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Abstract

Developing a thorough understanding of how ectotherm physiology adapts to different ther-

mal environments is of crucial importance, especially in the face of global climate change. A

key aspect of an organism’s thermal performance curve (TPC)—the relationship between

fitness-related trait performance and temperature—is its thermal sensitivity, i.e., the rate at

which trait values increase with temperature within its typically experienced thermal range.

For a given trait, the distribution of thermal sensitivities across species, often quantified as

“activation energy” values, is typically right-skewed. Currently, the mechanisms that gener-

ate this distribution are unclear, with considerable debate about the role of thermodynamic

constraints versus adaptive evolution. Here, using a phylogenetic comparative approach,

we study the evolution of the thermal sensitivity of population growth rate across phytoplank-

ton (Cyanobacteria and eukaryotic microalgae) and prokaryotes (bacteria and archaea), 2

microbial groups that play a major role in the global carbon cycle. We find that thermal sensi-

tivity across these groups is moderately phylogenetically heritable, and that its distribution is

shaped by repeated evolutionary convergence throughout its parameter space. More pre-

cisely, we detect bursts of adaptive evolution in thermal sensitivity, increasing the amount of

overlap among its distributions in different clades. We obtain qualitatively similar results

from evolutionary analyses of the thermal sensitivities of 2 physiological rates underlying

growth rate: net photosynthesis and respiration of plants. Furthermore, we find that these

episodes of evolutionary convergence are consistent with 2 opposing forces: decrease in

thermal sensitivity due to environmental fluctuations and increase due to adaptation to sta-

ble environments. Overall, our results indicate that adaptation can lead to large and rela-

tively rapid shifts in thermal sensitivity, especially in microbes for which rapid evolution can

occur at short timescales. Thus, more attention needs to be paid to elucidating the implica-

tions of rapid evolution in organismal thermal sensitivity for ecosystem functioning.
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Introduction

Current climate change projections suggest that the average global temperature in 2100 will be

higher than the average of 1986–2005 by 0.3 ˚C–4.8 ˚C [1], coupled with an increase in tem-

perature fluctuations in certain areas [2]. Therefore, it is now more important than ever to

understand how temperature changes affect biological systems, from individuals to whole eco-

systems. At the level of individual organisms, temperature affects functional traits in the form

of the thermal performance curve (TPC). Typically, this TPC, especially when the trait is a rate

(e.g., respiration rate, photosynthesis, growth), takes the shape of a negatively skewed unimo-

dal curve (Fig 1) [3, 4]. The curve increases (approximately) exponentially to a maximum

(Tpk) and then also decreases exponentially, with the fall being steeper than the rise. Under-

standing how various aspects of the shape of this TPC adapt to a changing thermal environ-

ment is crucial for predicting how rapidly organisms can respond to climate change.

According to the Metabolic Theory of Ecology (MTE) as well as a large body of physiologi-

cal research, the shape of the TPC is expected to reflect the effects of temperature on the kinet-

ics of a single rate-limiting enzyme involved in key metabolic reactions [5, 8–11]. Under this

assumption, the rise in trait values up to Tpk can be mechanistically described using the Boltz-

mann-Arrhenius equation:

B Tð Þ ¼ B0 � e
� E
k �

1
T�

1
Tref

� �h i

: ð1Þ

Here, B is the value of a biological trait, B0 is a normalisation constant—that includes the

effect of cell or body size—which gives the trait value at a reference temperature (Tref), T is

temperature (in K), k is the Boltzmann constant (8.617�10−5 eV � K−1), and E (eV) is the ther-

mal sensitivity of the trait at the rising component of the TPC up to Tpk. Because Tpk tends to

be higher than the mean environmental temperature [6, 7, 12], E represents the thermal sensi-

tivity within the organism’s typically experienced thermal range.

Fig 1. The TPC of ectotherm metabolic traits, as described by the Sharpe-Schoolfield model [5]. (A) Tpk (K) is the

temperature at which the curve peaks, reaching a maximum height that is equal to Bpk (in units of trait performance).

E and ED (eV) control how steeply the TPC rises and falls, respectively. B0 (in units of trait performance) is the trait

performance normalised at a reference temperature (Tref) below the peak. In addition, Wop (K), the operational niche

width of the TPC, can also be calculated a posteriori as the difference between Tpk and the temperature at the rise of the

TPC where B(T) = 0.5 � Bpk. We note that we use Wop instead of a metric that captures the entire TPC width because

previous studies have shown that species generally experience temperatures below Tpk [6, 7]. Thus, Wop is a measure of

the thermal sensitivity of the trait near typically experienced temperatures. (B) TPCs of individual- and population-

level traits (such as rmax) are usually well described by the Sharpe-Schoolfield model. The raw data for panel B are

available at https://doi.org/10.6084/m9.figshare.12816140.v1. TPC, thermal performance curve.

https://doi.org/10.1371/journal.pbio.3000894.g001
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Early MTE studies argued that, because of strong thermodynamic constraints, adaptation

will predominantly result in changes in B0, whereas E will remain almost constant across traits

(e.g., respiration rate, rmax), species, and environments around a range of 0.6–0.7 eV [8–10].

The latter assumption is referred to in the literature as universal temperature dependence

(UTD). This restricted range of values that E can take is centered on the putative mean activa-

tion energy of respiration (� 0.65 eV). A notable exception to the UTD is photosynthesis rate,

which is expected to have a lower E value of� 0.32 eV, reflecting the activation energy of the

rate-limiting steps of photosynthesis [13].

The existence of a UTD has been strongly debated. From a theoretical standpoint, critics of

the UTD have argued that the Boltzmann-Arrhenius model is too simple to mechanistically

describe the complex physiological mechanisms of diverse organisms [3, 14–16] and is inade-

quate for describing TPCs emerging from the interaction of multiple factors, and not just the

effects of temperature on enzyme kinetics. That is, the E calculated by fitting the Boltzmann-

Arrhenius model to biological traits is an emergent property that does not directly reflect the

activation energy of a single rate-limiting enzyme. For example, a fixed thermal sensitivity for

net photosynthesis rate is not realistic because it depends on the rate of gross photosynthesis as

well as photorespiration, which is in turn determined not only by temperature but also by the

availability of CO2 in relation to O2 [17].

Indeed, there is now overwhelming empirical evidence for variation in E (thermal sensitiv-

ity) far exceeding the narrow range of 0.6–0.7 eV, with such variation being, to an extent, taxo-

nomically structured [12, 18–23]. Furthermore, the distribution of E values across species is

typically not Gaussian but right-skewed. If we assume that E is nearly constant across species

—and therefore that variation in E is mainly due to measurement error—such skewness could

be the outcome of the proximity of the E distribution to its lower boundary (0 eV). In that

case, however, we would expect a high density of E values close to 0 eV, but such a pattern has

not been observed [18]. Both the deviations from the MTE expectation of a heavily restricted

range for E and the shape of its distribution have been argued to be partly driven by adaptation

to local environmental factors by multiple studies. These include selection on prey to have

lower thermal sensitivity than predators (the “thermal life-dinner principle”) [18], adaptation

to temperature fluctuations within and/or across generations [3, 21, 24–26], and adaptive

increases in carbon allocation or use efficiency due to warming [27–30].

In general then, adaptive changes in the TPCs of underlying (fitness-related) traits are

expected to influence the TPCs of higher-order traits such as rmax, resulting in deviations from

a UTD. Therefore, understanding how the thermal sensitivity of rmax and its distribution

evolves is particularly important, as it may also yield useful insights about the evolution of the

TPCs of underlying physiological traits (e.g., respiration rate, photosynthesis rate, and carbon

allocation efficiency). Indeed, systematic shifts in the thermal sensitivity of fundamental physi-

ological traits have been documented [27, 31–33], albeit not through comparative analyses of

large datasets.

In particular, phylogenetic heritability—the extent to which closely related species have

more similar trait values than species chosen at random—can provide key insights regarding

the evolution of thermal sensitivity. A phylogenetic heritability of 1 indicates that the evolution

of the trait across the phylogenetic tree is indistinguishable from a random walk (Brownian

motion) in the parameter space. Note that this does not necessarily indicate that the trait

evolves neutrally, as it may be under selection towards a nonstationary optimum that itself per-

forms a random walk [34]. In contrast, a phylogenetic heritability of 0 indicates that trait val-

ues are independent of the phylogeny. This is the case either because (i) the trait is practically

invariant across species and any variation is due to measurement error, or (ii) the evolution of

the trait is very fast and with frequent convergence (i.e., independent evolution of similar trait
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values by different lineages). It is worth clarifying that rapid trait evolution that does not result

in convergence (e.g., when major clades are extremely separated in the parameter space) will

not lead to a complete absence of phylogenetic heritability. Phylogenetic heritabilities between

0 and 1 reflect deviations from Brownian motion (e.g., due to occasional patterns of evolution-

ary convergence). Among phytoplankton, measures of thermal sensitivity of rmax (E and Wop)

have previously been shown to exhibit intermediate phylogenetic heritability [35]. This indi-

cates that, among phytoplankton, thermal sensitivity is not constant but evolves along the phy-

logeny, albeit not as a purely random walk in trait space, reflecting either thermodynamically

constrained evolution or rapid evolution in response to selection.

To understand (i) how variation in thermal sensitivity accumulates across multiple auto-

troph and heterotroph groups and (ii) whether its distribution is shaped by environmental

selection, here we conduct a thorough investigation of the evolutionary patterns of thermal

sensitivity, focusing particularly on rmax. Using a phylogenetic comparative approach, we test

the following hypotheses:

1. Thermal sensitivity does not evolve across species and any variation is

noise-like

In this scenario, thermodynamic constraints would force E to be distributed around a mean of

0.65 eV (or 0.32 eV in the case of photosynthesis), with deviations from the mean being mostly

due to measurement error. Depending on the magnitude of the error, the E distribution would

either be approximately Gaussian (little measurement error) or non-Gaussian with a high den-

sity near 0 eV (substantial measurement error). This hypothesis agrees with the UTD concept

of early MTE studies. If this hypothesis holds, thermal sensitivity would have 0 phylogenetic

heritability and would not vary systematically across different environments.

2. Thermal sensitivity evolves gradually across species but tends to revert to

a key central value, without ever moving very far from it

This hypothesis is also consistent with the UTD assumption, as it is a relaxed variant of

hypothesis 1. Here, small deviations from the central tendency of 0.65 eV (or 0.32 eV) are pos-

sible, as they would reflect adaptation of species’ enzymes to certain ecological lifestyles or

niches. Therefore, thermal sensitivity would be weakly phylogenetically heritable. Thermody-

namic constraints would prevent large deviations from the central tendency.

3. Thermal sensitivity evolves in other ways

This is an “umbrella” hypothesis that encompasses multiple subhypotheses that do not invoke

the UTD assumption. For example, a key central tendency (thermodynamic constraint) may

still exist, but its influence would be very weak, allowing for a wide exploration of the parame-

ter space away from it. In this case, changes in thermal sensitivity could be the outcome of

adaptation to different thermal environments. Another subhypothesis is that clades differ sys-

tematically in the rate at which thermal sensitivity evolves, due to the occasional emergence of

evolutionary innovations. Thus, clades with high evolutionary rates would be able to better

explore the parameter space of thermal sensitivity (i.e., through large changes in E and Wop

values), compared to low-rate clades in which thermal sensitivity would evolve more gradually.

A third subhypothesis is that evolution may favour individuals (and metabolic variants) that

are relatively insensitive to temperature fluctuations. In that case, the central tendency of E
would not be stationary but moving towards lower values with evolutionary time. It is worth

clarifying that these 3 subhypotheses are not necessarily mutually exclusive.
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Results

Dataset sources

We combined 2 preexisting datasets of rmax TPCs, spanning 380 phytoplankton species (a

polyphyletic group that includes prokaryotic Cyanobacteria and eukaryotic phyla such as

Dinophyta) [35] and 272 prokaryote species (bacteria and archaea) [32]. In addition, we also

collected 2 TPC datasets of traits that underlie rmax: net photosynthesis and respiration rates of

algae and aquatic and terrestrial plants (221 and 201 species, respectively) [30]. We used these

2 smaller datasets to understand whether the evolutionary patterns of thermal sensitivity differ

between (i) higher-order traits and (ii) traits that are more tightly linked to organismal physiol-

ogy. Trait values were typically measured under nutrient-, light-, and CO2-saturated condi-

tions (where applicable), after acclimation to each experimental temperature.

To investigate the evolution of measures of thermal sensitivity across species, we recon-

structed the phylogeny of as many species in the 4 datasets as possible, from publicly available

nucleotide sequences of (i) the small subunit rRNA gene from all species groups and the (ii)

cbbL/rbcL gene from photosynthetic prokaryotes, algae, and plants (see the Methods section).

We managed to obtain small subunit rRNA gene sequences from 537 species and cbbL/rbcL

sequences from 208 of them (Tables D and E in S1 Appendix).

TPC parameters were quantified for each species/strain present in the phylogeny using the

Sharpe-Schoolfield model (see Fig 1 and the Methods section). The resulting estimates of E
(the slope of the rise of the TPC) and Wop (the operational niche width of the TPC) were

found to be right-skewed (Fig B in S1 Appendix) as has been shown previously [18, 21]. Fur-

thermore, we did not detect a disproportionately high density of thermal sensitivity values

near the lower boundary of E (0 eV), as we would expect if all variation was due to strong mea-

surement error around a true value of, e.g., 0.65 eV. Thus, these results are not consistent with

the hypothesis of a nearly invariant thermal sensitivity (hypothesis 1).

Phylogenetic comparative analyses

We next investigated the evolutionary patterns of thermal sensitivity. Given that the main

focus of this study was to investigate how the thermal sensitivity of rmax (a direct measure of

fitness) evolves, most of the following comparative analyses were performed on our 2 large

TPC datasets (rmax of phytoplankton and prokaryotes). Besides this, the sample sizes of the 2

smaller datasets would be inadequate for obtaining robust results for many of our analyses. If

an analysis makes use of all 4 datasets, this is explicitly stated.

