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Dispersal of organisms is a ubiquitous aspect of the natural world, with wide implications across scales and
organization levels. Interest in dispersal has risen sharply over the past 30 years, mostly due to the multiple and
rapid global changes ecosystems face. Among the various aspects that may characterize a dispersion event,
dispersal distance is considered a key descriptor in a wide variety of studies across taxonomic groups. Typically,
dispersal distances are defined in the form of dispersal kernels describing the dispersal distance distribution
according to probability density functions. Although numerous methods providing dispersal data exist, there is
still a lack of intuitive and comprehensive approaches and tools to estimate dispersal kernels from such data.
Here we present the dispfit package, an R software application developed to fill this gap. dispfit fits and compares
different families of parameterized functions to describe and predict dispersal distances. It includes 9 well-known
and commonly used distributions, computes goodness-of-fit and model selection statistics, and estimate each
distribution's parameters, along with their first four moments (mean, standard deviation, skewness, and kurto-
sis). We describe the main functions included in dispfit and provide an example to illustrate the workflow of the
typical analyses performed within the package. We believe that dispfit will critically contribute to improving the
modelling of species' dispersal distances, thus enhancing the understanding of the ecological and evolutionary
processes involving dispersal movement.

1. Introduction 2005). Theoretical and empirical advances on its causes, consequences,

mechanisms, and patterns suggest that dispersal is tightly linked to other

Dispersal is defined as the movement of organisms from a source
location (either after birth or breeding) to a different location where
they might establish and potentially reproduce (Clobert et al., 2012;
Matthysen, 2012; Nathan et al., 2008b). It has long been recognized as
an important life-history trait affecting the dynamics and evolution of
populations. Dispersal evolves from a combination of species and indi-
vidual characteristics, and their responses to changes in biotic and
abiotic environments (Benard and McCauley, 2008; Bowler and Benton,

Abbreviations: pdf, probability density function.

life-history traits (e.g. survival, niche breadth, trophic level, the timing
of reproduction, mating strategies, fecundity), and can therefore be
understood as a complex syndrome of traits, consisting of the integrated
expression of many morphological, physiological, and behavioural as-
pects (Ronce and Clobert, 2012). The ecological and evolutionary con-
sequences of dispersal and related life-history traits span over multiple
levels (from individuals to whole ecosystems) and have major implica-
tions for conservation and environmental management (Driscoll et al.,

* Corresponding author at: CIBIO, Centro de Investigacao em Biodiversidade e Recursos Genéticos, InBIO Laboratério Associado, Instituto Superior de Agronomia,

Universidade de Lisboa, 1349-017 Lisboa, Portugal.
E-mail address: antoniomiguelpferreira@gmail.com (A. Proenca-Ferreira).

https://doi.org/10.1016/j.ecoinf.2023.102018

Received 24 August 2022; Received in revised form 3 February 2023; Accepted 4 February 2023

Available online 8 February 2023

1574-9541/© 2023 The Authors. Published by Elsevier B.V. This is an open access article under the CC BY license (http://creativecommons.org/licenses/by/4.0/).


mailto:antoniomiguelpferreira@gmail.com
www.sciencedirect.com/science/journal/15749541
https://www.elsevier.com/locate/ecolinf
https://doi.org/10.1016/j.ecoinf.2023.102018
https://doi.org/10.1016/j.ecoinf.2023.102018
https://doi.org/10.1016/j.ecoinf.2023.102018
http://crossmark.crossref.org/dialog/?doi=10.1016/j.ecoinf.2023.102018&domain=pdf
http://creativecommons.org/licenses/by/4.0/

A. Proenga-Ferreira et al.

2014). The rapid changes that most ecosystems are currently undergo-
ing have increased the interest in understanding how dispersal shapes
species' responses to those changes.

