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a b s t r a c t
We studied the relative importance of climate, abundance of potentially competing species, and dispersal in explaining local colonization and extinction rates of tree species throughout mainland Spain.
We used a Bayesian framework to parameterize a patch occupancy model to 23 species censused in
46,596 permanent plots in a 1 × 1 km grid across most Spanish forests. For most species, dispersal was
the single best predictor of colonization, whereas climate and dispersal were equally important as predictors of extinction. Precipitation was positively correlated with the colonization rate of 12 out of 13
deciduous broad-leaved species, and negatively correlated with the extinction rate of nine of them. In
contrast, precipitation equally decreased colonization and extinction of ﬁve out of eight of needle-leaved
species (Juniperus and Pinus spp.). There was, however, marked variation among species in the magnitude of these effects, with some species exhibiting contrasting patterns for the colonization and the
extinction process. Abundance of competing tree species (= summed plot basal area) was consistently
correlated with decreased colonization of all needle-leaved species, and it increased the extinction rate
of 6 out of 8 of these species. It had, nonetheless, weak facilitative effect on some broad-leaved species by
promoting colonization (3 of 13 species) and decreasing extinction (7 of 13 species). With local colonization and extinction data, non-equilibrial and dynamic species distribution modelling can be improved
by incorporating measures of biotic interactions and dispersal effects, along with traditional climate
variables.
© 2015 Elsevier B.V. All rights reserved.

1. Introduction
Species distribution models (SDMs) have been widely used in
conservation planning and management, in forecasting the effects
of invasive species and climate change, and in assessing the risk
of disease transmission (Araújo and Peterson, 2012). SDMs, especially under scenarios of climate change, have traditionally been
ﬁt with climatic variables only (Pearson and Dawson, 2003), yet it
is well known that non-climatic factors affect the distribution of
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species, especially at local scales (Davis et al., 1998; Hampe, 2004;
Ibáñez et al., 2006; Iverson and Prasad, 1998; Pearson and Dawson,
2003). In particular, dispersal dynamics (Engler et al., 2009) and
species interactions may be important but are not well-studied
(Araújo and Luoto, 2007; Godsoe and Harmon, 2012; Kissling et al.,
2012; Pulliam, 2000; Wisz et al., 2013), perhaps because it is challenging to incorporate these factors into realistic SDMs (Araújo and
Rozenfeld, 2014).
One of the challenges is that, until recently, many analyses in
biogeography and macroecology have been based on correlations
between the static presence of individual species and potential predictor variables (Gotelli et al., 2009). Moreover, SDMs ﬁt with static
records of species occurrences implicitly assume that species distributions are in climatic equilibrium (Pearson and Dawson, 2003;
Svenning and Sandel, 2013). Although such equilibria may exist for
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some species at particular spatial scales (Araújo and Pearson, 2005),
many distributions are dynamic (Montoya et al., 2007; Peterson
et al., 1999; Skov and Svenning, 2004; Woodward et al., 1990),
such as those of poorly dispersing taxa that might rarely achieve
equilibrium with climate (Araújo and Pearson, 2005; see also Hof
et al., 2012), or those of taxa that were strongly affected by human
activities in the past (e.g. tree species in mainland Spain, GarcíaValdés et al., 2013, 2015). Species distributions ultimately result
from dynamic local colonizations and extinctions, and ideally, the
individual contribution of dispersal, species interactions and climatic variables to colonization and extinction should be quantiﬁed.
However, the temporally replicated data needed for such analyses
are rare.
Here, we investigated the relative importance of variables measuring effects of climate, species interactions, and dispersal as
predictors of local colonization and extinction of tree species in
mainland Spain (Fig. 1). To do so, we used a climate-dependent
patch occupancy model (developed by García-Valdés et al., 2013)
to study plot-level colonization and extinction rates of tree species
from two consecutive nation-wide forest inventories in Spain.
Speciﬁcally, we quantiﬁed the relative importance, and direction
of inﬂuence, of each of these three drivers, and tested for consistent differences between broad-leaved and needle-leaved species,
and between wind- and animal-dispersed species.
These analyses can provide the foundation for a dynamic metacommunity model that could be used to simulate forest tree species
distributions under different climate and habitat change scenarios. The spatial scale of this study encompasses a large regional
extent (1000 km), but a relatively small spatial grain (25 m radius
plots through a 1 × 1 km grid). Dynamic census data collected at
such scales allowed us to study how the processes of colonization
and extinction, which ultimately lead to species distributions at
regional scales, depend on local drivers.

