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Machine learning has recently emerged as a promising tool for inferring multi-omic relationships in biological systems. At the same time, genome-scale
metabolic models (GSMMs) can be integrated with
such multi-omic data to refine phenotypic predictions.
In this work, we use a multi-omic machine learning pipeline to analyze a GSMM of Synechococcus
sp. PCC 7002, a cyanobacterium with large potential to produce renewable biofuels. We use regularized
flux balance analysis (FBA) to observe flux response
between conditions across photosynthesis and energy
metabolism. We then incorporate principal component analysis (PCA), k -means clustering and LASSO
regularization to reduce dimensionality and extract
key cross-omic features. Our results suggest that combining metabolic modeling with machine learning elucidates mechanisms used by cyanobacteria to cope
with fluctuations in light intensity and salinity that
cannot be detected using transcriptomics alone. Furthermore, GSMMs introduce critical mechanistic details that improve the performance of omic-based machine learning methods.

presented by such an undertaking are numerous and
persistent owing to the size, format, scale and variation of the disparate data types. Amongst these,
metabolism is currently the only biological layer that
can be modeled genome-wide (O’Brien et al., 2015;
Haas et al., 2017). Constraint-based reconstruction
and analysis (COBRA) methods are commonly used
to express metabolic flux through biochemical reactions based on knowledge of reaction stoichiometry.
Flux balance analysis (FBA) is particularly suitable
for modeling metabolic networks at the genome scale,
as the definition of kinetic parameters and metabolite
concentrations is not a key requisite.
In recent years, genome-scale metabolic models
(GSMMs) have been integrated with multiple data
types, including omics, codon usage, enzyme costs,
and limited resource availability (Abedpour and Kollmann, 2015; Opdam et al., 2017; Kashaf et al.,
2017; Wortel et al., 2018; Tian and Reed, 2018; Angione, 2019). This serves to exploit the large volume of experimental data being generated from highthroughput omics technologies. In doing so, additional constraints can be applied during FBA in order
to shrink the solution space (Reed, 2012), thus providing a more accurate representation of metabolic
capability as a greater number of factors can be considered to explain cellular behavior. This can prove
useful in refining phenotypic predictions across various
environmental conditions (Vijayakumar et al., 2017;
Sánchez et al., 2017; van der Ark et al., 2017; Angione,
2018), and can predict steps to engineer an organism in a way that optimizes the production of certain
metabolites, which is highly applicable in many fields
of industrial biotechnology including the production
of biofuels, biosurfactants and pharmaceuticals (Angione et al., 2015; Dougherty et al., 2017; Huang et al.,
2017; Fatma et al., 2018; Occhipinti et al., 2018).
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1. Summary

2. Introduction
In the field of systems biology, several approaches
have been proposed to capture the enormous complexity of biological systems by utilizing mathematical modeling and computational methods, with the
goal of amalgamating the information required to
build and refine predictive models. The challenges
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need to be accounted for as constraints in genomescale metabolic models designed to simulate the phototrophic growth in cyanobacteria over diurnal cycles
and tackle issues associated with resource allocation
(Vijayakumar and Angione, 2017).
Genome-scale isotopic non-stationary metabolic
flux analysis (INST-MFA) has been utilized to estimate internal metabolic fluxes more accurately in
Synechococcus elongatus UTEX 2973, towards the
aim of establishing factors affecting phototrophic
metabolism under optimal growth conditions (Hendry
et al., 2019). Similarly, MOMA and INST-13C MFA
were used to establish carbon partitioning at intracellular branching points in the central metabolism
of a glycogen-deficient Synechococcus sp. PCC 7002
mutant (Hendry et al., 2017). Such models benefit significantly from constraints designed using
experimentally-measured uptake or growth rates for
the identification of alternative reactions responsible
for the synthesis of metabolites and differences in
pathway recruitment and utilization (e.g. for carbon
conversion to biomass).
The current state of strain-specific metabolic modeling in cyanobacteria, and the potential of fluxomic
data and metabolic engineering have been recently
discussed elsewhere (Angermayr et al., 2015; Oliver
et al., 2016; Hendry et al., 2020; Luan et al., 2020; Babele and Young, 2020; Mukherjee et al., 2020; Hitchcock et al., 2020). Within the Synechococcus genus, a
comparative analysis of slow- and fast-growing strains
in terms of their active reactions under phototrophic
conditions has been proposed to better inform their
development into production hosts (i.e. strain optimization), primarily through maximizing their growth
rates (Hendry et al., 2019). A number of novel, nonmodel strains of Synechococcus that have been developed include Synechococcus UTEX 2973 (Yu et al.,
2015), PCC 11801 (Jaiswal et al., 2018), PCC 11802
(Damini et al., 2020), PCC 11901 (Wlodarczyk et al.,
2019) and BDU 130192 (Ahmad et al., 2020).
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2.1. Modelling and Metabolic Engineering in
Cyanobacteria
Cyanobacteria is a phylum of oxygenic, phototrophic microalgae that need to adapt to constant
fluctuations in temperature, salinity, light intensity
(or irradiance), and nutrient availability, amongst
other factors (Montgomery, 2017; Blanco-Ameijeiras
et al., 2018; Gunde-Cimerman et al., 2018). Metabolic
engineering is helping to develop cyanobacteria into
photoautotrophic biofactories that can act as production hosts (chassis) for alcohols, carbohydrates, organic acids, fatty acid derivatives, isoprenoids, and
many other chemicals (Noreña-Caro and Benton,
2018). However, since such approaches are generally
designed with heterotrophic organisms in mind, the
metabolic features unique to photoautotrophs must
be considered, e.g. pathways relating to photosynthesis and CO2 fixation (Carroll et al., 2018).
Synechococcus sp. PCC 7002 is a fast-growing
cyanobacterium that flourishes in both freshwater and
marine environments, owing to its ability to tolerate
high light intensity and a wide range of salinities. Harnessing the properties of cyanobacteria has become an
important goal in recent years owing to their potential
to serve as biocatalysts for the production of renewable biofuels (Hendry et al., 2016). Metabolic modeling of two cyanobacteria, Arthrospira and Synechocystis, has successfully characterized the use of photosynthetic electron transport components in different light
conditions (Toyoshima et al., 2020).
In an industrial setting, Synechococcus sp. PCC
7002 has been recommended as the ideal chassis for
the mass cultivation of microalgae for biotechnological applications owing to its ease of genetic manipulation as well as its tolerance for high salinity, light intensity and temperature (Pade and Hagemann, 2014;
Clark et al., 2018). These are highly desirable traits
in micro-algae as they enable cultures to maintain a
rapid growth rate in open raceway ponds as well as
in photobioreactors, which operate at high temperatures (Ruffing et al., 2016). Within the Synechococcus genus, a comparative analysis of slow- and fastgrowing strains in terms of their active reactions under phototrophic conditions has been proposed to better inform their development into production hosts
(i.e. strain optimization), primarily through maximizing their growth rates (Hendry et al., 2019). In
a recent study, Song et al. (2015) completed an integrative analysis of metabolic and gene co-expression
networks in Synechococcus sp. PCC 7002 by integrating expression data from either continuous cultures
or existing studies into a GSMM and deriving fluxes
using E-Fmin flux minimization (Song et al., 2014)
and MOMA (Segre et al., 2002). Further studies have
examined temporal variations in response to varying
light intensity and associated conditional dependencies (Rügen et al., 2015; Reimers et al., 2016). These

