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32 Abstract 

33 Investigating dispersal in animal populations can be difficult, particularly for taxa that are hard to 

34 directly observe such as those that are small or rare. A promising solution may come from new 

35 approaches that use genome-wide sequence data to detect close kin dyads and estimate 

36 dispersal parameters from the distribution of these dyads. These methods have so far only been 

37 applied to mosquito populations. However, they should have broad applicability to a range of 

38 taxa, although no assessment has yet been made on their performance under different dispersal 

39 conditions and study designs. Here we develop an R package and Shiny app, KINDISPERSE, that 

40 can be used to estimate dispersal parameters from the spatial distribution of close kin. 

41 KINDISPERSE can handle study designs that target different life stages and allows for a range of 



This article is protected by copyright. All rights reserved

42 dispersal kernel shapes and organismal life histories; we provide implementation examples for a 

43 vertebrate (Antechinus) and an invertebrate (Aedes). We use simulations run in KINDISPERSE to 

44 compare the performance of two published close kin methodologies, showing that one method 

45 produces unbiased estimates whereas the other produces downward-biased estimates. We also 

46 use KINDISPERSE simulations to investigate how study design affects dispersal estimates, and we 

47 provide guidelines for the size and shape of sample sites as well as the number of close kin 

48 needed for accurate estimates. KINDISPERSE is easily adaptable for application to a variety of 

49 research contexts ranging from invasive pests to threatened species where non-invasive DNA 

50 sampling can be used to detect close kin.

51

52 Keywords: 

53 Dispersal kernel; kinship; R package; simulations; mosquito; 

54 intergenerational dispersal

55

56 Introduction

57 Dispersal is a key ecological and evolutionary process that connects populations in space and 

58 time. Assessing dispersal in an invasive population can indicate future invasion risks 

59 (García‐Berthou, 2007; Renault, Laparie, McCauley, & Bonte, 2018; With, 2004) and inform 

60 strategies for population suppression or manipulation (Petit et al., 2013; Stinner, Barfield, 

61 Stimac, & Dohse, 1983). For remnant populations requiring conservation, dispersal assessments 

62 can indicate isolation between remnants and the potential of populations to become locally 

63 extinct and inbred (Di Musciano et al., 2020; Driscoll et al., 2014; Trakhtenbrot, Nathan, Perry, & 

64 Richardson, 2005). Depending on the aims and framework of the investigation, dispersal can be 

65 treated as a component of an individual’s life history (Howard, 1960) or as an intergenerational 

66 process (Wright, 1931). Intergenerational investigations typically consider the parent-offspring 

67 dispersal parameter σ, which determines how local genetic variation is spatially structured 

68 (Wright, 1946) and can influence rates of coalescence (Wilkins & Wakeley, 2002) and relative 

69 rates of gene flow and genetic drift (Barton & Wilson, 1995). As introduced by Wright, σ refers to 
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70 either of the axial standard deviations defining a bivariate normal distribution that models the 

71 geographical distribution of offspring at a particular point in their life cycle relative to the position 

72 of a parent at the same point in its life cycle (Wright, 1946). It is defined spatially in one 

73 dimension, with units typically of m or km. While Wright first formulated σ in terms of the 

74 bivariate normal distribution, the same concept is applicable to a variety of other statistical 

75 distributions describing dispersal kernels. 

76 Various methods have been developed for observing and parameterising dispersal, each having 

77 advantages when applied to different systems. For large animals, mark-release-recapture (MRR) 

78 methods are frequently used for assessing individual movement (Royle & Young, 2008) and 

79 ‘recaptures’ can be effectively performed via camera traps for ease of observation (Silver et al., 

80 2004). Assessing dispersal of invertebrates and other small, abundant, or short-lived animals 

81 with MRR methods is typically performed using dyes, paint or chemical tags (Hagler & Jackson, 

82 2001; Hagler, Naranjo, Machtley, & Blackmer, 2014), but these methods can suffer from 

83 limitations including: (i) they require manipulation of organisms, which may change behaviour; 

84 (ii) when conducted across a sufficiently large area to be informative they can be very labour-

85 intensive; and (iii) they typically do not provide estimates of true intergenerational dispersal, 

86 which is measured life stage to life stage (e.g. egg to egg). Dispersal distances estimated from 

87 tagged individuals are thus not always readily interpretable within established intergenerational 

88 analytical frameworks such as Wright’s neighbourhood size (Wright, 1946).

89 For assessing intergenerational dispersal, methods using molecular markers are commonly 

90 applied. These include methods using pairwise genetic similarities among individuals to estimate 

91 NW, Wright’s neighbourhood size defining the effective number of breeding adults in a genetic 

92 neighbourhood (Wright, 1946), from which σ can be inferred when local density data are 

93 available (Broquet et al., 2006). Genetic relatedness can also be treated as categorical, in which 

94 pairwise genetic similarity is used to assign dyads to specific categories of close kin. Parentage 

95 studies using these methods have investigated pollen and seed dispersal in plants (Chybicki & 

96 Oleksa, 2018), which can work well for assessing dispersal over long distances (Smouse & 

97 Sork, 2004). Dispersal inferences from close kin have been successfully extended to animal taxa 

98 with appropriate study designs (Burland, Barratt, Nichols, & Racey, 2001; Schmidt et al., 2021). 

99 Recent genetic investigations of dispersal have used genome-wide sequence data to assign 

100 dyads to kinship categories across multiple orders of kinship, which can currently be inferred to 
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101 the 3rd order (e.g. first cousin). These methods build on close kin mark-recapture (CKMR) 

102 methods used primarily for demographic analysis of marine populations (Bravington, Skaug, & 

103 Anderson, 2016; Waples & Feutry, 2021), in which genetic relationships between close kin are 

104 deemed to both ‘mark’ and ‘recapture’. Unlike parentage analysis, CKMR methods do not 

105 require any samples from the parental generation, making these methods appealing for 

106 assessing dispersal in short-lived taxa or those without overlapping generations (Filipović et al., 

107 2020; Jasper, Schmidt, Ahmad, Sinkins, & Hoffmann, 2019). Genetic approaches like CKMR 

108 can take less experimental effort than MRR methods and the genetic data can be used for 

109 additional analyses beyond dispersal. All close kin inferences of dispersal assume that the 

110 distribution of kin results from the combination of all dispersal events making up their connecting 

111 pedigree. They are therefore reliant on the accuracy of reconstructed pedigree relationships 

112 between sampled individuals (Melero, Oliver, & Lambin, 2017). As these inferences are based 

113 on the survivors of intergenerational dispersal rather than all dispersing individuals, they 