Among the multiple aspects that may characterize a dispersion event
(e.g. mechanism, post-dispersal survival, gene flow, triggering time), the
distance between the start and end points (i.e. net displacement) re-
mains a key spatial descriptor of dispersal on which many studies rely on
(Nathan et al., 2012). In particular, dispersal distance is considered a
crucial parameter to understand, for instance, the potential for local
adaptation and genetic differentiation, the structuring of meta-
population and metacommunity networks, the dynamics of invasive
species, the shifting in species distribution ranges, and the species'
ability to track environmental conditions such as landscape or climate
change (Nathan et al., 2008a; Ronce, 2007). Including dispersal distance
in studies focussing on these processes is thus of critical importance to
improve their significance and predictive ability. In this context, the
dispersal kernel concept has been central to analysing dispersal pro-
cesses and spatial patterns. The dispersal kernel describes the distribu-
tion of dispersal distances based on probability density functions and is
usually characterized by parameters describing the shape and form of
those functions (Bullock et al., 2016). Currently, dispersal kernels are
commonly incorporated in ecological and evolutionary studies dealing
with dispersal across various taxonomic groups (Chapman et al., 2007;
Clark et al., 1999; Coombs and Rodriguez, 2007; Krkosek et al., 2007),
but are also needed to inform policy to proper habitat management and
conservation (Driscoll et al., 2014; Jongejans et al., 2008; Saura et al.,
2014). Also, there has been an increasing number of probability distri-
bution functions proposed to describe dispersal kernels with different
properties (e.g. Hovestadt et al., 2012). However, the choice of the most
appropriate function to fit empirical data is still largely based on per-
sonal preference or experience, suggesting a lack of coherence in ap-
proaches to model dispersal distances (Bullock et al., 2016).

Despite their great popularity, there is a paradoxical absence of tools
to fit and compare different dispersal kernel functions from empirical
dispersal data in a straightforward fashion. This is somehow surprising,
given the considerable technical developments in movement ecology for
improving the accuracy and precision of dispersal distance measures
(Driscoll et al., 2014), including capture-recapture (Serrano et al.,
2019), isotope analysis (Hall and Beissinger, 2017), GPS and satellite
tracking (Cadahia et al., 2010; Krieger et al., 2012) or molecular data
(Bode et al., 2017). Here we present the R package dispfit, which was
developed to fill this gap by providing an easy-to-use application to
compare the fit of dispersal distance data to different families of
parameterized functions commonly used to describe the relations be-
tween dispersal and distance. Package dispfit uses data obtained from
dispersal distances measured directly (e.g. capture-recapture methods or
other biologging techniques — such as radio, GPS, or satellite tracking) or
indirectly (e.g. parentage analysis from genetic data). While many of the
functions considered may be found scattered in multiple statistical
software and packages [e.g. R packages fitdistplus (Delignette-Muller and
Dutang, 2015) and gamlss (Rigby and Stasinopoulos, 2005), or program
CurveExpert (Hyams, 2010)], dispfit specifically uses functions adapted
to species dispersal, providing the necessary measures to describe and
compare dispersal kernels, which are not directly obtained from other
software sources. We describe the functionalities, usage, and perfor-
mance of dispfit, and recommend its use in ecological and evolutionary
studies requiring information on dispersal distance.
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2. Package overview

The dispfit package is written in the R language and is freely available
on GitHub. It can be used under R version 3.5.1 or higher (R Core Team,
2017), and may be installed using package devtools:

> devtools::install_github("https://github.com/
apferreira/dispfit")
> library (dispfit)

The functions available in dispfit depend on packages ggplot2
(Wickham, 2016), msm (Jackson, 2011), numDeriv (P. Gilbert and Var-
adhan, 2019), and reshape (Wickham, 2007).

2.1. Dispersal kernel formulation in dispfit

Assuming that a single point is the site of origin of all dispersers from
a population, then the dispersal distance of each disperser is the
Euclidean distance between the origin and its end point. The dispersal
distances of all dispersers thus reflect a continuous parametric distri-
bution, or probability density function (pdf), that characterizes the
studied population. We can then define a dispersal kernel as the pdf of
the distribution of the values of the Euclidean distances between the
source and the final location of a dispersal event. There are several
characterizations of a dispersal kernel, for instance Nathan et al. (2012)
distinguish between “dispersal distance kernel, Kp”, and “dispersal
location kernel, K;”. We will follow the latter in this paper and briefly
review these concepts in Box 1.

