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Ecological and evolutionary effects
of fragmentation on infectious
disease dynamics
Jussi Jousimo,1* Ayco J. M. Tack,1* Otso Ovaskainen,1 Tommi Mononen,1,2 Hanna Susi,1
Charlotte Tollenaere,1 Anna-Liisa Laine1†
Ecological theory predicts that disease incidence increases with increasing density of
host networks, yet evolutionary theory suggests that host resistance increases
accordingly. To test the combined effects of ecological and evolutionary forces on
host-pathogen systems, we analyzed the spatiotemporal dynamics of a plant (Plantago
lanceolata)–fungal pathogen (Podosphaera plantaginis) relationship for 12 years in over
4000 host populations. Disease prevalence at the metapopulation level was low, with
high annual pathogen extinction rates balanced by frequent (re-)colonizations.
Highly connected host populations experienced less pathogen colonization and higher
pathogen extinction rates than expected; a laboratory assay confirmed that this
phenomenon was caused by higher levels of disease resistance in highly connected
host populations.

A

lthough infectious diseases pose serious
threats to human health and food security,
pathogens are also a fundamental component of natural biodiversity (1, 2). Infection
prevalence fluctuates through space and time
in natural plant-pathogen associations (3–5), but
there is little evidence of devastating epidemics in
native interactions. This is in stark contrast to the
boom-and-bust dynamics of many fungal pathogens attacking commercially important crops
under agricultural settings (6, 7) and epidemics
caused by introduced species (8). With most of
the focus in epidemiology targeted toward understanding conditions generating infectious disease
outbreaks (9–11), the mechanisms that enable
long-term disease persistence in wild communities remain elusive.
Spatially explicit metapopulation theory has
identified habitat size and connectivity to other
habitat patches as the key parameters affecting
species distributions (12). The limited data available have confirmed metapopulation theory to be
relevant also for disease dynamics, with colonizations and extinctions of local host populations
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generating the observed patterns of infection (13).
Far less is known about how evolutionary dynamics vary through space and what the resulting effects
on disease dynamics are (14). There is substantial
theory demonstrating that the spatial scale of hostpathogen interactions and resulting rates of gene
flow are critical for how coevolutionary dynamics play out between hosts and their pathogens
(15, 16). Hence, although host availability for
pathogens increases with increasing density of
host networks, the evolutionary potential of host
populations may also change as a function of connectivity. Increased host gene flow into the local
populations generates higher variation in resistance, allowing resistance to be selected for (17, 18).
A comparison across species found the relative
rate of gene flow in hosts versus parasites to be
the strongest predictor of pathogen local adaptation to host resistance. When host dispersal
rates exceeded those of their parasites, the potential for parasite maladaptation emerged (19).
However, such species-level approaches provide
little insight into how coevolutionary dynamics
and resulting infectious disease dynamics are
played out across the spatially heterogeneous
landscapes that most species inhabit. Indeed, the
spatial and the genetic complexities that natural
host-pathogen interactions support have rendered epidemiological predictions challenging
in wild communities, yet identifying the effect
of such complexity on epidemiological dynamics
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may provide key insights into the battle against
diseases.
To understand how spatial and evolutionary
processes interact to shape disease dynamics, we
analyzed the spatial and environmental factors that
drive metapopulation dynamics of an obligate
fungal pathogen occupying a highly fragmented
host population network. In our analyses, we targeted the three key steps of metapopulation dynamics: presence-absence of disease within local
host populations (i.e., occupancy); colonization by
the pathogen of previously unoccupied host populations; and extinction, whereby a pathogen population previously found infecting a local host
population is deemed lost. We also analyzed factors
affecting within-population abundance of disease.
Our spatial variables included host population
size, presence of road, host population connectivity (SH), and pathogen population connectivity
at the beginning (SP) and the end (SM) of epidemics. The environmental variables were percentage of dry host plants within populations,
habitat boundary type, light availability, and precipitation in July and August. We used a hierarchical spatiotemporal Bayesian logistic regression
model that allows estimation of the residual spatial and temporal autocorrelation.
Our data were collected from Podosphaera
plantaginis, a specialist powdery mildew naturally infecting Plantago lanceolata in the Åland
archipelago, southwestern Finland. P. lanceolata
is an obligate outcrossing perennial herb that reproduces both sexually and clonally via side rosettes. The pollen of P. lanceolata is wind-dispersed,
and seeds typically drop close to the mother
plant. In Åland, the host populations are highly
fragmented, forming a network of several thousand populations spanning an area of about
50 km by 70 km. Locations of the local P. lanceolata
populations in the Åland Islands have been annually mapped since the 1990s. Because of clonal
reproduction and a seed bank, host populations
rarely go extinct, and hence the spatial configuration of the host populations remains relatively constant (12). Visible signs of infection
by P. plantaginis begin to appear in late June in
those host populations where the pathogen has
successfully survived the winter as resting spores.
The resting spores remain attached to the senescent host leaves throughout the winter, and
in the spring the spores may reinfect the same host
plant or new host plants in close vicinity (20, 21).
The epidemic starts from these initial disease foci
when the pathogen is transmitted among hosts by
clonally produced dispersal spores that are passively
carried by wind (5, 22). Some six to eight clonally
produced generations follow one another in quick
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Fig. 1. Metapopulation dynamics of P. plantaginis in the Åland islands across >4000 host
populations and 12 years. (A) The fraction of occupied, extinct, colonized, and persisting
pathogen populations for the survey period 2001 to 2012. (B) The absolute number of occupied populations and the number of colonized, extinct, and persisting populations for each
year. (C) Frequency distribution of occupancy according to hierarchic level: metapopulation,
regional districts, semi-independent networks, and populations.

