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Abstract 20 

Due to its history of multiple introductions to novel environments world-wide, the house 21 

sparrow has been used as a model species to study local adaption in invasive avian species. New 22 

genomic resources such as a custom 200K SNP array and a house sparrow reference genome 23 

provide great prospects for studying rapid local adaptation in this invasive species. Here we 24 

analyse high-density genome-wide genetic data collected across an extensive range of temperate, 25 

arid and tropical climates, in Australian populations that were introduced from Europe 150 years 26 

ago. We used two Population Differentiation (PD) and two Ecological Association (EA) methods 27 

to identify putative loci subject to selection across these varied climates. A majority of the outlier 28 

SNPs were identified through the use of the Latent Factor Mixed Models (LFMM) EA method 29 

but the BayeScEnv EA method had the strongest overlap with the outliers from the two PD 30 

methods. Out of all the 971 outliers identified across the different methods, 38.3 % were 31 

physically linked (within 20 kbps) to 575 known protein coding regions in the house sparrow 32 

reference genome. Interestingly, some outlier genes had been previously identified in genome 33 

scan studies of broadly distributed species or had strong links to traits that are expected to be 34 

important to local adaptation e.g. heat shock proteins, immune response and HOX genes. 35 

However, many outliers still have unknown relevance and some outliers can be false positives. 36 

Our results identify an opportunity to use the house sparrow model to further study local 37 

adaptation in an invasive species.  38 

Keywords: Passer domesticus, invasive species, local adaptation, ecological association, population 39 

differentiation, natural experiment. 40 

  41 
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Introduction 42 

Phenotypic variation is critical to natural selection and local adaptation, and evidence of 43 

selection acting across varied environmental conditions is often provided by observing 44 

phenotypic differentiation between populations (Arthur, Weeks, & Sgrò, 2008; Ashton, 2002). 45 

Clinal phenotypic variation can be explained by a combination of both phenotypic plasticity 46 

linked to the environment and selection acting on molecular variation linked to both protein 47 

coding genes and gene regulation (Price, Qvarnström, & Irwin, 2003). Genome scan studies aim 48 

to identify regions of the genome that are strongly differentiated between populations due to 49 

selection for adaptation to local conditions (Savolainen, Lascoux, & Merilä, 2013). Genome wide 50 

SNP markers can be used to identify putative loci that are influenced by selection due to them 51 

being physically linked with loci responsible for variation in fitness and life history traits (Hoban 52 

et al., 2016). An increasing number of studies in evolutionary ecology have studied the genetic 53 

regulation of a variety of traits such as: thermal tolerance (Hoffmann et al., 2012; Hoffmann, 54 

Sorensen, & Loeschcke, 2003; Thomas, Kennington, Evans, Kendrick, & Stat, 2017), immune 55 

function (Kim et al., 2015; Shultz, Baker, Hill, Nolan, & Edwards, 2016; Sin et al., 2014; Zueva 56 

et al., 2014) and reproductive life history (Barson et al., 2015). Since 2010 there has been an 57 

increasing number of genome scan studies focused on non-model organisms (Haasl & Payseur, 58 

2016), but those that have linked outlier loci to phenotypic variation or fitness have rarely been 59 

done (Jensen, Foll, & Bernatchez, 2016). 60 

Currently the most common genome scan methods use thousands of SNP markers across 61 

the genome to identify the loci that are subject to selection. Here we focus on two methods for 62 

identifying signatures of local adaptation in wild populations. Population Differentiation (PD) 63 
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methods identify outlier loci across the genome as those with levels of differentiation among 64 

populations that are significantly above the background levels across all loci (Beaumont & 65 

Nichols, 1996). Loci can be outliers due to higher than expected inter-population variation in 66 

allele frequency or heterozygosity due to directional selection on linked genes that explain 67 

phenotypic variation in an adaptive trait, or lower than average differentiation due to balancing 68 

selection on the trait. In addition to selection, genetic drift due to neutral process can cause 69 

changes in allele frequencies that may mimic selection (Lotterhos & Whitlock, 2015). The 70 

demographic history and population structure of study populations has been shown to affect the 71 

False Discovery Rates (FDR) of outliers in genome scan analyses (de Villemereuil, Frichot, 72 

Bazin, François, & Gaggiotti, 2014; Francois, Martins, Caye, & Schoville, 2016; Lotterhos & 73 

Whitlock, 2015; Lotterhos & Whitlock, 2014). Simulations have for instance shown that 74 

populations that fit different demographic models such as Isolation By Distance and the Island 75 

Model, have different FDR estimates (Lotterhos & Whitlock, 2014).  Selection can also drive 76 

significant ‘clinal’ phenotypic differences between populations and cause minor changes in allele 77 

frequency that are correlated with the environment, without there needing to be significant 78 

overall inter-population differences in allele frequencies. Accordingly, Ecological Association 79 

(EA) models scan genomic markers for those that show changes in allele frequency that have the 80 

strongest clinal relationships with the environmental variables of interest (De Mita et al., 2013). 81 

Commonly targeted environmental variables for EA studies are the extreme temperatures 82 

experienced during both summer and winter as well as other important factors affecting survival, 83 

such as aridity, water availability and vegetation cover (Benestan et al., 2016; de Villemereuil & 84 

Gaggiotti, 2015; Frichot, Schoville, Bouchard, & François, 2013; Gautier, 2015).     85 
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Introduced species offer unique opportunities to observe genetic adaptation to drastically 86 

different environments to those they were adapted to in their natural home range (Colautti & Lau, 87 

