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Abstract. Colonization—competition trade-offs represent a stabilizing mechanism that
is thought to maintain diversity of forest trees. If so, then early-successional species should
benefit from high capacity to colonize new sites, and late-successional species should be
good competitors. Tests of this hypothesis in forests have been precluded by an inability
to estimate the many factors that contribute to seed production and dispersal, particularly
the many types of stochasticity that contribute to fecundity data. We develop a hierarchical
Bayes modeling structure, and we use it to estimate fecundity schedules from the two types
of data that ecologists typically collect, including seed-trap counts and observations of tree
status. The posterior density is obtained using Markov-chain Monte Carlo techniques. The
flexible structure yields estimates of size and covariate effects on seed production, variability
associated with population heterogeneity, and interannual stochasticity (variability and se-
rial autocorrelation), sex ratio, and dispersal. It admits the errors in data associated with
the ability to accurately recognize tree status and process misspecification. We estimate
year-by-year seed-production rates for all individuals in each of nine sample stands from
two regions and up to 11 years. A rich characterization of differences among species and
relationships among individuals allows evaluation of a number of hypotheses related to
masting, effective population sizes, and location and covariate effects. It demonstrates large
bias in previous methods. We focus on implications for colonization—competition and a
related hypothesis, the successional niche—trade-offs in the capacity to exploit high re-
source availability in early successional environments vs. the capacity to survive low-
resource conditions late in succession.

Contrary to predictions of trade-off hypotheses, we find no relationship between suc-
cessional status and fecundity, dispersal, or expected arrivals at distant sites. Results suggest
a mechanism for maintenance of diversity that may be more general than colonization—
competition and successional niches. High variability and strong individual effects (vari-
ability within populations) generate massive stochasticity in recruitment that, when com-
bined with ‘‘storage,” may provide a stabilizing mechanism. The storage effect stabilizes
diversity when species differences ensure that responses to stochasticity are not highly
correlated among species. Process variability and individual effects mean that many species
have the advantage at different times and places even in the absence of ‘‘deterministic”
trade-offs. Not only does colonization vary among species, but also individual behavior is
highly stochastic and weakly correlated among members of the same population. Although
these factors are the dominant sources of variability in data sets (substantially larger than
the deterministic relationships typically examined), they have not been not included in the
models that ecologists have used to evaluate mechanisms of species coexistence (e.g., even
individual-based models lack random individual effects). Recognition of the mechanisms
of coexistence requires not only heuristic models that capture the principal sources of
stochasticity, but also data-modeling techniques that allow for their estimation.
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INTRODUCTION

Colonization-competition trade-offs may be a sta-
bilizing force for tree diversity (Tilman 1994, Rees et
al. 2001). This mechanism requires a trade-off between
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colonizing and competitive abilities and, thus, a hier-
archy of species arranged along these two axes (Tilman
1994). Species that tend to colonize first have high
fecundity and broad dispersal. This capacity to colonize
early is offset by inferior competitive ability (Horn and
MacArthur 1972, Armstrong 1976, Hastings 1980, Cas-
well and Cohen 1991). The trade-off enhances coex-
istence by allowing for different species to be favored
at different times following disturbance, and the land-
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scape provides continual turnover in terms of newly
disturbed sites. By itself, the mechanism has strict re-
quirements in terms of parameters describing coloniz-
ing ability and rates of competitive demise. Moreover,
there is a limit to how similar the species can be in
terms of these parameter trade-offs (Tilman 1994,
Holmes and Wilson 1998, Adler and Mosquera 2000).
This stringent requirement can be alleviated to some
degree by the presence of a second mechanism, the
successional niche, whereby species trade off compet-
itive ability when resources are scarce (e.g., low light
levels long after disturbance) with the capacity to ex-
ploit abundant resources that may be present imme-
diately following disturbance (Pacala and Rees 1998).
Although both competition—colonization and succes-
sional niches require trade-offs, these mechanisms can
operate simultaneously (Bolker and Pacala 1999, Rees
et al. 2001, Hixon et al. 2002), resulting in the pos-
sibility of trade-off combinations that involve both
mechanisms. Tree species may possess a suite of traits
related to successional status (OQosting 1942, Connell
and Slatyer 1977, Christensen and Peet 1984, Huston
and Smith 1987, Pacala et al. 1996).