2. Material and methods
2.1. Tree census data and abiotic variables
We recorded decadal colonization of unoccupied plots and
extinction of occupied plots between the second (1986–1996;
Villaescusa and Díaz, 1998) and third (1997–2007; Villanueva,
2004) Spanish Forest Inventories. In both inventories, the same
46,596 permanent plots located in a 1 × 1 km grid across most
forests in mainland Spain were surveyed. Each plot was formed
by four concentric sub-plots of different radii ranging from 5 to
25 m. The minimum size for trees censused in the smallest sub-plot
was 7.5 cm of diameter at breast height. In each survey, the identities and sizes of trees were recorded. A total of 72 tree species
was recorded across mainland Spain, with tree species richness
per plot ranging from 1 to 9 (average = 1.51 tree species/plot). We
used 23 tree species, including four taxa that could be identiﬁed
only to genus (Table A.1). We excluded species with fewer than
10 incidences in each census and with fewer than 5 colonizations or extinctions. We also excluded Pinus radiata and Populus
nigra, because their distributions largely reﬂect planting, and Ulmus
minor, because its distribution largely reﬂects mortality from Dutch
elm disease. See García-Valdés et al. (2013) for more detail on data
characteristics.
Climate predictors were obtained from a regional climate model,
which itself was based on data from 5426 weather stations, and
downscaled through ordinary co-kriging to match the forest inventory 1 × 1 km grid (Gonzalo, 2008). To select only two relevant
climatic variables, we explored co-linearity using Principal Component Analyses (package ‘stats’; R Core Team, 2014), of 14 climate
variables that are recognized as physiologically important for trees
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(analyses not shown). We selected ﬁrst the variable maximum temperature of the hottest month (TMMH) because it had the strongest
correlation (0.337) with the ﬁrst PCA axis (which explained 53.2%
of the variance). The second axis explained 25.5% of the variance,
and the two variables most strongly correlated with it were winter precipitation (Pw; −0.408) and the minimum temperature of the
coldest month (TMMC; −0.426). Of these, we selected Pw because
that way we had an energy- and a water-related variable, instead
of two energy-related ones (see Hawkins et al., 2003).
To quantify interspeciﬁc interactions, the presence, density, or
basal area of the other 72 species in the database could theoretically be used as predictor variables, but this would add 72 potential
predictor variables to the model. To keep the analysis simpler and
to facilitate model calibration, we used the summed basal area of all
individuals from other tree species in the plot (BA, in mm2 ) as a simple aggregate index of the potential strength of interactions with
other species. Such interactions might reﬂect direct competition
for shared resources such as space, light, water, and soil nutrients,
as well as indirect effects that are mediated through other species
of pollinators, herbivores, seed predators, and dispersers. Statistical associations between BA and each studied species might reﬂect
competitive effects (if greater BA in a plot produces a decrease
in colonizations and/or an increase in extinctions), or a facilitative effect (if greater BA produces an increase in colonizations
and/or a decrease in extinctions). This latter effect could be particularly important in the drought-prone southern regions of Spain
(Pugnaire et al., 1996).
For each census plot and species, we represented the effects of
dispersal as a metric calculated with a logistic-shaped dispersal kernel function (see Eqs. (3–6)). We ﬁt this function with the distance
from the survey plot to all other plots occupied by the same species,
within a 50 km radius, to simulate random dispersal. To simulate
directed dispersal, we weighed this function by the distance to all
the suitable (= forested) plots.
We explored correlation between the variables of all studied
drivers (package ‘stats’; R Core Team, 2014), but found no strong
association among them (Appendix A). Finally, to test whether
the results were inﬂuenced by recent silvicultural activities, we
repeated the analysis excluding 17891 plots that, in the last inventory, showed signs of human intervention such as logging, tilling,
or other major land-use changes. We found no important changes
in the results when these managed plots were excluded (analyses
not shown).
2.2. Model structure
The model is described by the following set of functions, in
which the probability of species j being present [Xj,q (t + 1) = 1] or
absent [Xj,q (t + 1) = 0] within plot q at time t + 1 is:

⎧ C (t)
j,q
⎪
⎪

 ⎨ 1–Cj,q (t)
P Xj,q (t + 1) |Xj,q (t) =
⎪
E (t)
⎪
⎩ j,q
1–Ej,q (t)

if

Xj,q (t) = 0 and Xj,q (t + 1) = 1

if Xj,q (t) = 0 and Xj,q (t + 1) = 0
if Xj,q (t) = 1 and Xj,q (t + 1) = 0

(1)

if Xj,q (t) = 1 and Xj,q (t + 1) = 1

where Cj,q (t) is the probability of local colonization and Ej,q (t) is
the probability of local extinction, for species j in plot q between t
and t + 1.
2.2.1. Colonization rate
The probability of colonization of plot q by a species j (Eq. (2))
was determined by the dispersal into the plot (Eqs. (3–6)), and by
the probability of seedling establishment and growth to the point
of detection in the next inventory (Eqs. (7–9)).

Cj,q (t) = Sj,q
˛j,q

(2)
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Fig. 1. Tree species expansion and contraction areas. For each species, we show the fraction of 1 × 1 km survey plots that were colonized – P(c) – and that went extinct –
P(e) –, in a 10 × 10 km grid cell across forests in mainland Spain. Colour coding indicates different dynamics, based on combinations of extinction and colonization rates.
Green = rapid expansion, red = rapid contraction, yellow = high turnover, grey = low turnover.
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where Sj,q is the dispersal of the species j in the plot q,  is a scaling parameter and ˛j,q is a coefﬁcient representing the probability
that each incoming seed establishes and grows.
Dispersal could be random with respect to the surrounding
habitat (Eqs. (3) and (4)), in which seeds leaving a donor plot q’
were scattered randomly, including to unsuitable habitat plots (e.g.
crops), or it could be directed with respect to habitat (Eqs. (5) and
(6)), in which seeds landed only within suitable (forested) habitat.
2.2.1.1. Random dispersal.


Sj,q (t) =

1
q

where


Xj,q (t) exp −
H(q)



q =

exp −
H  (q)

2

dq,q


dq,q


2

Sj,q (t) =

1
˝q

Xj,q (t) exp −

H(q)

dq,q


ıj,q (t) =

1

2

dq,q


2


(5)


(6)





obs
obs
P Xj,q
(t + t) |Xj,q
(t) ,  =

2

1

(13)

2.3. Model parameterization
For each combination of model and species, we estimated model
parameters using Metropolis Hastings Markov Chain Monte Carlo
sampling (see Table A.2). We used ﬂat (= uninformative) prior
distributions, so the results of the analysis depend only on the
likelihood. The likelihood was the probability of observing a colonization or extinction in the inventory data, given a species, model
and set of parameters . We did not impose a hierarchical structure
for the species parameters, so the model selection and parameter
estimates for each species were extracted purely from the data.
Consider the inventory observations for species j, and plot q,
taken at times t and t + t. For both t and t + t, the data record
whether species j was present, or absent, in plot q. Call these measobs
obs
ures Xj,q
(t) and Xj,q
(t + t) respectively. Then, via Eq. (14), any
obs
obs
particular  implies a probability for Xj,q
(t) and Xj,q
(t + t), so
long as we are careful to take into account the number of years
between the surveys, t:

obs
obs
⎪
1–[1–Cj,q (t)]t if Xj,q
(t) = 0 and Xj,q
(t + t) = 1
⎪
⎪
⎪
⎪
⎩
t
obs
obs

(7)

1 + e−fcj,q

where fcj,q can be one of the two following functions:
fcj,q = 0 + 1 Pj,q + 3 Tj,q + 5 BAj,q
2

(14)

if Xj,q (t) = 0 and Xj,q (t + t) = 0

where the Ej,q (t) and Cj,q (t) values are those associated with the
parameter combination represented by . To calculate the probability of the whole of the inventory data for species j we can
assume independence between observations, which makes the
combined probability a product over the probabilities associated
with each plot,
 over
 all plots. Because we work with the loglikelihood X obs | , this product becomes a sum of the log of those
probabilities.





