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Theory – Overview of trait-based scaling theory 80 
 81 
Trait-based scaling theory (Norberg et al., 2001; Savage et al., 2007; Enquist et al., 2015) 82 
outlines several predictions for scaling from traits to communities and ecosystems. As outlined in 83 
Box 1, and discussed in the main text, the theory is based on two set assumptions: 84 
 85 
First, across an environmental gradient, e, organisms will tend to have a unimodal functional 86 
response in their performance and fitness functions (Box 1).  This stems from the assumption 87 
that organisms will tend to have a unimodal functional response in their performance and fitness 88 
functions (see Norberg et al. 2001).  89 
 90 
It then follows that for a constant environment, e, there are optimal trait values, zopt, that 91 
maximize the growth rate of an individual given the environment (Norberg et al. 2001; Savage et 92 
al. 2007). However, a shift in the environment, e, will affect the per capita population biomass 93 
production rate and thus which traits are dominant in the community or assemblage (Davis & 94 
Shaw, 2001). For a more detailed treatment of how species interactions and other community and 95 
landscape level processes can influence organismal functional responses see Norberg et al. 96 
(2001), Savage et al. (2007) and Enquist et al. (2015).   97 
 98 
Second, trait-based scaling theory further predicts that the shape of the trait distribution will 99 
reflect various biotic processes and the dynamics of how communities respond to changing 100 
climate (Box 1). For example, the strength of local biotic forces is revealed via trait variance and 101 
kurtosis. Differing biotic community assembly hypotheses can differentially influence the 102 
spacing of trait values within the range of filtered phenotypes. If a given climate selects for a few 103 
optimal traits that maximize local performance (Norberg et al. 2001), competition for a common 104 
limiting resource would ultimately lead to dominance of individuals with similar trait values (e.g. 105 
see (Tilman, 1982) resulting in a convergence of ‘superior competitor’ phenotypes  (Abrams & 106 
Chen, 2002; Savage et al., 2007; Mayfield & Levine, 2010). This convergence would be 107 
reflected by decreasing variance and an increase in unimodal ‘peakedness’ of the trait 108 
distribution or an increase in positive kurtosis (Navas & Violle, 2009).  109 
 110 
In contrast, if traits map onto niche differences, increased niche (trait) differentiation will lead to 111 
increasing coexistence of individuals with differing traits (Chesson, 2000). These classical niche 112 
partitioning models predict that competition could also limit functional (trait) similarity 113 
(MacArthur & Levins, 1967) and thus increase the spacing between co-occurring phenotypes 114 
(see (MacArthur, 1958; Diamond, 1975)). Alternatively, biological enemies (Kraft & Ackerly, 115 
2010), facilitation (Brooker et al., 2008) and frequent disturbance (Grime, 1998) can maintain 116 
trait diversity (e.g. an over-dispersion of phenotypes). Niche-based models result in either a 117 
broader or evenly dispersed trait distribution (high variance) or even a multimodal trait (negative 118 
kurtosis) distribution; (Box 1).  Nonetheless, trait-based scaling theory, because of the strong 119 
assumption of local trait optima would predict unimodal trait distributions that tend toward 120 
positive kurtosis.   121 
 122 
As shown in Box 1 (see main text), shifts in climate should be reflected in skewed trait 123 
distributions. Because of time lags between environmental change and the time scale of 124 
organismal responses (growth, demography etc.), the trait distribution of an assemblage will not 125 
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be able to instantaneously track environmental change. As a result, skewness in the trait 126 
distribution will develop. The implication is that trait-based ecology can infer the dynamics of 127 
trait assemblages by assessing the shape of contemporary trait distributions.  Any shifts in e (or 128 
temperature) would be expected to also shift the trait distribution, but we would also expect to 129 
observe skewed trait distributions for communities responding to climate change.  As discussed 130 
below, changes in the shape of the trait distribution or a shift in the distribution will have 131 
implications for ecosystem functioning. 132 
 133 
Parameterizing trait-based scaling theory – A stoichiometric and metabolic scaling based 134 
growth function 135 
 136 
Here we parameterize trait-based scaling theory by first incorporating a central organismal trait, 137 
body size.  Indeed, a central prediction of metabolic scaling theory (MST) is that variation in the 138 
rate of metabolism, B, of an organism (i.e. respiration rates, gross photosynthesis) is due to the 139 
combined effects of two variables, its body size, m (West et al., 1997) and the absolute 140 
temperature, T in kelvin (K; (Gillooly et al., 2001), where 141 
     ! = !#$-&/()*+   1       (S1) 142 
and B0 is the metabolic normalization constant (units of Watts m	"-$   1 ) that is independent of 143 
body size and temperature. The value of B0 has also been linked to several tissue and cellular 144 
traits (Enquist et al., 2007b; Allen & Gillooly, 2009; Elser et al., 2010). The value of	"  1  is 145 
predicted to approximate ~3/4, reflecting how natural selection has optimized the scaling of the 146 
transport of resources through fractal-like distribution networks (West et al., 1997, 1999b).  147 
 148 
The importance of temperature is given by the Van’t Hoff/Boltzmann factor, !-#/%&   1 , and 149 
describes the temperature dependence of metabolic rate, where E is the sensitivity of metabolism 150 
to temperature and k is Boltzmann’s constant, k = 8.62 x10 -5 eV K-1 (Gillooly et al., 2001). 151 
Previous research has indicated that the activation energy, E, is approximately constant for 152 
respiration and approximates 0.65 eV for both animals and plants (Gillooly et al., 2001; Enquist 153 
et al., 2003; Yvon-Durocher et al., 2010; Anderson-Teixeira & Vitousek, 2012), the two groups 154 
which comprise most biomass in terrestrial ecosystems.  155 
 156 
Estimates of E and the sensitivity of photosynthesis to temperature 157 
The kinetics of net photosynthesis are determined by multiple rate-limiting processes (Medlyn et 158 
al., 2002; Sage & Kubien, 2007; Bernacchi et al., 2009). These include several temperature-159 
dependent limitations on photosynthesis such as the maximum rate of electron transport 160 
(Farquhar et al., 1980; Sage & Kubien, 2007), inactivation of Rubisco (Crafts-Brandner & 161 
Salvucci, 2000), or stomatal closure (Berry & Bjorkman, 1980; Sage & Kubien, 2007; Bernacchi 162 
et al., 2009). These processes, each with unique temperature-dependencies, are ultimately 163 
integrated into a single temperature response curve for net photosynthesis that can be 164 
characterized by an overall effective activation energy Ep (Michaletz in review).   165 
 166 
Past hypotheses for the value of the activation energy for photosynthesis, Ep, stem from two 167 
approaches. First, Kerkhoff et al. (2005) averaged the mean values for E for Vcmax and Jmax 168 
from Table 2 of (Leuning, 2002), which gives Ep ~ 0.65 eV. This first approximation may be an 169 
overestimate as the averaging method does not account for interactions of multiple limitations on 170 
net photosynthesis. For example, Vcmax and Jmax were obtained under ideal conditions of 171 
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saturating, non-limiting light and CO2. In real forest canopies, however, photosynthesis may 172 
become limited by light and/or CO2, making it less sensitive to temperature (Berry and Bjorkman 173 
1980). Alternatively, to incorporate the multiple rate limitations, a second approach (Allen et al., 174 
2005) (Allen et al. 2005) assumed that photosynthesis: i) can be characterized as C3, ii) is limited 175 
by Rubisco-catalyzed carboxylation (Vcmax), and iii) occurs at operative temperatures below the 176 
optimal temperature for photosynthesis. The activation energy of photosynthesis was then 177 
calculated using a model for carboxylation-limited C3 photosynthesis (Farquhar et al., 1980) 178 
parameterized with empirical activation energies (Bernacchi et al., 2001) based on data from one 179 
species (transgenic tobacco) for the four model parameters. This yielded an estimate of Ep = 0.32 180 
eV and was applied across terrestrial plants. Nonetheless, the approach implicitly comprises 181 
several interactive kinetic processes (cf. (Farquhar et al., 1980)).  The predictions from each of 182 
the different methods for estimating Ep have not been adequately evaluated using leaf-level data 183 
for net photosynthesis (but see Michaletz in review).  This is an outstanding research need.  184 
Additional work is needed to better understand and characterize the role of photosynthetic 185 
kinetics for macroecological patterns and processes.   186 
 187 
Visualizing temperature sensitivities - Arrhenius Plots 188 
Equation S1 can be linearized as ln #

$% = -(
)* +	ln	((./))	  1 so that a modified ‘Arrhenius Plot’ of 189 

the natural log of B versus the inverse of temperature as measured in Kelvins will reveal a slope 190 
of that is equal to E (see also (White et al., 2012) The value of E is then a quantitative measure 191 
of the temperature sensitivity of metabolism with lower values of E reflecting lower temperature 192 
sensitivities.  Note, plotting B as the quotient of !"#  1  removes the allometric or mass dependency 193 
on B.  194 
 195 
Linking functional traits to tree growth via tissue stoichiometry  196 
We start by reviewing and further refining a general mechanistic trait-based scaling model to 197 
quantitatively link variation in net primary production, environmental temperature, biomass, and 198 
functional traits. Plant functioning is affected by stoichiometric composition, that is the relative 199 
concentrations of various macro- and micronutrients in plant tissues (Chapin et al., 1986; Aoren, 200 
1988; Ågren, 2004). Variation in organismal nutrient content can be linked to variation in 201 
organism growth rates (Sterner & Elser, 2002) using the following formalism,  202 
      !

" =
$
%   1         (S2) 203 

Here C is the mass of carbon, and X is the mass of a nutrient such as nitrogen (N) or phosphorous 204 
(P) and !  1  is the efficiency of using X to generate C (e.g. photosynthetic nutrient use efficiency or 205 
PNUE). PNUE or !  1  is defined as net photosynthetic rate (!"   1 ) per unit leaf N content (!"#)  1 ), 206 
while µ is mass-specific growth rate (dm/mdt). Eq. S2 assumes balanced growth, i.e.,   207 
dC /Cdt=dX /Xdt=dM/Mdt and can be rearranged to show how organismal mass-specific growth 208 
rate will change as a function of organismal stoichiometry, ! ∝ # $

%   1 . This relation should apply 209 
whenever availability of X limits growth rate. When another aspect of growth is limiting, µ may 210 
saturate in its response to increasing X, as is often the case in plants.   211 
 212 
Carbon (C), nitrogen (N) and phosphorus (P) are critical important elements for organisms 213 
(Sterner and Elser 2002). The relative concentrations of C, N, and P in biomass reflects multiple 214 
biological, ecological, and evolutionary processes as well as patterns of element supply from the 215 



		 6	

environment (Sterner and Elser 2002). Increasingly, the values and ranges of C:N:P ratios in an 216 
organism are important determinants of the ecological niche (Elser et al., 2000) and reflect 217 
multiple ecological processes (Elser et al., 2000; Kerkhoff et al., 2005).  218 
 219 
For Eqn S2,  variation in x has been primarily linked to ratio of nitrogen (N) and phosphorus (P). 220 
Variation in N and P are important as they are the nutrients that most commonly limit plant 221 
growth and primary productivity (Güsewell, 2004). The role of N and P in the component 222 
processes of growth likely depends on the relative availability of the two resources as well as the 223 
underlying biochemistry (Chapin et al., 1986; Aoren, 1988; Ågren, 2004). Further, the effects of 224 
nutrient concentrations (i.e., dry mass fractions, g nutrient · g biomass-1) on the terms of eq. (S2) 225 
may be either independent of or collinear with the effects of whole plant mass (Neilson, 1995; 226 
Elser et al., 1996; Cebrian, 1999). Distinguishing these two types of effects requires an explicit 227 
hypothesis about how whole-plant nutrient concentration, Fp, varies with whole-plant size or  228 
mass.  229 
 230 
The growth rate hypothesis, proposed by Elser et al. (Elser et al., 2010), can be parameterized in 231 
MST with specific traits and nutrient stoichiometry and nutrient use efficiencies that underlie !  1 . 232 
Because carbon makes up an approximately constant fraction of dry biomass (Sterner and Elser 233 
2002), the growth rate hypothesis states that one can substitute the mass concentration of P and 234 
N for the X/C term in equation S2. Combined with equation S1, this makes the explicit the 235 
linkage with variation in plant tissue ratio of phosphorus to nitrogen where 236 
!"/"!$	 = ' ∝ ) *:, 	--/ 01-2 34   1 .  However, φ or PNUE is linked mainly to variation in 237 
tissue nitrogen via the photosynthesis per unit nitrogen (Kerkhoff et al. 2005).  Thus, the relative 238 
growth rate, !  1 , is predicted to increase as plant tissues become relatively more enriched in P 239 
relative to N and as !  1 increases (Niklas et al., 2005; Yu et al., 2012; Raven, 2015). As we discuss 240 
below, several additional traits can also be linked to the normalization constant B0 of Eqn. S1 and 241 
hence can also potentially influence plant metabolism and relative growth rate. 242 
 243 
Variation in P:N can reflect variation in how the total body nitrogen NT is allocated to protein 244 
construction and the proportion of the total body phosphorus PT that is allocated to rRNA 245 
(responsible for maintaining any specific quantity of protein). Further, variation in leaf tissue P, 246 
can reflect the importance of upregulation of plant growth via protein synthesis, ADP 247 
phosphorylation and triose phosphate production (Amthor, 1989; Stitt, 1990). Variation in the 248 
amount of triose phosphate translocators which requires phosphorus then directly impacts 249 
variation in the rate of phloem loading (Geiger, 1979; Sharkey, 1985). Eqn. S2 can then be stated 250 
to relate variation in relative growth rates to plant tissue P : N stoichiometry (Kerkhoff et al., 251 
2005; Niklas et al., 2005) as ! ∝ # $

%   1	  where increases in P relative to N and or !	  1	 (or PNUE). 252 
However, as we show below a more formal integration of traits that underlie variation in tree 253 
growth requires more detailed consideration of the traits that underly growth.  254 
 255 
Stoichiometric effects and interactions with plant size and the growth rate normalization B0 256 
Next, we more formally integrate tissue stoichiometry with other traits that underlie variation in 257 
the scaling of metabolism and growth.  Metabolic scaling theory or MST links how changes in 258 
organismal body size with several traits that are associated with the metabolic scaling 259 
normalization (Enquist et al., 1999; West et al., 1999a; Niklas & Enquist, 2001). This work starts 260 
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with the observation that whole-plant growth !"/!$	  1 is directly proportional to total leaf mass, 261 
ML, of individual plants, where 262 