An issue that is worth mentioning is the overlap between the datasets of phytoplankton and

prokaryotic TPCs, given that both of them include Cyanobacteria. To address this, we kept

Cyanobacteria as part of the phytoplankton dataset (due to their functional similarity) and did

not include them in analyses of prokaryotes. We also examined whether our results were

mainly driven by the long evolutionary distance between Cyanobacteria and eukaryotic phyto-

plankton by repeating all phytoplankton analyses after removing Cyanobacteria (see subsec-

tion C.2 in S1 Appendix).

Estimation of phylogenetic heritability. As TPC parameters capture different features of

the shape of the same curve, it is likely that some of them may covary [35]. To account for this

in the estimation of phylogenetic heritability, we fitted a multiresponse phylogenetic regres-

sion model using the MCMCglmm R package (version 2.26) [36] in which all TPC parameters

formed a combined response. To compare the phylogenetic heritabilities of TPC parameters

between planktonic photosynthetic autotrophs and other microbes (autotrophs and hetero-

trophs), we fitted the model separately to our 2 large TPC datasets: rmax of phytoplankton and
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prokaryotes. To satisfy the assumption of models of trait evolution that the change in trait val-

ues is normally distributed, we transformed all TPC parameters so that their distributions

would be approximately Gaussian (see Fig 2). To ensure that the resulting phylogenetic herita-

bility estimates did not merely reflect the priors that were used in the MCMCglmm analysis,

we also estimated phylogenetic heritabilities using the R package Rphylopars (version 0.2.12)

[37] and BayesTraits (version 3.0.2) [38]. The main difference between these 2 and

MCMCglmm is that Rphylopars and BayesTraits cannot account for the covariance among

TPC parameters.

The MCMCglmm analysis revealed the presence of non-negligible phylogenetic heritability

in measures of thermal sensitivity (E and Wop), as well as all other TPC parameters, across phy-

toplankton (including or excluding Cyanobacteria) and prokaryotes (Fig 2 and Fig J in S1

Appendix). In particular, the phylogenetic heritability estimates of ln(E) and ln(Wop) were sta-

tistically different from both 0 and 1, indicating that the 2 TPC parameters evolve across the

phylogeny but not in a purely random (Brownian motion) manner. It is worth stressing that

even the lower bounds of the 95% highest posterior density (HPD) intervals of ln(E) and ln

(Wop) were far greater than 0, allowing us to completely rule out the possibility that all varia-

tion in thermal sensitivity is due to measurement error. In general, TPC parameters exhibit a

similar phylogenetic heritability between the 2 species groups. The only major exception is ln

(Bpk), which is considerably more heritable among prokaryotes than among phytoplankton.

This difference in phylogenetic heritability most likely reflects the strength of the positive cor-

relation between Bpk and Tpk (a “hotter is better” pattern) in the 2 groups. More precisely, Tpk,

which has a phylogenetic heritability of�1, is more strongly correlated with Bpk among pro-

karyotes [32] than among phytoplankton [35], possibly due to the differences in their cellular

physiology. For example, phytoplankton growth rate depends on the interplay among the pro-

cesses of photosynthesis, respiration, and cell maintenance, whose thermal sensitivities can

strongly differ [30]. Qualitatively similar results were obtained from the estimation of

Fig 2. Moderate to strong phylogenetic heritability can be detected in all TPC parameters, across phytoplankton

and prokaryotes. The 3 circles of each radar chart correspond to phylogenetic heritabilities of 0, 0.5, and 1. Mean

phylogenetic heritability estimates—as inferred with MCMCglmm—are shown in purple, whereas the 95% HPD

intervals are in dark grey. Note that we transformed all TPC parameters so that their statistical distributions would be

approximately Gaussian. The data underlying this figure are available at https://doi.org/10.6084/m9.figshare.12816140.

v1. HPD, highest posterior density; TPC, thermal performance curve.

https://doi.org/10.1371/journal.pbio.3000894.g002
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phylogenetic heritabilities with Rphylopars and BayesTraits (S1 Appendix, Fig F). Overall,

these results serve as further evidence that hypothesis 1 (that thermal sensitivity does not vary

across species) can clearly be rejected.

Partitioning of thermal sensitivity across the phylogeny. To understand why thermal

sensitivity has a low to intermediate phylogenetic heritability, we examined how clades

throughout the phylogeny explore the parameter space (of E and Wop) using a disparity-

through-time analysis [39, 40]. At each branching point of the phylogeny, mean subclade dis-

parity is calculated as the average squared Euclidean distance among trait values within the

subclades, divided by the disparity of trait values across the entire tree. Mean subclade dispar-

ity values close to 0 indicate that the mean of the trait variances within subclades is much

lower than the variance of trait values across the entire phylogeny. When the opposite occurs,

the mean subclade disparity will be close to 1 or even higher. The resulting disparity line is

then compared to the null expectation, i.e., an envelope of disparities obtained from simula-

tions of Brownian motion on the same tree. Through the comparison of the observed trait dis-

parity with the null expectation, it is possible to identify the periods of evolutionary time

during which mean subclade disparity is higher or lower than expected under Brownian

motion. Higher than expected subclade disparity indicates that clades converge in trait space,

whereas lower than expected subclade disparity indicates that clades occupy distinct areas of

parameter space. The latter pattern is consistent with an adaptive radiation, in which an initial

period of rapid trait evolution is typically followed by a deceleration of the evolutionary rate as

ecological niches become filled [41, 42]. Frequent episodes of higher than expected subclade

disparity (evolutionary convergence) in thermal sensitivity or segregation of major clades in

the parameter space would be consistent with hypothesis 3.

The mean subclade disparity of thermal sensitivity measures was considerably higher than

expected near the present, highlighting an increasing overlap in the parameter space of ther-

mal sensitivity among distinct clades (Fig 3 and Fig K in S1 Appendix). This pattern of

increasing clade-wide convergence in thermal sensitivity is also apparent when comparing

the thermal sensitivity distributions of different phyla (Fig 4 and Fig C in S1 Appendix). For

example, the distributions of E and Wop of Proteobacteria and Bacillariophyta have similar

shapes and central tendencies, despite the long evolutionary distance that separates the 2

phyla. This high convergence in thermal sensitivity space by diverse lineages suggests that

variation in the 2 TPC parameters is mainly driven by adaptation to local environmental con-

ditions, irrespective of species’ evolutionary history. In other words, it is likely that particular

thermal strategies (e.g., having low thermal sensitivity) may yield significant fitness gains in

certain environments (e.g., those with strong temperature fluctuations that occur predomi-

nantly across—rather than within—generations [24, 25]), leading to convergent evolution of

thermal sensitivity. It is worth noting that these disparity patterns are not an artefact of a

potentially inaccurate tree topology, as higher than expected subclade disparity occurs mainly

near the present, where tree nodes have generally high statistical support (S1 Appendix,

Fig A).

Mapping the evolutionary rate on the phylogeny. We next investigated whether clades

systematically differ in their evolutionary rate for thermal sensitivity (part of hypothesis 3). To

this end, we examined the variation in the evolutionary rate of thermal sensitivity measures

across the phylogeny by fitting 3 extensions of the Brownian motion model: the free model

[43], the stable model [44], and the Lévy model [45]. Under the free model, the trait takes a

random walk in the parameter space (Brownian motion) but with an evolutionary rate that

varies across branches. The stable model can be seen as a generalisation of the free model, as

the evolutionary change in trait values is sampled from a heavy-tailed stable distribution, of

which the Gaussian distribution (assumed under Brownian motion) is a special case. Thus, the

PLOS BIOLOGY Deep-time evolution of the thermal sensitivity of population growth rate across microbes

PLOS Biology | https://doi.org/10.1371/journal.pbio.3000894 October 16, 2020 7 / 24

https://doi.org/10.1371/journal.pbio.3000894


stable model should provide a more accurate representation of evolutionary rate variation, as

it is better able to accommodate jumps in parameter space towards rare and extreme trait val-

ues. Finally, the Lévy model represents evolution under Brownian motion combined with

occasional episodes of rapid trait change.

The results were robust to the choice of model used for inferring evolutionary rates (Fig 5,

Figs G and H in S1 Appendix). Rate shifts tend to occur sporadically throughout the phylogeny

and especially in late-branching lineages, without being limited to particular clades. This pat-

tern suggests that there is little systematic variation in the evolutionary rate of thermal

Fig 3. Change in mean subclade disparity in thermal sensitivity through time. Shaded regions represent the 95%

confidence interval of the resulting trait disparity from 10,000 simulations of random Brownian evolution on each

respective subtree (subset of the entire phylogeny). The dashed line stands for the median disparity across simulations,

whereas the solid line is the observed trait disparity. The latter is plotted from the root of the tree (t = 0) until the most

recent internal node. The reported P values were obtained from the rank envelope test [40], whose null hypothesis is

that the trait follows a random walk in the parameter space. Note that instead of a single value, a range of P values is

produced for each panel, due to the existence of ties. In general, species from evolutionarily remote clades tend to

increasingly overlap in thermal sensitivity space (mean subclade disparity exceeds that expected under Brownian

motion) with time. The raw data underlying this figure are available at https://doi.org/10.6084/m9.figshare.12816140.

v1.

https://doi.org/10.1371/journal.pbio.3000894.g003
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sensitivity among clades, with sudden bursts of trait evolution arising in parallel across evolu-

tionarily remote lineages.

Visualization of trait evolution as a function of time, and test for directional selec-

tion. To further describe the evolution of thermal sensitivity, we visualized the E and Wop

values from the root of each subtree until the present day, across all 4 TPC datasets, using the

phytools R package (version 0.6–60) [46]. Ancestral states—and the uncertainty around

them—were obtained from fits of the stable model of trait evolution, as described in the

Fig 4. Distributions of thermal sensitivity estimates of rmax for the largest (most species-rich) phyla of this study. In general, more variation

can be observed within than among phyla. The data underlying this figure are available at https://doi.org/10.6084/m9.figshare.12816140.v1.

https://doi.org/10.1371/journal.pbio.3000894.g004
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previous subsection. The visualization allowed us to test hypothesis 2, i.e., that thermal sensi-

tivity evolves around a central tendency of 0.65 eV (or 0.32 eV), with large deviations from this

value reverting quickly back to it. To this end, and to also test the hypothesis of directional

selection towards lower thermal sensitivity (part of hypothesis 3), we used the following

Fig 5. Variation in the evolutionary rate of thermal sensitivity across the phylogeny. Rates were estimated by fitting

the stable model of trait evolution to each dataset and were then normalised between 0 and 1. Most branches exhibit

relatively low rates of evolution (orange), whereas the highest rates (red and brown) are generally observed in late-

branching lineages across different clades. The raw data underlying this figure are available at https://doi.org/10.6084/

m9.figshare.12816140.v1.

https://doi.org/10.1371/journal.pbio.3000894.g005
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model:

lnðEÞ � lnðŷÞ þ slope � t: ð2Þ

ln(E) values (those from extant species and ancestral states inferred with the stable model)

were regressed against a central value (ln(ŷ)) and a slope that captures a putative linear trend

towards lower/higher values with relative time, t. The same model was also fitted to ln(Wop).

The regressions were performed with MCMCglmm and were corrected for phylogeny as this

resulted in lower deviance information criterion (DIC) [47] values than those obtained from

non-phylogenetic variants of the models. More precisely, we executed 2 MCMCglmm chains

per regression for a million generations, sampling every thousand generations after the first

hundred thousand.

This analysis (Fig 6) did not provide support for the hypothesis of strongly constrained

adaptive evolution around a single key central value (hypothesis 2). Instead, lineages explore

large parts of the parameter space, often moving rapidly towards the upper and lower bounds

(i.e., 0 and 4 eV), without reverting back to the presumed central tendency (e.g., see the clade

denoted by the arrow in Fig 6D). The estimated central values for E of the two rmax datasets

were much higher than the MTE expectation, and, in the case of prokaryotes (Fig 6B), the 95%

HPD interval did not include 0.65. Similarly, the inferred central values for E of net photosyn-

thesis rate and respiration rate (0.52 eV and 2.06 eV, respectively; Fig La,b in S1 Appendix)

were both higher than 0.32 and 0.65 eV. The slope parameter that would capture the effects of

directional selection in thermal sensitivity (part of hypothesis 3) was not statistically different

from 0 for any dataset.

Latitudinally structured variation in thermal sensitivity

All our analyses so far converge on one conclusion: that the evolution of the thermal sensitivi-

ties of fitness-related traits can be rapid and largely independent of the evolutionary history of

each lineage. This suggests that certain environments may select for particular values of ther-

mal sensitivity. To identify environmental adaptation in thermal sensitivity, we tested for lati-

tudinal variation in it using the combination of all 4 TPC datasets. Specifically, the increase in

temperature fluctuations from low to intermediate absolute latitudes is expected to increas-

ingly select for thermal generalists (lower E and higher Wop values) [3, 48, 49]. At high lati-

tudes, however, temperature fluctuations may further increase or progressively decrease,

depending on environment type (marine versus terrestrial) and differences between the 2

hemispheres [3, 48, 49]. In any case, the overwhelming majority of our thermal sensitivity esti-

mates belonged to species/strains from low and intermediate latitudes (S1 Appendix, Fig M),

enabling us to investigate the hypothesized gradual transition towards lower thermal sensitiv-

ity from the equator to intermediate latitudes.

Latitude indeed explained a significant amount of variation in E (which declined as

expected) but not in Wop (Fig 7 and Fig N in S1 Appendix, Tables A and B in S1 Appendix).

The E estimates of rmax, net photosynthesis rate, and respiration rate differed statistically in

their intercepts but not in their slopes against latitude, although the latter could be an artefact

of the small sample size. This result suggests that latitude could influence the E values of not

only rmax but also other traits across various species groups. Dividing latitude into 3 bins (i.e.,

low, intermediate, and high absolute latitudes) and comparing their E distributions yielded

similar conclusions (S1 Appendix, Fig O, Table C).

We also tested for a possible latitudinal clade age bias, which could arise if certain clades

originated in particular latitudes and only much later expanded to other areas [50, 51]. For

this, we performed a Mantel test [52] to estimate the correlation between phylogenetic distance
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and latitudinal distance for the 2 largest groups of our study (phytoplankton and prokaryotes).

No such bias was detected for phytoplankton (r = 0.04, P = 0.114), whereas, for prokaryotes,

the correlation was statistically supported but very weak (r = 0.11, P = 0.002). This result indi-

cates that neither species group is characterised by very strong dispersal limitation throughout

its evolutionary history.