Fig. 2. Spatial distribution of host and pathogen populations. (A) Distribution of the host
populations. (B to D) Colonized (yellow circles),
extinct (red triangles), and persistent (blue squares)
pathogen populations for a year with low, average,
and high occupancy, respectively. (E) Fine-scale
extinction-colonization dynamics in the regional
district of Lemland in 2012, where black dots
represent uncolonized host populations.
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Fig. 3. Averaged disease occupancy in Åland between
2001 and 2012. (A) Regional districts, (B) semi-independent
networks within one of the regions [marked as “B” in (A)], and
(C) populations within one semi-independent network [marked
as “C” in (B)].
Table 1. Environmental and spatial drivers of pathogen metapopulation dynamics and within
population abundance analyzed with a Bayesian spatiotemporal logistic regression model. Mean
parameter posterior estimate and its posterior standard error are shown for each factor for models
analyzing the presence-absence of the pathogen (PA), the colonization of unoccupied (COL), and the
extinction of occupied (EXT) plant populations. Population abundance (ABUND) was modeled by
using categorical abundance data collected in autumn 2012. Nonsignificant (NS) parameters were
removed from the models based on deviance information criterion. Patch shadow has three ordered
levels, ranging from full exposure to sunlight (1) to shadow during most of the day (3).

Parameter
Intercept

Host population area (A)
SH
Road presence
SM
SP
Plant dryness
Habitat boundary type
Patch shadow, linear
Patch shadow, quadratic
July rainfall
August rainfall

SCIENCE sciencemag.org

PA

COL

EXT

–4.2 T 0.9
–3.9 T 0.9
0.48 T 0.36
Metapopulation configuration
Spatial factors
0.30 T 0.05
0.26 T 0.06
–0.27 T 0.19
–1.2 T 0.4
–0.82 T 0.29
0.38 T 0.16
1.2 T 0.1
1.2 T 0.1
–0.43 T 0.11
not fitted
NS
–1.0 T 0.2
not fitted
0.08 T 0.10
NS
Environmental factors
NS
NS
NS
NS
NS
NS
–0.77 T 0.14
–0.89 T 0.19
NS
–0.05 T 0.09
–0.14 T 0.11
NS
NS
NS
NS
–0.25 T 0.09
–0.13 T 0.11
NS

ABUND
2.02 T 0.09

NS
–0.16 T 0.13
0.13 T 0.07
not fitted
not fitted
0.18 T 0.07
0.47 T 0.31
NS
NS
0.11 T 0.10
NS

succession, and, as a consequence, infection spreads
within (22) and between host populations (5). By
September, weather conditions turn unfavorable
to pathogen transmission, and the epidemic spread
ceases. At this time, since 2001, the entire host
population network is surveyed for the presenceabsence of the pathogen. This host-pathogen interaction is highly amenable to large-scale ecological
studies, because infection is visually conspicuous (fig. S1) and the disease cycle lacks extended
latency periods. Hence, field surveys at the end
of epidemics yield a direct measure of host population size and disease prevalence within host
populations, and the extinction-colonization dynamics of the pathogen can be inferred from
these snapshot data by comparing the infection
status of a given host population to its infection
status in the previous year.
We complemented our analysis of spatial disease dynamics by assessing pathogen resistance
through inoculation trials where host plants are
challenged with fungal strains. The experiment
consisted of 22 host populations representing
different degrees of SH. In the interaction between
P. lanceolata and P. plantaginis, disease resistance
is strain-specific, with the same host genotype
blocking infection by some strains of the pathogen
while being susceptible to others (23), and there is
considerable variation among host individuals and
populations in their degree of resistance (24). The
obligate pathogen can only establish on susceptible
hosts, and hence variation in resistance is expected
to play a fundamental role in determining disease
dynamics (24). Resistance should be favored because infected hosts suffer increased mortality in
wild populations (24, 25). Ongoing studies suggest that resistance is costly for P. lanceolata, potentially explaining why this trait is so variable
in Åland.
Our results show that in any one year the
pathogen occupies only a small fraction of the
available plant populations, generally ranging
from 1.1 to 6.7%, with an exceptionally high occupancy in 2012 (16.9%; Fig. 1, A and B). The turnover of the pathogen populations is extremely high,
because a large fraction of the pathogen populations (23.3 to 90.9%) go extinct every year (Figs.
1 and 2, B to E), predominantly during the critical
overwintering stage (21). As a consequence, there
is a major role for colonizations in maintaining
the pathogen population regionally by counterbalancing the high extinction rates (Fig. 1, A and
B). How these rates vary determines the annual
disease occupancy levels (Figs. 1, A and B, and 2, B
to E). Overall, our data show strong variation in
the prevalence of the pathogen across several spatial scales (Figs. 1C and 3). Notably few host populations have been occupied for multiple years,
and only a single host population has been
occupied during the entire 12-year survey period
(Fig. 1C). Instead, pathogen persistence takes
place at regional district (Figs. 1C and 3A) and
network levels (Figs. 1C and 3B).
The spatiotemporal Bayesian logistic regression model revealed the importance of spatial
factors on disease dynamics at the metapopulation level as well as on local abundance (Table 1;
13 JUNE 2014 • VOL 344 ISSUE 6189
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Fig. 4. The impact of environmental and spatial variables on disease
dynamics. (A) Plant population area (correlates with number of individuals)
and (B) the presence of a road had a positive effect on population occupancy by the pathogen. In (A), a dashed red trend line is shown. (C) Posterior
Bayesian estimates for the range parameter for occupancy (solid blue line),
colonizations (yellow dotted line), and extinctions (dashed red line). (D)