114 constitute estimates of effective rather than basic dispersal (Nathan, Klein, Robledo-Arnuncio, & 

115 Revilla, 2012).

116 Two CKMR methods have been developed for estimating dispersal parameters. The first of 

117 these methods (which we refer to here as the Jasper et al. method) used genome-wide SNPs to 

118 detect close kin dyads in a population of Aedes aegypti mosquitoes sampled from urban high-

119 rise apartments in Malaysia (Jasper et al., 2019). From 162 Ae. aegypti that were sequenced, 98 

120 close kin dyads were detected: 13 full-sibs, 34 half-sibs, and 51 first cousins. Using the spatial 

121 distribution of full and half-sibs, the Jasper et al. method decomposes the first cousin dispersal 

122 kernel to estimate σ, which was estimated in this population at 46m (95% C.I. 16 – 66m). This 

123 method considers each kernel distribution under an additive variance framework, and exploits 

124 the fact that the distances separating full-sibs and first cousins are both directly related to the 

125 parent-offspring relationship. Full-sib larvae are separated by movement of their mother, while 

126 first-cousin larvae are separated by both the movement of their grandmother as well as the 

127 parent-offspring dispersal events connecting them to their parents; a similar relationship exists 

128 for half-sibs and half first cousins (Jasper et al., 2019). The second method (which we refer to 

129 here as the Filipović et al. method) used close kin dyads to estimate σ at 45.2m (95% C.I. 39.7 – 

130 51.3m) in Ae. aegypti sampled from urban high-rise apartments in Singapore (Filipović et al., 

131 2020). The Filipović et al. method first adjusts each kin category by a fixed factor representing 

132 inferred acts of movement, then combines them for the final intergenerational estimate. The 
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133 Jasper et al. method derives its final estimate by taking the standard deviation of all separating 

134 distances across a single dimension, while the Filipović et al. method takes its estimate from the 

135 scale factor of a fitted statistical distribution. While these two methods report similar estimates of 

136 σ in these specific cases, the Jasper et al. and Filipović et al. methods differ in their theoretical 

137 approaches and sampling designs, and their performance has yet to be compared with the same 

138 data set. 

139 In this paper, we introduce KINDISPERSE, a set of tools for the simulation and parameterisation of 

140 intergenerational dispersal from the distribution of close kin dyads, built around the Jasper et al. 

141 method. When applied to empirical data, KINDISPERSE can estimate intergenerational dispersal 

142 parameters from a set of georeferenced dyads of known kinship category (Table 1), which may 

143 be determined genetically or by other means. Simulations run in KINDISPERSE can test the impact 

144 of study sampling design on dispersal parameterisation and thus help optimise sampling 

145 protocols. KINDISPERSE is implemented as a combined R package and SHINY app. Our purpose 

146 here is to provide a user-friendly tool implementing these dispersal methods for analysing 

147 experimental data and for designing dispersal studies. These tools are designed to allow 

148 researchers and practitioners to adopt and effectively implement CKMR dispersal estimation 

149 methods. 

150 As an illustration of KINDISPERSE, we use simulations implemented within KINDISPERSE to 

151 compare the performance of the Jasper et al. and Filipović et al. methods. We find that only the 

152 Jasper et al. method (further developed within this package) accurately estimates the underlying 

153 dispersal parameters and we show that this method is applicable to a range of dispersal kernel 

154 shapes. Finally, we use KINDISPERSE to develop a series of best practice recommendations for 

155 designing studies of dispersal built on the Jasper et al. method. The approach should be 

156 applicable to any organism where related individuals can be sampled across space. 

157

158
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159 Materials and Methods

160 The following sections describe how dispersal kernels operate and how dispersal can be 

161 parameterised from close kin dyads. Many of the examples will make specific reference to the 

162 biology of Aedes aegypti (yellow fever mosquito), as this mosquito has been the focus of recent 

163 kin-based dispersal investigations (Filipović et al., 2020; Jasper et al., 2019). However, these 

164 ideas are directly relevant (or can be adapted) to other sexually-reproducing organisms, and the 

165 KINDISPERSE package is designed for taxa with a range of dispersal characteristics and life 

166 histories (see Supplementary Text 3 section 4.4 for application to Antechinus). All close kin 

167 abbreviations are listed in Table 1.

168

169 Intergenerational dispersal kernels

170 (i) Dispersal location kernels 

171 A dispersal location kernel, as opposed to a dispersal distance kernel (Nathan et al., 2012), is a 

172 probability density function describing the distribution of the positions of dispersed individuals 

173 relative to an origin (Figure 1a & b). The scale of dispersal is described by the variance 

174 component, σ2, of whatever probability density function is used to represent the kernel. The most 

175 fundamental intergenerational dispersal kernel, the lifespan or parent-offspring (PO) kernel, 

176 reflects all dispersal and breeding processes connecting one life stage of a parent to the same 

177 life stage of its offspring (e.g. egg(t-1) to egg(t)). For other non-PO kinship categories, the positions 

178 of dispersed individuals may result from different sets of dispersal events, some of which span 

179 less than an entire reproductive cycle and some of which span multiple cycles. When σ appears 

180 in the literature, it is typically referring to the PO kernel (e.g. Wright (1946)), but here we use the 

181 specific notation σPO to distinguish it from other dispersal location kernels.

182

183 (ii) Composing and decomposing dispersal kernels 

184 Consider a dyad of immature (egg, larval or pupal) first cousin (1C) mosquitoes, each of which 

185 will have one parent that is part of a full-sib (FS) dyad. Each individual’s location results from a 
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186 separate draw from the underlying PO kernel, in addition to draws from the ovipositional kernel of 

187 their shared female grandparent. A simple PO kernel is insufficient to describe these 

188 distributions; composite dispersal kernels can instead be constructed using additive properties of 

189 variance (Figure 1c). Intergenerational dispersal kernels are constructed by two such 

190 extensions: (1) the dispersal of one individual is extended to dispersal across multiple individuals 

191 within a pedigree via variance addition; (2) the dispersal of one individual is split into multiple 

192 phases across its lifespan by variance subtraction (Figure 1c). 

193

194

195 Modelling intergenerational dispersal with close kin dyads

196 (i) Full-sib, half-sib, and first cousin kernels

197 To demonstrate how dispersal is inferred from close kin dyads, we consider a population of Ae. 

198 aegypti that has been sampled within the temporal range of a single gonotrophic cycle (~1-2 

199 weeks) (Jasper et al., 2019; Schmidt, Filipović, Hoffmann, & Rašić, 2018). A sufficiently large 

200 sample should contain FS, HS, and 1C, as well as less closely related and completely unrelated 

201 dyads. 

