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Abstract. Dispersal is crucial for population viability and thus a popular target for conser-
vation measures. However, the ability of individuals to move between habitat patches is notori-
ously difficult to estimate. One solution is to quantify functional connectivity via realistic
individual-based movement models. Such simulation models, however, are difficult to build
and even more difficult to parameterize. Here, we use the example of natal little owl (Athene
noctua) dispersal to develop a new analysis chain for the calibration of individual-based disper-
sal models using a hybrid of statistical parameter estimation and Approximate Bayesian Com-
putation (ABC). Specifically, we use locations of 126 radio-tracked juveniles to first estimate
habitat utilization by generalized additive models (GAMs) and the biased random bridges
(BRB) method. We then include the estimated parameters in a spatially explicit individual-
based model (IBM) of little owl dispersal and calibrate further movement parameters using
ABC. To derive efficient summary statistics, we use a new dimension reduction method based
on random forest (RF) regression. Finally, we use the calibrated IBM to predict the dispersal
potential of little owls from local populations in southwestern Germany to suitable habitat
patches in northern Switzerland. We show that pre-calibrating habitat preference parameters
while inferring movement behavioral parameters via ABC is a computationally efficient solu-
tion to obtain a plausible IBM parameterization. We also find that dimension reduction via
RF regression outperforms the widely used least squares regression, which we applied as a
benchmark approach. Estimated movement parameters for the individuals reveal plausible
inter-individual and inter-sexual differences in movement behavior during natal dispersal. In
agreement with a sex-biased dispersal distance in little owls, females show longer individual
flights and higher directional persistence. Simulations from the fitted model indicate that a
(re)colonization of northern Switzerland is generally possible, albeit restricted. We conclude
that the presented analysis chain is a sensible work-flow to assess dispersal connectivity across
species and ecosystems. It embraces species- and individual-specific behavioral responses to
the landscape and allows likelihood-based calibration, despite an irregular sampling design.
Our study highlights existing, yet narrow dispersal corridors, which may require enhancements
to facilitate a recolonization of little owl habitat patches in northern Switzerland.

Key words: Approximate Bayesian Computation; Athene noctua; choosing optimal summary statistics;
IBM parametrization; landscape connectivity; movement ecology.

INTRODUCTION

Understanding and predicting animal dispersal is
central for ecology and conservation. One important
aspect of dispersal is connectivity: the flow of

individuals or genes within or among populations (e.g.,
Jangjoo et al. 2016), which is crucial for their long-term
persistence (Hanski 1998). Estimating the degree of
connectedness for particular species, functional groups,
or individuals has led to the concept of functional con-
nectivity, which recognizes that effective ecological con-
nectivity emerges from the interplay of landscape
features with species traits (Taylor et al. 1993, Baguette
and Van Dyck 2007).
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While the concept of functional connectivity is intu-
itively attractive, its application is often complicated
(Pe’er et al. 2011). The most direct way to quantify func-
tional connectivity is to directly measure habitat use and
movements of dispersing individuals using data-driven
models (Killeen et al. 2014, Fattebert et al. 2015), but
tracking a sufficient number of dispersing individuals
across all possible landscape configurations is virtually
impossible. Widely used are simple semi-mechanistic
approaches, such as least-cost path analysis (e.g., Stevens
et al. 2006, Rabinowitz and Zeller 2010) and circuit the-
ory (e.g., McRae et al. 2008, Pelletier et al. 2014) and,
less frequently, neutral percolation models (see With
1997). While useful for approximately estimating gene
flow and identifying dispersal corridors, these
approaches usually fail to consider the often available
detailed ecological knowledge about the target species
and make the unwarranted assumption of perfect
knowledge of the landscape by dispersing individuals.
For more detailed simulations of functional connectiv-

ity, we would ideally build individual-based models
(IBMs), which simulate dispersal trajectories while
accounting for both the landscape structure and an indi-
viduals’ movement processes explicitly (e.g., Allen et al.
2016). In principle, IBMs can consider any ecological
process. The challenge, however, is that these processes
must be calibrated to data, for example empirical obser-
vations of a species’ habitat use and movement during
dispersal (Nafus et al. 2017, Signer and Ovaskainen
2017, Buderman et al. 2018). The calibration of such
stochastic simulation models is not trivial, because the
hierarchy of the stochastic processes makes their likeli-
hood usually intractable and prevents the possibility of
using established statistical parameter estimation meth-
ods (Hartig et al. 2011). Irregular sampling designs,
which are common for (radio)telemetry data, exacerbate
this problem.
A common approach for calibrating complex IBMs

with intractable likelihoods is Approximate Bayesian
Computation (ABC; Beaumont et al. 2002, Hartig et al.
2011). ABC uses a simulation-based approximation of
the model likelihood, based on summary statistics that
measure the distance between observed and simulated
data. As a positive side effect, problems of standard sta-
tistical methods that frequently occur with movement
data, such as missing or irregular observations, can be
seamlessly resolved by this approach. However, ABC
can also be computationally costly, and these costs
increase substantially with the number of parameters to
estimate. A second problem of ABC is that efficient
parameter inference hinges on the definition of appro-
priate summary statistics that reduce the dimensionality
of the simulated and observed data, while retaining the
important information for the inference (sufficiency). As
a consequence, few studies have used ABC to parameter-
ize movement models so far (but see, e.g., Marchand
et al. 2017, Zhang et al. 2017), and there is very little
guidance about the best methods to do so.

Here, we consider these questions in the light of a
typical conservation problem, the dispersal potential of
the little owl (Athene noctua) populations around the
border triangle of Germany, Switzerland, and France.
The little owl has been affected by land use changes in
central European farmland areas over the last 60 yr
and has suffered extreme declines in many European
countries (e.g., Van Nieuwenhuyse et al. 2008).
Recently, three local populations in southwestern
Germany have started to recover after implementing
nest box programs, producing dispersers beyond local
populations (Fiedler 2013). However, it remains poorly
known whether the dispersing individuals from these
populations are able to reach suitable habitat patches
and potentially (re)colonize new or improved former
habitats in northern Switzerland.
To assess whether such recolonization is possible, we

built a spatially explicit IBM to simulate movement of
dispersing juvenile little owls during their transfer
phases. The model evaluates relocation decisions based
on habitat preferences and movement behavior. For
model calibration, we use radio telemetry data of 126
radio-tracked juveniles from the largest little owl popu-
lation in southwestern Germany. We propose two novel
technical modifications to remedy the outlined problems
of current ABC approaches. Firstly, we reduce the num-
ber of parameters to estimate via ABC using strong pri-
ors of habitat preference parameters from an
independent likelihood-based parameter estimation.
Specifically, we estimate habitat suitability with a Gener-
alized Additive Model (GAM: Hastie and Tibshirani
1990), modeling the utilization distributions of juvenile
little owls, derived from the biased random bridges ker-
nel method (BRB; Benhamou 2011), as a function of
several environmental covariates. These estimates are
incorporated in the IBM as a priori fixed values and
linked to the movement process through an individual-
specific importance weight. We then use ABC rejection
sampling to estimate four movement behavioral parame-
ters, including a habitat suitability importance parame-
ter. As our second technical modification, we use
random forest (RF) regression for the dimension reduc-
tion of the summary statistics. A dimension reduction is
a standard step in ABC approaches to improve the effi-
ciency of the estimation, but usually simpler (linear)
approaches are used for this task.
We assess the plausibility of the estimated parameter

values through visual exploration of the little owl move-
ment behavior of little owls, with a focus on inter-indivi-
dual and inter-sexual differences. We also test the ability
of RF regression as dimension reduction approach in
ABC rejection sampling and compare it to the widely
used least squares regression. Finally, we use the cali-
brated IBM to predict the functional connectivity
between the expanding southwestern German little owl
populations and the unoccupied habitat patches in
northern Switzerland with the objective to identify
potential dispersal corridors and barriers.
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METHODS

