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Two largely independent bodies of scaling theory address the
quantitative relationships between habitat area, species diversity
and trophic interactions. Spatial theory within macroecology
addresses how species richness scales with area in landscapes,
while typically ignoring interspecific interactions1–6. Complexity
theory within community ecology addresses how trophic links
scale with species richness in food webs, while typically ignoring
spatial considerations7–12. Recent studies suggest unifying these
theories by demonstrating how spatial patterns influence foodweb structure13–16 and vice versa17. Here, we follow this suggestion by developing and empirically testing a more unified scaling
theory. On the basis of power-law species–area relationships, we
develop link–area and non-power-law link–species models that
accurately predict how trophic links scale with area and species
richness of microcosms, lakes and streams from community to
metacommunity levels. In contrast to previous models that
assume that species richness alone determines the number of
trophic links7,8, these models include the species’ spatial distribution, and hence extend the domain of complexity theory to
metacommunity scales. This generality and predictive success
shows how complexity theory and spatial theory can be unified
into a much more general theory addressing new domains of
ecology.
NATURE | VOL 428 | 11 MARCH 2004 | www.nature.com/nature

A widely observed pattern in ecology is the power-law scaling of
the number of species S of a metacommunity with local habitat
area A
S ¼ cAz

ð1Þ

1,2

where c and z are positive constants . This relationship may occur
when colonization frequency increases with area and extinctions
become less likely in larger habitats because of larger populations1–3,
in which case spatial isolation can reduce z by preventing colonization events1–3. A recent incorporation of trophic considerations into
spatial scaling theory suggests that z increases with trophic level17.
Here, we reinforce this bridge between fields in the opposite
direction by incorporating spatial scaling considerations into
trophic theory.
Theories of biocomplexity within local communities express the
power-law scaling of feeding links between species, L, with species
richness, S, as
L ¼ bSu

ð2Þ
7–10

where b and u are positive constants . The ‘link–species scaling
law’ asserts that consumers have a finite number of resources that is
independent of community diversity (u ¼ 1)7. The alternative
‘constant connectance hypothesis’ asserts that species are linked
on average to a fixed fraction of other species, and that links scale
with the square of species richness (u ¼ 2)8. Empirical analyses find
exponents spanning this range (1 # u # 2)7–10 and classical stability
theory predicts exponents at the low end of this range due to
positive feedbacks thought to accompany higher linkage densities18.
However, spatial patterns may ameliorate this instability of highly
diverse food webs16,18–20. A few studies have found that ecosystem
size determines the length of food chains14–16, but such study of the
effects of space on food-web structure is surprisingly limited. Here,
we address this limitation by deriving link–area and spatially
explicit link–species relationships from species–area models and
testing them against the best available data.
Combining equations (1) and (2) yields a simple model for the
scaling of links with area
L ¼ bcu Auz

ð3Þ

This link–area relationship depends on whether the link–species
scaling law (u ¼ 1)7 or the constant connectance hypothesis
(u ¼ 2)8 is accepted. Being based on equation (2), equation (3)
also assumes that the link–species relationship in equation (2) holds
independent of the value of S. This characterizes local communities,
in which all S species co-occur spatially and therefore all consumers
co-occur with and consume their resources among the S species8. In
metacommunities, species may be spatially isolated from potential
consumers and resources, which might prevent certain links from
being realized8. This suggests that equations (2) and (3) inaccurately
predict trophic complexity at macroecological scales8,21. Here, we
address this potential inaccuracy by starting with the species–area
model in equation (1) and deriving the following food-web complexity models, which do not assume general consumer–resource
co-occurrence (see Box 1):
L ¼ KvðAÞA2z ¼ ðK=c2 ÞvðAÞS2
L ¼ KvðAÞAzk þzr ¼

