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Practical Matters 

• Environmental&Data&Sets&

• Methods&
• SAM&

• Dealing&with&confounding&due&to&
popula(on&structure&

• BayEnv&
• LFMM&

• Other&Mixed&model&methods&

• Simula(onKbased&comparisons&
of&methods&



ISRIC – world soil information database 

hMp://www.isric.org/&

Prac(cali(es:&Environmental&Data&



Climatic Research Unit 
University of East Anglia 

Datasets&are&available&in&the&following&categories:&
•  Temperature&(5°×5°&gridded&versions)&

•  Precipita(on&(5°×5°&and&2.5°×3.75°&gridded&versions)&

•  Pressure&and&Circula(on&Indices&

•  UK&Climate&Indices&

•  Mediterranean&climate&

•  Alpine&climate&data&

•  HighKresolu(on&gridded&datasets&

•  NCEP/NCAR&Reanalysis&data&K&May&2011:&updated&for&2010&

•  Paleoclimate&

•  Drought&indices&

h"p://www.cru.uea.ac.uk/data0

Prac(cali(es:&Environmental&Data&



FAO GeoNetwork 

•  Agriculture&and&Livestock&
•  Applied&Ecology&
•  Base&Maps,&Remote&Sensing&

•  Biological&and&Ecological&Resources&
•  Climate&

•  Fisheries&and&Aquaculture&

•  Forestry&
•  Human&Health&

•  Hydrology&and&Water&Resources&

•  Infrastructures&
•  Land&Cover&and&Land&Use&

•  Popula(on&and&SocioKEconomic&Indicators&

•  Soils&and&Soil&Resources&

•  Topography&

h"p://www.fao.org/geonetwork/srv/en/main.home0

Prac(cali(es:&Environmental&Data&



WORLDCLIM Project provides variables 
at several resolutions 

Fick0and0Hijmans,020170

www.worldclim.org0

Prac(cali(es:&Environmental&Data&

variable& 10*minutes& 5*minutes& 2.5*minutes& 30*seconds&

minimum&

temperature&(°C)&
tmin&10m& tmin&5m& tmin&2.5m& tmin&30s&

maximum&

temperature&(°C)&
tmax&10m& tmax&5m& tmax&2.5m& tmax&30s&

average&

temperature&(°C)&
tavg&10m& tavg&5m& tavg&2.5m& tavg&30s&

precipita(on&(mm)& prec&10m& prec&5m& prec&2.5m& prec&30s&

solar&radia(on&(kJ&

mK2&dayK1)&
srad&10m& srad&5m& srad&2.5m& srad&30s&

wind&speed&(m&sK1)& wind&10m& wind&5m& wind&2.5m& wind&30s&

water&vapor&

pressure&(kPa)&
vapr&10m& vapr&5m& vapr&2.5m& vapr&30s&



Bioclim variables are derived from monthly 
WORLDCLIM data to create meaningful 
variables 

Prac(cali(es:&Environmental&Data&

BIO1&=&Annual&Mean&Temperature&

BIO2&=&Mean&Diurnal&Range&(Mean&of&monthly&(max&temp&K&min&temp))&

BIO3&=&Isothermality&(BIO2/BIO7)&(*&100)&

BIO4&=&Temperature&Seasonality&(standard&devia(on&*100)&

BIO5&=&Max&Temperature&of&Warmest&Month&

BIO6&=&Min&Temperature&of&Coldest&Month&

BIO7&=&Temperature&Annual&Range&(BIO5KBIO6)&

BIO8&=&Mean&Temperature&of&WeMest&Quarter&

BIO9&=&Mean&Temperature&of&Driest&Quarter&

BIO10&=&Mean&Temperature&of&Warmest&Quarter&

BIO11&=&Mean&Temperature&of&Coldest&Quarter&

BIO12&=&Annual&Precipita(on&

BIO13&=&Precipita(on&of&WeMest&Month&

BIO14&=&Precipita(on&of&Driest&Month&

BIO15&=&Precipita(on&Seasonality&(Coefficient&of&Varia(on)&

BIO16&=&Precipita(on&of&WeMest&Quarter&

BIO17&=&Precipita(on&of&Driest&Quarter&

BIO18&=&Precipita(on&of&Warmest&Quarter&

BIO19&=&Precipita(on&of&Coldest&Quarter&



An early method: SAM (spatial analysis 
method) 

• Simple&linear&model&method&

• Use&geoKreferenced&environmental&data&and&marker&data&with&
a&focus&on&microsatellite&data&(for&each&possible&state,&set&to&0&
or&1)&

