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Abstract

Background

In photosynthetic organisms, the influence of ljgt@trbon and inorganic nitrogen sources
the cellular bioenergetics has extensively beedietlindependently, but little information
available on the cumulative effects of these factbliere, sequential statistical analyses b
on design of experiments (DOE) coupled to standzaidt squares multiple regression h
been undertaken to model the dependence of respirand photosynthetic respon
(assessed by oxymetric and chlorophyll fluorescaneasurements) upon the concomi
modulation of light intensity as well as acetat@,(itrate and ammonium concentration
the culture medium ofhlamydomonas reinhardtii. The main goals of these analyses we
explain response variability (i.e. bioenergeticstitdty) and to characterize quantitatively
influence of the major explanatory factor(s).

Results

For each response, 2 successive rounds of muiBgiession coupled to one-way ANO
F-tests have been undertaken to select the majolareadpry factor(s) (1st-round) a
mathematically simulate their influence (2nd-rountifese analyses reveal that a maxi
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number of 3 environmental factors over 5 is sufintito explain most of the response

variability, and interestingly highlight quadragéfects and second-order interactions in s
cases. In parallel, the predictive ability of thedlZound models has also been investigate

bme
d by
of

k-fold cross-validation and experimental validatitasts on new random combinations



factors. These validation procedures tend to inditiaat the 2nd-round models can alsa be
used to predict the responses with an inherentatlewi quantified by the analytical error|of
the models.

Conclusions

ic

—

Altogether, the results of the 2 rounds of modefingvide an overview of the bioenerge
adaptations o€. reinhardtii to changing environmental conditions and point namising
tracks for future in-depth investigations of thelemnlar mechanisms underlying the present
observations.
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Background

In plants and algae, energy transduction processel/e the respiratory and photosynthetic
electron transport chains, which take place atekel of the mitochondrial inner membrane
and the thylakoid, respectively, through chemi-osmanechanisms coupling electron

transport and ADP phosphorylation [1]. An ubiqui@®l terminal oxidase (alternative

oxidase, AOX) which competes with complex Il fote&rons is also found in the

mitochondrial inner membrane and is responsible &gocyanide-insensitive “alternative”

respiratory pathway, opposed to the “cytochromgdthway due to complexes Ill and IV.

AOX activity does not contribute to the buildingtbk electrochemical proton gradient and is
therefore qualified as “energy-dissipating”. Thigzgme has long been known to be
responsible for heat production in the thermogdissues of higher plants (the spadix of
Araceae) but is also thought to play important roles innftbermogenic cells in some

circumstances by limiting the production of supédexanion by complexes | and Il and

accelerating the turnover of reduced cofactorsi8uge a continuous operation of the primary
metabolism [2].

Over the last century, efficient techniques havenbdeveloped to study respiration and
photosynthesign vivo [3]. In green microalgae, they can easily be attar&zed in terms of
O, consumption/production rate of cell suspensionmgusn aqueous phase Clark-type
polarographic electrode. Determination of the appBmaximal activities (MA) of the
cytochromial and alternative pathways is enabledth® use of specific inhibitors, i.e.
cyanide and substituted hydroxamic acids, respagtii4,5]. Monitoring chlorophyll
fluorescence is also a particularly suitable metfardstudying the functional properties of
the photosynthetic apparatus [6]. In this fieldlspeamplitude modulated (PAM) fluorimetry
is the tool of choice, since it enables to monitttorophyll fluorescence without any
interference of the actinic light applied to indube biological response [7]. This technology
gives access to several important parameters dRameg photosynthesis, notably the
quantum vyield of photosystem II®PSIl) and the non-photochemical quenching of
chlorophyll fluorescence (NPQ), which is actuallyade of 3 components: gqEAgH-
dependent chlorophyll de-excitation mediated by staathophyll cycle), qT (transition of
light-harvesting complexes from state 1 to 2) ah@pbotoinhibition) [8-10]. In contrast to
higher plants, state transitions have been denwmimsirto be very dynamic in green
microalgae, so that T can importantly contribot¢hie overall NPQ together with gE [11].



The unicellular green algahlamydomonas reinhardtii is considered as a model to study the
metabolism and bioenergetics of photosynthetic msgas [12]. As shown in Figure T.
reinhardtii is not only able to grow photoautotrophically Ising light energy to fix C@into
organic molecules, but can also assimilate acetatan exogenous organic carbon source
under the form of acetyl-CoA through ATP-dependenkzymatic reactions [13]. These
features enable cells to grow mixotrophically ie tight by harnessing inorganic (¢)Gand
organic (acetate) carbon sources, and even haetphitally in the dark by oxidizing acetyl-
CoA through the glyoxylate and tricarboxylic aciddJA) cycles to promote the production of
reduced cofactors and ATP. The glyoxylate cyclejctvtbypasses the 2 decarboxylation
steps of the TCA cycle, also accounts for the netmhss accumulation because its C
intermediates can be used in biosynthetic pathway$ An important feature of CO
fixation in C. reinhardtii relies on the carbon concentrating mechanism (G@Myhole-cell
enzymatic machinery enabling to increase,CGailability in the local environment of
Rubisco through the dehydration of accumulated rbmaate to counterbalance the weak
catalytic activity of the enzyme and limit its oxgrmpse activity under low GQronditions
[14,15]. The CCM consists of several isoforms atboaic anhydrases (CA) catalyzing the
interconversion of C@®and bicarbonate in different sub-cellular comparits but also of
diverse inorganic carbon membrane transporterd 716,

Figure 1 Assimilatory pathways of light, carbon and inorganc nitrogen in C. reinhardtii.
GC, glyoxylate cycle; METC, mitochondrial electrsansport chain; CETC, chloroplastic
electron transport chainj,electrons; NR, nitrate reductase; NiR, nitritduetase; 3-PG, 3-
phosphoglycerate; G-3-P, glyceraldehyde-3-phospkatg, reduced ferredoxin; kg
oxidized ferredoxin.

C. reinhardtii can assimilate nitrate and ammonium as inorgaftiogen sources, but

ammonium is preferred to nitrate when they areqresgether in the medium, consistently
with the lower energy cost of ammonium assimilat{@®,19]. Nitrate assimilation first

requires its reduction into ammonium, which cannthi®e incorporated within organic

molecules under the form of glutamate through ttf®G®GAT cycle in the chloroplast

(Figure 1) [20,21]. Reduced cofactors and ATP bemegessary for inorganic nitrogen
assimilation mainly originate from photophosphotigla under photoautotrophic culture
conditions, but also from the glyoxylate and TCAcleg coupled to oxidative

phosphorylation in mixotrophically-grown cells [23].

As illustrated in Figure 1 and demonstrated by médsoinformatics- and literature-based
models of theC. reinhardtii metabolic network, the assimilatory pathways ghtj carbon
and inorganic nitrogen are tightly interconnectewugh complex exchanges of metabolites,
energy and reducing power which are strictly regalan response to environmental changes
to maintain cellular homeostasis [24-28]. Theséures strongly suggest that bioenergetics
is likely to be influenced by the cumulative effe€¢different factors and even by interactions
between some of them. However, to our knowledgestmeported studies have only focused
on the qualitative or semi-quantitative influendeooe or a few environmental factor(s) on
respiration and/or photosynthesis while other fiscteere kept constant.

Design of experiments (DOE) coupled to multipleresgion are powerful statistical tools to
model the dependence of a physical, chemical dodiical process to different intrinsic or
extrinsic factors with a limited number of experme [29]. They are commonly used in
diverse applied research fields, in particulartfe screening of culture conditions aiming to
heighten the production of biomass and/or molecofesterest (metabolites, high-added



value compounds, pharmaceutical recombinant pmteitt.) by diverse organisms [30-33].
The methodology has successfully been applied fferdnt microalgae to optimize culture
medium for heterotrophic growth, starch and lipicbdquction, CQ fixation as well as
metabolite extraction for bio-industrial purposg4438].

In the present work, DOE coupled to standard legsares multiple regression have been
used to model the dependence of several respiratayphotosynthetic responses upon the
concomitant modulation of light intensity and atetaCQ, nitrate and ammonium
concentrations in the culture medium ©f reinhardtii. Bioenergetic responses of interest
have been defined as the dark cellular respird@d) and the apparent maximal activities of
the cytochromial (MAyr) and alternative (MA.T) respiratory pathways, as well as the
quantum vyield of photosystem Il in saturating ligPSllsog), the gross @evolution (Roo,
apparent photosynthetic rate) and the non-photodamguenching of chlorophyll
fluorescence (NPgo measured under a light intensity of 8m0|phot0nsm_2.5_l, which is
sufficient to saturate photosynthesis but not thuage photoinhibition [39]. The main goals of
this study were to determine which environmentatdgs) induce(s) most of the response
variability (in other words, which factor(s) mostgcount(s) for bioenergetic plasticity) and
to characterize quantitatively the influence ofsthenajor explanatory factors. Such goals
have been achieved through a 2 step approach tings$ a 1st-round of multiple regression
aiming to detect the factor(s) of interest, whickr&vthen selected for a 2nd-round to generate
predictive models enabling to simulate the matherabtprofile of their influence. We
discuss the results with regards to data reponmtediterature and we propose biological
hypotheses attempting to rationalize the presesémiations and to provide new promising
tracks for future in-depth investigations of theleoolar mechanisms underlying bioenergetic
plasticity in photosynthetic organisms.