K
K
vðAÞSk Sr ¼
vðAÞSu
ck cr
ck cr

ð4Þ
ð5Þ

where K is constant. In contrast to equation (4), equation (5)
accounts for differences in the species–area relationships between
consumers and resources, as indicated by the subscripts k and r,
respectively. v(A) represents the increased or decreased likelihood of
consumer species occurrences in patches with their resources
compared with random patches. This effectiveness of consumers
tracking their resources may be scale dependent. For the metacommunity in area A 0, L(A 0) ¼ L 0 if v(A 0) ¼ 1. At other spatial scales,
v(A) . 1 or v(A) , 1 indicates that, on average, consumer species
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have a higher or lower than random probability of co-occurring
with their resources in areas of size A, respectively. The exponent u
of the link–species relationship is
u ¼ lnðSk Sr Þ=lnðSÞ

ð6Þ

Box 1
The unified spatial scaling model
We consider a real or fictitious habitat patch of area A 0 large enough for
a metacommunity of S 0 species (according to equation (1)) with L 0
trophic links, and local community patches of area A i ¼ A 0/2i
containing S i species on average. The species–area relationship of
equation (1) implies5,6 that a randomly chosen species will be present
in a random local community patch of size A i with the probability
pi ¼ Si =S0 ¼ ai
ð7Þ
where a ¼ 22z. Equation (7) exhibits the fractal or self-similarity
property5,6 p i ¼ ap i21 for all i. The central tendency among species,
p i, does not necessarily describe each individual species. The mean
number of links L i in A i can be calculated by
S0 X
X
pi ðkjrÞpi ðrÞ
Li ¼
ð8Þ

Unlike equations (2) and (3), equations (4) and (5) use metacommunity food-web structure and the degree of co-occurrence of
consumers with their resources to predict the scaling of links with
habitat area and species richness, enabling them to be applied at
local to macroecological scales. Equations (2) and (3) are ‘community scaling models’ because they assume general consumer–
resource co-occurrence as happens in local communities. Equations
(4) and (5) are ‘unified scaling models’ because they integrate
species–area models and scale-dependent consumer–resource cooccurrences to predict how complexity scales from local communities to macroecological scales.
We tested the community and unified models against empirical
data from aquatic microcosms22, lakes23,24 and streams25–27. The
microcosms include a mean of 203 trophic links among 32 taxa with
only one primary producer and one top consumer (see Methods).
This causes consumer and resource species to be very similar with
expectedly similar z values, allowing the use of equation (4). The
empirically determined link–area exponent equals 2.19z (Fig. 1a),
which is reasonably close to our predicted value of 2z in equations
(4) or (3) under constant connectance, and substantially higher
than the previously suggested z (ref. 7).
The larger and more complex lake and stream metacommunities
(Table 1) also have very similar z values for consumers and resources

k¼1{r!k}

where p i(r) is the patch occupancy of resource species r, p i (kjr) is the
occurrence probability of consumer species k in patches where its
P
resource species r is present, and is a sum over all species that are
{r!k}