2.2. Distributions included in dispfit

The dispfit package fits 9 well-known distributions for estimating
dispersal kernels (Clark et al., 1999; Nathan et al., 2012) (Table 1). The
simplest functions considered are the single parameter Rayleigh and
exponential, which are the most popular in mathematical developments
for studying spatial dynamics theory (M. A. Gilbert et al., 2014). The
remaining 7 functions are two-parameter distributions, often referred to
as better depicting real dispersal kernels than the Rayleigh and expo-
nential functions (Bullock and Clarke, 2000; Clark, 1998; Clark et al.,
1999) (Table 1).

2.3. dispfit main functions

dispfit includes one main function, dispersal.kernel, which
covers most of the functionalities of the package. This function fits one
or more dispersal kernels with 1-2 parameters, by estimating the dis-
tribution of kernel parameters, a vector 6 (with all elements 6; > 0),
maximizing the likelihood function, defined as

20 =TTrwl0)

with x; being the n observations of variable X and f(e| ) the probability
density function of the distribution. The function dispersal.kernel
provides parameter estimates of each fitted distribution, as well as
model selection statistics, including the Akaike Information Criteria
(AIC), the Akaike Information Criteria for small sample sizes (AICc), the
Bayesian Information Criteria (BIC), and the Akaike weights of the
relative strength of each model (w;) (Burnham et al., 2011; Burnham and
Anderson, 2002). Finally, it also presents goodness-of-fit (GOF)
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Fig. 1. Example of the distribution of dispersers following an isotropic binor-

mal distribution centred in the origin: f(x,y) = ﬁe(’ﬁ (20%) (A). Under the

assumption of isotropy and using polar coordinates, the above distribution can

2
be written as a function of r as f(r) = %e (”72), which is the Rayleigh distri-

bution using the ‘dispersal distance kernel’, kp(r) (B). The ‘dispersal distance
kernel’ and the ‘dispersal location kernel’ are related such that kp(r) =
2nrky(r), so that the example Rayleigh distribution may be converted in such a

r 2
way that, if a® = 26%, ky(n)= ;L; e (5)(0). See Box 1.

measures of the distributions, computing the Chi-squared and
Kolmogorov-Smirnov two-sample (K—S) tests, and their associated p-
values (Press, 1992; Sokal and Rohlf, 1995). If p-values are above the
threshold defined by the user, then the estimated distribution does not
differ significantly from the data and is therefore accepted as a good
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approximation. The GOF measures may be used either isolated or in
tandem, allowing for more robust interpretations. Because kernel pa-
rameters are specific for each family of distributions, they cannot be
directly compared among different families, even when using the same
dataset (Austerlitz et al., 2004). Therefore, to compare quantitatively
the shape of different distributions, dispersal .kernel also computes
the first four moments of each distribution: mean g, standard deviation
o, skewness a3, and kurtosis a4 (Clark et al., 1999) (see Table 2 for their
definition and equations).

Pointwise confidence intervals based on profile-likelihood (Venzon
and Moolgavkar, 1988) are estimated for each kernel parameter. Con-
fidence envelopes for predicted values are computed by generating a set
of distributions based on a cross-sequence value of the sequence of one
of the parameter values ranging from the lower to the upper confidence
intervals of each parameter (i.e. for each value of the sequence of
parameter a, distributions are calculated for all values of the sequence of
parameter b). For each predicted value, that calculation's minimum and
maximum outcomes are then defined as the lower and upper confidence
envelopes. The R function plot draws the tested distributions, yielding
a visual comparison of their shapes, while the function predict will
return a table of predicted values according to the best fitting models.

3. Worked example

The following example demonstrates the usefulness and function-
ality of dispfit. We simulated a dataset with a known distribution and
then tested the performance of dispfit in identifying the original distri-
bution from which the dataset was generated.