2.2. Multi-omic Data Integration in Microalgae
In recent years, synthetic biology has facilitated the
modeling of biological processes for genetic engineering. Using synthetic biology tools, algal strains have
been designed according to highly-specific environmental conditions and yield requirements. Synthetic
biologists have been successful in assembling genetic
material and manipulating the lipid content of microalgae, as well as maximizing biomass accumulation
and biofuel yield (Jagadevan et al., 2018). These results are promising for the biofuels industry from the
microalgal perspective (Randhawa et al., 2017). In the
context of microalgae, the alteration of lipid biosynthesis pathways through the induction of a stress response to a change in environment (such as temperature, nutrient limitation, salinity) is a common prac2
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with quadratic regularization. We then apply machine
learning techniques to identify functionally important
genes and reactions. These include PCA, k -means
clustering and LASSO regression, which serve not only
to identify biologically-significant gene transcripts and
fluxes, but also to relate these features more effectively to growth-promoting or growth-limiting conditions provided by the initial expression data.
Our goal is to show whether, in a predictive setting, features derived from the metabolic model can
add meaningful information to the features derived
from the transcriptomic data (Zampieri et al., 2019).
Therefore, for each method, we will consider the predictions yielded using three sets of features: (i) gene
expression only, (ii) fluxes only, and (iii) gene expression and fluxes combined.
Through LASSO regression, we find that using flux
rates to predict growth rates is more effective than
using gene transcript values alone. This suggests that
GSMMs provide critical details in terms of stoichiometry, and the involvement of genes in reactions determines the rate of cellular phototrophic growth as well
as other modes of energy utilization (e.g. heterotrophy, mixotrophy) in various environmental conditions.

re

tice to enhance the production of target compounds,
including those that are used to produce workable biofuels (Rawat et al., 2013).
Omics approaches have made a significant contribution to the understanding of the molecular processes of
microalgae. Furthermore, the discoveries that omics
studies have made - e.g. the identification of genes
involved in specific processes - may be vital to the
engineering of enhanced microalgae. Through the understanding of transcription levels and gene activation
data gathered from transcriptomics, the effectiveness
of genetic alterations can be measured as previously
achieved for other organisms, allowing for optimization of the target product. For example, if the new
gene insert is operating at its optimum, the transcriptomic data should show an increase in the mRNA
of the target gene when compared to the wild type
(Randhawa et al., 2017). Based on genomic and transcriptomic data, Wang et al. (2019) recently identified
a series of neutral sites on the chromosome of Synechococcus sp. PCC 7002 for the introduction of novel
heterologous genes or pathways without disruption.
Omics techniques can also provide valuable insights into alterations of lipid synthesis pathways that
occur as a result of stress conditions in microalgae. Metabolomics studies assess the low molecular metabolite end products and are highly indicative of response to stresses. Previously, global transcriptomic, proteomic and metabolomic analyses have
aided in identifying adaptations for cyanobacterial
salt tolerance in Synechocystis sp. PCC 6803 (Pandhal
et al., 2009; Wang et al., 2016). An omic-combination
approach would allow for optimization of algal engineering, as the data gathered from transcriptomics
should show an increase in transcription in the gene of
interest that coincides with a reduction in metabolism
caused by stress (such as nutrient limitation) highlighted by metabolomics - if the expression of the gene
of interest is linked to a metabolic process. The application of omic studies can not only ascertain the
effectiveness of any genetic modification, but can also
be used to optimize the scale-up process. With the
use of spatial and temporal omics studies of systems
such as raceways used for algal growth, a deeper understanding of how algae will perform in various areas
of the raceway can be gained, allowing for process optimization (Randhawa et al., 2017).
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As highlighted above, our goal is to reconnect
metabolism to growth and other cellular objectives
using a data-driven multiview approach that yields biologically reasonable predictions. The results of PCA
and k -means clustering for flux data are included in
Figure 2, whereas results of these analyses for gene
transcript data in isolation and gene transcript data
combined with fluxes are detailed in Figure 3. Additionally, the results of the pathway-wide analysis
of principal components are provided in Figure 4.
The highest positive/negative Pearson correlation coefficient (PCC) values for transcript- and flux-only
datasets are given in Figure 5, whereas mean absolute PCCs for metabolic subsystems or pathways are
shown in Figure 6(c) with the number of reactions
in each subsystem specified in Figure 6(d). A list of
all nonzero LASSO coefficients and the top ten positive/negative correlation coefficients are given in the
Supplemental Information, with the full calculation
of these coefficients provided in Supplementary Data
2. An interpretation of the results for each technique
used is provided below.

