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Marine microbes are dominant life forms in the ocean and comprise dynamic populations
of viruses, bacteria, archaea and single-celled eukaryotes. Interactions between marine microbes
impact global biogeochemical cycles and form the base of marine food webs. Interactions range
from symbiotic to parasitic, and are mediated through nutrient exchanges and chemical signals.
In this dissertation, I focus on characterizing molecular mechanisms responsible for interactions
within two groups of microorganisms, phytoplankton and bacteria. In Chapter 1, I studied how
extracellular metabolites of an antagonistic bacterium Croceibacter atlanticus impact
physiological and transcriptional changes in the model diatom 7halassiosira pseudonana through
lab co-culture experiments. In response to extracellular bacterial metabolites, 7. pseudonana
showed inhibition of cell division, with transcriptional changes in cell cycle regulation, amino
acid production and cell wall stability, suggesting that bacterial metabolites may modulate
diatom metabolism in ways that support bacterial growth. In Chapter 2, I developed a new
statistical method to detect microbial interactions and their transcriptional signatures from
environmental metatranscriptome data collected in the North Pacific. Most consistent
transcriptional interactions occurred in cross-kingdom pairs especially between diatoms and
Proteobacteria, ranging from common functional mechanisms like cross-feeding and defense to
species-specific mechanisms occurring through secondary metabolite exchanges, revealing
molecular mechanisms of interactions directly in natural communities. In Chapter 3, I studied
metabolic capabilities and interactions of 52 novel heterotrophic bacteria isolates capable of
utilizing phytoplankton-derived organic matter from the Equatorial Pacific. I generated and
analyzed closed genomes of novel strains, species and genus, and proposed potential metabolic
exchanges between bacteria including cross-feeding of vitamins and growth factors that may
influence interactions with phytoplankton hosts. In Chapter 4, I designed a course-based
undergraduate research experience (CURE) that teaches students laboratory techniques and data
analysis skills in genomics through exploration of the metabolism of marine bacteria. Novel
Equatorial Pacific isolates and their genomes were used by students in their independent research
projects to determine capacity of bacteria to grow on select phytoplankton metabolites and
connect the growth phenotype to the genomic capability of the bacteria. This dissertation
provides insights into the molecular mechanisms controlling interactions in marine microbial
communities, from controlled lab studies to natural environments, and introduces novel
methodologies to help advance our understanding of microbial interactions.
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Introduction

Marine microbes are dominant life forms in the ocean accounting for the majority of
oceanic biodiversity and biomass. They exist in diverse communities of viruses, bacteria, archaea
and phytoplankton and engage in complex interactions with each other. The collective function
of these microbial communities arises from intra- and inter-species interactions, resulting in
emergent properties that govern global-scale processes. A central framework in understanding
these dynamics is the microbial loop, where phytoplankton fix nearly 50% of atmospheric CO:
into dissolved organic matter (DOM), which is consumed by heterotrophic bacteria and
converted to biomass that travels up the food chain, can be exported to the deep ocean or respired
and returned to the atmosphere (Azam et al., 2007; Field et al., 1998; Falkowski et al., 2008). By
regulating the balance between recycling and export of carbon, nitrogen, and other essential
nutrients, microbial interactions play an important role in global biogeochemical cycles. In
addition, microorganisms form the base of the marine food web, and interactions between them
determine the availability of organic matter to higher trophic levels.

Marine microbes can interact with each other either through direct contact or through
exchanges of organic matter and metabolites (Seymour et al., 2017). The essential first step to
microbial interaction is encounter, either one cell encountering the other, or encounter between a
cell and chemical resources released by a different organism (Stomka et al., 2023). The
phycosphere, a diffusive boundary layer surrounding individual phytoplankton cells is an
environment where the majority of cell-cell or cell-chemical resource interactions are
hypothesized to occur (Amin et al., 2012; Seymour et al., 2017). The microenvironment of the
phycosphere is distinct from surrounding seawater since mass transport is limited to diffusion
and not affected by turbulence (Bell & Mitchel 1972; Seymour et al., 2017). Chemical conditions
including pH differ from surrounding seawater (Liu et al., 2022), nutrient concentrations can
exceed background levels by orders of magnitude (Azam et al., 2007), and concentrations of
phytoplankton and bacteria released compounds and secondary metabolites are enriched (Meyer
et al., 2017).

Microbial interactions in the phycosphere range from mutualism to parasitism and are
mediated through exchanges of nutrients and metabolites. The most common bacteria found in
the phycosphere of marine phytoplankton belong to Alphaproteobacteria, Gammaproteobacteria
and Bacteroidetes, which are copiotrophic bacteria adapted to nutrient rich environments and
specialized in degrading complex organic matter (Seymour et al., 2017). These bacteria can
sense chemical gradients and chemotax towards nutrient hotpots such as the phycosphere, where
they interact with the phytoplankton through direct contact, transient proximity to the cell or
through exchanges of nutrients and metabolites (Raina et al., 2022). Mutualistic exchanges
between phytoplankton and bacteria include exchanges of bacteria-produced vitamins such as
cobalamin (B12) (Zoccarato et al., 2022; Giordano et al., 2024), regulation of growth by growth
promoting phytohormones like indole-3-acetic acid (IAA) (Khalil et al., 2024; Durham et al.,
2017), and exchanges of scarce nutrients including siderophore-bound iron and amino acids
(Amin et al., 2009; Gémez-Consarnau et al., 2018; Croft et al., 2005). On the other hand,
algicidal bacteria can disrupt the progression of cell cycle in phytoplankton, inhibit
phytoplankton growth and cause lysis through excretion of various compounds ranging from
small metabolites to large enzymes (Stock et al., 2020; Guillard 1975). In turn, phytoplankton



can also regulate the composition and activity of their bacterial microbiomes through excretion
of several metabolites, resulting in complex interaction dynamics (Stock et al., 2020).

Bacteria engage in complex interactions with each other within the phycosphere, and
these bacteria-bacteria interactions can have community level impacts. Phytoplankton associated
bacteria occupy distinct niches, where different bacterial taxonomies are specialized in degrading
particular types of phytoplankton derived dissolved organic matter (DOM) (Ferrer-Gonzélez et
al., 2021; Mayali et al., 2012). While bacterial use of DOM can be predicted for single bacteria,
communities of bacteria have unpredictable patterns of DOM utilization, suggesting emergent
properties of bacterial communities resulting from interactions between bacterial taxa (Fuessel et
al., 2025). Bacteria interact with each other through exchanges of nutrients, including
competition, cross-feeding and syntropy (Seth & Taga, 2014). Similarly, bacteria engage in
complex signaling strategies such as quorum sensing and use various defensive strategies
through the production of antibiotics and toxins (Coolahan & Whalen, 2025; Rolland et al.,
2016). Some of these bacterial communication signals can indirectly impact host phytoplankton
physiology, pointing towards a prevalence of higher order interactions (Amin et al., 2015;
Durham et al., 2017; Fei et al., 2020; Shibl et al., 2020).

Overall, interactions between marine microorganisms are complex. Interactions are based
on attachment or exchange of metabolites and nutrients and can be highly specific to the
interacting species or strains. Some interactions involve exchanges of specific metabolites
suggesting long term co-evolution (King et al., 2022; Ahern et al., 2021), while others occur
through opportunistic uptake of DOM and defense mechanisms (Sarmento & Gasol, 2012;
Sarmento et al., 2016). The nature of interactions is dynamic and can change from mutualistic to
pathogenic depending on the growth stage of interacting organisms, nutrient availability and
other environmental conditions (Daniels et al., 2023; Harvey et al., 2023). Finally,
microorganisms interact in complex communities where multiple exchanges might be happening
at the same time under changing environmental conditions.

The overarching research question of this dissertation is: What are the molecular
mechanisms driving interactions in marine phytoplankton and bacterial communities? I address
this question at different scales, starting from controlled lab co-culture experiments of model
organisms in Chapter 1, to characterization of new bacterial isolates and predictions of bacterial
metabolic exchanges in Chapter 3, and to developing new statistical methods that enable
detection of interactions directly from field metatranscriptome data in Chapter 2. In Chapter 4, |
develop teaching modules for a Course Undergraduate Research Experience that teaches students
genomics approaches to studying microbial interactions. In each chapter of my dissertation, I
attempt to identify the underlying mechanisms that control interactions between marine
microorganisms. Understanding the molecular basis of these interactions is essential to
predicting the future of primary production in the ocean, especially in a rapidly changing climate.
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Abstract

Phytoplankton and bacteria form the base of marine ecosystems and their interactions
drive global biogeochemical cycles. The effects of bacteria and bacteria-produced compounds on
diatoms range from synergistic to pathogenic and can affect the physiology and transcriptional
patterns of the interacting diatom. Here, we investigate physiological and transcriptional changes
in the marine diatom 7Thalassiosira pseudonana induced by extracellular metabolites of a known
antagonistic bacterium Croceibacter atlanticus. Mono-cultures of C. atlanticus released
compounds that inhibited diatom cell division and elicited a distinctive morphology of enlarged
cells with increased chloroplast content and enlarged nuclei, similar to what was previously
observed when the diatom was co-cultured with live bacteria. The extracellular C. atlanticus
metabolites induced transcriptional changes in diatom pathways that include recognition and
signaling pathways, cell cycle regulation, carbohydrate and amino acid production, as well as
cell wall stability. Phenotypic analysis showed a disruption in the diatom cell cycle progression
and an increase in both intra- and extracellular carbohydrates in diatom cultures after bacterial
exudate treatment. The transcriptional changes and corresponding phenotypes suggest that
extracellular bacterial metabolites, produced independently of direct bacterial-diatom interaction,
may modulate diatom metabolism in ways that support bacterial growth.



Introduction

Diatoms are photosynthetic eukaryotes responsible for up to 20% of annual
photosynthesis on Earth [1, 2]. They serve as the base of many marine food webs and can form
dense blooms that reach relatively high cell abundances. Diatoms have co-existed and co-
evolved with bacteria for millions of years, ultimately developing close interactions that facilitate
the exchange of nutrients and metabolites [3]. These interactions are hypothesized to occur
within the phycosphere, a diffusive boundary layer that surrounds individual phytoplankton cells.
Here, mass transport is limited to diffusion and is not impacted by turbulence [4, 5]. Within this
microenvironment, nutrient and fixed carbon concentrations can exceed background levels by
orders of magnitude, and bacterial growth can be stimulated by extracellular metabolites of the
diatom [6]. The phycosphere also contains enriched concentrations of signaling compounds and
secondary metabolites that modify the behavior of the host diatom and associated bacteria [7].

Diatoms and bacteria display pathogenic and mutualistic interactions, some of them
obligatory [3, 5, 7]. When co-cultured with diatoms, bacteria can influence diatom growth rate,
metabolism, and cell cycle progression [8,9,10,11,12]. Fundamentally, the interactions between
diatoms and bacteria are based on various metabolic exchanges. In mutualistic interactions,
bacteria provide micronutrients necessary for diatom growth, such as vitamin Bi> or bioavailable
iron in the form of siderophores, while the diatom supplies the bacteria with readily accessible
carbon and sulfur sources necessary for bacterial growth [5, 11, 13]. Interactions between
diatoms and bacteria are often species-, and even strain-specific, where the interacting bacteria
are adapted to a relatively narrow range of compounds secreted by the diatom, resulting in
distinct bacterial communities that are consistent across strains and time [14,15,16,17].
Conversely, diatoms can shape the composition of their bacterial communities through excreted
metabolites to select for bacterial communities that are beneficial to the diatom and to prevent
the establishment of potentially harmful bacteria [18,19,20]. Additionally, phytoplankton
exudates can influence the production of the bacterial exo-metabolome [21].

Algicidal bacteria generally belong to the phyla of Bacteroidetes, Gammaproteobacteria,
and Alphaproteobacteria, and interact with diatoms through direct contact, close proximity to the
diatom cell, or through production of excreted algicides [7]. Bacterial attachment to other
phytoplankton such as dinoflagellates and coccolithophorids has also been described [22, 23].
Algicide production by bacteria often depends on the high nutrient availability found in the
phycosphere, and their structure and mode of action can range from small metabolites with
specific cellular targets to large enzymes catalyzing the change of numerous processes in the cell
[7]. For example, bacterial quorum sensing compounds can have antagonistic effects on diatom
growth and transcriptional changes, with long chain N-acyl homoserine lactones inhibiting
growth of Seminavis robusta and inducing changes in lipid metabolism and cell cycle
progression [24, 25]. However, the activity of algicidal compounds produced by bacteria in a
contact-independent manner is understudied and not well understood.

Using a bacterial consortium previously isolated from the diatom Pseudo-nitzschia
multiseries, Amin et al. demonstrated the effect of various single strain isolates on diatom
physiology through co-culture experiments with different diatom species [11]. The isolated
flavobacterium Croceibacter atlanticus (SA60) exhibited an inhibitory effect on several different
diatoms including the model Thalassiosira pseudonana [10]. In co-culture, live C.
atlanticus attached directly to the surface of diatom cells and inhibited 7. pseudonana cell
division and induced enlarged cells with multiple plastids [10]. Here, we asked whether a similar



diatom morphology could be elicited by C. atlanticus bacterial exudates in bacterial-free
culturing conditions. We investigated the effect of extracellular bacterial metabolites produced
by mono-cultures of C. atlanticus on the growth, morphology, and transcriptional profiles of the
diatom 7. pseudonana. Resulting changes in cell growth and transcriptional profiles of diatoms
exposed to C. atlanticus extracellular metabolites suggest a disruption of cell cycle-related
processes and an enhancement of carbohydrate and amino acid metabolism, independent of
bacterial attachment. Phenotyping of treated diatom cultures confirmed cell cycle disruption and
increased carbohydrate concentrations in the media of treated diatom cells. This indicates that
metabolites produced and released by C. atlanticus bacteria that were not previously exposed to
diatoms can modulate the transcriptional profile, physiology, and phycosphere composition of
diatoms to potentially enhance bacterial growth.

Methods

C. atlanticus filtrate and H>O: treatment of T. pseudonana cells

Glycerol stocks of C. atlanticus SA60 NCMA B36 (National Center for Marine Algae
and Microbiota, NCMA, East Botany, ME, USA) isolated from Pseudo-nitzschia
multiseries CLNN-17 [11] were streaked on marine agar plates (marine broth (MB) with 1.5%
w/v agar) and grown at 30 °C for 3-4 days. Single colonies were grown overnight in MB with
shaking at 30 °C until an ODsoo (NanoDrop One Microvolume UV-Vis Spectrophotometer
ODseo0) of ~0.3 was reached. Cells were inoculated into synthetic seawater medium Aquil
(National Center for Marine Algae and Microbiota (NCMA)) with 5% MB (v/v), grown with
shaking at 30 °C until the exponentially growing cells reached ODgoo = 0.3 (4 x 10% cells/ml),
filtered twice through a 0.22 pm glass fiber filter; and the resulting filtrate was collected and
checked microscopically for bacterial contamination by staining with SYBR Green (1:10000) for
20 min. Additionally, 500 pl of filtrate was inoculated into 10 ml of MB, incubated at room
temperature for 5 days and inspected visually for bacterial contaminants. This sterile filtrate was
stored in the dark at 4 °C prior to use.

To measure the effect of bacterial-free C. atlanticus filtrate on T. pseudonana cell
growth, the filtrate was added at different concentrations (1.6, 3.3, 13, 33, 66; and 100% v/v
filtrate to L1 + Si medium) to triplicate treatment flasks of 5000 cells/ml 7. pseudonana CCMP
1335 (obtained from NCMA) that had been maintained as a semicontinuous batch culture in
30ml L1 + Si medium (NCMA) [26] at 20 °C in a 16:8 h light:dark cycle at ~ 160 umol photons
m 2 sec”!. Control T. pseudonana cultures were treated with corresponding volumes of filtered
Aquil with 5% v/v MB (the bacterial growth media). A more comprehensive time course
experiment was conducted with control cultures and 33% v/v of bacterial-free C.
atlanticus filtrate in a final volume of 2 L. At 7 h into the light period of each day of the 8-day
experiment, in vivo chlorophyll a fluorescence (Turner Designs 10-AU fluorometer) was
measured, and samples were collected to determine cell abundance (Guava easyCyte Plus Flow
Cytometry System) and photochemical yield of photosystem II (Fv/Fm) after a 15 min dark
acclimation (Phyto-PAM fluorometer). Samples for microscopy (2 ml) and for cell cycle analysis
(2 ml) were taken daily, incubated for 20 min with 2% v/v glutaraldehyde, flash frozen in liquid
nitrogen, and stored at —80 °C prior to analysis. Samples (200 ml) for RNA extraction were
collected from each replicate flask at three timepoints: 24 h, 72 h, and 120 h after the start of the
experiment by filtering diatom cells onto 0.2 um polycarbonate membrane filters, flash freezing
in liquid nitrogen, and storing the filters at —80 °C prior to analysis. In a separate experiment



using the same treatment and control conditions in a final volume of 30 ml, triplicate samples
were collected for diatom cell cycle analysis every 2 h for 12 h, fixed with glutaraldehyde, flash
frozen in liquid nitrogen and stored at —80 °C.

Exponentially growing 7. pseudonana cells (f/2+Si media at 20 °C in a 16:8 h light:dark
cycle at ~ 160 umol photons m2 sec™!) were treated in triplicate with 0 pM or 200 uM of
hydrogen peroxide. Two hours after treatment, 500 ml of cultures were harvested for RNA
extraction as described above.

Cell morphology measurements and imaging

T. pseudonana cells were imaged via epifluorescence microscopy (470/40 nm blue
excitation 515 nm long-pass emission filter) and brightfield imaging. To obtain measurements of
nuclear area and chloroplast area, 1 ml of glutaraldehyde-preserved diatom cells was
concentrated onto black 0.2 um pore size polycarbonate filters, the DNA of cells collected on the
filter was stained using a SYBR Green I stain, and the filter subsequently attached to microscope
slides, as described in van Tol et al., 2017 [10]. Fluorescent images at 60x magnification were
taken (Nikon eclipse 801 microscope) and processed using ImagelJ [27] software. Nucleus and
chloroplast areas were obtained by splitting the 60x fluorescent images into three channels
(RGB), and the wand tool was used to select nuclei (green channel) and chlorophyll fluorescence
(red channel). The Kolmogorov-Smirnov test was used to test for significant differences
(p <0.05) in distributions of control compared to treated cells at each time point. To obtain
measurements of cell area, 1 ml of glutaraldehyde-preserved diatoms cells was stained with
SYBR Green (1:10000), incubated for 20 min at room temperature, spun down at 10000 rpm for
1 min, and the supernatant discarded for a final volume of 10 pl. Resulting concentrated diatom
cells were mounted onto transparent slides, and fluorescent and brightfield images at 20x
magnification were taken (Leica DMi8 microscope). Cell area and maximum and minimum cell
diameter measurements were obtained from 20x brightfield images using the ImageJ [27] wand
tool and straight-line selection tool. Analysis was restricted to in-focus cells entirely within the
camera frame.

Flow cytometry

Samples for flow cytometry were stained with SYBR Green I (1:10000), incubated for
20 min, and run on a BD Influx flow cytometer (BD, Franklin Lakes, NJ, USA) (488 nm laser;
emission 530 nm, 40 nm band pass) on a linear scale with at least 10,000 7. pseudonana cells
analyzed per sample [10]. 7. pseudonana cells were gated using the FCSplankton package in R
(https://github.com/fribalet/FCSplankton). SYBR Green I-stained cells were manually gated on
forward scatter and 530/40 nm emission using the set gating params() function. Forward scatter
distributions, as a proxy for cell size, were normalized to 1 um beads (Molecular Probes, Eugene,
OR, USA) that were added to each sample as an internal standard. Contrary to control cultures,
the G1, S, and G2 populations of the filtrate-treated cultures did not follow a Gaussian
distribution, precluding quantitative cell cycle decomposition of these samples. To compare the
distributions of the SYBR-stained control and filtrate-treated cells, the distributions were aligned
to the mode of the G1 peak. Cell cycle stage boundaries were drawn based on the signal of the
control cultures, allowing for qualitative comparison of the G1, S, and G2 population
distributions between control and filtrate treated cultures.

Carbohydrate content analysis
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Carbohydrate content was determined via the phenol-sulfuric acid assay as described in
DuBois et al. 1956 [28]. T. pseudonana cells (initial concentration 1 x 10°cells/ml) were
transferred in triplicate into either control media (Aquil + 5% MB) or undiluted bacterial-free C.
atlanticus filtrate (30 ml total volume) and 2 ml samples were collected for total
(dissolved + particulate) and dissolved carbohydrate content at 24 h and 48 h. Samples for
dissolved carbohydrates were filtered through a 0.4 pum filter. Both the resulting filtrate and
samples for total carbohydrates were stored at —80 °C. To control for carbohydrates introduced
by the bacterial filtrate itself, samples of bacterial-free C. atlanticus filtrate were also measured.
For each replicate, 250 pl sample was combined with 250 pl of 5% phenol in DI water and
1250 pl of concentrated sulfuric acid, gently mixed, and incubated for 20 min at room
temperature. Absorbance at 485 nm was measured and compared to a dilution series of glucose
standards. To obtain the final carbohydrate content of treated cells, the carbohydrate content of
the C. atlanticus filtrate was subtracted from measurements of total and dissolved fractions of
treated cells. Particulate carbohydrate content was calculated as the difference between total and
dissolved fractions. The students #-test was used to test for significance (p < 0.05) between
control and treated cells at each time point.

T. pseudonana transcriptome sequencing and analysis

The T. pseudonana transcriptome processing pipeline of control and filtrated-treated
cultures (Sup. 1.1) included RNA extraction, sequencing, and quantification (blue boxes);
identification of differentially transcribed genes and genes that were co-transcribed (yellow
boxes); and gene enrichment analyses (green boxes) to identify subsets of genes for further
analyses. The code applied for this analysis is shared on GitHub page
(https://github.com/armbrustlab/Thaps Catl) and all data are deposited on Zenodo
(10.5281/zenodo.6672614).

Total RNA was extracted from 0.2 um polycarbonate membrane filters with the Zymo
Direct-zol RNA MiniPrep Plus kit. Poly-A-selection, library preparation and sequencing were
performed at the Northwest Genomics Center (University of Washington) with NextSeq
(Illumina). Sequence reads were trimmed using Trimmomatic 0.39 [29], run in paired-end mode
with cut adaptor and other Illumina-specific sequences (ILLUMINACLIP) set to TruSeq3-
PE.fa:2:30:10:1:true, Leading and Trailing thresholds of 25, a sliding window trimming
approach (SLIDINGWINDOW) of 4:15, an average quality level (AVGQUAL) of 20, and a
minimum length (MINLEN) of 60. Reads were mapped to the genome of 7. pseudonana (Thaps3
FilteredModels2) using Hisat2-2.1.0. We calculated the number of 7. pseudonana reads that
aligned to the gene models from resulting SAM alignment files with aligned sequences used in
subsequent analyses and normalized using transcripts per million (TPM).

The edgeR pipeline [30] and Weighted Gene Co-expression Network Analysis
(WCGNA) [31] were used in parallel to identify the transcriptional changes in response to
treatment with the bacterial filtrate (yellow boxes, Sup. 1.1). EdgeR was used to detect
differential expression of log, transformed transcript levels based on pairwise comparisons
between the control samples and the samples treated with bacterial-free C. atlanticus filtrate for
each sampled time point (24 h, 72 h, and 120 h). A generalized linear model (GLM) quasi-
likelihood F-test (QLTF) was used to test for significant differential expression (p <0.01 and
false discovery rate (FDR) < 0.05). Significantly differentially expressed genes with [logFC | > 1
were used for downstream analysis.
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Signed WCGNA was used to identify modules of co-expressed genes using both control
and treatment transcriptomes with log transformed transcripts per million (TPM) as input
abundance data; those genes with transcript abundance below the TPM median in greater than
25% of samples were removed from analysis (Sup. 1.2A; Sup. 1.1). Two outlier samples
(24 _cont 3 and t72_cont 72) were removed from further network analysis as recommended
[31], based on a branch height > 60 in the sample clustering dendrogram of Euclidean distance
between samples (Sup. 1.2B). To identify modules of groups of genes with similar expression
patterns, a network of gene co-expression was constructed by making a weighted adjacency
matrix that was then transformed into a topological overlay matrix (TOM) to estimate
connectivity in the network. Average linkage hierarchical clustering with a soft-threshold
power=18 (Sup. 1.2C) was used to construct the clustering tree structure of the TOM (Sup. 1.3A)
[31]. Modules were assigned based on a dynamic tree cut method (minimum number of genes
per module=30; deep split=1), and similar modules were merged (cut height threshold=0.25)
(Sup. 1.3). Each module was correlated to different parameters measured during the experiment
to identify modules with strongest correlation to treatment with the bacterial filtrate. Modules
with a Pearson’s correlation >0.6 to C. atlanticus filtrate treatment were selected based on
module eigengenes (MEs) and module significance >0.5 (average gene significance for each
module, where gene significance is the log10 transformed p value from the linear regression
between gene expression and C. atlanticus filtrate treatment) (Sup. 1.4).

Functional enrichment analysis (green boxes, Sup. 1.1) was performed with topGO [32]
using a custom gene ontology (GO) annotation file (Joint Genome Institute) and a classic Fisher
test (p <0.01). Functional enrichment analysis was performed on each WGCNA module, as well
as on the differentially expressed genes at each of the three timepoints identified by edgeR
(Table S1). Enrichment analysis of GO Biological Process (BP) terms were visualized as a
network using the igraph R package [33]. Node and edge files were derived from GO term
similarity analysis using NaviGO [34], with a Lin’s similarity score cutoff of 0.7.

Two sets of ‘hub-genes’ were considered for this work: 1) genes that were identified as
those with gene significance and module membership > 0.8 (Sup. 1.5) and differential expression
at one or more time points (edgeR, p <0.01) (indicated in red section of Euler diagram, Sup. 1.1;
Sup. 1.2) those differentially expressed genes (p <0.01 in the edgeR analysis) present in
pathways that were enriched in filtrate-correlated modules (indicated in orange section of Euler
diagram, Sup. 1.1). In total 792 genes (out of a total of 11869 transcribed genes) were identified
for further analysis.

Data availability

All sequencing data is publicly available on NCBI under the accession number
GSE197934. Code used for data processing and statistical analysis is available at GitHub
(https://github.com/armbrustlab/Thaps _Catl). All supplementary data tables and secondary data
is available on Zenodo (10.5281/zenodo0.6672614). The C. atlanticus SA60 strain used in these
experiments is available at Bigelow National Center for Marine Algae and Microbiota under the
identifier NCMA B36.

Results

Physiological responses of T. pseudonana to C. atlanticus filtrate treatment
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To determine whether physical interaction is required for C. atlanticus antagonism
against diatoms [10], we collected bacteria-free filtrate from mono-cultures of C. atlanticus cells
grown without previous exposure to the diatoms. Different proportions of the bacteria-free
filtrate (1.6, 3.3, 13, 33, 66, and 100 % v/v filtrate to diatom growth medium) were added to
exponentially growing axenic cultures of 7. pseudonana and compared to control cultures.
Treatment with C. atlanticus filtrate affected the relative in vivo chlorophyll a fluorescence
levels of 7. pseudonana cultures in a dose-dependent manner, with a half maximal inhibitory
concentration of 33% v/v (Sup. 1.6), indicating that part of the morphology in the diatom was
induced by bacterial extracellular compounds. The increased relative in vivo chlorophyll a
fluorescence at low concentrations of filtrate (<13% v/v) could reflect either an increase in in
vivo fluorescence per cell, or an increase in the total number of cells; high concentrations (66,
100%) of C. atlanticus filtrate were deleterious to the diatom within 2 days.

A time course of bacterial exudate impacts on diatom cell abundance, physiology, and
transcriptional modulation was examined in more detail by adding 33% v/v bacterial filtrate to
axenic cultures of 7. pseudonana. The maximum cell abundance (Fig. 1.1A) and
chlorophyll a fluorescence (Sup 1.7A) were reduced in the filtrate-treated cultures, along with a
slight decrease in specific growth rate for filtrate-treated cultures (0.77 day '), as compared to
control cultures (0.81 day™!; Sup. 1.7B). The photosynthetic efficiency (F./Fm) at the initial time
point (24 h) was significantly lower in control samples than in filtrate-treated samples (Sup.
1.7C). A subsequent experiment indicated that dilution of 7. pseudonana control cultures from
1 x 108 cells/ml to 5000 cells/ml led to a comparable reduction in Fv/Fm (Sup. 1.7D). The
filtrate-treated cells did not display a similar transient response to dilution.

Microscopy-based cell-size measurements suggested that a subset of 7. pseudonana cells
increased in size over time after exposure to C. atlanticus filtrate, with visible changes in cellular
morphology (Fig. 1.1B, C, D). The larger cells contained larger chloroplasts (Fig. 1.1D, Sup.
1.8A) and an increased average nuclear area (Fig. 1.1D, Sup. 1.8B). Flow cytometry-derived
forward and side scatter distributions differed between control and filtrate-treated cultures, a
difference that became apparent after 12 h of exposure to the bacterial-free filtrate (Sup. 1.9).
Forward scatter is a proxy for cell size and side scatter reflects cell shape and internal cellular
structures [35]. Increases in both proxies in treated cells is consistent with the elongated
phenotype observed with microscopy (Fig. 1.1B, C; Sup. 1.10). These morphological changes
are similar to that observed when 7. pseudonana was co-cultured with live C. atlanticus cells
[10], indicating that bacterial exo-metabolites are at least partially responsible for the observed
changes.