Results

Design of experiments

A DOE assuming first- and second-order effects e@sstructed on the basis of the features
summarized in Table 1 to define a limited numbecahbinations of values for the different
environmental factors which altogether were sugfitito cover the whole design space. JMP
calculated that the DOE had to contain at leastd@vibinations for an unbiased subsequent
modeling, and we decided to raise this number u#2t¢+50%) to ensure more confidence
toward the analyses. The resulting DOE is a 2 l&eetional factorial design with additional
center points (i.e. combinations for which all \veduare equal to the center of the working
range) with some extra-points typically characiagzthe central composite and box-
Behnken types of designs [see Additional file 1daromplete list of all DOE items] [33]. A

3 dimensional representative example of factor atdgng within the design space is
illustrated in Figure 2 for acetate, ammonium aitichte concentrations.



Table 1 Characteristics of the factors in DOE

Factor Type Unit Xmin/M1 Xmax/M 2
Light intensity Continuous umMolypoton. M 2.8 0 200
Acetate concentration Continuous gL 0 1

CO, concentration Ordinal (2 M) % 0.035 15
Nitrate concentratic Continuou mM 0 2C
Ammonium concentration Continuous mM 0 15

M, modality; Xmin andxmax, Minimal and maximal values of the working ranfgg ¢ontinuous
variables); M and M,, 2 modalities of C@concentration.

Figure 2 Factor dispatching within the design space for acate, ammonium and nitrate
concentrations.Each point is an item of the DOE and its occureesdndicated by a
surrounding framed number. Black points corresporttie fractional factorial basis of the
design with additional center points. Grey and @/pibints are extra-points characterizing the
central composite and box-Behnken types of desagpectively.

Pearson's correlation coefficienty (vere calculated to verify that altogether thefe#nt
DOE items were uniformly covering all directions tife design space. These analyses
demonstrated that the factors did not relevanttyetate to each other|k 0.0382, data not
shown). However, while also considering second-oreléects, a much more important
correlation was detected in a small number of cd%able 2). Remarkably, an absolute
correlation of approximately 0.70 was systematycalbserved between each single factor
and its combination with COconcentration. This feature does not reflect a-cpiimal
experimental design (which would generate a lackn@drmation in some regions of the
design space), but is rather an artificial biaskattable to the definition of C{Oconcentration

as an ordinal factor. Due to this particularityntrarily to the other second-order interactions
(which all imply 2 continuous factors), the combina between C® concentration and
another factor cannot be expressed as a contimrodsict term, but rather as a 2 component
term with a specific modality for COconcentration and a specific numeric value for the
other interacting factor. In such a situation, aidting the correlation between a single factor
and its interaction with COconcentration implies to correlate this factorhmitself. The
observation of an absolute correlation coefficigrferior to 1 is only attributable to the
definition in DOE of a different number of pointsrfthe 2 CQ modalities for each value of
the other interacting factor. As shown in Tablar jmportant correlationr{|= 0.5940) could
also be noticed between squared acetate and ritvatentrations, which indicates a lack of
test points in a particular region of the desigacgp Such a collinearity can generate a bias in
modeling (due to leverage effects of isolated ®ionly if these squared concentrations are
implied together in the statistical analyses (aswhised below).

Table 2 Significantly correlated effects and associated abkite Pearson's correlation
coefficients (f|).

Factor 1 Factor 2 Ir|

[Acetate]*{CO) [Acetate] 0.7135
Light*{CO4] Light 0.6968
[NH,TCO] [NH,1 0.7092
[NOs]*[CO4) [NO;sT] 0.7135
[Acetate]*{Acetate] [INQTHNO3T] 0.5940

The symbol ™" is used to represent second-ordéeces (quadratic or interactions) of
individual factors.



Measurements of the responses

Bioenergetic responses were measured for the 4dioations of factors defined in DOE
and are summarized in Additional file 1. Measuretmavere not replicated because a global
compensation of the individual experimental erraess expected in subsequent regression
processes. Figure 3 presents typical oxymetriccmarophyll fluorescence traces obtained
for one of the center points (DOE item 4) and eixigldhe calculations of respiratory (panel
a) and photosynthetic (panel b) responses. ltdhae thoticed that CR and M#yr could not

be measured in a few cases (DOE items 14 and ZBRo26 for MAcyt) but that the amount
of experimental data (40 and 41, respectively) iamaevertheless largely sufficient for an
unbiased subsequent modeling. As emphasized Ryigherelative standard deviations of the
data (RSD = 29% fodPSlly and>50% for the other responses, data not shown), every
response is distributed within a wide range of &aJuwhich provides a highly favorable
experimental background for regression processes.

Figure 3 Oxymetric (a) and chlorophyll fluorescence (b) traes and related calculations

for a DOE center point. Displayed measurements are those of item 4 int/whdil file 1.

The small vertical bold dotted lines define theemwhich were used for rate determinations.
AU, arbitrary unit. [P], protein concentration dfjal suspension. SP, saturating light pulse.

Selection of the major explanatory factor(s) (1stwund of modeling)

The 1st-round of modeling was performed using thailable set of experimental data to
detect the factor(s) accounting for most of thepoese variability. First- and second-order
effects were assumed, i.e. it was hypothesizedlieatesponses could depend on each factor
linearly or quadratically (for continuous factols)t also on the interaction between 2 factors.
This feature rose up to 19 the number of effectechvinad actually to be involved in the
modeling processes, making necessary to get agu®\selection to avoid any possible
underestimation of important contributions. Forstlpurpose, stepwise regressions were
undertaken to define the subset of effects whichld/provide altogether the smallest AlCc
(corrected Akaike information criterion) in subseqti modeling. The selected effects are
listed in Table 3 with the corresponding AICc, clgashowing that the latter is always
dramatically lower than the AICc including all Xr8tial effects.



Table 3Summary of the 1st-round of modeling

AlCcp | =263.56 AlCgop = 203.75 AICg | =285.34 AlC¢op = 228.73 AICg | =264.77 AlCgop = 219.39

R?=0.83 R adjusted = 0.81 £ 0.70 R adjusted = 0.64 £=0.74 R adjusted = 0.68

RMSE: = 2.7 (37% of the average scale) RMSE3.4 (45% of the average scale) RMSE2.7 (40% of the average scale)

Whole-model ANOVA:p < 0.0001* Whole-model ANOVAp < 0.0001* Whole-model ANOVAp < 0.0001*

Lack-of-fit: p = 0.4295 Lack-of-fit: p = 0.9282 Lack-of-fit: p=0.6110

Factor p p-value Factor p p-value Factor p p-value

1 [Acetate] 0.660 <0.0001* 1 [Acetate] 0.608 <0.0001* 1 [NH,1] -0.465 <0.0001*

2 [NH41 -0.471 <0.0001* 2 Light 0.405 0.0002* 2 Light 0.391 0.0001*

3 Light 0.367 <0.0001* 3 [NH,'] -0.355 0.0007* 3 [Acetate] 0.348 0.0004*

4 [Acetate]*[NH ;] -0.292  0.0002* 4 [NH,TNO 4] 0.155 0.1125 4 [Acetate]*[Acetate] -0.292  0.0026*

5 [Acetate]*Light 0.160 0.0297* 5 [Acetate]*Light .86 0.1635 5 [Acetate][NH ;] -0.252  0.0078*

6 [NOy] -0.095 0.3243 6[NH,T[NO 5] 0.248 0.0090*

7 [NH4T*Light -0.171 0.0637
8 [NO37] 0.100 0.2671

DPSllgy NP Qgoc Psoc

AlCcp | =-53.30 AlCqop =—110.9¢ AlCcp =-25.05 AlCqyop =-78.7¢ AlCcp =422.01 AlCgop = 373.30

R?=0.80 R adjusted = 0.76 = 0.52 R adjusted = 0.44 £=0.75 R adjusted = 0.68

RMSE: = 0.056 (28% of the average scale) RMSH.081 (40% of the average scale) RMSEL6.4 (37% of the average scale)

Whole-model ANOVA: p < 0.0001: Whole-model ANOVA:p < 0.0001: Whole-model ANOVA:p < 0.0001:

Lack-of-fit: p = 0.1462 Lack-of-fit: p = 0.2226 Lack-of-fit: p=0.0874

Factor p p-value Factor p p-value Factor p p-value

1 Light 0.804 <0.0001* 1 [NO3s]*[NO 37 -0.418 0.0011* 1 Light 0.579 <0.0001*

2 Light*[NH, -0.243 0.0029* 2 [Acetate]*Light -0.360 0.0041* 2 [NO3 ]*[NO 3] -0.755  0.0002*

3 [Acetate]*[Acetate] -0.225 0.0062* 3 [Acetate] -0.354 0.0046* 3 [Acetate]*[Acetate] 0.554 0.0039*

