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Abstract

Mixotrophic protists display contrasting nutritional strategies and are key groups connecting planktonic food webs. They
comprise constitutive mixotrophs (CMs) that have an innate photosynthetic ability and non-constitutive mixotrophs (NCMs)
that acquire it from their prey. We modelled phototrophy and phagotrophy of two mixotrophic protists as a function of
irradiance and prey abundance. We hypothesised that differences in their physiology (constitutive versus non-constitutive
mixotrophy) can result in different responses to light gradients. We fitted the models with primary production and bacte-
rivory data from laboratory and field experiments with the nanoflagellate Chrysochromulina parva (CM) and the ciliate
Ophrydium naumanni (NCM) from north Andean Patagonian lakes. We found a non-monotonic response of phototrophy
and phagotrophy to irradiance in both mixotrophs, which was successfully represented by our models. Maximum values
for phototrophy and phagotrophy were found at intermediate irradiance coinciding with the light at the deep chlorophyll
maxima in these lakes. At lower and higher irradiances, we found a decoupling between phototrophy and phagotrophy in
the NCM while these functions were more coupled in the CM. Our modelling approach revealed the difference between
both mixotrophic functional types on the balance between their nutritional strategies under different light scenarios. Thus,
our proposed models can be applied to account how changing environmental conditions affect both primary and secondary
production within the planktonic microbial food web.
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Y £ Introduction

Mixotrophy, a feeding strategy using both autotrophic

and heterotrophic carbon sources, is widely distributed in
microscopic plankton but rarely included in ecological models.
We have developed a model for the balance between the rates of

Mixotrophy is a nutrition mode that combines both pho-
totrophy and heterotrophy through photosynthesis and

photosynthesis (phototrophy) and prey ingestion (phagotrophy)

in two types of mixotrophic protists - constitutive and non-
constitutive. We validate the model using experimental data from
field and laboratory research on two protist species that are widely
distributed in high-mountain lakes of Patagonia. Our modelling
approach clearly identified how a constitutive and a non-constitutive
mixotrophic protist species balances their nutritional modes under a
wide irradiance range.
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organic carbon uptake. Although mixotrophy can include
other forms of nutrition (Jones 1997), in this work we will
consider protists that obtain energy and nutrients by pho-
totrophic autotrophy (using light) and phagotrophic het-
erotrophy (by particle uptake). The increase in microbial
plankton research has revealed that mixotrophic protists are
very common in aquatic environments (Jones 2000; Stoecker
1998) and a major component in many planktonic food webs
(Flynn et al. 2019). The recognition of the ecological impor-
tance of the microbial loop in plankton trophic dynamics
(Azam et al. 1983) and the ability to utilise multiple ways
of energy and nutrient acquisition, place mixotrophs as a
key group within the planktonic food web (Ward and Fol-
lows 2016) merging the traditional dichotomy of autotrophic
phytoplankton and heterotrophic microzooplankton (Mitra
et al. 2016). In this sense, mixotrophic protists may represent
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a considerable fraction of the primary producers and bacte-
rial grazers (Zubkov and Tarran 2008) constituting a key link
between the microbial loop and higher trophic levels (Mitra
et al. 2014; Ptacnik et al. 2004).

In high light—nutrient limited systems, bacterivory by
mixotrophs is a particularly important predator—prey inter-
action (Modenutti and Balseiro 2002; Unrein et al. 2014,
Yvon-Durocher et al. 2017). In these systems, mixotrophs
have a physiological advantage over strict autotrophs
because bacterivory provides essential nutrients to com-
pensate for carbon fixation by phototrophy (Mitra et al.
2016). Phototrophic protists including strict phototrophs
and mixotrophs, compete for nutrients with picoplankton
that outcompete the formers due to a higher surface-to-vol-
ume ratio (Danger et al. 2007). In this context, mixotrophy
represents an ecological advantage for protists by eating
their competitor (Fischer et al. 2017; Nygaard and Tobiesen
1993). The effect of light on phototrophy of mixotrophs is
well documented and has been assessed by both experimen-
tal and modelling approaches (Berge et al. 2017; Edwards
2019; Fischer et al. 2017; Waibel et al. 2019). On the other
hand, phagotrophy is directly affected by prey availability
and modulated by changes in dissolved nutrients and light
(Edwards 2019; Hansson et al. 2019; Maselli et al. 2022).
Although the effect of irradiance on the bacterivory of dif-
ferent mixotrophic species has been assessed with both field
and laboratory experiments (Balseiro et al. 2004; Ptacnik
et al. 2004; Waibel et al. 2019), mechanistic models involv-
ing a wide range of irradiance are still scarce. Recently, the
non-monotonic Platt equation was proposed to model mixo-
trophic nanoflagellates (MNF) clearance rate in mountain
lakes with a wide irradiance range, showing the high poten-
tial of Platt formulations to represent quantitatively how bac-
terivory is modulated by intermediate and high irradiances
(Schenone et al. 2020).

