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Evolutionary diversity in species can arise in many ways, including local adaptation. Despite the global importance 
of tropical forest ecosystems, few studies have explored patterns of local adaptation in tropical tree species. We 
investigated population genetic structure and adaptive genetic diversity in Eugenia uniflora, a widely distributed 
tree species across the Atlantic Forest Domain (AFD). We sampled E. uniflora in distinct environments from the AFD 
and genotyped 523 single-nucleotide polymorphisms (SNPs) using a candidate gene approach. We studied neutral 
population structure and used two outlier methods based on population differentiation (Bayescan and LEA) and 
one gene-environment association analysis (LFMM) to detect putative SNPs under divergent selection. We detected 
spatial population structuring between the northern and southern range of the species distribution and higher 
genetic diversity in southern populations from the riparian forest. We found 18 candidate loci potentially involved 
in local adaptation, among which LEA and LFMM both detected seven loci. Overall, precipitation-related variables 
were more represented in statistically significant genotype-climate associations (c. 60%). Our study provides a first 
insight into the distribution of adaptive genetic variation in E. uniflora, highlighting how tropical tree species may 
adapt over time and across the AFD.

ADDITIONAL KEYWORDS:   adaptation – candidate genes – genetic variation – Neotropics – pitanga – SNPs.

© The Author(s) 2022. Published by Oxford University Press on behalf of The Linnean Society of London. 
All rights reserved. For permissions, please e-mail: journals.permissions@oup.com

applyparastyle “fig//caption/p[1]” parastyle “FigCapt”

D
ow

nloaded from
 https://academ

ic.oup.com
/botlinnean/advance-article/doi/10.1093/botlinnean/boac012/6553805 by C

N
R

 user on 01 August 2022

mailto:aturchetto@gmail.com?subject=
mailto:carina.turchetto@ufrgs.br?subject=
https://orcid.org/0000-0003-2489-3707
https://orcid.org/0000-0002-0352-0699
https://orcid.org/0000-0002-7365-1360


2  N.M. VETÖ ET AL.

© 2022 The Linnean Society of London, Botanical Journal of the Linnean Society, 2022, XX, 1–14

INTRODUCTION

Spatial environmental variation is ubiquitous, and 
populations may display adaptive divergence due to 
local adaptation to biotic and abiotic conditions as 
observed across a wide range of species (Savolainen 
et al., 2013). Local adaptation is driven by spatially 
divergent selection, favouring genetic variants 
that confer an adaptive advantage under specific 
environmental conditions (Potvin & Tousignant, 1996; 
Kawecki & Ebert, 2004). Consequently, deciphering 
the genetic architecture of local adaptation is of 
primary concern to outline the evolutionary potential 
of species in the face of environmental change (e.g. 
global warming).

High-throughput sequencing technologies have 
substantially contributed to the advancement in 
detecting adaptive genetic variation in non-model 
organisms (De Wit et  al., 2015). In particular, 
uncovering single-nucleotide polymorphisms (SNPs) 
from within candidate genes is considered an 
effective strategy for discovering loci underlying local 
adaptation in species with large and complex genomes 
(Wang et al., 2009; Gayral et al., 2013; De Wit et al., 
2015). In these cases, the candidate gene approach 
turns out to be particularly cost-effective as it allows 
genome sampling efforts to be targeted towards 
genes of known biological function. Gene annotation 
in non-model species has been further facilitated 
by the availability of transcriptome sequence data 
that allowed the identifying of previously unknown 
candidate genes underlying local adaptation (Lalagüe 
et al., 2014; De Wit et al., 2015).

The study of local adaptation is of high pertinence 
for the Atlantic Forest Domain (AFD) since several 
environmental factors, such as strong seasonality 
shifts in climate, sharp environmental gradients 
and orography-driven rainfall, make this ecoregion a 
heterogeneous, complex landscape (Joly et al., 1999; de 
Mello Martins, 2011). The AFD is also one of the most 
diverse and threatened biomes on the planet at the 
same time, where only c. 7.3% of its primary forest can 
be currently considered to remain intact. This biome 
consists of a set of distinct vegetation formations, 
e.g. tropical and subtropical moist broadleaf forests, 
tropical and subtropical dry broadleaf forests, wetland 
and mangrove forests, tropical and subtropical 
grasslands and open scrub vegetation of the sandy 
coastal plains (Joly et al., 1999; Morellato & Haddad, 
2000; Oliveira-Filho & Fontes, 2000) where the species 
can occupy one or more phytogeographic regions.