Study area and species

Our primary study area, where movement data were
collected, is located in the southwestern federal German
state of Baden-W€urttemberg (BW) in the district of Lud-
wigsburg. The area covers 687 km2, and includes a large
part of the Neckarbecken, a large valley in central and
northern Baden-W€urttemberg (Fig. 1b). Altitudes within
the Neckarbecken range between 120 and 250 m above
sea level (asl), the maximum altitude for the recorded
data is 540 m asl. The landscape mosaic within the area
is composed of farmland (58%; predominately inten-
sively used agricultural fields, as well as meadows, orch-
ards, and vineyards), forests (25%), and urban
settlements (17%). With 850 residents/km2, the area is
relatively densely populated.
For predictions, we were interested in an extended

area, comprising the entire state of Baden-W€urttemberg,
plus 80-km extensions southwards into northern
Switzerland (CH) and westwards into northeastern
France (F). These areas cover important targets for little
owl recolonization into Switzerland with potential dis-
persal corridors. Important landscape features are the
Rhineriver, Lake Constance and the elevations of the
Black Forest and the Swabian Alb in BW, the foothills

of the Swiss Jura mountains and the Alps in northern
Switzerland, and the Vosges mountains in northeastern
France (see Fig. 1a).
The little owl (A. noctua) is a primarily nocturnal gen-

eralist mesopredator, inhabiting various types of open,
agricultural landscapes. Little owls form monogamous
territorial pairs, show biparental care, and fledglings of
both sex are obligate dispersers (Van Nieuwenhuyse
et al. 2008). As priority species in Switzerland and the
subject of strict protection in Germany, the little owl has
recently become a target of extensive single-species con-
servation management (Keller et al. 2010). In the past
50 yr and over much of Europe, it suffered vast popula-
tion declines (Van Nieuwenhuyse et al. 2008). As a
hemerophilic species with a preference for open agricul-
tural landscapes, the little owl has been particularly
threatened by the consequences of agricultural intensifi-
cation and landscape fragmentation (Devictor et al.
2008). The three little owl populations in BW, however,
are currently expanding, producing dispersers beyond
the range of the local populations (Fiedler 2013). The
largest population is spread across the Neckarbecken
and the other two along the Upper Rhine valley around
the Kaiserstuhl and near L€orrach (as indicated by the
ringing records between 2011 and 2015 in Fig. 1a; Vogel-
warte Radolfzell 2016). Also, there is at least one little
owl population west of the river Rhine in northeastern

FIG. 1. (a) Extended study area (terrain map) illustrating landscape features including natural areas, larger cities (orange), and
major rivers (blue). Ringing records of juvenile little owls between 2011 and 2015 (Vogelwarte Radolfzell 2016) in Baden-
W€urttemberg (BW) are displayed as yellow (population at L€orrach), blue (Kaiserstuhl), and purple (Neckarbecken) crosses. (b) Pri-
mary study area with radio telemetry locations of juvenile little owls tagged in the Neckarbecken between 2009 and 2011 (females in
red, males in blue, unidentified sex in gray), river Neckar (blue line) and natural regions.
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France, for which we could not obtain any data. In
Switzerland there are only sporadic little owl sightings
and no recent breeding records (Knaus et al. 2018).

Bird tracking data

The little owl population within the primary study
area (Neckarbecken) consists of approximately 220
breeding pairs (H. Keil, unpublished data). Between 2009
and 2011, 127 juveniles from this population were
equipped with miniature, VHF radio transmitters (Naef-
Daenzer et al. 2005) at their nesting sites before they
fledged. Of these, 14 individuals (3 males, 5 females, 6
unidentified) were tagged in 2009, 48 individuals (27
males, 20 females, 1 unidentified) in 2010, and 65 indi-
viduals (25 males, 40 females) in 2011 (Bock et al. 2013).
All of them were tagged in their nest boxes at around
day 30 after hatching. With 6.9–7.2 g (slight mass differ-
ences due to manual production), the VHF transmitters
weighed approximately 4–5% of the little owls’ body
mass. The transmitters had an expected lifespan of
380 d and were fit to the bird with a standard figure-8
harness (Kenward 2000). The estimated survival proba-
bilities of the tagged owls were not different compared
to estimates based on ring recoveries in other little owl
studies (Naef-Daenzer et al. 2017).
During their first year, the tagged owls were located

by multiple observers at least once per week, mostly at
night. Upon encounter, the homing-in method was used
for locating the birds (Kenward 2000). Since the objec-
tive was to record dispersal movements, the fixes were
taken in 5-min intervals, but only if the individual was
actively moving during the observation session. In that
case, they were followed until the signal was lost or the
individual stayed in a location for more than 15 min.
The data were collected between June 2009 and Febru-
ary 2013 with an average recording period of 300 d, a
maximum of 597 d and a minimum of 72 d per individ-
ual. For 48 individuals, deaths were recorded within the
tracking period. We removed the data of one individual
that was hit by a train, nursed for a while and then
released again.
52 of all tagged individuals (28 females, 24 males) were

also subject to an experimental feeding study, for which
details can be found in Michel et al. (2017). We used the
information to test whether experimental feeding is con-
founded with inter-sexual differences in movement
behavior, but did not consider it further.
We used the data of all 126 individuals for the statisti-

cal habitat suitability model, but removed individuals
with fewer than 50 recorded locations from the ABC cal-
ibration. The latter resulted in 96 individuals, of which
47 were females, 43 males, and 6 of unidentified sex.

Individual-based little owl dispersal model

To describe the IBM, we broadly follow the updated
Overview, Design concepts, Detail (ODD) protocol

(Grimm et al. 2010), a standardized documentation
format for agent-based models (ABMs). Fig. 2 presents
a schematic workflow and visualizes the links between
input variables, IBM and predictions. The model was
implemented in C++ and interfaced to R (R Core
Team 2018) in the LOSim package (see Data Availabil-
ity).

Purpose.—This spatially explicit individual-based model
(IBM) is designed to simulate the natal dispersal of little
owls with the objective to predict the functional connec-
tivity between expanding little owl populations and
unoccupied habitat patches.