Discussion

In this study, we have performed a thorough analysis of the evolution of the thermal sensitivi-

ties of rmax in phytoplankton and prokaryotes and its 2 key underlying physiological traits in

Fig 6. Projection of the phylogeny into thermal sensitivity versus time space. The values of ancestral nodes were

estimated from fits of the stable model. Yellow lines represent the median estimates, whereas the 95% credible intervals

are shown in red. ŷ is the estimated central tendency for each panel, whereas the existence of a linear trend towards

lower/higher values is captured by the reported slope. Parentheses stand for the 95% HPD intervals for ŷ and the slope.

All estimates were obtained for ln(E) and ln(Wop), but the parameters are shown here in linear scale. The inset figures

show the density distributions of E and Wop values of extant species in the dataset. The arrow in panel D shows an

example of a whole clade shifting towards high Wop values, without being attracted back to ŷ. The raw data underlying

this figure are available at https://doi.org/10.6084/m9.figshare.12816140.v1. HPD, highest posterior density.

https://doi.org/10.1371/journal.pbio.3000894.g006
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plants (net photosynthesis rate and respiration rate). To achieve this, we formulated and tested

3 alternative hypotheses that represent different views expressed in the literature regarding the

impact of thermodynamic constraints on the evolution of thermal sensitivity of fitness-related

traits.

The first hypothesis was that the activity of a single key rate-limiting enzyme of respiration

or photosynthesis directly determines the performance of physiological traits [9, 13] and emer-

gent proxies for fitness (such as rmax) [53, 54] (the UTD assumption). As a result, thermal sen-

sitivity should be strictly constant across traits, species, and environments. This hypothesis was

first introduced in early papers that described the MTE [8–10]. In contrast to the UTD expec-

tation, we detected substantial variation in thermal sensitivity, within and across traits and spe-

cies groups (Fig B in S1 Appendix). Furthermore, the distribution of E (slope of the rising part

of the TPC) values did not exhibit an inflated density near its lower boundary (around 0 eV),

as we would expect if all variation in thermal sensitivity was due to measurement error. The

rejection of hypothesis 1 was additionally supported by our finding that thermal sensitivity is

phylogenetically heritable across phytoplankton and prokaryotes (Fig 2).

Our second hypothesis was that thermal sensitivity evolves across species but remains close

to a key value imposed by strong (but not insurmountable) thermodynamic constraints. We

tested this hypothesis using a series of phylogenetic comparative analyses which revealed that

the evolution of thermal sensitivity is characterised by an increasing overlap in parameter

space by evolutionarily remote lineages (Figs 3 and 4) due to bursts of rapid evolution (Fig 5).

Additionally, visualisation of thermal sensitivity evolution through time (Fig 6 and Fig L in S1

Appendix) showed that thermal sensitivity can rapidly move away from its presumed central

value without being strongly attracted back to it (e.g., see the arrow in Fig 6D). In conclusion,

these results lead us to reject hypothesis 2, i.e., that thermal sensitivity evolves under very

strong thermodynamic constraints.

Fig 7. E values weakly decrease with absolute latitude. 23% of the variance is explained by latitude and trait identity,

which increases to 58% if species identity is added as a random effect on the intercept. Note that values on the vertical

axis increase exponentially. The data underlying this figure are available at https://doi.org/10.6084/m9.figshare.

12816140.v1.

https://doi.org/10.1371/journal.pbio.3000894.g007
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Our final hypothesis was that thermal sensitivity evolves in an adaptive manner and that,

even if a central tendency exists, its influence on thermal sensitivity evolution is weak. This

hypothesis was supported by the results of all phylogenetic comparative analyses and by our

detection of a systematic relationship between E and latitude. The latter is likely driven by the

increase in temperature fluctuations from the equator to intermediate latitudes and agrees

with the expectation that thermally variable environments should select for phenotypes with

low thermal sensitivity, and vice versa [3, 21, 24, 25]. That a similar latitudinal effect could not

be detected on Wop (the operational niche width of the TPC) is possibly because of the much

smaller sample size available for this, combined with the fact that Wop is nonlinearly related to

E (S1 Appendix, Fig D). More precisely, in the Sharpe-Schoolfield model, Wop will necessarily

decrease as E increases, provided that changes in E are not strongly associated with changes in

other TPC parameters (e.g., Tpk or ED; Fig E in S1 Appendix). Indeed, a previous study showed

that E correlates systematically only with Wop [35]. In any case, E is arguably a more meaning-

ful measure of thermal sensitivity than Wop because the latter assumes that species mainly

experience temperatures close to Tpk, while E captures the entire rise of the TPC. Besides tem-

perature fluctuations, a decrease in E with absolute latitude could also be explained by the met-

abolic cold adaptation hypothesis [55–58]. According to it, cold-adapted species should evolve

lower thermal sensitivities (as well as higher B0 values; see Fig 1) to maintain sufficient trait

performance at very low temperatures. As our datasets do not possess the necessary resolution

(especially at high latitudes; Figs M and O in S1 Appendix) for differentiating between these 2

alternative (and non-mutually exclusive) processes, this question remains to be addressed by

future research.

Overall, a set of novel mechanistic explanations of TPC evolution emerge from our compar-

ison of phylogenetic heritabilities of TPC parameters (Fig 2 and Fig F in S1 Appendix). Con-

trary to E and Wop, which have low to intermediate phylogenetic heritabilities, Tpk is almost

perfectly phylogenetically heritable and evolves relatively gradually (i.e., without large jumps

in parameter space; see Fig I in S1 Appendix). Thus, we expect TPCs to adapt to different ther-

mal environments through both gradual changes in Tpk and discontinuous changes in E. Grad-

ual changes in Tpk may be achieved through evolutionary shifts in the melting temperature of

enzymes, i.e., the temperature at which 50% of the enzyme population is deactivated [59, 60].

In contrast, changes in thermal sensitivity may be the outcome of (i) evolution of enzymes

with different heat capacities [60–62], (ii) changes in the plasticity of cellular membranes [3,

63], or even (iii) restructuring of the underlying metabolic network [64].

Fundamental differences in the selection mechanisms underlying the evolution of Tpk and

E may also explain the difference in evolutionary patterns between them. Specifically, both the

mean environmental temperature (to which Tpk responds [7, 35]) and the temperature fluctua-

tions (to which E responds [3, 21, 24–26, 35]) vary systematically from the equator to interme-

diate latitudes. We hypothesize that a species adapted to low temperatures is unlikely to adapt

to a high-temperature environment rapidly enough (i.e., through a large increase in Tpk) as it

is pushed to its thermal tolerance limits [65, 66]. In contrast, a species adapted to a fluctuating

thermal environment (i.e., with a low E value) should be able to survive in more thermally sta-

ble conditions without much cost, becoming a thermal specialist (i.e., with a high E value) rela-

tively rapidly, resulting in the observed jumps in trait space when mapped on the phylogeny

(Figs 3 and 6, Figs K and L in S1 Appendix).

It is worth stressing, however, that not all types of thermal fluctuations are expected to

impose selection for thermal generalists. In particular, thermal generalist variants of a given

species are expected to be favoured when temperature fluctuations primarily occur across gen-

erations [24, 25, 67]. In contrast, moderate to strong thermal variation within generations

would lead to selection for thermal specialists, even when intergenerational fluctuations are
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also present. For the microbial groups of the present study, an estimate of the minimum gener-

ation time can be calculated as the inverse of the Bpk of rmax. Across our datasets of phyto-

plankton and prokaryotes, the minimum generation time ranges from a few minutes to 3.5

months, with phylogenetically corrected medians of� 40.5 hours for phytoplankton and�

3.5 hours for prokaryotes (S1 Appendix, Fig P). Given this and because the magnitudes of

annual and intra-annual (e.g., monthly) thermal fluctuations increase from the equator to

intermediate latitudes [3, 48, 68], most microbes from intermediate latitudes are expected to

generally experience substantial intergenerational thermal fluctuations and to a much lesser

extent intragenerational fluctuations. This is indeed consistent with the observed weak decline

in E at intermediate latitudes compared to the equator (Fig 7 and Fig O in S1 Appendix). Nev-

ertheless, latitude, trait identity, and species identity account for only 58% of the variance in E,

indicating that adaptive shifts in E may also be driven by other factors such as biotic interac-

tions [18, 69, 70]. A systematic identification of drivers of thermal sensitivity as well as the

magnitude of their respective influence could be the focus of future studies.

For the thermal sensitivity of rmax in particular, the observed patterns of discontinuous evo-

lution likely reflect the evolution of TPCs of underlying physiological traits on which it

depends. For example, in populations of photosynthetic cells, shifts in the thermal sensitivity

of any or all of photosynthesis rate, respiration rate, and carbon allocation efficiency can

induce large changes in the E of rmax [30]. Indeed, we observed large adaptive shifts in thermal

sensitivity even for fundamental physiological traits such as respiration rate (S1 Appendix, Fig

Lb,d), contrary to the MTE expectation of strong evolutionary conservatism [8–10]. This result

is in agreement with a previous study that had identified significant adaptive variation in the

TPC of the specific activity of Rubisco carboxylase [31]. It remains to be seen whether a similar

lack of evolutionary conservation can be detected in key enzymes of non-photosynthetic

organisms. Further research is clearly also needed on how the thermal sensitivities of different

traits underlying fitness interact, and the extent to which these interactions can be modified

through adaptation.

Besides biological-driven variation in thermal sensitivity, “artificial” variation may also be

present, hindering the recognition of real patterns. For example, E estimates can be inaccurate

if trait measurements in the rise of the TPC are limited, and span too narrow a range of tem-

peratures [12]. To address this issue, we only kept E estimates if at least 4 trait measurements

were available at the rise of each TPC. Further variation in thermal sensitivity can be intro-

duced if trait values are measured instantaneously (without allowing sufficient time for accli-

mation) or under suboptimal conditions (e.g., under nutrient- or light-deficient conditions).

Such treatments can lead to systematic biases in the shape of the resulting TPCs, which may

strongly differ from TPCs obtained after adequate acclimation and under optimal growth con-

ditions [27, 71–74]. To avoid such biases, the datasets that we used only included TPCs that

were experimentally determined after acclimation and under optimal conditions. On the other

hand, maintenance of a given strain under a fixed set of experimental conditions for hundreds

of generations could also lead to adaptive changes in TPC shape, due to the emergence of

novel genetic mutations, as has been previously shown [26, 27]. While the strains in our dataset

were not grown over such long time periods, future studies could employ experimental evolu-

tion to measure the rate of thermal sensitivity evolution over much shorter timescales than the

ones in our study.

Put together, all these results yield a compelling mechanistic explanation of how evolution

shapes the distribution of E and emphasize the need to consider the ecological and evolution-

ary underpinnings as well as implications of variation in E, as has been pointed out in a spate

of recent studies [12, 18, 20, 21, 30]. In particular, our study helps explain the reason for the

right skewness in the E distributions previously identified across practically all traits and
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taxonomic groups [12, 18, 21]. A clear explanation for this pattern has been lacking,

partly because MTE posits that E should be thermodynamically constrained and thus almost

invariable across species [8–10]. Our study fills this gap in understanding by showing that the

distribution of E is the outcome of frequent convergent evolution, driven by the adaptation of

species from different clades to similar environmental conditions. In other words, as species

encounter new environments through active or passive dispersal [75–77], they face selection

for particular values of thermal sensitivity, which results in (often large) shifts in E. This pro-

cess explains both the low variation in E among some species groups (Fig 4) and the shape of

its distribution. More precisely, the high degree of right skewness probably reflects the fact that

most environments select for thermal generalists, with high E values being less frequently

advantageous. Our findings have implications for ecophysiological models, which may benefit

from accounting for variation in thermal sensitivity among species or individuals. This could

both yield an improved fit to empirical datasets [78] and provide a more realistic approxima-

tion of the processes being studied. Finally, the existence of adaptive variation in thermal sensi-

tivity is likely to partly drive ecological patterns at higher scales (e.g., the response of an

ecosystem to warming). How differences in thermal sensitivity among species influence eco-

system function is largely unaddressed [32, 78] but highly important for accurately predicting

the impacts of climate change on diverse ecosystems.

Methods

Phylogeny reconstruction and relative time calibration

We performed sequence alignment using MAFFT (version 7.123b) [79] and its L-INS-i algo-

rithm, and we ran Noisy (version 1.5.12) [80] with the default options to identify and remove

phylogenetically uninformative homoplastic sites. For a more robust phylogenetic reconstruc-

tion, we used the results of previous phylogenetic studies by extracting the Open Tree of Life

[81] topology for the species in our dataset using the rotl R package [82]. We manually exam-

ined the topology to eliminate any obvious errors. In total, 497 species were present in the tree,

whereas many nodes were polytomic. To add missing species and resolve polytomies, we

inferred 1,500 trees with RAxML (version 8.2.9) [83] from our concatenated sequence align-

ment, using the Open Tree of Life topology as a backbone constraint and the General Time-

Reversible model [84] with Γ-distributed rate variation among sites [85]. This model was fitted

separately to each gene partition (i.e., one partition for the alignment of the small subunit

rRNA gene sequences and one partition for the alignment of cbbL/rbcL gene sequences). Out

of the 1,500 resulting tree topologies, we selected the tree with the highest log-likelihood and

performed bootstrapping (using the extended majority-rule criterion) [86] to evaluate the sta-

tistical support for each node.

Finally, we calibrated the resulting RAxML tree to units of relative time by running DPPDiv

[87] on the alignment of the small subunit rRNA gene sequences using the uncorrelated Γ-dis-

tributed rates model [88] (S1 Appendix, Fig A). For this, we used the alignment of small sub-

unit rRNA gene sequences only, as DPPDiv can only be run on a single gene partition. We

executed 2 DPPDiv runs for 9.5 million generations, sampling from the posterior distribution

every 100 generations. After discarding the first 25% of samples as burn-in, we ensured that

the 2 runs had converged on statistically indistinguishable posterior distributions by examin-

ing the effective sample size and the potential scale reduction factor [89, 90] for all model

parameters. More precisely, we verified that all parameters had an effective sample size above

200 and a potential scale reduction factor value below 1.1. To summarise the posterior distri-

bution of calibrated trees into a single relative chronogram, we kept 4,750 trees per run (one
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tree every 1,500 generations) and calculated the median height for each node using the

TreeAnnotator program [91].