eaten by species k. As in empirical studies, equation (8) assumes that
species trophically linked in the metacommunity will be linked in any
local community where both species are present. If z and c are
independent of species’ trophic rank, equation (8) yields equation (4)
(see main text for equation (4) and see Supplementary Information for
assumptions and details of derivation), where K ¼ L0 =A2z
0 and v(A)
represents the dependence of consumer on resource occurrence and
is defined as v(A i) ; Rp i(kjr)/p i(r)lr!klk. Accounting for differences in z
between resource and consumer species, equation (8) yields
equation (5) (see main text), where k and r label properties of the
consumers and resources, respectively, and S t, z t and c t are the
species richness, species–area exponent and species–area constant
k
for trophic level t, and K ¼ L0 =ðAz0;k
Az0;rr Þ; where A 0,k and A 0,r are the
area sizes large enough to hold all of the consumer and resource
species in the metacommunity, respectively. At A 0, equation (5)
correctly gives L(A 0) ¼ L 0, as long as A 0,k ¼ A 0,r ¼ A 0 and v(A 0) ¼ 1.
The exponent of the link–species relationship is given in equation (6)
(see main text).
If S k, S r and S all follow power-law species–area relationships, one
might conclude u ¼ (z k þ z r)/z (see Supplementary Information).
However, S ¼ dðAÞðck Azk þ cr Azr Þ; where d(A) is a scale-dependent
fraction that accounts for overlap among species groups. As the sum
of power laws with different exponents is not a power law, S k, S r and S
cannot all follow power-law species–area relationships and u cannot
be constant. This contrasts with equation (4), where u may be
constant. Such constancy occurs in unlikely metacommunities having
neither basal (resources without resources) nor top (consumers
without consumers) species. This causes S k ¼ S r ¼ S and u ¼ 2 at all
scales. u cannot exceed 2 over a large range8 because L cannot
exceed the square of S. In equation (5), u decreases from 2 with
increasing diversity of basal and top species (equation (6)). The
extreme u < 1 occurs in metacommunities with all but one species
being either all basal or all top species. Scale-dependent cooccurrence factors (v(A)) can also prevent metacommunity link–
species relationships (equations (4) and (5)) from being power laws.
These examples show that our link–species model of equation (5)
includes previous models asserting u ¼ 1 and u ¼ 2 as extremes and
allows for recently observed7–10 intermediate values of u. L may scale
with Sk S r even across food webs belonging to different
metacommunities, because L cannot exceed Sk Sr.
168

Figure 1 Scaling of links (filled circles) and species (open circles) in aquatic microcosms,
lakes and streams with fitted regressions (solid lines), the unified scaling model (equation
(5); dashed lines) and prior link–species models (dotted lines). Note that predictions from
the model of equation (4) are not shown as they are indistinguishable from equation (5) in
most panels. Regression and model fit details for the lakes and streams are given in
Tables 2 and 3. Other lines fitted to data are S ¼ 3.15A 0.18 and L ¼ 1.85A 0.39 for
microcosms, u ¼ ln(0.53S 2 2 0.32S 2 0.25)/ln(S ) for lakes, and
u ¼ ln(0.98S 2 2 5.26S 2 5.86)/ln(S ) for streams.
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Table 1 Community characteristics of the Adirondack lakes23,24 and Santa Clara Valley streams25–27
Data

A0

Local A

S0

S 0,K

S 0, r

Local S

202
292

96
286

198
286

13–75
106–177

L0

Local L

1,975
9,940

17–571
1,758–4,777

Range of u

Mean v

...................................................................................................................................................................................................................................................................................................................................................................

AL
SC

10

1.23 £ 10
978

20–14,778
5.2–48.1

1.73–1.85
1.98–1.99

1.8
1.3

...................................................................................................................................................................................................................................................................................................................................................................

(Table 2). The co-occurrence factors of these consumers and
resources, v, as a function of area were closely fitted by power
laws (Table 2). Mean v-values of 1.8 and 1.3 for the local communities indicate higher than random co-occurrence of consumers and
resources (Table 1). We used power-law fits to the scale-dependent
v-values (Table 2) to empirically test our unified models (equations
(4) and (5)). The link–area relationships predicted by equations (4)
and (5) are extremely close to the plotted regression lines for the
lakes (Fig. 1c) and are visually indistinguishable for the streams
(Fig. 1d). The calculated exponent u varied across the species
richness range of the lakes (Table 2), as shown by the curved line
that indicates a non-power-law relationship with S (Fig. 1b). In the
more species-rich stream food webs, however, there was very little
variance in u (Table 2), which increases with S very slightly (Fig. 1b).
If variation in u generally decreases as S increases, then power-law
link–species relationships would fit much better in metacommunities with large food webs than in those with small food webs10. The
link–species relationship based on the scale-dependent u-values
(equation (5)) provides an excellent fit to the lake and stream data
sets (Fig. 1e, f and Table 2). However, similar fits are obtained with

Table 2 Fitted regressions for the Adirondack lakes and Santa Clara Valley streams
Data

Dependent

Fitted power laws
Independent
Constant

Exponent

r2

P

.............................................................................................................................................................................

