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Abstract
In a context of rapid global change, one of the key components for the survival of 
species is their genetic evolutionary potential for adaptation. Many methods have 
been developed to identify genetic variants underpinning adaptation to climate, but 
few tools were made available to integrate this knowledge into conservation manage-
ment. We present here the SPatial Areas of Genotype probability (SPAG), a method 
to transpose the results of genotype– environment association studies into an evolu-
tionary potential spatial prediction framework. We define a univariate model predict-
ing the spatial distribution of a single- locus adaptive genotype and three multivariate 
models allowing the integration of several adaptive loci in a composite genotype. 
Unlike existing methods, SPAGs provide (a) a flexible approach to combine loci under 
different types of intergenic relationships and (b) a cross- validation framework to as-
sess the pertinence of evolutionary potential predictions. SPAGs can be integrated 
with climate change projections to forecast the future spatial distribution of geno-
types. The analysis of the mismatch between current and future SPAGs (“genomic 
offset”) makes it possible to identify vulnerable populations potentially lacking the 
adaptive genotypes necessary for future survival. We tested the SPAG approach on 
a simulated population and applied it to characterize the evolutionary potential of 
161 Moroccan goats to bioclimatic conditions. We identified seven regions of the 
Moroccan goat genome strongly associated with the precipitation seasonality and 
used the SPAG approach to predict the evolutionary potential. We then forecasted 
the shift in SPAGs under a strong climate change scenario and uncovered the goat 
populations likely to be threatened in future conditions. The SPAG methodology is 
an efficient and flexible tool to characterize the evolutionary potential across a land-
scape and to transpose evolutionary information into conservation frameworks.
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1  | INTRODUC TION

Climate change is causing a shift away from the favourable condi-
tions necessary for the survival of many animal and plant species 
(IPBES, 2019). In order to avoid extinction under these conditions, 
threatened species can either move to more favourable areas or 
adapt to their new environment (Waldvogel et al., 2020). Due to 
limitations in dispersal capacity, loss of favourable habitats and 
increased landscape fragmentation, the possibilities for disper-
sal to new areas are often limited (McGuire et al., 2016; Opdam & 
Wascher, 2004). Tolerance to stressful environments relies on phe-
notypic changes, which can be induced by genetic evolution (Fox 
et al., 2019; Merilä & Hendry, 2014).

The evolutionary potential for adaptation (hereafter referred to 
as evolutionary potential) of a given population can be defined as 
the presence of the genetic variants conferring resistance against 
an environmental constraint (Harrisson et al., 2014). Information 
on evolutionary potential can have major implications in the de-
sign of efficient conservation strategies (Hoffmann & Sgrò, 2011; 
Nicotra et al., 2015; Sgrò et al., 2011; Shafer et al., 2015). For in-
stance, it could complement models on species distribution and 
provide a more pertinent view of biodiversity richness (Waldvogel 
et al., 2020). In addition, the current distribution of adaptive ge-
netic variants could be compared with climate change projections 
to identify populations lacking the genetic characteristics nec-
essary for future survival (notion defined as "genomic offset,” or 
“genomic vulnerability”; Bay et al., 2018; Capblancq et al., 2020; 
Fitzpatrick & Keller, 2015). The characterization of the evolution-
ary potential of a population follows a two- step framework: first, 
the genetic variants involved in local adaptation are uncovered, 
and then, their distribution across an area of interest is predicted 
(Peterson et al., 2019).

The fields of population and landscape genomics have produced a 
wide spectrum of approaches to uncover genetic variants involved in 
local adaptation of natural populations (Luikart et al., 2003; Rellstab 
et al., 2015). In outlier tests (or genome scans), loci deviating from 
the neutral distribution of genetic variation (outliers) are considered 
as potentially adaptive (Luu et al., 2017). Such analyses are often 
complemented by genotype– environment association (GEA) meth-
ods, which investigate how the genetic variation of a population 
matches the environmental variability of the landscape where the 
population is living (Rellstab et al., 2015). For instance, redundancy 
analysis (RDA) can be used to assess how the distribution of a group 
of loci can be explained by a set of environmental descriptors (i.e. 
multi- loci adaptive genotypes; Legendre & Legendre, 2012). Other 
GEA methods investigate the association between environmen-
tal variables and single loci (i.e. single- locus adaptive genotypes). 
These methods are implemented in software like Bayenv (Günther 
& Coop, 2013), LFMM (Frichot et al., 2013), gINLAnd (Guillot 
et al., 2014) or Samβada (Stucki et al., 2017). The latter is designed 
for high- performance computation and is therefore attractive for 
whole genome- scale genotyping. In addition, Samβada has recently 
been complemented with an R- package facilitating the uptake of the 

method (R. Samβada, Duruz et al., 2019, with dedicated guidelines to 
boost statistical power via sampling strategy as proposed in Selmoni 
et al., 2020).

Over the last decade, different methods have been proposed to 
transpose the results of GEA analyses into evolutionary potential 
spatial prediction frameworks (Waldvogel et al., 2020). One of the 
most straightforward approaches defines the evolutionary poten-
tial as the sum of the adaptive genotypes observed in an individual 
(polygenic scores; Gagnaire & Gaggiotti, 2016). For instance, Babin 
et al. (2017) applied this method to adaptive genotypes (uncovered 
using RDA and Bayenv) in American eel. Linear and generalized 
linear models were then employed to evaluate how the polygenic 
scores of sampled individuals matched the environmental conditions 
at the sampling locations. A similar approach was applied to loci 
adaptive for aridity (identified using LFMM and gINLAnd) in sugar 
beet (Manel et al., 2018). Importantly, the study is one of the few 
that cross- validated the predictions on evolutionary potential on a 
separated dataset. There are also more sophisticated methods to 
predict evolutionary potential at population- level and across mul-
tivariate environments. For instance, Razgour and colleagues (2019) 
recently assessed the frequency of adaptive genotypes in distinct 
populations using LFMM and RDA, and then employed the RDA or-
dination axes to project the expected genotype frequencies across 
the environmental space. Another framework based on genotype 
frequencies at population- level is the one proposed by Fitzpatrick 
and Keller (2015). This framework first employed outlier tests and 
Bayenv to identify adaptive loci in balsam poplar populations and 
then alternatively used a nonlinear extension of matrix regression 
method (generalized dissimilarity modelling) or a nonparametric ma-
chine learning algorithm (Gradient Forest) to predict evolutionary 
potential.

