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Abstract

Local adaptation can occur at small spatial scales relative to the dispersal capacity of species. 

Alpine ecosystems have sharp environmental clines that offer an opportunity to investigate the 

effects of fine scale shifts in species’ niche breadth on adaptive genetic processes. Here we 

examine two grasshopper species endemic to the Australian Alps (Kosciuscola spp.) that differ in 

elevational niche breadth; one broader, K. usitatus (1400-2200m), and one narrower, K. tristis 

(1600-2000m). We examine signatures of selection with respect to environmental and 

morphological variables in two mountain regions using FST outlier tests and environmental 

association analyses (EAA) applied to Single Nucleotide Polymorphism data (K. usitatus: 9,017 

SNPs, n = 130; K. tristis: 7,363 SNPs, n = 135). Stronger genetic structure was found in the more 

narrowly distributed K. tristis, which showed almost twice the number of SNPs under putative 

selection (10.8%) compared with K. usitatus (5.3%). When examining SNPs in common across 

species (n = 3,058), 260 SNPs (8.5%) were outliers shared across species, and these were mostly 

associated with elevation, a proxy for temperature, suggesting parallel adaptive processes in 

response to climatic drivers. Additive polygenic scores (an estimate of the cumulative signal of 

selection across all candidate loci) were non-linearly and positively correlated with elevation in 

both species. However, a steeper correlation in K. tristis indicated a stronger signal of spatially 

varying selection towards higher elevations. Our study illustrates that the niche breadth of co-

occurring and related species distributed along the same environmental cline is associated with 

differences in patterns of microgeographic adaptation. 

Keywords

Local adaptation, landscape genomics, Kosciuscola, insects, natural selection and contemporary 

evolution

Introduction

Obtaining knowledge about the spatial scale at which adaptation occurs is critical for predicting 

species’ distributions and the impacts of environmental change. Most attention has been given to 

adaptation at broad spatial scales (i.e. hundreds or thousands of kilometres) relative to adaptation A
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at microgeographic scales (i.e. meters to tens of kilometres) (reviewed in Richardson, Urban, 

Bolnick, & Skelly, 2014). Because local adaptation can occur when selection overcomes the 

homogenising effects of gene flow, it is often assumed that high gene flow at fine spatial scales 

limits adaptive divergence (reviewed in Bachmann, Jansen van Rensburg, Cortazar-Chinarro, 

Laurila, & Van Buskirk, 2020; Richardson et al., 2014). However, recent studies show that local 

adaptation can occur at microgeographic scales in response to small shifts in elevation or climate 

(insects: Eldon, Bellinger, & Price, 2019; plants: Frachon et al., 2018; Kubota et al., 2015; 

mammals: Waterhouse, Erb, Beever, & Russello, 2018), challenging notions that environmental 

selection primarily operates over large spatial scales. Further, identifying adaptive genetic 

responses at fine spatial scales may have greater power because patterns are less likely to be 

obscured by confounding effects of population structure, allelic heterogeneity and rare alleles 

(Chen, Hill, Ohlemüller, Roy, & Thomas, 2011; Frachon et al., 2018). An improved understanding 

of the spatial scale at which local adaptation occurs and the mechanisms driving it is needed to 

better forecast species’ ecological and evolutionary dynamics under shifting environmental 

conditions.

Sharp climatic gradients (e.g. over tens of meters) within alpine regions make them excellent 

locations for studying selection processes across microgeographic scales (Whiteman, 2000). While 

the strength of selection may vary considerably across narrow elevational gradients, there is 

evidence that higher elevation regions can exert stronger selection pressures on species (Kang, 

Ma, & He, 2017; Witt & Huerta-Sánchez, 2019). The key environmental variables that may drive 

adaptation at higher elevations include solar radiation, atmospheric oxygen pressure and 

temperature (reviewed in Kawecki & Ebert, 2004; Körner, 2007). In addition, the topographic 

complexity of alpine areas can limit gene flow and isolate populations over fine geographic scales 

(Jackson et al., 2018; Polato et al., 2018; Polato et al., 2017; Steinbauer et al., 2016), which can 

further promote local adaptation (Kawecki & Ebert, 2004). Alpine species are often niche 

specialists and locally endemic (La Sorte & Jetz, 2010; Laurance et al., 2011; Steinbauer et al., 

2016). As a consequence, alpine species have limited opportunities to shift their ranges due to 

narrow thermal tolerances, local physiological or behavioural adaptations, and limited suitable 

habitat (Colwell, Brehm, Cardelús, Gilman, & Longino, 2008; Dahlhoff et al., 2019; Elsen & 

Tingley, 2015). Studying microgeographic adaptation is important for understanding how small A
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climatic changes may alter the diversity and composition of alpine communities, and therefore, 

help to direct conservation efforts.

The study of closely related, co-occurring species allows for common and unique selection 

responses to environmental drivers to be identified (Gamboa & Watanabe, 2019; Jackson et al., 

2020). Patterns of gene flow and local adaptation may differ in closely related species due to 

differences in their ecological niche, such that species with a narrow niche breadth may show 

reduced gene flow and a decreased adaptive capacity than species with a wider niche breadth (for 

e.g., Birkett, Blackburn, & Menéndez, 2018; Deutsch et al., 2008; Reich et al., 2015). 

Furthermore, closely related species may show similar adaptive responses when sharing a 

common challenging environment (Preite et al., 2019; Yeaman et al., 2016). The examination of 

parallel adaptive responses in closely related species may also inform the extent to which 

homologous genes are under selection. However, most studies of local adaptation examine a single 

species, and fail to identify common or divergent environmental selection processes among co-

occurring species (Hand, Lowe, Kovach, Muhlfeld, & Luikart, 2015). This information is 

especially relevant for multi-species conservation planning for climate change mitigation (Gugerli 

et al., 2013; Nicholson & Possingham, 2006; Schwenk & Donovan, 2011). 

The Australian Alps are home to several endemic species and are susceptible to climate change 

(Hennessy et al., 2008; Lucas, Hennessy, Mills, & Bathols, 2007), as evidenced by an average 

decline in precipitation by 6% and an average increase in temperature of 0.4°C since 1979, 

accompanied by a substantial decline in snow depth since 1954 (Hennessy et al., 2003; Nicholls, 

2005; Sánchez-Bayo & Green, 2018; Wahren et al., 2013). The reduction in snow cover is 

particularly concerning for overwintering insects as snow cover in winter acts as a buffer from  

temperature fluctuations (Bale & Hayward, 2010). Apart from climate change, sub-alpine 

vegetation encroachment and increased impact of invasive species in the Australian Alps are other 

important threats (Driscoll et al., 2019; Hoffmann et al., 2018). Such impacts have been linked 

with alterations to the survival rates, distributions and population dynamics of endemic alpine 

species of different taxonomic groups such as birds, plants and mammals (Driscoll et al., 2019; 

Green, 2010). Warming conditions, altered land use and predation by invasive species may 

particularly impact endemic invertebrates of the Australian Alps by changing their aestivation sites 

and abundance (Caley & Welvaert, 2018). However, the effects of these environmental changes on A
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the distribution, diversity and adaptation of alpine invertebrates remain little studied (Williams et 

al., 2014). 

To examine microgeographic adaptation in co-occurring insect species of the Australian Alps, we 

compare two grasshopper species from the genus Kosciuscola (K. usitatus and K. tristis). The 

Kosciuscola genus is made up of five grasshopper species endemic to the Australian alpine region 

(Rehn, 1957). The two focal species have overlapping elevational distributions, with K. usitatus 

occupying a wider range of elevation (1400-2000m) than the high elevation specialist K. tristis 

(1600-2000m) (Campbell & Dearn, 1980; Yadav, Stow, & Dudaniec, 2020). Furthermore, these 

two species show differences in their cold tolerances, with K. usitatus having a slightly higher cold 

tolerance (CTmin= -3 °C) than K. tristis (CTmin= -2 °C) (Slatyer, Nash, & Hoffmann, 2016). We 

recently documented a significant correlation between relative abundance with elevation, with K. 

usitatus decreasing and K. tristis increasing with higher elevation, offering further evidence for 

elevational niche partitioning in this species assemblage (Yadav et al., 2020). Changes in body 

size were also observed, with decreasing body size with elevation in both male and female K. 

usitatus, which was similarly observed in female (but not male) K. tristis (Yadav et al., 2020), 

suggesting effects of climate on development.