Sharpe-Schoolfield model fitting

To obtain estimates of the parameters of each experimentally determined TPC, we fitted the

following 4-parameter variant of the Sharpe-Schoolfield model (Fig 1) [5, 35]:

B Tð Þ ¼ B0 �
e
� E
k �

1
T�

1
Tref

� �h i

1þ E
ED � E
� e

ED
k �

1
Tpk
� 1
T

� �h i : ð3Þ

This model extends the Boltzmann-Arrhenius model (Eq 1) to capture the decline in trait

performance after the TPC reaches its peak (Tpk). We followed the same approach for fitting

the Sharpe-Schoolfield model as Kontopoulos and coworkers [35]. Briefly, we set Tref to 0 ˚C

because, for B0 to be biologically meaningful (see Fig 1), it needs to be normalised at a temper-

ature below the minimum Tpk in the study. Thus, a Tref value of 0 ˚C allowed us to include

TPCs from species with low Tpk values in the analyses. Also, as certain specific TPC parameter

combinations can mathematically lead to an overestimation of B0 compared to the true value,

B(Tref) [92], we manually recalculated B(Tref) for each TPC after obtaining estimates of the 4

main parameters (B0, E, Tpk, and ED). For simplicity, these recalculated B(Tref) values are

referred to as B0 throughout the study. Finally, Bpk and Wop were calculated based on the esti-

mates of the 4 main parameters.

After rejecting fits with an R2 below 0.5, there were (i) 312 fits across 118 species from the

phytoplankton rmax dataset, (ii) 289 fits across 189 species from the prokaryote rmax dataset,

(iii) 87 fits across 38 species from the net photosynthesis rates dataset, and (iv) 34 fits across 18

species from the respiration rates dataset. Note that some species were represented by multiple

fits due to the inclusion of experimentally determined TPCs from different strains of the same

species or from different geographical locations. To ensure that all TPC parameters were reli-

ably estimated, we performed further filtering based on the following criteria: (i) B0 and E esti-

mates were rejected if fewer than 4 experimental data points were available below Tpk. (ii)

Extremely high E estimates (i.e., above 4 eV) were rejected. (iii) Wop values were retained if at

least 4 data points were available below Tpk and 2 after it. (iv) Two data points below and after

the peak were required for accepting the estimates of Tpk and Bpk. (v) ED estimates were kept if

at least 4 data points were available at temperatures greater than Tpk.

Estimation of phylogenetic heritability for all TPC parameters using

MCMCglmm, Rphylopars, and BayesTraits

For MCMCglmm, the methodology that we used was also identical to that of Kontopoulos and

coworkers [35]. In short, we specified a phylogenetic mixed-effects model for each of the 2

large TPC datasets. The models had a combined response with all TPC parameters trans-

formed towards normality. The uncertainty for each estimate was obtained with the delta

method [93] or via bootstrapping (for ln(Wop)) and was incorporated into the model. Missing

estimates in the response variables (i.e., when not all parameter estimates could be obtained

for the same TPC) were modelled according to the “Missing At Random” approach [36, 94].

Regarding fixed effects, a separate intercept was specified for each TPC parameter. Species

identity was treated as a random effect on the intercepts and was corrected for phylogeny

through the integration of the inverse of the phylogenetic variance-covariance matrix. For

each dataset, 2 Markov chain Monte Carlo chains were run for 200 million generations, and
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estimates of the parameters of the model were sampled every 1,000 generations after the first

20 million generations were discarded as burn-in. Tests to ensure that the chains had con-

verged and that the parameters were adequately sampled were done as previously described.

We also estimated Pagel’s λ [95] (which is equivalent to phylogenetic heritability [96]) for

each TPC parameter using Rphylopars and BayesTraits. For the latter, we executed 2 Markov

chain Monte Carlo chains for 10 million generations, kept samples from the posterior every

1,000 generations after the first million, and ensured that sufficient convergence had been

reached. Nevertheless, we note that our previous approach is superior because Rphylopars and

BayesTraits analyse each TPC parameter separately, and thus covariances among TPC parame-

ters are not taken into account when estimating missing values. Furthermore, these 2 methods

cannot accommodate the uncertainty for each TPC parameter estimate.

Disparity-through-time analyses

We performed disparity-through-time analyses for ln(E) and ln(Wop), using the rank envelope

method [40] to generate a confidence envelope from 10,000 simulations of random evolution

(Brownian motion). As it is not straightforward to incorporate multiple measurements per

species with this method, we selected the ln(E) or ln(Wop) estimate of the Sharpe-Schoolfield

model fit with the highest R2 value per species.

Free, stable, and Lévy model fitting

We fitted the free, stable, and Lévy models of trait evolution to estimates of ln(E) and ln(Wop),

using the motmot.2.0 R package (version 1.1.2) [97, 98], the stabletraits software [44], and the

levolution software [45], respectively. To obtain each fit of the stable model, we executed 4

independent Markov chain Monte Carlo chains for 30 million generations, recording posterior

parameter samples every 100 generations. Samples from the first 7.5 million generations were

excluded, whereas the remaining samples were examined to ensure that convergence had been

achieved. For fitting the Lévy model, we used the peak-finder algorithm to estimate the value

of the model’s α parameter. More precisely, we set the starting value of α to 100.5, the step size

to 0.5, and the number of optimizations to 5, as suggested in levolution’s documentation. We

also changed the maximum number of iterations (option “-maxIterations”) to 2,000 so that the

algorithm could sufficiently converge in all cases.

Investigation of a putative relationship between latitude and ln(E) and ln

(Wop)

We examined the relationship of thermal sensitivity with latitude by fitting regression models

with MCMCglmm to all 4 TPC datasets combined. The response variable was ln(E) or ln

(Wop), whereas possible predictor variables were (i) latitude (in radian units and using a cosine

transformation, as absolute latitude in degree units, or split in 3 bins of low, intermediate, and

high absolute latitude; subsections D.2 and D.3 in S1 Appendix), (ii) the trait from which ther-

mal sensitivity estimates were obtained, and (iii) the interaction between latitude and trait

identity. To properly incorporate multiple measurements from the same species (where avail-

able), we treated species identity as a random effect on the intercept. We fitted both phyloge-

netic and non-phylogenetic variants of all candidate models. Two chains per model were run

for 5 million generations each, with samples from the posterior being captured every thousand

generations. We verified that each pair of chains had sufficiently converged, after discarding

samples from the first 500,000 generations. To identify the most appropriate model, we first

rejected models that had a nonintercept coefficient with a 95% HPD interval that included 0.

We then selected the model with the lowest mean DIC value. To report the proportions of
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variance explained by the fixed effects (Varfixed), by the random effect (Varrandom), or left unex-

plained (Varresid), we calculated the marginal and conditional coefficients of determination

[99]:

R2

m ¼
Varfixed

Varfixed þ Varrandom þ Varresid
; ð4Þ

R2

c ¼
Varfixed þ Varrandom

Varfixed þ Varrandom þ Varresid
: ð5Þ

Mantel test between phylogenetic and latitudinal distance matrices

We used the R package ade4 (version 1.7–13) [100] to infer the correlation of phylogenetic dis-

tance with latitudinal distance across phytoplankton and prokaryotes using the Mantel test. To

generate the P values, we set the number of permutations to 9,999.

Supporting information

S1 Appendix. Supplementary material.

(PDF)
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the Rubisco maximum carboxylase activity across domains of life: phylogenetic signals, trade-offs,

and importance for carbon gain. Photosynth Res. 2015; 123(2):183–201. https://doi.org/10.1007/

s11120-014-0067-8 PMID: 25515770

32. Smith TP, Thomas TJH, Garcı́a-Carreras B, Sal S, Yvon-Durocher G, Bell T, et al. Community-level

respiration of prokaryotic microbes may rise with global warming. Nat Commun. 2019; 10(1):1–11.

33. Barton S, Jenkins J, Buckling A, Schaum CE, Smirnoff N, Raven JA, et al. Evolutionary temperature

compensation of carbon fixation in marine phytoplankton. Ecol Lett. 2020; 23:722–733. https://doi.org/

10.1111/ele.13469 PMID: 32059265

34. Estes S, Arnold SJ. Resolving the paradox of stasis: models with stabilizing selection explain evolu-

tionary divergence on all timescales. Am Nat. 2007; 169(2):227–244. https://doi.org/10.1086/510633

PMID: 17211806

35. Kontopoulos DG, van Sebille E, Lange M, Yvon-Durocher G, Barraclough TG, Pawar S. Phytoplank-

ton thermal responses adapt in the absence of hard thermodynamic constraints. Evolution. 2020; 74

(4):775–790. https://doi.org/10.1111/evo.13946 PMID: 32118294

36. Hadfield JD. MCMC Methods for Multi-Response Generalized Linear Mixed Models: The MCMCglmm

R Package. J Stat Softw. 2010; 33(2):1–22.

37. Goolsby EW, Bruggeman J, Ane C. Rphylopars: Phylogenetic Comparative Tools for Missing Data

and Within-Species Variation; 2019.

38. Pagel M, Meade A, Barker D. Bayesian estimation of ancestral character states on phylogenies. Syst

Biol. 2004; 53(5):673–684. https://doi.org/10.1080/10635150490522232 PMID: 15545248

39. Harmon LJ, Schulte JA, Larson A, Losos JB. Tempo and mode of evolutionary radiation in iguanian

lizards. Science. 2003; 301(5635):961–964. https://doi.org/10.1126/science.1084786 PMID:

12920297

40. Murrell DJ. A global envelope test to detect non-random bursts of trait evolution. Methods Ecol Evol.

2018; 9(7):1739–1748.

41. Schluter D. The ecology of adaptive radiation. OUP Oxford; 2000.

42. Moen D, Morlon H. From dinosaurs to modern bird diversity: extending the time scale of adaptive radi-

ation. PLoS Biol. 2014; 12(5). https://doi.org/10.1371/journal.pbio.1001854

PLOS BIOLOGY Deep-time evolution of the thermal sensitivity of population growth rate across microbes

PLOS Biology | https://doi.org/10.1371/journal.pbio.3000894 October 16, 2020 21 / 24

https://doi.org/10.1111/ele.12013
https://doi.org/10.1111/ele.12013
http://www.ncbi.nlm.nih.gov/pubmed/23050790
https://doi.org/10.1111/nph.15015
http://www.ncbi.nlm.nih.gov/pubmed/29451680
https://doi.org/10.1002/ece3.4663
https://doi.org/10.1002/ece3.4663
http://www.ncbi.nlm.nih.gov/pubmed/30598797
https://doi.org/10.1038/s41467-018-03906-5
http://www.ncbi.nlm.nih.gov/pubmed/29712900
https://doi.org/10.1111/ele.12545
https://doi.org/10.1111/ele.12545
http://www.ncbi.nlm.nih.gov/pubmed/26610058
https://doi.org/10.1111/ele.12820
http://www.ncbi.nlm.nih.gov/pubmed/28853241
https://doi.org/10.1073/pnas.1800222115
http://www.ncbi.nlm.nih.gov/pubmed/30021849
https://doi.org/10.1007/s11120-014-0067-8
https://doi.org/10.1007/s11120-014-0067-8
http://www.ncbi.nlm.nih.gov/pubmed/25515770
https://doi.org/10.1111/ele.13469
https://doi.org/10.1111/ele.13469
http://www.ncbi.nlm.nih.gov/pubmed/32059265
https://doi.org/10.1086/510633
http://www.ncbi.nlm.nih.gov/pubmed/17211806
https://doi.org/10.1111/evo.13946
http://www.ncbi.nlm.nih.gov/pubmed/32118294
https://doi.org/10.1080/10635150490522232
http://www.ncbi.nlm.nih.gov/pubmed/15545248
https://doi.org/10.1126/science.1084786
http://www.ncbi.nlm.nih.gov/pubmed/12920297
https://doi.org/10.1371/journal.pbio.1001854
https://doi.org/10.1371/journal.pbio.3000894


43. Mooers AØ, Vamosi SM, Schluter D. Using phylogenies to test macroevolutionary hypotheses of trait

evolution in cranes (Gruinae). Am Nat. 1999; 154(2):249–259. https://doi.org/10.1086/303226 PMID:

29578789

44. Elliot MG, Mooers AØ. Inferring ancestral states without assuming neutrality or gradualism using a sta-

ble model of continuous character evolution. BMC Evol Biol. 2014; 14(1):226.
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A Phylogeny reconstruction

The final tree produced by RAxML [1] and calibrated to relative time with DPPDiv [2] is shown in Fig A.
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Fig A. The phylogeny generated in this study from which subtrees were extracted for comparative
analyses. Colours indicate different phyla, whereas circles show the statistical support for each node, conditional
to the topological constraints of the Open Tree of Life [3]. The phylogeny is available in NEXUS format at
https://doi.org/10.6084/m9.figshare.12816140.v1.
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B Dataset of thermal sensitivity estimates

The distributions of E and Wop values across the four datasets for species included in the phylogeny are shown
in Fig B. Fig C shows the distributions of thermal sensitivity estimates of rmax across the six largest phyla of
this study.
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Fig B. All estimates of thermal sensitivity that were part of this study. Multiple estimates from the
same species are not averaged but are included as separate data points. As experimentalists rarely measure trait
performance across the entire TPC, for many TPCs it was not possible to robustly estimate both E and Wop. For
this reason, E and Wop do not have the same sample size for each dataset. Overall, the distributions of thermal
sensitivity parameters are not approximately Gaussian but asymmetric and not generally inflated at their
boundaries. This indicates that the variation in thermal sensitivity is real and not purely due to measurement
error. The raw data underlying this figure are available at https://doi.org/10.6084/m9.figshare.12816140.
v1.
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Fig C. The E and Wop distributions of the largest phyla in the study exhibit considerable overlap.
Here, each species is represented by a single thermal sensitivity estimate. The increasing convergence of thermal
sensitivity distributions even among evolutionarily remote phyla (e.g., between Cyanobacteria and Dinophyta
or between Bacillariophyta and Proteobacteria) explains the intermediate phylogenetic heritability of thermal
sensitivity. Moreover, it suggests that different values of E or Wop correspond to distinct thermal strategies
which species can evolve largely regardless of their evolutionary background. The data underlying this figure
are available at https://doi.org/10.6084/m9.figshare.12816140.v1.
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C Phylogenetic comparative analyses

