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Abstract: The competition for light has long been regarded as a key axis of niche partitioning
that promotes forest diversity, but available evidence is contradictory. Despite strong tradeoffs
between growth and survival with light, field tests suggest neutral forces govern tree composition
across forest gaps and resource use across size classes. Here we integrate scaling and niche
theory, and use data from >114,000 woody plants in a tropical, old growth forest to test and
predict patterns of niche partitioning with size and light. Consistent with predictions, the relative
abundance, production, light capture, and richness of species in life histories with fast growth
follow a power law relationship, increasing 1-2 orders of magnitude along a solar and size
gradient. Competitive neutrality between size classes emerges above the sapling layer, where
increasing access to light is counterbalanced by stronger self-shading. Convergent power law
patterns of resource partitioning across taxa and spatial scale suggest general life history

tradeoffs drive the organization of diverse communities.

Main Text: Competition for resources is regarded as key driver of forest assembly and
diversity!~®, but empirical evidence is mixed. On the one hand, light declines to ~2% intensity in
hyperdiverse tropical forests®, and low light is associated with stunted growth and elevated
mortality”-. Niche theory posits that trait differences and associated tradeoffs promote niche
partitioning and coexistence along resource gradients>*-!!. Indeed, in forests a slow—fast life
history continuum has been observed in which light-demanding trees grow quickly in well-lit
forest gaps (‘fast’ life history), but at the cost of high mortality; conversely, slow-growing, long-
lived trees are better able to recruit and survive in the dark understory!?!3. Thus, fast trees may
be competitively favored in high light areas, and slow species in the understory'4, promoting
coexistence. On the other hand, despite abundant experimental and demographic data
documenting this tradeoff »121°, field evidence for light-based niche partitioning with light is
lacking, inspiring rival neutral theories'®. For example, in tropical old-growth forests — where
species richness is greatest — little variation was observed in the relative abundance and richness
of pioneer and shade tolerant species across gap and non-gap sites!”-!8,

Indeed, recent work suggests that herbivory and pathogens, rather than resource
competition, drive forest diversity!®-2!. Forest gaps increase light levels in the understory, but
gaps are short-lived and stochastic. Further, shade-tolerant saplings are often already established

when new gaps arise??, casting shade and blunting advantages un-germinated pioneers may hold.
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However, comparison of relative abundances of pioneer and shade tolerant species in understory
gaps'’ may bias results towards evaluation of saplings, which outnumber canopy trees by several
orders of magnitude?®. Although light along the forest floor varies unpredictably with gap
occurrence, increasing light toward the canopy is a general feature of forests®. The most
consistent gradient of light is vertical rather than horizontal, where larger individuals experience
more consistent and prolonged light micro-environments. Over time, the sustained effects of
light variation across size classes will exacerbate differences in growth and mortality rates
between species. Thus, niche partitioning with light may only be apparent when ontogenetic size
variation is explicitly modeled.

A scaling approach to forest structure quantifies the size dependence of abundance and
resource capture from saplings to the canopy. Scaling relationships typically take a power law
form, where y « M%, y is an individual or population quantity, M is individual mass or diameter,
and a is the slope on a log-log plot. Despite deviation in the smallest and largest organisms,
global syntheses indicate that the population abundance of autotrophs — from phytoplankton to
trees — declines with size at approximately the same magnitude that growth rate increases®*2. In
particular, R & §%, 4; < S/, where i is size class, and o = —f3. These opposing scaling
relationships imply an ‘energy equivalence rule’ (EER), whereby individuals or species in
different size classes collectively metabolize and grow at equal rates®*?7-2%, Because growth is
fueled by assimilated resources, EER implies an additional dimension of competitive neutrality:
across size classes, in addition to species. However, strong tests of EER are rare, as both growth
and abundance scaling in local communities are seldom assessed in tandem.

Only recently has theory emerges to account for apparent size-neutrality in forests. The
metabolic scaling theory of forests (MST)?® argues that EER emerges from space filling of tree
crowns, in which each stem diameter size class has the same total leaf area, leading to equivalent
rates of photosynthesis and respiration. Forest models incorporating more detail about canopy
packing predict a similar size structure>*°, but even with equal leaf area per size class, EER
appears paradoxical. Biomass production is a product of collective leaf area and resource
availability, such as light. Larger trees receive more light on average?!, and so should have
higher production where light is limiting. Alternatively, niche partitioning may mitigate
differences in light availability at upper and lower ends of the canopy, if high densities of shade

tolerant species elevate understory production. However, with few exceptions?®?, scaling research
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has largely overlooked the role of resource availability and life history strategy needed to
90  evaluate competition and niche partitioning. Even under EER size-neutrality, a vertical gradient
of light availability may generate niche partitioning from the forest floor to the canopy.

Here we integrate niche and scaling theory to evaluate competition and niche partitioning
in forests. We use recent competition theory?? to predict the division of resources and relative
richness of species with opposing life history strategies. We test predictions using growth,

95  abundance®*, life history traits*, and light data’® for woody plants in a primary forest on Barro

Colorado Island, Panama (BCI).

A Scaling Model of Forest Assembly
To address the paradox of EER, we first note that competitive asymmetries with size are
100  partially mitigated by the scaling of tree crown dimensions. Light first reaches the upper area of
a tree crown, but declines as it penetrates the crown volume and is intercepted by leaves. Tree
crowns are proportionally larger and deeper in taller trees, leading to more self-shading (Fig. S1).
Thus, while the amount of light reaching tree crown tops is higher for taller trees, light
interception per leaf will be more similar across size classes. Indeed, integrating a neighborhood
105 model of light transmission*® with the scaling of LAI and crown depth®’, we find that while
average light reaching the crown declines 44—fold from the largest to smallest size class (Fig.
1a), the light per unit crown volume falls only by a factor of four (Fig. 1b, Table S1).
This remaining solar asymmetry with size, however, is predicted to drive niche
partitioning. We use metabolic scaling theory (MST)* as a baseline model to evaluate whole-
110  community scaling slopes (Fig. 2, gray) and divergence by species in different life histories
guilds (Fig. 2a). Treating growth as proportional to respiration, MST predicts individual growth

G and abundance per area 4 to vary as a function of stem diameter D as:

(D G x D
115

@) A; o DF

(3) P < D
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120  where .~ 2 and B ~ -2, i is size class of stem diameter, P is total growth production in i (kg yr!
ha™! cm™), and the slope is o + B. Because growth and metabolism are fueled by the uptake of

limited resources, and variation in abundance drives concomitant resource use, we predict:

4) Li < P;

125
where L; is intercepted light per size class (W m~2 ecm™), and L; < D;° where EER is observed.
Deviation from power law scaling at the largest and smallest trees, however, is widespread ** and
may reflect constraints on maximum size, light limitation, and/or external mortality (e.g. canopy
windthrow, drought?).