Mixotrophs are extremely diverse and only by assigning
their diversity metabolisms it will be possible to understand
how they impact ecological dynamics and nutrient fluxes.
Particularly, MNF were traditionally considered as ‘phago-
trophic phytoplankton’, with most groups being primarily
phototrophic but that benefit from phagotrophy according
to light availability (Jones 1997). On the other hand, mixo-
trophic ciliates were traditionally named as ‘photosynthetic
protozoa’ (primarily phagotrophic) in which phototrophy
supplements C for nutrition (Stoecker et al. 2009). Recently,
Mitra et al. (2016) categorised mixotrophs in two main func-
tional groups: constitutive mixotrophs (CMs) that have an
innate photosynthetic ability (i.e. have their photosystems)
such as the MNF, and non-constitutive mixotrophs (NCMs)
that acquire the photosystems from their prey, such as larger
dinoflagellates and ciliates. CMs are more flexible to switch
between nutritional strategies depending on the environ-
mental conditions (Berge et al. 2017; Laybourn-Parry et al.
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2005), while NCMs rely on the prey from which phototrophy
is acquired (Leles et al. 2021). These approaches indicate
that addressing mixotrophic diversity and how environmen-
tal factors affect their phototrophy—phagotrophy balance, can
have an important impact on microbial food web dynamics.

Here, we modelled phototrophy and phagotrophy of two
mixotrophic species in order to test the hypothesis that dif-
ferences in their physiology (constitutive versus non-con-
stitutive mixotrophy) can result in different responses to
light gradients. By using a Bayesian modelling approach,
we fitted the models with previous published literature on
primary production and bacterivory data obtained from
laboratory and field experiments with the nanoflagellate
Chrysochromulina parva (CM) and the ciliate Ophrydium
naumanni (NCM) of north Patagonian Andean lakes. These
lakes are very transparent and thus represent an excellent
scenario to study both phototrophy and phagotrophy in a
wide irradiance range. Due to differences in physiology and
lineage between both mixotrophs, we expect that the balance
between phototrophy and phagotrophy will be more coupled
in the flagellate than in the ciliate as light intensity shifts
from the optimal range.

Materials and methods
Data compilation

To test our hypothesis, we compiled data from published
literature on laboratory and field experiments performed in
north Patagonian Andean lakes (Balseiro et al. 2004; Cal-
lieri et al. 2007; Modenutti and Balseiro 2020; Modenutti
et al. 2004; Schenone et al. 2020) (Table 1). Glacial lakes
of the North Andean Patagonian region (41°S, Argentina)
are oligotrophic (Chlorophyll a< 1 ug L™!, Total phospho-
rus <5 ug L™1) and very transparent (attenuation coefficient
of photosynthetically active radiation [PAR, 400-700 nm]
K4:0.1-0.2 m™"). The high light penetration implies a wide
euphotic zone and the development of deep chlorophyll
maxima (DCM) where the highest photosynthetic efficiency
and phytoplankton (mixotrophs and autotrophic picoplank-
ton) abundance occur at depths near the 1% of surface PAR
(Callieri et al. 2007; Modenutti et al. 2013). In all cases,
phototrophy was estimated from primary production meas-
urements using the '*C technique (Nielsen 1952) in field
experiments and then filtration to obtain MNF > 2 um or in
the laboratory with the exposure of a known number of O.
naumanni (NCM). Phagotrophy was estimated from bacte-
rivory experiments using the fluorescently labelled bacteria
(FLB) technique and then counting under epifluorescence
microscopy that allows the identification of the prey inside
the studied protists (CM or NCM) (Sherr et al. 1987). The
number of prey ingested was transformed to pg C assuming
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Table 1 Compilation of the Chrysochromulina parva (CM) and Ophrydium naumanni (NCM) phototrophy and phagotrophy field and laboratory

experiments used for model fitting.