Probability of colonization of an unoccupied host population as a function
of the distance to the nearest persisting pathogen population (up to 15 km)
for all years. (E) Average August rainfall was higher in populations that remained unoccupied (uncolonized) than in populations that became colonized
by the pathogen during 2011. Error bars indicate SEM. (F) Increasing patch
shadow reduces the pathogen average occupancy.

Fig. 5. The impact of host network configuration on metapopulation dynamics and disease
resistance. (A) Extinction probability of the pathogen populations in year 2012 from plant populations that were colonized in the previous year
increased as a function of host population connectivity (generalized linear model: SH; F1,183 =
7.17, P = 0.008). (B) Host resistance was higher in
well-connected than in isolated populations (linear
model: F1,21 = 4.63, P = 0.0437).

Fig. 4, A and B; tables S1 to S4; and figs. S2 to
S5). As predicted by metapopulation theory (12),
large host populations sustained higher colonization rates and lower extinction rates by the
pathogen than did small host populations (Table
1 and Fig. 4A). Limited availability of large host
populations is likely to be a key restricting factor of infection in this system. The colonization
rate of the pathogen in any particular host population was affected by its spatial connectivity to
other pathogen populations that had survived
the winter that same year (SP, Table 1), providing
strong evidence for dispersal limitation with the
majority of colonizations occurring within a ra1292
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dius of several kilometers from an occupied population (Fig. 4, C and D). Colonization happens
predominantly over short distances, but there
are infrequent longer-distance dispersal events
that enable colonization of unoccupied areas
(Fig. 4D) and are recognized to be important for
large-scale dynamics of aerially transmitted fungi
(26). Host populations that occurred along roadsides had significantly higher occupancy, abundance, and colonization probabilities and lower
extinction probabilities of the pathogen (Table 1
and Fig. 4B). These results suggest that host plants
growing in low densities along roadsides increase
pathogen dispersal into the host populations

(5), thus enhancing colonization and preventing
extinction (Table 1).
The drivers of extinction and colonization
dynamics appear to be distinct because none
of the measured environmental factors explained
extinction dynamics, whereas the transmission and
establishment phase of infection were sensitive to
abiotic variation (Table 1 and table S4). Rainfall in August, a critical transmission period for
the pathogen, may have impeded transmission
by removing spores from the air and from host
leaves (Table 1 and Fig. 4E) (27). How large a
proportion of the host population is shaded by
surrounding forest had a negative effect on
sciencemag.org SCIENCE
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occupancy and colonization rates, which may be
explained by light, humidity, and temperature
conditions (Table 1 and Fig. 4F). In contrast to
colonizations, extinctions were characterized by
a much higher range of spatial autocorrelation
(Fig. 4C), suggesting the importance of largescale (unmeasured) environmental variation in
weather, such as snow cover, for this phase.
Last, our study confirms that host resistance
increases as host population density increases,
with direct effects on epidemiological dynamics.
In contrast to predictions from metapopulation
theory (12), isolated host populations were more
frequently infected by the pathogen than host
populations in dense networks (SH, Table 1).
Moreover, pathogen colonization rate decreased
and extinction rate increased as a function of
host population connectivity (Table 1). This trend
was particularly pronounced for the extinction
probability of the pathogen in recently colonized host populations (Fig. 5A). Our experimental
challenge of 22 P. lanceolata populations with
the pathogen confirmed that resistance was significantly higher in the highly connected than in
the isolated host populations (Fig. 5B). Plantago
populations rapidly evolve resistance against the
powdery mildew (25), and potentially higher gene
flow into well-connected host populations may result in increased evolutionary potential and hence
may reduce the probability of pathogen establishment and persistence. In addition to putatively
higher rates of gene flow between P. lanceolata
populations in high-density networks, an alternative, although not mutually exclusive, hypothesis is
that areas supporting high-density host networks
may also represent high-productivity environments
for the host. In high-quality environments, hosts
may be able to invest more toward disease resistance
than hosts growing in areas that are nutritionally
limited (28), resulting in resistance aggregating in
high-connectivity areas of the landscape. The study
of how spatial connectivity affects host-pathogen
coevolution has been predominantly theoretical
(16, 17), but, as shown in our work, variation in
disease resistance among host populations may act
as a powerful barrier against disease establishment
in natural systems (24, 29) and may stabilize coevolutionary dynamics (30).
Our study provides direct evidence of spatial
structure having a profound effect on the ecology
and evolution of disease dynamics in natural populations. Although comparable long-term and spatially explicit ecological and evolutionary data are
lacking, we suggest that metapopulation structure
and spatial heterogeneity at larger geographic
scales may similarly drive antagonistic and mutualistic species interactions and their coevolutionary trajectories in a range of species interactions
(31). Many factors explaining spatiotemporal variation in disease incidence across the metapopulation also explained within host population
variation in disease abundance (Table 1), suggesting that incidence data at the metapopulation
scale may be sufficient for understanding disease
dynamics at finer spatial scales. With the majority
of epidemiological studies targeted toward understanding the growth phase of epidemics, we argue
SCIENCE sciencemag.org

