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SYMBOLS AND MATHEMATICAL NOTATION
In this work, matrices are denoted by upper case bold symbols (B) and vectors by lower case bold
symbols (b). Matrix dimensions may be indicated in the form Bi×j, with i indicating row and j
column number. Diagonal submatrices of a given composite matrix B are denoted by Bi,i with i
indicating identical row and column block order of the submatrix in the composite matrix B. For a
given matrix B1, b1;i,j is the (i,j) entry with row index i and column index j of B1. The transpose of a
matrix is denoted by BT and [n1…ni]

T

denotes a column vector. The dominant eigenvalue of a

transition matrix B is denoted with λB and ρB denotes the damping ratio of B. With the exception
of λ, μ, ρ,and ς Greek letters denote global model parameters which are attributes of the local
environment (lower case) or the landscape (upper case). A summary of symbols is given below.

Summary table of symbols
Symbol

Variable description

Unit

α (alpha)

cost of reproduction1

no unit

β (beta)

seed mortality per year

probability

γ (gamma)

expected value of stochastic seedling survival2

probability

δ (delta)

variance of stochastic seedling survival s3

probability

ε (epsilon)

error term in regression model

sum of squares

ζ (zeta )

variance of fertility π4

probability

η (eta)

correlation between seedling survival rate s and

Pearson

fertility π

moment correlation

Θ (capital theta)

maximum patch width and length

number of cells

Ϊ (capital iota)

variance of the seed dispersal kernel

distance in cell length

product-

units (50 m)
λ (lambda)

dominant eigenvalue

individuals/year

μ (my)

exponent in power function of seed dispersal

no unit

ratio
ξ (xi)
1

expected value of fertility π5

Compare Figure A.1.2 in the appendix.
2 Compare Figure A.1.3 in the appendix.
3 Compare Figure A.1.3 in the appendix.
4
Compare Figure A.1.4 in the appendix.
5
Compare Figure A.1.4 in the appendix.

probability

Symbol

Variable description

Unit

π (pi)

fertility

no unit

ρ (rho)

damping ratio of a matrix

no unit

ς (sigma)

parameter in exponential decay

no unit

Φ (capital phi)

percentage of grassland cells in the landscape

%

χ (capital chi)

coefficients in regression model

no unit

Ψ (capital psi)

percentage of cropland cells in the landscape

%

Ω (capital omega)

percentage of forest cells in the landscape

%

a

relative resource allocation

per capita rate

B

spatially-explicit

within-patch

demography

matrix of transition

matrix

rates

b

biomass (indices denote stages)

g

c1

intercept of self thinning line

g

c2

the reciprocal of the logarithmic self-thinning

1/m2 1/g

slope
d

survival rates per year

probability

h

habitat (index for habitat specific variables)

no unit

i

row index

no unit

j

column index

no unit

L

local transition matrix

matrix of transition
rates

M

dispersal matrix

matrix of transition
rates

m

mean dispersal distance

distance in cell length
units (50 m)

Nt

population size at time t

individuals

nt

population vector at time t

individuals

ns

seed number

individuals

O

diagonal S×S matrix describing local seed loss

matrix of transition

due to seed dispersal

rates

P

vec-permutation matrix

matrix

p

number of patches

no unit

q

total annual reproductive allocation

g

Symbol

Variable description

Unit

S

number of stages

no unit

sh

habitat (h) specific seedling survival rate

no unit

t

current time step

year

T

total time duration

year

u

seed dispersal ratio per year

probability

vh

habitat specific fertility proportion

proportion

w

seed emergence per year

probability

wM

dominant right eigenvector of the dispersal

no unit

matrix M1,1
x

start stage of demographic transition

no unit

y

end stage of demographic transition

no unit

z

adult longevity, survival per year

probability

Abbreviations
ESS: evolutionary stable strategy

1.0 GENERAL INTRODUCTION
1.1 Predicting plant community responses to human impact using response traits
With a global threat to biological diversity, ecologists try to understand the interactions
between different measures of biodiversity and ecosystem functions. In the past, ecologists
were mainly interested in simple measures of biological diversity, such as species richness and
diversity indices. However, it has increasingly been recognized that these simple measures are
insufficient to describe the functioning, resilience, and persistence of plant communities (Diaz
& Cabido 2001; Hooper et al. 2005). Functional traits are the mechanistic link between species
identity and the ability of ecosystems to provide crucial services despite external disturbances
such as climate change and anthropogenic land-use changes (Diaz & Cabido 2001; Hooper et
al. 2005).

For functional diversity, it has been argued that a distinction between response traits and
effect traits is necessary (Elmqvist et al. 2003; Naeem & Wright 2003). Response traits are
traits which determine how plant demography responds to changes in the environment, e.g.
seed mass, seed dormancy, or life span, and are tightly linked to life history. Effect traits
determine how plants affect ecosystem processes and are mostly morphological or
physiological attributes. A similar definition was given by Gitay et al. (1997), who distinguished
between “guilds” and “functional groups” or “response groups”. In the guild concept, species
are grouped by similar resource use. Response groups embrace species who respond similarly
to environmental perturbations. The distinction between effect and response traits is
necessary because species that equally contribute to ecosystem functioning may differ in their
demographic response to external and internal disturbances (Naeem & Wright 2003). From
this perspective, functionally equivalent species which react differently to environmental
changes make ecosystems more reliable and resilient (Naeem 1998).

In this thesis, I used a response trait approach to explore the relationships between plant traits
and the ability of species to cope with i) unpredictable fluctuations in local environmental
conditions (Chapter 1), and ii) increasingly fragmented agricultural landscapes with decreasing
proportion of suitable habitat (Chapter 2 & 3).
1.2 Key response traits of plants and their ecological role
Seed dormancy
Seed dormancy is a strategy for both minimizing local competition among siblings (seedlings
that descend from the same mother plant) and spreading of risk against local disturbance
1

events. Assuming clustering of seeds around the origin plant, sib-sib interactions may promote
dormancy as a means of reducing the competition among recruits (Venable & Lawlor 1980;
Ellner 1986). Rees (1993) proposed that dormancy is negatively correlated with efficient spatial
dispersal. Additionally, he suggested a trade-off between life-expectancy (or perenniality) and
seed dormancy. This trade-off would be strong, if fertility was more or less constant and
environmental randomness mainly impacted on seedling survival (Rees 1994).

Seed mass
Seed mass is hypothesized to be negatively correlated to spatial dispersal and seed dormancy
(Rees 1993; Ehrlén & van Groenendael 1998). This negative correlation is based on the tradeoff between seed size and seed number: a species with big seeds will have few of them and
thus, the probability of long-range dispersal may decrease. However, there is no clear evidence
that seed mass has any effect on mean dispersal distance. For wind dispersed plants, seed
release height (relative to vegetation height) and terminal velocity of seeds are the best
predictors of long range dispersal (Soons et al. 2004). Although a positive relationship between
seed weight and adult longevity has been proposed (Moles et al. 2005a; Moles & Westoby
2006), this hypothesis is controversial (Rees & Venable 2007). It is accepted that growth form
affects seed mass - shrubs and trees have greater seed mass than grasses and forbs - (Mazer
1989; Thompson & Rabinowitz 1989), but there is no evidence for a correlation between seed
mass and adult longevity within growth form groups. As seed mass is a proxy for the amount of
stored energy available to the embryo, it can be considered to increase the survival rate of
seeds in the seed bank and seedling survival especially under competitive conditions (Moles &
Westoby 2004; Moles & Westoby 2006). Recently, a trade-off between tolerance and seed
production based on seed mass was proposed (Muller-Landau 2010): Big seeded species are
able to colonize micro-sites with high stress levels whereas small seeded species colonize
micro-sites with low stress levels.

Seed dispersal
Seed dispersal can be seen as a bet-hedging strategy of plants which is favored if local
temporal uncertainty, i.e. the variance of the population growth rate in time, is higher than
spatial uncertainty, i.e. the variance of population growth rate in space because of differences
in habitat quality (Gillespie 1981). Wiener and Tuljapurkar (1994) argue that migration should
increase with i) increasingly negative spatial correlation in habitat quality, and ii) increasing
temporal uncertainty. Cohen and Levin (1991), however, support Gillespie in arguing that
positive spatial correlation in habitat quality is expected to increase the evolutionary stable
2

rate of dispersal. In terms of mean patch size, these theoretical findings predict that dispersal
rate should increase with increasing mean patch size.

Adult longevity
Adult longevity is a key life-history characteristic linked to iteroparity expected to evolve in
response to unpredictable environments (Bulmer 1985). Although the realized life span of
individuals is always stochastic, life expectancy, i.e. the mean life span, differs considerably
between species. For perennial grassland plants, Lauenroth and Adler (2008) showed that
differences in survivorship curves, life expectancy, and life span between grassland plants have
strong impacts on the dominance state and turnover of species. In this thesis, I did not
investigate differences in survivorship curves but, assuming a constant probability of survival,
concentrated on the effect of life expectancy.
1.3 Trade-offs between key plant traits providing bet-hedging effects
Environmental conditions vary over time and space, therefore, plant species evolved three
main demographic strategies of bet hedging: dormancy of seeds (Cohen 1966; Bulmer 1984;
Bulmer 1985; Ellner 1985a; Ellner 1985b) and other forms of delayed reproduction (Koons,
Metcalf & Tuljapurkar 2008), dispersal (Wiener & Tuljapurkar 1994), and iteroparity (Orzack &
Tuljapurkar 1989). Adult longevity, defined as the survival probability of reproducing
individuals, is a measure of iteroparity, whereas life span, defined as the mean time period
between the emergence of seeds and adulthood, is a measure of delayed reproduction. A
complex trade-off between seed dormancy and iteroparity has been proposed that depends
on the impact of environmental stochasticity on demographic rates

(Rees 1994): If

stochasticity impacts on adult fecundity only, then adult longevity and dormancy are only
partially substitutable. In contrast, when adult fecundity is constant and stochasticity mainly
acts on seedling establishment, increasing adult longevity can strongly select against seed
dormancy. Koons et al. (2008) compare semelparous and iteroparous life-histories, they argue
that environmental uncertainty leads to the evolution of delayed reproduction in all
semelparous organisms, but not in iteroparous organisms. They state that environmental
uncertainty can only select for delayed reproduction in iteroparous life-histories, if juveniles
have a higher survival rate than adults, a criterion that seems to exclude perennial plants.

Several studies proposed a trade-off between seed dispersal and dormancy in variable
environments (Venable & Lawlor 1980; Klinkhamer et al. 1987; Venable & Brown 1988; Wiener
& Tuljapurkar 1994). Nevertheless, studies of the joint evolution of dispersal, iteroparity and
delayed reproduction were not yet attempted, possibly because it is difficult to analyze such
complex trade-offs with the common evolutionary invasion analysis approach (compare Otto &
3

Day 2007, pages 454-512). Furthermore, any study of the evolution of dispersal has to
implicitly acknowledge the role of landscape structure and environmental stochasticity: as
species are adapted to differing landscapes and disturbance regimes, the existence of general
ecosystem independent evolutionary stable strategies (ESS) is questionable.

1.4 The impact of a species´ habitat and landscape properties on optimal life-history strategy
Ecologists try to link the diverse range of life-history strategies in plant species to the
peculiarities of a species´ habitat and its distribution. One of the first attempts to explain
differences in life-histories was the concept of “r-“ versus “K-strategy” (Horn & MacArthur
1972) which linked the persistence in time of a species´ habitat to life-history syndromes.
While the original concept was created in a scientific community used to equilibrium thinking,
Caswell (1982) transferred the concept to a non-equilibrium world, where “K-“ selected
species are adopted to stable habitats with long phases of population decline and "r-" selected
species are adopted to transient habitats with "traits beneficial during population increase".
The old concept is still alive in the idea of a trade-off between “dispersability and longevity” of
species (Ehrlén & van Groenendael 1998).

With the increasing importance of the discipline of landscape ecology and the concept of
metapopulations, ecologists shifted their focus to broader scales and they became interested
in the spatial distribution of habitat patches in the landscape (Turner 2005). Today different
flavours of spatially-explicit population models are available: individual based models (e.g.
Wiegand, Henle & Sarre 2002), spatially-explicit matrix models (Wiener & Tuljapurkar 1994;
Hunter & Caswell 2005), and patch-occupancy models (e.g. Ovaskainen & Hanski 2003).
However, both empirical plant ecologists and theoretical ecologists still rely heavily on nonspatial models. Empirical plant ecologists are used to non-spatial matrix population models
(Crone et al. 2011). Theoretical studies of evolutionary stable strategies (e.g. Koons, Metcalf &
Tuljapurkar 2008) often still ignore the spatial distribution of habitat patches in the landscape
for the sake of analytical simplicity.

Providing simple but meaningful metapopulation models for conservation ecology
One major obstacle to the application of spatially-explicit models in conservation ecology is the
incompatibility between data requirements of models and the kind of data which field
ecologists are willing (and able) to collect. However, plant ecologists commonly collect
demographic data to parameterize non-spatial matrix population models and such data can be
used to set up spatially-explicit matrix models. In Chapter 2, building on the concepts of
Hunter and Caswell (2005) I provide the basic technical and theoretical foundations for
4

spatially-explicit stage-structured matrix population models and I encourage plant ecologists to
apply them to their model systems.

1.5 Research objectives
The overarching research objective of this thesis is to link landscape properties and local
environmental harshness and uncertainty to optimal life-history strategies in perennial plants
using matrix population models.

Spatially-explicit population models implementing both environmental stochasticity and the
spatial stochasticity of landscape composition are difficult to analyze and interprete. I thus
investigated the overarching research objective with a sequence of models. First, I
implemented a non-spatial model describing a single grassland patch with stochastic
environmental fluctuations (Chapter 1). Second, I implemented a spatially-explicit population
model describing a plant metapopulation inhabiting an agricultural landscape with
deterministic local environments (Chapter 2 & 3).

The detailed research aims and questions derived from the overall objective were:
1) Predict optimal life-history strategies for stochastic environments differing in the variability
and correlation of fertility and seedling survival (Chapter 1).
2) Predict optimal life-history strategies for stochastic environments differing in seed mortality,
habitat productivity, and the cost of reproduction in terms of adult survival (Chapter 1).
3) Derive a fitness measure for metapopulations describing population dynamics in the
established phase (Chapter 2).
4) Develop a simulation method which estimates the probability of plant species to survive the
transient phase of population dynamics during colonization of fragmented landscapes (Chapter
2).
5) How do life-history traits interact to shape metapopulation viability and colonization success
in fragmented landscapes (Chapter 3)?
6) How is the relationship between traits and metapopulation viability altered by landscape
properties and local environmental conditions (Chapter 3)?

5
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2.0 CHAPTER 1
Predicting natural selection for life-history traits using stochastic matrix population models
Gerstenlauer J.L.K. & Wiegand K. (in preparation) Journal of Theoretical Biology

Summary
1. Life-history traits shape the ability of species to cope with environmental harshness and
unpredictability. However, no theoretical methods exist to predict optimal life-history
strategies consisting of many interacting traits for plant communities in stochastic
environments.
2. Here, we develop a new approach linking life-history strategies to population growth rate
which combines stochastic, stage-structured matrix population models, quantile regression,
and ensemble methods based on regression trees. We present a conceptual protocol
applicable to a wide range of plant taxa which merges information from trait data-bases,
conceptual knowledge of ontogenetic trade-offs among traits (e.g., seed size versus number),
and assumptions concerning the link between traits and demographic rates.
3. Taking a selected group of perennial grassland plants as an example, we show that our
method is able to detect life-history traits with bet-hedging characteristics, i.e. traits stabilizing
the temporal variance and thus increasing the geometric mean of stochastic population
growth rate.
4. Our method is able to analyze the effects of interacting traits and environmental conditions
(such as habitat productivity, seed mortality, and cost of reproduction) on the relative
importance (i.e. fitness contribution) of traits in stochastic environments.
5. The relative importance of traits depends on the intrinsic population growth rate of species,
which in a certain range is predetermined by evolutionary history. Therefore, we assessed the
functional relationships between traits and stochastic growth rates for species with low,
intermediate, and high growth rates (i.e. different quantiles).
6. Synthesis: Our approach facilitates the integration of knowledge from disparate domains
such as empirical functional trait data, knowledge concerning ontogenetic trade-offs, and
demographic data. Our method complements the traditional evolutionary invasion analysis,
and provides testable hypotheses concerning the impact of habitat conditions on optimal
multi-trait life history strategies for species with different levels of intrinsic population growth
rate.
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Introduction
Life-history traits shape the ability of species to cope with environmental harshness and
unpredictability. Therefore, these traits can help to predict the impact of local land-use and
global climate change on the viability of populations. The evolution of continuous life-history
traits is commonly studied using several related numerical techniques of “evolutionary
invasion analysis” (Otto & Day 2007) or “continuous trait games” (McGill & Brown 2007),
which build on the concept of evolutionary stable strategies (ESS). The ESS represents a
genetic state where populations cannot be invaded by mutants because optimal fitness is
already obtained (Maynard-Smith & Price 1973; Maynard-Smith 1982). To test if a given
strategy is evolutionary stable, it is sufficient to observe the density independent growth rate
of all possible invaders in a population of residents (i.e. the strategy tested). The strategy is
evolutionary stable if no potential invader has a density independent growth rate higher than
zero (Maynard-Smith & Price 1973; Maynard-Smith 1982). Density independence of the
population growth rate is a valid assumption here because the initial invader population is very
small. This density independent (in terms of intra-specific competition) stochastic growth rate
is called the invasion exponent (Caswell 2001, p. 561) or “the fitness of a (life history)
phenotype in a given environment” (Metz, Nisbet & Geritz 1992) and it is a Lyapunov
exponent, very similar to the stochastic growth rate log λs (Metz, Nisbet & Geritz 1992; Rand,
Wilson & McGlade 1994; Caswell 2001). The only difference between the invasion exponent
and the stochastic growth rate is that the invasion exponent also considers the strategy of the
resident population. Using log λs as a proxy for the invasion exponent, optimization methods
can be used to find one or several ESS for a given trait-space.