 
!"
!# ∝ 	&'(

)/+ ∝ ,-. /-   1     (S3) 263 
Here, !"  1  is the metabolic growth normalization, m again is plant biomass, and !"#   1  is the net leaf 264 
photosynthetic rate per unit leaf mass. The brackets < > indicate the abundance weighted 265 
average. Note, as discussed below the growth rate normalization is assumed to be directly 266 
proportional to the metabolic normalization B0.    267 
 268 
The growth normalization B0 can be shown to comprise several traits. The value of  !"#   1  can be 269 

related to two additional leaf traits as  !"# ≡ 	 &
'()
	 ∙ +(

,(
	   1  where  

!"
#"
	  1   is the quotient of leaf mass, 270 

mL, and leaf area, aL (the leaf mass per unit area, LMA) and, !"#   1  is the photosynthetic rate per 271 
unit leaf area.  Thus, variation in !"#   1  can be linked to the leaf traits !"#   1   and LMA as  272 

!"/!$ ∝ 	 '
()*
	 ∙ ,)

-)
./	  1      (S4) 273 

Variability in the leaf mass-specific production can be linked to nutrient content and can reflect 274 
both environmental influences and differences in leaf photosynthetic capacity (see below).  275 
Variation in additional functional traits can be integrated into Eqn. S4 via a generalized function 276 
relating leaf nitrogen concentration , !"#   1  to whole-plant production rates (Kerkhoff et al., 2005); 277 
see also (Agren & Bosatta, 1996; Elser et al., 2010). Specifically, dm/MLdt, the leaf mass-278 
specific photosynthetic production rate or µL (g × g leaf−1 × time−1) is related to the leaf nitrogen 279 
content, !"#   1 and fL, the photosynthetic nutrient use efficiency, PNUE,   280 
   !"/$%	!' = )% ∝ +%,-%. = +%/ 01

21
-%.   1     (S5) 281 

Here, we can more formally define the photosynthesis nutrient use efficiency !  1 , or PNUE from 282 
eqn S2 as the rate of total biomass production per unit leaf mass, µL is influenced by fL a 283 
measure of the efficiency of leaves in using nutrients to assimilate mass. Note, PNUE can be 284 
measured two different ways: 285 
 286 

PNUE on a per unit leaf mass basis,	"#$	  1 (g C · g leaf-1 · g nutrient-1 · time-1),  287 
 288 

PNUE on a per unit leaf area basis,  !"#	  1 (g C · m-2 leaf · g nutrient-1 · time-1).  289 
 290 
Previous studies have shown that variation in PNUE may change with tissue nutrient 291 
concentration (Field & Mooney, 1986; Reich et al., 1997). Indeed, given the above we have, 292 
!"# = %" &"'   1   and with substitution,  !"# = %"& 	 ∙ )*+*

	 ,"-   1 . This links how variation in PNUE 293 

measured on a per leaf mass basis or on a per leaf area basis, 	#$% = '$% ($)   1  , is tied to 294 
potential variation in !"#   1 , !"#   1 , and 

!"
#"

  1  . 295 
 296 
Variation in plant physiology and performance can also be linked to the importance of plant size 297 
or allometry. First, whole-plant growth rate, dm/dt (kg s-1), where m is whole-plant mass, m, can 298 
be linked to variation in whole-plant respiration rate !  1  (kg s-1), whole-plant gross carbon 299 
assimilation rate !  1  (kg s-1), xylem flow rate !  1  (L s-1), and the total number of leaves !"   1  300 
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(dimensionless). A central prediction of MST is that we can link variation in whole-plant growth 301 
and physiological performance with variation in plant size and the allometry where 302 
 !" !# ∝ % ∝ & ∝ ' ∝ 	)* ∝ 	"+   1 .  Further, difference in allocation of the total organismal leaf 303 
mass, ML, varies allometrically with whole-plant mass, m, as 	"# 	∝ 	%#   1 , 	"# = %#&'/)	  1 where 304 
the allometric coefficient bL is the leaf mass fraction that reflects variation in allocation to leaf 305 
biomass and q is the allometric scaling exponent. From the common allometric scaling of net 306 
growth and photosynthetic production, the above arguments imply that plant respiration must 307 
also scale as the 3/4 power of whole plant mass, as predicted by allometric theory and observed 308 
in almost all organisms, i.e.,  !"/!$	  1 µ  R µ m3/4 (Ernest et al., 2003; Savage, 2004b) but see also 309 
discussion in (Reich et al., 2006; Enquist et al., 2007a).   310 
 311 
Rearranging we have, a generalized stoichiometry and trait based growth model for an individual    312 
 313 
   !"/!$ ∝ &'()'*+' ∝ ,'- 	 ∙ 0121

	 )'* ⋅ 4'"5/6  1    (S6) 314 
Assuming Eqn S1 and S2 apply under conditions of constant mass and temperature, we can 315 
substitute for ! "

#   1  as proportional to !"	  1 and if ! = #
$  1  then, with substitution, we can next show 316 

how variation in plant relative growth rate, is linked to plant size and temperature, 317 
    !"

"!# = % ∝ '() *
+ ,-. /01-2 3		1	      (S7) 318 

Eqn. S7 shows that variation in relative growth rate, !  1  will be influenced by plant size, m, 319 
temperature T, tissue nutrient stoichiometry, X/C, the nutrient use efficiency and the metabolic 320 
normalization !"  1 . The model implicitly assumes that no other resources are limiting (water 321 
availability, etc.). Eqn S7 states that the relative growth rate of a plant will decrease to the -1/4 322 
power with increases in plant size, but that the growth rate will increase exponentially with increases 323 
in temperature and can be modified by changes in nutrient concentrations.  324 
 325 
Given the growth rate hypothesis of Elser et al. (Elser et al., 2010), we can parameterize MST 326 
with specific traits and nutrient stoichiometry and nutrient use efficiencies that underlie !  1  to 327 
predict the relative biomass growth rate (!)  1  as 328 
 	" ∝ $%&-( )*+-, -			  1  		  1          (S8) 329 

 ! ∝ ℎ	 ⋅ 	&'( ⋅ )' ⋅ *
+ ,-. /0	1-2 3  1          (S9) 330 

           		"			 ∝ ℎ	 ⋅ 	&'( ⋅ )*+*
⋅ ,' ⋅ -

. /-1 234-5 6  1           (S10) 331 

where  !"# = %"#	 '"(   1  and  !"# = 	 &"# '"( 	  1 and h is a constant reflecting the carbon use 332 
efficiency of plant growth and the carbon fraction of plant tissue (see (Enquist et al., 2007b).  333 
Because carbon use efficiency, h, does not change across our study plots (Malhi et al. 2016) we 334 
estimate the value of the growth normalization b0 that includes the hypothesized importance of 335 
temperature 336 

 !" ∝ ℎ ⋅ &'( ⋅ )*+*
⋅ ,' ⋅ -

. /-1 23   1     (S11) 337 

 338 
Noting that !  1  can be expressed on a per unit leaf mass, !"#   1  or per unit leaf area, !"#   1  both then 339 
will be influenced by the traits Eqns. S5-S7 shows that it is possible to predict how variation in 340 
plant growth rates are influenced by measuring plant size, and the various traits that underlie the 341 
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scaling of growth rate.  From above, PNUE or !  1  will be influenced by potential variation in !"#   1  342 
(photosynthesis per unit leaf area) and  

!"
#"

  1  (leaf mass per unit area or LMA).   343 
 344 
The influence of the environment on plant growth will be expressed differently. For example, 345 
short-term changes in light availability and water availability etc. will be reflected in potential 346 
changes in the traits listed in Eqns S8 – S10. Leaf level photosynthetic rates !"   1  will respond 347 
quickly to changes in water and light. Further, the effect of short- and long-term variation in 348 
temperature on plant growth will be captured by the Boltzmann term. However, longer-term 349 
shifts in water, nutrient, and light supply could then be reflected in potential shifts in many of the 350 
traits listed in Eqns S8-S10. As shown by several researchers, many of the traits listed these 351 
equations do tend to vary across gradients of temperature, light, nutrient, and water supply e.g. 352 
see (Poorter et al., 2009; Elser et al., 2010; Asner et al., 2014; Wang et al., 2016). As we discuss 353 
in the main text, this feedback between the environment and the traits of individuals and their 354 
dominance in communities can ramify to influence the production of biomass and the flux of 355 
water, carbon, and nutrients.   356 
 357 
Scaling from traits to ecosystems 358 
 359 
Next, we integrate how variation in the traits of individuals, the abundance of a trait in a 360 
community, and variation in the total biomass of a community can then influence how we scale 361 
from traits to ecosystems. Grime (1998) argued that the dominant traits in a community were 362 
likely the ones that best predicted ecosystem functioning.  Thus, trait-based ecology aims to 363 
identify the trait, z, and the abundance or biomass, m, of the individuals with a given trait value. 364 
Trait-based scaling theory builds on Grime by focusing on the trait frequency distribution m(z) 365 
— the histogram of biomass across individuals characterized by a given trait value, z, summed 366 
across all individuals within and across species. Thus, m(z) captures both intra- and interspecific 367 
trait differences. 368 
 369 
Recent work (Norberg et al., 2001; Savage et al., 2007; Enquist et al., 2015) provides a 370 
framework to scale from the distribution of traits associated with plant relative growth rate to the 371 
gross and net primary productivity. Specifically,  372 

! " = $!%&'( ",! = $!* ",! ! 1 
 373 

(S12)  374 
where !"#$   1  is biomass and C (z, m) is the mass density of individuals with both trait value z and 375 
individual mass m, while N (z, m) is the number density of individuals that have both trait value z 376 
and individual mass m. Most assemblages of organisms will be characterized by a distribution of 377 
sizes.  For plants, following the arguments in Enquist et al. (2009), the distribution of the number 378 
of individuals, N, as a function of their size, m or the size-spectra, N(m) can be linked to the trait 379 
distribution.  For the allometrically idealized case of ! ≈ 3/4  1  (see Eqn S1), and in communities 380 
that are in approximate resource and demographic steady state, the size distribution N(m) 381 
characterizes how the number of individuals, N, per unit area will scale inversely with their size 382 
or mass, m, as   383 

! " ∝ "-%% & 1  384 
 385 
(S13) 386 
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Enquist et al. (2009; 2015) then show how to combine the distribution of sizes and the 387 
distribution of traits that underlie the growth function, f(z) to predict the net primary productivity 388 
or NPP (dMTot/dt). Specifically, linking traits to growth occurs via the metabolic normalization 389 
b0.  The total community rate of production or the net primary production, NPP, is the 390 
summation of the growth rates of all individuals where 391 

!"#$#
!% = '( ) " ) !) 1 

 392 
(S14) 393 
Next, as shown in Enquist et al. (2009), see also (Enquist et al., 2016) to show explicitly how 394 
total forest carbon, energy, and resource fluxes scale with total stand biomass. For the total 395 
energy flux of all individuals, we have  396 

!""	 ∝ %"" ∝ 	&'() = +, -./ 0-12 0 0
3 4'()

3 0
  1     397 

(S15) 398 
where cm (m kg-3/8) is a normalization constant relating stem radius to plant mass and, cn (m) is 399 
another normalization constant reflecting the how densely trees are packed in the forest (see 400 
Enquist et al. 2009). The brackets denote the average, denoted by brackets < > is taken with 401 
respect to the abundances of individuals within the community (see Enquist et al. 2015).  402 
Equation S14 is derived in Enquist et al. (2015) and assumes a community steady state 403 
approximation where N (z, M) is not changing in time. If this is violated (e.g. the community trait 404 
abundance or number distribution N (z, M) is changing), then deviations are expected. Further, 405 
the values of the exponents in Eqn S15 assume ‘quarter-power’ scaling of organismal 406 
metabolism and growth and form (West et al., 2009).  Nonetheless, the above equations provide 407 
a basis for linking the scaling of organismal growth rate and trait variation of individuals with 408 
ecosystem-level processes.  For all of these equations and cases, the functions inside the averages 409 
can be expanded in terms of additional moments of the distribution of b0 within a given forest as 410 
done for trait-based scaling theory for biomass-weighted averages or as done in Savage (Savage, 411 
2004a) for abundance-weighted averages. 412 
    413 
From above, we can derive the traits that underlie the metabolic normalization b0 as   414 
 415 
  !" = 	 	%&' ⋅ )*

+*
-- ⋅ .& ⋅ /

0 1-2 34   1  = ℎ	 ⋅ 	$%& ⋅ '% ⋅ (
) *-, -.   1   416 

(S16) 417 
 418 

!""	 ∝ ℎ	 ⋅ 	'() ⋅
*(
+(

--
⋅ .( ⋅

"
! /-0 12 5

35267

8 9
 1 
 419 

(S17) 420 
 421 
where h is carbon use efficiency.   Eqn (S17) predicts that shifts in <b0> due to potential shifts in 422 
the traits that underlie <b0> will lead to corresponding shifts in NPP or !"#$%/!'  1 . This will 423 
occur whenever the community mean trait value, <b0>, is near the maximum of the organismal 424 
growth function (Norberg et al. 2001). So, shifts in <b0> will lead to corresponding shifts in 425 
!"#$%/!'  1 . For example, increases in the abundance weighted mean trait value will lead to an 426 
increase in NPP. 427 
 428 
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We can simplify Eqn. S17 to reveal a prediction for how variation in temperature should 429 
influence variation in forest productivity, 430 

    !" #$$/&'('
) * ∝ --

.' + !" ℎ ⋅ 234 ⋅ 56
76

-8
⋅ 93 ⋅ :

;   1     431 
(S18)	  1  432 
where !""/$%&%

' (   1  is a measure of biomass corrected net primary productivity. This model 433 
provides several important predictions concerning variability in terrestrial production.  The 434 
quotient of !""/$%&%

' (   1  removes the allometric effects of productivity and plotting its value 435 
against 1/kT will reveal the direct kinetic influence of temperature on NPP, as well as the role of 436 
possible variation in community trait distributions, !"_$%&(()   1 .  437 
 438 
If we assume that none of the plant parameters vary with temperature and that productivity is 439 
limited by the kinetics of photosynthesis, then per Eqn S17 a plot of ln("##/%&'&