2015). Another advantage of studying local adaptation in invasive species is that they provide a 88 

unique opportunity to observe evolutionary consequences of natural selection over short time 89 

scales. Introductions to environments that contrast with those in the source population(s) act as a 90 

kind of ‘natural’ experiment for local adaptation. Many introduced populations have been 91 

established for over 100 years, which is a reasonable amount of time for a species to adapt to 92 

dramatically different climate conditions and show the changes in allele frequencies that are the 93 

signatures of local adaptation (Grant et al., 2017). 94 

Here we aim to test if local adaptation has left strong signals of selection across the 95 

introduced house sparrow (Passer domesticus) populations of Australia, that were established 96 

from introductions over 150 years ago (Andrew & Griffith, 2016). The house sparrow is an 97 

obligate commensal species with humans (Anderson, 2006), and although the urban habitat and 98 

food sources that it derives from humans and their livestock are broadly similar across the world, 99 

different house sparrow populations are exposed to considerable climatic variation. Australian 100 

house sparrow populations that were primarily introduced from temperate climates in Western 101 

Europe (Andrew & Griffith, 2016) now cover a wide range of climates with varied temperature 102 

extremes and patterns of seasonality (Table 1). The distribution of the species now covers all of 103 

eastern Australia including temperate, tropical and arid biomes. The temperatures experienced in 104 

these hot arid regions are known to be near the physiological limits of even arid adapted avian 105 

species such as the zebra finch (Calder, 1964). Climatic variables are therefore the focus in the 106 

EA models used in this study. Climate is known to be linked in house sparrows to traits such as 107 



6 
 

reproductive timing, feather density, moulting (Anderson, 2006) and potentially thermal tolerance 108 

(Feder & Hofmann, 1999). Outlier loci physically linked to genes with functional annotations 109 

relating to known fitness and life history traits are  of interest in genome scan studies. Previous 110 

studies have identified outlier loci that are possible associated with adaptation to climate, for 111 

example genes associated with thermal tolerance in domestic ungulates (Kim et al., 2015), 112 

climatic variability in grey wolves (Canis lupus, Schweizer et al. 2016) and water temperature 113 

tolerance for coral species (Thomas et al., 2017). A group of genes that have broadly been 114 

associated with responding to heat stress are Heat Shock Proteins (HSP), these proteins are also 115 

expected to be related to local adaptation to extreme temperatures (Bentley, Haas, Tedeschi, & 116 

Berry, 2017; Feder & Hofmann, 1999; Sørensen, Kristensen, & Loeschcke, 2003).  117 

Background knowledge on genetic population structure for Australian house sparrows will 118 

benefit the sampling design of genome scan studies. For example, a paired sampling design uses 119 

pairs of sample sites that are taken within a genetic population but maximises their environmental 120 

differentiation. This design with multiple pairs of sites can increase the statistical power of 121 

models to detect consistent changes in allele frequency due to selection rather than stochastic 122 

changes due to drift and founder effects (Lotterhos & Whitlock, 2015; Rellstab, Gugerli, Eckert, 123 

Hancock, & Holderegger, 2015). When determining sampling design, population genetic 124 

information can also be used to avoid including the most inbred and bottlenecked populations to 125 

reduce the false discovery of outliers (Foll & Gaggiotti, 2008). Previous descriptions of the 126 

Australian house sparrows’ introduction history (Andrew & Griffith 2016) and population 127 

structure (Andrew et al., 2017) have helped inform the sampling design of this study. 128 

Specifically, in earlier work we identified independent genetic clusters reflecting the 129 
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introductions of the species into the Melbourne, Adelaide, Hobart, Sydney and Brisbane regions 130 

(Andrew et al., 2017).  131 

The house sparrow Affymetrix 200K SNP array (Lundregan et al. in review) was used to 132 

generate high density genomic SNP data from introduced house sparrow populations across 133 

Australia. Using these data we aimed to identify genetic patterns of selection, in relatively young 134 

invasive populations, that could include functional loci that are important for invasion success. 135 

Outlier loci can then be linked to genes on the annotated house sparrow reference genome 136 

(Elgvin et al., 2017) to determine physical linkage with candidate genes connected to traits 137 

important for adapting to varied climates. We test the replicability of our results by using two PD 138 

and two EA methods. Furthermore, candidate functional loci (HSP) identified a priori in the 139 

house sparrow reference genome will be the target of focused observations of changes in allele 140 

frequency that covary with climate.  141 

 142 

Materials and methods 143 

Sampling design 144 

Adult house sparrows were sampled in urban areas from 11 towns/cities across Australia, 145 

we genotyped 16 male individuals from each of our sampling localities (Table 1, Figure 1). These 146 

birds represented samples from each of the five introduction clusters and the main climatic 147 

regions that the species occupies in Australia while we at the same time avoided sample sites that 148 

had potentially been through the most recent demographic bottlenecks. We also used pairs of 149 

sample sites within the same genetic cluster and tried to maximise their climatic differentiation. 150 
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Only males were genotyped because of other research goals. Males also have the advantage of 151 

being the homogametic sex for consistent analysis of Z chromosome loci. The sampling was 152 

carried out during April to September 2014 and in March 2015 under the Animal Research 153 

Authority of the Animal Ethics Committee at Macquarie University (ARA 2014/248). Birds were 154 

captured using mist nets and placed in bird bags until a blood sample could be taken. Blood was 155 

taken from the brachial vein with a capillary tube (ca. 40 µl) and was stored in 800 µl of absolute 156 

ethanol in a 1.5ml Eppendorf tube.  157 

 158 

Environmental data 159 

The latitude and longitude of sample sites was used to extract climatic data from the 160 

Worldclim bioclimatic variables data base (Hijmans, Cameron, Parra, Jones, & Jarvis, 2005). We 161 

extracted three variables for analysis from Worldclim: Maximum Temperature of Warmest 162 

Month (BIO5, hence referred to as “Summer maximum”), Minimum Temperature of Coldest 163 