The ESS approach is hampered in one crucial aspect, it is build on the assumption that there is
only one (optimal) strategy which can be found by searching for a peak in the fitness function
describing the relationship between any trait (i.e. predictor) and λ. However, in natural species
communities, co-occuring species show a wide range of λ. This fact was early recognized in
ecology and led to the categorization of “r” selected (opportunistic, high λ) and “K” selected
(low λ) species (McArthur 1960; MacArthur & Wilson 1967). Pianka (1970) linked these two
categories to a set of life-history characteristics in a famous table and argued that
opportunistic, “r” selected species were adapted to non-equilibrium conditions whereas “K”
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selected species were adapted to equilibrium, i.e. stable population sizes. However, Caswell
(1982) showed that both “K” and “r” selection are possible under non-equilibrium conditions:
“K” selection shapes populations experiencing long periods of stasis and decline whereas “r”
selection dominates if periods of population growth are more frequent. The “r”-“K” dichotomy
is surely too simplistic and it was challenged in plant ecology by more informative schemes
such as the C-S-R scheme (Grime 1977), which groups species into a triangular coordinate
system according to competitiveness (C), stress-tolerance (S), and disturbance-tolerance (R
from ruderal), demographic interpretations of the C-S-R scheme (Silvertown, Franco &
McConway 1992), the idea of a fast-slow continuum (Franco & Silvertown 1996), and the
concept of a trade-off between dispersal ability and local competitiveness (Ehrlén & van
Groenendael 1998). Throughout all these life-history schemes, life-history strategies differ in
reproductive allocation and thus the potential range of intrinsic population growth in
stochastic environments λs. We show how to differentiate between species with low, medium,
and high λs when studying optimal life-history strategies. This is necessary if we intend to
predict life-history evolution in real species communities, where species with different
potential (under optimal conditions) population growth rates coexist.

Our motivation is to predict selection of key traits linked to life-history for perennial plants. We
investigate how selection for these traits differs between species with low and high intrinsic
growth rate. Additionally, we try to elucidate if and how environmental stochasticity and
harshness shape selection for these traits. To this end, we develop a new methodological
protocol based on stage-structured matrix population models and a combination of
computational and statistical tools. Although most elements of this protocol are established
methods, e.g. the set-up and standard analysis of matrix population models is treated in great
depth in Caswell (2001), the combination of these techniques enables us to address more
complex questions than was possible with standard methods. We use a community of
perennial grassland plants from Central Europe to exemplify our protocol. Nevertheless, the
general protocol is also applicable to other plant taxa and geographical regions.

Methods
The study system: perennial grassland plants in Central Europe
We exemplify our methods using perennial grasses and small herbs inhabiting central
European grasslands. In the years 2007-2009, botanists of the Universities of Bern and
Potsdam regularly conducted field surveys in the Biodiversity Exploratories. The Biodiversity
Exploratories consist of three study areas located in southern (Schwaebische Alb), central
(Hainich), and north-eastern (Biosphärenreservat Schorfheide Chorin) Germany (Fischer et al.
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2010b). Here, we focus on a sample of 491 species which were regularly reported during those
surveys.

STEP 1: SET UP A GENERAL LIFE-CYCLE APPLICABLE TO YOUR SPECIES GROUP OF INTEREST
All structured population models can be represented by a life cycle graph, which is a graphical
representation of the corresponding transition matrix (Caswell 2001). To exemplify our
protocol, we intentionally started with a general model that fits to a wide range of perennial
plant species. We chose a life cycle with a one year time step that consists of only three
developmental stages: dormant seeds (index 0), juvenile plants without reproductive activity
(index 1), and adult plants (index 2) which produce seeds and clones (Fig. 1.1). Seeds may either
leave the local patch via seed dispersal (with probability r), enter the seed bank (i.e. stay
dormant), or germinate and become juvenile plants. Clones directly enter the juvenile stage
and they may become adults in the next time step. The stage-structured 3 x 3 transition matrix
A of the corresponding population model contains all possible transition rates (py<-x gives the
transition rate from stage x to stage y) for a time step of one year. A also (implicitly) describes
mortality rates for each stage class. The population vector n contains the number of individuals
(i.e. the density) of the respective stage class (Lefkovitch 1965):

 n0t 1   p00

 
 n1t 1    p10


 n2t 1   p20

p01
p11
p21

p02  n0t 
 
p12  n1t   Ant
 
p22  n2t 

(eqn. 1)

Figure 1.1: Life cycle and transitions for stage-structured populations of perennial plant
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species. This figure describes the possible transitions in the life cycle of perennial plants where
py<-x is the transition rate from stage x to stage y.

STEP 2: DECIDE ON A SET OF LIFE-HISTORY TRAITS AND A PRIORI DEPENDENCIES AMONG
THESE TRAITS
For the example of wind dispersed grassland plants, we hypothesised that the following key
traits shape population dynamics: (1) mean biomass of seeds b0, (2) adults b2, and (3) clones bc,
(4) mean seed ns and (5) clone number nc, (6) ratio of asexual allocation g, (7) seed dispersal
ratio u (percentage of seeds leaving population), (8) annual probability of germination w, (9)
annual seed mortality β, and (10) adult longevity z (p2<-2 in eqn. 1). In order to implement
known ontogenetic trade-offs between traits, we conceptually separated independent and
dependent traits and thus assumed a hierarchy of traits: Independent traits can be combined
in an unrestricted way, whereas dependent traits are determined by independent traits (Fig.
A.1.1). Juvenile biomass b1, seed number, and clone number were implemented as dependent
traits. We calculated juvenile biomass as the arithmetic mean of seed and adult biomass. Seed
and clone number produced per individual plant were based on three trade-offs: (1) adult
longevity vs. reproductive allocation, (2) sexual vs. asexual reproduction, and (3) seed size vs.
seed number.

Adult longevity vs. reproductive allocation
Plants which heavily invest into reproduction often show a decreased rate of growth and
survival (Gillman & Crawley 1990). This trade-off is commonly termed cost of reproduction. In
our model, adult longevity (independent trait) was randomly sampled from a range of 0-0.7
(Table 1.1) and then relative resource allocation a was calculated according to:

 z
a  k1 exp  
 k2 

k3

(eqn. 2).

We used the Weibull function (eqn. 2) to implement a trade-off between relative allocation to
reproduction (a, per capita rate) and annual adult survival probability (z), where parameters k1
and k3 were fixed (k1=1, k3=0.5) and α=k2 described the negative effect of adult longevity on
reproductive allocation. We restricted resource allocation at maximum adult survival
probability to a range of 0.5-0.9 by solving for k2 (min=0.791, max=1.482) (Script A.1, Fig.
A.1.2).
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Sexual vs. asexual reproduction and seed size vs. seed number
We assumed that total annual reproductive allocation q (i.e. reproductive effort, in gram) is
the product of adult biomass (b2, in gram), relative allocation to reproduction (a, per capita
rate, see eqn.2), and annual fertility (π, per capita rate) and that it is partitioned between
sexual and clonal reproduction:

q=nsb0+ncbc

(eqn. 3).

Variables ns and nc represent number of seeds and clones, whereas parameters b2, b0, and bc
represent adult, seed, and clone biomass (all in gram). We assumed that annual fertility (π) is
variable over time, with E(π) given by ξ and Var(π) given by ζ (details in Step 4). Therefore, seed
number and clone number were variables updated at each time step, whereas seed mass,
clone mass and the ratio of sexual allocation (g) were fixed parameters for a given species (Fig.
A.1.1). The ratio of asexual allocation was thus the relative resource allocation to asexual
reproduction:

g = (nc bc ) /q

(eqn. 4).

Table 1.1: Range of trait values sampled with a Latin hypercube scheme. We assumed uniform
distributions.
Independent trait

Minimum

Maximum

Data source

Seed dispersal ratio1

0.1

0.5

No data available.

Adult longevity1

0.0

0.7

No data available.

Allocation to clonal reproduction1

0.0

1.0

No data available.

Seed emergence1

0.1

1.0

No data available.

Seed biomass [g]

0.001

10.0

TRY and Bioflor

Adult biomass [g]

20.0

5,000.0

TRY and Bioflor

Clone biomass [g]

0.001

10.0

No data available2.

1

Unit: a per capita (demographic) rate bounded between 0 (=0%) and 1 (=100%). 2We assumed

that ranges of clone biomass are identical to ranges of seed biomass.

STEP 3: DERIVE A CONCEPTUAL MODEL LINKING TRAITS TO DEMOGRAPHIC TRANSITIONS
Now that all traits and their interrelationships had been defined, we had to link them to
entries of the transition matrix which represent transitions in the life-cycle. We made use of
the mean biomass of stages to predict mean survival probabilities dy<-x which were then used
to predict mean transition rates py<-x. We predicted survival probabilities using the thinning law
(Yoda et al. 1963):

d x1 x

N
exp ln(bx1 )m  c exp ln(bx1 )m (bx1 ) m  bx1 

 x1 



Nx
exp ln(bx )m  c exp ln(bx1 )m (bx ) m  bx 

m

(eqn. 5).
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In this way, we related the transition rates px+1<-x to initial (bx) and target (bx+1) stage biomass.
Here m is the reciprocal of the logarithmic self-thinning slope estimated at -4/3 (Wiegand et al.
unpubl.), and Nx is the population density of a cohort of individuals of stage x. Now, that we
defined mean survival rates d as functions of the biomass of respective stages, we combined
these survival rates with information from other traits to calculate the transition rates of the
demographic transition matrix.

The transition from seeds to juvenile plants (p) was the product of three factors: seed
emergence probability (w, one minus seed dormancy probability), deterministic seedling
survival rate (d1 and the stochastic seedling survival rate (ss):
p= w dss

(eqn. 6).

For the stochastic seedling survival rate ss we assumed a constant expected value of 0.5,
whereas the variance differed between environmental regimes (explanation below - Step 4).
The transition from adults to dormant seeds depended on seed number (ns), dispersal ratio (u),
seed mortality (β), and seed emergence (w):
p=ns (1-u) (1-β) (1-w)

(eqn. 7).

The transition from adults to juvenile plants was the combined probability of ramet (left term)
and seed reproduction (right term):
p=nc d1<-veg + (1-u) ns p1<-0

(eqn.8).

Note that seed production could either lead to the establishment of juveniles in the next year
(right term of eqn. 8), or to the establishment of juveniles from the seed bank in later years.
The probability for seeds to remain in the seed bank depended on seed mortality (β) and seed
emergence (w):
p= (1-β) (1-w)

(eqn.9).

The annual probability of juveniles to stay in the juvenile stage was assumed to be zero. The
probability of adult survival (p2<-2) is identical to the trait adult longevity (z).

STEP 4: DEFINE ENVIRONMENTAL REGIMES IN TERMS OF ENVIRONMENTAL UNCERTAINTY
AND HARSHNESS
For a given community of species we compared several scenarios differing in environmental
uncertainty and harshness. We used the temporal variation of seedling survival δ and fertility ζ
(i.e. combined seed and clone production by adults) as proxies for environmental uncertainty.
We modeled seedling survival with the beta distribution and assumed a constant expected
value of 0.5 and varied the variance (δ) between 0.001 and 0.070 (Script A.2 & A.5, Table 1.2,
Fig. A.1.3).
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Table 1.2: Distribution of global variables in Latin hypercube sampling and parameters in
intermediate scenario. The model parameters define environmental harshness and
unpredictability for a given trait space instantiation. All global model parameters were given a
uniform distribution.
Model parameter

Minimum

Maximum

Intermediate scenario

Cost of reproduction (α)

0.79

1.49

1.0

Seed mortality (β)

0.10

0.90

0.4

Mean seedling survival (γ)

0.50

0.50

0.50

Variance of seedling survival (δ)

0.000

0.070

0.037

Mean fertility (ξ)

0.49

3.28

1.85

Variance of fertility (ζ)

1.17

2.42

1.67

Correlation between π and s (η)

0.0

0.90

0.45

Fertility results from a multiplicative process and it is strictly bounded at zero, thus it is best
described by a lognormal distribution (Limpert, Stahel & Abbt 2001). We systematically varied
both the geometric mean ε (0.49-3.28) and variance ζ (1.17-2.42) of fertility π (Script A.3 &
A.5, Table 1.2, Fig. A.1.4). It was shown that the correlation between juvenile survival and
fertility impacts on the evolutionary stable strategy of adult longevity (Koons, Metcalf &
Tuljapurkar 2008). We therefore created a bivariate correlated distribution with Pearson
product-moment correlation η from the lognormal and beta marginal by a stepwise stochastic
simulation which resembles a copula (see Script A.4a for original C++ source code and A.4b for
a reimplementation in R). We used the cost of reproduction α (0.79-1.48), seed mortality β
(0.1-0.9), and the expected value of fertility ξ (0.49-3.28) as proxies of environmental
harshness. As for environmental uncertainty, these measures of environmental harshness
were implemented for a community of species, i.e. all species created had identical settings of
environmental harshness and uncertainty.

STEP 5: DEFINE EXTENT OF POTENTIAL TRAIT SPACE BASED ON DATABASE INFORMATION
For a sample of 491 grassland species (see description of study system), we created a database
combining information stored in the BioFlor (Klotz, Kühn & Durka 2002a) database and data
that was made available by individual contributors of the TRY initiative namely M. Bahn, J.
Dickie, M. Kleyer, I. Kühn, A. Moles (Kuehn, Brandenburg M. & S. 2004; Moles et al. 2005b,
Seed Information Database, 2008, Royal Botanic Gardens Kew, http://data.kew.org/sid/;
Garnier et al. 2007; Kleyer et al. 2008; Pakeman et al. 2008; Kattge et al. in review). We used
the combined data set to assess the possible range of seed and adult biomass. For most traits
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insufficient information was available, so we estimated realistic ranges (see Table 1.1). The
model implementation for Plantago lanceolata was possible thanks to published and
unpublished data from Vit Latzel (Latzel et al. 2009).

STEP 6: SAMPLE TRAITS AND ENVIRONMENTAL CONDITIONS
Model set-up was hierarchical and consisted of three levels i) species, ii) communities, and iii)
environmental regimes. Each parameterisation of the stochastic matrix population model
represents one species with a specific combination of trait values within the potential trait
space defined in step five. A given combination of independent traits determined the
dependent traits according to the model framework (Step 2, Fig. A.1.1). At the community
level, we created a set of species, each with a singular trait combination. At the level of
environmental regimes, we created sets of communities, each community differing in
environmental uncertainty and harshness (as defined in Step 4).

Model set-up at the level of single species
At the level of single species, individual stochastic matrix population models were
implemented. In these stochastic models, the entries pij of the transition matrices were
continually updated based on an environmental sequence of fertility and seedling survival
values. Mean, variance and correlation of fertility and seedling survival of this time series were
determined by environmental regime conditions (Step 4). For each species, we first calculated
the dependent traits based on the trade-offs and dependencies described above (Step 2, Fig.
A.1.1). Then, we created a single stochastic time series containing the values of fertility and
seedling emergence based on global environmental conditions (Step 4). This time series was
used for all species of the same community. We first estimated the stable-stage distribution in
a stochastic sequence of 100 time steps. Then, we projected a population vector nt in stable
stage distribution for a stochastic sequence of 200 time steps and estimated mean and
variance of the intrinsic stochastic growth rate. This rate describes the (potential) growth of a
population without any form of intra- or inter-specific competition or density-dependence. For
stochastic models, the intrinsic stochastic growth rate can be approximated by the geometric
mean of the stochastic growth rate. A maximum likelihood estimator of the expected value of
the logarithm of the stochastic growth rate, i.e. dominant Lyapunov exponent (Metz, Nisbet &
Geritz 1992), is given by:
log(λs)≈ 1/T log[Nt+1 / Nt]

(eqn.

10),

where the sum is over all discrete time steps t of a simulation, T is the total time duration, and
Nt is number of individuals of all stages at t (Heyde & Cohen 1985). The estimated intrinsic
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growth rate log λs and its variance were used as response variables of subsequent analyses at
the community and environmental regime levels.

Model set-up at the level of species communities
The analysis of single species was nested within species communities where the potential trait
space, i.e. all possible combinations of traits, was sampled. For each of the seven independent
traits, we defined a uniform probability density function (Table 1.1) and we applied a Latin
hypercube sampling schedule with sample size 8,000 to evenly sample the seven-dimensional
trait parameter space (McKay, Beckman & Conover 1979a).
Model set-up at the level of environmental regimes
The analysis of species communities was nested within the environmental regime level:
different environmental regimes were represented by separate communities. With this
hierarchical approach we were able to assess the sensitivity of optimal multi-trait life-history
strategies to i) trade-offs between current reproduction and survival, ii) seed mortality rates,
iii) the mean, iv) variability, and v) the correlation between seedling survival and fertility. We
systematically sampled the six global model parameters (α, β, δ, ε, ζ, η) with a Latin hypercube
sampling scheme (Script A.5, Table 1.2). Then, for each sample in parameter space, i.e. an
environmental regime, we implemented a species community sampling from the possible trait
space.

STEP 7: FIND A MEASURE DESCRIBING THE DISPERSION OF POPULATION GROWTH RATE
In order to disentangle the dispersion (i.e. temporal constancy or stability) of the stochastic
growth rate from its temporal geometric mean we used a statistical approach. The variance of
the stochastic growth rate was measured as the geometric variance. This geometric variance
was always strongly dependent on the mean of the stochastic growth rate (Figure A.4). To
decouple the effect of traits on the mean from the effect on the stability (i.e. temporal
constancy), we calculated a new measure of dispersion, henceforth modified coefficient of
variation (MCV): We fitted a polynomial regression model of degree two between geometric
variance as response and geometric mean growth rate as predictor variable. We then
extracted the deviance residuals of this regression model and called them MCV (Figure A.5).

STEP 8: ESTIMATE SELECTIVE IMPORTANCE OF TRAITS IN SPECIES COMMUNITIES
We used two complementary approaches to assess the selective importance of traits and trait
interactions for a given species community: a linear approach based on quantile regression
and a non-linear approach based on ensembles of regression trees. In both approaches we
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conditioned on three quantiles representing species with low, intermediate, and high intrinsic
population growth rates.

With mean population growth rate as response, we used the linear measure to infer the
general direction of selection (i.e. selective gradient) in the species community and the nonlinear measure to assess the overall selective pressure on that trait. If a trait showed both
strong selective pressure and an overall positive linear effect, we deduced that it increases
fitness under the given regime conditions. For traits combining strong selective pressure with
an overall linear effect close to zero, we deduced that, although selection is acting strongly on
it, the selective gradient depends on location in trait-space, i.e. may be positive or negative
depending on interacting traits. For dispersion of population growth rate as response, we
assessed the bet-hedging value of traits based on the combination of a strong selective
pressure and a negative overall linear effect. However, for a significant bet-hedging effect it
was additionally necessary that the respective trait showed a positive selective gradient on
mean population growth rate. Additionally, our quantile regression approach allowed us to
differentiate between species with low, medium and high intrinsic growth rates. This may be
important, as species with low intrinsic reproductive output are e.g. more affected by variable
recruitment.