Despite its ecological relevance, there remains 
a significant lack of plant studies exploring local 
adaptation in the AFD (but see Brousseau et al., 2018; 
Collevatti et al., 2019), since most of the research 
based on landscape genomics was mainly conducted 

in other biomes such as temperate habitats in 
Europe and North America. More specifically, a gap 
exists in the knowledge of both genetic diversity 
and population structure of Myrtaceae, one of the 
most ecologically important plant families in the 
Neotropics, that may undermine our capacity to 
tackle climate change and preserve their ecological 
function in the AFD (Margis et al., 2002; Salgueiro 
et al., 2004; Franceschinelli et al., 2007; Ferreira-
Ramos et al., 2014; Brandão et al., 2015; Turchetto-
Zolet et al., 2016; Santos & Gaiotto, 2020, Souza-Neto 
et al., 2022).

Eugenia uniflora L. (Myrtaceae), commonly known 
as ‘pitanga’, is endemic to the AFD. It grows in a variety 
of habitats, from the north-eastern sandy coastal plain 
environment of Brazil, regionally called restinga, to 
the southern riparian vegetation, extending up to 400 
km inland, in Brazil, Argentina and Uruguay (Fig. 1A; 
De Almeida et al., 2012). A remarkable phenotypic 
variation is observed throughout its distribution 
range (Fig. 1B). The restinga environmental niche 
comprises a set of interdependent coastal and plain 
vegetation habitats, encompassing edaphic conditions 
in the southern Atlantic coastal tropical/subtropical 
regimes and high environmental heterogeneity in 
terms of salinity, sandy soils, topography, temperature 
amplitudes (daily/seasonal), water availability, wind 
patterns and related sea spray (Scarano & Ceotto, 2015; 
Table 1). In contrast, the riparian forest is a mosaic 
environment, defined by several distinct riverine-
border plant communities and habitats (Ribeiro, 2000; 
Ribeiro et al., 2009), that allows variable access to 
sunlight, water and flood regimes. Thus, E. uniflora 
experiences multiple and complex environments (Fig. 1),  
occurring as a shrub or small tree in the sandy 
coastal plain environments (restinga) and as a tree in 
southern Brazil (riparian forest). Furthermore, leaves 
on plants from restinga tend to be thicker than those 
from riparian individuals.

Previous studies based on plastid markers showed 
population structuring to reflect environmental 
heterogeneity in E. uniflora (Turchetto-Zolet et al., 
2016). Distinct patterns of genetic diversity and 
demographic history of E. uniflora were also observed 
among populations from restinga and riparian 
forests, overall making this species a potentially good 
candidate for adaptation studies.

In this study, we test the hypothesis that local 
adaptation has been consistently shaping adaptive 
variation in this species and use 523 SNPs located in 
12 stress-related candidate genes to detect putative 
signatures of divergent selection. In particular, we 
aimed to: (i) outline the genetic structure of E. uniflora 
populations; (ii) unravel geographical patterns 
of adaptive genetic variation linked with specific 
environmental conditions across the geographical 
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Figure 1.   A, map of showing the locations of the four Eugenia uniflora populations used in this study  and theis ecosystem 
types. B, the phenotypes of contrasting E. uniflora populations, from the riparian forest as a large tree (left) and restinga 
characterized as a shrub (right).
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range of E. uniflora; and (iii) obtain a set of putative 
molecular footprints of local adaptation and link them 
with their biological meaning.

MATERIAL AND METHODS

Sampling collection and candidate gene 
selection and amplification

We sampled leaves from 96 adult E. uniflora trees 
distributed in four populations of E. uniflora growing 
in distinct environments in the AFD that encompass 
the natural distribution of the species (Fig. 1; Table 1):  
one population from the restinga environment in 
the state of Rio de Janeiro (hereafter RJRE; 32 
individuals); three populations in the state of Rio 
Grande do Sul, including a riparian forest (RSRF; 32 
individuals); and two populations from the coastal 
plain and adjacent grasslands environment, locally 
referred to as the Pampa biome (RSCO and RSPA, 
made up of 18 and 14 individuals, respectively; Fig. 1A;  
Table 1). Representative voucher specimens for two 
individuals of E. uniflora were collected and deposited 
in the Herbário ICN, Instituto de Biociências (UFRGS, 
Porto Alegre, Brazil), under the accession numbers 
ICN167404 and ICN167405.

Environmental stress-related candidate genes were 
selected based on a literature survey of proteins/genes 
involved in plant response to abiotic stress. The query 
was run on the 2014–2015 ISI Web of Knowledge 
using the keywords ‘abiotic and biotic stress’, ‘drought 
stress’, ‘salinity stress’ and ‘temperature stress’. 
The sequences of the selected environmental stress-
related candidate genes were obtained and used as 
a query to perform Basic Local Alignment Search 
Tool (BLAST) searches against the transcriptome of 
E. uniflora (Guzman et al., 2014). The annotation and 
gene ontology of the genes found were performed using 
BLAST2GO (Conesa et al., 2005). Finally, the primers 
for polymerase chain reaction (PCR) amplification 

were designed in the 5’ and 3’ untranslated regions 
(UTRs) using Primer3 (Koressaar & Remm, 2007; 
Untergasser et al., 2012).

