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Detailed description of individual growth and mortality models
Appendix S2

Individual growth and mortality models

We modelled tree growth and mortality as a function of size, competition and wood density for
each continent (Amazonia, tropical Africa), using non-linear hierarchical models. Annual basal
area growth (G) and annual probability of mortality (M) for a tree were modeled as follows:

G =acg X pc xS x Cg
M=[1+am x pmx Sm *x Cum]!

where ag and awm are constants, and pg and pm are plot-level random effects. Sand C (for growth
and mortality) are non-linear functions that capture effects of tree size and competition:

S = dbh®t x exp (—52 X dbh)
C = exp (—¢; X dbh? X BApeign)

where dbh indicates diameter at breast height of a tree, and BAneign its neighbor basal area. s1, 52,
c1 and c2 control the shape of the functions and have separate values for growth and mortality. To
aid model fitting, we re-scaled dbh and BAeigh by dividing them by numbers close to their
observed means.

We accounted for species-to-species variation in growth and mortality by constructing
models based on WD. To incorporate WD effects, we defined a, s;, s2, ¢; and ¢> as linear
functions of WD. For each of these (here ), we estimated parameters Gmin and Gmax to define
their values at the minimum and maximum WD that was observed among species (WDmin and
WDhmax, respectively). We used linear interpolation to estimate  for each stem as:

9 = Wemin + (I'W)gmax
where weighting coefficient w is calculated as:

WD, — WD
WDmax - WDmin

w =



We used hierarchical Bayesian modeling to estimate the posterior distribution of the parameters
for each model. Annual basal area growth (ABA) of individual trees was modeled by a normal
distribution, with a standard deviation that increased as a linear function of dbh. Observations of
tree survival (D=0) or death (D=1) over the census interval were modeled by a Bernoulli
distribution whose mean was the compounded probability of mortality over a census interval of y
years. Plot effects on tree growth and mortality were considered to be normally distributed with a
mean of one:

ABA ~ N(G, 00 + odonh % dbh)
D ~Bern(1 - (1 - My)
pG ~N(1, 06)
pv~N(1, om)

where 6o, gabh, 0G, and om are estimated parameters. All model parameters were assigned
uninformative priors. We performed Markov chain Monte Carlo sampling with four chains, with
per chain 750 000 burn-in and 500 000 sampling iterations. We thinned chains by retaining every
100" sample, and assessed convergence using the Gelman-Rubin criterion (Gelman and Rubin
1992). To assess whether competition influenced growth and mortality, we compared the model
with effects of competition with a model that excluded competition by fixing either Cg or Cum at
1, based on the Watanabe-Akaike Information Criterion (WAIC; Watanabe 2013, Hooten and
Hobbs 2015).

All analyses were performed in R 3.1.2 (R Core Team 2014). MCMC sampling was
performed using the ‘Filzbach’ sampler, as implemented in the ‘filzbach’ package (Lyutsarev
and Purves 2013). The Gelman-Rubin criterion was calculated using the ‘coda’ package
(Plummer et al. 2006).

Comparison of indices of competition

To assess whether BAneigh accurately captured local effects of competition, we also fit models
with a neighborhood crowding index (NCI; see Uriarte et al. 2004) instead of BAneigh for a subset
of 86 plots for which at least 90 % of the trees were mapped. We randomly assigned coordinates
to trees that were not mapped within the corresponding 0.04 ha subplot. All trees within 10 m of
the edge of the plot were excluded from analysis, as their neighborhood is partially undefined.
NCl is considered to be a good proxy for light availability to an individual tree (Grote et al.
2013). NCl is based on the size of and distance to, neighbor trees within a 10 m radius of the
focal tree:

NCI = _J

where dist is the distance between focal tree i and neighbor tree j for a total of J neighbor trees.
For both continents, growth models that included NCI were not better supported than models
with BAneigh (Table S1). A mortality model that included NCI performed better than a model
with BAneigh for Africa, but for Amazonia the mortality model without competition was best
supported (Table S1). Thus, BAxeigh generally captured local effects of competition, but not for
tree mortality in Africa. Nevertheless, also in models based on NCI, effects of competition on



mortality were negligible (results not shown). We therefore included results for models that
included BAueigh only, based on data from all 151 plots.

Table S1. Comparison of individual-based tree growth and mortality models that varied in
competition index for 86 plots in Amazonia (n = 44) and tropical Africa (n = 42) for which trees
were mapped. Models were compared based on the Watanabe-Akaike Information Criterion
(WAIC), with the difference from the best model (AWAIC) shown. Best models are indicated in
bold. NCI = neighborhood crowding index; BAuneigh = basal area of neighbor trees per 0.04 ha
subplot.

Amazon Africa
growth mortality growth mortality
Competition index AWAIC AWAIC AWAIC AWAIC
none 1566 0 1079 384
NCI 177 437 761 0
BAneigh 0 331 0 295
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