4 [Acetate] 0.161 0.0424* 4 [NA -0.202 0.0928 4 [NO3T] 0.273 0.0043*

5 [COJ -0.153 0.0534 5 Light -0.126 0.2919 [BIH,T{NO 5] -0.251 0.0083*

6 [NH,1 0.044 0.5675 6 [NQ] -0.114 0.3388 6[Acetate]*Light -0.216 0.0214*
7 [CO,] 0.152 0.0991
8 [NH,'] -0.129  0.1555
9 [Acetate] -0.048 0.5948

AICcaL and AlCaiop correspond to hypothetical models which would cosgpevery 19 initial effects and the 1st-round eledvhich only
contain the stepwise-selected effects, respectiVSE- standardized in terms of percentage of the avesege (i.e. the difference between
the mean and minimal experimental response valsadisplayed to facilitate error comparison amongdels. Numbers ranging from 1 to 9
classify the different effects by increasing ordéiindividual p-value, and3-weights are also provided. Statistically significp-values p <
0.05) are surrounded by *. Effects which are higjttied in bold were considered as major explanatogs and selected for the 2nd-round of
modeling.



Modeling was performed through standard least sguanultiple regression with the
stepwise-selected effects to establish a predicthethematical equation [provided in
Additional file 2] associating a theoretical resperwith each of the 42 experimental values
[exhaustive list in Additional file 1]. In equatisnCQ concentration (which is a factor for
®PSloe and Ry is present under the form of an additional extangderm due to its
definition as an ordinal factor: this extensioregual to zero for 0.035% GQ@nd different
from zero for 1.5% C@[Additional file 2]. As summarized in Table 32RR? adjusted
(which introduces a trade-off for the number okeff to enable proper comparisons among
models) and fitting root-mean-square error (RMSkvere calculated to evaluate the
goodness of fit, and whole-model and lack-of-fit BMA tests were performed to assess the
statistical significance of the models. RMSkas also standardized in terms of percentage of
the average scale of the response (i.e. the diiferdetween the mean and the minimal
experimental values) in order to facilitate companis of regression error among models.
Remarkably, the statistical insignificance of laififit tests ¢ > 0.05 in every model)
suggests that no important effect remained unsmlethrough the stepwise regression
processes. The values of, R adjusted ¥0.70 and 0.64, respectively, except in case of
NP Qoo for which R = 0.52 and Radjusted = 0.44) and RM$E45% of the average scale)
as well as th@-values of the whole-model ANOVA tesis € 0.0001 in every model) tend to
indicate that altogether the effects selected tjinostepwise regression account for an
important part of the response variability. Theatigk contribution of the different effects to
the models was further investigated by calculatliJOVA tests andp-weights (i.e.
regression coefficients which would result from ralay with previous standardization of all
variables to a mean of 0 and a variance of 1)rdividual effects (Table 3). The absolute
value of the latter parameter participates (togettith the p-value of the ANOVA test) to
characterize the extent to which the effect contgb to the model, and its sign assesses
whether the effect exerts a positive or negativieiémce on the response. As shown in Table
3 (in which the effects are classified by incregsander ofp-value), high absolutB-weights

are always associated with smpadvalues. In most case;weights and individual ANOVA
tests lead to establish the same order of impaetdioc the different effects, with the
exception of By for which light intensity exhibits a smallgrvalue than squared nitrate
concentration (0.0001 versus 0.0002) but not a drigibsolutep-weight (0.579 versus
—-0.755); however, the 2 parameters similarly pomit that these effects are major
explanatory ones.

In case of By, 2 second-order effects which had been shown tielete to each other with
[r|] = 0.5940, i.e. squared acetate and nitrate coratemts (Table 2), were selected through
the stepwise regression process. These effectbiekigh absolutg-weights and smaib-
values p = 0.554p = 0.0039 ang@ = -0.755p = 0.0002, respectively) comparatively to most
of the other effects of the model (Table 3), sutjggsthat the regression could have been
affected by a lack of experimental data in someoregof the design space. However, the
observation of an insignificant lack-of-fit ANOVAest o = 0.0874) and of similar R
adjusted and standardized RMSElues (R adjusted = 0.68; RMSE= 37% of the average
scale) than those of the other models (exceptd@hich exhibits a lower Radjusted; see
Table 3) tend to indicate that no bias was intredudue to this correlation.

As shown in Table 3, one or several effect(s) whilohnot exert any statistically significant
influence p < 0.05 cutoff) can be found within the models, andsiderable differences can
even be observed among the relative contributiothefstatistically significant effects as
indicated by the important heterogeneity of theiralues (<0.0001 to 0.0424) and absolute
B-weights (0.160 to 0.804). These features sugdstsome effect(s) within the models do



not substantially influence the responses despiwr tselection through the stepwise
regression processes. Consequently, to avoid tuagfiand select the effects which
altogether are sufficient to explain most of thepanse variability, a trial-and-error method
consisting of several steps of multiple regressuais used: 1st-round effects were removed
successively by descending orderpevalue (from 9 to 1, see Table 3) and modeling was
tested with the remaining effects at each stephefprocess. The remaining effects were
considered as major explanatory ones when the rahod¥he less important of them (i.e. the
one exhibiting the highegtvalue) led to the observation of a significanklad-fit ANOVA

test p < 0.05) and/or a Reoefficient lower than 0.60 (except in case of Ng@r which R

= 0.52 in the 1st-round model) (data not shown).eXpected, the selected effects (bold
characters in Table 3) had been shown to exhikatigmvalues p < 0.01) and high absolute
B-weights £0.252) in the 1st-round models comparatively to uhselected effects, which
confirms their particularly important contribution.

As emphasized in Table 3 (bold characters), maxirBudifferent environmental factors over
5 (with squared effects and second-order interastio some cases) appear to be sufficient to
explain an important part of the response varighificetate concentration and light intensity
are major explanatory factors for every responsegixtor®PSlkq, for which light intensity

is the only one. In addition, ammonium and nitrabmcentrations seem to influence to a
large extent respiratory (CR, M#r, MAaT) and other photosynthetic (NBQ Psoo)
responses, respectively, unlike £dncentration which does not appear to be an itapor
effector of bioenergetic plasticity.

Mathematical simulation of the influence of the mapr explanatory factor(s)
(2nd-round of modeling)

The 2nd-round of multiple regression was performeth the effects selected through the
1st-round (bold characters in Table 3) in ordebbudd a simplified model for each response.
A few unselected first-order effects were alsoudeld in the modeling processes for NRQ
(light intensity and nitrate concentration) anghoRacetate concentration) because of the
selection of second-order effects containing thiesgors (Table 3). This process led to
establish a simplified mathematical expression éfigus 1 to 6) associating a new predicted
response with each of the 42 experimental values:

CR=6.67+ 9.0{ Acetate] + 0.025Right - 0.428\H," -] 0.5f@fetate -] 0.463Nf,'1-7.69) (1)
MA.,; =5.81+ 7.5§ Acetate] + 0.0268ight— 0.28H," 2)
MA, 1 =111+ 3.6{ Acetate] + 0.0210ight - 0.318WH 4+ 9 13(5Agetate -] 0.4)328— 03{$Acetate]—0.488)([NH 4+]— 7.33 3
®P3,,,=0.308+ 0.00108ight @)
NPQ,,, =0.334- 0.087]Acetate] - 0.000146ght - 0.001460;,” ] ©
~0.00104[ NO, ]- 9.7} - 0.0009(8Abetate -] 0.4pfLight— 1X

Poo =42.3- 3.1§ Acetate] + 0.18Bight+ 0.870NO, |+ 1¢N¢etate -] 0.48 0.4psi0, |- 78). (6)

An exhaustive list of the 2nd-round predicted res®@s is provided in Additional file 1,

which also summarizes the 1st-round predicted resg®obtained prior to the restriction of
the models to the major explanatory factor(s). AIRT R? adjusted, RMSE p-weights and



ANOVA tests for whole-model, individual effects atatk-of-fit were calculated and are
summarized in Figure 4 and Additional file 3. Comgievely to the 1st-round models, the
observations that Rand R adjusted decreased by maximum 0.15 and 0.14 units,
respectively, and that AICc and RMS#id not increase by more than 8.6 units and 8%ef
response average scale, respectively, tend toroortfiat the eliminated effects did not
substantially account for the response variability.expectedp-weights andp-values of the
individual ANOVA tests are similar to those of thst-round [see Additional file 3], so that
the relative contribution of the essential effedescribed in Table 3 seems to be globally
conserved.