There are no direct tests of the colonization—com-
petition hypothesis in forests, where manipulative ex-
periments are necessarily shorter than tree generations.
Experimental tests have been suggested for short-lived
plants (Tilman 1994, Pacala and Rees 1998, Bolker and
Pacala 1999). Levine and Rees (2002) used seed size
as a basis for examining the relationship in annual
plants, but perennial plants entail broader challenges.
In lieu of long-term field experiments, tests would re-
quire two elements. First, colonization capacity needs
estimation. If colonization—competition trade-offs main-
tain diversity, then fecundity and dispersal capacities
of early-successional species combine to result in high-
er probabilities of arriving at new sites than late-suc-
cessional species. Second, models incorporating those
estimates can be used to evaluate whether or not trade-
offs with competitive ability could promote coexis-
tence. We address the first component here, by provid-
ing estimates of fecundity schedules and dispersal. The
second component is the subject of another study (J.
S. Clark, M. Dietze, S. Govindarajan, and P. Agarwal,
unpublished manuscript).

Although there have been numerous efforts to quan-
tify fecundity of trees growing in closed stands, none
have produced accurate estimates. Fecundity schedules
comprise a complex set of patterns that involve tree
size (e.g., Harper 1977, Thomas 1996), location
(Greenberg and Parresol 2002) and resource effects
(LaDeau and Clark 2001), autocorrelation (dependence
in time), synchronicity among individuals that may in-
volve climate and pollen limitation (Koenig and Knops
2000), and sex ratios. Lack of fecundity estimates re-
sults from an inability to directly observe seed pro-
duction. Open-grown trees sometimes provide a basis
for whole-tree seed-production estimates (e.g., Koenig
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et al. 1994). More typically, forests have closed can-
opies, where seeds can often be seen on trees, but not
counted. Observations from towers above the canopy
(LaDeau and Clark 2001) are an exception. Where trees
are isolated from conspecifics and dispersal distances
are low (seed shadows do not overlap), direct calcu-
lations based on seed-trap densities provide rough es-
timates (Downs and McQuilken 1944, Greenberg and
Parresol 2002). Seed orchards are of little relevance,
because artificially high fecundity of open-grown trees
does not apply to closed stands—they are open-grown
for a reason. Likewise, onset of reproduction observed
for open-grown trees occurs earlier than it does in the
understory. We are unaware of sex-ratio estimates for
any overstory tree species—a tree with no apparent
seed might be male, immatyre, observed at the wrong
time, or seeds may simply be obscured from view. Us-
ing inverse methods (Ribbens et al. 1994, Clark et al.
1998, 1999b) it has been possible to identify a single
fecundity parameter, which is not sufficient to describe
the many elements of fecundity schedules. We show
here that the many sources of stochasticity that are left
out of previous inverse models result in misleading
estimates.

We introduce methods to simultaneously estimate a
comprehensive range of factors that determine tree fe-
cundity schedules. Developments in computational sta-
tistics during the 1990s (Gelfand and Smith 1990, Gel-
man et al. 1995, Carlin and Louis 2000) allow us to
define a high-dimensional model for these joint effects
and to estimate the full complement of latent (unob-
served) variables and parameters that describe fecun-
dity schedules. Our analysis involves a process model
for the fecundity schedule that accommodates the time-
series character of seed production in individuals. Be-
cause fecundity is a latent process (we cannot directly
observe it), we embed this process model within a rich
structure that links the latent fecundity process to the
two types of data ecologists typically obtain, seed col-
lections and observations of whether or not individual
trees are reproductive. The latent fecundity process is
estimated tree-by-tree together with ‘‘population-lev-
el” variables, such as sex ratios, covariate and size
effects, and serial (year-to-year) autocorrelation, to-
gether with dispersal and the parameters that describe
onset of first reproduction. The individual time series,
together with their uncertainties, are then available for
more extensive investigations of spatial and temporal
effects. An unusually large data set involving nine
stands from two regions spanning up to 11 years reveals
location effects. As part of this analysis we demonstrate
how to address the broad challenge of assimilating dif-
ferent types of evidence as the basis for inference at
the individual and population levels. Results allow us
to evaluate the extent to which species differ at the
population and individual levels and to evaluate the
extent to which actual fecundity schedules support as-
sumptions of the colonization—competition hypothesis.
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Because it will be familiar to ecologists and serve
as a point of departure, we begin with a summary of
the classical modeling approach. This brief overview
provides context and illustrates why previous methods
are inadequate. We then describe statistical computa-
tion methods that allow us to accommodate full fecun-
dity schedules. Our analysis involves partitioning the
deterministic and stochastic factors that contribute to
fecundity schedules for all of the dominant canopy spe-
cies in our two study regions.