Input data should be a vector representing the observed dispersal
distances. For this example, we created a random vector of 200 values
from a log-normal distribution, with parameters mean 1 =5 and SD =1,
using the function r1norm, from the stats R package (we used the set.
seed function so that the data is reproducible):

> set.seed(1111)
> simulated.data <- rlnorm (200, meanlog =5, sdlog =
1)

Next, the data can be fitted to some or all of the available distribu-
tions by using the function dispersal.kernel:

> kernel.test <- dispersal.kernel (simulated.data,
distribution = "all", order.by = "AICc")

In this example, all the available distributions were fitted and the
results ordered according to their minimum AICc value, but the user
may choose the distributions to be fitted as well as the criterion to rank
the fitted distributions.

> kernel.test

Two summary tables are printed by calling the resulting object.
Firstly, a table listing the fitted distributions with the corresponding
information criteria values and GOF tests is presented (Table 3). Model
selection should take into consideration both the model selection
criteria and the GOF tests. In this example, four of the distributions
(Weibull, gamma, exponential, and Rayleigh) were rejected by the Chi-
squared test and two by the KS test (exponential and Rayleigh), when
0.05 is defined as the threshold for a good approximation. From the
accepted distributions (log-normal, Wald, geometric, generalized
normal, and 2Dt), the log-normal distribution was chosen as providing
the best fit describing the data according to all information criteria, with
an AlCc difference from the second best distribution above 2, indicating
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Box 1
Dispersal kernel formulation in dispfit

We briefly review the concepts of “dispersal distance kernel, Kp”, and “dispersal location kernel, K;” (Nathan et al., 2012). Although it is very
well known, we derive the radial expression of Kp () in the special case of an isotropic binormal distribution because it illustrates an important
difference between Kp and K;: when plotted as a function of a radial distance, Kp (r) peaks at r # 0 and it goes through zero at the origin, a
characteristic that is somehow counter-intuitive, and often underappreciated.

Following Nathan et al. (2012), we assume that a single point is the origin site of the dispersers. Therefore, the dispersal distance of each
disperser is the Euclidean distance between the origin and its end point. Assuming that the distribution of the distance of the dispersers (Kp)
follows an isotropic binormal distribution centred in the origin then, in cartesian coordinates (x, y), it can be expressed as:

—ﬁ x24y? )
KD(X,y)—#e( o W

This is shown in Fig. 1-A and could represent, for instance, the idealized distribution of the distances travelled by seeds of a tree located at the
origin (x = 0, y = 0), where the surface maximum occurs. Often, it is more convenient to use polar coordinates, with distance from the originr >
0 and angle 0 < 0 < 2m, such that x = r cos # and y = r sin 6. In this case, to obtain the corresponding Kp, (, 6) one needs to calculate the Jacobian
of the transformation, which in this case is r (e.g., Rice, 2007). Substituting x and y in Eq. (1) by their expressions in terms of r and 6, and
multiplying by the Jacobian, the Kp, (r, 6) is:

()
A @

Because we assumed isotropy, the angle @ is irrelevant and we can integrate Eq. (2) over 6 to obtain Kp(r):

e
Kp(r) = /0 P de

Kp(r,0) = 2762

or

Ko(r) = e <77) ®)

Eq. (3) is the Rayleigh distribution. An important feature of this distribution is that it goes through zero at the origin and, consequently, the
maximum occurs for r # 0 (Fig. 1-B), even when the corresponding two-dimensional distribution has its maximum at the origin (as seen in Fig. 1-
A). It may be more intuitive to understand this result if we consider that the data are being collected in rings of equal radius, Ar, as illustrated in
Fig. 2. In general, a small number of points are located at rings far from the origin (because few propagules get that far), thus Kp attains small
values and for very large distances it is, for practical purposes, equal to zero. When we move towards the origin (x = 0, y = 0) the number of
points in each ring increases, thus contributing to an increase of Kp, but, simultaneously, the area of each ring becomes increasingly smaller, as
illustrated in Fig. 2. From these two opposite trends (an increase in the number of points but a decrease in the area of the rings) results a
maximum of Kp for an intermediate value of r. The continuous limits assumed in the above equations imply that there is a maximum somewhere
when r # 0, and that Kp (r = 0) = 0 (see Fig. 2).