Figure 4 Experimental values {) as a function of predicted responseg) for the 2nd-
round of modeling. The diagonal full straight line and the curvedtedtines indicate a
perfect match of the mode} € ) and the 95%-confidence intervals of the whole-atod
ANOVA test, respectively. The horizontal dottecagyht line represents the mean of the
response as experimentally observed. The valueateti in parentheses is the RMSE
standardized in terms of percentage of the avesegje of the response (i.e. the difference
between the mean and the minimal experimental sal& adj., R adjusted.

In Figure 4, experimental valueg) (are plotted as a function of predicted respor(sgs
calculated from Equations 1 to 6. The y straight line (corresponding to a perfect match of
the model) and the 95%-confidence intervals of wi®le-model ANOVA tests are also
represented for visual evaluation of goodnesstodrid statistical significance, respectively
(the more the confidence intervals are close toythey straight line, the more the statistical
significance of the model is important)?, R? adjusted and RMS#of the different responses
(quantifying the goodness of fit) are shown toXfe60,>0.54 and<47% of the response
average scale, respectively, except in case of ¥ which R = 0.48 and Radjusted =
0.41. ANOVA testp-values (characterizing the statistical significamd the models) appear
to be inferior or equal to 0.0002 [see Additiondk f3]. In Figure 5, contour plots
representing the evolution of the experimental gba) and predicted (panel b) responses as
a function of the 2 factors exhibiting the smallestividual effectp-values [see Additional
file 3] are compared and reveal closely relatedalgrofiles. FordPSllgg, contour plots
were replaced by line plots since this response madeled with only 1 factor (light
intensity) in the 2nd-round. These different obaépbns tend to confirm that altogether the
effects included in the 2nd-round of modeling anffisient to explain an important part of
the response variability.

Figure 5 Comparative profiles of experimental (a) and predited (b) responses for the
2nd-round of modeling. Graphs were drawn using JMP on the basis of #sgpRnative
factors with the highest individual ANOVp-value. Data points are positioned on the graphs
and their occurrence is indicated by surroundinginers. FOP Sl line plots are
presented instead of contour plots because ligangity is the only factor of the model.

Figure 6 presents a graphical simulation of théuerice of each factor as predicted by the
2nd-round models with the correspondjigveight(s) and individual effect ANOVA tegt
value(s) [see also Additional file 3]. The matheicaltprofile of each factor was established
by applying a specific value (i.e. the arithmetiean of all DOE items) to the other factors of
the model within Equations 1 to 6 to generate a sigle-unknown predictive equation. In
case of quadratic profile, the factor value for eththe response is maximal or minimal (for
concave and convex shapes, respectively) is disgland the3-weights andp-values are
provided for the first- and second-order paramegtimates. The profile of light intensity is



not presented for NR&g) since this factor does not relevantly accountésponse variability
per se (B = —0.120p = 0.3280); its presence in the model is exclugidele to a second-order
interaction with acetate concentration as detabbetbw. As expected, in case of linear
dependence, increasing and decreasing profileasm@ciated with positive and negatpre
weights, respectively; for quadratic relationshiphe type of dependence (convex or
concave) is pointed out by the sign of fheveight of the second-order effect (characterizing
the second degree coefficient of the polynomialuation equation), which is positive for
convex profiles and negative for concave ones.

Figure 6 Simulation of the influence of each major explanaty factor as predicted by

the 2nd-round models.Panelsa to c are for respiratory responses (CR, MAand MAy T,
respectively). Panel$tof are for photosynthetic respons@sSlisos, NPQoo and Roo,
respectively). The black vertical dotted lines oade the arithmetic DOE mean, and the small
black vertical full straight lines the factor valtge which the response is maximal or minimal
in case of quadratic profile. The grey curved dbtiees are the 95%-confidence intervals of
the simulationp-weights and individual ANOVA-values [see also Additional file 3] are
displayed and highlighted in bold characters whilistically significantg < 0.05). For
guadratic profiles, these parameters are providethe second- and first-order parameter
estimates (symbolized by andx, respectively).

As illustrated in Figure 6, CR linearly depends awetate concentratiofy & 0.652), light
intensity ¢ = 0.374) and ammonium concentratin=—-0.466) withp < 0.0001 (Figure 6a).
MA vt exhibits a similar dependence upon these factdts thve following parameterg =
0.602p < 0.0001 for acetate concentratifins= 0.419p = 0.0001 for light intensity anfl =
—0.337p = 0.0015 for ammonium concentration (Figure 6bA AV is linearly modulated by
light intensity ¢ = 0.395p = 0.0004) and ammonium concentrati@n=(—0.450p < 0.0001),
and is also quadratically influenced by acetateceatration § = —0.296p = 0.0058 ang =
0.344p = 0.0016 for the second- and first-order paramesémates, respectively; maximum
for 0.623 g.[") (Figure 6¢) ®PSlkgo and Ry linearly increase with light intensity € 0.810
and 0.572, respectively) with < 0.0001. In addition 43, also quadratically depends on
nitrate ¢ = —0.875p = 0.0002 and3 = 0.272p = 0.0145 for the second- and first-order
parameter estimates, respectively; maximum for /vy and acetateg3(= 0.657p = 0.0034
andp = -0.049p = 0.6448 for the second- and first-order paramestéimates, respectively;
minimum for 0.497 g.[%) (Figure 6d and f). NP& is quadratically modulated by nitrate
concentration{ = —0.414p = 0.0016 and = -0.120p = 0.3260 for the second- and first-
order parameter estimates, respectively; maximun®fb mM), and also linearly decreases
with acetate concentratiofi € —0.360p = 0.0049) (Figure 6e).

In most cases, mathematical profiles (Figure 6)rateinfluenced by the other factors of the
model since modifying their value only inducesansiation of the graphs along the ordinate
axis without alteration of their general shape. idoer, as revealed by the occurrence of
product terms within Equations 1 to 6 (second-orageractions), a mutual influence
between the individual effects of acetate and amuamorconcentrations can be observed in
case of CRf{ = —0.297p = 0.0003) and MAt (B = —0.263p = 0.0127), as well as a strong
influence of light intensity on the individual effieof acetate concentration in case of NRBQ
(B =-0.366p = 0.0043). The negative sign @fweights indicates that heightening the value
of one of the interacting factors leads to a deszeaf the slope (i.e. the first degree
coefficient of the simulation equation) charactedzthe profile of the other factor. In Figure
7, the influence of each interacting factor is imgledently simulated for 2 different values of
the other one (i.e. the minimal and maximal valoeshe DOE range; see Table 1) by the



same procedure as described for Figure 6 (the, thand interacting factor is kept equal to the
arithmetic DOE mean). No graph is presented fdrtligtensity in case of NRg) since this
factor poorly contributes to the moddgp € —-0.120p = 0.3280) whatever the acetate
concentration is. Remarkably, for CR and MA the effects of acetate and ammonium
concentrations appear to be weakened and strergtherspectively, by increasing the value
of the other factor (Figure 7a and b). Concerning.M, rising ammonium concentration
also generates a displacement of the optimal &cetmicentration towards smaller values
(maximum for 0.727 and 0.514 gin case of 0 and 15 mM ammonium, respectively). Fo
NPQsoo a relevant effect of acetate concentration isy amfiserved upon high irradiance
(Figure 7c).

Figure 7 Second-order interactions characterizing the 2nd-rand models.Panels, b and
c are for CR, MALt and NPQqo, respectively. Th@-weight and individual ANOVAp-value
are provided for each interaction. In pabethe small black vertical full straight lines with
surrounding numbers indicate the optimal acetateeuatrations.

Validation of the 2nd-round models: cross-validatio and experimental
validation on new random combinations

In parallel to the main goals of the present st(igdy to explain response variability and to
characterize the influence of the major explanatagtors), we wondered whether the 2nd-
round models could also be used as tools to preét&tresponses associated with any
combination of factors within the range of DOE (Teab).

In order to investigate the predictive ability bet2nd-round models, experimental data were
divided intok = 5 subsets (defined in Additional file 1) akdold cross-validation was
undertaken. Each of the 5 test sets was compartte toorresponding training model (built
from all data except those of the test set) in seohcross-validation mean absolute error
(MAEcy) and root-mean-square error (RMSIE Table 4 presents for each response the
average MAEky and RMSEy summarizing the deviation of the 5 test data settheir
respective training model, as well as the averageRR adjusted, MAE (fitting mean
absolute error) and RM$Eummarizing the analytical error of the 5 trainingdels (for an
exhaustive description of cross-validation resudex Additional file 4). The average scales
of the different responses are also provided a®ferance to assess the extent of the
deviations. As shown in Table 4, thé, R adjusted, MAE and RMSE of the training
models are identical or very similar to those oé tind-round models (which are also
presented in Table 4 to facilitate result overvieRemarkably, the MAE, and RMSEky
characterizing the deviation of the test data settheir respective training model do not
exceed the analytical error of more than 37% forBdfAand 21% for RMSEy, and these
proportions are reduced to 29% and 12%, respegtiifébsqg is not taken into account.