Total genomic DNA was extracted from silica gel 
dried leaves (Doyle & Doyle, 1990) and quantified 
using Nanodrop. PCR reactions were performed to 
amplify the 48 candidate genes found in the 96 DNA 
samples using an Applied Biosystems 7500 Real-Time 
PCR system. PCR reactions were carried out in a final 
volume of 20 µL, containing c. 70 ng genomic DNA, 
2 mM magnesium chloride, 0.1 mM deoxynucleotide 
triphosphate mix, 1 × PCR buffer, 0.3 U Platinum Taq 
DNA polymerase (Invitrogen), 1 × SYBR Green I and 
5 µM of each primer. After initial testing, 30 loci were 
successfully amplified. The thermal cycling conditions 
were as follows: an initial hot-start step at 95 °C for 
5 min, followed by 35 cycles with denaturation at 94 °C 
for 30 s, an annealing temperature of 60 °C for 30 s, 
elongation at 72 °C for 3 min, and a final extension 
of 10 min at 72 °C. The amplification products were 
checked and quantified based on SYBR Green 
fluorescence using 7500 Fast System v.2.0.3 software. 
The respective primer sequences of the 30 genes are 
described in the Supporting Information (Table S1).

Sequencing, SNP marker discovery and 
genotyping

PCR products of the 30 genes from the 96 individuals 
were sequenced using the Illumina Miseq 2000 
platform. The libraries were prepared using the 
Nextera XT DNA Sample Preparation Kit following 
the manufacturer’s instructions. This kit requires only 
1 ng template DNA and can be performed with multiple 
samples being prepared simultaneously. Briefly, the 
PCR products were pooled for each plant to achieve 
fragmentation and the addition of unique adapter 
sequences in the input DNA. Next, DNA was amplified 
by PCR, and index sequences on both ends of the DNA 
for each individual were added. Finally, the libraries 

Table 1.  Information about the four populations sampled: N: total number of collected individuals; Sample collection site: 
Lat.: latitude, Long.: longitude and Elev.: elevation; Soil type - descriptions for each environment where populations are lo-
cated. The populations were signed as RJRE, RSRF, RSPA and RSCO

Population N Sample collection site Soil type 

Lat. (°) Long. (°) Elev. (m) 

Restinga (RJRE) 32 -23.06 -43.53 11 Nutrient poor, sandy, saline and acid
Riparian Forest (RSRF) 32 -27.32 -53.33 536 Nutrient rich, organic material and water  

accumulation
Pampa (RSPA) 14 -30.52 -53.49 378 Neosols, shallow lands, very low permeability
Coastal Plain (RSCO) 18 -30.19 -50.49 7 Sandy, water stressed, low fertility, lagoon and 

marine environments
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were quantified using a Qubit Fluorometer and pooled 
for sequencing using MiSeq v.3 from the Instituto de 
Ciência e Tecnologia dos Alimentos (ICTA), UFRGS, 
Porto  Alegre, Brazil.

The overall procedure for identifying SNP markers 
is shown in the Supporting Information (Fig. S1). 
First, the quality of the raw reads was visualized 
using FastQC software v.0.11.3 (https://www.
bioinformatics.babraham.ac.uk/projects/fastqc/), and 
the remaining adapter sequences and low-quality 
ends < 30 were trimmed off at the 3’ end using Trim 
Galore! (https://www.bioinformatics.babraham.ac.uk/
projects/trim_galore/). All cleaned reads were de novo 
assembled separately for each individual using a 
Trinity assembler (Grabherr et al., 2011) to obtain the 
corresponding genomic sequences of the candidate 
genes used for reference in this study. This program 
is commonly employed to assemble transcriptomes 
and assembled contigs using low reads coverage. 
After the assembly process, the complete sequence of 
the 96 individuals was chosen as the final reference 
gene, considering the greatest length and the lack of 
ambiguity of the bases.