( )   1 ) versus 440 
(1/kT), a modified “Arrhenius plot”, will yield a linear relationship with a slope of –E » -0.65 441 
eV. This reflects the activation energy of individual plant metabolism (Gillooly et al., 2001; 442 
Kerkhoff et al., 2005). Under this restrictive assumption, the predicted slope should be –E » –443 
0.65 eV, all else being equal, with residual variation related to the other variables.  444 
 445 
Trait-based Scaling Theory: Temperature as a Driver of Functional Turnover Across Gradients   446 
 447 
There are two lines of research that hypothesize that several leaf traits should covary with 448 
temperature.  First, building on the ‘growth rate hypothesis’ (Elser et al., 2000), Kerkhoff et al. 449 
(2005) hypothesized that selection to minimize the kinetic effects of temperature on plant 450 
metabolism has resulted in covariation in the traits that underlie b0 in Eqn 2 and temperature (see 451 
H1 in Fig. 1). As a result, the relationship between net primary productivity and inverse 452 
temperature, ln(NPP) and 1/kT, will depart from the expected temperature sensitivity (e.g. where 453 
E ~ 0.65 eV; see Eqn 2). Thus, systematic changes in the leaf traits P:N, PNUE, and LMA with 454 
temperature are adaptive and will modify the temperature dependence of plant growth and 455 
ultimately whole-forest NPP (see Supplemental Document). Second, Michaletz et al. (2015, 456 
2016), used energy budget theory to hypothesize that natural selection to buffer transient changes 457 
in leaf temperatures and maintain photosynthesis near a photosynthetic optimum could be 458 
reflected in shifts in leaf mass per unit area (LMA), and several other leaf traits with temperature.  459 
Thus, despite shifts in air temperature, variation in LMA can help modulate variation in leaf 460 
temperatures to maximize rates of leaf net carbon assimilation.   461 
 462 

Phosphorus - The ‘Growth Rate’ hypothesis versus potential edaphic controls   463 

An increasing number of macroecological studies have indeed shown that leaf stoichiometry and 464 
other functional traits, including LMA, are now known to vary across temperature gradients 465 
(Körner, 1989; Yin, 1993; Wright et al., 2006; Swenson et al., 2012; Asner & Martin, 2016). 466 
Further, these studies have shown that environmental temperature appears to be a key correlate 467 
to shifts in plant traits across gradients. There are several lines of work indicating that 468 
coordinated acclamatory and adaptive shifts in plant traits across temperature gradients can 469 
influence the importance of temperature in explaining variation in GPP and NPP.  Building on 470 
the ‘growth rate hypothesis’ (Elser et al., 2000), Kerkhoff et al. (2005) proposed that temperature 471 
acclimation and adaptation could be accomplished via the upregulation of plant metabolism by 472 
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selection on the P:N content of plant tissue. The growth yield of plants will increase with an 473 
increasing fraction of cellular [P:N]. Thus, as temperatures decrease, potential reductions in 474 
metabolism and growth rates due to low temperatures may be offset in part by upregulation via 475 
intra- and interspecific increases in biosynthesis via increased P investment in ribosomes (per 476 
unit protein; Kerkhoff et al. 2005; Yu et al., 2012) and/or increased cold tolerance by allocation 477 
to phospholipids for energy storage as observed (Horvath et al., 1980; Yu et al., 2012; Strimbeck 478 
et al., 2015). In colder environments, relative increases in leaf P to N would suggest a 479 
proportionate need for more P relative to N due to selection for increased cold tolerance 480 
mechanisms and⁄or additional lipid energy storage.   481 
 482 
Alternatively, variation in some plant traits including plant nutrient concentrations and LMA 483 
may also reflect gradients in soil nutrient availability (Yin, 1993; Conover & Schultz, 1995; 484 
Wright et al., 2002; Woods et al., 2003; McGroddy et al., 2004; Reich & Oleksyn, 2004; Asner 485 
& Martin, 2016). In the tropics, we would expect that lower elevation forest soils to be relatively 486 
lower in P and high elevation soils relatively enriched in P (Lovelock et al., 2007; Fisher et al., 487 
2013). Thus, any shift in P:N ratios of plant tissue may reflect underlying shifts in soil P 488 
availability relative to N.  489 
 490 
 491 
Methods 492 
 493 
Forest Plots   494 
The field-plots are located across the Andes-Amazon elevation gradient, including upper TMCF, 495 
lower TMCF and lowland rainforest (For illustration of locations see (Malhi et al., 2016). Mean 496 
annual temperature (MAT) declines with increasing elevation from 24.4 to 13.1°C. Mean annual 497 
precipitation (MAP) increases from 1900 mm yr−1 in the lowlands to 5302 mm yr−1 in the lower 498 
TMCF close to the cloud base (ca. 1500 m asl; Halladay et al., 2012) and then declines again to 499 
1560 mm yr−1 in the upper TMCF (Rapp & Silman, 2012; Girardin et al., 2014a; Huacara 500 
Huasco et al., 2014; Malhi et al., 2014a). There is a distinct seasonality in the amount of 501 
precipitation, with 200-800 mm month−1 precipitation occurring during the November-March 502 
wet season and ~100 mm month−1 in the June-August dry season (Rapp & Silman, 2012; 503 
Girardin et al., 2014a). In the montane forest plots, cloud immersion is most common in the dry 504 
season (April-September). 505 
 506 
Climate data 507 
We obtained climate data from a set of weather stations located nearby to each one of the study 508 
sites (as described by (Malhi et al., 2017)).  The most complete annual time series for most 509 
weather stations were for year 2013 and incoming radiation, temperature, precipitation and 510 
relative humidity were recorded at 30 min intervals. We used these time series to estimate 511 
average daily climate. For days where data were not available, the average daily values were 512 
obtained by interpolating the daily parameters of the previous and following 3 days. We 513 
corrected temperature for altitudinal differences using an adiabatic rate of 6 °C km-1 elevation 514 
and assumed no change of radiation and precipitation with altitude. Data are summarized in 515 
Table S1.  516 
 517 
Ecosystem Net Primary Productivity Data  518 
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We used the data for above ground stand biomass, NPP, and GPP reported in (Malhi et al., 519 
2017).  For some plots, above ground biomass data was updated following protocol in Malhi et 520 
al. 2017.  A complete listing of the methodology and description of these plots is given in Malhi 521 
et al. (2017). A total of 16 1ha plots have both GPP and NPP estimates.  As discussed below, the 522 
ecosystem plot network consists of more plots than the network of plots where traits were 523 
sampled. Thus, 10 plots had NPP and GPP and associated trait measurements.  Data are 524 
summarized in Table S1.  525 
 526 
Traits Sampled  527 
Based on census data for 2013 or the most recent year before 2013, a sampling protocol was 528 
adopted wherein species were sampled that maximally contributed to the total plot basal area (a 529 
proxy for plot biomass or leaf area), including tree ferns and palms. Following Pérez-530 
Harguindeguy et al. (2013), we aimed to sample the minimum number of species that contributed 531 
to 80% of basal area (see Supplemental Document).  532 
 533 
For each sampled species in each plot, 5 individual trees in upland sites and 3 individual trees in 534 
lowland sites were chosen for sampling. If an insufficient number of individuals was available, 535 
we sampled additional individuals of the same species from an area immediately surrounding the 536 
plot. Using single rope tree climbing techniques, we sampled one fully sunlit canopy branch and 537 
a fully shaded branch where possible, each at least 1 cm diameter, from each tree. Across all 538 
plots, approximately 40% of trees also had shade branches sampled (some trees had no shade 539 
branches available).  From each branch, we measured 5 leaves from simple-leaved species, or 5 540 
individual leaflets from compound-leaved species (both referred to as ‘leaf’ below) for trait 541 
measurements. Branches and leaves with minimal damage were chosen. 542 
 543 
All trait data were accessed using the gemtraits database and R package (Shenkin et al., 2017). 544 
 545 
The five traits we measured include:  546 
 547 
Leaf Mass per unit Area or LMA -  LMA is defined as the dry mass of the leaf divided by the 548 
light capturing surface area per unit (LMA; g1 m-2) and has been shown to correlate with net 549 
photosynthetic capacity, leaf longevity, relative growth rate and competitive ability (Poorter & 550 
Lambers, 1991; Reich et al., 1997). In addition, increasing values of LMA are associated with a 551 
shift from slow to fast growth strategies. LMA responds to both abiotic factors such as gradients 552 
of precipitation, temperature, and soil nutrients (Reich et al., 1997; Westoby, 1998) as well as 553 
biotic factors such as neighboring height and density (Navas & Violle, 2009). LMA is, therefore, 554 
a key trait indicative of plant physiological processes ranging from light capture (Niinemets et 555 
al., 1999) to growth rates (Poorter et al., 2009) as well as plant life strategies (Westoby et al., 556 
2002).� 557 

Phosphorus -  The total phosphorus per unit of dry leaf mass (mg g1) is a fundamental 558 
component of nucleic acids, lipid membranes and bioenergetic molecules such as ATP, is an 559 
essential nutrient in photosynthetic carbon assimilation and protein synthesis (Field & Mooney, 560 
1986). Increasing P also generally indicates high nutritional quality to consumers in food webs 561 
(Cornelissen et al., 2003) (Cornelissen et al. 2003). Leaf P is positively correlated with growth 562 
and assimilation rates (Niklas et al., 2005; Wright et al., 2006).  563 
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Nitrogen - (total nitrogen per unit of dry leaf mass; mg g 1) or nitrogen content within a leaf is 564 
integral component to the proteins of the photosynthetic machinery responsible for drawdown of 565 
carbon dioxide (CO2) inside the leaf.  Thus, variation in both N and P content have been directly 566 
linked to variation in rates of leaf photosynthetic activity (Raaimakers et al., 1995; Evans & 567 
Poorter, 2001; Reich et al., 2008). 568 

Carbon - (total carbon per unit of dry leaf mass; mg g 1) or carbon content within a leaf is a 569 
major component of cellulose and lignin, which in turn, are used to build the cell walls of tissues 570 
(Kokaly et al., 2009).  571 

Leaf photosynthetic nitrogen use efficiency – per Eqn S11, we calculated PNUE on a per unit 572 
area basis (PNUE = µmol CO2 × % N-1× m-2 × sec-1) by dividing the leaf photosynthesis (per unit 573 
area), !"#   1 , by the leaf nitrogen. PNUE is the efficiency of leaves in using nitrogen to assimilate 574 
CO2, which itself may change with nutrient concentration (Field & Mooney, 1986; Reich et al., 575 
1997; Sterner & Elser, 2002; Wright et al., 2004). Changes in PNUE have been indicated as a 576 
key trait driving temperature adaptation in plants and has been shown to be inversely related to 577 
growing season temperature (Kerkhoff et al. 2005).   578 

Trait Measurement Protocol   579 
 580 
Leaf mass per unit area– We measured LMA (m2 g-1) by imaging the adaxial surface of each leaf 581 
(or leaflet, for compound leaves) in the field immediately after collection using a digital scanner 582 
(Canon LiDE 110®). Leaves too large to fit on the scanner were cut into smaller pieces that were 583 
scanned separately. All leaves were then oven-dried at 72°C until constant weight was reached 584 
(around 72h), and their dry mass then was measured. Leaf area images were processed using 585 
Matlab (code available via GitHub github.com/OxfordEcosystemsLab/gemtraits_misc). Each 586 
image was first binarized using an automatic threshold, visually checked and the threshold then 587 
set manually to fit the leaf shape as accurately as possible. When the leaf was damaged due to 588 
herbivory, the holes were not filled to obtain the true area.  589 
 590 
LMA was calculated on a whole-leaf basis, including both laminas and petioles. In cases where 591 
dry petioles had a mass of zero (due to a balance with limited precision) the dry masses were 592 
corrected by the site-level ratio of fresh mass/dry mass. Leaf areas from images with folded 593 
leaves were not included. Leaves that caused the tree to have variances >2000 for LMA were 594 
also not included (i.e., single leaves from groups of 5 leaves were removed as outliers). LMA 595 
was calculated separately for each leaf before calculating the mean LMA per individual tree. At 596 
the species and plot levels, LMA was calculated from individual tree (and not leaf) values. 597 
 598 
Leaf Photosynthesis - Maximum photosynthetic rate per unit area (Amax; µmol m-2 s-1) was 599 
measured on mature, healthy individual leaves (5 leaves per individual tree) from each sunlit 600 
canopy branch. Leaves were measured while still attached to the branch (which was re-cut under 601 
water after collection). Rates of photosynthesis were measured using the Li-COR 6400XT 602 
portable photosynthesis system (Li-COR, Lincoln, NE, USA) under ambient temperature and 603 
humidity, saturating light (1200-2000 µmol m-2 s-1) and saturating [CO2] (1200-1500 ppm). 604 
 605 
Leaf stoichiometry - Nutrient content for all leaves were measured at the University of Arizona. 606 
All dry leaf samples were then homogenised and ground to a fine powder. For elemental 607 
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analysis, all leaf samples were homogenized and ground to a fine powder at the species level. 608 
Leaf phosphorus concentrations were determined using triplicates consisting of 3.5 – 4.0 mg of 609 
finely ground leaf material. Total phosphorus content was determined using persulfate oxidation 610 
followed by the acid molybdate technique (APHA 1992) and phosphorus concentration was then 611 
measured colorimetrically with a spectrophotometer (ThermoScientific Genesys20, USA). 612 
carbon and nitrogen content were measured on a continuous-flow gas-ratio mass spectrometer 613 
(Finnigan Delta PlusXL) coupled to an elemental analyzer (Costech). Samples of 1.0 mg (+/- 0.2 614 
mg) were combusted in the elemental analyzer. Leaf carbon and nitrogen contents were 615 
measured by the Department of Geosciences Environmental Isotope Laboratory at the University 616 
of Arizona. 617 
 618 
Statistical Analyses  619 
All statistical analyses were conducted in R 3.3.3 (R Core Team, 2017). To assess general 620 
multivariate responses of community trait distributions to the environmental gradient, we utilized 621 
Principle Component Analysis using the R function princomp() on the correlation matrix. Model 622 
selection was done using general linear models (glm) and then comparing AICc values using the 623 
R package glmulti, leaps, MASS, and lme4  (Calcagno, 2013; Bates et al., 2015; Lumley, 2017) 624 
All plots were completed using ggplot2 (Wickham, 2009).  To determine the explanatory value 625 
of these models, we used the R package ‘MuMIn’ to calculate marginal and conditional r2 values 626 
(Barton, 2015). Functional forms of relationships were also assessed using partial residual plots 627 
obtained using crPlots() from the R package car (Fox & Weisberg, 2011). Partial regression 628 
statistics were obtained using lm.sumSquares() from the R package lmSupport, and partial 629 
regression plots were prepared using avPlots() from the R package car (Fox et al., 2016). Linear 630 
relationships between model covariates in our various models may be compromised by potential 631 
collinearity between variables (Dormann et al., 2013). We tested potential collinearity using 632 
calculated variance inflation factors (VIFs) for each covariate in each model using vif() from the 633 
R package car.  634 
 635 
To assess the importance of metabolic drivers and to assess the predictions of metabolic scaling 636 
theory we included measures of temperature and total stand biomass as specified by the theory. 637 
Temperature was expressed as the Boltzmann factor exponent 1/kT, where k is the Boltzmann 638 
constant (8.617 x 10-25 eV K-1) and T is temperature (K), and calculated as the annual averages 639 
<1/kT>.  In assessing the kinetic role of temperature on variation in NPP and GPP within the 640 
context of trait-based scaling theory all other variables were natural log transformed.  641 
 642 
Next, we assessed the relative importance of different drivers of NPP and GPP by testing 16 643 
different models with different numbers of predictor variables that characterized three separate 644 
classes of models – models with differing (i) climate drivers; (ii) biomass and climate drivers; 645 
and (iii) biomass, traits, and climate drivers (see Table S1). We assessed the predictions of trait-646 
based scaling theory (Box 1 and Fig. 1) by assessing the ranking of these models based on AICc 647 
and AdjR2 as well as the overlap of the fitted parameters of these models to the specific values of 648 
the exponents predicted by the theory. For each model, we assessed predicted values of GPP and 649 
NPP using differing variables environmental drivers, stand biomass, as well as several 650 
community weighted trait means and variances.  651 
 652 
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In competing each associated model with differing combinations of environmental drivers, stand 653 
biomass, and community trait distributions we used AICc. Aikaike weight values, and AdjR2 654 
values. AICc was used because of relatively low sample sizes (forest plots with adequate NPP, 655 
GPP, environmental, and trait data ranged from 9-10 plots).  Models with ∆AICc values greater 656 
than 3 have considerably less support (Burnham and Anderson 2002). Akaike weight values are 657 
the estimated probability of a given model being the actual best model. Relationships between 658 
NPP and mean annual temperature or precipitation were described using ordinary least squares 659 
(OLS) linear and glm regression. 660 
 661 
Estimating trait distributions 662 

