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ABSTRACT: We investigated the responses of plankton collected throughout a seasonal cycle from
a eutrophic, subtropical coastal site near Xiamen, China to short-term temperature modulations
from the in situ ambient temperature. We used linear mixed effect models to estimate the temperature coefficients (i.e. activation energy) and tested the hypothesis that the activation energies of
autotrophic rates (i.e. phytoplankton growth and photosynthesis) are lower than those of heterotrophic rates (i.e. microzooplankton grazing and community respiration). However, we found that
there were no significant differences of activation energy (~0.65 eV) between autotrophic and heterotrophic rates. Based on both physiological and statistical grounds, we argue that the inherent activation energies of phytoplankton photosynthesis and growth rates may not be lower than 0.65 eV
in some instances.
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INTRODUCTION

0.4 eV, approximately equivalent to Q10 factors of
~1.5 to 1.8 (Eppley 1972, López-Urrutia et al. 2006,
Rose & Caron 2007, Bissinger et al. 2008, Sal &
López-Urrutia 2011, Chen et al. 2012, Regaudie-DeGioux & Duarte 2012). Note that the activation
energy can be transformed to the conventional Q10
factor following the formula:

Temperature is an important factor that affects ecosystem properties such as primary production, community structure, trophic interactions, food web stability, and carbon export (Laws et al. 2000, Sarmiento
et al. 2004, Taucher & Oschlies 2011). It is vital to reliably quantify the temperature sensitivity of these key
ecological fluxes to evaluate the effects of global
warming to our ecosystem (Vasseur & McCann 2005,
Fussmann et al. 2014). The temperature sensitivity of
photosynthesis has been claimed to be lower than
that of heterotrophic processes such as respiration
and grazing rates (López-Urrutia et al. 2006, Rose &
Caron 2007, Regaudie-De-Gioux & Duarte 2012). If
we use the Arrhenius equation to describe the temperature dependence of metabolic rates, the activation energy of photosynthesis or phytoplankton
growth rate is often estimated between 0.3 and

