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MICROBIOLOGY

Simultaneous acclimation to nitrogen and iron scarcity
in open ocean cyanobacteria revealed by sparse tensor
decomposition of metatranscriptomes

Stephen Blaskowski'%, Marie Roald®*#, Paul M. Berube®, Rogier Braakman®, E. Virginia Armbrust®*
Microbes respond to changes in their environment by adapting their physiology through coordinated adjust-

ments to the expression levels of functionally related genes. To detect these shifts in situ, we developed a sparse
tensor decomposition method that derives gene co-expression patterns from inherently complex whole commu-
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nity RNA sequencing data. Application of the method to metatranscriptomes of the abundant marine cyanobac-
teria Prochlorococcus and Synechococcus identified responses to scarcity of two essential nutrients, nitrogen and
iron, including increased transporter expression, restructured photosynthesis and carbon metabolism, and miti-
gation of oxidative stress. Further, expression profiles of the identified gene clusters suggest that both cyanobac-
teria populations experience simultaneous nitrogen and iron stresses in a transition zone between North Pacific
oceanic gyres. The results demonstrate the power of our approach to infer organism responses to environmental
pressures, hypothesize functions of uncharacterized genes, and extrapolate ramifications for biogeochemical cy-

cles in a changing ecosystem.

INTRODUCTION

Microbial communities play essential roles in every Earth biome
and drive global biogeochemical cycles through their collective
metabolic activity (I). In open ocean ecosystems, the abundant
cyanobacteria Prochlorococcus and Synechococcus are keystone
photosynthetic microbes that account for an estimated ~20 to 25%
of total marine primary production (2, 3). Although descended
from a common ancestor, these two genera encompass a diversity
of genetically and phenotypically differentiated subpopulations (4).
Prochlorococcus numerically dominates in the nutrient-poor tropi-
cal and subtropical open ocean waters that span from about 40°S to
40°N, whereas Synechococcus thrives across a greater range of habi-
tats and is more abundant in colder, more nutrient-rich regions
(2, 3). Within each genus, genetically differentiated clades are fur-
ther adapted to occupy distinct ecological niches, such as high-
light adapted Prochlorococcus clades encountered near the surface
and low-light adapted Prochlorococcus clades generally found in
deeper waters (5). This ecological partitioning is driven by the
functional diversity of an extensive pangenome (6). Prochlorococcus
and Synechococcus genomes share a core of about 1000 to 1500 genes,
and a suite of accessory genes enable different clades and strains to
adapt to different environmental conditions (5, 7). Cultured iso-
lates do not yet represent the full breadth of this sequence diversity,
and most of the cyanobacterial pangenome remains functionally
uncharacterized, part of the “functional dark matter” that consti-
tutes most gene families in the overall global microbiome (8).
Moreover, metabolism emerges not from the activity of inde-
pendent genes, but rather from multiple gene products acting in
concert. Characterizing these functional gene networks in marine

"Molecular Engineering and Sciences Institute, University of Washington, Seattle,
WA, USA. %School of Oceanography, University of Washington, Seattle, WA, USA.
3simula Metropolitan Center for Digital Engineering, Oslo, Norway. “Faculty of
Technology, Art and Design, Oslo Metropolitan University, Oslo, Norway. *Depart-
ment of Civil and Environmental Engineering, Massachusetts Institute of Technol-
ogy, Cambridge, MA, USA. ®Department of Earth, Atmospheric and Planetary
Sciences, Massachusetts Institute of Technology, Cambridge, MA, USA.
*Corresponding author. Email: armbrust@uw.edu

Blaskowski et al., Sci. Adv. 11, eadr4310 (2025) 4 April 2025

cyanobacteria is crucial for clarifying the metabolic links between
microbial genes and the ecosystem-scale processes that they drive.

In recent decades, omics technologies have proven to be power-
ful tools for studying microbial communities, generating compre-
hensive inventories of the DNA, RNA, proteins, and metabolites
present in a microbiome (9). Metatranscriptomic datasets are par-
ticularly information rich because they catalog both the sequence of
an RNA transcript, imprinted with the identity of the originating
gene and organism, as well as the transcript’s quantity, a composite
reflection of organism abundance and gene expression. Thus, meta-
transcriptomes capture a snapshot of the in situ physiological dy-
namics of a microbiome. Commonly, researchers infer these dynamics
from metatranscriptomic data by comparing between sampling
conditions the expression levels of genes involved in metabolic
pathways of interest; however, this approach is dependent on prior
knowledge of the genes and pathways in question. Unsupervised clus-
tering analysis provides an alternate avenue, independent of prior
knowledge, which instead identifies groups of transcripts with similar
abundance profiles across sampling conditions, aiming to uncover
cohorts of co-expressed genes. These gene co-expression clusters re-
flect the modular organization of metabolic pathways and gene regu-
latory networks and allow the functions of unannotated genes to be
inferred on the basis of their association with better-characterized
genes. Now, the accumulation of metatranscriptomic data exceeds the
advancement of analytical frameworks, and co-expression clustering
represents a critical part of this gap.

Several co-expression clustering methods have been designed
specifically for metatranscriptomic datasets (10-12), and additional
studies have relied on methods originally designed for analyzing
single-organism RNA sequencing (RNA-seq) data (13). None of
these approaches consider taxonomic information in the cluster de-
tection algorithm, and resulting clusters can range from hundreds to
thousands of genes, limiting interpretive power. In turn, most classical
RNA-seq approaches were designed for single-organism analysis and,
thus, do not account for idiosyncratic properties of metatranscrip-
tomic data. Typical metatranscriptomic datasets are characterized by
high dimensionality, variable community composition, overdispersion
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(variance increases exponentially with increasing mean), technical
noise, and pervasive zero values, each presenting an obstacle to ef-
fective analysis (14). Yet, the complexity of metatranscriptomic data
also provides an opportunity. Metatranscriptomic datasets have a
multiway structure, in which each transcript abundance data point
can be considered indexed by three variables: gene, taxon, and sam-
ple, with the latter serving as a proxy for the environmental context
of expression. Analysis that effectively models this multiway struc-
ture can produce more robust inferences about the patterns of gene
expression that give rise to metatranscriptomes, elucidating previ-
ously unrecognized microbiome dynamics.

Here, we introduce Barnacle, a pattern discovery method devel-
oped to identify interpretable clusters of genes co-expressed across
metatranscriptomes. Barnacle leverages the inherent multiway struc-
ture of metatranscriptomic data in combination with sparsity and non-
negativity constraints to identify gene co-expression clusters that reflect
the physiological states of organisms interacting in an environment.
The foundation of the approach is canonical polyadic (CP) tensor de-
composition, a technique that models a multiway dataset as a sum of
its constituent signals [for a review of tensor decomposition, see (15)].
Component models, which include CP tensor decomposition, stand
out among gene clustering techniques for their accuracy and robust-
ness to noise, as well as their capacity to accommodate gene member-
ship in more than one cluster, a property reflective of the structure of
metabolic and regulatory networks (16). Tensor decomposition methods
have been developed for analyzing human gene expression datasets,
including two studies that informed the formulation of model con-
straints used in Barnacle: the Sparse Decomposition of Arrays (SDA)
algorithm that incorporates sparsity constraints using a Bayesian
framework (17) and the MultiCluster method that uses partial non-
negativity constraints (18). Our approach is a tensor decomposition
model tailored for application to metatranscriptomic data, which we
combine with innovative procedures for parameter selection and
bootstrapping to produce robust, interpretable inferences.

In this study, we describe construction of the sparse tensor de-
composition model and validate its functionality using simulated
data. We then turn Barnacle’s capabilities to the analysis of 222 ma-
rine metatranscriptomes collected during three cruises in the North
Pacific Ocean, which transited along the 158th meridian west (fig.
S1), sampling from the nitrogen-limited subtropical gyre to the
southernmost edge of the iron-limited subarctic gyre (19). The tran-
sition zone between the two gyres is a dynamic interface in which
elevated phytoplankton productivity supports a high diversity of
marine life, including albacore tuna and loggerhead turtles that fol-
low the front as a migratory route (20). We focused our analysis on
the cyanobacterial communities that form the foundation of these
ecosystems and uncovered gene clusters that underlie acclimation of
Prochlorococcus and Synechococcus subpopulations to shifting envi-
ronmental pressures. This work demonstrates the power of unsu-
pervised signal discovery techniques to draw from meta-omics data
explanatory connections between the molecular functions of indi-
vidual genes, the cellular programs these genes drive, and the eco-
system scale processes that emerge from the collective metabolic
activities of interacting microbes.

RESULTS
We developed a sparse tensor decomposition model, Barnacle, to
detect co-expressed gene modules in metatranscriptomes of marine
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microbiomes. Our modeling framework represents the multiway
structure of metatranscriptomic data as a three-way gene X taxon X
sample tensor of transcript abundance values (see Materials and
Methods for complete model description). The model approximates
this input data tensor as a sum of components (fig. S2A), each of
which represents a pattern of transcript abundance specific to par-
ticular genes, taxa, and sampling conditions (fig. S2B). Two key pa-
rameters must be tuned during model fitting: R and A (see Table 1 for
symbol definitions). Tensor rank (R) dictates the number of compo-
nents used to model the data. The number of genes included in each
component is indirectly controlled by A, a sparsity coefficient that
constrains the number of nonzero gene weights in the model. In
each component, the genes corresponding to nonzero weights com-
prise a gene cluster (fig. S2C), and the taxon and sample weights
indicate the relative expression of the cluster in each taxon and sam-
ple in the dataset. As a result, components can be interpreted as re-
flecting the physiological states of the populations modeled, generated
by defined programs of coordinated gene expression.

Model validation with simulated data

Model performance was evaluated using simulated data tensors,
each constructed as the sum of a specified number of sparse compo-
nents, combined with a Gaussian noise tensor. We measured perfor-
mance on the basis of five metrics (Table 2): the sum of squared
errors (SSE) to evaluate overall model fit, factor match score (FMS)
to compare model components against ground-truth components
used to generate the simulation, and precision and recall metrics
(16) to assess the similarity of model-derived gene sets to those de-
rived from simulation components. Additionally, we calculated the
harmonic mean of the precision and recall scores to produce the F1
score, providing a balanced measure of cluster accuracy.

The results of a representative simulation experiment (Fig. 1) il-
lustrate use of these metrics to evaluate model performance. In the
experiment shown, we generated a simulated gene X taxon X sample
tensor of shape 50 X 20 X 30 using eight components with an average
gene cluster size of 20 (Fig. 1D, left side) and a noise-to-signal ratio of
1. A series of models parameterized with different numbers of com-
ponents (R) and sparsity coeflicients (1) were fit to the simulated data.
Across a range of A values, the model with the lowest SSE (comparing
model to noiseless simulation) corresponded to R =8 (Fig. 1A),

]
Table 1. Main symbols used in the text.

Symbol Definition

R Rank (number of components)

Sparsity coefficie

ata tensor (gen

Gene component matrix

Taxon component matrix

Sample com

Component r of matrix G (vector)

Frobenius nori
Outer

Khatri-Rao product (column-wise Kronecker product)
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Table 2. Metrics used to evaluate model performance.

Metric Definition Description
SSE ”T‘;iz”; Sum of squared error: Measure of how closely the model matches the data, scaled relative to the Frobenius norm of the data
2
FMS 1 ZR 96, Factor match score: Measure of how closely two component matrices match one another
R &r=1 g, | Ilg,l
Precision Saelens et al. (16) Proportion of test cluster membership that adheres to the ground truth
Recall Saelens et al. (16) Proportion of ground-truth membership recapitulated by test clusters
F1 2(precision)(recall) Harmonic mean of precision and recall
precision + recall
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Fig. 1. Example model evaluation with noisy simulated data tensor. (A) Changes in the relative sum of squared errors (SSE) resulting from parameterization with dif-
ferent numbers of components (R) and sparsity coefficients (). Vertical orange line indicates the number of components used to generate the simulation. Simulated noise
level was scaled to a 1:1 noise-to-signal ratio. (B) Changes in the factor match score (FMS) and SSE resulting from parameterization with different values of A (number of
components fixed at R = 8). (C) Changes in the precision, recall, and F1 score of gene clusters derived from models parameterized with different A values (fixed R = 8),
plotted alongside SSE and FMS for ease of comparison. (D) Weights of a model parameterized with R = 8and A = 1.4 (right), shown in comparison to the components used
to construct the simulation (left). Zero-valued weights are indicated by blank spaces.

indicating that the most accurate model fit was achieved when the
number of model components matched the true number of compo-
nents used to generate the simulation. Given R = 8, we evaluated the
effect of sparsity coeflicient (A) on model fit (SSE) and the accuracy of
model components (FMS) and found that A = 0.8 corresponded to
both the minimum SSE and the maximum FMS (Fig. 1B). However,
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the maximum F1 score, indicating the best accuracy of model-
derived gene clusters, corresponded to A = 1.4 (Fig. 1C). This value of
A corresponded to the inflection points of the SSE and FMS curves
rather than their respective minimum and maximum. The results
also highlighted the inherent trade-off between precision and recall:
gene cluster recall improved at the expense of precision below A = 1.4
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and precision improved at the expense of recall above A = 1.4 (Fig.
1C). The component matrices of the model parameterized with R = 8
(corresponding to minimum SSE) and A = 1.4 (corresponding to
maximum F1) closely resembled the ground-truth components used
to generate the simulation (Fig. 1D).

Using these metrics, we assessed generalized model performance
on 100 simulated tensors that collectively represented a variety of
tensor shapes, ranks, sparsity patterns, and noise-to-signal ratios
ranging from 0.1 to 10 (Fig. 2). The sparse tensor decomposition
model was fit to each simulation using optimal parameters. The R
parameter was set to the true number of components used to gener-
ate each simulation. The A parameter does not correspond to any
value used to generate simulations, so the optimal sparsity coefficient
was estimated as the value of A that yielded the maximum F1 score,
which generally increased with the noise level and fraction of zero
values of the simulation (fig. S3). Model fit, as measured by SSE,
closely tracked simulated noise level (Fig. 2A), indicating that
the model represented the variation attributable to signal and did
not over-fit to noise. Model components matched the component
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matrices used to generate simulations almost identically up to a
noise-to-signal ratio of 1, above which FMS decreased to an average
of about 0.6 at a noise-to-signal ratio of 10 (Fig. 2B). The precision
and recall of model-derived gene clusters were similarly high below a
noise-to-signal ratio of 1 and exhibited a more gradual decline at
higher noise levels compared to FMS, with average precision around
0.7 and average recall around 0.9 at a noise-to-signal ratio of 10 (Fig.
2, C and D). F1 scores reflected a balance between precision and re-
call with an average around 0.7 at the highest noise levels tested (Fig.
2E). Overall these results indicate that the sparsity constraint is an
effective counterbalance to noise, allowing the model to faithfully re-
cover signal even in high noise datasets, and that this performance
does not appear affected by rank, tensor shape, or the proportion of
zero values.