2.3. Aims and Objectives
In this work, we present a pipeline combining
metabolic modeling with statistical and machine
learning tools (Figure 1) for analyzing a genome-scale
metabolic model of the cyanobacterium Synechococcus sp. PCC 7002. We characterize Synechococcus
adaptation mechanisms using an updated GSMM of
iSyp702 containing 728 genes (Hendry et al., 2016),
implementing multi-objective flux balance analysis

3.1. Regularized Flux Balance Analysis
Compared to transcriptomics, metabolic flux data
modeled at the genome-scale provide a more comprehensive, condition-specific view of the phenotype.
Therefore, we mapped each RNA-Seq profile measured in 24 growth conditions to a Synechococcus
3
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ing factor to decrease in growth as low oxygen concentration does not seem to stunt growth, as the proportional decrease in biomass was lower relative to
the standard control conditions. On the other hand,
there appears to be little to no flux for the biomass
or the photosystem I reaction in the dark conditions.
This is supported by Vu et al. (2013), who reported
that lower yields under dark conditions may be due
to the limited generation of energy (ATP) and reductant (NADPH) from glycogen in the absence of
photoautotrophic growth. When optical density was
varied through the batch growth conditions (OD 0.4,
1.0, 3.0, and 5.0), the transmission of light through
the cultures decreased as the dry cell weight (DCW)
increased. Equal reduction in transcript levels for
the photosynthetic apparatus was previously observed
in all macronutrient-limited conditions studied (Ludwig and Bryant, 2012a). We infer that heat shock,
mixotrophic growth and phosphate limitation have
the largest effect on reducing growth rate, as there
was a complete impairment of biomass production
predicted across all of our objectives for these conditions. This is in line with reported findings (Ludwig and Bryant, 2012a), where perturbations caused
by phosphate limitation had a greater impact on the
global transcription pattern than observed for high irradiance or dark treatments.
Synechococcus sp. PCC 7002 is known to possess
one of the greatest tolerances for high light intensity among cyanobacteria (with an upper limit of
approximately 2000 µmol photons m−2 s−1 ) (Xiong
et al., 2015). This was evident from our predictions
for all three pairs of objectives, where flux through
the biomass pathway during high light intensity was
slightly higher than the control condition (0.192 mmol
gDW−1 h−1 compared to 0.053 mmol gDW−1 h−1 ).
Although the fluxes through photosystem II were disrupted, the fluxes through photosystem I were still
maintained (0.058 mmol gDW−1 h−1 in the high light
intensity condition as opposed to 0.016 mmol gDW−1
h−1 in the control). Heat shock resulted in no fluxes
through any of the four reactions within all three objective pairs. It was previously reported that transcript levels for genes encoding photosystem I decreased slightly in cells grown at high salinity and remained constant at low salinity (Ludwig and Bryant,
2012b). On the other hand, it was found that transcript levels for genes encoding photosystem II did not
change in response to fluctuations in salinity (Ludwig
and Bryant, 2012b).
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GSMM, and we employed a regularized FBA to obtain
condition-specific flux distributions (see Transparent
Methods in Supplemental Information). To calculate
the flux rates more accurately for each condition, several lower and upper bounds were adjusted prior to
performing FBA, according to specific growth media
and other requirements described for each growth condition (Ludwig and Bryant, 2011, 2012a,b). The full
details of these growth conditions (including composition of growth media, optical density at the time of cell
harvestation, mode of energy utilization, availability
of oxygen/carbon dioxide, light intensity, salinity and
temperature) are listed in Table S1. The full specification of constraints for each growth condition is given
in Supplementary Data 3.
From the transcriptomic studies listed in Table S1,
there were a number of genes that were not transcribed in the control condition but were transcribed
specifically under perturbed conditions. Many of
these genes have yet to be assigned a particular functional category or encode hypothetical proteins, but
many more have been linked to specific pathways and
compounds and some have been associated with the
adaptation of Synechococcus sp. PCC 7002 to atypical
environmental or growth conditions.
As shown in Figure 2, apart from the standard
control, the highest fluxes through the ATP maintenance reaction (when ATP maintenance is set as
the secondary objective) were among conditions that
limit growth, such as phosphate limitation, 30◦ C and
oxidative stress. In dark anoxic, low salinity, heat
shock, phosphate limitation and mixotrophic conditions, there was no flux for the biomass reaction. However, for all the objective pairs, the flux through the
biomass during high light intensity and OD 0.4 (optical density) was higher than the control condition
(0.19 mmol gDW−1 h−1 and 0.093 mmol gDW−1 h−1
respectively, compared to 0.053 mmol gDW−1 h−1 ).
The biomass is likely to be higher at OD 0.4 than OD
0.7 due to adjustment of the photon constraint, which
allowed for more transmission of light at lower OD.
Apart from the dark anoxic and low O2 conditions,
all fluxes through photosystem II were negligible, but
the fluxes through photosystem I were still maintained
(0.058 mmol gDW−1 h−1 in the high light intensity
condition as opposed to 0.016 mmol gDW−1 h−1 in
the control).
When photosystem I was set as the secondary objective, a low amount of flux through ATP maintenance reaction was retained in phosphate-limited,
heat shock, and low salinity conditions (approximately 0.0002 mmol gDW−1 h−1 ). When photosystem II was set as the secondary objective, the highest fluxes through the photosystem II reaction were
given by the phosphate limitation, mixotrophic, and
low salinity conditions (0.016 mmol gDW−1 h−1 ).
Lack of light is likely to be the greatest contribut-