where E is the activation energy, T is the absolute
temperature (K), Tc is a reference temperature
(288.15 K in this study), and k is the Boltzmann’s constant (8.62 × 10−5 eV K−1). By contrast, the activation
energies of heterotrophic rates such as zooplankton
growth and grazing and community respiration are
estimated between 0.6 and 0.7 eV (Q10 ≈ 2.2 to 2.8)
(Rose & Caron 2007, Chen et al. 2012, Regaudie-De-
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Gioux & Duarte 2012), values consistent with the
or assemblage and different taxa and assemblages
metabolic theory of ecology (Brown et al. 2004). The
appear at different temperatures. This kind of data
implication is that increasing temperature could
structure introduces an ‘intraclass correlation’ and
force the ecosystem to become more heterotrophic,
mixed-effect models should be used (Zuur et al.
whereby respiration exceeds photosynthesis. Other
2009).
things being equal, this would result in more CO2
In this study, we quantify the temperature sensitibeing released into the atmosphere (López-Urrutia et
vities of phytoplankton growth and microzooplankal. 2006). In a closed system, in which photosynthesis
ton grazing rates as well as photosynthesis and respiultimately determines respiration, the greater temration rates to short-term experimental temperature
perature sensitivity of respiration implies a reduction
modulations along a seasonal cycle in a subtropical
of heterotrophic biomass compared to autotrophic
eutrophic environment. Our results suggest that the
biomass (Allen et al. 2005, Yvon-Durocher et al.
difference of activation energy between autotrophic
2012). The lower sensitivity of phytoplankton growth
and heterotrophic rates might be not as significant as
rates to temperature compared to those of zooplankhas been thought.
ton is also attributed to the occurrences of phytoplankton blooms at high latitudes (Rose & Caron
2007).
MATERIALS AND METHODS
Most reported estimates of E of plankton rates are
based on a single regression on pooled datasets (of
Plankton were collected at a coastal site
rate vs. temperature) that combine the rates of the
(24° 20’ 42’’ N, 118° 11’ 8’’ E) near Xiamen, Fujian Prosame taxa/assemblages measured at different temvince, China (Fig. 1) between December 2012 and
peratures with those of different taxa/assemblages at
March 2014. We measured the responses of phytodifferent temperatures (Tang 1995, López-Urrutia et
plankton growth and microzooplankton grazing
al. 2006, Chen et al. 2012). These estimates might
rates to short-term temperature modulations from the
differ from those based on a single taxon or asin situ ambient temperature using the dilution techsemblage. At an ecosystem level, changes in communique. We also measured gross primary production
nity composition may affect estimations of tempera(GPP) and community respiration (CR) rates using
ture sensitivity (Yvon-Durocher et al. 2012). Species
light-dark bottle incubations under the same enviliving in cold environments might have evolved to
ronmental settings.
adapt to the cold so that the activation
energy estimated among species could be
lower than within species (Clarke & Johnston 1999, Clarke 2004, Gaston et al. 2009).
Estimating temperature sensitivity across
taxa may be more suitable for large-scale
studies in which changes of community composition are ubiquitous. Conversely, estimates of temperature sensitivity for the same
taxa/assemblages should be more appropriate for local scales. Significant heterogeneity
exists among activation energies, which may
vary with functional groups and different
ecological processes (Dell et al. 2011, Huey
& Kingsolver 2011, Fussmann et al. 2014).
Statistical issues emerge when estimating
temperature sensitivity from a pooled dataset. Some critical assumptions such as independence of errors are not always rigorously
checked in studies that use linear regressions to estimate activation energy (Faraway
2004). Such datasets are usually hierarchical, that is, repeated data pairs of growth Fig. 1. Location of sampling station (q) where plankton were collected
at a subtropical coastal site near Xiamen, Fujian Province, China
rate and temperature exist for a same taxon
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We set up a gradient of 4 or 5 temperatures for each
experiment (Ts − 4°C, Ts − 2°C, Ts, Ts + 3°C, and Ts +
5°C, where Ts = in situ ambient temperature) and
conducted ‘mini-dilution’ experiments at each temperature (Landry et al. 1984, 2008, Worden & Binder
2003, Strom & Fredrickson 2008). We set up 2 dilution
levels (15% and 100%) with duplicate bottles for
each level. We prepared particle-free water by gravity filtering the seawater through a 0.2 μm filter capsule (Pall Corporation) and then added measured
volumes of filtered seawater into 1 l polycarbonate
bottles to attain the desired dilution levels. The bottles were then gently filled with unfiltered seawater
to full capacity. Two additional bottles filled with
unfiltered seawater were sacrificed for initial samples of chlorophyll a (chl a), and for flow cytometric
(FCM) and microscopic analyses. To ensure that
phytoplankton growth rates were not limited by inorganic nutrients, we added nutrients (final concentrations: 0.8 μmol l−1 nitrate and 0.05 μmol l−1 phosphate) into the bottles. We also set up control bottles
without nutrient enrichment at the in situ temperature to assess the nutrient effects.
All bottles were tightly capped and incubated for
24 h in an incubator with 5 temperature gradients
(FIRSTEK) with the light intensity of 130 μmol photons cm−2 h−1. After incubation, samples were taken
from each bottle for chl a, pigment and FCM analyses. All tubings and bottles were thoroughly acidwashed and rinsed with MilliQ water before each
experiment.
For chl a analyses, 100 ml of seawater was filtered