202 For a dyad of immature FS, any geographical separation found between them will be due either 

203 to their dispersal as immatures (typically negligible) or the mother’s ‘skip oviposition’ behaviour 

204 (Colton, Chadee, & Severson, 2003), in which the female will lay a series of eggs across 

205 different oviposition sites. The distance between these FS will reflect the movement of their 

206 mother during a single gonotrophic cycle of oviposition (σovi). 

207 In Ae. aegypti, FS share both parents, while HS share one parent (the father, given that females 

208 normally mate once). Thus, for a HS dyad, the distance will represent the movement of the father 

209 between matings (σbreed) as well as the movement of the mother searching for bloodmeals (σgrav) 

210 and during oviposition (σovi). For our current modelling effort, we combine the HS categories of 

211 σbreed and σgrav, though these can be considered as separate processes if required (e.g. for sex-

212 biased dispersal). 

213 A 1C dyad will share a set of grandparents. The distance separating a 1C dyad represents an 

214 entire lifespan of dispersal (σ2
PO) as well as movement of their mother during oviposition (σ2

ovi), 
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215 so that the dispersal location kernels of 1C = FS + σ2
PO are relevant. Other close kin relationships 

216 can be modelled additively following Table 1. 

217

218 (ii) Composite kernels

219 Table 1 describes how each category of close kin has one of three ‘phases’: the full-sib (FS), the 

220 half-sib (HS), and the parent-offspring (PO) phases. The spatial distribution of dyads from a given 

221 close kin category has a variance composited from the phase variance (σ2
FS, σ2

HS, or σ2
PO) plus 

222 an additive component representing the number of pedigree generations and the life stage at 

223 which the kin were sampled (Table 2). Phase variances are as follows: σ2
FS = 2σ2

ovi (i.e. two 

224 draws from the oviposition kernel); σ2
HS = 2(σ2

breed & grav + σ2
ovi); and σ2

PO = σ2
init + σ2

breed & grav + 

225 σ2
ovi, where σ2

init represents any movement taking place before the initial mating (including 

226 dispersal of immatures).  

227 Examples of the additive variances of close kin dispersal kernels are given in Table 2. Any 

228 intergenerational dispersal kernels that include the FS relationship at a branch point (e.g. full-sib, 

229 avuncular, first cousins, etc.) must necessarily include a component of dispersal reflecting this 

230 oviposition kernel in addition to any lifespan-related dispersal events. Similarly, two immature HS 

231 are separated by their father’s breeding dispersal kernel and the combination of their mothers’ 

232 gravid and oviposition kernels; this extends to related categories such as half cousin, half-

233 avuncular, and so forth. Across a two-dimensional landscape, this approach enables 

234 intergenerational dispersal to be modelled as the outcome of a series of draws from a bivariate 

235 probability distribution function that models each individual dispersal component with symmetric 

236 axial sigma σ.

237

238

239 The KINDISPERSE package: Kinship dispersal simulations 

240 (i) Simulation design

241 The simulation functions contained in the KINDISPERSE package enable the exploration and 

242 characterisation of many aspects of intergenerational dispersal kernels. We illustrate this by 

243 simulating dispersal in two dimensions using Gaussian, Laplace and variance-gamma (shapes 



This article is protected by copyright. All rights reserved

244 0.5 & 0.1) probability distributions. These distributions were chosen as they cover a wide range 

245 of kernel shapes. Gaussian distributions are common in classical population genetics, such as 

246 Wright’s derivation of neighbourhood size (Wright, 1946), while the Laplace distribution is a 

247 symmetrical extension of the longer-tailed exponential distribution. A variance-gamma 

248 distribution enables exploration of a wide variety of kernel shapes, including very long-tailed 

249 kernels, and in its symmetric form contains the Gaussian and Laplace distributions as special 

250 cases. 

251 Dispersal simulation functions were built in R v4.0.3 (R Core Team, 2020). Gaussian axial 

252 distributions were sampled with the “rnorm” function from the R stats package (R Core Team, 

253 2020). The bivariate Laplace distribution was accessed with the “rmvl” function from the package 

254 LaplacesDemon (LLC. Statisticat, 2020). A bivariate variance-gamma distribution was 

255 constructed through a Gaussian scale mixture of the univariate gamma distribution with the 

256 bivariate normal distribution (McNicholas, McNicholas, & Browne, 2017). This distribution was 

257 then rescaled to compensate for the effect of shape on gamma distribution variance. The 

258 univariate gamma distribution was sampled with the “rgamma” function from the R stats 

259 package, then mixed with a bivariate normal distribution produced with the “rmvn” function from 

260 the package LaplacesDemon (LLC. Statisticat, 2020). 

261 All simulations used in this paper were conducted using KINDISPERSE version 0.10.1 (Jasper, 

262 2021) (archived at https://doi.org/10.5281/zenodo.5112802). ‘Simple’ simulations take a single 

263 draw from a dispersal distribution (e.g. σ2
PO). ‘Composite’ simulations take multiple draws from 

264 across multiple dispersal distributions (e.g.  σ2
init + σ2

breed + σ2
grav + σ2

ovi) (see Figure 1c). 

265 Composite simulations first randomly seed ancestral individuals for each kin dyad within the 

266 simulation area, then calculate the final positions of the descendants using a series of random, 

267 independent draws from the underlying statistical kernels describing each intermediate dispersal 

268 stage across both sides of the pedigree. X and Y displacements are added to the ancestral 

269 coordinate position to produce the descendent coordinate positions. Finally, the Euclidean 

270 geographic distance is calculated between the two descendent individuals at their sampling 

271 point. 

272

273 (ii) Simulation testing

https://doi.org/10.5281/zenodo.5112802
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274 We tested the performance of KINDISPERSE to model different aspects of dispersal via 

275 simulations. We simulated the distributions of distances between kin dyads under different 

276 conditions, in each case setting σPO = 1 and simulating 10,000,000 kin dyads (Figure 1d-f). For 

277 each simulated kin dyad, an initial parental location was drawn uniformly from a rectangular 

278 sampling area. The final distribution of the kin dyad was determined through summing repeated 

279 kernel draws reflecting all kinship phase, pedigree and sampling stage information. Simulations 

280 were implemented in the “simulate_kindist_simple” and “simulate_kindist_composite” functions.