130 Life history tradeoffs in growth and mortality reflect, in part, linkages between metabolic

performance and resource demand. Fast species have high leaf-level maximum assimilation that
fuels rapid growth, but at the cost of elevated dark respiration!3-3%; a tradeoff that promotes
energy deficit when light levels decline. This performance-resource tradeoff between slow—fast
species implies systematic scaling deviations from Eqgs. 1-3 in competing life history guilds. As

135 light levels increase toward the canopy, elevated growth and declining mortality in fast species
should lead to an increase in their relative abundance and production (Fig. 2a-c, green). Shade
tolerant slow trees with high understory abundance (Fig. 2b, blue) may boost understory forest
production and facilitate EER (Fig. 2c). As relative abundance and production shifts with size,
we further predict accompanying shifts in relative richness (Fig. 2d). Competitive niche

140  partitioning, or lack thereof, has been tested by examining whether relative abundance and
richness of functional guilds change over resource gradients!'”-!8, Thus, systematic shifts in
relative abundance (Fig. 2b), relative production, resource uptake (Fig. 2¢) and richness (Fig. 2d)
with light would indicate resource-based niche partitioning between life history guilds.

More generally, species with a higher responsiveness to resource availability — steeper

145 shifts in growth and mortality — are predicted to increase in relative abundance in high resource
environments, and decline in low. This elevated growth—survivorship responsiveness is observed
in a recently identified life history axis: a recruitment—stature life history (Fig. 3a, Fig. S2).
Small, understory shrubs and trees (short-lived breeders, or short) have high recruitment rates,
but small maximum size, slow growth, and high mortality®>. Conversely, tall, long-lived pioneers

150  (tall) grow quickly, reach a large stature and have long lifespans, but recruit poorly (Fig. 3a). The
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physiological traits characterizing short and tall species have received limited study, but despite
differences in absolute mortality rates, fast and fall species share an elevated responsiveness to
light (Fig. 3b-c, Figs. S3-S4, Table S2; mortality slope fast =—1.21 (Credible Interval: —1.29, —
1.12): mortality slope tall=—-1.03 (CI: —1.15, —0.92); max. growth slope fast = 1.00 (CI: 0.97,

155 1.03), max. growth slope tall = 1.01 (CI: 0.99, 1.03)). Conversely, both slow and short species
have shallower slopes and are comparatively unresponsive to increasing light (Fig. 3b-c,
mortality slope slow =—0.34 (CI: —0.38, —0.29), mortality slope short =—0.44 (CI: —0.54, —0.35);
growth slope slow = 0.88 (CI: 0.86, 0.89), growth slope short = 0.76 (CI: 0.68, 0.89)). This
divergence in light responsiveness is consistent with the different light environments experienced

160 by mature short and tall species, and imply similar scaling and niche partitioning shifts as slow—
fast species in Fig. 2.

Recently, a metabolic competition model was advanced to explain a global power law in
relative richness and the division of resources between animal competitors with fast (F) and slow
(S) metabolism??. The proportion of assimilated resources (Y') shifted from F fo S along a

165  resource gradient (r), where Yr/Ys o 7. Extending this model to trees and substituting from Eq.

5, we predict the dimensionless ratio of production between life history guilds follows a power

law with light availability:

PiFast B Pitaul B
(5) Zirast o 71, ATall o 172,
Pisiow Pishort

170
where B; and B; are scaling exponents > 0. Because light availability follows a power law with
size (Fig. 1), we expect a similar power law shift across diameter as well. Following 3, we
predict concurrent shifts in relative richness R across a light gradient, but at shallower rates,

reflecting the sublinear relationships between abundance and richness®®:
175 (6) RiFast e Ll?s; RiTall o« L?4,'

Risiow t Rishort

where B; > B3, and B> > By

Thus, we make the following predictions:

180 HI: Divergent scaling across life histories. Approximate MST slopes (Egs. 1-3) and

EER occurs for shade tolerant slow and all woody trees collectively (all) at
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intermediate sizes, but divergent scaling growth, abundance, production and
richness slopes, including deviation from EER, will occur in light-responsive fast

and tall species, consistent with niche partitioning (Fig. 2a-d).

185
H2: Resource-production symmetry. Linking metabolism to resource use, collective
light capture rates with size will match total production (Eq. 5, Fig. 2¢), with
matching scaling slopes of production and light for respective life history guilds.
190 H3: Power law niche partitioning. The ratio of abundance, production and richness by

opposing life histories will follow a power law with stem diameter and light (Eq.

5, Eq. 6).

We use piecewise, regression fits to quantify scaling shifts with size, and evaluate scaling
195  patterns against stem diameter at breast height (dbh; 1.3 m). We focus on scaling patterns at
intermediate size (~ 3 — 50 cm dbh), which comprise the majority of the vertical range of tree
heights (~5 — 25 m height). Population values for abundance, production and average growth rate

are logarithmically binned for visualization, following White et al*.

200  Scaling Patterns
Growth, abundance and production slopes are near MST predictions (Egs. 1-3) for all

individuals within the forest (a//), but diverge across life history guilds (Fig. 4a-c, Table S3). As
predicted (H1), fast and tall species have significantly steeper abundance, total production slopes
than short, slow and all species (Fig. 4b-c, Fig 2, Table S4), and richness is relatively higher at

205 larger size classes (Fig 4d). However, scaling shifts in individual growth rate with size were not
observed, and can be described with a single power law (Fig. 4a vs Fig. 4b, Table S4, Fig. S5).
This may reflect tradeoffs in leaf max. assimilation rate with leaf number in shade tolerant vs
intolerant species®®. Indeed, significant differences in biomass growth with life history are only
apparent when evaluated across light intensities (Fig. 3b). Across the whole community (all),

210  production scaling at intermediate sizes is near but somewhat higher than energy equivalence
(slope =0.18, CI: 0.16-0.19, Fig. 4c), with marked declines in the smallest and largest sizes.
This value falls within the range observed by meta-analyses that support EER as a central

tendency across sites?*?7 (see also values across sampling periods in Fig. S6a). As predicted,
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only shade tolerant species approach EER, although a modest decline in production at larger
215 sizes coincides with an increasing role by fast and tall species (Fig. 4c, Table S4). Representing
65% of all individuals, shade tolerant slow species largely drive scaling patterns of abundance of

all trees collectively, and are closest to MST predictions among life history strategies (Fig. 4).