Month (BIO6, hence referred to as “Winter minimum”) and Temperature Seasonality (BIO4 = 164 

standard deviation of monthly means *100). Seasonality uses the standard deviation of mean 165 

monthly temperatures across the year to quantify temperature change throughout the year, with 166 

larger numbers indicating higher variation between the seasons. A fourth climatic variable was 167 

average Vapour Pressure Deficit (VPD) which is the difference between the current water vapour 168 

in the air and the saturated vapour pressure at the current temperature. We calculated average 169 

daily VPD using the daily maximum temperature and daily vapour pressure (hPa) at 3pm (which 170 

was the time point nearest the hottest part of the day). These climatic variables were downloaded 171 

from Australian Water Availability Project (D. A. Jones, Wang, & Fawcett, 2009) 172 
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via  http://www.bom.gov.au/jsp/awap/.  The esat function in the R library plantecophys 173 

(Duursma, 2015) was used to convert daily maximum temperature to saturated vapour pressure. 174 

The VPD was averaged across the period of years 1950 to 2016 for each site, and was used as a 175 

standard measure of each site’s “dryness/aridity” with higher values at more arid sites (H. G. 176 

Jones, 1992). Aridity varies across our sampling localities and so does seasonality in different 177 

biomes across eastern Australia and this is why these two variables were selected. Variation in 178 

summer and winter temperatures were chosen because they have been widely studied as selective 179 

forces and have been previously studied in the house sparrow (Anderson, 2006; Liebl et al 2015).    180 

 181 

Molecular methods 182 

DNA was extracted using a Gentra PureGene tissue kit (Qiagen, Valencia, CA, USA) 183 

following manufacturer’s instructions. DNA concentrations were standardised to ca.12 ng/µL (in 184 

0.1 mM EDTA/10mM Tris buffer) and 100 µL of DNA in buffer was sent off for genotyping on 185 

the custom house sparrow Affymetrix 200K SNP array (Lundregan et al. in review). All DNA 186 

samples from 176 individuals were sent to CIGENE (Ås, Norway) for genotyping. Genotype 187 

clustering and initial quality checking of SNPs was done by CIGENE: 185 249 SNPs were found 188 

to be polymorphic high quality SNPs, and in total 14 751 SNPs where identified as low quality 189 

due to factors such as low call rate and/or being monomorphic. Using these 185 249 high quality 190 

SNPs we did further quality control and filtering. We removed SNPs with a minor allele 191 

frequency of less than 5% and SNPs that had been genotyped in less than 91% of individuals. 192 

After this filtering only one individual had over 5% missing data but it was only marginally over 193 

(5.3%) so all individuals were kept for future analyses. Finally, there were 162 299 SNPs used in 194 
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further analysis and 176 individuals from eleven Australian sample sites. Calculating minor allele 195 

frequencies and missing data was done using the program PLINK (Purcell et al., 2007). Data 196 

conversion between PED, TPED and RAW formats was also done using PLINK.   197 

 198 

Statistical Analyses 199 

We began by describing the genetic population structure for our sample sites. The number 200 

of population clusters was visualised using a Discriminant Analysis of Principle Components 201 

(DAPC) in adegenet (Jombart, 2008; Jombart et al., 2010). Due to the large size of the SNP 202 

dataset we split our data and used ca. 5 000 randomly selected SNPs for analysis. Using the 203 

“optim.a.score” function, we identified 8 Principle Components (PCs) as the best number for our 204 

DAPCs. Too many or too few PCs can lead to low repeatability of results and over or under 205 

fitting the data (Jombart et al., 2010). The first DAPC analysis was run using the sample site IDs 206 

as cluster labels to see how individuals from the same sample site grouped together and the 207 

relationship between sample site clusters. We also used the “find.clusters” function to identify the 208 

most supported number of meaningful clusters in our data (number of clusters with the lowest 209 

BIC). These cluster labels were then used in a second DAPC to make a scatter plot of the 210 

“meaningful” clusters in the data.  211 

Markers physically linked to loci affected by selection can show much higher than 212 

expected differentiation between populations and hence be a signal of directional selection 213 

(Whitlock, 2015). However, not all differentiated loci are true signals of selection on genetic 214 

variation and FDR can be high in genome scan studies. Information on demographic history can 215 
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therefore be important in selecting the most appropriate statistical methods for the genomic data 216 

(de Villemereuil et al., 2014; Lotterhos & Whitlock, 2014). For example, some methods account 217 

for the genetic population structure observed in the data or perform well when the population has 218 

been through a range expansion (de Villemereuil & Gaggiotti, 2015; Rellstab et al., 2015) 219 

therefore, we have chosen methods that account for neutral genetic differentiation and population 220 

structure. We choose two Population Differentiation methods (PD, outlier loci) and two 221 

Ecological Association methods (EA, allele frequencies correlated with environmental variance) 222 

that have been shown in simulations to be most suitable for populations with similar demographic 223 

histories to invasive species. The R packages of OutFLANK (Whitlock & Lotterhos, 2015) and 224 

PCAdapt (Luu, Bazin, & Blum, 2017) were selected as the two PD methods because they were 225 

shown to have the lowest false discovery rate in range expansion simulations (Luu et al., 2017). 226 

A separate study also found that OutFLANK was a strong performer in simulations of meta-227 

populations with complex demographic histories (Whitlock & Lotterhos, 2015). Our two EA 228 

methods were The R package LFMM (Frichot et al., 2013) and the program BayeScEnv (de 229 

Villemereuil & Gaggiotti, 2015). LFMM had a good balance of power and a low FDR in 230 

simulations with different demographic models (de Villemereuil et al., 2014). The ecological 231 

association method of BayeScEnv also appears to perform well in simulations of complex 232 

demographic scenarios and was intentionally designed to have a capability to account for 233 

underlying population structure (de Villemereuil & Gaggiotti, 2015). Similarly LFMM accounts 234 

for background populations structure be using a latent factor that accounts for genetic clusters 235 

within the data (Frichot et al., 2013). The Two PD methods also look for loci that show 236 

differentiation that is significantly above the background level seen in the populations being used 237 

