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Butterflies have played a pivotal role in our understanding of animal movement, but little is known about landscape-
scale movement in highly vagile species with large ranges and open population structure. We investigate the effect 
of environment and landscape on both inter- and intraspecific genetic differentiation and population structure in 
the Papilio machaon group of swallowtail butterflies in Alberta, Canada. These butterflies exhibit strong hilltopping 
behaviour, where individuals congregate on topographical prominences to mate, and thus we expect topography 
to influence population connectivity. We use redundancy analysis to explore the relationship between two genetic 
datasets (mitochondrial DNA and microsatellites) and topographic, climatic and habitat-related environmental 
variables at multiple spatial scales. Shared variation across these environmental variables explained a large portion 
of both mitochondrial (≤ 75%) and microsatellite genetic variation (≤ 40%). Individual variables, such as elevation, 
terrain profile, solar radiation and precipitation, had moderate explanatory power; however, the water component 
of land cover had the greatest explanatory power of the individual variables and acted as a surrogate variable 
for the larval habitat of P. machaon. Despite high levels of retained ancestral polymorphism in the mitochondrial 
dataset, we found similar relationships between environmental characteristics and genetic variation. Finally, the 
spatial scale of our analyses greatly influenced our results, and without exploring the effect of scale we would have 
missed or discounted the effects of several environmental characteristics. This point emphasizes the importance of 
exploratory analysis in systems where there is little prior knowledge of movement dynamics and the influence of the 
environment.

ADDITIONAL KEYWORDS:   landscape genetics – Papilio machaon – population genetics – spatial ecology.

INTRODUCTION

Butterflies have played a pivotal role in our 
understanding of metapopulation dynamics (Hanski 
& Thomas, 1994), the ecology of habitat fragmentation 
(Saccheri et al., 1998; Hanski & Ovaskainen, 2000) 
and the influence of landscape features on individual 
dispersal and abundance (Roland et al., 2000; Dover 
& Settele, 2009; Schultz et al., 2019). However, much 
of this research has been conducted on species with 
a ‘closed’ population structure, i.e. those with low 
dispersal capability and small ranges (Dover & Settele, 
2009). Many species of butterflies have high vagility 

and dispersal capability, and much less research has 
sought to characterize the influence of environmental 
and landscape features on highly vagile species. At the 
same time, many of these species exhibit behavioural 
characteristics that are clearly tied to landscape 
features and would be expected to have an effect on 
population structure and gene flow. ‘Hilltopping’ is a 
phenomenon in flying insects where adults congregate 
on topographical prominences (Shields, 1967 and 
references therein). Attraction to these geographical 
features is considered a strategy of mate-finding for 
species with low or patchy distributions (Shields, 1967; 
Alcock, 1987; Painter, 2014). Males populate hilltop 
locations awaiting females, and exhibit territorial 
behaviour in holding these locations (Scott, 1974; 
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Shields, 1967). Although ‘topographical prominences’ 
can vary in size, for butterflies they are most often 
the tops of hills, ridges, peaks and mountains (Shields, 
1967; Alcock, 1987; Painter, 2014).

Much of the research on hilltopping dynamics has 
focused on measuring the movement of individuals 
with mark–recapture or similar approaches 
(Baughman & Murphy, 1988; Pe’er et al., 2004; Grof-
Tisza et al., 2017), or using hilltopping as a model for 
simulating non-random dispersal (Pe’er et al., 2005, 
2006, 2013; Painter, 2014). Although these individual-
focused approaches have clearly demonstrated the 
effect of elevation/topography as an orientation cue for 
hilltopping individuals (Pe’er et al., 2004; Grof-Tisza 
et al., 2017), less work has assessed the effect of these 
behaviours on population connectivity and gene flow. 
Additionally, although differential effects of landscape 
features at variable spatial scales are well known (e.g. 
Angelone et al., 2011; Galpern et al., 2012; Keller & 
Holderegger, 2013; Keller et al., 2013), no work has 
been done to try to understand the effect of hilltopping 
on population dynamics at large geographical scales. 
Other environmental characteristics (temperature, 
precipitation, solar radiation, etc.) might be biologically 
relevant at larger landscape-level scales (e.g. Ramette 
& Tiedje, 2007; Hazard et al., 2013) and might have 
an effect, or a combined effect with topography, on 
butterfly movement and population connectivity in 
these highly vagile species.

