Science Advances

RAVAAAS

Supplementary Materials for

Cellular costs underpin micronutrient limitation in phytoplankton

J. Scott P. McCain*, Alessandro Tagliabue*, Edward Susko, Eric P. Achterberg,
Andrew E. Allen, Erin M. Bertrand*

*Corresponding author. Email: j.scott.mccain@dal.ca (J.S.P.M.); a.tagliabue@liverpool.ac.uk (A.T.);
erin.bertrand@dal.ca (E.M.B.)

Published 6 August 2021, Sci. Adv. 7, eabg6501 (2021)
DOI: 10.1126/sciadv.abg6501

This PDF file includes:

Model Parameters
Supplementary Methods
Supplementary Discussion
Supplementary Figures
Table S1

Algorithm 1

Figs. S1 to S16
References



1 Model Parameters

Table S1. Mathematical symbols, names, units, numerical values, and detailed descriptions for all the parameters
in the proteomic allocation model described in the main text.

Parameter Symbol | Parameter Name Units Value Description

NTxog Nitrogen Aminofcids 5893 There are nine NRT2 transporters
Metabolism found in the F. cylindrus genome.
Protein The average length is 512. There
Complex are three proteins in the F. cylin-
Size drus genome that are associated with

the GO term ’Nitrate reductase ac-
tivity’. After pBLAST, these pro-
teins were further identified as one ni-
trate reductase and two cytochrome
b5. There is one cytochrome b5 do-
main in nitrate reductase, and nitrate
reductase also functions as a homod-
imer. We take the average length
of the two cytochrome b5 proteins
(136 and 122 amino acids), added
with the nitrate reductase protein
length (862), to a amino acid to-
tal of 991 (multiplied by two, 1982).
There are four enzymes associated
with nitrite reductase activity (three
with ferredoxin-nitrite reductase and
one with NADPH dependent nitrite
reductase). We took the average
length of all NiR proteins (832 amino
acids). There are five proteins in
the F. cylindrus genome that as-
sociate with the GO term ’Glu-
tamine biosynthetic process’ (GO
Term: 0004356). After pBLAST,
two appear to be glutamine syn-
thetase/quinado kinase, two are plas-
tid glutamine synthetase 1I, and one
is glutamine synthetase type. The
average protein length is 450. Glu-
tamine is converted to glutamate by
glutamate synthase, and we found 10
proteins with ’glutamate synthase ac-
tivity’ via GO terms. These proteins
were then searched using pBLAST,
and of them, there were four hy-
pothetical proteins, two FMN-linked
oxidoreductases, two ’glutamate syn-
thase family proteins’, one glutamate
synthase (NADPH) large chain pro-
tein, and one NADH-glutamate syn-
thase small subunit. We took the
average length of the glutamate syn-
thase family proteins and large sub-
unit (1596), and summed it with the
small subunit protein (521), to a total
of 2117 amino acids. The total amino
acid count fo protein complex size is
512 + 1982 + 832 + 450 + 2117 =
5893.




MR Ribosome % 28800 96 proteins estimated for cytosolic
protein ribosomes in Chlamydomonas rein-
complex hardtii (81). These proteins range in
size size from 12-54kDa. Assuming an av-

erage size of 33kDa, this converts to a
protein cost of 3168kDa (3168000Da),
or 28800 amino acids (assuming an
average of 110 Da per amino acid).

N0t Unadjusted Manganese Aminofcids 372 There are four NRAMPs identified in
uptake the F. cylindrus genome (protein ID
protein 137845, 173050, 172829, 197170) and
complex subsequently checked with BLASTp
size and confirmed to be divalent metal

tranporter 1 or an NRAMP. The av-
erage protein size is (422, 314, 398,
355 for the above protein IDs, respec-
tively) is 372.




