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A B S T R A C T   

Diatoms are major producers of carbon and energy in aquatic ecosystems, however their ability to rapidly and 
successfully acclimate to wide ranging irradiances is poorly understood at the biochemical level. We applied 
complementary transcriptomic and metabolomic approaches using the model centric diatom Thalassiosira 
pseudonana to understand mechanisms regulating cell acclimation and growth under high and low light in-
tensities. The integration of these omics data revealed specific mechanisms that shifted carbon and energy fluxes 
in T. pseudonana depending on light-driven growth rate. To support a growth rate of >1 d− 1 in high light, cells 
upregulated metabolic pathways involved in the production of long chain fatty acids, glycolic acid, and carbo-
hydrates. Under low light, cells maintained a growth rate of ≤0.2 d− 1 by conserving photosynthetic energy 
through upregulation of carbon retention pathways (e.g., gluconeogenesis, glyoxylate cycle). The few significant 
metabolites detected in low light acclimated cells were associated with light harvesting, energy storage, and 
signalling. In particular, our metabolite data revealed that eicosanoic acid, a metabolite commonly involved in 
cellular signalling, may poise light limited cells for fast metabolic remodelling with improving light conditions. 
The combined physiological, gene expression and metabolite profiling data revealed key metabolic switch points 
that underpin diatom success and could be leveraged in cell-based models for predictions and manipulations of 
cell growth or bio-production.   

1. Introduction 

Diatoms are one of the most diverse and productive phytoplankton 
groups in aquatic systems, driving more net production than tropical 
rainforests or savannahs [1–4]. In the marine environment, diatoms 
thrive and bloom under physically complex conditions, particularly in 

coastal waters where nutrients are typically not limiting growth, and 
light is highly dynamic [5–7]. A wealth of research has helped explain 
how these various environmental factors regulate bloom formation [8], 
including diatom photo-physiological responses to nutrient limitation 
[9–12] and light stress [13,14] as well as corresponding energy alloca-
tion strategies that are activated to sustain optimal fitness [15–20]. 
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Rapid and high-throughput approaches that can capture photo-
physiological properties (e.g., bio-optics and active fluorometry 
[21–26]) have been useful to gain an understanding of how diatoms 
respond to dynamic environmental conditions. Photophysiology under 
different light regimes, particularly for the model diatom Thalassiosira 
pseudonana, has been largely examined through fluorescence-based as-
says of photosystem II (PSII) operation (e.g., [27–30]) and bulk cellular 
constituents (e.g., C and N allocation [31–34]). “Omics” platforms, such 
as metabolomics, complement current knowledge of diatom photo-
physiology by characterizing chemical fingerprints that arise in response 
to changing environments, making it possible to resolve the metabolic 
processes at play. Connecting “omics” platforms (e.g., genomics, tran-
scriptomics and proteomics) in diatoms helps to understand the mo-
lecular bases of physiological responses [12,35–37] and can elucidate 
the underlying function of targeted metabolites [38–40]. However, the 
metabolic responses and the molecular pathways underpinning physi-
ological responses, and so enable diatoms to thrive in widely varying 
light conditions, remains a black box. 

Transcriptomics have uncovered the regulatory networks respon-
sible for fine-tuning diatom biology to changing environments (e.g., 
[41–45]). However, the fundamental nature by which phytoplankton 
appear to respond to rapid environmental changes is via post- 
translational modification of protein [46,47] and metabolite pools 
[48–50]. While gene expression levels alone cannot predict phenotypes, 
metabolites are direct products of enzymatic reactions and thus provide 
a functional readout of the cellular networked response to an environ-
ment [51]. The model diatom T. pseudonana has been widely used in 
many omics-based studies [52], however studies exploring metabolomic 
responses in diatoms have been limited to community interactions 
[53,54], the exometabolome [55,56], nutrient stress [57–59], and 
salinity and pH (CO2 concentration, [48]). Together, these studies have 
improved our understanding of the dynamic cellular processes of 
T. pseudonana but have largely overlooked the effect of light. Conse-
quently, we still do not know whether photophysiological changes 
match dynamic reorganization of cellular metabolism under light-driven 
growth (e.g., [60]). 

Here, we used transcriptomics and metabolomics to study how 
metabolic networks of T. pseudonana are altered under controlled ma-
nipulations of light-driven balanced growth. We hypothesize that tran-
scriptomics and metabolomics profiles of T. pseudonana will be markedly 
different under high versus low light-driven growth and will expose the 
cellular networks underpinning light-driven growth. We initially 
examined T. pseudonana gene expression when acclimated to growth 
under different constant light intensities, which pinpointed several 
metabolic pathways that were differentially regulated between treat-
ments. Based on these transcriptomic indicators, we subsequently con-
ducted a follow-on experiment to examine the corresponding metabolite 
profiles under light acclimated growth. Together, these data provide a 
platform for conceptual integration (sensu [61]) of the genetic and 
chemical responses to light regime. Our work revealed fundamental 
shifts in central metabolism used to direct carbon and energy toward 
biosynthesis for rapid cell growth or into pathways that conserve 
photosynthetic energy to facilitate slow steady growth. These key 
metabolic switch points may be leveraged in future cell-based models for 
predictions and manipulations of cell growth or bio-production. 

2. Materials and methods 

2.1. Gene expression study 

2.1.1. Culture conditions and maintenance 
The experimental design used in this study is identical to the one 

previously described in Fisher and Halsey [19]. Briefly, T. pseudonana 
(CCMP1335) was grown in f/2 + Si medium [62] supplemented with 
0.17 μM Na2SeO3, and 250 and 50 μM nitrate and phosphate, respec-
tively [63], to avoid nutrient limitation. Cultures were grown at 18 ◦C in 

continuous cultures that were optically thin [64] at 200 and 5 μmol 
photons m− 2 s− 1 for a high or low light treatment, respectively, under 
constant light [24:0 light:dark (L:D) cycle]. All cultures were acclimated 
to their growth irradiances for at least 10 generations and verified to be 
in balanced growth when cell concentration varied by <5 % over 3 days 
before harvest. Data were collected from three independent continuous 
cultures for low light treatment (due to slow culture growth) and five 
independent continuous cultures for the high light treatment as per [19]. 
Samples of 300 mL at a density of about 1.5 × 106 cells mL− 1 were 
collected onto 0.2 μm nucleopore filters, flash-frozen in liquid nitrogen, 
and stored at − 80 ◦C until RNA extraction and analysis. 