Mixotrophic Experiment type Function Method Lake I (N° levels N Replicates Reference

species tested)

C. parva Field Phototrophy '“C N. Huapi Moreno 17-1750 (8) - 3 Callieri et al.
Espejo Corren- (2007)
toso Mascardi

C. parva Field Phagotrophy FLB Rivadavia 0-1250 (8) 6.7-20.1 3 Balseiro et al.
Moreno Mas- (2004); Sche-
cardi Cantaros none et al.
Verde (2020)

O. naumanni Laboratory Phototrophy  #C Moreno 5-730 (8) - 4 Modenutti et al.

(2004)

O. naumanni Field, laboratory Phagotrophy FLB Rivadavia 0-600 (10) 13.8-28.6 3-4 Balseiro et al.

Moreno (2004);

Modenutti and
Balseiro (2020)

14C 1C technique, FLB Fluorescently labelled bacteria, I irradiance range (umol photon m™2 s™1), N prey abundance range (ng mL™")

15 fg C per bacteria (Cotner and Biddanda 2002). All pho-
totrophy and phagotrophy data is available at http://rdi.
uncoma.edu.ar/handle/uncomaid/16719.

The haptophyte Chrysochromulina parva is a small
(<5 pm) mixotrophic nanoflagellate that dominates nan-
oplankton in north Patagonian lakes (Modenutti et al.
2013; Queimalifios 2002). Phototrophy in C. parva (pg C
cell”! h™!) was obtained from Callieri et al. (2007) in situ
primary production estimates, performed in Andean moun-
tain lakes at different depths in a light gradient (see Table 1
for irradiances). From this dataset, we selected the lakes
in which C. parva represented more than 90% of the total
phytoplanktonic cells >2 um (Table 1). On the other hand,
C. parva phagotrophy (pg C cell”! h™!) was obtained from
Balseiro et al. (2004) and Schenone et al. (2020) field bac-
terivory experiments performed in 5 Andean mountain
lakes at different depths in a light gradient (see Table 1 for
irradiances).

The mixotrophic ciliate O. naumanni is a peritrich that
contains algae of the genus Chlorella (up to 450 cells per
ciliate), and it is the most important and abundant mixo-
trophic ciliate in many north Patagonian Andean lakes
(Modenutti et al. 2013). Phototrophy in O. naumanni (pg C
ind™' h™!) was obtained from Modenutti et al. (2004) labora-
tory primary production determinations on O. naumanni in
an experimental light gradient (Table 1). Laboratory experi-
ments allow isolating O. naumanni primary production from
other small primary producers. On the other hand, O. nau-
manni phagotrophy (pg C ind~! h™!) was obtained from Bal-
seiro et al. (2004) and Modenutti and Balseiro (2020) field
and laboratory bacterivory experiments using O. naumanni
under different irradiances (Table 1).

Phototrophy and phagotrophy mechanistic models

Phototrophy (P) was modelled using Platt et al. (1980)
formulation, which is a three-parameter non-monotonic
equation for phototrophy as a function irradiance (7). This
non-monotonic equation accounts for decreasing photosyn-
thesis at high irradiances due to photoinhibition, conferring
more flexibility to a wider irradiance range than monotonic
hyperbolic formulations (Jassby and Platt 1976). Therefore,
the non-monotonic Platt formulation has been preferred to
model phototrophy in environments with high irradiance
where photo-inhibition and light damage are relevant factors,
such as the marine pelagic zone and oligotrophic mountain
lakes (Forget et al. 2007).

—ax] —pxI
P(I) = Pmax X (1 — elmx > X € Pmax (1)

where P, (pg C cell”' h™' in CM or pg C ind™' h™! in
NCM) is the maximum theoretical phototrophy (i.e.
the assimilation number in Platt formulation); a (pg C
cell™' h™! pmol photon™' m? s or pg C ind™! h™' umol
photon~! m? s) is the phototrophy increasing slope at low
irradiances; and # (pg C cell™' h™! umol photon™! m? s or pg
Cind~! h™! umol photon~! m?s) is the phototrophy decreas-
ing slope at high irradiances (Platt et al. 1980).

On the other hand, phagotrophy (B) by both mixotrophic
protists was modelled as a function of prey abundance (N,

ng C mL™!) using Michaelis—Menten formulation (Eq. 2).