Size Neutrality & Niche Partitioning with Light

220 Production scaling does not differ significantly from the scaling of light capture (Fig. 4c
vs Fig. 5a, Fig. 5b), supporting our symmetry hypothesis (H2) and indicating that life history
variation in production scaling reflects equivalent variation in resource use. Thus, convergence
toward competitive neutrality in light capture occurs between size classes for a/l individuals
from ~3 — 50 cm stem diameter, or ~5 — 25 m height (Table S5, Fig. 5, Fig. S7). Corresponding

225 to light capture, the scaling of total crown volume approaches equivalence, but is somewhat
lower, with a modest decline at intermediate sizes (Fig. S6b, Table S6). An observed twofold
decline in total crown volume for a// individuals partially offsets the fourfold increase in light
availability with size (Fig. 1b), pushing the system toward EER.

Shifts in absolute and relative abundance, production and light capture are consistent with

230  competitive tradeoffs and niche partitioning (H3; Fig. 4 vs Fig. 2). Mean life history PCA scores
shifts monotonically toward faster and taller values and in larger size classes and higher light
intensity (Fig. S8). Slow and short species dominate light capture at small sizes, and light-
responsive fast and tall life histories gaining an increasing share of light resources toward the
canopy (Fig. 4c, Fig. 5a). Indeed, despite considerable curvature in abundance and production

235 scaling in small and large individuals (Fig. 4b-c), shifts in relative abundance, production, and
richness between fast vs slow and tall vs short are nearly linear in log space, supporting H3 (Fig.
6a-b, Table S7-S8). This is particularly striking for relative production. Production for every life
history guild plunges nearly two orders of magnitude at the lowest light levels (Fig. S9c) even as
relative share remains approximately linear (Fig. 6a), following Eq. 5. Absolute richness is

240  curvilinear with diameter (Fig. 4d), but plotting the ratio of richness yields a continuous power
relationship (Fig. 6 c-d), as light-responsive guilds become at least equally speciose in the
canopy. As predicted, the slopes of relative richness is directionally similar to abundance and

production, but with shallower slopes (Fig. 6 c-d vs Fig. 6a-b, Table S8).
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The observed demographic shift from light-responsive to light-unresponsive species has
245  parallels to succession*!, but over vertical space rather than time. Our analyses focuses on an old-
growth plot with no recorded history of stand clearing or significant disturbance*?. Demographic
analyses indicate the abundance of pioneer and climax guilds is near equilibrium, with annual
disturbance rate of 0.43% to 1% of area*’. The continuous shifts in relative abundance and
resource capture with size are consistent with sustained niche partitioning rather than succession.
250  Despite competitive advantages realized by fast and tall trees toward the canopy, these species
are poor recruiters (fall) or suffer high mortality in the understory (fast), driving the relative
abundance of saplings shifts back toward slow and short species along the forest floor. A cycling
of life history frequency with size promotes coexistence and may typify closed forests (Fig. 6e).
Our results help resolve the paradox of forest energy equivalence and the role of light in
255  community assembly. First, the large crown volumes of canopy trees increase self-shading,
reducing the availability of light to leaves of larger individuals even in well-lit portions of the
forest, and limiting the competitive advantages of a larger size (Fig. 1a-b). Second external
mortality in the canopy creates gaps that promote light penetration, sapling recruitment?, and
vertical ‘space-filling’ of tree crowns that reduce crown volume and light asymmetries with size
260  (Fig. S6b). Finally, niche partitioning across a light gradient plays a role in maintaining high
production from the understory to the canopy. Except at the smallest sizes, s/low and understory
short species capture sufficient energy in the lower canopy to push the system toward EER (Fig.
4c). Fast and pioneer forms deviate from EER but increase total energy capture for all trees in
the upper canopy. Indeed, despite representing only 15% of individuals, fast and tall species
265  together produce as much annual biomass as slow species that are over four times more

abundant.

Synthesis
Metabolic scaling approaches have attracted interest for revealing law-like patterns in
270  metabolism and abundance that link cells to ecosystems***. However, such scaling relationships
have been argued to hold limited relevance to community ecology and coexistence theories,
because at the scale of communities the role of stochastic processes, resources, and interspecific
variation are thought to be more important*®. Conversely, community ecologists often overlook

how trait frequency and resources shift with organismal size.
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275 Integrating approaches can reveal general rules for community organization. Tradeoffs in
size and metabolism with abundance — as exemplified by EER — are ubiquitous, shaping
community structure across the globe*’. Less well known is how variation in metabolism shapes
species interactions and community structure. We show approximate power law relationship of
richness and niche partitioning in competing plants at a local scale that mirrors global patterns

280  observed in animals*. In both cases, fast-growing/fast-metabolizing species systematically
increase their share of available resources and relative richness in higher resource environments.
Faster metabolism corresponds with faster biological work rates (e.g., growth, movement,

)

reproduction d13:33.49.

that offer competitive advantages if sufficient resources can be procure
Although competition has long been a central focus of ecological theory, moving beyond

285  species-pair evaluations is a challenge>®. Emergent scaling shifts between competing guilds offer
a path forward, highlighting shared mechanisms that underly the assembly of diverse

communities.
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290  Fig. 1. Light environment at crown and leaf. a. Individual light capture per crown area — a
measure of light reaching a tree crown — increases over fortyfold from saplings to the canopy. b.
LAI-weighted crown volume provides a better estimate of leaf level light and reveals a much
more modest increase with stature: approximately fourfold. a-b mean values per size class are
shown with 25% and 75% quantiles; n = 113,650. Data points are shown with 1% transparency

295  for visualization; regressions with 95% credible bands are plotted. Height is shown as a

reference, calculated from pooled-species scaling of stem diameter and height.
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Fig. 2. A scaling framework for life history variation and niche partitioning in forests. Light
access covaries with tree size in forests, shaping patterns of niche partitioning across life

300  histories. a The scaling of individual growth and resource uptake and b population abundance
per area determines ¢ aboveground production and the division of resources. d Richness is
expected to tracking shifts in abundance (b) and resource capture (¢). Scaling slopes for all
individuals predicted by MST are shown in gray; life history guilds that vary in the
responsiveness of growth and mortality to light are colored. Axes are log-transformed.