• Test&associa(on&between&each&allele&and&environmental&
variable&using&logis(c&regression&

• Assess&significance&using&two&methods:&
•  Likelihood&ra(o&test&

•  Wald&test&

&&

Joost0et0al.,02007,02008,0200900

Prac(cali(es:&Methods&



But confounding due to population 
structure may arise if structure correlates 
with the environmental variable 
 

Prac(cali(es:&Methods&

Hot& Cold&

…even&when&the&SNP&has&no&func(onal&effect&



Population Structure causes correlations 
across the genome 

Controlling&for&popula(on&structure&can&provide&

power&to&separate&the&signal&from&noise&

Prac(cali(es:&Methods&



Some methods to deal with Population 
Structure 

• Genomic&control:&Scale&down&the&testKsta(s(c&so&that&its&
median&becomes&the&expected&median.&&

• Use&the&first&n&principle&components&of&the&genotype&matrix&
(Price&et0al.,&2006).&&

• Model&the&genotype&effect&as&a&random&term&in&a&mixed&model,&
by&explicitly&describing&the&covariance&structure&between&the&
individuals.&

Prac(cali(es:&Methods&



BayEnv: a linear mixed model method to 
assess evidence for correlations with 
environment 

• Models&the&joint&distribu(on&of&allele&frequencies&across&popula(ons&
for&a&variant&as&a&func(on&of&

•  Popula(on&‘history’&(null&model)&

•  Popula(on&‘history’&+&environment&(alterna(ve&model)&

• Then&asks&whether&there&is&evidence&a&variant&is&an&adapta(on&to&a&
par(cular&climate&variable&by&comparing&these&two&models&in&a&
Bayesian&framework&

Prac(cali(es:&Methods&



Population history 

• Demographic&history&is&included&in&the&model&via&a&
covariance&matrix&of&popula(ons&

• This&is&different&from&the&assump(on&of&quan(ta(ve&trait&
mapping&approaches,&which&include&the&kinship&matrix&to&
control&for&other&loci&that&contribute&to&the&trait&
(infinitesimal&model)!&

• The&covariance&structure&is&modeled&under&the&
assump(on&that&transformed&popula(on&allele&
frequencies&have&a&mul(variate&normal&distribu(on&

GEAs:&Methods&Prac(cali(es:&Methods&



Bayenv method 

&

&

&

where&y&is&the&vector&of&allele&frequencies,&&

β0&is&the&intercept,&&

μ&is&the&random&effect&term&due&to&popula(on&history,&and&&

ε&is&the&random&error&

x&is&the&environmental&variable,&&

β1&is&the&effect&size&of&environmental&variable&on&allele&
frequencies,&&

&

&

H1:&

H0:&
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0&



Bayenv uses the (predicted) variance/
covariance matrix to control for population 
structure 

Prac(cali(es:&Methods&



Genera(ng&the&kinship&matrix&

Popula(on&allele&

frequency&variable,&

not&constrained&to&

be&between&0&and&1&

Since&the&popula(on&allele&frequency&is&drawn&from&a&normal&

distribu(on,&it&could&be&<0&or&>1,&which&doesn’t&make&sense,&therefore,&

a&simple&transforma(on&is&used:&

GEAs:&Methods&Prac(cali(es:&Methods&



Generating the kinship matrix 

Prior&on&the&

covariance&

matrix&

Prior&on&the&

ancestral&

frequency&at&a&

locus&

Joint&posterior&over&all&loci0

Prior&on&the&

allele&counts&

Prior&on&the&

vector&of&a.f.s&

•  MCMC&to&explore&the&sample&space&and&sequen(ally&update&parameters&

•  Decide&whether&to&accept&θ’l&based&on&the&ra(o&of&the&alterna(ve&to&the&null&

posterior&

GEAs:&Methods&Prac(cali(es:&Methods&



The Bayes factor 

Jeffreys019610

Interpre(ng&the&Bayes&factor&

Prac(cali(es:&Methods&

In0pracIce,0BayEnv0authors0recommend0using0a0ranking0

approach0rather0than0trusIng0the0BFs0are0wellLcalibrated0



Comparison of Bayenv to other methods 

Power&to&detect&a&correla(on&between&allele&frequency&and&climate&

La(tude& Summer&precipita(on&

Prac(cali(es:&Methods&



Bayenv2 

• Allows&calcula(on&of&a&standardized&set&of&allele&
frequencies&by&removing&the&covariance&among&
popula(ons&and&making&the&residuals&available&for&
further&analyses.&