Table 4 Summary of cross-validation and experimental validéon of the 2nd-round
models

2nd-round models K-fold cross-validation (average values fo k = 5) Experimental Average scal

Training models Test sets validation sets
R? R%adj. MAEf RMSE;r R®> R?adi. MAEr RMSEr MAEcy, RMSEcy MAEgy, RMSEgy
CR 0.81 0.78 2.2 2.9 0.81 0.79 2.2 2.8 2.6 3.1 1.9 22 74
MAcyr 0.64 061 2.7 35 0.66 0.62 2.6 35 3.2 3.9 1.7 21 75
MAnr 0.64 059 2.2 3.0 0.65 0.59 2.1 3.0 2.7 3.2 1.8 1.9 6.8
®PSllg, 0.66 0.65 0.053 0.068 0.65 0.64 0.053 0.068 0.054.0670 0.068 0.078 0.201
NPQg 0.48 0.41 0.062 0.084 0.50 0.41 0.061 0.083 0.076.093 0.039 0.044 0.205
Psoc 0.60 054 136 19.6 0.60 0.54 134 196 18.4 237 731 234 43.9

Cross-validation was performed by tkéold method withk = 5; the R, R* adjusted, MAE
and RMSE presented for the training models (“F’Yl dhe test data sets (“*CV”) are the
average values compiling the 5 iterations. For eadponse, the average scale (i.e. the
difference between the mean and minimal experinhevatiies of the DOE study) is also
provided as a reference to assess the importartbe deviations. Radj., R adjusted.

In addition to cross-validation, the predictive ldpiof the 2nd-round models was also
evaluated by measuring the bioenergetic responses 6f new randomly-generated
combinations of factors (different from any DOEniewith 3 experimental replicates each
(independent cultures and functional measureme(iiaple 5). Every algal culture was
undertaken with 1.5% CfOfor technical convenience since £©oncentration was not
included in the 2nd-round models. Because of theedarge standard deviations related to
NPQso0 measurements (RSD = 19.7% on average), 2 more icatiuns were tested for
photosynthetic responses (total number = 8) in rotdeincrease confidence toward the
general tendency of data. The predicted resporssexciated with the random combinations
were calculated from Equations 1 to 6, as summauiizéAdditional file 4. The deviation of
the experimental validation data sets (containiray 8 items) to the 2nd-round models was
assessed in terms of experimental validation mésolate error (MAEy) and root-mean-
square error (RMSE) (Table 4); this deviation is also illustratedkigure 8, in which the
experimental values are plotted as a function efgiedicted ones. As shown in Table 4, the
MAEEgy and RMSEy of the experimental validation data are infermttie analytical error of
the 2nd-round models for CR, MAr, MAa T and NPQys for ®PSllgy and Roo they
exceed the analytical error of only 28 and 27%N#&Egy and 15 and 19% for RMSE,
respectively. As clearly evidenced while comparkigure 4 and Figure 8a, it has to be
noticed that the responses measured for the nedomarcombinations do not cover the full
range observed in the DOE study (except f@g)PThis feature could be attributable to the
random choice of the factor values for the 6 orm8dation points without consideration of
the responses predicted by the 2nd-round models.



Table 5Randomly-generated combinations of factors and assmted mean experimental responses used for expemmtal validation

[Ac.] Light [NH 4] [NOs7] [CO, CR MA cyr MA LT DPSllgy NP Qgoc Pgoc

1 0.5¢ 61 10.C 7.C 1.t 8.1+0.f 7.3+0.: 10.1£0.: 0.273+0.01 0.218 £0.02 50.3+1."

2 0.32 58 15.0 3.0 1.5 6.7+0.3 5.8+0.3 6.6+0.4 0.250 £ 0.025 0.183 £0.028 58.9+24
3 021 90 15.0 9.0 1.5 6.4+05 6.1+0.2 8.0+1.0 0.369 £ 0.005 0.235 +0.052 64.0+0.4
4 0.75 65 12.0 5.0 1.5 10.6 £0.8 8.8+0.6 8.3+0.8 0.307 £ 0.064 0.166 £ 0.075 488+ 1.6
5 0.3t 144 0.C 10.C 1.t 9.0+1.: 8.3+0.¢ 12.9+£0.¢ 0.428 £ 0.01 0.244 £0.04 1349 +9..

6 0.25 75 7.5 10.0 1.5 5.2+0.7 5.2+0.7 7.2+0.6 0.270 £ 0.022 0.273 £0.025 71.3+39
7 0.82 167 0.0 0.0 1.5 0.467 £ 0.054 0.097 £0.021 15.2+3.2

8 1.00 21 15.0 0.0 1.5 0.260 £ 0.015 0.133 £0.024 23.2+19

Data result from 3 independent sets of culturesmaedsurements. [Ac.], acetate concentration.



Figure 8 Mean experimental values as a function of predictetesponses for random
combinations in Table5. Mean experimental valueg)(result from 3 independent sets of
cultures and measurements. Predicted respofise®ie calculated from Equations 1 to 6
(2nd-round models). The diagonal full straight Inrepresents a perfect match of the mogel (
= ). In panela, axis scaling is identical to that of Figure 44doilitate visual comparison.
The framed zone in panel a is enlarged in panel which scaling is adapted to data points
and standard deviations are drawn except in cagegfare comprised within the limits of
the markers. Fordg, standard deviations are presented in panel a fimas not necessary
to adapt scaling.

Altogether, these different validation results aade that the 2nd-round models can be used
as tools to predict the responses associated wjtitambination of factors, with an inherent
average deviation being quantified by the MA#hd RMSE characterizing the analytical
error of the models. As deduced from Table 4, tl@siation is comprised between 26 and
36% of the response average scale for MARd 34 and 47% for RMSE

Discussion

In the present work, DOE coupled to standard legsares multiple regression have been
used to model the dependence of different respyai@R, MAcyr, MAaT) and
photosynthetic (8o, ®PSllsoo, NPQo0) responses upon the concomitant modulation ot,ligh
carbon and inorganic nitrogen sources in the ocaltoredium of C. reinhardtii. This
methodology was applied to characterize the extenwhich the different environmental
factors contribute to bioenergetic plasticity (tlgh a 1st-round of modeling) as well as the
mathematical profile of their influence for thosecaunting for most of the response
variability (through a 2nd-round of modeling). Adiether, these analyses provide an
overview of the bioenergetic adaptations resulfmogn global changes in culture conditions.
This type of sequential statistical approach, whishcommonly undertaken for the
optimization of industrial production yields andethldesign and analysis of “-omics”
experiments, had never been used to characteezeidlenergetic plasticity of photosynthetic
cells. The individual influence exerted by one dew environmental factor(s) (maintaining
the others constant) on the cellular bioenergetiod metabolism had extensively been
studied independently, but little information wamidable concerning their cumulative effect
and their relative contribution to bioenergetic pigity in a context in which they vary
concomitantly in the medium.

The present analyses demonstrate that maximumiBamental factors over 5 are sufficient
to explain most of the response variability (Tabjeand remarkably evidence squared effects
and second-order interactions in some cases (Figufegure 7). As shown in Figure 4,
comparatively to the other responses, lowéraRd R adjusted characterize the 2nd-round
models obtained for NP (this difference was also noticed in the 1st-rommodels; see
Table 3). Such discrepancies could (at least pavtyattributable to the higher experimental
error inherent to NP§, measurements (see in Table 4 and Figure 8b tige lstandard
deviations among the 3 experimental replicatehi@frandom combinations tested for model
validation: on average, RSD = 19.7% for Nip§€and<9.0% for the other responses).

In order to check whether the 2nd-round modelsccaldo be used to predict the responses
associated with any combination of factors withie tange of DOE (Table 1B;fold cross-
validation and experimental validation tests on neamdom combinations have been



undertaken. The similarity between the deviatiorthaf validation points (quantified using
MAEcv/MAEgy and RMSEVRMSE:y) and the analytical error of the training or 2wd+nd
models (for cross-validation and experimental \alimh, respectively) tend to confirm the
predictive ability of the 2nd-round models (Tab)e 4 must nevertheless be emphasized that
deviations of 26 to 36% of the response averagle gtaterms of MAE) or 34 to 47% (in
terms of RMSIE) corresponding to the analytical error of the 2adnd models are inherent
to the predictions.

In literature, Q evolution commonly appears to be normalized iimgernf chlorophyll
concentration. However, in the present analysesyas rather chosen to use protein
concentration because of the high dependen€e adinhardtii pigment content upon culture
conditions, particularly light and acetate [40—4Q2ur unconventional normalization strategy
could therefore generate apparent discrepanci@gebatpreviously reported studies and the
present results in some cases.

In the following sections, the authors will attentpt propose literature-based hypotheses
addressing the possible biological implications tbkir observations. They insist on
emphasizing that these hypotheses must not bedaresdi as firm assertions, but rather aim
to provide tracks for future in-depth molecularastigations.