(Luu, Bazin, & Blum, 2017; Whitlock & Lotterhos, 2015). 238 
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The PD methods of OutFLANK and PCAdapt were run in the statistical program R (R 239 

Core Team, 2017). All figures were also plotted in R and Venn diagrams were drawn using the R 240 

package VennDiagram (Chen, 2016). The options used for the OutFLANK function were as 241 

follows: the left and right trim used before the likelihood function was applied was 0.05; the 242 

minimum heterozygosity required for inclusion was 0.1 and the desired false discovery rate 243 

threshold was 0.05 (q˗threshold), which are the default parameters. The same q-threshold was 244 

used to identify outliers from the PCAdapt analyses using the R package qvalue (Dabney, Storey, 245 

& Warnes, 2010). The pcadapt function in R is a PCs method for identifying outliers (Duforet-246 

Frebourg, Luu, Laval, Bazin, & Blum, 2016; Luu et al., 2017). To work out the correct number of 247 

PCs to use in our PCAdapt analyses we started with K = 20 PCs, and identified 4 useful PCs 248 

using the method described in the tutorial for the package (Link: http://membres-249 

timc.imag.fr/Michael.Blum/PCAdapt.html). The final analyses presented here used these 4 PCs. 250 

We also ran a Communality analysis with PCAdapt, this method option uses the first PC and 251 

generates a differentiation statistic similar to FST (Luu et al., 2017). 252 

The EA methods were run using the same genetic data and four separate environmental 253 

variables (see above). The lfmm function was run in R for each environmental variable, using 10 254 

000 iterations and a burn-in of 5 000. The specified K was 6 (number of population clusters, see 255 

methods above). For this method we choose the relatively strict q˗threshold of 0.001 to define 256 

outliers, all other parameters were kept as default.  257 

The BayeScEnv models were run separately for each environmental variable using the 258 

same options: 10 pilot runs with 2 000 iterations; a thinning interval of 10; 5 000 outputted 259 

iterations and a burn-in length of 10 000. All other options were kept as the default. 260 
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Environmental variables were given in the form of environmental differentiation by using the 261 

difference of site values to the mean of all sample sites. The difference/distance was then 262 

standardised by dividing by the standard deviation across all sites. This is the recommended 263 

method for preparing environmental data for BayeScEnv (de Villemereuil & Gaggiotti, 2015). 264 

 265 

Linked genes and gene ontologies 266 

The physical positions of significant SNPs from each analysis were used to identify if the 267 

SNPs were physically linked to functional regions on the reference genome. The house sparrow 268 

reference genome has 13 685 known protein coding genes (Elgvin et al. 2017). The average LD 269 

across the house sparrow genome drops to approximately double the background level at ca. 20 270 

kbps (background LD at ca. 55 kbps), 20 kbps was used as a conservative window for physical 271 

linkage between SNPs and genes (Elgvin et al., 2017). We recorded all genes within 20 kbps of 272 

each SNP and whether the SNP was within a gene or within a known exon of a gene. The 273 

proportion of SNPs linked to genes was calculated for all analyses.    274 

Many genes in the house sparrow reference genome have been connected to analogous 275 

genes in other species with annotations for their function (Elgvin et al., 2017). These gene names 276 

are used across many species and have been given general functional descriptions called Gene 277 

Ontology terms (GO terms [Ashburner et al. 2000]). To assess if our lists of outlier genes 278 

included groups of genes with shared GO terms that are more common than we would expect if 279 

they were being sampled at random, we used the PANTHER (Mi, Muruganujan, Casagrande, & 280 
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Thomas, 2013; Mi, Poudel, Muruganujan, Casagrande, & Thomas, 2016) gene ontology analysis. 281 

Analyses were run with both the Homo sapiens and Gallus gallus (chicken) reference genomes. 282 

 283 

Results 284 

Out of the 200 000 SNPs on the house sparrow SNP array 185 249 were identified as high 285 

quality SNPs by CIGENE. This was a very similar number to the original filtering of Norwegian 286 

house sparrow data (Lundregan et al. in review). Within our Australian data we found 21 491 loci 287 

with a Minor Allele Frequency (MAF) of less than 5%. After removing loci with MAF < 5%, we 288 

removed a further 1459 loci for having a low call rate (less than 91% of individuals genotyped) 289 

which gave a final overall missing data frequency of less than 1%. There were 162 299 loci 290 

remaining for further analysis, that had been genotyped in 176 individuals from 11 sampling 291 

locations.  292 

Across our sampling localities we found similar patterns of population structure, using the 293 

DAPC method, to previous descriptions of the house sparrow’s population structure using 294 

microsatellite data (Andrew et al., 2017). Based on trial iterations using different subsets of ca. 295 

5000 SNPs we found the most support for 6 ‘meaningful’ clusters across our 11 sampling 296 

locations (See details in supplementary Figure S1). As expected from the genetic structuring 297 

results based on microsatellites, our 11 sampling locations (Figure 1) include locations from 298 

different genetic populations that experience a similar climate, e.g. the Arid environments of 299 

Broken Hill and Mt Isa, and the Temperate climates of Melbourne, Mt Gambier and Adelaide 300 

(Table 1). Some localities were within the same genetic population but experience contrasting 301 
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climates, e.g. Adelaide vs Broken Hill and Toowoomba (Subtropical) vs Townsville (Tropical) 302 

(Table 1).   303 

 304 

OutFLANK and PCAdapt Population Differentiation results 305 

The OutFLANK analysis found one significant outlier when looking at differentiation 306 

across all locations, this SNP (SNPa492110) was located inside an exon of a gene analogous to 307 