Parameter selection

Optimal model parameters are rarely known a priori and instead
must be inferred from the data. We therefore developed a cross-
validated grid search strategy that leverages sample replicates to select
R and A parameters that result in the best fit model (see Materials
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Fig. 2. Generalized model performance on 100 noisy simulated data tensors. Performance of optimally parameterized models of 100 simulated data tensors, evalu-
ated in reference to simulation ground truth, and plotted as a function of simulated noise-to-signal ratio. Optimal R parameter, indicated by marker color, was set equal to
the true number of components used to generate each simulation, and optimal sparsity coefficient, indicated by marker size, was determined by maximum F1 score. (A) Overall
model fit as measured by SSE. (B) Accuracy of component matrices as measured by FMS. Accuracy of gene clusters resulting from model gene components, measured in
terms of (C) precision, (D) recall, and (E) F1 score. Dotted lines indicate trends, as determined by locally weighted scatter plot smoothing with a bandwidth of 0.3.
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and Methods). In brief, for each unique set of parameters, we fit a
model to a subset of the data encompassing one replicate from each
sampling condition, and then calculated cross-validated SSE and
EMS scores using the held-out replicates. We selected the R value of
best fit on the basis of the minimum cross-validated SSE. Fixing the
R parameter, we then selected the best fit sparsity coefficient as the
maximum A value at which the cross-validated FMS remained with-
in one SE of the maximum FMS, a variation on the 1SE rule for
parsimonious sparse model selection (21). We assessed the effec-
tiveness of this strategy using the 100 simulated tensors and gener-
ally found that the procedure selected parameters that approached
optimal values up to a noise level 10 times that of the signal (see the
Supplementary Text and fig. S4). Even in cases where the procedure
led to selecting suboptimal parameters, this generally had a negligible
effect on model performance, although substantially undershooting
the optimal sparsity coefficient incurred a decrease in cluster preci-
sion whereas overshooting incurred a decrease in recall (fig. S5).
Although optimal parameters will yield the most accurate model,
given a choice between more or less sparsity, these results indicate
that erring on the side of greater sparsity will decrease invalid infer-
ences based on false positives.

Model fitting to metatranscriptomic data
After evaluating model performance on simulated data, we used
Barnacle to identify co-expressed gene clusters in marine metatran-
scriptomes, in an attempt to deepen our understanding of ecosys-
tem dynamics in open ocean cyanobacteria populations. To this end,
we compiled a dataset of 222 metatranscriptomes collected across
different years and locations in the North Pacific Ocean (fig. S1). We
mapped the metatranscriptome sequencing reads against a database
of 681 Prochlorococcus and Synechococcus reference genomes (22) to
determine the abundances of transcripts originating from these spe-
cies. The reference genomes recruited between 0.1 and 22.9% of se-
quencing reads per sample (median 3.8% of reads), with the remaining
reads presumably originating from non-cyanobacterial members of
the sampled microbiomes. Mapped read counts were then aggre-
gated by orthologous gene family (CyCOG) and taxonomic clade.
Clade aggregated read counts revealed a latitudinal shift in cyano-
bacterial community composition that was relatively consistent be-
tween cruise years and comparable to previous field observations of
North Pacific cyanobacteria populations (23, 24). The Prochlorococcus
community at the surface (< 15 m) was dominated by the HLII
clade within the North Pacific Subtropical Gyre (NPSG), shifted to
HLI dominance in the transition zone, and gave way to a smaller
community primarily consisting of LLI and LLVII clades near the
southern subarctic gyre (fig. S6). While the surface Synechococcus
community showed more variability, predominate trends revealed
the dominance of clade II in the NPSG, a rise in the community
share of CRD1 and CRD2 in the transition zone, and the prevalence
of clades I and IV near the subarctic gyre, as well as some detection
of subclusters 5.2 and 5.3 at the northernmost extent of the transects
(fig. S7). These observed shifts in community composition under-
score the dynamic nature of North Pacific ecosystems and highlight
a persistent challenge in the analysis of environmental metatran-
scriptomes: disentangling changes in gene expression from changes
in organism abundance.

To focus our analysis on patterns of differential gene expression and
to adjust for differences between samples in community composition
and sequencing depth, we normalized transcript abundance counts
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by clade. In both the Prochlorococcus and Synechococcus datasets,
gene abundance profiles exhibited an overdispersed mean-variance
relationship, indicative of a negative binomial distribution (fig. S8).
We therefore normalized read counts using the variance-stabilizing
transform (vst) that uses a generalized linear model with negative
binomial variance to stabilize overdispersion in count matrices
(25, 26). Normalization with vst produced residual transcript abun-
dance values, which quantify the degree and direction to which each
transcript abundance diverged from expectation in each sample,
given the distribution of abundance counts across all samples. These
values can be described as transcription anomalies, which we inter-
pret as instances of up-regulated or down-regulated gene expression.
Genes that do not substantially vary between sampling conditions,
after accounting for changes in organism abundance, will result in
residual transcript abundance values near zero. Normalization suc-
cessfully decoupled variance from mean, and the resulting values
exhibited a similar range between clades (fig. S9). We then arranged
the normalized residual transcript abundance data into two ten-
sorized datasets by aligning CyCOGs across clades. One tensor con-
sisted of Prochlorococcus clades HLI, HLIIL, and LLI. The second
tensor consisted of Synechococcus clades I, 11, I1I, IV, CRD1, CRD2,
and UC-A. Prochlorococcus clade LLVII and Synechococcus subclus-
ters 5.2 and 5.3 were excluded from our analysis despite their appar-
ent prevalence in some samples (figs. S6 and S7) because those
transcript bins mapped to a low proportion of the clade pangenome,
indicating a poor match between reference genomes and the se-
quenced metatranscriptomes.

We applied Barnacle to the normalized Prochlorococcus and
Synechococcus residual transcript abundance tensors to identify
clusters of CyCOGs with correlated patterns of anomalous expres-
sion, attributable to particular samples and clades. Best fit model
parameters were identified using the cross-validated grid search
strategy in combination with bootstrapping (fig. S10). Bootstrap-
ping allowed use of all samples for model fitting despite discrepan-
cies in the number of replicates available for each sampling condition
(see Materials and Methods and fig. S1B). Among models fit with-
out any applied sparsity penalty (A= 0.0), the minimum cross-
validated SSE corresponded to an R of 15 components in both the
Prochlorococcus and Synechococcus datasets (fig. S10, A and B). We
selected the number of components on the basis of the models with
A = 0.0 as opposed to the overall minimum in SSE because, among
models fit with a sparsity coeflicient of A = 10.0, SSE continually
decreased with increasing R up to a value of R = 1600, a point at
which computational power and practical considerations preclude
efficient model analysis (fig. S11). A more granular search of A
values at the selected number of components (R = 15) led to best
fit sparsity coefficients of A = 15.0 for Prochlorococcus and A = 10.0 for
Synechococcus (fig. S10, C and D), based on the maximum cross-
validated FMS (see Materials and Methods). The Prochlorococcus
model parameters (R = 15,A = 15.0) resulted in a cross-validated
SSE of 0.84 and a cross-validated FMS of 0.54, and the Synechococcus
model parameters (R = 15, A = 10.0) resulted in an SSE of 0.92 and
an FMS of 0.53. The models fit with the selected parameters were
then analyzed to evaluate the consistency and robustness of the
resulting components.

Evaluation of component robustness
The FMS calculated during model fitting measures component con-
sistency in the model as a whole. However, this metric does not
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measure the consistency and robustness of individual components.
We therefore extracted and aligned components across 300 boot-
strapped models to evaluate consistency, robustness to alternate
parameters, and the percentage of variation attributable to each in-
dividual component (Fig. 3). In each instance, component-specific
EMS scores were calculated on the basis of comparison to a refer-
ence model parameterized with the identified best fit parameters
(see Materials and Methods). Among the models with best fit pa-
rameters, a subset of components exhibited a tight distribution of
component-specific FMS scores across bootstraps, indicating a high
level of consistency between sample replicates (Fig. 3, B and E). The
majority of components exhibited a median FMS of 0.5 or greater,
including 13 of the 15 Prochlorococcus components (Fig. 3B), and 12
of the 15 Synechococcus components (Fig. 3E). We also aligned com-
ponents from models fit with suboptimal values of R and compared
them against the best fit model components to assess the robustness
of components to alternate R parameters (Fig. 3, A and D). Most
components tended to exhibit a consistent median FMS score across
the full range of R parameters in which they were detected. In general,

components that accounted for a higher percentage of variation in
the data (Fig. 3, C and F) tended to be the “earliest” identified, de-
tected in models with a small R parameter. Components that ac-
counted for a lower percentage of variation tended to be picked up
only by the more flexible models parameterized with a greater num-
ber of components. Regardless of the minimum R parameter at
which they were first detected, most components were subsequently
detected at all values of R greater than this minimum, in an increas-
ing percentage of bootstraps, and with a consistent FMS. This result
indicated model stability, and suggested that the patterns represent-
ed by these components are robust to model mis-specification.

We also evaluated the components for robustness to alternate pa-
rameterization of the sparsity coeflicient. Components exhibiting a
high median FMS with best fit parameters tended to maintain con-
sistently high FMS scores across a wide range of alternate A values
(fig. S12). Although the sizes of the gene clusters naturally differ
across different values of A, for most components a consistency of
FMS scores across sparsity coefficients spanning almost two orders
of magnitude indicated a stability in the signal modeled (fig. S13).
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Fig. 3. Individual components are robust to alternate values of R parameter. Analysis of components from sparse tensor decomposition models fit to (A to
C) Prochlorococcus and (D to F) Synechococcus residual transcript abundance data. [(A) and (D)] Median FMS of components from models fit with different numbers of
components (R) versus their corresponding best match component in the reference model with best fit parameters. Circle size represents the percentage of 30 bootstrap
models found to contain the indicated component, and circles outlined in black show components that were present in every bootstrap. [(B) and (E)] Distribution of
component FMS across 300 bootstraps of best fit models. [(C) and (F)] Distribution across 300 bootstraps of percent variation represented by each component of best fit
models. Boxes show inner 50th percentile centered on the median, whiskers indicate 5th and 95th percentiles, and outlying points are plotted individually.
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This reinforces the validity of our sparse modeling approach and
suggests that the signal of many components is dominated by a core
set of co-expressed genes that can be identified by applying an opti-
mal level of sparsity. On the basis of these results, we chose to focus
the remainder of our analysis on the 13 Prochlorococcus components
and 12 Synechococcus components that fell above a median FMS
threshold of 0.5, removing components prol, prol4, synl, syn2, and
synl3 from further analysis.

Interpretation of components

A cluster weight profile was generated for each of the remaining ro-
bust components by compiling the bootstrapped gene (CyCOG),
taxon (clade), and sample weights (data S1 and S2). The profile de-
lineates gene cluster membership, and summarizes the taxonomic
and spatiotemporal patterns of cluster activity. At a 50% bootstrap
threshold, the minimum Prochlorococcus cluster size was 4 CyCOGs,
the maximum was 100 CyCOGs, and the median cluster con-
sisted of 22 unique CyCOGs. Of the 5023 CyCOGs detected in the
Prochlorococcus pangenome, 404 CyCOGs (~8%) were represented
in at least one cluster. In Synechococcus, cluster size ranged from 16
to 107 CyCOGs with a median of 65 CyCOGs, altogether represent-
ing 638 of 6478 CyCOGs (~10%) detected in the Synechococcus
pangenome. These statistics suggest that for both the Prochlorococcus
and Synechococcus populations in this dataset, the most marked
changes in expression are attributable to less than 10% of the ex-
pressed pangenome, perhaps corresponding to CyCOGs with a
critical role in acclimating to specific environmental stresses encoun-
tered in our study.

The function of each CyCOG was inferred on the basis of the an-
notation of a majority of member proteins, using several databases:
the Kyoto Encyclopedia of Genes and Genomes (KEGG), Clusters of
Orthologous Genes (COG), Pfam, and Tigerfam. Of the total 897
CyCOGs represented in at least one Prochlorococcus or Synechococcus
cluster, we could assign a predicted function to 642 CyCOGS, while
255 CyCOGs had no assigned function. These CyCOG annotations,
in conjunction with the KEGG pathway database, were used to ana-
lyze each cluster for overrepresented biological functions (see Mate-
rials and Methods). All clusters were significantly enriched for at
least one of 113 represented pathways, with the median cluster en-
riched for 12 pathways (data S3). These results signify biological co-
herence in the gene composition of each cluster, which we next
explored in the context of the compiled taxon and sample weights.

The cluster weight profiles, combined with CyCOG annotations
and sample metadata, provide an intuitive interpretation of Barna-
cle components, as illustrated by Synechococcus component syn8
(Fig. 4). Component syn8 encompassed 49 CyCOGs with nonzero
median weights, and the four CyCOGs with the largest weights were
detected in more than 95% of bootstraps (Fig. 4A). Component
syn8 also included six CyCOGs with negative median weights, dem-
onstrating how Barnacle can incorporate within the same cluster
genes with positively and negatively correlated expression profiles.
The syn8 CyCOGs included genes involved in photosynthesis, car-
bon fixation, and acclimation to iron scarcity (data S2). The taxon
weights exhibited a tight distribution across bootstraps, indicating a
consistent pattern in Synechococcus clades I and IV and, to a lesser
degree, clades CRD1, CRD2, and II (Fig. 4B). The dataset incorpo-
rated samples collected under four different experimental protocols
(fig. S1), and cluster syn8 exhibited anomalous expression in all four
sample groups (Fig. 4, C to F). First, in surface water samples collected
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on all three cruise years, syn8 exhibited elevated expression that was
confined to the northern latitudes sampled, with little anomalous
expression detected south of 32°N (Fig. 4C). Second, in 2019, a diel
study at 42°N followed the same mass of water for 60 hours, sam-
pling every 4 hours. Component syn8 exhibited a clear circadian
pattern in these samples, with a peak in expression each day at 6:00 a.m.,
and a nadir between 2:00 p.m. and 6:00 p.m. (Fig. 4D). Third, in
depth profiles collected in 2017 and 2019, syn8 exhibited elevated
expression at the latitudes where surface expression was also detect-
ed, and weights generally decreased with increasing depth (Fig. 4E).
The fourth sample group encompasses a series of on-deck incuba-
tion experiments conducted at three different latitudes in 2017. In
each experiment, 20-liter bottles of seawater were supplemented
with nitrogen, phosphorous, and/or iron nutrients, and samples
were collected for metatranscriptome sequencing after 96 hours of
incubation (table S1). Although cluster syn8 expression was unre-
markable in the experiments conducted at 33°N, in those conducted
at 41°N, the syn8 cluster showed elevated expression in both the 0-
and 96-hour control treatments, whereas no anomalous expression
was detected in the three nutrient addition treatments, all of which
included iron (Fig. 4F). Similarly, in the transition zone experiments
conducted at 37°N, the syn8 cluster showed elevated expression in
the 0- and 96-hour controls, as well as the treatment amended with
nitrogen and phosphorous, but no iron. In the two 96-hour treat-
ments in which iron was added, syn8 showed no anomalous expres-
sion (Fig. 4F). In summary, the cluster profile of syn8 models a set of
genes potentially related to photosynthesis, carbon fixation, and ac-
climation to low iron, common to Synechococcus clades I, IV, CRD1,
and CRD2, with a joint pattern of anomalous expression in the
northern part of the transect that exhibited a circadian peak at
6:00 a.m. and was suppressed with the addition of iron.
Comparison between cluster weight profiles

To determine whether different components modeled similar pro-
cesses, we compared cluster weight profiles between all pairs of
Prochlorococcus and Synechococcus components (Fig. 5 and fig. S14).
Most components corresponded to clusters of distinct, nonoverlap-
ping sets of genes (Fig. 5A). Four groups of clusters (highlighted in
color) had correlated gene weight profiles. Each of these clusters was
specific to different clades (Fig. 5B). For example, the gene weight
profiles of clusters syn7, pro6, syn4, and syn10 represented similar
sets of CyCOGs and yet their taxon weights differed: syn7 was pri-
marily specific to Synechococcus clade CRD2, syn4 to clades I and
IV, and syn10 to clades CRD1 and CRD2, whereas pro6 was specific
to the HLI clade of Prochlorococcus. Several clusters had evident cir-
cadian expression patterns in the 2019 diel study samples, including
syn8 (Fig. 4), syn4, and syn6 (data S2). Circadian expression was
more difficult to discern for members of the other clusters, and we
therefore inferred a daily peak expression time for each cluster by
fitting a kernel density estimate (KDE) to aggregated sampling times,
weighted by the median component sample weights (fig. S15). The
first group of four clusters (syn7, pro6, syn4, and syn10) exhibited a
peak expression time around dusk, whereas the other six clusters
(pro5, syn6, pro7, syn8, prol5, and syn12) had a peak expression
time around dawn (Fig. 5C).