3.2. Multi-omic
(PCA)

Principal

Component

Analysis

It can be argued that analyzing single-omic data
alone has limited relevance in the context of metabolic
processes, since it does not capture the full complexity
4

of the phenotype in relation to environmental variability. The hybrid approach proposed in this work
connects transcriptomic and fluxomic data using a
data-driven multi-view approach that supports machine learning algorithms to yield more accurate predictions (Culley et al., 2020). Considering the vast dimensionality of multi-omic models, the identification
of biologically-meaningful information can prove to
be challenging. As a non-parametric statistical technique, principal component analysis (PCA) was incorporated into our workflow for identifying patterns
and genes/reactions responsible for the most variance
in the datasets (Brunk et al., 2016).
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To further examine the most metabolically significant pathways or cellular processes, we also performed
a pathway-level PCA whilst categorizing genes and reaction by their main function. Owing to the varying
number of reactions within each pathway, both the
pathway sum and average contribution to the variance
from the first two principal components were calculated. In Figure 4(a-b), the sum of all contributions
to variance within each pathway or COG (Cluster of
Orthologous Groups) category is summarized. For the
gene transcripts (a), the COGs with the highest sum
of variance within the first two principal components
were poorly characterized (with general or unknown
function). It can be observed that for each pair of
flux objectives in (b), the pathways that contribute
the most to the first and second components were
similar: cofactor and vitamin metabolism, nucleotide
metabolism, energy metabolism, lipid metabolism,
amino acid metabolism, carbohydrate metabolism,
and transport metabolism. These pathways can be
directly linked to cellular growth since many of their
products are biomass precursors or compounds that
can be catabolized to produce energy, i.e. carbohydrates, proteins and fats.

lP
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The principal component analysis indicates the proportion of variance exhibited by fluxes in the first two
dimensions for each objective pair. For all three pairs
of objectives in Figure 2(a-c), over 68.31% of the variance can be explained by the first dimension when
considering flux data alone. As shown in plot (a), the
high light intensity condition contributed the highest
score for the first dimension, accounting for the vast
majority of the variance. On the other hand, plots
(b) and (c) showed that high light intensity, phosphate limitation, mixotrophic, low salinity were the
highest scoring conditions in the first dimension. For
the second dimension, the highest score was given by
high salinity, iron limitation, urea, 30◦ C and oxidative
stress in plot (a), and high light intensity, phosphate
limitation, mixotrophic and low salinity conditions in
plots (b) and (c).

3.2.1. Pathway-Level Analysis of Principal Components

na

The radar plots in Figure 4(c-f) depict the average
contributions to the variance within each pathway for
the first and second principal components. The average contribution was higher for reactions (fluxes)
than genes since the number of genes in each COG
category was greater than the number of reactions in
each subsystem of the GSMM. The pathways with the
highest average contributions for gene transcripts were
nucleotide/amino acid metabolism in the first component and chromatin structure and dynamics in the second component. For all three objective pairs, amino
acid, aminoacyl-tRNA and peptidoglycan biosynthesis were relevant in the first component (with an average contribution between 0.26-0.3). For the second
component, the pathways with the largest contribution varied for each objective. Coenzyme and thiamine metabolism both had an average contribution
greater than 0.45 for the second component in relation to ATP and photosystem I fluxes, with the addition of hydrogen metabolism for ATP, and pyridine
metabolism for photosystem I. On the other hand,
purine and nucleotide metabolism had the highest
contributions in the second component for photosystem II. However, many of these pathways contained
only one or two reactions, which caused these results
to be skewed; for example, the purine metabolism
pathway had an average contribution of 1.36, but
only contains one nucleotide phosphodiesterase reaction (PDE2).
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When considering only the gene transcript data
(Figure 3(a)), the combined proportion of variance
that could be accounted for by the first two dimensions was vastly reduced (only 35.18% compared to
75.70-86.27% for flux data). The conditions with the
largest scores for the first dimension were sulfate and
iron limitation, followed by oxidative stress, 30◦ C, and
high salinity. Once again, sulfate and iron limitation were the highest in the second dimension, along
with phosphate limitation, nitrogen limitation, dark
anoxic/oxic and the last phase of the batch growth
(OD 5.0).
When using a combined dataset of both gene transcripts and fluxes (Figure 3(c), (e) and (g)), the total
proportion of variance that could be explained in two
dimensions for all three objective pairs was lower than
using transcript data alone (31.43-32.07%). The highest scores were given by iron and sulfate limitation in
the first dimension and by dark oxic, dark anoxic, OD
5.0, iron limitation, and sulfate limitation in the second dimension.
A full list of gene transcript and calculated fluxes
are included in Supplementary Data 1. For a list of
the top ten contributions of genes and reactions to
the principal components, we refer the reader to the
Supplemental Information (Tables S3, S4, and S5).

Finally, to characterize the PCA in the context of
5

growth (e.g. high light availability, nutrient supplementation). In some instances, certain conditions
(e.g. heat shock, high light intensity, iron limitation)
were isolated within a single cluster. Furthermore, reducing the number of dimensions in the data following
PCA could serve to reduce noise and make the definition of clusters even clearer.

single reactions, we analyzed the principal component
coordinates for all growth conditions against different reaction fluxes selected from the top ten contributors to the variance in each of the three objective
pairs (see Figure 4(g-l)). These plots confirmed that
a large part of the variance could be explained in the
first principal component, as the first component coordinates showed a near-perfect correlation with flux
(> 0.99). The second principal component displayed
a less consistent but still strongly positive correlation
between coordinates and flux values. The set of reactions with the highest contributions to variance in
the first and second components were completely different, but three main functional categories could be
identified among these reactions. IODP and GARFT
can be linked to nucleotide metabolism, ASPTA1 and
ILEABC to amino acid metabolism and PDH and
NADH PQ9tlm to energy metabolism, respectively.