The culturing methods used in all experiments ensured that cells 
were maintained in exponential growth phase by removing a known 
volume of culture and replacing it with fresh media according to 

μ =
D
V  

where μ is the population growth rate (d− 1), D is the dilution rate (mL 
d− 1) and V is the volume of the culture (mL). The difference between 
continuous (used in the transcriptomics work) and semi-continuous 
(used in the metabolomics work, see below) culturing is the frequency 
of dilution, whereby dilution of cultures grown for transcriptomics 
occurred continuously using a digital peristaltic pump (Minipuls Gilson; 
Middleton, WI USA) and cultures grown for metabolomics were diluted 
once or twice daily manually. 

2.1.2. Total RNA extraction and sequencing 
Following established procedures [46], total RNA was extracted 

from filters using a Qiagen RNeasy Mini Kit with the addition of silica 
beads (0.5 mm) to the lysis buffer. Filters, beads, and lysis buffer were 
vortexed together; supernatant was then filtered through Qiashredder 
columns to remove large particles. Eluted RNA was treated off-column 
with RNase-free DNase according to manufacturer's recommendations. 
mRNA isolation and library preparation were performed using the PrepX 
PolyA mRNA Isolation Kit and RNA-Seq for Illumina Library Kit from 
Takara Bio USA, Inc. These steps were carried out on an Apollo 324 
robotic system by the Center for Genome Research and Computing at 
Oregon State University. RNA-derived reads were sequenced as a 150 bp 
single-end library via Illumina HiSeq 3000. 

2.1.3. RNA-Seq quality trimming and sequence alignment 
FastQC [65] was used to check GC content and per-base quality 

scores in each sample. Raw reads were quality trimmed and filtered 
using Sickle v1.33 [66] with the options “-q 33 -l 50”. The first option 
sets the quality score threshold for trimming to 33, while the second 
option discards all reads that are shorter than 50 base pairs after trim-
ming. Sequencing adapters were not removed, as previous studies have 
shown that adapters do not significantly affect alignments to reference 
genomes and aggressive trimming can lead to bias and poorer results 
[67,68]. The T. pseudonana reference genome was obtained from NCBI 
in GFF format (accession number GCA_000149405.2) and converted to 
GTF using gffread. Reads were aligned to the reference genome using 
HISAT2 v2.1.0 [69] with the option “–dta”. HISAT2 is a splice-aware 
aligner that generates alignments more quickly and using less memory 
than older alignment software such as BowTie or BWA [70]. The “–dta” 
option tells the program to report alignments in a format that is tailored 
to transcriptome assemblers like StringTie. HISAT2 created sequence 
alignment/map files for each sample. These files contain the alignments 
in the order that the sequences occurred in the input FASTQ files. 
SAMtools v1.3 [71] was used to sort the alignments with respect to their 
genomic positions and then converted the files to binary alignment/map 
files, which facilitates more rapid computation. Coverage depth of the 
genome was calculated using the “genomeCoverageBed” command with 
the “-ibam” option in BEDTools v2.25.0 [72]. StringTie v1.3.3 [73] was 
used to assemble putative transcripts and generate counts tables for use 
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in DESeq2. First, putative transcripts were assembled using the reference 
annotation file downloaded from NCBI. Then, data from all samples 
were merged into a single file using the command “stringtie –merge.” 
Finally, “stringtie -eB” was used to calculate transcript abundances and 
generate counts tables structured for Ballgown (DESeq2 also accepts 
these counts tables as input). DESeq2 v1.20.0 [74] was used to perform 
differential expression analysis and create exploratory visualizations. 

2.1.4. Quality control and differential expression analysis 
Prior to differential expression analysis, we transformed the count 

data to make it homoscedastic. We used the regularized log (rlog) 
transformation (log2 scale normalized with respect to library size) for 
downstream exploratory analyses and visualizations. DESeq2 [75] tests 
for differential expression by 1) normalizing sequencing depth between 
samples using an estimate of “size factors”, 2) estimating dispersion 
across all samples, and 3) fitting a negative binomial generalized linear 
model. DESeq2 uses a Wald test to calculate a p-value for differential 
expression; these p-values are then adjusted for multiple testing using 
the Benjamini-Hochberg correction. DESeq2 also assigns log2 fold 
change values for each gene. Under the default parameters in DESeq2, 
the null hypothesis is that a gene is not differentially expressed between 
treatments. The alternative hypothesis is that a gene is differentially 
expressed between treatments. These default parameters were used to 
test for differential expression of genes between the high light and low 
light treatment groups. However, it cannot be assumed that genes with 
Benjamini-Hochberg adjusted p-values larger than our significance 
threshold are stably expressed. The parameters “altHypothesis = les-
sAbs” and “lfcThreshold = x” were added to the results function to test 
for stable expression. The parameter x defines the threshold for log2 fold 
change. Setting a log2 fold change threshold to 1 (fold change = 2) 
yielded 4270 significant genes. 

The Bioconductor package KEGGREST [76] was used to access gene 
annotations from the KEGG database; functional annotation was limited 
to KEGG pathways. Pathview Web [77] was used to visualize relative 
expression of genes within KEGG pathways. Following quality trimming, 
sequence alignment, quality control measures and functional annota-
tion, the results were compared between light treatments using fold 
change cut-off of 2 with an adjusted p–value of 0.05. 