Common physiological processes were apparent within each of
the groups of clusters (Fig. 5D). The clusters in the first group (syn7,
pro6, syn4, and syn10) were linked to aerobic respiration; all four
were enriched for the oxidative phosphorylation and pentose phos-
phate KEGG pathways (data S3) and included positive gene weights
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tional 4-liter incubations collected after 2 hours (data S2).

for all three subunits and several assembly proteins of the primary
terminal oxidase (cytochrome c oxidase). All three Synechococcus
clusters in this group also included positive gene weights for the
cyanobacterial circadian clock genes kaiABC in a likely example of
regulatory elements co-clustering with the genes that they regulate.
The second and third groups of clusters (pro5 and syn6, pro7 and
syn8) were enriched in the carbon fixation pathway, the pentose
phosphate pathway, and glycolysis/gluconeogenesis (data S3). The
photosynthesis pathway was also enriched in clusters pro5 and syné.
Photosynthesis was not enriched in pro7 and syn8; however, syn8
showed increased expression of two photosystem II binding pro-
teins, PsbQ and Psb28 (data S2). In addition, high gene weights were
assigned to the iron stress inducible genes isiA and isiB, both of
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which are understood to interact with photosynthesis processes
(27-30). The fourth group consisted of clusters prol5 and synl2,
which were both enriched for processes involved in nitrogen acqui-
sition and assimilation, including ABC transporters in both clusters
and nitrogen metabolism in syn12 (data S3). The remaining clusters
had gene weight profiles that were not strongly correlated with any
other cluster (Fig. 5A). These singleton clusters consisted of mostly
nonoverlapping sets of genes (data S1 and S2) that were enriched for
KEGG pathways related to a variety physiological processes (data S3),
including phycobilisome biosynthesis (syn5) and membrane struc-
ture and composition (pro2). However, given that gene expression
patterns related to respiration, photosynthesis, nitrogen acquisition,
and iron scarcity were detected in both the Prochlorococcus and

8 of 21



SCIENCE ADVANCES | RESEARCH ARTICLE

A

Gene weight profile correlations

—

1
o

Pearson
correlation

B
|

=syn7
=pro6
=syn4
=syn10
=pro5
=syn6
=pro7
=syn8
=proi15
=syni2
—=synii
=syni4
=syni5
=proi2
=syn5
—pro3

—proii

T i T =iiisl

1 i 1 =
II_*E ] H @
0 0 |'- 2 T .
1=
0 0 ¥ % =
T T
1 : . 1
%,0]—{—'& ‘ 50:1——;'—'—3—77
'gm:]—; : 21]
5ol #T B o-leia s
3 1 = - ! ]
= ] - g ] *x 3
0 "é# - 0 TR % g~ g
1 3 1 T T 2
Tai 1 L . -
0 - 0 | — T 2 ga_'
T+
%X E =1
0 - b ] 0 st P
2 s ]
[} 1 ®
c sl QZ
g 9 s £5
g 1 R 1 g8
8 0 = %T 0 2 57
J53 " ==258¢< 6am 6pm
Iz- EEO Time of day
[SXeR
Clade

Weighted KDE
Sample group
Diel study
Surface transect
Depth profiles
Incubations
Year

2016

2017

= 2019

1 Prochlorococcus
1 Synechococcus

Fig. 5. Subsets of Prochlorococcus and Synechococcus clusters exhibit similar gene content and temporal expression profiles. (A) Hierarchically clustered heatmap
of pairwise Pearson correlations comparing gene weight profiles of Prochlorococcus and Synechococcus model components. Subsets of clusters with similar gene weight
profiles are highlighted. (B) Distribution of bootstrapped taxon weight profiles of highlighted clusters. (C) Sample weights of highlighted profiles plotted by time of day
of collection. In gray, a weighted KDE indicates daily peak expression time. (D) Summary of predominant physiological processes of highlighted clusters as determined by

enriched KEGG pathways and gene annotations.

Synechococcus datasets (Fig. 5D), we focused the remainder of our
analysis on these four groups of clusters, reasoning that they model
the most prominent shifts in physiological state for North Pacific
cyanobacteria as they respond to challenges from their environment.
Comparison to laboratory gene expression clusters

To evaluate whether the co-expression patterns detected in field
data recapitulated patterns seen in laboratory studies, we next com-
pared the Barnacle-identified Prochlorococcus and Synechococcus
clusters against clusters previously identified by Zinser ef al. in a diel
study of Prochlorococcus strain MED4 grown under nutrient replete
culture conditions (31). We mapped the MED4 genes to their cor-
responding CyCOG (data S4) and calculated a weighted F1 score
that compared the gene content of each pair of Zinser- and Barnacle-
identified clusters in an all-by-all manner. After correcting for mul-
tiple comparisons, 4 of the 18 Zinser clusters overlapped significantly
with 9 of the 25 Barnacle clusters (fig. S16). The four respiration
clusters pro6, syn4, syn7, and syn10 (Fig. 5) were significantly similar
to Zinser cluster 5, which Zinser et al. (31) found to be enriched for
respiratory terminal oxidases and degradation of proteins, peptides,
and glycopeptides. The peak expression time of the Barnacle respi-
ration clusters occurred around 6:00 p.m. (Fig. 5C), and the Zinser
cluster displayed a peak expression time of 5:30 p.m. + 0.4 hours, in
both instances around sunset. Barnacle photosynthesis clusters
pro5, syn6, and syn8, along with cluster prol2 displayed a peak
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expression time around 6:00 a.m. (Fig. 5 and fig. S15) and were sig-
nificantly similar to Zinser cluster 16 (fig. S16), which had a peak
expression time of 5:30 a.m. + 0.5 hours and was enriched for ade-
nosine 5'-triphosphate (ATP) synthase and CO, metabolism. Bar-
nacle clusters prol2, syn6, and syn9 significantly overlapped with
Zinser cluster 13 (fig. S16), a cluster enriched for ribosomal pro-
teins with a peak expression time of 3:24 a.m. + 0.4 hours. The
most significantly enriched KEGG pathway in these three Barnacle
clusters corresponded to ribosomal proteins (data S3), and the
peak expression time was ~6:00 a.m. (fig. S15). The second most
significantly enriched KEGG pathway in prol2 corresponded to
photosynthesis (data S3). The prol2 cluster also overlapped sig-
nificantly with Zinser cluster 1 (fig. S16), a cluster enriched for
photosystems I and II and with a peak expression time of 8:18 a.m.
+ 0.7 hours. The remarkable similarity in gene content and expres-
sion peaks between the Barnacle clusters identified from environ-
mental data and the clusters identified in laboratory-grown MED4
reiterates the power of both our modeling approach and laboratory
studies with model organisms.

Acclimation to nutrient scarcity in the North Pacific

The North Pacific Ocean is characterized by iron limitation of pho-
tosynthetic organisms in subarctic regions and nitrogen limitation in
the subtropical regions (19). Our comparison of cluster gene weight

9 of 21



SCIENCE ADVANCES | RESEARCH ARTICLE

profiles revealed one pair of clusters related to nitrogen acquisition
(prol5 and synl2) and a second pair of clusters (pro7 and syn8)
containing genes linked to iron stress (Fig. 5). Within each pair, the
two clusters shared similar sample weight profiles (fig. S14), with
pro7 and syn8 showing larger weights in the northern section of the
transect (Fig. 4 and data S1) and prol5 and syn12 showing larger
weights in the southern section (data S1 and S2). These observations
led us to deduce that the four clusters model processes relevant to
acclimation and ecological partitioning along nutrient gradients in the
North Pacific, providing an opportunity to study the in situ physio-
logical effects of these environmental stresses by examining cluster
gene content and sample weights in more detail (Fig. 6).

Nitrogen acclimation response

Prochlorococcus and Synechococcus populations in the North Pacific
uptake ammonium and urea as their primary nitrogen source (32),
and subpopulations of both genera have been shown to assimilate
nitrate (32, 33). A close examination of the CyCOGs in clusters
prol5 and synl2 and their associated gene weights (all of which
were positive) revealed elevated expression of four genes common
to both clusters: amt1, tauA, urtA, and urtB (Fig. 6B). The urtA and
urtB genes encode two components of a urea ABC-transporter sys-
tem and amtl encodes an ammonium transporter. Increased ex-
pression of amt1 and urtABCDE has been observed in response to
nitrogen deprivation in marine Prochlorococcus (34) and Synechococcus
(35). The tauA gene encodes the substrate-binding component of
an ABC-transporter system that has recently been proposed to im-
port guanidine in marine cyanobacteria from low nitrogen environ-
ments (36). The Prochlorococcus cluster prol5 was limited to these
four CyCOGs, whereas the Synechococcus cluster syn12 consisted of
a total of 20 CyCOGs (data S5). The additional syn12 CyCOGs in-
cluded nitrite reductase (nirA), nitrate reductase (narB), the for-
mate/nitrite transporter (nitM), and the bi-specific nitrate/nitrite
permease (nrtP), all of which are involved in nitrate and nitrite as-
similation (Fig. 6B). In Synechococcus, the expression of nirA, narB,
and nrtP is controlled by the universal nitrogen response regulator
NtcA and up-regulated in response to nitrogen deprivation (37).
Cyanate lyase (cynS), included in synl2, is also expressed in re-
sponse to ammonium deprivation in an NtcA-dependent manner
(38). A key enzyme in the synthesis of glucosylglycerate, gpgS, was
also included in syn12. Glucosylglycerate is a compatible solute that
has been found to accumulate in Synechococcus under nitrogen lim-
itation, possibly replacing glutamate as a negatively charged counter-
ion (39). We detected additional genes related to nitrogen metabolism
with bootstrap values that fell below the 50% threshold, including
CyCOGs corresponding to NtcA (CyCOG 60000127) and gluta-
mine synthase (CyCOG 60000563) (data S1 and S2). A small frac-
tion of prol5 bootstraps also included nitrate and nitrite reductases
(data S1), possibly reflective of the patchy distribution of nirA and
narB among Prochlorococcus strains at the sub-clade level (33).

Iron acclimation response

A deeper evaluation of the gene content of clusters pro7 and syn8
revealed four shared CyCOGs with large positive weights, all of
which are implicated in acclimation to iron scarcity in cyanobacte-
ria (Fig. 6B). Three of the shared CyCOGs are canonical markers of
iron stress: isiA encodes a chlorophyll binding protein that forms an
antenna structure around photosystem I in iron-limited cyanobac-
teria (27, 29, 30); isiB encodes flavodoxin, an iron-free analog of the
iron-containing electron transfer protein ferredoxin (27, 28); and idiA
is hypothesized to encode either a protein that protects photosystem II
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against oxidative stress during iron limitation (40) or a compo-
nent of an ABC-type Fe(III) transporter (41). All three genes have
been shown to be up-regulated in response to iron limitation in
both Prochlorococcus (42, 43) and Synechococcus (27, 44, 45). The
fourth shared gene, fbaB, encodes a class I fructose bisphosphate
aldolase (FBA), an enzyme involved in several carbon metabolism
pathways, including carbon fixation. There are two variants of FBA:
Class IT FBAs require a divalent iron or zinc cation as a cofactor,
whereas class I FBAs do not require a metal cofactor (46) and have
been found to be up-regulated in response to iron limitation in
Synechococcus (45) and diatoms (47). The class I FBA (fbaB; CyCOG
60001290) was assigned positive weights in both pro7 and synS8,
indicating elevated expression, whereas the class II FBA (CyCOG
60001287) was not included in either cluster.

As with the nitrogen-related clusters, the iron-related Synechococcus
cluster (syn8) was larger than the iron-related Prochlorococcus
cluster, encompassing a total of 49 CyCOGs, of which 17 are unchar-
acterized (data S5). The annotated CyCOGs specific to Synechococcus
that showed the highest degree of elevated expression (Fig. 6B) fell
into one of four functional categories: oxidative stress response
(trxR), ATP production (atpC and ppa), glycogen production (glgC),
and biotin biosynthesis (bioH). The gene product of trxR is thiore-
doxin reductase, an enzyme involved in mitigating oxidative stress
that has shown increased expression in Synechococcus subjected to
low iron conditions (45). To a lesser degree, the antioxident perox-
iredoxin (ahpC) also showed elevated transcription in syn8 (data
S5); elevated levels of peroxiredoxin have been observed in the pro-
teome of iron-limited cultures of clade II Synechococcus (48). Simi-
larly, in addition to glgC, the genes glgA and glgB were included in
syn8 with small positive weights, meaning that the complete glyco-
gen synthesis pathway exhibited increased expression in syn8. In-
creased glycogen production has been observed in laboratory
studies of Synechococcus facing iron scarcity (49) and may be con-
nected to stress response in cyanobacteria (50). Last, biotin biosyn-
thesis requires the precursor pimelate thioester, which can be
synthesized through either an iron-dependent (biol-bioW) or an
iron-independent (bioC-bioH) pathway (51). The elevated expres-
sion of bioH in cluster syn8 is consistent with a pattern of swapping
out iron-containing proteins with iron-free analogs during iron
limitation and may reflect another instance of this strategy to reduce
the cellular iron quota of Synechococcus.