FIG. 2. Schematic workflow subdivided into input, analysis,
and output. The analysis comprises the habitat suitability (H)
estimation as base layer for the individual-based model (IBM),
the IBM, and its calibration through Approximate Bayesian
Computation (ABC). The main parts of the latter are the simu-
lation of little owl dispersal, dimension reduction by choosing
appropriate summary statistics via random forest (RF) regres-
sion, and rejection sampling. Dashed arrows represent the
inflow of variables (e.g., environmental covariates) or other
measures (e.g., summary statistics) into any part of the analysis.
Solid arrows display the respective output or prediction. Param-
eters are defined in Table 1.
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Scales, state variables, parameters.—The model simu-
lates a juvenile little owl’s transfer dispersal movements
on a 20 � 20 m habitat suitability (H) grid (see Input
data and Fig. 3a). Simulated time progresses on a
continuous scale. The transfer phase (i.e., the simulated
period) is assumed to last 60 d, based on population-
aggregated visual inspection of the empirical data. The
duration of this transfer phase likely varies between indi-
viduals, yet based on the scarce and irregular telemetry
data, an individual-specific estimation was not possible.
We believe, however, that this source of inter-individual
variability is negligible in a population-based assessment
of functional-connectivity. The state of each individual
is characterized by its current location, time, daytime,
and its current energy and activity status. Individuals
differ in their start location and model parameters.
Parameters influencing the simulated dispersal trajectory
are the habitat-specialization level (importance weight of
H), preference of flight distances, directional persistence,
duration of roosting, duration of perching (for the dif-
ference of roosting, day rest, and perching see Process
overview and scheduling), and energy efficiency (see
Table 1).

Process overview and scheduling.—In the IBM, we differ-
entiate three modes of movement: active dispersal, day
rest, and roosting. Active dispersal only happens
between sunset and sunrise. During the day an individ-
ual always rests. When energy is low, it might roost for
several days (including nights) and only starts dispersing
again after sunset some days later. During active

dispersal, relocation decisions are modeled as a function
of H, flight distance and turning angle (see Fig. 3b).
First movements after a day-rest or roosting period are
based on H and flight distance, but not turning angle.
Before any simulated movement, the model evaluates

the individual’s activity status: active during the night,
day rest during the day. In the latter case daytime skips
forward to sunset and the owl becomes active, the
elapsed time progresses accordingly. During active dis-
persal, an individual takes subsequent movement deci-
sions. The time between these relocations (i.e., perching
plus flight time) is determined by a log-normal distribu-
tion. After each relocation, the model evaluates the indi-
vidual’s position and energy status, as well as elapsed
time and daytime. If the latter passes sunrise the owl’s
activity status switches to day rest, or if the energy bud-
get is low to roosting, during which the energy budget
rises again. These steps are repeated until the elapsed
time reaches the 60 d limit or a predefined maximum
number of relocations (set to 40,000, which was never
reached in our simulations).

Design concepts

Basic principles.—The model describes active little owl
dispersal as a sequence of many short travel distances,
interspersed by primarily short rest on perches. Fitting
with the biology of the species, a relatively small wing
area and high wing loading, the little owl relocates in rel-
atively short flights, often from perch to perch. Hunting
flights are typically of even shorter distance (Glutz von

FIG. 3. (a) Overview of modeled movement on a simulated habitat suitability grid (higher suitability in red/dark colors): black
dots represent simulated locations in dispersal mode, gray dots locations of roosting. a is the turning angle corresponding to the
previous step and (x,y) the location coordinates. (b) Concept figure illustrating relocation decisions: the radius of the circle(s) repre-
sents the perceptual range R. For all cells of the underlying habitat suitability grid with their centroid located within R (darker gray
for current location (x,y)i, lighter gray for the previous location (x,y)i�1), weights are calculated based on weighted habitat suitabil-
ity, distance diþ1, and (if in dispersal mode) turning angle aiþ1. The next location (x,y)i+1 is evaluated from a multinomial model
based on these weights.
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Blotzheim and Bauer 1980). To our knowledge, non-stop
long-distance flights have not been documented for this
species.
We assume in the model that an individual takes the

next best location within a perceptual range. Generally,
juvenile little owls disperse without preference for any
specific cardinal direction (Van Nieuwenhuyse et al.
2008). Our field observations (B. Naef-Daenzer and
M. U. Gr€uebler) suggest that an individual’s dispersal
path is segmented in various rather directional excur-
sions (of multiple short flights), yet it seems that the
direction between such directional excursions changes
rather randomly.
The model implements several species-typical behav-

ioral states, including resting and roosting, accounting
for the species’ circadian activity pattern. For the pri-
marily crepuscular and nocturnal bird species, the activ-
ity phase (i.e., actual movement, including foraging and
dispersal) typically begins 5 min before to 40 min after
sunset and ends approximately 55 min before to 5 min
after sunrise. During the day, little owls usually rest
(Glutz von Blotzheim and Bauer 1980, Van Nieuwen-
huyse et al. 2008).

Emergence.—Due to the randomness in movement deci-
sions, the sole dispersal path of a simulated individual

shows low interpretability concerning the functional
connectivity of the landscape. By generating such trajec-
tories for a large number individuals, we project disper-
sal movement on the landscape and assess the functional
connectivity as an emergent property of this model.

Stochasticity.—A simulated individual’s movement deci-
sions are based on weighted habitat suitability (H), flight
distance and directional persistence. The resulting prefer-
ence values for the surrounding cells enter a multinomial
distribution, which results in a stochastic decision about
the next movement step. The degree of randomness in
the simulated movement paths can be controlled by alter-
ing the model parameters. For example, a higher-
weighted preference for H (i.e., higher habitat specializa-
tion) and flight distance, as well as an increased direc-
tional persistence decrease the degree of randomness.
Other sources of stochasticity are the duration of relo-

cations and their corresponding stopovers at perches,
and the number roosting days. The former are drawn
from a log-normal distribution, the latter from a Poisson
distribution.

Observation.—The recorded model outputs per individ-
ual include the coordinates and elapsed time for all sim-
ulated locations. For the calibration, we used the
location and elapsed time only for the simulated steps
whose elapsed times correspond to the elapsed times of
the real observations. This procedure highlights the
importance of accounting for the circadian rhythm of
the modeled species in the IBM. Synchronizing both
daytime and elapsed time improves the matching of
movement modes in real and simulated observations. As
the radio tracking via triangulation leads to some impre-
cision in the recorded locations, we added a Gaussian
observation model on top of the model outputs, essen-
tially adding additional stochasticity to the data that
entered the ABC procedure. From the model output, we
calculated a number of summary statistics for the ABC
procedure, including several metrics derived from the
obtained flight distances, turning angles, habitat suitabil-
ity, as well as a resource selection coefficient (RSC):

RSC ¼ NHj [Hobserved

NHj\Hobserved

(1)

where Hj is the habitat suitability of the cells j within a
200 m radius around the observed cell, Hobserved the
habitat suitability of the currently occupied cell, and N
the number of cells where Hj is larger (numerator) or
smaller (denominator) than Hobserved. For a list of all cal-
culated summary statistics, see Appendix S3.