2.2. Metabolite profiling study 

2.2.1. Culture conditions and maintenance 
Following the experimental design used for the transcriptomics 

study, T. pseudonana (CCMP1335) was grown in a Multi-Cultivator (MC 
1000-OD, Photon Systems Instrument (PSI), Drasov, Czech Republic), 
whereby light intensity and dose was altered across two different 
experimental treatments by modifying the light delivered by the PSI 
Multi-Cultivator LEDs (cool white light). Growth light intensity was set 
to 200, 60 or 5 μmol photons m− 2 s− 1 for a high, medium or low light 
treatment, respectively, but was delivered by a different light source 
(spectral quality) than for the parallel transcriptomics study. Therefore, 
a spectral correction factor (SCF) of 0.71 was used to weight the white 
LED light source (Multi-Cultivator) to the cool-white fluorescent tube 
used in the transcriptomics study as per Hughes et al. [11] using fluo-
rescence excitation spectra (400–700 nm) previously collected for 
T. pseudonana [78]. Consequently, the spectrally equivalent light in-
tensity experienced by T. pseudonana under the white LED light source 
was 143, 43 and 3.6 μmol photons m− 2 s− 1 for these light treatments, 
and importantly, the magnitude of the growth intensity differences be-
tween the high and low light treatments used for the transcriptomics and 
metabolomics studies were the same. 

T. pseudonana cultures were grown in the same f/2 + Si medium 
described above and subjected to two different experiments. First, cul-
tures were grown in parallel under constant light (24:0 L:D) set at 200, 
60 or 5 μmol photons m− 2 s− 1, referred to as HC, MC and LC, respec-
tively. In the second experiment, cultures were grown under pulsed light 

(12:12 L:D) at 200 and 5 μmol photons m− 2 s− 1, referred to as HP and LP, 
respectively. Four independent biological replicates were grown for 
each light treatment. All cultures were optically thin and maintained for 
at least seven generations using semi-continuous culturing technique to 
ensure balanced growth [64], which was confirmed using fluorometry 
(see below). Cultures were maintained at 20 ◦C, which was 2 ◦C higher 
than used in the transcriptomic study, but variation between 18 and 
20 ◦C gave comparable physiological responses in T. pseudonana [79]. 

2.2.2. Photophysiology measurements 
Small aliquots (3–4 mL) were drawn daily from each culture vessel 

under each light treatment for cell counts and photophysiology. Daily 
cell samples were preserved using glutaraldehyde (Sigma-Aldrich) until 
counted by chlorophyll fluorescence for 60 s at a rate of 30 μL min− 1 via 
flow cytometry (CytoFlex S, Beckman Coulter, Miami, FL USA). Daily 
photophysiological assessment for each light treatment was performed 
on samples that were first low light (<10 μmol photons m− 2 s− 1) 
acclimated for 5 min (modified as per Suggett et al. [80]) to ensure full 
oxidation of the photosynthetic electron transport chain and relaxed 
nonphotochemical quenching processes before measuring fluorescence 
using a FastOcean Fast Repetition Rate fluorometer (FRRf; S/N: 12-8679- 
007) coupled to a bench-top FastAct unit (Chelsea Technologies Group 
Ltd., UK). The FRRf was programmed to deliver single turnover in-
ductions consisting of 100 flashlets of 1.1 μs at 2.8 μs intervals to retrieve 
values of the maximum photochemical efficiency (Fv/Fm, dimensionless) 
using the biophysical model of Kolber et al. [81]. A culture was 
considered to be in balanced growth for sampling when values of Fv/Fm 
were consistent (<5 % variance) across 3 consecutive days. Acclimation 
occurred over 2–5 weeks, depending on growth rate. 

2.2.3. Chlorophyll and particulate organic carbon/nitrogen 
Samples for chlorophyll were taken as 5 mL aliquots in duplicate 

from each biological replicate, each filtered onto a GF/F (Whatman, 25 
mm) and extracted overnight at − 20 ◦C in 90 % acetone. Absorption was 
measured using a spectrophotometer (Aligent Technologies, Cary 60 
UV–Vis) set at wavelengths 630, 657, 664, and 750 nm to calculate 
chlorophyll a concentration according to Ritchie [82]. Cellular partic-
ulate organic carbon (POC) and nitrogen (PON) were also measured in 
duplicate for each biological replicate, filtering 3–5 mL aliquots onto 
pre-combusted GF/F filters (Whatman, 25 mm). Culture filtrate (5 mL) 
was also collected as background subtraction. Filters were stored at 
-20 ◦C until analysis on an elemental analyzer (LECO, Baulkham Hill, 
Australia). 

2.2.4. Metabolomics sampling 
Sampling was performed between 6 and 8 h following the onset of 

light for the pulse treatment to standardize for time of day. Samples were 
gently filtered under their respective growth irradiance prior to imme-
diate flash freezing. This approach maintained light acclimated cells and 
best captured the metabolic profile under a particular light regime (as 
opposed to widely used protocols where cultures are pelleted using 
centrifugation in the dark). For each sample, a volume of culture (for 
specific volumes and cell concentrations per sample, see Table S1), was 
gently filtered to 1 mL using a 2 μm polycarbonate membrane filter and a 
47 mm GF/F backing filter. Cells were maintained in suspension during 
filtration for ≤30 s by gently pipetting manually. The concentrated 1 mL 
culture was transferred to a 2 mL cryovial tube, immediately flash frozen 
in liquid nitrogen, and stored at − 80 ◦C until extraction. 

2.2.5. Metabolite extraction 
Metabolite extraction followed in-house protocols adapted for ma-

rine algae [83]. Briefly, each 1 mL concentrated sample was lyophilized 
overnight at − 82 ◦C under 0.1 mbar (Alpha 2-4 LDPlus, John Morris 
Scientific). To each dried sample, 450 μL 100 % methanol was added to 
extract the semi-polar metabolites and vortexed. Cell slurry was trans-
ferred to a clean 2 mL Eppendorf tube and an additional 450 μL 100 % 
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methanol was used to rinse the original tube and combined with cell 
slurry. Samples were (1) vortexed, (2) sonicated (FX10 Ultrasonic 
Cleaner, Unisonics Pty Ltd., Australia) for 20 min at 4 ◦C to rupture the 
cells, (3) incubated at room temperature on a rotating platform at 1000 
rpm for 30 min and finally (4) centrifuged for 10 min at 13000 ×g at 4 ◦C 
to pellet cell debris. Supernatant was transferred and pellet re- 
suspended in 900 μL 50 % MeOH to extract the polar metabolites. The 
re-suspended pellet mixture followed steps 1–4 outlined above. Again, 
the supernatant was transferred and added to the supernatant collected 
earlier. The combined supernatant was vortexed and centrifuged to 
avoid collecting cell debris. An aliquot of 850 μL supernatant was added 
to 2 pre-weighed Eppendorf tubes (pre-dried in a SpeedVac (Eppendorf 
Concentrator 5301, Hamburg, Germany) overnight to remove mois-
ture), then dried in a SpeedVac overnight at 30 ◦C and re-weighed to 
determine the methanol extractable diatom metabolite weight (i.e., 
‘metabolite extract weight’). To prepare samples for GC–MS, individual 
extracts were derivatized following Sogin et al. [84], a protocol designed 
to measure metabolites from samples containing high concentrations of 
salts. All derivatized samples were processed within one day after 
derivatization to avoid sample degradation and crystallization of MeOx. 