that more research should be directed toward understanding the drivers behind disease persistence
at low endemic levels and the between-epidemic
phase. Spatial and environmental heterogeneity,
combined with the evolution of increased host resistance in high density host networks, are likely
to be important components that prevent runaway
dynamics of infection in nature. These insights
may provide a natural blueprint for managing
emerging diseases, as well as managing outbreaks
that threaten sustainable agriculture and human
health.
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Anxiety-like behavior in crayfish is
controlled by serotonin
Pascal Fossat,1,2 Julien Bacqué-Cazenave,1,2 Philippe De Deurwaerdère,1,3
Jean-Paul Delbecque,1,2* Daniel Cattaert1,2*†
Anxiety, a behavioral consequence of stress, has been characterized in humans and some
vertebrates, but not invertebrates. Here, we demonstrate that after exposure to stress,
crayfish sustainably avoided the aversive illuminated arms of an aquatic plus-maze. This
behavior was correlated with an increase in brain serotonin and was abolished by the injection
of the benzodiazepine anxiolytic chlordiazepoxide. Serotonin injection into unstressed crayfish
induced avoidance; again, this effect was reversed by injection with chlordiazepoxide. Our
results demonstrate that crayfish exhibit a form of anxiety similar to that described in
vertebrates, suggesting the conservation of several underlying mechanisms during evolution.
Analyses of this ancestral behavior in a simple model reveal a new route to understanding
anxiety and may alter our conceptions of the emotional status of invertebrates.

S

ources of stress or danger (called stressors)
provoke fear, a basic emotion, and generate immediate responses, such as escape,
freezing, or aggression. Stress can also lead
to anxiety, a more complex state that is