Despite the usefulness of the existing approaches for predicting 
the evolutionary potential, there are still important gaps that need 
to be filled. One of the main issues is that evolutionary potential is 
often described as a sum of the effects of single adaptive genotypes 
(Gagnaire & Gaggiotti, 2016). Such a view of additive genetic ef-
fects is well established, but neglects the fact that epistatic genetic 
structures can also underpin adaptation (Hansen, 2013). Under an 
epistatic view of adaptation, the selective advantage provided by 
an adaptive genotype depends on the presence or absence of other 
adaptive genotypes. For instance, two adaptive genotypes can be 
considered as equivalent when the presence of one genotype, re-
gardless of the other, is sufficient to confer the selective advantage 
(Thompson & Jiggins, 2014). This situation can also concern loci im-
plicated in adaptation to different environmental constraints, since 
the molecular basis of stress responses can converge towards com-
mon physiological mechanisms (Pandey et al., 2015). Understanding 
how the combined effects of different loci contribute to the evo-
lutionary potential requires (a) a flexible framework to combine 
adaptive loci in different additive/epistatic relationships when com-
puting the evolutionary potential and (b) a rigorous cross- validation 
approach to assess how pertinent evolutionary potential predictions 
are under the different additive/epistatic relationships.
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1078  |     ROCHAT eT Al.

We propose here a novel approach to predict the frequency of 
adaptive genotypes called SPatial Areas of Genotypes Probabilities 
(SPAG). The SPAG approach is based on logistic genotype– 
environment associations (Joost et al., 2007) and takes as input the 
results of the GEA software Samβada (Stucki et al., 2017). By relying 
on conditional probability theory, the SPAG approach allows for the 
combination of adaptive genotypes in different types of intergenic 
relationships. The resulting SPAGs can be used to portray the evolu-
tionary potential across an area of interest or to identify vulnerable 
populations that may be threatened by climate change. Importantly, 
the SPAG approach features a cross- validation step to assess the 
accuracy of the predictions on evolutionary potential. We intro-
duce the theoretical bases of SPAGs and validate the approach with 
a simulated dataset. We then apply our approach to a case study 
on Moroccan goats to characterize their evolutionary potential to 
current climatic conditions and to predict genomic offset to climate 
change.

2  | MATERIAL AND METHODS

2.1 | SPAG approach

The SPAG approach is based on the spatial analysis mMethod (SAM; 
Joost et al., 2007) implemented in the GEA software Samβada to un-
cover candidate adaptive single- locus genotypes (Stucki et al., 2017). 
We first describe the SAM method and then show how the results 
of SAM can be used to predict spatial areas of genotype probabili-
ties. Four different types of SPAGs are described (univariate SPAG, 
Intersection- SPAG, Union- SPAG and K- Percentage- SPAG), mirroring 
different possibilities of intergenic relationships between adaptive 
loci.

2.1.1 | Logistic regressions (SAM)

The SAM method assumes a linear response of the genotype to the 
environmental variable and uses logistic regressions (Formula 1) to 
assess the probability of presence of a (single- locus) genotype G1 as 
a function of an environmental variable (x1),

where β0 and β1 are the parameters of the regression to be fitted. 
Independent univariate logistic regressions can be computed be-
tween each genotype and each environmental predictor, and sig-
nificant associations can be identified using statistical tests. Joost 
et al. (2007) suggested the combined use of a likelihood ratio (G 
score) and a Wald test. The likelihood ratio (G) compares the likeli-
hood of a model with the likelihood of a null model without the envi-
ronmental variable of interest. The null hypothesis is that the model 
considered does not explain more variance than the null model, that 

is the environmental variable considered does not help in predict-
ing the probability of presence of the genotype. The Wald test is a 
common statistic used to estimate whether a parameter is equal to 
a given value. In our case, it is used to reject the null hypothesis that 
the β parameter associated with an environmental variable is equal 
to 0, which would also indicate that it has no effect on the probabil-
ity of finding the genotype.

2.1.2 | Univariate SPAG

Once a single- locus genotype involved into a significant association 
with an environmental variable has been identified, Formula (1) ena-
bles the estimation of the probability of presence of the genotype 
for any value of the environmental variable (x1). We consequently 
used it to estimate and delimit on a map the probability of presence 
of a genotype over the whole region of interest (Joost, 2006; Rochat 
et al., 2016). We named such a delimited surface univariate Spatial 
Area of Genotype Probability (SPAG).

2.1.3 | Intersection- SPAG (I- SPAG)

The Intersection model (I- SPAG) is used to compute the probability 
that a set of single- locus genotypes are all simultaneously present. 
This corresponds to the situation where the evolutionary potential 
is defined by the additive effect of complementary loci (Gagnaire 
& Gaggiotti, 2016). Following the theory of conditional probability 
(Kolmogorov, 1956), the probability of simultaneous presence of n 
adaptive single- locus genotypes Gi, i = 1:n can be computed using 
Formula 2:

where p
�
Gn �

⋂
n− 1
i= 1

Gi

�
 is a conditional probability that can be esti-

mated using a logistic regression where 
⋂

n− 1
i= 1

Gi is integrated as a co-
variate (Formula 3).