3.4. LASSO Regression
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Regression-based algorithms can ascertain a mapping function, given a number of continuous output
variables y, and a number of real-valued or discrete
input variables x. For each input variable, a coefficient is estimated with linear regression, determining
the importance of the input variable towards predicting the output variable. In our study, the least absolute shrinkage and selection operator (LASSO) was
used to select a subset of the input variables by minimizing the number of nonzero coefficients. It employs
L1 regularization, which penalizes the sum of absolute
values of all the coefficients; this sets the coefficients
of unnecessary or recursive features equal to zero, resulting in a sparser matrix (Tibshirani, 1996). The
regularization enables the identification of important
predictors, elimination of redundant predictions, and
generation of shrinkage estimates with lower predictive errors.
The LASSO regression identified genes and reactions in the model that are strongly related to in-vivo
growth rates through the retention of non-zero predictor coefficients (see Table S2). The full calculation
of LASSO coefficients is provided in Supplementary
Data 2.
A complete list of non-zero predictors retained by
LASSO for each dataset is given in the Supplemental
Information. The functional classifications were provided by CyanOmics in the case of genes (CY Category and CY Sub Category) or the subsystems field
within the model GSMM for reactions. In Tables S6
and S8 (where both transcript and flux datasets or
only the gene transcripts are considered), the same
non-zero predictors (genes) were retained, irrespective
of the objective-pair used for FBA. The genes yielding positive coefficients were associated with photosynthesis and respiration or post-translational modification of proteins. When applying the LASSO algorithm to the flux-only dataset (see Table S7), the
non-zero coefficients retained were primarily related
to the metabolism of nucleotides, cofactors and vitamins and pathways relating to energy generation, such
as carbohydrate and amino-acid metabolic pathways.
Such co-factors are often comprised of metal ions, for
which there are numerous transport and exchange reactions, e.g. cobalt and manganese.
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k -means is a clustering algorithm that computes
clusters whilst iteratively minimizing the sum of
squared Euclidean distances between each observation and its respective cluster mean (McLachlan et al.,
2008). To assess whether the generated multi-omic
datasets could identify clusters of growth conditions
according to the respective omic responses, we applied
k -means to the set of 24 growth conditions, considering gene expression, flux rates, and the combined
expression/flux dataset.
For the flux data (Figure 2(d-f)), the partitioning of
k -means clusters varied depending on the pair of FBA
objectives for which fluxes were calculated. Following
silhouette analysis, the number of clusters set for plots
(d), (e), (f) in Figure 2 and plots (b), (d), (f) and (h)
in Figure 3 was k = 6. The full list of members of each
cluster is reported in the Supplemental Information.
When combining both transcript and flux data (Figure 3(d), (f) and (h)), the clusters formed were less
distinct. This suggests that fluxes could help to contribute more biological insights into metabolic reactions (through the metabolic network) that are not
available in the transcriptomic data. Nevertheless,
through the k -means analysis with transcripts-only
and the combined multi-omic dataset of transcripts
and fluxes, we conclude that clustering techniques
benefit from analyzing the flux and transcript datasets
in isolation rather than combining them, as this avoids
an increase in data dimensionality that cannot be easily reduced.
In most of the k -means plots in Figure 3, changing the objective pair used for FBA did not result in
a significant difference in the clusters formed. However, there was sometimes a demarcation between
clusters of conditions that limited growth (e.g. low
light, nutrient limitation) and those that promoted
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3.3. Clustering
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methylation, in addition to being a vital precursor
for the biosynthesis of certain amino acids, co-factors,
nucleotides, and tRNAs (Mills et al., 2020). The highest mean PCC in the biomass-ATP maintenance flux
pair corresponded with the proline biosynthesis pathway/reaction. Interestingly, it has been found that
proline accumulation is highly induced in stress conditions in cyanobacteria, especially high salinity (increased NaCl concentration) since it plays a role in
osmoprotection, antioxidative defense and signaling
(Hayat et al., 2012; Pingkhanont et al., 2019). Across
all flux objectives, the majority of reactions in Figure 6(d) have a correlation value between [-0.1, 0.1[
or [0.3, 0.5[ - implying most reactions had little to no
significant correlation or a moderately positive correlation. The strongest positive correlation values [0.5,
0.7[ were found between the Biomass - ATP maintenance flux pair and the growth rates. It can be
seen that these reactions were classified under various pathways, i.e. carbohydrate, amino acid, energy,
transport- and exchange-related metabolism.
4. Discussion