281 We initially explored the effects of the kernel probability distribution on the distribution of 

282 simulated PO dyads (Figure 1d). The four probability distributions – Gaussian, Laplace, and 

283 variance-gamma (shapes 0.5 & 0.1) – each have varying degrees of kurtosis. As the second 

284 moment of a probability distribution function, σ2 is independent of the shape of the function, and 

285 the same σPO can in principle be estimated from all three distributions. However, strongly 

286 leptokurtic distributions such as the variance-gamma distribution are disproportionately impacted 

287 by rare long distance dispersal events – while the most dispersed Gaussian PO dyad in the 

288 simulation within this distribution was separated by 5.7σ, the most dispersed variance-gamma 

289 (0.1) dyad was separated by 31σ. In real world applications, care should be taken to ensure 

290 sampling areas are large enough to adequately capture long distance dispersal events. 

291 We next simulated the dispersion of dyads across three generations of dispersal (Figure 1e). 

292 The GG (grandparental) category represents the additive outcome of two PO dispersal processes 

293 and can be modelled . The inverse of the above, , decomposes the GG ��� = 2��� ��� =
1

2
���

294 distribution back to the important PO distribution. This can in principle be extended to arbitrary 

295 lifespan steps: so for example the GGG (great-grandparental) distribution could be decomposed 

296 to , the fourth generation could be decomposed to , and so on. ��� =
1

3
���� ��� =

1

2
��4

297 Finally, we simulated the distributions of different kin categories (FS, HS, 1C) that are readily 

298 identifiable from samples taken in the field (Figure 1f). These were modelled as if collected as 

299 immatures. The spatial distribution of a FS dyad results from the ovipositional dispersal of their 

300 gravid mother, while that of a HS dyad results from a combination of their father’s breeding 

301 dispersal and each gravid mother’s dispersal post-mating. These distributions are out of phase. 

302 The FS and 1C distributions, however, are in phase; they are separated by a full lifespan of 
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303 dispersal while sharing the same component of ovipositional dispersal, and thus can be 

304 collectively decomposed with the equation . ��� =
1

2
�21�― �2��

305

306

307 Validating close kin mark-recapture (CKMR) dispersal methods

308 (i) Neighbourhood (PO) kernel estimation: Jasper et al. (2019)

309 The dispersal estimation method described in Jasper et al. (2019) decomposes the phase-

310 specific elements associated with the groups FS, HS and 1C to supply an estimate of the axial 

311 standard deviation, σ, of the parent-offspring dispersal kernel, corresponding to Wright’s 

312 neighbourhood (Wright, 1946). Under an additive variance framework, this is achievable by 

313 independently estimating the dispersal kernels of multiple kin categories with the same kinship 

314 phase. 

315 Two such phased kin groups are the immature FS and 1C distributions (Table 2). Both share the 

316 FS phase and have kernel distributions of  (FS) and  (1C). These can be �2�� �2�� + 2�2��
317 combined to estimate the PO kernel: so, , or . (equation �2�� =

1

2
(�21�― �2��) ��� =

1

2
�21�― �2��

318 #1 from Jasper et al. (2019)). For any kin dyad, the number of separating parent-offspring 

319 dispersal events and the phase of the dyad can be used to extend the Jasper et al. approach to 

320 a variety of parallel estimates of the fundamental intergenerational dispersal kernel, such as 1C 

321 & 2C, HS immature and ovipositional (Table 2), FS and AV, FS & HS with a 1C/H1C mixture, and so 

322 on. These extensions of the method are implemented within KINDISPERSE in the functions 

323 “axials_standard” or “axpermute_standard” for bootstrap-based confidence intervals.

324

325

326 (ii) Comparison of CKMR methods 

327 We used KINDISPERSE to compare two CKMR methods for estimating dispersal: the method of 

328 Jasper et al. (2019) described above, and the method described in Filipović et al. (2020). 
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329 Dispersal estimation functions were implemented from both methods. The Filipović et al. 

330 method, initially applied to individuals sampled at the oviposition stage, involves identifying close 

331 kin dyads of the first, second and third orders. Its unique features are:

332 1) Attempting to account for dyads of the same kinship order that have different pedigree 

333 relationships (e.g. GG, AV and HS which are all second order). 

334 2) Attempting to account for dyads of the same pedigree relationship having different 

335 movement patterns, accomplished by enumerating the set of all possible dispersal 

336 events as a summation where “dispersed” = 1 and “did not disperse” = 0 across all 

337 lifespans within a pedigree. 

338 3) Adjusting distance estimates for each kinship order by dividing raw distance 

339 measurements by all possible dispersal event counts as a result of points 1 and 2. 

340 Supplementary Text 1 section 3 provides the code derived from Filipović et al. (2020) and 

341 discussion of that paper leading to this derivation.

342 For both methods, dispersal simulations were run for the FS, HS and 1C kin categories under 

343 Gaussian, Laplace, and variance-gamma (shape 0.5) kernel assumptions. In all cases, the axial 

344 deviation of the parent-offspring dispersal kernel (σPO) was fixed at one, but the contributions of 

345 underlying kernels were allowed to vary. Specifically, the contributions of σinit, σ(breed + grav) and σovi 

346 were individually iterated from 0.01σ to 0.99σ, with the remaining two categories equally sharing 

347 the remainder of the variance. Accordingly, the three kernels had equal contributions at σinit = 

348 σ(breed + grav) = σovi =  = 0.58. σbreed and σgrav were combined to reflect the HS class. 0.33 

349 Simulations were run with 10,000 kin dyads, from which 1,000 permutations of each treatment 

350 were run with sample sizes of 100 for the estimation of confidence intervals. 

351

352 Impact of sampling design on dispersal estimates

353 Estimating dispersal from the distribution of dispersed individuals can be vulnerable to biases if 

354 inadequate attention is given to sampling design. If intergenerational dispersal occurs over 

355 hundreds of metres it will not be detected if sampling is restricted to a 50m-by-50m square. We 

356 ran a series of simulations to assess the impact of variation in study design in empirical studies 

357 of dispersal. For these simulations, the simple PO kinship category was modelled under 



This article is protected by copyright. All rights reserved

358 Gaussian, Laplace, and variance-gamma (shapes 0.5 & 0.1) distributions via the 

359 “simulate_kindist_simple” function, in each case setting σPO = 1 and simulating 10,000,000 kin 

360 dyads. For instance, the Laplace kernel was run using the command: 

361 “simulate_kindist_simple(nsims = 10000000, sigma = 1, method = “Laplace”)”. Each dyad in this 

362 simulation constitutes a single draw from a bivariate symmetric dispersal kernel defined by axial 

363 sigma of 1. These distributions were then sampled with the “sample_kindist” function, in all 