Light stimulates CO; fixation through the Calvin cycle and provides
mitochondrial respiration with oxidizable substrates

The gross photosynthetic,CGvolution and the quantum vyield of photosystemofilC.
reinhardtii cells adapted to moderate light intensities (0—20®lynotonsm 2.5 %) have been
measured under 80mnolphotonsm'2.s'1. Under such a so-called “saturating” intensitye th
electron transport rate (ETR) is not limited byhligavailability but rather by the capacity of
downstream metabolic pathways that consume phatergéed reductant and ATP (such as
the Calvin cycle). In these conditions, the groge®@lution (which is partly mediated by the
rate of water photolysis) can primarily be consédeas representative of the capacity of these
pathways, even if numerous studies indicate thampdex photosynthesis-associated- O
consuming processes (particularly PTOX chlororegjpn and Mehler reaction) can also
importantly contribute in some circumstances to olai this response i€. reinhardtii
[43].

The present analyses indicate that light interesigrts a positive linear influence @ Slkgo
and Roo (Figure 6d and f). Accordingly, the maximal grd3s evolution was previously
reported to be doubled irC. reinhardtii cells grown under illumination of 400
umolphomnsm‘z.s‘1 comparatively to a lower illumination of ':'p(])nolphotc,nsm‘z.s‘l [40]. These
observations could (at least partly) be attribwigatd the well-known stimulation of the
expression and activity of Calvin cycle enzymesligit [44], in good agreement with the
higher CQ fixation rates observed upon increasing illumio@tin C. reinhardtii [45]. This
improvement of C@ fixation by light was reported to be correlated higher cellular
metabolite content, respiratory, @onsumption and TCA cycle-mediated £@oduction, in
line with the linear stimulation of CR, MAr and MAy 1 by light which could also be
detected here (Figure 6a to c). For MA and MA. 1, the term “apparent” is used because
measurements were carried out on entire cells loiitom isolated mitochondria. The
availability of respiratory substrates could theref not be directly controlled, so that the
measured maximal activities could have been untera®d comparatively to the actual
capacities if the intracellular reductant concemra was insufficient to saturate the



mitochondrial electron transport chain in the pnegeof KCN or salicylhydroxamic acid
(SHAM).

In apparent contradiction with these consideratiting present analyses did not retain,CO
concentration as a major explanatory factor of mévgetic plasticity (Table 3). Such an
absence of influence had already been highlightedhfe maximal gross Levolution in a
previous study, in which the sum between the nete@lution monitored under 600
HMOlyhoonsM 2.8+ and the dark respiration measured before illuronaivas shown to be
similar in low and high C@grown C. reinhardtii cells [46]. These observations could be
explained by the existence of a low £i@ducible CCM inC. reinhardtii, by which a high
CO, availability for Rubisco is maintained in low G@ondition. Several transcriptomic
analyses demonstrated that adaptation to diffé€atconcentrations mainly occurs through
the regulation of the genetic expression of CCM gonents but not Calvin cycle enzymes in
C. reinhardtii [47-49]. Moreover, transferrin@. reinhardtii cells from high to low C@
external concentration was shown to result in asient decrease of the amount of the small
and large Rubisco subunits before returning (withetime period required to induce CCM)
to the levels characterizing high @@own cells [50]. Altogether, these different
observations and the present ones tend to indicateadaptation to low CCenvironment in

C. reinhardtii principally occurs through CCM induction but nal@n cycle regulation.

Acetate down-regulates the capacity of the Calvinycle and promotes its own
uptake and storage to counteract the osmotic stresssociated with high
extracellular acetate concentrations

The present analyses indicate thab Bepends on acetate concentration following a qiedr
convex profile with a minimal value for 0.497 g'l(Figure 6f). In a previous study, the net
O, evolution measured under 6@MNOkhotonsm >.S - Was shown to decrease with acetate
concentrations ranging from 0 to 1.75 d¢,Lbut rates had been normalized in terms of
chlorophyll concentration and cultures conductedeurthe same saturating light intensity
than that of measurements (aﬂﬁolphotonsm_z.s_l) [51].

In C. reinhardtii and Chlorogonium elongatum (a closely related unicellular green alga),
acetate is known to repress the expression oféheggencoding the small and large Rubisco
subunits (bcS and rbcL, respectively), thereby lowering the capacity 00, fixation
through the Calvin cycle [51-53]. In this contexgrbon originating from acetate can
substitute for up to half the photoautotrophicafnerated biomass content [51,54], and
light-driven photosynthetic reactions importantbntribute to provide reductant and ATP for
biosynthetic acetate assimilation (as shown Ghlamydomonas mundane) [55]. In
heterotrophically-growrC. reinhardtii cells, acetate storage as starch is also knowreto
promoted through the improvement of the expressaod activity of enzymes of the
glyoxylate cycle (as isocitrate lyase, ICL) and agineogenesis [56,57]. In parallel to its
influence on carbon metabolism, acetate inhiBitseinhardtii heterotrophic growth beyond
0.4 g.L' in the medium (“substrate inhibition”) [58]. Frothis concentration, the osmotic
potential reaches a critical value beyond whichvactransport processes are impaired and
energy requirements for cellular maintenance arsiderably heightened. Interestingly, for
Psoo, the present analyses point out a “concentratfanftexion” (0.5 g.L approximately)
which is very close to the critical substrate irifidm concentration of 0.4 gt (Figure 6f).
This observation tends to indicate thapoReould be influenced by 2 independent acetate-
responsive metabolic processes consuming photaafedereductant and ATP: the Calvin
cycle (repressed while increasing acetate condenirdue to Rubisco down-regulation) and



the biosynthetic assimilation of acetate (stimwatehile increasing acetate concentration,
especially beyond 0.5 g:t, to promote acetate uptake and storage in ordetténuate the
osmotic stress).

Acetate stimulates mitochondrial respiration by heghtening the intracellular
reductant content and the capacity of the cytochrom pathway

The present analyses indicate that acetate coatientrexerts a positive linear influence on
CR and MAcyr (Figure 6a and b). Accordingly, when grown in acetate-containing
medium,C. reinhardtii cells were previously shown to exhibit a twice-amted respiratory
rate (partly due to the improvement of the intradet reductant content in mixotrophic
condition) [59] as well as increased transcriptelsvfor diverse components of oxidative
phosphorylation, suggesting a higher capacity efdjitochrome pathway [60]. In parallel,
MAaLT depends on acetate concentration following a qimdconcave profile with an
optimum for 0.623 g.I'. As illustrated in Figure 6c, this response camenieless be
considered as linearly stimulated up to 0.5 acetate without further increase beyond this
concentration. This observation tends to indichtd substrate-saturation of the alternative
pathway in the presence of KCN could be reacheanmby.5 g.L* acetate, which would
imply that AOX capacity is not responsive to acetatoncentration. Accordingly,
enhancement of the capacity of the cytochrome pathmas already suggested to contribute
to the acetate-induced improvement of dark respiratithout concomitant modification of
AOX capacity [61].

Acetate inhibits NPQ through repression of the LHCR3-dependent gE
component

The present analyses demonstrate that acetatertmataEn exerts a negative linear influence
on NPQoo (Figure 6€), but only in case of high light intépgFigure 7c). Interestingly, the
extent of gE has recently emerged as being draatigtiowered by the presence of acetate in
the growth medium, as notably evidenced by Finard co-workers who demonstrated that
gT is the major contributor to the global NPQ inxotrophically-grownC. reinhardtii cells
[62]. Even if the molecular mechanisms underlying tunctional relationship between NPQ
and acetate are not yet understood, the preseuitsréend to confirm these findings and
indicate that the magnitude of the inhibitory effed acetate on gE could depend on its
external concentration. Recently, gE has been gerbto be mediated by LHCSR3, a light-
harvesting complex orthologue which is only expeelsapon high irradiance [63,64]. NPQ
plasticity induced in response to changing envirental conditions (such as different acetate
concentrations) could therefore be disabled indhak and low light intensities due to the
down-regulation of LHCSR3. These interpretationssithe considered with caution due to
the impossibility to distinguish the contributiooSgE and T to the global NPQ here.

Mitochondrial respiration contributes to provide nitrate assimilation with
reductant through the acetate-dependent activity oAOX

Ammonium concentration is shown here to exert aatieg linear influence on CR, M
and MAy r (Figure 6a to c). Irbdenastrum minutum (another green alga), mitochondrial
respiration was proposed to play a role in nitestgimilation by acting as a trigger factor for
the TCA cycle. This would in turn promote the protion and export of reductant in the
cytoplasm and the chloroplast to support nitratduction [65]. In C. reinhardtii, the



enzymatic activity and genetic expression of praeinvolved in nitrate assimilation are
known to be repressed by ammonium [20,21]. Thegelaory events are responsible for a
strict control of inorganic nitrogen uptake andimdstion by ammonium availability and
enable to preferentially exploit this reduced Nnfioif nitrate is also present in the medium
[18]. Such a primary control of nitrate assimilatiby ammonium could rationalize the
present observations with regards to the postuladkdof mitochondrial respiration in this
metabolic process.