The Old World swallowtail butterfly, Papilio 
machaon, and anise swallowtail butterfly, Papilio 
zelicaon, occur in sympatry and parapatry across 
western North America, and morphologically 
intermediate hybrid individuals have been collected 
from central and southwest Alberta, Canada since the 
early 1900s (Scott, 1986; Sperling, 1987, 1990; Dupuis 
& Sperling, 2015). Papilio machaon is represented in 
Alberta by two regionally common subspecies: Papilio 
machaon dodi in the southern half of the province, 
and Papilio machaon pikei in the Peace River valley of 
northwestern Alberta and adjacent British Columbia 
(Sperling, 1987; Pelham, 2008). Both subspecies are 
restricted to arid river valley habitats, where their 
larvae feed on Artemesia dracunculus L. on eroding 
riverbanks, and adults hilltop on prominent edges 
of the river valleys (Scott, 1986; Sperling, 1987). 
The habitat and larval host plants of P. zelicaon are 
more diverse in western Canada, but populations are 
centred on isolated hilltops in boreal forest, prairies 
and foothills of the Rocky Mountains (Sperling, 1987; 
Bird et al., 1995). Despite their ecological differences 
and broad sympatry, P. machaon and P.  zelicaon 
appear to hybridize occasionally in southwest Alberta 
(Sperling, 1987, 1990; Sperling & Harrison, 1994; 
Dupuis & Sperling, 2015). Although their capacity for 
fast flight and potentially strong dispersal capability 

is known (P. zelicaon in California has been marked 
and recaptured 4.3 km away in a single day; Shields, 
1967), little is known of the dispersal dynamics of 
these species or how the surrounding environment 
affects their movement and population connectivity.

Here, we investigate the effect of landscape and 
environmental factors on gene flow and population 
structure between P.  machaon and P.  zelicaon 
in Alberta, Canada. We use mitochondrial DNA 
(mtDNA) and microsatellite datasets generated by 
Dupuis & Sperling (2016) and multiple forms of 
redundancy analysis (RDA) to assess the variation 
in environmental and landscape characteristics that 
explains the variation found in each genetic dataset. 
Using this information, we ask three questions. (1) Can 
landscape or environmental variables explain inter- 
and intraspecific genetic diversity and differentiation 
in this system? (2) Do landscape effects differ between 
nuclear and mitochondrial markers? Finally, (3) 
do landscape or environmental effects differ across 
spatial scales? To account for butterfly perception of 
land cover and topography, we use neighbourhood 
analysis on rasters of land cover, in addition to 
combined rasters of terrain and topography that 
model topographical prominence. Given that little 
is known of butterfly movement in this system, we 
conduct analyses at multiple geographical scales, 
through multiple neighbourhood analyses. This is the 
first use of such models of topographical prominence 
for modelling gene flow of a hilltopping insect and can 
guide future research in such systems.

Genetic datasets

To provide context for the present analyses, we briefly 
summarize the population genetic datasets and 
results of Dupuis & Sperling (2016) as they apply to 
this study (see Fig. 1). A total of 822 specimens were 
collected from four regions in Alberta and adjacent 
northeastern British Columbia: Red Deer River valley, 
Peace River valley, Swan Hills, and Foothills of the 
Rocky Mountains. These collection localities were 
either hilltop locations, where we collected adults 
(generally a small area < 100 m in diameter on hills/
mountains, or along a ridgeline/river valley bank for 
200–300 m), or patches of host plant, where we collected 
larvae (generally small areas of 100–500 m2, often 
along roadsides). Some collection localities consisted 
of both adult and larval collection where these areas 
were adjacent or within 1–2 km of each other.