364 cases randomly returning 10,000 individuals. For instance: “sample_kindist(kindist = x, n = 

365 10000)”. For the complete code used to generate these sampling results, see Supplementary 

366 Text 1 section 4. 

367 To begin with, we investigated the most basic constraints on a sampling site: the maximum 

368 upper and minimum lower distances between kin dyads in the dataset. Upper sampling range (a) 

369 was investigated across a range of 0 ≤ σ ≤ 10 with the sampling parameter “upper”. Lower 

370 sampling range (b) was investigated across a range of 0 ≤ σ ≤ 0.5 with the sampling parameter 

371 “lower”. Upper and lower sampling ranges supply simple estimates of our ability to recapture a 

372 dispersal kernel with a particular sampling scheme. However, when designing a study these 

373 parameters will not be known a priori. We therefore also investigated how sampling site 

374 geometry (size and shape) would affect estimates. We investigated overall sampling site size (c) 

375 by imposing a square sampling area with side length varying between 0 and 20σ. We 

376 investigated sampling site shape (d) by taking the area of the 10σ-sided square (i.e. 100σ2) and 

377 constructing a sampling rectangle of equivalent area but with an aspect ratio (ratio of lengths of 

378 sides) varying between 1:1 (square) and 1,000:1 (i.e. approaching linearity). Both these 

379 simulations were carried out with the sampling parameter “dims” and (for aspect ratio) the helper 

380 function “elongate”. Finally, we investigated the impact of the number of sampled kin dyads on 

381 confidence intervals (CIs) for each distribution, with the sampling parameter “n” varying between 

382 1 and 250.

383

384
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385 Results

386 The KINDISPERSE package

387 The tools required to replicate all simulations and calculations within this paper are implemented 

388 in the KINDISPERSE package. The key functions of the package are further implemented in an 

389 embedded Shiny app for quick and intuitive application to dispersal estimation and sampling 

390 design. Specifically, this interface connects all simulation, sampling and estimation steps, 

391 enabling seamless exploration of kernel and site properties for improved study design. It can 

392 also be used to import and process field data, and to import and export results to and from the R 

393 programming environment or operating system. Detailed information on the use of this package 

394 is found in Supplementary Text 3. 

395

396

397 Validating close kin mark-recapture (CKMR) dispersal methods

398 A comparison of the Jasper et al. and Filipović et al. PO kernel estimation methods is shown in 

399 Figure 2. These simulations consider kin categories FS, HS and 1C, with σPO = 1. Simulations 

400 model either immatures (Figure 2a,d,g) or gravid ovipositing females (Figure 2b,c,e,f,h,i). Within 

401 each simulation, one of the underlying dispersal kernels is allowed to vary (initial, Figure 2a-c; 

402 breeding & gravid, Figure 2d-f; oviposition, Figure 2g-i). 

403 For all simulations, the Jasper et al. method (based here on FS and 1C categories) consistently 

404 estimated σPO at close to the correct value of 1 (Figure 2a,d,g & b,e,h). This method produced 

405 confidence intervals of ~0.6–1.25 for adult (ovipositional) dyads, and ~0.8–1.15 for immature 

406 dyads, widening with larger values of σovi. In contrast, the Filipović et al. method, based on 

407 combined FS, HS and 1C distributions, consistently produced estimates of σPO with confidence 

408 intervals which failed to enclose the ‘true’ σPO of 1. These estimates varied substantially in a 

409 manner dependent on the underlying dispersal distributions, from σPO ≈ 0.7 when σinit was 

410 weighted higher than other dispersal elements to σPO ≈ 0.9 for when σovi was weighted highest. 

411
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412 Impact of sampling design on dispersal estimates

413 Maximum and minimum distances between kin dyads, the size and geometry of sample sites, 

414 and the number of close-kin dyads collected in the study all had an impact on dispersal 

415 estimates (Figure 3). These factors influenced results for all dispersal kernels, but were more 

416 pronounced for kernels that are more leptokurtic (i.e. dominated by long-distance dispersal). 

417 When the maximum sampling distance between kin dyads is insufficiently large relative to σ, 

418 dispersal estimates will be biased downwards (Figure 3a-d). The bias is relatively more severe 

419 for leptokurtic distributions, reflecting the higher frequency of long-distance dispersal events in 

420 these kernels. In this simulation, a maximum distance between kin dyads of >3σ was sufficient 

421 for the Gaussian kernel (Figure 3a); the Laplace kernel requires >5σ (Figure 3b); the variance-

422 gamma kernels required >7σ and >10σ respectively (Figure 3c-d). This bias will exert the 

423 strongest influence on the largest dispersal kernel studied; for the FS, HS and 1C kin categories, 

424 this will be the 1C kernel. 

425 When the minimum sampling distance between kin dyads is insufficiently small relative to σ, 

426 dispersal estimates will be biased upwards (Figure 3e-h). Leptokurtic kernels are again the most 

427 sensitive to this, as they have a higher proportion of samples near the origin. For unbiased 

428 results, the minimum required sampling distance between kin dyads was for the Gaussian kernel 

429 <  (Figure 3e), Laplace <  (Figure 3f), and the first variance-gamma <  (Figure 3g). Extremely 
�
3

�
5

�
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430 leptokurtic kernels, as in Figure 3h, remained biased across all lower sampling range 

431 parameters tested. This bias will exert the strongest influence on the smallest dispersal kernel 

432 studied; for the FS, HS and 1C kin categories, this will be the FS kernel. 

433 Larger site dimensions are needed to estimate σ without downward bias (Figure 3i-l). 

434 Comparisons with the simple upper sampling limits in Figure 3a-d show that these site 

435 dimensions must enclose a much larger area than the maximum distance between kin. The 

436 Gaussian kernel required side lengths of ~5σ for accuracy (Figure 3i), while Laplace and the first 

437 variance-gamma kernels required ~10σ (Figure 3j-k). The extremely leptokurtic variance-gamma 

438 kernel required  >15σ (3i).  In practice, field sites intending to estimate σPO should have side 

439 lengths of >9σPO (see Supplementary Text 2 section 1 for further exposition of this).  