Transcriptional responses of T. pseudonana to C. atlanticus filtrate treatment

Triplicate samples for transcriptome analysis were collected at three time points: prior to
a difference in cell abundances between treatments (24 h), when the cultures were in early
exponential growth phase yet cell abundances between treatments differed (72 h), and when both
the control and treated cultures were in mid-late exponential growth phase (120 h, marked by
arrows in Fig. 1.1A). The resulting transcriptomes were analyzed with two complementary
methods: differential gene expression and Weighted Gene Co-expression Network Analysis
(WCGNA) [31] (Sup. 1.1). The number of significant differentially expressed (DE) genes
(»<0.01, FDR <0.05 and |logz fold change | > 1) in treatment compared to control samples
increased over time with 2050, 3039, and 3303 DE genes at 24 h, 72 h, and 120 h, respectively
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(Sup. 1.11A). A Mean Squared Deviation analysis of the top 500 most differentially expressed
genes showed a separation of samples based on treatment and, to a lesser extent, sampling time,
with replicate samples grouping together (Sup 1.11B). Differentially expressed genes were
enriched in ribosome biogenesis, RNA translation, amino acid metabolism, response to stress,
RNA modification, and transport at all three timepoints (Fisher’s exact test; Sup. Table 1.1).

We used WCGNA to cluster 7. pseudonana genes into modules of genes with
comparable transcription profiles. The resulting 12 modules were correlated (Pearson) with
measured experimental parameters and phenotypic changes observed in the diatom with or
without bacterial filtrate treatment (Sup. Table 1.2). Most modules were correlated with either 1)
bacterial filtrate treatment-dependent traits (percent of enlarged cells, maximum cell diameter,
and minimum cell diameter; modules 9, 5 and 21), or ii) time-dependent traits
(chlorophyll a fluorescence, cell count, and sampling time; modules 11, 1, 35 and 34) (Sup. 1.4).
Modules correlated with bacterial filtrate-treatment (9, 5, 21) were enriched in cell cycle
progression, carbohydrate metabolism and biosynthesis, amino acid metabolism, transcriptional
regulation and signaling genes (Fig. 1.2; Sup. Table 1.1). In contrast, modules correlated with
time-dependent traits were enriched (p <0.01) in transport, localization, RNA processing,
ribosomal biogenesis, catabolic processes, and transcriptional regulation (GO Biological Process
terms; Sup. Table 1.1). These functional features were also identified by differential expression
analysis, highlighting the importance of separating time-dependent and treatment-dependent
traits.

Further analysis of genes that were both differentially expressed and correlated to the C.
atlanticus filtrate treatment (Sup. 1.1) highlighted five cellular pathways in which expression
patterns were significantly altered by C. atlanticus filtrate treatment: cell cycle progression;
transport; amino acid metabolism; chitin and carbohydrate metabolism; and recognition,
signaling and regulation (Fig. 1.3). The C. atlanticus filtrate induced changes in the abundance of
transcripts associated with numerous components of cell cycle regulation: kinase complexes,
including regulatory cyclin subunits known to control progression through G1/S, G2/M and
mitosis stages of the cell cycle; cyclin dependent kinases (CDKs) that act as catalytic subunits
(Fig. 1.3, Sup. Table 1.3); putative casein kinases that inhibit CDK activity; [36] and the mitotic
spindle checkpoint protein MAD-2 (Sup. Table 1.3). In addition to regulatory genes, several hub
genes (see methods) encoded motor proteins involved in chromosome segregation, kinetochore
binding and spindle formation, including a chromokinesin, centrosome-associated actins, and
condensin-like proteins (Fig. 1.3, Sup. Table 1.3). Transcripts encoding the plastid division
protein FtsZ are elevated at 72 h and 120 h in the treated cultures as compared to control cultures,
coinciding with the increased chloroplast content in treated diatom cells at these timepoints
(Fig. 1.3, Sup. 1.8A).

Filtrate treatment resulted in upregulation of transcription of genes involved in carbon
metabolism such as the TCA cycle, glycolysis and glucogenesis, and chrysolaminarin-based
storage mechanisms (Fig. 1.3, Sup. Table 1.3). We also observed an increase in transcripts
associated with amino acid biosynthesis pathways in treated cells, with changes associated with
biosynthesis pathways of cysteine; aspartate and alanine; valine, leucine and isoleucine;
asparagine, threonine, methionine and lysine; and ornithine and arginine (Fig. 1.3, Sup. Table
1.3). Silicic acid transporter-encoding transcript abundance (Sitl and Sit3) was also upregulated
(Fig. 1.3, Sup. Table 1.3). In contrast, the transcript abundance decreased for twenty genes that
encode chitinases and chitin synthases and the enzymes required for biosynthesis of cell-wall-
associated chitin polymers (Sup. Table 1.3). The treatment also resulted in downregulation of
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genes that encode proteins localized to the girdle band region of the cell wall that regulate the
stability of the cell wall during cell division, which suggests a destabilization and increased
permeability of the cell wall of cells treated with C. atlanticus filtrate (Fig. 1.3, Sup. Table 1.3).
To understand whether the observed transcriptional responses were specific to the
bacterial exudate or represented a general cellular response to stress, we evaluated the stress
response of 7. pseudonana to HxO»-induced oxidative stress after 2 h (Fig. 1.3). A large number
(1569) of genes were differentially expressed under both H>O»-induced oxidative stress and C.
atlanticus filtrate treatment and included genes involved in cell cycle regulation, signaling, and
amino acid metabolism (Fig. 1.3, Sup. 1.12, Sup. Table 1.1). Genes enriched in processes related
to stress response, amino acid biosynthesis, photosynthesis, and general metabolism were
differentially expressed in oxidative stress or in both oxidative stress and C. atlanticus filtrate
treatments. Conversely, genes differentially expressed specifically in response to C.
atlanticus filtrate treatment were enriched in cell cycle control, including DNA replication and
microtubule-based movement (Sup. Table 1.1, Fig. 1.3). Although oxidative stress and ROS
signaling can play an important role in microbial interactions [37,38,39], we did not find
transcriptional evidence that C. atlanticus filtrate induced an oxidative stress response in 7.
pseudonana. Together these results indicate that observed changes in transcription of genes
involved in cell cycle control are due to the filtrate treatment rather than a general response to
stress.

Phenotypic assessment of transcriptome-identified pathways

The C. atlanticus filtrate induced changes in the abundance of transcripts associated with
cell cycle regulation. We confirmed disruption of cell cycle progression in treated 7.
pseudonana cells using flow cytometry-based cell cycle analysis (Fig. 1.4, Sup. 1.13). Under
control conditions, the proportion of control cells in S phase decreased and the proportion of
cells in G1 phase increased between 6—12 h after the start of the experiment, indicating active
cell division (Fig. 1.4). In contrast, in treated cultures the proportion of S phase versus G1 phase
remained constant during this same interval, suggesting an almost immediate disruption of cell
cycle progression in the treated cultures. The difference in DNA distributions between control
and treated cultures became more apparent over time with a gradual increase in the proportion of
treated cells in S and G2 phases after 96 h. During late exponential and stationary phases of
growth (120-168 h), a large proportion of cells in the treated cultures were arrested in S phase
and a subset of treated cells displayed DNA content greater than G2, reflecting unregulated DNA
replication and the presence of larger nuclei, in accordance with the differential expression
patterns of cell-cycle related genes (Figs. 1.3, 1.4).

Treatment with C. atlanticus filtrate also resulted in changes in transcript levels
associated with amino acid and carbohydrate metabolism as well as cell wall components
(Fig. 1.3). These transcriptional profiles suggest an upregulation of these biosynthesis pathways
that, with a coinciding disruption of the cell wall stability, could potentially result in enhanced
release of organic compounds. To test whether diatoms exposed to C. atlanticus filtrate produce
and exude higher levels of complex carbohydrates, we subjected cultures to 24 h and 48 h of C.
atlanticus filtrate and analyzed the extracellular, total, and particulate carbohydrate content of
these treated diatoms relative to control cultures. Diatoms were treated with undiluted filtrate to
ensure a rapid and uniform response by treated cells (Sup. 1.14). We observed an increase in
extracellular carbohydrates after both 24 h and 48 h of treatment in total carbohydrate content,
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indicative of increased carbohydrate production (Fig. 1.5). The increase in the dissolved phase
suggests an increased release of carbohydrates by the diatom into the media (Fig. 1.5), in
accordance with the transcriptomic results.

Discission

Interactions between diatoms and bacteria are mediated through a series of metabolic
exchanges that can influence the behavior and metabolism of both organisms. We focused here
on a previously characterized antagonistic interaction between the model diatom T.
pseudonana and the bacterium C. atlanticus [10]. In co-culture, live bacteria attach to the surface
of diatom cells, inhibit cell division, and modify the morphology of the diatom [10]. Here, we
developed an experimental system that relies on bacterial exudates rather than the presence of
live bacteria. We found that the 7. pseudonana morphology of increased cell size with larger
chloroplast area and nuclei arises during exposure to bacterial exudates without the presence of
live bacteria. In addition, the observed increase in production of carbohydrate-based compounds
and inferred increase in amino acid production and cell wall permeability suggested that released
bacterial metabolites may modify the metabolism of the diatom to better support bacterial
growth. Resulting changes in the diatom’s morphology, especially the increased cell size, could
have far reaching ecological consequences, including increased sinking rates and grazing
susceptibility, and affect light absorption patterns and export of carbon from the surface ocean
[40,41,42].

A schematic based on our transcriptome and phenotypic analyses summarizes how
extracellular metabolites of C. atlanticus impact T. pseudonana physiology (Fig. 1.6).
Transcriptional changes in diatom cell cycle progression, silicic acid uptake, and chitin
metabolism corresponded to the observed morphology. The combination of flow-cytometry-
based cell cycle analysis with the larger nuclei observed in microscopy and the differentially
expressed genes in the treated cells indicate that released C. atlanticus metabolites inhibit 7.
pseudonana cell cycle progression. Changes in cell cycle progression were evidenced by
disruption of genes encoding numerous regulatory and motor proteins involved in division
(Fig. 1.6), as well as a gradual increase in the proportion of S and G2 phase cells (Fig. 1.4). The
atypical increase in S phase cells with C. atlanticus filtrate treatment (Fig. 1.4) could indicate
replication stress, which can lead to uneven chromosome segregation and aneuploidy in
eukaryotic cells [43]. We observed transcriptional changes in genes responsible for spindle
formation and chromosome segregation (Fig. 1.6); analogous genes in the centrosome of other
eukaryotic cells were associated with mitotic delay and genomic instability [44]. Similarly,
observed transcriptional changes in kinetochore function (Fig. 1.6) have been linked to
development of aneuploidy, as kinetochores are responsible for binding microtubules,
coordinating chromosome movements, and activating spindle checkpoints [45]. Additionally, the
downregulation of centrosome-associated actins involved in spindle separation and contractile
ring formation during cytokinesis suggests that the filtrate inhibits cytokinesis of 7.
pseudonana cells [46], leading to enlarged diatom cells that continue to replicate their DNA but
are unable to divide (Fig. 1.1, Fig. 1.6). Previous work shows that bacterial quorum sensing
molecules cause cell cycle arrest in coccolithophores, while at the same time protecting affected
cells from viral mortality, highlighting the importance of bacterial signals in multitrophic
interactions [47]. The multitrophic effect of cell cycle changes in 7. pseudonana warrants further
investigation and could have implications for viral or grazing susceptibility. Cell volume
in Thalassiosira is constrained by G1 DNA content [48]; as long as cell metabolism is active in

14



aneuploid or polyploid cells unable to divide, an increase in size is expected. Although bacterial
algicides can induce cell cycle arrest and programmed cell death [49], live diatom cells
displaying the morphology induced by the C. atlanticus filtrate continued to photosynthesize
(Sup. 1.7A) and produce organic material bioavailable to bacteria (Fig. 1.5).

Enlargement of the silica cell wall is a necessary accompaniment for cell expansion; we
observed an upregulation of genes encoding silicic acid transporters suggesting that 7.
pseudonana increased silicic acid uptake (Fig. 1.3) [50]. Similarly, transcriptional patterns of
genes encoding girdle band localized proteins involved in chitin synthesis and cell wall stability
suggested a destabilization of the silica cell wall, which could also allow for the observed cell
enlargement (Fig. 1.6). The predominant downregulation of genes required for chitin synthesis
suggested a decoupling of silicon precipitation and chitin utilization, potentially leading to an
underproduction of extracellular chitin fibers that slow the sinking rate of diatoms. Both filtrate-
treated 7. pseudonana cells and T. pseudonana co-cultured with live C. atlanticus sank to the
bottom of the tube [10].

Bacterially produced compounds may manipulate the metabolism of the diatom to
support bacterial growth. This can be achieved by specific enhancement of biosynthesis of
compounds beneficial for the bacteria and/or enhanced export of metabolites from the diatom to
the phycosphere. Repression of cell division may also indirectly support bacterial growth and
allow for an extended leakage of metabolites as cells continue to photosynthesize and fix carbon
without dividing. Such mechanisms have been observed in plants; polyploidy is common in cells
near sustained nutrient exchange sites between the host and biotroph, where enlarged host cells
can support the growth of their biotroph by producing excess carbon [51]. We found that
treated 7. pseudonana cells released twice as many dissolved carbohydrates compared to
untreated cells (Fig. 1.5), along with an upregulation of genes involved in chrysolaminarin
synthesis, glucogenesis, and glycolysis (Figs. 1.3, 1.6). C. atlanticus has the genetic potential to
utilize these substrates as a nutrient source using the numerous carbohydrate-active enzymes
(CAZymes) encoded in its genome [10]. We also observed an upregulation of multiple genes
required for the biosynthesis of alanine, valine, leucine, isoleucine, and arginine, amino acids
in T. pseudonana for which C. atlanticus is auxotrophic [10, 52]. Previous studies showed that
the bacterium is able to use external amino acids as a sole nitrogen source [10, 52]. In plant
rhizospheres, where the host provides a stable availability of select metabolites, bacterial
auxotrophy for specific amino acids can provide a selective fitness advantage by allowing them
to conserve the energy required to synthesize these essential compounds [53]. The postulated
destabilization of the silica cell wall and chitin structures could lead to an increased permeability
of the cell wall, potentially exacerbating the leakage of metabolites from 7. pseudonana that can
support bacterial growth. Therefore, by producing compounds that increase diatom leakiness and
production of carbohydrates and essential amino acids, C. atlanticus may create a beneficial
nutrient rich micro-environment. Leakage-facilitated metabolic exchanges among phytoplankton
were described in the Black Queen Hypothesis, where one microorganism relies on a neighbor to
produce essential components and thereby conserves its own metabolic potential [54, 55].

Diatoms can select and modulate the composition of their microbiome through the
excretion of metabolites [18,19,20]. The antagonistic bacterium described here may be
maintained within a diatom microbiome due to the heterogeneity of the diatom’s response at the
individual cell level. In our experiments in which 7. pseudonana cultures are exposed to 33%
bacterial filtrate, both flow cytometry and microscopy observations indicate that some of the
cells exhibit aberrant morphology while other cells appear healthy. This morphological
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heterogeneity can be the result of different metabolic states of the cells, difference in the exact
amount of bacterial metabolites each cell absorbed, or a random ‘bet hedging’ strategy
[56,57,58,59]. Additionally, antagonistic bacteria can be maintained with the diatom through
regulation by other bacteria [60,61,62]. C. atlanticus was originally isolated from a consortium
of bacteria from the diatom P. multiseries, and co-culture of live bacteria induced growth
inhibition on a wide range of phylogenetically diverse axenic diatoms [10]. Our bacteria-free
system mimicked the overall physiological response of 7. pseudonana co-cultured with live C.
atlanticus. T. pseudonana response to the bacterial filtrate is dose-dependent, with high
concentrations being toxic and low concentrations stimulating fluorescence. The increased
relative in vivo chlorophyll a fluorescence at low concentrations of filtrate (< 13% v/v) suggests
either an increase in in vivo fluorescence per cell or an increase in the final concentration of
cells, perhaps due to hormesis, an apparent increase of viability likely due to enhanced reparative
processes due to stress [63]. In contrast to the direct association with live bacteria, we did not
observe significant induction of multiple nuclei within individual cells. These differences
between the diatom response to live bacterial co-culture and bacteria-free exudates can be a
result of several factors, for example, bacterial attachment or close proximity to the diatom can
increase exudate concentrations in the diatom phycosphere. Additionally, a yet unexplored
diatom-bacteria metabolic crosstalk may alter the pathogenicity of the bacteria and its exudates.

The interactions between phytoplankton and bacteria are dynamic and can change from
beneficial to algicidal based on chemical cues released by the host [64]. Although active
metabolites released by C. atlanticus were produced in the absence of previous exposure to the
diatom, the bacteria were grown on a rich media, which may have simulated a nutrient-rich
phycosphere environment. Nonetheless, our study indicates that diatom-specific cues are not
required for the production of algicidal compounds by C. atlanticus. Future work warrants
further investigation of how the presence of phytoplankton and phytoplankton-produced
compounds impacts the production of algicides by C. atlanticus.

Diverse bacterially produced compounds ranging from small molecules to enzymes have
algicidal impacts on phytoplankton. For example, bacterial quorum-sensing molecules can
inhibit diatom growth and metabolism [24, 25, 47]. Similarly, a flavobacterium produces L-
amino acid oxidases, exuding hydrogen peroxide as a byproduct of amino acid oxidation,
resulting in an indirect algicidal effect on green algae [64]. The active components of released C.
atlanticus metabolites are currently unknown, however, the C. atlanticus genome encodes
cyclomodulins such as gamma-glutamyl transpeptidases that are known to affect the cell cycle of
various eukaryotic cells [65, 66]. This study opens the way for further investigations into the
isolation and characteristics of bioactive components produced by a ubiquitous marine
bacterium. Flavobacteria are known to play important roles in organic matter degradation during
phytoplankton blooms [67] and elucidating the effects of bacterially produced metabolites on
diatoms has important implications for understanding bloom dynamics and nutrient flux in the
ocean.
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Fig. 1.1. Effect of C. atlanticus filtrate on growth and morphology of 7. pseudonana. (A)
Growth of T. pseudonana cultured with 33% v/v C. atlanticus filtrate (orange) or with 33% v/v
control bacterial media (black). Black arrows indicate sampling times for transcriptome analysis.
Cell counts at 0 h were not directly measured but calculated from dilution of cultures used to
initialize the experiment. (B) Representative brightfield images of 7. pseudonana morphology
grown under control conditions (top row) or in C. atlanticus filtrate-treated (bottom row)
conditions over the course of the experiment. The three time points corresponding to
transcriptome sampling time points are shown. Brightfield images show cell size and shape,
overlapped with fluorescence images of SYBR Green stained DNA in diatom nuclei (green
fluorescence) and chlorophyll fluorescence (red fluorescence). Black arrows indicate treated
cells with abnormal morphology. (C) Percentage of control (black) and C. atlanticus filtrate
treated (orange) 7. pseudonana cells with a cell area 2 standard deviations larger than the mean
cell area of the control population at each time point. Cell area measurements were obtained
from brightfield microscopy images. (D) Representative epifluorescence images of 7.
pseudonana morphology grown under control conditions (top row) or in C. atlanticus filtrate-
treated (bottom row) conditions over the course of the experiment. Green fluorescence represents
SYBR Green stained DNA in the diatom nucleus, and red fluorescence represents chlorophyll
fluorescence in plastids. White arrows indicate treated cells with abnormal morphology.
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Figure 1.2
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Fig. 1.2. Functional enrichment of genes belonging to C. atlanticus filtrate treatment related
modules. Network of enriched GO terms in modules 9, 5, and 21 based on a Lin’s similarity
score cutoff of 0.7. Enrichment analysis was done on each module separately. Each node
represents an enriched GO term while clusters represent GO terms of similar function. Enriched
terms are colored by the module they belong to and shaped based on directionality of correlation
to C. atlanticus filtrate treatment. The length of edges connecting the nodes is arbitrary.
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C. atlanticus
filtrate

H,0, stress

. 0
Gene Function O 24h 72h 120h

r G1/S-specific ds-cyclin D (2604)
G2/M-specific ds-cyclin A (6211)
Regulation via [ ] G2/Mitotic-specific cyclin A (21159)
Cyclins/CDKs I Cyclin B mitotic kinase-activating protein (33883)
2 Cyclin-dependent kinase (28217)
> I Serine/threonine-protein kinase TTK/MPS1-like (33772)
= L Serine/threonine protein kinase (267933)
8 r Cyclin-dependent kinase WEE1 (263366)
Motor proteins Putative Chromokinesin (269735)
P Putative condensin-like (extra-spindle) protein (42365)
L Putative ARP1 Centractin (269504)
Plastid division [ FtsZ family, tubulin homologue (270352)
r ABC transporter (261431)
- O Silicic adic transporter (268895)
Ubiquitous Acetyl CoA transporter (38149)
T transporters - Amino acid/polyamine transporter (268147)
8 L VPS13 Vacuolar sorting-associated protein (6670)
2 Mitochondrial Mitochondrial carrier protein (20731)
© ¢ t Mitochondrial carrier protein (3748)
= ransporters | Tim44-like protein (26136)
Vesicle-mediated | Phosphatidylinositol-4-phosphate 5-kinase (PIP5K) (264335)
i Clathrin coat dissociation kinase GAK/PTEN/Auxilin (24137)
transport | hsc70 (28189)
- .2 ; O-acetylserine (thiol)lyase (1247)
g & o CySt_e'_ne L Arginine biosynthesis amidoacylase (15114)
o € Ornithine and arginine [ Ornithine carbamoyltransferase (997)
€ > Asparagine, | Asparagine synthase B (268718)
E o methionine. | siné Cobalamin dependent methionine synthase (693)
o i L Bifunctional lysine-specific demethylase (21524)
. " p150-like chitin-binding protein (26041)
g Girdle band chitin | Chitin synthase Chs7350 (263298)
S5 Chrysolaminari [ B-1,6-glucan synthase (3105)
g e o gIGP/PI\IAdG?\SS (2362?159) hate dehyd (35816)
E=Are) i yceraldehyde 3-phosphate dehydrogenase (35
5¢€ O o [ ACS2 (acetyl-CoA synthetase) (270246)
o Amin [ e Glucosamine 6-phosphate synthetases (24521) GS
Ino sugars Galactosyltransferases (269773) 1
Phosphatidylinositol [ Phosphatidylinositol 4-kinase (260874) 0.8
signaling Phosphatidylinositol 3-kinase VPS34 (264395) 0.6
= Calcium signaling [ I Calmodulin (41372) 0.4
< > o e Leucine rich repeat, transmembrane (5595) 0.2
© &  Leucinerichrepeats [ Leucine rich repeat, cytoplasmic (20707) :
R=t o HSF (9607) logFC
® 3 Transcription factor [ Myb family (Myb3R4) (39677) w5
5; o Zn finger CCCH type family (1161)
» ] SIR2-like transcriptional regulatory protein (16405)
Chromatin structure [ Putative histone deacetylase (269060) 0
Histone deacetylase type 2 (36076)
RNA processing [ _ DEAD-box RNA helicase (21222) ! -5

Fig. 1.3. Transcriptional patterns of selected 7. pseudonana genes in response to C.
atlanticus filtrate treatment and exposure to oxidative stress. Representative genes with
functions in cell cycle progression, transport, amino acid biosynthesis, chitin and carbohydrate
metabolism, and signaling and regulatory processes are shown. Columns from left to right: gene
significance (GS) for C. atlanticus filtrate, differential expression (logFC) of genes in response
to C. atlanticus filtrate treatment at 24, 72, and 120 h after exposure as compared to control
cultures, and differential expression of 7. pseudonana after 2 h of H>Oz-induced oxidative stress
compared to control conditions (see Methods). Labels on the right indicate encoded protein, with
gene ID in parentheses.
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Figure 1.4
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Fig. 1.4. Cell cycle analysis via flow cytometry in control (black) and C. atlanticus filtrate
treated 7. pseudonana cells (orange). DNA distributions of representative cytograms are shown
(one representative replicate out of three is shown here), with distributions normalized to 1 pm
beads and aligned based on the mode of G1 peaks. Each plot represents samples taken at
indicated times after initial treatment with the filtrate. Blue dashed lines indicate boundaries of
different cell cycle stages (G1, S, G2) and were drawn based on the signal of the control cultures.
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Figure 1.5
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Fig. 1.5. Carbohydrate content in control (black) and C. atlanticus filtrate treated (orange)
diatom cultures. Gray dots represent individual experimental replicates, stars indicate
significant difference between control and filtrate treated cultures at each time point by students
t-test (*p < 0.05, **p <0.01). Total, dissolved, and particulate carbohydrate measurements were
derived from bulk volume measurements normalized to cell concentration to get a carbohydrate
content per cell. Particulate carbohydrate content was calculated as the difference between total
and dissolved fractions. In filtrate treated samples, carbohydrate content of pure bacterial filtrate
was subtracted from sample measurements to estimate carbohydrates produced by diatoms.
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Figure 1.6

T. pseudonana
Cell cycle regulation

Amino acid biosynthesis

N-acetylornithing s> Ornithine

1 MethTionine l

O-phosphohomoserine| Gitrulline

G1/S checkpoint
SDV actins ds-cyclin D

ARP1 centractin

Arginine
Cytokinesis N-acetylglutamate 9
CDKs Aspartate
Casein kinases . ’ Urea
: Arginino-succinate
Kinetochore components Glutamate Threonine
Dyneins ds-cyclin (mitosis) Oxaloacetate
Metaphase | Cyclin B ¥ pyruvate =——p 2-acetolactate
i Alanine 2-aceto-2-
S G2 cheqkpomt hydroxylbutyrate
Chromaekinesin Cyclins A . .
WEE1 kinase 3-isoproplymalate < 2-oxoidovalerate

MAD?2 spindle cheekpoint protein

Glu
P CDK TKK/MPS1 206 2-0G

Extra-spindle pole-like proteins Leucine Valine Isoleucine
Condensin
Chitin biosynthesis
Fructose?Fructose GPWN-qucosamine 6P—TJG+>Chitin monomers ——Fpr=—" Chitin
synthases
Silicic acid transporters T EJ::\F:t:afs_pc:rter Chiti
SIT1 Girdle band tinases

SIT3

Chitin synthase (forms
chitin ring to enhance cell
wall stability) y

\
| Chitinases,
1
I

—— -
.
Carbohyd rates\"
Amino acids \_
Chrysolaminarin \
hd

Auxotrophic for:

Alanine Arginine
Isoleucine  Ornithine
Valine Citrulline
Leucine
\.
Released /
bacterial
metabolites 3
.-/

= Upregulated
=—>Downregulated

Not differentially expressed
Contains intermediate steps

Fig. 1.6. Summary of 7. pseudonana transcriptional changes in response to C. atlanticus
filtrate. The green box represents 7. pseudonana, the yellow box represents C. atlanticus.
Upregulated (red) and downregulated (blue) 7. pseudonana genes involved in cell cycle
progression, amino acid metabolism, and chitin biosynthesis are shown. Colored letters and

arrows represent up or downregulated genes, grey arrows represent genes that are not

differentially expressed. Arrows with dots indicate intermediate steps not shown in the pathway.