N
By = Bpax X T+ N @
where B,,,. (pg C cell”! h™! in CM or pg C ind™' h™! in

NCM) is the phagotrophy at prey saturation and k (ng C

@ Springer


http://rdi.uncoma.edu.ar/handle/uncomaid/16719
http://rdi.uncoma.edu.ar/handle/uncomaid/16719

Oecologia

mL~!) is the prey concentration where predator saturation
starts. Then, the maximum phagotrophy was modelled with
a four-parameter non-monotonic equation based on Platt
et al. (1980) formulation:

max

—(o/xl+y')> i

Bmﬂx(l) = bmax X (1 —e€ b X @ bmax (3)

where b,,,, (pg C cell”' h™! in CM or ind™" h™" in
NCM) is the maximum theoretical phagotrophy; a (pg
C cell™! h™! umol photon~! m? s or pg C ind™' h™! pmol
photon™! m? s) is the phagotrophy increasing slope at low
irradiances; and §’ (pg C cell™' h™! umol photon™ m? s or pg
Cind~! h™! umol photon™! m? s) is the phagotrophy decreas-
ing slope at high irradiances. In addition, y' (pg C cell™' h™!
or ind~! h™!) is an extra parameter independent of irradiance
which accounts for phagotrophy in darkness (I = 0):

Bax (1=0) = Dmax X <1 —e <’_m/‘:x >> 4)

This term was added because phagotrophy is not 0 in
darkness as it is phototrophy in Platt’s equation. There-
fore, our final phagotrophy model as a function of both
prey abundance and irradiance (Eq. 5) is the joint of the
Michaelis—Menten (Eq. 2) and our modified Platt formula-
tions (Eq. 3):

—(a’xI+7") > —'xt N
(%)

By = by X (1 —e Pmx | Xelmx X TN

Model calibration and sensitivity analysis

The use of non-linear equations to represent ecological
dynamics, such as trophic interactions, could lead to high
computational costs for estimating parameters correctly
(Clark 2005). In this context, Bayesian inference provides
an excellent framework by combining the empirical data
with prior information on the parameters (Arhonditsis et al.
2008). Bayesian analysis was performed using STAN code
interfaced with R (R Core 2019) through the ‘brms’ pack-
age (Biirkner 2017). We fitted the Platt et al. (1980) model
(Eq. 1 with three parameters: P, ., @ and f) with C. parva
and O. naumanni phototrophy data (84 and 32 data points,
respectively). In addition, we fitted our phagotrophy model
(Eq. 5 with five parameters: b,,,., o, /3', y’ and k) with C.
parva and O. naumanni phagotrophy data (24 and 34 data
points, respectively). We obtained four model fits hereafter
named as ‘CM-Phot’, ‘NCM-Phot’, for phototrophy of C.
parva and O. naumanni, respectively; and ‘CM-Phag’, and
‘NCM-Phag’, for phagotrophy of C. parva and O. naumanni,
respectively. The effect of different sources of variation
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(field versus laboratory and among lakes) was quantified by
applying a hierarchical Bayesian modelling approach. Hier-
archical Bayesian models are particularly useful to include
all the empirical data in a single analysis by allowing the
information on one subsystem (e.g. an intensively sampled
location) to be generalised to other subsystems (e.g. scantily
sampled locations) through shared higher-level parameters
(Clark 2005; Norros et al. 2017). We assumed parameter
values for each subsystem (different lakes, or laboratory vs
field conditions) as a sample from a shared lognormal dis-
tribution (Norros et al. 2017).

To assure that our model posteriors are governed by the
experimental data and not by the priors, we performed a sen-
sitivity analysis using four different sets of priors for the ini-
tial dynamics of model parameters, from highly informative
to less informative based on the variance of their probability
distributions (Table S1). In all cases, normal distributions
with increasing variance were preferred over flat uniform
distributions to avoid convergence problems (Biirkner 2017).
Then, posterior mean and probability intervals of model
parameters were calculated and compared by quantifying
the overlap between them (Arhonditsis et al. 2008). Finally,
we performed posterior predictive checks to our models fit-
ted with the different set of priors and calculated the Bayes-
ian R for fit accuracy between the observed and predicted
values (Biirkner 2017). Details on the statistical analysis and
Bayesian methods are available in the R script available at
http://rdi.uncoma.edu.ar/handle/uncomaid/16719 and in the
supplementary material.

Model validation and predictive accuracy

We assessed the predictive accuracy of our mechanistic
models with out-of-sample data (Boyce et al. 2002). Our
out-of-sample assessment was based on a K-fold cross-
validation approach that iteratively split our datasets into
90% training data and 10% test data withheld from model
fitting. We repeated this procedure ten times (K= 10), with
no test data repetition between folds (Wenger and Olden
2012). We then validated our models using mean absolute
error (MAE) calculated for each of the ten folds test data-
sets. MAE can be interpreted on the data's original scale as
the difference between observed and predicted phototrophy
and phagotrophy rates. Model predictions for phototrophy
and phagotrophy of both mixotrophic protists were estimated
for an irradiance range of 0-2000 umol photon m~2 s~!.
For phagotrophy, prey abundance was set in a range of
0.3—1.7 x 10° bacteria mL~! which is equivalent to 5-25 ng
C mL~! assuming 15 fg per cell based on Cotner and Bid-
danda (2002).
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Metrics for phototrophy and phagotrophy balance