STRATEGY
The limitations of traditional methods

Fecundity models are typically allometric (Harper
1977, Thomas 1996). For trees, diameter is the common
size variable, because it is readily observed:

YVi=mtog 1)

where y, is the annual log seed production by the ith
tree having log diameter d;, and

B = 0 + ad; 2

is the fecundity process model, where o, and a, are
regression parameters, and ¢; is a zero-mean error pro-
cess, g; ~ AN(0, a?). If fecundity is simply proportional
to basal area (diameter squared) (e.g., Ribbens et al.
1994, Clark et al. 1998, 19995, Greenberg and Parresol
2002), then a, = 2 (Fig. 1). If the rate of fecundity
increase eventually declines with diameter, as expected
when trees become large (Downs and McQuilkin 1944,
Greenberg and Parresol 2002), then 0 < o, < 1. The
last term in Eq. 1 allows for observation error and
process variability on annual seed counts. Observation
errors result because counts are imprecise. Process var-
iability is model misspecification. Eq. 1 is not the exact
relationship between tree diameter and fecundity, but,
rather, an approximation. It is an approximation, be-
cause many factors that affect fecundity are not con-
tained in the model. Because fecundity y; typically can-
not be directly observed, this traditional approach is
not tenable.

Inverse approaches allow some progress by intro-
ducing a transport model for dispersal that translates a
process that is obscure (seeds in trees y;)) to data that
can be collected (seeds counted in traps s;)(Ribbens et
al. 1994, Clark et al. 1998, 1999b). Such models can
be written in general terms as

5; ~ Pois[ATg/y)] 3

where A is the area of a seed trap, 7 is the duration of
the study, and g(y) is expected seed flux to the ground
at location j (seeds per area per year). The Poisson
sampling distribution is the sole source of variability,
as g(y) is a function of a deterministic fecundity pro-
cess (Eq. 2) and a “mean”’ dispersal process. This ap-
proach entails shortcomings that are unappreciated. A
short catalog of problems includes the following:
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Fig. 1. Seed counts on seven Acer rubrum trees from

central Massachusetts felled in 1971 (solid circles; Abbott
1974). Also shown is the maximum-likelihood estimate (solid
line) with 95% cI (dashed lines) for the fecundity schedule
obtained using an inverse modeling approach (Clark et al.
1999b).

1) No process variability.—Because we cannot ob-
serve seed production, we must infer it; fecundity is a
latent variable to be estimated, not observed. If we
allow no stochasticity in the fecundity process, we as-
sume that Eq. 2 describes seed production exactly. We
can ‘‘propagate” error in the estimates of o, and o, to
y;, but that confidence envelope is conditioned on the
assumption that there is no stochasticity in the fecun-
dity process. To construct a confidence interval on fe-
cundity that accommodates variability, it must be in-
cluded in the model.