2.2.6. Metabolite analysis/GC–MS processing 
Derivatized samples were analyzed using a GC (Agilent 7890B) 

coupled to a single quadrupole mass selective detector (Agilent 5944A) 
and an autosampler (Agilent 7693) as described in Sogin et al. [84]. The 
method was retention time locked using a standard mixture of fatty acid 
methyl esters (Sigma Aldrich). Spectral components in each sample were 
separated, detected and identified during deconvolution using AMDIS 
(http://chemdata.nist.gov/mass-spc/amdis/). Compound identification 
was based on an in-house library of MS spectra, with retention indices 
based on n-alkane and the standard mixes [84]. Derivative peak areas 
from the GC–MS signal outputs were used to estimate relative abun-
dance of individual metabolites. Data were then normalized to final area 
of the internal standard cholestane and then to sample ‘metabolite 
extract weight’. 

2.2.7. Metabolite data normalization 
We normalized our data by ‘metabolite extract weight’ [83] instead 

of per cell or by the more traditional normalization metric, dry cellular 
biomass, due to unforeseen circumstances using the sampling protocol 
of concentrating culture volume down to a 1 mL sample (see ‘Metab-
olomics sampling’ section above). Upon freeze drying, this 1 mL 
concentrated sample was subject to salt contamination, which ruled out 
the option to normalize by cell material dry weight. In addition, 
normalization per cell was not ideal since the cell density of LP was 
found to be significantly lower than all other light treatment samples (p 
< 0.05, see Table S2 for independent t-test comparisons) and subject to 
both biological and methodological variation during the processing 
steps between cell density sample collection and metabolite extract 
[85]. Therefore, normalizing our data by ‘metabolite extract weight’ 
provided the most robust comparison across all light treatments. 

2.2.8. Metabolite data processing/statistics 
Physiological measurements were compared within and between 

light treatments using t-tests or ANOVAs (IBM SPSS Statistics v26) set to 
a false-detection corrected significance level of p < 0.05. Specifically, 
constant (HC, MC, LC) as well as pulse (HP, LP) light treatments were 
assessed using one-way ANOVAs followed by Tukey's multiple com-
parison test. Before using these parametric tests, we ensured that the 
data did not violate the assumptions of normality and homoscedasticity 
using Levene's and Shapiro-Wilk tests, respectively. If normality was 
violated, data were either square-root or log transformed and the dis-
tribution of residuals re-tested. If either assumption continued to be 
violated despite transformation, differences between constant light 
treatments were instead evaluated using a non-parametric ANOVA on 
ranks (i.e., Kruskal-Wallis test), followed by Dunnett T3 post-hoc test. 

Pulse (HP and LP) light treatments were statistically assessed using 
Student's t-test. All statistical tests were set to a significance level of p <
0.05. 

Statistical analyses of metabolomics data were processed using the 
software package MetaboAnalyst 4.0 [86]. All data processed in 
MetaboAnalyst were log-transformed with no additional scaling. Prin-
cipal component analysis (PCA) was first used to provide an unsuper-
vised visual comparison of the metabolite profiles between treatments. 
Where no clear separation between the treatments was visible, a su-
pervised partial least squares discriminant analysis (PLS-DA) was per-
formed and assessed from ten-fold cross-validation based on Q2 and 
goodness-of-fit (R2) evaluated with permutation testing by prediction 
accuracy during training using 1000 iterations. To identify metabolites 
significantly different between treatments, significance analysis of 
microarray (SAM) plots with a false discovery rate (FDR) <10 % were 
performed. SAM assigns a significance score to each metabolite based on 
relative changes to standard deviation between repeated measurements 
while FDR signifies the portion of metabolites found to be significant by 
chance. SAM was used to identify significant metabolites because this 
approach works well with high-dimensional data and groups with low 
and/or unequal samples sizes [87,88]. To identify how metabolites 
significantly differed between specific treatments, one-way ANOVAs 
followed by Tukey's multiple comparison tests were used (following 
checks for normality and homoscedasticity as above). 

Assembling identified metabolites, especially those found to be sig-
nificant, into metabolic pathways was completed using the software 
package VANTED (http://vanted.ipk-gatersleben.de, [89]) based on 
numerical identifiers from the Kyoto Encyclopedia of Gene and Genomes 
(KEGG) database [90]. 

2.2.9. Conceptual integration of metabolic and transcriptomic profiles from 
constant light treatments 

Given the independent nature of the transcriptomic and metab-
olomic experiments, we did not statistically compare omics data sets but 
rather conceptually integrated [61] patterns of metabolomic outcomes 
relative to transcriptional changes. This repeated study design allowed 
for independent tests of the same hypothesis. Genes and metabolites that 
were identified as significant were analyzed in a pathway context using 
KEGG pathways, then the data was integrated into a conceptual diagram 
showing the cellular pathways influenced by light-limited growth. 

3. Results 

3.1. Physiological effects of light treatment 

Physiological responses captured during the metabolomics experi-
ment demonstrated that the growth rate of T. pseudonana increased 
significantly with light intensity for both constant and pulse light doses, 
from ca. 0.12–0.18 to 1.12–1.17 d− 1 (Table 1). Light intensities ranged 
from 5 to 200 μmol photons m− 2 s− 1 and growth rates were comparable 
between light dose treatments for the same intensity (i.e., HC vs. HP and 
LC vs. LP) despite the integrated daily photon dose for constant light 
being double that of the pulse light. 