Finally, Nathan et al. (2012) defined the dispersal location kernel, K (r) in two dimensions and assuming isotropy, as:

Kp(r) = ﬁKD (r)

or, for the used Rayleigh distribution, if a> = 202,

KL(r)*L{(i)- @

ra?

shown in Fig. 1-C. By dividing Kp, by 2zr, dispersal readily becomes understood in terms of number of points per unit of area, i.e., a density of
points. The two kernels are then characterized as the probability that a movement from a source arrives at a distance r, Kp(r), and of the density
of movements at distance r, K;(r) (Peart, 1985).




A. Proenga-Ferreira et al.

Number of points

Fig. 2. A histogram showing the distribution of dispersal distance by class. For
example, seeds dispersing from a tree (represented by X, the origin), will fall
within the area surrounding that tree. Data points will then be the seeds
collected in each ring of equal Ar, and a histogram of these data will show the
number of seeds collected in each ring. When we start collecting far from the
origin, we have a small number of points (because few seeds get that far). When
moving towards the origin, we will find more points, so the bars representing
the number of points also increase. However, because Ar is constant, when
moving towards the origin the area of the rings also becomes smaller. There-
fore, close to the origin, the area of the rings is so small that the number of
points collected within a ring is very low (even if the density of points is high).
From the opposite trends in the increase in the number of points towards the
origin, but a reduction in the area size of rings, results a maximum for a value of
r different from zero.

Table 1
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strong support (see Burnham et al., 2011).

A second table with the estimated parameters and moments for each
fitted distribution is also printed by calling the object (e.g. kernel.
test$distribution.parameters). Note that, in the specific case of
function rlnorm, the meanlog parameter (u) is equal to the logarithm
of Parameter 1 and the sdlog parameter (o) is equal to Parameter 2 of
the log-normal distribution from the dispfit package. In this example, the
estimated parameters for the log-normal distribution were very close to
the parameters used to simulate the data, such that if Parameter 1 =
185.94 (95% Confidence Intervals: 159.80-216.40) then y = 5.22 (CI95:
5.07-5.38), and Parameter 2 = ¢ = 1.09 (CI95: 0.99-1.20) (Table 4).

The fitted distributions can be plotted using the plot function, to
aid in a visual interpretation of the results:

> plot (kernel.test, fit.criteria = "AIC", criteria.
dif =4, envelopes = TRUE, plot.data = TRUE)

For this example, we selected the three distributions with an AICc
difference from the top model lower than 4 (log-normal, Wald and
geometric) and chose to plot the lower and upper 95% confidence en-
velopes for all selected distributions, although other criteria may be
chosen by the user (Fig. 3). Together with the fitted distributions, the
plot function also displays the kernel density of the distribution of the
original dataset (see black line in Fig. 3). Since the plot is generated
using the ggplot2 package, some visual characteristics can be modified
using that package's syntax (e.g. changing the colour of the lines, setting
another background, or modifying the axis labels and title).

Finally, the predict function may be used to estimate values pre-
dicted by the selected models. Similarly to the plot function, the
predict function will return a table with the dispersal probability and
corresponding upper and lower confidence envelopes of a set of values
(from 1 to the maximum value in the original data):
fit.criteria =

> predict (kernel.test, "AIC",

criteria.dif = 4, envelopes = TRUE)

4. Discussion

Accurate estimates of dispersal kernels are needed to understand and
model processes such as (meta)population dynamics and persistence in
fragmented landscapes (Morales et al., 2010), invasion spread and di-
rection (Wilson et al., 2009), environmental and climate change impacts
on species (Travis et al., 2013), community assemblages (Hill et al.,

Families of distributions implemented in the dispfit R software package. For each kernel, the K, (r) “dispersal location kernel” and the K, (r) “dispersal density kernel”
used by dispfit to fit the supplied data are presented, along with its general properties. Notice that Kp (r) = 27r K. (r). Notation was adapted from Nathan et al., 2012. In
the package outputs, parameters a and b are always referred to as Parameter 1 and Parameter 2, respectively. Depending on the distribution, a or b might refer to
location, shape, or scale parameters (see Forbes et al., 2011 for a detailed explanation). Except where noted, a and b are equal to the respective parameters of each

distribution defined in Forbes et al., 2011. r is the dispersal distance.