C. atlanticus auxotrophic amino acid residues are derived from van Tol et al., 201717,

potential interacting metabolites are indicated with the curved grey arrows
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Supplemental Figures and Tables
Sup 1.1
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Sup. 1.1. Flowchart of statistical approach used for analyzing transcriptome data. Sample pre-
processing (blue boxes), statistical analysis using WGNA clustering and differential expression
analysis (yellow boxes), and selection of interesting genes (green boxes) is shown. Euler diagram
illustrates the selection of genes considered for detailed analysis. An intersection of genes that
were significantly differentially expressed in the C. atlanticus filtrate treated samples compared
to the control in one or more of the time points sampled and hub genes identified from the four
WCGNA modules were considered (red), along with a subset of genes present in pathways that
were enriched in filtrate correlated WGCNA modules (orange). In total 792 genes were
considered in detail for further analysis, indicated by the red and orange sections.
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samples (right). Median TPM was calculated across all genes and samples. (B) Sample clustering

removing genes with expression levels below the median TPM in greater than 25% of the
dendrograms before (left) and after (right) removal of two outlier samples. (C) Scale-free

topology and mean connectivity parameters used in network construction. A soft threshold

power of 18 was used for network construction. The red line in the left panel represents the 0.8

cutoff value of the scale-free topology.
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Sup 1.3
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Sup. 1.3. WGCNA network and module construction. (A) Dendrogram of all genes clustered
via hierarchical clustering according to a dissimilarity measure (1-TOM), and the corresponding
module colors. The top row of module colors indicates module assignments using a dynamic tree
cut method, while the bottom row indicates module assignments after similar modules have been
merged based on a module dissimilarity threshold height of 0.25. (B) One-dimensional clustering
of merged modules according to module eigengenes, which correspond to the principal
component of each module. The MEO module captures genes that do not show strong clustering
with genes in any other module.
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Sup. 1.4. Correlation of WGCNA generated gene modules to C. atlanticus filtrate treatment
and other experimental traits. (A) Heatmap of the correlation (Pearson) between the
experimental traits (columns) and WGCNA-derived module eigengenes (MEs) (rows). Within
each cell, upper number is the correlations of the corresponding MEs and traits; p values from
the linear mixed-effects model in parentheses. Red indicates positive correlations, blue indicates
negative correlations, according to the color legend. RFU indicates relative fluorescence units
corresponding to Chlorophyll a content. Cell size parameters are from microscopy analysis. (B)
Mean gene significance of each module to treatment with C. atlanticus filtrate. Error bars
represent standard deviation across all genes in a module. Stars indicate modules with greatest
significance to treatment; numbers indicate number of genes in each module.
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Sup. 1.5. Selection of hub genes that are differentially expressed and correlated to the C.
atlanticus filtrate treatment. Correlation between gene significance for C. atlanticus treatment
traits and module membership in module 9, 5 and 21. A hub gene is defined as a gene in one of
these modules with both a gene significance > 0.8 and a module membership > 0.8 (red lines).
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Sup 1.6
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Sup. 1.6. Dose-dependent relative fluorescence ratios of 7. pseudonana in response to C.
atlanticus filtrates. Relative chlorophyll fluorescence units (RFU) in response to different
concentrations of C. atlanticus filtrate. Fluorescence under varying concentrations of C.
atlanticus filtrate is normalized to fluorescence under control conditions. The mean of three
replicate cultures is shown, error bars represent standard deviations.
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Sup. 1.7. Additional measurements of control (black) and filtrate treated (orange) diatom
cultures. (A) Relative chlorophyll a fluorescence of 7. pseudonana in response to 33% v/v C.
atlanticus filtrate measured in relative fluorescence units (RFU). (B) RFU plotted on a
logarithmic scale, with specific growth rates calculated between 24 h and 96 h of diatom growth.
(C) Photosynthetic efficiency (Fv/Fm) of control samples and samples treated with 33% v/v C.
atlanticus filtrate over the growth curve. (D) Fv/Fm of only control cultures measured during an
independent experiment where control cultures were diluted to 5000 cells/ml (light green)
compared to 5x104 cells/ml (dark green). Error bars represent the standard deviation of triplicate

cultures in all panels.
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Sup 1.8

Sup. 1.8. Microscopy measurements of control (black) and C. atlanticus filtrate treated
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(orange) 7. pseudonana cells. (A, B) Distributions of chlorophyll area (A) and nucleus area (B)

per cell in control and C. atlanticus filtrate treated cells across three time points. Kolmogorov-

Smirnov test was used to test for significance (p<0.05) between control and C. atlanticus filtrate
treated populations at each time point.
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Sup. 1.9. Cell size distributions from flow cytometry data of control (black) and C.
atlanticus filtrate treated (orange) populations. (A) Distributions of forward scatter as a proxy
for cell size. (B) Distributions of side scatter can indicate changes in cell shape.
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Sup 1.10
Control 24 h ‘ Filtrate treated 24 h

Control 72 h

Sup. 1.10: Additional microscopy images of control (left column) and C. atlanticus filtrate
treated cells (right columns) at three time points. Brightfield images show cell size and shape,
overlapped with fluorescence images of SYBR Green stained DNA in diatom nuclei (green
fluorescence) and chlorophyll fluorescence (red fluorescence).
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Sup. 1.11. Differential expression analysis of transcriptome data (A) Volcano plots of RNA-
seq data for the three sampled time points. Log2 fold changes are plotted against log10 False
discover rate (FDR) for C. atlanticus filtrate treated samples when compared to the control at all
three time points. Significantly differentially expressed genes based on a 5% FDR level are
highlighted in blue. The number of significantly up- and down-regulated genes is signified on the
plots, where significant differential expression is defined as genes that have p < 0.01, FDR <
0.05 and |log2 fold change| > 1 in the treatment compared to control samples. (B) The Mean
Square Deviation (MSD) of the 500 most differentially expressed genes. Different symbols
represent samples taken at t = 24 h (circles), t = 72 h (squares) or and t = 120h (triangles) for
either C. atlanticus filtrate treatment (orange) or control (blue). Distances between samples
represent the log2 fold change between samples, based on the top 500 most discriminative genes.
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Sup 1.12
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Sup. 1.12. Comparison of 7. pseudonana transcriptional profiles under C. atlanticus filtrate
treatment and H202-induced oxidative stress. Differential expression of C. atlanticus filtrate
treated after cells after 72 h compared to differential expression 2 h after addition of 200 pM
H202-induced oxidative stress.
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Sup. 1.13: Cell cycle analysis via flow cytometry in control (A) and C. atlanticus filtrate
treated 7. pseudonana cells (B). DNA distributions of all cytograms are shown, with
distributions normalized to 1 um beads and aligned based on G1 peaks. For each treatment, all
three replicates are plotted to show consistency.
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Sup. 1.14
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Sup. 1.14: Cell counts of the carbohydrate content phenol-sulfuric acid assay experiment of
control (black) and C. atlanticus filtrate treated (orange) diatom cells. 7. pseudonana cells
were treated with undiluted bacterial filtrate. At 24 h, cells are still alive, but after 48 h, the
undiluted bacterial filtrate treatment becomes lethal.
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Sup. Table 1.1. Enriched Gene Ontology (GO) terms in WCGNA modules and
differentially expressed genes at each of the three time points. Enrichment was done on GO
Biological Process (BP), Molecular Function (MF), and Cellular Component (CC) terms, as well
as on KEGG pathways on genes belonging to every module and differentially expressed genes at
24 h, 72 h and 120 h after treatment with C. atlanticus filtrate. Only significantly enriched terms
with Fisher’s test p-value < 0.01 are shown.

Sup. Table 1.2. Gene significance and module membership for genes in all WGCNA
modules. Gene significance (GS), p-value for gene significance (p.GS), module membership
(MM) and p-value for module membership (p.MM) for each gene in relation to each measured
experimental trait and module.

Sup. Table 1.3. Expression patterns of 7. pseudonana in response to C. atlanticus filtrate.
Differential expression for three time points and gene significance for C. atlanticus filtrate
treatment for hub genes with functional annotations, as well as for additional genes involved in
relevant pathways and functions that were differentially expressed but were not identified as hub
genes.
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Chapter 2: Functional patterns of microbial interaction in the North Pacific revealed
through statistical modeling of environmental metatranscriptomes

Zinka Bartolek', Amy Willis?, Sarah Teichman?, E. Virginia Armbrust!

School of Oceanography, University of Washington, Seattle, WA, 98195, USA
2Department of Biostatistics, University of Washington, Seattle, WA, 98195, USA

Abstract

Marine microorganisms form dynamic networks of interactions that structure food webs
and drive global biogeochemical cycles. These interactions range from opportunism, to sustained
symbioses to competition, predation and defense. Despite advances in lab experiments, co-
occurrence analyses, environmental omics, and computational modeling approaches, the scope of
molecular processes involved in microbial interactions remains difficult to observe directly in the
environment. Here, we developed Enviromtx, a statistical approach that detects microbial
interactions and their transcriptional signatures directly from environmental metatranscriptomes,
without a-priori assumption of interacting organisms or mechanisms of interaction. We
identified the most consistent transcriptional signatures of interactions across the North Pacific
Ocean, and show that a small but significant portion of a species transcriptome is involved in an
interaction response. The most common interactions occurred in cross-kingdom pairs, especially
between diatoms and bacterial phyla such as Pseudomonadota and Bacteroidota, mediated by
nutrient exchange, defense, secondary metabolites, and motility. We identified general functions
of interactions occurring among many species including cross-feeding and defense, as well as
species-specific responses occurring through secondary metabolite exchanges and metabolic
regulation. We propose new candidate interactions between specific species-species pairs and
highlight specific functions mediating the interactions. By detecting functional signatures of
interactions from field metatranscriptomes, Enviromtx reveals broad patterns of species
interactions in the North Pacific and generates hypotheses for targeted laboratory or modeling
studies.
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Introduction

Microorganisms in the ocean engage in complex, dynamic networks of interactions with
global-scale consequences as these organisms form the base of marine food webs and influence
nutrient cycling in the ocean. Central to these interactions are nutritional exchanges between
phytoplankton and bacteria, where phytoplankton produce organic matter through photosynthesis
that heterotrophic bacteria consume and remineralize. However, complex interactions occur
between phytoplankton and bacteria as well as within bacterial and phytoplankton communities,
and include opportunism, competition, predation and symbiosis (Falkowski et al., 2008; Azam &
Malfatti, 2007). In the dilute ocean environment, phytoplankton and bacteria exist in close
association to each other within the phycosphere, a diffusive boundary layer surrounding each
phytoplankton cell, where nutrient concentrations can exceed background levels by orders of
magnitude (Seymour et al., 2017), and chemical conditions including pH differ from surrounding
seawater (Liu et al., 2022). Bacteria can sense these chemical gradients through chemotaxis,
enabling them to remain transiently within the phycosphere or to attach directly to the
phytoplankton cell (Raina et al., 2022). Within bacterial communities, bacteria engage in
competition for nutrients, syntropy and cross-feeding (Seth & Taga, 2014). Some eukaryotes
obtain nutrients through phagocytosis, and mixotrophs can adjust their metabolic strategy
towards heterotrophy or phototrophy depending on nutrient and prey availability (Stoecker et al.,
2017; Lambert et al., 2022). Numerous microorganisms engage in competition and defense
through production of antimicrobial compounds and toxins (Agrawal et al., 2017), as well as
communication, signaling and regulation of microbiome composition via quorum sensing
(Coolahan & Whalen, 2025; Rolland et al., 2016; Pollara et al., 2021; Stock et al., 2020).
Similarly, species engage in exchanges of scarce resources, for example siderophore-mediated
iron exchanges and synthesis of amino acids and vitamins by some species are taken up by others
that are auxotrophic for the compound (Amin et al., 2009; Gémez-Consarnau et al., 2018; Croft
et al., 2005). Some interactions involve specific exchanges of specific metabolites suggesting
long term co-evolution (King et al., 2022; Ahern et al., 2021), while others occur through
opportunistic uptake of available organic matter and broad range defense mechanisms (Sarmento
& Gasol, 2012; Sarmento et al., 2016).

Marine microbial interactions have been extensively studied through co-culture
experiments with model organisms, computational models, and in-situ community level omics
observations. For example, lab co-culture experiments have identified molecular mechanism of
interactions between specific phytoplankton-bacteria pairs and found that bacteria can both
stimulate and inhibit phytoplankton growth and metabolism through a series of metabolic
exchanges (Durham et al., 2017; Amin et al., 2015; Van Tol et al., 2017; Bartolek et al., 2022;
Pollara et al., 2021; Stock et al., 2020). Similarly, constraint based metabolic models of
individual marine species such as the diatoms Thalassiosira pseudonana (Van Tol et al., 2017)
and Phaeodactylum tricornutum (Levering et al., 2016), as well as various marine bacteria
(Fondi & Di Patti, 2019) have identified potential mechanisms of metabolic interchanges
between species pairs. Potential microbial interactions within natural communities have been
inferred using environmental surveys focused on co-occurrence of specific taxonomic groups.
Co-occurrence analysis and microbiome characterization have shown that specific bacterial taxa
such as Bacteroidetes, Gammaproteobacteria, and Alphaproteobacteria tend to associate with
phytoplankton (Amin et al., 2012; Ramanan et al., 2016; Sterling et al., 2023). Community level
metabolic models based on genomic potential have been used to predict the fluxes of nutrients
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within bacterial communities both in the human gut microbiome and in marine settings
(Magnusdottir et al., 2017; Levine et al., 2017), and are moving towards incorporating the effects
of cross-feeding and metabolite exchanges between marine phototrophs and heterotrophs into
biogeochemical models (Liicken et al., 2025). Similarly, outcomes of pairwise interactions
between bacteria can be predicted using machine learning, although, machine learning models
require prior knowledge of phenotype (healthy vs. diseased) or interaction outcome (co-existence
vs. co-exclusion) classification for training, which is difficult to obtain in an ocean setting
(DiMucci et al., 2021). Observing direct expression of specific interaction related gene markers
and molecules in the environment is possible through environmental metagenomics,
metatranscriptomics and metabolomics (Durham et al., 2022; Park et al., 2025). In the human gut
microbiome, transcriptional interactions between pairs of bacteria were identified on a gene-to-
gene differential expression level based on presence and absence patterns of individual species
across patients (Plichta et al., 2016). These approaches have identified different aspects of
microbial interactions and yet, linking specific molecular functions to species interactions in
complex natural environments remains a challenge.

Here, we describe a novel statistical method Enviromtx that predicts transcriptional
mechanisms of interaction in natural communities based on metatranscriptome data. Enviromtx
identifies transcriptional features of interaction between species pairs by testing the expression
patterns of all sequenced functions in relation to the two species co-abundance patterns along an
environmental gradient. The approach does not rely on isolation and culturing of representative
model organisms or on sequenced genomes and metabolic models of select species. Similarly,
we approach the problem with no a priori expectations of interacting organisms or interaction-
associated functional signals. We apply Enviromtx to metatranscriptome data collected on three
transect cruises in the North Pacific to study which taxonomic pairs are interacting in the
environment, and through what molecular functions. The North Pacific is particularly suitable to
our analysis as it crosses numerous chemical, physical and biological gradients, resulting in
variation of species abundances across the region (Follett et al., 2021; Dutkiewicz et al., 2024).
The North Pacific consists of the subtropical gyre, a transition zone (NPTZ) defined by a salinity
front at the southern most border and the transition zone chlorophyll front (TZCF) further north
where surface chlorophyll a concentrations exceed 0.2 mg/m? (Polovina et al., 2001), and the
subpolar gyre in the north. This environmental gradient is characterized by changes in nutrient
regimes (Juranek et al., 2020), shifts in phytoplankton community structure (Church et al., 2008),
and changing functional roles of different microorganisms (Gradoville et al., 2020; Lambert et
al., 2022). Comparing results of interaction signatures from three separate latitudinal cruises
along 158W allowed us to pull out the most robust interactions in the North Pacific. Detecting
functional signatures of interactions directly from field metatranscriptome data makes it possible
to survey a broad range of interacting species, identify high level patterns of interactions in the
ocean, and propose additional targets for detailed lab or metabolic modeling experiments.

Methods

G1-3 metatranscriptome data collection and processing:

Metatranscriptome Sample Collection
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Metatranscriptome samples were collected on three cruises in the North Pacific:
Gradients 1 (KOK1606; April 20 - May 4, 2016), Gradients 2 (MGL1704; May 26 - June 4,
2017), and Gradients 3 (KM1906; April 10 - April 29, 2019). These cruises follow a latitudinal
transect from ~20°- 40°N along 158°W crossing numerous environmental Gradients. Seawater
was collected either from a CTD rosette or the ship’s underway system as previously described
in Groussman et al., 2024. Briefly, approximately 5-10 L of seawater was subsampled into 10 L
acid-washed polycarbonate carboys, pre-filtered through a 100 pm (Gradients 2 and 3) or 200
um (Gradients 1) mesh, and triplicate samples were sequentially filtered through 3 pym and 0.2
um polycarbonate filters to generate both a 3-100 or 3-200 pm size fraction and a 0.2-3 pm size
fraction. Filters were flash frozen in liquid nitrogen and stored at -80°C before processing.

Metatranscriptome Extraction and sequencing

Metatranscriptomes were generated as previously described (Groussman et al., 2024;
Durham et al., 2019; Park et al., 2023). In short, total RNA was extracted using the TOTALLY
RNA kit (Invitrogen AM1910) for Gradients 1, and the Direct-zol MiniPrep Plus kit (Zymo
Research R2720) for Gradients 2 and Gradients 3. During extraction, a set of 14 synthetic spike-
in mRNA standards was added to the samples as previously described (Groussman et al., 2024;
Satinsky et al., 2013) to enable estimates of transcript abundance across samples. The extracted
RNA was quantified with a Qubit fluorometer 1.0 (ThermoFisher) and quality controlled using a
Bioanalyzer 2100 (Agilent). For each extracted filter (0.2 um and 3 pm for each sample
replicate), the RNA was split into two halves to generate either total community
metatranscriptomes or eukaryotic community metatranscriptomes. Total community mRNA was
generated by rRNA depletion using either Illumina RiboZero (Yeast+Bacteria) kit for Gradients
1 and Gradients 2 samples or ThermoFisher RiboMinus (Yeast+Bacteria; K15503, K15504) kit
for Gradients 3 samples. Eukaryotic community mRNA was generated by polyA selection
(conducted at the Northwest Genomic Center, University of Washington, Seattle). Resulting
mRNA samples were sequenced on two separate plates for each cruise. Gradients 1 polyA
samples were sequenced on an [llumina NextSeq500 platform using four high output flow cells
with 300 cycles. All other samples were sequenced on the Illumina NovaSeq6000 platform using
S2 flow cell with 300 cycles. Library prep and sequencing was done at the Northwest Genomics
Center (University of Washington, Seattle).

Metatranscriptome assembly, normalization and annotation

Gradients 1, 2, and 3 polyA selected eukaryotic metatranscriptome sequences and
assembled contigs have previously been published and the processing described in Groussmann
et al., 2024. The Gradients 1, 2 and 3 rRNA depleted total community metatranscriptome
processing is described here (Sup. 2.1). Raw Illumina reads from rRNA depleted samples were
quality controlled with Trimmomatic v0.36 (MAXINFO:135:0.5, LEADING:3, TRAILING:3,
MINLEN:60, and AVGQUAL:20) (Bolger et al., 2014). Short reads were assembled into longer
contigs using Trinity de novo assembler v2.3.2 (--normalize reads --min_kmer cov 2 --
min_contig_length 300) (Grabherr et al., 2011). All assemblies were performed on short reads
from combined replicates. Assembled contigs were translated into amino acid space in six frames
with transeq (Rice et al., 2000) vEMBOSS:6.6.0.059 using Standard Genetic Code, and the
longest coding frame was retained for future analysis. The best frame translated assemblies were
clustered at 99% amino acid identity with MMseqs2 (Steinegger & Soding, 2018). To quantify
assembled contig abundances and obtain raw transcript counts, unassembled short reads were
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mapped to the assembled contigs using kallisto v0.46.1 (Bray et al., 2016). To estimate transcript
concentrations in transcripts per liter, the raw transcript counts for each assembled contig were
multiplied with the normalization factors based on the recovery of 4 synthetic internal mRNA
sequences (Satinsky et al., 2013; Durham et al., 2019; Park et al., 2023). Standard counts were
recovered using the Bowtie 2 aligner v.2.5.2 using the standard pipeline for paired-end reads
(Groussman et al., 2024). Taxonomic annotation of the assembled contigs was done with
DIAMOND alignment to a combined reference database containing MarFeRReT v1.1
(Groussman et al., 2023) and MARMICRODB v.1.0 (Becker et al., 2019) reference databases.
For annotation with MARMICRODB, custom taxIDs from MARMICRODB were converted to
NCBI taxIDs, taking care that Prochlorococcus and Synecoccus taxID’s matched, as the taxIDs
were not published at the time MARMICRODB was released. Functional annotation of the
assembled contigs was done using HMMER 3.3 (Eddy, 2011) against the Kyoto Encyclopedia of
Genes and Genomes (KEGG) KOfam Hidden Markov Models (HMMs) database (Kanehisa &
Goto, n.d.) with KOfam predictions with a threshold score > 30 retained for each contig, and
against Pfam 35.0 (Mistry et al., 2021) HMMs where the ‘trusted cutoff’ assigned by Pfam to
each hmm profile was used as a minimum score threshold. A summary of the total number of
assembled contigs and taxonomic and functional annotation efficiency for all rRNA depleted
total community metatranscriptomes from Gradients 1, 2 and 3 is available in Sup. Table 2.1.

Enviromtx statistical model:

Overview:

We designed a new statistical method, Environmtx, to detect functional signatures of
interactions between microorganisms directly in the environment by determining whether the
relative abundance of a given species impacts the gene expression patterns of another species.
Enviromtx models pairwise transcriptional interactions between microorganisms using
environmental metatranscriptome data. It estimates the percentage difference in the expression-
per-unit-abundance of one species (transcript expression of a function in the "responder" species)
for changes in the abundance-per-unit-abundance of the other species (abundance of the
"companion" species relative to the abundance of the responder). The ‘responder/companion-
label’ is arbitrary and is tested in both directions of a pair. The strength of the interaction is
assessed, and a hypothesis test for a null interaction is performed. Each functional feature
(KOfam) in the responder species can be tested in response to one companion at a time. The
method is robust to unequal detection of different species and functional features between
species across the dataset, and can account for correlated observational designs (e.g. replicates
and longitudinal sampling).

Model input data:

To detect pairwise transcriptional interactions in the Gradients 1, 2 and 3 North Pacific
metatranscriptome data, the Enviromtx statistical model was applied to each Gradients cruise
separately, then aggregated (Sup. 2.1). The transcript abundance data for each taxonomy and
KOfam along the cruise transect were obtained and aggregated as follows: Contigs with an
taxonomic annotation at kingdom level of “Bacteria”, “Archaea”, and “Viruses” were retrieved
from the ribosomal-depleted metatranscriptomes, and contigs with a taxonomic annotation at
kingdom level of “Eukaryota” were retrieved from the polyA selected metatranscriptomes. Size
fractions were combined per replicate per dataset, resulting in 0.2 - 200 pm size fractionation for
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Gradients 1 and 0.2 - 100 um size fractionation for Gradients 2 and 3. A sample replicate was
disregarded if it lacked either a size fraction, or a total community or eukaryotic community
component. This resulted in a total of 21 samples including replicates for Gradients 1, 29 for
Gradients 2, and 22 for Gradients 3 cruises, spanning the entire transect of each cruise with
comparable spatial resolution between cruises (Sup. Table 2.2; Fig. 2.1). Contigs taxonomically
annotated at the species level were grouped into species bins. Contigs without species-level
annotation were not analyzed further.

Within each species pair, the Enviromtx model was applied to all responder KOfams
individually. The responder (X;;) and companion (X;+) transcript abundance (transcripts/L) was
calculated by summing the estimated transcript concentrations per species bin, including both
functionally annotated and un-annotated counts. The KOfam abundance (Yij) was calculated by
summing transcript concentrations of all contigs per responder taxonomic bin annotated with the
same KOfam per sample in transcripts/L.

Enviromtx Model Structure

For every species pair detected in environmental metatranscriptome data, we define one
member of the pair as the responder and one member of the pair as the companion and test
whether the responder shows a transcriptional response, based on KOfam expression, to the
abundance of the companion species. For a fixed function £ in the responder species, responder
species abundance j and companion species abundance j*, we estimate the multiplicative
increase in the average expression-per-unit-abundance of function £ when the abundance of
species j* per unit abundance of species j changes by 1% (e.g.). The model can also account for
abiotic covariates (e.g., temperature, nutrient availability, etc.) to compare across environments
with the same abiotic characteristics but different responder-companion abundance ratios. The
methodology is implemented in the R package enviromtx available at
https://github.com/statdivlab/enviromtx.

The Enviromtx model is as follows. Let Y denote the observed transcript abundance of
function £ in responder species j (responder species) in sample 7, and X;; denote the observed
abundance of responder species j in sample 7, and X;;» denote the observed abundance of
companion species j* (companion species) in sample i. Here, observed abundance can be on the
coverage, count, or relative scale. We then model that a 1% increase in X;j» relative to Xj; is
associated with a 1.01P!- fold increase in the average value of Y relative to Xj;. In the absence
of additional adjustment variables, the model is

E [K]k] o X (Xij*)'h (1)
=)0
X ij X T
while the covariate-adjusted generalization is
Yiix X...\ A

IE[ k| _ gy () x B Wart kB W (2)
where W2, ..., W, are abiotic covariates. In the covariate-adjusted model, a 1% increase in Xj;x
relative to X is associated with a 1.017!- fold increase in the average value of Y relative to X;
when comparing environments with the same values of the abiotic factors W2, ..., Wi,

Estimation and testing
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We estimate the model parameters o, B1, B2... PBp using Poisson regression with log link
function (using a logarithm to relate predictors to the outcome), and accounting for correlations
between repeated measurements by using a user-specified correlation structure. The advantages
of this estimation approach are numerous: it can accommodate a flexible variety of experimental
designs (with respect to both covariate adjustment and non-independence of sampling); it
naturally handles sparsity in observed transcript abundances (without pseudocounts); and
estimates of 1 are asymptotically unbiased under weak assumptions (Poisson variance is not
necessary).

We tested the hypothesis that the average expression of function k per unit abundance of
species j does not vary with fold-differences in the relative abundance of species j* to species j,
equivalently, that B; = 0. Evidence against Ho: B1 = 0 implies that the average expression-per-
unit-abundance differs across different abundance-per-unit-abundance when comparing
environments matched on adjustment covariates. To ensure valid error rate control (i.e., correct
p-values) with practically feasible sample sizes, sparse Y, and without distributional
assumptions on Y, we use model-robust score tests. We developed the raoBust R package for
this application: https://github.com/statdivlab/raoBust.

Model assumptions and optimality

In addition to [2], the Enviromtx model makes three assumptions, and if these
assumptions hold, B estimates are guaranteed to approach the true difference in expression-per-
unit-abundance as the sample size becomes large ("consistent"). The first assumption is that the
observed species abundances are, on average, proportional to the product of true species
abundances (e.g., in cell or DNA copies per ml), an unknown sample-specific parameter, and an
unknown species-specific parameter (McLaren et al., 2019). The second assumption is similar:
observed transcript abundances are, on average, proportional to the product of true transcript
abundances (e.g., in transcripts per L), an unknown sample-specific parameter, and an unknown
transcript-specific detectability parameter. Finally, the ratio of the sample-specific parameters
across the transcript and species abundance data is constant across samples.This final assumption
is plausible when transcript and species abundances are determined from the same
metatranscriptome data. In contrast, it would not apply if species abundances were determined
using metagenomics data, for example, while transcript abundances were determined using
metatranscriptome data. While estimates of 1 are consistent under the three stated assumptions,
Bo absorbs KOfam and species detectability parameters, and therefore has no ecological
interpretation and should not be interpreted.

The first assumption is valid when responder and companion abundances are determined
from the same samples as the sample intensity cancels in the numerator and denominator of [2].
This assumption may be violated when responders and companions are detected from the two
different sequencing approaches: the total community metatranscriptomes, and the eukaryotic
community (polyA selected) metatranscriptomes. In these cases, the sample-specific intensities
will differ across the two selection samples, because these samples were sequenced separately.
This limitation is unavoidable in our methodology, and we therefore exercise additional caution
interpreting these cases.

In some metatranscriptome samples the responder and companion abundances (Xj; and
Xj+) are zero, because of two possibilities that we cannot distinguish: either the species is truly
not present in the sample, or the species is not detected in a given sample within the limits of
sequencing depth. To address these missing species abundances, we implement a default

48


https://github.com/statdivlab/raoBust

pseudocount option (which can be user-adjusted), using pseudocount values as the minimum
abundance per species across samples. Note that pseudocounts are used only for the responder
and companion species abundances. They are not required for the transcript abundances of
individual functions, which can be sparse across samples.

Applying enviromtx to North Pacific Metatranscriptomes:

Applying enviromtx to Gradients 1, 2 and 3 datasets

Enviromtx was applied to each cruise separately (Sup. 2.1) to test pairwise interactions
between all possible pairs of species level taxonomic bins with sufficient functional annotation,
here defined as more than 500 annotated KOfams per Eukaryotic species, and more than 300
KOfams per Bacteria, Viral or Archaea species. Within each pair, we considered both options
regarding which species was the responder and which was the companion. We adjusted for
environmental conditions that varied across the transects by first calculating Pearson’s
correlation between every pair of measured environmental parameters across the three cruises.
We then selected one physical measurement of the transect (Temperature), one macronutrient
measurement (Nitrate + Nitrite) and one micronutrient measurement (Manganese) with the least
correlation to each other (Pearson’s coefficient < (.5). Each cruise was conditioned with the
same set of environmental parameters. Within each cruise, the model was fitted using a cluster
correlation structure, with technical replicates in the same cluster, and unknown within-cluster
correlation. A subset of function-responder-companion combinations were computationally
unstable and did not converge (G1: ~14% of runs; G2: ~6% of runs; G3: ~10% of runs) (Sup.
2.2). We refit these models with a known within-cluster correlation (correlation within technical
replicates), using the average of the within-cluster correlations estimated from the stable
function-responder-companion combinations (correlation:alpha for G1: -0.014, G2: 0.052, G3:
0.091). If estimation still did not converge, the model was refitted using an independent
correlation structure (Sup. 2.2). In these cases, B1 estimates can still be interpreted, but p-values
may be anti-conservative (smaller than evidenced).

Enviromtx internal validation

As an initial internal validation of the model, we compared the magnitudes of 1 for each
combination of KOfam, responder and companion in all pairs of cruises for both the entire set of
Enviromtx KOfams (with significant and insignificant p-values) and for only those that were
significant (Enviromtx p-value < 0.1). KOfams that appear in both cruises were retained and
those present in only one cruise were disregarded. We used a one-sided two-sample test for
proportions (conf.level = 0.95) to test the null hypothesis that the model produces random
guesses regarding the coincidence of the sign of B; for a given combination of KOfam, responder
and companion.