Both the pro7 and syn8 clusters included additional CyCOGs
that exhibited a smaller degree of differential expression and yet
were consistently represented in bootstraps (data S5), thus provid-
ing additional support for trends inferred from the CyCOGs with
larger gene weights. Two additional CyCOGs potentially involved in
iron acquisition had positive gene weights: CyCOG 60002762 in
syn8 was annotated as a hemoglobin/transferrin/lactoferrin recep-
tor protein (KEGG Orthology K16087), and gap2 in pro7 encodes
glyceraldehyde-3-phosphate dehydrogenase (GAPDH). Although
GAPDH is primarily involved in the Calvin cycle, it has also been
shown to moonlight as a siderophore receptor in diverse bacteria
(52). In addition to gap2, a number of other Calvin cycle genes showed
elevated expression in both clusters: rpe in pro7 and rbcS, csoSCA,
cs0S2, prkB, and glpX in syn8. In syn8, the increased expression of
carbon fixation genes was accompanied by elevated expression of
photosystem II binding proteins (PsbQ and Psb28) and genes in-
volved in phycobilin biosynthesis (hemE, hemH, and hmuO), indi-
cating that the Synechococcus iron scarcity response includes an
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centered on the median, whiskers delineate 5th and 95th percentiles, and outlying points are plotted individually.
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adjustment of several structures and pathways related to photosyn-
thesis. The syn8 cluster also included genes that displayed negative
gene weights: three cytochrome c oxidase genes, indicating decreased
expression of the respiratory terminal oxidase, and the chlorophyll
biosynthesis gene c/hN. Cyanobacteria encode two protochloro-
phyllide reductases; clhN encodes the iron-sulfur subunit of one,
while its analog has no iron requirement (53). Last, in line with an el-
evated oxidative stress response, syn8 included increased expression
of an under-characterized CyCOG (60003403) that shares homolo-
gy with DoxX, a component of a membrane-bound protein complex
that co-localizes a thiol oxidoreductase with a superoxide dismutase
in Mycobacterium tuberculosis (54). Together, the gene weights of
clusters pro7 and syn8 suggest a broad program of transcriptional
modulation to import more iron, decrease cellular iron quota, adjust
photosynthesis, and mitigate oxidative stress.

Latitudinal trends in nutrient acclimation

Surface sample weights indicated that the transcriptional patterns
modeled by clusters pro7, syn8, prol5, and synl12 were geographi-
cally bounded, consistent across study years, and echoed in both
Prochlorococcus and Synechococcus populations (Fig. 6C). The nitro-
gen acquisition clusters prol5 and syn12 showed consistent low lev-
els of elevated expression in samples collected in the subtropical
gyre and further north to about 38°N (Fig. 6C). In contrast, the iron
acclimation clusters pro7 and syn8 exhibited elevated expression
north of the subtropical gyre, with syn8 expression extending to
around 42°N, the northernmost stations sampled on the 2017 and 2019
cruises (Fig. 6C). The Prochlorococcus iron acclimation cluster pro7
was not detected in the northernmost surface samples, likely be-
cause this cluster primarily represents the HLI clade (Fig. 6A), which
make up a negligible portion of the Prochlorococcus community in
those samples (fig. S6). Rather, at these latitudes, the Prochlorococcus
community was dominated by the LLI and LLVII clades, the former
noteworthy for a high frequency of genes involved in iron acquisi-
tion via siderophore uptake (55). In the transition zone between the
subtropical and subarctic gyres, expression of both the nitrogen and
iron acclimation clusters was elevated in both Prochlorococcus and
Synechococcus populations (Fig. 6C). The ratio of dissolved nitrate
to dissolved iron increased north of 33°N in 2016 and north of 37°N
in 2017 and 2019. In all 3 years, this inflection point coincided with
the region in which the iron and nitrogen acclimation clusters
showed simultaneous elevated expression in both the Prochlorococcus
and Synechococcus populations.

To investigate whether the in situ gene expression patterns ob-
served were consistent with experimental evidence of nutrient limi-
tation, we examined sample weights associated with the 2017 nutrient
amendment incubation experiments (Fig. 6D and table S1). At the
gyre station (33°N), the nitrogen clusters (prol5 and synl12) had
nonzero sample weights, indicating a low level of elevated expres-
sion, whereas the weights for the iron acquisition clusters (pro7 and
syn8) were zero. Conversely, at 41°N the Synechococcus iron cluster
syn8 showed elevated expression in both the 0- and 96-hour con-
trols, whereas the Synechococcus nitrogen cluster syn12 was associated
with a zero weight in the 0-hour control sample and slightly elevated
expression in the 96-hour incubations, although less so in the treatment
amended with supplemental nitrogen. The Prochlorococcus clusters
showed no activity in this set of samples because Prochlorococcus
clade HLI was not abundant at this latitude (fig. S6). In the transition
zone incubations conducted at 37°N, all four clusters showed elevated
expression in the 0- and 96-hour controls (Fig. 6D). Moreover, at
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this site, treatments amended with nitrogen resulted in sample
weights of zero for the nitrogen clusters, and treatments amended
with iron resulted in sample weights of zero for the iron clusters.
These results imply that expression of clusters pro7 and syn8 was spe-
cifically suppressed with the addition of iron, while prol5 and syn12
expression was suppressed with the addition of nitrogen. Furthermore,
the results provide evidence of a North Pacific gradient of nitrogen
limitation in the subtropical gyre and iron limitation in the subarctic
gyre and indicate a region of simultaneous nutrient stresses experi-
enced by the Prochlorococcus and Synechococcus populations at the
transition zone boundary between these two ecosystems.

DISCUSSION

Although metatranscriptome sequencing is now common in studies
of environmental microbiomes, the physiological states reflected in
a metatranscriptome often remain obscured by data complexity that
exceeds the capacity of traditional analytical techniques, as well as
limited prior knowledge of functional gene networks. Barnacle is an
unsupervised signal discovery tool, tailored to metatranscriptomic
datasets, that we developed to help bridge this technological gap and
to investigate patterns of gene expression that determine the ecology
of a microbiome. The core of the method, tensor decomposition,
reflects the inherent multiway structure of metatranscriptomic data-
sets. It also serves as a fundamental constraint on the gene clustering
problem (56), enabling resolution of overlapping expression pat-
terns, even when obscured by high noise (Figs. 1 and 2). We priori-
tized robust, interpretable inferences by imposing non-negativity
and sparsity constraints and used sample replicates to implement
cross validation and bootstrapping, enabling us to quantify confi-
dence in the association of each gene with each component. By com-
bining this methodology with the vst for normalization (25, 26), we
focused our analyses toward population-level shifts in transcription.
The normalization approach also addressed overdispersion in our
data (fig. S8), a common challenge in metatranscriptomic datasets
(14), and enabled us to distinguish between zero values caused by
low sequencing depth, the absence of a gene ortholog in a taxon, or
potential down-regulation. Applying the methodology to cyanobac-
teria populations that form the foundation of North Pacific ecosys-
tems, we demonstrated the power of our approach to uncover processes
that drive in situ microbiome dynamics, including the circadian chore-
ography of essential metabolic processes, and mechanisms of acclima-
tion to shifting nutrient concentrations.

Two of the most robust components identified in our analysis,
pro7 and syn8, suggested that the acclimation response to scarce
iron exhibits a similar pattern in Prochlorococcus and Synechococcus,
with important physiological differences distinguishing the two lin-
eages. As an efficient electron transfer agent, iron is essential to the
functioning of many core cellular processes, including photosynthe-
sis and respiration. Consequently, iron scarcity poses a serious ob-
stacle to photosynthetic growth and is one of the main limiting
nutrients across much of the surface ocean (19). Overcoming iron
scarcity requires coordinated adjustment of intertwined cellular
processes. Three physiological categories of cyanobacterial acclima-
tion to iron limitation were proposed by Straus (57): (i) acquisition
of more iron; (ii) compensation via the replacement of iron-requiring
proteins with iron-free analogs; and (iii) retrenchment, which en-
tails a reduction of cell structures, particularly photosystem I and
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other iron-rich components of photosynthetic electron transport
(PET) (58). Additionally, iron limitation poses an increased risk of
oxidative damage, in part, because retrenchment and compensation
decrease the number of iron centers in PET, which makes saturation
of the PET chain more likely and increases the potential for elec-
trons to escape and form reactive oxygen species (59). As such, a
fourth category of cyanobacterial acclimation to low iron was later
added by Michel and Pistorius (40) to distinguish the role that some
iron deficiency-induced genes play in mitigating oxidative stress.
All four categories of cyanobacterial response to scarce iron are re-
flected in the physiological states modeled by clusters pro7 and
syn8. As such, our results recapitulate well-established patterns of
iron stress response and, furthermore, reveal previously unreported
response mechanisms, in addition to suggesting contrasts in iron
physiology between Prochlorococcus and Synechococcus.

Prochlorococcus cluster pro7 encompassed seven CyCOGs with
elevated expression (Fig. 6B and data S5), each with a putative role
in iron acquisition, compensation, retrenchment, or protection from
oxidative stress. Three CyCOGs corresponding to well-established
gene markers of iron deficiency—isiA, isiB (flavodoxin), and idiA—
are linked, respectively, to preventing oxidative damage (40), com-
pensation (42-44, 57), and iron acquisition (40). The elevated
expression of a class I FBA in pro7 may be another example of com-
pensation, replacing an enzyme that requires a metal cofactor with
its iron-free analog. FBAs are involved in several carbon metabolism
pathways, including the Calvin cycle, as are two of the remaining
CyCOGs in pro7: rpe encoding ribulose-5-phosphate 3-epimerase
(RPE) and gap2 encoding a GAPDH. Our analysis accordingly found
that carbon fixation was the most significantly enriched KEGG path-
way in pro7 (data S3). The rate of carbon fixation limits the rate of
photosynthesis in cyanobacteria (60) and so increasing the expres-
sion of critical Calvin cycle enzymes could serve to compensate for
low-iron-induced retrenchment by maximizing photosynthetic ef-
ficiency. Maximizing the carbon fixation rate could also serve to re-
duce the formation of reactive oxygen species by maximizing the
rate at which electrons flow out of PET and into the Calvin cycle,
thus relieving saturation of the PET chain. Additionally, RPE uses an
iron atom in its active site, and both it and GAPDH are inactivated
by oxidation (61, 62). These enzymes may be points of the Calvin
cycle that are vulnerable to oxidative damage, and thus, their up-
regulation may serve as a protective response to the increased oxida-
tive stress that accompanies iron limitation. Last, pro7 includes one
CyCOG corresponding to a sigma factor. The presence of a single
sigma factor within this cluster suggests that it may be involved in
coordinating the Prochlorococcus transcriptional program across the
four categories of acclimation to low iron.

Synechococcus cluster syn8 exhibits many of the same hallmarks
of low iron acclimation seen in the Prochlorococcus cluster. Iron de-
ficiency marker genes isiA, isiB, and idiA all show a similar degree of
overexpression, as does fbaB (Fig. 6B). However, our results indicate
that Synechococcus acclimation to low iron is more involved than
that of Prochlorococcus: syn8 encompasses a total of 49 CyCOGs as
compared to the 7 CyCOGs of pro7 (data S5). This difference may
reflect the evolutionary streamlining of Prochlorococcus metabolism
in comparison to the greater metabolic flexibility of Synechococcus
(63), which allows it to thrive across a greater range of environmen-
tal conditions (2). Prochlorococcus metabolism is likely already well
equipped to cope with nutrient scarcity, and so adapting to low iron
conditions requires relatively minor tuning of its transcriptional
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program. In contrast, while Synechococcus has the genetic poten-
tial to thrive across a range of nutrient concentrations, actualizing
acclimation to low iron entails broader metabolic restructuring.
Here, the inferential power of Barnacle components is on full dis-
play, allowing us to detect the cohort of genes up-regulated in
concert with markers of low iron stress and to extrapolate from
their collective activity the mechanism of physiological acclima-
tion in Synechococcus.

The shifts in gene expression specific to cluster syn8 appear pri-
marily geared toward maximizing the efficiency of photosynthesis
and downstream metabolic processes and mitigating oxidative stress.
Two CyCOGs encoding enzymes involved in oxidative stress re-
sponse showed elevated expression: thioredoxin reductase (frxR;
Fig. 6B) and peroxiredoxin (ahpC; data S5), both of which have
been previously observed up-regulated in iron-limited Synechococcus
(45, 48). Seven up-regulated CyCOGs are involved in carbon fixa-
tion, and another two are involved in ATP synthesis (data S5). Simi-
lar to RPE in Prochlorococcus, many of these enzymes are susceptible
to oxidative damage, and their increased expression may serve as a
“spare parts” repository, speeding up the repair of damaged compo-
nents and reducing potential metabolic bottlenecks resulting from
slow repair. Similarly, genes encoding the photosystem binding pro-
teins PsbQ and Psb28, up-regulated in cluster syn8, are associated
with photosystem II repair in cyanobacteria, following oxidative
inactivation (64, 65). Elevated Psb28 abundance has been observed
in the proteome of clade II Synechococcus subjected to iron limita-
tion (48). Increased expression of genes encoding the enzymes uro-
porphyrinogen decarboxylase (hemE), ferrochelatase (hemH), and
heme oxygenase (hmuO) suggests an increased investment in the
construction of phycobilisomes, as each enzyme catalyzes a key
branch-point reaction in phycobilin biosynthesis. In addition to
harvesting light for photosynthesis, phycobilisomes mediate non-
photochemical quenching in Synechococcus, dissipating excess light
energy via state transitions (66) and interaction with the orange ca-
rotenoid protein (67). The investment in phycobilisome synthesis
may enhance a cell’s capacity to divert light energy from PET and
reduce the potential formation of reactive oxygen species. At the op-
posite end of electron transport, syn8 gene weights indicated in-
creased expression of genes required for the glycogen biosynthesis
pathway (glgABC) and decreased expression of the respiratory
terminal oxidase (data S5). Glycogen metabolism is implicated in
boosting the efficiency of photosynthesis and carbon fixation in
Synechococcus, particularly during the transition from dark to light
(50). Glycogen is also a terminal sink for photosynthetic electrons,
and increasing its production may help relieve pressure on the
PET chain. The decrease in respiration is best interpreted in the
context of the diel pattern of the syn8 expression profile, which
peaked around dawn (Fig. 4). Our data (Fig. 5) and previous stud-
ies (31) indicate that cyanobacterial respiration peaks at dusk; the
observed down-regulation of respiration genes in syn8 may thus
indicate a deepening of the diel segregation of photosynthesis and
respiration, perhaps to minimize additional electron inputs to the
components of the electron transport chain that are shared by
photosynthesis and respiration (68). Together, the syn8 cluster
touches multiple stages of photosynthesis, from light harvesting to
ATP synthesis, carbon fixation, and glycogen production, suggest-
ing a program of acclimation to low iron in Synechococcus that
maximizes photosynthetic electron flux, enhances diversion routes for
excess reducing power, and mitigates oxidative stress. Intriguingly,
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the transcriptional responses in Synechococcus uncovered here are rem-
iniscent of streamlining events proposed to underlie the evolutionary
adaptation of Prochlorococcus lineages to low nutrient conditions (63).