 

X obs | =

obs
obs
ln P Xj,q
(t + t) |Xj,q
(t) , 



(15)

q

(8)

fcj,q = 0 + 1 (Pj,q –2 ) + 3 (Tj,q –4 ) + 5 (BAj,q –6 )

2

⎧
obs
obs
1–[1–Ej,q (t)]t if Xj,q
(t) = 1 and Xj,q
(t + t) = 0
⎪
⎪
⎪
⎪
⎪
t
obs
obs
⎨ [1–Ej,q (t)]
if Xj,q (t) = 1 and Xj,q (t + t) = 1

under directed dispersal, as the number of suitable plots decreases
in a region, the dispersal into each plot increases because seeds are
never lost to unsuitable plots.
The probability of a seed establishing and growing, ˛j,q , depends
on the environmental and biotic variables in the plot:

2

(12)
2

fej,q = ˇ0 + ˇ1 (Pq –ˇ2 ) + ˇ3 (Tq –ˇ4 ) + ˇ5 (BAq –ˇ6 )

[1–Cj,q (t)]

2

(11)

1 + e−fej,q

where ˇi are parameters estimated from the inventory data, P is
the precipitation variable, T is the temperature variable, and BA is
the biotic interaction variable.

where dq,q is the Euclidean distance between the receiving plot
q and the donor plot q . The set H (q) contains all neighbour plots
in the neighbourhood of q (deﬁned as within 50 km). The set H(q)
contains only those neighbour plots that are suitable.
With random dispersal, as the number of suitable plots
decreases in a region, so too does the dispersal into every plot,
as a greater fraction of the total seed output is lost to unsuitable
plots. By contrast, in directed dispersal, the seed output from each
plot q , is divided by ˝q , representing the density of suitable plots
around q, weighted by the dispersal function. The effect is that,

˛j,q =

(10)

fej,q = ˇ0 + ˇ1 Pq + ˇ3 Tq + ˇ5 BAq

H(q)

Xq (t) exp −

Ej,q (t) = ıj,q (1 − Sj,q )

where fej,q can be one of the two following functions:
(4)



˝q =







where

2.2.2. Extinction rate
The probability of extinction (Eq. (13)) was calculated as the
probability that all individuals of the species die in the plot (Eqs.
(14–16)), and the probability that colonization from neighbouring
plots does not rescue the species from extinction in the plot (Eqs.
(4–7)) (Brown and Kodric-Brown, 1977).

where ıj,q is the probability of the species j going extinct in the plot
q, Sj,q is the probability of rescue effect (i.e. dispersal, see Eqs. (3–6)),
and  is a scaling parameter.
(3)

2.2.1.2. Directed dispersal.
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(9)

where  i are parameters estimated from the inventory data, P is
the precipitation variable, T is the temperature variable, and BA is
the biotic interaction variable.