305  Differences in scaling slopes between life histories imply niche partitioning, as fast species

become relatively more abundant and speciose at larger sizes.
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Fig. 3. Life history guilds in woody plants. a Life history guilds in woody species at BCI are
310  classified along two orthogonal axes: a slow-fast and recruitment—stature continuum. Each point
represents a species at BCI in two-dimensional demographic space (PCA scores)**. Green life
history guilds (zall, fast) are more responsive to high light environments, with steeper growth and
mortality slopes in b-c. In b, Light availability is normalized for crown area; 25% and 75%
quantiles shown for each binned value. For b-¢, all points represent the geometric mean rate per

315 size class, 95% credible bands are shown for all regression fits (n = 113,650).
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320  bars. In b and ¢, plotted values are summed values per size class, with three-part piecewise

regression fits. a-¢, 95% credible bands are shown for all regressions.
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335  outcompete slow and short individuals toward the well-lit canopy, leading to demographic
turnover. Max. size constraints also limits the size-frequency of short understory species (blue
arrow). Low survival or recruitment of fast and tall species in the dimmer understory resets
relative abundance back to short and slow, implying a perpetual cycling of life history frequency
with size.
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Materials and Methods
560
Site and Demographic Data. We used long-term demographic data from a mesic neotropical

forest on Barro Colorado Island (BCI), Panama (9°9°N, 79°51°W). BCI is warm throughout the
year (average daytime and nighttime temperatures of 32°C and 23°C, respectively), with most of
the 2500 mm of rainfall falling during a wet season, from April to November>!. Censuses of all

565  free-standing woody stems > 1 cm dbh, (diameter at breast height, measured 1.3 m from ground),
at 0.1 cm resolution, have been conducted on a 50 ha portion of the island at five year intervals
since 1980; see 32 for full description.

We focus on a primary forest without history of disturbance. For this reason, we excluded

approximately 2 ha of the survey area consisting of secondary forest>*. In addition, individuals

570  within 20 m of the plot edge were excluded, as their light environment could not be fully
described because not all of their neighbors within a 20 m radius were mapped?°. All analyses
are conducted on the 42.84 ha remaining of the 50 ha survey area after excluding the secondary
forest and the area within 20 m of the plot edge. We show abundance from 1995, growth from
1990 to 1995, and light estimates from 1995. Patterns were qualitatively are similar to other

575  census years (see Fig. S6a). Both abundance and growth analyses were based on the 114,058
trees tagged in both 1990 and 1995. The 132,982 trees, which includes the new 1995 recruits,
were used for plotting total production (binned values in Fig. 4c). We imputed the values for the
~18,000 new 1995 recruits that were not present in 1990, using the growth by diameter scaling
regressions. Total growth regression was calculated from abundance and individual growth

580  regressions.

Processing and Forest Survey Data. Our quality control procedure follows ref >*. First, we
removed 6 strangler fig species (< 100 individuals total) because their growth form prevents
accurate estimation of biomass from diameter. Tree ferns and woody lianas were not included in
585  the census protocol. We corrected the diameter of 11 species that have tapering or buttressed
stems, whose diameters were measured at a higher point than breast height (1.3 m). For buttress
correction, we used species-specific parameters provided by K. C. Cushman (personal
communication) that were fitted using models described in references °>-*’. Specifically, we used

the taper parameter b for each species and applied the following correction to estimate the
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corrected diameter from the observed diameter: d pyrected = Ameasurea€’ "3, where 4 is the

height at which diameter was measured.

Allometry from Tree Diameter Measurements. We estimated the following measurements for
all individual trees using allometric functions of dbh: tree height, crown area, crown depth,
crown volume, and aboveground biomass.

We calculated diameter-height allometry and diameter-crown area allometry using

158

parameter values generated from measurements taken on BCI>°. The generalized Michaelis-

Menten function was found to be the best allometry for tree height, as it reaches an asymptote at

pb

high dbh values: H = ka+D -, where D is dbh and a, b, and k are constants. For crown area, a

power law relationship fit best: A = aD?, where D is dbh and a and b are constants. In both
cases we used species-specific coefficients provided from ref. >® where possible, and the all-
species coefficients for species not included in the study (9.1% of individuals).

To calculate diameter-crown depth allometry, we obtained data from the authors of ref. >
and used them to fit a power law relationship to each species. For the species without individual
measurements, we calculated an allometry for each of the five life history guilds and used the
group-specific allometry (191 species 30.1% of individuals). For species without either
individual measurements or life history assignment, we used the all-species allometry (14 species
representing 1.1% of individuals).

Allometries for height, crown area, and crown depth were corrected for Jensen’s
inequality to eliminate biases resulting from log transformation (see “Estimating Total Growth
Scaling Relationships” below). We took the correction factors for tree height and crown area
from %%, We calculated the crown depth correction factors for each life history guild, using the
formula from .

We estimated crown volume from crown diameter and depth, assuming a half-elliptical
crown shape for all individual trees, following ref>%: V = §Ad, where 4 is crown area and d is

crown depth.
Next, we estimated aboveground biomass of all individuals given dbh and height. The
parameters of the allometry are taken from ref (Riiger, Comita, Condit, Purves, Rosenbaum,

Visser, Joseph Wright, et al. 2018)®!' and were developed to apply across moist tropical forests:
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620 AGB = 0.0509GD?H, where G is wood specific gravity, D is dbh, and H is tree height. This
approach uses wood specific gravity measurements at the genus or species level (measurements
provided by K.C. Cushman, personal communication).

We took the difference in aboveground biomass allometries between consecutive

censuses to estimate 5-year biomass growth for each tree for each census. We converted this to

AAGB _ 468003 1)

where At is the
At AGB;

625  annual biomass growth rate using the following equation:

census interval in days (roughly 5 years). We excluded individuals appearing for the first time in
the tree census from the individual growth rate analyses (14% of all individuals), although these
individuals were included in all other analyses. We removed outliers where trees were recorded
as gaining more than 20 cm dbh between two censuses or were entered into the census with > 10
630  cm dbh following the first census, representing likely errors. This resulted in removing < 300

individuals of 114,058.