At the ecosystem scale, the sample weights associated with iron
acclimation clusters pro7 and syn8 showed a latitudinal trend of el-
evated expression in the north and lower expression in the south,
inverse to the sample weights of nitrogen assimilation clusters prol5
and syn12 (Fig. 6, C and D). Just as pro7 and syn8 genes isiA and isiB
have been used as indicators of low iron stress, the genes urtABC
(urea transporter), nirA (nitrite reductase), and narB (nitrate reduc-
tase) have previously been used as indicators of low nitrogen stress
(69, 70). Each of these genes showed elevated expression in prol5
and syn12 (Fig. 6B and data S5). Together, the sample weights for
these four clusters illustrate how Prochlorococcus and Synechococcus
experience a progression from nitrogen scarcity in the subtropical
gyre to iron scarcity in the subarctic gyre, consistent with estimates
of nutrient limitation in the North Pacific surface ocean (19). More-
over, the cluster profiles indicate a region of overlap in the subtropical-
subarctic transition zone, where the sample weights for both the
iron and nitrogen acclimation clusters showed elevated expression
in both Prochlorococcus and Synechococcus populations (Fig. 6C).
Furthermore, in incubation studies of seawater collected from the
transition zone, expression of the iron acclimation clusters was sup-
pressed by supplementation with iron, and expression of the nitro-
gen acclimation clusters was suppressed by supplementation with
nitrogen (Fig. 6D). This simultaneous acclimation is distinctive to
the transition zone; populations in the subtropical gyre were exclu-
sively up-regulating the nitrogen acclimation clusters, whereas pop-
ulations in the subarctic gyre were solely up-regulating the iron
acclimation clusters. Our data are consistent with previous reports
of co-limitation at ecosystem boundaries (69, 7I) and suggest that
the transition zone may be a distinct ecosystem, shaped by multiple
intersecting nutrient stresses, and inhabited by distinct populations
equipped to cope with these conditions.

The analytical approach developed here and applied to Prochlorococcus
and Synechococcus metatranscriptomes uncovered mechanisms of
acclimation that range from the functions of individual genes, to
coordinated metabolic reprogramming, to ecosystem-scale pro-
cesses governing the North Pacific microbiome. The unsupervised
nature of our method alleviated dependency on functional annota-
tions, enabling the concordant analysis of previously uncharacter-
ized gene families. This capability is critical as additional surveys of
environmental gene sequences routinely uncover a majority with no
resemblance to previously described gene families (8). In this study,
we found that 255 of the 897 CyCOGs included in clusters were un-
characterized, and in Prochlorococcus cluster prol0, the function of
10 of the top 11 CyCOGs is unknown (data S1). However, Barnacle
offers a window of insight into the roles of these unknowns via their
association with co-expressed, better characterized genes. In the fu-
ture, this co-expression information could be combined with data on
gene coevolution, structural modeling, and genome topology to bol-
ster computationally derived functional inferences. Last, our ap-
proach is flexible and could be applied to any multiway dataset that
can be represented as a three-way tensor, including metagenomics,
proteomics, and metabolomics datasets. Such omics datasets are of-
ten characterized by multiple correlated sources of variation, espe-
cially in the case of environmental surveys such as ours. In
combination with the sparsity and non-negativity constraints, the
unsupervised nature of Barnacle presents a means of disentangling
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different sources of variation in an unbiased way, as illustrated here
by the separation of circadian and latitudinal patterns into different
clusters. In these ways, the development of Barnacle, its fruitful ap-
plication to North Pacific metatranscriptomes, and the resulting in-
sights into cyanobacterial nutrient acclimation together present a
demonstration of the type of unsupervised analytical techniques
that will better equip microbiome researchers to extract discoveries
from complex datasets and to discern the patterns by which mole-
cules, cells, and ecosystems interact to drive global biogeochemi-
cal cycles.

MATERIALS AND METHODS

Model

The sparse tensor decomposition model that we developed is a con-
strained version of the CP tensor decomposition (15, 56), also
known as canonical decomposition (CANDECOMP) (72) and par-
allel factor analysis (PARAFAC) (73). We describe the model in the
context of its intended application to environmental transcript
abundance data. The notation and symbols used (Table 1) adhere to
those laid out by Kolda and Bader (15). Model implementation is
available as part of the Python package Barnacle.

We consider a third-order tensor Y of transcript counts indexed
in three modes: gene X taxon X sample. Each entry y;; encodes the
abundance of gene i transcripts attributed to taxon j in sample k.
The length of the gene mode, I, reflects the number of gene ortho-
logs measured in the dataset; the length of the taxon mode, J, re-
flects the number of taxa; and the length of the sample mode, K,
reflects the number of samples. The CP model represents the data
tensor Y as a collection of R components (fig. S2A), each of which
models a distinct linear signal pattern present in the data, obscured
by a Gaussian noise tensor e ~ N (0, o? ) That is

R
RS Zgrotrosr+8 (1)
r=1
or element-wise
R
ytjk ~ Zgirtjrskr + Szjk (2)

r=1

where G € R™R T € R, and § € R®*® are the component matri-
ces with columns representing the weight vectors g,, t,, and s, for the
gene, taxon and sample modes, respectively. Entry g;, indicates the
relative contribution of gene i to the component r signal. When
weight vector g, is sparse, nonzero entries can be considered as a
cluster of genes, unified by correlated expression profiles (fig. S2C).
Weight vectors t, and s, indicate the relative activity of the compo-
nent r signal in the modeled taxa and samples. Taking the outer
product of weight vectors g,, t,, and s, produces a rank-1 tensor rep-
resenting component r (fig. S1B), and the sum of all R component
outer products constitutes the rank-R tensor model, y.

Constraints

Two sets of constraints are imposed on the component matrices of
the tensor decomposition model to facilitate their interpretation.
First, non-negativity constraints are imposed on the taxon and sam-
ple component matrices T and S. No non-negativity constraint is
imposed on the gene component matrix G. This combination of
non-negativity constraints abrogates issues of model indeterminacy
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resulting from sign flips while retaining the ability to model patterns
of elevated and diminished expression (positively and negatively
correlated transcript abundance profiles) within the same compo-
nent. Second, we promote sparsity in the gene-mode component
weight vectors via the incorporation of an 11 regularization penalty
applied column-wise to the gene component matrix G. The degree
of regularization is tuned by a sparsity coefficient parameter A. This
parameter indirectly controls the size of model clusters, in that a
larger A will result in more zero values in the gene component ma-
trix G and, thus, on average, fewer genes corresponding to nonzero
values in each component. The scaling indeterminacy of CP models
(component matrices in one mode can be arbitrarily scaled given an
inverse scaling of the component matrices in the other modes) means
that, if norm-based regularization is imposed on at least one mode,
then the component matrices of all modes must be regularized (74).
As such, the gene-mode sparsity penalty is accompanied by 12 unit
norm constraints applied column-wise to the taxon and sample
component matrices T and S. Collectively, these constraints enable
interpretation of components as clusters of genes with correlated
transcript abundance patterns shared across the taxa and samples in-
dicated by component weights.

Optimization

The model is fit to data by minimizing a cost function (Eq. 3), param-
eterized by two user-defined variables: R, the number of components,
and A, the sparsity coefficient of the 11 regularization penalty applied to
the gene mode. The optimal solution to the cost function is obtained
by component matrices G, T, and S that minimize the sum of square
differences between the data tensor ) and the model tensor (the sum
of R components) while also minimizing the sparsity penalty on the
gene component matrix. Assuming that the matrices fulfill Kruskal-
rank conditions (75), this solution is guaranteed to be unique (18, 56)

R 2
min 2 i D Girtirsir
1

r=1

3)

R
+1 ) llglly st T8> 051t 15, lIs, [l =1

r=1

We solve the cost function using a modified version of the alternat-
ing least-squares (ALS) algorithm for CP tensor decomposition [see,
e.g., (15)]. Briefly, the algorithm iterates over a series of update steps,
each of which cycles between the modes of the tensor, updating the
component matrix of one mode, while the component matrices of the
other two modes remain temporarily frozen. The component matrix
of each mode is updated by solving a regularized least-squares regres-
sion problem, calculated using the input data tensor (unfolded along
the appropriate mode) along with the Khatri-Rao product of the
two frozen component matrices (Egs. 4 to 6). The updated component
matrix entries are then frozen, and the algorithm proceeds to update
the component matrix of the next mode. The algorithm iteratively up-
dates each component matrix in this manner until the change in loss
between successive iterations drops below a tolerance threshold

R

min[[¥ g, ~GTOSI; +2 . 13,1 (4)
r=1

n}finHY(T)—:l\“(GG)S)ll; st T20 [T |, <1 (5)
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Model constraints are accommodated by modifying the inner
loop least-squares subproblem for a given mode. First, updates of
the G component matrix are formulated as a lasso problem to incor-
porate the 11 regularization (Eq. 4). Second, updates of the T and S
component matrices are achieved using a least-squares problem
modified to include simultaneous enforcement of the non-negativity
and 12 norm constraints (Egs. 5 and 6). Note that to make these
subproblems tractable, we relax the 12 norm constraint from strict
equality to an inequality, which has the effect of unit equality of the
12 norms in the sample and taxon modes when combined with the
11 penalty in the gene mode. All inner loop subproblems are solved
using the fast iterative shrinkage/thresholding algorithm (FISTA)
with constraints encoded as proximal operators (76). To improve
the convergence rate, we implemented the FISTA solver in combina-
tion with an adaptive restart scheme as proposed by O’ Donoghue
and Candes (77).

Implementation

Our implementation of the sparse tensor decomposition model pre-
sented here is freely available as the Python package Barnacle. Much
of Barnacle’s core functionality is built on top of Tensorly (78). The
model itself can be accessed via the “SparseCP” class, modeled after
the standardized application program interface (API) of Tensorly’s
decomposition class. Our implementation of the FISTA algorithm
with adaptive restart (76, 77) for solving constrained inner loop
least-squares problems is under the “fista” module of Barnacle. Code
for constructing and manipulating the simulated data tensors used
in model development and evaluation is available under the “tensors”
module. Assorted functions including visualization tools and our
implementation of the cluster evaluation scores developed by Saelens
et al. (16) are collected under the “utils” module.

Datasets

Simulated data

Development and evaluation of the sparse tensor decomposition
model relied on simulated data. All simulations were third-order
tensors constructed as the outer product of three randomly generated
component matrices, constituting a signal tensor, in combination
with a randomly generated Gaussian noise tensor. We varied the ten-
sor shape, number of components, sparsity of the component matri-
ces, and noise-to-signal ratio of each simulation depending on the
experiment. Component matrix entries were randomly drawn from
uniform distributions parameterized according to mode: U(—1, 1)
for the simulated gene mode to allow for negative and positive val-
ues and U(0, 1) for the simulated taxon and sample modes. The
length of the simulated gene mode was randomly drawn from the
interval (10,1000). The lengths of the simulated taxon and sample
modes were independently and randomly drawn from the interval
(10,100). The number of components (R) was randomly drawn from
the interval (2,10). The fraction of zero values in each component
matrix was independently stipulated by drawing a value from a uni-
form distribution U(0, m) where 0 < m < 1represents the maximum
number of zeros possible so that the matrix remained full rank.
Noise tensor entries were randomly drawn from a normal distribution
N(0, 1) and then scaled them in proportion to the magnitude of the
signal tensor. For each simulation, we specified the noise-to-signal
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ratio with a scaling factor s, where s = 10* with x being randomly
drawn from a uniform distribution U(—1, 1). To maintain sparsity
in the final simulated data tensor, we set to zero each element of the
noise tensor that corresponded to a co-localized zero value in the
signal tensor.

Metatranscriptomic data

In 2016, 2017, and 2019, a collaboration of ocean researchers col-
lected samples for whole community metatranscriptomes (see Ac-
knowledgments) from along a North Pacific transect ranging from
around 22°N to 42°N along the 158th meridian west (fig. S1 and
data S6). Replicate seawater samples were pre-filtered through ei-
ther 200-pm nylon mesh (2016 samples) or 100-pm nylon mesh
(2017 and 2019 samples) and then filtered onto 142-mm polycar-
bonate filters and immediately flash frozen in liquid nitrogen. Sam-
ples from surface transects of all three cruises, along with the 2017
depth profiles and 20-liter incubation samples, were size fractionated
by serial filtration onto 3- and 0.2-pm polycarbonate filters, where-
as the samples from the 4-liter incubations in 2017 and the 2019
depth profiles and diel study samples consisted of a single size frac-
tion collected on 0.2-pm polycarbonate filters. Whole community
RNA was extracted from each filter using the Invitrogen ToTALLY
RNA extraction kit (2016 samples) or the Zymo Direct-zol RNA
Miniprep Plus kit (2017 and 2019 samples). To focus sequencing
libraries on messenger RNA, ribosomal RNA was depleted from ex-
tractions using either the Illumina Ribo-Zero Plus kit (2016 and
2017 surface samples, depth profiles, and 4-liter incubations) or the
ThermoFisher RiboMinus Transcriptome Isolation kit (2019 and
2017 20-liter incubations). Libraries were sequenced at the Univer-
sity of Washington Northwest Genomics Center using an Illumina
NextSeq 500 platform (2016 samples) and an Illumina NovaSeq 6000
platform (2017 and 2019 samples). We quality controlled paired se-
quencing reads using Trimmomatic (version 0.32) and combined
reads from size fractionated samples, resulting in 222 samples of
whole community RNA sequence data. Details of sample collection,
RNA extraction, library preparation, and sequencing are available
under the BioProject accession number associated with each datas-
et on the National Center for Biotechnology Information (NCBI)
Sequence Read Archive (see Data and materials availability). Ex-
perimental design of the 20-liter nutrient amendment incubation
study conducted in 2017 is outlined in table S1. The seawater for
these experiments, in addition to the 4-liter incubation experiments,
was collected under trace metal clean conditions, as described by
Lambert et al. (79).