NTre,Unadjusted

Iron uptake
protein
complex

size

AminoAcids

Molecule

4030

G0:0006826 (iron ion transport) was
used. Ferritin (protein ID 249610,
201 amino acids), iron permease
FTR1 family (PF03239; protein ID
243554, 371 amino acids), ISIP1 (pro-
tein ID 241515, 594 amino acids)
(ISIPs included because of putative
role in iron transport and ubiqui-
tous role in iron response), protein ID
236396 (102 amino acids), periplas-
mic ABC transporter (GO:0005381
iron ion transmembrane transporter
activity, GO:0006827 high-affinity
iron ion transmembrane transport;
protein ID 193804, 301 amino acids,
protein ID 195906, 206 amino acids,
protein ID 197108 301 amino acids,
protein ID 202747 207 amino acids,
protein ID 172711 1733 amino acids,
not included because sequence gaps
impacts gene model), iron trans-
porter Ferroportinl (PF06963) pro-
tein ID 147624 493 amino acids,
ABC transporter periplasmic Fe3+
hydroxamate transport system (pro-
tein ID 209416, 348 amino acids), ZIP
Zn/Fe transporter (KOG1558, pro-
tein ID 184218 296 amino acids, pro-
tein ID 268016 179 amino acids), Fer-
ric reductase / NADH/NADPH ox-
idase and related proteins (Protein
ID 232972 824 amino acids, Protein
ID 246292 917 amino acids, Protein
ID 259423 1321 amino acids, Pro-
tein ID 227601 761 amino acids, Pro-
tein ID 235878 818 amino acids, Pro-
tein ID 252645 599 amino acids, Pro-
tein ID 184052 728 amino acids),
sideroflexin (protein ID 140510 367
amino acids, Protein ID 216838 290
amino acids, Protein ID 226433 347
amino acids). The sum of all these
proteins is 201 + 371 + 594 + 102
+ mean(c(301, 206, 301, 207)) +
493 + 348 + mean(c(296, 179)) +
mean(c(824, 917, 1321,761, 818, 599,
728)) + mean(c(367, 290, 347)) =
3787. We exclude Ferritin (201 amino
acids), as we explicitly include this
protein elsewhere. We also include
the four copies of FBP1 identified
by (8%), in F. cylindrus, which have
the average length of 442 (556, 235,
531, 449) thus the final cost is 4029
(rounded to 4030 in the model).

np

Photosystem
unit size

AminoAcids

Molecule

12177

Data from (82), and we assume a 1:1
ratio of PSII:PSI.




na Manganese Aminofcids 227 Protein ID 185706 (232 amino
superoxide acids), 239458 (223 amino acids).
dismutase G0:0004784, GO:0006801.
size
0 Dynamic Fe % 1.469 Determined  using  Approximate
uptake cost Bayesian Computation.
coefficient
0 Dynamic % 1.469 Determined  using  Approximate
Mn up- Bayesian Computation.
take cost
coefficient
Radius Metres 0.000003952 | Inferred from Figure la in ref. (24).
Transporter Metres 1.00E-09 From ref. (63).
complex
radius
Mcen Amino acids % 1.4E+11 From ref. (77), data from Sup-
per cell plementary File S1. The me-
dian picograms of protein per cell
from Pseudo-nitzschia (Fragilariop-
sis cylindrus not in dataset) was
15.53692pg. Converted to grams per
cell (1/1e12), then to amino acids per
cell.
A Proportion Dimensionless 0.2 Estimated using calculations from
of the pro- (79).
teome that
is inde-
pendent of
growth rate
K Available Dimensionless 0.1484 Determined  using  Approximate
space on Bayesian Computation.
the mem-
brane for
Mn and Fe
transporters
My Energy Ao 3 From ref. (25).
use per
amino acid
elongation
PN Energy use NeO;g 9.8 1 ATP for import + 1 NADPH for
per NO3 nitrate reduction + 1 NADPH for
conversion nitrite reduction + 1 ATP for glu-
into amino tamine synthetase + 1 NADPH for
acids glutamate synthase. Assuming an
interconversion ratio of 2.6 ATP to
1 NADPH, the total cost is: 1ATP
+ 2.6ATP + 2.6ATP + 1ATP +
2.6ATP = 9.8e.
PFe,P Iron per m 20 From ref. (106).
PSU
OFe.N Iron per N Nitrogen Pathway 10 2 Fe in nitrate reductase (one per sub-
uptake and unit, but it exists as a homodimer), 5
synthesis Fe in nitrite reductase in total (1 siro-
heme cofactor and 4 in 4Fe-4S clus-
ter), 3Fe in glutamate synthase. To-
tal is 10 Fe.
©Mn,A Manganese O 1 From ref. (107).
per MnSOD
©Mn,P Manganese W 4 From ref. (106).

per PSU




e Energy ST Acrivation 8 From ref. (25).
produced
per PSU
activation

OTrrn Energy used i 2 Set to an arbitrarily low value to en-
for Mn up- sure Mn uptake is not possible with
take Z€ero energy.

PTp, Energy used = 2 Set to an arbitrarily low value to en-
for Fe up- sure Fe uptake is not possible with
take Z€ero energy.