To quantify and compare the balance between phototrophy
and phagotrophy of mixotrophic protists estimated by our
models, we analysed three metrics: the phototrophy and
phagotrophy low and high light adaptation indexes; the
relative phototrophy vs the relative phagotrophy; and the
phototrophy:phagotrophy ratio as a function of light. Pho-
totrophy low and high light adaptation indexes (I, and /;,
respectively) were obtained following Platt et al. (1980) as
the ratios between the posterior parameter distributions of
Eq. 1:

Pmax P
I = and I 5=

a

max

p

These indexes indicate the irradiance (umol photon
m~2s~!) where saturation (i.e. maximum phototrophy) and
photoinhibition starts, respectively. Likewise, phagotrophy
low and high light adaptation indexes (/s and I, respec-
tively) were calculated using the posterior parameter distri-
butions of Eq. 5:

Iy = 2 ana 1, = b;;“

These indexes are equivalent to those of phototrophy
sharing the same irradiance units. Particularly, /,» and Iy
indicate the irradiance where saturation (/) and inhibition
(Iy) of phagotrophy begins.

The relative phototrophy and phagotrophy values (adi-
mensional proportion ranging from 0 to 1) was normal-
ized by their respective maximum values. Finally, the
phototrophy:phagotrophy ratio (adimensional) was obtained
by dividing the relative phototrophy with the relative phago-
trophy along the light gradient. In these cases, prey abun-
dance was fixed to 15 ng C mL™".

Results
Experimental data and model fit

We found a non-monotonic effect of irradiance on photo-
trophy of both C. parva and O. naumanni in the primary
production experiments obtained from previous published
works (Fig. 1 circles). In C. parva (CM), the highest photo-
trophy rates were observed at low to intermediate irradiance
(20 to 300 pumol photon m~2 s~!) while the lowest phototro-
phy rates were observed at high irradiance (> 1000 pmol
photon m~2 s7!). In O. naumanni (NCM), the highest pho-
totrophy rates were also observed at low to intermediate
irradiance (35 and 110 umol photon m~2 s~!) while lower
values were found at higher irradiances (> 300 umol photon

m~2 s71). Accordingly, our models ‘CM-Phot’ and ‘NCM-
Phot’ displayed non-monotonic functions with increasing
irradiance in both CM and NCM phototrophy, respectively
(Fig. 1 solid lines). Both models showed a good fit accuracy
to the observed data (‘CM-Phot’ R>=0.72 and ‘NCM-Phot’
R*=0.68) as most points were located within the Bayesian
95% credible interval (Fig. 1 grey bands).

Phagotrophy was adjusted to the prey abundance and irra-
diances obtained from previous published works (Table 1).
The effect of irradiance and prey abundance was analysed
simultaneously with our phagotrophy models ‘CM-Phag’
and ‘NCM-Phag’, obtaining a tridimensional surface for
each mixotroph (Fig. 2). We found a hyperbolic effect of
prey abundance and a non-monotonic effect of irradiance on
phagotrophy of both C. parva and O. naumanni. In C. parva
(CM), the highest phagotrophy rates were observed at inter-
mediate irradiance (100-300 pumol photon m~2 s~!, Fig. 2
circles) and the lowest values were found at high irradiance
(> 750 umol photon m~2 s71). In O. naumanni (NCM), the
highest phagotrophy was found at low irradiance (35 pumol
photon m~2s™!, Fig. 2 circles) and lower values were found
at higher irradiances (> 300 umol photon m~2 s~!). Both
models showed a good fit accuracy to the observed data
(‘CM-Phag’ R?=0.86 and ‘NCM-Phag’ R*=0.71).

Model validation and predictive accuracy

The sensitivity analysis on the priors distributions of the
model parameters showed a high overlap between their pos-
terior distributions, regardless of the selected priors (Fig-
ures S1, S2 and S3). All our mechanistic models showed an
excellent predictive accuracy to the test datasets. The out-
of-sample MAE for each of the tenfold validations in each
model can be found in Table S2. Briefly, the mean between
the MAE of the tenfold validations and the different sets
of prior distributions were 0.08 and 0.07 pg C cell™' h™!in
the ‘CM-Phot’ and ‘CM-Phag’ models, respectively; and
26.4 and 1.7 pg C ind~! h™! in the ‘NCM-Phot’ and ‘NCM-
Phag’ models, respectively. In most cases, these differences
between observed and model predicted phototrophy and
phagotrophy rates represented less than the 20% of the mean
observed values at each irradiance level and were located
within the Bayesian 95% credible interval (Table S2).