We mapped sequencing reads against the 681 Prochlorococcus
and Synechococcus reference genomes used to generate the Cyano-
bacterial Clusters of Orthologous Groups of proteins (CyCOGs
version 6.0; data S7 and S8) (22), using the read mapping software
Salmon (version 1.10.2) with the “-libtype A” parameter for auto-
matic library type detection and the “-validateMappings” flag for
more sensitive read mapping and scoring. We verified clade assign-
ments for the reference genomes using a phylogeny of 424 single
copy core CyCOGs that included additional genomes (data S9)
(80-82). Single copy core CyCOGs were defined as those observed
once in all 92 Prochlorococcus and Synechococcus genomes (>99%
complete) that were derived from cultivated isolates in CyCOG ver-
sion 6.0. We used blastp (NCBI BLAST suite version 2.14.0) to iden-
tify CyCOGs in each additional publicly available genome. Each
CyCOG protein family was aligned using Clustal Omega (clustalo
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version 1.2.4), and CyCOG protein alignments were concatenated into
a single multi fasta file using MEGA (version 11.0.13). Phylogenies
for the Prochlorococcus and Synechococcus concatenated protein
alignments were inferred separately in FastTree (version 2.1.11) us-
ing the Le-Gascuel (LG) model of evolution with 100 bootstraps. We
then assigned clade labels to the 681 reference genomes from CyCOG
version 6.0 on the basis of monophyletic group membership (data
S7). One Synechococcus clade included reference genomes for strains
CC9616 and KORDI-100 that have alternately been described as
either clade UC-A or EnvC, which we delineate as UC-A for sim-
plicity. Following mapping, we retained only the read counts cor-
responding to reference sequences annotated with both taxonomic
clade and version 6.0 CyCOGs. Read counts were then aggregated
by clade so that transcript abundances were consolidated to 24 pan-
transcriptomes (8 Prochlorococcus and 16 Synechococcus). We restricted
analysis to clades with at least one sample that recruited reads such
that the percentage of detected pangenome CyCOGs surpassed
40% for Prochlorococcus or 60% for Synechococcus, correspond-
ing to roughly 2000 detected CyCOGs. The following clades met this
threshold and were retained for further analysis: Prochlorococcus
HLI, HLII, and LLI, and Synechococcus 1, 11, 111, IV, CRD1, CRD2,
and UC-A.

Normalization

To disentangle transcript abundance from organism abundance and
focus our analysis on the most differentially expressed genes, we
used version 2 of the variance stabilizing transform (vst) (26) to nor-
malize the mapped read count matrix of each clade. Briefly, the vst
fits a separate generalized linear model to the transcript abundance
counts of each gene, using a negative binomial distribution as the
link function (25), which accommodates the overdispersed mean-
variance relationship observed in raw transcript abundance profiles
(fig. S8). In each sample, the transcript abundance of the gene is
modeled as a function of overall clade abundance, approximated by
the total number of reads recruited to the clade pangenome in that
sample. Regression parameters are then regularized across all gene
models within each clade pangenome. Model residuals are output as
the normalization product, indicating the degree and direction to
which the transcript reads detected in each sample diverge from the
expectation of the vst model. Before applying the normalization
method, we preprocessed the read count matrix of each clade with
detection and coverage thresholds. These thresholds retained genes
detected in at least three samples and samples in which the percent-
age of detected genes achieved at least 1% of the maximum per-
sample coverage observed in the clade pangenome. To account for
dataset-scale bias in transcript counts that arise from technical arti-
facts (e.g., discrepancies in sample processing, library preparation
and sequencing platform), we passed the sequencing batch to the vst
function to be regressed out as a nuisance variable. All other vst ar-
guments were set to the version 2 defaults, except “min_cells,” which
was set to match the three-sample detection threshold. This proce-
dure produced for each clade a matrix of normalized residual tran-
script abundance values in which variance was de-correlated from
mean abundance (fig. S9).

Data tensorization

The normalized residual transcript abundance matrices were segre-
gated by genus and arranged into two gene (CyCOG) X taxon (clade)
x sample tensors by aligning CyCOGs between clades. Any CyCOGs
or samples not detected in a particular clade were filled in with zero
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values. The resulting Prochlorococcus data tensor encompassed 5084
CyCOGs, three clades (HLI, HLII, and LLI), and 178 samples (data
§10). The Synechococcus data tensor encompassed 6161 CyCOGS,
seven clades (I, II, III, IV, CRD1, CRD2, and UC-A), and 222 sam-
ples (data S11).

Metrics
The metrics used to assess model performance are summarized in
Table 2. The SSE quantified model fit and was calculated using the
“relative_error” function of the “tlviz” Python package for the analysis
and visualization of tensor decompositions (83). SSE was calculated
relative to the Frobenius norm of each data tensor so that scores could
be compared across datasets. The FMS quantified the similarity of two
sets of component matrices and was calculated using the “factor_
match_score” method of the tlviz package. The order of components in
a tensor decomposition model is arbitrary, so before comparing models,
the order of components was permuted against a reference to align the
closest matching components between models. This was accomplished
using the “permute_components” function of the tlviz package, which
uses the “linear_sum_assignment” function of “scipy.optimize.”
Precision, recall, and F1 metrics were used to assess the accuracy
of gene clusters derived from model components. Both precision
and recall measure the overlap in gene membership between model
and ground-truth clusters. Precision measured the overlap as a pro-
portion of model cluster membership, and recall as a proportion of
ground-truth cluster membership. By design, genes are permitted to
be included in more than one of the clusters derived from model
gene component matrices. We therefore selected implementations
of precision and recall metrics proposed by Saelens et al. (16), which
accommodate clusters with overlapping gene membership. For a
balanced measure of cluster accuracy, the F1 score was calculated as
the harmonic mean of the precision and recall scores by Saelens
etal. (16).

Model fitting

All instantiations of sparse tensor decomposition models were fit
using the SparseCP API of the Barnacle package. We oriented data
tensors gene X taxon X sample so that the 11 sparsity penalty was ap-
plied to the first mode, and non-negativity and unit 12 norm con-
straints were applied to the second and third modes. In cases where
the sparsity coefficient was set to A = 0, the unit 12 norm constraint
was removed from all modes.

Convergence was defined using loss, calculated as

R 2 R
l(n) = Z <yijk_ Zgirtjrskr> + 2 Z ”grlll (7)
ijk r=1 r=1
where I designates the loss at iteration 7 of the modified ALS algo-
rithm. In all experiments performed in this study, we considered the
algorithm to have converged when the change in loss dropped be-
low 107° o, equivalently, when the following inequality was satisfied

[n=D ) < 1070 (8)

This change in loss is always non-negative because the loss de-
creases monotonically with each iteration of the ALS algorithm.

Depending on the initialization, it is possible for the ALS algo-
rithm to converge on a local minimum rather than the globally opti-
mal solution (15). To mitigate this issue, we repeated all decompositions
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with five different random initializations, and the solution correspond-
ing to the lowest loss was saved for analysis. Convergence was verified
for each initialization on the basis of the loss criterion outlined (Egs. 7
and 8); all decompositions performed in this study converged in under
2000 iterations. The random state of each decomposition was initial-
ized with a unique integer seed, and to ensure reproducibility, the seed
of each saved model was stored as a local text file alongside model solu-
tions and parameters.

Parameter selection

To select appropriate values of R and A, we developed a cross-
validated grid search strategy that made use of sample replicates in
the metatranscriptomic datasets. Data tensors were split by replicate
along the sample axis to produce three replicate subtensors of shape
IX] XKy IX]XKg and I X] X K, where I is the number of
genes in the full dataset; J is the number of taxa in the full dataset;
and K, K and K, are the number of samples in replicate sets A, B,
and C, respectively. For experiments with simulated data, we simu-
lated replicates by generating three independent noise tensors and
combining each with the same underlying signal tensor. For both
the simulation and real data tensors, we fit a series of models to each
replicate subtensor using a grid search of different R and A parame-
ter values. Six cross-validated SSE scores were calculated for each
unique set of parameters by comparing each fit model against the
two held-out replicate subtensors. Three cross-validated FMS scores
were calculated for each parameter set by comparing the compo-
nents between each pair of replicate models. In the simulated data
experiments, every combination of parameters R € [1,2,3, ..., 12]
and A €[0.0,0.05,0.1,0.2,0.4,0.8,1.6,3.2,6.4,12.8] was tested against
each simulation. In fitting both the Prochlorococcus and Synechococcus
data tensors, we first pursued a coarse parameter grid search of
R €1,5,10,15,20,25,30,35,40,45,50] and A € [0.0,0.1,1.0,10.0,100.0]
to explore general trends. We examined the cross-validated SSE
scores of the A = 0.0 models to identify the minimum error model in
the absence of 11 regularization. The number of components was set
to the R value corresponding to this minimum. After a fine-tuned
search of sparsity coefficients with A € [1.,,2.,,3.,...,32,, 64.], we then
selected the sparsity coefficient as the maximum A value at which the
cross-validated FMS remained within one SE of the maximum FMS.
Bootstrapping

For the Prochlorococcus and Synechococcus models, we used boot-
strapping in conjunction with cross validation to mitigate bias orig-
inating from inconsistent numbers of replicates between samples
(fig. S1) and to estimate the consistency of the resulting models. The
222 metatranscriptome samples originate from 87 unique condi-
tions, of which 55 were sampled in triplicate, 25 in duplicate, and 7
were represented by a single sample. In each bootstrap, “A,” “B,” and
“C” replicate labels were randomly shuffled for each of the 55 condi-
tions sampled in triplicate. For conditions with less than three repli-
cates, replicate labels were randomly drawn without replacement. This
ensured that the three resulting replicate subtensors were roughly
equivalent in size and that every sample had an equal and indepen-
dent chance of being placed in any replicate set in any given boot-
strap. Models were then fitindependently to each replicate subtensor.
Cross-validated SSE and FMS scores were calculated using only the
indices of the samples common to the pair of replicate subtensors
being compared. Consequently, conditions represented by a single
replicate were used in fitting the models but were not included in
score calculations. For every unique set of parameters in the grid
search, we fit 10 bootstraps, each with three replicate subtensors, for
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a total of 30 randomly shuffled data subtensors. For the best fit mod-
els, we fit 100 bootstraps of three replicate subtensors each, for a to-
tal of 300 shuffled replicate subtensors.

Model evaluation and interpretation

Robustness to mis-specification

We evaluated the effect of parameter mis-specification on model per-
formance using simulated data, and these experiments and results are
described in the Supplementary Text. We also assessed the robustness
of model components to parameter mis-specification in the real meta-
transcriptomic datasets. Among bootstrap models parameterized with
best fit parameters (as determined by cross-validated grid search), a
“best representative” model was identified as the bootstrap with the
highest mean FMS, calculated in comparison to all other bootstrap
models with best fit parameters. Models fit with alternate, suboptimal
R and A parameters were then aligned to this best representative
model. Next, individual components were extracted from each aligned
model, and component-specific FMS scores were assessed for each
component by comparing it against its matching component in the
aligned best representative reference model. Additionally, the percent-
age of variation represented by each component of the best fit models
was calculated using the “percentage_variation” function of the tlviz
package (83).

Analysis of component weight profiles

For each component, we compiled a consensus weight profile from
the collection of model bootstraps. Gene, taxon, and sample weight
vectors were collected from each of 300 bootstrap replicates of best
fit models, aligned against the best representative model. In the gene
mode, the median gene weight was calculated for each CyCOG, and
the collection of CyCOGs with nonzero median weights was desig-
nated as a cluster. Additionally, the proportion of bootstraps in which
the gene weights of a given CyCOG were nonzero was calculated as a
measure of the strength of the association of a given CyCOG to a
given cluster. The full set of Prochlorococcus component weight pro-
files can be found in data S1, and Synechococcus component weight
profiles can be found in data S2.

We compared gene-, taxon-, and sample-mode weight profiles
between combined Prochlorococcus and Synechococcus components,
considering only the most robust components with a cross-validated
component FMS of 0.5 or higher. This threshold removed compo-
nents prol, prol4, synl, syn2, and synl3 from further analysis. For
each mode, a Pearson correlation was calculated between the me-
dian weight vectors of each pair of components, and the resulting
correlation matrix was hierarchically clustered to identify groups of
components with similar weight profiles. Additionally, a hierarchi-
cally clustered correlation matrix was calculated for a composite
weight profile constructed by concatenating the median weight vec-
tors of the gene, taxon, and sample modes. To enable comparisons
between Prochlorococcus and Synechococcus model components,
any samples and CyCOGs specific to one model were added to the
other model and filled in with zero values.

We also compared clusters from our analysis against previously
identified clusters, published in a study that examined diel gene ex-
pression of Prochlorococcus strain MED4 grown over a light/dark
cycle under nutrient replete laboratory conditions (31). We used blastp
(NCBI BLAST suite version 2.14.0) to identify the CyCOG associ-
ated with each MED4 gene (data S4), so that the CyCOG content of
the Barnacle clusters could be directly compared to the CyCOG
content of the Zinser clusters. Zinser ef al. (31) used a soft clustering
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algorithm to determined gene cluster membership, in which a score
between 0 and 1 quantified the strength of the association of each
gene to its cluster assignment, similar to the percent bootstraps score
calculated in this study. We used the “f1_score” function of the
“sklearn.metrics” module to calculate a weighted F1 score between
each pair of Zinser and Barnacle clusters, with weights set to the sum
of Zinser cluster scores and Barnacle percent bootstrap scores. Null
F1 scores were generated from randomly shuffled Zinser and Bar-
nacle weight vectors, and an empirical cumulative density function
(ECDF) constructed from the null scores was used to identify sig-
nificantly similar cluster pairs, using a one-sided P value threshold of
0.05 and Benjamini-Hochberg adjustment to control false discovery
rate with multiple comparisons. We used the Python library “stats-
models” to calculate the ECDF and adjust P values, using the
“ECDF” function of the “statsmodels.distributions.empirical_
distribution” module and the “multipletests” function of the “stats-
models.stats.multitest” module, respectively.

We compared component sample weight profiles against mea-
surements of environmental conditions, accessed via the Simons
Collaborative Marine Atlas Project (CMAP) (84). Estimates of sur-
face chlorophyll were taken from the MODIS chlorophyll dataset in
CMAP, an 8-day averaged product calculated using sea surface mea-
surements from the MODIS Aqua satellite. Dissolved iron measure-
ments were contributed by the Marine Trace Elements Lab at the
University of Southern California and include data discussed in de-
tail by Pinedo-Gonzélez et al. (85). Dissolved nitrate plus nitrite
measurements were contributed by the lab of David Karl at the Uni-
versity of Hawai’i at Manoa and include data discussed in detail by
Juranek et al. (86).

Inference of circadian expression peak

We used a weighted KDE to estimate the peak expression time of
each component profile, assuming a circadian expression pattern.
Across the combined metatranscriptome datasets, sampling times
were not uniformly distributed around the 24 hour cycle. To ac-
count for uneven sample times, we used the “gaussian_kde” func-
tion of the “scipy.stats” Python library to fit a baseline KDE to the
sample times of each of the Prochlorococcus and Synechococcus data-
sets, assigning equal weight to every sample. Then, for each cluster,
we fit a second weighted KDE to the component sample times, using
as weights the product of the median sample-mode weight profile
and the inverse of the appropriate baseline KDE. In effect, this bi-
ases the KDE toward samples in which the component signal is
highly expressed while counteracting the KDE’s inherent bias toward
densely sampled times of day. The maximum of the weighted KDE
was taken as the estimated peak expression time of each component.
This methodology was used exclusively to estimate peak expression
times and had no bearing on sample weights used elsewhere in
the study.