Here we conduct a landscape genomic analysis of K. usitatus and K. tristis across two 

alpine mountain regions of Mt Kosciuszko National Park in south-eastern Australia. We predict 

that, 1) K. tristis, the species with a narrower upper elevational niche and thermal tolerance, will 

exhibit stronger microgeographic adaptation and restricted gene flow, 2) both species will show 

parallel adaptive responses with common loci under selection in response to environmental drivers 

and, 3) spatially varying selection (measured cumulatively across loci via polygenic scores) will 

differ in response to elevation in K. tristis compared to K. usitatus. 

Materials and methods

Study species and sampling

The two focal species: K. usitatus and K. tristis are endemic and common throughout the studied 

Kosciuszko alpine region of Australia and in some locations have overlapping elevational 

distributions (Slatyer et al., 2016). Our two focal species were chosen out of the five known 

species of Kosciuscola grasshoppers due to their contrasting elevational distributions and thermal 

tolerance breadths (Campbell & Dearn, 1980; Slatyer et al., 2016, Yadav et al., 2020). Both A
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species are wingless and have non-overlapping generations (Umbers, Herberstein, & Madin, 

2013). Sexual size dimorphism is present in both species, with females having a larger body size 

than males (Slatyer et al., 2016; Yadav et al., 2020). 

Sampling was undertaken for two weeks in late February to early March of 2017. Three transects 

ranging from 1400-2200m in elevation were sampled within each of two mountain regions, 

Thredbo (-36.5S, 148.3 E) and Guthega (-36.4S, 148.38 E), within Kosciuszko National Park 

in New South Wales (Fig. 1). Samples were searched and collected at approximately 50m intervals 

of elevation along each transect (termed ‘sites’), however, some sites lacked the presence of one or 

both of the species. The two mountain regions were located approximately 25km apart. Samples 

were collected from a total of 32 points across transects in both regions, out of which 29 and 20 

points contained K. usitatus and K. tristis, respectively (Table S1, Table S2 and Table S3), giving 

a final sampled elevation range of 1550-2000m across transects. The vegetation types present in 

our sampling area included wet tussock grasslands, subalpine woodlands, Eucalyptus woodlands, 

and alpine herb lands.

Geographic coordinates (latitude, longitude) were recorded for each site using a handheld GPS 

device (Garmin Etrex10). Each species was searched for in a ~30m2 plot for 20 mins by two 

people (40 minutes total search time). Samples were captured using small plastic jars, and species 

name and sex were recorded. To further confirm species identification, features such as eye 

colour, cheek pattern, pronotum shape, body shape and size were compared against type 

specimens stored in the Australian National Insect Collection, CSIRO, Canberra. The left hind 

femur length was measured for each live individual using vernier calipers (accurate to 0.02 mm), 

which is a commonly-used proxy for body size in grasshoppers (Masaki, 1967; Mousseau & Roff, 

1989; Yadav, Stow, Harris, & Dudaniec, 2018). All samples were stored in 95% ethanol for DNA 

preservation.

DNA extraction and genotyping

DNA was extracted from the tissue of one femur per collected specimen (n = 141 K. usitatus; n = 

141 K. tristis) at the Diversity Arrays Technology sequencing facility, Canberra (DArTseq; more 

details in Text S1). A modified double-digest RAD sequencing protocol described in Kilian et al. 

(2012) was applied using a combination of SpfI-HpaII restriction enzymes for library preparation. A
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To call SNPs, DNA sequences were aligned via BLAST to the Locusta migratoria genome using 

an e-value cut-off equal to 5e-05, and a minimum sequence identity of >80%. Quality checking 

was undertaken using proprietary software (DArTsoft14) and cross contamination was examined 

by performing a BLAST search on bacterial, fungal and human DNA. More detail on SNP calling 

and filtering is in the supplementary information (Text S1). The datasets for both species were 

bioinformatically processed to produce three SNP datasets: 1) with both species combined to 

obtain a dataset with commonly identified SNPs in both species (referred to as our ‘common 

dataset’), 2) for K. tristis alone, and 3) for K. usitatus alone (i.e. our two ‘individual datasets’). 

SNP filtering and datasets

SNPs were further filtered using the filter_dart function of the Radiator package (Gosselin, 2017) 

in R (Team, 2017). The following parameters were applied to the individual datasets for K. tristis 

and K. usitatus: SNPs with 100% reproducibility were retained (defined as the proportion of 

technical replicate assay pairs for which the marker score was consistent), SNPs with a call rate  

0.95 (i.e., the genotype was called in a minimum of 95% of the samples) and a minimum depth of 

coverage of  10 were retained. Individuals genotyped at less than 95% were removed from the 

datasets. To further exclude alleles potentially a result of sequencing error, a minor allele 

frequency (MAF) threshold of ≥ 0.02 was applied. 

For both the K. tristis and K. usitatus individual datasets, we created a set of filtered datasets for 

analysing genetic structure, that attempted to minimise effects of linkage disequilibrium (LD) by 

retaining one SNP per RAD tag (i.e. the SNP with the highest MAF), hereafter referred to as 

'unlinked' datasets. To further assess the extent of linkage between SNPs in these filtered datasets, 

we tested for SNP pairs with a linkage correlation R2 >50% (i.e. the correlation of allele 

frequencies at different loci where linkage equilibrium is at R2 = 0) using PLINK v1.9 (Purcell et 

al., 2007). These datasets were used to detect population structure after removing FST outliers 

(mentioned below) and loci significantly deviating from Hardy-Weinberg Equilibrium (HWE). 

Loci deviating from HWE in both mountain regions were identified using the pegas R package 

(Paradis, 2010), at a significance level of 0.05 (Bonferroni corrected) with 1,000 simulations. A 

second full SNP dataset, which included all SNPs per RAD tag, were used for analyses of adaptive 

genetic variation in each species. However, to reduce possible effects of strong LD between 

markers in the full dataset, locus pairs with LD R2 >50% were identified and one locus from each A
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pair was randomly removed prior to downstream analyses (following methods from Xuereb, 

Kimber, Curtis, Bernatchez, & Fortin, 2018).

Common data filtering

For the common dataset (containing SNPs common in both K. usitatus and K. tristis), slightly 

relaxed filtering parameters were applied due to differences in the power to detect SNPs across 

species in this dataset. SNPs with a reproducibility of 90%, a call rate  0.70, minimum depth of 

coverage  8 and a MAF of ≥ 0.02 were retained. Individuals genotyped at less than 75% of SNPs 

were removed from the dataset. As above, two datasets were derived; an ‘unlinked’ dataset with 

only one SNP per RAD tag and a second full dataset including all SNPs. The unlinked dataset was 

used to examine genetic structure and to detect potential introgression between species after 

excluding SNPs deviating from HWE (as explained above). The full dataset was used for 

detecting adaptive genetic variation after excluding loci under strong LD (R2 >50%). 