For the constant light treatments, Chl a content per cell (Chl a cell− 1) 
decreased, while both C and N content per cell (C cell− 1; N cell− 1) 
increased, with increasing light intensity (Table 1). The trends for Chl a 
cell− 1 observed under pulse light were consistent with constant light, 
but C cell− 1 and N cell− 1 were higher under lower light (Table 1). 
Regardless of light treatment (constant or pulse), C:N was higher under 
low light. Fv/Fm showed that cells in all treatments were highly efficient 
at harvesting light energy at PSII. For statistical comparison of samples 
with matching average photon flux density (PFD) across constant and 
pulse light dose treatments (HC-HP, LC-LP), an additional 2-way 
ANOVA was conducted to examine the influence of light dose, light 
intensity and the interactive effect of light dose and light intensity 
(Table S3). All variables, except Chl a cell− 1, were significantly different 
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for either light dose or light intensity and a significant interactive effect 
was evident for C cell− 1, N cell− 1 and Fv/Fm. 

Detailed physiological data accompanying the HC and LC tran-
scriptomics were previously reported by Fisher and Halsey [19], and a 
comparison of major physiological characteristics for both the tran-
scriptomics and metabolomics HC and LC samples are shown in 
Table S4. While absolute values of all variables somewhat differed be-
tween parallel experiments, all reported data varied in the same direc-
tion when HC was compared to LC. Overall, both experiments elicited 
consistent emergent physiological outcomes for the two constant light 
treatments. 

3.2. Light-dependent gene expression of T. pseudonana 

A total of 2904 genes (25 % of the genome) were differentially 
expressed in HC compared to LC, using a fold change >2 cut-off 
(adjusted p-value < 0.05). Of these genes, 1410 were upregulated in 
LC compared to HC and 1494 were downregulated in LC compared to 
HC. While the vast majority of the differentially expressed genes were 
unannotated in the KEGG database, fatty acid metabolism, nucleotide 

sugar metabolism, and valine, leucine, and isoleucine degradation 
accounted for the most represented categories of genes upregulated in 
LC (Fig. 1; Table S5). Two of the most highly upregulated genes in LC 
were involved in carbon metabolism: PDK1_2 encoding pyruvate- 
phosphate dikinase increased 6.7-fold and PCK1 encoding a phospho-
enolpyruvate carboxykinase increased 7.3-fold. Genes encoding en-
zymes in the glyoxylate cycle and transport into the peroxisome, where 
the glyoxylate cycle occurs, were also upregulated in LC. Genes encod-
ing proteins associated with photorespiration (glycine decarboxylase 
and serine hydroxymethyltransferase) and the TCA cycle (malate de-
hydrogenase, isocitrate dehydrogenase, fumarate hydratase) were 
upregulated in HC (Fig. 2). Although some of these genes fell below the 
fold change >2 cut-off, they were significantly differentially expressed 
between treatments (p < 0.05) (Table S5). 

3.3. Light-dependent effects on metabolic profiles 

Distinctions in metabolite profiles were evident between light in-
tensity (i.e., high, medium and low) and light dose (i.e., constant or 
pulse) treatments via spatial separation in the PCA (Fig. 3A & B) and 

Table 1 
Physiological characteristics of Thalassiosira pseudonana measured at the time of metabolomics sampling during balanced acclimated growth to five different light 
regimes: Constant (high, medium, low) and Pulse (high, low) at 20 ◦C. ANOVA or Kruskal-Wallis (KW) test results are presented using F- or H-values, respectively, for 
constant light treatments followed by Tukey's or Dunnett T3 post-hoc analysis, respectively, with differences between individual cell characteristics and light intensity 
designated by superscripted letters. For pulse light treatments, Student's t – test results are shown using t-values. For 2-way ANOVA test results for light treatments of 
equal average PFD (HC-HP, LC-LP) see Table S3.  

Light dose 
(L:D cycle) 

Light treatment Avg PFD 
(μmol photons m− 2 s− 1) 

Growth rate 
(d− 1) 

Cells mL− 1 

(×106) 
Chl a cell− 1 

(pg) 
C cell− 1 

(pg) 
N cell− 1 

(pg) 
C:N Fv/Fm 

Constant 
(24:0) 

High 200 1.17a 

(0.08)$ 
2.35 

(0.29) 
0.30a 

(0.04) 
14.61a 

(1.39) 
2.38a 

(0.28) 
6.16a 

(0.16) 
0.52a 

(0.00) 
Med 60 1.06a 

(0.03) 
2.16 

(0.11) 
0.28a 

(0.01) 
10.23b 

(0.45) 
1.75b 

(0.12) 
6.00a 

(0.62) 
0.53a 

(0.00) 
Low 5 0.18b 

(0.00) 
1.59 

(0.12) 
0.50b 

(0.03) 
10.32c 

(0.61) 
1.13c 

(0.10) 
9.34b 

(0.69) 
0.54b 

(0.00) 
ANOVA or KW F/H 

p value* 
H = 8.38 
<0.05 

F = 3.92 
>0.05 

F = 17.64 
<0.05 

F = 74.06 
<0.05 

F = 15.65 
<0.05 

H = 9.10 
<0.05 

F = 6.23 
<0.05 

Pulse 
(12:12) 

High 200 1.12 
(0.10) 

1.77 
(0.15) 

0.15 
(0.01) 

8.87 
(0.96) 

1.27 
(0.16) 

7.55 
(0.30) 

0.55 
(0.00) 

Low 5 0.12 
(0.01) 

0.80 
(0.03) 

0.38 
(0.03) 

17.70 
(1.05) 

1.86 
(0.18) 

9.80 
(1.06) 

0.53 
(0.00) 

Student's t-test t-Value 
p value* 

3.52 
<0.05 

7.18 
<0.05 

6.92 
<0.05 

15.30 
<0.05 

8.81 
>0.05 

14.07 
<0.05 

166.29 
>0.05  

$ Values in parentheses represent SE of the mean for at least 3 independent biological replicates. 
* Significant p values (p < 0.05) in bold. 