• Use&these&to:&

• Conduct&nonKmodel&based&tests&of&popula(on&
differen(a(on&

• NonKparametric&tests&of&correla(on&(e.g.,&Spearman's&rho)&

Prac(cali(es:&Methods&



Latent factor mixed model approach 
(LFMM) 

• Similar&to&BayEnv,&but&uses&factors(derived(from(the&
covariance&matrix&to&model&popula(on&history&

• IndividualKbased&rather&than&popula(onKbased&

• Simultaneously(models(correla3on(with(popula3on(
structure(and(environment,&so&could&gain&some&power&
when&structure&is&correlated&with&the&environment&

Frichot0et0al.,020130

Prac(cali(es:&Methods&



LFMM: The Model 

Gil0=0μl0+0βl
TXi0+0Ui

TVl0+εil,0
0

where&

G&is&a&response&variable&in&a&Bayesian&regression&model&

Gaussian&prior&distribu(ons&on&μ&and&βl&

Ui
&and&Vl&are&scalar&vectors&with&Gaussian&priors&

Βl&is&a&vector&of&regression&coefficients&

•  Use&Gibbs&sampler&to&move&through&sample&space&&

•  Use&a&stochas(c&algorithm&to&compute&standard&devia(ons&and&zKscores&

for&the&environmental&effects.&&

•  Compare&each&locus&to&the&genomic&background&and&retained&loci&with&zK

scores&exhibi(ng&the&highest&absolute&values&

GEAs:&Methods&Prac(cali(es:&Methods&



Comparison among methods 

De0Villemereuil0et0al.,020140

Highly&Structured&

Isola(on&with&Migra(on&

Isola(on&Migra(on&

Model&

Simulated&gene(c&data&under&different&models:&

Stepping&Stone&

Model&

Popula(on&Differen(a(on&(Bayescan)&

Naive&regression&

LFMM&

Bayenv&

Used&4&approaches:&

&

Prac(cali(es:&Methods&



FDR vs. Significance 

Isola(on&

Migra(on&Model&

Highly&Structured&

Isola(on&with&

Migra(on&

Stepping&

Stone&Model&

Highly&Structured&

Isola(on&with&

Migra(on&

correlated& uncorrelated&

Prac(cali(es:&Method&comparison&



Statistical Power vs. Significance 

Isola(on&

Migra(on&Model&

Highly&Structured&

Isola(on&with&

Migra(on&

Stepping&

Stone&Model&

Highly&Structured&

Isola(on&with&

Migra(on&

correlated& uncorrelated&
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FDR vs. Significance (polygenic case) 

Isola(on&

Migra(on&Model&

Highly&Structured&

Isola(on&with&

Migra(on&

Stepping&

Stone&Model&

Highly&Structured&

Isola(on&with&

Migra(on&

correlated& uncorrelated&
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Power vs. Significance (polygenic case) 

Isola(on&

Migra(on&Model&

Highly&Structured&

Isola(on&with&

Migra(on&

Stepping&

Stone&Model&

Highly&Structured&

Isola(on&with&

Migra(on&

correlated& uncorrelated&

Prac(cali(es:&Methods&



Simulation-based comparison of 
methods under different migration 
models and selfing vs outcrossing 

De0Mita0et0al.,020130

Prac(cali(es:&Method&comparisons&



Included several sampling schemes 
across a grid 

De0Mita0et0al.,020130

Prac(cali(es:&Method&comparison&



Diverse methods included in analysis, but 
useful to see how BayEnv (CWDRP) 
compares to others 

De0Mita0et0al.,020130

Prac(cali(es:&Method&comparisons&



There is some variation in the performance of 
different methods across demographic 
models 

De0Mita0et0al.,020130

Simple&

linear&

model&

BayEnv&

Prac(cali(es:&Method&comparisons&



Several methods perform very poorly 
in models with selfing 

Simple&

linear&

model&

BayEnv&

Prac(cali(es:&Method&comparisons&

Simple&

linear&

model&

BayEnv&



Depending on the migration model and 
sampling scheme, different methods perform 
best 

Prac(cali(es:&Method&comparisons&

Lo"erhos0and0Whitlock020150

IM:&isola(on&migra(on&

IBD:&isola(on&by&distance&

1R:&expansion&from&1&refugium&

2R:&expansion&from&2&refugia&

&



PCA Adapt also performs well 

Prac(cali(es:&Method&comparisons&



Sampling and Scale 

Linear&modelKbased&methods&assume&the&residuals&are&
normally&distributed&and&have&a&constant&variance&

Cases&where&a&single&sample&or&popula(on&is&divergent&
from&the&others&gene(cally&and&resides&in&a&divergent&
environment&are&especially&problema(c&and&can&strongly&
affect&the&results.&

Possible&solu(ons:&

•  & try&transforming&the&data&

•  & leave&out&outliers&
•  &use&a&nonKparametric&method&(e.g.,&BayEnv,&Par(al&
&Mantel)&

Prac(cali(es:&Environmental&Data&



How does power compare across 
different sampling schemes? 