FST outlier removal

For genetic structure analyses we attempted to exclude SNPs that were likely under selection to 

avoid confounding neutral genetic structure with local adaptation. FST outliers were detected via 

analysis of the 'unlinked' datasets using BayeScan, which uses a Bayesian framework to detect 

outliers with high FST while accounting for samples size (Foll & Gaggiotti, 2008), demographic 

processes and hierarchical genetic structure (de Villemereuil, Frichot, Bazin, François, & 

Gaggiotti, 2014). BayeScan was run for 50,000 pilot runs, with a 500,000 burn-in and 50,000 total 

iterations. We set the prior odds to 10,000 to ensure the test of selection is conservative (Lotterhos 

& Whitlock, 2015) and we implemented a false discovery rate (FDR) threshold of 0.05. Log-

likelihood traces were plotted in R to confirm model convergence. Following analysis of genetic 

structure and determining the most likely number of genetic clusters (see below) we performed a 

second FST outlier analysis on the individual full dataset for each species using BayeScan (Foll and 

Gaggiotti 2008), with population structure corrected for based on the optimal K identified by 

STRUCTURE (below), using the same parameters described above.

Genetic structure 

We calculated pairwise FST  between regions (i.e. Thredbo and Guthega) for each species (Weir & 

Cockerham, 1984) and pairwise FST between each site (29 for K. usitatus and 20 for K. tristis) in A
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the assigner R package (Gosselin, Anderson, & Bradbury, 2016). Bootstrapped confidence 

intervals (CIs) were calculated using 1,000 iterations. Isolation by distance (IBD) between sites 

within regions (i.e. Thredbo and Guthega) was assessed using a Mantel test of individual genetic 

distance generated in GenAlEx (Peakall & Smouse, 2006) and geographic distance (km) (number 

of permutations = 9999) in the vegan R package (Oksanen et al., 2013). Spatial autocorrelation 

analyses were conducted in GenAlEx to examine the spatial distribution of genetic variation for 

both species. The spatial autocorrelation coefficient (r) was calculated using the geographic 

distance between sites within each region and the genetic distance (FST) between individuals. 

The size of the distance classes for each spatial autocorrelation analysis was determined based 

on the distribution of geographic distances between the sites. The spatial autocorrelation (r) 

was considered significant if it fell beyond the 95% confidence interval of the error 

distribution. 

Using the ‘unlinked’ datasets (with FST outliers removed), genetic structure was analysed within 

and among the two sampled mountain regions using STRUCTURE 2.3.2 (Pritchard, Stephens, & 

Donnelly, 2000), which uses a Bayesian algorithm to assign individuals into genetic clusters based 

on shared ancestry. The analysis was performed without providing prior location information, and 

using the admixture model with correlated allele frequencies. STRUCTURE runs were computed 

in parallel using StrAuto (Chhatre & Emerson, 2017). The analysis was performed with a 50,0000 

burn-in, 500,000 MCMC repeats, a range of K from 1- 4 for between region structure and for 

within region structure the range of K was set to the number of transects per mountain plus two 

(i.e. in for K. usitatus: Thredbo K = 1-5; in Guthega, K =1-5, and for K. tristis Thredbo K = 1-5; in 

Guthega, K =1-3 ). We ran the analysis for ten iterations per K. The optimal K was selected using 

STRUCTURESELECTOR (Li & Liu, 2018). STRUCTURESELECTOR assigns a subpopulation 

to a cluster if the membership coefficient mean MedMeaK (median of means), MaxMeaK 

(maximum of means) or median MedMedK (median of medians) and ‘MaxMedK’ (maximum of 

medians) to a particular cluster is greater than the threshold value of 0.5. In addition, 

STRUCTURESELECTOR also performs the ∆K method, which compares the rate of change in 

log likelihood between each K and selects K with the maximum value of ΔK (Evanno, Regnaut, & 

Goudet, 2005). To determine whether introgression occurs between species, genetic structure was 

analysed for the common dataset pooled across species and regions, using STRUCTURE and the 

range of K was set from 1-5 (all other parameters same as previously). We examined within region A
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(Thredbo and Guthega) admixture between the two species in the common data using the snmf 

function within the LEA (Frichot & Francois, 2015) R package with the value of K ranging from 1 

to 10 and 100 repetitions per K.

Environmental variables

Selection of environmental variables relevant for dispersal and local adaptation were based on 

expert opinion and knowledge of the ecology and thermal tolerance of Kosciuscola (Slatyer et al., 

2016; Slatyer et al., 2014; Umbers et al., 2013; Yadav et al., 2020). Justification for each variable 

is explained in the supplementary information (Text S2). From each sampling site we extracted 

data for elevation (m), annual rainfall (mm), precipitation seasonality, mean temperature in the 

warmest quarter (oC), mean temperature in the coldest quarter (oC), the number of frost days (< -

2C), soil pH, soil bulk density (g/cm3) and terrain roughness (index) and percentage of Foliage 

Projective Cover (FPC). 

 Climate variables and terrain variables were extracted at a 30m resolution, whereas soil 

variables were extracted at 90m resolution. All data except FPC and elevation were extracted from 

the ANUCLIM 6.1 database (Lyons, Foster, & Keith, 2017; Xu & Hutchinson, 2013). Data for 

FPC were obtained from the Terrestrial Ecosystems Research Network AusCover database (TERN 

AusCover 2011) at a resolution of 5x5m. FPC is the percentage of land obscured by woody 

vegetation and trees and was extracted from a buffer of 30m around each sampling site from 

which cell values were averaged using the raster R package (Hijmans & van Etten, 2014). Data 

for elevation were derived from a Digital Elevation Model (DEM) obtained from Geoscience 

Australia. As high collinearity between variables may lead to erroneous results and restrict the 

ability to distinguish effects of individual variables (Rellstab, Gugerli, Eckert, Hancock, & 

Holderegger, 2015), we assessed the extent of collinearity between all extracted variables. We 

performed a pairwise Pearson’s (r) correlation analyses of the site-based environmental data in R 

and removed highly correlated variables with an r  0.80. With increasing elevation across all sites 

within the transects examined (spanning 1550-2000m), mean annual temperature decreases 

sharply from 6.0 to 4.3C (mean across all transects = 5.29C  0.08), mean annual precipitation 

increases from 1788 to 2496 mm (mean across all transects = 2128mm  34.87) and foliage cover 

(i.e. from trees) decreases steeply from ~65% to 0% (mean = 26.37  3.59).
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Based on a Pearson correlation threshold of r  >0.80 (Fig. S1) we excluded the following 

environmental variables from our analysis: annual rainfall, mean temperature in the warmest 

quarter, and mean temperature in the coldest quarter. After discarding highly correlated variables, 

elevation plus six variables were retained for subsequent analysis: 1) precipitation seasonality, 2) 

number of frost days, 3) Foliage Projective Cover (FPC), 4) terrain roughness, 5) soil pH, and 6) 

soil bulk density. We divided these final variables into three categories for ease of interpretation in 

further analyses: 1) ‘climate variables’, which included elevation (a direct proxy of temperature r  

= -0.98), precipitation seasonality and number of frost days; 2) ‘surface terrain’, which included 

FPC and Roughness and 3) ‘soil’, which included pH and soil bulk density. All retained variables 

have correlation r <0.40 (Fig. S1) except precipitation seasonality and number of frost days (r = 

0.75).