440 As sampling within a 10σ-sided square was found to be adequate for estimating σ for less 

441 leptokurtic kernels, we next explored the effects of sampling within a 100σ2 rectangle of variable 
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442 aspect ratio (Figure 3m-p). As the study site aspect ratio became increasingly elongated (y >> 

443 x), σ estimates increasingly dropped away from the correct value before eventually stabilising at 

444 a lower value (in the Gaussian case,  below the true value of σ (Figure 3m)). These stable but 
1

2

445 downward biased estimates of σ result from the linearization of the study site leading to one 

446 axial dimension being ‘stripped out’ of the data (i.e., a shift from a 2D to 1D site). If a study site is 

447 one-dimensional, such as sampling along a coastline, a different formulation of the dispersal 

448 neighbourhood is needed for accurate estimation (Wilkins & Wakeley, 2002; Wright, 1946). The 

449 overall shape of the dispersal kernel impacted the point at which the estimate stabilized (Figure 

450 3n-p). 

451 Finally, confidence interval ranges are impacted by the overall sample size in a way dependent 

452 on the underlying kernel (Figure 3q-t). For all sample sizes, more leptokurtic kernels are 

453 associated with wider confidence intervals. When > 100 kin dyads per category are included, σ 

454 estimates have confidence intervals of ~0.1σ for Gaussian distributions (3q). However, Gaussian 

455 estimates of ~0.2σ can still be obtained with < 30 kin dyads per category (3q). For kernels 

456 showing a moderate impact of long-distance dispersal, reasonable estimation confidence is 

457 preserved at 100 kin dyads (Figure 3r-s). Extremely leptokurtic kernels require many more 

458 samples to gain a similarly precise estimate (3t). Note that this simulation was run with PO kin 

459 groups – broader confidence intervals are expected for estimates derived from multiple kin 

460 categories. 

461

462 Discussion

463 In this paper we have presented KINDISPERSE, an R package for simulating intergenerational 

464 dispersal and estimating dispersal parameters from simulated and empirical close kin data. This 

465 package has been developed in the context of Ae. aegypti dispersal studies. However, it has a 

466 much wider applicability in the field of insect dispersal and, provided careful consideration is 

467 given to underlying model assumptions, in investigations of other animals and of plants. We 

468 have illustrated the application of the package for assisting study design in two contexts: (a) a 



This article is protected by copyright. All rights reserved

469 comparison of two CKMR methods for investigating intergenerational dispersal, and (b) an 

470 investigation of sampling requirements needed to ensure an accurate estimation of 

471 intergenerational dispersal. 

472

473 Comparison of estimation methods 

474 This paper compared the dispersal estimation methods of Jasper et al. (2019) and Filipović et al. 

475 (2020), showing that the former provides more accurate estimates of σPO than the latter (Figure 

476 2). The method of Filipović et al. was also subject to stronger influences from variation in the 

477 underlying components of dispersal. 

478 A comparison of the theory underlying each method indicates why this is the case. Filipović et al. 

479 (2020) claimed that the Jasper et al. method operates under a restrictive assumption of 

480 Gaussian dispersal that is uncommon in biological systems (Claim 1), has wider confidence 

481 intervals and is thus less precise (Claim 2), and produces outputs of imaginary numbers, which 

482 “raises concerns about the fundamental properties of their method” (Claim 3).

483 Claim 1 is partly addressed by the simulations in this paper, which show that the Jasper et al. 

484 method is not dependent on a Gaussian framework and can successfully handle other 

485 distributions, including Laplace and variance-gamma. More fundamentally, dispersal kernels are 

486 parametrised by the variance, σ2, which is independent of the underlying kernel shape. An 

487 estimate of σPO is therefore readily translatable from one kernel type to another. 

488 The argument around precision in Claim 2 must be put in the context of the failure of the 

489 Filipović et al. method to successfully estimate σPO in any of our simulations. Upon examination, 

490 the apparent gains in precision achieved by this method result from an oversimplification of the 

491 underlying dispersal processes. The Filipović et al. method attempts to tease apart all of the 

492 component dispersal events that lead to the final distribution of the related individuals within 

493 each kinship category. Instead of first building an empirical understanding of these dispersal 

494 events, this decomposition is achieved by mapping out combinations of possible dispersal 

495 events, treating any such event as identical to any other such event, and then rescaling all 

496 distance values via simple division. Unfortunately, the resulting estimates are biased and have 

497 higher apparent precision only because they do not account for all of the sources of variability in 
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498 the data. The method lacks a proper way to give likelihood-based weightings to different 

499 relationship categories within an order of kinship (e.g. GG vs HS), does not enumerate all 

500 possible dispersal events or separate dispersal events of differing magnitudes, or correctly 

501 decompose these distances (dispersal events sum together as variances, not as raw distances), 

502 Additionally, the process of rescaling as described in Filipović et al. (2020) involves the 

503 generation of pseudoreplicates, as a single distance measure is converted into a “set of possible 

504 dispersal distances” – varying between two and four elements depending on kinship category – 

505 before all being pooled into one final dataset. This pseudoreplication also inappropriately 

506 increases the apparent precision of estimates as it artificially inflates the sample size without 

507 adding additional variability. Note that, in our implementation of this method, we removed this 

508 specific form of pseudoreplication by taking the mean of the set possible dispersal distances 

509 (Supplementary Text 1 section 3) which does not inflate sample size but still results in tighter 

510 confidence intervals than might be expected through a more realistic treatment such as through 

511 randomly selecting one distance. For further discussion, see Supplementary Text 1 sections 3 

512 and 5 (appendix). 

513 To evaluate Claim 3 (supposed creation of imaginary numbers), it is necessary to understand 

514 the variance decomposition equation of the Jasper et al. method, namely . ��� =
1

2
�21�― �2��

515 This equation treats FS dispersal as a subset of 1C dispersal, with the difference in variances 

516 attributable to parent-offspring dispersal across a lifetime. This equation would produce 

517 imaginary numbers in situations where the distribution of 1C overlaps with or is smaller than the 

518 distribution of FS. Far from calling into question the method, this feature is essential: if cousins 

519 are no further apart than siblings, there is no evidence that substantive intergenerational 

520 dispersal is occurring! Such a result could reflect a biological reality if the sampled population 

521 features absolute panmixia, though it might be more likely when a sampling site is too small and 

522 does not capture the full extent of the 1C distribution. This issue underscores the need to design 

523 studies that cover an area sufficient to detect long range dispersal. We turn to this question next.