considered a secondary emotion because it occurs when the stressor is absent or not clearly
identified (1–3). In humans and rodents, anxiety
is experienced as an anticipatory fear that facilitates coping with unexpected situations and
13 JUNE 2014 • VOL ISSUE 6189
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1. Materials and Methods
1.1 Study system
Plantago lanceolata is a monoecious, rosette-forming perennial herb with obligate
outcrossing. The pollen is wind-dispersed, seeds frequently drop close to the mother plant
(32), and clonal reproduction takes place via the production of side-rosettes from the
axillary meristems (33). Due to clonal reproduction and a seed bank in the soil, host
populations rarely go extinct, and hence, the spatial configuration of the host populations
is relatively constant (34). The powdery mildew Podosphaera plantaginis is a fungal
pathogen that grows on the surface of the plant, with only its feeding structures
(haustoria) penetrating the epidermis. It is an obligate pathogen requiring living host
tissue throughout its life cycle. Powdery mildews exploit their hosts’ nutrient supplies to
the extent that infection may severely reduce the growth and progeny of infected
individuals (35). When infection coincides with other stressful environmental conditions,
such as drought, it may lead to host mortality (24).
The interaction between P. lanceolata and P. plantaginis is characterized by
strain-specific resistance in the host (24), suggesting a gene-for-gene type of interaction
(36). In the Åland archipelago, Southwest of Finland, P. lanceolata grows mainly on dry
meadows (Fig. S1). The locations of P. lanceolata populations have been systematically
mapped since 1990s with currently approximately 4000 host populations that range in
size from a few square meters to several hectares, with a median size of 300 m2 (34).
Within host populations, initial pathogen foci are established from resting spores
(chasmothecia), or from a spore immigrating into the local population from another
population. First visible signs of infection appear in late June as white-greyish lesions
consisting of mycelium supporting spores (conidia) are formed (Fig. S1). The spores are
dispersed by wind to the same or new host individuals. Some six to eight clonally
produced generations (estimated from spore germination-production times observed in
the laboratory) follow one another in quick succession, often leading to a local epidemic
with a substantial fraction of the host individuals being infected by late summer (22).
Resting spores (chasmothecia) appear towards the end of the growing season in August–
September.
1.2 Large-scale population survey in Åland
Disease incidence (0/1) in natural populations of P. lanceolata in the Åland archipelago
has been recorded systematically every year in early September since 2001. At this time
the fungus is most visible, with entire plants being covered by white mycelia and conidia,
supporting the conspicuous black chasmothecia (Fig. S1). The network of meadows is
surveyed by about 40 field assistants, who record the occurrence of the fungus P.
plantaginis. At each infected site a leaf sample is collected for subsequent microscopic
identification.
The extinction-colonization dynamics of the pathogen can be inferred from the
occupancy data by comparing the infection status of a given host population to its
infection status in the previous year (see table S1 for an example).
In autumn 2012, the abundance of the powdery mildew was also recorded using a
categorical scale, where 0 = absence of mildew, 1 = 1-9 infected plants, 2 = 10-99, 3 =
100 -999, and 4 = 1000 or more. Moreover, for each host population several variables are
measured (34). Of these, we use the following variables - divided into variables that
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characterize metapopulation structure and into variables that characterize environmental
variation - in our analyses:
METAPOPULATION VARIABLES (SPATIAL)
Host population size
The coverage (m2) of P. lanceolata in the meadows was recorded annually and was used
as an estimate of host population size.
Road
The GPS survey provided information on whether the meadow was connected to or
traversed by a road. This was included as a categorical variable in the analyses (1 = road,
0 = no road). Traffic may either dislodge spores into the air, or create air streams suitable
for dispersal. Moreover, the regularly mown roadsides support P. lanceolata at low
densities, and hence may act as dispersal corridors for the pathogen into the host
populations (5).
Connectivity
Three different connectivity measures (12) were calculated for each population (indexed
by i) and year (indexed by t): one for the host distribution, which is considered constant
over the years (34), and two for the mildew distributions each year.
The host-based connectivity measure takes into account the sizes of all host
populations surveyed (i.e. coverage by P. lanceolata), , and their spatial locations. This
measure is defined as
=

,

where d ij is the Euclidian distance between populations i and j and 1/α is an unknown
range parameter of the negative exponential dispersal kernel, which we estimated from
the data (see below).
The first pathogen-based connectivity measure is based on the distribution of the
mildew in the current year with observations:
=

,

where
= 1, if mildew at patch was present in year , otherwise
= 0. The second
pathogen-based connectivity measure further takes into account whether the mildew
survived over the winter:
=

,

.

ENVIRONMENTAL VARIABLES
Percentage of dry host plants
Most meadows occur on very shallow soils and hence the plants are highly vulnerable to
drought, which causes them to turn brown and wither. Such hosts may not be able to
support viable mycelial growth, and drought may subsequently reduce local population
sizes and survival of P. plantaginis. The proportion of P. lanceolata coverage suffering
from drought is estimated annually.
3

Habitat boundary type
Habitat boundary openness may strongly affect local microclimate. Hence, the area of
each meadow was measured with GPS during 1998–2001, and data were collected on the
amount of different habitat types along its border. Boundaries were classified as 1=forest,
2 = semi-open, 3 = field, 4 = water, 5 = road and 6 = other open (e.g. lawn, yard, rocky
outcrop, fallow). For these analyses, we use a binary variable for habitat openness where
0 = population entirely enclosed by forest, and 1 = population has some open boundaries.
Patch shadow
Light, temperature, and humidity are considered the key abiotic variables affecting
disease establishment and development in powdery mildews, and some variation in these
conditions are expected to be captured by estimating how shaded the patches are.
Exposure to sunlight in each meadow was estimated in 2001 using an ordered categorical
scale: 1 = No shadow, the entire patch is directly exposed to daylight for the majority of
the day; 2 = Partly shaded, a large part of the patch is shade for part of the day; 3 =
Shaded, the entire patch is in shadow for most of the day.
Precipitation
We included the average rainfall (mm) in July and August, as estimated separately for
each population using detailed radar-measured rainfall data.

ADDITIONAL VARIABLES
Regional districts
The Åland islands are divided into fourteen administrative geographic areas (henceforth
called ‘regional districts’). We use this spatial subdivision to investigate whether the
patterns that shape the disease dynamics are variable among regions within the Åland
islands (Fig. 3A).
Host resistance
For a subset of the populations (N = 22), resistance of host genotypes had been measured
through inoculation studies where they were experimentally challenged with strains of P.
plantaginis. In the experiments, each host population is represented by 5-20 individuals
and these individuals are experimentally infected by spores of P. plantaginis (from 4-11
strains) onto detached leaves placed on Petri dishes. The leaves are checked with a
dissecting microscope 12 days post inoculation when the infection status is recorded (i.e.,
as infected or not). A leaf of a known susceptible host genotype was included in the
inoculations as a check for spore viability. These data were used to calculate average
resistance for each host population. Details of the materials and methods are given in
Laine (24, 37). Association between host population resistance and connectivity was
analyzed as a linear regression (Fig. 5B).