Binned Data Population abundance and production per size class are not individual properties
but collective ones. Thus, for empirical and visual representation we plot binned values for each

635  size class. All regression fits, however, are based on raw data. In Fig. 4a, individual growth rates
are binned and plotted for comparison to collective properties, and because life history
differences are not visually distinguishable when plotting > 114,000 individual data points.
Where binned individual values are plotted, 25% and 75% quantile bars are also plotted to show
variation around the mean. We also provide heat maps of individual rates in the supplements

640  (Figs. S8, S12). To bin data, we follow White et al. *° by plotting summed abundance and total
growth that is measured over plant size bin increments in logarithmic space and then divided by
the bin range to show arithmetic mean densities and growth rates per cm diameter. Thus, binned
values of production represent the arithmetic mean of total growth per unit stem diameter across
a logarithmic range. All plotted points have a minimum of 20 individuals per bin.

645
Life History Classification We use life history data from Riiger et al. 2018 (ref *°), following
their classification scheme of fast, medium, slow, short-lived breeder (short), and long-lived
pioneer (tall). Riiger et al. analyzed 282 species at BCI, using demographic data across four

canopy layers. They observed a fast—slow continuum, or growth—survival tradeoff that
py lay y
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650  corresponded to previous assessments of shade tolerance'?, where shade-tolerant species have
slow life histories (slow maturation, long lifespan) and shade-intolerant species have fast life
histories (fast stem diameter growth, short lifespan; Fig. S2). Riiger et al also analyzed per capita
recruitment rates and found evidence of a second stature—recruitment tradeoff, in which slow-
growing shrubs and small trees had short lifespans, but high recruitment rates. Conversely, long-

655  lived pioneers had low recruitment rates, but grew fast and survived well, and thus attained large
adult stature. A medium strategy was observed within these extremes. Using data from ref 3,
species scores in weighted PCA, including growth, survival, and recruitment rates were used to
classify life histories (Fig. 3a). Specifically, both PCA axes were normalized by the absolute
value of the 10" and 90 percentile values on that axis divided by 2. All species within a radius

660  of 1 from the origin were included in the medium group. The remaining species were divided

into quadrants at a 45° angle from the PCA axes, resulting in five life history guilds.

Quantifying Individual Light Capture To characterize the light environment for individual
trees, we utilized published light estimates derived from annual censuses of vegetation density

665  (http://richardcondit.org/data/canopy/bciCanopyReport.php). The presence/absence of vegetation
was measured along a 5 m grid across the 50 ha plot and at six height intervals: 0-2, 2-5, 5-10,
10-20, 20-30, and > 30 m. If vegetation was present, it was assumed to cast shade in the same
manner as a 5 m flat circle at the vertical midpoint of each height range. A shade index was
calculated from the proportion of the sky obscured by vegetation accounting for its angle and

670  distance from a focal tree. The proportion of open sky reaching a given tree was converted to the
proportion of light reaching a tree by linking the shade index to irradiance measurements taken at
many locations on BCI but outside the study plot (see 2, and for a full description of the
algorithm see ¢). The proportion of irradiance reaching each tree was multiplied by average
overhead insolation at the latitude of BCI (418 W m at 9°9° N) following ref ®* to obtain the

675  incoming light energy per area reaching the vertical projection area of the crown of each tree.
408 individuals lacked a modeled light value, or 0.36%.

To convert light energy per unit area to total incoming light energy reaching each tree’s

crown, we multiplied incoming light energy per unit area by crown area. To convert total
incoming light energy to light energy per unit crown volume, we divided incoming light energy

680 by crown volume and then accounted for self-shading within the tree canopy using the Beer-
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Lambert equation: p = 1 — e 4! Here, p is the proportion of light penetrating a tree canopy, k
is the light extinction coefficient, and LAl is the leaf area index. We use k£ = 0.5 from Kitajima et
al 37 taken from four Panamanian trees, and calculated as the slope of light transmittance against
LAI (Fig. S1b). One atypical species — pioneer Cecropia longipes — was excluded. Cecropia

685  accumulates virtually no LAI or crown depth as it grows®’. For our analysis, LAI scaling with
crown depth was applied to species-specific data on crown depth to estimate individual LAI at a
given size. We derived the parameters of this scaling relationship (LAI = 0.368D°3¢7, where D
is our allometrically derived measurement of crown depth, Fig. S1a) from the measurements
provided for the four Panamanian tree species in Kitajima ef al 37. Parameters were estimated

690  using hierarchical mixed-effects regression to log LAI vs log crown depth, with species identity

as a random intercept.

Relationship between Mortality Rate and Light
The BCI census protocol records whether individual trees died between censuses. We used the
695  tree status codes from the BCI censuses in 1990 and 1995 to fit logistic regressions to individual
tree mortality as a function of incoming light per unit crown area. We fit a hierarchical logistic
regression in a Bayesian framework, fitting random slopes and random intercepts for each
functional guild, and using a logit link function. The model was specified as follows:
logit(Y) ~ Bernoulli(a + ag + (B + ,Bg) logyo L); ay~Normal(0, g, ); ﬁg~Normal(0, aﬁ)
700  Where Y is a binary outcome variable equal to 1 if the tree died during the five-year period, L is
the light received per unit crown area in units of W m=, g is an index representing the functional
guild of the individual, a is the global intercept (fixed effect), o; is the guild-specific intercept
(random effect), P is the global slope (fixed effect), and P; is the guild-specific slope (random
effect). We set normal priors on the fixed and random effects, and exponential priors on the
705  standard deviations of the effects.
To visualize the mortality data, we binned the set of all individuals across the 1990 and
1995 censuses in equally sized intervals in logarithmic space and calculated the fraction of

individuals in each functional guild that died between the two surveys.