However, as we would like to use this model to predict the prob-
ability of presence of the genotypes for any point of the region of 
interest, that is also where Gi values are unknown, we suggested to 
estimate 

⋂
n− 1
i= 1

Gi by p
�⋂

n− 1
i= 1

Gi

�
.

Using the associative property of the intersection operator, the 
intersection of n genotypes can be computed by starting with the 
univariate model p(G1), which is used as a covariate to compute 
p(G1 ∩ G2), itself used to compute p(G3 ∩ (G1 ∩ G2)), etc. Formula 
(3) can thus be implemented with a recursive model based on the 
univariate formula in which covariates are added (see File S1 for 
more details). We implemented this model as an R function available 

(1)p (G1) = p (G1 = 1 |x1 ) =
eβ0 + β1x1

1 + eβ0 + β1x1
,

(2)p

(
n⋂

i=1

Gi

)
= p

(
n−1⋂

i=1

Gi

)
p

(
Gn |

n−1⋂

i=1

Gi

)

(3)p

�
Gn �

n−1�

i=1

Gi

�
=

eβ0 + β1xn + β2
⋂

n − 1
i = 1

Gi

1 + eβ0 + β1xn +β2
⋂

n − 1
i = 1

Gi
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following the link given in the section “code availability” at the end 
of the manuscript.

2.1.4 | Union- SPAG (U- SPAG)

The union model (U- SPAG) is used to compute the probability of 
finding at least one of the adaptive single- locus genotypes of in-
terest. This view of evolutionary potential corresponds to the epi-
static situation where the presence of an adaptive single- locus 
genotype is sufficient for securing the selective advantage, while 
additional adaptive genotypes do not confer additional advantages 
(Hansen, 2013). We implemented it with the inclusion- exclusion 
principle (e.g. for two genotypes: p(G1 ∪ G2) = p(G1) + p(G2) − p(G1 
∩ G2)). We implemented the generalized formula for n adaptive geno-
types (Formula 4), as an R function based on the intersection model 
previously described (see code availability and File S1).

2.1.5 | K- percentage SPAG (K- SPAG)

Finally, we developed a K- percentage model (K- SPAG) to estimate the 
probability that an individual carries K% of n adaptive single- locus 
genotypes. This view of evolutionary potential is at the crossroads 
between the additive situation, described in the I- SPAG, and the epi-
static situation of U- SPAG. Here we assume that a higher number of 
adaptive single- locus genotypes increases the selective advantage 
(additive effect), but also that when a sufficient number of adaptive 
genotypes is present, there is no additional selective advantage as-
sociated with additional genotypes (epistatic effect). This probability 
can be computed by combining formulas from the union and inter-
section models (Formula 5, explained in more detail in File S1). Again, 
this formula was implemented as an R function (see code availability).

Note that all multivariate models allow the integration of adap-
tive genotypes associated with various environmental variables 
since the environmental variable xi used to compute p(Gi) can be 
different for each i.

2.2 | Simulation study

In order to test the SPAG approach, we first computed a simu-
lated dataset using the individual- based population genetics model 
software CDPOP 1.3 (Landguth & Cushman, 2010; Landguth 
et al., 2020). We simulated individual genetic exchanges and natu-
ral selection across 300 non- overlapping generations among 200 

individuals randomly located in a 500 × 500 gridded landscape. 
For the breeding parameters, we considered a sexual reproduc-
tion, with random mating, both male and female with replacement, 
no selfing, no philopatry, no multiple paternity, equal sex ratio and 
each mated pair producing three offspring. The movement of the 
individuals was linearly restricted as a function of the Euclidean 
distance, with a maximum dispersal corresponding to 25% of the 
entire landscape. We simulated 50 diallelic loci, with three loci 
under selection (L0, L1 and L2). The selection was implemented 
using three 500 × 500 raster gradients, the first from north to 
south (X0), the second from east to west (X1) and the third from 
northwest to southeast (X2; see Figure 1a). We set the average 
effects bL0A0A0 = 10 and bL0A1A1 = −10 for the locus L0 with 
the environmental variable X0, which indicates that the genotype 
A0A0 from locus L0 will be favoured in the south (where X0 = 1), 
whereas A1A1 will be favoured in the north (where X0 = −1). We 
set similar effects for the locus L1 with the environmental variable 
X1 and L2 with X2. All other beta effects were set to 0, indicat-
ing no influence of the environmental variable to the distribution 
of genotypes. All genotypes were randomly initialized at the be-
ginning of the simulations. The exact list of simulation parameters 
used is provided in File S2.

Univariate logistic regressions were then applied to the genetic 
data of individuals at the 300th generation in order to identify the 
most significant associations, which should highlight loci under se-
lection. Univariate and multivariate SPAGs were then applied to es-
timate the probability to find these genotypes across the simulated 
landscape. The results were validated using a cross- validation proce-
dure presented below.

2.3 | Moroccan goat

2.3.1 | Genetic data

The real case study focussed on goats (Capra hircus) from 
Morocco. The genetic dataset was produced in the context of 
the NEXTGEN project (Alberto et al., 2018). The NEXTGEN pro-
ject produced whole genome sequences data for 161 Moroccan 
goats from 6 different local breeds. Since goat production sys-
tem in Morocco is mainly free range, these goats are living from 
8 to 12 months outdoors (Boujenane, 2005) and are confronted 
to contrasting environmental conditions, from the Sahara desert 
to the Atlas Mountains (see File S3). The goats were sampled in 
161 farms chosen such to be representative of the range of en-
vironmental conditions observed in Morocco (Stucki, 2014). The 
sequencing method is described by Benjelloun et al. (2015) and 
allows to genotype 31.8 M of SNPS mapped to the goat's refer-
ence genome CHIR v1.0 (Dong et al., 2013). The genetic dataset 
was filtered such as to keep only autosomal, bi- allelic SNPs, with 
a maximum missingness per individuals and per site of 0.05 and 
a maximum major genotype frequency of 0.9. The final dataset 
contains 8,497,971 SNPs.