Linear quantile regression
We calculated standardized partial regression coefficients for the 15%, 50%, and 85% quantile
using the R (R-Development-Core-Team 2008) quantreg package (Koenker 2006). To calculate
standardized partial regression coefficients we first z-transformed both predictors and
response, and second estimated the coefficients with multiple regression models including all
other variables. This approach has the advantage that the regression coefficients are directly
comparable (Schielzeth 2010). Combining the computation of standardized partial regression
coefficients with quantile regression, we were able to compare the (linear) effect of traits on
mean and dispersion of stochastic growth rate between different quantiles.

Non-linear, quantile based, regression tree approach
The relationship between traits and the mean and dispersion of growth rate is often non-linear
and dependent on the value of interacting traits. Therefore, linear models are severely
hampered in their ability to analyze such relationships. Regression trees, on the other hand,
are naturally suited to non-linear relationships and strong interactions among variables.
Ensemble methods based on regression trees as base learners have been developed recently
showing even higher predictive performance than single trees (Elith, Leathwick & Hastie 2008;
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Hastie, Tibshirani & Friedman 2009b). We used the R package “gbm” maintained by Greg
Ridgeway (Ridgeway 2007a) that implements the stochastic gradient boosting machine of
Friedman and coworkers (Friedman, Hastie & Tibshirani 2000; Friedman 2001; Friedman 2002)
for estimating quantiles of the response variable (for details of this approach see Kriegler
2007). As recommended by Greg Ridgeway (2007b), we used the default shrinkage value of
0.001 and 10,000 trees (interaction depth: 3). We used the gbm package because it provides a
measure of variable importance for different quantiles of the response variable. Variable
importance is defined as the percentage increase in misclassification rate (of a test set) if the
predictor variable is omitted from the training set (Breiman 2001; Hastie, Tibshirani &
Friedman 2009b, page 367). We used this variable importance measure to assess the strength
of the overall effect of traits and trait interactions on the mean and dispersion of stochastic
growth rate in a given species community (Script A.6).
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Results and discussion

Impact of environmental stochasticity on the demography of single species differing in adult
longevity
In order to illustrate possible model evaluation at the species level, we used a specific species
(Plantago lanceolata) to parameterize the model and compared three hypothetical varieties of
the species differing in annual survival probability of adult individuals, i.e. adult longevity:
variety one: 0%, variety two: 35%, variety three: 70% (Script A.7). Seed loss due to dispersal
was fixed at zero as we do not have any data on the dispersal probability of seeds. For each
variety, we ran 1000 simulations where the species experienced a stochastic environment,
with the temporal variance of fertility differing among model runs (Step 4). All other
environmental regime conditions, such as geometric mean of fertility, mean and variance of
seedling survival, seed mortality and cost of reproduction, were kept constant at intermediate
regime conditions (Table 1.2). Here, we plot only 100 replicate simulations for each variety to
maintain graphical clarity (Fig. 1.2), but we give regression summaries for 1000 replications.
Compared to the varieties with 0% (95%-CIs for intercept: 2.752-2.767) and 35% (95%-CIs for
intercept: 2.727-2.741) longevity, the log mean population growth rate of the variety with
highest adult longevity (70%) showed a reduced population growth rate (95%-CIs for intercept:
2.581-2.595; Fig. 1.2a). This was due to the trade-off between adult longevity and reproductive
allocation (i.e. cost of reproduction, fixed at 1.0 in all simulations). The slope of the
relationship between variance of fertility and log population growth rate, however, increased
with increasing adult longevity (95%-CIs for slopes in increasing order of adult longevity:
0.0249-0.0336, 0.0366-0.0449, 0.0453-0.0534). This indicates that varieties with high adult
longevity profit more from an increase in environmental stochasticity, than varieties with low
adult longevity. The coefficient of variation of stochastic growth rate increased with the
unpredictability of fertility. However, the slope of this relationship decreased with increasing
adult longevity (95%-CIs for slopes in increasing order of adult longevity: 0.781-0.910, 0.6540.706, 0.503-0.533; Fig 3b). This indicates a stabilizing role of adult longevity on population
growth rate in unpredictable environments.
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Figure 1.2: Effect of temporal variance of fertility on a) the logarithmic mean and b) coefficient
of variation of population growth rate. Results are shown for three varieties of Plantago
lanceolata differing in adult survival probability, i.e. longevity: 0% adult survival, 35% adult
survival, 70% adult survival.

Trait space analysis: the effect of seed dormancy and adult longevity
To exemplify model analysis at the level of species communities, we analyzed a species
community created in an intermediate environmental regime, characterized by intermediate
settings for environmental harshness and uncertainty (intermediate scenario in Table 1.2). All
independent traits were sampled within the standard intervals (Table 1.1). We observed a nonlinear negative relationship between seed emergence (the annual percentage of seeds
germinating, predictor) and the stochastic growth rate (response, Fig. 1.3) for all species
sampled (Script A.8). In the same (intermediate) environment, adult longevity showed no
significant overall effect on the mean stochastic growth rate in a simple regression model (data
shown in Fig. 1.4). However the effect of adult longevity differed between quantiles
(regression lines in Fig. 1.4): For the 0.75 quantile, the slope of the regression line was negative
(slope:-0.10, SE: 0.050, p=0.039). For the 0.25 (slope:-0.021, SE: 0.075, p>0.1) and the 0.5
quantiles (slope:-0.038, SE: 0.054, p>0.1), slopes were not significantly different from zero.
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Figure 1.3: Effect of seed emergence on the logarithm of population growth rate for a
community of species sampled from the potential trait space. Seed emergence is the
probability of seeds to germinate, i.e. one minus seed dormancy probability. Environmental
regime settings represented an intermediate scenario of environmental harshness and
predictability (see Table 1.2). The line represents a non-parametric generalized additive model
fit to the data. Note that there is a strongly non-linear negative relationship between seed
emergence and population growth rate.

For the 0.01 (slope:+0.75, SE: 0.12, p<0.01) and the 0.05 quantiles (slope:+0.26, SE: 0.13,
p=0.046), slopes were positive, i.e. adult longevity had a positive impact on stochastic
population growth rate. This finding indicates that a positive effect of adult longevity only
existed for species with low intrinsic growth rates. Because of the cost of reproduction tradeoff, species with medium and high intrinsic growth rates showed a negative effect of longevity
on population growth rate. This finding is consistent with the non-equilibrium concept of r
versus K strategists proposed by Caswell (1984): Species adapted to long phases of population
stasis (because of adaptation to long persisting habitats) are expected to show low intrinsic
rates of population growth. Therefore, these species would also be more vulnerable to
environmental stochasticity and more dependent on traits linked to bet-hedging. These plants
would tend to evolve a life cycle including adult longevity and iteroparity helping them to cope
with harsh years associated with low fecundity and low seedling survival.
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Figure 1.4: Effect of adult longevity on the logarithm of population growth rate for a
community of species sampled from the potential trait space. We used the lattice hexbinplot
function for a hexagonally binned display of the data with point density indicated by a grey
scale. The environmental regime settings represented an intermediate scenario of
environmental harshness and predictability (compare Table 1.2). Lines represent quantile
regression models for the 0.01, 0.05, 0.25, 0.5, and the 0.75 quantile (from bottom to top).
The relative importance of traits comparing different environmental regimes
Here we present the results of model analysis at the level of environmental regimes (Script
A.9, compare Step 8).

The relative importance of traits for the geometric mean of stochastic population growth rate
Comparing a wide range of environmental regimes, selective pressure (i.e. relative
importance) was strongest on seed dormancy, clonality, adult biomass, and seed biomass (Fig.
1.6A). The selective gradient (i.e. linear effect), on the other hand, was steepest for seed
dormancy and clonality (Fig. 1.5A): Species with high seed dormancy had strongly increased
population growth rates, whereas species with high clonality showed decreased growth rates.
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Figure 1.5A: Standardized linear effect of all independent species traits and selected
interactions on the mean of stochastic population growth rate for the 15%, 50%, and 85%
quantile. The linear effect is measured by the standardized partial regression coefficients
(Schielzeth 2010) of quantile regression models. Note that the width of these violin plots
shows the empirical probability density function of linear effects over a Latin Hypercube
sample of environmental regimes (N=969). Environmental regimes differed in seed mortality,
cost of reproduction, mean fertility, variance of fertility and seedling survival, and correlation
between both rates (Table 1.2).
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Figure 1.5B: Standardized linear effect of all independent species traits and selected
interactions on the modified coefficient of variation of stochastic population growth rate for
the 15%, 50%, and 85% quantile. The linear effect is measured by the standardized partial
regression coefficients (Schielzeth 2010) of quantile regression models. Note that the width of
these violin plots shows the empirical probability density function of linear effects over a Latin
Hypercube sample of environmental regimes (N=969). Environmental regimes differed in seed
mortality, cost of reproduction, mean fertility, variance of fertility and seedling survival, and
correlation between both rates (Table 1.2).
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The pattern of relative trait importance differed between species with low, intermediate, and
high intrinsic growth rate (log λ). This finding was true both for the pattern of selective
pressure (relative importance calculated by boosted regression trees) and the strength of the
selective gradient (calculated by linear quantile regression): Seed dormancy showed the
highest selective pressure (i.e. relative importance) and the strongest selective gradient (i.e.
positive linear effect) for species with low intrinsic growth rate (15% quantile, Fig. 1.5A, 1.6A).
This finding indicates that bet-hedging strategies are most important for species with low
intrinsic λ and is consistent with the findings for adult longevity at the trait-space level, where
adult longevity also became an advantage with decreasing λ. The optimal germination ratio is
expected to strongly depend on seed mortality (Cohen 1966; Ellner 1985a). Surprisingly in our
model the positive effect of seed dormancy was very consistent for all environmental
conditions sampled, even though seed mortality ranged between 10% and 90% (Table 1.2).
This contradiction to findings from classical theoretical studies, which focused on single traits
and worked with an ESS approach, emphasizes the need to analyze optimal life-history
strategies with a more holistic multi-trait approach. The selective gradient for clonality was
always negative and it was strongest for species with low intrinsic growth rate (Fig. 1.5A). Both
selective pressure (relative importance) and (negative) selective gradient were the weakest for
species with high intrinsic growth rates (Fig. 1.5A, 1.6A). However, the negative effect of
clonality may partly be due to model assumptions. We did not consider any potential
advantages of clonal reproduction in terms of spatial interactions among plants: Clonal plants
may be able to occupy local microsites faster than plants which reproduce solely by seeds.
Therefore, clonality is assumed to increase local competitiveness (Ehrlén & van Groenendael
1998). The selective gradient for the ratio of seeds lost by seed dispersal (dispersal ratio) was
always negative and selective pressure was slightly less strong for species with low intrinsic
growth rate.

Comparing species with low, intermediate, and high log λ, selective pressure acting on adult
and seed biomass increased with log λ. However, for adult and seed biomass, selective
pressure and selective gradient did not match: Although adult and seed biomass were highly
important in terms of the importance measure calculated with boosted regression trees (i.e.
high selective pressure), they showed zero or only small linear effects as measured by
standardized partial quantile regression coefficients (i.e. weak selective gradient). This
indicates that the effect of seed size and adult biomass on log λ is not constant in trait-space,
i.e. effects depend on the specific combination of other traits. This mismatch between our
measures of linear and non-linear effect shows that both measures are indeed complementary
and that a linear effect measure does not suffice for trait-space analysis. Although we found a
26

small positive net effect of adult biomass and a small negative net effect of seed biomass for
species with intermediate and high log λ (Fig. 1.5A), we are cautious with the interpretation of
this finding: Our model did not consider temporal-spatial scaling effects which imply that
species with small seeds and high biomass have increased development time. Including such
effects would decrease the advantage of species with many small seeds and high adult
biomass.

Figure 1.6A: Relative importance of all independent species traits and selected interactions on
the mean of stochastic population growth rate for the 15%, 50%, and 85% quantile. Relative
importance is measured in % increase in misclassification rate of an ensemble of regression
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trees if the variable is omitted from the analysis (Breiman 2001). Note that the scaling of the yaxis differs between the left and the right panels. Note that these violin plots show the
distribution of relative trait importance over the same sample of environmental regimes
(N=969) as depicted in Fig. 1.5A and B.

Figure 1.6B: Relative importance of all independent species traits and selected interactions on
the modified coefficient of variation of stochastic population growth rate for the 15%, 50%,
and 85% quantile. Relative importance is measured in % increase in misclassification rate of an
ensemble of regression trees if the variable is omitted from the analysis (Breiman 2001). Note
that the scaling of the y-axis differs between the left and the right panels. Note that these
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violin plots show the distribution of relative trait importance over the same sample of
environmental regimes (N=969) as depicted in Fig. 1.5.

In comparison to other traits, the selective gradient for adult longevity was highly variable
between environmental regimes: It was either positive or negative depending on
environmental conditions (Fig. 1.5A) and selective pressure differed accordingly between
environmental conditions (Fig. 1.6A). In order to analyze the role of adult longevity, a more
detailed study of the interactions between environmental conditions, i.e. the cost of
reproduction, seed mortality, and environmental stochasticity, with adult longevity is needed
which is omitted here.

Not only main effects of independent traits but also interactions among these traits showed an
effect on λ. These interactions are very important for ecological theory as they are linked to
trade-offs between different bet-hedging strategies and may thus help to identify distinct lifehistory types or strategies. Selective pressure was acting on the interaction between seed
dormancy and clonality (Fig. 1.6A). This finding may indicate that clonality impacts on the bethedging ability of seed dormancy: it shifts the balance between sexual and asexual
reproduction. The selective gradient (i.e. linear effect) of the dormancy-clonality interaction
was either slightly positive, zero, or slightly negative depending on environmental conditions.

We found a weak negative effect (selective gradient) of the interaction between seed
dormancy and adult longevity which can be interpreted as a trade-off between two bethedging strategies: both longevity and seed dormancy buffer against temporal variance of
resource availability, therefore with increasing longevity the strong positive effect of seed
dormancy is slightly reduced. Tuljapurkar and Wiener (2000) emphasized that dormancy and
delayed reproduction are interchangeable strategies of escape in time which should strongly
trade-off. Rees (1994) discussed this trade-off in detail and argued that the balance between
the stochasticity of recruitment versus adult fertility would determine the strength of the
trade-off: If only adult fertility varied then the trade-off would be weak. With constant
fecundity and variable recruitment he proposed a strong trade-off. As our environments show
varying degrees of stochasticity in both fecundity and seedling survival but only a relatively
weak negative effect of the dormancy-longevity trade-off we argue that this bet-hedging
trade-off is generally quite weak independent of environmental stochasticity. The weak
dormancy-longevity interaction effect shows that there was a strong positive effect (selective
gradient) of seed dormancy even for species with high adult longevity (Fig. 1.5A). The increase
in fitness (i.e. λ) with increasing dormancy was especially strong if germination ratio was near
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1.0 (Figure 4). This indicates that even small ratios of seed dormancy strongly increase fitness
compared to a complete germination strategy for both iteroparous and semelparous species.

The relative importance of traits for the constancy of stochastic population growth rate
Traits increasing the temporal constancy of the stochastic population growth rate show a
spreading of risks or bet-hedging effect which increases the geometric mean of λ. Here we
used a modified coefficient of variation (MCV) as response measure to decouple the temporal
dispersion of log λ from the mean of log λ (Step 7). We argue that traits show a bet-hedging
effect if they combine a positive effect on the geometric mean of intrinsic population growth
rate with a negative effect on the MCV. Comparing a wide range of environmental regimes
(Table 1.2), adult longevity, seed dormancy, the dormancy-longevity interaction, and clonality
were the most important predictors of constancy of population growth rates (i.e. MCV) (Fig.
1.6B). Adult longevity, seed dormancy, and the dormancy-longevity interaction also showed
the strongest linear effects on the constancy of log λ (Fig. 1.5B). This finding implicates that
species, which combine high adult longevity with high seed dormancy, show a bet-hedging
strategy which enables them to buffer intrinsic population growth rate against highly
unpredictable environmental conditions.

Clonality showed a weak stabilizing effect for species with high log λ (decreasing the MCV of
log λ). The interaction between adult longevity and clonality showed a positive effect on the
MCV of log λ. This indicates that as clonality decreases the bet-hedging ability of seed
dormancy, the bet-hedging effect of adult longevity is diminished, too. The interaction
between adult biomass and longevity had a negative effect on the MCV of log λ. This indicates
that adult longevity is a bet-hedging strategy which becomes more efficient with increasing
adult biomass. Seed dispersal ratio showed no effect on the MCV of log λ. Adult and seed
biomass showed only a very weak impact on the constancy of λ.

The stabilizing effect, i.e. role in reducing temporal variance in log λ, of some traits differed
between species with low, intermediate, and high intrinsic growth rate. The stabilizing effect
of seed dormancy was especially strong for species with low intrinsic growth rate: both linear
(negative) and non-linear relative importance was strongest (Fig. 1.5B, 1.6B). As seed
dormancy combined a positive effect on the geometric mean of log λ (all environments) with a
negative effect on the MCV (most environments) we argue that it has clear bet-hedging
properties which are most pronounced for species with low intrinsic growth rates and if
germination ratio is near one. Adult longevity had a dominant negative effect on MCV of log λ
(i.e. a stabilizing effect on log λ). This stabilizing effect was more pronounced for species with
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high intrinsic growth rate. However, adult longevity showed a negative effect on mean log λ in
some environments (with high cost of reproduction). Therefore, the bet-hedging effect of
longevity clearly depends on environmental conditions. The interaction between seed
dormancy and adult longevity decreased the MCV, this effect was most clearly pronounced for
species with low λ (Fig. 1.5B). Remember that the net-effect of the dormancy-longevity
interaction on mean log λ was slightly negative (Fig. 1.5A). Therefore, it seems that a complex
trade-off between two bet-hedging strategies exists for species with low intrinsic growth rate:
Although species with both high dormancy and longevity show reduced temporal variances of
log λ they are at a disadvantage because they have to cope with the combined costs of both
bet-hedging strategies, i.e. reduced reproductive allocation (cost of reproduction) and higher
cumulative seed mortality. However, the trade-off between seed dormancy and adult
longevity is less pronounced than could be expected based on the concept of bet-hedging
trade-offs (Venable & Brown 1988). The negative effect of the dormancy-longevity interaction
on the MCV of log λ indicates that the bet-hedging attribute of both traits instead show a
synergistic effect, which contradicts Tuljapurkar and Wiener (2000).