Environmental Association Analysis: Univariate 

In order to identify loci under putative selection, we analysed each of the three data sets separately 

(i.e. the individual datasets for K. tristis and K. usitatus and the common dataset). We used the 

latent factor mixed modelling approach of LFMM (Frichot, Schoville, Bouchard, & Francois, 

2013) within the LEA package in R (Frichot & Francois, 2015) to identify an association between 

allele frequency and environmental variables. In addition to environmental variables, body size 

(i.e. femur length used as proxy) was examined for significant associations in LFMM. Body size is 

highly correlated with sex in both species, therefore sex was also included as a variable (binary 

coded: male = 0, female = 1) to identify loci that were uniquely correlated with body size (i.e. did 

not overlap with sex outliers). LFMM performs well for detecting many loci of small effect 

compared to FST outlier tests (de Villemereuil et al., 2014). LFMM uses MCMC algorithm to 

examine association between environmental variables and allele frequencies and effectively 

accounts for genetic structure by introducing it as a latent factor (Frichot et al., 2013). LFMM 

analysis was performed using 100,000 iterations, 10,000 burn-in, with five repetitions for each 

variable. The number latent factors (K) used for the LFMMs for both species and for the common 

dataset was based on the outcome of their respective genetic structure analyses. Adjusted p-values 

were calculated as described in Frichot and Francois (2015), and median z-scores were combined 

for each variable across five runs. Candidate loci with <1% FDR were obtained by applying the 

Benjamini-Hochberg procedure. The genomic inflation factor (GIF) was calculated using the 

formula λ = median (z2)/0·456  (Devlin & Roeder, 1999) and was examined for its proximity to 1 A
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to assess inflation of the test statistics and adjusted if necessary. In case of detection of more than 

one outlier from the same RAD tag, only one outlier was randomly retained to minimize the effect 

of linkage disequilibrium. 

Environmental Association Analysis: Multivariate 

We performed two constrained ordination analysis (i.e. redundancy analysis, RDA) approaches, 

where 1) population structure was not accounted for (standard RDA), and 2) population structure 

was accounted for (partial redundancy analysis, pRDA). The RDA approach has been shown to 

better detect weak multi-locus signatures of selection (Forester, Lasky, Wagner, & Urban, 2018) 

and performs PCA on response (genotype matrix) and predictor variables (environmental 

variables) simultaneously (Legendre & Legendre, 2012). The variance inflation factor (VIF) was 

assessed between the variables prior to fitting constrained ordination analysis using VEGAN R 

package (Oksanen et al., 2013). The RDA was performed on Hellinger-transformed SNP datasets 

and predictor variables using the rda function in the VEGAN package. Statistical significance of 

the RDA model and the number of significant axes to be retained for candidate outlier detection 

was examined using F-statistics via an Analysis of Variance (ANOVA) with 999 permutations. 

The proportion of the genetic variance in the dataset explained by the predictors was also 

examined from the adjusted R2. RDA does not allow missing data in SNP genotypes therefore, 

missing data were imputed using LinkImpute (Money et al., 2015a), which is based on a k - 

nearest neighbour genotype imputation method. This method was used because it is specifically 

designed to impute non-model species genomes with unordered markers (Money et al., 2015b). 

We excluded sex from the multivariate analysis as sex is highly correlated (R2 = >0.85) with body 

size in both species. RDA candidate outliers were detected from SNP loadings (i.e. the loading of 

each SNP in ordination space) using a cut-off of ±3 SD from the mean loading following Forester 

et al. (2018), done independently for each of the three datasets.

For pRDA we used the spatial eigenfunction approach to account for population genetic structure 

following Xuereb et al. (2018) and Forester et al. (2018). To obtain spatial variables we calculated 

distance-based Moran's eigenvector maps (dbMEMs) from the Euclidean distances between 

spatial coordinates of the sampling locations using adespatial V 0.1-0 in R (Dray et al., 2017). We 

then carried out a PCA on Hellinger-transformed SNP datasets and retained PC axes based on 

screeplots. Another RDA analysis was performed using selected PC axes as response variables and A
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all dbMEMs as predictors. To keep only dbMEMs, which significantly explain variance in the 

SNP dataset, we performed forward selection on all dbMEMs as recommended for spatial analysis 

(Blanchet, Legendre, & Borcard, 2008). The selected dbMEMs were then included in the partial 

RDA (pRDA) analysis as conditioning variables. Candidate SNPs corrected for population 

structure were then detected from SNP loadings (i.e. the loading of each SNP in ordination space) 

using a cut-off ±3 SD from the mean loading following Forester et al. (2018), for each dataset.

Additive polygenic scores

We examined for a cumulative pattern of selection among the candidate loci detected using 

LFMM, pRDA and BayeScan by calculating additive polygenic scores following Babin, Gagnaire, 

Pavey, and Bernatchez (2017) and Xuereb et al. (2018). The additive polygenic score approach is 

useful to understand the change in frequencies of alleles that are inferred to be favoured in a 

particular environment, when selective effects on individual alleles are not known (Babin et al., 

2017). Prior to calculating polygenic scores, we ensured SNPs identified under selection were not 

tightly linked by examining the extent of correlation based on LD R2 between SNP pairs. To 

calculate polygenic scores, we first identified alleles associated with increasing values of elevation 

across all candidate loci based on the nature of the correlation (negative or positive) between allele 

frequencies and elevation. Then individual based scores were calculated by summing up the 

number of favoured alleles (the ones with positive correlations) across all candidate loci. Lastly, 

we tested the relationship between individual additive polygenic scores and elevation by fitting a 

linear model and a quadratic model. We determined the best fit model based on the lowest Akaike 

Information Criterion (AIC) score. We analysed polygenic scores using candidate loci that were 

detected by methods that corrected for population structure only (i.e. LFMM, pRDA and 

BayeScan for the individual species datasets, and LFMM and pRDA for the common dataset).

Gene annotation: BLAST search

Annotation of all unique (i.e. non-overlapping) RAD tags (65 bp) that contained SNPs under 

putative selection (identified via BayeScan and EAA) was undertaken using the NCBI BLAST 

platform (Johnson et al., 2008). Due to the unavailability of a reference genome for Kosciuscola, 

sequences were firstly annotated to the Locusta migratoria genome (Wang et al., 2014) and 

subsequently to genes classified as ‘insects’ (Taxid:6960) with an E-value threshold of 1x10-4  and 

nucleotide BLAST mode. A
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Results

SNP datasets

For K. usitatus a total of 125,513 SNPs for 136 individuals were obtained following filtering of 

samples that failed quality or missing data thresholds (n = 5). After further filtering of low 

confidence (lower read depth and call rate), tightly linked SNPs and poorly genotyped individuals 

(<75%), a total of 130 individuals of K. usitatus were analysed at 9,017 SNPs out of which 4,437 

SNPs were unique per DNA fragment and retained for inclusion in the ‘unlinked’ dataset. Of these 

4,437 SNPs, we removed SNPs that significantly deviated from HWE (n=1,114), and FST outliers 

identified by BayeScan (n = 2) resulting in a total of 3,321 SNPs for analyses of genetic structure. 

A small number of SNPs in the unlinked dataset (8 SNPs out of 3,321) showed a linkage 

correlation of R2 >50% suggesting a lack of physical linkage in the dataset.

For K. tristis 38,984 SNPs were initially obtained for 141 individuals. After filtering SNPs based 

on lower read depth, call rate, LD thresholds, and poorly genotyped individuals, a total of 135 

individuals were retained and with 7,363 SNPs. Of these, 4,410 were identified as ‘unlinked’ 

SNPs (i.e. one SNP per RAD tag), from which we further removed SNPs significantly deviating 

from HWE (n= 842) and FST outliers identified by BayeScan (n = 2), resulting in a final set of 

3,566 SNPs for genetic structure analysis. There were no SNPs with >50% linkage correlation for 

K. tristis indicating an absence of physical linkage in the dataset. 

The common dataset yielded an initial 58,063 SNPs and after applying filtering parameters, LD 

thresholds and excluding poorly genotyped individuals (n = 10) we analysed 266 individuals (129 

K. usitatus, 137 K. tristis) at 3,058 SNPs, with 2,143 “unlinked” SNPs (after removing SNPs 

deviating from HWE, n=78). Furthermore, none of the SNPs had a linkage correlation >50%.