C.1 Analyses of the datasets of rmax TPCs

We first used MCMCglmm to estimate the phylogenetic heritabilities of our six TPC parameters by inferring
their variance/covariance matrix, corrected for phylogeny. This allowed us to also extract the phenotypic corre-
lation (rphe) between E and Wop and, thus, to understand the relationship between the two thermal sensitivity
measures (Fig D). Furthermore, the phenotypic correlation was broken down to its phylogenetically heritable
component (rher) and its residual component (rres). The latter should be driven mostly by environmental effects.
To understand why the relationship shown in Fig D arises, we numerically examined how Wop is affected by
changes in E, and the sensitivity of their relationship to changes in B0, Tpk, and ED (Fig E).
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Fig D. Correlations between E and Wop among phytoplankton and prokaryotes, as estimated with
MCMCglmm. Despite both being measures of thermal sensitivity, E and Wop are not perfectly correlated.
The correlation coefficients shown are posterior distribution means, with values in parentheses indicating the
95% Highest Posterior Density interval. All correlation estimates were obtained for ln(E) and ln(Wop), whereas
here the parameters are shown untransformed. The data underlying this figure are available at https://doi.

org/10.6084/m9.figshare.12816140.v1.
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Fig E. The expected relationship of the operational niche width (Wop) and E in the Sharpe-
Schoolfield model. (a) Wop always decreases with E, provided that the other parameters (B0, Tpk, and
ED) do not vary substantially and systematically with E. This is illustrated here with three arbitrary fixed
combinations of the other three parameters; the curves remain practically the same, irrespective of substantial
variation in these other parameters. (b) An example illustrating how Wop always decreases with E when the
other parameters are fixed (values shown in black). As E increases from 0.3 to 1 eV, Wop decreases from 22.25
to 12.50◦C.
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Besides MCMCglmm, we also estimated phylogenetic heritabilities using Rphylopars and BayesTraits and
compared the resulting estimates with those of MCMCglmm (Fig F).
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Fig F. Comparison of phylogenetic heritability estimates of MCMCglmm, Rphylopars, and
BayesTraits. As MCMCglmm and BayesTraits estimate phylogenetic heritability using a Bayesian approach,
the plots show their posterior distributions. Instead, point estimates are shown for Rphylopars. The phylogenetic
heritability estimates obtained with Rphylopars are greater than zero for all TPC parameters. While the mean
phylogenetic heritability estimates of BayesTraits are generally lower than those of MCMCglmm and Rphy-
lopars, the lower bound of the 95% Highest Posterior Density interval of BayesTraits is always greater than zero
(the lowest value is at 2 · 10−5 for ln(E) among phytoplankton). Furthermore, the distributions of phylogenetic
heritabilities of prokaryotes obtained with BayesTraits are much narrower and closer to those of MCMCglmm,
compared to those obtained for phytoplankton with the two programs. This is consistent with an increase in the
“signal-to-noise” ratio from phytoplankton to prokaryotes, given that the latter dataset is larger (Fig B). In any
case, the observed differences in the estimates of MCMCglmm and BayesTraits may arise from i) differences in
the priors used by the two methods, ii) accounting (or not) for the uncertainty of each TPC parameter estimate,
or from iii) differences in the approaches employed for the estimation of missing TPC parameter values. The
raw data underlying this figure are available at https://doi.org/10.6084/m9.figshare.12816140.v1.
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To examine how the evolutionary rate of thermal sensitivity varies across the phylogeny, we fitted the stable
model of trait evolution [4] (Fig 5 in the main text) but also the free model [5] (Fig G) and the Lévy model [6]
(Fig H).

Finally, to better understand how species explore the parameter space of E, Wop, and Tpk (whose phylogenetic
heritability is ≈ 1; see Figs 2 and F), we combined our two rmax datasets and divided the distributions of E,
Wop, and Tpk into four discrete states (Fig I). Boundaries for these states were selected using the Jenks natural
breaks clustering algorithm [7], as implemented in the BAMMtools R package (v. 2.1.6) [8]. To estimate the
transition rates among states, we fitted the “all-rates-different” variant of the Mk model [9] with the fitMk

function of the phytools R package (v. 0.6-60) [10].
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Fig G. Variation in the evolutionary rate across the phylogeny, as inferred with the free model.
The results are qualitatively similar to those obtained with the stable model. The highest evolutionary rates
(dark red and brown) generally appear in late-branching lineages across the phylogeny and are not clustered in
specific clades. The raw data underlying this figure are available at https://doi.org/10.6084/m9.figshare.
12816140.v1.
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Fig H. Evolutionary jumps in thermal sensitivity across the phylogeny, as inferred with the Lévy
model. The results are again qualitatively similar to those obtained with the stable model. Branches with a
high posterior probability for the occurrence of a jump (shown in yellow to dark red) are distributed across the
entire phylogeny and are not limited to specific clades. Note that in all cases, the Lévy model had a much lower
AIC (between 20 and 147 units difference) than the constant-rate Brownian motion model (the null expectation).
The raw data underlying this figure are available at https://doi.org/10.6084/m9.figshare.12816140.v1.
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Fig I. Transitions in the discretized parameter space of E, Wop, and Tpk. The width of the edges
represents the natural logarithm of the transition rate between states. Transitions between non-neighbouring
states are very common for E (which captures the rise of the TPC), rare forWop (which captures both the rise and
the peak of the TPC), and never observed for Tpk (which captures the peak of the TPC). It is worth pointing out
that Tpk also exhibits the lowest transition rates between neighbouring states among the three TPC parameters.
These results are consistent with the phylogenetic heritability estimates shown in Fig 2 in the main text. The
raw data underlying this figure are available at https://doi.org/10.6084/m9.figshare.12816140.v1.
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C.2 Analyses of the dataset of phytoplankton TPCs after excluding Cyanobacteria

Removing Cyanobacteria from the phytoplankton dataset led to qualitatively identical results in our phylogenetic
analyses (Figs J and K).
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Fig J. Phylogenetic heritabilities of TPC parameters of eukaryotic phytoplankton. The main
differences between these results and those using the entire phytoplankton dataset (Fig 2A in the main text)
were that, here, ln(E) and ln(Bpk) have slightly higher/lower phylogenetic heritabilities respectively. The former
is expected as the thermal sensitivity distribution of Cyanobacteria is very similar to that of Dinophyta (Fig 4 in
the main text), despite the long evolutionary distance between them. Therefore, the exclusion of Cyanobacteria
would necessarily increase the phylogenetic heritability of thermal sensitivity. Similarly, ln(Bpk) in prokaryotes
is more phylogenetically heritable than in phytoplankton (Fig 2 in the main text), explaining the further decrease
in its phylogenetic heritability when Cyanobacteria are excluded. The data underlying this figure are available
at https://doi.org/10.6084/m9.figshare.12816140.v1.
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Fig K. The mean subclade disparity in thermal sensitivity tends to increase with time across
phytoplankton, even after excluding Cyanobacteria. The pattern is slightly weaker (albeit still present)
due to the lower sample size. The raw data underlying this figure are available at https://doi.org/10.6084/
m9.figshare.12816140.v1.
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C.3 Analyses of the net photosynthesis rate and respiration rate TPC datasets

The visualization of the evolution of thermal sensitivity of net photosynthesis rate and respiration rate revealed
similar patterns to those of the thermal sensitivity of rmax (Fig 6 in the main text). Thermal sensitivity values

do not evolve gradually and tightly around a central value (θ̂), but explore large parts of the parameter space
due to bursts of rapid evolution.
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Fig L. Evolution of the thermal sensitivities of net photosynthesis rate and respiration rate
through time. The inset figures show the density distributions of E and Wop values of extant species in
the dataset. The raw data underlying this figure are available at https://doi.org/10.6084/m9.figshare.

12816140.v1.
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D Investigation of latitudinal associations for measures of thermal
sensitivity

D.1 Latitudinal coverage of the dataset

The latitudes of species/strains from which we obtained estimates of thermal sensitivity (E and Wop) are shown
in Fig M.
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Fig M. Latitudinal distribution of E (a) and Wop (b) estimates in this study. Most estimates are
from species/strains found at low and intermediate latitudes. The percentage at the top of each panel indicates
the fraction of estimates from latitudes between -60◦N and 60◦N. Note that values along the vertical axes do
not increase linearly. The raw data underlying this figure are available at https://doi.org/10.6084/m9.

figshare.12816140.v1.

D.2 Fitted models using latitude as a continuous predictor

We rejected models that had one or more non-intercept coefficients with a 95% HPD interval that included zero.
We then used DIC to identify the most appropriate model among those remaining.

Model Phylogenetic correction Mean DIC

ln(E) ∼ Intercept + cos(Latitude) + Trait identity 3 535.2840

ln(E) ∼ Intercept + |Latitude| + Trait identity 3 536.0311

ln(E) ∼ Intercept + Trait identity 3 538.7041

ln(E) ∼ Intercept 3 569.9043

ln(E) ∼ Intercept + cos(Latitude) + Trait identity 7 489.5730

ln(E) ∼ Intercept + |Latitude| + Trait identity 7 488.8540

ln(E) ∼ Intercept + cos(Latitude) 7 511.4035

ln(E) ∼ Intercept + |Latitude| 7 510.1707

ln(E) ∼ Intercept + Trait identity 7 492.4570

ln(E) ∼ Intercept 7 514.0522

Table A. Candidate models with ln(E) as the response variable.
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Model Phylogenetic correction Mean DIC

ln(Wop) ∼ Intercept 3 148.6599

ln(Wop) ∼ Intercept + Trait identity 7 144.8427

ln(Wop) ∼ Intercept 7 147.4493

Table B. Candidate models with ln(Wop) as the response variable.
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Fig N. The most appropriate model for ln(Wop) does not include latitude as a predictor vari-
able. Trait identity on its own accounts for 16% of variance, whereas also incorporating species iden-
tity (as a random effect on the intercept) results in 66% of the variance being explained. Grey hori-
zontal lines denote the inferred intercept for each trait. The data underlying this figure are available at
https://doi.org/10.6084/m9.figshare.12816140.v1.

D.3 Fitted models using binned latitude as predictor

Model Phylogenetic correction Mean DIC

ln(E) ∼ Intercept + |Latitude|0−30 + |Latitude|>60 + Trait identity 3 535.8695

ln(E) ∼ Intercept + |Latitude|0−30 + |Latitude|>60 3 565.1168

ln(E) ∼ Intercept + Trait identity 3 538.7041

ln(E) ∼ Intercept 3 569.9043

ln(E) ∼ Intercept + |Latitude|0−30 + |Latitude|>60 + Trait identity 7 485.0223

ln(E) ∼ Intercept + |Latitude|0−30 + |Latitude|>60 7 504.8906

ln(E) ∼ Intercept + Trait identity 7 492.4570

ln(E) ∼ Intercept 7 514.0522

Table C. Candidate models for the effects of binned absolute latitude on ln(E).
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Fig O. Distribution of E estimates across low, intermediate, and high latitudes. Species/strains
found in low latitudes tend to have slightly higher E values than those in intermediate latitudes. In contrast,
the E distributions of intermediate and high latitudes were statistically indistinguishable. The data underlying
this figure are available at https://doi.org/10.6084/m9.figshare.12816140.v1.
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Fig P. Distribution of minimum generation time estimates for phytoplankton and prokary-
otes. Data points were obtained by taking the inverse of all Bpk estimates. Horizontal bars represent the
phylogenetically-corrected median values, i.e., the inverse of the intercept of Bpk from the multi-response re-
gression models that we fitted with MCMCglmm (see the “Estimation of phylogenetic heritability for all TPC
parameters using MCMCglmm, Rphylopars, and BayesTraits” subsection of the Methods in the main text).
The data underlying this figure are available at https://doi.org/10.6084/m9.figshare.12816140.v1.

F List of nucleotide sequences used for phylogeny reconstruction

Table D. Species names and Accession IDs of small subunit rRNA gene sequences that were used in this
study.

Species Accession ID

Abies alba GenBank: DQ371809.1
Abutilon theophrasti GenBank: DQ287985.1
Acer rubrum GenBank: U42494.1
Acetobacterium bakii NCBI Reference Sequence: NR 026329.1
Acetobacterium carbinolicum NCBI Reference Sequence: NR 026325.1
Acetobacterium fimetarium NCBI Reference Sequence: NR 026328.1
Acetobacterium paludosum NCBI Reference Sequence: NR 026327.1
Acetobacterium tundrae NCBI Reference Sequence: NR 028934.1
Acetogenium kivui NCBI Reference Sequence: NR 044617.1
Acidianus brierleyi NCBI Reference Sequence: NR 043409.1
Acidianus infernus NCBI Reference Sequence: NR 043431.1
Acidianus manzaensis GenBank: EU563854.1
Acidibacter ferrireducens NCBI Reference Sequence: NR 126260.1
Acidicaldus organivorus NCBI Reference Sequence: NR 042752.1
Acidilobus aceticus NCBI Reference Sequence: NR 041774.1
Acidilobus sulfurireducens NCBI Reference Sequence: NR 115940.1
Acidimicrobium ferrooxidans NCBI Reference Sequence: NR 074390.1
Acidithiobacillus caldus GenBank: KJ944319.1
Acidithiobacillus ferrivorans GenBank: KJ679874.1
Acidithiobacillus ferrooxidans GenBank: DQ062118.1
Acidithiobacillus thiooxidans GenBank: DQ834372.1
Acidocella aromatica GenBank: AF253413.1
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Table D – Continued from previous page