710  Scaling Analysis: Individual Growth To quantify individual growth scaling we used a single

power law (Eq.1), and also considered a two-segment, hinged power law to assess potential
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deviation (see A. Gelman, https://statmodeling.stat.columbia.edu/2017/05/19/continuous-hinge-
function-bayesian-modeling/). The functional forms of the power law and two-segment hinged

power law follow, along with a description of the parameters of each function:

715
o l-segment power law:
* logG = logf, + f1logD + &; e~Normal(0,0)
= (Can also be expressed as G = B,DP1
= Parameters (3):
720 e [3, intercept
e [ slope
e ¢ standard deviation of error distribution
o 2-segment hinged power law:
* logG = logfo + Prrow (logD —1log Do) + (Biuicn + Brrow)A +
725 log(e(%) + 1) + & e~Normal(0, o)
= Parameters (6):
e [3, intercept
e Bi.ow slope at lower values of D
® Binicu slope at higher values of D
730 e D, cutoff between low and high slopes
e A smoothing parameter for hinge
e ¢ standard deviation of error distribution
We used the following prior distributions on the parameters of the individual growth functions:
735 e I-segment power law
o fo: Lognormal(1, 1)
o f;: Lognormal(l, 1)
o o: Exponential(0.1)
e 2-segment hinged power law
740 o fo: Lognormal(1, 1)

o Pirow: Lognormal(1l, 1)
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Biuicr: Lognormal(1, 1)

©)

o A: Exponential(10)

©)

Dy: Lognormal(1, 1)
o o: Exponential(0.1)

A simple power law was best supported (Table S4), and results are based on a single power law

fit unless stated otherwise.

Scaling Analysis: Abundance We fit three functions to the abundance distributions: a Pareto or
single-segment power law, a two-segment piecewise power law that captures the steeper
downward slope for large trees, and a three-segment piecewise power law that allows three
different slopes for small, midsize, and large trees. For the Pareto distribution, we fixed the Dyuin
parameter to 1 cm, the minimum diameter recorded in the tree censuses, where p(D) =

aD&;, D=1 (note that when the slope is -2, @ = 1). We used the functional form of the two-
segment power law or double Pareto from the literature®*. We modified the two-segment power
law further by adding an additional segment at the lower tail to obtain the three-segment power
law. The functional forms of the power law, two-segment power law, and three-segment power
law follow, along with a description of the parameters of each function and constants calculated

as a function of the parameters.

o l-segment power law, also known as Pareto distribution:
= p(D) = aDg;, D~V
= Parameters (1):
e —(a+1)slope
= Constants (1):
e D,i.fixedat1cm

o 2-segment piecewise power law, also known as double Pareto distribution:

C.C,D~(@Low+D). p < 1
CnD_(“HIGH+1); D>t

- P(D)={

= Parameters (3):

e —(apow + 1) slope at lower values of D
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o —(ayigy + 1) slope at higher values of D
e 7 cutoff between low and high slopes
= (Constants (3):
o (C, = t(®Low=@HIGH) continuity constant to ensure that the function
775 is continuous at T

Cc (TQ’LOW — DminaLOW) + ;T—QHIGH)_1

* Cn - (aLOW OHIGH
normalization constant to ensure that the function has an integral
equal to 1
e D,i.fixedat1cm
780 o 3-segment power law:

Cer CuD™@Low* D) D < 7y 4
= p(D) =1{C,D~@m* V1, 0 <D < Tyien
Cczan_(aHmHﬂ)i D = tyign

= Parameters (5):
o —(apow + 1) slope at lower values of D
e —(ayp + 1) slope at middle values of D, between the two cutoffs
785 o —(ayigy + 1) slope at higher values of D
* 1,0y cutoff between low and middle slopes
® Tycn cutoff between middle and high slopes
= Constants (4):
o (. = T oy ¥LoW=aMID) continuity constant to ensure that the
790 function is continuous at 7, oy,
o (., = Tyjoy @HIGH=®MID) continuity constant to ensure that the
function is continuous at Tycy

1

C - - -
¢ Cn = ( - (Dmin Low — Trow aLOW) + “MID —

aLow AMID

Cc2

(TLow

Taigu MID) + Ty ®H16H) ™! normalization constant to

XHIGH

795 ensure that the function has an integral equal to 1

e D,i.fixedat1cm

We used the following prior distributions on the parameters of the abundance functions:
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800 e Abundance: 1-segment power law
o a: Lognormal(1, 1) truncated between [0, 5]
e Abundance: 2-segment power law
o arow: Lognormal(1, 1) truncated between [0, 10]
O ayiey: Lognormal(1, 1) truncated between [0, 5]
805 o 7: Uniform truncated between minimum and maximum diameter values observed
e Abundance: 3-segment power law
o arow: Lognormal(1, 1) truncated between [0, 10]
o ayp: Lognormal(1, 1) truncated between [0, 5]
O ayiey: Lognormal(1, 1) truncated between [0, 5]
810 O Trow: Uniform truncated between minimum and maximum diameter values

observed
O Tyjey: Uniform truncated between 7,4y, and the maximum diameter value

observed, ensuring that Ty;cy > Trow

Abundance Scaling Relationships We fit one model for each of the three functional forms

815  described above. Each of the three models were fit for all trees together (a//), as well as for each
of the five life history guilds separately and for the individuals not classified in a group, in the
1995 census. We compared the three models within each group using the Widely Applicable
Information Criterion® (WAIC; Table S4), which is asymptotically equivalent to Bayesian
leave-one-out cross-validation. We calculated point estimates and 95% credible intervals for all

820  model parameters, as well as the point estimates and 95% credible intervals for the fitted values
of abundance. All fitted values were computed at 101 diameter values evenly spaced in log-
space. For visual representation, we converted the abundance functions into units of individuals
per hectare by multiplying the fitted values by the total number of individuals in the appropriate
life history guild divided by 42.84 ha (study area with edge and secondary forest excluded; see

825  above).

Individual and Total Growth Scaling Relationships We also evaluated individual growth

scaling patterns using hierarchical Bayesian models. We fit the two functional forms described
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above to all trees together, each of the five life history guilds, and the individuals not classified

830  in a group, all using the values from the 1995 census. We compared the fits using WAIC (Table
S4). We calculated point estimates and 95% credible intervals for all model parameters, as well
as the point estimates and 95% credible intervals for the fitted values of individual growth, at the
same diameter values as we did for abundance. In addition, we calculated the Bayesian R-
squared value for the individual growth fits .