With the log-likelihood deﬁned, we used the sampling method
Metropolis–Hastings MCMC algorithm, and 50000 iterations after
a burn-in period, to generate, for each combination of model and
species: parameter estimates (including 95% credible intervals),
and Akaike Information Criterion (AIC) values, which were used to
judge the relative support for the different models (see below). We
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opted to use MCMC sampling rather than some alternative parameter search algorithm (such as simulated annealing) because we
wished to estimate the uncertainty of the parameters. The two
broad classes of approaches to implement in this case are posterior
samples from MCMC vs. the maximum likelihood proﬁle method
from the results of some other form of parameter search algorithm.
The MCMC is simpler to implement and converges on the correct
intervals with many fewer samples (not discussed further here).
With non-informative priors, the posterior is simply proportional
to the likelihood. Therefore, with substantial amounts of data (as we
had here) we expect both the posterior credible intervals, and the
conﬁdence intervals from the proﬁle method, if correctly applied,
to be very similar. The familiar AIC approach for model comparison
should also yield very similar results to Bayesian methods such as
the DIC or Reversible Jump MCMC (Green, 1995).
The MCMC algorithm that we used was ‘Filzbach’, which has
been used in a wide variety of ecological analyses, extensively
tested in scenarios using pseudo data (not shown here), and
is available, with examples, at http://research.microsoft.com/
en-us/um/cambridge/groups/science/tools/ﬁlzbach/ﬁlzbach.htm.
Filzbach runs four different phases of iterations to (1) converge on
the posterior distribution and adjust the details of the proposal
distributions to be optimal for sampling from the posterior; (2)
record samples from the posterior (these can be used to generate
posterior means and credible intervals); (3) seek the maximum
likelihood and maximum likelihood estimates (MLE) from a
non–Metropolis–Hastings phase, which in turn allow for the
calculation of AIC and BIC values (4) apply the proﬁle method
to calculate conﬁdence intervals around the MLE estimates from
a non–Metropolis–Hastings phase. We used the maximum likelihood returned from phase 3 to calculate AIC values. We used
the intervals returned from phase 2, rather than phase 4, as our
estimate of parameter uncertainty because, as noted before, we
consider intervals from posterior sampling to be more robust than
those from the proﬁle method. For more information on model
structure and parameterization see García-Valdés et al. (2013) and
Purves et al. (2007).
2.4. Combination of different drivers
Models of colonization and extinction rate were ﬁt for each factorial combination of the three types of predictor variables (referred
to as drivers in this study: climate, interactions, and dispersal),
ranging from a null model in which none of the three driver
variables was included (−, −, −), to the ‘saturated model’ which
included all three sets of driver (+, +, +). Thus, a suite of eight different kinds of models were ﬁt for each species, depending on which
combination of the three drivers was included in the model. Moreover, for each type of driver, we tested two different functional
forms to describe the relationship with the driver. For the climatic
and interactions variables, we ﬁt monotonic or unimodal curves
(Eqs. (8) vs. (9) for colonization; (12) vs. (13) for extinctions). For
the dispersal effect, we ﬁt logistic kernel functions that could be
random or directed with respect to forested habitat in surrounding plots, and that could include or not include a scaling parameter
(Eqs. (3) and (4), vs. Eq. (5) and (6)). For each of the 23 species, these
parameter combinations yielded 45 different models for colonization, and 45 models for extinction.
2.5. Relative importance of climate, interactions and dispersal
To assess the relative importance of climate, species interactions, and dispersal in determining colonization and extinction
rates, we assessed the support for each alternative combination
of drivers to be the best at predicting each process. Because
we needed to compare results for different species, which had

different amounts of data, we did not use AIC values, but Akaike
weights. Akaike weights range from 0 to 1, so they can be compared and averaged across different datasets. The Akaike weight
(wi ) aims to calculate the probability that a speciﬁc model, from
a set of models, will provide the best predictions (Burnham and
Anderson, 2002). The average wi of all models containing a particular driver (or set of drivers) can then be summed to assess the
relative predictive power of that variable. This approach requires
that all drivers must be included in a similar number of models. In
our case, however, some of the drivers were represented by more
models than others. To circumvent this problem, we selected only
the single best-ﬁtting model (i.e. the one with the lowest AIC) for
each driver combination, and estimated its wi in comparison with
the best-ﬁtting models of the other driver combinations. The wi of
each combination of drivers represented an estimate of the probability that this combination best described the studied process
(colonization or extinction) for a given species (see Table A.3).
To estimate the relative importance of the different drivers, we
ﬁrst compared the three drivers individually (i.e., climate, interactions and dispersal), calculating wi for each as described above.
We then compared all possible combinations of drivers. To summarize our results and draw general conclusions regarding the relative
importance of the studied factors, we created boxplots of the distribution of wi values for each driver combination, taken over the
different species. We initially analysed all 23 species together, and
then split the species into two functional groups: needle-leaved
(N = 8) and deciduous broad-leaved (N = 13) species (see Table A.1).
There were also two evergreen broad-leaved species, which were
included in the general analysis but were not analysed separately
as a functional group. We also partitioned the species into those
that were wind-dispersed (N = 10) and those that were animaldispersed (N = 13; see Table A.1).