Species Accession ID

Aeribacillus pallidus NCBI Reference Sequence: NR 026515.1
Aeromonas hydrophila GenBank: M59148.1
Aeropyrum pernix NCBI Reference Sequence: NR 043417.1
Aldrovanda vesiculosa GenBank: AY096114.1
Alexandrium catenella GenBank: AJ535392.1
Alexandrium fundyense GenBank: KF908796.1
Alexandrium minutum GenBank: U27499.1
Alexandrium monilatum GenBank: AY883005.1
Alexandrium ostenfeldii GenBank: U27500.1
Alexandrium tamarense GenBank: AJ415510.1
Alkaliphilus transvaalensis GenBank: AJ630291.1
Amphidinium klebsii GenBank: EU046335.1
Amphiprora paludosa GenBank: AY485468.1
Anabaena bergii GenBank: AF160256.1
Anabaena macrospora GenBank: AJ293115.1
Anabaena spiroides GenBank: AB271212.1
Anabaena ucrainica GenBank: AB551452.1
Anabaena variabilis GenBank: AB016520.1
Ankistrodesmus falcatus var. tumidus GenBank: JQ315498.1
Antirrhinum majus GenBank: AJ236047.1
Aphanizomenon flosaquae GenBank: HE975013.1
Aphanizomenon gracile GenBank: AJ293127.1
Aphanizomenon ovalisporum GenBank: FM177484.1
Aplectrum hyemale GenBank: U59937.1
Arabidopsis thaliana NCBI Reference Sequence: NR 141642.1
Arbutus unedo GenBank: AF206853.1
Archaeoglobus veneficus NCBI Reference Sequence: NR 102885.1
Aristotelia serrata GenBank: GU476422.1
Asterionella formosa GenBank: AM712617.1
Asterionellopsis glacialis GenBank: X77701.1
Aulacoseira baicalensis GenBank: AY121821.1
Aulacoseira granulata GenBank: AB430586.1
Bacillus acidocaldarius GenBank: X60742.1
Bacillus caldotenax GenBank: AY608937.1
Bacillus cereus GenBank: KU198623.1
Bacillus infernus NCBI Reference Sequence: NR 027227.1
Bacillus megaterium GenBank: HM371417.1
Bacillus subtilis GenBank: AY728013.1
Beta vulgaris GenBank: FJ669720.1
Betula papyrifera GenBank: L00971.1
Betula pendula GenBank: GU476453.1
Brassica oleracea GenBank: KT225359.1
Brassica rapa GenBank: LC009534.1
Brochothrix thermosphacta GenBank: M58798.1
Bryum argenteum GenBank: U18529.1
Caldicellulosiruptor obsidiansis NCBI Reference Sequence: NR 117295.1
Caldisphaera draconis NCBI Reference Sequence: NR 115941.1
Caldivirga maquilingensis NCBI Reference Sequence: NG 042069.1
Caloramator indicus NCBI Reference Sequence: NR 026134.1
Caloranaerobacter azorensis NCBI Reference Sequence: NR 028919.1
Candidatus Brocadia sinica GenBank: KT023578.1
Capsella bursa-pastoris GenBank: KT459181.1
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Species Accession ID

Capsicum annuum GenBank: EF564281.1
Carya glabra GenBank: AF206880.1
Caulerpa serrulata GenBank: JQ745683.1
Ceratium furca GenBank: AJ276699.1
Ceratium fusus GenBank: AF022153.1
Ceratophyllum demersum GenBank: U42517.1
Chaetoceros debilis GenBank: AB847419.1
Chamaebatiaria millefolium GenBank: DQ886366.1
Chamerion angustifolium GenBank: AH001636.2
Chatonella marina GenBank: AB217627.1
Chenopodium album GenBank: HQ827790.1
Chlamydomonas reinhardtii GenBank: KF864473.1
Chlamydomonas subcaudata GenBank: AJ781310.1
Chlorella ellipsoidea GenBank: X63520.1
Chlorella pyrenoidosa GenBank: AB240151.1
Chlorella saccharophila GenBank: AB183577.1
Chlorella sorokiniana GenBank: EU402596.1
Chlorella vulgaris GenBank: HQ702325.1
Chlorobium tepidum NCBI Reference Sequence: NR 044685.2
Chondrus crispus GenBank: DQ317002.1
Chroomonas salina GenBank: GU983864.1
Chrysanthemum morifolium GenBank: KJ870235.1
Cicer arietinum GenBank: AJ011011.4
Citrus aurantium GenBank: U38312.1
Citrus limon GenBank: KJ740202.1
Cladophora glomerata GenBank: AB665579.1
Closterium acerosum GenBank: AF352230.1
Clostridium autoethanogenum NCBI Reference Sequence: NR 119283.1
Clostridium fervidus GenBank: L09187.1
Clostridium paradoxum NCBI Reference Sequence: NR 119327.1
Clostridium perfringens GenBank: LC037206.1
Clostridium thermoalcaliphilum GenBank: FR749953.1
Clostridium thermohydrosulfuricum NCBI Reference Sequence: NR 044618.1
Clostridium thermosuccinogenes GenBank: Y18180.1
Clostridium thermosulfurogenes GenBank: HG324062.2
Coccolithus pelagicus GenBank: AJ246261.1
Cochlodinium polykrikoides GenBank: EU418971.1
Coelastrum microporum GenBank: JQ315527.1
Colwellia demingiae NCBI Reference Sequence: NR 118860.1
Colwellia hornerae NCBI Reference Sequence: NR 118861.1
Colwellia psychrerythraea NCBI Reference Sequence: NR 037047.1
Colwellia psychrotropica NCBI Reference Sequence: NR 026055.1
Coolia monotis GenBank: EF492487.1
Coscinodiscus concinnus GenBank: HQ912681.1
Coscinodiscus granii GenBank: AY485495.1
Coscinodiscus jonesianus GenBank: KJ577852.1
Cosmarium biretum GenBank: AM920339.1
Cosmarium botrytis GenBank: AM920378.1
Cosmarium crenatum GenBank: AM920370.1
Cosmarium meneghinii GenBank: AM920366.1
Cosmarium punctulatum GenBank: AM920373.1
Cosmarium subprotumidum GenBank: AM920375.1
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Cryptomonas erosa GenBank: AM396361.1
Cryptomonas marssonii GenBank: EU163586.1
Cryptomonas ovata GenBank: KC928318.1
Cucumis sativus GenBank: AF206894.1
Cyclotella cryptica GenBank: AY485499.1
Cyclotella meneghiniana GenBank: HM805030.1
Cylindrospermopsis raciborskii GenBank: AF516730.1
Cylindrotheca closterium GenBank: GQ468542.1
Cymodocea nodosa GenBank: KT200607.1
Daucus carota GenBank: GQ380561.1
Deferribacter thermophilus NCBI Reference Sequence: NR 026043.1
Deinococcus geothermalis NCBI Reference Sequence: NR 074342.1
Deinococcus murrayi NCBI Reference Sequence: NR 026416.1
Desmarestia anceps GenBank: HE866895.1
Desmidium swartzii GenBank: AJ428133.1
Desulfitobacterium dehalogenans GenBank: L28946.1
Desulfobacter curvatus NCBI Reference Sequence: NR 041851.1
Desulfofaba gelida NCBI Reference Sequence: NR 028730.1
Desulfofrigus fragile NCBI Reference Sequence: NR 028732.1
Desulfofrigus oceanense NCBI Reference Sequence: NR 028731.1
Desulforhopalus vacuolatus NCBI Reference Sequence: NR 044653.1
Desulfotalea arctica NCBI Reference Sequence: NR 024949.1
Desulfotalea psychrophila NCBI Reference Sequence: NR 028729.1
Desulfotomaculum alkaliphilum NCBI Reference Sequence: NR 024947.1
Desulfotomaculum putei GenBank: HM228397.1
Desulfovibrio desulfuricans NCBI Reference Sequence: NR 036778.1
Desulfovibrio profundus NCBI Reference Sequence: NR 114641.1
Desulfovibrio salexigens NCBI Reference Sequence: NR 102801.1
Desulfurobacterium crinifex NCBI Reference Sequence: NR 114880.1
Desulfuromonas michiganensis GenBank: AF357915.2
Detonula confervacea GenBank: HQ912617.1
Diapensia lapponica GenBank: AF419794.1
Dinobryon divergens GenBank: EU025020.1
Ditylum brightwellii GenBank: X85386.2
Dunaliella tertiolecta GenBank: EF473747.1
Egeria densa GenBank: JF975484.1
Elodea canadensis GenBank: AF168841.1
Emiliania huxleyi GenBank: KC404141.1
Enterococcus faecalis GenBank: EU887827.1
Enteromorpha intestinalis GenBank: AJ000040.1
Erwinia amylovora GenBank: KM597069.1
Escherichia coli GenBank: AB269763.1
Eucalyptus globulus GenBank: HQ456544.1
Eucampia zodiacus GenBank: KC309495.1
Eucheuma isiforme GenBank: U25438.1
Ferroglobus placidus NCBI Reference Sequence: NR 074531.1
Ferroplasma acidarmanus GenBank: AF145441.1
Ferroplasma acidiphilum GenBank: AF513710.1
Ferroplasma cupricumulans GenBank: AY907888.1
Fervidobacterium pennavorans GenBank: EF565822.1
Fibrocapsa japonica GenBank: AY788931.1
Flavobacterium limicola GenBank: AB075232.1
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Flexistipes sinusarabici NCBI Reference Sequence: NR 074881.1
Fontinalis antipyretica GenBank: AF023714.1
Fragilaria barbararum GenBank: AJ971376.1
Fragilaria crotonensis GenBank: AM712616.1
Fragilariopsis cylindrus GenBank: EF140624.1
Fragilariopsis kerguelensis GenBank: KJ866919.1
Fucus gardneri GenBank: HQ710578.1
Gambierdiscus toxicus GenBank: EF202890.1
Gelidibacter gilvus NCBI Reference Sequence: NR 041693.1
Geobacillus caldoxylosilyticus GenBank: AY608951.1
Geobacillus stearothermophilus GenBank: EF025325.1
Geobacillus thermodenitrificans GenBank: AJ785764.1
Geobacillus thermoleovorans GenBank: JQ343209.1
Geoglobus ahangari NCBI Reference Sequence: NR 041788.1
Gephyrocapsa oceanica GenBank: KC404159.1
Gerbera jamesonii GenBank: AF107576.1
Glaciecola punicea NCBI Reference Sequence: NR 036866.1
Glycine max GenBank: X02623.1
Gonatozygon monotaenium GenBank: AJ428084.1
Gossypium hirsutum GenBank: L24145.1
Gracilaria verrucosa GenBank: M33638.1
Grammonema striatula GenBank: X77704.1
Guinardia flaccida GenBank: AJ535191.1
Gymnodinium breve GenBank: AF172714.1
Gymnodinium catenatum GenBank: AF022193.1
Gymnodinium mikimotoi GenBank: AF022195.1
Gymnodinium sanguineum GenBank: AJ415513.1
Gymnodinium veneficum GenBank: AF172712.1
Gyrodinium aureolum GenBank: AF172713.1
Gyrodinium instriatum GenBank: DQ084522.1
Haematococcus pluvialis GenBank: JQ315539.1
Haloanaerobium alcaliphilum GenBank: KU180221.1
Haloanaerobium lacusroseus NCBI Reference Sequence: NR 025924.1
Haloarcula vallismortis NCBI Reference Sequence: NR 116083.1
Halobacterium salinarum GenBank: AB663362.1
Halobaculum gomorrense GenBank: L37444.1
Halococcus morrhuae NCBI Reference Sequence: NR 043387.1
Haloferax volcanii NCBI Reference Sequence: NR 113448.1
Halogeometricum borinquense NCBI Reference Sequence: NR 028170.1
Halomonas campisalis GenBank: DQ077908.1
Halomonas elongata GenBank: KU053958.1
Halomonas marina GenBank: AJ306890.1
Halomonas subglaciescola NCBI Reference Sequence: NR 042067.1
Halonatronum saccharophilum NCBI Reference Sequence: NR 042717.1
Halorubrum saccharovorum NCBI Reference Sequence: NR 113484.1
Haloterrigena turkmenica NCBI Reference Sequence: NR 113515.1
Helianthus annuus GenBank: AF107577.1
Heliobacillus mobilis NCBI Reference Sequence: NR 040957.1
Heliobacterium modesticaldum NCBI Reference Sequence: NR 074517.1
Heterocapsa circularisquama GenBank: LC054932.1
Heterocapsa triquetra GenBank: AF022198.1
Heterosigma akashiwo GenBank: AB217869.1
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Hordeum vulgare GenBank: AH001585.2
Hormidium flaccidum GenBank: M95613.1
Hydrilla verticillata GenBank: KM982363.1
Hydrogenophaga pseudoflava NCBI Reference Sequence: NR 028717.1
Hydrogenophilus hirschii NCBI Reference Sequence: NR 104788.1
Ignicoccus hospitalis NCBI Reference Sequence: NR 028955.1
Ignicoccus islandicus NCBI Reference Sequence: NR 044910.1
Ignicoccus pacificus GenBank: AJ271794.1
Impatiens walleriana GenBank: L49285.1
Ipomoea batatas GenBank: HM053485.1
Isochrysis galbana GenBank: AJ246266.1
Isosphaera pallida NCBI Reference Sequence: NR 028892.1
Klebsiella oxytoca GenBank: AF390083.1
Klebsiella pneumoniae GenBank: KC990817.1
Koliella antarctica GenBank: AJ311569.1
Lactobacillus acidophilus GenBank: KC150145.1
Lactobacillus delbrueckii GenBank: KJ868760.1
Lactobacillus paracasei NCBI Reference Sequence: NR 121787.1
Lactobacillus rhamnosus NCBI Reference Sequence: NR 043408.1
Lactococcus lactis GenBank: KR604712.1
Lactococcus piscium GenBank: JN226414.1
Lactuca sativa GenBank: KT225377.1
Lantana camara GenBank: AJ236049.1
Larix decidua GenBank: AB026938.1
Larrea tridentata GenBank: AY929372.1
Lauderia annulata GenBank: DQ514849.1
Lemna minor GenBank: S67398.1
Lepidodinium chlorophorum GenBank: AB686253.1
Leptocylindrus danicus GenBank: AJ535175.1
Leptospirillum ferriphilum GenBank: AF356830.1
Leptospirillum ferrooxidans NCBI Reference Sequence: NR 074963.1
Limnothrix redekei GenBank: FM177493.1
Lingulodinium polyedrum GenBank: AB693195.1
Liriodendron tulipifera GenBank: AF206954.1
Listeria monocytogenes GenBank: M58822.1
Lithophyllum margaritae GenBank: KP192392.1
Lolium multiflorum GenBank: AY846367.1
Lolium perenne GenBank: AY519271.1
Marinithermus hydrothermalis NCBI Reference Sequence: NR 028639.1
Marinitoga piezophila NCBI Reference Sequence: NR 074102.1
Marinobacter alkaliphilus GenBank: EU440994.1
Mastigocladus laminosus GenBank: DQ431003.1
Merismopedia tenuissima GenBank: AJ639891.1
Mesotaenium kramstae GenBank: AJ553922.1
Methanobacterium subterraneum GenBank: JQ268007.1
Methanobacterium thermoaggregans GenBank: AF095264.1
Methanobacterium thermoautotrophicum GenBank: AF095262.1
Methanococcus jannaschii GenBank: M59126.1
Methanococcus thermolithotrophicus GenBank: M59128.1
Methanococcus voltae NCBI Reference Sequence: NR 074184.1
Methanococcus vulcanius NCBI Reference Sequence: NR 028701.1
Methanoculleus submarinus NCBI Reference Sequence: NR 028856.1