We estimated the shape of trait distributions using two methods: 663 
 664 
Community Weighted Mean - The first method utilized trait information from the most abundant 665 
species that comprise 80% of the forest biomass. Here, for each trait, the species proportional 666 
contributions to the community were based on the abundance of each species from taxonomic 667 
inventories collected between 2009 and 2014. The community weighted mean or CWM  (Garnier 668 
et al., 2004; Violle et al., 2007; Hulshof et al., 2013) was calculated for each plot:  669 
CWM k=∑i µifi where k = plot, i = species, and µi and fi are the mean trait value and relative 670 
abundance of the species i. Due to sampling constraints, the total sampled abundances differed 671 
among plots; that is, the sum of all fi varied. To account for this variation, the final CWM for 672 
each plot was normalized by the sum of total abundances. 673 
 674 
Estimating the shape of trait distributions by bootstrapping - The second method utilized 675 
parametric bootstrapping. This method was implemented because our CHAMBASA trait 676 
sampling protocol sampled traits of the most abundant species within each plot. This meant that 677 
the less abundant and rare species did not have trait measures sampled within a given plot. 678 
Following a protocol outlined by Enquist et al. (2015) community trait distributions were 679 
estimated by local sampling and intra and interspecific variation. We estimated the community 680 
trait distribution for each plot by applying a hierarchical bootstrapping method that emphasized 681 
traits sampled locally over traits sampled from distant CHAMBASA plots and traits from global 682 
compilations.  683 
 684 
To estimate traits for the rare species in each community we constrained the selection of their 685 
traits based on a hierarchical method consisting of two levels – spatial and taxonomic. Spatial 686 
sampling selected traits found either within a given plot, traits found between plots, or global 687 
trait values. The other hierarchy that informed our sampling is taxonomic (trait values that were 688 
measured within species or a given genus, or a given family). When a trait value was present for 689 
a given species then we assigned that value and followed the spatial sampling hierarchy (e.g. 690 
traits for a given individual within a given species were chosen as locally as possible). If a trait 691 
value was not present for a species, we then assigned a genus mean and if there were no genus 692 
means we assigned a family mean trait value.   These two hierarchical constraints enabled us to 693 
estimate trait distributions by emphasizing traits found locally and traits sampled within species 694 
and underemphasized traits sampled at larger geographic scales and traits sampled in more 695 
distantly related taxa. 696 
 697 
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Next, we generated the community trait distribution by randomly selecting traits from each 698 
species’ intraspecific trait distribution that was unique to each community or plot.  Each species’ 699 
trait distribution consisted of traits constrained by the hierarchical sampling rules. When there 700 
were multiple trait values per species in that community then our sample of traits per species 701 
consisted of all available sampled traits. For species where there was only 1 trait record per 702 
species per community (e.g. 1 individual with a trait value) then just that point measure was 703 
used. If two or more trait measurements were available a distribution was fitted, which was then 704 
sampled once per individual.  When an individual had multiple traits, all those measurements 705 
were used to fit the species’ distribution. For trait values that were percentages (N, P, C; e.g. 706 
bounded between 0 to 1) we fit a beta distribution. For all other traits, we used a gamma 707 
distribution (bounded by zero and positive infinity).   708 
 709 
For each species, intra-specific trait distributions were fit using the R package Fitdistrplus using 710 
the function fitdist.  For each species within each plot we then extracted the associated 711 
parameters for each fitted trait distribution. For example, for the beta distribution we saved the 712 
shape1 and shape2 parameters (alpha and beta).  For the gamma distribution, we extracted the 713 
fitted ‘shape’ and ‘rate’ parameters. Thus, per community, each species consisted of an 714 
intraspecific trait distribution as described by these parameters.   715 
 716 
We estimated each overall community trait distribution by sampling one trait per individual from 717 
the corresponding set of species and plot-specific trait distributions.  For a given species found 718 
within a given plot, we randomly drew a trait value for each individual within the local 719 
population from each species’ trait distribution (e.g. the beta or gamma distribution). This 720 
resulted in a randomly selected trait for each individual. We iterated this process 1,000 times, 721 
generating 1,000 bootstrap replicates for each plot, informed by the trait hierarchy sampling 722 
design.  723 
 724 
If traits were estimated that exceeded the observed trait maximum and minimum for the entire 725 
Peru CHAMBASA trait data set (for example with SLA, data ranged from 2.11 m2 g-1  and 726 
421.28 m2 g-1 in Peru) the sampled trait was then set to the corresponding maximum or minimum 727 
value.  This occurred for less than 1% of the subsampled estimated trait values and visual 728 
inspection of the plots and data did not reveal any piling up of individuals. For each of those 729 
1,000 distributions we then calculated the statistical moments of the trait distribution (mean, 730 
variance, skewness, and kurtosis). Our method enabled us to then calculate the 95% confidence 731 
intervals for each moment, for each plot, and for each trait.  We then plotted the estimated trait 732 
distribution using the density function in the stats R package using the s3 generic function. We 733 
used the default kernel and bandwidth for plotting the community trait distribution for all traits.  734 
 735 
Calculation of Kurtosis 736 
In comparing kurtosis values of each community trait distribution or !"  1  we used  !" − 3  1  in order 737 
to standardize our measurements to the normal distribution as it is defined with a kurtosis of 0 738 
(DeCarlo, 1997).  Thus, !" − 3	  1 > 0 indicates a more peaky or leptokurtic distribution and 739 
!" − 3 < 0	  1 is platykurtic. A flat or uniform distribution !" − 3 = −1.2  1  and a bimodal or 740 
multimodal distribution will be characterized by  !" − 3 ≤ 1.2  1 .  741 
 742 
 743 



		 18	

Assessing unimodality of trait distributions 744 
To assess if trait distributions were unimodal or multimodal we calculated the bimodality 745 
coefficient (BC). The BC is based on an empirical relationship between bimodality and the third 746 
(skewness, s) and fourth (kurtosis, k) statistical moments of a distribution. It is proportional to 747 
the division of squared skewness with uncorrected kurtosis, BC � (s2 + 1) / k + 3. A bimodal 748 
distribution will have low kurtosis, and/or asymmetric, or both. These conditions will increase 749 
the value of BC. The values range from 0 and 1, with distributions characterized by BC < .555 750 
(the value representing a uniform distribution) tending to be unimodal while values BC > .555 751 
tending to be bi- or multimodal (Freeman & Dale, 2013; Pfister et al., 2013). 752 
 753 
Discussion 754 
 755 
Our results support the prediction that two variables, stand biomass and environmental 756 
temperature, are the best predictors of variation in ecosystem production (Figs 4-5).  These 757 
results are also supported by assessing eighteen separate models that include different potential 758 
combinations of categories (stand biomass, traits, and environmental drivers) as well as each 759 
category separately (Tables 3-4).  In addition, these comparisons assessed the relative importance 760 
differing potential biotic and environmental drivers including different trait combinations as well 761 
as variation in solar radiation, soil moisture, and precipitation.   The results listed in Tables S7-762 
S8 again support a key prediction of trait-based scaling theory – stand biomass is a primary 763 
driver of variation in NPP and GPP (Kerkhoff & Enquist, 2006; Enquist et al., 2009). Models 764 
that include just stand biomass or MTot best explain variation in NPP and GPP based on either 765 
Adj R2 or AICc criteria. Again, our analyses indicate that together, both temperature and stand 766 
biomass best explain variation in GPP and NPP– with biomass having a larger partial coefficient 767 
of determinant explaining about 56 % and 41% of the variation in ecosystem production while 768 
temperature had a partial coefficient of determinant explaining about 34 % and 39.6% 769 
respectively. The combined effect of both variables explaining 73% of the variation in GPP and 770 
68% of the variation in NPP (Figs 5 and 6).   The fitted scaling exponents for the top three 771 
models for NPP and GPP (m12, m9, m8 and m9, m14, and m10 respectively; see Table S1, S7, 772 
S8) all include the predicted value of 3/5. However, again, the functional scaling relationship 773 
was significantly shallower than the predicted value E ~ 0.65eV. Indeed, the fitted value eV ~ 774 
0.21 for NPP and ~ 0.15 for GPP indicate a significant but shallow temperature response of 775 
tropical forests to changes in temperature.  776 
 777 
Support for H2 (Fig. 1) is given by the observed directional shift in the many growth traits that 778 
underlie the growth normalization, b0 (Fig.2). We point to three specific findings in support of H2 779 
(Fig. 1).  780 
 781 
First, both leaf <P:N> and <PNUE> decreased exponentially with  temperature, T.   The 782 
observed covariation between <P:N> and T would lead to an increase in tree growth rates and a 783 
corresponding modulation of the temperature sensitivity of productivity (NPP and GPP).  784 
 785 
Second, Asner et al. (2016) reported increases in leaf canopy non-structural carbohydrates (NSC) 786 
with elevation along this same gradient. An increase in NSCs with decreases in temperature is 787 
consistent with the H2 and the ‘growth rate’ hypothesis as increases in NSC can reflect 788 
upregulation of plant growth rates (Chapin et al., 1990). Variation in NSC is a measure of the 789 
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carbon source-sink relationship within a plant (Chapin et al., 1990; Hoch, 2007). Also, consistent 790 
with cold adaptation, the presence of more NSCs in colder climates also reduces the freezing 791 
point of intracellular leaf components (Thomashow, 1999).  792 
 793 
Third, our estimate of the biomass growth normalization b0 , where   794 

!"~ $%& ⋅ ()
*)

-,
⋅ -
. ⋅ /%   1 , shows that b0 does not significantly vary with temperature. 795 

This finding is consistent with H2 where adaptive shifts these traits with temperature, in 796 
particular leaf LMA, PNUE and leaf P:N and or leaf N can minimize the kinetic effects of 797 
temperature on plant metabolism and ultimately growth.   Indeed, recent work across this same 798 
gradient has showed that intraspecific variation in tree growth of many species of Weinmannia (a 799 
dominant and widespread genus of cloud forest trees in the Andes ) was largely insensitive to site 800 
temperature (Rapp et al., 2012).  Further, Zaka et al. show similar shifts in these same growth 801 
traits with temperature as plants acclimate to different growing temperatures to maintain similar 802 
levels of leaf photosynthesis (Zaka et al., 2016). Nonetheless, as we discuss below, we still 803 
observe a significant effect of temperature on forest productivity. 804 
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Table S1 Environmental characteristics of 1ha plots along a tropical elevation transect. Units include elevation (m), Solar Radiation 805 
(GJ m-2 yr-1, Mean annual air temperature. Co, Precipitation mm yr-1, and Aboveground biomass (kg). Values of GPP and NPP (kg yr-806 
1) are from Malhi et al. 2017, biomass values from Malhi et al. 2017 and more recent updated values.  807 
 808 
 809 

 Plot Name Latitude Longitude Elevation Solar 
Radiation 

Temperature Precipitation Biomass GPP NPP 

Acjanaco I -13.15 -71.63 3,537 4.60 9 1,980 81.90 26.31 7.89 
Allpahuayo A -3.95 -73.43 120 NA 25.20 2,689 130.40 39.05 12.21 
Allpahuayo C -3.95 -73.43 150 5.22 25.20 2,689 88.50 41.88 14.27 
Esperanza -13.18 -71.59 2,868 NA 13.10 1,560 65.03 21.76 7.73 
Pantiacolla II -12.65 -71.26 595 3.82 23.50 2,366 97.42 32.41 11.34 
Pantiacolla III -12.64 -71.27 859 NA 21.90 2,835 66.61 26.90 9.42 