My Inverse  of %{f;ﬁd 6.99E-01 Averaged across all amino acids.
nitrogen per
amino acids

kcat, Ty Maximum m 178 At substrate saturating conditions,
turnover the enzyme with the lowest maxi-
rate of mum turnover rate in a pathway de-
the rate- termines the upper bound on flux
limiting through the pathway, assuming con-
enzyme in stant total amount of a enzyme (as
the nitrogen it is represented in the model as an
assimilation entire protein pool). Nitrate reduc-
pathway tase is sometimes referred to as the

rate limiting step in nitrogen assimi-
lation (kear = 12 m in spinach).
(108) estimated the nitrate reductase
kcat equal to 20 Sec{md in Arabidopsis
thaliana. We note that for glutamine
synthetase, there was a lower kcq: for
NH,™ at 2.96 m‘ We therefore
used this as the rate limiting step in
nitrogen assimilation to amino acids.

Ymaz Protein syn- % 1.14E402 Thalassiosira weissflogii translation
thesis rate rate at 20 C is 1.9 %.

Assuming a temperature depence
given by a factor of Q10 = 2 (18),
protein synthesis rate is adjusted
in the model. (Protein synthesis
rate temperature adjusted = 114 - 2
(T/10=20/10) " where T is temperature
and equal to -1 C).

Kcat, Fe Maximum e 352 Discussed in text. (70) values, using
turnover (38) calculation of handling time.
rate, Fe
transporter

kcat,Mn Maximum m 352 Kinetic constants for Fe uptake are
turnover assumed to be equivalent to Mn
rate, Mn transporters, but further work is re-
transporter quired for distinct parameterizations

across micronutrients.




kcat,ROS Maximum nie 10000 Taken from a range of BRENDA
turnover Database of kinetic constants for su-
rate, Mn- peroxide dismutases and from other
SOD publications (lower end was conser-
vatively chosen consistent with argu-
ment from (33), as a lesser efficiency
would correspond with more demand,
and a higher potential interaction be-
tween MnSOD production and oxida-
tive stress). Note that this parameter
is multiplied in the model by ¢,, mak-
ing it have a more phenomenological
interpretation.
Kre, P Half sat- % 10000 Set to an arbitrarily low value.
uration
constant for
Fe; to Pho-
tosystems
Knrn,, P Half sat- % 10000 Set to an arbitrarily low value.
uration
constant
for Mn; to
Photosys-
tems
Knin, A Half sat- % 10000 Set to an arbitrarily low value.
uration
constant for
Mn; to An-
tioxidants
Kre; N Half sat- % 10000 Set to an arbitrarily low value.
uration
constant for
Fe; to Tn
(N uptake
and biosyn-
thesis)
Ke Half sat- % 10000 Set to an arbitrarily low value.
uration
constant for
energy
€q Efficacy per Dimensionless 0.00001 Determined  using  Approximate
MnSOD Bayesian Computation.
o Absorption Z“—; 0.01 From ref. (87).
Cross  Sec-
tion
T Activated Mirlbu o 6000 We obtained the values from the
photo- mean shown in Figure 2E for phyto-
system plankton in (88), of 0.1 (). Con-
turnover verting to minutes, this results in an
rate value of 6000 (g7i—)-
Ry Shape of Dimensionless 10 Arbitrarily chosen.
the ROS
mismatch
penalty

function




2 Supplementary Methods

2.1 Optimization

Our model optimizes the set of parameters that describe the proportion of ribosomes translating for a given protein
pool (ﬁ), and we used the steady-state growth rate as the objective function (25). We used several techniques to
improve the accuracy and speed of optimization.

The computational problem can be broken down into two stages. The first stage is solving for the steady state
growth rate, and the second stage is determining which set of parameters lead to the optimal growth rate. We chose
to set up the first problem as a system of ordinary differential equations (ODEs), and numerically integrate these
ODEs to a pseudo-steady state (25). The rates within the ODEs are a function of the proportion of ribosomes
translating each proteomic pool (B') So, in order to determine the optimal ﬁ_' we need integrate the system of
ODEs to a steady state to evaluate the growth rate (). To perform the numerical integration, we used the python
module SciPy odeint, which accesses the LSODA algorithm in ODEPACK (109). The integration time step varied,
depending on whether it was used for the ABC analysis or the parameter perturbation experiments. However, the
maximum number of internally defined time steps (mastep in odeint) was kept at 1E6.