onto 25 mm glass-fibre GF/F filters (Whatman) under
low vacuum (<150 mm Hg). After being frozen at
−80°C for 1 d, the filters were soaked in 90% acetone
for 20 h and the fluorescence was measured using
the non-acidification method on a Turner Designs
fluorometer (Welschmeyer 1994).
FCM samples were fixed with 0.5% buffered
paraformadehyde and frozen at −80°C until analysis
(Vaulot et al. 1989). Two populations of picophytoplankton (i.e. Synechococcus, and picoeukaryotes)
were delineated and enumerated based on light
scattering and fluorescence on a Becton-Dickson
FACSCalibur flow cytometer (Olson et al. 1993). The
exact flow rate was calibrated by weighing a tube
filled with distilled water before and after running for
certain time intervals and the flow rate was estimated
as the slope of a linear regression between elapsed
time and weight reductions (Li & Dickie 2001).
Accessory pigment concentrations were measured
by high performance liquid chromatography (HPLC)
according to Furuya et al. (1998). One liter of sea-
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water was filtered onto glass-fiber GF/F filters under
low vacuum (<150 mm Hg). The filters were frozen
at −80°C for 1 to 6 mo until analysis. Upon return
to the laboratory, the filters were soaked in 2 ml
N,N-dimethylformamide (DMF) at −20 °C for 1 h.
The extractions were then filtered through 13 mm
GF/F filters to clean the debris and mixed with
ammonium acetate solution (1 mol l−1) at 1:1 ratio.
Each mixture was partially injected into an DIONEX
UltiMate 3000 HPLC system fitted with a 3.5 μm
Eclipse XDB C8 column (100 × 4.6 mm; Agilent Technologies). Quantification was confirmed by the standards purchased from the Danish Hydraulic Institute
Water and Environment.
We quantified the contribution of each phytoplankton group to total chl a concentration using the program CHEMTAX implemented under the MATLAB
platform (MathWorks;Mackey et al. 1996). Combinations of 13 pigment markers were used to represent
7 phytoplankton classes, including dinoflagellates,
diatoms, haptophytes, chlorophytes, cryptophytes,
Synechococcus and prasinophytes. The ratios of initial inputting pigment:chl a ratio (Finput) followed previous studies (Mackey et al. 1996). Successive runs
were implemented for convergence between input
and output ratio (Foutput) (Latasa 2007).
Samples (100 ml) for enumeration of microzooplankton (including ciliates, dinoflagellates, and
copepod nauplii) were fixed with 5% acidic Lugol’s
solution (final concentration) and stored in the dark
at room temperature. After sedimentation for 24 h,
the microplankton cells were counted under an
Olympus IX51 inverted microscope using the Utermöhl method at 200× magnification. Biovolumes of
ciliates, dinoflagellates and nauplii were also calculated using appropriate geometric formulae. The biovolume of ciliates was converted to cell carbon using
the conversion factor of 0.19 pg C μm−3 (Putt &
Stoecker 1989). The biovolume (μm3) of dinoflagellates was converted to cell carbon using the equation pg C cell−1 = 0.76 × volume0.819, according to
Menden-Deuer & Lessard (2000). Carbon contents of
nauplii were estimated from length (μm) using the
equation pg C cell−1 = 1.51 × 0.01 × length2.94 (Uye
1996).
The growth rates of phytoplankton and microzooplankton grazing rates were estimated as follows.
Assuming an exponential growth model, we calculated the net growth rate (ki) of phytoplankton in
each dilution treatment according to the formula ki =
ln[Ci/(Di × C0)], where Ci was the phytoplankton concentration in the i th treatment bottle after incubation,
Di was the dilution level (15% or 100%) of the i th
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treatment, and C0 was the initial phytoplankton concentration. Phytoplankton growth and microzooplankton grazing rates were estimated following
Landry et al. (2008). In cases where nutrients were
added into the bottles, both nutrient-enriched growth
rate (μn) and non-enriched growth rates (μc) were
obtained. We used the synthesis and destruction rate
of pigment markers to estimate the growth and grazing rates of corresponding phytoplankton groups to
avoid the uncertainties in the CHEMTAX computation. Nutrient concentrations were measured following the standard protocol (Parsons et al. 1984).
GPP was estimated by measuring the changes of
oxygen concentrations in 65 ml biological oxygen
demand (BOD) bottles incubated under light and
dark conditions. The exact volumes of the BOD bottles were calibrated prior to use. We gently siphoned
the seawater into the glass-stoppered BOD bottles.
The dark bottles were covered with aluminum foils.
All the bottles were incubated under the same conditions as the dilution experiments. For each temperature, we set up quadruplicate bottles for initial, light,
and dark bottles, respectively. The oxygen concentrations were titrated following the Winkler method
using an automatic titration system (Metrohm 848)
(Oudot et al. 1988). The coefficient variations of titrated oxygen concentrations were usually < 0.5%.
To remove the inhibitory effect of artificially induced supraoptimal temperatures on the rate estimates, we removed the rates above the optimal
growth temperatures before fitting the Arrhenius
model. At least 3 effective data points were required
for one experiment to be included in the mixed-effect
modeling. We discarded zero and negative growth
and grazing rates before model fitting. By this
approach, 18, 28, 43, and 32% of the total data were
removed, respectively, for phytoplankton growth,
microzooplankton grazing, GPP, and CR. Retaining
these data in the regression will lead to lower estimates of activation energy.
We used linear mixed effect models to allow random variations of both slopes and intercepts of the
linear regression curves for each experiment:

(

E +ε
⎛
⎞
) ( r k Er ,i ) ⎜⎝ T1c − T1 ⎟⎠

ln ri = ln r0 + ε r ,i +

(1)

where ri is the phytoplankton growth rate at temperature T (K) in the i th experiment; r0 is the growth
rate normalization at the reference temperature Tc
(288.15 K); Er is the mean activation energy for
phytoplankton growth rate; εr,i and εEr,i are random
deviations from ln r0 and Er , respectively; and k is the

Boltzmann’s constant (8.62 × 10−5 eV K−1). Light and
nutrient concentrations were not included in the
model because light levels were kept constant in
all experiments and nutrients were added during
incubation.
As microzooplankton biomass is another important
factor determining microzooplankton grazing rate
(Landry et al. 2008, Chen et al. 2012), we included
microzooplankton biomass (MZ, μg C l−1) in the linear mixed-effect model to estimate the activation
energy of microzooplankton grazing rate:

(
)
(Em + εEm,i ) ⎛ 1 − 1 ⎞

ln mi = ln m0 + ε m,i + α1lnMZ i +
⎜T
⎝ c

k

(2)

T ⎟⎠

where mi is the grazing rate at temperature T of the
i th experiment; m0 is the growth rate normalization at
Tc; Em is the mean activation energy of microzooplankton grazing rate; εm,i and εEm,i are random deviations from ln m0 and Em , respectively; and α1 is an
exponent constant describing the relationship
between m and MZ.
For estimating the activation energy of GPP and
CR, we included chl a concentration in the models
(Regaudie-De-Gioux & Duarte 2012):

(
)
(EGPP + εEGPP ,i ) ⎛ 1 − 1 ⎞

lnGPPi = lnGPP0 + εGPP ,i + α 2 lnChl i +
k

⎜T
⎝ c

(3)

T ⎟⎠

(
)
(ECR + εECR,i ) ⎛ 1 − 1 ⎞

lnCRi = lnCR0 + εCR,i + α 3lnChl i +
k

⎜T
⎝ c

(4)

T ⎟⎠

with the notations similar to Eqs. (1) and (2). All the
analyses were implemented with the package ‘lme4’
in the software R 3.1.1 (Bates et al. 2014, R Core
Team 2014).