Initialization.—For the model calibration, starting con-
ditions (location, daytime, day of year) were determined
for each individual by the time and location from which
it began its first excursion further than 400 m away from

TABLE 1. Mathematical symbols, description and initial values
of IBM parameters.

Parameter Name and description
Initial
value

q Habitat-specialization level: weight
defining the importance of habitat
suitability in the selection of a new
location

Uð0:1; 5Þ

k Flight-distance shape: shape
parameter in a gamma distribution
describing the flight-distance
preference

Uð0:1; 4Þ

h Flight-distance scale: scale parameter
in a gamma distribution describing
the flight-distance preference

2

s Directional persistence: inverse
standard deviation in a Gaussian
distribution (with l ¼ 0) of the arc-
cosine of turning angle a

Uð0:1; 3:5Þ

lp Log-scale mean in a log-normal
distribution describing perching
duration in minutes

1.5

rp Log-scale standard deviation in a
log-normal distribution describing
perching duration in minutes

0.7

b Energy uptake efficiency: number of
minutes to refill the energy budget
completely, i.e., increase by 1

4,320

c Maximum effort: distance in meters
to exhaust energy budget
completely, i.e., reduce by 1

6,000

kr Average roosting duration in days Uð0:01; 30Þ
Note: Initial values are either given as values taken constant

throughout all simulations informed by little owl experts or as a
uniform prior distribution with relatively exhaustive ranges.
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its fledging site (i.e., initiation of dispersal-like move-
ment). For the predictions from the calibrated model, we
re-sampled the start locations from ringing records of
juvenile little owls between 2011 and 2015 (Vogelwarte
Radolfzell 2016). Initial daytimes and day of the year
were randomly sampled from between 00:00 and 24:00
and 205 to 352, respectively.
The model parameters habitat-specialization level (q),

flight-distance shape (k), directional persistence (s), and
average roosting duration (kr) were calibrated on the
observed radio telemetry data (see IBM calibration). For
predictions, their values were drawn randomly from the
multivariate ABC posterior distribution. The parameters
flight-distance scale (h), log-scale mean (lp) and stan-
dard deviation (rp) of perching duration, and the energy
efficiency parameters b and d were kept constant for all
simulations. Their values were derived from three inde-
pendent little owl field experts, who were first familiar-
ized with the behavioral processes and the effect of the
respective parameter of interest and then asked for their
best guess for the respective parameter value. We used
the mean per parameter, which are presented in Table 1.
The meaning and implication of all parameters is
explained in Submodels. The mean and standard devia-
tion of the Gaussian observation models used the
recorded accuracy estimates of the radio telemetry data.

Input data.—The only external input of the model is the
habitat suitability base grid, which was estimated from
all recorded radio telemetry locations (i.e., not restricted
to the transfer phase), as a function of a number of a pri-
ori selected environmental predictors (see Fig. 2). The
relationship was modeled using a generalized additive
model (GAM: Hastie and Tibshirani 1990).
Because of the highly irregular sampling interval in

the radio telemetry data, which prevents us from using
use/availability regressions, such as resource and step
selection functions, we computed the utilization distribu-
tion (UD; Van Winkle 1975) for each owl individually
within the extent of the recorded locations to use it as
response variable. We estimated the UD using the biased
random bridges kernel method (BRB; Benhamou and
Corn�elis 2010, Benhamou 2011), which incorporates
local movement information “provided by serial correla-

tion between successive relocations” (Benhamou
2011:1), and thus prevents overestimation of generally
avoided regions. Thereafter we standardized the esti-
mated UD subsequently, so that its sum was 1 over the
extent of the study area. From the standardized UD
grid, we sampled 50,657 locations stratified by

individual and by UD. Note that this sample is based on
17,801 recorded telemetry locations.
As predictors of habitat suitability we considered the

availability of breeding cavities and high-quality food
resources as well as the presence of predators and
human-built structures, which are factors known to
affect the occurrence of little owls (e.g., Van Nieuwen-
huyse et al. 2008, Gottschalk et al. 2011, Michel et al.
2016). We thus included land cover as a factor, while ele-
vation and the distances to the nearest forest patches,
nesting boxes, urban settlements, and major roads were
fitted as thin plate regression splines with an additional
shrinkage penalty to reduce over-fitting and increase
predictive power (Wood 2017). To account for inter-indi-
vidual variability, we fitted a random intercept for the
individual owls. For GIS processing and references for
the environmental data, see Appendix S1.

Submodels

Activity status evaluation.—At each iteration i, the
model evaluates the current activity status, Ai, of an
individual. Because this decision is based on daytime,
the model constantly keeps track of the time of day (tod)
and the location-specific and day-of-year-specific
times of sunrise and sunset. The latter are corrected for
the slight shift in the little owl’s response to sunrise
and sunset, such that s0 ¼ sunrise� 25 min and s1 ¼
sunsetþ 25min. A is classified in active and inactive, and
evaluated so that

Ai ¼ active; if s0;i � todi � s1;i
inactive; otherwise:

�
(2)

In inactive movement mode, we further consider the
individual’s current energy budget, Ei, and the summed
up habitat suitability,

P
H, within its perceptual range

in a Bernoulli model to determine whether the the owl
only rests for the one day (i.e., higher energy/lower habi-
tat suitability; resulting in tr ¼ 1), or whether it roosts
(i.e., lower energy/higher habitat suitability), and if so,
we draw the number of roosting days, tr from a Poisson
distribution:

where kr represents the average roosting duration. Dur-
ing the time of roosting the individual stays at the cur-
rent location.

Movement decisions.—In active movement mode, the
individual relocates within a perceptual range, R, which

if Ai ¼ inactive; tr ¼
2þ x; if Bern p ¼ P

H þ 1� Eið Þ; where x�Pois krð Þ
1; otherwise;

�
(3)
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is defined as the rounded up 95% quantile of a gamma
cumulative distribution function:

R ¼
�
inf

�
x 2 0;1ð Þ : 0:95� 1

C kð Þ c k;
x
h

� ���
; (4)

where k and h represent the shape and scale parameter
of the gamma distribution. We chose this distribution as
it provides sufficient flexibility to accommodate substan-
tially different distance preferences among individual lit-
tle owls.
For each cell within a circle around the current loca-

tion (xi; yi) of radius R, a selection weight, xj , is calcu-
lated based on the cell specific habitat suitability,
H xj ; yj
� 	

, distance dj to (xi; yi), and, if the previous step
was also marked as active dispersal movement (i.e.,
Ai�1 ¼ active), turning angle aj. Thus

where j is the index of the respective cell within percep-
tual range, R. In other words, selection weight, xj , is the
product of (1) habitat suitability weighed by habitat-spe-
cialization level q, (2) the probability density of a gamma
distribution (see Eq. 4) for the flight distance, dj ,
between xj ; yj and xi; yi, and, if Ai�1 ¼ active, (3) the
probability density of a Gaussian distribution (with
l ¼ 0 and r ¼ 1

s, where s represents directional persis-
tence) for the arc-cosine of turning angle, aj . The latter
is defined as the angle between potential location xj ; yj ,
current location xi; yi and previous location xi�1; yi�1.
Through model parameter q we introduce an individ-

ual-specific weight of the importance of habitat suitabil-
ity, such that each simulated individual can display
different habitat-specialization levels. Individuals can
also differ in their preference for flight distance, which is
controlled by k and h, and develop a certain degree of
directional persistence through s.
During active dispersal, time progresses by random

draws from a log-normal distribution, such that
tiþ1 ¼ ti þ x; where x� logN lp;rp

� 	
: (6)

lp and rp represent the log-scale mean and standard
deviation, respectively, of perching time. Daytime and, if
necessary, the day of the year are altered accordingly.