Combining enviromtx results across three Gradients cruises

Enviromtx was applied to Gradients 1, 2 and 3 data separately and the results were
combined to detect the most robust transcriptomic response signals that persisted across years
and times of year (Sup. 2.1). Combined f; values across three cruises for each
responder/companion/function instance were calculated as the average of 1 from Enviromtx
outputs from Gradients 1, 2 and 3. P-values testing the same hypothesis (for each responder-
companion-function) were combined into a single p-value by constructing a chi-squared test as
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follows. The corresponding quantile of a chi-squared (df = 1) distribution for each p-value was
determined, and these quantiles were summed. As each cruise was independent of the others, this
sum is chi-squared distributed (df = number of cruises) under the null hypothesis of no change in
expression-per-unit-abundance across patterns of abundance-per-unit-abundance, and an overall
p-value can therefore be found. There are cases where a responder-companion-function instance
is missing a 1 and p-value prediction in one or more cruises. This results from cases where a
particular KOfam in the responder species is either not detected or not expressed across all
cruises. In these cases, the combined ; and p-values were calculated based on cruises with
available results only.

Analysis of Enviromtx outputs:

Selecting highly interacting companions per responder

Highly interacting companions per responder were defined as those companions that
elicited more significant KOfams per responder, specifically companions with an outlier number
of KOfams, defined as greater than 75% percentile (Q3) + 1.5 Interquartile Range (IQR)
KOfams across all companions (Sup. 2.10B). To ensure biological interpretability of the highly
interacting pairs, we employed two additional cutoffs: highly interacting companions per
responder had above the median number of significant KOfams per pair across the entire dataset
(above 7 KOfams per pair), and more than the median number of enriched KEGG pathways per
pair across the entire dataset (see KEGG enrichment analysis below) (Sup. 2.10C).

Co-occurrence Pearson calculations

Co-occurrence of species transcriptional abundances across cruises in the North Pacific
was calculated based on estimated total transcripts/L per each species taxonomic bin across a
combined dataset for Gradients 1, Gradients 2 and Gradients 3 cruises. Pearson’s correlation
coefficient was calculated for all possible pairwise combinations of species.

KEGG enrichment analysis

KEGG pathways and their associated KOfams were obtained from the KEGG database
release 101.0 using the R package KEGGREST (Tenenbaum, 2016). Pathway enrichment
analysis was performed at two levels: for each responder/companion pair separately, and for
functions that have a consistent interaction signal across pairs in bacteria and eukaryotic
responders (see methods on Wilcoxon rank sum test below). To test for KEGG pathway
enrichment in each responder/companion pair, a contingency table was constructed for every
KEGG pathway in each responder/companion pair, and tested for enrichment of all KEGG
pathways in KOfams that had a significant Enviromtx p-value and were therefore involved in
mediating the interaction between the two species. We also tested for KEGG pathway
enrichment in bacterial and eukaryotic functions consistently involved in interactions across
pairs, testing for enrichment in the unique set of functions detected through the Wilcoxson rank
sum test for bacteria and eukaryotes separately that also had a significant Enviromtx p-value in at
least one pair. The Fisher’s Exact Test was used to test for enrichment of KEGG pathways,
followed by a Benjamin-Hochberg multiple comparison correction with false discovery rate <
5%.

Wilcoxon rank sum test
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We identified KOfams that are most commonly involved in an interaction response
across responder-companion pairs for bacterial and eukaryotic responders separately using a
Wilcoxson rank sum test. For each KOfam, we evaluate the Enviromtx p-value distribution
across all responder-companion pairs the KOfam appears in. We compared the distribution of
Enviromtx p-values for each KOfam to the distribution Enviromtx p-values across all KOfams.
Multiple comparison correction was done post-hoc using the Bonferroni method (Bland &
Altman, 1995). KOfams that showed a significant Wilcoxon rank sum p-value (< 0.01) and that
showed a significant Enviromtx p-value (<0.1) in at least one responder/companion pair were
considered.

General vs. specific functional response

We calculated the percentage of total companions that elicited a significant interaction
response (Enviromtx p-value < 0.1) per KOfam for each responder species across the entire
dataset. For each responder, a KOfam was considered to be part of a “specific response” or a
“general response” category if the percentage of companions that elicit a significant interaction
signal was below (specific response) or above (general response) the median percentage of
companions that elicit a significant interaction signal across all KOfams. To evaluate broad
patterns of “specific response” or “general response” KOfams across multiple responders, we
combined the results across all responders in bacteria and eukaryotes separately. We categorized
the KOfams into standard KEGG pathways, KEGG Brite hierarchies and custom made
categories that highlight previously identified interaction-specific processes based on literature
review (Sup. Table 2.3).

Results
Transcriptional abundance of Bacteria and Eukaryotes across the North Pacific transition zone

Three cruises - Gradients 1 (Spring 2016), 2 (Summer 2017) and 3 (Spring 2019) - each
transited from the low nutrient, low chlorophyll North Pacific Subtropical Gyre (NPSG), across
the North Pacific Transition Zone (NPTZ) as defined by a salinity front isohaline (34.82) (Fig.
2.1, dashed blue line) and a seasonally migrating chlorophyll front (0.15 mg m™3) (Fig. 2.1,
dashed green line), northward towards the iron-limited, high nutrient low chlorophyll (HNLC)
North Pacific Subarctic Gyre (Fig. 2.1) (Juranek et al., 2020; Polovina et al., 2001; Ayers &
Lozier, 2010). Samples for metatranscriptomes were collected at different stations along the
three cruise transects (Fig. 2.1) and were processed for both eukaryotic community (polyA
selected) and total community (ribosomal RNA depleted) data. Transcriptional abundance was
estimated by aggregating total transcripts/L per taxonomic bin in a given sample.

Abundance patterns of the unicellular eukaryotic and bacterial portions of the community
shifted along the three transects. The eukaryotes were dominated by Haptophytes and
Dinoflagellates, after correcting Dinoflagellate abundances for unusually large transcript to
biomass ratios (Coesel et al., 2025) (Fig. 2.1). The transition zone chlorophyll front was
characterized by a higher relative abundance of Pelagophytes (Fig. 2.1). North of the chlorophyll
front, the eukaryotic community shifted towards a larger proportion of Chlorophytes and
Bacillariophytes, corresponding to higher nutrient and chlorophyll concentrations and a shift
towards larger cell sizes (Juranek et al., 2020) (Fig. 2.1). General patterns of transcript
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abundances of major bacterial groups mirror abundances derived from 16S amplicon data
collected on the same cruises (Key, n.d.) (Sup. 2.3). Bacterial taxa commonly associated with
particles or phytoplankton, including Bacteroidota and Alpha- and Gamma-proteobacteria (Amin
et al., 2012; Seymour et al., 2017) increased in relative transcript abundance north of the
chlorophyll front, coinciding with shifts in eukaryotic community composition (Fig. 2.1; Sup.
2.4; Sup. 2.5). Enterobacterales were dominant in Gradients 1, and absent from Gradients 2 or
Gradients 3 cruises. These bacteria were likely introduced as contaminants during sampling or
processing on Gradients 1 as they are generally prevalent as human pathogens or in coastal
nutrient rich environments (Janda & Abbott, 2021), and were not present in high abundance in
16S amplicon data sampled and processed independently (Sup. 2.3). Across the three transects,
Cyanobacteriota, especially Prochlorococcus decreased in the north (Fig. 2.1; Sup. 2.5)
(Dutkiewicz et al., 2024).

Detecting pairwise transcriptional interactions - Enviromtx statistical model

We developed a statistical model called Enviromtx to detect potential species interactions
based on transcriptional patterns derived from the metatranscriptome data (Methods). We used
Enviromtx to identify functional features (KOfams) that reflect interactions between species
pairs in the environment without a-priori knowledge of which organisms interact with each other
or through which processes. Each species pair was analyzed individually with Enviromtx by
assigning one species in the pair as the “responder”, and the other as the “companion” (Fig.
2.2A). Initial assignment of “responder” and “companion” in a pair was arbitrary, and the
assignment was subsequently reversed such that all species were tested as both a responder and a
companion. The Enviromtx model estimates 1, which reflects either a positive or negative
correlation of expression of each KOfam function per species pair relative to the abundance of
responder and companion species in a pair (Fig. 2.2A). To control for the effect of environmental
parameters on gene expression patterns, we adjusted for three environmental parameters with the
least correlation to each other based on Pearson’s correlation coefficient. This resulted in
temperature as a physical measure of the transition zone, nitrate (plus nitrite) concentrations as a
macronutrient measurement, and dissolved manganese concentrations as a micronutrient
measurement (Pearson correlation coefficient: temperature with NOz + NO,= -0.72; temperature
with Mn = 0.79; NO; + NOz with Mn = -0.51) (Sup. 2.6).

A total of 119 eukaryotic and 86 bacterial environmental species bins had sufficient
(>500 for eukaryotes and >300 for bacteria) KOfam annotations for analysis (Methods; Sup. 2.7;
Sup. Table 2.4). The unicellular eukaryotic species bins belonged to 22 phyla dominated by
Dinoflagellata (39 out of 119), Haptophyta (16 out of 119) and Bacillariophyta (12 out of 119),
and the 86 bacteria species bins belonged to 8 phyla dominated by Pseudomonadota (60 out of
86) and Bacteroidota (11 out of 86) (Fig. 2.2B; Sup. 2.7; Sup. Table 2.4). Interactions between
all 205 possible species pairs were tested, resulting in a total of 41,820 species pairs (Fig. 2.2B).

As an internal validation of the model, we tested whether for each species pair, the 1 for
a given KOfam had the same sign (positive or negative) across the three cruises (Methods). The
direction of correlation of B; was similar between all three cruises for all tested KOfams,
regardless of whether the B1 p-values were significant or not (Sup. 2.8). When only the 1 values
for KOfams with significant p-values were compared, the directions of 1 were more similar than
random between Gradients 1 and Gradients 2 (53% similar, p-value = 3.867), and between
Gradients 1 and Gradients 3 (15% similar, p-value <2.21%). In contrast, the directions of B; were
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not significantly similar between Gradients 2 and Gradients 3 (52% similar, p-value = 0.3), likely
because Gradients 2 and Gradients 3 overlapped in relatively few significant KOfams (Fig. 2.2C;
Sup. 2.8). These results indicate consistent biological patterns of species interactions, despite the
fact that the three cruises were conducted in different years and at different times of year (Fig.
2.1).

To identify the most consistently observed functional interactions in the North Pacific,
we applied the Enviromtx model on each of the Gradients 1, 2 and 3 cruises separately, and
combined post-hoc the p-values and B; for each KOfam in a species pair across the three cruises
(Methods). This resulted in a combined p-value and f; for every KOfam in all species pairs (Sup.
2.9A). This approach identified consistent signals where the same responder-companion-function
was detected across multiple cruises. Subsequent analyses were based on these combined p-
values and B1’s. We tested 74,390,822 responder-companion-function instances, where values of
B1 ranged from ~-10 to ~10, with a median B; of zero (Sup. 2.9B). Of all tested KOfams across
all pairs and cruises, 792,117 (approximately 1%) were significant (combined p-value <0.1)
(Sup. 2.9A). Per pair, the median percent of KOfams with a significant p-value was ~0.5% of the
total number of annotated KOfams in the responder species, with ~10% as highest percent of
significant KOfams (Sup. 2.9C). This suggests that across taxonomically diverse responder
species, a relatively small fraction of the transcriptome is regulated in response to interactions
with companion species.

Highly interacting taxonomic groups in the North Pacific

We identified a subset of highly interacting species pairs (Sup. 2.10A) as those pairs
where a given responder species had a greater than typical number (Q3 + 1.5 IQR) of KOfam
functions significantly involved in an interaction (Methods; Sup. 2.10A,B,C). We identified 547
highly interacting species pairs, consisting of 112 distinct responder species and 138 distinct
companion species (Sup. 2.10A; Sup. Table 2.5). The median percent of significant KOfams per
highly interacting pair was 1.3% (Sup. 2.10D), significantly greater than the ~0.5% observed
across the entire dataset (Sup. 2.9C). Further, we found that the abundances (estimated total
transcripts/L) of the identified highly interacting pairs had a significantly stronger co-occurrence
based on Pearson’s correlation coefficient than typical pairs (Sup. 2.11), suggesting that highly
interacting species pairs generally co-occur more commonly in the environment.

The species level results were grouped at higher taxonomies to determine whether there
were general patterns of interactions across kingdom or phylum levels. First we asked whether
bacterial responders highly interacted with more bacterial companions or with more eukaryotic
companions and vice versa. Across all highly interacting pairs, bacterial responders interacted
with a total of 116 bacterial companions and 201 eukaryotic companions, while eukaryotic
responders interacted with a total of 139 bacterial companions and 91 eukaryotic companions.
For each individual responder species, bacterial responders had a significantly larger proportion
of highly interacting eukaryotic companions than bacterial companions, while eukaryotic
responders had a significantly larger proportion of highly interacting bacterial companions (Sup.
2.10E; Sup. 2.12A). This pattern is consistent with the hypothesis that cross-kingdom
interactions between phytoplankton and bacteria in the surface ocean are dominant in driving
nutrient cycling, where bacteria consume and remineralize the organic matter produced by
phytoplankton through photosynthesis (Fuhrman, 2009; Thingstad & Lignell, 1997).

53



We next asked whether the highly interacting species were members of particular phyla.
A high proportion of bacterial species within the Pseudomonadota (both Gammaproteobacteria
and Alphaproteobacteria) and the Bacteroidota displayed significant interactions with eukaryotic
species within the Bacillariophyta (Fig. 2.3A). Interactions of Bacillariophyta with Bacteria
involved several groups, where Gammaproteobacteria, specifically Oceanospirillales, Weoseiales
and SARS86 cluster, responded to a wide range of Bacillariophyta species, including
Thalassiothrix antarctica, Fragilariopsis kerguelensis, Coscinodiscus wailesii, Pseudo-nitzschia
heimii, Chaetoceros dichaeta and Thalassiosira bioculata. Bacillariophyte response to these
Gammaproteobacteria companions was dominated by two species, Chaetoceros dichaeta and
Thalassiosira sp. Interactions with Bacteroidota were dominated by a response of Flavobacteria
to Chaetoceros dichaeta and Thalassiosira bioculata, while interactions with Alpaproteobacteria
were dominated by a response of Rhodobacterales and Pelagibacteriales, including SAR116
cluster, to the same two diatom species (Sup. 2.12B; Sup. Table 2.5). Most of the bacteria
interacting with Bacillariophytes were copiotrophic, aligning with previous reports that
copiotrophic bacteria associate with diatom hosts and engage in exchanges of organic matter and
other molecules, although oligotrophic SAR116 also showed interactions with diatoms (Cirri &
Pohnert, 2019; Amin et al., 2015; Durham et al., 2015; Van Tol et al., 2017; Bartolek et al.,
2022; Barak-Gavish et al., 2018). Additional interactions were between Gammaproteobacteria
and eukaryotic phyla such as Foraminifera, Chrysophyceae, Pelagophyceae and Bolidophyceae,
as well as between Alphaproteobacteria and Dictyochophyceae (Fig. 2.3A). Within bacterial
phyla, most interactions occurred between Bacteroides and Alpha and Gammaproteobacteria
(Fig. 2.3A). In addition to these general patterns, there were numerous phyla such as
Neomarimicrobiota, Dinoflagellata, Chlorophyta, Betaproteobacteria, Haptophyta and
Verrucomicrobia that interacted with a range of other taxonomies through highly specific
interactions at the species level (Fig. 2.3A; Sup. 2.12B).

To detect broad patterns of functional features of interactions within the highly
interacting species pairs, we conducted enrichment analysis of responder KOfams with a
significant Enviromtx p-value in every species-species pair (Sup. 2.13; Sup. Table 2.6). We
grouped the highly interacting pairs at the phylum level to identify the most commonly enriched
pathways (Fig. 2.3B). When Bacillariophyta responded to Gammaproteobacteria, the most
commonly enriched pathways included those related to secondary metabolite and natural product
synthesis and processing, such as monoterpenoid biosynthesis, carbapenem biosynthesis,
puromycin biosynthesis and penicillin biosynthesis as well as cytochrome P450 processes
including drug metabolism. Enrichment of these pathways in Bacillariophyta by
Gammaproteobacteria is consistent with known roles of secondary metabolites in cross-kingdom
interactions (Shibl et al., 2020). Bacillariophytes also responded to Gammaproteobacteria with
pathways involved in amino acid biosynthesis and metabolism; fatty acid- and steroid-related
pathways; and synthesis of glycan and glycosaminoglycan, which are related to cell wall
structure, formation of the extracellular matrix and potentially signaling and interactions with
surrounding cells (Fig. 2.3B). Gammaproteobacteria responders had different enriched pathways
depending on the companion phyla. For example, glycerophospholipid metabolism was enriched
only in response to eukaryotic Bacillariophytes and Pelagophytes, potentially signifying
increased nutrient utilization or surface colonization whereas sphingolipid metabolism, furfural
degradation, and mannose-type and other O-glycan biosynthesis pathways were enriched only in
response to Bacteroidota (Fig. 2.3B). Both of these specific responses suggest potential surface
interactions or colonization, metabolic opportunism, and competition. Gammaproteobacteria also
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showed a more general response to various eukaryotic and bacterial companions, including ones
related to antimicrobial production and defense such as vancomycin, tetracycline, nonribosomal
peptides pathways and atrazine degradation; iron and oxidative stress response such as
siderophore biosynthesis, ferroptosis and pentose phosphate pathways; motility and attachment
such as chemotaxis and biofilm formation; and core metabolism pathways, including glycolysis,
glucogenesis and butanoate metabolism (Fig. 2.3B). When the protist group Dictyochophyceae
responded to Alphaproteobacteria, the enriched pathways included ones related to membrane
function, nutrient transport, photosynthesis and redox balance, and secondary metabolism (Fig.
2.3B). These enriched pathways are consistent with mixotrophic behavior whereby
photosynthetic cells carry out phagocytosis in response to the presence of bacteria. Both
Alphaproteobacteria and Bacteroidota responded to Bacillariophyta. However,
Alphaproteobacteria responded with enrichment in biofilm formation, ferroptosis and various
pathways involved in steroid, polyketide, and alkaloid synthesis, whereas Bacteroidota
responded with enrichment of amino acid metabolism, glucosinolate and antibiotic synthesis
(Fig. 2.3B). Overall, two general patterns emerged from these analyses. First, as expected,
responder taxonomy constrains the types of functions with which organisms can respond to each
other. Second, and more intriguingly, was that some pathways were enriched across multiple
species-species pairs, while others were enriched in only a few pairs, suggesting that some
functional features are more commonly involved in interactions, while others are specific to a
subset of interacting pairs.

Example interacting pairs at species level

In addition to broad patterns within highly interacting pairs, Enviromtx can be used to
identify candidate interactions between specific species pairs and the potential functions
involved. Because each species is evaluated as both a responder and a companion, the
interactions can be classified as either unidirectional, where only one member of the pair
responds, or reciprocal, where both members of the pair respond. Few species-species
interactions appeared to be reciprocal; of the 547 highly interacting pairs, only 8 exhibited
reciprocal interactions, in which both the responder and the companion demonstrated a highly
interacting response (Sup. 2.14). This suggests a predominance of either commensal or
opportunistic interactions within the North Pacific microbial community. To illustrate the power
of Enviromtx, we highlight two examples of candidate interactions between species bins with
distinct functional signatures: a reciprocal interaction between Pseudoalteromonas sp. and
Chaetoceros dichtea; and a unidirectional response of the Alphaproteobacteria OCS116 cluster
bacteria to the eukaryote Stramenopiles sp based on iron metabolism and siderophore-related
KOfams (Fig. 2.4).

Pseudoalteromonas sp. and Chaetoceros dichaeta interacted reciprocally, with
Chaetoceros inducing broader transcriptional changes in Pseudoalteromonas (~5% of KOfams)
than vice versa (~1%) (Sup. 2.14). The Pseudoalteromonas response included shifts in
antibiotics and toxins, bacterial toxins, and pyruvate metabolism (Sup. 2.15A). At the KOfam
level, multiple enzymes in pyruvate metabolism showed negative 1 values, suggesting reduced
internal generation and turnover of pyruvate, while a positive 1 for LDHD oxidizing D-lactate
to pyruvate may reflect selective regeneration of pyruvate from external lactate (Fig. 2.4A).
KOfams associated with bacterial chemotaxis including cheV and fliS had a negative 1,
indicating reduced swimming behavior (Fig. 2.4A). In contrast, KOfams for biosynthesis of
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secondary metabolites, including violacein (vioC) and carbapenem pathways (#AnE) had a
positive i1 (Fig. 2.4A). On the other hand, the Chaetoceros dichaeta response to
Pseudoalteromonas sp. was dominated by cell cycle, signaling, and transport functions (Sup.
2.15B). Positive B1 values for cell cycle genes (PPP2R1, APC1) and for secretion-related genes
(DENND2, SEC62) suggest enhanced cell cycle progression and secretion pathways (Fig. 2.4A).
In summary, Pseudoalteromonas reduced motility and shifted towards defense and reduced
pyruvate consumption, possibly using other carbon sources exuded by the diatom, while
Chaetoceros increased transcription of cell cycle and secretion pathways, possibly increasing its
growth rate and providing the bacteria with organic matter.

The Alphaproteobacteria OCS116 cluster bacteria responded to the eukaryote
Stramenopiles sp. mainly through biosynthesis of secondary metabolites, including siderophore
group peptides (Sup. 2.15C). Two key KOfams involved in siderophore biosynthesis have a
positive Pi: entE activates a precursor used in synthesis of enterobactin and vibriobactin, and
mtbE is a peptide synthase required for mycobactin synthase (Fig. 2.4B). Positive 1 values of
CoA ligase KOfams suggest enhanced biosynthesis of lipids or bioactive compounds (Fig. 2.4B).
This unidirectional interaction reveals that Alphaproteobacteria OCS116 responded to
Stramenopiles sp. by increasing siderophore and secondary metabolite synthesis. These examples
illustrate the power of our method to identify potential candidate interactions between specific
species pairs in nature and the molecular mechanisms through which they take place.

General vs. specific functional signatures of interactions

In addition to highly interacting pairs and novel species-species interactions, we
identified general functional patterns of interactions across the entire North Pacific. A Wilcoxon
rank sum test (see Methods) was used to identify KOfams and functional categories with
significant interaction signals across all responder-companion pairs for bacterial and eukaryotic
responders separately. For the bacterial responders, 1729 KOfams were significantly ranked as
consistently involved in an interaction. For the eukaryotic responders, 1166 KOfams were ranked
as consistently involved in an interaction. Across a wide range of phyla, the bacterial KOfams
were enriched for KEGG pathways including two-component systems, flagellar assembly, and
ABC transporters (Sup. 2.16A). These pathways belong to the functional categories of transport,
amino acid synthesis and metabolism as well as biosynthesis of cofactors (Sup. 2.16B). The
eukaryotic KOfams were enriched for valine, leucine and isoleucine degradation; riboflavin
metabolism; and aminoacyl-rRNA biogenesis (Sup. 2.17A). These pathways belong to the
functional categories of membrane trafficking, chromosome and associated proteins, transporters
and ubiquitin systems (Sup. 2.17B).

We next evaluated how the functional basis of interactions is distributed across all
species pairs. Specifically, we asked if certain functions were induced in a given responder by
multiple companions (general functions), and if other functions in the same responder were
induced by a select set of companions (specific functions) (see Methods). Across all responder
species, most interaction-induced functions were specific to a few companions, with a smaller set
of functions that were always induced in response to multiple companions (Sup. 2.18A,B). To
determine which functional features dominated specific interaction responses compared to
general interaction responses across responders, we assigned every responder KOfam into either
a “general response” or a “specific response” group, and combined all “general response” and
“specific response” KOfams across bacterial and eukaryotic responders (see Methods). We
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defined a general response as one elicited by a greater than median number of companions and a
specific response as one elicited by lower than median number of companions. For both bacterial
and eukaryotic responders, one set of KOfams were always specific (2759 KOfams for bacteria
and 2162 KOfams for eukaryotes) and a different set were always general (1141 for bacteria and
2064 for eukaryotes) across responders. A third set of KOfams were either general or specific
depending on the responder species (1641 for bacteria and 5972 for eukaryotes) (Sup. 2.18C). As
KOfams in both the specific and general response groups can belong to the same functional
category, we identified those functional categories with the greatest proportional difference in
KOfams that belonged to a specific versus general response group (Fig. 2.5; Sup. Table 2.3). The
general response of bacteria was dominated by KOfams belonging to transporters, biosynthesis
of amino acids and biosynthesis of various toxins, phytohormones and antibiotics suggesting a
prevalence of both cross-feeding as well as competition and modulation of interacting organisms
through chemical cues. The specific response of bacteria to select companions included quorum
sensing, biofilm formation, metabolism of various B vitamins, siderophore related functions, and
various metabolic and regulatory pathways (Fig. 2.5). The general response of eukaryotes was
dominated by various B vitamin pathways, transcription factors, 2-component systems, and
transporters suggesting a prevalence of keystone metabolites in the eukaryotic response (Durham
et al., 2025), as well as sensing and cellular remodeling. The specific response of eukaryotes to
select companions included ribosomal processes, endocytosis, cell cycle related pathways, plant
hormone signaling and biosynthesis, and various nucleic acid processes (Fig. 2.5), suggesting
potential growth, cell cycle changes and export in response to specific companions. Together,
these results suggest that microbial interactions are characterized by both general functional
responses ubiquitous across the microbial community, and specific functional responses that
might enable co-evolution and species-specific interdependencies.

Discussion

Although accumulating evidence highlights the importance of marine microbial networks
to ecosystem function, identifying which organisms are involved in the interactions and through
which mechanisms remains challenging due to the complexity of these networks. Here, we
developed a statistical model Enviromtx for use with metatranscriptome data to identify the basis
of potential interactions. The underlying premise of Enviromtx is that the abundance of two
species relative to each other dictates their ability to interact, a signal that is detectable through
changes in transcriptional patterns of the two species. Species abundance changes across
environmental gradients, which creates natural experiments for detecting interaction signals (Fig
2.1; Guidi et al., 2016; Teeling et al., 2012; Buchan et al., 2014). However, changing
environmental conditions can also cause transcriptional responses independent of interactions.
Enviromtx therefore also incorporates the ability to control for differences in environmental
parameters. We applied Enviromtx to 72 metatranscriptomes collected on three Gradients cruises
that span nearly 20 degrees of latitude in the North Pacific Ocean. We analyzed close to 41,000
environmental species pairs across the three cruises and identified robust interactions that persist
across environmental regimes. The direction of interactions (up- or downregulation of gene
expression) were more consistent across cruises than expected by chance, although only 52-59%
similar, likely due to variability in sampling years, seasons and local conditions. The Gradients 2
cruise showed the least similarity with the other two cruises, consistent with previously observed
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anomalies in community composition and nutrient limitation relative to Gradients 1 and 3
(Hawco et al., 2025).

At higher taxonomic levels, cross-kingdom interactions dominated, bacterial responders
frequently interacted with eukaryotic companions and vice versa, consistent with established
ideas of phytoplankton-bacteria coupling in the surface ocean (Azam & Malfatti, 2007; Seymour
etal., 2017; Buchan et al., 2014; Levine et al., 2017). Detected interactions were characterized
by phyla known to co-occur, with diatoms consistently interacting with Alphaproteobacteria,
Gammaproteobacteria, and Bacteroidota (Yang et al., 2023; Amin et al., 2012; Ramanan et al.,
2016; Sterling et al., 2023). A prevalence of highly interacting species occurred between
Gammaproteobacteria and environmental diatoms most closely related to Chaetoceros dichaeta
and Thalassiosira sp. In lab studies the Gammaproteobacteria Oceanospiralles induced amino
acid production in Thallasiosira pseudonana (Paul et al., 2013), and the diatom Coscinodiscus
radiatus growth was inhibited by numerous Gammaproteobacteria species (Di Costanzo et al.,
2023). A prevalence of toxins, antibiotics and defenses in both Bacillariophytes and
Gammaproteobacteria interacting with each other suggests predominance of antagonistic
relationships in the North Pacific (Coyne et al., 2022). Within bacteria, recurring Bacteroidota -
Proteobacteria interactions through complex sugars and phytoplankton produced compounds
including cell wall structures reflect both syntropy and competition for liable DOM in particle-
associated niches (Ferrer-Gonzalez et al., 2021). Overall, the functional mechanisms involved in
phyla-level interactions reflect the importance of nutritional exchanges as previously
demonstrated through lab cultures and modeling studies (Christie-Oleza et al., 2017; Weissberg
et al., 2025, Dutkiewicz et al., 2024), however, a large portion of the observed interaction signal
is also related to defense and signaling mechanisms, suggesting a more complex interaction
network in the North Pacific than purely based on exchanges of organic matter and limiting
resources (Amin et al., 2012; Coolahan & Whalen, 2025; King et al., 2022; Ahern et al., 2021;
W. Stock et al., 2019). The functional diversity of interactions at the species level is highlighted
with two potential new interactions, including a nutritional exchange between copiotrophic
Pseudoalteromonas and the diatom Chaetoceros dichaeta, and a highly specific siderophore
mediated interaction between the Alphaproteobacteria OCS116 cluster and a Stramenopiles sp.