19



Table D – Continued from previous page

Species Accession ID

Methanogenium frigidum NCBI Reference Sequence: NR 104790.1
Methanogenium frittonii GenBank: AJ862839.1
Methanohalophilus portucalensis GenBank: KT285318.1
Methanolobus psychrophilus GenBank: EF202842.1
Methanopyrus kandleri NCBI Reference Sequence: NR 074539.1
Methanosarcina barkeri GenBank: M59144.1
Methanothermobacter thermautotrophicus GenBank: DQ657903.1
Methanothermococcus okinawensis NCBI Reference Sequence: NR 028155.1
Methanothrix soehngenii NCBI Reference Sequence: NR 028242.1
Micrasterias americana GenBank: FR852595.1
Microcystis aeruginosa NCBI Reference Sequence: NR 074314.1
Microcystis wesenbergii GenBank: U40334.1
Moritella abyssi GenBank: AB554718.1
Moritella profunda NCBI Reference Sequence: NR 025381.1
Mucuna pruriens GenBank: AF525695.1
Mychonastes homosphaera GenBank: X73996.1
Nannochloropsis oceanica GenBank: FJ896231.1
Natrialba asiatica NCBI Reference Sequence: NR 113519.1
Natrinema pellirubrum NCBI Reference Sequence: NR 113528.1
Natronobacterium gregoryi NCBI Reference Sequence: NR 113531.1
Natronococcus occultus NCBI Reference Sequence: NR 113534.1
Natronomonas pharaonis NCBI Reference Sequence: NR 113497.1
Natronorubrum bangense NCBI Reference Sequence: NR 113538.1
Navicula arenaria GenBank: KJ961668.1
Navicula pelliculosa GenBank: AY485454.1
Nerium oleander GenBank: AF107572.1
Nicotiana tabacum GenBank: AJ236016.1
Nitrosotalea devanaterra GenBank: JN227488.1
Nitzschia dissipata GenBank: AJ867018.1
Nitzschia frigida GenBank: JQ582669.1
Nitzschia paleacea GenBank: AJ866996.1
Nitzschia sigma GenBank: AJ867279.1
Odontella aurita GenBank: HQ912687.1
Odontella mobiliensis GenBank: KC309500.1
Odontella regia GenBank: KC309502.1
Odontella sinensis GenBank: HQ912564.1
Olea europaea GenBank: L49289.1
Olisthodiscus luteus GenBank: AY788937.1
Oryza sativa GenBank: AF069218.1
Oscillatoria mougeotii GenBank: FJ434250.1
Ostreopsis ovata GenBank: AF244939.1
Palaeococcus helgesonii NCBI Reference Sequence: NR 029059.1
Pandorina morum GenBank: JQ315554.1
Papaver somniferum GenBank: DQ912867.1
Paracoccus halodenitrificans NCBI Reference Sequence: NR 025890.1
Paramecium tetraurelia GenBank: EF502045.1
Paraphysomonas imperforata GenBank: EF432519.1
Pavlova lutheri GenBank: AF102369.1
Pediastrum duplex GenBank: M62997.1
Pelagomonas calceolata GenBank: EF455763.1
Pelotomaculum thermopropionicum NCBI Reference Sequence: NR 040840.1
Peptostreptococcus productus NCBI Reference Sequence: NR 113270.1
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Peridinium cinctum GenBank: AB185114.1
Persephonella guaymasensis NCBI Reference Sequence: NR 025166.1
Persephonella marina NCBI Reference Sequence: NR 102828.1
Phaeocystis antarctica GenBank: JN381495.1
Phaeocystis globosa GenBank: AY851301.1
Phaeocystis pouchetii GenBank: AJ278036.1
Phaeodactylum tricornutum GenBank: GQ452861.1
Phyllogigas grandifolius GenBank: HE866931.1
Picea mariana GenBank: L01782.1
Picrophilus oshimae NCBI Reference Sequence: NR 026246.1
Pinus elliottii GenBank: AF051798.1
Pinus taeda GenBank: AH001728.2
Pisum sativum GenBank: U43011.1
Planktothrix agardhii GenBank: FJ159128.1
Planococcus halocryophilus GenBank: JF742665.1
Plantago lanceolata GenBank: AJ236046.1
Populus tremuloides GenBank: AF206999.1
Porphyra perforata GenBank: GU319856.1
Porphyra umbilicalis GenBank: AH010576.2
Porphyridium purpureum GenBank: AB045584.1
Posidonia australis GenBank: GQ497582.1
Posidonia oceanica GenBank: AY491942.1
Potamogeton perfoliatus GenBank: AY952389.1
Proboscia indica GenBank: AY485470.1
Prochlorococcus marinus NCBI Reference Sequence: NR 028762.1
Profundimonas piezophila NCBI Reference Sequence: NR 117943.1
Prorocentrum concavum GenBank: Y16237.1
Prorocentrum dentatum GenBank: AY551273.1
Prorocentrum gracile GenBank: AY443019.1
Prorocentrum lima GenBank: Y16235.1
Prorocentrum mexicanum GenBank: Y16232.1
Prorocentrum micans GenBank: AJ415519.1
Prorocentrum minimum GenBank: JF715165.1
Prunus persica GenBank: L28749.1
Prymnesium polylepis GenBank: AJ004866.1
Pseudoalteromonas antarctica NCBI Reference Sequence: NR 029317.1
Pseudoalteromonas haloplanktis GenBank: EU807989.1
Pseudochattonella verruculosa GenBank: AM075625.1
Pseudomonas aeruginosa GenBank: AM419153.2
Pseudomonas fluorescens GenBank: AY538263.1
Pseudomonas putida GenBank: KF278708.1
Pseudo-nitzschia fraudulenta GenBank: JN091721.1
Pseudo-nitzschia granii GenBank: GU373962.1
Pseudo-nitzschia multiseries GenBank: AM235382.1
Pseudo-nitzschia pseudodelicatissima GenBank: GU373965.1
Pseudo-nitzschia seriata GenBank: GU373969.1
Pseudoxanthomonas broegbernensis NCBI Reference Sequence: NR 025306.1
Pseudoxanthomonas taiwanensis NCBI Reference Sequence: NR 025198.1
Psychrobacter glacincola GenBank: AB334769.1
Psychrobacter muriicola NCBI Reference Sequence: NR 114669.1
Psychroflexus torquis GenBank: DQ007442.1
Psychromonas profunda NCBI Reference Sequence: NR 025506.1
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Pyrobaculum aerophilum GenBank: L07510.1
Pyrobaculum calidifontis NCBI Reference Sequence: NR 040922.1
Pyrobaculum islandicum NCBI Reference Sequence: NR 074372.1
Pyrobaculum oguniense NCBI Reference Sequence: NR 112094.1
Pyrobaculum organotrophum NCBI Reference Sequence: NR 112158.1
Pyrococcus abyssi NCBI Reference Sequence: NR 115145.1
Pyrococcus furiosus NCBI Reference Sequence: NR 074375.1
Pyrococcus glycovorans NCBI Reference Sequence: NR 029053.1
Pyrococcus horikoshii NCBI Reference Sequence: NR 115653.1
Pyrodinium bahamense GenBank: DQ500120.1
Pyrolobus fumarii NCBI Reference Sequence: NR 102985.1
Quercus rubra GenBank: AF132892.1
Quercus suber GenBank: GU476438.1
Ranunculus acris GenBank: AH001745.2
Rhizosolenia robusta GenBank: AY485481.1
Rhizosolenia setigera GenBank: AY485461.1
Rhodomonas salina GenBank: HM126532.1
Rosa hybrida GenBank: X66773.1
Roya anglica GenBank: AJ428081.1
Rubrobacter radiotolerans GenBank: U65647.1
Rubrobacter xylanophilus NCBI Reference Sequence: NR 074552.1
Ruppia maritima GenBank: JN034103.1
Salmonella enterica GenBank: KF535115.1
Scenedesmus acuminatus GenBank: AB037088.1
Scenedesmus acutus GenBank: AJ249512.1
Scenedesmus quadricauda GenBank: KC790429.1
Scrippsiella trochoidea GenBank: EF492513.1
Selenastrum minutum GenBank: AY846380.1
Serratia marcescens GenBank: GU991997.1
Setaria italica GenBank: KC996746.1
Shewanella gelidimarina GenBank: AY771753.1
Skeletonema ardens GenBank: DQ396522.1
Skeletonema costatum GenBank: JF489959.1
Skeletonema japonicum GenBank: DQ011160.1
Skeletonema marinoi GenBank: JF489953.1
Skeletonema menzelii GenBank: AJ535168.1
Skeletonema pseudocostatum GenBank: X85393.1
Skeletonema tropicum GenBank: EF138941.1
Solanum lycopersicum GenBank: KJ813729.1
Solanum tuberosum GenBank: FJ710157.1
Solenostemon scutellarioides GenBank: EU019244.1
Sorghum bicolor GenBank: AH001770.2
Sphaerospermopsis aphanizomenoides GenBank: GU197654.1
Sphagnum angustifolium GenBank: GQ375058.1
Sphagnum squarrosum GenBank: GQ375075.1
Spinacia oleracea GenBank: L24420.1
Spiroplasma apis NCBI Reference Sequence: NR 104858.1
Spiroplasma cantharicola NCBI Reference Sequence: NR 125516.1
Spiroplasma chinense NCBI Reference Sequence: NR 025698.1
Spiroplasma citri NCBI Reference Sequence: NR 036849.1
Spiroplasma clarkii NCBI Reference Sequence: NR 104750.1
Spiroplasma culicicola NCBI Reference Sequence: NR 025701.1
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Spiroplasma diminutum NCBI Reference Sequence: NR 025702.1
Spiroplasma floricola NCBI Reference Sequence: NR 025703.1
Spiroplasma insolitum NCBI Reference Sequence: NR 025705.1
Spiroplasma ixodetis NCBI Reference Sequence: NR 104852.1
Spiroplasma kunkelii NCBI Reference Sequence: NR 104847.1
Spiroplasma mirum NCBI Reference Sequence: NR 118707.1
Spiroplasma monobiae NCBI Reference Sequence: NR 104854.1
Spiroplasma sabaudiense NCBI Reference Sequence: NR 025710.1
Spiroplasma taiwanense NCBI Reference Sequence: NR 121701.1
Spiroplasma velocicrescens NCBI Reference Sequence: NR 025713.1
Spirulina platensis GenBank: AB074508.1
Staphylococcus aureus GenBank: DQ630753.1
Staphylococcus xylosus NCBI Reference Sequence: NR 036907.1
Staurastrum avicula GenBank: EF507555.1
Staurastrum pingue GenBank: AJ428109.1
Staurodesmus cuspidatus GenBank: EF507538.1
Stellarima microtrias GenBank: EU090011.1
Stephanodiscus hantzschii GenBank: DQ093370.1
Stephanopyxis palmeriana GenBank: AY485527.1
Streptococcus salivarius GenBank: M58839.1
Streptococcus thermophilus GenBank: AB812892.1
Stygiolobus azoricus NCBI Reference Sequence: NR 043434.1
Sulfobacillus benefaciens GenBank: EF679212.1
Sulfobacillus sibiricus NCBI Reference Sequence: NR 042730.1
Sulfobacillus thermosulfidooxidans GenBank: EU499919.1
Sulfobacillus thermotolerans GenBank: JX966410.1
Sulfolobus acidocaldarius NCBI Reference Sequence: NR 043400.1
Sulfolobus hakonensis NCBI Reference Sequence: NR 028222.1
Sulfolobus metallicus NCBI Reference Sequence: NR 043433.1
Sulfolobus tengchongensis NCBI Reference Sequence: NR 115150.1
Sulfolobus yangmingensis NCBI Reference Sequence: NR 028603.1
Sulfophobococcus zilligii NCBI Reference Sequence: NR 029316.1
Sulfurihydrogenibium kristjanssoni GenBank: AM778960.1
Sulfurisphaera ohwakuensis NCBI Reference Sequence: NR 043432.1
Symbiobacterium toebii GenBank: AF190460.1
Symbiodinium microadriaticum GenBank: KU900226.1
Synechococcus elongatus GenBank: HF678511.1
Synechococcus lividus GenBank: AF132772.1
Syntrophothermus lipocalidus NCBI Reference Sequence: NR 040796.1
Thalassionema nitzschioides GenBank: X77702.2
Thalassiosira allenii GenBank: HM991688.1
Thalassiosira constricta GenBank: KT692951.1
Thalassiosira curviseriata GenBank: AJ810859.1
Thalassiosira eccentrica GenBank: X85396.1
Thalassiosira guillardii GenBank: AF374478.2
Thalassiosira hendeyi GenBank: AM050629.1
Thalassiosira nordenskioeldii GenBank: DQ093365.1
Thalassiosira pseudonana GenBank: AY485452.1
Thalassiosira rotula GenBank: AF374480.2
Thalassiosira weissflogii GenBank: AY485445.1
Thermacetogenium phaeum NCBI Reference Sequence: NR 074723.1
Thermaerobacter nagasakiensis NCBI Reference Sequence: NR 024776.1
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Thermoanaerobacter ethanolicus NCBI Reference Sequence: NR 044619.1
Thermoanaerobacter keratinophilus NCBI Reference Sequence: NR 115188.1
Thermoanaerobacter mathranii GenBank: LC127101.1
Thermoanaerobacter siderophilus GenBank: KR736354.1
Thermoanaerobacter subterraneus GenBank: EU109461.1
Thermoanaerobacter tengcongensis GenBank: AF209708.1
Thermoanaerobacter yonseiensis GenBank: HM228410.1
Thermobrachium celere GenBank: DQ207958.2
Thermococcus alcaliphilus NCBI Reference Sequence: NR 040870.1
Thermococcus barophilus NCBI Reference Sequence: NR 042734.1
Thermococcus barossii NCBI Reference Sequence: NR 042735.1
Thermococcus celer NCBI Reference Sequence: NR 042736.1
Thermococcus chitonophagus NCBI Reference Sequence: NR 119236.1
Thermococcus fumicolans NCBI Reference Sequence: NR 042738.1
Thermococcus hydrothermalis NCBI Reference Sequence: NR 042740.1
Thermococcus peptonophilus NCBI Reference Sequence: NR 028193.1
Thermococcus siculi NCBI Reference Sequence: NR 028195.1
Thermocrinis ruber NCBI Reference Sequence: NR 121741.1
Thermodesulfovibrio yellowstonii NCBI Reference Sequence: NR 074345.1
Thermoplasma acidophila NCBI Reference Sequence: NR 028235.1
Thermoproteus uzoniensis NCBI Reference Sequence: NR 102955.1
Thermosipho japonicus NCBI Reference Sequence: NR 024726.1
Thermosphaera aggregans NCBI Reference Sequence: NR 074380.1
Thermosyntropha lipolytica NCBI Reference Sequence: NR 026356.1
Thermoterrabacterium ferrireducens GenBank: U76364.1
Thermotoga lettingae NCBI Reference Sequence: NR 074951.1
Thermotoga maritima NCBI Reference Sequence: NR 029163.1
Thermus aquaticus NCBI Reference Sequence: NR 025900.1
Thermus chliarophilus NCBI Reference Sequence: NR 026244.1
Thermus thermophilus NCBI Reference Sequence: NR 037066.1
Trichococcus patagoniensis GenBank: AF394926.1
Trichodesmium erythraeum NCBI Reference Sequence: NR 074275.1
Trifolium repens GenBank: AF071069.1
Triticum aestivum GenBank: AY049040.1
Tychonema bourrellyi GenBank: FJ184385.1
Ulva lactuca GenBank: KF419328.1
Vallisneria americana GenBank: AF069201.1
Veratrum californicum GenBank: AH003503.2
Vibrio marinus GenBank: AJ297540.1
Vitis vinifera GenBank: GQ849399.1
Volvox aureus GenBank: LC086362.1
Xanthomonas campestris GenBank: AF290420.1
Xylella fastidiosa NCBI Reference Sequence: NR 115924.1
Yersinia enterocolitica GenBank: M59292.1
Zea mays GenBank: AF168884.1
Zostera marina GenBank: HQ445940.1
Zostera noltii GenBank: AF207058.1