AL
AL
AL
SC
SC
SC
AL
SC
AL
SC
AL
SC

Species
Consumers
Resources
Species
Consumers
Resources
v
v
Links
Links
Links
Links

Area
Area
Area
Area
Area
Area
Area
Area
Area
Area
Species
Species

24.5
12.4
24.5
91.8
86.2
90.6
2.2
1.4
55.7
1,256
0.125
0.148

0.09
0.093
0.09
0.168
0.176
0.167
20.035
20.040
0.187
0.339
1.93
2.00

0.152
0.118
0.152
0.537
0.537
0.534
0.812
0.744
0.155
0.522
0.872
0.964

0.01
0.03
0.01
0.01
0.01
0.01
0.01
0.01
0.01
0.01
0.001
0.001

.............................................................................................................................................................................

Data

Dependent

Fitted linear regressions
Independent
Slope
Intercept

r2

P

.............................................................................................................................................................................

AL
AL
SC
SC

Consumers
Resources
Consumers
Resources

Species
Species
Species
Species

0.52
1
1
0.98

20.25
20.13
26
0.6

0.813
0.999
1
0.998

0.001
0.001
0.001
0.001

.............................................................................................................................................................................

equation (4) and with constant u-values depending on the z-values
(Table 3; see also Supplementary Information).
Table 3 compares the fit of the models of equations (2) and (3)
with u ¼ 1 or u ¼ 2 and the unified scaling models of equations (4)
and (5) to the more detailed lake and stream data. The link–species
scaling law (u ¼ 1) poorly fits the link–species data, whereas the
constant connectance (u ¼ 2) and our unified scaling models fit
quite well (r 2 . 0.84). Using u ¼ 1 in the community model also
poorly fits link–area data, whereas all other models provide fits
equal to the underlying species–area relationships (Tables 2 and 3).
Extending the predictions to macroecological data that combine
adjacent local food webs (see Methods and Supplementary Information) distinguishes the models much more clearly. The community models markedly overestimate (constant connectance) or
underestimate (link–species scaling law) the number of links,
whereas the unified models of equations (4) and (5) yield accurate
estimates (Fig. 1g, h). The macroecological fits of the unified models
were as high as the local fits (r 2 . 0.84), whereas the community
models yielded poorer fits at this scale (Table 3).
Empirical comparison of these models is confounded by differences in the number of fit parameters. One typically expects better
fits for the unified scaling models with additional parameters, but
the simpler constant connectance and community link–area models
provided similar fits to the data of the local communities here. This
is probably due to the very similar z-values for consumers and
resources in our empirical data, which forces the unified model of
equation (5) to have similar link–species (u ¼ [z k þ z r]/z < 2) and
link–area (z k þ z r < 2z) exponents as the community models of
equations (2) and (3). However, other recent studies9 find u < 1.3,
suggesting different z-values for consumers and resources or
macroecological study scales, in which cases the unified model of
equation (5) should fit much better than the community model
with u ¼ 2. Data with z k very different from z r are needed to better
test the community-level predictions of the unified and community
models. Still, the major predictive contribution of our unified
scaling models is their accuracy from local to macroecological
scales. Being based on the metacommunity perspective they provide
very close fits to macroecological data. At local scales, the scaledependent co-occurrence factor (v(A) . 1) allows for higher than
random consumer–resource co-occurrence probabilities and yields
empirical fits of similar quality as the community models. Community scaling models that ignore co-occurrence probabilities seem

Table 3 Comparison of model fits (r 2) to empirical link–species and link–area data
Data

Equation (5)

Equation (4)

Link–species fits
Constant connectance

Link–species scaling law

Fitted power law

...................................................................................................................................................................................................................................................................................................................................................................