MISSING VALUES
Some of the spatial and environmental variables have not been recorded every year,
resulting in 4% missing data in the explanatory variables. To utilize all available data in
4

the spatio-temporal analysis, we imputed the missing values with the k-nearest neighbors
regression using Gower’s distance measure (38) and median aggregation. For k=50, all
missing values were imputed with three iterations. Host population size was not recorded
in 2009 and 2010. As host population size is relatively constant across time, we replaced
the missing values by the average estimate across the survey period. Missing response
values for colonizations and extinctions were derived from the estimated outcomes of the
best fit occupancy model. 17% of the observations for occupancies were missing.
2. Supplementary Text
2.1. Background of the spatio-temporal model
Ecological phenomena are shaped by biological and environmental processes, which
often vary in space and time. Consequently, the patterns produced by ecological
processes are often autocorrelated, i.e. close observations resemble each other more than
distant ones (39). Autocorrelation needs to be addressed properly in order to avoid
possible bias in the statistical model fitted to explain the process dynamics. To account
for the assumed dependencies in the mildew dynamics, we employed a spatio-temporally
explicit statistical model (40) to find relevant factors from the above described variables
that explain pathogen occupancy (PA), population colonization (COL) and population
extinction (EXT). Estimating the structure of autocorrelation can also help to identify
unmeasured processes affecting the response probabilities. We used a spatial version of
this model to investigate the abundance data which were only available for year 2012.
2.2. Model description
]⊤ indicate presence / absence of the measured quantity
Let the vector
=[ ⋯
(PA, COL or EXT) in each host population
∈ ⊂ ℝ , = 1, … , , where
is the
number of populations surveyed in year ∈ {1, … , } in the Åland islands . Each
then follows a Bernoulli distribution with the mean outcome rate 0 <
< 1. We
defined the linear predictor such that
logit(

)=

+

,

(1)
where
is a
× design matrix containing the values of the measured covariates,
including an intercept (listed in Table 1 of the main text and described in detail in section
1 above) for each of the
sampling units,
is the -length vector of regression
coefficients estimated, and
is the -length vector accounting for the unexplained
spatio-temporal variation. Due to the relatively high number of observations each year,
we estimated the random effect
at fewer locations , … , , which are fixed in time
and generally misaligned with the observation locations. Hence, the matrix
of
dimension × is used to interpolate the measurements in space.
Here we give a short description of the spatio-temporal part of the model. A more
elaborate description of a similar model is given in Cameletti et al. (40). We assumed
that:
· Consecutive years followed a stationary autoregressive process of the first-order
[AR(1)], hence
(2)
=
+
for = 2, … , ,
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where | | < 1 describes the degree of temporal dependency.
· The latent locations
∈ ⊂ ℝ , = 1, … ,
are related to each other only
through the Euclidean distances
= ‖ − ‖, so that the spatial process is
weakly stationary and isotropic (41).
· The term
is Gaussian with zero mean and spatially structured covariances
= ( , , ). The covariance function
is of the Matérn family with
unknown parameters > 0 for scale and > 0 for shape. We estimated the scale
but fixed the shape to = 1 (42).
]=
· There is no interaction between space and time and therefore Cov[ ,
0 for all ≠ .
For estimation, we used the R-INLA software within the Bayesian framework
using integrated nested Laplace approximation (43). Let = { , , , } denote the set
of the unknown parameters to be estimated (we keep
fixed, see below). The joint
posterior density for the unknown quantities is then obtained by applying the Bayes’ rule:
( , | ) ∝ ( | , ) ( | ) ( ),

(3)

where of length = ∑
contains all samples and = [ ⊤ ⋯ ⊤ ]⊤ is an
-length
vector. Assuming that the observations and the random effects are conditionally
independent and the hyperparameters are independent, (3) can be expressed as
( , | )∝

( | , )

( | )

( |

, )

(

) ( ) ( )

( ).

We defined the likelihood for the initial year ( | ) based on the stationary distribution
⁄(1 − )) when
of the AR(1) process, i.e.
∼ N( ,
→ ∞. For the
hyperparameters, we used the default uninformative priors provided by R-INLA. Details
of the priors are given on the R-INLA project web page and in Lindgren (42). Posterior
marginal densities for the unknown parameters of interest were obtained from the joint
posterior density ( , | ) by integrating out the other unknown variables.
We have defined the spatial part of the model in continuous space. However, RINLA estimates spatial models using a discrete approximation of
to reduce the
computational burden of high dimensional models such as ours (44). As part of this
approach, a mesh constituting of triangles is constructed on top of the observation domain
⊂ . The corners of the triangles (or nodes in the mesh) define the latent locations ,
= 1, … , . A large number of nodes increase accuracy of the estimates, but also the
computational cost. Conversely, a small number of nodes increases distances between the
nodes, but may hide small-scale variation. For each response variable, we used R-INLA
to construct the meshes and found
= 900 … 1400 nodes to be a reasonable choice
depending on the response variable (see the mesh for occupancies in Fig. S2). We added
external nodes outside the observation domain to avoid possible boundary effects near the
edges.