Next, the genic structure of the obtained reference 
sequences was predicted with the FGENESH software 
(Solovyev et al., 2006) relying on the Eucalyptus grandis 
W.Hill ex Maiden model. Validation of the predicted 
exons and introns was done by anchoring E. uniflora 
RNAseq reads in the genomic references (Guzman 
et al., 2014); with this aim, TopHat2 (Kim et al., 2013) 
and BLASTN (Altschul et al., 1990) were used between 
the predicted transcript and the unigene used in the 
primer designs. This information was used to classify 
the SNPs by location, i.e. in coding or noncoding DNA. 
The cleaned reads were mapped to the reference using 
BWA v.0.7.12 (Li & Durbin, 2010), with the parameter 
-n (number of allowed mismatches) set as default to 
detect variations between the reads of each individual 
and the reference. The SAMtools software (Li et al., 
2009) was used to convert the sequence alignment/map 
(SAM) files into sorted binary alignment/map (BAM) 
files. The SNPs and INDELs were then identified by 
using the module mpileup of SAMtools and BCFtools 
(http://samtools.github.io/bcftools/bcftools.html), 
respectively. The identification was limited to biallelic 
sites and separated from the generated VCF file using 
VCFtools (Danecek et al., 2011). SNPs with a genotype 
quality (GQ) of < 99 and a read depth (DP) of < 20 
were filtered out using the VCFlib software (https://
github.com/vcflib/vcflib). These stringent criteria were 
applied to the known variants to eliminate suspicious 
loci and select only high-confidence SNPs to be used in 
the subsequent analyses.

Finally, the software plink v.2.0 (Chang et al., 2015; Prive 
et al., 2018) was used for checking the overall quality of 
the molecular data set: SNPs with minor allele frequency 

(MAF) < 1% were eliminated together with markers/
individuals with a call rate < 90%, potential genotyping 
errors were evaluated through the Hardy–Weinberg 
equilibrium exact test (Wigginton et al., 2005) and eventual 
replicates identified through the KING-robust kinship 
coefficient estimator (Manichaikul et al., 2010).

Molecular data sets

An ad hoc R script that relies on the LD function 
from the R package genetics (Warnes et al., 2021) was 
used to remove markers showing statistical evidence 
of linkage disequilibrium (Supplementary material 
S10). P-values from the LD tests were corrected for 
multiple testing using the p.adjust function in R with 
the Bonferroni method. Linkage disequilibrium was 
considered to be statistically significant at a nominal 
significance threshold equal to 0.01. After removing 
linked loci, the LD-pruned version of the SNP data set 
comprised 372 SNPs which were used in Bayescan, 
LEA and LFMM analyses.

Furthermore, an ad hoc molecular data set for 
genetic structure analyses was obtained by removing 
the outliers as defined by LEA from the LD-pruned 
molecular data set to decrease the possible bias induced 
by adaptive loci in the study of neutral structure; 
then, this version of the data set was used as input for 
STRUCTURE, DAPC, PCA and sNMF analyses.

Genetic diversity and population structure

GenAlEx v.6.5 (Peakall & Smouse, 2012) was used to 
assess the genetic diversity in the studied populations 
of E. uniflora. We analysed the observed and expected 
heterozygosity (HO and HE, respectively), tested 
for Hardy–Weinberg equilibrium and examined 
the molecular variance (AMOVA) and GST values 
to obtain pairwise population estimates of genetic 
differentiation. We also studied genetic differentiation 
among populations using the pairwise FST analysis and 
Hardy–Weinberg equilibrium test as implemented in 
Arlequin v.3.1.1 (Excoffier et al., 2005).

The nucleotide diversity and substitutions of 
synonymous and nonsynonymous sites were estimated 
at the gene level based on the complete sequence of 
each candidate gene successfully sequenced using 
Arlequin and DnaSP (Rozas et al., 2017). We performed 
neutrality tests (Tajima’s D and Fu’s Fs) at the 
gene level in Arlequin to test whether the frequency 
distribution of polymorphic sites deviated from the 
neutral equilibrium expectation.

Further, the software STRUCTURE v.2.3.4 
(Pritchard et al., 2000), the discriminant analysis 
of principal components (DAPC) and principal 
components analysis (PCA) were used to analyse the 
neutral genetic structure in sampled populations of 
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E. uniflora. Posterior probabilities in STRUCTURE 
were computed using a Markov chain Monte Carlo 
(MCMC) method with > 2 000 000 iterations of each 
chain, following a 100 000-iteration burn-in period. 
Inference of population structure was made by 
applying the admixture model with correlated allele 
frequencies (Falush et al., 2003). We performed ten 
independent runs for each K value, with K values 
ranging from one to five. The best K was selected 
based on the log-likelihood value, and populations 
were assigned to each genetic cluster by considering 
the membership probabilities of each individual. Then, 
we used CLUMPAK (Kopelman et al., 2015) to order 
and visualize the STRUCTURE results.

DAPC (Jombart & Collins, 2015; Jombart et al., 
2010) was also used to identify the main genetic 
clusters within the data set. According to the DAPC 
procedure, a PCA was first conducted to summarize 
genetic information into a few but representative 
synthetic dimensions (here, accounting for 99% of the 
original molecular variance); then, K-means analysis 
was performed based on the retained dimensions and 
assuming up to ten genetic clusters to individuate the 
most likely K as based on the Bayesian information 
criterion (BIC). Subsequently, DAPC was run based 
on both the best K and an intentionally excessive 
amount of synthetic dimensions to obtain an a-score 
profile and individuate an optimal number of principal 
components to avoid overfitting issues. Finally, DAPC 
was rerun by relying on the identified optimal number 
of principal components and assuming a number of 
genetic clusters equal to the best K.