AL
SC

0.868
0.929

0.849
0.940

0.849
0.954

0.316
0.482

0.872
0.964

...................................................................................................................................................................................................................................................................................................................................................................

Data

Equation (5)

Equation (4)

Link–area fits
Equation (3) (u ¼ 2)

Equation (3) (u ¼ 1)

Fitted power law

...................................................................................................................................................................................................................................................................................................................................................................

AL
SC

0.146
0.466

0.120
0.452

0.145
0.518

0.012
0.175

0.155
0.522

...................................................................................................................................................................................................................................................................................................................................................................

Data

Equation (5)

Equation (4)

Macroecological link–species fits
Constant connectance

Link–species scaling law

Fitted power law

...................................................................................................................................................................................................................................................................................................................................................................

AL
SC

0.844
0.948

0.900
0.947

0.620
0.753

0.515
0.528

0.648
0.767

...................................................................................................................................................................................................................................................................................................................................................................
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unlikely to survive tests at such highly divergent scales.
Separate trophic and spatial scaling models focus on smaller and
larger spatial scales, respectively. Trophic scaling theories that ignore
the relative spatial distribution of consumer and resource species are
expected to break down at large scales8,21. Here, we combine the
species–area scaling theory of biogeography and the link–species
scaling theory of food webs. The generation and testing of unified
scaling theory thus formalizes and helps to illuminate only recently
explored spatial aspects of food-web theory16. Our unified models
extend the predictive domain of trophic scaling theory to macroecological scales. Moreover, habitat areas can now be used to
estimate species richness and connectance that can parameterize
the niche model, which may successfully predict the detailed
structure of the community food webs11. Without unification,
species–area and link–species theories are far less general and
predictive.
Our results show that scale-dependent co-occurrence factors
yield accurate predictions across scales from local communities to
metacommunities. This challenges spatial community-assembly
theories that assume colonization and extinction dynamics are
random with respect to species identity2–5. Although such randomness may take place at larger spatial scales5, locally nonrandom
co-occurrence (v . 1) suggests that consumer species spatially
track their trophic resources or vice versa; for example, in the case
of plants that require pollinator species. Such nonrandom community assembly with respect to species’ trophic identity should be
incorporated into spatial assembly models and empirically tested6.
Studies of the magnitude of this co-occurrence factor in different
habitat types at different scales could make significant contributions
to community-assembly theory.
The unified scaling model presented here connects food-web and
spatial ecology28 and could help to articulate the role of spatial
processes in determining food-web structure16. This connection
offers new possibilities for theoretical community models as well as
for conservational ecology by providing a framework for exploring
spatial aspects of interspecific interactions that are critical to species’
survival. In particular, we hope that such unified understanding of
community processes may help to address some of ecology’s most
challenging issues, including the stability of diverse and complex
natural food webs16,18–20 and community responses to biodiversity
A
loss29.