Conclusions
Using a novel combination of modelling tools we were able to show differences between
species with low, intermediate, and high intrinsic growth rates in the selective pressure and
selective gradient acting on a set of key life history traits. This finding indicates that general
optimal solution ideas generated by studies based on the ESS approach have to be considered
with care as they do not differentiate between species with low and high intrinsic growth rate.
We could identify traits with bet-hedging characteristics comparing the impact of traits on
mean population growth rate with the impact of traits on the temporal stability of population
growth rate. We were able to assess complex trade-offs between traits linked to life-history.
We found only a weak trade-off between seed dormancy and adult longevity which contradicts
some earlier model studies. Using a hierarchical approach enabled us to include information
and uncertainty at three levels: global environmental conditions of harshness and uncertainty,
the extent of the potential trait space, and population dynamics of single species in stochastic
environments. Thanks to this modular structure, the model can be adapted to a given species
community by reformulating parts of the model and e.g. plugging in a density dependent
model of population dynamics, reformulating the potential distribution of traits, and adapting
environmental conditions to certain habitats. Thus, our approach facilitates the integration of
knowledge from disparate domains such as trait data, demographic data, and conceptual
knowledge concerning ontogenetic trade-offs.
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Summary
1. Ecologists commonly use non-spatial matrix population models to assess long-term viability
of plant populations. However, vital rates differ in space and the long-term viability of plant
populations depends on source-sink metapopulation dynamics. More realistic spatially-explicit
matrix models can be constructed based on additional information concerning landscape
structure and dispersal, but application of such models by plant ecologists has been hindered
by a lack of general guidelines concerning implementation, analysis, and interpretation. In
particular, it has been unclear if analytical approaches which are commonly used for nonspatial models can also be applied to spatially-explicit models.
2. Here, we describe the setup and analysis of spatially-explicit matrix population models for
plant populations providing both mathematical model details and R code.
3. We tested the suitability of analytical measures for the analysis of spatially-explicit models
using a new simulation based approach as benchmark.
4. We compared two contrasting scenarios of initial patch occupancy and we compared
between landscapes differing in fragmentation and availability of suitable habitat.
5. Our findings indicate that the analysis of spatially-explicit matrix models should be based on
a combination of analytical calculations and simulations. We show that λ of the landscape
transition matrix is a powerful proxy of metapopulation persistence in established
metapopulations, whereas a simulation approach is necessary to assess the probability of
successful plant invasions for a given landscape.
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INTRODUCTION
Plant ecologists commonly use matrix population models (Leslie 1945; Caswell 2001) to
describe long-term population dynamics of single species without considering space (Crone et
al. 2011). However, empirical studies corroborated the importance of space by showing that
neither vital rates (i.e. inputs of the matrix), nor associated elasticity patterns (i.e. outputs
derived from the matrix) were constant in space and time (Oostermeijer et al. 1996; Valverde
& Silvertown 1998; Jongejans & De Kroon 2005). Seed dispersal is a key spatial process which
creates metapopulation dynamics and shapes (meta)communities (i.e. Vandvik & Goldberg
2006; Cousens, Dytham & Law 2008), but non-spatial matrix models and associated population
viability analyses completely ignore seed dispersal (Beissinger & Westphal 1998; Menges 2000;
Harrison & Ray 2002). Spatially-explicit matrix formulations (Wiener & Tuljapurkar 1994;
Hunter & Caswell 2005) can be used to account for spatial variation of demographic rates and
seed dispersal. However, application is constrained by a lack of general guidelines to the use
and interpretation of these models.

One major obstacle to the application of spatially-explicit matrix models in plant ecology has
been the complicated analysis and interpretation of results: the initial spatial distribution of
individuals matters. Grimm and Wissel (2004) argued that for all simulation models after some
transient phase an established phase is reached where initial conditions are not important any
more. In the standard analysis of non-spatial matrix models, it also implicitly assumed that
initial conditions can be ignored when analyzing long-term population dynamics. However, this
assumption does not hold for spatially-explicit models describing source-sink metapopulations
because transition matrices become reducible (Caswell 2001, p.88-92). Reducible matrices
describe such one-way situations where some patch-stage combinations can be colonized
from other patches but not vice-versa. Therefore, even with the new vec-permutation matrix
formulation that allows for separate perturbation analysis of within-patch demography and
dispersal (Hunter & Caswell 2005), it is unclear how analytical measures calculated from these
models relate to metapopulation dynamics for different initial configurations of the
metapopulation.

Here, we investigate the relationship between analytical measures calculated from non-spatial
and spatially-explicit matrix population models and metapopulation dynamics in fragmented
landscapes. We are interested in both short and long-term metapopulations dynamics and we
compare different initial patch occupancy conditions. We propose a new simulation-based
method to analyze reducible matrices describing source-sink metapopulations. We use the
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results of this simulation approach as a benchmark for analytical methods: For a range of
realistic perennial grassland plant species and agricultural landscapes, we compare the
analytical predictions of non-spatial and spatially-explicit matrix formulations with our
simulation results. More precisely, we focus on the following research questions:

1. How do analytical predictions of non-spatial matrix models for different habitats compare to
analytical predictions of spatially-explicit matrix models which describe the entire landscape?
2. Can analytical measures derived from spatially-explicit matrix models be used to predict
metapopulation dynamics? How do these measures compare to simulations and under which
circumstances is a simulation approach more appropriate?
3. Do area and spatial configuration (i.e. landscape fragmentation) of suitable habitat modify
the relationship between analytical measures and metapopulation dynamics?
We show that analytical tools developed for non-spatial matrix models can also be applied to
spatially-explicit matrix models and we provide guidelines to the use and interpretation of
these models.

METHODS
Mathematical notation
In this work, matrices are denoted by upper case bold symbols (B) and vectors by lower case
bold symbols (b). Matrix dimensions may be indicated in the form Bi×j, with i indicating row and
j column number. Diagonal submatrices of a given composite matrix B are denoted by Bi,i with i
indicating identical row and column block order of the submatrix in the composite matrix B
(see Appendix A.2.0). For a given matrix B1, b1;i,j is the (i,j) entry with row index i and column
index j of B1. The transpose of a matrix is denoted by BT and [n1…ni] T denotes a column vector.
The dominant eigenvalue of a transition matrix B is denoted with λB and ρB denotes the
damping ratio of B. With the exception of λ and ρ, Greek letters denote global model
parameters which are attributes of the local environment (lower case) or the landscape (upper
case). Table A.2.1 contains a summary of all variables and global model parameters.

Model description
We constructed a spatially-explicit, stage-structured, matrix population model of perennial
grassland plants inhabiting a heterogeneous landscape. The square landscape consisted of 30 ×
30 cells of three habitats: grassland, cropland, and forest. Local populations consisted of four
stages, 1: mobile seeds, 2: immobile seeds in the seed bank, 3: juveniles, and 4: adults. Only
mobile seeds were able to disperse and seed dispersal between cells was described by a
lognormal dispersal kernel. The one year projection interval was separated into three time
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steps: early local demography, seed dispersal between local populations, and late local
demography (Figure 2.1). These three demographic transitions are described by three
spatially-explicit transition matrices B1, M, and B2 which in combination with a vecpermutation matrix P (Hunter & Caswell 2005) can be used to project the metapopulation
vector n. In parallel, for each habitat a non-spatial matrix population model was constructed
which describes isolated populations. Below, we detail the setup of different model
components. Readers which are only interested in the general approach may skip the
remainder of this section and focus on the first two paragraphs of the model analysis section.

Trait framework
We tested both the analytical approach and the simulation approach based on a sample of
potential perennial grassland species which were parameterized based on the grassland
species found in the Biodiversity Exploratories (Fischer et al. 2010a). To create this species
sample, we used a trait framework based on energetic trade-offs which contained six traits: 1)
seed biomass (b1=b2), 2) adult biomass (b4), 3) seed emergence (w), 4) mean dispersal distance
(m), 5) seed dispersal ratio (u), and 6) adult longevity (z). Two additional traits, juvenile
biomass (b3) and seed number (ns), were calculated based on these six traits. We assumed that
total annual reproductive allocation q (i.e. reproductive effort, in g) is the product of adult
biomass (b4, in g), relative allocation to reproduction (a, per capita rate between 0.5 and 1.0),
annual fertility (π, per capita rate) and habitat-specific fertility proportion vh (vgrassland= 1.0,
vcropland= 0.6, vforest= 0.3):
q = b4 a π vh

(eqn. 1).

Seed number was calculated by dividing the available biomass by seed biomass:
ns = q / b 1

(eqn. 2).

We modeled a with the Weibull function:

 z
a  k1 exp  
 

k3

(eqn. 3),

where parameters k1 and k3 were fixed (k1=1, k3=0.5), z was adult longevity, and α described
the negative effect of adult longevity on reproductive allocation (Online Appendix ScriptA.1,
Figure A.1.2). Biomass ranges were assessed based on data from the BioFlor (Klotz, Kühn &
Durka 2002a) database and data that was made available by individual contributors of the TRY
initiative (Kattge et al. 2011) namely M. Bahn, J. Dickie, M. Kleyer, I. Kühn, A. Moles (Kuehn,
Brandenburg M. & S. 2004; Moles et al. 2005b, Seed Information Database, 2008, Royal
Botanic Gardens Kew, http://data.kew.org/sid/; Garnier et al. 2007; Kleyer et al. 2008;
Pakeman et al. 2008). Trait ranges are given in Table 2.1.
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Table 2.1: Range of trait values sampled with a Latin hypercube scheme. We assumed uniform
distributions. We estimated ranges of seed and adult biomass based on data from the TRY and
Bioflor data base.
Independent trait

Symbol

Minimum

Maximum

Seed dispersal ratio1

u

0.00

0.15

Mean dispersal distance

h

1.0

2.0

Adult longevity1

z

0.0

0.7

Seed emergence1

w

0.1

1.0

Seed biomass [g]

b1

0.001

10.0

Adult biomass [g]

b4

20.0

5,000.0

1

Unit: a per capita (demographic) rate bounded between 0 (=0%) and 1 (=100%).

Demographic transition rates
Survival probabilities dyx from stage x to stage y were calculated based on the thinning law:
dyx = (bx+1 / bx)c2

(eqn. 4),

where c2 is the reciprocal of the logarithmic self-thinning slope estimated at -4/3 (Enquist,
Brown & West 1998). Based on global parameters and species-specific variables, we calculated
demographic transition rates as given in Table A.2.2. As an example, the transition from adults
to seeds in the seed bank was:
p24 = vh ns (1-u) (1-w) (1-β)

(eqn. 5).

Note, that three transition matrices (listed in Table A.2.2) describe separate steps within the
one-year projection interval. Thus, the respective transition rates have to be multiplied to gain
the transition rate for a one year projection.
Landscape generator
We used a landscape generator creating a square landscape grid consisting of 30 × 30 cells.
Each cell was of 50 m × 50 m extension. The landscape generator created patches of three
habitat types: grassland, cropland and forest. Patches showed a rectangular shape resembling
agricultural fields and meadows with patch width and length being independently determined
by a random number generator. For both patch width and length, random numbers were
drawn from a uniform distribution ranging from one to maximum patch extent Θ. Seedling
survival factor sh (sgrassland=10.0, scropland=1.0, sforest=0.1) and fertility proportion vh (vgrassland=1.0,
vcropland=0.6, vforest=0.3) differed between habitat types h. For a given landscape, we assessed
population dynamics for a sample of species. Landscapes varied in maximum patch extent Θ
and the proportion of grassland Φ, cropland Ψ and forest cells Ω in the landscape, with the
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cells not occupied by grassland being equally divided between cropland and forest habitats
(Table 2.2).
Mathematical model formulation
We used the vec-permutation matrix Psc×sc to combine spatial movement of plant individuals
(seeds which are not yet part of the seed bank) between patches with non-spatial
demographic transitions between stages (Hunter & Caswell 2005). The vec-permutation matrix
(Henderson & Searle 1981) and its transpose PT are used to convert the population vector
between the patch and the stage configuration (Hunter and Caswell 2005). Thus, it is possible
to combine demographic matrices B1, B2 with a dispersal matrix M:
n(t+1)=B2 PT M P B1 n(t)

(eqn. 6).

T

Where n(t) = [n11…nS1…nSP ] is the population vector organized by patches containing S × p
entries (S: number of stages, p: number of patches), and t indicates the current time step
(projection step is one year). The within-patch demography matrices B1 and B2 describe all
demographic transitions except seed dispersal. B1 happens before dispersal takes place, B2
happens after seed dispersal (Figure 2.1). More details on the setup of B1, B2, and M can be
found in Appendix A.2.0.

The demographic transitions within one projection step can be described by a composite
transition matrix A, with
A=B2 PT M P B1

(eqn. 7).

In analogy to this spatially explicit composite transition matrix A, a local transition matrix LS×S
was constructed for each habitat type h:
Lh= B2h O B1h.

(eqn.

8),

where B1h denotes the diagonal S×S submatrix of B1 for a given habitat and O denotes a
modified S×S identity matrix with o11=1-u (Table A.2.2). Note that the transition matrix Lh
represents a non-spatial matrix model for a given habitat h as it is commonly used in plant
ecology.

Model parameterization
Intermediate settings
In order to assess the relative importance of analytical measures over time, we ran the model
once for intermediate landscape and local environmental settings (Table 2.2). For this more
intensive model run, we used a time span of 500 years and a species sample of 675 species.
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Figure 2.1: Composite life cycle of perennial species. Each time step (one year) of the life cycle
is separated into three distinct steps each being described by a transition matrix (right side).
Transition matrices B1 and B2 describe within-patch demography, whereas M1,1 describes
spatial dispersal of seeds in the landscape. The non-spatial analog to M1,1 is O which describes
the seed loss due to seed dispersal. Bold arrows indicate demographic transitions with
probability one.

Sensitivity analysis
We wanted to test if the relationship between analytical measures and population dynamics
depends on landscape properties and local environmental conditions. For this purpose, we ran
160 simulations differing in landscape and environmental parameters (i.e. global model
parameters which were identical for a given simulation). Global model parameters were
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sampled with a Latin Hypercube algorithm whose parameter ranges are given Table 2.2. We
varied the landscape properties maximum patch extent Θ and proportion of grassland Φ,
cropland Ψ and forest cells Ω. And we varied the global environmental parameters cost of
reproduction α, seed mortality β, and variance of the seed dispersal kernel Ϊ. For all 160 model
runs of the sensitivity analysis, we used a time span of 500 years and a species sample of 330
(+- 10) species.

Table 2.2: Distribution of global parameters in sensitivity analysis (Latin Hypercube) and
intermediate settings. In the Latin Hypercube sampling scheme, we assumed uniform
distributions for all global model parameters.
Model parameter

Minimum

Maximum

Intermediate settings

Cost of reproduction (α)

0.79

1.49

1.0

Seed mortality (β)

0.10

0.90

0.4

fertility (π)

0.5

2.5

1.85

Ratio of grassland cells (Φ)

0.1

0.5

0.3

Ratio of forest (Ω) and cropland (Ψ)

0.25

0.45

0.35

Maximum patch extent (Θ)

2

10

7

Variance of seed dispersal kernel (Ϊ)

1.2

2.2

1.7

cells1

1

The two ratios were always identical: Ψ = Ω = (1 - Φ) / 2

Model analysis
We used classical analytical tools developed for non-spatial matrix models (eigenanalysis) and
applied them to spatially-explicit matrix models and non-spatial matrix models of the three
habitats. Additionally, we developed a new simulation approach to analyze the spatiallyexplicit matrix model. We compared both approaches to test if analytical tools can successfully
be applied to spatially-explicit matrix models describing source-sink metapopulation dynamics.

Analytical approach
We calculated the dominant eigenvalue λ for within-patch demography matrices Lh, for the
composite transition matrix A (eqn. 7), and for the dispersal submatrix M1,1 describing seed
dispersal in the landscape. Note that matrices Lh represent non-spatial, stage-structured matrix
population models which are very popular among plant ecologists. Here, we denote dominant
eigenvalues for the three habitat types as: λgrassland, λcropland, and λforest. For M1,1, we additionally
calculated the standard deviation of the dominant right eigenvector SD (wM) and the damping
ratio ρM (Caswell 2001, p.95-100). The right eigenvector can be interpreted as the stable stage
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distribution of dispersing seeds. The standard deviation of this vector is thus an inverse
measure of landscape connectivity: the lower the standard deviation the more equal is the
spatial distribution of dispersing seeds under equilibrium conditions. The damping ratio ρ
describes the "rate of convergence to the stable population structure" and it is calculated as:
ρ = λ1 /|λ2|

(eqn.

9),

where λ1 is the dominant eigenvalue, λ2 is the subdominant eigenvalue (second in magnitude),
and || denotes the norm (Caswell 2001, p.95-100). We included the damping ratio of M1,1 as it
has been proposed as a measure of metapopulation connectivity (Shima, Noonburg & Phillips
2010).

Simulation approach
In order to cope with the problem of reducible matrices, we ran repeated Monte-Carlo
simulations for two scenarios: In a colonization scenario, we started simulations with two
initial subpopulations and used 16 replicates. In a scenario describing an established
metapopulation, we started with 450 initial subpopulations (50% of all grid cells) and used four
replicates. The colonization scenario applies to species-reintroduction programs, range shifts
due to climate change, and invasive plants. The second scenario describes situations when an
established metapopulation is perturbed by habitat turnover: land-use change in agricultural
landscapes can imply sudden habitat turnover such as from meadows to cropland and vice
versa. In both scenarios, locations of initial subpopulations were randomly sampled (without
replacement) from all patches in the landscape, and all four stages were initiated with 100
individuals per subpopulation and stage. We projected the metapopulation vector over a 500
year period. To prevent unrealistically high plant densities, we enforced a maximum carrying
capacity of 100 kg for the local biomass of the adult stage using a simple cut-off approach. As
patches represented 50 m × 50 m cells, this represents a maximum density of 40 g/m 2 which is
representative for subdominant species with narrow niche space. For each species and both
scenarios, we separately counted the number of metapopulation extinctions for all replicates.
Data was stored as a 500 year time-series. For all cases where metapopulations did not go
extinct, we recorded the number of occupied patches (a patch was counted as occupied if it
carried more than two adult individuals), mean subpopulation density per cell (number of
juveniles and adults), and seed density (number of seeds in the seed bank). Then, we averaged
over Monte-Carlo simulations for each year. Metapopulation extinctions were also separately
averaged over all replicates for each species and scenario. In both scenarios, this average
number of extinctions was used as an estimate of metapopulation extinction probability for a
given species.
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Statistical analysis
In the analysis of a model run (i.e. implementation of spatially-explicit matrix models for a
given landscape and a sample of species) with intermediate global parameter settings, we
used boosted regression trees to assess the predictive importance of analytical measures.
Boosted regression trees is an ensemble method from the machine learning field which uses a
high number of regression trees in an additive approach ("boosting"): new regression trees try
to predict the residuals of previous regression trees. Because of the use of stochastic variable
selection the method is well suited to identify the predictive power of highly correlated and
interactive predictors (Friedman, Hastie & Tibshirani 2000; Friedman 2001; 2002). We used the
R package “gbm” maintained by Greg Ridgeway (Ridgeway, 2007a) which implements the
stochastic gradient boosting machine of Friedman and coworkers (Friedman, Hastie &
Tibshirani 2000). As recommended by Greg Ridgeway (2007b), we applied the default
shrinkage value of 0.001 and 10,000 trees (interaction depth: 3).