Across interacting species, we observed both general responses (activated by many
companions) and specific responses (activated by few). In bacterial responders, specific
interaction responses involved quorum sensing, biofilm formation, B vitamin metabolism,
siderophores, and other metabolic and regulatory pathways. Long term phytoplankton associated
bacteria were enriched in similar pathways compared to transient phycosphere bacteria (Focardi
et al., 2025), suggesting these mechanisms mediate interactions with eukaryotic hosts and
mutualistic bacterial partners. For example, quorum sensing regulates both phytoplankton
bacteria interactions and bacterial communication (Coolahan & Whalen, 2025). In contrast,
defense mechanisms such as toxins and antibiotics were activated in response to many
companions, reflecting a generalized antagonistic strategy. This is consistent with previous
findings that bacteria use such compounds for intra- and interspecies competition, responding
rapidly to diverse biotic cues without companion-specific recognition (Hibbing et al., 2010). In
lab studies, numerous interacting pairs were shown to interact through antagonism (Meyer et al.,
2017), our results suggest that co-evolution may not be necessary for such interactions to occur.
In eukaryotes, specific responses included cell cycle pathways, plant hormone signaling, and
nucleic acid processes, while general responses included B vitamin pathways, transcription
factors, two-component systems, and transporters. Surprisingly, cell cycle regulation emerged as
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a specific rather than general response, contrasting with lab studies showing widespread cell
cycle transcript changes during phytoplankton bacteria interactions (Bartolek et al., 2022; Pollara
et al., 2021; Paul & Pohnert, 2011).Vitamin related pathways were specific in bacterial
responders but part of a general response in eukaryotes. B vitamins mediate phytoplankton
bacteria interactions, with many bacteria synthesizing vitamins essential for phytoplankton
growth (Croft et al., 2005; Bertrand & Allen, 2012). Eukaryotes may respond broadly to any
vitamin source due to its critical role in growth, while bacteria may regulate biosynthesis
selectively, investing energy only when interacting with partners that provide reciprocal

benefits.

Species interactions in the North Pacific were generally characterized by focused
molecular responses rather than transcriptome-wide remodeling, with only a small fraction of the
responder transcriptome involved (~0.5% median, 1.3% in highly interacting pairs). This
contrasts with lab studies, where 14-25% of genes can be differentially expressed (Shibl et al.,
2020; Durham et al., 2017). Both lab studies and our approach assume interactions occur through
direct physical contact or exuded molecules (Seymour et al., 2017). However, while lab studies
are often done in high-density conditions, our approach implicitly assumes interactions in the
environment are dose dependent: if a companion is rare, exuded molecules may be too dilute or
physical contact unlikely. In addition to differing assumptions in experimental design,
constitutive expression due to long term co-occurrence, multiple simultaneous interactions and
enhanced energetic constraints could likely explain the lower magnitude of responses observed
in nature. Most species level interactions in highly interacting pairs were unidirectional, with few
reciprocal responses, suggesting opportunistic rather than co-evolved associations, allowing taxa
to flexibly exploit co-abundant partners for nutrients and cofactors without requiring highly
specialized mutualistic capabilities (Morris et al., 2012; Lima-Mendez et al., 2015). One
limitation of our method is that we cannot exclude the possibility that some of the unidirectional
interactions that we observe are reciprocal, and we are unable to observe their signatures because
of limitations of sequencing depth and annotation efficiency. However, as we do not find them in
the highly interacting pairs, even if the reciprocal interaction is occurring in the environment, it
is through a smaller remodeling of the transcription profile.

The novel statistical approach described here allows us to predict transcriptional
mechanisms of interactions in the environment from field metatranscriptome data. We were able
to detect both the strength of each function in all possible pairwise interactions as well as assess
its significance. Our method can be applied to any metatranscriptomic dataset that contains
multiple observations with varying species abundances. Similarly, our method is robust to
missing species or functions across samples, and accounts for correlated samples such as due to
technical replicates. In our study, we apply Enviromtx on assembled metatranscriptomes at the
species level, annotated with KO functions. Alternatively, it is possible to apply this method at
coarser taxonomic resolution provided that the subgroups are equally well-detected, as well as
annotate at the gene level resolution by mapping metatranscriptomes to reference genomes. In its
current formulation, Enviromtx detects most robust interaction features, but is not designed to
study how interactions change across environmental conditions. However, there are numerous
lab studies that demonstrate interactions between organisms can change based on external
conditions, for example, interactions between phytoplankton and bacteria can shift from
beneficial to pathogenic based on varying levels of nutrient availability, growth stage and
temperature (Mayers et al., 2016; Seyedsayamdost et al., 2011; Wiener et al., n.d.; Lin et al.,
2024). In the future, the model could be generalized to allow changes in transcript expression to
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vary with abundances in an environmental-dependent manner. Our approach is based on the
assumption that interactions occur between two species at a time, however, there are cases where
3-way species interactions have been described, or where higher order interactions are occurring
(Harvey et al., 2023; Bairey et al., 2016). In complex natural environments, we expect this to be
the case, and future modifications to our methods could incorporate more complex interaction
networks. We view our approach as a hypothesis generating tool and a powerful way to observe
general functional patterns of interactions in the environment, as well as propose specific
species-species pairs that might be interesting candidates for more targeted lab studies.
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Fig. 2.1. Overview of Gradients 1, 2 and 3 metatranscriptomes. (A-C) Environmental
conditions and metatranscriptome sampling sites (left-most plots), relative composition of
dominant eukaryotic (middle plots) and bacterial (right-most plots) phyla for three cruises:
Gradients 1 in 2016 (A), Gradients 2 in 2017 (B) and Gradients 3 in 2019 (C). Latitudinal
distribution of salinity (filled blue circles and blue smoothed trend line), chlorophyll (chl, filled
green circles and green smoothed trend line) and dissolved iron (Fe, brown filled squares, taken
from underway measurements) concentrations (note change in scales between cruises) along the
transects; green dashed line indicates the chlorophyll front (0.15 mg m™>), and blue dashed line
indicates the salinity front isohaline (34.82), station numbers (on right) indicate
metatranscriptome sampling stations (Juranek et al., 2020; Pinedo-Gonzalez et al., 2020; Park et
al., 2023). Relative proportions of the top 10 eukaryotic phyla are derived from the polyA
selected fraction; relative proportions of the top 10 bacterial phyla are derived from the rRNA-
depleted fraction of community RNA samples. Relative dinoflagellate abundances were divided
by a factor of 6.4 to account for their disproportionate transcript to biomass ratios (Coesel et al.,
2025). Other eukaryotic and bacterial phyla comprise the sum of all organisms that are not in the
top 10 most abundant groups.

61



Figure 2.2
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Fig 2.2. Enviromtx applied on cruises in the North Pacific. (A) Example output of the
Enviromtx model, which tests for transcriptional interactions between species pairs. Expression
of each responder KOfam (transcripts per KOfam) is analyzed individually for each
responder/companion species pair in a marginal model of species co-abundances while
conditioning for environmental factors. B indicates the correlation across samples of KOfam
expression for each responder/companion pair. Examples of B1 calculated for expression of two
KOfams (entS: enterobactin transporter KO8225; psaB: photosystem I P700 chlorophyll a
apoprotein A2 K02690) for the responder Scripsiella trochoidea and the companion gamma-
proteobacterium sp. The positive 1 for entS indicates increased transcript abundance for this
KOfam in S. trochoidea in response to an increased relative abundance of the gamma-
proteobacterium sp.; the negative fifor apo A2 indicates decreased transcript abundance for this
KOfam in S. trochoidea in response to an increased relative abundance of the gamma-
proteobacterium sp. Each dot represents a distinct metatranscriptome sample, colored by the
salinity of the sampling site representing progression along the environmental gradient. (B)
Phylum-level distribution of the 205 species level taxonomic bins with sufficient functional
annotations across Gradients 1, and 3 (Bacteria — orange, Eukaryota — blue), resulting in tests of
41,820 total pairwise species interactions. (C) Percent similarity and p-value in parentheses
(significant: green shading; not significant: orange shading) of proportion of positive vs negative
B1 for each cruise pair across all significant KOfams for all responder/companion species pairs.
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Figure 2.3
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Fig. 2.3. Patterns of highly interacting phyla and their enriched KEGG pathways in the
North Pacific. (A) Highly interacting species pairs grouped at the phylum level. The phyla on
the left correspond to responder species and the phyla on the right correspond to companion
species; colored bars indicate corresponding kingdom of the responder or companion phyla
(Bacteria — yellow, Eukaryotes — blue). Colored bar height scales with the total number of highly
interacting responder or companion species within a phylum. Connecting lines between the
responder and companion phyla indicate highly interacting species pairs. Width of each
connecting line scales with number of highly interacting responder/companion species pairs
within a phylum. Black connecting lines indicate phyla with more than 7 highly interacting
species; grey connecting lines indicate phyla with 1-6 highly interacting species. (B) Enriched
KEGG pathways in the highly interacting species pairs, grouped at phylum level. Heatmap
indicates number of species pairs a pathway is enriched in and is clustered by pathway and
responder-companion phyla group. The x-axis labels indicate a responder — companion phyla
group: Bacillariophyta responding to Gammaproteobacteria (Bacil- Gamma),
Gammaproteobacteria responding to Gammaproteobacteria (Gamma — Gamma),
Dictyochophyceae responding to Alphaproteobacteria (Dict — Alpha), Gammaproteobacteria
responding to Bacillariophyta (Gamma — Bacil), Gammaproteobacteria responding to
Bacteroidota (Gamma — Bact), Alphaproteobacteria responding to Bacteroidota (Alpha — Bact),
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Bacteroidota responding to Bacillariophyta (Bact — Bacil), Gammaproteobacteria responding to
Pelagophyceae (Gamma — Pel), Alphaproteobacteria responding to Bacillariophyta (Alpha —
Bacil), Chrysophyceae responding to Gammaproteobacteria (Chryso — Gamma), Foraminifera
responding to Gammaproteobacteria (Foram — Gamma), and Glaucocystophyceae responding to
Alphaproteobacteria (Glauco — Alpha).
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Figure 2.4
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Fig. 2.4. Example reciprocal (A, B) or unidirectional (C, D) species level interactions with
involved KOfams indicated by significant ; values. (A) Pseudomonas sp. 520P1 No. 412
response to the eukaryote Chaetoceros dichaeta (B) Chaetoceros dichaeta response to
Pseudomonas sp. 520P1 No. 412, (C ) Alphaproteobacteria OCS116 bacterium AG 390 A19

response to Stramenopiles sp. TOSAG4-2. Bar plots colored by functional category indicate sign

and magnitude of 1 values. Positive B1 indicates increased transcript abundance for responder
KOfam as relative abundance of companion increases, and negative B indicates decreased
transcript abundance for responder KOfam as relative abundance of companion increases.
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Figure 2.5
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Fig. 2.5. Function features of interactions. A general response is defined as elicited by a
greater than average number of companions; a specific response is defined as elicited by a lower
than average number of companions. Proportion of KOfams within a pathway in bacteria
(orange) or eukaryotes (blue) that are general (negative values) or specific (positive values); a
value of zero indicates KOfams within a pathway are equally distributed between the two
categories. Functional categories are grouped according to KEGG pathways, KEGG brite

hierarchies, or a custom list.
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Supplemental Figures and Tables

Sup 2.1
e )
G1 metaT samples G2 metaT samples G3 metaT samples

= polyA Ribosomal polyA Ribosomal polyA Ribosomal
% selection depletion selection depletion selection depletion
(0]
=
ie] @ Eukaryotic Total commumty Eukaryotic Total community Eukaryotic Total community
% 8 fract|on O 2-3 fractlon O 2- fraction (0.2-3 fraction (0.2 -3 fraction (0.2 -3 fraction (0.2 -3
g o pm) Hm) ) pm)
2o
© a
© Eukaryotic Total community Eukaryotic Total community Eukaryotic Total community
© fractlon (3— 100 fractlon -100 fraction (3-100 fraction (3-100 fraction (3-100 fraction (3 - 100
=

A

um) pm) pm) pm)

Sequencmg with mtemal standards, de-novo assembly, normalization and taxonomic and functional annotation

Combine size fractions and select eukaryotes from the eukaryotic and bacteria from the total community fraction

-
)
S
©
= s
8_ Eukaryotic Bacterial Eukaryotic Bacterial Eukaryotic Bacterial
E contigs contigs contigs contigs contigs contigs
[}
_8 \
e Bin taxonomically at species level, and functionally at KOfam level
[} A'V'd A'V'd A V'
= e - ) N e ) ) N e ) ]
o G1 whole community species G2 whole community species G3 whole community species
a bins functionally annotated with bins functionally annotated with bins functionally annotated with
3 L KOflams ) L KOfams ) L KOf‘ams )
C
g Select taxonomic bins with sufficient functional annotations
8 v 4 v
G.) ( )\ ' )\ ( N\
= G1 selected species bins G2 selected species bins G3 selected species bins
\ / - l J \ l ) “ l J
— \
Enviromtx model for every species pair
2 Responder Environmental co-variates
o * Responder abundance across » Companion abundance « Temperature
S samples across samples * NOj3 + NO, concentration
Ea » Responder KOfam expression * Mn concentration
g across samples (per KOfam)
>
5
Enviromtx
Statistic B4 calculated for each KOfam in every pair — signifies the correlation of KOfam expression to relative
abundances of responder and companion. /
—__
)
‘g_ G1 output for all species pairs G2 output for all species pairs G3 output for all species pairs }
5
o2 T
*E (—? Combine B4 and p-values across cruises post-hoc
=
c
L Combined G1, G2, G3 Enviromtx output
)

Sup 2.1. Flowchart shows four main steps taken in the analysis, processing metatranscriptome
data from the North Pacific (red), formatting the data into a suitable format for analysis with
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Enviromtx (yellow), applying Enviromtx on each pair separately for every cruise individually
(green), and processing the resulting output for further analysis (green).
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Sup 2.2

Total number of Number that Average Number that
run instances completed in gee correaltion.Alpha of completed with gim

(step1) completed runs in gee (step 2)

G1 34943181 30028760 -0.01424921 4914421
(85.93597%) (14.06403%)

G2 35497583 33480358 0.05203436 2017225
(94.31729%) (5.682711%)

G3 48396426 43656493 0.09103436 4739933
(90.20603%) (9.793973%)

Total 118,837,190

Sup. 2.2. Summary of Enviromtx instances (responder/companion/function) completed in two
steps of model fitting. The first step was fitted with gee, and the second step was fitted with glm
using the corresponding correlation.Alpha for each cruise.
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Sup 2.3
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Sup. 2.3. Amplicon sequence variate (AVS) abundance data from 16S rRNA collected across the
Gradients cruises. Data adopted from Key et al., 2025. Top panel shows relative ASV
abundances of top 12 phylum level bacterial taxonomies across Gradients 1(left), Gradients 2
(middle) and Gradients 3 (right). Bottom panel shows relative abundances of top 12 order level
taxonomies within the Proteobacteria phylum across Gradients 1(left), Gradients 2 (middle) and

Gradients 3 (right).
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Sup 2.4
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Sup. 2.4. Metatranscriptome abundances in total transcripts/L of taxonomic groups at the order
level from three main bacterial phyla, Pseudomonadota (top row), Bacteroidota (middle row) and
Cyanobacteriota (bottom row) across Gradients 1 (left), Gradients 2 (middle) and Gradients 3
(right). The top 10 most abundant orders within each phyla are plotted, and the rest are combined
into the “Other” category.
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Sup. 2.5. Metatranscriptome abundances in total transcripts/L of taxonomic groups at the family
level from two bacterial phyla, Bacteroidota (top row) and Cyanobacteriota (bottom row) across
Gradients 1 (left), Gradients 2 (middle) and Gradients 3 (right). The top 10 most abundant
families within each phyla are plotted, and the rest are combined into the “Other” category.

72



A N
85 I : " -
O D Enviromtx conditioned with:
7/

Cd_pM . eorb «  Salinity
* Nitrate + Nitrite (NO3 + NO2)
NO3_NO2_uM .. Vv N » Dissolved Manganese (Mn)
Zn_nM ..‘ R
Fe_nM 0.44.018‘ @9 &
vy @O0 O9QO )
Cu_nM .‘.." \y‘s
Lwme @@ ¢ QOO 0 N
coo @ @S OO o
o 000 000000 - . .
o 5960000000 «°
Mn_nM @ 03 .....". S
temperature @ @ OM‘....‘..‘ & §

salinity @ @5 &‘...“.... "o‘ D
SiO4_uM .0.25 0.27-.; . 0.04| 0.2 | @ 086 0.11|0:26 ‘ -@s 0.26. 3

Q7

Pb_pM |0.07 -@r-@@1-0.13-@-031-3: - @ @ @ 01: @ @ 0.16.
.

-1 -08 -06 -04 -02 0 0.2 0.4 0.6 0.8 1

B
Gradients 1 Gradients 2 Gradients 3
Nitrate (uM)
Nitrate (uM) e 0 o w Nitrate (uM)
o N < © © O ~ - o o <
40 40 40
35 35 35
z £ Z
= 30 = 30 = 30
s | 5
25 25 25
20 20 20
nuLoWVoWwo nNnON~NO®
wo~oao  RIVIVR 00 Lok xao
S 38338ss A

Sup. 2.6. Sup. Env correlations. (A) Pearson’s correlation between measured abiotic features of
the Gradients 1, 2 and 3 transects, data from all three cruises was combined. The color bar
indicates the Pearson’s correlation coefficient. The following features were measured: latitude in
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°N, oxygen collected from CTD casts (CTDOXY), temperature in °C, salinity, Nitrate + Nitrite
concentrations in uM (NO3_NO2 uM), Cadmium concentrations in pM (Cd_pM), Zinc
concentrations in nM (Zn_nM), Iron concentrations in nM (Fe_nM), Nickel concentrations in
nM (Ni_nM), Copper concentrations in nM (Cu_nM), Phosphate concentrations in uM
(PO4_uM), Cobalt concentrations in pM (Co_pM), Manganese concentrations in nM (Md_nM),
Silica concentrations in uM (Si_uM), Lead concentrations in pM (Pd_pM). (B) Latitudinal
distributions of environmental parameters that were used to condition the model for Gradients
1(left), Gradients 2 (middle) and Gradients 3 (right). Showing temperature (orange circles and
smoothed trend line), dissolved Manganese (Mn, purple circles and smoothed trend line), and
dissolved nitrate and nitrite (Nitrate, gray circles and smoothed trend line). Green dashed line
indicates the chlorophyll front (0.15 mg m™?), and blue dashed line indicates the salinity front
isohaline (34.82).
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Sup 2.7
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Number of KOfams per species across all samples

Number of species with functional annotations (>500 KOfams for

Dataset Number of species PA; >300 KOfams for NS)
G1 NS - bacteria, archaea 4338 4
G1 PA — unicellular eukaryotes 453 (unicellular) 96 (unicellular)
G2 NS - bacteria, archaea 4856 8
G2 PA - unicellular eukaryotes 456 (unicellular) 94 (unicellular)
G3 NS - bacteria, archaea 4284 83
G3 PA - unicellular eukaryotes 452 (unicellular) 95 (unicellular)
Total unique across cruises PA 463 (unicellular) 119 (unicellular)
Total unique across cruises NS 5207 86
Total PA +NS 205

Sup. 2.7. Plots are showing the number of KOfam annotations per species in Gradients 1(left),
Gradients 2 (middle) and Gradients 3 (right) separated by eukaryotes (top) archaea (middle) and
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bacteria (bottom). Eukaryotic species are taken from the eukaryotic community (polyA selected)
fraction of the samples, while the Bacteria and Archaea species are taken from the total
community (ribosomally depleted) fraction. Table is showing the total number of species in each
dataset, as well as the number of species with sufficient level of functional annotation (> 500
KOfams for eukaryotes and > 300 KOfams for prokaryotes). In the eukaryotic fraction all
multicellular organisms were filtered out.

76



Sup. 2.8
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Sup. 2.8. Internal validation of Enviromtx output comparing the direction of 1 across three
cruises. Percent similarity in direction is shown for each cruise combination (top panel) with p-
value significance shown in brackets, for all responder/companion/function instances (left), and

only significant B1 (p-val < 0.1) responder/companion/function instances. Tables show

corresponding number of KOfams with positive B1 in one cruise and positive 1 in another

cruise, negative 1 in one cruise and negative 1 in another cruise, positive i1 in one cruise and

negative 1 in another cruise, and negative B in one cruise and positive B in another cruise.
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Sup 2.9

A B C

2.0e+07 3e+07 15000

minimum =0

1st Qu=0.1451
median = 0.4995
mean = 0.8964

3rd Qu. = 1.2500
maximum = 10.3876

1.5e+07

2e+07 10000

1.0e+07

Frequency

Frequency
Number of pairs

1e+07 5000

5.0e+06

0.0e+00 0e+00

0.00 0.25 0.50 0.75 1.00 -10 -5 0 5 10 0 3 6
p-value B1 Percent significant B1 functions per pair

Sup. 2.9. (A) Histogram of p-values for the combined results of Enviromtx output across
Gradients 1, 2 and 3. (B) Histogram of 31 values for combined results for Enviromtx output
across cruises. (C) Histogram showing the distribution of the percent significant 1 functions per
pair.
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Sup 2.10
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Sup. 2.10. Highly interacting pairs. (A) Highly interacting pairs (red dots) are selected as those

with outlier number of KOfams with significant B in responder companion pairs per each
responder species. All other pairs are colored grey. A total of 547 highly interacting pairs is
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identified consisting of 112 responders and 138 companion species. (B) Example distribution of
the number of significant estimates per pair for each responder in an example phyla
(Bacteroidota). Outlier companions for each responder are shown with dots. (C) Steps and
metrics used to select highly interacting species pairs, along with the number of pairs, responders
and companions retained after each step. (D) Histogram of the percent significant B; KOfams per
pair in the highly interacting pairs. (E) Proportion of bacteria companions (left) and eukaryotic
companions (right) across responders in highly interacting species pairs. Wilcoxson test was
used to assess significance of proportion of bacteria and eukaryotic companions across all
bacteria vs eukaryotic responders
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Sup 2.11
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Sup. 2.11. (A) Summary of Pearson’s correlation coefficient based on co-occurrence of species
abundances in total transcripts/L in highly interacting pairs compared to typical pairs. One-sided
t-test was done to determine significance. (B) Heatmap of Pearson’s correlation for each species
pair across the combined dataset of Gradients 1, 2 and 3 based on total transcripts/L for each
species. Red crosses indicate which pairs are highly interacting.
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Sup. 2.12
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Sup. 2.12. Number of companions belonging to each companion group, either (A) kingdom, or
(B) phylum per responder species in the highly interacting pairs, separated by bacterial
responders on the left and eukaryotic responders on the right.
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Sup. 2.13
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Sup. 2.13. Histogram of number of significantly enriched KEGG pathways based on significant
Enviromtx KOfams per pair across Gradients 1, 2 and 3.
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Sup. 2.14. Reciprocal pairs. Highly interacting pairs that have a reciprocal response, where the
responder responds highly to the companion and vice versa. Percent of significant KOfams
involved in the interaction is shown for each reciprocal pair. Each species pair is notated as
responder companion, where responder and companion species names are separated by an
underscore.
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Sup 2.15
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Sup. 2.15. Main functional categories involved in example species-species interactions for
three example pairs. For each example pair, the proportion of significant KOfams per
functional category induced in the responder is shown, where the color bar shows the total
number of significant functions per category. (A, B) Reciprocal response between the bacteria
Pseudomonas sp. 520P1 No. 412, and the eukaryote Chaetoceros dichaeta. (C) Unidirectional
response of the bacteria cluster OCS116 bacterium AG 390 A19 to Stramenopiles sp. TOSAG4-2.
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Sup. 2.16. Common functional features used by bacterial responders in interactions.
KOfams commonly involved in an interaction response across responder species based on the
Wilcoxson rank sum test are grouped into functional categories. (A) Enriched KEGG pathways
in the set of common interaction response KOfams. (C) The number of interaction significant
KOfams associated with each functional category across responders is shown in the bar plot on
the left, colored by type of KEGG or custom functional category. The heatmap shows on the
right shows the number of KOfams that are significantly involved in interactions to all
companions separated by responders at phylum level. Within each responder phyla, the heatmap
is clustered by response to companion phyla. The kingdom of the companions eliciting the
functional response is shown in the colored bar on the bottom.
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Sup. 2.17. Common functional features used by eukaryotic responders in interactions.
KOfams commonly involved in an interaction response across responder species based on the
Wilcoxson rank sum test are grouped into functional categories. (A) Enriched KEGG pathways
in the set of common interaction response KOfams. (C) The number of interaction significant
KOfams associated with each functional category across responders is shown in the bar plot on
the left, colored by type of KEGG or custom functional category. The heatmap shows on the
right shows the number of KOfams that are significantly involved in interactions to all
companions separated by responders at phylum level. Within each responder phyla, the heatmap
is clustered by response to companion phyla. The kingdom of the companions eliciting the
functional response is shown in the colored bar on the bottom.
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Sup. 2.18. Consistent vs. specific response. (A) Number of companions eliciting significant
response per each responder KOfam. All responder species are shown separately in the y-axis,
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and a bar plots show the distribution of the number of companions eliciting a significant
interaction response across all KOfams for each responder. Bars are colored by responder
kingdom (orange - bacteria, blue — eukaryotes). (B) Showing the distribution of percent
companions eliciting a significant interaction response per responder KOfam grouped at
kingdom level. (C) Venn diagram showing the number of general response and specific response
KOfams in bacterial (left) and eukaryotic (right) responders, in response to all companions. The
number of KOfams that is always specific, always general or sometimes specific and sometimes
general across responders is shown.
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Sup. Table 2.1. Summary statistics of assembled metatranscriptome contigs and annotation
efficiencies. Eukaryotic community (polyA) summary statistics were adapted from Groussman et
al., 2024. Total number of assembled nucleotide contigs for each dataset, along with the number
of unique clustered contigs at 99% amino acid identity level. Annotation efficiency for
taxonomic and functional annotations including both KOfam and Pfam annotations is stated.

Sup. Table 2.2. List of metatranscriptome samples taken in the Gradients 1,2 and 3
cruises. Both Eukaryotic (polyA) and Total community (NS) samples are listed. The samples
were combined by size fraction and sequencing type (polyA or NS) for analysis. Missing
samples and incomplete samples are indicated; those were excluded from the analysis.

Sup. Table 2.3. List of KOfams categories into custom functional categories. Custom
functional categories were constructed for Iron and Siderophores, Other metabolites, Vitamins,
Antibiotics and Toxins, and Phytohormones based on literature. The KOfams that were included
in each category are listed.

Sup. Table 2.4. Species level taxonomic bins used in analysis with Enviromtx. All species
bins that had sufficient annotations for analysis with Enviromtx are listed along with taxonomic
classification.

Sup. Table 2.5. Highly interacting pairs. List of highly interacting pairs found through
Enviromtx, along with basic characteristic for each pair, including taxonomic lineage of the
responder and companion taxonomic bins, total number of KOfams with significant B1 in a pair
(num_sig estimate pair), total number of KOfam annotations in responder
(num_unique funct resp), percent KOfams with significant B1 in pair (percent sig bl pair),
and number of significantly enriched KEGG pathways in pair (num_sig_enrich _path_pair).

Sup. Table 2.6. Enriched KEGG pathways per pair. For each pair analyzed with Enviromtx,
list of significantly enriched KEGG pathways and the associated Fisher Test p-values.
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Abstract

Heterotrophic bacteria are central to ocean carbon cycling, consuming most of the
organic matter produced by phytoplankton, yet their metabolic capabilities in the Equatorial
Pacific are still not fully characterized. Here, we present novel isolates and closed genomes of 52
heterotrophic bacteria capable of utilizing phytoplankton-derived organic matter from multiple
depths and locations in the Equatorial Pacific. Our isolates range from novel strains and species
to a potentially new genus belonging to the Hyphomicrobiales order. Isolate genomes reveal
diverse biosynthetic pathways, auxotrophies, and the capacity to produce and modify
ecologically relevant metabolites, including vitamins and phytohormones. Genome-based
predictions of potential metabolic exchanges between isolates suggest cross-feeding of vitamins,
growth factors and signaling molecules. These metabolic exchanges within bacterial
communities could influence interactions with phytoplankton, and suggest that higher order
interactions may influence the function and structure of microbial communities. The availability
of isolates from the Equatorial Pacific provides future opportunities to test metabolic capabilities
and potential exchanges in lab studies.
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Introduction

Marine heterotrophic bacteria are essential components of microbial networks; they play
a central role in global biogeochemical cycles, consuming approximately 85% of the carbon
fixed by phytoplankton within days (Moran et al., 2022; Hansell, 2013). The Equatorial Pacific is
one of the most biogeochemically dynamic ocean regions, with strong upwelling, high nutrient
fluxes and some of the highest primary productivity on Earth (Dai et al., 2023; Pennington et al.,
2006). Potential metabolisms of heterotrophic bacteria in the Equatorial Pacific are largely based
on metagenome assembled genomes (MAGs) or single-cell amplified genomes (SAGs) obtained
directly from environmental samples (Sun & Ward, 2021). Although MAGs and SAGs have
greatly advanced our understanding of metabolic diversity and genetic potential of marine
bacteria, they are typically incomplete, potentially lacking key metabolic features or genes.
Sequencing genomes of cultured isolates results in high quality closed genomes (Wick et al.,
2023), and allows for characterization of the full metabolic potential as well as metabolic
deficiencies and auxotrophies in each strain. Additionally, closed genomes of isolates provide an
opportunity to study a full suite of metabolic interdependencies within bacterial communities
both through co-culture lab experiments and modeling approaches.