re

3.5. Correlation Analysis
The Pearson correlation coefficients were calculated
to ascertain the strength of the association between
transcripts and/or flux rates and growth across different conditions (see Table S2). The absolute Pearson correlation coefficients were sorted in descending
order, and the top ten positive/negative correlation
coefficients for each dataset are listed in the Supplemental Information. Figure 5 shows the highest positive and negative Pearson correlation coefficients for
transcript- and flux-only datasets. The gene A0639
encodes a phycocyanin-associated phycobilisome rodcore linker polypeptide, which is an important component of the photosynthetic apparatus. This confirms that photosynthesis and energy metabolism are
directly correlated with cellular growth.
For the Biomass-ATP maintenance flux objectives,
the selection of reactions encoding succinate dehydrogenase in the cytoplasmic and thylakoid membranes
(SUCD1Icpm and SUCD1Itlm) demonstrated the importance of the TCA cycle in the generation of energy
for biomass accumulation. To illustrate this, a comparison of flux values between the nitrogen-limited
and urea-supplemented growth conditions is provided
in Figure 6(a) and (b). It can be seen in Table S2 that
the limitation or supplementation of a nitrogen source
had a direct effect on the growth rate. Cyanobacteria
have long been known to possess a unique TCA cycle
where an alternative reaction homologous to 2OGDH
is used to convert alpha-ketoglutarate into succinyl
semialdehyde (2OGDC), which is subsequently converted into succinate (via succinate-semialdehyde dehydrogenase, i.e. SSALY) (Zhang and Bryant, 2011;
Steinhauser et al., 2012). 2OGDC and SSALY were
found to carry negligible flux under phototrophic conditions in (Hendry et al., 2016), which was supported
by the flux values derived for the standard control
for our simulations (3.599 mmol gDW−1 h−1 for both
reactions), as well as the growth-limiting conditions
such as nitrogen limitation (Figure 6(a)). This suggests that succinate dehydrogenation plays an important role in growth; it is known to still take place in
dark, anoxic conditions (McNeely et al., 2010) where
there is an increased flux towards succinate during the
dark period, driving ATP production through respiratory electron transport (Sarkar et al., 2019).
Figure 6(c) shows the mean absolute PCC values
among reactions within each subsystem, whereas Figure 6(d) shows the number of reactions within a given
range of PCC values for each subsystem/pathway
listed in the model, to account for the differing number
of reactions in each pathway in the model. The pathway with the largest mean absolute correlation across
all the flux objectives was the folate metabolism. In
Synechocystis sp. PCC 6803, folate is synthesized from
chorismate and is known to be important for cellular processes such as DNA replication, repair, and
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In this work, we showed how using a hybrid multiview approach with multi-omic data and machine
learning to yield metabolically significant fluxes enabled the identification of trends in data that were
not apparent using solely transcriptomic data. We
used condition-specific flux balance analysis to obtain
flux distributions with norm-2 regularized bi-level optimization.
The flux distributions obtained for four key reactions showed clear differences in pathway activity
across the various conditions and also between the
three pairs of objectives used. When comparing the
results across the types of datasets used, it is clear that
complex metabolic and phenotypic outcomes as a result of adaptation to a changing environment are difficult to predict from gene expression alone. Conditionspecific metabolic models within a machine learning
framework allowed for the detection of coordinated responses shared between different data types, as well as
the variation in responses across different growth conditions. Although a large number of studies express
the maximization of biomass as the only objective
when performing FBA, it is imperative to recognize
that in reality most organisms have multiple objectives to satisfy. It has been well established that the
activity of biosynthetic and energy-generating pathways increases with the growth rate (Bernstein et al.,
2014), which led us to implement multi-level regularized optimization in our pipeline, considering more
than one objective function.
Specifically, when calculating the flux distribution
across conditions, biomass was chosen as the primary
objective, while the secondary objective was set to
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salinity elucidates the maintenance of metabolic efficiency at the cellular level, as well as the attainment
of multiple cellular objectives.
Algal engineering supplemented with data from
multi-omic studies can contribute to informing the
scale-up of these processes. Such multi-omic data
are sensitive enough to detect the effect of stress on
metabolism. Metabolic engineers could apply this
pipeline to test more strategies in-silico when developing the optimal production host, or to analyze multi-omic outputs (both independently and in
combination with other omic data). In this regard,
the use of transcriptomic data to characterize fluxomic predictions elucidates many of the unique mechanisms employed by Synechococcus sp. PCC 7002
when adapting to changes in light intensity, salinity, and other conditions. In the case of cyanobacteria, we also emphasize the importance of assessing model inputs in accordance with specific growth
conditions prior to conducting flux balance analysis.
These contribute to the organism’s underlying objective of maintaining metabolic efficiency for phototrophic growth and light-dependent photosynthesis.
As a result of predicting and classifying metabolic profiles in various growth conditions, our approach sheds
light on the cross-omic mechanisms of its adaptation
process, which enables survival across a wide range of
environments and stress conditions.
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ATP maintenance, photosystem I or photosystem II,
to reflect the main cellular goals of cyanobacteria.
Biomass was chosen as a primary objective to represent the maximization of growth rate and cellular
yields (Feist and Palsson, 2010; Yuan et al., 2016;
Lakshmanan et al., 2019), which is a critical consideration for the production of biofuels by cyanobacteria
as this informs the substrate uptake rates and maintenance requirements that indicate fundamental cellular
growth requirements. The chosen secondary objectives are key pathways involved in energy metabolism
during photosynthesis. Simulating the cost of ATP
maintenance can help to examine the energy required
for sustaining metabolic activity even in the absence of
growth. The incorporation of the photoexcitation reactions occurring within photosystems I and II served
to characterize how flux under various conditions reflects the light harvesting and energy transfer via photon absorption through these complexes. Thus, solving the quadratic optimization problem for multiple
pairs of objectives helped to resolve trade-offs by considering the conditions and constraints affecting each
of these objectives (Sajitz-Hermstein and Nikoloski,
2016; Occhipinti et al., 2020).
Our results suggest that it is worth using modelgenerated flux data that incorporates transcriptomics
to conduct machine learning analyses. The flux data
was initially informed by transcriptomic data as the
condition-specific gene expression profiles were generated by combining them with a baseline GSMM for
Synechococcus sp. PCC 7002; in this way, gene transcripts already constituted an important component
of the flux balance analysis. Furthermore, reducing
the number of dimensions in the data following PCA
can serve to reduce noise and make the definition of
clusters even clearer. In addition to this, a reduced set
of predictors were identified as being related to growth
as a result of the LASSO regularization. Specifically,
the identification of reactions by LASSO as key features which are of potential use for the prediction of
growth rates supports the inclusion of metabolic fluxes
as features for future applications of regression techniques with smaller, more concise sets of flux data.
The reactions identified as being strongly correlated
with the growth rate in the flux datasets (SUCD1Itlm,
SUCD1Icpm, ME2) suggest that fluxes can help to
gain more biological insights into machine learning
analyses. Since a different, unrelated set of genes
displayed a strong correlation with the growth rate,
it is evident that analyzing both transcriptomic and
fluxomic data provides a more complete picture of
cyanobacterial metabolism than single-omic analyses.
In particular, the role of metal transport pathways in
cyanobacteria was significant since they are highly relevant in the context of photosynthesis. The detection
of latent, biologically significant patterns and adaptive mechanisms to fluctuations in light intensity and
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4.1. Limitations of the Study
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The availability of exact measurements for the various growth conditions could yield more precise flux
predictions. For example, in our case, the exact photon absorbance of the Synechococcus sp. PCC 7002