RESULTS
General conditions of the coastal site near Xiamen
In total, we performed 20 temperature-gradient dilution experiments. The in situ sea surface temperatures varied from 13°C in winter to 30°C in summer.
Nitrate and phosphate concentrations were usually
replete, with nitrate concentrations >15 μmol l−1 and
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phosphate concentrations no less than 0.4 μmol l−1.
The phytoplankton community was dominated by diatoms, cryptophytes, and prasinophytes, which in total accounted for nearly 98% of the total pigment biomass all year round (Fig. 2). There were no obvious
changes of phytoplankton composition throughout
the seasonal cycle. Chl a concentrations measured by
the fluorometer were, on average, 1.5 times higher
than those measured by HPLC and the 2 datasets
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showed consistent trends. Chl a concentrations measured by the fluorometer ranged from 0.42 to 15.4 μg
l−1 and were positively correlated with temperature
(Spearman correlation r = 0.64, p < 0.001). Dominated
by ciliates and heterotrophic dinoflagellates, microzooplankton biomass ranged from 2.12 to 48.5 μg C
l−1 and was highly positively correlated with chl a
concentration (Spearman r = 0.88, p < 10−5) and temperature (Spearman r = 0.62, p < 0.01) (Fig. 3).

Fig. 2. Seasonal variation of
temperature, nitrate, and chl a
concentrations measured by fluorometry (Chl_fluo) (lines). Colored bars indicate chl a concentrations by subgroup measured
by HPLC. Note the difference of
chl a concentrations between
the fluorometry and the HPLC
method. Dinoflagellates were
found in all samples at trace
amounts (< 2%). Sampling dates
given as d/mo/yr

Fig. 3. Biomass of microzooplankton (MZ) groups of the
dilution experiments, with
dinoflagellates and aloricate
(Alo) ciliates subdivided by
equivalent spherical diameter (> 40 μm and < 40 μm).
Sampling dates given as
d/mo/yr
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cantly different from 0.65 eV or that of phytoplankton
growth rate (Table 1, Fig. 5). As including the variable of microzooplankton biomass did not improve
the model (χ2 = 0.05, p > 0.05) and microzooplankton
biomass was highly correlated with temperature, we
excluded the variable of microzooplankton biomass
from the linear mixed-effect model. The linear mixed
effect model also accounted for a substantial fraction
of the total variance of the microzooplankton grazing
rate (Table 1).

Temperature sensitivity of bulk phytoplankton
growth rate and microzooplankton grazing rate
After we removed the phytoplankton growth rates
at supraoptimal temperatures, the mean activation
energy of the growth rate of bulk phytoplankton
assemblages estimated by the linear mixed-effect
model was 0.71 ± 0.08 eV (mean ± SE; Fig. 4), close
to the 0.65 eV predicted by the classic metabolic theory of ecology (Brown et al. 2004). Consistent with
the high ambient nutrient concentrations, the nutrient additions significantly increased phytoplankton
growth rates in only 1 experiment (p < 0.05), close to
the probability of Type-I error. There were significant random variations associated with the activation
energies (χ2 = 8.2, p < 0.05; Table 1). The linear
mixed-effect model including both fixed and random
effects explained 85% of the total variance of phytoplankton growth rate, while fixed effects alone only
explained 60%. The mean activation energy of
microzooplankton grazing rate was also insignifi-

Temperature sensitivity of GPP and CR

The mean activation energies of GPP and CR were
also not significantly different from 0.65 eV (Table 1,
Figs. 6 & 7). There was a significantly positive effect
of chl a concentration on GPP (χ2 = 23.7, p < 0.001),
but not on CR. The random variations associated with
the activation energy were insignificant for GPP (χ2 =
2.8, p > 0.05), so the estimated activation energy was
the same for each experiment (Fig. 6).
However, the variations were signifiTable 1. Normalization constants (ln r0) and estimated mean ± SE activation
cant for CR (χ2 = 8.5, p < 0.05; Fig. 7).

energies (E, eV) of autotrophic and heterotrophic rates of plankton from a
eutrophic, subtropical coastal site near Xiamen, China. σr and σE: standard
deviations of the random effects for ln r0 and E, respectively; μn: phytoplankton
growth rate (d−1); m: microzooplankton grazing rate (d−1); GPP: gross primary
production (μmol O2 l−1 d−1); CR: community respiration (μmol O2 l−1 d−1); No:
number of observations; Ne: number of experiments; R2fr: percentage of variance explained by both fixed and random effects; R2f: percentage of variance
explained only by fixed effects
Rate