Genetic structure and Fst outliers

Pairwise FST between Thredbo and Guthega was lower for K. usitatus (FST = 0.025, 95% CI= 

0.022- 0.028, n = 3,321 SNPs) than for K. tristis (FST = 0.045, 95% CI= 0.041- 0.047, n = 3,566 

SNPs). Pairwise FST between all sites in Thredbo and Guthega further confirmed a greater degree 

of genetic differentiation between regions in K. tristis, where all sites sampled had 95% CIs that 

significantly differed from zero. This was greater in comparison to K. usitatus, which had 88% of 

sites with a significant difference (Fig. S2 and S3). For within-mountain region differentiation, a A
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greater number of sites significantly differed from zero in K. tristis (54%) as compared to K. 

usitatus (29%) in Thredbo. A comparison in Guthega was not done due to the low number of 

sample sites for K. tristis in this region. A Mantel test between individual genetic distances and 

geographic distance between sites for each region indicated no significant IBD for both species 

(Fig. S4; K. usitatus: Thredbo: P= 0.12, Guthega P= 0.16; K. tristis: Thredbo P= 0.17, Guthega P= 

0.51). However, there was significant positive spatial autocorrelation in K. usitatus (Fig. S5A, B) 

at the first distance class of 0-1 km (P <0.05) in Thredbo and at 0-3km in Guthega indicating fine 

scale genetic differentiation. For K. tristis in Thredbo, significant positive spatial autocorrelation 

was observed at the first distance class (0-1 km; Fig. S5C), indicating a stronger spatial 

autocorrelation between individuals along very fine scales, there was no significant spatial 

correlation observed in Guthega.

The most likely number of genetic clusters across regions was two (K=2) in both species (Fig. 

S6A, B). However, genetic structure was stronger in K. tristis than K. usitatus, suggesting a higher 

degree of genetic admixture in K. usitatus across the two mountain regions compared to K. tristis 

(Fig. 2A). Furthermore, the within-region analyses of genetic structure in Thredbo and Guthega 

for K. usitatus indicated the most likely number of clusters to be two (K=2) within each region. 

However, the extent of admixture between the two clusters was greater in Guthega than in 

Thredbo (Fig. 2A). In the case of K. tristis, within-region analyses of genetic structure indicated 

two clusters in Thredbo but only one cluster in Guthega (Fig. 2B). When analyzing the common 

data set combining the two species (n = 2,143 SNPs), two distinct genetic clusters were detected 

across the two regions (Fig. S6C, S7A). The presence of two clusters with no admixture indicated 

an absence of hybridization between the two species. Further, when the two species were analysed 

separately within each region using the common dataset, no admixture was observed indicating no 

recent hybridization between the two species (Fig. S7B). BayeScan detected five outlier SNPs in 

K. usitatus and two in K. tristis using the individual datasets for each species (Table S4). 

Environment association analysis: univariate 

LFMM detected a total of 212 outlier SNPs (unique SNPs = 182; 2%) for K. usitatus compared to 

940 outliers (unique SNPs = 634; 8.6%) for K. tristis (Table 1). For K. usitatus, the highest 

number of SNP associations (out of 9,017) were with elevation (n = 62 SNPs) followed by soil 

bulk density (n = 56 SNPs), soil pH (n = 35) and precipitation seasonality (n = 22, Table 1). The A
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second highest number of associations were detected with soil variables (i.e. soil pH, soil bulk 

density; n = 91).  For body size, only two candidates were detected in K. usitatus, out of which just 

one was not also associated with sex (Table S5).

In K. tristis, there was a greater number of SNP associations overall (out of 7,363) with the highest 

numbers found in relation to precipitation seasonality (n = 179) followed by the number of frost 

days (n =156), soil bulk density (n = 128) and Roughness (n =122, Table 1). The second highest 

number of associations were detected with terrain variables (i.e. FPC, Roughness; n = 215). For 

body size, 80 candidate loci were detected, out of which 56% (n = 45 out of 80) did not overlap 

with sex in K. tristis (see Table S6 for outlier overlap). Altogether, variables associating with 

climate (i.e. elevation, precipitation seasonality and the number of frost days) had the highest 

number of outliers in both species (K. usitatus: n = 102; K. tristis: n = 422). 

When analysing the common dataset, the maximum number of associations (out of 3,058) 

for the loci was detected in relation to sex (n = 101) and body size (n = 84, non-overlapping with 

sex = 9; Table S7) followed by precipitation seasonality (n = 39) and elevation (n = 33). Apart 

from SNPs associating with body size, the highest number of outliers were associated with climate 

variables (n = 78), followed by soil (n = 36) and terrain (n = 32) characteristics. The closeness of 

the lambda values (GIF) to 1 and the P-value distribution plots of each variable across all three 

datasets indicated that our models were appropriate for detecting outliers using the FDR approach 

(Table 1). 

Environmental association analysis: multivariate 

The variance inflation factor (VIF) between predictor variables was <10 indicating little to no 

effect of collinearity between environmental variables on the RDA and pRDA analysis (Table S8). 

The global RDA analysis of the three datasets was significant (K. usitatus: P = 0.001; K. tristis: P 

= 0.001 and for the common dataset: P = 0.001, Table S9, S10, S11) indicating a significant 

proportion of genetic variance in the SNPs is explained by the predictor variables. RDA explained 

2.1% of the variance in the data for K. usitatus. For K. tristis RDA explained 3.71% of the 

variance in the data. Three axes were significant in both of the species and were used for candidate 

outlier detection (Table S9, S10). For the common dataset, RDA explained 5.2% of the variance in 

the data, with the first axis being significant (Table S11). However, we considered the first two 

RDA axes for outlier detection, which explained 64% of the variance and 15.7% of the variance, 

respectively. A
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For K. usitatus, a total of 337 outliers were detected using RDA in which 139, 117 and 81 

candidate loci were detected on axis 1, 2 and 3 respectively (Fig. S8A). The maximum number of 

RDA outliers were associated with precipitation seasonality (n = 157) followed by elevation (n = 

69, Table 2). In K. tristis a total of 193 RDA outliers were detected, whereby candidate loci 82, 49 

and 62 were detected on axis 1, 2 and 3 respectively (Fig. S8B). The maximum number of outliers 

were associated with precipitation seasonality (n = 97) followed by roughness (n =31). With 

respect to environmental variable classifications the highest number of associations were found to 

be with climatic variables in both species (K. usitatus= 263, K. tristis= 141, Table 2). Lastly, using 

the common SNP dataset, 97 outliers were detected using RDA, with 36 candidate loci detected on 

axis 1 and 61 detected on axis 2. The maximum number of outliers was associated with elevation 

in the common dataset (n = 44) followed by precipitation seasonality (n = 29). As for the 

individual datasets, the highest number of SNP associations (n = 74) were with climatic variables 

(Table S12, Fig. S8C).

A total of six significant dbMEMs were identified for K. usitatus, 37 for K. tristis and 116 for 

common dataset using forward selection, which were used as conditioning variables in pRDA. The 

pRDA model was significant for the individual species (K. usitatus P = 0.001; K. tristis P = 0.04; 

Table S9, S10) but was not significant when analysing the common SNP dataset (P = 0.12, Table 

S11), likely because associations were masked by the large number of neutral SNPs in the dataset. 

Using a ±3 SD cut-off from the mean loading and three axes retained as for RDA, we detected 292 

candidate loci for K. usitatus, and 161 for K. tristis (Table 2). 