2.6. Magnitude and direction of effects
The model selection approach above aimed to identify which
drivers had the greatest predictive power for a given process or
species. But such a comparison does not indicate the direction or
relative magnitude of effects (e.g. temperature could have high predictive power by increasing or decreasing colonization, and with
greater or lesser magnitude for a particular species). To assess the
direction and magnitude of the effects, we studied the parameters
associated with each driver’s variable. For this analysis we used
only the saturated models. In this way, we statistically removed
the effect of the other drivers before analysing the variable/s of
each one. To study the parameters associated with climate and
biotic interactions, we used the monotonic functional form associated with each variable so that each variable was constrained by
only one parameter. This allowed us to explore the magnitude, as
well as the direction (sign) of the effect of a particular driver, and
to compare this among species. The parameters associated with
dispersal were always positive because of the functional form that
we used to ﬁt the species dispersal kernel (see above and Table
A.2), which is based on the idea that dispersal is always positively
associated with colonization and negatively associated with extinction. Therefore, we only studied the magnitude (and not the sign)
of the effect of dispersal in each species. Larger dispersal parameters implied that the species dispersed more from longer distances
compared to a species with small dispersal parameters. However,
our estimations of these dispersal kernels were based purely on
the distance to other plots that were occupied by the species. Thus,
dispersal was inferred from the spatial conﬁguration of species
occurrences in the area surrounding each potentially colonizable
plot, and not from the number or characteristics of the seeds produced by each species. We also used the parameters for random, or
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directed, dispersal according to whichever one gave the lowest AIC
for each species.
3. Results
3.1. Colonization rate
When drivers were compared individually, dispersal was the
best single driver explaining most species local colonization, with
a probability close to 1. This occurred when all species were used
(Fig. 2), and for subsets of the data partitioned by functional type,
or by dispersal vector (Figs. 2 and A.1).
When all driver combinations were considered, the saturated
model (that contained all three drivers) was the best-ﬁtting model
(median wi = 0.85; Fig. 2), followed by the ‘climate plus dispersal’
model (median wi = 0.14). There was, however, some variation
among functional groups. Needle-leaved species provided greater
support for the saturated model (median wi = 0.99), whereas deciduous broad-leaved trees provided less support for the saturated
model (median wi = 0.36), with ‘climate plus dispersal’ as the
second-best model for this group (median wi = 0.17).
3.2. Extinction rate
When all species were analysed together, climate and dispersal
ranked relatively similar as single predictors of local extinctions
(the median wi of the dispersal model was 0.22 and the median wi
of the climate model was 0.12: Fig. 2). Dispersal was more important for extinctions in needle-leaved species (median wi = 0.71), and
climate was more important for extinctions in deciduous broadleaved species (median wi = 0.63).
When all extinction models were compared, the saturated
model (with climate, interactions, and dispersal) was best
supported (median wi = 0.66). The saturated model was also bestsupported for deciduous broad-leaved species (median wi = 0.59),
and needle-leaved species (median wi = 0.87).
Colonization and extinction patterns did not differ appreciably
between wind- and animal-dispersed species (Fig. A.1). Nevertheless, as explained in the methods, we did not constrain the type
of dispersal function that would describe either the wind- or the
animal-dispersed species. We permitted random dispersal functions for animal-dispersed species and directed-dispersal functions
for wind dispersed species if they ﬁt the data more parsimoniously
(but see Montoya et al., 2008).
3.3. Magnitude and direction of effects
The direction and magnitude of winter precipitation, summer
maximum temperature and total basal area, and the magnitude of
the closeness and number of occupied plots, varied among species
and among functional groups (Fig. 3). Higher winter precipitation
reduced both colonization and extinction rates in 5 out of 8 needleleaved species. In contrast, for deciduous broad-leaved species,
higher winter precipitation had a marked positive effect and tended
to both increase colonization (12 out of 13 species) and decrease
extinction (9 out of 13 species). Higher maximum summer temperatures increased the colonization rate of half of the needle-leaved
species and decreased it for the other half, while increasing the
extinction rate of 5 out of 8 species in that group. Higher temperatures had a negative effect on the colonization of 7 of the 13
deciduous broad-leaved species, but also decreased the extinction
rate of 7 out of 13 of these species.
There was pronounced variation among functional groups in the
effect of species interactions, as measured by the total basal area of
other species in the plot (BA). Greater BA decreased the colonization rate of the 8 needle-leaved species (p < 0.05 for 6 species), and