Metrics for phototrophy and phagotrophy balance

In Fig. 3, we compared mixotrophic functional types using
the light adaptation indexes calculated from the posterior
parameter distributions of phototrophy and phagotrophy
models. In both mixotrophs, we found that the phototrophy
low light adaptation index (/,/,) was lower than phagotro-
phy low light adaptation index (/1) (Fig. 3 a and c); and
phototrophy high light adaptation index (/;15) was higher

@ Springer
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than phagotrophy high light adaptation index (/1) (Fig. 3
b and d). However, the overlap between posterior distribu-
tions of these metrics was higher for C. parva (CM) than for
0. naumanni (NCM). The percentage of overlap between
phototrophy and phagotrophy low light indexes was 7.8%
in C. parva and 0.4% in O. naumanni, while the percentage
of overlap between phototrophy and phagotrophy high light
indexes were 24.3% in C. parva and <0.1% in O. naumanni.

In Fig. 4, we compared the relative phototrophy and
phagotrophy within mixotrophic species. At irradiance zero
(i.e. phototrophy =0), the relative phagotrophy was three
times higher in C. parva than in O. naumanni (0.51 and
0.17, respectively). Then, from low to intermediate irradi-
ances (0-65 umol photon m~ s™!, Fig. 4 red dots), rela-
tive phagotrophy increased more linearly with increasing
phototrophy in C. parva than in O. naumanni. Finally, from
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intermediate to high irradiance (65-325 and 325-2000 umol
photon m~2s™!, Fig. 4 green and blue dots, respectively), the
decrease of relative phagotrophy with decreasing phototro-
phy was more linear in C. parva than in O. naumanni. At
half maximum phototrophy (i.e. relative phototrophy =0.5),
the relative phagotrophy was~0.47 in C. parva and ~0.14
in O. naumanni.

In Fig. 5, we compared the phototrophy:phagotrophy
ratios between mixotrophic species for an irradiance range
from 0 to 500 umol photon m~2 s~! and a fixed prey abun-
dance of 15 ng C mL~!. We found that C. parva (CM)
ratio increased at very low irradiances (quick increase in
phototrophy over phagotrophy) reaching values near 1 and
then remained around this value from intermediate to high
irradiances (Fig. 5 dotted line). On the contrary, the O.
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Fig.2 Chrysochromulina parva (CM) and Ophrydium naumanni
(NCM) phagotrophy 3D surfaces as a function of prey abundance
and irradiance obtained from our models fitted with field and labora-
tory bacterivory experiments. Means of observed phagotrophy rates
are represented by the black circles (3—4 replicates per circle, n=32
in CM and 34 in NCM) and standard deviations are represented with
the triangles. The 3D mesh is the mean phagotrophy estimated by the
‘CM-Phag’ and the ‘NCM-Phag’ models

naumanni (NCM) ratio showed a more complex pattern. At
low irradiances the ratio increased rapidly, reaching values
higher than 1.5, but decreasing to 1 at an irradiance range
of 50-100 umol photons m~2 s~!, At these light intensities,
both CM and NCM ratios were very similar and around
1. However, as the light increased beyond 100 umol pho-
tons m~2 s~!, the phototrophy:phagotrophy ratio of O.
naumanni turned to a constant increase reaching values

higher than 2 at the maximum irradiance tested (Fig. 5
solid line). Finally, the combined effect of prey abundance
and irradiance on the phototrophy:phagotrophy ratio was
assessed with a 3D plot (Figure S4).