The functional diversity of marine heterotrophic bacteria is vast, and can be categorized
into different functional guilds ranging from oligotrophs that dominate nutrient poor low latitude
surface waters to slow growing copiotrophs that grow on recalcitrant substrate at depth (Zakem
et al., 2024). A large fraction of marine heterotrophs is attached to particles and phytoplankton,
where nutrient levels can exceed surrounding levels by orders of magnitude (Seymour et al.,
2017). These environments attract copiotrophic bacterial taxa specialized in degrading complex
organic matter. In turn, phytoplankton-derived metabolites promote resource partitioning among
heterotrophic bacteria. Bacterial representatives across diverse taxonomic groups appear to use
relatively few phytoplankton-derived compounds such as guanosine, proline and N-acetyl-d-
glucosamine (Ferrer-Gonzalez et al., 2021). Similarly, uptake of phytoplankton derived
metabolites was taxon specific based on measured incorporation of isotope labeled substrates in
bacterial cultures (Mayali et al., 2012), and measurements of transcript and metabolite
abundances in the environment point towards specific heterotrophic users of liable molecules
like DMSP, DHSP, glycine betaine, trehalose and homarine (Durham et al., 2019; Boysen et al.,
2021; Boysen et al., 2022). In lab culture experiments, utilization of dissolved organic matter
(DOM) by heterotrophs could be predicted for each individual strain based on their metabolic
potential, however, in a community of bacteria, DOM utilization became unpredictable,
indicating interactions between bacteria can shape the structure of DOM in the ocean (Fuessel et
al., 2025).

In addition to their ability to degrade various organic compounds, heterotrophic bacteria
can produce and use metabolites that affect the physiology of their hosts as well as mediate
interactions within bacterial communities. Different signaling molecules and hormones can
influence growth rates of phytoplankton hosts (Amin et al., 2015; Durham et al., 2017; Fei et al.,
2020; Shibl et al., 2020). Biosynthetic pathways for synthesis of growth-promoting hormones
including indole-3-acetic acid (IAA), gibberellins and brassinolides are present in phytoplankton
growth promoting heterotrophic bacteria (Khalil et al., 2024). Trait based comparisons of
bacteria genomes revealed unique traits related to interactions with phytoplankton, especially in
Alpha- and Gammaproteobacteria, including production of phytohormones, siderophores and
different B vitamins (Zoccarato et al., 2022). These genetic traits have also been associated with
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cross-feeding within bacterial communities. Heterotrophic bacterial cross-feeding of particular
amino acids and B vitamins was predicted through community level metabolic modeling
(Giordano et al., 2024). Interestingly, cross feeding of B vitamins such as cobalamin (B12) and
thiamine (B1) was most prevalent between strains with partial synthesis pathways, instead of
between complete synthesizers and auxotrophs (Arandia-Gorostidi et al., n.d.). However, the
effect of cross-feeding and metabolite exchanges within heterotrophic bacterial communities on
the activity of metabolites associated with regulating host physiology is still understudied.

Here we report the isolation and metabolic capabilities of 52 novel heterotrophic bacteria
for which we obtained closed genomes. These isolates grow on phytoplankton-derived organic
matter collected from different locations and depths in the Equatorial Pacific. We examined their
metabolic potential and proposed potential metabolic exchanges that could influence interactions
both among bacteria and between bacteria and their phytoplankton hosts.

Methods

Bacterial isolation, cultivation and identification

Bacterial isolates were collected on the Gradients 5 cruise (TN412) in the Equatorial
Pacific from January 22 to February 18 2023. Seatwater was collected from the CTD rosette or
the ship’s underway system, with 0.5 L to 2 L of seawater subsampled into acid-washed
polycarbonate carboys from depths ranging from 5 m to 1000 m. Seawater was prefiltered with a
100 pm mesh, and concentrated into 1 mL samples by filtering through 0.2 um polycarbonate
filters. Concentrated seawater was plated onto 90 mm petri dish plates in 100 pL aliquots. Plates
contained different types of rich media, including "2 ytss (2g of yeast extract, 1.25 g of tryptone,
35 ppt Hawaii sea water, 15 g agar in 1L of distilled water), and 8 different media types with
individual carbon or nitrogen sources (1 L of distilled water, 15 g agar, and 2 g of one of the
following carbon/nitrogen sources for each media type: succinate, glucose, CAS amino acids,
pyruvate, acetate, sarcosine, sucrose, and starch). Plates were incubated at 25°C for 1-4 days
until bacterial growth was observed, and then stored at 4°C until further processing. Single
colonies from plates composed of the different media types were re-plated onto solid ' ytss
plates, and incubated at 25°C. The process was repeated until single-strain colonies were
observed on plates based on visual inspection of color, shape and size. Single colonies were
grown in liquid 'z ytss media overnight at 25°C with shaking and preserved in glycerol stocks (1
ml of culture with 10% v/v glycerol) by flash freezing in liquid nitrogen and storing at -80°C. To
determine the identity and purity of the isolates individual strains were revived from glycerol
stocks by growing on solid % ytss plates for 2-7 days. DNA was extracted and the full length 16S
rDNA was PCR-amplified using universal primers (27F and 1492R) and Sanger sequenced
through Azenta Life Sciences. Strains were taxonomically identified by aligning sequences with
BLAST NCBI (Camacho et al., 2009) and taxonomy assigned based on the highest sequence
similarity matches to reference sequences.

16S rRNA gene phylogenetic tree of bacterial isolates

A phylogenetic tree based on 16S rDNA sequences was constructed to determine the
phylogenetic diversity of isolated strains. The tree included as references the 16S rDNA
sequences from 50 marine bacteria and 10 non-marine bacteria from diverse environments
including those commonly found on human skin (Sup. Table 3.2) Sequences were trimmed using
the R package sangerAnalyseR (Chao et al., 2021) with quality cutoff score of 29 and sliding
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window size of 15 (M2CutoffQualityScore=29, M2SlidingWindowSize=15). Trimmed
sequences were aligned with MAFT v7.526 (Katoh & Standley, 2013), and aligned sequences
were trimmed to the same length (400 bp) in Jalview (Waterhouse et al., 2009). The maximum
likelihood phylogenetic tree was built with RAXML (Stamatakis, 2014) with 100 bootstraps
(raxmIlHPC-PTHREADS-SSE3 -fa -m GTRCATI -p 59867 -B.03 -x 14325 -# 100 -d -k). The
phylogenetic tree was visualized in iTOL (Letunic & Bork, 2021).

Genome sequencing, assembly and annotation

Strains selected for whole-genomes sequencing were revived from glycerol stocks by
growing at 25°C on solid % ytss plates for 2-4 days, then inoculating single colonies into 5 mL
liquid 'z ytss plates and incubating overnight at 25°C with shaking. The 52 isolates were
sequenced in three different batches (Sup. Table 3.1). High molecular weight DNA was extracted
for 17 isolates using the MasterPure Complete DNA and RNA Purification Kit (Biosearch
technologies) with an added RNAase step. DNA was cleaned using 1X volume:volume DNA
magnetic beads (Sergi Lab Supplies, Seattle WA) with two 80% ethanol washes, then eluted in
20 uL of molecular grade water. DNA was quantified using a Qubit dSDNA Quantitation High
Sensitivity kit (Invitrogen, Waltham, MA). Library preparation and sequencing was done in two
batches (batch 1 and 2) at the University of Washington Nanopore Sequencing Core (University
of Washington, Seattle, WA) using the Nanopore PromethION flow cell (Oxford Nanopore
Technologies, Oxford, United Kingdom). High molecular weight DNA was extracted from the
remaining 32 isolates using PacBio's Nanobind PanDNA Kit, library preparation was done using
Nanopore Library Prep, and sequenced in batch 3 using Nanopore sequencing on the
PromethION flowcell (Oxford Nanopore Technologies, Oxford, United Kingdom).

Long read sequences were processed by trimming raw nanopore reads for quality using
BBDuk (BBTools suite) (Bushnell, 2014) with parameters qtrim=rl and trimg=20 to remove low-
quality bases from both ends. Trimmed reads were then normalized to reduce coverage bias
using BBNorm (Bushnell, 2014), retaining a minimum depth of 5X and capping maximum depth
at 200X (using parameters min=5 and target=200). Normalized reads were assembled de novo
with Flye v2.9.4 (Kolmogorov et al., 2019) with the --nano-raw or —nano-hq settings and an
estimated genome size of 5 Mb (--genome-size 5000000). All assemblies were performed within
an Apptainer container using 14 threads per run. Assemblies were polished using three iterative
rounds of Racon (Vaser et al., 2017), with alignments generated by minimap2 (Li, 2018) (-x
map-ont). Final polished assemblies were saved in FASTA format for downstream analyses.
Gene prediction and functional annotation were conducted using Prokka v1.14 (Seemann, 2014)
with default parameters. Quality of assemblies including GC content was determined using
QUAST (Mikheenko et al., 2023), and CheckM v1 (Parks et al., 2015) was used to determine
completeness and contamination based on the presence and absence of marker genes.

Phylogenomics and analysis of bacterial metabolism

For each isolate genome, the closest known relative genome was found using BV-BRC
Similar Genome Finder (Olson et al., 2023), using both the representative and reference genome
option and all public genomes options containing published MAGs and SAGs. Average
Nucleotide Identity (ANI) between each isolate and its closest known representative genome
relative was calculated with fastANI (Jain et al., 2018) through Kbase (Arkin et al., 2018).
Phylogenomic relationships among all isolated strains were assessed by running genome
clustering based on pairwise distances and ANI between all selected genomes using the

104



Neighbor-Joining algorithm in Anvio v8 (Eren et al., 2015). Reconstruction of metabolic
pathways and estimation of pathway completeness was done with Anvio v8 through the anvi-
estimate-metabolism program using modules from the KEGG MODULES database (Veseli et
al., 2025). KEGGDecoder (Graham et al., 2018) was also used to estimate metabolic pathway
completeness, with input data based on putative genes annotated with KEGG Orthologs (KOs)
though Anvio v8 anvi-run-kegg-kofams program. In addition, secondary metabolite related
biosynthetic gene clusters (BGCs) were predicted using antiSMASH (Blin et al., 2017).

Prediction of metabolic exchanges

Metabolic exchanges between bacterial isolates were predicted using Anvio-dev -predict-
metabolic-exchanges module
(https://github.com/merenlab/anvio/blob/metabolic_interactions/anvio/docs/programs/anvi-
predict-metabolic-exchanges.md). Briefly, Anvio contigs-db databases were constructed for each
genome and annotated with modelSEED (Seaver et al., 2021) and KEGG (Kanehisa et al., 2025)
reference databases and a reaction network was created for each genome. Anvio -predict-
metabolic-exchanges was run with the following flags: --use-equivalent-amino-acids ; --
maximum-gaps 0; --report-compounds-with-no-prediction. Both the KEGG Pathway Map Walk
and the Reaction Network Subset approaches were used to predict which compounds can be
produced by one organism and consumed by another.

Results and Discussion
Isolation and sequencing of marine copiotrophic bacteria from the Equatorial Pacific

We sequenced complete genomes for 52 novel bacterial isolates from the Equatorial
Pacific. These were selected from a collection of ~400 isolates, out of which 96 were distinct
after clustering at 97% 16S rRNA sequence identity (Sup. 3.1). Bacterial isolates originated from
a transect along 140°W spanning latitudes 23°N to 4°S and depths from the surface (5m depth)
to deep ocean (1000m depth) (Fig. 3.1). To enrich for copiotrophic bacteria capable of growing
on phytoplankton-derived metabolites, we used a range of isolation media containing various
compounds released by phytoplankton (Methods). The resulting isolates represent 10 bacterial
orders, including those generally associated with phytoplankton and particles where nutrient
concentrations are higher than surrounding seawater (Fig. 3.1) (Amin et al., 2012; Seymour et
al., 2017).

Our use of long-read Oxford Nanopore technology resulted in high quality closed
genome assemblies for the 52 chosen isolates. 36 genomes contained 1-3 circular contigs,
although some Rhodobacterales had as many as 21 circular contigs of varying sizes (Table 3.1).
The elevated number of contigs in Rhodobacterales was restricted to two genera, Sulfitobacter
and Loktonella, which are known to contain numerous extrachromosomal replicons (ECRs)
including plasmids and chromids (Petersen & Wagner-Dobler, 2017; Freese et al., 2022). These
elements often encode mobilizable functions such as biofilm formation, transporters, secretion
systems and antibiotic resistance and contribute to horizontal gene transfer and genome plasticity
(Michael et al., 2016). Genome sizes ranged from 2.6 to 6.0 Mbp with CG content varying across
orders: on average ~35% GC in Flavobacteriales and Bacillales, ~45% GC in Alteromonadales,
~55% GC in Hyphomicrobiales, Oceanospirillales, and Pseudomonadales, and 60-65% GC in
Rhodobacterales and Sphingomonadales (Table 3.1). The genomes were assumed to be >99.94%

105


https://github.com/merenlab/anvio/blob/metabolic_interactions/anvio/docs/programs/anvi-predict-metabolic-exchanges.md
https://github.com/merenlab/anvio/blob/metabolic_interactions/anvio/docs/programs/anvi-predict-metabolic-exchanges.md

complete based on analysis with CheckM (Parks et al., 2015) with low contamination (47
genomes <1% contaminated, 5 genomes <3.5% contaminated; Table 3.1), confirming their
suitability for downstream metabolic analyses.

Genomes from the Equatorial Pacific isolates represent novel lineages at the strain,
species, and potentially genus level compared to their closest relatives in public databases. Thirty
two genomes were classified as novel strains, sharing 95-98% ANI with reference genomes and
spanning multiple bacterial orders (Table 3.1). Nineteen genomes represented putative new
species (ANI values between 85% and 94%) and included members of the Rhodobacterales
(closest relative: Sulfitobacter dubious), Alteromonadales (Idiomarina donghaiensis, Glaciecola
mesophila, and Alteromonas marina), Oceanospirillales (Halomonas glaciei), and
Sphingomonadales (Erythrobacter pelagi) (Table 3.1). One genome, assigned to the
Hyphomicrobiales and most closely related to Hoeflea halophila, showed 81% ANI to its nearest
reference, indicating it may represent a novel genus (Table 3.1) (Jain et al., 2018; Rodriguez-R et
al., 2022). Overall strain diversity was high, with most isolates sharing ANI < 0.8 with each
other, except for a few clusters within the Sphingomonales, Oceanospirales and Rhodobacerales
(Sup. 3.2).

Metabolic capabilities of Equatorial Pacific isolates

To determine the metabolic capabilities of bacterial isolates based on their genomes, we
assessed the completeness of synthesis and degradation pathways for various compounds. We
computed KEGG module completeness (Anvio v8) (Sup. 3.3) and the completeness of metabolic
pathways (KEGGDecoder) (Fig. 3.2). Functional profiles clustered by taxonomy (Fig 3.2),
consistent with the expectation that closely related taxonomic groups share more similar
functional capabilities (Konstantinidis & Tiedje, 2005). Most isolates encoded complete
pathways for amino acid biosynthesis, including tryptophan, alanine, proline, glycine, glutamine,
threonine, lysine and serine, as well as partially complete pathways for valine and isoleucine (Fig
3.2). Distinct auxotrophies were observed in certain lineages: all Flavobacterales lacked
complete pathways for ornithine and arginine (Sup. 3.3), while Sphingomonadales were unable
to synthesize aspartate and glutamate (Fig 3.2). Auxotrophic Flavobacteria are known to rely on
phytoplankton hosts for essential metabolites such as amino acids and cofactors suggesting
possible co-evolutionary relationships with eukaryotic hosts or cross-feeding with other bacteria
(Van Tol et al., 2017; Bartolek et al., 2022). Pathways for synthesis of several cofactors and
vitamins were present across all isolates, including thiamine (B1), riboflavin (B2) and co-enzyme
A (Fig 3.2; Sup. 3.3). Phytoplankton depend on bacterial supply for vitamins, with up to 23% of
tested phytoplankton species auxotrophic for B1 (Croft et al., 2005). Core metabolic pathways,
including the citrate cycle, glycolysis, pentose phosphate pathway and fatty acid biosynthesis
were present in all isolates (Sup. 3.3). Finally, type I secretion systems involved in export of
enzymes, toxins, and siderophores were partially complete across isolates, consistent with
previous reports that marine bacteria retain only subtypes necessary for exporting specific
metabolites (Fig. 3.2) (Green & Mecsas, 2016).

Several bacterial orders had distinct metabolic capabilities. Only Rhodobacterales
displayed the greatest diversity of distinct features. All members of this order encoded the C-P
lyase phn operon that enables utilization of phosphonates as a source of dissolved organic
phosphorus under phosphate limitation (Sosa et al., 2019), and sulfur-based pathways such as
DMSP demethylation, thiosulfate oxidation, and sulfite dehydrogenase (Fig. 3.2). Three
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Rhodobacterales strains also encoded a complete phthalate degradation pathway, allowing use of
this plasticiser as a carbon source (Iwaki et al., 2012). Rhodobacterales further possessed partial
pathways for Type II secretion systems, which facilitate extracellular degradation of complex
organic matter (Green & Mecsas, 2016). The Pseudomonadales was the only order that encodes
enzymes for denitrification through pathways including nitrate reduction and nitric- and nitrous-
oxide reduction (Fig. 3.2). One isolate (i17) likely representing a novel genus most closely
related to Hoeflea halophila, contained RubisCO and a complete Calvin-Benson-Bassham cycle
(CBB), suggesting the capacity for anaplerotic CO- fixation (Laguna et al., 2010).

Isolates encoded biosynthesis pathways for several keystone metabolites (Durham et al.,
2025) and metabolites mediating interspecies interactions. Two keystone vitamins showed
distinct patterns: the biotin (B7) pathway was present in all isolates except the Rhodobacterales
isolates (Fig. 3.2; Sup. 3.3), whereas the aerobic cobalamin (B12) pathway was complete only in
Rhodobacterales (Fig. 3.2; Sup. 3.3). The B12 transporter was present only in Alteromonadales,
Vibrionales and Enterobacterales orders (Fig. 3.2). Antibiotic resistance genes were found in
Sphingomondales for -lactams, while partial vancomycin resistance pathways were present
across many isolates. Similarly, Type VI and Type II secretion systems associated with
competition and virulence occurred only in Vibro, Enterobacter and some Pseudomonales (Sup.
3.3). Osmoprotectants biosynthetic pathways, including ectoine, were encoded in
Oceanospiralles, Rhodobacterales and Pseudomonales (Sup. 3.3). Flavobacterales carried
multiple phytoplankton-associated metabolic traits, such as metabolism for phytoplankton
exometabolites proline and tryptophan, and siderophore (staphylopherine) biosynthesis, while
the chitin degradation pathway was uniquely detected in the Vibrio isolate (Fig. 3.2; Sup. 3.3).
Partial pathway for Jasmonic acid synthesis which is known to play a role in regulation of
phytoplankton growth was observed in a few Flavobacterales (Sup. 3.3) (Wasternack & Strnad,
2018). Collectively these findings show that beyond core metabolism and lineage specific traits,
Equatorial Pacific isolates exhibit specialized capacities to produce and metabolize keystone
metabolites and compounds central to interspecies interactions.

Metabolic exchanges between Equatorial Pacific isolates

We tested for potential metabolic dependencies and exchanges based on genomic
capabilities between bacterial isolates to assess the potential for syntropy or cross-feeding. Since
our isolates are copiotrophs commonly associated with phytoplankton and particles, they are
likely to come into contact with each other in nutrient rich microenvironments, and in addition to
competing with each other, they may have capabilities of exchanging resources and metabolites.
We chose one representative from each order with the lowest ANI to a previously sequenced
genome, as they are most likely to uncover understudied types of metabolic exchanges (Table
3.1; Sup. 3.4A), and tested whether these six bacteria possess the potential capability of
exchanging metabolites with each other. Possible production and consumption pathways for a
range of compounds in each bacteria were assessed using Anvio’s Predict Metabolic Exchanges
function. The same approach was used to assess whether a bacteria had the capability to produce
a particular compound or intermediate, and at the same time if another bacteria had the capability
to consume or degrade it.

We assessed the genomic potential of the six target isolates to produce-only, consume-
only, or both produce and consume metabolites (Sup. 3.4A). We hypothesized that metabolites
both produced and consumed by an isolate likely support internal metabolism, those consumed
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but not produced indicate potential dependencies and auxotrophies, and those produced but not
consumed could mediate interactions with other organisms. Compounds that were primarily both
produced and consumed include nucleic acids, N-glycosides, and vitamins and co-factors (Sup.
3.4B). Fatty acyls dominated each of the three categories of compounds and were abundant in
the examined bacteria and serve as building blocks for membranes, energy storage, and
precursors for various signaling molecules (De Carvalho & Caramujo, 2018). Compounds that
were primarily either only produced or only consumed but not both included flavonoids, o-
glycosides, phytotoxins and polyketides (Sup. 3.4B). In comparison to compounds that are both
produced and consumed, the produced-only or consumed-only compounds had a higher
specificity to a particular isolate (Sup. 3.4C), consistent with the high taxonomic and functional
diversity of tested bacterial genomes.

Potentially exchanged compounds within the six representative isolates were assessed by
looking at the presence of KEGG biosynthesis and degradation pathways and modelSEED
reactions between isolate genomes. A potential exchange is defined as the ability of one bacteria
to produce a particular compound or intermediate, and another bacteria to modify or degrade it.
Classes of compounds that were exchanged across the all 6 tested bacteria were dominated by
fatty acids, carbohydrates, lipids, peptides, and terpenoids, however, exchanges of vitamins and
cofactors, terpenoids, flavonoids, and hormones were also observed (Sup. 3.5A; Sup 3.5B). We
observed exchanges of environmentally relevant metabolites, including those classified as
abundant metabolites and keystone metabolites (Sup 3.6) (Durham et al., 2025). Abundant
marine metabolites that were exchanged between the isolates included amino acids such as
alanine, aspartate, glutamine, glutamate, and serine among others (Sup 3.6). Keystone
metabolites that were exchanged contained B vitamins such as niacin (B3), as well as vitamers,
which are precursors, moieties, or degradation products of B vitamins. These products can satisfy
vitamin requirements as well as mediate interspecies interactions (Durham et al., 2025).
Dethiobiotin was exchanged and can be used as an alternative to B7 auxotrophy (Wienhausen et
al., 2022), while 4-Amino-5-aminomethyl-2-methylpyrimidine is a B1 precursor that can be used
in some organisms instead of B1 (Sup. 3.6) (Paerl et al., 2023). Similarly, coblalamin (B12)
remodeling can be done using Alpha-Ribazole and Adenosylcobalamin-5'-phosphate, both of
which were potentially exchanged between Equatorial Pacific isolates (Sup. 3.6) (Bannon et al.,
2024). Several polyunsaturated fatty acids such as EPA, linolenate, and arachidic acid were
potentially exchanged between bacterial isolates; higher tropic levels such as invertebrates are
auxotrophic for them and depend on their availability from microalgae and bacterial sources
(Nichols, 2003). Additionally, several nitrogen and sulfur osmolytes were potentially exchanged
including ectoine, betaine aldehyde and carnitine (Sup. 3.6). A few bacterial toxins were
exchanged, including protoanemonin, which is known to disrupt quorum sensing in bacterial
communities (Sup. 3.6) (Bobadilla Fazzini et al., 2013). Overall, these potential exchanges
highlight core metabolic interdependencies as well as specialized exchange of keystone
metabolites that structure marine ecosystems.

Bacterial isolates were able to exchange compounds with the potential to mediate cross-
kingdom interactions, including phytohormones that regulate phytoplankton growth and
metabolism. These included indole-3-acetic acid (IAA) derivatives, gibberellins, abscisic acid
and jasmonic acid (Sup. 3.6), some of which enhance growth of diatoms in cultures (Khalil et al.,
2024). Although none of the tested bacterial strains contained a complete pathway for synthesis
of IAA from tryptophan, representatives of the Hypomicrobiales, Alteromonasles and
Flavobacteriales contained genes for select steps of different synthesis pathways (Fig. 3.4A)
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(Labeeuw et al., 2016). Some isolates like the 117 Hyphomicrobiales and 1154 Oceanospirillales
possessed the ability to take up exogenous IAA and convert it to biologically inactive storage
forms of IAA such as IAA-amino acid conjugates (IAA-Leu, [AA-Glu, IAA-Asp, [AA-Ala) via
IAA-amodesynthetases, while others including SET2-66 Alteromonadales and SET3-63
Flavobacteriales had the ability to convert it back to its active state (Fig. 3.4; Sup. 3.7) (Hayashi
et al., 2021). Exchanges of phytohormones within bacterial communities suggest that interactions
between bacteria might shape interactions spanning multiple trophic levels. Additionally,
modifications of compounds within bacterial communities that are known to play a role in
interactions between bacteria and their eukaryotic hosts indicate a potential prevalence of higher
order interactions in marine microbial systems (Bairey et al., 2016).

Conclusion

Isolation and sequencing of novel bacterial strains from the understudied Equatorial
Pacific expand our understanding of the metabolic potential of copiotrophic heterotrophic
bacteria. Closed genomes enable identification of biosynthetic pathways and auxotrophies for
ecologically significant metabolites. While the activity of individual bacteria can be inferred
from their metabolic potential, potential exchanges of metabolites, including vitamins and
growth factors, can enhance and diversify the metabolic capacity of microbial communities
(Fuessel et al., 2025). We tested for possible metabolic exchanges between isolated bacteria and
found evidence for the structural modification of phytohormones that influence phytoplankton
growth, as well as other keystone metabolites (Durham et al., 2025). This indicates interactions
within microbial communities could be an important factor in controlling phototroph-heterotroph
associations through higher order interactions. The metabolic exchanges predicted here are
putative and based on metabolic potential through KEGG pathways and reactions. Previous
studies have found that functional guilds of metabolic interactions cannot be predicted by
phylogeny or metabolic capacity alone, highlighting the need for direct measurements of
metabolic activity to detect emergent properties of complex bacterial communities (Mayali et al.,
2023). The availability of these isolates now provides a platform for testing hypothesized
metabolic exchanges under laboratory and environmental conditions, offering a path to
uncovering novel emergent properties of microbial communities in the ocean.
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Fig. 3.1. Isolation sites and taxonomic characteristic of sequenced isolates. (left) The cruise
track in the Equatorial Pacific is shown in the yellow line, with dots showing sites where the
bacteria were isolated from. (right) Taxonomic distribution of isolated strains by site and depth.
G4 indicates isolates collected on a different cruise to the same area 2021 (TNT 397). From
phytoplankton indicates bacteria that were isolated from phytoplankton cultures collected on the
same cruise (Graff van Creveld et al., 2024).