Genotype data were collected for ten microsatellite 
loci (Zakharov & Hellmann, 2007) and an 831 bp 
region of mitochondrial cytochrome oxidase subunit I 
(COI). We conducted comprehensive phylogenetic 
and population genetic analyses to assess population 
structure, relatedness and putative hybridization 

D
ow

nloaded from
 https://academ

ic.oup.com
/biolinnean/advance-article-abstract/doi/10.1093/biolinnean/blz043/5430159 by U

 S D
ept of Agriculture user on 07 April 2019



BUTTERFLY HILLTOPPING  3

© 2019 The Linnean Society of London, Biological Journal of the Linnean Society, 2019, XX, 1–12

in this system. With mtDNA, we found broad 
phylogenetic patterns matching that of the species 
complex as a whole (Dupuis & Sperling, 2015), with 
strong divergence between P. machaon and P. zelicaon 
and between P. machaon and the P. machaon-like 
H-clade (Fig. 1A). The latter is a group of haplotypes 
found in hybrid lineages of this species complex across 
North America and is thought to be a signature of 
hybridization with an ancestral lineage of P. machaon 
(Dupuis & Sperling, 2015). Microsatellite results 
were largely congruent with the broad results from 
COI (Fig. 1B). There was strong support for two and 
three genetic clusters, with the former separating 
P. machaon from P. zelicaon and the latter further 
separating P. m. dodi and P. m. pikei. Hybrids were 
apparent in some regions, particularly the Foothills 

and the Red Deer River valley. Overall, individual 
nuclear ancestry and mtDNA clade of an individual 
were correlated, thus confirming the taxonomic 
identity of these main clusters. In general, across 
our sampling we found P. machaon predominantly at 
localities associated with the steep, arid river banks 
and P. zelicaon at the isolated prairie/forest hilltops, 
away from the river valleys.

MATERIAL AND METHODS

Genetic data preparation

Owing to limitations in contiguous environmental/
landscape data across province boundaries, we excluded 
the seven populations from British Columbia, leading 

Figure 1.  Summarized genetic results from Dupuis & Sperling (2016) for COI (A) and microsatellite (MSATs) datasets 
(B). In A, pie charts show the proportion of Papilio machaon, Papilio zelicaon and H-clade COI haplotypes per population, 
corresponding to the 50% majority rule consensus phylogeny of unique haplotypes constructed using Bayesian inference; * 
indicates high node support (> 0.80 posterior probability), and terminal branch labels represent sample sizes for each unique 
haplotype. In B, pie charts show average Q-values per population from K = 3 STRUCTURE results. In both A and B, the 
pie chart size indicates the population sample size, and population markers on the maps correspond to main geographical 
regions and species as in Figure 2. Abbreviations: PR, Peace River; RDR, Red Deer River. Map layers are from the public 
domain at www.naturalearthdata.com
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to a sample size of 703 specimens from 42 populations. 
For the microsatellite dataset, allele counts in each 
population were transformed to Hellinger distances 
(Legendre & Gallagher, 2001) using the decostand 
function in the vegan package v.2.2-0 (Oksanen 
et al., 2014) in R v.3.1.1 (R Core Team, 2018). This 
transformation was developed for species abundance 
data and is appropriate for microsatellite data with 
high allelic diversity that may be missing many values 
(absent alleles) in individual populations (Cullingham 
et  al., 2014). For COI, we generated a matrix of 
pairwise Jost’s D statistics (Jost, 2008) calculated 
from a FASTA formatted sequence alignment (594 bp 
in length, eliminating variable missing data from the 
3′ and 5′ ends of the sequencing product) with the R 
packages APE v.5.1 (Paradis et al., 2004) and mmod 
v.1.3.3 (Winter, 2012).