San Pedro 1500 -13.05 -71.54 1,713 4.36 17.40 5,302 144.37 32.33 8.01 
San Pedro 1750 -13.05 -71.54 1,494 4.08 18.80 5,302 106.67 38.57 12.08 
Tambopata VI -12.84 -69.27 223 NA 24.40 1,900 142.20 35.47 14.28 
Tambopata V -12.83 -69.30 215 4.80 24.40 1,900 112.10 34.47 11.60 
Tono -12.96 -71.57 1,000 NA 20.70 3,087 91.48 28.27 9.90 
Trocha Union IV -13.11 -71.59 2,719 3.49 13.50 2,318 88.52 23.54 7.77 
Trocha Union III -13.11 -71.60 3,044 NA 11.80 1,776 59.08 17.23 5.61 
Trocha Union VII -13.07 -71.56 2,020 NA 17.40 1,827 50.65 13.97 4.61 
Trocha Union VIII -13.07 -71.56 1,885 3.96 18 2,472 64.22 24.19 7.98 
Wayqecha -13.19 -71.59 3,045 3.51 11.80 1,560 81.32 25.93 7.86 
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Table S2. Overview of the three differing cases of possible explanatory drivers for climate, 810 
biomass and climate, and traits and biomass. These three differing classes of models were futher 811 
broken down into 16 different sub-models with different numbers of predictor variables that 812 
characterized three separate classes of models.  Temperature (MAinvBT) was expressed as the 813 
Boltzmann factor exponent 1/kT, where k is the Boltzmann constant (8.617 x 10-25 eV K-1) and T 814 
is the mean annual temperature of the forest plot. We assessed the importance of community trait 815 
values as measured by the mean and variance of the community trait distributions of SLA, and 816 
leaf P, N, C, Photosynthesis, and the calculated values of N:P and PNUE (or 817 
PhotosynthesisPerLeafN).  Per trait-based scaling theory (Enquist et al. 2015), for each trait, we 818 
calculated the abundance weighted average and variance. We used two measures of abundance 819 
weighted trait values were calculated. First, to assess the shift in community mean trait values of 820 
the dominant (abundant) species that were sampled in each plot, we calculated the abundance 821 
weighted measure of the dominant community trait by calculating the arithmetic mean values of 822 
all traits measured within each plot. 823 
 824 
(i) Climate;  825 
m1 <- lm(ln(GPP) ~ MAinvBT);  826 
m2 <- lm(ln(GPP) ~ Precipitation.mm.yr.1.);  827 
m3 <- lm(ln(GPP) ~ ln(Precipitation.mm.yr.1.));  828 
m4 <- lm(ln(GPP) ~ ln(Precipitation.mm.yr.1.) + MAinvBT);  829 
m5 <- lm(ln(GPP) ~ ln(SolarRadiation.GJ.m.2.yr.1.));  830 
m6 <- lm(ln(GPP) ~ ln(SolarRadiation.GJ.m.2.yr.1.) + MAinvBT);  831 
m7 <- lm(ln(GPP) ~ ln(SolarRadiation.GJ.m.2.yr.1.) +  ln(Precipitation.mm.yr.1.) + MAinvBT);  832 
 833 
(ii) Biomass and Climate;  834 
m8 <- lm(ln(GPP) ~ ln(Aboveground_biomass));  835 
m9 <- lm(ln(GPP) ~ ln(Aboveground_biomass) + MAinvBT)  836 
m10 <- lm(ln(GPP) ~ ln(Aboveground_biomass) + ln(Precipitation.mm.yr.1.) + MAinvBT);  837 
m11 <- lm(ln(GPP) ~ ln(Aboveground_biomass) + ln(mean_sla_lamina_petiole))  838 
 839 
(iii) Traits and Biomass;   840 
m12 <- lm(ln(GPP) ~ ln(Aboveground_biomass) + ln(mean_sla_lamina_petiole) + ln(mean_n_percent));  841 
m13 <- lm(ln(GPP) ~ ln(Aboveground_biomass) + ln(mean_sla_lamina_petiole));  842 
m14 <- lm(ln(GPP) ~ MAinvBT + ln(PhotoVarianceMean));  843 
m15 <- lm(ln(GPP) ~ ln(mean_sla_lamina_petiole) + ln(mean_n_percent) + ln(SLAVarianceMean)+ ln(Aboveground_biomass));  844 
m16 <- lm(ln(GPP) ~ ln(mean_sla_lamina_petiole) + ln(mean_n_percent) + ln(NVarianceMean)+ ln(Aboveground_biomass));  845 
m17 <- lm(ln(GPP) ~ ln(Aboveground_biomass) + ln(PhotosynthesisPerLeafN));  846 
m18 <- lm(ln(GPP) ~ ln(Aboveground_biomass) + ln(PhotosynthesisPerLeafN) + ln(PlotNtoP)).   847 
 848 

849 
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Table S3.  Loadings of community mean trait values for the traits of the most abundant species, 850 
<trait>a, across the Peru elevation gradient. The first three principle components explain 85.9% 851 
of the variation in traits across the gradient with components 1,2 and 3 explaining 41.9, 26.5, and 852 
17.4% of the variation respectively.  853 
 854 
 Comp.1 Comp.2 Comp.3 Comp.4 Comp.5 Comp.6 Comp.7 
<LMA>a -0.426 -0.220 -0.016 -0.163 0.861 -0.056 0.000 
<N> a 0.082 -0.570 0.530 -0.423 -0.148 0.425 -0.076 
<C> a 0.264 -0.235 0.395 0.814 0.234 0.037 0.013 
<P> a -0.335 0.318 0.628 -0.069 -0.106 -0.302 0.534 
<Photo> a -0.474 -0.404 0.027 0.154 -0.342 -0.529 -0.437 
<P:N> a -0.446 0.465 0.205 0.172 -0.031 0.527 -0.485 
<PNUE> a -0.454 -0.303 -0.354 0.271 -0.231 0.408 0.532 
 855 

856 
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Table S4. Loadings of community mean trait values, <trait>c across the Peru elevation gradient 857 
for all individuals in the community. Species include abundant and rare species.  The first three 858 
principle components explain 87.9% of the variation in traits across the gradient with 859 
components 1,2 and 3 explaining 41.7, 28.8, and 17.5% of the variation respectively.  860 
 861 
 862 
 Comp.1 Comp.2 Comp.3 Comp.4 Comp.5 Comp.6 Comp.7 
<LMA>c 0.489 -0.079 0.006 0.529 0.685 0.061 0.038 
<N>c -0.382 -0.024 -0.420 0.615 -0.253 0.418 0.247 
<C>c -0.360 -0.062 -0.591 -0.424 0.579 0.034 0.023 
<P> c 0.070 -0.689 -0.265 0.126 -0.177 -0.618 0.142 
<Photo>c 0.387 0.285 -0.575 0.059 -0.244 -0.084 -0.607 
<P:N>c 0.280 -0.615 0.003 -0.265 -0.114 0.653 -0.184 
<PNUE>c 0.502 0.234 -0.270 -0.268 -0.168 0.070 0.718 
 863 

864 
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 865 
Table S5. Change in Community Weighted Plot Traits with Elevation (Abundant Species) –  866 

Assessing shifts in the mean trait value of the community trait distribution across elevation. 867 

Mean community trait values were generated for five community leaf traits (N, P, C, LMA, and 868 

photosynthesis) for each of the 10 forest plots sampled across the Perú elevational gradient for 869 

all individuals per plot. Trait distributions were generated by randomly subsampling 1,000 times 870 

local within plot measured inter- and intraspecific trait variation for the most dominant species 871 

and sampling trait values for individuals of species measured across the same Perúvian gradient 872 

and across the globe from a global trait database for the rarer species not sampled within each 873 

plot. 874 
 <%N>a <%P>a <P:N>a <%C>a <LMA>a <Photo>a <PNUE>a 

 Elevation -0.0001 0.0000 -0.003* 
 

0.0002 0.02*** 0.001 0.001* 

 (-0.0003 - 

0.0000) 

(-0.0000 - 

0.0000) 

(-0.01 - 

0.0001) 

(-0.001 - 

0.001) 

(0.02 - 

0.03) 

(-0.001 - 

0.002) 

(0.0000 - 

0.001) 

        Constant 2.41*** 0.11*** 0.04*** 47.93*** 88.47*** 8.69*** 3.51*** 

 (2.11 - 2.71) (0.07 - 

0.14) 

(0.03 - 

0.06) 

(46.47 - 

49.40) 

(71.07 - 

105.87) 

(5.97 - 

11.41) 

(2.37 - 4.66) 

         Observations 10 10 10 10 10 10 10 

r2 0.29 0.05 0.31 0.03 0.79 0.10 0.35 

 Note: *p < 0.1; **p < 0.05; ***p < 0.01 

 875 

876 
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 877 
Table S6. Change in Community Plot Traits with Elevation (Trait distribution 878 

subsampling method) –  Assessing shifts in the mean trait value of the community trait 879 

distribution across elevation. Mean community trait values were generated for five community 880 

leaf traits (N, P, C, LMA, and photosynthesis) for each of the 10 forest plots sampled across the 881 

Perú elevational gradient for all individuals per plot. Trait distributions were generated by 882 

randomly subsampling 1,000 times local within plot measured inter- and intraspecific trait 883 

variation for the most dominant species and sampling trait values for individuals of species 884 

measured across the same Perúvian gradient and across the globe from a global trait database for 885 

the rarer species not sampled within each plot. 886 
 <%N>c <%P>c <P:N>c <%C>c <LMA>c <Photo>c <PNUE>c 

Elevation 

Parameter 

-0.0001** 0.0000 -0.002** 
 

-0.0003* 0.0000** 0.0004 0.04* 

 (-0.0002 –  

-0.0000) 

(-0.0000  

- 0.0000) 

(-0.003 – 
-0.0004) 
 

(-0.001 –  
-0.0000) 
 

(0.0000 – 

0.0000) 

(-0.0003 – 

0.001) 

(0.01 – 0.07) 

        

Constant 2.58*** 0.12*** 0.04*** 49.07*** 0.07*** 8.02*** 305.12*** 

 (2.38 - 2.77) (0.09 - 

0.14) 

(0.04 - 0.05) (48.46 - 

49.69) 

(0.06 - 

0.09) 

(6.51 - 9.52) (235.89 - 

374.34) 

Observations 10 10 10 10 10 10 10 

r2 0.47 0.08 0.44 0.33 0.45 0.12 0.40 

        

Note: *p < 0.1; **p < 0.05; ***p < 0.01 

887 



		 26	

Table S7. Assessing shifts in the statistical moments (mean, variance, skewness, and kurtosis) of 888 
the community trait distribution, <c> across elevation. Moments were generated for five 889 
community leaf traits (N, P, C, SLA, and photosynthesis) for each of the 10 forest plots sampled 890 
across the Peru elevational gradient.  Trait distributions were generated by randomly 891 
subsampling 1,000 times local within plot measured inter- and intraspecific trait variation for the 892 
most dominant species and sampling trait values for individuals of species measured across the 893 
same Peruvian gradient and across the globe from a global trait database for the rarer species not 894 
sampled within the plot.  895 

 
 Dependent variable: 
  
 %N Mean %N Variance %N Skewness %N Kurtosis 
 
Elevation (m) -0.0001** -0.00** 0.0001 0.0002 
 (-0.0002 - -0.0000) (-0.00 - -0.00) (-0.0000 - 0.0002) (-0.0002 - 0.001) 
     
Constant 2.58*** 0.0000*** 0.41** 3.12*** 
 (2.38 - 2.77) (0.0000 - 0.0001) (0.12 - 0.70) (2.38 - 3.87) 
     
 
Observations 10 10 10 10 
R2 0.47 0.45 0.18 0.11 
Adjusted R2 0.41 0.39 0.08 -0.01 
 
Note: *p<0.1; **p<0.05; ***p<0.01 

 896 
 
 Dependent variable: 
  
 %P Mean %P Variance %P Skewness %P Kurtosis 
 
Elevation (m) 0.0000 -0.00 -0.0001 -0.0001 
 (-0.0000 - 0.0000) (-0.00 - 0.00) (-0.0003 - 0.0001) (-0.001 - 0.001) 
     
Constant 0.12*** 0.0000*** 1.64*** 7.43*** 
 (0.09 - 0.14) (0.0000 - 0.0000) (1.19 - 2.09) (5.33 - 9.53) 
     
 
Observations 10 10 10 10 
R2 0.08 0.08 0.07 0.01 
Adjusted R2 -0.03 -0.04 -0.05 -0.11 
 
Note: *p<0.1; **p<0.05; ***p<0.01 

 

 897 
 898 
 899 
 900 
 901 
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 Dependent variable: 
  
 %C Mean %C Variance %C Skewness %C Kurtosis 
 
Elevation (m) -0.0003* 0.0000 0.0001 0.001 
 (-0.001 - -0.0000) (-0.0000 - 0.0000) (-0.0002 - 0.0003) (-0.0003 - 0.001) 
     
Constant 49.07*** 0.001** -0.09 3.84*** 
 (48.46 - 49.69) (0.0001 - 0.001) (-0.61 - 0.43) (1.97 - 5.71) 
     
 
Observations 10 10 10 10 
R2 0.33 0.27 0.04 0.16 
Adjusted R2 0.25 0.18 -0.08 0.05 
 

Note: *p<0.1; **p<0.05; ***p<0.01 

 903 
 
 Dependent variable: 
  
 SLA Mean SLA Variance SLA Skewness SLA Kurtosis 
 
Elevation (m) -0.001* 0.04 0.001 0.01 
 (-0.003 - -0.0001) (-0.07 - 0.15) (-0.0005 - 0.002) (-0.005 - 0.02) 
     
Constant 13.16*** 51.79 2.25* 12.04 
 (10.62 - 15.71) (-187.56 - 291.14) (0.002 - 4.51) (-14.91 - 38.99) 
     
 
Observations 10 10 10 10 
R2 0.36 0.06 0.12 0.16 
Adjusted R2 0.28 -0.06 0.01 0.05 
 
Note: *p<0.1; **p<0.05; ***p<0.01 

 904 

 
 Dependent variable: 
  
 Photo Mean Photo Variance Photo Skewness Photo Kurtosis 
 
Elevation (m) 0.0004 -0.002 -0.0002* -0.0004* 
 (-0.0003 - 0.001) (-0.01 - 0.001) (-0.0004 - -0.0000) (-0.001 - 0.0000) 
     
Constant 8.02*** 34.50*** 1.25*** 4.63*** 
 (6.51 - 9.52) (27.65 - 41.36) (0.86 - 1.64) (3.76 - 5.49) 
     
 
Observations 10 10 10 10 
R2 0.12 0.15 0.40 0.31 
Adjusted R2 0.01 0.04 0.32 0.22 
 