Kernel K, () Kp () Properties and notes
Rayleigh 1 r )2 2r r )2 Characterized by a single parameter, a, where a = 6+/2, with ¢ being the standard deviation of the
ol a 2 ¢ a isotropic bivariate normal distribution.
Exponential 1 T . T Characterized by a single parameter, a, where a = y, i.e., the exponential scale parameter.
ea —ea
2ra a2
Generalized b - (f)b br - (f)b Also called Exponential Power distribution. I" is the gamma function (Abramowitz and Stegun,
Normal e a e a 1965). The parameter a is the scale parameter, while b is the shape parameter, that affects the
2ra? 1“(%) a2 1“(%) “fatness” of the tail of the distribution. When b < 1 the distribution is fat-tailed, while when b > 1 the
distribution is thin-tailed, meaning fewer long-distance dispersal events. It's worth noting that when
b = 2 this pdf is equal to the Rayleigh distribution, and when b = 1 it's equal to the Exponential
distribution.
Bivariate Student's (b-1) 21" 2r(b—1) mn21? Defined for values of a > 0 and b > 1. It has a leptokurtic (i.e. fat-tail) shape and is concave near the
t (2Dt) 1@ {1 + (E) ] T2 {1 + (E) ] origin. It's described to be the best fit for seed dispersal in several tree species (Clark et al., 1999).
Geometric (b-2)b-1) rn? rb-2)b-1) r\~>  Defined for all values of a > 0 and b > 2. It shows a fat tail, being less leptokurtic than the Weibull
2ra? (l E) a2 (l + E) distribution, but more than the 2Dt.

(continued on next page)
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Table 1 (continued)
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Kernel K. (n Kp (0 Properties and notes
Lognormal r\2 r\2 Defined for all positive values of a and b.
) log(3) log(;) ’
1 - 1 2
e 2b2 e 2b2
(22)*?br? V2rbr
Wald b(r— a)? b(r—a)? Also termed as Inverse Gaussian distribution, is defined for all positive values of a and b.
(r—a (r—a
vb e 2a’r Vb e 2a’r
V8r3rs Varrd
Weibull l)b z)b Defined for all positive real numbers of a and b. The distribution is thin-tailed when b > 1 and fat-
Lbrbfzef(a 7#*137(a tailed otherwise. Like the Generalized Normal distribution, when b = 2 it degenerates to the
2na Rayleigh distribution. However, when b = 1 it is not equal to the Exponential distribution. The
Weibull distribution has a highly leptokurtic shape (Austerlitz et al., 2004).
Gamma 1 b2 r 1 r Defined for all positive values of a and b. It has an exponential-like tail and equals the Exponential
r a -1,7a e -~
27@ (D) (a) e @T0) e distribution when b = 2.
Table 2

Equations used by the dispfit R software package to calculate the first four moments (if they are defined) of the implemented K, (r) kernels (Austerlitz et al., 2004; Clark

et al., 1999; Press, 1992) (see Table 1 for details).

Name Equation Definition

Mean (1st moment) u= 2nf8°r2 K, () dr
Standard Deviation o=
(2nd moment) ox f[;x’ r(r 7}4)2 K (r) dr

Skewness (3rd 27 [ r* Ky (r) dr

moment) a3 o3 long-distance dispersal.
Kurtosis (4th 27 [P Ky (r) dr
moment) a4 = oA

Arithmetic mean of a distribution.
The degree of spread about the mean.