E

σr

σE

R2fr

R2f

Ne

No

0.71 ± 0.08
1.01 ± 0.19
0.76 ± 0.13
0.60 ± 0.15

0.45
0.99
0.44
1.30

0.22
0.51

0.85
0.77
0.93
0.93

0.60
0.41
0.78
0

20
16
10
12

81
58
38
45

ln r0

μn
−0.28 ± 0.12
m
−1.75 ± 0.30
GPP 1.44 ± 0.29
CR
1.38 ± 0.39

0.35

Temperature sensitivity of growth
and microzooplankton grazing rate
of phytoplankton subgroups
The activation energies of growth
and grazing rates of most phytoplankton groups except Synechococcus
(HPLC) and dinoflagellates (only for
growth) were insignificantly different
from 0.65 eV (Tables 2 & 3). Possibly
due to the small number of observa-

Table 2. Normalization constants (ln r0) and estimated mean ± SE activation energies (E, eV) of growth rates of phytoplankton
subgroups in response to temperature modulations. See Table 1 legend for key to symbols and abbreviations. FCM: flow
cytometry; HPLC: high-performance liquid chromatography. We used zeaxanthin, fucoxanthin, prasinoxanthin, alloxanthin,
peridinin, and chl b to represent Synechococcus (HPLC), diatoms, prasinophytes, cryptophytes, dinoflagellates, and green
algae, respectively
Phytolankton group
Synechococcus (FCM)
Synechococcus (HPLC)
Picoeukaryotes
Diatoms
Prasinophytes
Cryptophytes
Dinoflagellates
Green algae

ln r0

E

σr

−0.42 ± 0.18
0.09 ± 0.13
0.04 ± 0.10
0.05 ± 0.12
0.11 ± 0.12
−0.68 ± 0.24
−0.26 ± 0.21
−0.16 ± 0.13

0.71 ± 0.11
0.46 ± 0.08
0.60 ± 0.10
0.59 ± 0.07
0.52 ± 0.07
0.54 ± 0.12
0.38 ± 0.10
0.61 ± 0.10

0.58
0.36
0.34
0.35
0.35
0.67
0.49
0.32

σE

0.37

R2fr

R2f

Ne

No

0.73
0.77
0.95
0.79
0.80
0.82
0.72
0.67

0.22
0.20
0.60
0.39
0.40
0.15
0
0.34

17
11
18
12
12
9
7
11

73
48
75
52
53
40
28
47
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Fig. 4. Phytoplankton growth rate vs. temperature for each individual experiment. The fitted lines are the regression lines
obtained from the linear mixed-effect model. E: activation energy. Open circles: data not used in fitting the linear mixed-effect
models
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Table 3. Normalization constants (ln r0) and estimated mean ± SE activation energies (E, eV) and associated random effects of
microzooplankton grazing rate (d−1) on various phytoplankton groups. Symbols and abbreviations as in Tables 1 & 2

Synechococcus (FCM)
Synechococcus (HPLC)
Picoeukaryotes
Diatoms
Prasinophytes
Cryptophytes
Dinoflagellates
Green algae

ln r0

E

σr

R2fr

R2f

Ne

No

−0.92 ± 0.17
−0.88 ± 0.24
−0.94 ± 0.22
−1.16 ± 0.25
−1.75 ± 0.37
−1.79 ± 0.19
−1.50 ± 0.32
−1.30 ± 0.42

0.53 ± 0.11
0.41 ± 0.20
0.67 ± 0.17
0.69 ± 0.19
0.95 ± 0.29
0.88 ± 0.16
0.73 ± 0.25
1.05 ± 0.41