Methods
Species richness and the number of trophic links were analysed for Adirondack mountain
lakes23,24, Santa Clara Valley streams25–27 and aquatic microcosms22. In the microcosm
study22, glass beakers of 250 ml and 1,000 ml, with 12 replicates of each size, were
incubated with the same initial species composition. The microcosms were sampled after
163 days to measure species richness and the number of trophic links. The effects of habitat
volume on species richness (P ¼ 0.005) and the number of links per species (P ¼ 0.007)
were significant22. The mean numbers of species and links for each size class were analysed
for species–area and link–area relationships. Tests were restricted to the model of equation
(4) because the specific food webs in each beaker were not available. Such specific foodweb data were available in the lake and stream data sets. Feeding links were based on
literature surveys and assumed present when both species were found in the same habitat
(see refs 23–27 for details). This less labour-intensive convention typically results in a
greater number of links than more direct observations of feeding within the habitats
studied9, which typically yields a minimum number of links unless sampling is
exhaustive30. Lake volume (103 m3) and watershed area (miles2) estimated ecosystem size
in the Adirondack lakes and Santa Clara Valley streams, respectively. Watershed area is an
appropriate measure of stream habitat area because watershed area was highly (Pearson’s
r ¼ 0.86) and significantly (P , 0.001) correlated with the length from the stream’s
mouth to its most upstream sampling station.
Of the 50 lakes, we excluded 10 that contained both high monomeric aluminium
(.15 mequiv. l21) and low dissolved organic carbon (,7 mg l21). Such toxic aluminium
reduces species richness, and low carbon indicates a reduced ability of humic materials to
ameliorate this effect by complexing aluminium23. The remaining 40 lakes represent
samples of different sizes from the same metacommunity23. Of the 13 streams25–27, we
excluded two strong outliers with extremely large watershed areas and comparatively low
species richness. The average co-occurrence factors, v, across predator and prey
combinations were calculated for seven different-sized groups of lakes and four differentsized groups of streams. Linear least-squares regressions in log–log data space analysed
species–area, link–area, link–species and v–area relationships. We calculated the
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dependence of u on S using linear regressions of the number of consumer and the number
of resource species versus total species richness, S.
The metacommunities were generated by combining communities in each study area.
All communities were combined to generate the largest-scale data point. Each study area
was then divided into subareas for which species richness and realized links within all food
webs included were counted. The Adirondack lakes were divided into a southern (south of
438 55 0 N) and a northern part. Six additional smaller metacommunities were yielded by
dividing the southern (north of 438 45 0 N, north of 438 35 0 N, south of 438 35 0 N) and
northern subareas (west of 748 30 0 E, west of 748 15 0 E, east of 748 15 0 E). The Santa Clara
Valley streams were divided into those coming from the eastern and western slopes. Four
additional metacommunities were represented by the San Francisquito Creek system, the
Guadalupe River system, the Coyote Creek system and the Saratoga and Stevens Creek
system. These systems included all of their tributaries. This resulted in nine and seven
macroecological data points for the Adirondack lakes and Santa Clara Valley streams,
respectively. We compared the predictions of the link–species models (equations (2), (4)
and (5)) at the macroecological S i. The locally fitted co-occurrence factor v(A) was used in
equations (4) and (5), and this power law was evaluated at the area A i, which would hold
all of the S i species according to the observed total species–area relationship for each
community. In addition, the dependence of u on S obtained from the local scale fits was
extrapolated to these macroecological scales.
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large-scale changes on the taxonomic composition of Amazonian
tree communities, which greatly influences the architecture,
dynamics and ecological functioning of these forests.
We assessed long-term changes in tree-community composition
within a network of 18 discrete, one-hectare plots in central
Amazonia (Supplementary Figs 1 and 2). The plots span an area
of about 300 km2, are randomly located with respect to local
topography, and are positioned at least 300 m away from any
clearings to avoid edge effects19,20. Plots exhibited no evidence of
current or past disturbance from logging, fires, hunting or major
windstorms, although two plots experienced small wet-season
floods that caused temporary increases in tree mortality. All plots
were established from 1981 to 1987 and re-censused at roughly fiveyear intervals for an average of 15.0 yr (range ¼ 11.4 to 18.2 yr),
with the final census of each in 1999 or 2000. Within each plot, all
trees ($10 cm diameter at breast height, DBH) were marked with
permanent tags, mapped, measured for trunk diameter, and identified on the basis of sterile or fertile material. In total, nearly 13,700
trees were recorded.
We assessed changes in the abundance of tree genera, rather than
species, for three reasons. First, 88% of tree species in our study area
are too rare (,1 individual per hectare) to allow robust analyses of
population trends. Second, congeneric species of Amazonian trees
tend to be similar ecologically21,22, so analyses at the genus level
capture most of the relevant information. Third, 95.3% of study
trees were positively identified to genus, whereas a smaller percentage was identified to species.
We encountered 244 tree genera in our plots, of which 115 were
sufficiently abundant (initially present in at least 8 of 18 plots) to
permit rigorous analysis. For each genus, we used bootstrapping
(see Methods) to test for changes in population density and basal
area (a strong correlate of tree biomass) between the first and final
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Amazonian rainforests are some of the most species-rich tree
communities on earth1. Here we show that, over the past two
decades, forests in a central Amazonian landscape have experienced highly nonrandom changes in dynamics and composition.
Our analyses are based on a network of 18 permanent plots
unaffected by any detectable disturbance. Within these plots,
rates of tree mortality, recruitment and growth have increased
over time. Of 115 relatively abundant tree genera, 27 changed
significantly in population density or basal area—a value nearly
14 times greater than that expected by chance. An independent,
eight-year study in nearby forests corroborates these shifts in
composition. Contrary to recent predictions2–5, we observed no
increase in pioneer trees. However, genera of faster-growing
trees, including many canopy and emergent species, are increasing in dominance or density, whereas genera of slower-growing
trees, including many subcanopy species, are declining. Rising
atmospheric CO2 concentrations6 may explain these changes,
although the effects of this and other large-scale environmental
alterations remain uncertain. These compositional changes could
have important impacts on the carbon storage, dynamics and
biota of Amazonian forests.
Recent studies suggest that undisturbed Amazonian forests are
becoming more dynamic over time, with higher rates of tree
mortality and turnover4,5, and that carbon storage7–10 and productivity11 in these forests are increasing. In addition, lianas—
climbing woody vines that often thrive in disturbed forest—appear
to be increasing in size and abundance12. A plausible cause of these
changes is increasing plant fertilization caused by rising atmospheric CO2 concentrations2–13, although other large-scale phenomena, such as alterations in regional temperature14, rainfall15,16,
available solar radiation17, or nutrient deposition18, might also
play a role. However, no studies have assessed the effects of such
NATURE | VOL 428 | 11 MARCH 2004 | www.nature.com/nature