Energy budget.—An individuals’ energy budget, Ei, is
updated based on a simple principle: during active dis-
persal the energy reduces linearly with traveled distance.
The amount lost per unit distance depends on the effi-
ciency parameter, d. Ei increases only in inactive

movement modes (i.e., day rest or roosting). The amount
of uptake depends on the habitat suitability within per-
ceptual range, R, such that

Eiþ1 ¼
Ei � diþ1

d ; if Ai ¼ active

Ei þ
P

H tiþ1�tið Þ
b ; otherwise;

(
(7)

where d represents the distance after which the energy
budget, Ei, is emptied completely and b is the number of
minutes it takes to increase Ei by 1.

P
H represents the

summed up habitat suitability within R. We define
E 2 0; 1ð Þ. Should these limits be exceeded, Ei is set to 0
or 1, respectively.

IBM calibration

We calibrated the model parameters, habitat-
specialization level (q), preference for flight distance

(k), directional persistence (s) and average roosting
duration (kr), using Approximate Bayesian Computa-
tion (ABC; Beaumont et al. 2002, Beaumont 2010,
Csill�ery et al. 2010). The general idea of ABC is to
approximate the likelihood of simulation models by not-
ing that the probability that simulated data from the
model Dsim, are close to the observed data, Dobs, is
approximately equal to p Dobsj/ð Þ, the likelihood of
obtaining Dobs from the model given the parameters /.
This insight can then be used in other Bayesian sampling
algorithms, such as rejection sampling, Markov chain
Monte Carlo (MCMC), or Sequential Monte Carlo
(SMC) to approximate the likelihood or posterior distri-
bution for a given model. The computational efficiency
of the approach can be improved by comparing the
simulations and observed data based on summary
statistics. An appropriate choice of summary statistics
is key for the efficiency of the method, and much
recent research has been devoted to this topic (Blum
et al. 2013, Prangle 2018). Here, we aggregated the
information in the calculated (raw) summary statistics
using an intermediate random forest (RF) model. RF
is a flexible machine learning algorithm, which is par-
ticularly useful to predict highly non-linear, complex
relationships and thus ideal for dimension reduction
of multidimensional summary statistics. On the basis
of the estimated summary summary statistics we
employ ABC rejection sampling (Tavar�e et al. 1997,
see also pseudocode in Hartig et al. 2011). To test
the performance of RF dimension reduction, we also
use least squares regression as a methodological

xj ¼ H xj ; yj
� 	eq�1 1

C kð Þhk d
k�1
j e�

dj
h 1ffiffiffiffiffiffiffiffi

2pr2
p e�

arccos ajð Þ2
2r2 if Ai�1 ¼ active

H xj ; yj
� 	eq�1 1

C kð Þhk d
k�1
j e�

dj
h otherwise,

8><>: (5)
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benchmark to estimate summary statistics (see Fearn-
head and Prangle 2012).
For the ABC rejection procedure (see Fig. 2), we first

sampled np ¼ 500; 000 parameter values from wide uni-
form prior distributions, such that q�Uð0:1; 5Þ,
k�Uð0:1; 4Þ, s�Uð0:1; 3:5Þ and kr �Uð0:01; 30Þ. For
each little owl individual, we then simulated dispersal
paths for all np parameter combinations, with the
remaining model parameters kept constant (see Table 1).
For both simulations and observations we calculated 49
summary statistics (S). The calculated metrics comprise,
for example, the mean and standard deviation of all
habitat suitability values at (simulated) observed loca-
tions, the distance between start and end location, the
convex hull area of the full dispersal path, and the 10%,
20%, 80% and 90% quantile of the recorded turning
angles. For a list of all calculated summary statistics, see
Appendix S3.
To aggregate the information in the summary statis-

tics, we performed dimension reduction using individ-
ual-specific intermediate RF models. The idea of this
approach is similar to the partial least squares regression
method by Wegmann et al. (2009): we used RF to pre-
dict q (habitat-specialization level), k (preference for
flight distance), s (directional persistence), and kr (aver-
age roosting duration) as a function of the 49 summary
statistics calculated from the simulated dispersal paths
(Ssim). To avoid correlations among the estimated sum-
mary statistics, we successively included the predicted
values as additional predictors, such that

q�Ssim;1 þ Ssim;2 þ � � � þ Ssim;49

k�Ssim;1 þ Ssim;2 þ � � � þ Ssim;49 þ bq
s�Ssim;1 þ Ssim;2 þ � � � þ Ssim;49 þ bq þ bk
kr �Ssim;1 þ Ssim;2 þ � � � þ Ssim;49 þ bq þ bk þ bs:

(8)

We fitted models for each individual separately, using
the ranger R package (Wright and Ziegler 2017), and
thereafter used the fitted RF models to calculate four
reduced summary statistics from the previously 49 sum-
mary statistics for simulated (Ssim) and observed data
(Sobs).
For the (reduced) four-dimensional space, we com-

pared the estimated summary statistics of the simula-
tions, dSsim , and those of the observations, dSobs via
calculating the Euclidean distance, standardized to the
range of the respective summary statistics in prior
space. To approximate the IBM posterior distribution,
we chose the cut-off value, ε, so that 1,000 of the
500,000 parameter combinations were accepted. We
reduced the problem of an ABC posterior biased
towards the prior using post-sampling regression
adjustment (Blum 2010).

Validation of the ABC approach.—The quality of the
ABC approximation hinges on the sufficiency of the

used summary statistics. Because sufficiency can usually
not be analytically predicted, it is common practice to
test the approach on simulated data before using it on
real data. For this, we randomly sampled 1,000 from the
500,000 simulations and applied ABC rejection sampling
and post-sampling regression adjustment on them, treat-
ing them as observations. We repeated this procedure
with a second dimension-reduction technique for the
aggregation of information in the calculated summary
statistics: least squares regression as part of the semi-
automatic ABC approach (Fearnhead and Prangle
2012), implemented in the abctools R package’s saABC
function (Nunes and Prangle 2015). The estimates
obtained from this approach were not considered further
in the little owl study; they merely served as a reference
to the aggregated summary statistics derived from RF
regression.