(4)

p

(
n⋃

i=1

Gi

)
=

n∑

i=1

p
(
Gi

)
−

∑

i< j

p
(
Gi ∩ Gj

)
+

∑

i< j< k

p
(
Gi ∩ Gj ∩ Gk

)
+… + (−1)n− 1 p

(
n⋂

i=1

Gi

)

(5)p
(
K%Gi=1,…n

)
= p

(
n

∪
i=1

∩
1≤ i1 < i2 <⋯< i(K%∗n+1)

(
Gi1

∩ Gi2
∩… ∩ Gik
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F I G U R E  1   SPAG— Simulated dataset. Univariate and multivariate spatial areas of genotypes probability (SPAG) for the simulated dataset. 
The identifiers of the presented models (S1, S5, S8) refer to Table 1. Please refer to Box 1 to interpret the validation graphs shown on the 
right of each map
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2.3.2 | Environmental data

The climatic conditions of the sampling locations were characterized 
using the 19 bioclimatic variables (File S4) from the WorldClim da-
tabase (https://www.world clim.org/), representative of the period 
1960– 1990 (Hijmans et al., 2005). Each variable was retrieved as a 
raster layer with a spatial resolution of 30 arc- seconds (approx. 1 km2), 
and values were extracted for all sampling locations using the extract 
function from the R- package raster (Hijmans & van Etten, 2012). In 
order to get a comparable scale of values for all bioclimatic variables, 
we applied a standardization by subtracting the mean and dividing by 
the standard deviation. Some of the bioclimatic variables are highly 
correlated. However, we choose to keep all of them to be able to 
identify a posteriori which variable had the strongest effect. Since 
no models computed involved more than one environmental variable 
simultaneously, this collinearity will not impact the results.

2.3.3 | Population structure

We ran a preliminary analysis of population structure to evaluate the 
possible confounding role of neutral genetic variation on the detec-
tion of adaptive genotypes (Li et al., 2012). The genetic population 
structure was estimated with a principal component analysis (Price 
et al., 2006; Reich et al., 2008) computed with the function snpgd-
sPCA from the SNPRelate R- package (Zheng et al., 2012). In order to 
avoid a strong influence of SNP clusters on this analysis, we used 
here a pruned set of SNPs that are in approximate linkage equilib-
rium with each other. The pruning was performed with the func-
tion snpgdsLDpruning from the SNPRelate package, with a threshold 
D′ = 0.2. The resulting datasets contain 59,224 SNPs.

The cumulated variance explained by the 10 first PCA compo-
nents on the SNP markers represents only 8.1% of the total variance, 
and the increase in variance explained is almost proportional to the 
number of components, which highlights that there is no clear sub- 
structure (File S5). We thus performed the GEA analysis without any 
covariates for population structure.

2.3.4 | Logistic regressions and SPAGs

Logistic models were computed for all the combinations of single- 
locus genotypes with the 19 bioclimatic variables. The statistical 
significance of the model was assessed using Wald test and log- 
likelihood ratio (G), both corrected for the false discovery rate 
due to multiple comparisons using the procedure proposed by 
Benjamini and Hochberg (1995), under an expected false discov-
ery rate (FDR) of 0.05 (i.e. 5% of the results expected to be false 
positives). An association was considered as significant if both the 
models without covariates and with population covariates were 
significant.

In order to identify potential functions of the SNPs involved 
into the significant associations, we used the NCBI Genome Data 

Viewer (https://www.ncbi.nlm.nih.gov/genom e/gdv/brows er/
genom e/?id=GCF_00031 7765.1) to search for the presence of an-
notated genes in the genomic region of 10kbp surrounding the SNPs 
of interest. All analyses were computed using a combination of the 
Samβada software (Stucki et al., 2017) and a custom R- script based 
on the glm function.

Finally, the significant logistic regressions uncovered by the 
genotype– environment association analysis were used to compute 
the SPAGs. We computed (a) the univariate SPAG for every signif-
icant single- locus genotype; (b) the bivariate and trivariate I- SPAGs 
and U- SPAGs for every combination of significant single- locus gen-
otypes; and (c) the trivariate K- SPAGs (percentage = 0.66) for every 
combination of significant single- locus genotypes. Note that all 
SPAGs were computed using the absolute value of the coefficient of 
regression (β1) describing the relationship between genotypes and 
environmental variable.

2.4 | Validation procedure

SPAGs were validated with a cross- validation procedure, using 25% 
of the individuals to compute the SPAG (i.e. 50 individuals for the 
simulated datasets, 41 individuals for the Moroccan goats) and the 
remaining 75% to test it. Training individuals were selected such to 
represent the entire range of values of the environmental variable 
under study (see File S1 for the exact procedure). The model was 
validated using the area under the receiver operating curve com-
puted with the testing dataset (AUCtest, Fielding & Bell, 1997) and 
a custom validation graph presented in Box 1. The cross- validation 
procedure was repeated 10 times. In order to avoid bias due to rare 
genotypes occurrences, we applied this cross- validation procedure 
only when at least 10 individuals carried the genotype of interest.