Degree of asymmetry. The higher the value, the longer the tail is to the right of the central maximum, and so the higher the

Degree of peakedness. A distribution with a relatively high peak is called leptokurtic.

2017), gene flow (Browne et al., 2018), and evolutionary change
(Ochocki and Miller, 2017). While a variety of functions have been
proposed and implemented to estimate dispersal kernels, researchers
still often rely on a single or only a few distributions to fit observed data
on dispersal distances, even though dispersal kernels are likely to vary
greatly among and within study species and systems (Bullock et al.,
2016). This inhibits proper identification of the best dispersal kernel
given the data, which in turn may affect the predictive ability of models
incorporating dispersal kernels to investigate ecological and evolu-
tionary processes (Bowler and Benton, 2005), impacting the necessary
knowledge to address ecological management and conservation (Dris-
coll et al., 2014).

The R package dispfit presented here provides a useful and effective
tool to implement and compare the fit of 9 well-known dispersal kernels
from observed data, thereby offering a straightforward framework for
kernel distribution selection that improves inferences on the funda-
mental processes affected by species dispersal distance. In addition, if
available data exist, dispfit may be particularly convenient for assessing
possible variations in the distribution of species dispersal, by fitting
separate dispersal kernels according to individual covariates (e.g. age
class, or sex) and environmental contexts (in space and time), as well as
for comparing differences in how multiple species (or traits) may
disperse and distribute under environmental change. Also, because the
variety of methods to obtain data on dispersal distance (e.g. capture-
recapture, habitat occupancy, telemetry, molecular information) may
lead to some uncertainty (Driscoll et al., 2014), it may be of interest to
assess how dispersal kernels may be affected by different sampling
methods. These and many other ecological, evolutionary, and method-
ological research questions regarding species dispersal distance can be
easily explored in dispfit, by taking advantage of the standardized out-
puts produced, allowing direct comparisons among fitted distributions.

Although dispfit considers a large set of distributions, we

acknowledge that many more dispersal distributions are available and
used in the literature (Capdevila et al., 2018; Nathan et al., 2012). While
some of these consist of special cases of more general distributions
already implemented in dispfit (e.g. exponential function), other func-
tions (e.g. general mixture function) were not included in the current
version of the package. Although mixture functions have been referred
to provide useful descriptions of dispersal distance (e.g. Bullock and
Clarke, 2000), they also comprise increased dimensionality, which can
lead to overfitting and lack of generality (Bullock et al., 2017). However,
future versions of the package may include these and other distributions
that can be useful for dispersal kernel estimation. Likewise, future de-
velopments of dispfit will incorporate methods to deal with missed long-
distance dispersal events that may occur to locations outside a pre-
defined study area (e.g. Barrowclough, 1978; Terui, 2020) and that may
lead to biased estimates of dispersal, or other vital rates such as survival
(Barrowclough, 1978; Zimmerman et al., 2007). Therefore, we advise
researchers to acknowledge these assumptions and limitations in their
studies, even when not explicitly accounting for them in the models.
Also, in cases where the form and extent of the tail of the dispersal kernel
are characterized by extreme value distributions (Bullock et al., 2016;
Garcia and Borda—de—Agua, 2017; Tung et al., 2017), we recommend the
use of other existing tools that already allow for the fitting of extreme
value distributions [see for e.g. R packages evd (Stephenson, 2002) or
extRemes (Gilleland and Katz, 2016)].

Overall, package dispfit offers an intuitive approach based on simple
functions for researchers interested in having representative and infor-
mative dispersal kernels for a given population. It can be applied in
ecological and evolutionary research dealing with species dispersal, but
its applications might be further expanded to a wider array of studies
and disciplines, including species migration, geomorphology (e.g.
transport of sediments), or even epidemiology. We consider that its
effectiveness for quantitative and comparative proposes may contribute



Table 3

Comparison of model selection indexes provided by the dispfit R software package, calculated for the example random dataset obtained with R function r1norm, as detailed in the text. K-S stands for Kolmogorov-Smirnov

two-sample test.