GEAs:&Sampling&scheme&

Lo"erhos0and0Whitlock020150

Prac(cali(es:&Sampling&

Random&vs.&paired&vs.&transects&



Paired > transects > random 
P
o
w
e
r&

Prac(cali(es:&Sampling&

IM:&isola(on&migra(on&

IBD:&isola(on&by&distance&

1R:&expansion&from&1&refugium&

2R:&expansion&from&2&refugia&

&



For some migration models, BayEnv has 
power at a low selection coefficient 

Prac(cali(es:&Sampling&



Genotype-phenotype association studies 
(“GWAS”) are similar to genotype-
environment association studies 

Y = X� + u+ ⇥ u ⇠ N(0,�gK) � ⇠ N(0,⇥eI), , 

• GenotypeKphenotype&associa(on:&&
&Calculate&a&correla(on&between&a&SNP&and&a&phenotype&

while&controlling&for&other&SNPs&in&the&genome&

• GenotypeKenvironment&associa(on:&&
&Calculate&a&correla(on&between&a&SNP&and&an&

environmental&variable&controlling&for&popula(on&structure&

Prac(cali(es:&An&alterna(ve&approach&



Genotype-phenotype association studies 
(“GWAS”) are similar to genotype-
environment association studies 

Y = X� + u+ ⇥ u ⇠ N(0,�gK) � ⇠ N(0,⇥eI), , 

• GenotypeKphenotype&associa(on:&&
&Calculate&a&correla(on&between&a&SNP&and&a&

phenotype&while&controlling&for&other&SNPs&in&the&genome&

Prac(cali(es:&An&alterna(ve&approach&

Mixed&model&approach&for&genotypeKphenotype&mapping&

Phenotype& SNP&

effect&

Kinship&

matrix&

Other&

random&error&

‘Error’&

terms&



Q: 
But why is a covariance matrix used in G-P 
association mapping to represent other SNPs 
contributing to the phenotype?? 

A: 
Fisher’s infinitesimal model states that traits 
are shaped by many many small effect loci 
scattered across the genome   

This0means0that0the0error0term0in0a0GLP0mixed0model0

is0similar0to0the0error0terms0used0in0GLE0associaIons0

Prac(cali(es:&An&alterna(ve&approach&



Q: 
Why is this cool? 

A: 
Because a lot more work has been done to 
speed up G-P association methods 
compared to G-E association methods 

Using0GLE0methods0facilitates0largeLscale0genomeL

wide0analyses0

Prac(cali(es:&An&alterna(ve&approach&



GEMMA 

• We&will&use&GEMMA&for&conduc(ng&climate&correla(on&
analyses&in&the&tutorial&

• GEMMA&uses&a&linear&mixed&model&approach&to&remove&the&
effects&of&kinship&before&es(ma(ng&the&correla(on&between&
a&SNP&and&a&phenotype&(here&climate&variable)&

• GEMMA&is&based&on&the&earlier&EMMA&soyware&and&gives&
equivalent&results,&but&is&much&faster&(linear&in&the&number&
of&individuals&versus&quadra(c).&&

• This&speed&is&accomplished&by&replacing&the&eigen&
decomposi(on&of&the&K(inship)&matrix&with&a&set&of&recursion&
equa(ons&

Prac(cali(es:&An&alterna(ve&approach&



GEMMA 

• GEMMA&provides&an&es(mate&of&β&(PVE)&and&can&conduct&
several&tests&to&assess&significance&for&the&explanatory&
power&of&the&SNP:&

•  LRT&requires&calcula(on&of&ML&es(mate,&but&is&generally&considered&
more&reliable&than&Wald&or&score&

•  Wald&(A&Wald&test&is&conducted&by&comparing&the&coefficient's&
es(mated&value&with&the&es(mated&standard&error&for&the&coefficient&
–&assumes&normality)&

•  Score&test&(CochranKArmitage&test&for&trend&assuming&addi(ve&effect)&

Prac(cali(es:&An&alterna(ve&approach&