Note: *p<0.1; **p<0.05; ***p<0.01 
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Table S8 Competing differing models to best predict variation in GPP. Model competition based on AICc. Also, each models Adj-R2 1 
value are also reported. We competed 18 models that together characterized the central hypotheses of trait-based scaling theory, 2 
models that consisted just of environmental variables, and models that consist of just trait community mean values for the most 3 
abundant species in the community. Each model is listed in the methods. Numeric values listed under each variable are the parameter 4 
fits of that variable within the context of the given model, m. Consistent with theory, model m9 had the lowest AICc indicating that 5 
forest above ground biomass and temperature best explained variation in NPP.  The fitted scaling exponent for the scaling of GPP with 6 
total above-ground biomass for the models within ∆AICc of 3 are all indistinguishable from the value of 0.6 predicted by theory. 7 
However, the fitted activation energy for the effect of temperature is shallower than expected.   Shaded cells indicate the parameter fit 8 
values for the top three models. Note, models with ∆AICc values greater than 3 have considerably less support. Akaike weight values 9 
are the estimated probability of a given model being the actual best model. Models m12 and m9 are essentially equivocal based on 10 
AICc, and Akaiki weight values but m12 has a much higher Adj-R2 value. 11 
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df logLik AICc ∆AICc weight 
Adj-

R2 

m9 5.420 -0.125 0.645 NA NA NA NA NA NA NA NA NA NA 4.000 7.980 -4.323 0.000 0.317 0.707 

m8 -0.196 NA 0.787 NA NA NA NA NA NA NA NA NA NA 3.000 5.964 -3.928 0.395 0.260 0.650 
m12 1.071 NA 0.476 NA NA NA 0.174 1.110 NA NA NA NA NA 5.000 16.118 -2.236 2.087 0.112 0.922 
m11 1.444 NA 0.603 NA NA NA 0.176 NA NA NA NA NA NA 4.000 8.770 -1.541 2.782 0.079 0.604 
m13 1.444 NA 0.603 NA NA NA 0.176 NA NA NA NA NA NA 4.000 8.770 -1.541 2.782 0.079 0.604 

m17 1.353 NA 0.518 NA NA NA NA NA NA NA NA 
-

0.227 NA 4.000 8.634 -1.268 3.055 0.069 0.593 
m10 4.726 -0.121 0.597 NA 0.095 NA NA NA NA NA NA NA NA 5.000 8.316 -0.632 3.691 0.050 0.696 
m14 7.365 -0.134 NA NA NA NA NA NA 0.396 NA NA NA NA 4.000 7.579 0.842 5.164 0.024 0.497 

m6 8.319 -0.145 NA NA NA 0.610 NA NA NA NA NA NA NA 4.000 6.887 4.225 8.548 0.004 0.561 

m1 
13.54

7 -0.257 NA NA NA NA NA NA NA NA NA NA NA 3.000 1.083 5.835 10.157 0.002 0.356 
m4 9.752 -0.216 NA NA 0.277 NA NA NA NA NA NA NA NA 4.000 2.634 6.369 10.692 0.002 0.429 

m18 1.033 NA 0.523 NA NA NA NA NA NA NA NA 
-

0.198 0.086 5.000 8.921 7.157 11.480 0.001 0.551 
m3 0.168 NA NA NA 0.405 NA NA NA NA NA NA NA NA 3.000 -0.708 9.416 13.739 0.000 0.194 

m16 -1.021 NA 0.529 NA NA NA 0.223 1.350 NA NA 
-

0.184 NA NA 6.000 21.877 10.246 14.569 0.000 0.973 

m2 3.016 NA NA 
0.0
00 NA NA NA NA NA NA NA NA NA 3.000 -1.153 10.305 14.628 0.000 0.148 

m7 6.575 -0.130 NA NA 0.152 0.578 NA NA NA NA NA NA NA 5.000 8.383 13.235 17.558 0.000 0.622 

m15 0.453 NA 0.449 NA NA NA 0.066 1.235 NA 0.036 NA NA NA 6.000 17.989 18.022 22.345 0.000 0.935 
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Table S9.  Competing which models best predict variation in NPP. Model competition based on AICc. We competed 18 models that together 1 
characterized the central hypotheses of trait-based scaling theory, models that consisted just of environmental variables, and models that consist of 2 
just trait community mean values for the most abundant species (see methods for a listing of these models). Models include the same numbered 3 
models as are listed in Table 3. Numeric values listed under each variable are the parameter fits of that variable within the context of the given 4 
model, m. Consistent with theory, model m9 had the lowest AICc indicating that forest above ground biomass and temperature best explained 5 
variation in GPP.  Shaded cells indicate the parameter fit values for the top three models. Note, models with ∆AICc values greater than 3 have 6 
considerably less support. Akaike weight values are the the estimated probability of a given model being the actual best model. Models m92 and 7 
m14 are essentially equivocal based on AICc, and Akaiki weight values but m12 has a much higher Adj-R2 value. Consistent with trait-based 8 
scaling theory, stand biomass consistently came out as a key predictor of variation in GPP followed by temperature. The fitted scaling exponent 9 
for the scaling of GPP with total above-ground biomass for the models within ∆AICc of 3 are all indistinguishable from the value of 0.6 predicted 10 
by theory. However, the fitted activation energy for the effect of temperature is shallower than expected.   Shaded cells indicate the parameter fit 11 
values for the top three models. Note, models with ∆AICc values greater than 3 have considerably less support. 12 
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df logLik AICc ∆AICc weight Adj-R2 
m9 8.380 -0.210 0.491 NA NA NA NA NA NA NA NA NA NA 4.000 5.985 -0.334 0.000 0.422 0.661 

m14 9.905 -0.218 NA NA NA NA NA NA 0.307 NA NA NA NA 4.000 7.970 0.059 0.393 0.347 0.680 

m1 14.569 -0.310 NA NA NA NA NA NA NA NA NA NA NA 3.000 2.133 3.733 4.067 0.055 0.491 

m10 8.829 -0.213 0.522 NA -0.061 NA NA NA NA NA NA NA NA 5.000 6.093 3.813 4.147 0.053 0.638 
m8 -1.055 NA 0.730 NA NA NA NA NA NA NA NA NA NA 3.000 2.076 3.847 4.182 0.052 0.488 
m6 10.510 -0.221 NA NA NA 0.399 NA NA NA NA NA NA NA 4.000 6.491 5.017 5.351 0.029 0.642 

m17 1.118 NA 0.411 NA NA NA NA NA NA NA NA -0.495 NA 4.000 4.959 6.081 6.415 0.017 0.415 
m4 13.223 -0.296 NA NA 0.098 NA NA NA NA NA NA NA NA 4.000 2.338 6.960 7.294 0.011 0.466 

m11 1.019 NA 0.554 NA NA NA 0.279 NA NA NA NA NA NA 4.000 3.904 8.192 8.526 0.006 0.277 
m13 1.019 NA 0.554 NA NA NA 0.279 NA NA NA NA NA NA 4.000 3.904 8.192 8.526 0.006 0.277 
m18 -0.012 NA 0.429 NA NA NA NA NA NA NA NA -0.394 0.302 5.000 6.985 11.030 11.364 0.001 0.545 

m3 0.077 NA NA NA 0.274 NA NA NA NA NA NA NA NA 3.000 -2.964 13.927 14.261 0.000 0.038 
m2 2.027 NA NA 0.000 NA NA NA NA NA NA NA NA NA 3.000 -3.288 14.577 14.911 0.000 -0.002 

m12 0.542 NA 0.382 NA NA NA 0.274 1.464 NA NA NA NA NA 5.000 6.904 16.192 16.526 0.000 0.583 
m7 10.462 -0.221 NA NA 0.004 0.399 NA NA NA NA NA NA NA 5.000 6.492 17.016 17.350 0.000 0.570 

m16 -2.828 NA 0.467 NA NA NA 0.353 1.850 NA NA -0.296 NA NA 6.000 8.150 37.700 38.034 0.000 0.605 
m15 1.779 NA 0.438 NA NA NA 0.491 1.215 NA -0.071 NA NA NA 6.000 7.775 38.450 38.784 0.000 0.570 
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Figure S1. Multivariate analyses of weighted mean trait values within each forest plot 1 

across the Perú elevation gradient. (A) PCA 1 and 2 for the abundant species, <trait>a , (B) the 2 

weighted mean trait value of the entire community species, <trait>c , (C, D) Correlations 3 

between the best environmental variables explaining variation in plot trait values of of PCA1 and 4 

PCA2 for both <trait>a  and <trait>c respectively.  Principle component analyses (PCA) using 5 

plot mean traits include: leaf mass per unit area (LMA); leaf % Nitrogen, N; % Phosphorus, P; % 6 

leaf maximum photosynthesis, photo; the ratio of leaf P:N, the photosynthetic N use efficiency, 7 

PNUE. Numbers represent each Perú community plot value where 1 = ACJ-01, 4 = ESP-01, 5 = 8 

PAN-02, 6 = PAN-03, 7= SPD-01, 8= SPD-02,  9= TAM-05, 12= TRU-04, 16= WAY-01.   9 

Mean community trait loadings for the traits of the dominant species and the entire community 10 

along the CHAMBASA Perú gradient show that along PCA1, variation in trait values reflect a 11 

shift along a continuum of leaf traits that underlie the scaling of plant growth.  These shifts along 12 

PCA1 are best predicted by the change in the mean annual temperature across the elevational 13 

gradient (C and D). Along PCA1, <LMA>a, and P:N show the most negative loadings while 14 

PNUE and Photosynthesis show the most positive loadings. These results show, compared to 15 

warmer forests, colder high elevation forests tend to be comprised of leaves with higher values of 16 

LMA, greater amounts of P relative to N, and higher PNUE. For the abundant species in the 17 

community variation in PCA2 trait loadings was not significantly related to any of the other 18 

environmental variables including annual precipitation (C) . However, for the entire community, 19 

shifts in mean community traits along PCA2 was significantly correlated with soil moisture (D); 20 

see also Figure S2.  21 

22 
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 1 

Figure S2. Correlation table between PCA1 and PCA 2 and several climatic variables and 2 
the weighted mean trait values for the abundant species and the entire community. Numeric 3 
values are the pair-wise correlation coefficients. Abiotic values include Mean Annual Air 4 
Temperature (Co), SolarRadiation (GJ.m-2.yr-1 yr-1), Elevation (m), and Soil moisture %, Non-5 
significant correlations are given with a ‘x’. Positive correlations are colored blue while negative 6 
correlations are colored red.   7 

 8 
 9 
 10 
\11 
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 1 
Figure S3. Community frequency distributions of five foliar traits across the Perúvian 2 
elevational gradient generated using statistical subsampling of intra-and interspecific trait 3 
distributions. Color scheme ranges from warm lower elevation sites (red) to colder high 4 
elevation sites (blue). Traits include leaf Carbon, Nitrogen, phosphorus as well as leaf 5 
photosynthesis and leaf mass per unit area (or LMA). All traits show approximate unimodal 6 
distributions (see Fig. S3) but only LMA and N (and the ratio of P to N or P:N) show significant 7 
differences between sites. 8 

 9 
10 
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Figure S4. Assessment of if trait distributions tend to be unimodal. Plots of the bimodality 1 
coefficient for each of the trait distributions plotted against elevation. To assess if trait 2 
distributions were unimodal or multimodal we calculated the bimodality coefficient (BC). The 3 
BC is based on an empirical relationship between bimodality and the third (skewness, s) and 4 
fourth (kurtosis, k) statistical moments of a distribution. It is proportional to the division of 5 
squared skewness with uncorrected kurtosis, BC = (s2 + 1)/k+3. The values range from 0 and 1, 6 
with distributions characterized by BC < .555 (the value representing a uniform distribution) 7 
tending to be unimodal. Except for the highest elevation plot for the LMA distribution, all trait 8 
distributions across plots have BC < .555 indicating that they tend to be unimodal and are more 9 
peaked than a flat or uniform distribution.  10 
 11 

 12 
 13 

14 
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 1 
Appendix S1 Listing of the central notation, description, and units of the central mathematical 2 
variables.  3 

Notation Description Units 
! 1  Whole organismal metabolism Watts 

B0 Metabolic normalization constant  Watts	&(-)) 1  
b0 Biomass growth rate normalization 

constant 
g m(-q) 

! 1  Whole organismal mass g 

! 1  activation energy  eV 
! 1  Allometric scaling exponent for 

growth rate or metabolism 
! = #$%& 1  

k Boltzmann’s constant = 8.62 x10 5 eV K-1 

! 1  mass-specific growth rate, = 
dm/mdt 

g  · g -1· time-1 

!"# 1  net leaf photosynthetic rate per unit 
leaf mass 

g CO2 · g leaf-1 

!"# 1  net leaf photosynthetic rate per unit 
leaf area 

g CO2 · m-2 leaf · time-1 

mL Leaf mass g 

aL Leaf area m2 
!" 1  Total leaf mass per plant g 
!"
#"

 1 
 

leaf mass per unit area, LMA g · m-2 

!"# 1  leaf nitrogen content g 
µL leaf mass-specific photosynthetic 

production rate 
g × g leaf−1 × time−1 

!"# 1  leaf phosphorus content g 
!" 1  leaf mass fraction or the proportion 

of total plant biomass that is in 
leaves 

 

! 1  Photosynthetic nutrient use 
efficiency or PNUE 

g CO2 · g leaf-1 · g nutrient-1 · time-1 

!"# 1  Photosynthesis Nutrient Use 
Efficiency (PNUE)  

g CO2 · g leaf-1 · g nutrient-1 · time-1 

!"# 1  Photosynthesis Nutrient Use 
Efficiency (PNUE)  

g CO2 · m-2 leaf · g nutrient-1 · time-

1 
P Phosphorus  g 
N Nitrogen g 
ℎ 1  constant reflecting the carbon use 

efficiency of plant growth and the 
carbon fraction of plant tissue 

 

z a given trait value  
!"#$ 1  Total biomass of a stand or 

vegetation 
g 

!"#$ 1  Total metabolism of a stand or 
vegetation 

 

N Number density of individuals  
 4 
 5 



	 36	

 1 
Bibliography 2 
 3 
Abrams, P.A. & Chen, X. (2002) The effect of competition between prey species on the 4 

evolution of their vulnerabilities to a shared predator. Evolutionary ecology research, 4, 5 
897–909. 6 

Ågren, G.I. (2004) The C : N : P stoichiometry of autotrophs – theory and observations. Ecology 7 
Letters, 7, 185–191. 8 

Agren, G.I. & Bosatta, E. (1996) Theoretical Ecosystem Ecology: Understanding Nutrient 9 
Cycles, Cambridge University Press, Cambridge. 10 