Table E. Species names and Accession IDs of cbbL/rbcL gene sequences that were used in this study.

Species Accession ID

Abies alba GenBank: AB029652.1
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Abutilon theophrasti GenBank: HM849734.1
Acer rubrum GenBank: DQ978428.1
Acidimicrobium ferrooxidans GenBank: GQ409765.1
Acidithiobacillus caldus GenBank: GQ409763.1
Acidithiobacillus ferrivorans GenBank: FJ467341.1
Acidithiobacillus ferrooxidans GenBank: GQ409767.1
Acidithiobacillus thiooxidans GenBank: GQ225727.1
Aldrovanda vesiculosa GenBank: AY096106.1
Amphiprora paludosa GenBank: FJ002140.1
Anabaena ucrainica GenBank: GU197741.1
Antirrhinum majus GenBank: GQ997015.1
Aphanizomenon ovalisporum GenBank: KP698018.1
Aplectrum hyemale GenBank: AF074108.1
Arabidopsis thaliana GenBank: KU739560.1
Arbutus unedo GenBank: KF997388.1
Aristotelia serrata GenBank: AF307904.1
Asterionella formosa GenBank: HQ912497.1
Asterionellopsis glacialis GenBank: HQ912510.1
Aulacoseira granulata GenBank: AB430659.1
Beta vulgaris GenBank: KM360669.1
Betula papyrifera GenBank: X56617.1
Betula pendula GenBank: KM360670.1
Brassica oleracea GenBank: GQ184376.1
Brassica rapa GenBank: KJ473492.1
Bryum argenteum GenBank: AY163024.1
Capsella bursa-pastoris GenBank: KT458036.1
Capsicum annuum GenBank: KJ773334.1
Carya glabra GenBank: L12637.2
Caulerpa serrulata GenBank: JQ745697.1
Ceratophyllum demersum GenBank: AB917052.1
Chamaebatiaria millefolium GenBank: U06797.1
Chamerion angustifolium GenBank: L10217.1
Chenopodium album GenBank: JX848451.1
Chlamydomonas reinhardtii GenBank: AB511846.1
Chlamydomonas subcaudata GenBank: GQ871929.1
Chlorella ellipsoidea GenBank: EU038287.1
Chlorella pyrenoidosa GenBank: EU038283.1
Chlorella saccharophila GenBank: AM260446.1
Chlorella sorokiniana GenBank: HM101339.1
Chlorella vulgaris GenBank: EU038286.1
Chondrus crispus GenBank: U02984.1
Chrysanthemum morifolium GenBank: KM218356.1
Cicer arietinum GenBank: AF308707.1
Citrus aurantium GenBank: AB505953.1
Citrus limon GenBank: AB505956.1
Closterium acerosum GenBank: AF203492.1
Coccolithus pelagicus GenBank: HQ656833.1
Coelastrum microporum GenBank: KP698027.1
Coscinodiscus concinnus GenBank: HQ912545.1
Coscinodiscus granii GenBank: HQ656838.1
Coscinodiscus jonesianus GenBank: KJ577887.1
Cosmarium biretum GenBank: AM911267.1
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Cosmarium botrytis GenBank: AM911295.1
Cosmarium crenatum GenBank: AM911268.1
Cosmarium meneghinii GenBank: AM911284.1
Cosmarium punctulatum GenBank: AM911289.1
Cosmarium subprotumidum GenBank: AM911292.1
Cryptomonas marssonii GenBank: AM051209.1
Cryptomonas ovata GenBank: AM051211.1
Cucumis sativus GenBank: L21937.1
Cyclotella cryptica GenBank: KM816805.1
Cyclotella meneghiniana GenBank: KM816803.1
Cylindrospermopsis raciborskii GenBank: JF895153.1
Cylindrotheca closterium GenBank: JX971010.1
Cymodocea nodosa GenBank: U80688.1
Daucus carota GenBank: KM360751.1
Desmarestia anceps GenBank: HE866816.1
Desmidium swartzii GenBank: HQ380525.1
Detonula confervacea GenBank: HQ912481.1
Diapensia lapponica GenBank: L12612.2
Ditylum brightwellii GenBank: DQ514766.1
Dunaliella tertiolecta GenBank: JQ039069.1
Egeria densa GenBank: AB004887.1
Elodea canadensis GenBank: DQ859167.1
Emiliania huxleyi GenBank: JX292160.1
Enteromorpha intestinalis GenBank: AF499671.1
Eucalyptus globulus GenBank: HM849985.1
Eucampia zodiacus GenBank: KC309568.1
Eucheuma isiforme GenBank: AF099691.1
Fibrocapsa japonica GenBank: AB280606.1
Fontinalis antipyretica GenBank: AB050949.1
Fragilaria crotonensis GenBank: HQ828187.2
Fragilariopsis cylindrus GenBank: EF423499.1
Fragilariopsis kerguelensis GenBank: KC920826.1
Gephyrocapsa oceanica GenBank: D45844.1
Gerbera jamesonii GenBank: L13643.1
Glycine max GenBank: Z95552.1
Gonatozygon monotaenium GenBank: FM992338.1
Gossypium hirsutum GenBank: JQ034248.1
Gracilaria verrucosa GenBank: JQ843364.1
Grammonema striatula GenBank: KF701600.1
Guinardia flaccida GenBank: KC309609.1
Gymnodinium breve GenBank: AY119786.1
Gymnodinium mikimotoi GenBank: JX899690.2
Haematococcus pluvialis GenBank: FJ438476.1
Helianthus annuus GenBank: L13929.1
Heterosigma akashiwo GenBank: HQ710629.1
Hordeum vulgare GenBank: LN626641.1
Hormidium flaccidum GenBank: EU477433.1
Hydrilla verticillata GenBank: KM982379.1
Impatiens walleriana GenBank: AB043508.1
Ipomoea batatas GenBank: JQ923431.1
Isochrysis galbana GenBank: HQ656829.1
Lactuca sativa GenBank: AY874437.1
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Lantana camara GenBank: HM850104.1
Larix decidua GenBank: FN689379.1
Larrea tridentata GenBank: Y15022.1
Lauderia annulata GenBank: DQ514769.1
Lemna minor GenBank: AM905730.1
Lepidodinium chlorophorum GenBank: AY331683.1
Leptocylindrus danicus GenBank: JX413575.1
Liriodendron tulipifera GenBank: AF190430.1
Lolium multiflorum GenBank: LT576830.1
Lolium perenne GenBank: AY395547.1
Mastigocladus laminosus GenBank: JQ918781.1
Mesotaenium kramstae GenBank: AJ553952.1
Microcystis aeruginosa GenBank: KP698052.1
Mucuna pruriens GenBank: EU128733.1
Mychonastes homosphaera GenBank: KC145515.1
Nannochloropsis oceanica GenBank: KT149178.1
Navicula pelliculosa GenBank: HQ337547.1
Nerium oleander GenBank: HM850198.1
Nicotiana tabacum GenBank: KC825342.1
Odontella aurita GenBank: HQ912551.1
Odontella mobiliensis GenBank: KC309574.1
Odontella regia GenBank: KC309576.1
Odontella sinensis GenBank: HQ912428.1
Olea europaea GenBank: DQ673304.1
Olisthodiscus luteus GenBank: AB280605.1
Oryza sativa GenBank: AJ746297.1
Pandorina morum GenBank: AB044165.1
Papaver somniferum GenBank: HM850232.1
Pavlova lutheri GenBank: HQ656830.1
Pediastrum duplex GenBank: EF078364.1
Pelagomonas calceolata GenBank: U89898.1
Phaeocystis antarctica GenBank: KP144261.1
Phaeocystis globosa GenBank: HQ656835.1
Phaeodactylum tricornutum GenBank: HQ912420.1
Phyllogigas grandifolius GenBank: HE866853.1
Picea mariana GenBank: EU364784.1
Pinus elliottii GenBank: AB081075.1
Pinus taeda GenBank: AF119177.1
Pisum sativum GenBank: JN661190.1
Planktothrix agardhii GenBank: EU151930.1
Plantago lanceolata GenBank: L36454.1
Populus tremuloides GenBank: AF206812.1
Porphyra perforata GenBank: AF452438.1
Porphyra umbilicalis GenBank: AF452446.1
Porphyridium purpureum GenBank: DQ308439.1
Posidonia australis GenBank: U80718.1
Posidonia oceanica GenBank: U80719.1
Potamogeton perfoliatus GenBank: AY952437.1
Proboscia indica GenBank: JQ315456.1
Prochlorococcus marinus GenBank: AY042090.1
Prunus persica GenBank: AF411493.1
Pseudochattonella verruculosa GenBank: AB280607.1
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Table E – Continued from previous page

Species Accession ID

Pseudo-nitzschia fraudulenta GenBank: EF423503.1
Pseudo-nitzschia granii GenBank: KU183494.1
Pseudo-nitzschia multiseries GenBank: KC801040.1
Pseudo-nitzschia pseudodelicatissima GenBank: KC801039.1
Quercus rubra GenBank: LM653089.1
Quercus suber GenBank: LM653092.1
Ranunculus acris GenBank: KF602170.1
Rhizosolenia robusta GenBank: JQ315467.1
Rhizosolenia setigera GenBank: HQ912425.1
Roya anglica GenBank: AJ553963.1
Ruppia maritima GenBank: HQ901576.1
Scenedesmus quadricauda GenBank: AB084332.1
Setaria italica GenBank: EF125138.1
Skeletonema ardens GenBank: JN162820.1
Skeletonema costatum GenBank: AF015569.1
Skeletonema japonicum GenBank: DQ514822.1
Skeletonema marinoi GenBank: KJ671816.1
Skeletonema menzellii GenBank: DQ514821.1
Skeletonema pseudocostatum GenBank: DQ514819.1
Skeletonema tropicum GenBank: KJ671817.1
Solanum lycopersicum GenBank: HF572813.1
Solanum tuberosum GenBank: KJ652187.1
Sorghum bicolor GenBank: AM849341.1
Sphaerospermopsis aphanizomenoides GenBank: FJ830541.1
Sphagnum angustifolium GenBank: AY309690.1
Sphagnum squarrosum GenBank: AY309706.1
Spirulina platensis GenBank: AY147205.1
Staurastrum pingue GenBank: AF203506.1
Stellarima microtrias GenBank: EU090032.1
Stephanodiscus hantzschii GenBank: AB831882.1
Stephanopyxis palmeriana GenBank: KP253080.1
Sulfobacillus thermosulfidooxidans GenBank: GQ409769.1
Thalassionema nitzschioides GenBank: KJ671820.1
Thalassiosira constricta GenBank: KT692950.1
Thalassiosira curviseriata GenBank: KJ671821.1
Thalassiosira eccentrica GenBank: DQ514789.1
Thalassiosira guillardii GenBank: DQ514796.1
Thalassiosira nordenskioeldii GenBank: KC985865.1
Thalassiosira pseudonana GenBank: HQ912419.1
Thalassiosira rotula GenBank: DQ514805.1
Thalassiosira weissflogii GenBank: DQ514811.1
Trichodesmium erythraeum GenBank: AB075924.1
Trifolium repens GenBank: KF602192.1
Triticum aestivum GenBank: LT576864.1
Ulva lactuca GenBank: EU484409.1
Vallisneria americana GenBank: U03726.1
Vitis vinifera GenBank: AJ635355.1
Volvox aureus GenBank: D63445.1
Zea mays GenBank: Z11973.1
Zostera marina GenBank: AB125348.1
Zostera noltii GenBank: U80733.1
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