Functional enrichment of gene clusters

We analyzed the biological function of each cluster by testing for over-
representation of genes involved in common metabolic pathways or
cell processes cataloged in the KEGG database (release 109.0). First, a
consensus functional annotation was assigned to each CyCOG on the
basis of the best scoring annotation of a majority of member genes.
Most CyCOGs had no annotation assigned to any member gene
(36,693/40,295; 91.06%), but, among the annotated CyCOGs, the
majority had concordant functional annotations among member
genes (3474/3602; 96.44%). Next, most annotations were used to
assign CyCOGs to a subset of KEGG pathways that we manually
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curated to remove irrelevant processes, such as human disease path-
ways. Last, the enrichment of each KEGG pathway was evaluated for
each Barnacle cluster using a one-sided Mann-Whitney U test, as
implemented by the “mannwhitneyu” function of the scipy.stats li-
brary. For each cluster, the test compares the gene weights of CyCOGs
belonging to a particular pathway to the gene weights of CyCOGs not
in that pathway and evaluates the null hypothesis that the distribution
of pathway gene weights is less than or equal to the distribution of
non-pathway gene weights. In effect, this identifies the pathways for
which member CyCOGs are significantly overrepresented in the clus-
ter, as compared to their background frequency in the expressed
pangenome. We delineated enriched KEGG pathways as those with a
P value less than 0.01, following Benjamini-Hochberg adjustment for
multiple comparisons using the statsmodels.stats.multitest library.
Consensus CyCOG annotations and KEGG pathway enrichments for
each cluster can be found in data S3.

Supplementary Materials
The PDF file includes:
Supplementary Text

Figs.S1to S16

Table S1

Legends for data S1to S11

Other Supplementary Material for this manuscript includes the following:
Data S1to S11

REFERENCES AND NOTES

1. W.J.Ripple, K. N. Timmis, F. Azam, L. R. Bakken, M. Baylis, M. J. Behrenfeld, A. Boetius,

P.W. Boyd, A.T. Classen, T. W. Crowther, R. Danovaro, C. M. Foreman, J. Huisman,

D. A. Hutchins, J. K. Jansson, D. M. Karl, B. Koskella, D. B. Mark Welch, J. B. H. Martiny,

M. A. Moran, V. J. Orphan, D. S. Reay, J. V. Remais, V. I. Rich, B. K. Singh, L. Y. Stein,

F.J. Stewart, M. B. Sullivan, M. J. H. van Oppen, S. C. Weaver, E. A. Webb, N. S. Webster,
Scientists’ warning to humanity: Microorganisms and climate change. Nat. Rev. Microbiol.
17,569-586 (2019).

2. P.Flombaum, J. L. Gallegos, R. A. Gordillo, J. Rincén, L. L. Zabala, N. Jiao, D. M. Karl,

W. K. W. Li, M. W. Lomas, D. Veneziano, C. S. Vera, J. A.Vrugt, A. C. Martiny, Present and
future global distributions of the marine cyanobacteria Prochlorococcus and
Synechococcus. Proc. Natl. Acad. Sci. U.S.A. 110, 9824-9829 (2013).

3. R.T.Letscher, J. K. Moore, A. C. Martiny, M. W. Lomas, Biodiversity and stoichiometric
plasticity increase pico-phytoplankton contributions to marine net primary
productivity and the biological pump. Global Biogeochem. Cycles 37, €2023GB007756
(2023).

4. D.J.Scanlan, M. Ostrowski, S. Mazard, A. Dufresne, L. Garczarek, W. R. Hess, A. F. Post,

M. Hagemann, I. Paulsen, F. Partensky, Ecological genomics of marine picocyanobacteria.
Microbiol. Mol. Biol. Rev. 73, 249-299 (2009).

5. S.J.Biller, P. M. Berube, D. Lindell, S. W. Chisholm, Prochlorococcus: The structure and
function of collective diversity. Nat. Rev. Microbiol. 13, 13-27 (2015).

6. J. 0. McInerney, A. McNally, M. J. O'connell, Why prokaryotes have pangenomes. Nat.
Microbiol. 2, 17040 (2017).

7. A.Dufresne, M. Ostrowski, D. J. Scanlan, L. Garczarek, S. Mazard, B. P. Palenik, I. T. Paulsen,
N.T. de Marsac, P. Wincker, C. Dossat, S. Ferriera, J. Johnson, A. F. Post, W. R. Hess,

F. Partensky, Unraveling the genomic mosaic of a ubiquitous genus of marine
cyanobacteria. Genome Biol. 9, R90 (2008).

8. G.A.Pavlopoulos, F. A. Baltoumas, S. Liu, O. Selvitopi, A. P. Camargo, S. Nayfach,

A. Azad, S. Roux, L. Call, N. N. Ivanova, I. M. Chen, D. Paez-Espino, E. Karatzas, Novel
Metagenome Protein Families Consortium, I. lliopoulos, K. Konstantinidis, J. M. Tiedje,
J. Pett-Ridge, D. Baker, A. Visel, C. A. Ouzounis, S. Ovchinnikov, A. Bulug, N. C. Kyrpides,
Unraveling the functional dark matter through global metagenomics. Nature 622,
594-602 (2023).

9. M. A. Moran, The global ocean microbiome. Science 350, aac8455 (2015).

10. Y.Ni, J. Li, G. Panagiotou, COMAN: A web server for comprehensive metatranscriptomics
analysis. BMC Genomics 17, 622 (2016).

11. A.Ma, M. Sun, A. McDermaid, B. Liu, Q. Ma, MetaQUBIC: A computational pipeline for
gene-level functional profiling of metagenome and metatranscriptome. Bioinformatics
35,4474-4477 (2019).

Blaskowski et al., Sci. Adv. 11, eadr4310 (2025) 4 April 2025

20.

21.

22.

23.

24.

25.

26.

27.

28.

29.

30.

31.

32

33.

34.

35.

36.

. Z.Liu,Q.Wang, A. Ma, S. Feng, D. Chung, J. Zhao, Q. Ma, B. Liu, Inference of disease-

associated microbial gene modules based on metagenomic and metatranscriptomic
data. Comput. Biol. Med. 165, 107458 (2023).

. B.C.Kolody, J. P. McCrow, L. Z. Allen, F. O. Aylward, K. M. Fontanez, A. Moustafa,

M. Moniruzzaman, F. P. Chavez, C. A. Scholin, E. E. Allen, A. Z. Worden, E. F. Delong,
A.E. Allen, Diel transcriptional response of a California current plankton microbiome to
light, low iron, and enduring viral infection. ISME J. 13, 2817-2833 (2019).

. Y.Zhang, K. N. Thompson, C. Huttenhower, E. A. Franzosa, Statistical approaches for

differential expression analysis in metatranscriptomics. Bioinformatics 37,i34-i41 (2021).

. T.G.Kolda, B. W. Bader, Tensor decompositions and applications. SIAM Rev. 51, 455-500

(2009).

. W. Saelens, R. Cannoodt, Y. Saeys, A comprehensive evaluation of module detection

methods for gene expression data. Nat. Commun. 9, 1090 (2018).

. V.Hore, A.Vifiuela, A. Buil, J. Knight, M. I. McCarthy, K. Small, J. Marchini, Tensor

decomposition for multiple-tissue gene expression experiments. Nat. Genet. 48,
1094-1100 (2016).

. M.Wang, J. Fischer, Y. S. Song, Three-way clustering of multi-tissue multi-individual gene

expression data using semi-nonnegative tensor decomposition. Ann. Appl. Stat. 13,
1103-1127 (2019).

. T.J.Browning, C. M. Moore, Global analysis of ocean phytoplankton nutrient limitation

reveals high prevalence of co-limitation. Nat. Commun. 14, 5014 (2023).

J.J. Polovina, E. A. Howell, D. R. Kobayashi, M. P. Seki, The transition zone chlorophyll
front updated: Advances from a decade of research. Prog. Oceanogr. 150, 79-85
(2017).

T. Hastie, R. Tibshirani, J. H. Friedman, J. H. Friedman, The Elements of Statistical Learning:
Data Mining, Inference, and Prediction (Springer, 2009), vol. 2.

P. M. Berube, S. J. Biller, T. Hackl, S. L. Hogle, B. M. Satinsky, J. W. Becker, R. Braakman,

S.B. Collins, L. Kelly, J. Berta-Thompson, A. Coe, K. Bergauer, H. A. Bouman, T. J. Browning,
D. De Corte, C. Hassler, Y. Hulata, J. E. Jacquot, E. W. Maas, T. Reinthaler, E. Sintes,

T. Yokokawa, D. Lindell, R. Stepanauskas, S. W. Chisholm, Single cell genomes of
Prochlorococcus, Synechococcus, and sympatric microbes from diverse marine
environments. Sci. Data 5, 180154 (2018).

X. Xia, S. Cheung, H. Endo, K. Suzuki, H. Liu, Latitudinal and vertical variation of
Synechococcus assemblage composition along 170° W transect from the South Pacific to
the Arctic Ocean. Microb. Ecol. 77, 333-342 (2019).

A.W.Thompson, K. Kouba, N. A. Ahlgren, Niche partitioning of low-light adapted
Prochlorococcus subecotypes across oceanographic gradients of the North Pacific
Subtropical Front. Limnol. Oceanogr. 66, 1548-1562 (2021).

C. Hafemeister, R. Satija, Normalization and variance stabilization of single-cell
RNA-seq data using regularized negative binomial regression. Genome Biol. 20, 296
(2019).

S. Choudhary, R. Satija, Comparison and evaluation of statistical error models for
scRNA-seq. Genome Biol. 23, 27 (2022).

K. Leonhardt, N. A. Straus, An iron stress operon involved in photosynthetic electron
transport in the marine cyanobacterium Synechococcus sp. PCC 7002. J. Gen. Microbiol.
138, 1613-1621 (1992).

J. L. Roche, P.W. Boyd, R. M. L. McKay, R. J. Geider, Flavodoxin as an in situ marker for iron
stress in phytoplankton. Nature 382, 802-805 (1996).

T.S. Bibby, J. Nield, J. Barber, Iron deficiency induces the formation of an antenna ring
around trimeric photosystem | in cyanobacteria. Nature 412, 743-745 (2001).

E. Boekema, A. Hifney, A. Yakushevska, M. Piotrowski, W. Keegstra, S. Berry, K.-P. Michel,
E. Pistorius, J. Kruip, A giant chlorophyll-protein complex induced by iron deficiency in
cyanobacteria. Nature 412, 745-748 (2001).

E.R. Zinser, D. Lindell, Z. 1. Johnson, M. E. Futschik, C. Steglich, M. L. Coleman, M. A. Wright,
T. Rector, R. Steen, N. McNulty, L. R. Thompson, S. W. Chisholm, Choreography of the
transcriptome, photophysiology, and cell cycle of a minimal photoautotroph,
Prochlorococcus. PLOS ONE 4, e5135 (2009).

H. Berthelot, S. Duhamel, S. L'helguen, J.-F. Maguer, S. Wang, I. Cetini¢, N. Cassar,
NanoSIMS single cell analyses reveal the contrasting nitrogen sources for small
phytoplankton. ISME J. 13, 651-662 (2019).

P.M. Berube, A. Rasmussen, R. Braakman, R. Stepanauskas, S. W. Chisholm, Emergence of
trait variability through the lens of nitrogen assimilation in Prochlorococcus. eLife 8,
€41043 (2019).

A.C.Tolonen, J. Aach, D. Lindell, Z. I. Johnson, T. Rector, R. Steen, G. M. Church,

S.W. Chisholm, Global gene expression of Prochlorococcus ecotypes in response to
changes in nitrogen availability. Mol. Syst. Biol. 2, 53 (2006).

M. Ludwig, D. A. Bryant, Acclimation of the global transcriptome of the cyanobacterium
Synechococcus sp. strain PCC 7002 to nutrient limitations and different nitrogen sources.
Front. Microbiol. 3, 145 (2012).

H. Doré, U. Guyet, J. Leconte, G. K. Farrant, B. Alric, M. Ratin, M. Ostrowski, M. Ferrieux,

L. Brillet-Guéguen, M. Hoebeke, J. Siltanen, G. Le Corguillé, E. Corre, P. Wincker,

D. J. Scanlan, D. Eveillard, F. Partensky, L. Garczarek, Differential global distribution of

19 of 21



SCIENCE ADVANCES | RESEARCH ARTICLE

marine picocyanobacteria gene clusters reveals distinct niche-related adaptive
strategies. ISME J. 17,720-732 (2023).

37. C.Bird, M. Wyman, Nitrate/nitrite assimilation system of the marine picoplanktonic
cyanobacterium Synechococcus sp. strain WH 8103: Effect of nitrogen source and
availability on gene expression. Appl. Environ. Microbiol. 69, 7009-7018 (2003).

38. Y.Harano, I. Suzuki, S.-i. Maeda, T. Kaneko, S. Tabata, T. Omata, Identification and
nitrogen regulation of the cyanase gene from the cyanobacteria Synechocystis sp.
strain PCC 6803 and Synechococcus sp. strain PCC 7942. J. Bacteriol. 179, 5744-5750
(1997).

39. S.Kldhn, C. Steglich, W. R. Hess, M. Hagemann, Glucosylglycerate: A secondary
compatible solute common to marine cyanobacteria from nitrogen-poor environments.
Environ. Microbiol. 12, 83-94 (2010).

40. K. P Michel, E. K. Pistorius, Adaptation of the photosynthetic electron transport chain in
cyanobacteria to iron deficiency: The function of IdiA and IsiA. Physiol. Plant. 120, 36-50
(2004).

41. E.A.Webb, J. W. Moffett, J. B. Waterbury, Iron stress in open-ocean cyanobacteria
(Synechococcus, Trichodesmium, and Crocosphaera spp.): Identification of the IdiA protein.
Appl. Environ. Microbiol. 67, 5444-5452 (2001).

42. T.Bibby, I. Mary, J. Nield, F. Partensky, J. Barber, Low-light-adapted Prochlorococcus
species possess specific antennae for each photosystem. Nature 424, 1051-1054
(2003).

43. A.W.Thompson, K. Huang, M. A. Saito, S. W. Chisholm, Transcriptome response of
high-and low-light-adapted Prochlorococcus strains to changing iron availability. ISME J.
5,1580-1594 (2011).

44. S.Blanco-Ameijeiras, C. Cosio, C. S. Hassler, Long-term acclimation to iron limitation
reveals new insights in metabolism regulation of Synechococcus sp. PCC7002. Front. Mar.
Sci. 4,247 (2017).

45. N.E.Gilbert, G.R. LeCleir, R. F. Strzepek, M. J. Ellwood, B. S. Twining, S. Roux,

C. Pennacchio, P.W. Boyd, S. W. Wilhelm, Bioavailable iron titrations reveal oceanic
Synechococcus ecotypes optimized for different iron availabilities. ISME Commun. 2, 54
(2022).