835
Total Growth Production Scaling Relationships At each sample from the posterior
distribution, we took the product of the fitted values for abundance and individual growth at a
range of sizes to calculate the total growth curve for each combination of abundance and
individual growth fits, yielding six combinations (1, 2, or 3 segment power law for abundance X

840 1 or 2 segment power law for individual growth). For the figures where the total growth fits are
visualized, we removed the bias introduced by the log-transformation used in the individual
growth regression. The bias is a result of Jensen’s inequality @ (where total growth in a size class
is consistently underestimated by assuming all individuals in the size class have the mean size);
it affects only the intercept of the total growth function. We calculated the correction factor

845  (from %) as follows. First, we found the standard error of the estimate SEE from the log-log

regression:

2(logy —logy)?
SEE = \/ N—*&
Here, y are the observed values, y are the fitted values (linear predictor), N is the number of
values, and £ is the number of parameters (for example, 2 in the case of the log-log regression).

850  The correction factor CF is a function of the standard error of the estimate:

SEE?
CF=e 2

We calculated the correction factor for each Monte Carlo iteration and multiplied the fitted
values by the median value of CF across the Monte Carlo samples to correct the visualization.
This correction did not affect our statistical inference regarding the individual or total growth
855  slopes, because it only influences the intercept of the individual growth function.
We also calculated the fitted values and 95% credible intervals of the slopes of the

abundance, individual growth, and total growth functions by numerically calculating the slopes
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between each of the 101 points at which we evaluated the functions. The uncertainty around the
fitted values for the total growth scaling includes uncertainty from both the size-growth

860  relationship and the size-abundance relationship.

Total Light and Total Crown Volume Scaling Relationships We also estimated the scaling
relationships between total light energy received and diameter, and between total crown volume
and diameter. We used the same methods as for total growth scaling: we regressed individual

865  light energy received on diameter using the one-segment and two-segment power law functions
as we did for individual growth. We multiplied the fitted values of individual light received and
abundance together to yield the total light scaling relationship. We calculated the same model
statistics for individual and total light as we did for individual and total growth. The same
procedure was followed for total crown volume.

870
Relationship between Normalized Light and Normalized Growth For light-growth curves we
used a resource response function where growth rate increases sigmoidally with size until
reaching a maximum rate, following a von Bertalanffy formulation:

logG =1logA(1 — be"‘L)3 + & & ~Normal(0, o)

875  where G is growth per unit crown area (kg yr-! m™2) and L is light received per unit crown area
(W m™), accounting for partial shading of the crown by other trees. 4, b, and k are parameters.
Because light capture will reflect crown area as well as light intensity, we normalized for crown
area differences by dividing both growth and light capture by crown area in Fig. 3b-c. As above,
we fit the function in a Bayesian framework.

880 To find maximum rate of increase of G relative to L, we calculate the slope at the

dlogG
dloglL’

inflection point of the function G = A(1 — be )3 on a log-log plot, i.e. the maximum of

. . . _1 .dlogG LdG
Using the identity d logx = —dx: dlosl — G L We find

LdG L 2 L 2 Le kL
——— =—3bkA(1 —be ) e " = —————=3bkA(1 — be ") e7* = —
GaL = kAL —beT ) e A(1 — be—kLy3 (1-be™)e bk (e

34


https://doi.org/10.1101/2020.06.22.163659

885

890

895

900

905

910

bioRxiv preprint doi: https://doi.org/10.1101/2020.06.22.163659; this version posted June 23, 2020. The copyright holder for this preprint

(which was not certified by peer review) is the author/funder. All rights reserved. No reuse allowed without permission.

To find the maximum value of %%, we differentiate the above function and find the value of L

(e_kL—kLe_kL)(l—be_kL)—(Le_kL)(bke
(1—be—kL)2

—kL
where the derivative is equal to zero: 0 = 3bk [ )] 5 Ling =

b
e

k

where L;, is the value of L at the inflection point. We evaluate the function G = A(1 — be*)3

at that value to get G;p,f, the value of G at the inflection point, where G;,,p = A(1 — be~kLins)3
We evaluate %% at Ly s to get the value of the maximum slope of the log-log plot.

LdG _ Linpe~KLins
MaXear = 2P 1~ peKlins

Relationship between Normalized Light and Size We fit log-linear regressions to the
relationship between incoming light per unit crown area and diameter, and to the relationship
between incoming light per unit crown volume and diameter. As above, the models were fit in a

Bayesian framework.

Abundance and Growth Scaling Relationships, Scaled by Light per Crown Area We also fit
abundance and growth scaling relationships where, instead of using diameter to represent
individual size, we used incoming light per unit crown area to quantify the scaling behavior of
abundance, individual growth, and total growth as light increases. For abundance scaling, we fit
a power law similar to the 1-segment abundance power law described above, but we fixed the
Dyin parameter at 7 W m2, roughly where power law behavior begins (see Fig. S9). For growth
scaling, we fit a log-linear regression identically to the 1-segment growth model described
above. The model fitting procedure was the same as for the other fits described above, and we
used the same procedure to calculate total growth scaling as the product of individual growth and

abundance scaling, which corrects for bias introduced by Jensen’s inequality.
Richness scaling

Richness is an emergent property that does not reflect individual rates or cumulative values like

abundance. Thus, richness in Fig 4d was calculated summing unique species occurrence in the
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plot for a log binned size class, with loess regression fits. Ratios of these values were plotted in

Fig. 6¢-d; linear regression fits were performed on binned data.

Light and Production Scaling At the leaf level, assimilation saturates at some light intensity.

915  However, approximate proportionality of light interception and growth in Eq. 4 is predicted to
occur for the following reasons. First, most trees are not in the upper canopy where light is
highest, so production will generally increase with higher light. Second, even in the upper
canopy, many leaves are below the uppermost crown and experience self-shading. Thus, at the
whole tree level, greater light will increase assimilation rates in leaves lower in crown and

920  thereby increase tree growth. Indeed, individual growth rate does not plateau at highest observed
light intensities, but slows only modestly (Fig. S3). Finally, both total light capture and
production per size class are proportional to the number of individuals in that class, facilitating a

proportional relationship to each other.