For MAaLT, ammonium concentration is the factor which expaihe highest proportion of
response variabilityp(= —0.450p < 0.0001; Figure 6c). Interestingly, the gene elmp
AOX (Aoxl) is known to be located within a gene cluster Wwhatso encodes components of
the nitrate assimilatory pathway and is tightly ulaged by the nitrogen source [66];
consequently, AOX expression and capacity were shtovbe induced by nitrate and
repressed by ammonium in a concentration-depenahamner [61]. With regards to the
peculiar genetic localization and regulation Awx1, the postulated role of mitochondrial
respiration in nitrate assimilation was proposedbaoessentially mediated by AOX, as also
indicated by a recent comparative proteomic studyliphed by our group [67]. The present
results are in good agreement with these findings.

Interestingly, a mutual influence could be detedtetiveen the individual effects of acetate
and ammonium concentrations for CR and AMA(second-order interactions). As illustrated
in Figure 7a and b (left panels), the effect of taie concentration is attenuated by
ammonium. For MA.r, there is also a displacement of the optimal &eetancentration
toward smaller values with increasing ammonium eat@tion (0.727 and 0.514 gifor 0
and 15 mM ammonium, respectively). These resutiscansistent with a negative influence
of ammonium concentration on AOX capacity. Theyoakend to confirm that the
involvement of mitochondrial respiration in nitragssimilation is essentially mediated by
AOX since no relevant second-order interaction wetained for MAyt. Reciprocally, as
illustrated in Figure 7a and b (right panels), ammm concentration exerts a relevant
influence on CR and MAr only upon high acetate concentration (these resgmaxhibit a
basal ammonium-independent value in the absenccethte). This observation tends to
indicate that acetate assimilation could provide TIiCA cycle with oxidizable substrates to
support the involvement of AOX in nitrate assimaoat

Nitrate assimilation is retro-inhibited to prevent the deleterious effects of
nitrite and ammonium intracellular accumulation

The present analyses demonstrate that nitrate ntraten exerts a quadratic concave
influence on By with an optimum for 10.48 mM (Figure 6f). II€. reinhardtii,
photosynthesis is known to contribute to provid&até reduction with electrons (together
with mitochondrial respiration as stated beyond,23,67], so that the rate of nitrate
assimilation can influencegfg in the same way as for the Calvin cycle. The ¢ftémitrate
on Ry can therefore be thought to result (such as fetade) from 2 distinct metabolic
processes of which the relative importance varieth witrate concentration: substrate
stimulation of reductase activity (predominant fr@dmto 10 mM) and retro-inhibition of
nitrate reduction by nitrate-derived intracellunmonium (predominant beyond 10 mM).
Such a retro-inhibition could attenuate the proauncof nitrite and ammonium (despite the
higher nitrate availability) and prevent the deiletes effects which would result from their
intracellular accumulation (nitric oxide overprotioa and buffering disturbance,
respectively) [20,68,69].



Similarly to Roo, NPQso0 also depends on nitrate concentration followinggiadratic concave
profile with an optimum for 9.09 mM (Figure 6e). AAsning that the NADPH-to-ATP
stoechiometric ratio of nitrate assimilation is stpr to the yield of photosynthesis, the
reoxidation of photo-generated reductant may notparlleled with ATP turnover. This
feature could result in heightenidgpH across the thylakoid membrane, which would m tu
stimulate high energy state chlorophyll de-exadat{gE) in an extent depending on the rate
of nitrate assimilation.

Conclusions

In the present work, DOE coupled to standard legsares multiple regression have been
applied to model the dependence of respiration @matosynthesis upon light, carbon and
inorganic nitrogen sources 6. reinhardtii through a 2 step approach consisting of 2
successive rounds of modeling. This methodologybkedito demonstrate that maximum 3
environmental factors over 5 account for most efvhriability of the different responses (i.e.

can induce a relevant bioenergetic plasticity) almb permitted to obtain a mathematical
simulation of the influence of the major explangttactors. Altogether, these results provide
an overview of the adaptations ©f reinhardtii bioenergetic pathways to changing culture
conditions and point out new promising tracks fotufe more specific investigations. In

order to further characterize the molecular adaptatunderlying the present functional

observations, we have undertaken a DOE-based caitngaproteomic analysis (using two

dimensional-differential in-gel electrophoresisupted to the determination of pigment and
lipid composition by chromatography, of which tlesults are currently being modeled.

Methods

Algal cultures

The cwl5 mt" wall-less strain 83 oC. reinhardtii [70] was pre-cultured at 25°C in 1 L
Erlenmeyer flasks under orbital agitation (120 rpnmoderate light intensity (75
pmolphomnsm‘z.s‘l) and ambient air in 400 mL of a classical prewmgtmedium (NaN@20
mM, KoHPO, 5.4 mM, KHPO, 4.6 mM, MgSQ 1.4 mM, CaCl 450 uM, oligo-elements
(H3sBO3 180 uM, ZnSQy 75 uM, MnCl, 25 uM, FeSQ 18 uM, CoClk 6.8 uM, CuSQ 6.3
uM, (NH4)sM07024 890 nM), Tris—HCI 20 mM pH 7.2) (photoautotroplgmowth). After 6
days, pre-cultured algae were span down by ceginfuat 1,000y for 3 min and washed
once in the targeted culture medium by successaseispension and centrifugation to
eliminate pre-culture medium. Algae were finallguspended in 75 mL of targeted culture
medium, transferred to lab-scale tubular photoliciers (Multi-Cultivators MC 1000,
Photon System Instruments) allowing an accuratdrabof light intensity (from 0 to 200
pmolphomnsm'z.s'l) and cultured for 48 h at 25°C prior to performirfgnctional
measurements. Algal cultures were bubbled eitheh wambient air or with a mixture
composed of 98.5% ambient air and 1.5%,GQulture media invariably containegHPO,
5.4 mM, KH,PO, 4.6 mM, MgSQ 1.4 mM, CaCl 450uM, oligo-elements (see above), Tris—
HCI 20 mM pH 7.2. Acetic acid (0 to 1 g1), NaNG; (0 to 20 mM) and/or NECI (0 to 15
mM) could also be added to reach a definite comagoh depending on the specificity of
each culture medium. Given the high dependencdgal growth rate upon environmental
conditions, algal cultures were inoculated at aalde initial cellular density allowing to
reach a dry biomass concentration of 2G)mL™" (approximately corresponding to an



absorbance of 1.1 at 750 nm) after 48 h. To meakerery biomass concentration, samples
of algal cultures were washed twice with milliQ eaand dried for 24 h at 75°C.

Measurements of respiratory responses: CR, MA&r, MAALT

48 h-old algal cultures were concentrated up to0@ j&g.mL™* dry biomass to optimize
resolution of functional measurements. For thisppee, algae were span down by
centrifuging at 1,00@ for 3 min, half of the culture medium was remowedl algal pellets
were resuspended in the remaining volume. Respyrgiarameters were determined by
oxygen concentration measurements using Clarkretietand related oxygraph device and
software (Hansatech). Measurements were carried imuthe dark at 25°C. Oxygen
concentration was monitored for 4 min before ad@rAM 2 mM (as a specific inhibitor of
the alternative pathway) or KCN 2 mM (as a spedifitibitor of the cytochrome pathway).
After 4 more min, KCN 2 mM or SHAM 2 mM was furthadded, respectively, and oxygen
concentration was monitored for 4 min before endiagord (total time: 12 min). The
experiment was carried out twice by reversing tdditeon order of inhibitors (KCN +
SHAM and SHAM + KCN). Cellular respiration (CR) wa®onsidered as the oxygen
consumption rate in the absence of inhibitors (mefathe 2 independent measurements).
Apparent maximal activities of cytochromial (M#&) and alternative (MA 1) pathways
were assessed as the oxygen consumption rateg ipréisence of SHAM or KCN alone,
respectively. In each case, the weak oxygen consompate remaining after adding the 2
inhibitors (residual respiration due to inhibitmisensitive cellular oxidases) was substracted.
Oxygen consumption rates were reported to protemcentration of algal suspension and
expressed in nmokOnin™ . Mgyroteins -

Measurements of photosynthetic response@®PSllgy, NPQso0, Psoo

48 h-old algal cultures were diluted down to B§.mL™ dry biomass (approximately
corresponding to 8g/mL chlorophylls) to avoid any light screen effeshich would
otherwise affect functional measurements. Forghipose, a culture sample was centrifuged
at 10,000g for 3 minutes to spin down algae and the supenhataly containing culture
medium, was added to an untreated culture samipbeving a 2:1 volume ratio to generate a
3-fold dilution of algal suspension. Photosynth@i@rameters were determined using a PAM
fluorimeter coupled to an oxymetric device (Cladeotrode and oxygraph) (Hansatech).
Measurements were carried out at 25°C in the poesef NaHCQ 10 mM to avoid any
experimental bias due to GOGmitation. Chlorophyll fluorescence and oxygemcentration
were monitored for 6 min W|thout actinic light afa 6 more min under a saturating actinic
light of 800 molphotonsm s (total time: 12 min). 2 pulses of saturating ligis000
1MOlphotonsM .S ! for 2.5 s) were applied after 5 and 11 minuteslase transitorily all
photosystem Il @ centers, resulting in a brief fluorescence raisfote returning
instantaneously to the baseline level. Chloroplilglbrescence traces were analyzed to
determine the value of F (fluorescence baselineauBGOumoIphotonsm'z.s'l) as well as r
and k' (maximum fluorescence values reached during Htarating pulse in the dark and
under 800;1molphomnsm_2.s‘1, respectively). These values were used to cakd&Sll =
(Fm'-F)/IFv) [8] and NPQoo = (Fu-Fwv')/Fm’) [9]. Oxygen concentration traces were
employed to calculategh by adding the dark oxygen consumption rate tondeoxygen
release rate monitored under aﬁmolphotonsm s 1 Oxygen consumptlon rate was reported
to protein concentration of algal suspension armessed in nmol©min™t mg[,mteInS .