Fig. 1. Classification summary of annotated genes differentially expressed for T. pseudonana acclimated to growth under low and high constant light conditions using 
the fold change threshold > 2, p < 0.05. (A) Annotations of genes down-regulated in low light acclimated (i.e., slow-growing) cells. (B) Annotations of genes up- 
regulated in low light acclimated cells. Numbers in parentheses represent the number of significantly expressed genes with annotations in the KEGG database. 
(For interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.) 
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PLS-DA (Fig. 3C) plots. The distribution of samples from high (HC) and 
low (LC) constant light treatments did not overlap with one another, but 
both overlapped with the medium (MC) constant light, and together 
38.2 % and 21.5 % of this variation was explained by PC1 and PC2, 
respectively (Fig. 3A). High (HP) and low (LP) pulse light treatments 
exhibited a slight overlap, with variation by PC1 and PC2 explained by 
56 and 22.3 %, respectively (Fig. 3B). Directly comparing the high and 
low light intensities for constant (HC, LC) and pulse (HP, LP) treatments 
revealed less distinct clusters via PCA (Fig. S1). However, PLS-DA 
analysis (Fig. 3C) revealed spatial separation along 4 components (Q2 

= 0.861), which suggests light intensity affected the metabolite profiles, 
although larger sample sizes are required to validate the classification 
model fit (10-fold cross-validation; p = 0.155). These data show that 
light intensity exerts a greater influence on the metabolite pool than 
light regime (i.e., total daily integrated photon dose). 

Significant differences in metabolic profiles within and between light 
treatments were identified using SAM, supplemented by post-hoc com-
parisons via ANOVA and Tukey's tests. We identified 9 metabolites that 
were significantly different within the constant light treatments (HC, 
MC, LC), whereby metabolite upregulation (i.e., higher relative con-
centration) varied between light intensities (Fig. 4). The metabolites 
identified were phytol, dihydroxybutyric acid (C4:1), eicosanoic acid 
(C20:0), threonic acid, furoic acid, fructose, aspartate, glyceryl- 
glycoside and lactate (Fig. 4). Phytol, C20:0 and glyceryl-glycoside 
were more abundant at mid-lower (MC, LC) light intensities, C4:1 and 
fructose were more abundant at mid-higher (MC, HC) light intensities. 
Threonic acid (10.7-fold), furoic acid (3.7-fold), aspartate (2.1-fold) and 
lactate (2.5-fold) were, specifically, more abundant in HC treatments 
compared to LC treatments (Fig. 4). Notably, there was a 10.7-fold in-
crease in C20:0 and 6.9-fold increase in phytol in LC compared to HC 
treatments. In the pulse light dose treatments (LP, HP), 11 metabolites 
significantly varied in relative abundance with light intensity (Fig. 4). 
Some of these metabolites were observed in both constant and pulse 
light treatments (e.g., C4:1, lactate, fructose, threonic acid, aspartate), 
but some metabolites were unique to pulse light dose treatments (e.g., 
arabinose, succinate, pentanoic acid (C5:0), myristic acid (C14:0), 
cycloartenol and anthraquinone) (Fig. 4) highlighting a potential 

diurnal effect on metabolic profiles. Of these, cycloartenol and anthra-
quinone had the greatest change, with a 19.8-fold and 8.1-fold increase, 
respectively, in HP compared to LP treatments. 

SAM-generated inter-comparisons between light treatments of equal 
average PFD but varying light dose (HC, HP, LC, LP) identified 19 me-
tabolites that significantly differed in relative abundance (Fig. 4). These 
significant metabolites showed similar relationships to light intensity, 
including the 9 metabolites identified for the constant light intra- 
comparison (i.e., LC, MC, HC) except glyceryl-glycoside, as well as the 
11 metabolites identified for pulse light intra-comparison (LP, HP), 
except succinate (Fig. 4). Despite the aforementioned metabolite re-
peats, the inter-comparison of light treatments of equal average PFD did 
reveal six new significant metabolites: scyllo-inositol, ribose, trehalose, 
glucose, glycolic acid and butanoic acid (C4:0) (Fig. 4). Separating light 
dose treatments by light intensity highlighted that between low light 
intensity treatments, LC appeared to have larger pools of all significant 
metabolites identified compared to LP, with the largest fold changes in 
fructose (5.6-fold), trehalose (5.5-fold), cylcoartenol (4.9-fold), scyllo- 
inositol (3.9-fold) and phytol (3.3-fold) (Fig. 4). Whereas at high light 
intensities, 15 of the 19 significant metabolites were present in higher 
amounts in HC compared to HP, including trehalose (4.3-fold), fructose 
(3.1-fold), scyllo-inositol (2.5-fold), and threonic acid (2.4-fold) (Fig. 4). 

Overall, lactate, aspartate, C4:1, fructose and threonic acid were the 
only metabolites that were statistically different for all comparisons of 
light intensity and light dose (Fig. 4). When comparing constant and 
pulse high and low light treatments, some metabolites were found to be 
exclusively significant on the basis of light intensity whereby lactate, 
C5:0 and ribose were consistently present at higher abundance at high 
light intensities while C20:0 and phytol were more abundant at low light 
intensities. Light intensity appeared to influence the metabolites iden-
tified as significant, but the relative abundances of those metabolites 
were seemingly more impacted by light dose (Fig. 5). Specifically, 13 of 
the metabolites identified using SAM were significant because of light 
intensity irrespective of dose and only two (C4:0 and scyllo-inositol) 
were driven by light dose (Fig. 4). 

Fig. 2. Metabolite pathway visualization of differentially expressed genes for T. pseudonana at constant high (200 μmol photons m− 2 s− 1) and low (5 μmol photons 
m− 2 s− 1) light. Genes that were upregulated in high light are represented in red, genes that were upregulated in low light acclimated cells are represented in blue. 
Right panel figure shows the interplay between processes occurring in the plastid, peroxisome and mitochondrion. Left panel figure shows more detailed interactions 
between glycolysis, fatty acid and branched chain amino acid (BCAA) degradation and TCA cycle where dashed black lines represent the glyoxylate cycle two-step 
bypass. PEPCK = phosphoenolpyruvate (PEP) carboxykinase; PPDK = pyruvate-phosphate dikinase; PK = pyruvate kinase; PC = pyruvate carboxylase; PEPC = PEP 
carboxylase; OAA = oxaloacetate; BCAA = branched chain amino acid; Pex1/5/19 = genes for various peroxins that import proteins into the peroxisome; GDC =
glycine decarboxylase; SHMT = serine hydroxymethyltransferase. Fold changes and p values for these genes are displayed in Table S5. (For interpretation of the 
references to color in this figure legend, the reader is referred to the web version of this article.) 
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Fig. 3. Metabolite profiles grouped according to light treatments. (A) PCA of relative metabolite abundances for constant light treatments (24:0 L:D) at high (yellow circles), medium (green circles) and low (blue circles) 
intensities. (B) PCA of relative metabolite abundances for pulse (12:12 L:D) light treatments at high (orange squares) and low (purple squares) intensities. (C) PLS-DA of relative metabolite abundances for constant and 
pulse light treatments at high and low light intensities to combine light intensity and light dose treatments with equal average PFD. Shaded areas represent the 95 % confidence region of individual treatment groups. 
Individual data points represent independent biological replicates (n = 4). (For interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.) 
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4. Discussion 