2.5 | Genomic offset under climate change

We used the Moroccan goat dataset to present an application of 
the SPAG for predicting the distribution of adaptive genotype(s) 
under climate change. In order to predict the genotype frequency 
optimal for future conditions, we retrieved Worldclim data for 
the year 2070, corresponding to a strong climate change scenario 
from the Max Planck Institute Earth System Model (MPI- ESM- LR; 
Giorgetta et al., 2013) with a Representative Concentration 
Pathway equals to 8.5 (RCP 8.5). We then assume that the optimal 
genotype frequency for future conditions should be close to the 
genotype frequency currently observed in areas with climatic con-
ditions resembling the future ones. We thus applied the current 
parameters of the logistic regressions on the future environmental 
variables in order to derive the future SPAGs for the genotypes of 
interest. We then studied the genomic offset between the current 
and future SPAGs to identify vulnerable populations for which 
specific genotype frequencies should be higher for individuals to 
adapt to the future conditions.
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3  | RESULTS

3.1 | Simulated dataset— logistic regressions

The 10 most significant genotype– environment associations ob-
tained with the simulated dataset ranked on the basis of the likeli-
hood ratio (G) are presented in Table 1. We observed that the three 
loci simulated as under selection (L0, L1, L2) were coherently identi-
fied as the most significantly associated with the environmental vari-
ables under study.

3.2 | Simulated dataset— SPAGs

We focussed on the three single- locus genotypes under selection 
(corresponding to models S1, S5 and S8), and we evaluated how 
using different types of SPAGs modulated the predictive power 
of the approach. Figure 1 displays an example for every type of 
SPAG.

Univariate SPAGs resulted in an average AUC of 0.84 ± 0.05 
(Table S1). Figure 1b presents the univariate SPAG for the model S1 

(Locus L1, genotype A0A0 associated with the environmental vari-
able X1). Since this locus was simulated as under selection with the 
east– west gradient X1, the resulting SPAG coherently shows a sim-
ilar gradient. The results are validated by the validation graph for 
almost the entire range of probability values, except close to 0.8, 
where the SPAG slightly overestimated the probability of presence 
of the genotype.

Intersection- SPAGs (I- SPAGs) generally showed higher AUCs, 
compared to univariate SPAGs (bivariate I- SPAGs: AUC = 0.91 ± 0.03; 
trivariate I- SPAG: AUC = 0.92 ± 0.02; Table S1). Figure 1c shows the 
I- SPAG for the three single- locus genotypes under selection. It indi-
cates a very low probability of finding them all simultaneously, ex-
cept in the southeast of the simulated area (where all environmental 
gradients had values close to 1).

Union SPAGs (U- SPAGs) resulted in AUCs systemati-
cally lower than in univariate and I- SPAGs (bivariate U- SPAGs: 
AUC = 0.80 ± 0.03; trivariate U- SPAG: AUC = 0.78 ± 0.02; 
Table S1). Figure 1d presents a U- SPAG of three single- locus gen-
otypes under selection. It shows that the probability of finding 
at least one of them is higher than 0.5 in most of the area. The 
validation graph indicates that the model failed to estimate the 

BOX 1 Validation graph

SPAGs indicate the probability of finding one or more genotypes of interest in a territory (panel below). For a given probability 
threshold value (e.g. th = 0.6), we can thus use the SPAG to delimit the area where the probability of finding the genotype(s) of inter-
est is predicted to be greater or equal to this threshold (e.g. p ≥ 0.6). If the SPAG is valid, the frequency of the genotype(s) observed 
among the testing individuals located within the thresholded SPAG should effectively be greater or equal to the threshold value, 
whereas it should be less outside.
The goal of the validation graph presented in this box is to evaluate the predictive power of SPAGs for different levels of genotype 
probability. We thus calculated the observed genotype frequencies inside and outside the thresholded SPAGs for each threshold 
value between 0 and 1 (with a step of 0.1), and we presented the results on a graph (panel below). The green line indicates the geno-
type frequency observed inside the thresholded SPAG, whereas the red line shows the genotype frequency observed outside it. A 
black line indicates the limit case where the observed genotype frequency is equal to the threshold value. For a given level of geno-
type probability, the SPAG is thus validated if the green line remains above the black line and the red line remains below it. The green 
and red areas around the lines indicate the 95% confidence intervals for each line, computed on the basis of the 10 cross- validation 
runs. We also presented on the graph the percentage of individuals located within the thresholded SPAG (grey line) and outside it 
(dotted grey line). The hatched grey areas indicate ranges of testing values where there was less than 5 individuals remaining inside 
or outside the thresholded SPAG, which was therefore considered not to be usable for the validation.
For a threshold value th = 0.4, the SPAG is validated since 50% of the testing individuals located within the area SPAG ≥ 0.4 carry the 
genotype of interest, whereas only 26% carry it outside (SPAG < 0.4). Inversely, the model is not validated for th = 0.6, since only 54% 
of individuals carry the genotype of interest within the area where the SPAG predicted a probability of at least 0.6 (SPAG ≥ 0.6). The 
model is also not valid for a value th = 0.2 since 23% of individuals carry the genotype of interest in the area SPAG < 0.2.
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probability of finding the genotypes for threshold values below 
0.2 and above 0.8.

The AUC of the K- SPAG was higher than the univariate and U- 
SPAGs (AUC = 0.87 ± 0.02). Figure 1e depicts the probability of find-
ing at least two of the three single- locus genotypes under selection, 
which is high in the southeast of the map. The validation graph in-
dicates that the predictive power of the K- SPAG was usable for any 
level of genotype probability.

3.3 | Moroccan goats— logistic regressions

More than 483 million logistic association models were computed. 
After correction for false discovery rate with a significant 

threshold of 5%, no model was significant according to the Wald 
score, but seven models were significant according to the G score 
(Table S2a). Among them, three models were strongly associated 
with the precipitation seasonality (bio15, Figure 3a), which is the 

coefficient of variation 
(
CV =

SD

mean

)
 of the variation of monthly 

precipitation over the year. Following this initial result, we investi-
gated in more details the adaptation to this bioclimatic variable. 
When considering only the associations involving bio15 
(25,447,348 models), 78 models were significant after FDR correc-
tion of G score, with a significant threshold of 5% (Table S2b). The 
SNPs involved in these models are located on seven different 
genomic regions (Table 2), corresponding to four annotated genes 