RNF20 (E3 ubiquitin-protein ligase BRE1A), on the Z chromosome. This SNP is potentially a 308 

target of balancing selection because all but one of the 176 males genotyped were heterozygous 309 

at this locus, hence the locus had and FST value < 0.0001. Such strong selection at this locus is 310 

unlikely and the result is possibly a technical artefact due to a duplicate region in the genome that 311 

is not present in the Norway populations were the SNP chip was developed. The PCAdapt 312 

analysis using Mahalanobis Distance found 41 significant outliers. Of these SNPs 13 were 313 

physically linked to 21 protein coding regions identified on the house sparrow reference genome 314 

(see Tables S1 and S2 for all outlier SNPs and linked genes referred to in text). The Communality 315 

analysis method in PCAdapt found a more similar result to OutFLANK with no significant 316 

outliers. We extracted the top 100 OutFLANK loci with the smallest P values (“Suggestive 317 

outlier SNPs”) to test if they were consistent with the PCAdapt significant outliers or those from 318 

the EA models. The Suggestive outlier SNPs had a mean FST ± SD: 0.344 ± 0.080 (Table S1), 319 

compared to all SNPs FST: 0.060 ± 0.048, 5 of the suggestive outlier SNPs had FST values < 0.01 320 

and are likely targets of balancing selection, the other 95 loci had FST values > 0.30 which shows 321 

high differentiation. Manhattan plots for the OutFLANK and PCAdapt analyses are presented in 322 

Figure S2. 323 
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FST values from OutFLANK were correlated with the Mahalanobis Distance differentiation 324 

statistics from PCAdapt (c = 58.04, t161094 = 446.20, P < 0.0001, R2 = 0.55, Figure S3a). The 325 

correlation between FST from OutFLANK and the Communality analysis from PCAdapt was 326 

even stronger (beta coefficient = 1.30, t161094 = 594.14, P < 0.0001, R2 = 0.69, Figure S3b). 327 

However, only two SNPs were represented in both the lists of the OutFLANK top 100 suggestive 328 

outliers and the 41 PCAdapt outliers (Figure 2a). These two methods show some repeatability but 329 

they also show an ability to identify outliers using different patterns of differentiation. For 330 

example, the RNF20 outlier was significant using OutFLANK because it showed much lower 331 

than expected levels of differentiation across populations, but was not identified by PCAdapt 332 

which identifies only differentiated loci.  333 

 334 

LFMM and BayeScEnv Ecological Association results 335 

The LFMM models for each of the four environmental variables identified in total 856 336 

SNPs (including 644 unique SNPs after accounting for loci significant over multiple climatic 337 

variables) that were significantly linked to the environmental gradients. The overlap between the 338 

significant SNPs for environmental variables was higher when climatic variables are more 339 

strongly correlated(Figure 2b). For example, across our sample sites summer maximum and VPD 340 

are highly correlated (R2 = 0.90, P < 0.001) in comparison to summer maximum and winter 341 

minimum (R2 = 0.20, P = 0.17). A summary of the number of significant SNPs linked to protein-342 

coding genes for each environmental variable is given in Table 2. The proportion of outlier SNPs 343 

physically linked to genes was relatively consistent and ranged from 33 to 42 per cent between 344 
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environmental variables (Table 2). Manhattan plots of the log transformed P values are presented 345 

in Figure S4 and shows that these outliers are spread relatively evenly across the genome. 346 

The BayeScEnv models for all four environmental variables identified in total 287 SNPs 347 

(including 216 unique SNPs) that were significantly linked to the environmental differentiation 348 

using the q-value method. Using the Posterior Error Probability (PEP) there were 143 significant 349 

SNPs in total and 114 unique SNPs. The overlap between the significant SNPs for each 350 

environmental variable is shown in Figure 2c. As expected there was an overlap between 351 

significant SNPs from correlated environmental variables (Figure 2c). Overall, there was not a 352 

strong overlap between the significant SNPs from the LFMM and BayeScEnv methods with only 353 

three shared SNPs (Figure 2a).  However, 9 of the PCAdapt loci, and 16 of the suggestive 354 

OutFLANK loci overlapped with the BayeScEnv outliers. Showing that the BayeScEnv outlier 355 

loci were more consistent with the outliers from the PD methods than the second EA method. 356 

A summary of the number of significant SNPs for each environmental variable used with 357 

the BayeScEnv method is given in Table 2. The proportion of significant SNPs physically linked 358 

to genes ranged from 33 to 40 percent for q-values and 38 to 42 percent for PEP (Table 2). The 359 

BayeScEnv method found the highest proportion of SNPs within genes. Manhattan plots of log 360 

transformed q-values are presented in Figure S5 and show that these outliers are spread across the 361 

genome. The one exception is a peak on Chromosome 1 for the Winter minimum analysis, but 362 

these SNPs were not within 20 kbps of any known protein coding genes at this time.   363 

Average expected hetrozygosity (HE) across the genome did show some interesting 364 

patterns with mean HE being significantly negatively related to the estimated year of colonisation 365 

(beta coefficient = -0.0002, t9 = -5.21, P < 0.001, R2 = 0.75, colonization dates from Andrew & 366 
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Griffith (2016)). The mean HE also showed a very strong negative relationship with SD (beta 367 

coefficient = -1.28, t9 = -23.05, P < 0.001, R2 = 0.98). Mean HE had a significant negative 368 

relationship with summer maximum temperature but the slope was very minor (Figure 3a, beta 369 

coefficient = -0.002, t9 = -3.47, P = 0.007, R2 = 0.57). 370 

 371 

Heat shock Proteins 372 

Heat Shock Proteins (HSP) are expressed in response to temperature stress and are likely 373 

targets of selection in response to climatic variation, these genes have been targeted to look for 374 

clinal changes in the allele frequency of SNPs linked to HSPs in the house sparrow genome. 375 

There are 25 genes on the house sparrow reference genome that are analogues to HSP (Table S3). 376 

Of these, 19 (76 %) had physically linked SNPs (within ca. 20 kbps) in our final dataset. Two of 377 

these SNPs were linked to a pair of HSPs. The SNP linked to the HSPD1 and hspe1 genes on the 378 

house sparrow genome was significantly associated with the VPD environmental variable in the 379 