Light-driven differences in metabolite profiles coupled with gene 
expression patterns revealed metabolic re-adjustments required to 
maintain energy and carbon flux under wide ranging light conditions. 
Metabolites involved with glycolysis and the synthesis of fatty acids and 
carbohydrates were indicative of cells capable of high energy and car-
bon investments supporting the observed rapid growth in high light 
(Figs. 5, 6). Metabolites associated with gluconeogenesis and energy 
storage were detected in higher amounts in slow growing, low-light 
acclimated cells, but the low retrieval of metabolites in these cells sug-
gested that their metabolic pools were rapidly turned over with few 
luxury stores. In our experiments, where cells were in balanced growth, 
metabolite detection indicated that metabolite pools were (1) being 
actively produced in high quantities to meet cellular demand or (2) used 
at a slower rate than the consumption rate (i.e., had a slow turnover 
rate) under the experimental condition. The combined metabolomic and 
gene expression data show that the observed 6.5- to 7-fold change in 
light-driven growth rate is facilitated by key pathway gating strategies 
that result in shifts in carbon and energy flux. Below, the metabolic 
strategies that emerged from our analyses are described and include 
light harvesting through glycolysis and central carbon metabolism. 

4.1. Light harvesting 

Higher amounts of pigment-associated metabolites in low light 
relative to high light treatments is attributed to photoacclimation, a 
generalized phytoplankton behavior whereby light absorption is 
increased under light limitation to fuel downstream carbon fixation 
(Table 1) [63]. Photoacclimation is evidenced by the 1.7-fold increase of 
Chl a cell− 1 under LC and the 6.9-fold increase in phytol, a constituent of 
Chl a [91]. In addition, higher concentrations of long chain poly- 
unsaturated fatty acids (e.g., oleic acid (C18:1n9) and docosahexae-
noic acid (C22:6n3)) were observed in low light treatments, suggesting 
active turnover of membrane lipids, or alternatively, a storage pool of 

long-lived energy available to slow growing cells [92]. The 10.7-fold 
increase of the signalling molecule eicosanoic acid (C20:0) in low light 
cells suggests a preparatory activity associated with diatoms' rapid re-
sponses to dynamic light [93]. If C20:0 poises diatoms to sense minute 
changes in light availability, this mechanism could help explain the 
ability of these cells to exhibit an unusually wide range of light- 
dependent growth rates [94]. Alternatively, the presence of C20:0 
under low light could indicate accumulation and slow turnover of this 
compound in the cellular matrix. 

4.2. Gating carbon flux through the glycolysis - gluconeogenesis hub 

Glycolysis/gluconeogenesis extend across multiple compartments in 
diatoms including the cytosol, chloroplast and mitochondria [95]. 
Glycolysis generates energy (ATP) and pyruvate, while gluconeogenesis 
works in opposition to glycolysis to produce carbohydrates and energy 
storage molecules. The 6- to 7-fold upregulation of genes encoding 
PDK1_2 (localized to the cytosol [96]) and PCK1 (localized to the 
mitochondria [96]) in low light is consistent with the larger pools of the 
gluconeogenesis end-product trehalose (5.5-fold increase) in low-light 
acclimated cells [97–99] (Fig. 5). PDK1_2 and PCK1 are enzymes in a 
critical hub for diatom carbon flux regulation [96]. Upregulation of 
these key enzymes will increase flux through gluconeogenesis and away 
from glycolysis by catalyzing the conversion of pyruvate and oxaloac-
etate (OAA) to phosphoenolpyruvate (PEP) (Table S5; Fig. 2). In slower 
growing cells, increasing flux through this critical hub appears to limit 
energy and carbon loss to rapid glycolytic activity. During light limited 
growth, low carbon fixation rates and rapid turnover of newly fixed 
carbon require careful tuning of carbon flux mechanisms to prevent 
carbon depletion [19]. 

The combined omics approaches used here and applied to cells fully 
acclimated to their light environment indicate that central carbon 
metabolism is tightly regulated at the level of transcription, such that 
metabolites including pyruvate, OAA and PEP have rapid turnover rates, 
preventing their detection by GC–MS. Specifically, our GC–MS method 

Fig. 4. Heatmap showing the compilation of 
metabolites identified as significantly 
different by SAM for the various compari-
sons of light treatments – constant, pulse and 
constant+pulse treatments of equal average 
PFD. Significant differences (padj < 0.05) in 
metabolite relative abundance between light 
treatments are represented using shades of 
blue for lower relative abundance and 
shades of red for higher relative abundance. 
A lack of significant difference is represented 
by yellow. (For interpretation of the refer-
ences to color in this figure legend, the 
reader is referred to the web version of this 
article.)   
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was not able to detect pyruvate [84] or OAA and PEP detection had not 
yet been attempted. In contrast, gene expression facilitates accumula-
tion of some end-product metabolites that are important in maintaining 
cell viability in very low light. Unbalanced growth may cause periodic 
accumulation of pyruvate, OAA and PEP, as well as other metabolites 
not observed in our experiments studying cells in balanced growth. 