F I G U R E  2   SPAG— Moroccan dataset. Univariate and Multivariate spatial areas of genotypes probability (SPAG) for the Moroccan dataset. 
The identifiers of the presented models (M1, M3, M4) refers to Table 2. The maps show the average genotype(s) frequency(ies) based on the 
10 runs computed with different random selection of training sets containing 25% of the total number of individuals. AUCtest indicates the 
mean value of the AUC computed with the testing dataset over the 10 runs. Please refer to Box 1 to interpret the validation graphs shown 
on the right of each map

TA B L E  1   Most significant models— Simulated datasets. 10 most significant models obtained for the genotype– environment association 
(GEA) analysis of the simulated datasets. The simulated dataset sets an association between locus L0 and environmental variable X0, locus 
L1 and environmental variable X1 and locus L2 and environmental variable X2. GEA models are ranked based on the likelihood ratio. Env, 
environmental predictor; Geno, genotype; pG, p- value associated with the G score; pW, p- value associated with the Wald score; β0 and β1 
are the parameters of the logistic regression

ID Marker Locus Geno. Env. G score pG pW β0 β1

S1 L1A0A0 L1 A0A0 X1 92.30 7.44E- 22 9.41E- 14 −0.46 2.65

S2 L1A1A1 L1 A1A1 X1 90.49 1.86E- 21 1.51E- 12 −1.24 −2.94

S3 L2A1A1 L2 A1A1 X2 68.63 1.19E- 16 9.02E- 11 −1.59 −4.37

S4 L0A1A1 L0 A1A1 X0 65.69 5.29E- 16 4.04E- 11 −0.66 −2.35

S5 L0A0A0 L0 A0A0 X0 64.95 7.69E- 16 6.92E- 11 −1.58 2.61

S6 L2A0A0 L2 A0A0 X1 63.86 1.34E- 15 1.37E- 11 −0.55 2.04

S7 L2A1A1 L2 A1A1 X1 61.04 5.59E- 15 4.12E- 10 −1.56 −2.40

S8 L2A0A0 L2 A0A0 X2 60.94 5.88E- 15 2.52E- 10 −0.54 3.45

S9 L0A0A0 L0 A0A0 X2 43.43 4.39E- 11 2.81E- 08 −1.41 3.11

S10 L42A0A0 L42 A0A0 X0 42.44 7.30E- 11 5.93E- 09 0.06 1.67

TA B L E  2   Significant models for precipitation seasonality— Moroccan datasets. Significant models obtained for the analysis of Moroccan 
datasets with precipitation seasonality (bio15) after FDR correction. Chr, chromosome; End, end in base pairs of the region; G, G score 
(Log- Likelihood ratio); Genes, annotated genes on the genomic region; Geno, corresponding SNP Genotype; GF, corresponding genotype 
frequency; ID, model identifier; Peak SNP, SNP of the most significant model in that region; qG, corresponding p- value corrected for FDR; 
Start, start in base pairs of the region identified as under selection; β0 and β1, parameters of the logistic regression

ID Chr Start (BP) End (BP) Peak (BP) Geno GF G qG β0 β1 Genes

M1 6 12′174′332 12′298′321 12′276′168 AA 21.74 38.74 0.004 −1.80 1.51 - 

M2 13 43′436′394 43′438′732 43′436′394 GG 10.56 29.02 0.042 −3.14 1.80 - 

M3 24 19′436′980 19′436′980 19′436′980 CC 76.40 34.75 0.008 1.55 1.29 - 

M4 24 25′852′900 25′860′754 25′860′754 AG 38.51 34.75 0.008 −0.29 −1.07 DSG4

M5 24 28′799′029 28′833′762 28′833′253 TT 12.42 27.87 0.046 −2.72 1.58 CDH2

M6 24 30′566′869 30′584′692 30′566′869 TT 2.48 27.99 0.046 −25.69 −15.44 KCTD1

M7 27 25′930′079 25′933′133 25′930′079 GG 78.88 32.88 0.012 1.76 −1.35 WRN
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(DSG4, CDH2, KCTD1 and WRN) on the reference genome CHIR 
1.0.

3.4 | Moroccan goats— SPAGs

The seven significant single- locus genotypes uncovered in the 
GEA were employed to compute univariate SPAGs, I- SPAGs, U- 
SPAGs (both bi-  and trivariate) and K- SPAGs (trivariate only). We 
assessed the predictive power of the approach under different 
types of SPAGs using AUC, and we show some examples of SPAGs 
in Figure 2.

Univariate SPAGs resulted in an average of AUC of 0.79 ± 0.03 
(Table S3; Figure 2a shows the univariate SPAG for the genotype 
of model M1 presented in Table 2 (see File S6 for the other uni-
variate SPAGs). The predicted probability of presence of the gen-
otype is the highest in the extreme southwest of the country. In 
this region, the precipitation seasonality is the greatest (>100%, 
Figure 3a) and all goats carry the genotype of interest. In northern 
and western coastal areas, the predicted probability of finding the 
genotype is close to 0.5, since the precipitation seasonality is rel-
atively high (>70%). Finally, in the eastern regions of the country, 
the probability of finding the genotype of model M1 is much lower 
(<0.2 in most areas). In these regions, variations of precipitation 

F I G U R E  3   Moroccan goats— 
Genomic offset in 2070. Maps A and 
B display the current and forecasted 
(2070) precipitation seasonality (Bio15), 
respectively. Maps C– F show the genomic 
offset for different types of spatial areas 
of genotype probability (SPAGs), that is 
the difference between the probability 
of adaptation today and the probability 
forecasted on future Bio15 values. Red 
areas indicate regions where a higher 
probability of presence of adaptive 
genotype is expected in 2070, compared 
with today. Green areas indicate regions 
where a lower probability of presence of 
adaptive genotype is expected in 2070
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are less important (<40%) and most of the goats sampled do not 
carry the genotype.