Allen, A., Gillooly, J.F. & Brown, J.H. (2005) Linking the global carbon cycle to individual 11 
metabolism. Functional Ecology, 19, 202–213. 12 

Allen, A.P. & Gillooly, J.F. (2009) Towards an integration of ecological stoichiometry and the 13 
metabolic theory of ecology to better understand nutrient cycling. Ecology Letters, 12, 369–14 
384. 15 

Amthor, J.S. (1989) Respiration and Crop Productivity, Springer-Verlag, Berlin. 16 
Anderson-Teixeira, K.J. & Vitousek, P.M. (2012) Ecosystems. Metabolic Ecology: A Scaling 17 

Approach, pp. 99–111. 18 
Aoren, G.I. (1988) Ideal nutrient productivities and nutrient proportions in plant growth. Plant, 19 

Cell and Environment, 11, 613–620. 20 
Asner, G.P., Anderson, C.B., Martin, R.E., Knapp, D.E., Tupayachi, R., Sinca, F. & Malhi, Y. 21 

(2014) Landscape-scale changes in forest structure and functional traits along an Andes-to-22 
Amazon elevation gradient. Biogeosciences, 11, 843–856. 23 

Asner, G.P. & Martin, R.E. (2016) Convergent elevation trends in canopy chemical traits of 24 
tropical forests. Global Change Biology, 22, 2216–2227. 25 

Barton, K. (2015) MuMIn: Multi-model inference. R package version 1.9.13. Version, 1, 18. 26 
Bates, D., Mächler, M., Bolker, B. & Walker, S. (2015) Fitting Linear Mixed-Effects Models 27 

Using {lme4}. Journal of Statistical Software, 67, 1–48. 28 
Bernacchi, C.J., Rosenthal, D.M., Pimentel, C., Long, S.P. & Farquhar, G.D. (2009) Modeling 29 

the Temperature Dependence of C3 Photosynthesis. Photosynthesis in silico, pp. 231–246. 30 
Berry, J. & Bjorkman, O. (1980) Photosynthetic Response and Adaptation to Temperature in 31 

Higher Plants. Annual Review of Plant Physiology, 31, 491–543. 32 
Brooker, R.W., Maestre, F.T., Callaway, R.M., Lortie, C.L., Cavieres, L.A., Kunstler, G., 33 

Liancourt, P., Tielb??rger, K., Travis, J.M.J., Anthelme, F., Armas, C., Coll, L., Corcket, E., 34 
Delzon, S., Forey, E., Kikvidze, Z., Olofsson, J., Pugnaire, F., Quiroz, C.L., Saccone, P., 35 
Schiffers, K., Seifan, M., Touzard, B. & Michalet, R. (2008) Facilitation in plant 36 
communities: The past, the present, and the future. Journal of Ecology, 96, 18–34. 37 

Calcagno, V. (2013) glmulti: Model selection and multimodel inference made easy. 38 
Cebrian, J. (1999) Patterns in the Fate of Production in Plant Communities. The American 39 

Naturalist, 154, 449–468. 40 
Chapin, F.S., Shulze, E.D. & Mooney, H.A. (1990) The ecology and economics of storage in 41 

plants. Annual Review of Ecology and Systematics, 21, 423–447. 42 
Chapin, F.S., Vitousek, P.M. & Van Cleve, K. (1986) The Nature of Nutrient Limitation in Plant 43 

Communities. The American Naturalist, 127, 48–58. 44 
Chesson, P. (2000) Mechanisms of Maintenance of Species Diversity. Annual Review of Ecology 45 

and Systematics, 31, 343–66. 46 



	 37	

Conover, D. 0. & Schultz, E.T. (1995) Phenotypic similarity and the evolutionary significance of 1 
countergradient variation. Trends in Ecology and Evolution, 10, 248–252. 2 

Cornelissen, J.H.C., Lavorel, S., Garnier, E., Díaz, S., Buchmann, N., Gurvich, D.E., Reich, P.B., 3 
Steege, H. Ter, Morgan, H.D., Heijden, M.G. a. Van Der, Pausas, J.G. & Poorter, H. (2003) 4 
A handbook of protocols for standardised and easy measurement of plant functional traits 5 
worldwide. Australian Journal of Botany, 51, 335. 6 

Crafts-Brandner, S.J. & Salvucci, M.E. (2000) Rubisco activase constrains the photosynthetic 7 
potential of leaves at high temperature and CO2. Proceedings of the National Academy of 8 
Sciences of the United States of America, 97, 13430–13435. 9 

Davis, M.B. & Shaw, R.G. (2001) Range shifts and adaptive responses to Quaternary climate 10 
change. Science, 292, 673–679. 11 

DeCarlo, L.T. (1997) On the meaning and use of kurtosis. Psychological Methods, 2, 292–307. 12 
Diamond, J.M. (1975) Assembly of species communities. Ecology and evolution of communities, 13 

342, 444. 14 
Dormann, C.F., Elith, J., Buchmann, C., Carl, G., Carré, G., García Marquéz, J.R., Gruber, B., 15 

Lafourcade, B., Leitão, P.J., Münkemüller, T., McClean, C., Osborne, P.E., Reineking, B., 16 
Schröder, B., Skidmore, A.K., Zurell, D. & Lautenbach, S. (2013) Collinearity: a review of 17 
methods to deal with it and a simulation study evaluating their performance. Ecography, 36, 18 
27–46. 19 

Elser, J.J., Dobberfuhl, D.R., Mackay, N. a & Schampel, J.H. (1996) Organism size, life history, 20 
and N:P stoichiometry. BioScience, 46, 674–684. 21 

Elser, J.J., Fagan, W.F., Kerkhoff,  a J. & Enquist, B.J. (2010) Biological stoichiometry of plant 22 
production: metabolism, scaling, and ecosystem response to global change. New 23 
Phytologist, 186, 593–608. 24 

Elser, J.J., Sterner, R.W., Gorokhova, E., Fagan, W.F., Markow, T.A., Cotner, J.B., Harrison, 25 
J.F., Hobbie, S.E., Odell, G.M. & Weider, L.W. (2000) Biological stoichiometry from genes 26 
to ecosystems. Ecology Letters, 3, 540–550. 27 

Enquist, B., West, G., Charnov, E. & Brown, J. (1999) Allometric scaling of production and life-28 
history variation in vascular plants. Nature. 29 

Enquist, B.J., Allen, A.P., Brown, J.H., Gillooly, J.F., Kerkhoff, A.J., Niklas, K.J., Price, C. a & 30 
West, G.B. (2007a) Biological scaling: does the exception prove the rule? Nature, 445, E9-31 
10–1. 32 

Enquist, B.J., Economo, E.P., Huxman, T.E., Allen, A.P., Ignace, D.D. & Gillooly, J.F. (2003) 33 
Scaling metabolism from organisms to ecosystems. Nature, 423, 639–642. 34 

Enquist, B.J., Kerkhoff, A.J., Stark, S.C., Swenson, N.G., McCarthy, M.C. & Price, C.A. 35 
(2007b) A general integrative model for scaling plant growth, carbon flux, and functional 36 
trait spectra. Nature, 449, 218–222. 37 

Enquist, B.J., Michaletz, S.T. & Kerkhoff, A.J. (2016) Toward a General Scaling Theory for 38 
Linking Traits, Stoichiometry, and Body Size to Ecosystem Function. A Biogeoscience 39 
Approach to Ecosystems, 9. 40 

Enquist, B.J., Norberg, J., Bonser, S.P., Violle, C., Webb, C.T., Henderson, A., Sloat, L.L. & 41 
Savage, V.M. (2015) Scaling from traits to ecosystems: Developing a general Trait Driver 42 
Theory via integrating trait-based and metabolic scaling theories. Advances in Ecological 43 
Research, 52, 249–318. 44 

Enquist, B.J., West, G.B. & Brown, J.H. (2009) Extensions and evaluations of a general 45 
quantitative theory of forest structure and dynamics. Proceedings of the National Academy 46 



	 38	

of Sciences of the United States of America, 106, 7046–51. 1 
Ernest, S.K.M., Enquist, B.J., Brown, J.H., Charnov, E.L., Gillooly, J.F., Savage, V.M., White, 2 

E.P., Smith, F.A., Hadly, E.A., Haskell, J.P., Lyons, S.K., Maurer, B.A., Niklas, K.J. & 3 
Tiffney, B. (2003) Thermodynamic and metabolic effects on the scaling of production and 4 
population energy use. Ecology Letters, 6, 990–995. 5 

Evans, J.R. & Poorter, H. (2001) Photosynthetic acclimation of plants to growth irradiance: the 6 
relative importance of specific leaf area and nitrogen partitioning in maximizing carbon 7 
gain. Plant, Cell and Environment, 24, 755–767. 8 

Farquhar, G.D., Von Caemmerer, S. & Berry, J.A. (1980) A Biochemical Model of 9 
Photosynthetic CO 2 Assimilation in Leaves of C 3 Species. Planta, 149, 78–90. 10 

Field, C. & Mooney, H.A. (1986) The photosynthesis-nitrogen relationship in wild plants. On 11 
the Economy of Plant Form and Function (ed. by T.J. Givnish), pp. 25–55. Cambridge 12 
University Press, Cambridge, UK. 13 

Fisher, J.B., Malhi, Y., Torres, I.C., Metcalfe, D.B., van de Weg, M.J., Meir, P., Silva-Espejo, 14 
J.E. & Huasco, W.H. (2013) Nutrient limitation in rainforests and cloud forests along a 15 
3,000-m elevation gradient in the Peruvian Andes. Oecologia, 172, 889–902. 16 

Fox, J. & Weisberg, S. (2011) An {R} Companion to Applied Regression, Second. Sage, 17 
Thousand Oaks {CA}. 18 

Fox, J., Weisberg, S., Adler, D., Bates, D., Baud-bovy, G., Ellison, S., Firth, D., Friendly, M., 19 
Gorjanc, G., Graves, S., Heiberger, R., Laboissiere, R., Monette, G., Murdoch, D., Ogle, D., 20 
Ripley, B. & Venables, W. (2016) Package “car.” CRAN Repository, 171. 21 

Freeman, J.B. & Dale, R. (2013) Assessing bimodality to detect the presence of a dual cognitive 22 
process. Behavior research methods, 45, 83–97. 23 

Garnier, E., Cortez, J., Billès, G., Navas, M.L., Roumet, C., Debussche, M., Laurent, G., 24 
Blanchard, A., Aubry, D., Bellmann, A., Neill, C. & Toussaint, J.P. (2004) Plant functional 25 
markers capture ecosystem properties during secondary succession. Ecology, 85, 2630–26 
2637. 27 

Geiger, D.R. (1979) Control of partitioning and export of carbon in leaves of higher plants. 28 
Botanical Gazette, 241–248. 29 

Gillooly, J.F., Brown, J.H., West, G.B., Savage, V.M. & Charnov, E.L. (2001) Effects of size 30 
and temperature on metabolic rate. Science, 293, 2248–2251. 31 

Grime, J.P. (1998) Benefits of plant diversity to ecosystems: immediate, filter and founder 32 
effects. Journal of Ecology, 86, 902–910. 33 

Güsewell, S. (2004) N:P ratios in terrestrial plants: variarion and functional significance. New 34 
Phytologist, 164, 243–266. 35 

Hoch, G. (2007) Cell wall hemicellulose as mobile carbon stores in non-reproductive plant 36 
tissues. Functional Ecology, 21, 823–834. 37 

Horvath, I., Vigh, L., Belea, A. & Farkas, T. (1980) Hardiness dependent accumulation of 38 
phospholipids in leaves of wheat cultivars. Physiologia Plantarum, 49, 117–120. 39 

Hulshof, C.M., Violle, C., Spasojevic, M.J., Mcgill, B., Damschen, E., Harrison, S. & Enquist, 40 
B.J. (2013) Intra-specific and inter-specific variation in specific leaf area reveal the 41 
importance of abiotic and biotic drivers of species diversity across elevation and latitude. 42 
Journal of Vegetation Science, 24, 921–931. 43 

Kerkhoff, A.J. & Enquist, B.J. (2006) Ecosystem allometry: the scaling of nutrient stocks and 44 
primary productivity across plant communities. Ecology letters, 9, 419–27. 45 

Kerkhoff, A.J., Enquist, B.J., Elser, J.J. & Fagan, W.F. (2005) Plant allometry, stiochiometry and 46 



	 39	

the temperature-dependence of primary productivity. Global Ecology and Biogeography, 1 
14, 585–598. 2 

Kokaly, R.F., Asner, G.P., Ollinger, S. V., Martin, M.E. & Wessman, C.A. (2009) 3 
Characterizing canopy biochemistry from imaging spectroscopy and its application to 4 
ecosystem studies. Remote Sensing of Environment, 113. 5 

Körner, C. (1989) The nutritional status of plants from high altitudes - A worldwide comparison. 6 
Oecologia, 81, 379–391. 7 

Kraft, N.J.B. & Ackerly, D.D. (2010) Functional trait and phylogenetic tests of community 8 
assembly across spatial scales in an Amazonian forest. Ecological Monographs, 80, 401–9 
422. 10 

Leuning, R. (2002) Temperature dependence of two parameters in a photosynthesis model. 11 
Plant, Cell and Environment, 25, 1205–1210. 12 

Lovelock, C.E., Feller, I.C., Ball, M.C., Ellis, J. & Sorrell, B. (2007) Testing the growth rate vs. 13 
geochemical hypothesis for latitudinal variation in plant nutrients. Ecology Letters, 10, 14 
1154–63. 15 

Lumley, T. (2017) leaps: Regression Subset Selection. 16 
MacArthur, R. & Levins, R. (1967) The limiting similarity, convergence, and divergence of 17 

coexisting species. American naturalist, 377–385. 18 
MacArthur, R.H. (1958) Population ecology of some warblers of northeastern coniferous forests. 19 

Ecology, 39, 599–619. 20 
Malhi, Y., Girardin, A.J., Goldsmith, G.R., Doughty, C.E., Salinas, N., Metcalfe, D.B., Huasco, 21 

W.H., Silva-espejo, J.E., Aguilla-pasquell, J., Farfan, F., Farfan-rios, W., Phillips, O.L., 22 
Meir, P. & Silman, M. (2017) The variation of productivity and its allocation along a 23 
tropical elevation gradient : a whole carbon budget perspective. 1019–1032. 24 