LFMM analysis, but none of the other HSP SNPs were outliers. The allele frequencies of this 380 

SNP (SNPa356974) and one other linked SNP (SNPa489897) associated with hsp30c, were 381 

significantly correlated with summer maximum temperature using linear models (Table S3 and 382 

Figure 3b). 383 

 384 

GO analysis 385 

A summary of the significant outlier SNPs from the OutFLANK (top 100 suggestive 386 

SNPs), PCAdapt, LFMM and BayeScEnv methods are listed in Table S1. A full list of the 387 
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physically linked genes to these SNPs that were used in GO term analyses is given in Table S2. A 388 

GO analysis to test if the same GO terms were overrepresented for the OutFLANK and PCAdapt 389 

outliers. Both groups of outliers had no significant GO terms (Table S4).  390 

The LFMM method identified the largest number of significant loci that were also 391 

associated with the largest number of significant GO terms (Table S4). For the LFMM outliers no 392 

significant GO terms were identified for individual environmental variables (data not presented) 393 

but for genes linked to all four variables combined there were some significant terms (Table S4, 7 394 

for Human reference and 2 for Chicken reference). Similarly, for the BayeScEnv linked genes 395 

(using q-value significant SNPs), no significant GO terms were identified for individual 396 

environmental variables (data not presented) but for all four variables combined there was one 397 

significant terms for each reference genome (Table S4). Most of the significant GO terms appear 398 

to relate to cell metabolism and other general categories but not directly to any of the traits we 399 

predicted to be involved in local adaptation in the Australian house sparrows, such as life history, 400 

morphology and thermal tolerance. 401 

 402 

Discussion  403 

All four genome scan methods identified significant SNPs that are potentially linked to 404 

genes involved in local adaptation in introduced Australian house sparrow populations. However, 405 

between methods the number of outlier SNPs varied and the number of SNPs that were 406 

significant across multiple methods was limited (Figure 2a). Interestingly, the strongest overlap 407 

between methods was between the top 100 suggestive SNPs from OutFLANK and the 408 
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BayeScEnv outliers. This result shows that some of the loci with the highest FST values had 409 

differentiation in allele frequencies that also covaried with climatic differentiation. The 410 

percentage of the outlier SNPs linked to genes was higher than a random subset of SNPs in 11 411 

out of 15 test, also higher in 12 out of 15 tests for SNPs within genes and 11 out of 15 for SNPs 412 

within exons (Table 2). There is a large contrast between these four methodologies and as a result 413 

they appear to identify outliers using different signatures of selection. Although there is always 414 

going to be some false positives when using genome scan methods (Francois et al., 2016), we do 415 

find some supporting evidence for there being true signals of local adaptation that we will 416 

discuss. Any potential selection has occurred relatively rapidly over periods ranging from 26 to 417 

75 generations since the establishment of sampled populations across the invasive range in 418 

Australia (generation time in the species being around two years [Jensen et al. 2013]).   419 

The OutFLANK PD method identified only one significant outlier, which had extremely 420 

low levels of differentiation because nearly all individuals were heterozygous for this SNP. This 421 

result is potentially due to a duplicate region in the genome however, since this SNP was inside 422 

an exon a duplication of this exon could have implications for gene function. The linked gene is 423 

analogous to RNF20 which has been related to the epigenetic regulation of gene expression and 424 

chromatin structure (Nakamura et al., 2011). Four other Ring Finger Proteins were also linked to 425 

outlier SNPs from all analyses (RNF10, RNF123, RNF13 and RNF41; there are 101 RNF genes 426 

annotated in the reference genome, and they are 1.23 times over represented in the list of 427 

outliers). There were also other genes linked to outliers that have functions relating to epigenetic 428 

gene regulation (e.g. TRMR13 and NR2C1). In invasive house sparrow populations from Kenya 429 

DNA methylation showed a negative relationship with genetic diversity across the range 430 
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expansion (Liebl et al. 2013), DNA methylation levels are varied across Australia but do not 431 

follow the same pattern and could change in response to environment (Sheldon et al. 2018).  432 

 Outlier loci may be statistically significant in EA analyses, but it can be difficult to 433 

visualize how strongly allele frequencies change with the Environmental variables. By looking at 434 

the linear relationships between allele frequency and climate we see that compared to the LFMM 435 

outliers, the BayeScEnv outliers showe stronger linear relationships when compared to random 436 

subsets of loci (see Figure S6 and S7). Across the BayeScEnv models for the four climatic 437 

variables the strongest linear relationships between the climatic variables and the allele 438 

frequencies were for the summer maximum and VPD outliers. These two variables are highly 439 

correlated (t9 = 8.98, P < 0.001, R2 = 0.90) and many of the outlier SNPs overlapped for both 440 

variables (Figure 2c). The stronger relationships between the allele frequencies of significant 441 

SNPs and the climatic variables of summer maximum and VPD (a metric of aridity) could 442 

indicate that extreme high temperatures are a strong selective force in the Australian context. The 443 

lack of any relationship for the LFMM outliers is potentially explained by the method identifying 444 

significant associations between SNPs frequencies and climatic variation after accounting for 445 

genetic population structure, which is not corrected for in the linear models that were used to 446 

visualise changes in SNP frequency (Figure S6). 447 

At present, we have many outlier loci and this is potentially explained by polygenic 448 

selection causing weak changes in the frequency of many loci (Harrisson et al., 2017). Liking 449 

polygenic selection to a fitness trait is difficult without observing changes in phenotype. We have 450 

identified some key genes of interest (Table 3) and significant GO terms (Table S4) that could be 451 

the target of future research that collects phenotypic and gene expression data. The genes listed in 452 
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Table 3 were physically linked to our outlier loci and were also significant loci in other studies on 453 

local adaptation and functional genetics. Out of all the genes linked to our outlier loci the family 454 

of genes with the highest representation was the Solute Carrier Family (SLC) with 17 linked 455 

genes (there are 326 SLC genes on the reference genome, and they are 1.29 times over 456 

represented in the outliers). These SLC genes are responsible for transporting charged and 457 

uncharged molecules across cell membranes and could be important to a number of traits (César-458 