Environmental/landscape characteristics

We used two types of environmental and landscape 
variables as predictors in the redundancy analyses: 
point estimates for collection localities, and local 
averages of raster-based data calculated with 
neighbourhood analysis. We generally chose variables 
that are either known to be important for insect 
survival/movement or that we hypothesized would 
have high explanatory power with regard to swallowtail 
butterfly movement. Data sources, with the rationale 
and general predictions for each variable type, are 
given in Table 1. For basic climate variables, we used 
point estimates for collection localities, generated with 
ClimateNA v.5.21 (Hamann et al., 2013). For climate 
variables, we chose several measurements of a general 
variable type (e.g. for temperature-related variables, 
we included mean annual temperature, degree-days 
above 5  °C, extreme minimum temperature over 
30 years, etc.) to provide optimal potential explanatory 
power (for details, see Table 1).

Given our knowledge of individual movement/
behaviour in this species group, we expect that 
characteristics of topography and land cover will be 
highly explanatory for measures of genetic diversity 
and relatedness. However, variables based on these 
characteristics are most biologically relevant when 
they are considered in the context of a local spatial 
environment; for instance, the topographic prominence 
of a hilltopping location is much better represented 
biologically when the surrounding landscape and 
relative elevations are taken into account, rather than 
when it is represented by a single measurement of 
elevation at the peak of the hilltop. Thus, for raster-
based variables associated with topography and land 
cover (terrain position index, solar heatload index and 
land cover; Table 1), we used the Neighbourhood toolset 
in ArcGIS to generate average values representing 

the neighbourhood of raster cells around collection 
localities. To account for potential hierarchical spatial 
scales (e.g. Mullen et al., 2010), we calculated variables 
using three different neighbourhood sizes based on the 
length from the centre raster cell (the cell containing 
the collection locality) to the edge of the neighbourhood 
in any direction: 1000, 250 and 100 m. Neighbourhoods 
were square in shape and centred on the centre raster 
cell. Given the variable resolution of these raster 
layers (land cover was a 100 m raster, whereas terrain 
position and solar heat load indices were 50 m rasters), 
the exact neighbourhood size differed between 
variables (see Supporting Information, Fig. S1), but 
for consistency we refer to these three neighbourhood 
sizes by the aforementioned centre-to-edge lengths. 
Although dispersal of up to 4.3 km is documented in 
P. zelicaon in California (Shields, 1967), we focused on 
smaller distances with the rationale that these would 
more effectively represent terrain and land-cover 
characteristics in Alberta.

To avoid problems associated with multicollinearity 
(Graham, 2003) , we f i l tered the ful l  set  of 
environmental variables for each neighbourhood size 
by first removing variables correlated > 0.90. We then 
removed additional variables that met two criteria: 
(1) those that explained a relatively low amount of 
the variance in the genetic data (< 5%), assessed with 
variance partitioning (Borcard et al., 1992; ter Braak & 
Verdonschot, 1995) conducted with the vegan package 
in R; and (2) those with a variance inflation factor > 10 
(Zuur, Ieno & Elphick, 2010), calculated with the car 
library (Fox & Weisberg, 2011) in R. This approach 
resulted in sets of environmental variables with low 
multicollinearity (variance inflation factor < 10) and 
high explanatory power for the genetic data and 
retained more environmental variables than would 
have been retained with a lower initial correlation 
threshold. For the final set of variables, we also used 
the stepAIC function in the MASS library (Venables & 
Ripley, 2002) in R to perform additional model selection 
and ensure that the change in the Akaike information 
criterion was less than two for the addition of any 
variable in the final model (Burnham & Anderson, 
2002; Mazerolle, 2006).