cultures was not available. Hence, the photon uptake
constraints were approximated using dry cell weight
and photon consumption based on the availability of
light. Likewise, the setting of nutrient uptake rates
was approximated based on data provided by in-vivo
experiments rather than measured directly.
Furthermore, in this study we adopted linear transformations and linear methods, where possible. This
was with the goal of maximizing the biological interpretability of the predictions, using quadratic terms
for regularization only. However, different dimensionality reduction or clustering methods could be implemented, e.g. to elucidate any further non-linear relationship among the omic elements.
Finally, there is further potential for other types
of omic data to be integrated into the model (e.g.
from proteomic or metabolomic datasets). It is expected that integrating further omic datasets, i.e. further data views in our multi-view machine learning
setting, could produce even more detailed insights into
metabolic adaptations, or better support existing findings derived from transcriptomic and fluxomic data.
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6. Resource Availability
Figure 1: The multi-omic machine learning pipeline for
prediction and classification of Synechococcus metabolic
features. (i) RNA sequencing data obtained from Synechococcus sp. PCC 7002 cells grown under 23 growth conditions (Ludwig and Bryant, 2011, 2012a,b). (ii) Data downloaded from
CyanOmics (Yang et al., 2015). (iii) Starting from a model recently published by Hendry et al. (2016), the condition-specific
GSMMs of Synechococcus sp. PCC 7002 are generated by integrating omics data, and three pairs of objectives are optimized
for each condition-specific model. (iv) Bi-level regularized FBA
is conducted using quadratic programming to compute regularized flux distributions. (v) Transcriptomic, fluxomic and multiomic (combination) datasets are preprocessed for the machine
learning analysis. (vi) PCA, k -means clustering, LASSO regression and correlation analysis are applied to identify latent
cross-omic patterns in the metabolic adaptation mechanisms.
These techniques are applied and compared across three sets
of omic features: gene transcripts, condition-specific flux rates,
and a combination of both omics.
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The study did not generate new unique reagents or
other materials.
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The
complete
source
code
of
our
pipeline
is
freely
available
on
GitHub
at
https://github.com/Angione-Lab/
Synechococcus7002-metabolic-modelling.
The RNA-Seq data integrated into the model
were from transcriptomic datasets uploaded by
Ludwig and Bryant (2011, 2012a,b).
These
were acquired directly from the Cyanomics dataset
(Yang et al., 2015), but have since been made
available on the NCBI Sequence Read Archive
(SRA:“SRP007372”;“SRP013965”;“SRP066851”).
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Figure 2: Flux distributions with fluxomic PCA and k–
means. (Top): Flux distributions in the 24 growth conditions
considered in this study. Flux distributions for four key reactions: ATP maintenance, photosystem I, photosystem II and
biomass when running FBA using three different pairs of objectives (indicated at the bottom of each plot). Conditions 1-24
correspond to those detailed in Table S1. To better visualize
the differences in flux between conditions, flux values were normalized by dividing by the maximal flux (i.e. the flux value for
the control condition) for that reaction across all conditions.
The full list of flux rates is reported in the Supplemental Information. Regularized FBA correctly predicts reduced growth in
sub-optimal conditions and the highest biomass flux is given by
the high light condition. (Bottom): Fluxomic principal component analysis (PCA) and k–means. PCA (panels a-c) and
k-means clustering (panels d-f) were conducted using the entire
flux distribution (742 reactions). Panels (a) and (d) are associated with Biomass - ATP maintenance fluxes, (b) and (e) with
Biomass - Photosystem I fluxes and (c) and (f) with Biomass
- Photosystem II fluxes. For PCA plots, growth conditions are
colored according to their cos2 value, which indicates the contribution of the first two components to the squared distance
of each condition to the origin (Abdi and Williams, 2010). The
higher the cos2 value, the greater the proportion of contribution
to the total distance, meaning that the importance of the principal components is greater for that condition. For k–means,
data are clustered by condition (where the colors of ellipses represent different clusters) and the number of clusters (k = 6) was
selected following silhouette analysis. Due to co-location of conditions in the two-dimensional plot, not all overlapping points
are visible, but the cluster associated with each condition is
labeled. The full list of growth conditions and their respective
k-means clusters are reported in the Supplemental Information.
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Figure 6: Flux map comparison and PCC values by subsystem. Comparison between flux values in the TCA cycle
for (a) nitrogen limitation and (b) urea supplementation. The
SUCD1Itlm and SUCD1Icpm reactions encoding succinate dehydrogenase were identified as having a strong positive correlation with the growth rate for the Biomass - ATP maintenance objective pair. (c) Mean absolute Pearson correlation
coefficients (PCC) calculated between 12 experimental growth
rates and their corresponding condition-specific GSMM reaction fluxes within each metabolic subsystem/pathway in the
Synechococcus sp. PCC 7002 GSMM. The highest mean absolute correlations were identified for folate metabolism, proline
and amino acid biosynthesis. (d) Reactions within each model
subsystem sorted into classes of PCC values obtained between
growth rates and flux rates in each objective pair (Biomass ATP maintenance, Biomass - Photosystem I, Biomass - Photosystem II). The Biomass - ATP maintenance pair yielded
the highest positive PCC values [0.5, 0.7[ for reactions within
the carbohydrate, amino acid, energy, transport, and exchange
metabolic pathways.
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Figure 4: Pathway-based PCA to identify pathway and
reaction contribution to variance across conditions. (ab) Component sums by pathway. Principal component contributions summed across reactions within each COG category/pathway, in order to decompose the metabolic function
of the main contributors to variance. The total percentage of
contribution to variance of the first two principal components is
also given for each dataset: (a) Gene transcripts, (b) Fluxes calculated with objective functions Biomass - ATP maintenance,
Biomass - Photosystem I, and Biomass - Photosystem II. (c-f)
Component contribution by pathway. Average principal component contributions within each pathway, calculated across all
gene transcripts (c) and fluxes for each objective function pair:
(d) Biomass - ATP maintenance, (e) Biomass - Photosystem
I, (f) Biomass- Photosystem II. (g-l) Interpreting PCA coordinates with fluxes. The Pearson correlation coefficient (PCC)
was calculated between the principal component coordinates
and the flux values across the conditions in three pairs of objectives. The coordinates for the first principal component (x
axis) and flux (y axis) across the 24 conditions were plotted for
the following reactions: (g) inorganic diphosphatase (IODP)
for Biomass - ATP maintenance, (h) aspartate transaminase
(ASPTA1) for Biomass - Photosystem I, and (i) pyruvate dehydrogenase (PDH) for Biomass - Photosystem II. For the second principal component, the reactions were: (j) L-isoleucine
transport via ABC system (ILEABC) for Biomass - ATP maintenance, (k) NADH dehydrogenase type II in the thylakoid
membrane (NADH PQ9tlm) for Biomass - Photosystem I, and
(l) phosphoribosylglycinamide formyltransferase (GARFT) for
Biomass - Photosystem II. The PCC with their respective 95%
confidence intervals (CI) are displayed within each plot.
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Figure 3: Transcriptomic and multi-omic principal component analysis (PCA) and k–means. PCA and k -means
clustering conducted for 3187 gene transcripts (a-b) and both
transcripts and fluxes, with biomass - ATP maintenance (c-d),
biomass - photosystem I (e-f) and biomass - photosystem II (gh) as objective pairs. In the PCA plots (a,c,e and g), growth
conditions are colored according to their cos2 value, indicating the contribution of the first two components to the squared
distance of each condition to the origin (Abdi and Williams,
2010). For k–means, data are clustered by condition (where
the color of the ellipses represents different clusters) and the
number of clusters was determined following silhouette analysis
(k = 6). When compared to using the transcriptomic dataset
alone, the combined proportion of variance for PCA in the first
two dimensions was slightly higher when gene transcript data
was used in isolation than when it was combined with fluxes.
For k –means clustering, the change in objective pair used for
FBA did not result in a significant difference in the clusters
formed. However, there is a clear demarcation between clusters
of conditions that limit growth (e.g. low light, sulfate limitation) and those which promote growth (e.g. high light, nitrate
supplementation).