In K. usitatus as for the RDA, the highest number of associations was detected for precipitation 

seasonality (n = 66) followed by body size (n = 48) and elevation (n = 43). Likewise, in K. tristis 

the highest number of associations was detected for precipitation seasonality (n = 35) followed by 

elevation (n = 34) and number of frost days (n = 34) (Fig. 3A, B). As for RDA, the highest number 

of associations was detected with climatic variables using pRDA in both species (K. usitatus =136; 

K. tristis =103). For the common dataset, a total of 55 SNPs were detected on two axes using 

pRDA (Table S12), with the maximum number of associations found for elevation (n = 28) 

followed by roughness (n = 10). As for RDA, the highest number of associations in the common 

dataset were detected with climatic variables (n = 35) followed by terrain (n = 16).A
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All three outlier detection tests corrected for population structure (i.e. LFMM, pRDA and 

BayeScan), and detected a higher number of outlier SNPs in the more narrowly distributed K. 

tristis (n = 797, 10.8%) compared to the more widely distributed K. usitatus (n = 479, 5.3%) with 

a comparable number of SNPs in the initial SNP datasets for both species. Likewise, in the 

common dataset, 8.5% (n = 260) of SNPs were identified to be under putative selection via EAA 

(LFMM and pRDA). Together LFMM and pRDA identified a greater number of candidate outliers 

in relation to climatic variables (e.g. precipitation seasonality, number of frost days and elevation) 

in both species (K. usitatus: n = 238, K. tristis: n = 525) and in the common dataset (n = 113).

Additive polygenic scores

To ensure the detected outliers were not likely to be physically linked, we first assessed the LD 

correlation between outliers. Pairwise LD between detected outlier loci was very low in both 

species, whereby 98.6% (430 out of 436 unique loci) of candidate loci in K. usitatus had a 

pairwise correlation < 20%, and this was similarly low for K. tristis with all outlier loci having a 

pairwise correlation R2 < 20%. In the common dataset, 71.3% (167 out of 234) of outlier SNPs 

had a pairwise correlation < 20%. 

In K. usitatus, additive polygenic scores were derived from 436 unique loci that were detected by 

three methods (LFMM, pRDA and BS), and were found to significantly increase with elevation (n 

= 130 individuals; linear model: F (1,128) = 111.5, P < 2.2e-16, adjusted R2 = 0.46). The quadratic 

model was also significant (F (2,127) = 65.82, P < 2.2e-16, adjusted R2 = 0.50) and had a lower AIC 

score than the linear model (Linear model AIC = 1249.33, Quadratic model AIC = 1240.30, AIC 

= 9.03) and explained a higher proportion of variation in allele frequencies (Fig. 4A). Similarly, 

for K. tristis, additive polygenic scores derived from 701 unique candidate loci significantly 

increased with elevation (n = 135 individuals; linear model: F (1,133) = 109.5, P < 2.2e-16, adjusted 

R2 = 0.45) and the quadratic model was significant (F (2,132) = 72.17, P < 2.2e-16, adjusted R2 = 

0.51) with a lower AIC value (linear model AIC = 1429.38; quadratic model AIC = 1412.75, 

AIC = 16.6) and explained a higher proportion of the variance than a linear model (Fig. 4B). 

Overall a steeper non-linear correlation of much higher significance was observed for K. tristis, 

with the quadratic term being 1.6 times greater in K. tristis (estimate = 0.0013.0e-04, t = 4.42, P = 

2.05e-05; R2 =0.52) compared to K. usitatus (estimate = 0.00061.9e-04, t = 3.35, P = 0.001; R2 = A
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0.51; Fig. 4). To examine for an effect of the number of loci on the relationships, we repeated the 

analysis with a random selection of 436 loci for K. tristis (equivalent number used for K. usitatus) 

and observed a similar significant association (Fig. S9) with a lower AIC value for the quadratic 

model (linear model AIC =1326.53; quadratic model AIC =1310.87; AIC = 15.7). In the 

common dataset, additive polygenic scores derived from 234 unique candidate loci increased 

significantly with elevation (n = 266 individuals; linear model: F (1,264) = 11.88, P = 0.0006, 

adjusted R2 = 0.04) and the quadratic model was significant (F (2,263) = 8.53, P = 0.0002, adjusted 

R2 = 0.053) with a slightly lower AIC than the linear model (linear model AIC = 2416.41; 

quadratic model AIC = 2413.4, AIC = 3.01) and explained a higher proportion of the variance 

(Fig. S10).  Due to high correlations between elevation and climatic variables (Fig. S1) such as 

temperature (Pearson r = -0.88 to -0.98) annual precipitation (r = 0.91) and number of frost days (r 

= -0.75), it was not possible to determine individual effects of each variable and effects of 

elevation were interpreted as a proxy for these climatic variables.

Gene annotation: BLAST search

DNA fragments (i.e. 65bp RAD tags) that contained putatively adaptive SNPs identified via FST 

outlier analysis and EAA were annotated to Locusta migratoria genome and sequences classed as 

‘insects’ in the BLAST (NCBI) database. Annotation to the L. migratoria reference genome 

completely overlapped with annotations classified as ‘insects’ (Table S13). Annotation resulted in 

64 matches (out of 436 unique candidates) for K. usitatus, 46 (out of 701 unique candidates) 

matches for K. tristis and 34 (out of 234 unique candidates) for the common dataset (Fig. S11). All 

annotated SNPs were detected via EAA only. The gene for which the most SNPs were annotated 

to across all datasets was for phospholipase (PLA2G) mRNA (K. usitatus= 29 SNPs, K. tristis =18 

SNPs, common dataset = 16 SNPs). This enzyme is involved in lipid metabolic pathways 

including hydrolyses of phospholipids (GO 0002629). Another noteworthy match was obtained for 

the vitellin B gene (K. usitatus = 1 SNP, K. tristis = 1 SNP) and its precursor vitellogenin gene 

(common dataset = 1 SNP). Vitellin and vitellogenin proteins are stored in yolk granules of insect 

eggs and are used as a food reserve for the developing embryo, and its synthesis in several insects 

is under hormonal control (Harnish & White, 1982). SNPs annotating to this protein were 

associated with climatic variables in both species: precipitation seasonality in K. usitatus, and A
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number of frost days in K. tristis. Other annotations involved membrane receptors mediating cell 

signaling, olfaction and photoreception, endonucleases, and DNA repair proteins (Fig. S11). 

Discussion

We found contrasting patterns of microgeographical adaptation in two related, co-occurring 

species. The species with a narrower elevational distribution (K. tristis) and lower thermal 

tolerance showed stronger genetic differentiation and greater evidence for microgeographic 

adaptation compared to K. usitatus, which has a broader elevational distribution and higher 

thermal tolerance (Slatyer et al. 2016, Yadav et al. 2020). For both species, climatic variables were 

more frequently associated with candidate adaptive loci compared to soil and terrain variables. A 

significant proportion (8.5%) of putatively adaptive loci were shared across the two species, 

indicating some evidence for parallel adaptive responses in these congeneric species. Additive 

polygenic scores positively and non-linearly correlated with elevation (a proxy for temperature) in 

both species, indicating spatially varying selection along the sampled elevation gradients. 

However, a steeper non-linear slope in K. tristis indicates a greater strength of spatially variable 

selection in this species. Gene annotation of candidate SNPs identified from each of the individual 

species datasets and in the common dataset indicated the involvement of genes associated with 

lipid metabolism and development (based on hit frequency). Our analyses found both common and 

disparate signatures of selection across co-occurring species in response to fine scale elevational 

gradients. Our results provide insight into how related species with small differences in niche 

breadth may show contrasting patterns of genetic structure and adaptive genetic variation in 

response to local environmental gradients. 

Genetic structure and spatial autocorrelation

We found two genetic clusters across the two mountain regions (Thredbo and Guthega) separated 

by short geographic distances (~25km) in both K. usitatus and K. tristis. Both of the study species 

are flightless (lack functional wings), semelparous and have a short growing and mating season. 

This translates to limited dispersal capacity and patches of unsuitable habitat are likely to represent 

barriers that drive genetic structure in these species. Despite two genetic clusters in both species, 

we found stronger genetic differentiation in K. tristis with a global FST of 0.045 between the 

regions as compared to 0.025 in K. usitatus suggesting more restricted gene flow in K. tristis. 