RESULTS
Intermediate settings
Patch occupancy
For the colonization scenario (two initial populations), dominant eigenvalues λL of local
transition matrices Lh were only weakly linked to the colonization success of species (Table
A.2.4). This low predictive power of λL indicates that non-spatial matrix models fail to predict
the population spread of colonizers. The dominant eigenvalue of the landscape transition
matrix λA was a powerful albeit non-linear predictor of the mean number of occupied patches
(Figure 2.2, left panel). In the long run, all metapopulations with λA smaller than one went
extinct and metapopulations with λA higher than one were able to colonize nearly all patches
of the landscape (i.e. year 256). Thus, in the long run a simple threshold rule applies and it
does not matter if λA is, say, 2.0 or 1.1. However, for intermediate time steps (i.e. years 4, 8,
16) there was a piecewise linear relationship between λA and the number of occupied patches
in the landscape. As it is questionable if real plant populations are ever in equilibrium with
their environment (i.e. the distribution of suitable habitat patches, local demographic rates,
and thus λA changes in time), these intermediate time scales may be very important in
evolutionary terms. The predictive power of λA as calculated by boosted regression trees was
always higher than 70% and it increased with simulation time (Figure A.2.4). Thus, λA was the
single most important short and long term predictor of patch occupancy for the cases where
the metapopulation did not go extinct. This finding shows that the classical analytical approach
of non-spatial matrix population models can be extended to spatially-explicit matrix models, if
we are interested in the population spread of invaders after successful establishment.
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Surprisingly, two proxies of functional landscape connectivity, the damping ratio of the
connectivity matrix ρM and the standard deviation of the stable spatial distribution of seeds
SE(wM), failed to predict patch occupancy of surviving metapopulations (Figure A.2.4).

Figure 2.2: Relationship between dominant eigenvalue λA of the landscape transition matrix A
and patch occupancy (left panel) and estimated extinction probability (right panel) for a
simulation with intermediate settings in the colonization scenario. Panels represent a time
series of 8, 16, 32, 64, 500 years (starting with year 8 of the simulation at the bottom, ending
with year 500 at the top).

For the scenario describing an established metapopulation, λL of local transition matrices Lh
showed only a negligible effect on the colonization success of species (Figure A.2.5). This low
predictive power of λL indicates that non-spatial matrix models fail to predict patch occupancy
for established metapopulations subject to perturbation. In contrast, λA was a strong predictor
of patch occupancy. The relationship between λA and mean patch occupancy developed over
time and in the long run resembled the pattern found for the colonization scenario (Figure 2.3,
left panel): although there was much scatter for intermediate values of λA (1.0-1.5), all species
with λA smaller one went extinct and nearly all species with λA higher than 1.5 occupied the
entire landscape within 500 years. In contrast to the colonization scenario, λA initially showed a
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weaker link to mean patch occupancy because of the importance of the damping ratio ρM
(Figure A.2.5). The standard deviation of the stable spatial distribution of seeds SE(wM) failed
to predict patch occupancy (Figure A.2.5).

Figure 2.3: Relationship between dominant eigenvalue λA of the landscape transition matrix A
and patch occupancy (left panel) and estimated extinction probability (right panel) for a
simulation with intermediate settings in the established metapopulation scenario. Panels
represent a time series of 8, 16, 32, 64, 500 years (starting with year 8 of the simulation at the
bottom, ending with year 500 at the top).

Metapopulation extinctions
As expected, the temporal occurrence of metapopulation extinctions differed strongly
between the colonization and the established population scenario: in the colonization scenario
after 20 years, cumulative extinction probability had reached 39.7 % and leveled off, whereas
it had just reached 1.7% in the established population scenario (Figure A.2.2 & A.2.3).
Therefore, the first twenty years were crucial in the colonization scenario whereas the time
period from 30 to 200 years mattered in the established metapopulation scenario.
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Figure 2.4: Relative importance of selected analytical measures for mean number of
extinctions in colonization scenario (panel A) and established metapopulations scenario (panel
B). Note that the scale for cumulative extinctions is shown on the right and represents % of
total extinctions in 500 years. Also note that the time scale (x-axis) is logarithmic because the
most important changes in the relative importance of analytical measures happen at early
time periods. The scaling of the x-axis differs between panel A and B. The two proxies for
landscape connectivity, SE(wM) and ρM, are omitted because they showed only marginal
predictive importance (below 4 %).

Extinctions in the colonization scenario
In the colonization scenario, in the short run local growth rates as predicted by local transition
matrices Lh for grassland and cropland habitats were the strongest predictors of
metapopulation (Figure 2.4A). However after year 8, λA became the most important predictor
of metapopulation survival. As cumulative extinction rate had already reached 20.3% at year 8,
this means that local growth rates play a crucial role in extinction processes for the
colonization scenario. Surprisingly, it was the growth rate λcropland which showed the highest
impact on metapopulation survival, followed by λgrassland and λforest. This finding indicates that in
a colonization scenario characterized by an undirected invasion vector, survival and fertility
rates in suboptimal habitat are important predictors of colonization success.
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Although extinction rates were much higher for species with λA smaller than one, many
metapopulations went extinct although λA was higher than the threshold of one (Figure 2.2,
right panel). These cases are important, because they indicate that invading populations were
not able to survive the transitional phase (Grimm & Wissel 2004) and enter the established
phase where initial conditions are irrelevant. Although λA predicts that the invaders would
spread and occupy the landscape, the low local growth rates and isolation from suitable
patches prevents the invaders from entering the established phase. If the same species started
in more suitable patches it was able to establish a viable metapopulation. This finding
corroborates the importance of a simulation approach to assess the probability of species to
successfully colonize a given landscape.

Extinctions in the established metapopulation scenario
For the scenario of an established metapopulation, extinctions started in year 16 only and the
growth rate of grassland habitats as predicted by λgrassland was the most important predictor at
this time step (Figure 2.4B). Between year 24 and year 28, the role of λgrassland and λA switched
and λA became again the most important predictor of metapopulation survival (Figure 2.4B). A
high proportion of extinctions occurred at time periods (30-500 years) when λA showed high
predictive importance, thus λA was a very good proxy of metapopulation viability. In contrast
to the colonization scenario, suboptimal habitats played a smaller role in the established
metapopulation scenario, the local growth rate of grassland habitats dominated early
extinction processes instead.

Sensitivity analysis of landscape properties
In general, the slope of the positive relationship between λA and the mean number of occupied
cells in the landscape increased with decreasing proportion of suitable (grassland) habitat
(Figure A.2.6 & A.2.7). There were differences between the two scenarios: In the first two time
steps (year 12 and 32), the relationship between λA and patch occupancy was stronger in the
colonization than in the established metapopulation scenario. In the last time step (year 200),
the pattern did not differ between the scenarios (Figure A.2.6 & A.2.7). These results indicate
that for landscapes with a small proportion of suitable habitat, λA is a good predictor of patch
occupancy.

The effect of maximum patch size on the relationship between λA and the mean number of
occupied cells changed over time and differed between the scenarios: In the colonization
scenario, the slope of the relationship between λA and patch occupancy decreased with mean
patch size in year 12 (Figure A.2.8). In year 32, a non-linear relationship between λA and patch
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occupancy emerged, with a roughly linear relationship for the landscapes with the highest
(maximum) patch size. In the established metapopulations scenario, the slope between λA and
patch occupancy increased with patch size for all three time steps (Figure A.2.9). These results
indicate that for landscapes with high mean patch size (i.e. low landscape fragmentation), λA is
a good predictor of patch occupancy.

DISCUSSION
To our knowledge, this is the first systematic comparison of non-spatial and spatially-explicit
matrix population models and their ability to predict population dynamics in fragmented
landscapes. We propose a new simulation-based method to analyze reducible matrices
describing source-sink metapopulations and we compare the results of this new simulation
approach with the predictions of analytical measures calculated from non-spatial and spatiallyexplicit matrix population models. Our intention was to establish the usefulness of analytical
measures for two opposing scenarios of initial patch occupancy: a colonization and an
established metapopulation scenario. Based on the comparison between non-spatial and
spatially-explicit matrix models and between analytical solutions and simulations, we suggest
guidelines for the implementation and interpretation of spatially-explicit matrix population
models in plant ecology.

How do analytical predictions of non-spatial matrix models for different habitats compare to
analytical predictions of spatially-explicit matrix models? Classical non-spatial matrix
population models failed to predict long-term metapopulation dynamics in both scenarios,
however, they showed strong effects on the probability of early extinctions. The local
population growth rate λgrassland predicted by non-spatial matrix models for grassland patches
showed a strong effect on metapopulation extinctions in the established metapopulation
scenario for early time periods. However, most extinctions happened afterwards, when the
population growth rate λA predicted by spatially-explicit matrix models was a very good proxy
of metapopulations extinction probability. For the colonization scenario, local population
growth rates λcropland and λgrassland showed an intermediate effect (between 20% and 50%
predictive power) for early time periods when most extinctions took place. It seems that the
predictive power of non-spatial matrix population models is limited to early time periods after
perturbation when the system is far from equilibrium. Even if local growth rates may be very
important for early extinction events in the colonization scenario, it is difficult to predict the
relative importance of the non-spatial growth rates of different habitats because this balance
may depend on habitat ratios in the landscape and the ratio between the different local
growth rates.
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Can analytical measures derived from spatially-explicit matrix models be used to predict
metapopulation dynamics? The suitability of analytical measures calculated from spatiallyexplicit matrix models differed between the colonization and the established metapopulation
scenario. For the colonization scenario, we showed that a simulation approach is superior to
analytical solutions because a high percentage of extinctions happen during the first twenty
years when the dominant eigenvalue λA is only a weak predictor of metapopulation
establishment (Figure 2.4A). The spatial distribution of founder populations is crucial in this
scenario, therefore implementing spatial randomness the way we did offers an intuitive way to
assess the probability of successful invasions. On the other hand, the analytical approach is
very suitable for the established metapopulation scenario: Here it took 16 years for the first
extinctions to occur and λA was a very good predictor of persistence after a transitional time
period of 30 years (Figure 2.4B). Medium to long-term cell occupancy could also be
successfully described by λA (Figure A.2.5). In the first years, the damping ratio of the seed
dispersal matrix ρM described 15-30 % of the variation in cell occupancy (Figure A.2.5). The
damping ratio ρM may be interpreted as the short-term ability of metapopulations to reach
suitable habitat in space. Hence, the analytical approach can successfully be applied to predict
persistence of established metapopulations, but it is unable to predict the survival of
metapopulations in the colonization scenario (i.e. colonization probability). However, after a
colonizer has reached the established phase, λA neatly predicts its spread over the landscape
(Figure A.2.4).

Do area and spatial configuration of suitable habitat modify the relationship between
analytical measures and metapopulation dynamics? Both the proportion of suitable habitat
and patch size modified the relationship beween λA and patch occupancy. The proportion of
suitable habitats increased the range of λA and it showed a general positive effect on
occupancy (Figure A.2.6 & A.2.7). Therefore, for landscapes with a small proportion of suitable
habitat, λA is a very good predictor of patch occupancy in both scenarios. For landscapes with a
high proportion of suitable habitat, a simulation approach is more appropriate. With increasing
patch size, the predictive importance of λA increased. For the colonization scenario, the speed
of colonization may depend not only on λA but also on the spatial configuration of habitats. For
landscapes with small patch sizes, all species with a λA higher than one will colonize the entire
landscape swiftly, thus, after a few years it is not important any more if λA is say 1.2 or 2.0. For
landscapes with big mean patch sizes (i.e. low landscape fragmentation), the speed of
colonization is much reduced and very sensible to λA for a long time period. For the established
metapopulation scenario, simulations with big patches showed decreased patch occupancies
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for values of λA between 1.0 and 1.5 (Figure A.2.9). This indicates that the predictive value of
λA in terms of patch occupancy is increased for high clustering of habitats and situations where
population dynamics are near the equilibrium. We conclude that the relationship between λA
and patch occupancy depends on landscape properties: The predictive power of λA is especially
strong for landscapes with large mean patch sizes (low landscape fragmentation) and a small
proportion of suitable habitat.

Guidelines for the analysis of spatially-explicit matrix models
Based on our results, we propose a step-wise analysis of spatially-explicit matrix models: First,
a simple threshold rule for λA will tell plant ecologists if a given species is in principle, able to
colonize and persist in a given landscape: If λA is higher than one then the species can colonize
and persist, else it will fail. Second, the simulation approach can provide an estimate of
invasion probability which is nothing else than the chance of invading populations to reach the
established phase mentioned by Grimm and Wissel (2004). The simulation approach should
also be used to project patch-occupancies for landscapes with a high proportion of suitable
habitat and a low fragmentation of habitat. Third, for a case study where initial population
densities are known, ecologists should also think about implementing a stochastic simulation
based on the spatially-explicit matrix population model. Implementing demographic
stochasticity is straightforward: It only requires drawing random numbers from an appropriate
probability density function (such as the Poisson distribution for seed production and the
Binomial distribution for survival probabilities). The expected (mean) values needed to
parameterize these distributions are the transition rates in the demographic matrices of the
matrix model (Caswell 2001, 458-462).

Analytical versus rule-based models
Rule-based, "individual-based" simulation models (IBMs) are potential competitors to spatiallyexplicit equation-based matrix models and here we want to indicate some criteria which may
help to choose among both approaches: First and foremost, IBMs are able to describe spatial
interactions among neighboring plants. Thus, IBMs should be preferred if small-scale spatial
processes such as competition and facilitation cannot be described using a "mean-field
assumption" which averages over space (Dieckmann, Law & Metz 2000). The drawback is that
such IBMs are very data hungry if they have to describe the dynamics of intraspecific and
interspecific competition in detail. Second, ecological models are increasingly expected to
describe processes acting on large spatiotemporal scales, but stochastic IBMs describing smallscale interactions are often computationally demanding and thus limited to small and medium
scales. One approach to the problem of scaling-up has been to derive simplified analytical
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models from detailed rule-based models (Fahse, Wissel & Grimm 1998; Pagel et al. 2008).
However, by the use of spatially-explicit matrix models which show high computational
efficiency and mathematical parsimony this scaling-up step can be omitted, thus facilitating
both model communication and analysis. Third, in comparison to detailed individual-based
models, spatially-explicit matrix population models have the advantage that they neatly fit into
the demographic modelling framework to which most empirical plant ecologists are familiar.

Some caveats
The general suitability of matrix population models for applied population viability analysis (i.e.
for predicting survival probabilities) has been questioned based on unrealistically high data
requirements (temporal replicates) and associated problems with model precision and model
evaluation (Ellner et al. 2002). Pfeiffer et al. (2006) argue that, given a large study area, at least
four temporal replicates are necessary for reliable population viability analysis. The issue if
temporal replicates can be replaced by spatial replicates remains controversial (Jongejans & De
Kroon 2005; Ramula, Dinnetz & Lehtila 2009). But, even if available data is insufficient to
support precise population forecasts, spatially-explicit matrix population models can be used
to assess sensitivities and elasticities of λA to matrix entries (Hunter & Caswell 2005). These
analytical measures predict which local stage-transitions and dispersal rates are crucial for
metapopulation persistence and they can be used to target conservation management (e.g.
Shea et al. 2005) and demographic research. However, Beissinger and Westphal (1998)
pointed out that "elasticity indicates which element to change to obtain the quickest route to
population recovery, but not which element is causing the decline" and that only experiments
and comparative studies could reveal the mechanistic causes of population decline. Although
we did not conduct any perturbation analyses in this study, our results indicate that the
calculation of sensitivities and elasticities for λA as proposed by Hunter and Caswell (2005) is a
viable approach even for fragmented landscapes: It is e.g. possible to use the sensitivity of λA
to changes in the entries of the dispersal submatrix M1,1 to assess the relative importance of
patch to patch connectedness as it affects metapopulation viability. This approach may help to
find dispersal bottlenecks which are critical for long-term metapopulations persistence.
However, our results also indicate that classical perturbation analysis is not possible if we are
interested in colonization rates for a given landscape: λA fails to predict colonization
probabilities, thus perturbation analysis based on λA will not produce accurate predictions. In
such cases, for a given species, simulations can be used to estimate colonization rates for
landscapes differing in patch configuration. In a next step, systematically varying selected
matrix entries (local transition rates or dispersal rates) can reveal the sensitivity of landscape
colonization probability to these entries.
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Conclusions
Non-spatial matrix population models hold a prominent place in the toolbox of plant ecologists
(Crone et al. 2011). These population models have been used for decades and today the
wealth of data collected in the form of demographic matrices allows for complex comparative
analyses of plant demography and life-histories (Buckley et al. 2010; Burns et al. 2010a). In this
study, we showed that non-spatial matrix models fail to predict long-term metapopulation
dynamics. However, spatially-explicit matrix population models can be constructed from nonspatial matrix models and additional assessment of dispersal kernels and landscapes. Based on
spatially-explicit matrix models, plant ecologists can use i) a simulation approach to forecast
invasion probability, and ii) analytical measures to predict population spread of successful
invaders. The same models and analytical tools can be applied to established metapopulations
which are disturbed by anthropogenic land-use changes. The colonization scenario applies to
species-reintroduction programs, range shifts due to climate change, and invasive plants. The
second scenario describes situations of land-use change e.g. in agricultural landscapes, which
imply sudden habitat turnover such as from meadows to cropland and vice versa. Based on our
results, we encourage empirical plant ecologists, to make use of demographic data gathered
for non-spatial models to set-up spatially-explicit matrix population models.
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4.0 CHAPTER 3

Impact of life-history traits on metapopulations: applying Occam's razor
Gerstenlauer J.L.K. & Wiegand K (in preparation) Ecology Letters

ABSTRACT
We investigated the interactive effects of key life-history traits of perennial grassland plants on
metapopulation viability and colonization success in fragmented landscapes. Assuming
constant environments, we compared different landscapes and environmental conditions to
investigate the interplay between traits and metapopulation dynamics. We assessed
metapopulations dynamics using a new fitness measure for metapopulations which describes
both the viability of established metapopulations and the ability of species to colonize
respective landscapes. Based on this new measure, we found a simple formula describing the
relationship between traits and metapopulation fitness. Applying a multilevel regression
approach, we showed how this relationship depends on landscape properties and global
properties linked to environmental conditions:ecosystem productivity, seed mortality,
environmental harshness. The link between life-history traits and metapopulation fitness
weakens with increasing habitat loss and fragmentation, this indicates that even species with
high dispersal rates are unable to cope with habitat loss and highly fragmented landscapes.
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INTRODUCTION
Global climate change and increasing anthropogenic pressure on natural and semi-natural
landscapes lead to a combination of habitat loss and landscape fragmentation, i.e. breaking up
of large habitat patches into smaller isolated areas (Fahrig 2003). Additionally, grasslands are
expected to experience all potential drivers of biodiversity change, i.e. changes in land-use,
climate, nitrogen deposition, biotic exchange (introduction of exotic species), and increase in
atmospheric CO2 (Sala et al. 2000). Therefore, plant ecologists need to assess the viability of
native plant populations in increasingly fragmented landscapes based on local demographic
data. At the same time, exotic species are increasingly invading and the characteristics of
potential invaders and environmental drivers facilitating invasion events are not fully known
yet (van Kleunen, Weber & Fischer 2010). The solution of these applied questions will benefit
from ecological theory which is, however, currently unable to cope with the complex
interactions between life-history traits of species, landscape characteristics, and local
conditions such as ecosystem productivity.