AIC Delta AIC AlCc Delta AICc BIC Delta BIC wi Chi-squared value Chi-squared significance K-S value K-S significance

Log-Normal 5521.16508 0 5521.22599 0 5527.76171 0 0.73324881 29.406801 0.34145474 0.07901554 0.57188932
Wald 5524.59847 3.43339055 5524.65938 3.43339055 5531.19511 3.43339055 0.13173467 35.9006321 0.11748657 0.08882979 0.42895325
Geometric 5524.97887 3.81378773 5525.03978 3.81378773 5531.5755 3.81378773 0.10891756 29.1231457 0.35495313 0.09126984 0.3931462
Generalized Normal 5528.18504 7.01996139 5528.24596 7.01996139 5534.78168 7.01996139 0.0219223 36.4421684 0.1059597 0.0711658 0.70240902
2Dt 5531.50143 10.3363506 5531.56234 10.3363506 5538.09807 10.3363506 0.00417582 33.8740036 0.16974068 0.12282609 0.11096344
Weibull 5549.34754 28.1824646 5549.40846 28.1824646 5555.94418 28.1824646 5.57E-07 86.8411055 3.33E-08 0.09471503 0.34159592
Gamma 5550.6644 29.499317 5550.72531 29.499317 5557.26103 29.499317 2.88E-07 150.826674 0 0.10512821 0.2252158
Exponential 5625.25037 104.085291 5625.27057 104.044579 5628.54869 100.786974 1.87E-23 25,472.8757 0 0.24180203 1.82E-05
Rayleigh 5875.32328 354.1582 5875.34348 354.117488 5878.6216 350.859882 9.32E-78 8.4184E+10 0 0.42089744 1.33E-15
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Table 4
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Estimates of parameter and moments for each distribution calculated by the dispfit R software package for the example random dataset obtained with R function

rlnorm, as detailed in the text.

Parameter 1 Parameter 1 Parameter 1 Parameter 2 Parameter 2 Parameter 2 Mean Standard Skewness Kurtosis
lower CI upper CI lower CI upper CI Deviation
Log-Normal 185.937023 159.798618 216.399506 1.08890836  0.99023214 1.20486987 336.389171 507.161449 7.94997725  211.03066
Wald 331.60259 275.211655 416.388932 154.163652  125.917084 186.418459 331.60259 486.335392 678.299046  32.2646667
Geometric 194.841192 127.06945 308.432555 4.08634381 3.52358111 4.95926705 358.709996  39.4755846 Inf Inf
Generalized 4.98045587 1.06514581 15.3739986 0.41010331 0.33399696 0.4974134 326.494973  391.228386 6.60270657  42.8791378
Normal
2Dt 117.619944  91.2459872 151.256623 1.60885183  1.48222177 1.77351144 617.783877  Inf Inf Inf
Weibull 321.560993  274.379398 375.236681 0.94351222  0.84967892 1.04099532 330.180957  350.127053 2.18286586  7.28336875
Gamma 331.6612 268.23901 418.048935 0.99915816  0.83735732 1.18255234 331.381993  331.521567 2.00084238  6.00505531
Exponential 165.690975 150.462823 183.047805 NA NA NA 165.690975 165.690975 6 24
Rayleigh 528.101853  493.5199 566.919448 NA NA NA 468.018082  244.64391 13.3716823  43.4273298
0.008
0.006
A - - .
> I\ Distribution
é 0.004 Geometric
[ — Log-Normal
- Wald
0.002
0.000
0 1000 2000 3000
Distance

Fig. 3. Distributions with an AICc <4 fitted with dispfit R software package for the simulated dataset obtained with R function r1norm (see text for details). Each
colour matches a distribution, as detailed in the legend. Since the distributions yielded similar estimates, they appear almost overlaid. Solid lines show the distri-
butions with parameters estimated in Table 4. Dotted lines show the 95% confidence envelopes of each distribution, as detailed in the text. The black line shows the

real density or distribution of the analysed data.

to better synthesising and set the research agenda on the empirical-
based estimation of dispersal kernels.
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