Predicting functional connectivity

From the calibrated IBM, we generated natal disper-
sal movements of little owls from the three potential
source populations in southwestern Germany at Neckar-
becken, Kaiserstuhl, and L€orrach (from north to south).
As start locations for the first simulated dispersing gen-
eration, we resampled the coordinates of juvenile little
owl ringing records from the years 2011 to 2015, which
were assigned to the respective source population (see
color scheme in Fig. 1a; Vogelwarte Radolfzell 2016). To
achieve a stable connectivity map, we drew 5,000 loca-
tions from each of the three populations. For these
15,000 individuals, we randomly sampled parameter val-
ues from the ABC posterior distribution to simulate 60-
d dispersal paths from the IBM. The end locations of all
individuals served as start locations for the next genera-
tion. The parameter values were sampled new for each
simulated generation. This resulted in dispersal trajecto-
ries of 55 simulated generations of 5,000 simulated indi-
viduals per potential source population. These were
converted into densities counting the number of loca-
tions within 500 � 500 m cells.
Note: the number of simulated juveniles (5,000) per

generation presumably exceeds the number of fledged
offspring substantially. We simulated dispersal for such a
large number to obtain a diffusion map for the analysis
of functional connectivity. Also note: we only simulated
movement during the transfer phase of dispersal while
neglecting other demographic processes entirely. There-
fore the time of these simulated generations should only
be interpreted as a relative measure.

RESULTS

Validation of the calibration method

To validate the applied calibration method, we first
considered the inferential capacity of the summary
statistics obtained by random forest (RF) regression,
that is, how well they can describe the respective
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parameter of interest. We found that the estimated RF
summary statistics (cS1 � cS4 ) were highly correlated
with the respective parameter values (Pearson’s
r2 > 0.95 for all observed little owl individuals), and vir-
tually uncorrelated among themselves (see Appendix S4:
Fig. S1a). Both these results indicate that the estimated
statistics describe the simulated movement trajectories
sufficiently well to discriminate the individual model
parameters.
For methodological comparison, we applied semi-

automatic ABC (Fearnhead and Prangle 2012), which
uses least squares regression to aggregate the calculated
summary statistics. We found that parameter samples
and respective estimated summary statistics were
substantially less correlated. Furthermore, cS1 , cS2 , cS3

and cS4 partially correlated with each other (see
Appendix S4: Fig. S1b), which reduces the ability to dis-
criminate between the individual model parameters.
We proceeded to test the ability of the full ABC

method (using ABC rejection sampling) to retrieve
parameter estimates from data created by the model with
known parameter combinations. We found that ABC
using RF to estimate summary statistics produced poste-
rior estimates close to the respective true parameter val-
ues (as indicated by the red identity line in Fig. 4a). In
particular, the average roosting duration (kr) could be fit-
ted with high precision. The posterior distributions of
habitat-specialization level (q), preference for flight dis-
tance (k), and directional persistence (s) were slightly
shifted toward lower and upper values. The obtained

80% ABC posterior range was rather narrow for this
aggregation method. While the medians of the posterior
distributions derived from ABC rejection sampling based
on summary statistics aggregated by least squares regres-
sion were not dramatically worse, the 80% ABC posterior
credible intervals were substantially wider (see Fig. 4b).

Estimated movement parameters of little owl dispersal

The marginal posterior estimates for all four cali-
brated IBM parameters, habitat-specialization level (q),
preference for flight distance (k), directional persistence
(s), and average roosting duration (kr), showed substan-
tial inter-individual variability (see Fig. 5). For flight
distance and directional persistence, distinct sex differ-
ences were recognizable, with the posteriors of females
and males scattering around sex-specific mean values.
With a posterior median of fkf ¼ 2:53 (80% CI: 1.26–
3.28, which translates to a maximum probability for a
flight distance of 61 m; 80% CI: 10–91 m) females
showed preferences for substantially greater flight dis-
tances than males with fkm ¼ 1:93 (80% CI: 1.29–2.85,
i.e., a maximum probability for a flight distance of 37 m;
80% CI: 11–74 m). Female little owls also displayed
higher directional persistence between single flights
( esf ¼ 2:26; 80% CI: 1.12–1.82 and fsm ¼ 1:55; 80% CI:
0.93–2.45). These values mean that at the median poste-
rior value, females consider in 80% of the cases locations
within 33° around the direction of the previous flight
(80% CI: 65–26°). Males are less directionally persistent

FIG. 4. Estimated parameter values against true parameter values for the two summary statistics dimension-reduction
approaches: (a) random forest and (b) least squares regression, and for the four ABC calibrated model parameters: habitat-speciali-
zation level (q; top left), preference for flight distance (k; top right), directional persistence (s; bottom left), and average roosting
duration (kr; bottom right), respectively. Black dots represent the median of the respective ABC posterior, gray bars 80% CIs and
red diagonals represent identity of the estimated and true parameter values.
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and choose in 80% of the cases from locations within 47°
around the direction of the previous flight at their poste-
rior median (80% CI: 79–30°). The estimated average
roosting durations were only slightly higher for female
juvenile little owls (gkr;f ¼ 10:75 days and gkr;m ¼ 9:70
days). In contrast, males displayed moderately higher
habitat-specialization levels (fqm ¼ 2:22; 80% CI: 1.19–
2.96 and fqf ¼ 1:97; 80% CI: 1.16–2.94). That is to say,
the importance of habitat suitability in the process of
selecting a new location is raised to the power of 8.19
(80% CI: 2.29–18.34) for male and 6.20 (80% CI: 2.18–
17.98) for female little owls.

Predicted functional connectivity

The predicted functional connectivity after the longest
simulated time (55 simulated generations, 5,000 individ-
uals, three source populations) was non-zero in most
parts of the underlying landscape, except for the alpine
land in the very south of the map (Fig. 6, right panel),
but also showed substantial spatial heterogeneity. As
expected, the highest densities were found in and close
to the area of the source populations, but also some of
the valleys into northern Switzerland showed moder-
ately high densities. Good predicted connectivity was
also found in the Neckarbecken and along the northern
part of the Swabian Alb (compare Fig. 6f, g). Not sur-
prisingly, areas of low estimated habitat suitability also

showed low predicted connectivity (see Appendix S1);
these are primarily higher altitudes including the Black
Forest in southwestern Germany, the foothills of the
Jura in northwestern Switzerland, and the Vosges
Mountains in northeastern France.
We also found that simulations from L€orrach (red)

showed an increased north-south dispersion with con-
siderably more individuals dispersing northward, away
from Switzerland. Highest densities were found on the
eastern side of the Rhine. Simulated dispersers from
the Kaiserstuhl population (blue) showed the same
north-south movements within the Rhine valley, also
with higher densities on the eastern side of the Rhine
valley. Simulated dispersal movements of individuals
from the Neckarbecken population (green) were high-
est in the Neckarbecken before the movements
extended east towards the limit of the extended study
area. Westward dispersal movement seemed to be lim-
ited. The overlap of simulated dispersal movement
was most prominent between the populations at
L€orrach and Kaiserstuhl, while the connectivity
between the two population in the Rhine valley and
the one at the Neckarbecken seemed limited. Com-
pared to the movement density within the Rhine val-
ley, dispersion into northern Switzerland is low. This
was particularly true for the first seven simulated gen-
erations, where only few individuals started crossing
the Northern hills of the Jura Mountains. Only from
generation 20 on simulated movements into northern
Switzerland increased.