In plant ecology, comparative studies showed that neither vital rates nor associated elasticity
patterns were constant in space and time (Oostermeijer et al. 1996; Valverde & Silvertown
1998). However, in the past many applied studies of population viability (Harrison & Ray 2002)
and theoretical studies of evolutionary stable strategies (i.e. Koons, Metcalf & Tuljapurkar
2008) assumed homogeneous space for the sake of analytical simplicity. Today different
flavors of spatially-explicit population models are available: individual based models (e.g.
Wiegand, Henle & Sarre 2002), spatially-explicit matrix models (Wiener & Tuljapurkar 1994;
Hunter & Caswell 2005), and patch-occupancy models (e.g. Ovaskainen & Hanski 2003). One
major obstacle to the application of spatially-explicit models is the incompatibility between
data requirements of models and the kind of data which field ecologists are willing or able to
collect. However, plant ecologists frequently collect demographic data to parameterize nonspatial matrix population models and such data can be used to set up spatially-explicit matrix
models. In a previous study (chapter 2 of this thesis), we showed that the dominant eigenvalue
λA of the landscape transition matrix can be used as a measure of metapopulation viability. In
this study, we use λA as a fitness measure for structured metapopulations. Our fitness measure
has the advantage that it avoids simplifying assumptions made by an alternative patchoccupancy approach (Metz & Gyllenberg 2001), that all patches are i) equal in terms of habitat
quality, ii) equally coupled by dispersal.

The purpose of this study is to investigate the interplay between life-history traits, landscape
properties, and local environmental conditions. Therefore, we compare the fitness of species
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differing in life-history traits between landscapes differing in habitat fragmentation and area of
suitable grassland habitat. Additionally, we compare local environmental conditions differing
in productivity, seed mortality, and the cost of adult survival in terms of reduced fertility. We
address the following questions:

Is there a simple formula for the fitness effect of life-history traits in fragmented landscapes?
What is the effect of habitat loss, fragmentation, and local conditions on this fitness effect of
traits?

METHODS

Model description
We constructed a spatially-explicit, stage-structured, matrix population model of perennial
grassland plants inhabiting a heterogeneous landscape. The square landscape consisted of 30 ×
30 cells of three habitats: grassland, cropland, and forest. Local populations consisted of four
stages: mobile seeds, immobile seeds in the seed bank, juveniles, adults. Only mobile seeds
were able to disperse and seed dispersal between cells was described by a lognormal dispersal
kernel. The one year projection interval was separated into three time steps: early local
demography, seed dispersal between local populations, and late local demography. These
three demographic transitions were described by three spatially-explicit transition matrices B1,
M, and B2 which in combination with a vec-permutation matrix P (Hunter & Caswell 2005)
were used to calculate a composite transition matrix A which projects the metapopulation
vector n (Chapter 2, eqn. 7). The dominant eigenvalue λA of A was used as a metapopulation
scale fitness measure (Chapter 2).

Trait framework
We created a sample of potential perennial grassland species which were parameterized based
on the grassland species found in the Biodiversity Exploratories (Fischer et al. 2010a). To
create this species sample, we used a trait framework based on energetic trade-offs which
contained six traits: 1) seed biomass (b1=b2), 2) adult biomass (b4), 3) seed emergence (w), 4)
mean dispersal distance (m), 5) seed dispersal ratio (u), and 6) adult longevity (z). Two
additional traits, juvenile biomass (b3) and seed number (ns), were calculated based on these
six traits. We assumed that total annual reproductive allocation q (i.e. reproductive effort, in g)
is the product of adult biomass (b4, in g), relative allocation to reproduction (a, per capita rate
between 0.5 and 1.0), annual fertility (π, per capita rate) and habitat-specific fertility
proportion vh (vgrassland= 1.0, vcropland= 0.6, vforest= 0.3):
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q = b4 a π vh

(eqn. 1).

Seed number was calculated by dividing the available biomass by seed biomass:
ns = q / b 1

(eqn. 2).

We modeled a with the Weibull function:

 z
a  k1 exp  
 

k3

(eqn. 3),

where parameters k1 and k3 were fixed (k1=1, k3=0.5), z was adult longevity, and α described
the negative effect of adult longevity on reproductive allocation (Figure A.2.1). Biomass ranges
were assessed based on data from the BioFlor (Klotz, Kühn & Durka 2002a) database and data
that was made available by individual contributors of the TRY initiative (Kattge et al. 2011)
namely M. Bahn, J. Dickie, M. Kleyer, I. Kühn, A. Moles (Kuehn, Brandenburg M. & S. 2004;
Moles et al. 2005b, Seed Information Database, 2008, Royal Botanic Gardens Kew,
http://data.kew.org/sid/; Garnier et al. 2007; Kleyer et al. 2008; Pakeman et al. 2008). Trait
ranges are given in Table 2.1.

Demographic transition rates
Survival probabilities dyx from stage x to stage y were calculated based on the thinning law:
dyx = (bx+1 / bx)c2

(eqn. 4),

where c2 is the reciprocal of the logarithmic self-thinning slope estimated at -4/3 (Enquist,
Brown & West 1998). Based on global parameters and species-specific variables, we calculated
demographic transition rates as given in Table A.2.2.
Model parameterization
Intermediate settings
In order to assess the relative importance of analytical measures over time, we ran ten
replicates of the model for intermediate landscape and local environmental settings (Table
2.2). For these more intensive model runs, we used a time span of 50 years and a trait-space
sample of 675 potential species.

Sensitivity analysis
We wanted to test if the relationship between traits and population dynamics depends on
landscape properties and local environmental conditions. For this purpose, we ran five
replicates of 80 simulations differing in landscape and environmental parameters (i.e. global
model parameters which were identical for a given simulation). Global model parameters were
sampled with a Latin Hypercube algorithm (McKay, Beckman & Conover 1979b) whose
parameter ranges are given Table 2.2. We varied the landscape properties maximum patch
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extent Θ and proportion of grassland Φ, cropland Ψ and forest cells Ω. We also varied the
global environmental parameters cost of reproduction α, seed mortality β, and variance of the
seed dispersal kernel Ϊ. For all 80 × 5 model runs of the sensitivity analysis, we used a time span
of 50 years and a species sample of 90 (+- 10) species.

Model analysis
In a prior study (Chapter 2), we compared two analyses for spatially-explicit matrix models: i)
classical analytical tools developed for non-spatial matrix models (eigenanalysis), and ii) a new
simulation approach. Based on the results in this prior study, we used the dominant eigenvalue
λA as a fitness measure for metapopulations. To assess colonization probabilities, we
additionally applied the simulation approach in the colonization scenario (with two randomly
distributed initial populations) and 128 replications.
Statistical analysis
Based on exploratory statistical analysis of data from intermediate settings, we found a simple
product of traits which explained a high variation of λA (for μi=0.5, Pearson correlation
coefficient = 0.93, 95% CI: 0.930-0.936). These traits were life expectancy of adult plants,
seedling survival rate d31, seed number ns, seed emergence w, and a power function of the
seed dispersal ratio u with exponent μi differing between landscape and local environmental
conditions:

ˆ  (1 +

1
)d 31ns wu i
- log(z)

(eqn. 5).

The effect of traits on metapopulations viability was nested within the particular settings for
landscape properties and environmental conditions. Therefore, we used a simple multilevel
regression approach (Gelman and Hill 2007): On the first level, we separately estimated μi for
each batch of simulations with identical landscape properties and environmental settings using
the nls() function for non-linear regression (R-package nlme). We used the bootstrap (Hastie,
Tibshirani & Friedman 2009a, page 249-254) with 50 replicates to increase the robustness of
the non-linear regression. On the second level, we used the modified estimator of λA (eqn. 5
with the specific estimate of μi) to set up a simple random intercept and slope regression
model:

f (ˆ)  0i + 1i ˆ   i

(eqn. 6),

where χ denotes the model coefficients (χ0:intercept, χ1: slope), ε is a Gaussian error term, and
index i indicates that model terms differ between landscapes and environmental settings.
Third, we used four regression models, to predict model coefficients (χ0, χ1), R2, and μi from
landscape properties (Φ, Θ, Ϊ) and local environmental conditions (α, β, π). We used the same
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approach to predict the extinction probability after 50 years simply replacing lambda on the
left side of eqn. 5.

RESULTS
Intermediate Environment
For intermediate environment and landscape settings, we estimated the exponent μi
describing the effect of seed dispersal ratio on λA at 0.151 using nonlinear regression analysis
(SE: 0.00235, p <0.001). Based on this estimate of μi, eqn. 5 explained 77.8 % of the variation in
λA (Pearson correlation coefficient: 0.882, 95% CI: 0.877-0.887, the coefficient of determination
R2 is calculated as the square of the correlation coefficient). However, if we assumed a μi of 0.5,
eqn. 5 explained 87.0% of the variation in λA (Pearson correlation coefficient = 0.93, 95% CI:
0.930-0.936). If we assumed a monotonic relationship, the coefficient of determination even
increased to 94 % (Spearman rank correlation= 0.97). Only for values of the estimate of
lambda below 0.5 and above 2.5 did the realized λA deviate substantially from the estimate of
eqn. 5 (Fig. 3.1).

Figure 3.1: Relationship between λ as estimated from the trait formula (eqn. 5) and the
realized dominant eigenvalue of the landscape transition matrix λA for the intermediate
scenario.
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The probability of successful establishment of colonizers was highly dependent on λA: If λA was
smaller than one, colonizers nearly always went extinct, if λA was greater than 1.5 chances of
extinction were smaller than 20% (Fig. 3.2). The dominant eigenvalue λA explained 95.8 % in
the variation of cumulative extinction events during the first 50 years (boosted regression tree
analysis). Using eqn. 5 with μi estimated at 0.5 as a proxy of λA, 87.9 % in the variation of
extinction events during the first 50 years could be explained. This shows that species traits
can be used to predict metapopulation viability for both established metapopulations and
transient conditions (colonization probability).

Figure 3.2: Relationship between the dominant eigenvalue of the landscape transition matrix
and extinctions in the colonization scenario after 50 years for the intermediate scenario.

Shape and predictive power of trait formula across landscapes and environmental settings
Landscape properties and local environmental conditions shaped the relationship between
traits and metapopulations viability. In the respective regression models (Tables 3.1-3.4), both
proportion of suitable grassland habitat Φ and maximum patch extent Θ significantly increased
slope, intercept, R2, and μi. Local productivity (i.e. fertility π) increased slope and intercept but
decreased μi. Seed mortality β increased slope and R2, but it decreased the intercept. Cost of
iteroparity α increased the slope and μi. The variance of the seed dispersal kernel Ϊ did not
show a significant effect in any of the regression models.
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Table 3.1: Regression results for R2 of eqn. 6. Here, R2 describes the predictive power of lifehistory traits in terms of metapopulation viability. The median of R2 was 0.777 (SD: 0.208).
Variable

Estimate

SE

t-value

P

Intercept

-0.207

0.122

-1.70

0.094

Φ

1.070

0.109

9.84

5.05e-15

Θ

0.0297

0.00581

5.12

2.43e-06

Ϊ

0.0633

0.0439

1.44

0.154

α

0.109

0.0636

1.72

0.090

π

-1.50e-04

0.022

-0.007

0.994

β

0.356

0.0542

6.57

6.55e-09

Residual standard error: 0.101 on 73 degrees of freedom, multiple R2: 0.747

Table 3.2: Regression results for slope (χ1i) of eqn. 6. Here, the slope describes the strength of
the effect of life-history traits on metapopulation viability. The median of χ1i was 0.349 (SD:
0.099).
Variable

Estimate

SE

t-value

P

Intercept

-0.126

0.0418

-3.01

3.62e-3

Φ

0.308

0.0372

8.28

4.21e-12

Θ

7.86e-3

1.99e-3

3.95

1.78e-4

Ϊ

0.0244

0.0151

1.62

0.109

α

0.0724

0.0218

3.32

1.40e-3

π

0.0232

0.00756

3.08

2.95e-3

β

0.325

0.0185

17.5

2e-16
2

Residual standard error: 0.0372 on 73 degrees of freedom, multiple R : 0.868.

Table 3.3: Regression results for intercept (χ0i) of eqn. 6. Here, χ0i describes metapopulation
viability of species with lowest local growth rate and dispersal. The median of χ0i was 0.730
(SD: 0.165).
Variable

Estimate

SE

t-value

P

Intercept

0.324

0.0547

5.93

9.21e-08

Φ

0.769

0.0487

15.8

< 2e-16

Θ

0.0187

2.60e-3

7.17

5.04e-10

Ϊ

5.47e-4

0.0197

0.028

0.978

α

0.0397

0.0285

1.39

0.167

π

0.128

9.89e-3

13.0

< 2e-16

β

-0.367

0.0243

-15.1

< 2e-16
2

Residual standard error: 0.0487 on 73 degrees of freedom, multiple R : 0.919.
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Table 3.4: Regression results for exponent (μi) of eqn. 5. This exponent describes the effect of
seed dispersal on metapopulation viability. The median of μi was 0.192 (SD: 0.152).
Variable

Estimate

SE

t-value

P

Intercept

0.382

0.0530

7.20

4.35e-10

Φ

0.618

0.0472

13.1

< 2e-16

Θ

0.0142

2.52e-3

5.62

3.24e-07

Ϊ

7.91e-3

0.0191

0.414

0.680

α

-0.104

0.0276

-3.74

3.59e-4

π

-0.212

9.59e-3

-22.1

< 2e-16

β

-0.0465

0.0235

-1.97

0.0521

Residual standard error: 0.0472 on 73 degrees of freedom, multiple R2: 0.911.

Landscape properties and local environmental conditions also shaped the relationship
between traits and the probability of metapopulation extinctions. However, the median R2
value of respective regression models was only 0.477 (SD: 0.300) and the exploratory power of
the trait formula was dependent on local habitat productivity π (Table A.3.1). Comparing
different landscapes, area of suitable habitat Φ showed significant effects on slope (Table
A.3.2) and intercept (Table A.3.3)of eqn. 5 and the exponent in eqn. 6 (Table A.3.4).

DEDUCTION AND IMPLICATIONS OF THE FORMULA
The analytic formula (eqn. 5) describes the multiplicative interaction between lifetime
reproductive success, seed dormancy, and seed dispersal on fitness at the metapopulation
scale.

The first term describes the life expectancy of adults. Because of the life cycle structure (Figure
2.1), individuals reaching adulthood survive at least for one time step. After the first year,
survival is described by a fixed survival probability z, which translates into an exponential
decay process of the form: N(t)=N(0)e-ςt , where ς equals -log(z) and N(t) describes the number
of adults at time t. For this exponential decay process the expected lifetime of an individual is
given by 1/ς = 1/-log(z). If we add the fixed minimum survival time of one we get the first term
of eqn. 5 describing life expectancy of adults in the population model. The second and the
third factor in eqn. 5 describe the interaction between seed quality (seedling survival) and
seed quantity (seed number). Based on the fact that i) seed number ns is proportional to the
ratio between adult and seed biomass (eqn. 1 & 2):

ns 

b4
b1

(eqn. 7),
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and ii) seedling survival rate d31 depends on the ratio between juvenile and seed biomass (with
juvenile biomass being approximately 50% of adult biomass as b3 was calculated as the
arithmetic mean of b1 and b4):
c2

c2

b 
 0.5  b4 
c2  b4 
d31   3   
  0.5  
 b1 
 b1 
 b1 

c2

(eqn. 8),

the product of seed number and seedling survival is proportional to :

b 
ns d31   4 
 b1 

1 c2

(eqn. 9).

In this model implementation, we assumed that c2 equals -4/3, thus the exponent in eqn. 9
becomes -1/3 which implicates that seed biomass increases λA and adult biomass decreases λA.
For a c2 of exactly minus one, the effects of seed and adult biomass cancel each other out,
which means that seed and adult biomass are neutral in terms of λA. For a c2 greater than
minus one, seed biomass decreases λA and adult biomass increases λA. The fourth factor w
describes the proportion of seeds which do not stay dormant but germinate. As the model is
deterministic, seed dormancy does not provide any advantage in terms of bet-hedging,
therefore maximum seed germination is the optimal strategy. The last factor in eqn. 5
indicates that λA depends on a power function of the proportion of seeds leaving the local
population. This finding emphasizes the crucial role of seed dispersal in maintaining
metapopulation viability even for constant environments. The square root (found for
intermediate settings) indicates that λA is very sensitive to changes in u for species with low
dispersal rates. In the combination of all factors, eqn. 5 describes the interaction between
lifetime reproductive success R0 (the product of adult life expectancy and the expected
number of viable offspring), seed emergence rate w, and the landscape-specific effect of seed
dispersal ratio. Lifetime reproductive success, although often proposed as a measure of
fitness, describes the per-generation rate of increase (Caswell 2001, p.295-298). Thus, the
product of R0 and w describes per-year growth rate (i.e. fitness) of local subpopulations:
Delayed reproduction simply stretches R0 over a longer time period and thus decreases local
per-year growth rate. If we assume that the product of R0 and w describes mean fitness at the
level of subpopulations, then eqn. 5 provides a very nice mechanistic explanation of the link
between local fitness and fitness as measured at the metapopulation scale.