Inverse methods based on classical statistics (Rib-
bens et al. 1994, Clark et al. 1999b) do not allow for
variability in fecundity (process variability). The Pois-
son sampling distribution is not related to fecundity. It
does not enter the model at the same place as fecundity,
and it has a different structure. Because the seed-trap
sampling distribution is the only place that recognizes
stochasticity, variability in fecundity will be assumed
(in the model) to arise after dispersal. By contrast, Eq.
1 describes process variability that is lognormal —low
(but positive) values most years, with occasional high
production. If we propagate that variability to seed-
trap counts, we could imagine a sampling distribution
more dispersed than Poisson (i.e., conditionally Pois-
son, albeit marginally overdispersed). However, a more
dispersed sampling distribution for seed traps (e.g.,
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Clark et al. [1998] used a negative binomial) does not
permit identification of additional parameters. The
shape parameter for the sampling distribution simply
trades off with other parameters (Clark et al. 1999b).
The fact that we cannot include process variability &;
suggests that parameter estimates could be biased. We
will show here that the bias is large.

2) Time-series considerations.—Because seed pro-
duction may be correlated over time, the independent
errors (white-noise) assumption of Eq. 1 is unrealistic.
Thus, even if we could include process variability in
fecundity, we still require a structure that accommo-
dates the autoregressive nature of seed production. In
other words, Eq. 1 needs a time component, y, =
+ &,, where the stochastic term allows autocorrelation.

3) Individual effects.—The masting phenomenon
concerns both individual differences and time. Egs. 1
and 2 assume that the same fecundity relationship ap-
plies to all individuals of a given diameter. We cannot
infer variability among individuals if we assume that
they are identical. A random component for “‘individ-
ual effects,” B;, might now look like this: y, = p, +
B: + &, This is termed a “mixed model.”

4) Inflexible process model.—The allometric model
does not allow for the fact that trees produce no seeds
until maturity, that production can then increase rapidly
(LaDeau and Clark 2001), and that it subsequently de-
clines with age (Downs and McQuilkin 1944). In prin-
ciple, we can add more parameters. In practice, even
large data sets from stands containing large trees do
not permit identification of additional parameters. Nei-
ther Ribbens et al. (1994) nor Clark et al. (1998, 19995b)
resolved both parameters in Eq. 2; in both cases, pa-
rameter o, was fixed.

5) Gender.—Because seeds may not be observed on
a tree for many reasons, we cannot use the regression
approach to identify the sex ratio of dioecious species.

6) Inability to assimilate evidence.—Point 5 is one
aspect of a broader limitation: both seed-trap and status
observations could contribute insight on tree fecundity.
Eq. 1 requires counts of seeds on trees, which cannot
be obtained, and it accommodates neither of the vari-
ables that can be observed. The inverse approach ac-
commodates only seeds in traps.

A study that reports direct observations of seed pro-
duction of forest-grown trees (Abbott 1974) demon-
strates the challenges. Seven Acer rubrum trees were
felled, and seeds were removed and weighed. Subsam-
ples were counted. Total fecundity was estimated based
on sample masses. These estimates from closed-canopy
conditions show a relationship between fecundity and
diameter, with the smallest individual supporting
~12000 seeds and the largest individual (33-cm di-
ameter) having nearly 10° (Fig. 1).

Most aspects of fecundity cannot be determined from
this destructive harvest. The snapshot view gives no
indication of interannual effects. We do not know if
the year 1971 is representative, if there is autocorre-
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lation, or if there are higher-order effects (e.g., mast-
ing). Of course, all trees were selected for this study
because seeds were evident. We do not know size of
maturation or sex ratio, because those estimates would
require sampling that is blind as to reproductive status.
We cannot separate size effects from individual ef-
fects—if size effects explain Fig. 1, then we infer a
dramatic increase in fecundity at 25-cm diameter. Al-
ternatively, individual differences might explain the
scatter in Fig. 1. Because there is a single year of data,
we cannot assess correlations among individuals or
through time.

The superimposed schedule for A. rubrum estimated
in the southern Appalachians contrasts the limitations
of seed-rain estimates obtained from a classical frame-
work. Due to high interannual variability, Clark et al.
(1999a) found that nearly five years of data, pooled
across years, were needed to estimate a single fecundity
parameter. Because more parameters are not identifi-
able, the fecundity schedule is unrealistic over much
of the size range, increasing too slowly for small trees
and too fast for large trees (Fig. 1). Thus, we require
extensive data to estimate a single parameter, with no
prospect for inferring size and covariate effects, au-
tocorrelation, synchronicity, and tree-to-tree correla-
tion.