46. J.).Marsh, H. G. Lebherz, Fructose-bisphosphate aldolases: An evolutionary history.
Trends Biochem. Sci. 17,110-113 (1992).

47. A.E.Allen, A. Moustafa, A. Montsant, A. Eckert, P. G. Kroth, C. Bowler, Evolution and
functional diversification of fructose bisphosphate aldolase genes in photosynthetic
marine diatoms. Mol. Biol. Evol. 29, 367-379 (2012).

48. C.Schiksnis, M. Xu, M. A. Saito, M. Mcllvin, D. Moran, X. Bian, S. G. John, Q. Zheng, N. Yang,
F. Fu, D. A. Hutchins, Proteomics analysis reveals differential acclimation of coastal and
oceanic Synechococcus to climate warming and iron limitation. Front. Microbiol. 15,
1323499 (2024).

49. D.M.Sherman, L. Sherman, Effect of iron deficiency and iron restoration on ultrastructure
of Anacystis nidulans. J. Bacteriol. 156, 393-401 (1983).

50. S.Shinde, X. Zhang, S. P. Singapuri, I. Kalra, X. Liu, R. M. Morgan-Kiss, X. Wang, Glycogen
metabolism supports photosynthesis start through the oxidative pentose phosphate
pathway in cyanobacteria. Plant Physiol. 182, 507-517 (2020).

51. S.Lin, J. E. Cronan, Closing in on complete pathways of biotin biosynthesis. Mol. Biosyst. 7,
1811-1821(2011).

52. V.M. Boradia, M. Raje, C. |. Raje, Protein moonlighting in iron metabolism:
Glyceraldehyde-3-phosphate dehydrogenase (GAPDH). Biochem. Soc. Trans. 42,
1796-1801 (2014).

53. S.Yamazaki, J. Nomata, Y. Fujita, Differential operation of dual protochlorophyllide
reductases for chlorophyll biosynthesis in response to environmental oxygen levels in
the cyanobacterium Leptolyngbya boryana. Plant Physiol. 142, 911-922 (2006).

54. S.Nambi, J. E. Long, B. B. Mishra, R. Baker, K. C. Murphy, A. J. Olive, H. P. Nguyen,

S. A. Shaffer, C. M. Sassetti, The oxidative stress network of Mycobacterium tuberculosis
reveals coordination between radical detoxification systems. Cell Host Microbe 17,
829-837 (2015).

55. S.L.Hogle, T. Hackl, R. M. Bundy, J. Park, B. Satinsky, T. Hiltunen, S. Biller, P. M. Berube,
S.W. Chisholm, Siderophores as an iron source for picocyanobacteria in deep chlorophyll
maximum layers of the oligotrophic ocean. ISME J. 16, 16361646 (2022).

56. R.Bro, PARAFAC. Tutorial and applications. Chemom. Intel. Lab. Syst. 38, 149-171
(1997).

57. N.A. Straus, The Molecular Biology of Cyanobacteria (Springer, 1994), pp. 731-750.

58. J.M.Fraser, S. E.Tulk, J. A. Jeans, D. A. Campbell, T. S. Bibby, A. M. Cockshutt,
Photophysiological and photosynthetic complex changes during iron starvation in
Synechocystis sp. PCC 6803 and Synechococcus elongatus PCC 7942. PLOS ONE 8, e59861
(2013).

59. A. Latifi, M. Ruiz, C.-C. Zhang, Oxidative stress in cyanobacteria. FEMS Microbiol. Rev. 33,
258-278 (2009).

60. J.K.Zorz, J.R. Allanach, C. D. Murphy, M. S. Roodvoets, D. A. Campbell, A. M. Cockshutt,
The RUBISCO to photosystem Il ratio limits the maximum photosynthetic rate in
picocyanobacteria. Life 5, 403-417 (2015).

Blaskowski et al., Sci. Adv. 11, eadr4310 (2025) 4 April 2025

61.

62.

63.

64.

65.

66.

67.

68.

69.

70.

71.

72.

73.

74.

75.

76.

77.

78.

79.

80.

81.

82.

83.

84.

85.

J. M. Sobota, J. A. Imlay, Iron enzyme ribulose-5-phosphate 3-epimerase in Escherichia
coliis rapidly damaged by hydrogen peroxide but can be protected by manganese. Proc.
Natl. Acad. Sci. U.S.A. 108, 5402-5407 (2011).

L. Marri, G. Thieulin-Pardo, R. Lebrun, R. Puppo, M. Zaffagnini, P. Trost, B. Gontero, F. Sparla,
CP12-mediated protection of Calvin-Benson cycle enzymes from oxidative stress.
Biochimie 97, 228-237 (2014).

R. Braakman, M. J. Follows, S. W. Chisholm, Metabolic evolution and the self-organization
of ecosystems. Proc. Natl. Acad. Sci. U.S.A. 114, E3091-E3100 (2017).

S. Sakata, N. Mizusawa, H. Kubota-Kawai, I. Sakurai, H. Wada, Psb28 is involved in recovery
of photosystem Il at high temperature in Synechocystis sp. PCC 6803. Biochim. Biophys.
Acta Bioenerg. 1827, 50-59 (2013).

H. Liu, D. A. Weisz, H. B. Pakrasi, Multiple copies of the PsbQ protein in a cyanobacterial
photosystem Il assembly intermediate complex. Photosynth. Res. 126, 375-383 (2015).
P.1. Calzadilla, D. Kirilovsky, Revisiting cyanobacterial state transitions. Photochem.
Photobiol. Sci. 19, 585-603 (2020).

A. Wilson, G. Ajlani, J.-M. Verbavatz, |. Vass, C. A. Kerfeld, D. Kirilovsky, A soluble carotenoid
protein involved in phycobilisome-related energy dissipation in cyanobacteria. Plant Cell
18, 992-1007 (2006).

D. J. Lea-Smith, P. Bombelli, R. Vasudevan, C. J. Howe, Photosynthetic, respiratory and
extracellular electron transport pathways in cyanobacteria. Biochim. Biophys. Acta
Bioenerg. 1857, 247-255 (2016).

M. A. Saito, M. R. Mcllvin, D. M. Moran, T. J. Goepfert, G. R. DiTullio, A. F. Post,

C. H. Lamborg, Multiple nutrient stresses at intersecting Pacific Ocean biomes detected
by protein biomarkers. Science 345, 1173-1177 (2014).

L. J. Ustick, A. A. Larkin, C. A. Garcia, N. S. Garcia, M. L. Brock, J. A. Lee, N. A. Wiseman,

J. K. Moore, A. C. Martiny, Metagenomic analysis reveals global-scale patterns of ocean
nutrient limitation. Science 372, 287-291 (2021).

T. J. Browning, E. P. Achterberg, |. Rapp, A. Engel, E. M. Bertrand, A. Tagliabue, C. M. Moore,
Nutrient co-limitation at the boundary of an oceanic gyre. Nature 551, 242-246 (2017).
J.D. Carroll, J.-J. Chang, Analysis of individual differences in multidimensional scaling via
an N-way generalization of “Eckart-Young” decomposition. Psychometrika 35, 283-319
(1970).

R. A. Harshman, “Foundations of the PARAFAC procedure: Models and conditions for an
‘explanatory’ multi-modal factor analysis” in UCLA Working Papers in Phonetics (UCLA,
1970), vol. 16, pp. 1-84.

M. Roald, C. Schenker, V. D. Calhoun, T. Adali, R. Bro, J. E. Cohen, E. Acar, An AO-ADMM
approach to constraining PARAFAC2 on all modes. SIAM J. Math. Data Sci. 4, 1191-1222
(2022).

J. B. Kruskal, Three-way arrays: Rank and uniqueness of trilinear decompositions, with
application to arithmetic complexity and statistics. Linear Algebra Appl. 18, 95-138
(1977).

A. Beck, M. Teboulle, in 2009 IEEE International Conference on Acoustics, Speech and Signal
Processing (IEEE, 2009), pp. 693-696.

B. O'Donoghue, E. Candes, Adaptive restart for accelerated gradient schemes.
Foundations Comput. Math. 15, 715-732 (2015).

J. Kossaifi, Y. Panagakis, A. Anandkumar, M. Pantic, TensorLy: Tensor learning in python. J.
Mach. Learn. Res. 20, 1-6 (2019).

B.S. Lambert, R. D. Groussman, M. J. Schatz, S. N. Coesel, B. P. Durham, A. J. Alverson,

A. E.White, E. V. Armbrust, The dynamic trophic architecture of open-ocean protist
communities revealed through machine-guided metatranscriptomics. Proc. Natl. Acad.
Sci. U.S.A. 119,e2100916119 (2022).

0. Ulloa, C. Henriquez-Castillo, S. Ramirez-Flandes, A. M. Plominsky, A. A. Murillo,

C. Morgan-Lang, S. J. Hallam, R. Stepanauskas, The cyanobacterium Prochlorococcus has
divergent light-harvesting antennae and may have evolved in a low-oxygen ocean. Proc.
Natl. Acad. Sci. U.S.A. 118, €2025638118 (2021).

L. Garczarek, U. Guyet, H. Doré, G. K. Farrant, M. Hoebeke, L. Brillet-Guéguen, A. Bisch,

M. Ferrieux, J. Siltanen, E. Corre, G. Le Corguillé, M. Ratin, F. D. Pitt, M. Ostrowski, M. Conan,
A. Siegel, K. Labadie, J.-M. Aury, P. Wincker, D. J. Scanlan, F. Partensky, Cyanorak v2.1: A
scalable information system dedicated to the visualization and expert curation of marine
and brackish picocyanobacteria genomes. Nucleic Acids Res. 49, D667-D676 (2021).

M. G. Pachiadaki, J. M. Brown, J. Brown, O. Bezuidt, P. M. Berube, S. J. Biller, N. J. Poulton,
M. D. Burkart, J. J. La Clair, S. W. Chisholm, R. Stepanauskas, Charting the complexity of
the marine microbiome through single-cell genomics. Cell 179, 1623-1635.e11 (2019).
M. Roald, Y. M. Moe, TLViz: Visualising and analysing tensor decomposition models with
Python. J. Open Source Softw. 7, 4754 (2022).

M. D. Ashkezari, N. R. Hagen, M. Denholtz, A. Neang, T. C. Burns, R. L. Morales, C. P. Lee,

C. N. Hill, E. V. Armbrust, Simons Collaborative Marine Atlas Project (Simons CMAP), An
open-source portal to share, visualize, and analyze ocean data. Limnol. Oceanogr.
Methods. 19, 488-496 (2021).

P. Pinedo-Gonzalez, N. J. Hawco, R. M. Bundy, E. V. Armbrust, M. J. Follows, B. Cael,
A.E.White, S. Ferrén, D. M. Karl, S. G. John, Anthropogenic Asian aerosols provide Fe to
the North Pacific Ocean. Proc. Natl. Acad. Sci. U.S.A. 117, 27862-27868 (2020).

20 of 21



SCIENCE ADVANCES | RESEARCH ARTICLE

86. L.W.Juranek, A. E. White, M. Dugenne, F. H. Freitas, S. Dutkiewicz, F. Ribalet, S. Ferron,
E.V. Armbrust, D. M. Karl, The importance of the phytoplankton “middle class”to ocean
net community production. Global Biogeochem. Cycles 34, €2020GB006702 (2020).

Acknowledgments: We thank the scientists and crew who supported the SCOPE Gradients
expeditions, especially R. Bundy, B. Durham, R. Groussman, N. Hawco, R. Morales, and M. Schatz
for collecting and processing samples for metatranscriptome sequencing. In addition, thank
you to Y. Mardal Moe for help with the FISTA implementation, C. Berthiaume for help with
parallelization, J. Mullet for help updating genome clade assignments, and all the members of
the Armbrust and Noble labs for insights, discussions, and feedback. Funding: This work was
supported by a Simons Foundation grant to E.V.A. (award ID 549945). Author contributions:
Conceptualization: S.B. and E.V.A. Data curation: S.B. and P.M.B. Formal analysis: S.B. Funding
acquisition: EV.A. Investigation: S.B. Methodology: S.B. and M.R. Project administration: E.V.A.
Software: S.B. and M.R. Supervision: E.V.A. Validation: S.B., M.R., PM.B., and R.B. Visualization:
S.B. Writing—original draft: S.B. Writing—review and editing: S.B., M.R., PM.B., R.B., and E.V.A.
Competing interests: The authors declare that they have no competing interests. Data and

Blaskowski et al., Sci. Adv. 11, eadr4310 (2025) 4 April 2025

materials availability: All data needed to evaluate the conclusions in the paper are present in
the paper and/or the Supplementary Materials. Supplementary data files are available in an
associated Zenodo repository: https://doi.org/10.5281/zenodo.12210994. The sequences
reported have been deposited in the NCBI Sequence Read Archive under the following
BioProject accession numbers: PRINA1088528, PRINA1090042, PRINA1090086,
PRINA1090467, PRINA1090899, PRINA1091352, PRINA492143, and PRINA816919. Source
code and documentation for the Barnacle model can be found in the package repository:
https://github.com/blasks/barnacle (https://doi.org/10.5281/zenodo.14715355). All code
required to process data, run analyses, and produce figures presented here can be found in an
associated manuscript repository: https://github.com/blasks/barnacle-manuscript (https://doi.
org/10.5281/zenodo.14715357).

Submitted 30 June 2024
Accepted 28 February 2025
Published 4 April 2025
10.1126/sciadv.adr4310

210f 21


https://doi.org/10.5281/zenodo.12210994
https://github.com/blasks/barnacle
https://doi.org/10.5281/zenodo.14715355
https://github.com/blasks/barnacle-manuscript
https://doi.org/10.5281/zenodo.14715357
https://doi.org/10.5281/zenodo.14715357

	Simultaneous acclimation to nitrogen and iron scarcity in open ocean cyanobacteria revealed by sparse tensor decomposition of metatranscriptomes
	INTRODUCTION
	RESULTS
	Model validation with simulated data
	Parameter selection

	Model fitting to metatranscriptomic data
	Evaluation of component robustness
	Interpretation of components
	Comparison between cluster weight profiles
	Comparison to laboratory gene expression clusters

	Acclimation to nutrient scarcity in the North Pacific
	Nitrogen acclimation response
	Iron acclimation response
	Latitudinal trends in nutrient acclimation


	DISCUSSION
	MATERIALS AND METHODS
	Model
	Constraints
	Optimization
	Implementation

	Datasets
	Simulated data
	Metatranscriptomic data
	Normalization
	Data tensorization

	Metrics
	Model fitting
	Parameter selection
	Bootstrapping

	Model evaluation and interpretation
	Robustness to mis-specification
	Analysis of component weight profiles
	Inference of circadian expression peak
	Functional enrichment of gene clusters


	Supplementary Materials
	The PDF file includes:
	Other Supplementary Material for this manuscript includes the following:

	REFERENCES AND NOTES
	Acknowledgments