These findings build on the observations of a previous study on K. tristis using microsatellite data A
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that found strong phylogenetic divergence across mountain regions in K. tristis (but not within the 

Kosciuszko region), and high genetic differentiation between Thredbo and Guthega mountains at 

small spatial scales of less than 20km (Slatyer et al. (2014). Several other studies on alpine insects 

with low dispersal capacity have noted patterns of fine scale genetic structuring (i.e. within a few 

kilometres) and isolation by distance (Finn, Theobald, Black, & Poff, 2006; Garnier, Alibert, 

Audiot, Prieur, & Rasplus, 2004; Polato et al., 2017). Although we did not find significant 

isolation by distance within regions (i.e. Thredbo and Guthega) for either species, significant 

spatial autocorrelation was detected between 1 and 3 kilometres in both species, indicating more 

restricted gene flow beyond three kilometres. Taken together, the results show limited gene flow 

both within and across mountain regions in Kosciuscola grasshoppers, which may facilitate local 

adaptation at fine spatial scales (Tigano & Friesen, 2016).

Microgeographic adaptation

We found evidence for microgeographic adaptation across an elevation range of 1550-2000m 

within mountain regions and at a ~25 km distance between mountain regions, which was largely 

associated with elevation and climatic variables. The higher proportion of loci under putative 

selection in K. tristis is consistent with the higher genetic differentiation between Thredbo and 

Guthega in this species, suggestive of greater adaptive divergence within regions in K. tristis than 

in K. usitatus. Our finding of more limited gene flow and more pronounced microgeographic 

adaptive divergence in K. tristis suggests that this species will be more sensitive to future shifts in 

climatic and landscape conditions compared to K. usitatus. Furthermore, climate change can 

induce local maladaptation in organisms by causing shifts in habitat conditions where genotypes 

had prior fitness benefits (Anderson & Wadgymar, 2020; Wilczek, Cooper, Korves, & Schmitt, 

2014). In alpine ecosystems, climate change may amplify maladaptation (Anderson, Perera, 

Chowdhury, & Mitchell-Olds, 2015), where genotypes at lower, warmer elevations may gain a 

fitness advantage when compared to genotypes adapted to higher, colder elevations. For high 

elevation species, the opportunity for upslope migration in response to changing thermal 

conditions is limited (Elsen & Tingley, 2015). For example, alpine herpetofauna restricted to 

mountain tops have shown elevational shifts and decline in number due to habitat loss and 

degradation, and global climate change (Gibbons et al., 2000; Parmesan, 2006). Being restricted to 

higher elevations with greater local adaptation to climatic variables across short distances may 

make K. tristis particularly susceptible to increased temperatures and habitat change.A
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Similar genomic responses to selection from common environmental pressures have been 

observed across closely related species and independent populations (Stern, 2013). For example, 

convergence in adaptive genetic variation has been shown in stickleback populations that have 

independently transitioned to aquatic environments (Rennison, Stuart, Bolnick, & Peichel, 2019). 

Similarly, two Arabidopsis species have shown convergence when adapting to soils with toxic 

levels of heavy metals (Preite et al., 2019). Here, the common gene annotations and candidate loci 

under selection that were shared in both grasshopper species provide evidence for parallel genetic 

responses within these closely related, co-occurring species. Our data also confirms a lack of 

hybridization between these species, ruling out possible effects of inter-specific gene flow on 

candidate gene sharing. Furthermore, the vast majority of the common SNPs among species were 

associated with climatic variables, indicating the vital role of climate in driving common adaptive 

responses. 

Observations of the same loci showing signatures of selection among closely related 

lineages is becoming more apparent with the use of genomic approaches (reviewed in Bolnick, 

Barrett, Oke, Rennison, & Stuart, 2018; Elmer & Meyer, 2011; Flood & Hancock, 2017). For 

instance, a review by Conte, Arnegard, Peichel, and Schluter (2012) indicated that on an average, 

the probability of the same gene being involved in a parallel or convergent adaptive response is 

0.32 to 0.55 in nature, which declines with increasing age of the common ancestor. Similarly, local 

adaptation to climatic variables such as temperature can be more repeatable at the genomic level 

as shown by Yeaman et al. (2016) for distantly related conifers. Detecting patterns of parallelism 

in adaptive responses in related species using EAA is a recent approach applied to this question, 

with just a few studies to compare (Jackson et al., 2020), but show promise for a deeper insight 

into the biases and constraints that drive adaptive evolution. 

Our results suggest that climatic variables are associated with the highest number of candidate loci 

when compared to other variables and thus are likely to be a key driver of selection for both K. 

usitatus and K. tristis. Indeed, climatic variables such as precipitation and temperature have been 

found to be important drivers of adaptive differentiation along elevational gradients in insects (e.g. 

frutifly: Barker, Frydenberg, Sarup, & Loeschcke, 2011; bumblebee: Jackson et al., 2020). 

However, in the current study area, climatic variables varied steeply along the sampled elevation 

gradients (~500m long) and to our knowledge such fine-scale selection gradients have hitherto not A
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been documented in wild insects, and particularly in relation to small interspecific differences in 

niche breadth. Further, in the current study we found that soil (i.e. soil pH and soil bulk density) 

and terrain variables were associated with signatures of selection in Kosciuscola grasshoppers 

(Table 1, 2). In grasshoppers, soil properties can influence the viability of offspring by affecting 

oviposition and can regulate the prevalence of parasitic nematodes and entomopathogenic fungi 

(Herrmann, Ko, Bhatt, Jannot, & Juliano, 2010; Milner & Prior, 1994). Our previous study on 

another grasshopper species (Phaulacridium vittatum) found an important effect of soil moisture 

on site relative abundance (Yadav et al., 2018), and soil moisture and pH were associated with loci 

under selection using EAA (Yadav, Stow, & Dudaniec, 2019). Some SNP outliers (n=11) 

associated with soil variables were annotated to genes coding for phospholipase, juvenile hormone 

binding protein, glutamate synthase 1, ras-specific guanine nucleotide-releasing factor, CRAL-

TRIO domain-containing protein and histone-lysine N-methyltransferase for K. usitatus. Similarly, 

for K. tristis, four soil SNPs were annotated to phospholipase, vitellin B and endonuclease-reverse 

transcriptase genes. Terrain properties are important for shaping fine scale distributions, 

movement barriers, and foliage cover, which is relevant for grasshopper thermoregulation 

(Kearney, Shine, & Porter, 2009).

A challenge in tests for selection is distinguishing between truly adaptive signals and neutral 

signals. Genetic signatures of selection can be confounded by neutral demographic and historical 

processes in structured populations (Excoffier et al., 2009) and correction for population structure 

is recommended to avoid false interpretation of selection. However, these corrections can also be 

overly conservative and may remove true signals of selection leading to loss of detection power, as 

shown in a simulation-based study by Forester et al. (2018). In our study, we corrected for 

population structure in both univariate and multivariate detection tests to avoid false detection of 

outliers. A lower number of outliers were detected overall in both species, and in the common 

dataset after accounting for population structure in the ordination analysis (pRDA, Table 2), 

indicating exclusion of false positives. However, the same environmental variables (elevation and 

precipitation seasonality) were detected as important predictors of genetic variation by both 

methods (RDA and pRDA) corroborating an important role of these predictors as key drivers of 

local adaptive responses in the two focal species.

Spatially varying selection A
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We found a strong positive, non-linear correlation between polygenic scores and elevation in both 

K. tristis and K. usitatus, indicating that loci are differentially selected for across elevational 

gradients (Fig. 4). A steeper non-linear slope in K. tristis suggests that the strength of selection in 

K. tristis (measured via the cumulative shift in allele frequencies across loci) is relatively higher 

than K. usitatus with increasing elevation. This is consistent with the more extreme environmental 

conditions encountered by K. tristis within its higher elevation habitat, which may exert a stronger 

selection pressure. Increased selection in accordance with more extreme environmental conditions 

at higher elevations has been demonstrated in several organisms, including grasshoppers 

(Simonson et al., 2010; T. Zhang et al., 2019), but the cumulative response of several loci has been 

rarely reported (Babin et al., 2017). Our results provide evidence that the adaptive response in both 

species is highly polygenic, potentially involving many loci of small effect, with differences in the 

strength of this effect according to variation in species’ elevational niches.