DISCUSSION

In this study, we tested a new approach for calibrating
an individual-based model of natal dispersal in little
owls, comprising a combination of likelihood-based and
approximate model parametrization and using random
forest (RF) regression for more efficient ABC rejection
sampling. We validated the proposed RF-enhanced
ABC calibration internally and compared its inferential
capacity to estimates derived from summary statistics
chosen by least squares regression. Finally, we used the
fitted IBM as an inferential tool, to compare movement
differences between males and females, and to project
dispersal movement into southwestern Germany, north-
ern Switzerland, and northeastern France for an analysis
of functional connectivity.
From a methodological perspective, our results indi-

cate that the hybrid of statistical methods and ABC for
IBM parameterization, combined with an RF-based
selection of the summary statistics in ABC worked well
for calibrating a relatively complex movement model to
highly irregular radio telemetry data. Using a statistical
model for estimation of habitat preference parameters
reduced the number of parameters to calibrate via ABC
substantially, and thus facilitated the basis for realistic
dispersal simulations. Furthermore, RF clearly outper-
formed alternative approaches for choosing ABC

FIG. 5. Estimated posterior densities for the ABC-
calibrated IBM parameters: habitat-specialization level (q; top
left), preference for flight distance (k; top right), directional
persistence (s; bottom left), and average roosting duration (kr;
bottom right). Thin lines represent individual ABC posterior
distributions, thick lines represent ABC posterior distributions
pooled by sex (red for females, blue for males), illustrating the
sex differences in movement behavior.
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summary statistics leading to overall better posterior
estimates.
Form an ecological perspective, the fitted model

revealed clear differences between the dispersal move-
ment behavior of male and female little owls, with
females showing longer and more directed dispersal,
during which they exhibited lower habitat specialization
than males. Projections of the model to assess functional
connectivity demonstrated that a (re-)colonization of
northern Switzerland seems generally possible. Yet, the
simulations also indicated a rather slow population
expansion, limiting the ability to re-colonize in the near
future.

Hybrid calibration: combining statistical inference with
ABC

Modeling the movement of animals is challenging as
it requires an adequate representation of the often

complex stochastic movement process to account for all
factors influencing relocation decisions (Nathan et al.
2008). Both the complexity required in a movement
model and the stochasticity in the simulations render the
estimation of model parameters a difficult undertaking.
For the problem of calibrating ecological models

whose likelihood function is analytically intractable,
Approximate Bayesian Computation (ABC) has become
a widely applied solution (e.g., Kosmala et al. 2016,
Marchand et al. 2017). Yet, for complex models, the cal-
ibration of all parameters via ABC can become imprac-
tical as the number of required simulations often exceeds
the costs that are computationally feasible (e.g., Boyd
et al. 2018). Many studies avoid these issues through
prior elicitation or by deriving estimates from experts or
literature instead of using data-driven approaches to
inform some or even all of the model parameters (e.g.,
Arrignon et al. 2007, Graf et al. 2007, Pe’er and Kra-
mer-Schadt 2008). Our study presents a hybrid

FIG. 6. (a–e) Dispersal density estimated from a total of 15,000 individuals after 1, 3, 7, 20, and 55 simulated dispersal periods.
Purple, blue, and yellow each display the density of 5,000 simulated individuals from potential source populations at the Neckar-
becken, Kaiserstuhl, and L€orrach, respectively. (f) Terrain map illustrating landscape features for comparison with predicted func-
tional connectivity and initial start locations represented by colored crosses. (g) Same as panel e; predicted functional connectivity
after 55 simulated generations.
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calibration approach as an improved means to disentan-
gle parameterization of environmental processes (i.e.,
habitat suitability) and behavioral processes, which, pro-
vided that the environmental influence on a species’ or
an individual’s movement is multi-factorial, greatly
reduces the remaining number of parameters to calibrate
via ABC. Specifically, we use statistical, likelihood-
based methods to estimate the model parameters
describing the influence of several environmental fac-
tors on movement, and subsequently ABC to estimate
some of the parameters describing movement behavior.
For only a few parameters we used prior elicitation.
From a Bayesian’s perspective, this approach might be
interpreted as using the estimated habitat suitability as
an informative prior for the environmental influence
on the dispersal movement of the little owl. Certainly,
a prerequisite for this approach to work is the possibil-
ity of using statistical estimation techniques for a sub-
set of the IBM parameters (e.g., parameters describing
habitat preferences).
For species that exhibit substantial inter-individual

variability in the way they respond to their environ-
ments, it is important to allow for such variability in the
IBM, because the estimated habitat suitability (i.e., esti-
mated means in form of a map) cannot convey this infor-
mation in a computationally feasible way. Our approach
conserves this variability by implementing the habitat-
specialization-level parameter: a weight defining the
importance of habitat suitability in the selection of a
new location, which can be different for each observed
individual. It is worth noting that parameter values cho-
sen by prior elicitation cannot conserve such inter-indi-
vidual variability and, because they are guesses based on
field observations, introduce some uncertainty not
accounted for in the model calibration.

Using random forest for choosing summary statistics in
ABC

To approximate a posterior distribution via ABC,
minimal sufficiency of the summary statistics is essential,
which means, on the one hand, that the calculated sum-
mary statistics must “produce an aggregation of the
[simulated] data that contains the same information as
the original data [. . .]” for the purpose of parameter
inference (Hartig et al. 2011:4), and on the other hand
that their dimensionality should be as low as possible.
The problem of choosing the optimal summary statis-

tics has become a new field of research. Wegmann et al.
(2009), for example, suggested employing a partial least
squares regression for choosing dimensionally reduced
summary statistics. A readily available implementation
of a similar approach can be found in the semi-auto-
matic ABC, which also uses an additional estimation
stage of the optimal summary statistics (least squares
regression). This method was proposed by Fearnhead
and Prangle (2012), who describe it as robust way to

choose the summary statistics. Both approaches, how-
ever, assume linear relationships between summary
statistics and the parameter sample. Instead of aggregat-
ing the information of many “simple” summary statis-
tics, Zhang et al. (2017) used statistical inferential
movement models (IMMs) to produce fewer, but more
informative summary statistics in the first place. Since
the predictive capacity of the methods employed to
reduce the dimensionality of calculated summary statis-
tics is the sole purpose, algorithmic models, such as deci-
sion trees or neural nets are likely to be advantageous
over statistical models (or “data models” as refered to in
Breiman 2001b).
In this study, we have shown that random forest (RF)

regression (Breiman 2001a) can reliably detect the often
non-linear relationships between the summary statistics
and the parameter sample. In a cross-validation using
simulated data, we have shown that RF produces poste-
rior estimates close to the true parameter values with
high precision (i.e., narrow CIs). Least squares regres-
sion showed dramatically wider CIs. In such an analysis,
this observation clearly signals a higher quality of the
summary statistics derived from RF regression. As
already noted by Saulnier et al. (2017), dimension reduc-
tion via RF is also robust against correlated raw sum-
mary statistics, which makes their selection a less
elaborate task. We believe that we are the first to employ
this technique for dimension reduction in ABC rejection
sampling, although Raynal et al. (2017) used it to
directly estimate model parameter values from the
parameter sample. Whilst useful, their approach does
not approximate the parameter posterior distribution.
This becomes disadvantageous, if model parameters are
correlated or do not exhibit a unimodal posterior distri-
bution.