Razquin et al., 2015). Follow up research on hundreds of outlier loci is not viable in most cases. 459 

However, we would suggest the genes listed in Table 3 as potential targets for future research. 460 

The genes associated with significant GO terms could also be targets for future research but a 461 

database with ecologically relevant GO terms would be more useful when focusing on local 462 

adaptation (Primmer, Papakostas, Leder, Davis, & Ragan, 2013). However, the complex 463 

interactions between genes and environment as well as the interactions between the genes 464 

regulating polygenic traits has made it difficult to do follow up research on outlier loci (Haasl & 465 

Payseur, 2016; Jensen et al., 2016). However, by taking a targeted approach that uses phenotypic 466 

data from traits associated with local adaptation and by targeting genes with related ontology it 467 

can be possible to explain a meaningful portion of the differentiation between locally adapted 468 

populations and an example of this has recently been shown by Campbell-Staton et al. (2017). 469 

Introduced populations are influenced by several factors that will cause changes in allele 470 

frequencies due to genetic drift, occurring simultaneously with any selection (Shultz et al., 2016). 471 

Introduced species are potentially difficult targets for studying local adaptation due to their 472 

complex demographic histories resulting in high levels of neutral genetic drift between invasive 473 

populations (Cristescu, 2015; Estoup & Guillemaud, 2010). Despite the fact that genetic drift is 474 
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expected to affect the whole genome consistently (Messer, Ellner, & Hairston, 2016), when we 475 

screen thousands of loci it is difficult to verify if an outlier SNP is a result of selection on a 476 

phenotype encoded by a linked gene or extremely unlikely patterns of genetic drift. One way to 477 

validate if a SNP is linked to a gene involved in adaptation is to identify if the function of any 478 

linked genes is consistent with any predicted or observed patterns of local adaptation. However, 479 

some SNPs may not be linked to annotated or protein coding regions but may still be important to 480 

selection because they are linked to variants of promoter regions (Grubert et al., 2015) or non-481 

coding RNA (Mercer, Dinger, & Mattick, 2009) that regulate the gene expression patterns that 482 

drive phenotypic variation. As we develop our understanding of the complexity of trait regulation 483 

and use that information to identify important promoter regions, epigenetic markers and non-484 

coding RNA on the house sparrow reference genome our interpretation of outlier loci should 485 

improve.  486 

Many molecular ecology studies that use genomic SNP data have used RADseq and 487 

genotyping by sequencing methods to identify SNP mutations (Puritz et al., 2014). However, 488 

many questions have been asked about the ability of these methods to sample evenly across the 489 

genome (Lowry et al., 2017). If only a few regions of the genome are influenced by selection 490 

then RADseq approaches will have a high probability of missing important results (Tiffin & 491 

Ross-Ibarra, 2014). The house sparrow is the only invasive species to have a high-density SNP 492 

array specifically developed for it, and this genotyping method overcomes some of the biggest 493 

weaknesses of the RADseq methods. The house sparrow 200K SNP array was developed in 494 

Norway using populations from Scandinavia (Lundregan et al. in review). For the first time, the 495 

SNP array has been used on populations outside of that region (the founders of the Australian 496 
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population came from Western Europe). This success highlights the potential of the SNP array to 497 

be a useful tool for studying evolution at a global scale in this species. Previously a review on the 498 

study of invasion genetics in the house sparrow by Liebl et al. (2015) suggested that the future 499 

development of invasion-related research on this model species relied on asking questions on a 500 

global scale. The success and consistency of the SNP array allows for the same informative loci 501 

to be genotyped consistently across most of the genome with minimal missing data, this allows 502 

for questions to be asked coherently at a global scale. Important traits and loci identified using the 503 

house sparrow model system will be valuable to our understanding of their biology and related 504 

taxa that will benefit the conservation of species adaptive capacity.  505 
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Tables and Figures 750 

Table 1. Sample site information. Locality ID number (No.) and population cluster names are the 751 
same as used in figures. Information on climate type, sample site coordinates and environmental 752 
variables Summer max (°C), Winter min (°C), Seasonality, and VPD (average Vapour Pressure 753 
Deficit, units = kPa) are included. Mean expected hetrozygosity (HE) across 162 299 SNPs, and 754 
its Standard deviation for HE (SD) are also reported. 755 
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 757 

Table 2. Proportion of outlier SNPs linked to protein coding regions. The four analysis methods 758 
are included in this table. OutFLANK had one significant SNP and here we show results for the 759 
top 100 suggestive SNPs with the smallest P-values for comparison. The LFMM and BayeScEnv 760 
analyses used four environmental variables and BayeScEnv had two statistics for significance (q-761 
value and PEP). Less than half of the significant SNPs were physically linked (within 20 kbp) to 762 
known genes but many SNPs were also linked to multiple genes. A summary of all unique SNPs 763 
is also given, out of 1427 outliers across all analyses there were 971 unique SNPs. The top row 764 
shows the mean for 10 random subsets of 1000 SNPs from the array. The SNPs in the array were 765 
not selected at random and should be evenly spaced across the genome and sometimes 766 
concentrated in protein coding regions.   767 

Analysis 

Total 
no. of 
outlier 
SNPs 

No. of 
SNPs 
linked to 
genes 

No. of genes 
linked to 
SNPs 

Percentage of 
SNPs linked to 
genes 

Percentage 
of SNPs 
within genes 

Percentage 
of SNPs 
within exons 

Mean for 1000 
random SNPs 1000 371.5 559.7 37.15 13.28 1.63 
All SNPs 971 373 575 38.29 16.29 1.93 
OutFLANK 100 39 57 39.00 15.00 2.00 
PCAdapt 41 13 21 31.71 12.20 0.00 
LFMM       