As an alternative to Bayesian clustering algorithms, 
an individual-based PCA was also used to describe 
genetic population structure (Lee et  al., 2009). 
The analysis was performed based on the dudi.pca 
function as implemented in the R package adegenet 
(Jombart, 2008).

Climate data

The sampled populations were matched with 19 
bioclimatic variables derived from the WorldClim 
database v.1.4 at the highest spatial resolution of 
30 arcsec and for the period 1960–1990 (Supporting 
Information, Table S2) (Hijmans et al., 2005). To 
avoid testing collinear environmental variables in 
the gene-environment association tests possibly 
leading to redundant results while guaranteeing 
an acceptable degree of interpretability at the 
same time, a PCA was separately conducted on 
temperature- and precipitation-related bioclimatic 
variables to obtain orthogonal and synthetic 
bioclimatic axes to be processed by LFMM (Rellstab 
et al., 2015). The analysis was performed with the 
R package FactoMineR (Lê et al., 2008). Based on 

the cumulative amount of variance explained by 
the components, the first three temperature-related 
PCs (Temp1, Temp2, Temp3) and the first three 
precipitation-related PCs (Precip1, Precip2, Precip3) 
were retained for subsequent analyses (Supporting 
Information, Table S4).

Detection of signatures of divergent selection

Two different population differentiation-based 
methods (Bayescan and LEA) and one gene-
environment association (GEA) method were employed 
to detect putative signatures of divergent selection. 
The Bayesian method implemented in BayeScan v.2.1 
was used to estimate the posterior probability that a 
given SNP is under selection by comparing a selection-
based model vs. a neutral model (Foll & Gaggiotti, 
2008). BayeScan uses a reversible jump MCMC 
algorithm (Green, 1995) to estimate the posterior 
probability for each model by relying on a Dirichlet 
multinomial distribution for gene frequencies 
(Excoffier et al., 2009; Lotterhos & Whitlock, 2014). 
Default parameter values were used with a sample 
size of 5000, two prior odds for the neutral model of 
10:1 and 1:1, 20 pilot runs of 5000 iterations each, and 
an additional burn-in of 50 000 iterations. Outliers in 
BayeScan were identified applying a false discovery 
rate cut-off of 0.05. The population differentiation-
based method implemented in the R package LEA 
(Frichot & François, 2015) performs genome scans 
to detect loci under selection while correcting for 
the potentially confounding effect due to population 
structure and calibrating statistical models (Frichot 
et al., 2015). Two steps were performed using LEA: 
first, we estimated population genetic structure 
using the sNMF (Frichot & François, 2015) function 
within LEA; sNMF was run from one to five ancestral 
populations with ten replicates per K and recording 
the cross-entropy value associated with each run. 
Then, the most likely number of ancestral populations 
was identified based on the cross-entropy criterion 
and outlier identification was achieved based on the 
most likely K previously chosen.

GEA analysis was performed based on the latent 
factor mixed model (LFMM) approach as implemented 
in the R package lfmm (Caye & François, 2017). LFMM 
allows the correction of GEAs for a given number of 
latent factors representing population stratification 
as estimated from the molecular data set through 
PCA (Frichot et al., 2015). In this analysis, such a 
correction was defined on the basis of ten independent 
runs of sNMF having as input the molecular data set 
pruned for LEA outliers (see section ‘Molecular data 
sets’). The analysis tested six focal environmental 
variables, comprising three temperature-related 
synthetic variables and three precipitation-related 
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synthetic variables (see section: ‘Climate data’). LFMM 
parameters were estimated with the lfmm_ridge 
function, which provides estimates for the effect sizes 
of both the estimated latent variables and the focal 
environmental variable. Then, the lfmm_test function 
was run to return the calibrated significance values 
for each GEA.

The Bonferroni correction with a nominal 
significance cut-off of 0.01 was applied after both 
LEA and LFMM analyses to correct for multiple 
testing (Forester et al., 2018). A Venn representation 
was produced with the web-based tool InteractiVenn 
to visualize the overlaps among the three methods 
(Heberle et al., 2015). Full R scripts, data input 
and results of LEA and LFMM analyses have been 
deposited in GitHub: https://github.com/ellios84/
Vet-Postolache-et-al.-BOTJLS.

RESULTS

Gene selection, gene sequencing and SNP 
marker genotyping

The BLAST2go analysis allowed us to retrieve the 
gene ontology terms (GO terms) for the candidate 
genes under scrutiny in E. uniflora. In particular, 
these genes resulted in molecular, biological and 
cellular processes dealing with various mechanisms 
of response to abiotic stresses like drought, 
oxidative and osmotic stress, senescence and seed 
development.