Sex differences in little owl dispersal movement

Female juvenile little owls are known to disperse far-
ther from their parental territory than male conspecifics
(see Glutz von Blotzheim and Bauer 1980, Van
Nieuwenhuyse et al. 2008). In a study of 28 ringed male
juveniles and 30 ringed female juveniles, K€ampfer and
Lederer (1988) showed that the mean dispersal distance
is 2.3 km for males and 6.3 km for females. The maxi-
mum dispersal distance of females (up to 100 km)
exceeds that of males (� 20 km) by far. Yet, these max-
ima represent rather isolated incidences. The individual
specific movement characteristics analyzed in our study
comprise individual-specific habitat-specialization levels,
flight-distance preferences, directional persistence, and
roosting duration, all of which vary prominently among
the observed individuals. Nonetheless, female juvenile
little owls tend to have lower habitat specialization, are
highly persistent in their flight direction and exhibit sub-
stantially longer individual flights. This behavioral pat-
tern of females coincides with their tendency to disperse
farther away from the parental territory.
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One might interpret these inter-sexual differences in
the obtained parameter estimates as a mere consequence
of the spatial arrangement of the telemetry data (i.e.,
males ending up close to the parental territory, females
dispersing substantially further). Yet, if this were the
case, we would expect a substantially shorter mean
roosting duration of female juveniles, as this would have
been a parsimonious way to achieving longer overall dis-
persal distances in females. We also tested the correla-
tion of body mass (which was measured while tagging
the individuals) and whether individuals were artificially
fed or not between the 14th and the 50th day after
hatching with the respective posterior medians to rule
out potential confounding variables (for the latter, see
Appendix S5: Fig. S1). It seems that artificially fed indi-
viduals showed no different movement behavior, except
for shorter roosting duration. As we did not find any
correlation for any of the parameters with the juveniles’
body mass, we consider it likely that the observed pat-
terns in the posterior distributions reflect differences in
behavioral traits between males and females.

Little owl dispersal connectivity

Our analysis of functional connectivity suggests that
the habitat patches in northern Switzerland, which are
currently unoccupied (Knaus et al. 2018), are theoreti-
cally connected at least to the two populations at Kaiser-
stuhl and L€orrach. At the same time, the surrounding
topographic conditions constrain the movement of juve-
nile little owls. Mountainous areas, such as the Black
Forest or the foothills of the Jura mountains, exhibit a
clear barrier effect, resulting in decreased functional
connectivity in northern Switzerland compared to areas
of similar distance within the Rhine valley. Furthermore,
the diffusion map (Fig. 6) shows that dispersal move-
ment into Switzerland occurs in rather constrained
paths, which identify potential dispersal corridors.
We also find the three little owl populations in south-

western Germany to be likely functionally connected. A
regular exchange between these populations has been
reported by Fiedler (2013). The same study also showed
that there is more exchange between the two populations
located along the Upper Rhine valley. This seems conse-
quential not only because of the distance between the
two populations in the Rhine valley, but also because
their direct paths to the population in the Neckarbecken
are constrained by the mountainous Black Forest and
Swabian Alb. Potential linkage between the populations
in the Neckarbecken and at the Kaiserstuhl seems most
probable along the valleys between Baden-Baden and
Rastatt in the Rhine valley and the city of Pforzheim
through the towns Gaggenau, Gemsbach and Bad Her-
renalb.
The functional connectivity with the Swiss Plateau

seems to be limited, although a few ring recoveries from
little owls of one of the three German populations have
been recorded there in the last 20 yr. Dispersing

individuals might reach the areas south of Basel from
the German upper Rhine Valley through the edges of
the city of Basel. However, the potential corridors from
the German Rhine Valley to the central Swiss Plateau
might be redirected eastwards along the Rhine River
towards Lake Constance. This redirection happens
because of the hilly area of the Swiss Jura Mountains,
consisting of a mosaic of forests and agricultural fields,
acting as a barrier toward the south. The first potential
connections to the south occur either around Brugg
through the valley of Frick or through the lower Aare
Valley. Within the Swiss Plateau, the potential dispersal
corridors mainly follow the valleys of the large rivers of
Aare, Reuss, Rhine and Thur.
Beyond a simple habitat suitability model (e.g., Fatte-

bert et al. 2018) that can serve as a basis to identify loca-
tions for habitat restoration (e.g., restoring orchards) or
nest box placement to improve micro-habitat quality
and support breeding, the presented IBM can help opti-
mize interventions to promote dispersal and connectivity
either by developing strategies for targeted restoration in
areas of connectivity-potential or clear gaps; and these
could be tested for their potential by model-experimen-
tation. Because of the diffusing nature of little owl dis-
persal, nesting-placement strategies can be informed by
identifying locations or patches, within distance from
extant populations, which dispersing individuals may
reach by using existing corridors.
While our IBM is useful for simulating dispersal

movements of individuals during their transfer phases, it
does not allow estimation of the time until a likely recol-
onization of any given location. Based on the mapped
diffusion along the simulated generations we can only
speculate that a recolonization of the northern Swiss
habitats from the three potential source population in
southwestern Germany might take a long time. An exact
quantification would require accounting for demo-
graphic processes and intra-specific interactions, such as
density dependent dispersal and Allee effects.

CONCLUSIONS

Being able to better estimate functional connectivity
among sub-populations is critically important for con-
servation science and management. We believe that the
analysis we present here provides an interesting example,
and a few smaller innovations, of applying a hybrid
ABC-statistical approach for calibrating individual-
based movement models that can predict functional con-
nectivity. Our study also demonstrates that such an
approach can be simultaneously used for inference (e.g.,
male/female differences) and prediction. Regarding the
latter, our results suggest that the population connectiv-
ity status of the little owl might not be as hopeless as
sometimes suggested: a (re)colonization of northern
Switzerland seems possible. However, simulation results
suggest that populations expand slowly. Without further
support, such as habitat improvement measures to
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enhance potential dispersal corridors, recolonization of
many suitable but uninhabited areas may not be likely in
the near future.
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