Intersection- SPAGs (I- SPAGs) displayed an average AUC of 
0.81 ± 0.07 in bivariate SPAGs and of 0.83 ± 0.05 in trivariate 
SPAGs. Figure 3b shows the I- SPAG for the genotypes involved in 
GEA models M1 and M4 (Table 2). This I- SPAG indicates that the 
simultaneous presence of the two single- locus genotypes is very un-
likely (p < 0.2) for most of the territory, with the exception for the 
southwest of the country.

Union SPAGs (U- SPAGs) generally resulted in lower AUC, com-
pared to I- SPAGs (bivariate U- SPAGs: AUC = 0.81 ± 0.03; trivariate 
U- SPAGs: 0.82 ± 0.03). Indeed, we found only one combination of 
single- locus genotypes with higher AUC under U- SPAG (0.84 ± 0.01) 
than under I- SPAG (0.81 ± 0.02). This U- SPAG employed genotypes 
from M1 and M3 and is shown in Figure 3c. The probability of find-
ing at least one of these two genotypes is close to 1 for most of the 
country except in the north- eastern region.

Percentage SPAGs (K- SPAGs) showed AUC values generally lower 
than I- SPAGs (AUC = 0.82 ± 0.05). One exception was the K- SPAG 
shown in Figure 3d, employing at least two of the genotypes from 
M1, M3 and M4. For these three loci, the K- SPAG showed an higher 
AUC (0.86 ± 0.01) than the I- SPAG (0.83 ± 0.02) and the U- SPAG 
(0.84 ± 0.03). Unlike the I- SPAG and U- SPAG shown in Figure 3b,c, 
the validation plot shows that this K- SPAG is validated for any level 
of probability of presence of the adaptive genotype.

3.5 | Moroccan goats— genomic offset

Figure 3 shows the genomic offset, which represents the differences 
between the current SPAGs (presented in Figure 2) and the SPAGs 
corresponding to their projections for 2070. In Morocco, precipita-
tion seasonality (bio15) is predicted to increase in the north of the 
country, with a maximum increase of 5%– 10% in the extreme north- 
western region, and to decrease (from −10% to −20%) in other areas, 
especially in the Atlas Mountains (centre of the country, in the east-
ern region) and near the Sahara (South region; Figure 3a,b).

The genomic offsets of the univariate SPAG for model M1 
(Figure 3c) and of the I- SPAG for models M1– M4 (Figure 3d) display 
comparable spatial patterns. In both SPAGs, the northern regions of 
Morocco show the highest values of genetic offset (up to +20%), 
indicating that in these regions, the probability of finding the adap-
tive genotypes would have to be much higher for individuals to be 
adapted to 2070 conditions. Today, such genotypes are observed 
only in the extreme northern region, while they are absent in the 
northwest and northeast.

The genomic offsets of the U- SPAG for models M1- M3 (Figure 3e) 
and of the K- SPAG for models M1- M3- M4 (Figure 3f) show a sim-
ilar spatial pattern to the one described above, even though with 
a different level of magnitude. Indeed, in the northern regions of 
Morocco the probability of presence of adaptive genotypes only 
have to be slightly higher (up to +10%) for individuals to be adapted 
to 2070 conditions. However, the multi- locus genotypes described 

by the U- SPAG and the K- SPAG were already found in most of the 
sampled goats, with the exception of the north- eastern regions.

4  | DISCUSSION

4.1 | Mapping genotype probabilities

The different SPAGs computed in this work generally showed an AUC 
above 0.8 on both simulated and real data, stressing the predictive 
power of the approach. While previous works had already described 
methods to transpose GEA results into predictions of evolutionary 
potential (Babin et al., 2017; Fitzpatrick & Keller, 2015; Gagnaire & 
Gaggiotti, 2016; Razgour et al., 2019), the cross- validation of such 
predictions is rare (Manel et al., 2018). In this regard, it is noteworthy 
to mention that the SPAG approach showed a generally high predic-
tive power despite using a limited number of training samples (i.e. 50 
simulated individuals, 41 Moroccan goats).

As we compared different types of SPAGs, we noticed that the 
I- SPAGs generally showed a higher predictive power. Indeed, for a 
same combination of single- locus genotypes, the I- SPAGs resulted in 
higher AUCs than the corresponding U- SPAGs and univariate SPAGs. 
We expected to observe this in the simulated dataset, because the 
three adaptive genotypes were set as independent from each other 
(i.e. without any epistatic relationship). The same was observed in 
the Moroccan goat case study. Two mutually non- exclusive hypoth-
eses might explain this observation: (a) additive genetic effects are 
predominant in local adaptation; (b) GEA methods are more sensitive 
to adaptive loci in additive relationships between each other.

Of note, the Moroccan goat study also showed one case where 
two single- locus genotypes (M1 and M3) showed a higher predic-
tive power when considered as alternative to each other (U- SPAG), 
instead of complementary (I- SPAG). A redundancy in the functional 
annotation of the genes controlled by these loci might corroborate 
the view of an epistatic relationship (Phillips, 2008). Unfortunately, 
such interpretation is hampered by the fact that both loci are located 
in intergenic regions of the genome and therefore possibly act as 
regulatory regions on distant genes (Brodie et al., 2016).

Nevertheless, previous research expects that the evolutionary 
potential is shaped by the co- existence of adaptive loci underpinning 
both additive and epistatic relationships (Hansen, 2013; Thompson & 
Jiggins, 2014). The existing methods to predict evolutionary poten-
tial overlook the epistatic component of adaptation either because 
(a) they explicitly focus on additive effects (e.g. “polygenic scores”; 
Gagnaire & Gaggiotti, 2016); (b) they work at population- level 
(Fitzpatrick & Keller, 2015). Indeed, in population- level approaches 
the presences/absences of single- locus genotypes are averaged as 
genotype frequencies by population. Consequently, it is impossible 
to assess whether two loci co- occur (or not) in the same individual 
and to establish whether they are complementary (or alternative) to 
each other.