Thirty candidate genes were successfully amplified 
in the 96 individuals of E.  uniflora (Supporting 
Information, Table S1) and then submitted to library 

construction and sequencing. Finally, 12 out of the 30 
amplified candidate genes were successfully sequenced 
in the studied individuals. Out of the total 20 981 110 
candidate gene reads obtained from the 96 samples, 
1 471 146 reads (7%) were successfully mapped to 
the reference transcriptome sequences (Supporting 
Information, Fig. S1).

SNP data set quality control

From the initial data set of 685 SNPs, we discarded 
160 SNPs due to low call rate and two SNPs due 
to excessive heterozygosity (HO > 0.5) . After 
amplifying, sequencing and filtering for missing 
data, 523 SNP markers across 12 genes in 85 
individuals were successfully genotyped (Table 2; 
Supporting Information, Table S3). Owing to the 
removal of 23 linked markers and 128 homozygous 
SNPs, the LD-pruned data set comprised 372 SNPs 
from within 12 genes and 80 individuals (Supporting 
Information, Fig. S2). After removing LEA outliers, 
the molecular data set used for population structure 
analysis encompassed 361 SNPs.

Genetic diversity and population structure

Global genetic diversity as expressed by HO per 
population ranged from 0.040 (RJRE) to 0.122 (RSRF; 
Table 3). The northern population (RJRE) showed 
the lowest percentage of polymorphic loci (16.95%) 
compared to the southern populations (RSPA, RSCO 
and RSRF), which showed higher values (51.81%, 
45.14% and 73.33%, respectively). In the Arlequin 
analysis, 33 loci revealed significant deviations from the 

Table 2.  Information about the 12 successfully sequenced genes, including predicted size, sequenced coverage, reads and 
SNPs genotyped by gene

Gene Locus  
identification 

Predicted 
size 

Sequenced 
coverage 

Reads 
(bp) 

SNPs 

Dehydrin E. Uni 63 744 1188 147.480 30
Universal stress protein family protein E. Uni 7951 480 1984 105.037 38
Late embryogenesis abundant protein Lea14-A E. Uni 15860 453 701 253.077 22
Dof zinc finger (dof17) Euni16779_1574 828 1574 315.877 17
Mitogen-activated protein kinase (Mapk5) Euni1727_1212 585 1212 114.325 12
Calcineurin B-like protein 01 (CBL01) Preuni17960_663 477 663 28.981 113
Chloroplast chlorophyll A-B binding protein (CBP3) Preuni31_2107 426 2107 80.509 38
Histone H4-like protein Preuni17184_671 309 671 214.997 23
Osmotic stress-activated protein kinase (OSAK) Preuni5552_1340 699 1340 153.326 68
Phosphoglycerate kinase (chloroplastic isoform 1) Preuni328_2200 873 2200 155.070 88
Plasma intrinsic protein Preuni7330_1053 483 1053 106.777 34
Pentatricopeptide repeat-containing protein At1g15510 Preuni9300_1515 1164 1515 431.094 40
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Hardy–Weinberg equilibrium in the four populations 
(P < 0.05; Supporting Information, Table S5).

Nucleotide diversity was calculated based on 
the complete sequences of 12 genes in 85 samples 
(Supporting Information, Table S6). Total nucleotide 
diversity was calculated for each gene and ranged 
from 0.002 (mitogen-activated protein kinase; Mapk5) 
to 0.007 (calcineurin B-like protein 01; CBL01), and 

total haplotype diversity ranged from 0.929 (Dof 
zinc finger; dof17) to 0.993 (universal stress protein 
family protein). When between-population nucleotide 
and haplotype diversities were compared for each 
gene, southern populations (RSRF, RSPA and RSCO) 
always displayed higher estimates than the northern 
population (RJRE). Notably, the only exception was 
the pentatricopeptide repeat-containing protein 

Table 3.  Statistics of genetic diversity in the four populations of E. uniflora studied. The indices include: N: number of 
genotypes; Na: number of different alleles; Ne: number of effective alleles; I: Shannon’s information index; HO: observed 
heterozygosity; HE: expected heterozygosity; uHE: unbiased expected heterozygosity; F: fixation index

Northern  N Na Ne I HO HE uHE F 

RJRE Mean 30.545 1.166 1.062 0.065 0.040 0.041 0.041 0.015
 SE 0.037 0.016 0.008 0.007 0.005 0.005 0.005 0.008

Southern  N Na Ne I HO HE uHE F

RSRF Mean 28.885 1.732 1.188 0.214 0.122 0.127 0.129 0.020
 SE 0.018 0.019 0.011 0.009 0.006 0.006 0.007 0.009
RSPA Mean 13.887 1.516 1.171 0.179 0.109 0.109 0.114 -0.010
 SE 0.014 0.022 0.012 0.010 0.007 0.007 0.007 0.011
RSCO Mean 10.880 1.449 1.170 0.175 0.107 0.109 0.114 -0.010
 SE 0.014 0.022 0.012 0.010 0.007 0.007 0.007 0.011