0.41
0.48
0.50
0.41
0.49
0.33
0.50
0.78

0.78
0.46
0.79
0.63
0.68
0.71
0.57
0.59

0.64
0.05
0.40
0.40
0.39
0.57
0.31
0.07

12
9
10
6
6
7
6
6

46
32
35
22
20
27
24
20

Fig. 5. Microzooplankton grazing rate vs. temperature for each individual experiment. Symbols and abbreviations as in Fig. 4
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Fig. 6. Gross primary production vs. temperature for
each individual experiment. Symbols and abbreviations as in Fig. 4

tions, the random variations associated with the activation energies of growth and grazing rates were
usually insignificant, except for the growth rate of
picoeukaryotes, a diverse group (Tables 2 & 3).

DISCUSSION
Importance of the abnormally low activation energy
of phytoplankton growth and photosynthesis
The Arrhenius equation describing the temperature dependence of metabolism is one core component of the metabolic theory of ecology, although the
underlying mechanism is not yet fully understood
(Gillooly et al. 2001, Brown et al. 2004). In the foundation paper of the metabolic theory of ecology
(Brown et al. 2004), the activation energy was estimated as ~0.65 eV for the metabolism of all organisms including plants. However, since Allen et al.

(2005) first proposed that the activation energy of
photosynthesis could be as low as 0.32 eV, many
studies have confirmed that activation energy differs
between autotrophic (photosynthesis or growth) and
heterotrophic rates (respiration or grazing) (LópezUrrutia et al. 2006, Rose & Caron 2007, O’Connor et
al. 2009, Regaudie-De-Gioux & Duarte 2012; but see
Taucher et al. 2012). The implication of the lower
activation energy of photosynthesis is often stated,
for example, as ‘our model predicts that there will be
a negative feedback of ocean communities to climate
warming because they will capture less CO2 with a
future increase in ocean temperature. This feedback
of marine biota will further aggravate the anthropogenic effects on global warming’ (López-Urrutia et
al. 2006, p. 8739). One further implication is that, as
the ocean system has to maintain a carbon balance,
the ocean needs more carbon subsidy from adjacent
areas when temperature rises (Regaudie-De-Gioux &
Duarte 2012, Yvon-Durocher et al. 2012).
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Fig. 7. Community respiration vs. temperature for each individual experiment. Symbols and abbreviations as in Fig. 4

Independent from the development of the metabolic theory of ecology, Laws et al. (2000) also found
that the relatively low temperature sensitivity of
phytoplankton growth rate can lead to the pattern
that high temperature causes low efficiency of
carbon export in global oceans, even with the same
primary production. The reason is that in warm environments, the processes of nutrient recycling and organic matter decomposition, which are controlled by
heterotrophic microbes such as bacteria and protists,
are relatively faster than in cold waters so that the
particulate organic matter has a lower probability of
sinking out of the euphotic zone before being transformed into the soluble phase.
The key problem here is that the activation energy
of the photosynthesis or growth rate of autotrophs is
‘abnormally’ low compared to the 0.65 eV originally
proposed by the metabolic theory of ecology (Brown

et al. 2004). Such an important problem should be
carefully examined.