Determination of protein concentration

In case of respiratory and photosynthetic measunesn&é mL and 6 mL of algal suspension,
respectively, were centrifuged at 10,060for 5 minutes. Algal pellets were invariably
resuspended in 1 mL extraction buffer (NaCl 150 refd,TA 1 mM, Triton X-100 1%, Tris—
HCI 50 mM pH 7.5) and 25 mg polyvinylpolypyrroliden(PVPP, insoluble in aqueous
solution) were further added to complex polyphemnetsch would otherwise interfere with
protein assay. Samples were sonicated at 3 Am@Ofaron ice (Sonifier Cell Disruptor B-12,
Branson) and thoroughly vortexed for 5 min at 4PUPP was span down by centrifuging at
10,000g for 5 min and the supernatant was used for detettion of protein concentration
(mg.mLY) by a Reagent Compatible/Detergent Compatible eproaissay kit (Bio-Rad)
derived from the Lowry-Ciocalteu method (for detafiee the manufacturer’'s instructions)
[71].

Statistical analyses related to DOE and multiple rgression

All statistical analyses were carried out using JMP 10 software from SAS Institute. The
DOE was constructed using the “custom designer”ut@uwith a single continuous response
as described in Table 1. First- and second-ordectsfwere considered, i.e. it was assumed
that the response could depend on each factorrlyjnea quadratically (for continuous
factors) but also on the interaction between 2ofactThe presence of 7 “center points”, i.e.
combinations of factors for which all the values agual to the center of the working range,
was imposed in DOE.

Stepwise regressions were undertaken with minimul@cAas stopping rule and the
following features as selection process: forwarbgpessive selection of the effects) and
combine (automatic selection of a first-order dffeccase of a second-order one containing
the same environmental factor is selected). Comipaha to AIC (the corresponding
“uncorrected” Akaike information criterion), AlICaitroduces a supplemental penalty while
increasing the number of factors and experimerda#d tb avoid overfitting. It is believed to
exhibit theoretical and experimental advantagethénfield of regression-based modeling in
comparison with other likelihood-derived statistiggarameters such as the Bayesian
information criterion (BIC) [72].

Modeling was performed through standard least sguarultiple regression to minimize the
error mean square between experimengalafd predictedyy) responses by adjusting the
coefficients of the following type of equation:

Yy =by+ X bx+ X hxx+X bhx2+e

wherely is the intercept (constant termx) ; the factorsly, by andb; the respective linear,
interaction and squared parameter estimate® émelresidual.

One-way ANOVA statisticalF-tests, coefficients of multiple determination?(Bnd R
adjusted) and fitting root-mean-square error (RMSkere calculated on the basis of total,
model and error sum of squares (SS) resulting ftbendistances illustrated in Figure 9.
ANOVA tests were undertaken on the basis of meaarss (MS) calculated from model and
error SS withk andn-k-1 degrees of freedom (DF), respectively, whieie the number of
factors andn the number of experimental values (MS = SS/DF).wRs assessed as the



guotient between model and total SS to estimateptioportion of the variability of the
response which can be attributed to the modeadjusted was calculated as 1-error MS/total
MS (with n-1 DF for determination of total MS) to introducerade-off for the number of
factors, as required to perform proper comparisohggoodness of fit among different
models. RMSE was obtained from error MS and standardized ims$eof percentage of the
average scale (i.e. the difference between the rapdrthe minimal values of experimental
data).

Figure 9 Distances used for SS determination in the contexf R’ R® adjusted, RMSE-
and ANOVA test calculations.Distances 1, 2 and 3 were employed for the asssdh
total, model and error SS, respectively.

Whole-model ANOVA tests were applied to characteriize statistical significance of the
models. The=-ratio was calculated as the quotient between madélerror MS and the null
hypothesis (i.e. MS equality) was rejected oK 0.05, indicating the variability of the
response to be predominantly attributable to orseweral first- or second-order effect(s).

Individual effect -weights and ANOVA tests were calculated to comptre relative
contribution of the different effects to the modgweights are the regression coefficients
which would be obtained if the different variablesl been standardized to a mean of 0 and a
variance of 1 prior to modeling. The more the abisolalue of this parameter is high, the
more the weight of the effect within the modelngpiortant. Individual effect ANOVA tests
characterize the extent to which the regressioaremould be increased if modeling was
performed without the effect. Effect SS was asskssethe difference between the error SS
of the model deprived of the effect and the acémadr SS of the model, 1 DF being used for
subsequent MS determination. ThReatio was calculated as the quotient between eéed
error MS and the null hypothesis was rejected got 0.05, indicating the effect to be
statistically significant (the smaller tlpevalue, the stronger the contribution to the madel)

Lack-of-fit tests were carried out to estimate tikelihood for the model to lack one or
several important effect(s). Pure error SS wassasskas the error SS of a saturated model,
and lack-of-fit SS as the difference between earat pure error SS; for detailed explanation,
see [73] and the “Regression Reports” webpageeIMP online support [74]. THeratio
was calculated as the quotient between lack-airfi pure error MS and the null hypothesis
was rejected fop < 0.05, indicating at least one important effedbéomissing in the model.

Model validation

Cross-validation was performed by tkdold method withk = 5 using the Statistica 10
software from Statsoft. The deviation of each tieda set to its training model was quantified
in terms of MARy (cross-validation mean absolute error) and RMSEross-validation
root-mean-square error).> RR adjusted, MAE (fitting mean absolute error) and RMSE
inherent to the training models were also calcdlabeassess the goodness of fit. In addition,
responses were measured for several randomly-gedectambinations of factors (different
from any combination included in DOE) and the d8eiaof these experimental validation
data sets to the 2nd-round models was assesserrn bf MAEy (experimental validation
mean absolute error) and RMSHEexperimental validation root-mean-square error).



Artwork and graph designs

Artwork was undertaken using the PowerPoint anduRicManager softwares of the 2007
Microsoft Office suite. Data obtained from funct@dmrmeasurements were processed using
the Excel software from the same company to caeutaspiratory and photosynthetic
responses and display them graphically. Graphstiegaesults of multiple regressions and
mathematical simulations (including line plots amwhtour plots) were drawn using the JMP
10 software from SAS Institute.

Availability of supporting data

The data sets supporting the results of this artarke included within the article and its
additional files.
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Additional files

Additional_file_1 as XLSX

Additional file 1 Table summarizing DOE as well as experimental@edicted responses.
Predicted responses of the 1st- and 2nd-round defimg were calculated from Additional
file 2 and Equations 1 to 6, respectively. Prediagesponses of the 1st-round are those
obtained before the restriction of the models #orttajor explanatory factor(s) (this
restriction was subsequently applied through treeraund). Data subsets defined kefiold
cross-validation are also provided.

Additional_file_2 as PDF

Additional file 2 Mathematical equations resulting from the 1st-tbafiimodeling. These
equations were obtained prior to the restrictiothefmodels to the major explanatory
factor(s) (as done in the 2nd-round of modeling)elio its definition as an ordinal factor,
CO, concentration is present as an extension termhakiequal to zero for 0.035% G@nd
different from zero for 1.5% CO



Additional_file_3 as PDF

Additional file 3 B-weights, whole-model and individual effect ANOV@sts of the 2nd-
round of modeling. Numbers ranging from 1 to 5 sifysthe different effects by increasing
order of individualp-value.P-values which are surrounded by * are considerestasstically
significant < 0.05).

Additional_file_4 as XLSX

Additional file 4 Supplementary information concerning the validationof the 2nd-round
models.Sheet 1 describes the parametefs RRadjusted, MAEMAE ¢y, RMSE/RMSEzy
and whole-modep-value) characterizing each of the 5 training medeld test sets &ffold
cross-validation (set numbering corresponds toithAtditional file 1). Sheet 2 lists the
randomly-generated combinations of factors use@xperimental validation tests and the
associated predicted responses (obtained from Bgsét to 6).
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