110



Table 3.1

Genome # Contigs GC % Completeness Contamination Size (bp) #CDS Closest Species ANI
Alteromonadales
SET2-66 1 48.4 99.99 0.02 2606062 2490 Idiomarina donghaiensis 91.06
SET2-64 2 44.55 100 0.11 5168764 4367 Glaciecola mesophila 91.1697
S-E1-4 2 44.81 100 0.2 4853993 4197 Alteromonas marina 92.59
SET2-22 1 44.84 100 0.04 4473462 3956 Alteromonas mediterranea 97.62
Bacillales
SET1_73 | 1 36.45 100 0 3803512 3765 Psychrobacillus psychrotolerans 98.237
Enterobacterales
SET1_71 | 3 55.23 100 0.04 4789250 4383 Pantoea agglomerans 98.4695
Flavobacteriales
SET3-63 1 38.11 99.94 0.04 3293458 2883 Dokdonia donghaensis 95.7728
SET3_70 1 36.02 100 0.03 4768663 4057 Maribacter sp 97.3829
SET3_49 1 36.02 100 0.03 4768663 4057 Maribacter sp 97.4446
SET2_72 1 39.82 99.97 0.05 4334862 3715 Leeuwenhoekiella blandensis 97.8348
SET2-31 1 33.95 99.98 0.03 2933880 2674 Croceibacter atlanticus 98.1744
Hyphomicrobiales
i17 1 58.57 100 0 4764147 4546 Hoeflea halophila 81.9645
SET3_46 3 66.8 100 0.11 4572452 4312 Aurantimonas coralicida 97.1364
Oceanospirillales
i154 2 55.04 100 0.19 4609007 4379 Halomonas glaciei 86.1623
SET3_2 3 56.82 100 0.03 3937209 3706 Halomonas aquamarina 97.662
SET3_29 1 56.96 99.99 0.05 3462635 3187 Halomonas aquamarina 97.6802
SET1_30 1 56.96 99.99 0.05 3462787 3184 Halomonas aquamarina 97.6996
SET3_7 1 56.96 99.99 0.05 3462629 3190 Halomonas aquamarina 97.701
i78 2 56.98 99.99 0.84 3872877 3637 Halomonas axialensis 98.0926
i162 1 56.74 99.99 0.62 3670685 3437 Halomonas meridiana 98.0948
Pseudomonadales
SET3_38 2 57.98 100 0 4114437 3792 Marinobacter vinifirmus 96.6779
SET1_67 1 58.44 100 0 3784967 3469 Marinobacter vinifirmus 96.8182
i12 1 58.33 €R).ee 0.01 3798881 3487 Marinobacter vinifirmus 96.7468
SET1_61 1 57.14 99.98 0.22 4491994 4100 Marinobacter sp 98.4811
Rhodobacterales
SET2-15 8 67.28 99.98 0.7 4261539 4064 Loktonella cinnabarina 87.8369
SET2_2 8 67.28 99.98 0.71 4261547 4060 Loktanella cinnabarina 87.9538
SET3-66 10 61.82 100 3.1 5014008 4798 Sulfitobacter pseudonitzcchiae 88.68
i34 11 60.76 100 0.99 4374236 4273 Sulfitobacter dubius 89.4672
i182 11 60.76 100 0.95 4374332 4283 Sulfitubacter dubius 89.4686
SET2_79 9 60.85 100 0.22 4259744 4155 Sulfitobacter dubius 89.5244
i1000 11 60.83 100 1.01 4399799 4292 Sulfitobacter dubius 89.5856
i189 21 60.73 100 1.1 4476625 4421 Sulfitobacter dubius 89.5914
SET3_71 11 61.84 100 3.01 5046623 4827 Sulfitobacter pseudonitzschiae 89.9929
SET3_28 10 61.82 100 3.19 5013933 4799 Sulfitobacter pseudonitzschiae 90.019
i179a 9 60.16 100 0.45 4265419 4124 Sulfitobacter dubius 90.0662
plank1 2 59.84 100 0.27 4584759 4331 Thalassobius mediterraneus 94.6493
Prex1 2 59.84 100 0.26 4584788 4331 Thalassobius mediterraneus 94.673
SET3-68 5 60.33 100 0.26 3776382 3631 Sulfitobacter pontiacus 97.09
SET2-6 6 60.35 100 0.05 3607620 3480 Sulfitobacter pontiacus 97.31
SET3_47 5 60.45 100 0.36 3686347 3551 Sulfitobacter pontiacus 97.4136
SET3_59 8 63.68 100 0.68 4807456 4482 Leisingera caerulea 98.0207
Sphingomonadales
SET1_28 3 63.51 100 0.35 3056370 2920 Erythrobacter pelagi 87.4184
i187 2 63.51 100 0.36 3054197 2915 Erythrobacter pelagi 87.4819
SET3-20 1 64.81 100 0.18 3414984 3294 Citomicrobium bathyomarinum 95.83
SET1-46 2 60.86 100 2.41 3815572 3675 Qipengyuaniasp. 97.0388
i62a 1 60.73 100 0.73 3555479 3389 Qipengyuaniasp 97.0939
i183 2 64.13 100 0.23 3244173 3168 Erythrobacter citreus 97.8784
SET2_20 1 64.24 100 0.17 2992365 2906 Erythrobacter citreus 97.9005
SET3_52 1 64.56 100 0.02 2918400 2814 Erythrobacter citreus 97.9657
SET3-10 1 64.56 100 0.02 2918398 2812 Erythrobacter citreus 97.9667
i181 1 64.24 100 0.17 2992384 2907 Erythrobacter citreus 98.0012
Vibrionales
SET1_57 | 4 44.46 100 3.55 6003807 5619 Vibrio campbellii 96.3258

Table 3.1 Characteristics of Equatorial Pacific bacterial genomes. Bacterial genomes are
grouped by order and organized from lowest to highest ANI to closet relative. Total number of
circular contigs is shown, along with GC content, completeness and contamination, total size of
each genomes and number of coding DNA sequences (CDS). The closest species relative with a
genome available in public databases is stated along with the average nucleotide identity (ANI)
to the closest relative.
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Fig. 3.2. Metabolic capabilities of Equatorial Pacific bacteria isolates. Metabolic capabilities
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Figure 3.3
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chain oxidase; IPDC, TDC: Tryptophan decarboxylase; Indole-3-pyruvate decarboxylase; AO:

Amine oxidase; IAAldD: indole-3-acetaldehyde dehydrogenase. Colored boxes show which
bacterial isolates contain the genes required for each step of the pathway, while grey boxes
indicate missing genes. (B) Exchanged phytohormones between bacterial isolates. Bar plot is

colored by isolate and shows which isolates can produce a compound (right side of bar plot), and
which isolates are able to consume the compound (left side of bar plot).
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Supplemental Figures and Tables
Sup 3.1

Phylum

D Flavobacteriia
D Gammaproteobacteria

[ ] Alphaproteobacteria

[ ] Bacill
Latitude Depth
-4 5
0 104
|
2 204
i 5 303
8 403
12 502
15 602
18 701
21 801
25 900
28 1000

Y Sequenced genome

Sup 3.1. Phylogenetic tree of isolated strains based on 16S rRNA sequences. The tree was
built using 16S rRNA sequences from all ~400 isolated strains, along with known reference
sequences obtained from NCBI. The branches are colored by phylum. The latitude and depth of
the isolation site for each isolate is shown in the heatmaps. Red stars indicate the 52 strains that
were selected for whole genome sequencing.
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Sup 3.2. Average nucleotide identity (ANI) across all isolate genomes. All-against-all
bacterial isolate ANI heatmap clustered by isolate phylogeny. Color bars on the right and bottom

show order level taxonomic classification for each bacteria.
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Module
Completeness
I 1

0.5

0

Category
Amino acid metabolism
Biosynthesis of other secondary metabolites
Biosynthesis of terpenoids and polyketides
Carbohydrate metabolism
Energy metabolism
Gene set
Glycan metabolism
Lipid metabolism
Metabolism of cofactors and vitamins
Module set
Nucleotide metabolism
[ Xenobiotics biodegradation

Taxonomy

[ Alteromonadales
Bacillales
Enterobacterales

M Flavobacteriales

B Hyphomicrobiales

M Oceanospirillales
Pseudomonadales

B Rhodobacterales

B Sphingomonadales
Vibrionales

module completeness for each KEGG module (y-axis) for every genome (x-axis). The heatmap
is clustered by module completeness. The color bar on the bottom shows the order level
taxonomy of each bacteria isolate. The color bar on the left shows the KEGG category that each
KEGG module belongs to.
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Sup 3.4
A
Produced only Consumed only Produced and consumed

i154 Oceanospirillales 1996 1735 1520
i7 Hyphomicrobiales 1923 1796 1590
SET2_15 Rhodobacterales 1896 1766 1503
SET2_66 Alteromonadales 1685 1492 1387
SET3_10 Sphingomonadales 1793 1628 1336
SET3_63 Flavobacteriales 1475 1402 961

B Produced Consumed Produced and Consumed
Alkaloids
Amino acid related compounds !
Antibiotics |
C-glycosides I
Carbohydrates l
FA Fatty acyls -_
Fatty acids related compounds h
Flavonoids -
GL Glycerolipids |-
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Nucleic acids
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Others
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PR Prenol lipids
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SP Sphingolipids
ST Sterol lipids
Steroids
Terpenoids
Vitamins and cofactors

Genome
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Sup 3.4. Produced and consumed compound for representative isolate genomes. Six
genomes were assessed for their capacity to produce only, consume only and both produce and
consume compounds based on completeness of KEGG pathway and modelSEED reactions using
Anvio’s —predict-metabolic-exchanges function. (A) Total number of produced only, consumed
only and both produced and consumed compounds for each tested genome. (B) Number of
compounds belonging to different KEGG Brite compound categories that are produced,
consumed or both for each isolate. The bars are colored by isolate. (C) The number of
compounds in each of the produced, consumed or both categories that is unique to one genome
or shared between them.

Number of compounds
Number of compounds
Number of compounds
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Sup 3.5

A
SET3-63
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Carbohydrates

FA Fatty acyls
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o

25 50 75 100
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Sup 3.5. Exchanged compounds between representative isolate genomes. (A) The total
number of exchanged compounds between all genomes tested. Number of compounds produced
by one genome and consumed by another are shown. (B) All exchanged compounds between any
two genomes in the community categorized into KEGG Brite compound categories.
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Sup 3.6

Abundant marine metabolites

Alanine SET2-15; SET2-66; SET3-63; i154; i17 SET3-10

Aspartate SET2-66; SET3-10; i154 SET2-15; 17

Citrate SET2-15; SET2-66; SET3-63; i154; i17 SET3-10

Glutamate SET3-10; i17 SET2-15; SET2-66; SET3-63; i154
Glutamine SET2-66; i154 SET2-15; SET3-10; SET3-63; i17
Glycolate SET2-66; SET3-10; SET3-63 SET2-15; i154; i17

Isethionate i154 SET2-15; SET3-10; SET3-63; i17
N-Acetyl-D-glucosamine SET3-63 SET2-15; SET2-66; SET3-10; i154; i17
Serine SET2-15; SET3-10; i154; i17 SET2-66

Trehalose SET2-66; i154; i17 SET2-15; SET3-10; SET3-63
Keystone marine metabolites

4-Amino-5-aminomethyl-2-methylpyrimidine  SET2-15; SET2-66; SET3-63 SET2-15; i154; i17
Adenosylcobalamin-5'-phosphate i7 SET2-15; 154

Alpha-Ribazole SET2-15; 1154 i17

Arachidic acid SET2-15; SET3-63 SET2-66; SET3-10; i154; i17
Dethiobiotin SET2-15; SET2-66; SET3-10; SET3-63 i154

Eicosapentaenoic acid (EPA) SET2-15; SET3-63 SET2-66; SET3-10; i154; i17
Linolenate SET2-15; SET3-63 SET2-66; SET3-10; i154; i17
Niacin (B3) SET2-66; SET3-10; SET3-63; i17 SET2-15; 1154

Bacterial toxins and metabolites

Aklavinone SET2-15; SET3-10; SET3-63; i154; i17 SET2-66

Premithramycin B SET3-63 SET2-15; SET2-66; SET3-10; i154; i17
Protoanemonin SET2-15 SET3-10; SET3-63; i154; i17
Carotenoids

Lycopene SET2-15; SET2-66; i154; i17 SET3-10; SET3-63

Zeaxanthin SET3-63 SET2-15; SET2-66; SET3-10; i154; i17
beta-Carotene SET2-66; SET3-10; SET3-63; i154 SET2-15; i17

Nitrogen / sulfur osmolytes

(2R)-3-Sulfolactate SET2-15; i17 SET2-66; SET3-10; SET3-63; i154
Betaine aldehyde SET3-10; SET3-63 SET2-15; SET2-66; i154; i17
Camitine i154 SET2-15; SET2-66; SET3-10; i17
Ectoine i154 SET2-15; SET3-10; i17

Gamma-butyrobetaine SET2-15; SET2-66; SET3-10; i154; i17 SET3-63

Phyto regulation

Abscisic acid SET2-15; SET3-10; SET3-63; i154; i17 SET2-15; SET2-66; SET3-10; i154; i17
Brassinolide SET2-15; SET2-66; SET3-10; i154; i17 SET3-63

Gibberellin A34 SET2-15; SET3-10 SET2-66; SET3-63; i154; i17
Gibberellin A4 SET2-15; SET2-66; SET3-10; i154 SET3-63;i17

Gibberellin A9 SET2-15; SET2-66; SET3-10; i154 SET3-63; 117

1AA-Ala i154; 117 SET2-15; SET2-66; SET3-63

IAA-Asp SET2-15; i154; i17 SET2-66; SET3-10; SET3-63
IAA-Asp-N-Glc SET3-10; i154; i17 SET2-15; SET2-66; SET3-63

IAA-Glu SET2-15; i154; i17 SET2-66; SET3-10; SET3-63
IAA-Glu-N-Glc SET3-10; i154; i17 SET2-15; SET2-66; SET3-63

IAA-Leu i154; 17 SET2-15; SET2-66; SET3-63
Jasmonate SET2-15;i17 i154

N-Hydroxyl-tryptamine SET2-66 SET2-15; SET3-10'; i154; i17

Other Carbohydrates

Alginate SET2-66; SET3-10; i17 SET3-63

Arginine SET2-66; i154 SET2-15; SET3-10; i17

Guanosine SET3-10; SET3-63 SET2-15; SET2-66; i154; i17
Sarcosine SET2-15; i17 SET2-66; SET3-10; SET3-63; i154
Secoisolariciresinol SET2-66 SET2-15; SET3-10; SET3-63; i154; i17
Spermidine SET2-15; SET2-66; SET3-63; i154; i17 SET3-10

Sulfoacetaldehyde SET3-10; SET3-63 SET2-15; i154; i17

L-Ascorbate SET3-10; SET3-63 SET2-15; SET2-66; i154; i17
Nicotinamide SET2-66 SET2-15; SET3-10; SET3-63; i154; i17
Tetrahydrobiopterin SET3-63 SET2-15; SET2-66; SET3-10; i154; i17

Other Fatty Acyls
(R)-3-Hydroxybutanoyl-CoA
Butyrate

Butyryl-CoA
D-Mucic~tacid
Decanoate
Decanoyl-CoA

Oleate

Palmitate
Palmitoyl-CoA

Other Terpenoids
Androstenedione
Famesyldiphosphate
Geranyldiphosphate
Solanesy! diphosphate

SET2-15; SET2-66; i154; i17
SET2-15; SET2-66

SET2-66; SET3-10; SET3-63; i154; i17

SET2-15; 1154

SET2-15; SET3-63
SET2-66; SET3-10; i154; i17
SET3-63

SET3-63

SET2-66; SET3-10; i154; i17

SET3-63

SET2-66; SET3-10; i154; i17
SET2-66; SET3-10; i154; i17
SET2-15; SET3-10; i154; i17

SET3-10; SET3-63
SET2-66; SET3-10; i154; i17
SET2-15

i7

SET2-66; SET3-10; i154; i17
SET2-15; SET3-63

SET2-15; SET2-66; SET3-10; i154; i17
SET2-15; SET2-66; SET3-10; i154; i17

SET2-15; SET3-63

SET2-15; SET2-66; SET3-10; i154; i17

SET2-15; SET2-15; SET3-63
SET2-15
SET2-66; SET3-63

Sup 3.6. Table of exchanged compounds between representative isolate genomes. Showing
example exchanged compounds belonging to ecologically relevant categories. Genomes that
have the capability to produce or consume them are listed.
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Sup 3.7

Compound Consumption reaction Production Reaction

N-Hydroxyl- rxn32170 rxn14082

tryptamine N-Hydroxyl-tryptamine <=> (2) H+ + 3- NADPH + O2 + Tryptamine => H20 + NADP + N-Hydroxyl-
Indoleacetaldoxime tryptamine

Jasmonate rxn20909 rxn40507
ATP +L-Isoleucine +Jasmonate => PPi + AMP +(2) H+ | H20 + Methyl jasmonate <=> H+ + Methanol +Jasmonate
+ (-)-Jasmonoyl-L-isoleucine

1AA-Leu rxn23828 rxn23821
H20 + |AA-Leu <=> L-Leucine + Indoleacetate ATP +L-Leucine + Indoleacetate => PPi + AMP +(2) H+ +

IAA-Leu

1AA-Glu rxn25353 rxn23823
Glucosylated-Glucose-Acceptors + IAA-Glu <=>1AA- ATP +L-Glutamate +Indoleacetate => PPi + AMP +(2) H+ +
Glu-N-Glc + Non-Glucosylated-Glucose-Acceptor I1AA-Glu

1AA-Asp rxn25352 rxn23822
Glucosylated-Glucose-Acceptors + IAA-Asp <=> |AA- ATP +L-Aspartate + Indoleacetate => PPi + AMP +(2) H+ +
Asp-N-Glc + Non-Glucosylated-Glucose-Acceptors I1AA-Asp

1AA-Ala rxn23826 rxn23820

H20 + 1AA-Ala <=>L-Alanine + Indoleacetate

ATP +L-Alanine + Indoleacetate => PPi + AMP +(2) H+ +
IAA-Ala

Gibberellin A9

rxn21726
S-Adenosyl-L-methionine + Gibberellin A9 <=> S-
Adenosyl-homocysteine + GA9 methyl ester

rxn24334
NADPH + O2 + Gibberellin A12 <=> NADP + CO2 + (4) H+ +
Gibberellin A9

Gibberellin A4

rxn21727
S-Adenosyl-L-methionine + Gibberellin A4 <=> S-
Adenosyl-homocysteine + GA4

rxn24332
NADPH + O2 + Gibberellin A14 <=> NADP + CO2 + (4) H+ +
Gibberellin A4

Brassinolide

rxn27090
Brassinolide + UDP-GLUCOSE <=> UDP +
brassinolide-23-O-glucoside

rxn24258
NADPH + O2 + H+ + Castasterone => H20 + NADP +
Brassinolide

Sup 3.7. Reactions responsible for the exchange of phytohormones between bacteria
isolates. The modelSEED production and consumption reaction is shown for each exchanged

phytohormone.
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Sup. Table 3.1. Equatorial Pacific bacterial genomes. Total number of circular contigs is
shown, along with GC content, completeness and contamination, total size of each genomes and
number of coding DNA sequences (CDS). The location and depth of isolation site is stated for
each genome. Closest species relative based on 16S rDNA amplicon data as well as based on the
genome is stated, including the closest closed genome representative and the closest
environmental Metagenome Amplified Genome (MAG) or Single Amplified Genome (SAG)
representative. Average nucleotide identity (ANI) to closest relatives is shown.

Sup. Table 3.2. Phylogenetic tree refence sequences. List of reference bacteria and associated
16S rDNA NCBI accession numbers that were included in the 16S rDNA phylogenetic tree of all
bacterial isolates.
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Abstract

This course-based undergraduate research experience (CURE) exposes students to
concepts, laboratory techniques and data analysis skills at the intersection of genetics and
functional genomics through exploration of the metabolism of marine bacteria. Guided by
questions, students begin by reading research articles that describe the types of protein functions
marine bacteria require to utilize metabolites derived from phytoplankton, the primary producers
of the ocean. Students learn wet lab microbiology skills, and data analysis through R
programming to conduct a high-throughput screen to test the capacity of a diverse collection of
marine bacteria to grow on selected phytoplankton metabolites. Students examine their data
collectively to select bacteria isolates for DNA extraction and whole genome sequencing. They
learn to navigate online bioinformatics tools and databases to analyze the information and gene
annotations in the bacterial genomes. The project culminates with an independent inquiry
assignment in which students use genome evidence, the scientific literature, and their knowledge
of bacterial gene operons and protein functions to reconstruct a genetic and metabolic pathway
that could explain the growth phenotype of their bacterium on marine metabolites. The project
incorporates assessments related to group discussions of peer-reviewed research articles,
completion of questions based on the articles and lab protocols, weekly lab reports, and a final
lab report and research presentation to peers. The project highlights the utility of genomic data to
solve interdisciplinary problems and the functions performed by microorganisms in the
environment.
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Scientific Teaching Context

Learning Goals for the Course

This CURE aims to provide students with a foundation in core concepts and principles at
the intersection of genetics and genome science. The project trains students to read and interpret
peer-reviewed primary scientific sources, perform research based on authentic questions from
ongoing studies, make informed decisions based on lab results, use bioinformatics tools to
analyze genomic data they generate, and communicate and write about their findings and
contemporary topics in genomics.

By the end of this course, students will be able to:

e Identify common bioinformatics tools and protein databases as resources to study gene
sequences and explore the functions of genes in microbial genomes.

o [Illustrate how to retrieve and critically assess credible scientific sources, and synthesize
the literature to support background research and interpretation of findings.

o Distinguish in the scientific literature evidence derived from genetic research and
genomic data versus other lines of evidence.

e Accurately apply basic genetic and genomic concepts to communicate research findings
clearly in written, oral, or digital formats.

e Compare information found in genomes to organismal traits or phenotypes by creating
visual representations of metabolic pathways based on genomic functional annotations
(e.g., KEGG metabolic maps).

o Evaluate how genomic research contributes to interdisciplinary fields such as our
understanding of microbial carbon and nitrogen cycling in the ocean.

Selected Learning Objectives

We selected two exemplar lessons from this course to elaborate on. The first lesson
focuses on a lab experiment investigating the metabolic interactions between marine bacteria and
phytoplankton by testing the growth of 94 bacterial isolates on a diverse range of phytoplankton-
derived metabolites using a high-throughput screening assay. The second lesson helps students
develop an independent research project, connecting the observed growth phenotypes of bacteria
isolates to their metabolic capabilities predicted through genome analysis, using instructor-
provided genome assemblies and annotations derived from DNA extracted and sequenced earlier
in the course. These lessons were chosen because each offers a distinct set of concepts and skills:
lesson one emphasizes collaboration and lab-based studies, while lesson two promotes students
to develop original hypotheses, design and carry out analysis methods to test their own questions.
Together, both of these lessons connect overarching concepts across the entire course.

Learning goals for exemplar lessons:

Lesson #1: Investigating the metabolic profiles of marine bacteria
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o Explain High-Throughput Screening approaches and their applications.

e Summarize the ecological importance of marine bacteria and their metabolite production
using primary literature.

o Demonstrate proper use of wet lab tools, including the use of a pin replicator and proper
layout of a 96-well plate.

e Grow marine bacteria on defined media, and measure bacterial growth using a 96-well
spectrophotometer.

e Process collected bacterial growth data using an R script and plot trends of bacterial
growth on different metabolites.

o Use statistical analysis to evaluate bacterial growth data to assess experimental accuracy
and reproducibility.

Lesson #2: Data analysis through independent research projects

e Develop an independent research question related to the observed growth phenotype of a
sequenced isolate.

o Propose and justify hypotheses that link phenotypic patterns to genomic features.

e Analyze bacteria genomes using tools such as NCBI BLAST and functional annotation
platforms.

o Characterize potential metabolic pathways by identifying relevant genes and their
functions.

o Interpret genomic and phenotypic data to construct a cohesive scientific explanation.

o Present findings effectively through oral presentations and written reports, emphasizing
background, methods, results, and conclusions.

Introduction

Functional genomics and genetic methodologies are rapidly advancing, providing
profound insights into various biological processes, from elucidating metabolic disorders to
identifying novel drug targets and enhancing organismal traits (Haley & Roudnicky, 2020;
Mascher et al., 2024; Przybyla & Gilbert, 2022; Qu et al., 2024). Despite the pivotal role of
genomics in science and the vast scale of publicly available genomic data undergraduate biology
curricula often lack opportunities for students to engage directly with genomic data, limiting
their appreciation of its practical applications and contributing to limited opportunities to develop
genomics literacy, even among professionals in genomics-dependent fields (Whitley et al.,
2020).

Course-based Undergraduate Research Experiences based on bioinformatics projects
offer an effective framework to immerse a large number of students in authentic research and
improve understanding of fundamental concepts at the intersection of genetics and functional
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genomics (Banta et al., 2012; Jurgensen et al., 2021; Reeves et al., 2018; Shaffer et al., 2014).
Likewise, CUREs have been shown to enhance self-confidence in scientific thinking and the
development of scientific process skills, increase inclusivity in science for underrepresented
populations, and improve persistence in science (Alvarez-Berrios & Haynes, 2023; Bradshaw et
al., 2023; Hanauer & Dolan, 2014).

Building on this framework, investigating microbial metabolism provides a compelling
context for genomics CURE:s, linking gene function to measurable phenotypic traits. This
enables students to investigate how genetic function translates into ecological processes.
Microbial metabolic traits can be regarded as biochemical phenotypes encoded by genes,
frequently organized and regulated within operons. The environmental distribution of these
metabolic genes in prokaryotic communities can significantly impact ecosystem level processes
(Boon et al., 2014; Imhoff, 2016; Schreier et al., 2023). Genome based approaches, such as
single-cell sequencing and metagenomics, enable the exploration of microbial ecology on single
cells. However, our functional understanding of genomes predominantly stems from studies on
cultivated bacteria, where laboratory experiments and genome sequencing elucidate the functions
of previously uncharacterized genetic features (Goldfarb et al., 2025; Ruiz-Perez et al., 2021).
Predicting gene function relies on sequence similarity searches against curated databases, which
are inherently constrained by prior studies employing genetic and experimental approaches in
model organisms. Even in extensively studied organisms, numerous genes remain poorly
characterized or unannotated (Moore et al., 2024).

This CURE aims to cultivate in students a foundational understanding of the predictive
capabilities and limitations of genomic data in determining gene functions and metabolic
properties of organisms. Students explore a diverse collection of marine bacteria to investigate
their metabolic phenotypes, focusing on their ability to utilize ecologically relevant metabolites
produced by primary oceanic producers (phytoplankton). Through hands-on experience, students
collect and analyze bacterial growth data to characterize metabolic phenotypes. In addition,
students gain hands-on experience with molecular biology techniques, such as DNA purification,
and critically engage with scientific literature to explore complementary methods beyond
genomics for understanding gene functions. Central to the course is a multi-week independent
research project where the students design and carry out their own investigation and apply core
concepts and tools to analyze the genomes of the studied bacteria. They investigate principles of
gene organization and sequence homology to identify potential gene functions and metabolic
pathways that may explain the observed bacterial growth phenotypes on marine metabolites. The
CURE culminates with student presentations, providing a platform to share research findings and
demonstrate their grasp of the tools and concepts introduced throughout the course.

Intended Audience

This CURE can be implemented in several biology courses with different student
populations. We designed the CURE for a Genetics course directed primarily at second-year
students in a four-year undergraduate institution. The majority of students are Biology,
Molecular and Cell Biology, Chemistry or Biochemistry majors and some non-majors. To enroll
in the course, students must have taken one first-year biology semester course with laboratory
and one additional semester of a biology or chemistry course with laboratory. The CURE is also
suitable for introductory biology and microbiology courses that aim to introduce students to
genome concepts and microbial diversity. The genomic analysis component of the CURE can be
adapted to a second- or third-year bioinformatics course.
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Term and Context Description

We implemented this CURE project in the laboratory section of a second-year genetics
course taught in a 15-week semester. Instruction consisted of three 50 min weekly lectures and
one weekly 3 hour and 50 minute laboratory period where students conducted experiments and
analyzed data. The lab project was completed in 11 weekly lab periods. For the CURE, students
had access to a plate reader, micropipettes, an incubator, and microcentrifuges, in the biology
teaching lab. Students had access to a shared computer lab or to their personal computers for data
analysis.

Prerequisite Student Knowledge

This CURE project is designed for students previously enrolled in an introductory
biology course covering foundational principles of the chemistry of life, genetics, and cell and
molecular biology concepts. Students should have at least one semester of biology lab experience
in these areas and basic data analysis skills. One additional introductory biology course with lab
or an introductory general chemistry course with lab is recommended.

Prerequisite Teacher Knowledge

The course instructor is familiar with the content of a first-year biology course focused on
the cell and molecular scales and a second-year, comprehensive genetics course. Familiarity with
data analysis, programming and DNA sequence analysis is required to guide students through the
analysis of high-throughput screen data and process DNA sequencing data to assemble and
annotate genomes. Knowledge of bacterial genome organization, regulation and metabolism is
critical to guide the students through their independent inquiry project.

Scientific Teaching Themes

Active Learning:

These lessons use multiple approaches to promote learning. In preparation for CURE
labs, students read primary scientific literature relevant to microbial genetics, high-throughput
screen approaches, and genomics of marine microorganisms. Students are required to respond to
a small set of questions based on these articles before each lab period. At the start of each lab,
they discuss their answers in small groups (breakout sessions) to promote learning from peers
and to help build a sense of collaboration during the CURE (Cooper et al., 2021). The lab
instructor rotates through the small groups to answer questions they had about the readings and
then enables a brief discussion about the week’s activities where all students can participate. The
CURE also promotes a strong sense of student ownership of their work and collaboration
(Cavanagh et al., 2018). From start to end, students engage in hands-on laboratory research that
takes them from screening diverse bacteria on a suite of marine metabolites, to sharing and
analyzing their datasets collectively to decide which bacteria isolate genomes to sequence. In the
last stages of the project, students interact and discuss with each other as they analyze their
selected genomes and prepare a lab report and a research synthesis presented to the class.

Assessment
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We implemented several steps to assess student learning outcomes in the CURE based on
the recommendations by (Shortlidge & Brownell, 2016). The main assessments of the CURE
included two lab reports, a project proposal and a presentation of research findings. In order to
scaffold learning and provide intermediate assessment points, in addition to the main
assessments, we designed weekly lab activities that address the CURE learning outcomes and
meet the research objectives of the project.

In the design of the weekly lab activities, we considered three features which may contribute to
the efficacy and impact of CUREs: collaboration, discovery and relevance, and iteration (Corwin
et al., 2015). In preparation for CURE labs, students read primary scientific literature relevant to
microbial genetics, high-throughput screen approaches, and genomics of marine microorganisms.
Students were required to respond to a small set of questions based on these articles before each
lab period. At the start of each lab, they discussed their answers in small groups (breakout
sessions) to promote learning from peers and to help build a sense of collaboration during the
CURE. To track their research progress and receive feedback throughout the project, students
prepared weekly mini-lab reports. These reports included a brief overview of the week's research
objectives, a detailed materials and methods section, and a summary of their results or expected
outcomes for the following week, supplemented by tables and figures as needed.