Redundancy analysis

To test what geographical and environmental 
characteristics might drive gene flow between 
populations, we conducted RDA (Rao, 1964). This 
method is a multivariate extension of multiple linear 
regression (Legendre & Legendre, 2012) and explores 
variation in a set of predictor variables that explains 
the variation present in a set of response variables 
(Florentino et al., 2008; Vernesi et al., 2012; Stevens 
et al., 2016; Strobel et al., 2016). In our case, the 
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population-based genetic data were the response 
variable, and the predictors were environmental 
characteristics at and around each locality. For the 
microsatellite dataset, Hellinger distances (based 
on allele counts) were used as the response variable, 
with the standard rda function in the vegan package 
v.2.2-0 (Oksanen et al., 2014) in R v.3.1.1 (R Core Team, 
2018). For COI, a matrix of pairwise Jost’s D statistics 
were used as the response variable for distance-based 
redundancy analysis (dbRDA; Legendre & Anderson, 
1999) using the capscale function in vegan v.2.2-0.

We also wanted to distinguish between the individual 
variability explained by each environmental variable 
and any shared contribution of multiple variables 
explaining genetic variation. To do so, we conducted 
variance partitioning on three main categories of 
environmental/landscape variables: topography, 
climate and habitat (Table 1). This method separates 
the total variation explained in the genetic data into 
variation explained by individual variable categories 
and combinations of variable categories. To assess the 
significance of the variable categories, we conducted 
additional RDA/dbRDA on categories individually and 
used ANOVA in R with 999 permutations. We conducted 
separate RDA/dbRDA (in addition to filtering for 
multicollinearity and variance partitioning) for each 
neighbourhood size of environmental/landscape 
data, leading to six sets of analyses (microsatellite 
and COI data for each of the 1000, 250 and 100 m 
neighbourhoods).

RESULTS

Redundancy analysis

In all analyses, the first RDA axis separated P. machaon 
from P. zelicaon, and the second axis separated the 
subspecies of P. machaon and population divisions 
in P. zelicaon. The final set of variables included as 
predictors in the RDAs (microsatellite dataset) differed 
from those in the dbRDAs (COI dataset); however, the 
predictor variables were relatively consistent between 
different neighbourhood sizes for both the RDA and 
the dbRDA (Fig. 2). Overall, more variables were 
included in the final variable sets for COI, compared 
with the microsatellites. In all of the analyses, 
elevation (ELEV) was correlated with mean warmest 
month temperature (MWMT) and degree-days above 
5°C (DD5), and mean annual precipitation (MAP) was 
correlated with mean summer precipitation (MSP) 
and summer heat:moisture index (SHM).

Generally, all three categories of variables 
( t opographic , c l imat i c  and  hab i ta t  based ) 
independently explained significant proportions 
of both microsatellite allelic variation and COI 
distance variation (Fig. 2; non-shared parts of Venn 

diagrams); the only exception to this trend was that 
habitat-based variables did not explain a significant 
proportion of genetic variation at the smallest 
geographical scale (100 m neighbourhoods) for both 
microsatellites and COI, and the mid-range scale for 
microsatellites. Despite the independent explanatory 
power of each variable category, variance partitioning 
identified a large proportion of genetic variation that 
was explained by shared variation between variable 
categories in all analyses (Fig. 2; shared parts of 
Venn diagrams). At larger geographical scales (1000 
and 250 m neighbourhoods), the topographic variable 
category (elevation and solar radiation and terrain 
position indices) had higher explanatory power 
(when considering both independent and shared 
measurements) than climatic and habitat-based 
variable categories. However, at smaller scales (100 
m neighbourhoods), climatic variables had higher 
explanatory power.