Annotation of candidate genes

Among the several annotations to genes within the Class ‘insects’ we detected, there were multiple 

matches to phospholipase (PLA2) and vitellin B genes. Phospholipase is an important gene 

involved in the hydrolysis of phospholipids, and cell signalling (Aloulou, Ali, Bezzine, Gargouri, 

& Gelb, 2012). It is also involved in maintaining lipid membrane fluidity in the lipid bilayer of 

cells during cold acclimatisation (Nozawa, 2011; Waterhouse et al., 2018). This highlights the 

potential role of phospholipase in metabolic processes associated with cold tolerance, which may 

be beneficial for ectothermic grasshoppers that are confronted with cooler temperatures. Vitellin is 

a major egg yolk protein in oviparous species including insects (Hagedorn & Kunkel, 1979; Tufail 

& Takeda, 2008). Vitellogenin, which is the precursor of vitelline, plays an important role as a 

food resource in the developing embryo in insects (Harnish & White, 1982), and provides material 

for ovary development making it important for insect fecundity (Wu et al., 2018; H. Zhang et al., 

2019). The involvement of vitellin genes in key reproductive pathways suggests that this gene and 

its precursor proteins may provide a fitness advantage. Indeed, studies on honey bees have found 

that the gene is also involved in regulating various behavioural and survival traits, such as 

oxidative stress resilience, immunity and longevity (Amdam, Fennern, & Havukainen, 2012). 

Notably, the multiple hits to Phospholipase and vitelline B genes across all datasets (individual 
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and common), indicates involvement of common genes under selection in both species and a high 

likelihood of parallel evolutionary processes in these congeneric species. 

Conclusion

Our findings demonstrate how small shifts in niche breadths along environmental clines can exert 

measurable selection responses on ecologically similar species. We find both comparable and 

contrasting microgeographic evolutionary patterns across two co-occurring, congeneric 

grasshoppers endemic to the Australian Alps. By using several outlier detection methods and 

additive polygenic scores, we demonstrate that elevation and climatic variables are major drivers 

of local adaptation, even at fine spatial scales of less than 1km. Even subtle changes in climate 

may therefore impose challenges on alpine-restricted insects. Our results are consistent with 

expectations that species with restricted niche breadths will show stronger genetic differentiation 

and exhibit greater local adaptation compared to species with wider niche breadths, while we also 

find that common adaptive responses can simultaneously be maintained across such species. 

Given the increased local adaptation and reduced genetic connectivity observed in K. tristis, the 

species with a narrower niche breadth, it is possible that K. tristis will have reduced evolutionary 

potential under rapidly changing climatic conditions. With predicted increases in temperature in 

the Australian Alps over the coming decades, and the high degree of endemism in this unique 

environment (Hennessy et al., 2008), it is timely and critical that we characterize the evolutionary 

resilience of alpine-restricted species. Alpine environments home to temperature-sensitive insect 

species with fast generation times provide a unique opportunity to investigate microgeographic 

adaptation under the effects of climate change. 
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Tables and figures

Table 1. The number of LFMM outlier associations (N) detected for both the focal species (K. 

usitatus and K. tristis). Classifications represent the broader categorisation of the variables used to 

detect selection. GIF= Genomic Inflation Factor. The total number and unique number (i.e. of 

unique SNPs) of associations per variable is shown.

K. usitatus K. tristis

Variable GIF N GIF N Classification

Elevation 0.8 62 0.76 87 Climate

Precipitation seasonality 0.98 22 1 179 Climate

Number of frost days 0.76 18 0.58 156 Climate

Foliage projective cover 0.73 13 0.61 93 Terrain

Roughness 0.83 2 1 122 Terrain

Soil bulk density 0.61 56 0.6 128 Soil

Soil pH 0.69 35 0.94 30 Soil

Femur length 0.84 2 0.63 80 Morph

Sex 0.8 2 0.66 65 Morph

Total 212 Total 940

Unique 182 Unique 634
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Table 2. Number of outliers detected using ordination approaches for K. usitatus and K. tristis.: 

partial redundancy analysis (pRDA) and redundancy analysis (RDA). Outliers from RDA are 

shown inside brackets. Classifications represent the broader categorisation of the variables used to 

detect selection. 

Variable      K. usitatus     K. tristis Classification

Elevation 43 (69) 34 (17) Climate

Precipitation seasonality 66 (157) 35 (97) Climate

Number of frost days 27 (37) 34 (27) Climate

Foliage projective cover (%) 27 (8) 7 (7) Terrain

Roughness 13 (9) 20 (31) Terrain

Soil bulk density 34 (28) 8 (5) Soil

Soil pH 34 (7) 10 (3) Soil

Femur length 48 (22) 13 (6) Morph

Total 292 (337) 161 (193)
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Figure 1. Sample sites across two mountain regions, Guthega and Thredbo, (total 32 points) for 

both Kosciuscola usitatus (29 points) and Kosciuscola tristis (20 points), with three transects (T1-

T3) per mountain region. Black points indicate sample sites where at least one of the species was 

sampled along each transect. The black square within the inset map shows the location of the 

sampling area within Australia.

A
cc

ep
te

d 
A

rt
ic

le



This article is protected by copyright. All rights reserved

Thredbo Guthega

Thredbo Guthega
T1 T2 T3 T1 T2 T3

Guthega
T1 T2 T3

Thredbo Guthega

Thredbo Guthega
T1 T2 T3 T1 T2 T3

Guthega
T1 T2 T3

Thredbo Guthega

Thredbo Guthega
T1 T2 T3 T1 T2 T3

Guthega
T1 T2 T3

Thredbo Guthega

Thredbo Guthega
T1 T2 T3 T1 T2 T3

Guthega
T1 T2 T3Thredbo Guthega T1 T2 T3

Guthega

T1

Thredbo Guthega

Thredbo
T1 T2 T3

T1

Thredbo Guthega

Thredbo
T1 T2 T3Thredbo Guthega T1 T2 T3

Thredbo

Figure 2. The genetic structure of K. usitatus across (A) Thredbo and Guthega mountain regions 

and within-region across three transects in Guthega (T1= Transect 1, T2= Transect 2 and T3= 

Transect 3). Within-region structure is not shown for Thredbo because of the presence of only one 

cluster (K=1). (B) The genetic structure of K. tristis across Thredbo and Guthega mountain 

regions and within-region across three transects in Thredbo (T1= Transect 1, T2= Transect 2 and 

T3= Transect 3). Within-region structure is not shown for Guthega because of the presence of only 

one cluster (K=1). The proportion of colour in each bar represents the assignment probability of 

individuals to each of the two genetic clusters in each region.
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Figure 3. Partial Redundancy Analysis (pRDA) of (A) K. usitatus and (B) K. tristis in both 

Guthega and Thredbo, showing axes 1 and 2 (percentages on axes titles indicate amount of 

variance explained by each axis). Coloured dots indicate individuals, grey points show the number 

of SNPs, arrows indicate vectors of environmental variables. Precseas = Precipitation seasonality, 
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FPC = Foliage Projective Cover, Rough = terrain roughness, FZ = number of frost days, BD = soil 

bulk density, pH = soil pH, BS= body size.
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Figure 4. The correlation between individual additive polygenic scores and elevation. (A) K. 

usitatus (P = <0.0001, R2 = 0.50) and (B) K. tristis (P = <0.0001, R2 = 0.51). The solid line 

represents the regression line from the quadratic model. Each dot represents the polygenic score 

for each individual grasshopper at its corresponding elevation of capture. 
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