Students compiled their weekly reports into two lab reports that required them to
communicate their research in a scientific format (Bakshi et al., 2019). The two lab reports
assessed their understanding of the basic structure of formal scientific papers, their ability to
present lab results clearly and orderly, and to interpret the biological significance of their data. In
addition to lab reports, students were required to write a project proposal for their independent
study part of the project, evaluating their ability to formulate a scientific question, propose a
testable hypothesis and clearly outline methods. At the end of the semester, students delivered a
research presentation to demonstrate their ability to synthesize research findings and effectively
communicate their scientific work to their peers.

Together, these activities helped assess the ability of students to synthesize a complex
biological analysis based on genome data, to make inferences about the properties of
microorganisms based on this analysis and their research of relevant scientific literature, and to
communicate results describing genetic and metabolic information to their peers. The CURE
assessments including lab reports, project proposal, presentation, mini-reports and class
participation accounted for 40% of the student’s semester course grade, similar to the
assignments and learning assessments implemented in the lecture component of the course. This
gave students credit for their investment in the research component of the course and highlighted
the value of learning objectives and skills we aimed to develop throughout the CURE.

Inclusive Teaching

This course incorporates diverse instructional methods, including think-pair-share (where
students discuss key terms in pairs), hands-on activities (such as lab work), open-ended inquiry
(through an independent project), inquiry-based learning (by reading and discussing scientific
papers), and invited speaker sessions (scientists working on the same bacteria isolates as the
students) (Tanner, 2013). Additionally, multiple assessment modes such as group discussions,
research article and lab protocol-based questions, weekly lab reports or hand in questions, a final
individual project and presentation to ensure that students have varied opportunities to learn and
demonstrate their understanding.
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Instructors serve as guides and research mentors, promoting an environment where
students make independent decisions about their experiments, such as selecting which bacteria to
sequence and analyze. Peer discussions are emphasized to mirror the collaborative nature of
scientific research and the discourse found in primary journal articles.

Formative feedback is integrated throughout the course to support student learning and
skill development. Weekly lab sessions provide structured opportunities for immediate feedback
from instructors and peers on experimental techniques, data analysis, and research
interpretations. Small group discussions allow students to reflect on assigned research articles,
refine their understanding, and incorporate peer feedback before submitting responses. Mini-
reports or post-lab questions help students track their progress while receiving regular instructor
comments. The mid-semester research report offers comprehensive feedback on scientific
knowledge, synthesis and data presentation, guiding improvements before the final report and
presentation. Additionally, the research proposal assignment provides early-stage feedback on
research question and hypothesis formulation, literature review synthesis, and genome analysis
methods, ensuring students are well-prepared for their independent inquiry.

This course makes mentored research accessible to all enrolled students by embedding
research-based learning into a structured curriculum (Bangera & Brownell, 2014). Its design
allows students with varying levels of experience and diverse academic backgrounds to engage
in authentic research, from formulating hypotheses to analyzing gene pathways. Small-group
collaborations and instructor mentorship provide consistent support, helping students build
confidence in conducting independent investigations.

Course Schedule

We have developed a 11-session lab course with all necessary supporting materials. This
comprehensive resource enables instructors to efficiently prepare for classes and teach essential
genetics concepts needed to effectively implement the course. Originally part of a genetics class,
this course can also be adapted for standalone experiments integrated into existing courses or
utilized as an independent unit.

This course-based research project introduces undergraduates to foundational genetic
concepts, data analysis techniques, and genome sequencing methodologies, with a focus on the
biology of marine microorganisms. Throughout the course, students develop a strong
understanding of the gene functions and genetic mechanisms that enable marine bacteria to
consume and metabolize phytoplankton-derived compounds by studying novel isolates of
heterotrophic marine bacteria.

Phytoplankton in the oceans contribute to roughly half of global net primary production
(Behrenfeld et al., 2005). Within minutes to a few days, heterotrophic bacteria assimilate
approximately half of the phytoplankton metabolites dissolved in the water column (Moran,
Ferrer-Gonzalez, et al., 2022). Given our limited understanding of these processes, particularly in
the context of current and future ocean conditions, identifying the interactions that drive them is
crucial for understanding global carbon and nutrient fluxes.

Through this CURE, we are investigating the gene mechanisms that heterotrophic
microbes use to support their growth by catabolizing phytoplankton metabolites. Our bacteria
isolates were collected from the Equatorial Pacific. Students were given 94 novel bacteria
isolates and learned high-throughput techniques on how to culture them on different
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phytoplankton associated metabolites. Based on the growth profiles of the isolates, students
selected which genomes to sequence. They then extracted the DNA, which was sequenced to
generate draft genomes. These genomes were used to study the catabolic mechanisms involved
in metabolizing specific compounds, allowing students to make phenotype-to-genotype
connections for each isolate. This course design immerses students in scientific exploration with
novel marine microorganisms, empowering them to make discoveries that are new not only to
themselves but also to the instructors and the broader scientific community.

Exemplar Lesson Plan 1

High throughput growth assay of isolate bacteria on phytoplankton derived metabolites

Before participating in this lab, students should have completed Lab 1, where they
explored the diversity of marine bacteria strains and established cultures of each microorganism
as part of a library collection. As part of Lab 1, students submitted their first mini-report,
documenting their methods, materials, and initial results. This report provides a foundation for
understanding the experimental design and prepares students for the high-throughput growth
assay conducted in this lab.

The goal of this exemplar lesson is to test the growth of 94 bacteria isolates on a wide
range of environmentally relevant metabolites. Within marine bacteria communities, many
bacteria groups have overlapping metabolic capabilities, however some species specialize in
consuming distinct chemical classes of organic compounds to support their growth. In particular,
many marine bacteria can grow on select metabolites produced by marine phytoplankton,
creating complex interactions between these trophic groups that influence large scale
biogeochemical cycles in the ocean (Boysen et al., 2022; Moran, Kujawinski, et al., 2022;
Seymour et al., 2017). In this lesson, we test the types of phytoplankton derived metabolites that
support growth of bacteria isolates as a sole carbon and nitrogen source. Isolates are from a
bacteria library collected in the Equatorial Pacific and were screened using a high-throughput
assay.

Using high-throughput techniques (Karkman et al., 2016; Schroer et al., 2023), students
will use the bacteria library that they transferred from single isolate cultures grown on 2 YTSS
agar plates to liquid /2 YTSS media during Lab 1. Each student will test the growth of the entire
bacteria library on a single metabolite in three replicates. At the end of the growth experiments,
the results of the entire class will be pooled and analyzed together to determine the growth of the
entire bacteria library on all metabolites of interest.

Every student is given a 96 well plate containing a copy of the bacteria library, where each well
contains a different isolate (94 bacteria stains and one control well devoid of bacteria). Students
are also given three 96-well plates containing seawater media (Smith & Ferrer-Gonzalez, 2017)
supplemented with a single marine metabolite that could support bacteria growth. Every student
also prepares a 96-well plate containing only seawater media without marine metabolites as a
control plate to measure any background growth. A disposable replicator tool with 96 sterile pins
spaced out to match the 96-well plate wells is used to copy the bacteria library into each test
plate containing metabolite supplemented media. After transferring the bacteria library to the
metabolite plates, the plates are incubated inside an incubator at 22°C for a week. The instructor
demonstrate the copying of the bacteria library to metabolite plates and reminded students of
using sterile techniques during the procedure.

136



Bacterial growth in the plates is tracked using a plate reader spectrophotometer by
measuring absorbance at 600 nm wavelength. Measurements are taken at the start of the
experiment right after transferring the bacteria library to new plates, after 24 h of growth, after
48 h of growth, and finally after one week of growth at the start of the next lab session. Students
are trained how to use the plate reader during this lab and are able to access and use it
independently afterwards. To save and share results from these growth experiments, each student
uploads a file containing growth data over the course of the experiment to a shared google drive
for the entire class. During the subsequent lesson (Lab 4), students generate tables of bacterial
growth data using R. This way students have access to data from the entire class to make
exploratory plots looking for phenotypic growth differences among the bacteria isolates. An
example of student-made growth curves of all isolates growing on an example metabolites
ornithine, sarcosine, and trehalose compared to control growth in seawater only is shown Fig. 4.1
and Sup 4.1.

Exemplar Lesson Plan 2

Connecting phenotype to genotype through bacteria genome analysis

The goal of this lesson is to connect the observed growth phenotype of isolates tested in
previous lessons to their metabolic capabilities through genome analysis (Fig. 4.2). Based on the
class growth assay results, students selected several representative bacteria isolates for genome
sequencing during Lab 5. In a previous lab session (Lab 2), students extracted DNA from all
isolates, and the instructor sent the selected set of isolates (Lab 5) to SeqCenter (Pittsburgh, PA,
USA) for paired-end Illumina sequencing. As part of mini report 2, students documented their
DNA extraction process, setting the base for linking growth phenotypes to metabolic capabilities
through genome analysis. The reads were processed and assembled by the instructor using
TrimGalore and Unicycler, and the resulting genome assemblies were annotated with Prokka.
Although genome assembly and annotation were beyond the course's scope, the instructor
provided students with draft assemblies and genome annotation tables (FASTA files with
nucleotide and protein sequences and GFF3 tables) to support their independent analyses
(BioProject Accession PRINA1304954).

This lesson is structured as an independent research project that begins with a short
research proposal assignment that prompts students to identify a unique research question that
emerges from the growth screen data. To ask their question, each student selects one or two
marine metabolites of interest and a bacterium that consumed these to develop their research
question. The following are examples of research questions students identified.

Student example research question 1:
“What specific metabolic pathway and mechanism allows the marine bacteria isolate of
unknown taxonomy, SET2-22, to metabolize the free amino acid ornithine as a carbon
and nitrogen source?”’

Student example research question 2:

“Can we determine which metabolic pathway is responsible for bacteria isolate SET2-06
growing successfully in the presence of sarcosine?”
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The assignment also prompts students to put forward a hypothesis that could explain their
observations. To address this, students conduct a literature search to investigate what types of
genes, proteins, and biochemical pathways organisms use to transport, transform, and metabolize
these substrates. In the research proposal, students provide an individual summary of each
research article they found that was relevant to their question. The assignment asks students to
summarize at least three papers and to synthesize their findings in one short paragraph. The
following are examples of hypotheses described by students in the course.

Student example hypothesis 1:
“From previous understanding of the major AST pathway for ornithine utilization in
Pseudomonas aeruginosa, 1 predict isolate S2-22 is able to catabolize ornithine in a
similar pathway as Pseudomonas aeruginosa. 1 predict the catabolic pathway in S2-22
will involve a cluster of several co-local genes to specify a regulatory protein and
corresponding enzymes, similar to the AST pathway that is observed in other gram-
negative proteobacteria.”

Student example hypothesis 2:
“I hypothesize that the S2_ 06 marine isolate contains genes coding for all subunits of the
tetrameric sarcosine oxidase protein to allow for successful growth in sarcosine since
after evaluating multiple BLAST comparisons of our sequenced genome, multiple
literature genes with sarcosine subunits had strong relation to our sequenced genome.”

The research proposal also asks students to describe the approach they will follow to
analyze their bacteria genome. To facilitate this, in Lab 7, the instructor reviews genome
concepts and online tools students can use in their analysis. Two concepts covered in the
Genetics course associated with the CURE are discussed with students. The first is bacterial gene
regulation through operons. This prompts students to predict that genes required for the
consumption of a substrate will be co-located in the genome. The second concept the instructor
explores with the students is sequence homology aided by BLAST online tools and sequence
databases. The instructor first uses articles selected by students through their literature search to
point out that the genes and proteins described in published studies are searchable and accessible
through resources like the National Center for Biotechnology and Information (NCBI) nucleotide
and protein databases. The instructor describes the processes of constructing a small database of
reference sequences from these studies. The instructor shows students how to query the NCBI
and Uniprot databases with BLAST, how to retrieve sequences by their accessions, and how to
compile the sequences in FASTA format. The instructor also guides students through the process
of aligning the reference sequences they identified to the gene and proteins in the genomes of
their bacterium using BLAST. Students learn how to interpret BLAST parameters and search
outputs to assess sequence homology. Finally, to help students connect genes and protein
functions to metabolic pathways and networks, the instructor introduces students to the Kyoto
Encyclopedia of Genes and Genomes (KEGG) website and database. Students learn how to
query KEGG to visualize metabolic pathways and modules associated with the genes and
biochemical transformation they discovered in their literature search. This guided exercise gives
students the conceptual framework and tools they need to complete their research proposal (Fig.
4.2).
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In the final stage of the independent project, students conduct their proposed genome
analysis to test their hypothesis (weeks 8 and 9) and synthesize their findings (week 10) into a
comprehensive Final Report. During the final week of the course (week 11), students share their
findings through a short presentation to the class, showcasing their research process and results
(Fig. 4.3).

The final report (Lab report 2) is structured like a formal scientific research paper. Students
compose a brief introduction to the project, a methods section describing their bioinformatics
approaches, present their results with formal figures and tables (Fig. 4.3), and interpret what
these results mean at a biological level in a short discussion. Students are expected to include a
list of references and select a proper in-text citation style. Importantly, the Final Report
guidelines prompt students to evaluate their hypothesis and results critically and to contextualize
their findings by comparing them to published research, including the studies they found in their
literature search. Students should be able to answer the following questions: What evidence did
you identify in the bacteria genomes that is consistent with protein functions and metabolic
pathways used to consume the selected marine metabolite? What results were not consistent with
your hypothesis? What may be some reasons that explain why you did not find genomic
evidence in favor of your hypothesis?

During the final week of the course (week 11), students deliver a 10-minute presentation,
followed by a 5-minute Q&A session, to share their research findings, refine their science
communication skills, and demonstrate their understanding of functional and metabolic genome
analyses. Presentations must include information about their isolates such as taxonomy, genes for
the predicted catabolism of a metabolite, and the marine metabolite studied, as well as a
synthesis of the literature that supports their hypothesis about the mechanism enabling bacterial
growth on the metabolite. Students will evaluate their genome analysis results, discussing
whether the identified gene functions support their hypothesis and suggesting additional
experiments or data to strengthen their conclusions. For extra credit, students can reflect on the
broader scientific or societal impacts of understanding microbial metabolism. The slides are
uploaded to Canvas, and presentations are graded on content (5 pts), hypothesis (10 pts), results
discussion (15 pts), and broader impacts (10 pts).

Teaching Discussion

Technical Implementation, Challenges and Possible Modifications

Starting and maintaining cultures of every bacteria isolate in the collection can be a
challenging aspect of the first stage of the CURE (Lesson #1). Preparing all the necessary sterile
culturing supplies and growth media before the start of the semester facilitated this process. In
the first week of the lab, we assigned students a few isolates each that they were responsible for
growing. This made the preparation of the culture collection more manageable. A few students
volunteered to transfer a small sample of each grown isolate into 96-well plates. At this point, we
referred to the collection as a bacteria library and we could clone it easily into other 96-well
plates for growth screens. This component of the project can be adapted to any collection of
bacteria strains and to a variety of research problems suitable for 96-well plate screening. For
example, the class can screen a collection of mutant strains or bacteria agar isolates obtained
from a different environment based on the project theme. Similarly, students can instead prepare
growth test media to screen bacteria on a different suite of organic compounds. For this project
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we screened marine bacteria for growth on common marine metabolites known to support
microbial metabolism in the ocean.

The growth screens can be done in any plate reader. Students completed a short training
session with laboratory support staff before using the plate reader to ensure they learned how to
load plates and configure the instrument for end-point absorbance measurements. The training
gave students confidence to read their plates several times that week without supervision. This
was necessary to assess growth over time. Depending on the accessibility of the plate reader and
research goals, the instructor can assess the data collection plan that students can implement.

We wrote a custom R script shared with students to analyze the 96-well plate-formatted
raw data text files downloaded from a SpectraMax M2 Microplate Reader software. The data-
processing section of the R script should be adapted to the plate reader data output format
available. Students used the R script to obtain summary statistics of the growth (absorbance)
data, test for significant differences with a series of t-tests and print graphs to visualize the data.
We used R software in this lab because R is the language used primarily in our undergraduate
biology courses. The plate reader data processing script can be adapted to Python or to another
programming language.

Students extracted high quality DNA from most bacteria isolates successfully using a
standard bacterial DNA extraction kit (Zymo Research Quick-DNA Fungal/Bacterial Miniprep
Kit). A few isolates yielded low DNA quality and concentration. Nevertheless, this could be
sufficient DNA for 16S rRNA gene PCR amplification if the CURE goal is to determine
bacterial taxonomic classification. For our purposes, students prioritized isolates with high
quality DNA samples with sufficient yield for Illumina paired-end whole-genome sequencing (at
least 30 puL of 20 ng/uL measured by Nanodrop). The instructor used a local Linux computer to
trim and assemble Illumina reads with Trim Galore for the students (Krueger, 2015),
DOI:10.5281/zenodo0.5127898; DOI:10.14806/¢j.17.1.200) and the Unicycler SPAdes-optimiser
(Wick et al., 2017), respectively. If this is not an option, most sequencing vendors can provide a
draft genome assembly of the data at an affordable price or the instructor and students can
perform genome assemblies on a cloud instance. The instructor annotated assembly contigs with
Prokka (Seemann, 2014) and shared with students the resulting GFF3 and fasta files to explore
the predicted gene functions. Alternatives to Prokka to annotate and explore bacteria genome
sequences include the MicrobeAnnotater (Ruiz-Perez et al., 2021) and Proksee (Grant et al.,
2023). The former is a comprehensive genome annotation tool that runs on Python and the latter
enables users to upload, assemble, annotate, and visualize sequencing data via a web server.
After genome assembly and annotation, the tools and databases students required to analyze the
sequences and functions found in their bacteria genomes were readily accessible online (BLAST,
KEGG, Uniprot). Processing of raw sequencing reads was done by the instructor and was out of
the scope of our class for students (students were given assembled and annotated genomes),
however, this process could be adapted as a lesson if the goal of the class were to teach genome
processing tools and pipelines.

Observations of Student Learning and Responses to the Lesson Content and Activities

In their independent project literature review (Lesson #2), students encountered a variety
of model organisms and approaches used to investigate gene functions. For many students,
however, determining if an article contained useful information to test their hypothesis took time.
Instructor feedback and peer-to-peer discussions helped students recognize elements that made
an article useful. The most useful articles contained diagrams of biochemical pathways or gene
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operons that illustrated the parts and connectivity of a metabolic process (Perchat et al., 2018).
Articles that readily identified the genome and protein accessions, gene names and descriptive
gene functions, were particularly useful for students to curate a set of reference sequences for
their project. Some students found it challenging to grasp how to query their bacteria genome
using their reference sequences and BLAST. The most taxing task for students was determining
if their BLAST search, as constructed, yielded significant results. Often this was because
students were not sure if their reference sequences were appropriate, in which case revisiting the
relevant article with the instructor was helpful. In other cases, this was because significant
BLAST hits corresponded to genes in different contigs from the draft assemblies or with no
evidence of co-location as was expected of gene operons that mediated a catabolic pathway.
Allowing students to engage autonomously (yet with access to the instructor for feedback) with
this analysis, iterating the process between week 7 and week 10, was critical to overcome this
learning gap.

By week 9, most students were fully engaged with their genome analysis. They asked
questions about how to evaluate their results, compared their results with those of their peers,
found more articles with additional genetic or biochemical information relevant to their
metabolite, expanded their set of reference gene and protein sequences to refine their analysis,
and began to recognize the limitations of their genome-centered approach to answer their
question. This stage of the CURE offered several opportunities to discuss with students
additional or complementary approaches to genomics (e.g. mutagenesis, gene knockouts,
heterologous expression, enzymology) to investigate gene and protein functions. Many of these
approaches were the subject of the articles they read. In week 10, many students demonstrated
mastery of the assignment and felt confident to use tools like KEGG to synthesize and visualize
their genome analysis results as metabolic maps or pathways. This outcome demonstrated
advanced learning and the efficacy of the course. Together, the project activities offered students
a view of the power and limitations of genome-based approaches and provided basic training and
understanding of bacterial genetics and functional genomics concepts applicable to many areas
of biological research.

This CURE exposed students to a real-world research project and allowed them to
generate new data, work with a novel collection of bacteria isolates, collaborate with their peers,
and draw conclusions based on their findings. Towards the end of the course, we deployed a
survey (Hanauer & Dolan, 2014) designed to assess how well the CURE promoted student
ownership of their work, a factor associated with student retention in the sciences, and their
appreciation of its impact. Survey questions focused on cognitive ownership measure on a Likert
scale of 1 to 5 (Corwin et al., 2018), where the average score across all cognitive ownership
questions was 4.0 out of 5, with a standard deviation of 0.59 (Table 4.1). Previous reports of
cognitive ownership scores across other CUREs have an average of 3.93 on a 1 to 5 scale (Zajic
et al., 2025), which compares well with the scores of this course.
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Figures and Tables
Figure 4.1

Isolate SET2-6

Ornithine

8 Sarcosine
c

= Trehalose

0 50 100 150
Time (hours)

0.055
0.050
0.045
0.040

0.042
0.040
0.038
0.036

0.09
0.07
0.05

Isolate SET2-22

Ornithine

Sarcosine

Trehalose

0

50 100 150
Time (hours)

0.041
0.039
0.037
0.035

0.039
0.038
0.037
0.036

0.09
0.07
0.05

Isolate SET1-54
Ornithine

Sarcosine

Trehalose

0

50 100 150
Time (hours)

Metabolite
@ Control
#® Ornithine
@ Sarcosine
#® Trehalose

Fig. 4.1. Growth of select isolates to different metabolites over time. An example of student-
made growth curves, mean absorbance at 600 nm (ODsoo) is shown for select isolates grown with
added Ornithine, Sarcosine, or Trehalose as the sole carbon source, compared to control growth
in seawater over a 168-hour incubation (one week of growth). Error bars represent standard error

of the mean (n=3).
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Figure 4.2
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Fig. 4.2. Workflow for student led metabolite catabolic pathway discovery and annotation.
Students follow a step-by-step process beginning with literature search (blue box), downloading
the gene sequences (orange box), and building a custom BLAST database (green box).
Sequences are aligned to genomes of interest (red box), and results are interpreted to identify
homologous sequences (purple box). KEGG is used to explore associated metabolite catabolic
pathways (brown box).
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Figure 4.3
A

Table 1. BLAST results of ornithine degradation pathway in S2-

22 compared to reference proteins.
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Fig. 4.3. Example of student analysis of metabolite catabolic pathways. This student analysis
focuses on isolate S2-22 showing growth on ornithine and analyzes the metabolic pathway of
ornithine degradation in S2-22 (A) Table showing BLAST results identifying the match between
reference proteins and bacterial isolate S2-22 for optimal local alignment and maximum gene
match between protein sequences. (B) Schematic showing the arginine and ornithine utilization
(aru) pathway in Pseudomonas aeruginosa (adopted from Itoh 1997). Percent identity matches
between P. aeruginosa reference bacteria and S2-22 are shown in red brackets, and the red X
denotes L-ornithine and L-arginine alternative route not utilized by isolate S2-22.
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Table 4.1

Question Average score | STD
My research will help to solve a problem in the world 3.8 0.85
My findings were important to the scientific community 4 0.74
| faced challenges that | managed to overcome in completing my research project | 4.7 0.58
| was responsible for the outcomes of my research 4.7 0.76
The findings of my research project gave me a sense of personal achievement 4.4 0.76
| had a personal reason for choosing the research project | worked on 2.8 1.25
The research question | worked on was important to me 3.7 1.15
In conducting my research project, | actively sought advice and assistance 4.4 0.76
Average score across all cognitive ownership questions 4.0 0.59

Table 4.1. Student survey results on cognitive ownership of course material. The student
survey was administered at the end of the course and included eight questions assessing

cognitive ownership. Students rated each question on a 5-point Likert scale: Strongly agree (5),

Agree (4), Neither agree nor disagree (3), Disagree (2) and Strongly disagree (1). The average
score across all cognitive ownership question is shown at the bottom of the table.

145



Supplemental Figures
Sup. 4.1

Ornithine
020-3-4-D1 s i2 47 153 154 165 7 738 75 a7 1798
o 0044 0050 010 00450 it 08
am 0040 L, JoTs 006 a12 0o 0045 008 00425 08 0w
0.89 -~ 005 [ilez] 0040 .‘./‘ 006 0.0400 067 ~e 006
Py 00425 " 0040 e e - e 0.6
00 0.88 0400 e 004 L] __,oos 0035 [ - 004 J0e— o 00375 aee oo
00375 003 as 0036 : -
81 i182 i85 87 189 192 i21 30 i3 G M 74
007 02, 004 its oo41 0041 a0 0es0
0045 006 015 0040 aoe 0.040 0.045 05
. . 045
0040 / 005 010 am9 o as go3Im Q‘\,—' 0oi0] s 00 Peg—e Q040 0040
s o4 ¢ omlfe— ams 0t o4 o037 pe—" 0057 Prow—* nggs -
0035 003 . : 0.065 0035 agss
[ o7 fve control Yomeroyi DSS 51-73 51-76 52-22 5317 53-35 §3-37 $3-66 54-7
ate 007 0055 0050 0050
oe 0125 0042 0050 0050 0.689 liti33 o5
0.100 0040 006 0045 Q045 0.068 0045 .
0o 0.ms 4 005 0040 0045 a0 0.067 fpe=—"3 o 005
e 00 g 1O 004 B e 0040 ﬁ 00: ——» 0ms o A1 .0 .
ans 0036 ° 0035 0.065 0035 Qs -
54-9 SET1-10 SET1-12 SET1-14 SET1-19 SET1-24 SET1-26 SET1-27 SET1-31 SET1-34 SET1-37 SET1-43
] 0w 60 a0 08 0050 0 00450 a0 o a5
0.06 Q055 0045 00425 y :
aw 004 0038
ad 00400 00400 010 0042
ats h E.: : Q040 .£>. 0036 }{ﬁ a0s '/ 0040 . " aagrs {'.:/_—'4- 00375 ‘.":: ., oms
004woe : [ilic 0034 0035 —* o35 00350 00350 00 a6
o
2 SET1-46 SET1-54 SET1-60 SET1-61 SET1-62 SETI-71 SETI-73 SET1-81 SET1-9 SET2-12 SET2-13
0.0450 s
o100 0100 0041 aco 0.0425 01m 0,040 3‘3‘;2 g-g; 006 Q.0
0075 0ms 0038 0.0400 ao7s 0038 e - Mj‘ . 0.6 045
: 040 - - : - 0.040 C .(:
0050 “gé: 0.060 o U0 Pre—— npg p;:\i 075 b, 0050 — 0036 :}C:: 0.85 e 004 0044 gg? o
0035 0
SET2-14 Set2-15 SET2-2 SET2-23 SET2-28 SET2-3 SET2-31 SET2-33 SETZIS o SETZ3 SET2-37 SET2-46
o omal . o bt g:"g 0038 075 012 Q040 i 005
0037 . :
ae gi: oos ‘C: f0ig L aoss | ¥ St | wa== ool <, o gg:g S — aoss 0 "/.
L 0.04 40 e o —— o0 00660 0 delée—" 0065 oo -
SET2-49 SET2-53 SET2-56 SET2-59 SET2-6 SET2-60 SET2-64 SET2-69 SET2-72 SET2-76 SET3-10 SET3-12
0052 0055 006 0039 0.8 00 a0
0043 0.060 0045 0042 aoe 0050 88 0035 om7 e, 0T 05 0
0044 0.045 o 09 "/'*\‘ a 0045 0.05 0037 0.06 Q040
0040 0.0a8 OO0 e oo " oo ittt do%e :;\F_,.—o D66 oo 0.8 s oo ..,_/:
0.65 0035 03 0035 e 7 o034 0.085 0o .
SET3-15 SET3-18 SET3-32 SET3-4 SET3-46 SET3-49 SET3-50 SET3-59 SET3-68 SET3-70 SET3-71 SET4-9
016 0.042 0.20 0050 a0s0 a12 a0 ggs 0055 on
012 0.040 015 ams 004 Q0 210 o® 0,065 0050 005 i
0.068 Qs P2 ooppre—3 008 a0 g0 0045 0.6 ow
a® 010 ' Jres—* 0w SR | 0.065
s 006 0t Lge— 07 0035 aoe a0 — o 0040e——0 0040 004 —a 06
004 .6 : ——— 0035 004 0,065 d——r—r 0035 .
0 50100150 0 50100150 0 50100150 0 50100150 0 50100150 0 50100150 0 50100150 0 50100150 0 50100150 0 50100150 0 50100150 0 50100150
Time (hr)

~e— Contrd —e— Ornithine

Sup 4.1. Examples of students growth of isolates in Ornithine. An example of student-made
growth curves of 94 isolates, mean absorbance at 600 nm (ODso) is shown for Ornithine as the
sole carbon source, compared to control growth in seawater over a 168-hour incubation (one
week of growth).
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