Table 1 Increasing or decreasing tree genera in undisturbed Amazonian rainforests
Genus

Family

Net change (%)

.............................................................................................................................................................................

Tree density increases over time
Corythophora
Eschweilera

Lecythidaceae
Lecythidaceae

Tree density decreases over time
Aspidosperma
Brosimum
Couepia
Croton
Heisteria
Hirtella
Iryanthera
Licania
Naucleopsis
Oenocarpus
Quiina
Tetragastris
Unonopsis
Virola

Apocynaceae
Moraceae
Chrysobalanaceae
Euphorbiaceae
Olacaceae
Chrysobalanaceae
Myristicaceae
Chrysobalanaceae
Moraceae
Arecaceae
Quiinaceae
Burseraceae
Annonaceae
Myristicaceae

213.3
28.1
28.9
235.0
225.0
213.0
216.3
211.0
217.8
232.3
229.0
215.0
215.3
214.0

Tree basal area increases over time
Corythophora
Lecythidaceae
Couepia
Chrysobalanaceae
Couma
Apocynaceae
Dipteryx
Leguminosae
Ecclinusa
Sapotaceae
Eschweilera
Lecythidaceae
Licaria
Lauraceae
Maquira
Moraceae
Parkia
Leguminosae
Peltogyne
Leguminosae
Sarcaulus
Sapotaceae
Sclerobium
Leguminosae
Sterculia
Sterculiaceae
Trattinnickia
Burseraceae

þ12.0
þ10.8
þ14.4
þ7.2
þ13.8
þ7.0
þ17.2
þ9.9
þ22.0
þ15.9
þ14.4
þ76.6
þ23.4
þ13.6

Tree basal area decreases over time
Oenocarpus
Arecaceae

229.1

þ9.8
þ4.0

.............................................................................................................................................................................
All increases or decreases in tree genera based on population density and basal–area data are
significant (P , 0.01).
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