The K- SPAG overcomes these issues, by providing a flexible ap-
proach to use information at individual- level to combine adaptive loci 
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underlying different types of intergenic relationships. For instance, 
in the Moroccan case study we constructed a composite genotype 
combining alternative loci (M1 and M3) with additive loci (M1 and 
M4), and the resulting K- SPAG showed higher predictive power than 
the corresponding I- SPAGs and U- SPAGs alone.

4.2 | From SPAG to conservation: The Moroccan 
goat example

Information on the evolutionary potential can have major implica-
tions in predicting species response to climate change (Razgour 
et al., 2019). One of the main application in conservation is the 
prioritization of areas based on the information on evolution-
ary processes (Orr & Unckless, 2008). The use of the SPAGs to 
characterize the genomic offset under climate change conditions 
can help identify (a) well- adapted populations, where individuals 
currently show adaptive genotypes expected to be optimal under 
future conditions, (b) threatened populations where adaptive ge-
netic variants are currently rare or missing and will be needed to 
ensure future survival.

The Moroccan goat case study offers a concrete example of 
the usefulness of SPAGs in determining such conservation prior-
ities. Livestock populations in developing country are often bred 
in outdoor pastoralist systems, therefore exposed to climatic con-
straints (e.g. heat stress, limited water availability, presence of par-
asites; FAO, 2015). Increase in precipitation seasonality is a threat 
for such populations, as it implies a more heterogeneous distribu-
tion of rainfall across the year, exacerbating the risk of drought 
and floods (Nardone et al., 2010). Climate forecasts expect an 
increase in precipitation seasonality in the northern regions of 
Morocco (Tramblay et al., 2012). We estimated the genomic offset 
using different types of SPAGs, and all the resulting predictions 
agree that in the northern regions of Morocco an increase in the 
evolutionary potential for adaptation to precipitation seasonality 
will be necessary by 2070.

Importantly, such increase in the evolutionary potential depends 
on natural gene flow, which is not accounted for in the genomic 
offset calculations. Here, SPAGs can be used to evaluate whether 
adaptive genotypes are already present in the populations that will 
need them in the future. For instance, we can observe that if we 
consider univariate SPAGs or SPAGs accounting for additive genetic 
effects (I- SPAGs), only the extreme north of Morocco is expected to 
already host such genotypes, which are rarer in the north- western 
and absent in the north- eastern regions. However, if we assume that 
epistatic genetic effects contribute to the evolutionary potential (U- 
SPAGs, K- SPAGs), we can see that almost the entire northern region 
already hosts adapted individuals, with the only exception of the ex-
treme northeast.

This mismatch in the results underlines the importance of assess-
ing how complex relationships between adaptive loci contribute to 
the evolutionary potential (Hansen, 2013). In this regard, it is recom-
mendable to complement the use of SPAGs in conservation plans 

with other information on phenotypic or physiological characteris-
tics associated with the different adaptive genotypes (Waldvogel 
et al., 2020).

4.3 | Limitations and perspectives

The SPAG approach presented appears to be powerful for map-
ping the probability of finding locally adapted genetic variants in a 
landscape. However, the adaptation process is complex and can in-
volve large numbers of loci with small individual effects (Pritchard 
& Rienzo, 2010), for which the detection power of the single- locus 
GEA methods may be reduced (Harrisson et al., 2014; Villemereuil 
et al., 2014). In this case, it may be advisable to use multi- loci 
GEA methods to detect adaptive genotypes (Forester et al., 2017; 
Legendre & Legendre, 2012) and to use multi- loci prediction frame-
works to predict evolutionary potential (Fitzpatrick & Keller, 2015).

In addition, since the genomic offset calculations may be highly 
dependent on the climate change scenario considered, computa-
tions should be performed with various scenarios and less weight 
should be given to the conclusions not consistent within scenarios 
(Reside et al., 2018). It is also possible that the forecasted environ-
mental conditions exceed the climatic ranges observed today, lead-
ing to extrapolation (and the related uncertainty) in the calculation 
of future evolutionary potential (Elith et al., 2010). Such uncertainty 
should always be considered in the interpretation of the genomic 
offset calculated using the SPAGs.

Furthermore, in order to assess the real vulnerability of popu-
lations, an analysis of connectivity should be carried out to high-
light the potential of natural gene flow to increase the probability 
of finding favourable genotypes in threatened populations. Such 
information on connectivity could be used to develop a statistical 
framework assessing the likelihood of the shift from a current SPAG 
to a future SPAG.

The SPAG approach can be extended to the output of other 
types of GEA methods, assuming that such output is convertible into 
a binary measure of genotype presence/absence. This might be rela-
tively straightforward for GEA methods that are individual- based and 
focus on single- locus genotypes. With LFMM (Frichot et al., 2013) 
for instance, the adaptive genotype (or allele) can be easily identified 
by comparing the variation of the genetic variant of interest across 
the environmental gradient driving adaptation. For population- level 
GEA methods (e.g. RDA; Legendre & Legendre, 2012), the use of 
SPAGs is more complex and less pertinent. In fact, with this type of 
GEA methods the frequencies of single- locus genotypes are gener-
ally averaged by population and grouped via ordination techniques, 
and it is therefore difficult to assess in which individuals the adaptive 
genotype is present (or absent).

Finally, GEA and SPAGs could also be used to predict the 
presence of genotype(s) associated with other pressures showing 
a spatial distribution, such as the presence of a parasite (Vajana 
et al., 2018) or a predator (Cousyn et al., 2001) or the urbaniza-
tion level (Harris & Munshi- South, 2016). Including such selective 
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pressure will portray a more realistic view of how different spe-
cies are shaping their evolutionary potential in response to climate 
change.
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