In ordination space, microsatellite allelic variation 
between P. machaon and P. zelicaon was best explained 
by a combination of maximum solar radiation 
(SOLARmax) and land cover consisting of water 
(LCwater) (Fig. 2A). At smaller scales, the explanatory 
power for the large genetic differentiation between 
species was weaker, but still explained by land-cover 
variables (Fig. 2B, C). Among P. zelicaon populations, 
MAP and ELEV explained genetic differentiation 
consistently across geographical scales (Fig. 2A–C). 
Microsatellite allelic variation between predominantly 
P. zelicaon populations (‘RDR zelicaon’, ‘PR zelicaon’ 
and the Swan Hills and Foothills) was less well defined, 
although some general patterns were apparent. For 
example, general north-to-south allelic variation was 
apparent and was relatively consistently explained by 
a combination of ELEV, terrain profile index (TPImin/
mean/max) and extreme minimum temperature (EMT) 
across all geographical scales (Fig. 2A–C).

For mtDNA, the genetic divergence between 
P. machaon and P. zelicaon was visually explained 
by a large combination of variables, including 
solar radiation (SOLARmin/mean/max), mean 
annual temperature (MAT) and various land-cover 
characteristics (Fig. 2D–F). As with the microsatellite 
dataset, MAP and ELEV consistently explained 
P. zelicaon variation across all spatial scales (Fig. 
2D–F), and LCwater was explanatory for P. machaon 
only at the largest geographical scale (Fig. 2D). There 
was little geographical structure between regions 
among the predominantly P. zelicaon populations 
with mtDNA. The only discernable structure in COI 
genetic distance in these predominantly P. zelicaon 
populations was the separation of some of the Foothills 
region populations, owing to the presence P. machaon 
and H-clade haplotypes in putative hybrid individuals 
(Fig. 1). Maximum solar radiation (SOLARmax) 
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Figure 2.  Results of variance partitioning and redundancy analyses (RDA) of Hellinger-transformed allele counts from 
microsatellite data (A–C), and variance partitioning and distance-based redundancy analysis (dbRDA) of Jost’s D genetic distance 
matrix from COI data (D–F). For each panel, the Venn diagram contains adjusted R2 values for the separate and combined effects 
of colour-coded variable categories (topography, climate and habitat) calculated with variance partitioning; grey text indicates 
non-significant relationships (P > 0.05). Each panel of A–C and D–F correspond to different neighbourhood sizes in the calculation 
of environmental and landscape variables. Some clusters of populations in D–F have been separated manually to clarify their 
placement. The prefix LC indicates land-cover variables. Topography variables: ELEV, elevation; SOLARmin/mean/max, solar 
radiation index; TPImin/mean/max, terrain position index. Climate variables: EMT, extreme minimum temperature; MAP, mean 
annual precipitation; MAT, mean annual temperature. Habitat variables: LCbroad, broadleaf forest; LCconif, coniferous forest; 
LCherb, herbaceous vegetation; LCmixed, mixed forest; LCnonveg, non-vegetated/developed; LCwetland, wetland.
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is likely to hold some explanatory power for this 
differentiation, at least at larger geographical scales 
(1000 and 250 m; Fig. 2D, E).

DISCUSSION

Do environmental variables explain genetic 
differentiation?

We identified a combination of environmental 
and landscape variables that explained genetic 
differentiation between P. machaon and P. zelicaon. 
The presence of water as land cover (LCwater) had 
high explanatory power with both genetic datasets, 
which might seem counterintuitive at first, because 
these species show no particular affinity for open 
water. However, rivers and their river valleys 
represent substantial features in these regions. 
Around the collection localities, the Red Deer River 
and Peace River are ~100–200 and ~200–1500 m 
wide, respectively, and the river valleys are ~1.5–3.5 
and ~2.5–5.5 km from edge to edge, respectively. 
Collection localities for P. machaon are either within 
the river valley itself (larval collections on host plant) 
or at the top edge of the river valley (adult collections 
at hilltopping locations). Thus, in these analyses, 
proximity to water acts as a surrogate variable for the 
arid river valley habitat used by P. machaon and its 
host A. dracunculus (Sperling, 1987). Host occurrence 
has been shown to have primary roles in butterfly 
movement and population dynamics (Hanski & Heino, 
2003; Fred et al., 2006). We expect that a variable 
indicating host plant occurrence would also be highly 
explanatory for species distributions and diversity 
(e.g. Wiklund et al., 2018). Unfortunately, accurate, 
high-resolution host plant data on a provincial scale 
were unavailable for this study.