2.3. Model selection
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(4)

To reveal the impact of the spatial and environmental variables on disease dynamics, we
predicted the presence / absence of the plant pathogen (PA) in each population and year
as a function of the following covariates: ‘population area’, ‘host connectivity’
, ‘road
presence’, ‘habitat openness’, ‘plant dryness’ and ‘patch shadow’ as described above
(section 1). For extinction (EXT) and colonization (COL) dynamics, we additionally
included either pathogen population connectivity at the end of epidemics
or pathogen
population connectivity at the beginning of epidemics
as an explanatory variable and
chose the one with the better fit.
Note that we have not defined a prior for the connectivity scale parameter in the
model (4) as R-INLA does not support estimating directly. However, we fitted several
models with different values of and selected the best fitting one. When both host and
pathogen connectivity factors were included, was shared among them. We selected the
candidates for 1/ from the range of 250 m, 500 m, 1 km, 2 km, 4 km, 8 km and 16 km:
shorter distances would reflect intra-population dispersal, whereas longer distances would
cover the whole island. However, mode of the dispersal distance is likely to be relatively
short as the majority of spores land close to the infected host emitting them (22). In
studies where 1/ has been fixed rather than estimated, 1 km distance has been often
used as it is the mean dispersal distance of the pathogen (5, 12, 37).
We also fitted an intercept-only spatio-temporal model to see if inclusion of the
covariates provides a better fit. Furthermore, we tested for the extent and type of
unexplained variation with the following models:
· Time independent spatial replicate (SR) model, i.e. = 0, where outcome
does not depend on the previous year. Spatial field can vary from year to year.
· Spatial (S) model, where = for all , i.e. there is no temporal variation in
the spatial field.
· Spatially independent model, where
was set to the identity matrix and
~N(0, σ ) for all and , i.e. outcome does not depend on neighboring
observations in space, and the value of was estimated. This is also known as
a temporal replicate (TR) or multivariate AR(1) model.
· No autocorrelation assumed, i.e.
= , which reduces (1) to an ordinary
logistic (OL) model.
We fitted all models with R-INLA with the same uninformative priors, and
compared the fits using deviance information criterion (DIC) (45) (Table S2). Spatiotemporal (ST) models provided the best fits in all cases, but for EXT the spatio-temporal
signal appears to be somewhat weaker. We also used DIC to select the covariates for each
relevant model. We, however, did not test all possible combinations of the covariates due
to the huge number of combinations. While the DICs between the models are rather
small, and give little justification for inclusion or exclusion of some of the covariates, the
models with the selected covariates provide better fits than the null models.
2.4. Estimates
Posterior marginal estimates for the unknown covariate coefficients , … ,
of the best
fit models are listed in Table 1 in the main manuscript. We standardized the continuous
covariates by zero-centering and dividing by two standard deviations, the binary
covariates by zero-centering and adjusting difference to 1 between the two categories,
and left the other categorical variables intact. This put the estimated coefficients on the
same scale (except the non-binary categorical variables) and enabled a comparison
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between the effect sizes (46). Patch shadow was included in the models with polynomial
contrasts to determine whether it has a linear or quadratic effect on the responses on the
logistic scale.
Table S3 summarizes the fixed 1/ and hyperparameter posterior estimates,
where the spatial range is obtained from √8 ⁄ , which is the distance where the spatial
autocorrelation drops below 0.1 according to the Matérn covariance function (44). Mean
ranges of the spatial processes in the estimated PA-ST and COL-ST models are less than
the diameter of the main Åland island (see also Fig. 2G in the main manuscript), hence
the covariates fail to explain some of the spatial variation. High temporal dependency
indicated that the same host populations would be good or bad for mildew, regardless of
year. There was less temporal dependency in the EXT probability compared with PA and
COL, but the probability was essentially the same for the entire area of Åland each year
due to the long range of the spatial process (Table S2). These findings suggest that the
underlying unmeasured factors influencing PA and COL dynamics were different from
unmeasured factors influencing EXT.
2.5. Model performance
We investigated performance of the best fit models by contrasting them to the simpler
models and comparing the observed and predicted values. Figure S3 shows prediction
performance of the fitted models with the observed and predicted probabilities for a
population being occupied (PA), an empty population becoming occupied (COL) and an
occupied population becoming extinct (EXT) each year. The ST and SR models
performed the best with fitted values close to observed. Similarly, comparing aggregated
observations and estimates over the populations from the best fit models showed a good
fit (Fig. S4). The predictions were somewhat smoother compared with the observations
due to the nature of the models “sharing” information between the neighboring
observations in space and time.
Comparing the estimated rates ̂ (after classification to positive, if ̂ ≥ 0.5, or to
negative otherwise) to the observations (positive or negative) yielded a high accuracy
of 95% and 96% for the models PA-ST and COL-ST, respectively. However, only 6%
and 2% of the positive outcomes (infections and colonizations occurred) were predicted
correctly by the models. Lowering the cut-off value from 0.5 to 0.1 increased the
prediction accuracies to 62% and 49%, while maintaining the overall rates 86% and 90%.
EXT-ST gives 72% overall accuracy with 45% of the negatives (no extinctions) and 89%
of the positives (extinctions) matching. The COL-OL and EXT-OL models predicted
with approximately the same accuracy as the ST models.
At least some of the discrepancies between the observed and predicted values may
be due to measurement errors. However, regarding infections, these data should not
contain false positives. The mildew is first identified by the field surveyors and then
double-checked in a laboratory from a field collected sample, which has revealed a very
low false positive identification rate, 1-2%, by the surveyors. Misidentifications made in
the field have been corrected in the database prior to analyses. However, not all infected
populations are likely to be detected, and this may have resulted in false zeros in the data.
On the basis of thorough control surveys of a subset of the meadows that have been
performed every summer, and after re-visiting populations classified as extinct, we
estimated that the probability of the field assistants missing an infection in an infected
meadow is on average 6% (i.e., diagnostic test sensitivity is 94%; 47). In addition, we
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calculated the average occupancy rate in 2012 (a year with relatively high occupancy) as
a function of the occupancy in the previous years, which showed that populations that
were occupied in both 2010 and 2011 were 54% more likely to be occupied in 2012 than
populations where the pathogen was present in 2010 but recorded absent in 2011,
suggesting that false absences do not obscure true absences.
Figure S5 shows contribution of covariates (excluding intercept) and spatial
residuals, which are aggregated over the years, to the outcomes. The color scale indicates
negative (blue), zero (white) and positive (red) addition to the linear predictor. In other
words, the maps show population locations and magnitude of the compensation provided
by random effects, where the covariates are unable to explain the outcomes.
2.6. Partitioning variation among metapopulation and environmental variables
To see how variation is distributed among the covariates, we partitioned sample variance
using Var[ + ] = Var[ ] + Var[ ] + 2Cov[ , ], where =
and =
for
metapopulation structure (spatial) and environmental covariates, respectively, according
to the Table 1 in the main text. Table S4 shows the decomposition for each model of the
metapopulation dynamics on occupancy, colonizations and extinctions.
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Fig. S1.
In Åland P. lanceolata typically grows on dry meadows (left panel). Infection by the
powdery mildew, P. plantaginis, is visually conspicuous on the plant surface (right
panel). Photo credit: Anne Holma.
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Fig. S2
A mesh constructed for the spatio-temporal pathogen occupancy model with observation
locations (red dots) and estimation locations (connected by grey edges).
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Fig. S3
Observed and predicted probabilities for PA, COL and EXT from the best fit ST, SR, TR,
S and OL models each year.
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Fig. S4.
Observed and predicted PA, COL and EXT from the best fit models aggregated by
location and smoothed using Gaussiankernel on 500 m scale to remove small scale
variation.
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Fig. S5.
Contribution of the fixed effects and spatial residuals (without intercept) to the linear
predictor averaged across years (blue negative, grey zero, red positive) on the logistic
scale.
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Table S1.
Example of conditional colonization and extinction binary sequences derived from
occupancies.
Year
PA

