1

DLy Alphaproteobacteria | 1635

DLy Bacteroidetes 3309

DLy Gammaproteobacteria | 199

DEx Alphaproteobacteria | 2076

DEx Bacteroidetes 894

DEx Gammaproteobacteria | 259

CLy Alphaproteobacteria | 1711

CLy Bacteroidetes 588

CLy Gammaproteobacteria | 95

CEx Alphaproteobacteria | 1467

CEx Bacteroidetes 42

CEx Gammaproteobacteria | 63
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