Summer max 137 58 92 42.34 18.25 0.00 
Winter min 261 109 171 41.76 17.24 2.30 
Seasonality 223 73 125 32.74 13.00 0.45 

VPD 235 96 154 40.85 17.87 1.28 
BayeScEnv       
Summer max: q-value 51 17 24 33.33 17.65 3.92 

PEP 24 9 13 37.50 16.67 4.17 
Winter min: q-value 107 38 64 35.51 13.08 1.87 

PEP 56 21 34 37.50 16.07 1.79 
Seasonality: q-value 40 16 28 40.00 17.50 5.00 

PEP 19 8 16 42.11 26.32 5.26 
VPD: q-value 89 36 51 40.45 20.22 4.49 

PEP 44 18 28 40.91 15.91 2.27 
  768 
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Table 3. Previously identified candidate genes linked to selection. Our outlier loci were 769 
physically linked to 575 genes (Table S2). Due to FDR and the fact that some outlier SNPs were 770 
linked to multiple genes, not all of these genes are likely to be targets of selection. The linked 771 
genes we identify here have been described in similar studies on local adaptation and fitness traits 772 
in vertebrates so are the most likely candidates for local adaptation in sparrows.  773 

Significant 
Gene  

Analysis that 
found outlier 

Function Previously 
identified gene 

Reference Note 

HSPD1, 
Hspe1 

LFMM VPD Heat Shock 
Proteins 

Multiple HSP 
genes 

(Bentley et al., 
2017) 

Up regulation of HSP 
genes in stressed turtle 
embryos 

GNA11 BayeScEnv 
winter min 

Thermal-
tolerance 

GNAI3 (Kim et al., 2015) Found to be associated 
with thermal-tolerance in 
goats and sheep. Both 
genes are G Proteins. 

APOD LFMM VPD 
and Summer 
max 

Cholesterol 
binding and 
control 

APOB (Schweizer et al., 
2016) 

Associated with local 
adaptation to climatic 
variation in broadly 
distributed grey wolves 

 IL22RA2 BayeScEnv 
winter min 

Inflammatory 
response 

IL1R1 (Kim et al., 2015) Linked to nervous and 
autoimmune response for 
goats and sheep across 
climates. 

TLR4 BayeScEnv 
winter min, 
PCAdapt, 
OutFLANK 

Inflammatory 
response 

TLR4 (Grueber, Wallis, & 
Jamieson, 2013; 
Hartmann, 
Schaefer, & 
Segelbacher, 2014; 
Martin, Kidd, Liebl, 
& Coon, 2011) 

Expression increases in 
captive house sparrows, 
affects fitness in Stewart 
Island Robin and 
survival probability in 
Ecuadorian Brushfinch.  

NPY2R LFMM 
seasonality, 
BayeScEnv 
VPD 

Feeding 
behaviour 
and body fat 

NPY2R (Coccurello, 
D’Amato, & Moles, 
2009; Kuo et al., 
2007) 

Linked to stress 
dependent fat acquisition 
in humans and rodents. 

BMP4 LFMM VPD Beak 
morphology 

BMP4 (Abzhanov, Protas, 
Grant, Grant, & 
Tabin, 2004) 

Associated with 
regulating beak 
morphology in Darwin’s 
finches. 

HOXA4, 
HOXA5, 
HOXA7, 
HOXA9 

LFMM 
Winter min 

Embryonic 
development 

HOX genes 
regulate 

development 

(Montavon & 
Soshnikova, 2014; 
Zappavigna, 2017) 

How HOX genes 
regulate embryonic 

development and limb 
formation has been 

studied broadly. 57 HOX 
genes on sparrow 

reference genome (3.05 
times over represented) 

HOXC6 LFMM 
seasonality 

Embryonic 
development 

hoxd3, 
HOXD8 

BayeScEnv 
seasonality 

Embryonic 
development 

 774 
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Figure 1. Map of sample sites across Australia. The points are colour coded based on the genetic 775 
populations defined in Figure S1. The figure legend provides the given names for the genetic 776 
population clusters that are used in Table 1. 777 

 778 

Figure 2. Venn diagrams of outlier SNPs. Panel a) shows a comparison between the outliers of 779 
the OutFLANK, PCAdapt, LFMM and BayeScEnv methods. Here we used the top 100 loci with 780 
the smallest P values from OutFLANK and the 41 significant outliers from PCAdapt. For the two 781 
EA methods, LFMM and BayeScEnv, loci that were significant for multiple environmental 782 
variables were included only once. Panel b) is a Venn diagram showing the overlap of significant 783 
loci identified for the four environmental variables using the LFMM method. Panel c) shows the 784 
overlap between the significant loci identified using the BayeScEnv method. For this Venn 785 
diagram, significant loci were identified by the q-value (q-value < 0.05). The PEP is a more 786 
conservative statistic for significance from BayeScEnv, as a result there were more significant 787 
loci using the q-value than for PEP method, 287 and 143 respectively (totalled across the four 788 
environmental variables). 789 

 790 

Figure 3. Genetic diversity and functional loci. Panel a) plots the mean HE of different sampling 791 
populations against the mean maximum summer temperature. The error bars show the standard 792 
deviation. Panel b) plots the linear relationship for the allele frequencies of SNPs linked to heat 793 
shock proteins against the maximum summer temperature. Significant relationships have lines of 794 
best fit in colour and dots for the sample sites are also plotted. Non-significant relationships are 795 
plotted as black lines of best fit (See full results in Table S3). The red line of best fit and dots are 796 
for the SNP linked to HSPD1 and Hspe1, the blue line and dots are for the SNP linked to two 797 
genes analogous to hsp30c.  798 
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Fig 3  810 
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