Malhi, Y., Girardin, C.A.J., Goldsmith, G.R., Doughty, C.E., Salinas, N., Metcalfe, D.B., 25 
Huaraca Huasco, W., Silva-Espejo, J.E., del Aguilla-Pasquell, J., Farfan Amezquita, F., 26 
Aragao, L.E.O.C., Guerrieri, R., Ishida, F.Y., Bahar, N.H.A., Farfan-Rios, W., Phillips, 27 
O.L., Meir, P. & Silman, M. (2016) The variation of productivity and its allocation along a 28 
tropical elevation gradient: A whole carbon budget perspective. New Phytologist. 29 

Mayfield, M.M. & Levine, J.M. (2010) Opposing effects of competitive exclusion on the 30 
phylogenetic structure of communities. Ecology Letters, 13, 1085–1093. 31 

McGroddy, M.E., Daufresne, T. & Hedin, L.O. (2004) Scaling of C:N:P stoichiometry in forests 32 
worldwide: Implications of terrestrial redfield-type ratios. Ecology, 85, 2390–2401. 33 

Medlyn, B.E., Loustau, D. & Delzon, S. (2002) Temperature response of parameters of a 34 
biochemically based model of photosynthesis. I. Seasonal changes in mature maritime pine 35 
(Pinus pinaster Ait.). Plant, Cell and Environment, 25, 1155–1165. 36 

Navas, M. & Violle, C. (2009) Plant traits related to competition: how do they shape the 37 
functional diversity of communities? Community Ecology, 10, 131–137. 38 

Neilson, R.P. (1995) A model for predicting continental-scale vegetation distribution and water 39 
balance. Ecological Applications, 5, 362–385. 40 

Niinemets, Ü., Bilger, W., Kull, O. & Tenhunen, J. (1999) Responses of foliar photosynthetic 41 
electron transport, pigment stoichiometry, and stomatal conductance to interacting 42 
environmental factors in a mixed species forest canopy. Tree physiology, 19, 839–852. 43 

Niklas, K.J. & Enquist, B.J. (2001) Invariant scaling relationships for interspecific plant biomass 44 
production rates and body size. Proc. Natl. Acad. Sci. USA, 98, 2922–2927. 45 

Niklas, K.J., Owens, T., Reich, P.B. & Cobb, E.D. (2005) Nitrogen/phosphorus leaf 46 



	 40	

stoichiometry and the scaling of plant growth. Ecology Letters, 8, 636–642. 1 
Norberg, J., Swaney, D.P., Dushoff, J., Lin, J., Casagrandi, R. & Levin, S.A. (2001) Phenotypic 2 

diversity and ecosystem functioning in changing environments: a theoretical framework. 3 
Proceedings of the National Academy of Sciences of the United States of America, 98, 4 
11376–81. 5 

Pérez-Harguindeguy, N., Diaz, S., Garnier, E., Lavorel, S., Poorter, H., Jaureguiberry, P., Bret-6 
Harte, M.S.S., Cornwell, W.K.K., Craine, J.M.M., Gurvich, D.E.E., Urcelay, C., Veneklaas, 7 
E.J.J., Reich, P.B.B., Poorter, L., Wright, I.J.J., Etc., Ray, P., Etc., Díaz, S., Lavorel, S., 8 
Poorter, H., Jaureguiberry, P., Bret-Harte, M.S.S., Cornwell, W.K.K., Craine, J.M.M., 9 
Gurvich, D.E.E., Urcelay, C., Veneklaas, E.J.J., Reich, P.B.B., Poorter, L., Wright, I.J.J., 10 
Ray, P., Enrico, L., Pausas, J.G., Vos, A.C. de, Buchmann, N., Funes, G., Quétier, F., 11 
Hodgson, J.G., Thompson, K., Morgan, H.D., Steege, H. ter, Heijden, M.G.A. van der, 12 
Sack, L., Blonder, B., Poschlod, P., Vaieretti, M. V., Conti, G., Staver, A.C., Aquino, S. & 13 
Cornelissen, J.H.C. (2013) New Handbook for standardized measurment of plant functional 14 
traits worldwide. Australian Journal of Botany, 61, 167–234. 15 

Pfister, R., Schwarz, K.A., Janczyk, M., Dale, R. & Freeman, J. (2013) Good things peak in 16 
pairs: a note on the bimodality coefficient. Frontiers in psychology, 4, 700. 17 

Poorter, H. & Lambers, H. (1991) Is interspecific variation in relative growth rate positively 18 
correlated with biomass allocation to the leaves. The American Naturalist, 138, 1264–1268. 19 

Poorter, H., Niinemets, Ü., Poorter, L., Wright, I.J. & Villar, R. (2009) Causes and consequences 20 
of variation in leaf mass per area (LMA): a meta-analysis. New Phytologist, 182, 565–588. 21 

Raaimakers, D., Boot, R.G.A., Dijkstra, P. & Pot, S. (1995) Photosynthetic rates in relation to 22 
leaf phosphorus content in pioneer versus climax tropical rainforest trees. Oecologia, 102, 23 
120–125. 24 

R Core Team (2017) R: A Language and Environment for Statistical Computing. 25 
Rapp, J.M., Silman, M.R., Clark, J.S., Girardin, C.A.J., Galiano, D., Tito, R. & Doak, D.F. 26 

(2012) Intra- and interspecific tree growth across a long altitudinal gradient in the Peruvian 27 
Andes. Ecology, 93, 2061–2072. 28 

Raven, J.A. (2015) Interactions between Nitrogen and Phosphorus metabolism. Annual Plant 29 
Reviews Volume 48: Phosphorus Metabolism in Plants, pp. 187–214. John Wiley & Sons, 30 
Inc. 31 

Reich, P.B. & Oleksyn, J. (2004) Global patterns of plant leaf N and P in relation to temperature 32 
and latitude. Proceedings of the National Academy of Sciences of the United States of 33 
America, 101, 11001–11006. 34 

Reich, P.B., Tjoelker, M.G., Machado, J.L. & Oleksyn, J. (2006) Universal scaling of respiratory 35 
metabolism, size and nitrogen in plants. Nature, 439, 457–461. 36 

Reich, P.B., Tjoelker, M.G., Pregitzer, K.S., Wright, I.J., Oleksyn, J. & Machado, J.L. (2008) 37 
Scaling of respiration to nitrogen in leaves, stems and roots of higher land plants. Ecology 38 
Letters, 11, 793–801. 39 

Reich, P.B., Walters, M.B. & Ellsworth, D.S. (1997) From tropics to tundra: global convergence 40 
in plant functioning. Proceedings of the National Academy of Sciences of the United States 41 
of America, 94, 13730–13734. 42 

Sage, R.F. & Kubien, D.S. (2007) The temperature response of C3 and C4 photosynthesis. Plant, 43 
Cell and Environment, 30, 1086–1106. 44 

Savage, V.M. (2004a) Improved approximations to scaling relationships for species, populations, 45 
and ecosystems across latitudinal and elevational gradients. Journal of theoretical biology, 46 



	 41	

227, 525–34. 1 
Savage, V.M. (2004b) The predominance of quarter-power scaling in biology. Functional 2 

Ecology, 413, 628–282. 3 
Savage, V.M., Webb, C.T. & Norberg, J. (2007) A general multi-trait-based framework for 4 

studying the effects of biodiversity on ecosystem functioning. Journal of Theoretical 5 
Biology, 247, 213–29. 6 

Sharkey, T.D. (1985) Photosynthesis in Intact Leaves of C3 Plants: Physics, Physiology and Rate 7 
Limitations. Botanical Review, 51, 53–105. 8 

Shenkin, A., Bentley, L.P., Girardin, C., Blonder, B., Boyle, B., Doughty, C.E., Farfan-Rios, W., 9 
Feakins, S.J., Goldsmith, G.R., Holmes, B., Martin, R.E., Salinas, N., Silman, M., Wu, 10 
M.S., Asner, G.P., Diaz, S., Enquist, B.J. & Malhi, Y. (2017) GEMTraits: A database and R 11 
package for accessing and analyzing plant functional traits from the Global Ecosystems 12 
Monitoring Network. doi: 10.5287/bodleian:v0BD04N7o. 13 

Sterner, R.W. & Elser, J.J. (2002) Ecological stoichiometry: the biology of elements from 14 
molecules to the biosphere, Princeton University Press. 15 

Stitt, M. (1990) The flux of carbon between the chloroplast and the cytosol. Plant Physiology, 16 
Biochemistry and Molecular Biology (ed. by D. Dennis) and H. Turpin), pp. 319–339. 17 
Longman, Harlow. 18 

Strimbeck, G.R., Schaberg, P.G., Fossdal, C.G., Schröder, W.P. & Kjellsen, T.D. (2015) 19 
Extreme low temperature tolerance in woody plants. Frontiers in Plant Science, 6, 1–15. 20 

Swenson, N.G., Enquist, B.J., Pither, J., Kerkhoff, A.J., Boyle, B., Weiser, M.D., Elser, J.J., 21 
Fagan, W.F., Forero-Montaña, J., Fyllas, N., Kraft, N.J.B., Lake, J.K., Moles, A.T., Patiño, 22 
S., Phillips, O.L., Price, C. a., Reich, P.B., Quesada, C. a., Stegen, J.C., Valencia, R., 23 
Wright, I.J., Wright, S.J., Andelman, S., Jørgensen, P.M., Lacher, T.E., Monteagudo, A., 24 
Núñez-Vargas, M.P., Vasquez-Martínez, R. & Nolting, K.M. (2012) The biogeography and 25 
filtering of woody plant functional diversity in North and South America. Global Ecology 26 
and Biogeography, 21, 798–808. 27 

Thomashow, M. (1999) Plant cold acclimation: freezing tolerance genes and regulatory 28 
mechanisms. Annual Review of Plant Physiology and Plant Molecular Biology, 50, 571–29 
599. 30 

Tilman, D. (1982) Resource competition and community structure, Princeton University Press. 31 
Violle, C., Navas, M.L., Vile, D., Kazakou, E., Fortunel, C., Hummel, I. & Garnier, E. (2007) 32 

Let the concept of trait be functional! Oikos, 116, 882–892. 33 
Wang, H., Prentice, I.C., Davis, T.W., Keenan, T.F., Wright, I.J. & Peng, C. (2016) 34 

Photosynthetic responses to altitude: an explanation based on optimality principles. New 35 
Phytologist. 36 

West, G.B., Brown, J.H. & Enquist, B.J. (1999a) A general model for the structure and allometry 37 
of plant vascular systems. Nature, 400, 664–667. 38 

West, G.B., Brown, J.H. & Enquist, B.J. (1997) General Model for the Origin of Allometric 39 
Scaling Laws in Biology. Science, 276, 122–126. 40 

West, G.B., Brown, J.H. & Enquist, B.J. (1999b) The fourth dimension of life: fractal geometry 41 
and allometric scaling of organisms. Science, 284, 1677–1679. 42 

West, G.B., Enquist, B.J. & Brown, J.H. (2009) A general quantitative theory of forest structure 43 
and dynamics. Proceedings of the National Academy of Sciences of the United States of 44 
America, 106, 7040–5. 45 

Westoby, M. (1998) A leaf-height-seed ( LHS ) plant ecology strategy scheme. English, 213–46 



	 42	

227. 1 
Westoby, M., Falster, D.S., Moles, A.T., Vesk, P.A. & Wright, I.J. (2002) Plant Ecological 2 

Strategies: Some Leading Dimensions of Variation Between Species. Annual Review of 3 
Ecology and Systematics, 33, 125–159. 4 

White, E.P., Xiao, X., Isaac, N.J.B. & Sibly, R.M. (2012) 2012. Methodological Tools. In: 5 
Brown & Sibly, eds, . Metabolic Ecology, pp. 1–22. 6 

Wickham, H. (2009) ggplot2: Elegant Graphics for Data Analysis, Springer-Verlag New York. 7 
Woods, H.A., Makino, W., Cotner, J.B., Hobbie, S.E., Harrison, J.F., Acharya, K. & Elser, J.J. 8 

(2003) Temperature and the chemical composition of poikilothermic organisms. Functional 9 
Ecology, 17, 237–245. 10 

Wright, I.J., Reich, P.B., Atkin, O.K., Lusk, C.H., Tjoelker, M.G. & Westoby, M. (2006) 11 
Irradiance, temperature and rainfall influence leaf dark respiration in woody plants: 12 
Evidence from comparisons across 20 sites. New Phytologist, 169, 309–319. 13 

Wright, I.J., Reich, P.B., Westoby, M., Ackerly, D.D., Baruch, Z., Bongers, F., Cavender-Bares, 14 
J., Chapin, T., Cornelissen, J.H.C., Diemer, M., Flexas, J., Garnier, E., Groom, P.K., Gulias, 15 
J., Hikosaka, K., Lamont, B.B., Lee, T., Lee, W., Lusk, C., Midgley, J.J., Navas, M.-L., 16 
Niinemets, U., Oleksyn, J., Osada, N., Poorter, H., Poot, P., Prior, L., Pyankov, V.I., 17 
Roumet, C., Thomas, S.C., Tjoelker, M.G., Veneklaas, E.J. & Villar, R. (2004) The 18 
worldwide leaf economics spectrum. Nature, 428, 821–7. 19 

Wright, I.J., Westoby, M. & Reich, P.B. (2002) Convergence towards higher leaf mass per area 20 
in dry and nutrient-poor habitats has different consequences for leaf life span. Journal of 21 
Ecology, 90, 534–543. 22 

Yin, X.W. (1993) Variation in Foliar Nitrogen Concentration by Forest Type and Climatic 23 
Gradients in North-America. Canadian Journal of Forest Research-Revue Canadienne De 24 
Recherche Forestiere, 23, 1587–1602. 25 

Yu, Q., Wu, H., He, N., Lü, X., Wang, Z., Elser, J.J., Wu, J. & Han, X. (2012) Testing the 26 
growth rate hypothesis in vascular plants with above- and below-ground biomass. PLoS 27 
ONE, 7, e32162. 28 

Yvon-Durocher, G., Allen,  a P., Montoya, J.M., Trimmer, M. & Woodward, G. (2010) The 29 
temperature dependence of the carbon cycle in aquatic ecosystems. Advances in Ecological 30 
Research, 43, 267–313. 31 

Zaka, S., Frak, E., Julier, B., Gastal, F. & Louarn, G. (2016) Intraspecific variation in thermal 32 
acclimation of photosynthesis across a range of temperatures in a perennial crop. AoB 33 
Plants, 8. 34 

 35 
 36 
 37 
 38 