In general, we expected topographic prominences 
and open land-cover classes to facilitate gene flow 
given the general behaviour of these species (Dupuis 
& Sperling, 2015) and previous findings in related 
butterfly species (Roland et al., 2000; Keyghobadi 
et al., 2005). We found that ELEV and the terrain 
profile and solar radiation indices (TPI and SOLAR) 
were often highly explanatory, and probably 
contributed to the overall high explanatory power of 
the topographic variable category. Additionally, open 
land-cover classes (e.g. LCnonveg, LCherb) were also 
explanatory, particularly at smaller geographical 
scales, despite the overall lower, and often non-
significant, explanatory power of the habitat-related 
variable category. The larger relative effect of these 
open land-cover classes at smaller geographical scales 
makes sense ecologically, because the hilltop locations 
in more forested regions (the Swan Hills and Foothills) 
are characterized by large open areas at the peaks of 

hilltops and mountains. Thus, overall our expectations 
for these landscape features were confirmed, although 
more even sampling would strengthen this conclusion 
(as discussed below).

Generally, shared variation between topographic, 
climatic and habitat-related variables explained the 
variation in genetic datasets better than independent 
variation in each variable category. This shared 
explanatory power seems to be important when 
considering intraspecific differentiation in the 
predominantly P. zelicaon populations, because no single 
variable clearly explained that axis of variation. Although 
explaining the intraspecific differentiation in P. zelicaon 
populations is inherently limited in this dataset, given 
the lower differentiation between these populations (i.e. 
there is simply less genetic differentiation to explain), 
many combinations of variables seem reasonable given 
the characteristics of these geographical regions.

Although we focused here on exogenous factors 
affecting genetic differentiation, there are clearly 
also endogenous factors at play. Some of these factors 
are relatively simple, such as isolation-by-distance 
explaining genetic differentiation between P. m. dodi and 
P. m. pikei. Others are more complex, such as potential 
genetic compatibility. Although any of these populations 
can hybridize (e.g. Clarke & Sheppard, 1955; Ae, 1979), 
and occasionally do in nature (Dupuis & Sperling, 2015, 
2016), it is still unclear how contemporary hybridization 
and ancestral introgression combine to create the 
biological reality observed today.

Interestingly, Sperling (1987) concluded that mean 
annual temperature (based on records from 1951 
to 1980) better explained the distributions of many 
taxonomic entities in this species group (particularly 
subspecies of P.  machaon in Alberta and British 
Columbia), and that mean annual precipitation was 
more homogeneous for the species and subspecies in this 
region. We found that extreme minimum temperature 
and mean annual temperature were relatively 
explanatory in our analysis, but that climatic variables 
were overall less broadly explanatory than other 
variables. This apparent contradiction between studies 
could indicate temporal changes in these variables (the 
temperature-based data here are primarily derived from 
the period from 1961 to 1990) or differences attributable 
to methodology. However, the more restricted scope of 
analysis in the present study is likely to play a larger 
role, because we were concerned with a geographically 
much smaller range of the systematic diversity than 
that considered by Sperling (1987).

Do landscape effects differ between genetic 
markers/spatial scales?

Overall, some similar trends were apparent from both 
genetic datasets; for example, LCwater/SOLARmax 
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and ELEV/MAP explained differentiation between 
species for both COI and microsatellites. This was 
despite the inherent differences between the marker 
types, notably the different evolutionary timescales 
of mtDNA and microsatellites, in addition to the large 
amount of retained ancestral polymorphism present in 
the COI dataset for this group (Dupuis & Sperling, 2015, 
2016). In contrast, the microsatellite dataset clearly 
differentiates P. m. dodi and P. m. pikei and provides more 
geographical separation of the P. zelicaon populations 
(Fig. 2). Owing to this pattern across the marker sets, 
and the more strictly neutral nature of microsatellites 
(compared with mtDNA; Ballard & Kreitman, 1995; 
Ballard & Whitlock, 2004), we have more confidence in 
the results from the microsatellite dataset. However, 
the concordance of results between genetic datasets 
increases our confidence in the effects of these landscape 
characteristics on genetic differentiation in this system.