In order to determine the optimal 5, we used Sequential Least Squares Quadratic Programming (SLSQP,
SciPy), a method used for non-linear, constrained, and bounded optimization problems. However, we found that
the minimization was highly start-point dependent due to the nature of the optimization problem. We developed a
three-component optimization protocol to approach this problem. In the first component (‘the drunkards walk’), we
used SLSQP initialized with a random ,6_" with a high error tolerance, performed n times. For all model experiments
(parameter perturbations), and for the baseline model, we set this value to n = 20. For running the ABC, we used
n = 10, because it is slightly faster. During this stage, the integration time for determining the steady-state growth
rate was set to 5E5 (with a time step of 10). The ‘high error‘ tolerance corresponded with a value of 1E-4 for the
ftol parameter in SciPy minimize, which is the precision goal for the growth rate value in the stopping criterion.
We also set the maximum iterations parameter (maziter) to 200 for the minimize function in SciPy. For all other
parameters we used default settings.

The second component is an empirical Bayesian optimization using Gaussian Process Regression, informed
from the original set of n random guess. Conceptually, this approach is improving the sampling of parameter space
because it is not dependent on randomly generated 5, but a guided search. After the first component, we use the
SLSQP determined 5, paired with their steady state growth rates, to train a Gaussian Process Regression (GPR)
model. We use this approach because evaluating our objective function is computationally expensive. The GPR
model covariance function is an additive combination of the dot product and White kernel. Once we have trained
the GPR model, we generate p random 6}, evaluate all 5} using the trained GPR model, and then determine
which 6_1; would have the highest growth rate. For all model experiments and the baseline model runs, we set p =
1000. For the ABC analysis, we set p = 300. We then use the top 20% p values (as ranked by their GPR-predicted
1) as initial starts for the SLSQP approach. After these 5 values are evaluated with the objective function, we
re-train the GPR model with these additional observations k times. For all model experiments and baseline model
runs, we set k = 10, for the ABC analysis we set k = 2.

The third component is a refined optimization with lower error tolerance (‘the sober walk’). We begin by
taking the top 10% of 5, ranked by their growth rate. From this sub-group, we use a k-means clustering of these
parameter sets. We then take the j centroids from the k-means clustering, and use these as inputs for the ‘sober
walk’. This last component uses the k-means clustering centroids as start points for the SLSQP optimization, with
a lower error tolerance compared to above. The ‘low error‘ tolerance corresponded with a value of 1E-6 for the
ftol parameter in SciPy minimize. The optimal E is the parameter set, from this component, which resulted in the
highest steady-state growth rate.

We found that these steps above improved both the computational speed and accuracy of the optimization.
Additionally, we used the square-root of the growth rate, which flattens the optimization surface and we found to
improve the accuracy of our optimization. We also used a shorter steady-state time during the ‘drunkards walk’,
which is a good approximation of the steady state growth rate, but it is much more efficient because the time-length
of integration is much smaller.



Algorithm 1: Optimization algorithm description. n is the number of initial random parameter guesses.
ey is fixed proteomic fraction. SLSQP: Sequential Least Squares Quadratic Programming, a constrained
optimization protocol.

Result: ngt
for n do

Generate random E such that Zj B; =1,

High error tolerance SLQSP using 3 as initial value and ,/p as objective function;

Generate initial optimized B: and corresponding p;;
end

Train a Gaussian Process Regression (GPR) model using all ﬂ_; and corresponding p;;
for k do

Generate p, ﬂ_;, such that Ej Bj=1;
for p do
| Predict p using trained GPR;
end
Subset which 5,, had the highest GPR-predicted p;

Evaluate these subsetted Bp using a high error tolerance SLQSP, determine corresponding ;

Re-train GPR model with new, appended set of Bp and corresponding jip;
end
K-means clustering of top 10%, ranked by u.
for 7 do
Low error tolerance SLQSP using K-means cluster centroids as initial values and VIt as objective
function;
end

3 Supplementary Discussion

3.1 Model parameter posteriors interpretation

We estimated three key, unconstrained model parameters, each corresponding to different cellular processes: (1)
internal Fe protein cost, (2) available membrane space for transporters, and (3) the catalytic efficiency of MnSOD.
Below we provide a detailed discussion of their interpretation. The first parameter represents the strength of this
internal cost in our model by multiplying the cellular Fe quota by a coeflicient, which is interpretable as the amino
acids required for managing each Fe atom. If all Fe was bound to ferritin, for example, this coefficient would be
the total amino acids per ferritin protein complex divided by the total amount of Fe per ferritin protein complex.
This parameter significantly increases the protein cost per transporter.