524

525 Sampling design requirements

526 Our simulations show that sampling design can strongly bias estimates of intergenerational 

527 dispersal, and that these biases compound in the case of more leptokurtic kernels. At the one 
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528 extreme, if sampling is conducted sparsely throughout a region, this low density may lead to 

529 minimum distances between kin being too high (>  for Gaussian kernels), resulting in upwardly 
�
3

530 biased estimates. Importantly, this constraint applies to all kernel estimates, not just the 

531 anticipated PO kernel, and thus trapping density should reflect the smallest anticipated kernel 

532 within the dataset. For the Jasper et al. approach applied to immature mosquitoes, this will 

533 typically be the FS kernel. As immature full-sibs are closely clustered, investigations of the FS 

534 kernel in immatures will require samples to be taken from nearby locations as well as multiple 

535 samples from the same location. At the other extreme, if sampling is conducted through too 

536 small a region, low maximum sampling distances (< 5σ for Gaussian kernels) will bias a kernel 

537 estimate downwards. As mosquito dispersal is frequently leptokurtic (Nathan et al., 2012), this 

538 means that study sites must be sufficiently large to capture the tails of the most dispersed kin 

539 kernel under investigation. Biases and limitations due to small study sites have been previously 

540 described for other dispersal methods (Guerra et al., 2014; Heuertz, Vekemans, Hausman, 

541 Palada, & Hardy, 2003) and in theoretical treatments (Rousset, 2001). As seen in Figure 3, it is 

542 difficult to accurately estimate σ using kin-based methods when kernels show extreme kurtosis, 

543 though close kin dyads can be used to detect recent dispersal over long distances (Schmidt et 

544 al., 2021).

545 All this considered, a typical study site would ideally aim for site dimensions approximately 9 

546 times the length of the expected value of σPO (see Supplementary text 2 section 1 for a detailed 

547 discussion of these issues with respect to kinship category and kernel type). When selecting 

548 study sites, the results in Figure 3i-l and 3m-p also suggest that the length of individual site 

549 dimensions rather than merely site area is key to ensuring an accurate estimation of σPO. In all 

550 cases, small numbers of sampled kin increase the risk that an investigation will miss rare but 

551 important long-distance dispersal events. This is the reason why estimates involving leptokurtic 

552 kernels have larger confidence intervals (Figure 3q-t). These sources of potential bias 

553 underscore the need for dispersal studies to carefully consider what is already known about 

554 dispersal in a species alongside the statistical properties and limitations of dispersal estimators, 

555 such as those considered here. In practice, to avoid the risk of sample bias, a dispersal study 

556 based on kin should allow for a wide margin of error within each of the parameters when 

557 planning sampling for related individuals. These requirements need to be balanced against other 

558 issues; for instance, for mosquitoes, a high density of traps in an area might serve to attract 

559 mosquitoes from outside the area, decreasing the likelihood of detecting kin in a sample. Further 
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560 checks should be performed after a study has been concluded to assess the extent to which the 

561 size of the sampling site may have biased estimates of σPO (see Supplementary Text 2 section 

562 2). 

563

564 Applications to non-mosquito species

565 The methods simulated and implemented in KINDISPERSE were developed in the context of 

566 mosquito dispersal, a critically important parameter for planning interventions against mosquito 

567 borne diseases (Turelli & Barton, 2017). However, they should have wide applicability to the 

568 study of dispersal in other organisms, and in Supplementary Text 3 section 4.4 we describe a 

569 specific application to vertebrates for the genus Antechinus. The simulations and estimation 

570 procedures can be generalised to a range of dispersal and breeding situations and sampling life 

571 stages. 

572 Several questions should be considered when adapting these methods for other taxa. 

573 (i) What are the breeding habits of the study species? 

574 Aedes aegypti females almost always mate only once, so half-sibs can be assumed to result 

575 from different mothers. For taxa where this is not the case, it will be necessary to modify the 

576 assumptions about the underlying dispersal biology represented by each kinship category. 

577 (ii) Is there overlap between generations in the study species? 

578 Aedes aegypti have short lifespans, so the simplifying assumptions can be made that immature 

579 full-sibs result from the same breeding cycle of the mother, and that second-order kin are most 

580 likely half-sibs rather than avuncular. These assumptions are particularly robust when sampling 

581 is conducted to select one generation specifically, such as when ovitraps are deployed and 

582 removed within the timespan of a single generation (Jasper et al., 2019; Schmidt et al., 2018). In 

583 more complex situations, generational overlap will need to be taken into account, particularly 

584 when dispersal varies with the age of an organism. 

585 (iii)  Do males and females disperse similarly across the breeding cycle? 

586 KINDISPERSE does not currently supply functionality for defining male and female dispersal 

587 events differently within the same dispersal model. This poses no problem in species where sex-
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588 specific dispersal behaviour is not significantly different across shared regions of the breeding 

589 cycle (in Ae. aegypti, both males and females impact intergenerational dispersal from the larval 

590 stage through to breeding, with only females influencing dispersal thereafter). Where sex-

591 specific dispersal is expected to impact estimates, careful consideration is warranted, likely 

592 extending to the selection of target kinship categories and life stages (see the example in 

593 Supplementary Text 3 section 4.4.6). KINDISPERSE can aid this process through the construction 

594 of multiple dispersal models covering the same pedigree relationship, but with male or female 

595 dispersal substituted; we intend to further address this issue in future releases. 

596 (iv) What is the context in which dispersal is being considered? 

597 Dispersal estimates based on close kin are ideal for settings dominated by random, short-ranged 

598 dispersal and homogenous habitat, but the approach has limited value in understanding long 

599 distance migration events. For instance, a species may undergo seasonal migration and return 

600 to its natal region to reproduce; the approach might help to indicate whether kin produce nests in 

601 the same sample area but does not provide information on the long-distance route. In many 

602 contexts, additional factors such as wind-biased dispersal may also substantially undermine an 

603 assumption of isotropic dispersal. Animal behaviour is often driven by complex processes that 

604 may be shared across multiple individuals, again biasing estimates that assume independence 

605 and an additive variance model. All such potential biases and limitations should be carefully 

606 considered when using the KINDISPERSE approach to estimate dispersal. Overall, these four 

607 questions underline one fundamental point: applying this and similar methods to a new species 

608 require a careful and expert attention to the biology of the species being studied, and a thorough 

609 consideration of the theory of intergenerational dispersal as outlined in this paper. We invite 

610 readers with this aim to closely consider the reasoning and decision processes outlined in our 

611 example application to Antechinus spp. (Supplementary Text 3 section 4.4) as a starting point 

612 for their own enquiries.  

613 Provided that kinship-based dispersal estimation methods are adapted carefully, they should be 

614 readily applicable to a wide range of taxa. For threatened species, a particular advantage of the 

615 approach is that dispersal can be estimated from DNA directly, which can be collected through 

616 non-invasive methods.