Figure 2.  Spatial genetic admixture of 85 E. uniflora individuals across four populations, based on genotypes at the 523 
SNPs. A, Bayesian analysis of population structure, including all four sampled populations of E. uniflora. B, variation in the 
Bayesian information criterion (BIC) with the possible number of clusters. C, PCA on allelic frequencies across 372 SNPs.
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gene, for which both indices displayed similar values 
among populations. Significantly negative Fu’s Fs 
values (P < 0.05) were obtained for each of the 12 
genes analysed in the four populations, suggesting 
positive selection or population expansion (Supporting 
Information, Table S5).

All structure analyses performed (STRUCTURE, 
DAPC and PCA) pointed to the existence of three main 
genetic clusters (Fig. 2). The first genetic cluster was 
represented by the northern population (RJRE) from 
the restinga environment, the second genetic cluster 
was composed of individuals from the riparian forest 
population (RSRF) and the third genetic cluster was 
composed of the coastal plain (RSPA) and Pampa 
biome (RSCO) populations (Fig. 2A, C). The first three 
PCs explained up to 100% of total molecular variance 
(PC1: 54.46%; PC2: 31.12%). The AMOVA found that 
25% of the total molecular variance can be explained by 
population divergence and 60% to genetic differences 
between individuals (Supporting Information, Table 
S7). FST values ranged between 0.05 and 0.44, with the 
highest estimate being observed between the Pampa 
biome (RSCO) and the restinga northern population 
(RJRE) and the lowest between the coastal plain 
population (RSPA) and the Pampa biome (RSCO; 
Supporting Information, Table S8).

Outlier detection tests

No outlier was detected by the BayeScan analysis with 
prior odds of 10:1 for the neutral model, where the 
highest posterior probability for the model including 
selection was 0.33. When using prior odds of 1:1 for both 
models, the highest posterior probability was 0.77, which 
corresponds to substantial evidence of divergent selection 
(Jeffreys, 1961). However, this result was not found to be 
statistically significant after multiple testing corrections.

The sNMF analysis prior to LEA identified a knee in 
the cross-entropy decay at K = 3. Then, the population 
differentiation-based test was conducted by assuming 
three ancestral populations and identifying 11 SNPs 
(Supporting Information, Table S9) as potentially 
under selection.

The sNMF analysis based on the set of putatively 
neutral SNPs prior to LFMM analysis was unable to 
identify a clear solution by pointing to K = 3 and K = 4 
as the most likely numbers of ancestral populations; 
therefore, two independent LFMM analyses were 
performed with three and four latent factors assumed 
(Supporting Information, Fig. S3) and the resulting 
14 outliers shared by these analyses (Supporting 
Information, Fig. S4) were considered as the final 
output from the LFMM analysis. Among these putative 
signatures of selection, seven SNPs (SNP070, SNP086, 
SNP109, SNP134, SNP139, SNP145, SNP169) were 
associated with precipitation-related variables, one 

SNP (SNP514) with temperature-related variables 
and six SNPs (SNP076, SNP104, SNP151, SNP159, 
SNP395, SNP418) correlated with both precipitation- 
and temperature-related variables (Fig. 3; Table 4; 
Supporting Information, Table S10).

Overlapping signatures of selection

Overlapping signatures of selection from LEA and 
LFMM analyses were detected at seven SNPs, among 
which SNP104 showed an association with Temp2, 
Precip1 and Precip2; SNP076, SNP151, SNP159 and 
SNP395 showed an association with both Temp2  
and Precip1; SNP418 with both Temp2 and Precip2 
and SNP514 with Temp2 (Fig. 3; Table 5). The number 
of shared outliers per sequenced gene indicates 
that SNP076, SNP104, SNP151 and SNP159 are 
located in the CBL01 and that the remaining three 

Figure 3.  Venn diagram indicating the candidate outlier 
loci of E. uniflora identified among the LEA (11) and LFMM 
analyses comprising Temp2 (6), Precip1 (11), Precip2 (1) 
and Precip3 (1).

Table 4.  Number of loci outliers found using LEA and 
LFMM analyses

Method Total outliers detected 

LEA 11
LFMM 14
[Temp2-PC2] 7
[Precip1-PC1] 11
[Precip2-PC2] 2
[Precip3-PC3] 1
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SNPs are located in a dehydrin (SNP395), a plasma 
intrinsic protein (SNP418) and a pentatricopeptide 
repeat-containing protein At1g15510 (SNP514; Fig. 3; 
Supporting Information, Table S9).