A hierarchical Bayes structure

Our model relates seed production to the two types
of data ecologists typically collect. Seed traps provide
information on fecundity, provided we link those data
to the individual trees. Status observations constrain
estimates based on seed traps, because they provide
explicit information on individuals. We employ a hi-
erarchical Bayes structure that allows us to combine
these different data types. It consists of (1) process
models, (2) data models, and (3) parameter models.
The full hierarchical structure can be represented in
terms of these three stages:

p(parameters | data, priors)

o« p(data| process, data parameters) (3a)
X p(process | process paramieters) (3b)
X p(parameters | priors) 3c)

(Gelfand and Smith 1990, Wikle et al. 2003). The left-
hand side of Eq. 3 is a joint distribution of ‘“‘unob-
servables’’ (parameters and latent variables), including
those related to the process of interest and those that
allow for additional sources of stochasticity (uncer-
tainty and variability).

Our model structure is designed to quantify com-
ponents of fecundity that have long been recognized.
This motivation contrasts with one that would test for
hypothetical factors and, consequently, focus on model
selection to identify the lowest-dimensional model. Our
process models for seed production, maturation, and
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FiG. 2. Model structure for hierarchical Bayes analysis based on Eq. 3. Boxes contain model elements. Sources of

stochasticity are in italics.

dispersal (3b) are simple and isolate factors that are
well-known. They describe conditional fecundity, re-
productive status, and dispersal (Fig. 2: “Process”
stage). The conditional fecundity schedule is the seed
production of a tree, conditioned on the events that it
is mature and (for dioecious species) female.
Because it has long been recognized that masting
contributes to fecundity patterns, we estimate the ef-
fects of time and individuals. This requires a nonlinear
mixed model with longitudinal structure. The model is
“mixed’” because there is a population-level relation-
ship between diameter and seed production (fixed ef-
fects) and additional variability among individuals
(random effects). Thus, we allow heterogeneity in the
diameter—fecundity relationship and interannual vari-
ability, including autocorrelation. The longitudinal
structure allows that each tree’s schedule is a time se-
ries representing a single observation. We develop the
simplest possible model that includes these effects.
Due to the nature of observations, there are two ad-
ditional process models that link seed production of
trees to observations of tree status (maturation sched-
ule) and seed counts in traps (dispersal). The matura-
tion schedule describes the increasing probability of
maturation with diameter and the sex ratio. The dis-
persal process distributes tree production to seed traps;
it is spatial and based on maps of trees and seed traps.

Again, we incorporate the simplest possible process
models that are consistent with observations, a sigmoid
increase in maturation status (e.g., LaDeau and Clark
2001), one parameter for gender, and one parameter for
the dispersal model (Clark et al. 19995).

Data models (Eq. 3a) relate the processes of con-
ditional fecundity, maturation, and dispersal to obser-
vations (Fig. 2: “Data” stage). The data model for tree
status assigns probabilities to each type of observation
(seeds not observed, seeds present, male flowers pre-
sent and no seeds) conditioned on the true state of the
tree (immature, female and mature, male and mature).
This is a model for recognition error. The data model
for seed rain relates the seed density predicted for a
spatial location to seed counts based on the collecting
area of traps and sampling stochasticity. Again, we
emphasize simplicity, with one parameter for recog-
nition probability. No new parameters are required for
the Poisson sampling distribution of seed traps. Param-
eter models (Eq. 3¢) allow for stochasticity and consist
of priors and hyperpriors (Fig. 2: ‘““Parameter” stage).
Individual effects represent an additional stage (“‘Hy-
perparameter”” stage), which we might choose to label
as a level ““3d.”

Model complexity

There are two reasons why we do not pursue model
selection. First, despite the high dimensionality de-








































