The second key parameter was the available membrane space for Mn and Fe transporters. Note that our estimate
of available membrane space corresponded with the upper-bound of our prior distribution for this parameter — a
wider prior distribution may have resulted in a higher value. We chose this upper bound (15% of membrane
surface area) because approximately 50% of the membrane can be allocated to proteins to maintain lipid bilayer
integrity (68). There is also a membrane requirement for macronutrient transporters (e.g. phosphate, nitrate, or
silicate). We therefore reasoned that Fe and Mn transporters took up a maximum of 15% of the membrane space.
Yet, targeted work on membrane protein dynamics, particularly in eukaryotic phytoplankton, is clearly required to
obtain a more accurate upper bound for available area for membrane transporters.

The last unconstrained parameter was the catalytic efficiency of MnSOD. Superoxide dismutases are incredibly
efficient enzymes (107). If we constructed this model to simply minimize steady-state concentrations of superoxide
(assuming a well mixed compartment), only a few copies of MnSOD would be required. Yet, that is not observed
in field-based proteomes (our data presented here) or in cultured diatoms (e.g. 45). There is also evidence that
MnSOD is associated with the chloroplastic membrane directly suggesting some degree of producing this critical
protein at levels higher than would be suggested from kinetic-based reasoning (110, 111, 112). In other words, an
overproduction of MnSOD would prevent free superoxide from diffusing and interacting with biomolecules. Yet,
the degree of overproduction is uncertain — this is one way this parameter may be interpreted.



3.2 Iron-light interactions in the Southern Ocean

Recently, some evidence suggesting that Southern Ocean phytoplankton have a unique relationship between Fe
and light levels has emerged, which is mediated by low temperatures (88). We predicted an inverse relationship
between light levels and cellular Fe quotas, consistent with previous work (49). It is unsurprising that we do not
predict the relationship observed in ref. (88), as it was not included within our photosynthetic model. Future work
is required to address how various temperature-dependent mechanisms (e.g. photosynthetic processes, translation
rate, Fe uptake kinetics, membrane saturation, etc.) integrate to influence the complex relationship between Fe,
Mn, temperature, and light.

3.3 Iron and manganese interactions

A key mechanism of interdependence between Mn and Fe was included in our model (33). Briefly, under low Fe,
electrons leak more from electron transport, increasing the requirement for MnSOD. Therefore, under low Fe, Mn
should have a relatively larger impact on growth rate than at high Fe. Despite explicitly including an interaction
between Mn and Fe in our model, we found that these two micronutrients influenced growth rate mostly independent
of each other.

Antioxidants are produced to counteract ROS production via leaked electron flux. There are two controls on
total leaked electron flux: 1) the proportion of electrons leaked and 2) the total electron flux. Low Fe increases
the proportion of electrons leaked, but it also decreases the total electron flux. Therefore, while the requirement of
MnSOD per PSU increases under low Fe, the total requirement for MnSOD decreases. These observations challenge
the result that Fe and Mn interact under low Fe — seemingly inconsistent with the observed increase in Mn quota
under low Fe (33). However, several lines of evidence from ref. (33) are actually consistent with our predictions
and newer observations. Our model also predicts an increase in Mn quota under low Fe, yet the source of this
increased quota is an increased internal free Mn pool, not MnSOD. Increased reactive oxygen species observed
under low Fe (8%) is consistent with superoxide secreted to increase bioavailability of ligand-bound Fe (113), or
with a recently discovered mechanism relating superoxide production with photosynthetic health (174). Our model
results suggest that Mn actually has a larger role in influencing growth rate under high Fe, rather than low Fe, and
a reframing of previous growth rate data provides some support for this conclusion (Supplementary Fig. S9). Yet,
these geochemical conditions are infrequently encountered in the Southern Ocean (Supplementary Fig. S2), so it is
unclear how much Mn and Fe interact to control phytoplankton growth in the Southern Ocean. Furthermore, it is
unclear how to reconcile observations suggesting Mn limits primary productivity (26, 27, 28, 115, 116). Perhaps
a more complex, community-interaction is at play, or other organisms (e.g. haptophytes) are contributing to this
phenomenon.