We found that the spatial scale in the neighbourhood 
analysis greatly influenced the explanatory power 
of environmental variables. This is perhaps most 
clearly exemplified by the water land-cover variable, 
which acted as a surrogate variable for the habitat of 
P. machaon. Although this surrogate variable had high 
explanatory power for both datasets, it had this effect 
in the analyses only at the largest geographical scale. 
If only smaller geographical scales had been explored 
here, we would have missed these patterns. Another 
example of the importance of spatial scale is the 
general shift from topographic variables having higher 
relative explanatory power at larger geographical 
scales to climatic variables having higher relative 
power at the smallest geographical scale. Many 
studies have identified landscape features having 
different effects at varied spatial scales or variable 
landscape effects for short- vs. long-distance dispersal 
(e.g. Angelone et  al., 2011; Galpern et  al., 2012; 
Keller & Holderegger, 2013; Keller et al., 2013). That 
might be the case here, where topographic features 
(topography, elevation) are affecting more long-range 
movements, whereas shorter-range movements (in 
areas with higher density populations) are affected 
more by climatic variables; specifically, differences in 
precipitation (and probably more importantly, the lack 
of precipitation, i.e. drought) and temperature can 
affect insects both directly (particularly larval stages 
with lower vagility) and indirectly through their 
effects on host plant condition and survival (Ehrlich 
et al., 1972; Wallner, 1987; Morecroft et al., 2002; 
Hanski & Heino, 2003; Raimondo et al., 2004; Fred 
et al., 2006; Robinson et al., 2012; Oliver et al., 2015). 
The main limitation in extending these findings to the 
P. machaon system is our lack of evenly distributed 
sampling effort (a common limitation in many 
landscape genetic studies; Schwartz & McKelvey, 2009 
and references therein); therefore, our conclusions 

regarding short- vs. long-distance dispersal remain 
preliminary. Regardless, these results highlight 
the importance of testing environmental effects at 
multiple geographical scales, which is amplified in 
systems such as this, where little is known of general 
movement dynamics.

Conclusions

Population genetic analyses of these data have 
suggested that the distributions of these highly vagile, 
hilltopping swallowtail butterflies are limited by both 
environment and landscape factors (Dupuis & Sperling, 
2016), implying that gene flow between these species 
is limited by these factors. To test this, we asked what 
components of habitat explained gene flow both within 
and between the species. We identified environmental 
variables that explained significant genetic variation, 
and these variables differed across scales, suggesting 
that different processes (large-scale dispersal vs. local 
movements) are influenced by different factors. The 
detection of influences of landscape features depended 
on uniformity of habitat connectivity and contrast 
between highly resistant and optimal landscapes (Short 
Bull et al., 2011; Cushman et al., 2013), in addition to 
the distribution of sampled populations (Storfer et al., 
2007; Schwartz & McKelvey, 2009). Although our results 
might have been affected by the low power of analyses 
to detect landscape genetic patterns (Cushman & 
Landguth, 2010) or bias owing to incomplete sampling 
(Schwartz & McKelvey, 2009), these results give a strong 
starting point for considering the effect of landscape 
and environmental features on movement and gene 
flow in this system. Future research with more even 
sampling of populations at various spatial scales should 
increase insight into the effects of environmental and 
landscape characteristics in this and other highly vagile 
insect species.
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Figure S1. Graphical depiction of the neighbourhood sizes for 50 and 100 m rasters.
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