617
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618 Summary

619 In this paper, we introduced the R package KINDISPERSE. KINDISPERSE allows for the simulation 

620 and estimation of intergenerational dispersal kernels from the spatial distribution of close kin 

621 dyads. We used KINDISPERSE simulations to compare two recently developed methods for 

622 estimating dispersal kernels, and found that the Jasper et al. method (Jasper et al., 2019), upon 

623 which this package is built, provided unbiased estimates while the other method (Filipović et al., 

624 2020) did not. We also applied the package to investigate the impact of various sampling 

625 parameters on kernel estimation and suggest design parameters to safeguard the reliability of 

626 future studies on intergenerational dispersal for kernels with an axial deviation defined by σ: 

627 minimum sampling distances < , maximum distances in both dimensions > 9σPO, and at least 
�
3

628 30 dyads of each kin category present in the final dataset. 
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748 Tables & Figures

749 Table 1. Abbreviations for kinship categories used in this paper, grouped by the dispersal 

750 ‘phase’ they fall under (FS, HS and PO), as well as number of generations from the pedigree 

751 branch point. Each phase is defined by a shared dispersal event at the pedigree branch point 

752 that (for FS and HS) is not interchangeable with an entire unit of intergenerational dispersal. For 

753 example, the FS phase is linked to oviposition. 

Life Phase FS HS PO

Generation 1 FS (full-sib) HS (half-sib) PO (parent-offspring)

Generation 2 AV (avuncular) HAV (half avuncular) GG (grandparent-

grandchild)

1C (first cousins) H1C (half first cousins)

Generation 3 GAV (grand avuncular) HGAV (half grand avuncular) GGG (great grandparent-

great grandchild)

1C1 (first cousin once 

removed)

H1C1 (half first cousin once 

removed)

https://cran.r-project.org/web/packages/kindisperse/
https://cran.r-project.org/web/packages/kindisperse/
https://doi.org/10.5281/zenodo.5112802
https://github.com/moshejasper/kindisperse
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2C (second cousin) H2C (half second cousin)

754

755

756 Table 2. Example additive variances of the distributions of close kin. In the case of Ae. aegypti, 

757 ‘Immature’ distributions represent the sampling locations of immature (egg, larval, pupal) 

758 mosquito life stages, such as (in the case of mosquitoes) those collected from ovitraps. 

759 ‘Ovipositional’ distributions represent the sampling locations of adult egg-laying females, such as 

760 (in the case of mosquitoes) those collected from gravitraps. Several parallel examples are 

761 included from the Antechinus breeding cycle to illustrate a possible implementation in an 

762 alternative species (see Supplementary Text 3 Section 4.4). 

Kin sampling 

distribution

Pedigree variance Total

Aedes spp.

FS, immature 2σ2
ovi σ2

FS

HS, immature 2(σ2
breed & grav + σ2

ovi) σ2
HS

PO, immature σ2
init + σ2

breed & grav + σ2
ovi σ2

PO

PO, ovipositional σ2
ovi + σ2

init + σ2
breed & grav σ2

PO

FS, ovipositional σ2
PO + σ2

FS + σ2
PO σ2

FS + 2σ2
PO

1C, immature σ2
PO + σ2

FS + σ2
PO σ2

FS + 2σ2
PO

AV, immature σ2
FS + σ2

PO σ2
FS + σ2

PO

H2C, ovipositional σ2
PO + σ2

PO + σ2
PO + σ2

HS + σ2
PO + σ2

PO + σ2
PO σ2

HS + 6σ2
PO

Antechinus spp.

PO, weaning σ2
juvenile + σ2

breeding + σ2
gestation + σ2

pouch σ2
PO (Ant.)

FS, pouch 0 (pouch offspring not dispersed) σ2
FS (Ant.) = 0

1C, pouch 2(σ2
juvenile + σ2

breeding + σ2
gestation + σ2

pouch) σ2
FS+ 2σ2

PO = 2σ2
PO (Ant.)

763

764 Figure 1. Properties of dispersal kernels used in KINDISPERSE. a. Dispersal distance kernel, 

765 defined one-dimensionally with respect to the radius from the origin point for dispersal, in 

766 contrast to b. Dispersal location kernel, defined two-dimensionally with respect to X and Y 
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767 coordinates around the dispersal origin. Shading represents density. The location kernel 

768 preserves information about the relative distances between multiple dispersed individuals, as it 

769 captures both distance and angle of dispersal. c. Simple vs composite representation of 

770 dispersal across a lifespan. Both the entire parent-offspring dispersal event (grey arrow) or the 

771 component lifespan dispersal events that make it up (coloured arrows) produce the same 

772 dispersal distribution (black line). Composite σ parameters are here taken from the mosquito 

773 lifespan. d-f. Impact of kernel type, generation, and kin category parameters on outcomes of 

774 kinship dispersal simulations (shown as dispersal distance kernels). All simulations set σPO to 1; 

775 simulations involving smaller dispersal components divided the PO variance equally between 

776 each component, i.e. four values of σ = 0.5. d. Distribution used to model dispersal kernel 

777 (Gaussian, Laplace, and two variance-gamma kernels) – log scale used. e. Number of 

778 generations modelled (PO = 1; GG = 2, GGG = 3). f. Modelling of typical kin categories.

779

780

781 Figure 2. Comparisons of Jasper et al. and Filipović et al. methods for the estimation of σPO. 

782 Simulations were conducted with an overall σPO of 1 and Laplace kernel shapes. For the Jasper 

783 et al. method, simulations were performed at the larval and adult (ovipositional) stages (first and 

784 second columns), whereas for the Filipović et al. method simulations were restricted to the adult 

785 stage (third column), as this method has not currently been adapted to the larval stage. For each 

786 simulation, different component stages of dispersal were varied between 0.01σ and 0.99σ, 

787 adjusting the other components to preserve the overall σPO of 1. Ribbon plot shows 95% 

788 confidence intervals for each estimate using 1,000 permutations of 100 individuals. a-c. Initial 

789 dispersal. d-f. Combined breeding and gravid dispersal. g-i. Oviposition dispersal.

790

791

792 Figure 3. Effects of simulated field sampling conditions on estimates of σPO. Each simulation has 

793 been replicated across four kernel shapes: Gaussian (column one), Laplace (column two), and 

794 variance-gamma (shape 0.5 column three, shape 0.1 column four). All simulations were 

795 conducted with a theoretical σPO of 1. a-d. Upper sampling range (maximum distance between 

796 kin dyads). e-h. Lower sampling range (minimum distance between kin dyads). i-l. Site 
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797 dimensions (sides of square). m-p. Aspect ratio of 100σ2 rectangular site. q-t. Number of kin 

798 dyads sampled overall (testing variation in confidence intervals of estimates). 
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