925  Theoretical Predictions Previously, we showed that fast-metabolizing, endothermic mammals
and birds have performance advantages over slow-metabolizing shark and bony fish competitors
33, In particular, water temperature mediates the availability of prey resources: cold water slows
the metabolism and speed of fish prey, leading to easier capture of fish by marine endotherms.
From the tropics to the poles the relative abundance of mammals and their consumption of prey

930  follows a power law with water temperature, with the observed slope matching model
predictions. Further, the ratio of endotherm richness to ectotherm richness follows globaly
follows a directionally similar but shallower power law (slope of 0.79 vs 1.05). More generally,

elevated metabolism corresponds with a variety of faster ‘work’ rates — e.g., growth and

67,68 69,70

development rate 7%, reproduction ¢%7°, and locomotion ** — but at the cost of higher resource
935  demand. Generalizing across taxa, performance-demand tradeoffs are predicted to lead to power
law shifts between competing life history guilds in forests over a resource gradient, whereby

13,71

species with ‘acquisitive’ strategies and high leaf metabolism increase in relative abundance

and resource uptake in high light environments.

940  Model Fitting Details All models were coded in the Stan language and fit with CmdStan 2.15.0.

The model outputs were visualized and the model statistics were calculated using R 3.6.0,
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including the rstan package version 2.18.2 (ref %) and the loo package version 2.1.0 (ref 7?) for

finding information criteria. In all cases, we used Hamiltonian Monte Carlo to sample from the

posterior distribution, with 3 chains, 5000 warmup samples per chain which we discarded, and
945 1000 post-warmup samples per chain which we retained. We assessed convergence of posterior

distributions by visually examining trace plots and by ensuring that R < 1.1 for all parameters 74,
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Supplementary Table
950

Table S3. Scaling exponents (slopes) for growth, light capture and abundance.

Life Growth Indiv. Abundance Production Solar Spp n

History Light Capture

Fast 2.33 2.21 -1.71 0.620 0.504 52 8,898
(2.30, (2.20, (-1.84, (0.491, (0.371,
2.35) 2.22) -1.60) 0.735) 0.615)

Tall 2.20 2.22 -1.45 0.751 0.780 65 11,136
(2.18, (.21, (-1.50, (0.695, (0.724,
2.21) 2.24) -1.40) 0.803) 0.830)

Slow 2.26 2.30 2.39 -0.134 -0.101 64 86,864
(2.26, (2.29, (-2.42, (-0.163, (-0.130,
2.27) 2.30) -2.38) -0.113 0.081)

Short 2.25 2.22 -3.02 -0.807 -0.843 44 10,456
(2.22, (2.19, (-3.10, (-0.899, (-0.936,
2.28) 2.24) -2.94) -0.724) -0.761)

Medium 229 2.33 -1.63 0.665 0.704 52 12,817
(2.27, (2.32, (-1.79, 0.507, (0.545,
2.31) 2.35) -1.54) 0.758) 0.795)

All 2.26 2.27 -2.09 0.176 0.181 293 132,982
(2.26, (1.26, (-2.10, (0.164, (0.168,
2.26) 2.27) -2.08) 0.189) 0.192)

2.5% and 97.5% quantiles (i.e., 95% credible intervals) are shown in parentheses. Abundance,
production and solar capture slopes are for the intermediate portion of three-part, piecewise Pareto

955  fits, ~ 3 — 50 cm dbh. Light slopes represent the increase in light interception with stem diameter.
Light capture and production refer to collective rates across stem diameters. 2,809 individuals
(2.1% of total) were unclassified and are included in analysis of A//. n represents the number of
individuals over two sampling periods (1990, 1995) used to calculate total growth production
(‘Production’). All slopes are from log-log regression fits.

960
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Supplementary Plots
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Fig. S1. Light transmittance with tree size. a Leaf area index (LAI) increases with crown
depth. b. High LAI lead to declines in photosynthetic flux density (PFD). Data for four
Panamanian trees, from Kitajima et al (2005). Full species names are Anacardium excelsum,

970  Luehea seemannii, Antirrhoea tricantha, and Castilla elastica.
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Fig. S2. Life history Principal Component Analysis (PCA) scores with loadings. Data from
Ruger et al, 2018, correspond to their Fig. 1a. Survival and growth loadings are shown at varying
canopy layers, where higher layer numbers reflect higher heights. Growth is change in stem

975  diameter per basal area per time. Classification protocol for life history guilds are described in
Methods.

40


https://doi.org/10.1101/2020.06.22.163659

bioRxiv preprint doi: https://doi.org/10.1101/2020.06.22.163659; this version posted June 23, 2020. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder. All rights reserved. No reuse allowed without permission.

1 -
0.1-
0.01 1
(4]
o
<
So 1
© E
O - 0.1
E’_ s
c g 0-01 T
=
o
Q)
1 Individuals
- 1000
0.1- 100
0.01 -+ 10
-y

i 10 100
Light per Crown Area (W m ™)

980  Fig. S3. Heat map of growth per light capture. Higher light intensity leads to more rapid
growth that slowly saturates. Tree size effects on growth rate and light capture are normalized by
dividing by tree crown area. Number of individuals per cell are indicated by color.
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Fig. S4. Growth and mortality responsiveness to light. Life history guilds vary in how their

990  mortality (a) and growth rate (b) changes with light intensity (Fig. 2a-b, Fig. S5). Fast and tall
species are the most responsive (steeper slopes): mortality declines rapidly in high light, while
growth increases rapidly in high light. b Shown are the steepest increases in growth rate with
light in Fig. S5. a-b Error bars indicate 95% credible intervals.
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Fig. SS. Heat map of individual growth scaling per life history guild. The density of
individuals for a given size and growth rate is shown. A reference slope (dashed) of 2 predicted
by MST is shown. See also Table S4.
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Fig. S7. Individual light capture with size. Light capture follows a power law; mean values

with 25% and 75% quantiles are shown in black. Multiplication of individual light capture

regression fit with population density (Fig. 4b) yields total light capture plotted in Fig. 5a.
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Fig. S8. Mean life history PCA scores across size and light. a-b Mean PCA scores for all
individuals along two life history dimensions are plotted with 95% credible intervals.
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Fig. S9. Growth, abundance and production with light. Linear regression fits for a growth
and b abundance are multiplied to estimate ¢ production for respective life histories. Regression

1025  fits in ¢ are used to calculate dimensionless ratio fits in ¢ and Fig. 6a. 95% credible bands are
shown on all regressions, and regression fits are limited to > 7 W m~2, where patterns are
approximately linear. Note that despite a two order of magnitude decline in production below 7
W m in ¢, dimensionless life history production ratios are approximately linear across the full
range of light conditions in d, consistent with theoretical predictions (Eq. 5).
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