123

increased the extinction rate of 6 of the 8 needle-leaved species
(p < 0.05 for 5 species). There was some evidence that BA also
decreased the colonization rate of deciduous broad-leaved species
(9 of the 13 species had posterior means below zero), but only one
of these effects had a 95% conﬁdence interval that did not include
zero. BA decreased, rather than increased, extinction rate for 7 of
the 13 deciduous broad-leaved species.
The parameters associated with dispersal varied considerably
among species. With the exception of Juniperus communis and
Juniperus phoenicea, the dispersal parameters for needle-leaved
species were smaller (= shorter dispersal distances) than for deciduous broad-leaved species. Similarly, with the exception of J.
communis, J. phoenicea and Pinus nigra, the dispersal kernels associated with extinction also had shorter tails for needle-leaved species
versus broad-leaved species.

4. Discussion
We quantiﬁed the relative importance of climate, interspeciﬁc
interactions, and dispersal on plot-level colonization and extinction rates of 23 dominant tree species across mainland Spain. All
three drivers were crucial to understand local colonization and the
extinction of most species, but their relative importance differed
between the two processes, among species from different functional groups, and, in some cases, among species within groups. We
also observed differences among species in the direction and magnitude of the inﬂuence that each driver had on both the colonization
and extinction rates.
Our results suggest that dispersal is a key driver for colonization of most tree species in these forests, which is consistent with
other evidence for dispersal effects in this region (e.g. Gómez,
2003; Pons and Pausas, 2007). The critical importance of dispersal
on species distributions might be even more evident in mainland
Spain (Gómez-Aparicio, 2008; Purves et al., 2007) because rural
abandonment and decreasing forest management are allowing tree
species to expand beyond their current areas of occupation (GarcíaValdés et al., 2013, 2015). Besides, palynological evidence indicates
progressive tree species occupation of suitable climatic regions following the Last Glacial Maximum (LGM; Carrión et al., 2003; Petit
et al., 2002), and a number of European studies also suggest that
post-glacial dispersal limitations explain the limited occurrence
of trees and other taxa at their range limits in northern Europe
(Montoya et al., 2007; see also Munguía et al., 2012; Svenning et al.,
2008; Svenning and Skov, 2004). Moreover, as in our study, incorporating dispersal variables improved the performance of SDMs for
plants in the French Alps (Boulangeat et al., 2012).
Dispersal also plays a role in species extinctions. For Iberian
trees, a “rescue effect” (Brown and Kodric-Brown, 1977) produced
by seed dispersal may have reduced extinctions of needle-leaved
species (Fig. 2). This process becomes important for species that
are poor competitors (Holt et al., 2005) but can maintain sink
populations through the input of new seeds from other populations (Freckleton and Watkinson, 2002). We also found that
needle-leaved species showed shorter dispersal kernels, especially
noticeable in the colonization process. This could reﬂect that these
species tend to be more spatially aggregated since they are poor
competitors and are displaced when other species arrive, or that
having close and abundant populations was crucial for the colonization process since a small number of seed would have not succeed
in colonizing an already occupied plot.
Climate is broadly correlated with plant species occurrences
at the continental scale (Beerling et al., 1995; Hawkins et al.,
2003; Pearson et al., 2002; Walther et al., 2005), and energy and
water availability are important determinants of species occurrence in Iberian forests (Pigott and Pigott, 1993; Whittaker et al.,
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Fig. 2. Boxplots of the probability for each combination of drivers to be the best one describing colonizations and extinctions. Fist, only one-driver models were compared
(panels A and C), and later all models were compared (panels B and D). On the left part of each panel, all species were included, and in the right part of each panel species
were assigned to functional groups (all species N = 23, needle-leaved species N = 8 and deciduous broad-leaved species N = 13).