4.3. Pyruvate and acetyl-CoA 

Lactate fermentation appears to play an important role in main-
taining sufficient NAD+ to facilitate ongoing pyruvate oxidation and an 
uninterrupted TCA cycle [100]. Glycolysis yields pyruvate, which can be 
fermented to lactate or converted to acetyl CoA or OAA. The latter two 
compounds enter the TCA cycle in the mitochondria [99]. High-light 
acclimated cells contained higher concentrations of cycloartenol 
(19.8-fold increase between LP and HP, and 3.6-fold increase between 

Fig. 5. Metabolite pathway visualization of relative metabolite concentrations for T. pseudonana grown under constant (24:0 L:D) and pulse (12:12 L:D) light dose at 
low (5 μmol photons m− 2 s− 1) and high (200 μmol photons m− 2 s− 1) light intensities. Identified metabolites from GC–MS are distinguished with a graph of relative 
metabolite concentrations. Dashed black lines signify metabolites that are indirectly connected and solid black lines show cellular processes that are directly con-
nected. Metabolites outlined with red frames represent significant metabolites found in higher relative abundance under high light and metabolites outlined with 
blue frames represent significant metabolites found in higher relative abundance under low light. Solid squares represent some significant genes that were found to be 
upregulated in high light (red) or upregulated in low light (blue) treatments (see Fig. 2 for more detailed gene expression data). (For interpretation of the references 
to color in this figure legend, the reader is referred to the web version of this article.) 
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LC and HC), an essential structural cell membrane phytosterol, that 
supports rapid cell division [101–103] (Fig. 5). Lactate accumulation in 
high light treatments indicates that lactate fermentation induced by high 
rates of oxygen respiration is used to regenerate NAD+ needed to oxidize 
TCA cycle intermediates [104] and was also observed under nutrient 
limitation in T. pseudonana [105]. 

4.4. The glyoxylate cycle conserves carbon in light limited cells 

The glyoxylate cycle and photorespiration also function to prevent 
carbon depletion in light limited cells. The glyoxylate cycle is a trun-
cated version of the TCA cycle that operates in the peroxisome and does 
not produce CO2 [106]. CO2 conservation is achieved via a two-step 
bypass. In the first step, isocitrate lyase converts isocitrate to succinate 
and glyoxylate; in the second step, malate synthase (upregulated in low 
light cells) condenses glyoxylate and acetyl-CoA to form malate. Malate 
can replenish the glyoxylate cycle through the action of malate dehy-
drogenase, and succinate can be used to replenish the TCA cycle or serve 
as precursors for carbohydrate or amino acid biosynthesis [107]. Three 
genes encoding peroxin (Pex) transporters were upregulated in low light 
relative to high light (Fig. 2), supporting the increased transport of 
substrates fuelling the glyoxylate cycle: acetyl-CoA and isocitrate 
[108,109]. The branched-chain amino acid (BCAA) and fatty acid 
degradation pathways upregulated in low light provide a reliable source 
of acetyl-CoA to feed the glyoxylate cycle in the peroxisome and the TCA 
cycle in the mitochondria. 

All of the genes encoding enzymes involved in TCA cycle reactions 
that are bypassed by the glyoxylate cycle were downregulated in low 
light cells with the exception of isocitrate dehydrogenase, probably 
because it is needed to maintain production of reducing equivalents 
(NADH) and α-ketoglutarate, a key precursor for amino acid synthesis. 

Fast growing cells require a high functioning TCA cycle to support 
energy requirements and amino acid and nucleotide precursors for 
biosynthesis and growth. Faster growing, high light cells exhibit lower 
C:N than low light cells (Table 1), a property driven by high cellular 

nitrogen. C:N is associated with the positive relationship between 
ribosome content and growth rate [110,111]. Aspartate derived from 
OAA was present in significantly higher amounts in high light accli-
mated cells. Succinate was retrieved in the T. pseudonana metabolite 
profile, but was not detected in significantly different concentrations 
between light treatments. Nevertheless, the role of succinate as a 
fundamental intermediate in the glyoxylate and TCA cycles, as well as 
redox-shuttling between the cytosol and peroxisome, warrants further 
study, possibly by flux-based analysis, which may help elucidate its 
regulatory role in growth rate modulation. 

In high light, photorespiration is inevitable, but cells have adapted 
strategies to use this pathway in a beneficial way. Photorespiration 
produces glycolic acid via oxygenase activity of RuBisCO. Glycolic acid 
and genes encoding photorespiratory enzymes (GDC and SHMT) were 
retrieved in greater amounts in high light compared to low light cells, 
consistent with higher rates of photorespiration with irradiance 
[112,113]. We propose that photorespiratory-generated glycolic acid 
under high light is initially repurposed in the mitochondria to prevent 
chloroplastic damage from overreduction, rather than immediately 
returned to the CBB cycle, thus allowing simultaneous dissipation of 
energy and repurposing of carbon skeletons [44,114]. Glycolic acid has 
been proposed to have an important role in maintaining cellular energy 
balance [44], especially in conditions where rapidly growing cells are 
balancing demands for ATP synthesis via respiration with needs for 
reduced nucleotides for biosynthesis. 

5. Conclusion 

The differences we observed in metabolite abundances depending on 
light dose show that cells adjust metabolic pathways to accommodate 
light and dark periods and demonstrate the extraordinary metabolic 
plasticity used to optimize growth in dynamic light environments. Our 
study integrates “omics” data in a novel way yielding new insights into 
growth strategies for the model diatom, T. pseudonana. We expect that 
some pathway gating mechanisms, such as the heavy reliance on 

Fig. 6. Schematic of identified significant metabolic changes in T. pseudonana grown under high vs low light intensity for both constant and pulse light treatments. 
Color type indicates upregulation (blue) and downregulation (red) of relative metabolite concentrations for corresponding processes under lower light acclimation. 
Black dashed arrows indicate intermediary steps/processes that were not significantly up or down regulated according to the metabolites identified across all light 
treatments. Abbreviations: CBB cycle – Calvin-Benson-Bassham cycle; TCA cycle – tricarboxylic acid cycle; MVA - mevalonate pathway; MEP – methylerythritol 
phosphate pathway. (For interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.) 
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peroxisomal glyoxylate cycling in low light, are specialized to diatoms, 
but other mechanisms, especially the glycolysis – gluconeogenesis hub, 
operate across phytoplankton groups. This study demonstrates the 
power of combined metabolite and gene profiling for unlocking 
“emergent” physiologies that are shared across phytoplankton groups 
and that can be used to understand broad scale growth and productivity 
and leveraged for bio-production purposes. 
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