Based on the results of multilevel regressions for μi, we are able to describe how this link
between local and landscape-scale fitness depends on landscape properties and local
environmental conditions: The exponent μi, and thus the positive effect of u on λA, increases
with proportion of suitable habitat, mean patch size, and environmental harshness in terms of
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the trade-off between reproduction and adult survival (high α means weak trade-off), and it
decreases with increasing seed mortality and local productivity (mean fertility of species)
(Table 3.4). This finding indicates that for species inhabiting rare habitat (low Φ) which is highly
fragmented in the landscapes (low Θ) a very high seed dispersal ratio is needed to significantly
improve metapopulation viability. Our findings predict that the selective pressure for high seed
dispersal ratios increases with increasing strength of the trade-off between current
reproduction and adult survival. Surprisingly, mean dispersal distance h did not enter the
predictive trait formula and thus seems to be of minor importance. Possibly this is due to the
restricted parameter range of h (between one and two cells), however we assume that this is a
realistic range for mean dispersal distance.

DISCUSSION
In this study, we investigated the interactive effects of different life-history traits on
metapopulation viability and colonization success in fragmented landscapes assuming constant
environments. We compared different landscapes and environmental conditions to investigate
the interplay between traits and metapopulation viability measured as λA. We showed how
life-history traits interact to shape metapopulation viability. We derived a simple formula
describing multiplicative trait interactions which was successfully applied to a range of
different landscapes and environmental conditions. Using a hierarchical regression approach,
we were able to describe the interplay between landscape properties and the predictive
power and fitness slope of the trait formula. Additionally, we quantified how the shape of the
positive relationship between seed dispersal ratio and metapopulation viability differed among
landscapes and environmental conditions. The probability of successful establishment of
colonizers was highly dependent on λA, therefore we used the same trait formula to predict
the colonization success of species.

In general, there seems to be a positive relationship between seed size and seedling
establishment (Moles & Westoby 2004). However, the slope of this positive relationship may
differ both between species and ecosystems. Rees and Venable (2007) in critical response to
Moles and Westoby (2006) argued that seed size, which can be assumed to be proportional to
seed biomass, is independent of adult biomass and time to reproduction. In this perspective,
seed size is seen by some as a key plant trait linked to either a life-history strategy of high
dispersal ability or strong local longevity (Ehrlén & van Groenendael 1998). Our model does
not include species interactions and thus cannot account for phenomena like multi-species
coevolution which may lead to "an evolutionary stable coalition of several species each with a
different seed mass" (Rees & Westoby 1997). As we treated seed biomass as a trait
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independent from seed dispersal ratio, we also ignored the possibility of a negative correlation
between size and dispersal ratio which is quite probable for wind dispersed grassland plants.
However, such more detailed model studies are possible and they should be based on specific
case studies (species and landscapes) and stochastic implementations of spatially-explicit
matrix population models.

Predictive power of traits across landscapes and environmental settings
The predictive power of life-history traits on metapopulation viability as given in eqn. 5
increased with the proportion of suitable habitat and mean patch size. In parallel, the intercept
of λA decreased with increasing habitat fragmentation and a decline in suitable habitat. This
indicates that habitat fragmentation and a decrease of the proportion of suitable habitat
decreases metapopulation viability for all species present in the local species pool and it
additionally decreases the general ability of species to adapt to local and landscape conditions.
Thus, even for species with highly suitable life-history traits, e.g. long adult life expectancy,
optimal ratio between seed and adult biomass in terms of seedling survival and seed
production, optimal seedling emergence, and high seed dispersal ratio, metapopulation
viability is not much improved compared to less adapted species. Highly fragmented
landscapes with low proportions of remnant grasslands may thus be unsuitable for any
grassland species.

We investigated the interplay between plant traits and landscapes applying a new fitness
measure of metapopulations which describes both the viability of established metapopulations
and the ability of species to colonize the respective landscapes. We found a simple analytic
formula describing the relationship between traits and metapopulation viability and we
showed how this relationship depends on landscape properties and global properties linked to
environmental conditions such as ecosystem productivity, seed mortality and environmental
harshness. Based on our results, we encourage further evolutionary and applied studies based
on stochastic and spatially-explicit matrix population models.
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5.0 CONCLUDING DISCUSSION
In this work, I used ecological models of different complexity and scope taking a step-wise
approach to the analysis of life-history strategies in perennial grassland plants. This approach
has the advantage of facilitating model analysis and interpretation considerably (Grimm &
Railsback 2005, page 26-27). In Chapter 1, I investigated theoretical bet-hedging strategies
using non-spatial models. Such - with respect to spatial resolution - simple models of lifehistory evolution are frequently used in theoretical papers because they provide general
insights that are valid independent of landscape context (i.e.:Orzack & Tuljapurkar 1989;
Wilbur & Rudolf 2006; Koons, Metcalf & Tuljapurkar 2008). However, these non-spatial models
only describe within-population selection, but life-history traits evolve in metapopulations and
models have to account for opposing selection pressures at the within-population and the
metapopulation level (Olivieri & Gouyon 1998). A fitness measure for metapopulations has
been proposed (Metz, Nisbet & Geritz 1992), however it assumes equally coupled patches of
homogeneous habitat quality and only describes selection at the metapopulation level but not
at the within-population level. In Chapter 2, I promoted the use of spatially-explicit matrix
population models providing a new fitness measure for metapopulations: the dominant
eigenvalue of the landscape transition matrix. This fitness measure describes the interaction
between within-population and metapopulation level selection. I showed that spatially-explicit
matrix models are clearly superior to the non-spatial versions which are commonly used by
empirical plant ecologists (Crone et al. 2011). In Chapter 3, I used the same spatially-explicit
but deterministic model formulation to investigate the interactive effects between plant traits,
local environmental conditions and landscape properties on metapopulation viability. Here
again, I was interested in general principles describing the relationships between landscape
and local conditions and life-history evolution.
The first objective of my thesis was to predict optimal life-history strategies for stochastic
environments differing in the uncertainty and correlation of fertility and seedling survival
(Chapter 1). With respect to this objective, I showed how adult longevity enables a selected
model species to cope with an increasingly unpredictable environment (in terms of fertility):
with increasing longevity the slope of the relationship between stochasticity and the
coefficient of variation of the stochastic population growth rate decreased (Chapter 1). This
bet-hedging effect of adult longevity was also found by Morris and colleagues (2008) in an
empirical study based on an elasticity analysis of demographic data from 15 plant and 21
animal taxa. They argued that species with high longevity would be preadapted to climate
change and the associated increase in climatic variability (Morris et al. 2008). Effects of lifehistory traits on the stochastic population growth rate showed coherent patterns for a range
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of different environments. Adult longevity followed by seed dormancy were the two lifehistory traits most influential in stabilizing the variance of the population growth rate. The
negative trade-off predicted by previous studies (Rees 1994; Tuljapurkar & Wiener 2000) was
much weaker than expected. However, the effect of traits was sensitive to the intrinsic rate of:
adult longevity and seed dormancy were especially important for species with a low intrinsic
population growth rate. Assuming that species with low intrinsic population growth rates are
adapted to persistent habitats (Caswell 1982) these findings indicate that these "K"-selected
species can be expected to evolve a combination of adult longevity and seed dormancy.
Climate change is expected to lead to increasing local environmental stochasticity. Thus, the
ability of plant species to hedge their bets against an unpredictable future becomes
increasingly important (Morris et al. 2008). Thus, ecologists need to assess dormancy rates and
the persistence of seeds in the seed bank and the details of survivorship curves of plants
(Lauenroth & Adler 2008). Measuring these traits with spatiotemporal replicates is tedious and
has thus often been neglected. However, this is crucial for predicting the vulnerability of plant
species to climate change. Collaborative efforts such as the BIOFLOR (Klotz, Kühn & Durka
2002), LEDA (Kleyer et al. 2008), and TRY (Kattge et al. 2011) data bases on plant functional
traits are very promising and they may hopefully enable conservation ecologists in the future
to assess the vulnerability of species to increasing climatic variability based on bet-hedging
traits. Apart from incomplete trait data, there is also only scarce knowledge concerning
autocorrelation and spatiotemporal variance of demographic rates in plants: Based on a
review article of studies using matrix population models (Burns et al. 2010) and some
additional literature review, Mareike Röder and I collected 87 articles reporting demographic
data from grassland experiments comparing two contrasting land-use types. For fertility, we
found only two publications assessing the spatiotemporal variance of fertility in plant
populations with more than two replicates in both space and time (Kaye & Pyke 2003;
Jongejans, de Vere & de Kroon 2008). For demographic rates describing survival, growth, and
clonal reproduction of grassland plants, reports of spatiotemporal variances were limited to
the same authors (Kaye & Pyke 2003; Jongejans & De Kroon 2005; Jongejans, Sheppard & Shea
2006; Jongejans, de Vere & de Kroon 2008). Thus, the assessment of spatiotemporal variances
of demographic rates should certainly be a research priority of future demographic studies.
The second objective of my thesis was to predict optimal life-history strategies for stochastic
environments differing in the level of seed mortality, habitat productivity, and the cost of
reproduction in terms of adult survival (Chapter 1). Although the optimal germination ratio is
expected to strongly depend on seed mortality (Cohen 1966; Ellner 1985) I found a consistent
negative effect of seed germination ratio for a broad range of seed mortalities (10-90%). This
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contradiction to findings from classical theoretical studies focusing on single traits and using an
ESS approach emphasizes the need to analyze optimal life-history strategies with a multi-trait
approach. I did not investigate the effects of habitat productivity, seed mortality, and the cost
of reproduction on the selective importance of traits in detail. However, by sampling from a
range of potential environmental conditions model results are robust to environmental
conditions which are often difficult to assess in empirical research.
In line with objectives 3 and 4, I derived a fitness measure for metapopulations describing both
population dynamics in the established phase (objective 3) and in a transient state of
landscape colonization (objective 4, Chapter 2). I modified a formalism proposed by Hunter
and Caswell (2005) and I solved a mathematical problem posed by Caswell (2001, pages 88-92)
in his famous textbook: For reducible transition matrices describing source-sink
metapopulations ergodicity fails, i.e. the initial configuration of the population vector has an
impact on long-term population dynamics. I developed a simulation based approach which
randomly samples from the potential initial configurations of the population vector. Based on
a comparison between this new simulation approach and the classical analytical approach
which is based on eigenanalysis, I was able to show that the dominant eigenvalue of the
landscape transition matrix is a powerful proxy of metapopulation viability if metapopulations
were established. I defined a scenario of established metapopulations by randomly occupying
50% of the patches in the landscape. Additionally, I conducted the same methodological
comparison for a colonization scenario with only two initial populations (objective 4, Chapter
2). For this scenario, I showed that the analytical approach failed for early time periods,
because they represent a transient phase where the initial configuration of the population
vector still matters.
In metapopulation theory different measures of metapopulation viability have been proposed,
such as the metapopulation capacity (Hanski & Ovaskainen 2000) and the mean time to
metapopulation extinction (Drechsler & Johst 2010). The measure of metapopulation viability
or fitness introduced here is comparable to the metapopulation capacity defined by Hanski &
Ovaskainen (2000) as it is based on the dominant eigenvalue of a landscape transition matrix.
However, the persistence of metapopulations depends not only on metapopulation capacity
but also on the ratio between extinction and colonization (equation 3 in Hanski & Ovaskainen
2000). In my approach, all metapopulations with fitness measure higher one persisted and
there was no global rate of colonization or extinction: The rate of dispersal between patches
emerged from the interaction of species traits and landscape properties. In comparison to the
measures proposed by Hanski & Ovaskainen (2000) and Drechsler & Johst (2010), our
approach does not rely on abstract model parameters describing the colonization and
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extinction probability of local populations but predicts population dynamics based on response
traits. One drawback of our fitness measure is that it is based on a deterministic approach.
However, generalization from deterministic to stochastic conditions is well established in nonspatial matrix population models and the effect of demographic stochasticity could be included
applying branching processes (Caswell 2001, pages 464-501).
Objective 5 of my thesis was to predict how life-history traits interact to shape metapopulation
viability and colonization success in fragmented landscapes (Chapter 3). I discovered a simple
product describing the multiplicative interaction between life expectancy, seedling survival,
seed number, seed emergence and seed dispersal ratio which was a powerful predictor of
metapopulation viability. Based on this trait formula, I was able to compare different
landscapes and environmental settings using a multilevel regression approach and see how the
relationship between traits and metapopulation viability changed with landscape properties
and local environmental conditions (objective 6, Chapter 3). I showed that the predictive
power of the trait formula decreased with landscape fragmentation. This is a highly pessimistic
finding as it indicates that the adaptive ability of grassland species decreases with landscape
fragmentation: even species with a highly suitable combination of life-history traits are not
much better off in landscapes with a small ratio of suitable habitat and small patch sizes. This
finding may also explain why Henle et al. (2004) did not find strong empirical support for most
of the hypothetical relationships between traits or population properties and the sensitivity of
plant metapopulations to fragmentation: they report unequivocal empirical support only for
absolute population density and constancy as well as traits conferring tolerance to
disturbances. In an empirical study involving 30 grassland species, Tremlova & Münzbergova
(2007) showed that traits linked to plant growth and dispersal can be used to predict the
occurrence of plants in isolated grassland patches. Using phylogenetic correction, they showed
that early flowering, dormancy, aboveground biomass, exozoochory, and seed production
have a significant effect on habitat occupancy. Apart from early flowering, all traits can be at
least indirectly linked to model variables which entered the trait formula. It would be very
interesting to test the predictions of the trait formula for a range of metapopulations
inhabiting landscapes differing in mean patch size and fragmentation.
Climate change and land-use intensification may lead to a combination of increasing local
environmental stochasticity, habitat destruction, and decreasing mean patch sizes. Based on
the methodology developed in Chapter 1 and 2, plant ecologists are provided with new
modelling tools which may help them to assess the vulnerability of specific plant species to i)
increasing local stochasticity, and ii) increasing habitat loss and fragmentation. For future
studies, it would be very interesting to generalize the findings of Chapter 3 to stochastic
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environments and compare different categories of spatiotemporal

environmental

stochasticity. However, any such modelling study should be synchronized with the empirical
assessment of the respective spatiotemporal patterns of demographic rates.
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SUMMARY

Climate change and land-use intensification may lead to a combination of increasing local
environmental stochasticity, habitat loss, and fragmentation. Plant ecologists are in urgent
need of theoretical concepts and modelling tools helping them to assess the vulnerability of
plant species and specific populations to these drivers.

To assess the general vulnerability of plant species to increasing environmental stochasticity
and environmental harshness, I built non-spatial stochastic population models where
demographic rates were linked to life-history traits such as seed and adult biomass, seed
dormancy, clonality, seed dispersal ratio, and adult longevity. I sampled a potential trait-space
describing perennial plants inhabiting Central European grasslands. Applying a new statistical
method from the machine learning field, I was able to analyze the interactions between lifehistory traits and compare the selective value of traits between species with low,
intermediate, and high intrinsic rate of increase (density independent population growth rate).
I found that adult longevity and seed dormancy are key bet-hedging traits, i.e. traits which
buffer local population growth rate against temporal uncertainty, which are of paramount
importance for species with low intrinsic rate of increase.

Empirical plant ecologists frequently use non-spatial matrix population models to analyze field
data of demographic rates and predict population viability and the sensitivity of population
growth rate to specific demographic transitions. I compared the predictive accuracy of these
models with spatially-explicit matrix models which additionally include information about the
spatial structure of the landscape and seed dispersal rates. I demonstrated the advantages of
spatially-explicit models in terms of predictive power and ecological realism. Therefore, I
promote the use of these models as a natural extension of non-spatial matrix models and I
provide detailed guidelines to the implementation and analysis of such models. I found that
the dominant eigenvalue of a matrix describing all possible demographic transitions (seed
dispersal and local demography) can be used as a measure of metapulation viability or fitness.
This eigenvalue describes the dynamics of metapopulations after they passed through a
transient phase. For metapopulations passing through a transient phase of landscape
colonization, I propose an alternative simulation approach which samples from the potential
initial distribution of populations in the landscape.
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Based on the methodology developed above, I assessed the impact of life-history traits on
metapopulation fitness in fragmented landscapes. I developed a simple analytical formula
describing the multiplicative interaction between adult life expectancy, seedling survival rate,
seed number, seed emergence, and seed dispersal ratio. Using a hierarchical regression
approach, I described the interplay between landscape properties and the predictive power
and fitness slope of the trait formula. Additionally, I quantified how the shape of the positive
relationship between seed dispersal ratio and metapopulation viability differed among
landscapes and environmental conditions. The predictive power of life-history traits on
metapopulation viability decreased with habitat loss and fragmentation. Thus, in fragmented
landscapes with few habitat patches even species with highly suitable life-history traits show
only marginally improved metapopulation viability.

Based on the methodology developed in this thesis, plant ecologists are provided with new
modelling tools which may help them to assess the vulnerability of specific plant species to i)
increasing local stochasticity, and ii) increasing habitat loss and fragmentation. My findings
point to the key importance of adult longevity and seed dormancy on both within-population
selection (local bet -hedging) and metapopulation level selection. Furthermore, I showed how
landscape properties modify the relationship between effect traits and metapopulation
viability. For future studies, it would be very interesting to generalize the findings of Chapter 3
to stochastic environments and compare different categories of spatiotemporal environmental
stochasticity. However, any such modelling study should be synchronized with the empirical
assessment of the respective spatiotemporal patterns of demographic rates.
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ZUSAMMENFASSUNG
Es wird erwartet, dass der Klimawandel und die Intensivierung der menschlichen Landnutzung
zu einer Kombination aus zunehmender Variabilität der lokalen Umweltbedingungen, sowie zu
einer Zerstörung und Zerstückelung von Lebensraum führt. Pflanzenökologen benötigen daher
dringend Konzepte und Modelle, um die Gefährdung von Pflanzenarten im Allgemeinen und
Populationen im Speziellen gegenüber Klimawandel und Intensivierung der Landnutzung
vorherzusagen.

Um die Gefährdung von Pflanzenarten bezüglich zunehmender Variabilität und Harschheit der
Umwelt vorherzusagen, entwickelte ich stochastische Populationsmodelle für die Dynamik
isolierter Populationen. In diesen Modellen wurden demographische Übergangsraten mit
Pflanzeneigenschaften verknüpft, die im Bezug zum Lebenszyklus der Art stehen: Biomasse
von Samen und reproduktionsfähigen, ausgewachsenen Pflanzen, Samendormanz, Klonalität,
der

Anteil

an

Samen,

der

zur

Fernausbreitung

beiträgt,

sowie

die

Überlebenswahrscheinlichkeit der reproduktionsfähigen Pflanzenindividuen. Um den Einfluß
einzelner Pflanzeneigenschaften untersuchen zu können, konstruierte ich, basierend auf
ausdauernden Graslandpflanzen Mitteleuropas, einen abstrakten Raum potentieller
Pflanzeneigenschaften. Aus diesem Eigenschaftsraum zog ich dann zufällig potentielle Arten
und untersuchte sie mit dem stochastischen Populationsmodell. Ich benutzte eine neue
statistische Methode aus dem Bereich des Maschinellen Lernens (machine learning), um den
Effekt der Pflanzeneigenschaften auf die stochastische Wachstumsrate der Population (Fitness)
und die Wechselwirkungen zwischen Pflanzeneigenschaften zu untersuchen. Außerdem
konnte ich durch eine Unterscheidung zwischen Quantilen der Wachstumsrate den Effekt der
Pflanzeneigenschaften differenzierter betrachten: Ich unterschied zwischen Arten mit
niedriger, mittlerer und hoher potentieller Wachstumsrate. Es zeigte sich, dass die
Langlebigkeit der ausgewachsenen Pflanzen und Samendormanz eine zentrale Rolle bei der
Risikoabsicherung gegen eine unvorhersagbare Umwelt spielen. Diese Rolle als Absicherung
gegen Umweltunsicherheit war besonders ausgeprägt für Pflanzenarten mit niedriger
Populationswachstumsrate.