1

+1
0

COL
EXT

1

+2

+3

0

1

0

1

+4
1

+5
0

+6
1
1

0

1
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Table S2.
DICs of the fitted models.
Model / Response

PA

COL

EXT

OL

17393

11558

2045

ST intercept-only

15732

11036

1969

S

16474

11225

2035

TR

15901

10965

2048

SR

16328

11152

1961

ST

14936

10578

1941
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Table S3.
Posterior marginal hyperparameter mean and standard deviation estimates of the best
fitting models.
Parameter /

PA-ST

COL-ST

EXT-ST

ABUND-S

2000

2000

500

1000

0.96 ± 0.01

0.91 ± 0.04

0.32 ± 0.29

0.00019 ±

0.00013 ±

0.000038 ±

0.00057 ±

0.00003

0.00003

0.000011

0.00033

0.00050 ±

0.00099 ±

0.014 ± 0.006

2046 ±

0.00004

0.00001

15000 ± 2000

24000 ± 5000

Model
1/ (m)

̂

̂

(m)

1607
80000 ± 23000

6740 ±
4002

9.3 ± 1.3

5.9 ± 2.6

0.37 ± 0.17

0.15 ± 0.07
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Table S4.
Variance partitioned among environmental and metapopulation (spatial) variables for
each model. Proportion is Var[environmental]/(Var[environmental] + Var[spatial]),
i.e. the proportion of variation contributed by the environmental covariates compared to
the spatial. EXT-ST model does not have any environmental covariates.

Model

PA-ST

COL-ST

EXT-ST

Var[environmental]

0.10

0.09

0

0.64

0.41

0.29

Proportion

13%

17%

0%

Var[spatial]
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