Discussion

In this work, we found that irradiance has a non-monotonic
effect on phototrophy and phagotrophy of both studied
mixotrophic protists (C. parva and O. naumanni), meaning
that both nutritional strategies increase when irradiance is
low and decrease when irradiance is high. Moreover, our
mechanistic models based on Platt’s formulations and fit-
ted with Bayesian methods successfully represented these
functions and the cross-validation test showed good pre-
dictive accuracy. Platt’s formulations (Platt et al. 1980) are
particularly relevant for phototrophy in deep oligotrophic
systems that develop a DCM, where the highest phototro-
phic plankton abundance and primary production occurs
(Bouman et al. 2018; Forget et al. 2007). In these systems,
being above or under the DCM implies a decrease in the
phototrophic efficiency (Callieri et al. 2007; Modenutti
et al. 2004). Accordingly, Platt et al. (1980) formulation
highlights an optimal irradiance range where phototrophy
is maximum. On the other hand, phagotrophy by mixo-
trophs showed a hyperbolic effect with prey abundance
and a non-monotonic function with irradiance that over-
laps the optimal irradiance range with that of phototrophy.
Higher bacterivory rates also occur in the DCM where
phototrophic picoplankton is more abundant (Modenutti
and Balseiro 2002). Therefore, mixotrophic protists (C.
parva and O. naumanni) from Andean freshwater oligo-
trophic systems are adapted to attain maximum feeding
efficiency (both phototrophy and phagotrophy) at optimum
irradiances (20—200 umol photons m~2 s~!), observed in
the DCM.

Mixotrophic phototrophy and phagotrophy functions
increase at low irradiances, indicating that both nutritional
strategies benefit from increasing irradiance when limit-
ing. According to our model results, the low light adapta-
tion index was higher for phototrophy than phagotrophy in
both C. parva and O. naumanni, suggesting that phototro-
phy is more flexible than phagotrophy at low irradiances
(Platt et al. 1980). The main reason for this difference is
that phototrophy is not possible at irradiance zero, while
phagotrophy occurs (Jones 1997; McKie-Krisberg et al.
2015). Consequently, our phagotrophy model (Eq. 5) has an
extra parameter (y) in the Platt formulation (Eq. 1), which
accounts for phagotrophy estimation at irradiance zero. This
new parameter was relatively higher in C. parva than in O.
naumanni, matching the experimentally obtained phagotro-
phy at irradiance near to zero. In addition, the high overlap
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Fig.3 Light adaptation indexes of the mixotrophic protists stud-
ied based on the posterior distributions of the phototrophy (green)
and phagotrophy (red) models: low light (a, ¢) and high light (b, d)

of the phototrophy and phagotrophy low light adaptation
indexes found in C. parva show that these functions are
more coupled in the nanoflagellate than in the mixotrophic
ciliate and thus the phototrophy:phagotrophy balance is
more variable in the latter at low irradiances.

The increasing trend in phototrophy and phagotrophy reg-
istered at low irradiances changes at intermediate and high
ones where a decreasing trend is observed, suggesting that
excessive irradiance impairs both nutritional strategies. The
decrease in phototrophic efficiency due to photo-inhibition
is well documented (Falkowski and Raven 2007; Kirk 1994,
Platt et al. 1980). The light was also shown to affect bac-
terivory (Berge et al. 2017; Fischer et al. 2017) and more
recently MNF phagotrophy was observed to decrease under
high irradiances (Schenone et al. 2020). The output of our
model showed that in the CM (C. parva), the high light
adaptation indexes were similar between phototrophy and
phagotrophy, but in the NCM (O. naumanni) these indexes
were considerably different. The high light adaptation index
indicates the irradiance where photoinhibition starts. In the
case of O. naumanni, the phagotrophy high light adaptation
index was considerably lower than the phototrophic one,
meaning that at high irradiance, phagotrophy is significantly
more affected than phototrophy in the mixotrophic ciliate.
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The cell of peritrich ciliates is highly contractile and shows
extreme shape variation, depending on environmental condi-
tions (Corliss 1979; Winkler and Corliss 1965). In particular,
the length of an O. naumanni individual is highly variable,
allowing the endosymbiotic Chlorella to be arranged to
optimise the light received. At low irradiance, O. naumanni
adopts an elongate form to maximise photosynthesis, but
high irradiance causes cell contraction (Modenutti et al.
2004). During the cell contraction, peritrich zooids reduce
ciliature beating and thus, the feeding current that moves
food particles towards the cell (Ryu et al. 2017). Conse-
quently, the mixotrophic ciliate would reduce phagotrophy
in a more pronounced way than phototrophy as was obtained
in the output of our model.