Pflanzenökologen wenden häufig sogenannte Matrixpopulationsmodelle an, welche auf der
Multiplikation einer Übergangsmatrix mit einem Populationsvektor basieren. Dabei beschreibt
die Matrix demographische Übergangsraten zwischen Stadien und der Vektor die momentane
Anzahl an Individuen für alle Stadien. In diese Modelle kann man im Feld gemessene
Überlebenswahrscheinlichkeiten und mittlere Samenproduktion einspeißen und erhält dann
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Vorhersagen für die Wachstumsrate der Population und die relative Bedeutung einzelner
demographischer Übergänge. Ich erstellte räumlich-explizite Matrixmodelle, welche eine
Landschaft, bestehend aus drei Habitattypen (Grasland, Wald, Ackerland), sowie die
Samenausbreitung innerhalb dieser Landschaft beschreiben. Dann testete ich, ob die von den
nichträumlichen Matrixmodellen vorhergesagte Wachstumsrate genutzt werden kann, um die
Populationsdynamik in der Landschaft - simuliert durch das räumlich-explizite Matrixmodell vorherzusagen. Dabei stellte sich klar heraus, dass die nichträumlichen Modelle keine
Vorhersagen für die Populationsdynamik auf der Landschaftsebene erlauben. Neben dem
Vergleich zu nichträumlichen Matrixmodellen führte ich auch einen methodischen Vergleich
zwischen zwei Auswertungsmethoden für die räumlich-expliziten Matrixmodelle durch: Ich
verglich eine analytische Herangehensweise, welche sich auf den dominanten Eigenwert der
Landschaftsübergangsmatrix stützt, mit einer Herangehensweise, die sich auf Simulationen
stützt. Ich konnte zeigen, dass sich die analytische Herangehensweise insbesondere für
Situationen eignet, in denen die Gesamtpopulation (Metapopulation) als etabliert betrachtet
werden kann. Etabliert heißt hier, dass die Gesamtpopulation nicht unmittelbar vom
Aussterben bedroht ist, weil sich ihre Individuen auf ausreichend viele Einzelpopulationen
verteilen. Für Fälle, in denen nur wenige Populationen existieren, ist die Herangehensweise
mit Simulationen angebracht, denn dann ist die räumliche Verteilung der Populationen
entscheidend für das Überleben der Gesamtpopulation.

Aufbauend

auf

der

Pflanzeneigenschaften

entwickelten
auf

die

Methodik

untersuchte

Populationsentwicklung

und

ich
das

den

Einfluß

der

Überleben

der

Gesamtpopulation in zerstückelten Landschaften. Dabei entwickelte ich eine Formel, welche
die Interaktion verschiedener Eigenschaften und davon abgeleiteter Größen in einem Produkt
beschreibt. In der Formel enthalten waren die mittlere Lebenserwartung reproduktionsfähiger
Individuen, die Überlebensrate der Sämlinge, mittlere Samenanzahl, Samendormanz und der
Anteil an Samen, der zur Fernausbreitung beiträgt. Dann verglich ich die Vorhersagekraft
dieser Formel zwischen verschiedenen Landschaften und stellte fest, dass mit zunehmendem
Habitatverlust und Zerstückelung die Erklärungskraft abnahm. Dies lässt vermuten, dass sich
Graslandarten nur begrenzt an stark zerstückelte Landschaften mit geringem Habitatanteil
anpassen können.

Mit den hier entwickelten Methoden ist es nun möglich, die Gefährdung von Graslandpflanzen
gegenüber zunehmender Unvorhersagbarkeit der Umweltbedingungen und Habitatverlust
sowie Zerstückelung vorherzusagen. Meine Ergebnisse weisen auf die zentrale Bedeutung von
Langlebigkeit und Samendormanz hin, da diese sowohl für die lokale Risikostreuung als auch
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die Fitness der Gesamtpopulation eine wichtige Rolle spielen. Ich konnte zeigen, dass die
Landschaftsbedingungen einen wichtigen modifizierenden Einfluss auf die Beziehung zwischen
Pflanzeneigenschaften und der Fitness der Gesamtpopulation ausüben.

Für zukünftige Studien wäre es interessant, meine Ergebnisse aus Kapitel drei auf stochastische
Umweltbedingungen zu verallgemeinern. Allerdings wäre es dafür notwendig, parallel
räumlich-zeitliche Muster in demographischen Daten zu erheben, da diese momentan kaum
bekannt sind.
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APPENDIX
CHAPTER 1

Figure A.1.1: Hierarchy of independent and dependent traits. For each new species,
independent traits (in ellipses) were independently and randomly drawn from uniform
distributions using a Latin hypercube schemea. Dependent traits (in rhombs) were then
calculated from the independent traits. Arrows indicate deterministic cause-effect
relationships between independent and dependent traits. Juvenile biomass was simply
calculated at the arithmetic mean of seed and adult biomass. The calculation of seed and clone
number implemented three trade-offs which are described in the text (equations 2-4). aOne
important restriction was implemented in the code of the simulation program: We assumed
that the biomass ratio between seeds and adults lies within a range of 0.1% to 1% and rejected
all species that did not fulfil this requirement. Because of this restriction the initial sample size
of 8,000 was restricted to a sample size of between 5,200 and 5,300.

A

Figure A.1.2: Weibull function describing the trade-off between adult longevity and
reproductive allocation in percent of total adult biomass. The Weibull function has three
parameters: k1, k2, and k3. We kept the parameters k1 and k3 fixed (k1=1, k3=3.0) and varied
k2 between 0.79 and 1.48. We choose these extreme values as they represent 50% and 90%
relative resource allocation to reproduction for species with the maximum possible adult
longevity of 0.7 (i.e. 70% adult survival probability, vertical line). We calculated these extreme
values of k2 using Script S.1.

B

Figure A.1.3: Four probability density functions of the beta distribution with expected value (ξ)
fixed at 0.5 and four different settings for variance (ζ). This graph was created using Script S.2.

C

Figure A.1.4: Six probability density functions of the lognormal distribution with expected
value (γ) fixed at log (1.3) and six different settings for variance (δ). This graph was created
using Script S.3.

D

Figure A.1.5: Relationship between mean and variance of the stochastic population growth
rate.

E

Figure A.1.6: Relationship between mean of stochastic growth rate and modified coefficient of
variation.

CHAPTER 2
Appendix A.2.0: Setup of composite matrices
B1 and B2 are block-diagonal matrices (all except the diagonal submatrices are filled with zeros)
of dimension Sp × Sp. The p diagonal submatrices Bi,i of dimension S × S describe within-patch
demography for all patches of the landscape, the structure of these submatrices is shown in
Table A.2.2. During the first demographic transition described by B1, seeds from the (immobile)
seed bank germinate, stay dormant, or die (Figure 1 and Table A.2.2). In the same step,
juvenile plants may grow and enter the adult stage with probability d21 and adults survive with
probability z and produce seeds (Figure 1). After B1 has been applied to the population vector,
the vector is reorganized to a stage-structured form by multiplication with the vecpermutation matrix (Hunter & Caswell 2005). It is then multiplied with the block-diagonal
dispersal matrix. The dispersal matrix is composed of submatrices Mi,i each with dimension p ×
p describing dispersal (and stasis) between patches for a given stage. All off-diagonal
submatrices are filled with zeros. Only seeds which are not yet part of the seed bank move
between patches, thus the submatrix M1,1 is the only diagonal submatrix with off-diagonal
positive entries. The diagonal entries of submatrix M1,1 are identical to the proportion of seeds
F

staying in the local patch (one minus seed dispersal ratio u). Off-diagonal elements of M1,1 give
dispersal probabilities multiplied with the seed dispersal ratio. Dispersal probabilities were
calculated with a lognormal dispersal kernel (with expected value m and variance Ϊ) applied to
a Euclidean distance matrix of the patches. The submatrices M2,2, M3,3, and M4,4, which describe
spatial movement and stasis of seeds in the seed bank, juveniles, and adults, are identity
matrices (sparse matrices with ones in the diagonal), which simply means that individuals of
these stages do not move in space. After seed dispersal, the population vector is first
reorganized into a patch orientation and then multiplied with B2 which describes seed
germination and seedling growth into the juvenile stage and seed dormancy (Figure 1, Table
A.2.2).

Setup of composite within-patch demography matrices B
The following explanations are based on equation 4 in Hunter and Caswell (2005).
The matrices B1 and B2 consist of p × p submatrices of dimension S × S (S: number of stages, p:
number of patches). They are block-diagonal which means that all off-diagonal submatrices are
filled with zeros. The diagonal submatrices represent local demography for a given patch.
Here, we denote the submatrix describing local demography for patch 1 with B11, the element
of B11 with row index i and column index j with b11;i,j ,and a S × S submatrix filled with zeros with
0. Then the composite demography matrix is of the form:

B11 0
0
0
0 B22 0
0
B
0
0  0
0
0
0 B pp
Submatrix B11 is of the form:

b11;1,1 b11;1, 2  b11;1,S
b11; 2,1 b11; 2, 2
B11 


b11;S ,1
b11;S ,S

Setup of composite dispersal matrix M
The following explanations are based on equation 5 in Hunter and Caswell (2005).
The dispersal matrix M consist of S × S submatrices of dimension p × p (S: number of stages, p:
number of patches). It is a block-diagonal matrix which means that all off-diagonal submatrices
are filled with zeros. The diagonal submatrices represent dispersal probabilities between
patches for a given stage. Here, we denote the submatrix describing dispersal for stage 1 with

G

M11, the element of M11 with row index i and column index j with m11;i,j ,and a p × p submatrix
filled with zeros with 0. Then the composite dispersal matrix is of the form:

M 11
0
0
0
0 M 22 0
0
M
0
0  0
0
0
0 M SS

Submatrix M11 describing dispersal of mobile seeds (stage 1) is of the form:

m11;1,1  1  u
m11;1, 2

m11;1, p
m11; 2,1
m11; 2, 2  1  u
M 11 


m11; p ,1
m11; p , p  1  u
Here, all diagonal elements describe the probability of seeds to stay in the local population
which is given by one minus seed dispersal ratio u. All off-diagonal elements m11;i,j
describe the product of dispersal probability from patch j to patch i and seed dispersal
ratio u.

Submatrices M22, M33, M44 describe the stasis of individuals from seed bank, juvenile, and adult
stages. These submatrices are thus identity matrices, i.e. matrices with ones in the diagonal
and zeros in all off-diagonal matrix elements:

1
0
M 22 

0

0  0
1
0
0  0
0
1

Literature:
Hunter, C.M. & Caswell, H. (2005) The use of the vec-permutation matrix in spatial matrix
population models. Ecological Modelling, 188, 15-21.

H

Figure A.2.1: Identical to Figure A.1.2

Figure A.2.2: Cumulative extinctions in the colonization scenario.

I

Figure A.2.3: Cumulative extinctions in the established metapopulation scenario.

J

Figure A.2.4: Relative importance of analytical measures for mean number of occupied cells in
colonization scenario.

Figure A.2.5: Relative importance of analytical measures for mean number of occupied cells in
established population scenario.

K

Figure A.2.6: Relationship between the dominant eigenvalue λA and patch occupancy in the
colonization scenario: effect of grassland area.

L

Figure A.2.7: Relationship between the dominant eigenvalue λA and patch occupancy in the
established metapopulations scenario: effect of grassland area.

M

Figure A.2.8: Relationship between the dominant eigenvalue λA and patch occupancy in the
colonization scenario: effect of landscape fragmentation.

N

Figure A.2.9: Relationship between the dominant eigenvalue λA and patch occupancy in the
established metapopulation scenario: effect of landscape fragmentation.

O

Table A.2.1: Summary table of variables and global model parameters
Symbol

Variable description

Unit

α (alpha)

cost of reproduction6

no unit

β (beta)

seed mortality per year

probability

Θ (capital theta)

maximum patch width and length

number of cells

Ϊ (capital iota)

variance of the seed dispersal kernel

distance in cell length
units (50 m)

λ (lambda)

dominant eigenvalue

individuals/year

π (pi)

fertility

no unit

ρ (rho)

damping ratio of a matrix

no unit

Φ (capital phi)

percentage of grassland cells in the landscape

%

Ψ (capital psi)

percentage of cropland cells in the landscape

%

Ω (capital omega)

percentage of forest cells in the landscape

%

a

relative resource allocation

per capita rate

B

spatially-explicit

within-patch

demography

matrix of transition

matrix

rates

b

biomass (indices denote stages)

g

c1

intercept of self thinning line

g

c2

the reciprocal of the logarithmic self-thinning

1/m2 1/g

slope
d

survival rates per year

probability

h

habitat (index for habitat specific variables)

no unit

i

row index

no unit

j

column index

no unit

L

local transition matrix

matrix of transition
rates

M

dispersal matrix

matrix of transition
rates

m

mean dispersal distance

distance in cell length
units (50 m)

Nt

population size at time t

individuals

nt

population vector at time t

individuals

ns

seed number

individuals

O

diagonal S×S matrix describing local seed loss

matrix of transition

6

Compare Figure A.1.2 in the appendix.

P

Symbol

Variable description

Unit

due to seed dispersal

rates

P

vec-permutation matrix

matrix

p

number of patches

no unit

q

total annual reproductive allocation

g

S

number of stages

no unit

sh

habitat (h) specific seedling survival rate

no unit

t

current time step

year

T

total time duration

year

u

seed dispersal ratio per year

probability

vh

habitat specific fertility proportion

proportion

w

seed emergence per year

probability

wM

dominant right eigenvector of the dispersal

no unit

matrix M1,1
x

start stage of demographic transition

no unit

y

end stage of demographic transition

no unit

z

adult longevity, survival per year

probability

Q

Table A.2.2: Structure of diagonal submatrices Bii of composite within-patch demography
matrices B1, B2 and matrix O. Matrix O describes seed loss experienced by isolated populations.
Note that each matrix entry of the diagonal submatrices of B1 and B2 represents the local
transition from a source stage (column header) to a target stage (row labels) either before (B1)
or after (B2) seed dispersal. The non-spatial matrix population model for a given habitat type h
is: Lh= B2hOB1h, where B1h denotes the diagonal S×S submatrix of B1 for a given habitat. Symbols
in the table denote: seed mortality (β), survival rates between stages (d), seed number (ns),
habitat specific seedling survival (sh), habitat specific fertility factor (vh), seed emergence (w),
adult longevity (z).

B1h

seeds

seed bank

juveniles

adults

seeds

0

0

0

vh×ns

seed bank

0

(1-w) ×(1-β)

0

0

juveniles

0

sh×w×d32

0

0

adults

0

0

d43

z

seeds

1-u

0

0

0

seed bank

0

1

0

0

juveniles

0

0

1

0

adults

0

0

0

1

seeds

0

0

0

0

seed bank

(1-w) ×(1-β)

1

0

0

juveniles

sh×w×d31

0

1

0

adults

0

0

0

1

O

B2h

R

CHAPTER 3
Table A.3.1: Regression results for R2 of eqn. 6 predicting metapopulation extinctions. Here, R2 describes
2

the predictive power of life-history traits. The median of R was 0.477 (SD: 0.300).
Variable

Estimate

SE

t-value

P

Intercept

0.0608

0.284

0.214

0.831

Φ

0.301

0.253

1.19

0.237

Θ

0.0211

0.0135

1.57

0.122

Ϊ

0.125

0.102

1.22

0.226

α

0.0959

0.148

0.649

0.519

π

0.254

0.0513

4.95

4.64e-06

β

0.0818

0.126

0.650

0.518

Residual standard error: 0.253 on 73 degrees of freedom, multiple R2: 0.343

Table A.3.2: Regression results for slope (χ1i) of eqn. 6. Here, the slope describes the strength of the
effect of life-history traits on metapopulation viability. The median of χ1i was -0.0353 (SD: 0.0328).
Variable

Estimate

SE

t-value

P

Intercept

0.0246

0.0337

0.732

0.466

Φ

-0.0893

0.0300

-2.976

3.95e-3

Θ

-1.53e-3

1.60e-3

-0.952

0.344

Ϊ

5.82e-3

0.0121

0.480

0.633

α

-4.14e-3

0.0176

-0.236

0.814

π

-0.0147

6.09e-3

-2.41

0.018

β

-0.0176

0.0149

-1.18

0.242
2

Residual standard error: 0.0230 on 73 degrees of freedom, multiple R : 0.229

S

Table A.3.3: Regression results for intercept (χ0i) of eqn. 6. Here, χ0i describes metapopulation viability
of species with lowest local growth rate and dispersal. The median of χ0i was 0.123 (SD: 0.027).
Variable

Estimate

SE

t-value

P

Intercept

0.174

0.0257

6.76

2.87e-9

Φ

-0.116

0.0229

-5.09

2.73e-06

Θ

-1.14e-3

1.22e-3

-0.935

0.353

Ϊ

-5.90e-3

9.25e-3

-0.637

0.526

α

-0.0124

0.0134

-0.924

0.358

π

-2.50e-3

4.65e-3

-0.537

0.593

β

0.0296

0.0114

2.60

0.011
2

Residual standard error: 0.0229 on 73 degrees of freedom, multiple R : 0.349

Table A.3.4: Regression results for exponent (μi) of eqn. 5. This exponent describes the effect of seed
dispersal on metapopulation viability. The median of μi was 0.21 (SD: 0.32).
Variable

Estimate

SE

t-value

P

Intercept

-0.706

0.262

-2.70

0.009

Φ

0.723

0.233

3.10

0.003

Θ

0.0112

0.0124

0.90

0.371

Ϊ

-0.104

0.0943

-1.10

0.275

α

0.0121

0.137

0.089

0.930

π

0.351

0.0474

7.42

< 2e-10

β

3.39e-3

0.116

0.029

0.977
2

Residual standard error: 0.233 on 73 degrees of freedom, multiple R : 0.520
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