3.4 Proteomic allocation model predictions compared with field-based diatom pro-
teomes

Our model captures trends in fold change for most protein pools from the two weeks with both proteomic obser-
vations and geochemical data. It did not capture the trends in expression of nitrogen metabolism and uptake, and
antioxidants. We observed a decrease in photosystem units (PSUs) and ribosomes from Week 1 to Week 3 in both
the experimental metaproteomic time series (dotted vertical lines, Supplementary Fig. S12) and the model pre-
dictions. However, the model did not capture the trend in abundance change for the nitrogen metabolism protein
pool. We hypothesize that the lack of correspondence is because our model only considers nitrogen uptake from
nitrate, whereas concurrent experiments suggested diatoms were using ammonium (40), which is more Fe efficient
(117). The posterior distribution for antioxidant expression did not clearly indicate one direction of expression (i.e.
increase or decrease). Thus, more targeted work examining the expression of this key protein pool is required.



4 Supplementary Figures
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Figure S1: Correlation between sum of taxon-specific peptide intensities per taxonomic group and total protein
used for each taxa using the ref. /2 artificial metaproteome. The sum of peptide intensities per group is a valid
proxy of biomass across both the ‘Long’ and ‘Short’ chromatographic runs (right and left panels). Values from
both axes are rescaled such that they vary from 0-1. The 1:1 line of y = x is plotted in black, and the blue line
represents a linear model. Point size reflects the number of peptides observed for a given taxa.
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Figure S2: Posterior probability distributions for each of the three unconstrained, estimated parameters. Parame-
ters were estimated using Approximate Bayesian Computation (see Methods). The modes of each distribution were
used for the inferred parameter value. Each bar represents the posterior probability for a given cellular parameter
within that interval (Methods).
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Figure S3: Southern Ocean concentrations of dFe and dMn from two data sources (Methods). Circles represent
concentrations derived from a surface Tow-FISH on GEOTRACES cruise JR274. Squares are median mixed layer
concentrations of dMn and dFe from GEOTRACES cruises in the Southern Ocean, GEOTRACES Intermediate

Data Product 92. Corresponding light levels were calculated using the Ocean Color database (118).
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Figure S4: Histogram of growth rates from the cellular model (left, 1-3000 pM dFe, 1-3000 pM Mn) are within
the same range of observed growth rates of Fragilariopsis cylindrus across a range of iron and temperatures (40).
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Figure S5: Histogram of Fe uptake rates from the cellular model (left, 1-3000 pM dFe, 1-3000 pM Mn) are within

the observed range of Fe uptake rates of Phaeodactylum tricornutum (48).
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Figure S6: Model Fe and Mn quotas (histograms, 1-3000 pM dFe, 1-3000 pM dMn) overlap with the observed
range of cellular quotas from Thalassiosira pseudonana (dotted lines, 33).
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Figure S7: Model Fe and Mn quotas (histograms, 1-3000 pM dFe, 1-3000 pM dMn) overlap with the observed
range of cellular quotas from diatoms collected on the SOFeX expedition to the Southern Ocean (dotted lines, 47).
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Figure S8: Model runs across a wide range of iron and manganese concentrations typically observed in the Southern
Ocean. Light levels were 50 uEinm~2s~!. (A-F), proteomic mass fractions for each proteomic pool from the
cellular model. (G), growth rate across a wide range of Fe and Mn concentrations. (H-I), total cellular quotas of
Fe and Mn, including the free Mn and Fe pools.
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Figure S9: Light and cellular Fe quota from the cellular model have an inverse relationship. Two dFe concentrations
(100 and 1000 pM) are shown (left and right panels), with two concentrations of dMn (100 and 1000 pM), across
a range of light levels.
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Figure S10: Model (A) and culture (B-D) growth rates under low and high Fe and low and high Mn. Manganese
concentrations are given as the colour of the points (and the labels on the points). The proteomic allocation model
and two datasets support the conclusion that Mn has a bigger impact on growth rate under high Fe than under
low Fe (119, 33).
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Figure S11: Monod growth kinetics for dFe and dMn. Inset parameter values were found using nonlinear-least
squares. For both Fe and Mn (top and bottom, respectively), saturating concentrations of the non-varying nutrient
were used (saturating concentrations = 3000pM). Monod-type functions fit dMn well, but dFe poorly, but this
approach was used to simply choose concentrations for testing parameter changes.
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Figure S13: Extended version of additional internal cellular processes that are the proximate causes of growth rate.
(A), the internal, modelled processes directly inhibiting growth vary across iron and manganese concentrations.
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