Novel planktonic food web models fitted with empirical
data recognize mixotrophic protists as a diverse assemblage
in terms of functional-allometric differences and contrast-
ing nutritional strategies between CM and NCM (Caron
2016; Leles et al. 2021). The size of the CM in our study
(the MNF C. parva) is comparable to that of endosymbiotic
Chlorella cells in the mixotrophic ciliate. However, O. nau-
manni contains hundreds of cells in one individual (Mod-
enutti et al. 2004; Queimalifios et al. 1999), and accord-
ingly, the C fixation per individual is almost 300-fold that
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diance range of 0-2000 umol photon m~2 s~! and prey abundance
set to 15 ng C mL™!. Red dots indicate low irradiances (<65 pmol
photon m~2 s71), while green and blue dots indicate intermediate and

high irradiances (65-325 pmol photon m~2 s~! and> 325 umol pho-

ton m~2 s~!, respectively)

of a C. parva cell. In addition, we found that the balance
between phototrophy and phagotrophy is more constant in
C. parva than O. naumanni throughout the light gradient,
indicating that these nutritional strategies are more coupled
in the former. For a CM, such as C. parva, both phototrophy
and phagotrophy functions have co-evolved in the same cell
(Troost et al. 2005), and thus can attain similar responses
to changes in the light environment. On the other hand,
mixotrophic ciliates are primarily phagotrophic, compris-
ing a wide range of functional and numerical responses to
prey and environmental conditions (Weisse 2017). Here, we
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Fig.5 The ratio between phototrophy and phagotrophy of C. parva
(CM) (dotted line) and O. naumanni (NCM) (solid line) as a func-
tion of irradiance (proportions obtained by dividing all values by its

maximum) predicted for an irradiance range of 0—2000 umol photon

m~2s™! and prey abundance set to 15 ng C mL™!

found that changing the light environment (lower and higher
irradiance than the optimal) has a strong negative effect by
decoupling phagotrophy from phototrophy in O. naumanni.
These results would explain the low performance and sur-
vival of this species in the epilimnetic zone (high irradiance)
outside the DCM (Modenutti et al. 2008).

Light climate is one of the lake parameters with high
susceptibility to change because of global changes such
as glacial recession and land use (Bastidas Navarro et al.
2018; Kritzberg 2017; Rose et al. 2014). In this sense, our
models predict a more constant phototrophy—phagotrophy
balance in C. parva than in O. naumanni under extreme
low or high light scenarios. Phagotrophy allows CMs to sur-
vive under prolonged dark periods in Antarctic lakes, and
then supplies phototrophy when the light climate is optimal
(Laybourn-Parry et al. 2005). Moreover, CMs dominate tur-
bid proglacial lakes where minerogenic suspensoids affect
phagotrophy through interference and by changing light
penetration (Schenone et al. 2020). Temperature is another
key variable affecting nutrition of mixotrophic protists (Prin-
ciotta et al. 2016; Wilken et al. 2013). Particularly, Wilken
et al. (2013) showed experimentally that increasing water
temperature reduces phototrophy and increases phagotrophy
in the nanoflagellate Ochromonas sp. (CM), and that this
decoupling is more pronounced with increasing irradiance
from low to intermediate. Light also influences the uptake
of other resources by mixotrophic protists, such as dissolved
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nutrients and prey availability (Edwards 2019; Hansson et al.
2019). Dissolved nutrient uptake was observed to be direct
in CM (i.e. osmotrophy) and indirect in the NCM by eating
prey with different nutritional quality (Maselli et al. 2022;
McKie-Krisberg et al. 2015; Schoener and McManus 2017).
Moreover, the importance of phagotrophy over phototrophy
and osmotrophy along the light gradient is highly diverse
among mixotrophs (Jones 2000; Stoecker 1998) and within
functional groups (Leles et al. 2018). Therefore, irradiance
has a key role in determining the nutritional balance in mixo-
trophic protists, both directly and combined with other envi-
ronmental variables sensitive to global change.

In this work, we present a general mechanistic model to
consider phototrophy and phagotrophy by mixotrophic pro-
tists under different light scenarios. We calibrate this model
(i.e. estimate its parameters) with two protists of different
physiologies (CM and NCM) but corresponding to the type
C in which phototrophy and phagotrophy changes propor-
tionally with light (Jones 1997). However, the model has
the potential to be calibrated with other ecological types of
mixotrophs, such as Type B (Jones 1997), where phagotro-
phy decreases with increasing light (e.g. &' = 0).

In conclusion, our modelling approach allowed us to
compare mixotrophic protists (CM and NCM) by assessing
quantitatively the balance between their nutritional strate-
gies in the widest range of light scenarios. These different
mixotrophic protists coexist in aquatic ecosystems, playing
a key role as primary and secondary producers in plankton
communities and the microbial loop (Flynn et al. 2019; Zub-
kov and Tarran 2008). In this sense, our proposed models
clearly identified how the two studied mixotrophic protists
balance their nutritional modes under different scenarios of
prey and light availability. Furthermore, the model is poten-
tially applicable to other oligotrophic systems with domi-
nance of mixotrophic protists (e.g. marine pelagic systems)
with important implications for carbon and nutrient fluxes.
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