Figure 5: Top PCCs with their respective 95% confidence intervals (CI) between gene transcript/reaction
flux data (x axis) and growth rates (y axis). Left to right:
Black - top correlated genes, Green - top correlated reactions
when maximizing Biomass-ATP maintenance flux, Red - top
correlated reactions when maximizing Biomass-Photosystem I
flux, Blue - top correlated reactions when maximizing BiomassPhotosystem II flux. Tables S9, S10, S11, S12, and S13 list
the top ten genes/reactions in the dataset that are positively
or negatively correlated with growth and their respective PCC
values. Additional figures of top ten genes/reactions and their
respective PCC values are provided in the Supplemental Information (Figures S1 - S4).
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Supplemental Information. Document containing Transparent Methods, Supplemental Results, Figures S1-S4 and Tables S1-S13.
Supplementary Data S1 - Full Transcript and
Flux Data, Related to Figures 2 and 3. Microsoft Excel workbook containing RPKM transcript
reads for each growth condition, fold changes calculated for transcripts, complete flux rates for three objective pairs and fold changes calculated for flux rates.
Supplementary Data S2 - Growth Rates,
LASSO and Pearson Correlation, Related to
Figure 5. Microsoft Excel workbook containing: (i)
A list of 24 growth conditions with growth rates and
doubling times calculated for 11 conditions relative
to cultures grown under standard conditions. (ii) Fitted least-squares regression beta coefficients and mean
squared errors for LASSO conducted with gene transcripts and/or flux rates and growth rates. (iii) Pearson correlation coefficients calculated between gene
transcripts and/or flux rates and growth rates listed
with p-values, lower and upper bounds according to
the 95% confidence interval and coefficients of determination (R2 ). (iv) Mean absolute Pearson correlation coefficients within each group of reactions in each
subsystem of the GSMM.
Supplementary Data S3 - Photon Unit Conversions and Flux Constraints, Related to Figure 2. Microsoft Excel workbook containing: (i) Calculation of photon uptake rate for FBA in different
growth rates. (ii) Full list of modified flux constraints
(model.lb and model.ub) used to perform FBA.
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1. Cells cultured under various growth
conditions
- RNA extracted and sequenced
- Data deposited in CyanOmics
2.
RNA-Seq collected from CyanOmics
- RPKM (Reads per kilobase per million)
- Normalization
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3. Data integrated into the genome-scale
metabolic model (GSMM) of Synechococcus spp.
PCC 7002
- Condition-specific transcript data loaded into
METRADE
- Three pairs of objective vectors (f, g) select
reactions where flux is optimized

Jo

ur

na

lP

4. Constraint-based modeling and regularizes
flux balance analysis to compute conditionspecific fluxes
- Flux simulated using quadratic programming and L2
regularization
- Metabolic goals: biomass, photosystems I & II, and
ATP maintenance reactions
5. Multi-omic datasets generated as input for
subsequent ML analysis
- Transcriptomic and fluxomic dataset (individually)
- Transcriptomic-fluxomic datasets combined (at
various stages)
6. Machine learning approaches identify key
multi-omic features contributing to variance and
predicting growth rates
- PCA reduces data dimensionality
- k-means clusters growth conditions
- LASSO regression eliminates redundant features
- Correlation associates omic predictors with growth
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. A pipeline for metabolic modeling in Synechococcus sp. PCC 7002 is presented
. Metabolic fluxes display clear differences in pathway activity across conditions
. Omic-informed GSMMs provide critical mechanistic details within machine learning
. Combining GSMM and machine learning improves methods based on
transcriptomics alone