2007; Zavala et al., 2000). Our results indicate that climatic factors
are an important complement to dispersal for colonizations, and
are even more important for extinctions. In our study, deciduous
broad-leaved species were especially sensitive to climatic variables (Fig. 2), possibly because these species are more dependent
on water than needle-leaved species. Moreover, water availability correlates with forest decline and tree mortality in Iberian
forests (Carnicer et al., 2011; Sánchez-Salguero et al., 2012), and
greater winter precipitation had a patent positive effect on deciduous broad-leaved species. However, no strong different effect of
temperature was observed between functional groups. This might
be due to the great functional diversity within each group with both
needle- and broad-leaved species exhibiting a range variation in

climatic tolerance (e.g. Montoya et al., 2009; Sánchez-Gómez et al.,
2008a),
In addition to dispersal and environmental factors, species
colonization patterns are also inﬂuenced by species interactions
(Frelich et al., 1993). Competition is recognized as a key driver of
tree species distributions at local spatial scales (e.g. Pacala et al.,
1996), and, in Mediterranean forests, the effects of competition can
be modulated by environmental conditions (e.g. Díaz-Sierra et al.,
2010; Gómez-Aparicio et al., 2011; Holmgren et al., 1997). High
levels of other tree species’ basal area have a strong negative effect
on colonization and increased extinction of needle-leaved species,
but much weaker effects on broad-leaved species. Most Iberian
pines species can easily colonize open spaces after disturbances;
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Fig. 3. Parameters and 95% credible intervals for each species using the best saturated model that included the target variable using only one parameter. The target variables
were: winter precipitation (Pw), maximum temperature of the hottest month (TMMH), basal area (BA), and a distance combined parameter. Positive values imply that
colonization (left panels) or extinction (right panels) are increased when there is a higher precipitation, temperature, or density of competitors in the plot respectively (six



top panels). In the two bottom panels, we combined the two parameters that were used for the dispersal kernel,  and , as:

  2 
1

exp −



. Lower values imply that

dispersal from one plot to another declines more quickly as a function of the distance between the plots. Dashed lines represent the species median values.
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nevertheless, they tend to be excluded in later stages of succession
due to shade intolerance of their saplings (Zavala and Zea, 2004).
In fact, needle-leaved species can facilitate the establishment and
colonization of broad-leaved species (e.g. Lookingbill and Zavala,
2000) leading to an expansion of their realized niche (e.g. Urbieta
et al., 2008).
Abundance, estimated as basal area of other tree species was
also an important correlate of species extinctions rates in Iberian
trees. More generally, interactions between tree species are an
important determinant of species occurrence (Leathwick and
Austin, 2001) and can improve the performance of SDMs when they
are considered (Boulangeat et al., 2012; Meier et al., 2010; Meineri
et al., 2012; Triviño et al., 2011). At local scales, competition is an
important driver of secondary succession, with species upper limits
along a productivity gradient being controlled by shade tolerance
(Pacala et al., 1996; Tilman, 1994). That the effect of basal area is less
negative for broad-leaved species than for needle-leaved species
might represent a greater role of facilitation for broad-leaves
species, which are typically more shade tolerant (Sánchez-Gómez
et al., 2008b). However, the magnitude of the potential facilitative
effects within the broad-leaved species was less important than
the potential competitive effects experienced by the needle-leaved
species.

5. Conclusions
For Iberian tree species, non-climatic factors are important
determinants of stand-level colonization and extinction rates.
Although variation in the combination of best-ﬁtting predictor variables is not always easy to interpret, in this study, dispersal and
the sum of basal area of other tree species consistently emerged
as important predictor variables, and their effects were at least
as strong as the climatic variables. Moreover, the three drivers
together were consistently better than any partial combination
of drivers. In our opinion, this shows that studying the interaction among different factors driving species local colonizations
and extinctions is crucial to understand species local dynamics, and ultimately spatial distributions. In this study, the data
were collected across a broad spatial extent but with ﬁne resolution. It is not clear yet whether non-climatic factors will be
as important in data sets collected at coarser resolutions. However, it seems likely that a mix of factors reﬂecting climate,
species interactions, and dispersal will contribute to patterns of
tree colonization and extinction at spatial scales from local to biogeographic.
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