The physiological basis for the low activation
energy of photosynthesis is not well founded
To our knowledge, only Allen et al. (2005) have
tried to explain why photosynthesis has a lower activation energy. Based on the thermal kinetics of
RuBisCO carboxylation of one transgenic C3 tobacco, Allen et al. (2005) proposed that the key factor
leading to the lower activation energy of photosynthesis is the enhanced photorespiration effect at
high temperatures. While elegant, this hypothesis is
not well suited for marine phytoplankton because
most phytoplankton species possess the carbon concentrating mechanisms that allow them to overcome
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most effects of photorespiration (Davison 1991, YvonDurocher et al. 2010).
If any mechanism that accounts for the low activation energy of photosynthesis is based on the thermal
kinetics of enzymatic reactions at subcellular levels,
then the activation energy of photosynthesis or
phytoplankton growth in response to short-term temperature shifts (as in this study) should be close to
0.32 eV, other things being equal. This is in contrast
with our estimates of activation energies of phytoplankton growth and photosynthesis rate in this
study (Table 1), suggesting that carbon concentrating
mechanisms or other relevant mechanisms might
indeed enable the phytoplankton assemblages at our
sampling site to overcome the photorespiration
effect, although this hypothesis needs to be further
tested.
The underlying mechanism controlling the temperature dependence of phytoplankton growth rate is
more complicated than of photosynthesis. Although
it might be reasonable to assume that under nutrient
and light replete conditions, phytoplankton growth
rate is limited by photosynthesis, the activation energy of growth rate might differ from that of photosynthesis due to changes of carbon-to-chlorophyll ratios
with temperature. And even this assumption may not
hold (Stitt & Schulze 1994). Some other processes
such as nutrient uptake and assimilation might possibly limit the maximal growth rate of phytoplankton
under nutrient and light replete conditions (Marañón
et al. 2013). Although there was no significant difference of the activation energy between photosynthesis and growth rate in our study (Table 1), we cannot
rule out the possibility that the underlying mechanisms controlling the temperature dependence of
phytoplankton growth and photosynthesis can differ.

Potential problems that confound the estimates
of activation energy
It is worthwhile to address some potential problems
that can affect the estimates of activation energies in
this study. The first is that we deliberately removed
the data at supraoptimal temperatures at which the
simple Arrhenius equation cannot hold. If including
all the data in the linear mixed-effect modeling,
the activation energies would be 0.55 ± 0.08 and 0.50
± 0.10 eV, respectively, for phytoplankton growth
and photosynthesis rates. Although lower, these estimates are still insignificantly different from 0.65 eV.
Previous studies tended not to take into account
the pattern of high-temperature inhibition (López-
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Urrutia et al. 2006, Yvon-Durocher et al. 2010,
Regaudie-De-Gioux & Duarte 2012), which we speculate could partially contribute to the low estimates
of activation energy of photosynthesis in previous
studies.
The second problem is that the temperature extremes in our experimental gradients might impose a
‘thermal shock’ to the plankton. To minimize this
problem, we carefully designed the temperature gradient to ensure that the temperature extremes were
not too far away from the in situ temperature (see
‘Materials and methods’). Although the thermal
shock effect cannot be eliminated completely, our
estimates of activation energy for grazing and respiration rates are generally within the normal ranges of
literature reports (Dell et al. 2011, Fussmann et al.
2014), suggesting that the problem of thermal shock
was not severe. The third problem is that the design
of abrupt changes of temperature in our experiments
cannot address the effect of temperature at evolutionary time scales. As ocean warming occurs at a
much slower rate than the experimental warming,
the estimates of activation energy obtained from this
and other similar studies should be used only cautiously for projecting how marine plankton systems
respond to warming.

Temperature sensitivity as a functional
trait of plankton
Temperature sensitivity in terms of activation
energy is an important parameter in plankton ecosystem models. Although often treated as a constant
in models, the activation energies can vary significantly with species and environment, confirmed by
the significant random effects in the mixed-effect
models (Dell et al. 2011, Huey & Kingsolver 2011,
Fussmann et al. 2014). Together with other thermal
traits such as optimal temperature (Thomas et al.
2012), these overlooked parameters likely play important roles in affecting the response of plankton
dynamics and ecosystem properties to warming.
Therefore, it may be necessary to collect more data
on the thermal traits of different plankton groups at
different locations and times to gain a more accurate
understanding of how temperature affects plankton.
Previous data compilations are mostly based on the
laboratory dataset, while field experiments directly
determining the thermal traits of plankton are scarce
(Vaquer-Sunyer & Duarte 2013). This study may
serve as one of the preliminary studies to provide
data on the thermal traits of plankton in the field.
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