DISCUSSION

In this research, we identified candidate loci showing 
evidence of divergent selection in natural populations 
of E. uniflora (Tables 4–5). In particular, the GEA 
analysis performed made it possible to detect a set 
of SNPs significantly associated with temperature- 
and precipitation-related climatic variables, thus 
suggesting that local adaptation may have played 
a non-negligible role during adaptation and 
persistence of E. uniflora towards the heterogeneous 
and diversified habitats that compose the AFD. The 
AFD includes distinct environments, and thus local 
adaptations may be an essential process in shaping 
plant species margins.

Based on a data set of 523 SNPs distributed in 
12 candidate genes, higher genetic diversity was 
detected in E. uniflora populations from the riparian 
forest (southern part of the species range), which 
substantiates previous findings based on plastid 
markers (Turchetto-Zolet et al., 2016) and in E. uniflora 
populations distributed along the Brazilian Atlantic 
Coast, where the highest genetic diversity was observed 
in the southernmost population (Salgueiro et al., 
2004). Similar patterns in spatial genetic distribution 
have been found in other species in the AFD, including 
Epidendrum fulgens (Pinheiro et al., 2011), which may 
reflect similar dispersal patterns driven by shared 
seed dispersers and analogous selective pressures (e.g. 
soil characteristics, proximity to the sea, potential for 
drought, temperature and precipitation regimes).

Population genetic structure analyses pointed  
to the co-existence of three main genetic clusters 
within the studied metapopulation which correspond 
to the restinga ecosystem located in the northern 

AFD (RJRE) and a southern AFD cluster, which 
included subclusters from the riparian forest (RSRF) 
and from the Pampa and coastal plain ecosystems 
(RSPA and RSCO, respectively) in the southern AFD. 
Such a spatial genetic structure might be possibly 
driven by the southmost to northmost differentiated 
environmental variables, such as salinity, temperature, 
rainfall and soil type (Table 1). Furthermore, this 
finding (as based on the newly developed SNP data set 
genotyped in candidate genes) seems to complement 
a previously published phylogeographic study focused 
on the species and based on plastid markers that 
shows the existence of two haplogroups, one from 
the north and one from the south, which probably 
diverged c. 5 Mya (Turchetto-Zolet et al., 2016). The 
large proportion of molecular variance explained by 
genetic differentiation between individuals (here, 75%; 
Supporting Information, Table S7) is also in line with 
previous findings reporting that 78.9% of the genetic 
variation in coastal populations of E. uniflora has a 
within-population origin (Salgueiro et al., 2004).

A recent study focused on Euterpe edulis, a 
widespread tree species in the Brazilian Atlantic 
Forest, based on SNP markers identified outlier 
loci possibly under divergent selection in distinct 
environments in the AFD (Brancalion et al., 2018). The 
findings from this study were further corroborated by 
reciprocal transplants that provided evidence of local 
adaptations in seedlings established in the rainforest 
and the semi-deciduous forest, but not in the restinga 
and the submontane rainforest.

The precipitation-related variables resulted in a 
higher number of significant GEAs (14; Supporting 
Information, Table S10) compared to temperature-
related climatic variables (7); this result can be 
explained by the known influence of precipitation and 
elevation in shaping the ecological niche of E. uniflora 
(Turchetto-Zolet et al., 2016). A substantial number 
of outliers overlapping between LEA and LFMM 
were in the CBL01 gene (SNP076, SNP104, SNP151, 
SNP159) and most of them turned out to be associated 
with Precip1 and Temp2 (Table 5). Studies have 

Table 5.  Common loci outliers between LEA and LFMM analyses indicating feature, reference allele (Ref) and alteration 
(Alt)

Analysis SNP Gene Feature Ref Alt 

LEA and LFMM (Temp2, Precip1 and Precip2) SNP104 Calcineurin B-like protein 01 (CBL01) Intron C G
LEA and LFMM (Temp2 and Precip1) SNP076 CBL01 3’ UTR A G
 SNP151 CBL01 Intron A C
 SNP159 CBL01 Intron C T
 SNP395 Dehydrin Intron A G
LEA, LFMM (Temp2, Precip2) SNP418 Plasma intrinsic protein CDSi G C
LEA and LFMM (Temp2) SNP514 Pentatricopeptide repeat-containing 

protein At1g15510
CDSo A T
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reported CBL01 to be involved with several stress 
responses including sensitivity to salinity in corn (Zea 
mays) and drought and cold stresses in Arabidopsis 
(Albrecht et al., 2003; Wang et al., 2007). Several other 
studies have correlated the dehydrin gene with local 
adaptations to extreme environmental conditions, 
such as extreme temperatures and drought conditions 
(Lopez et al., 2003; Suprunova et al., 2004; Giarola 
et al., 2015; Blein-Nicolas et al., 2020). Here, CBL01 
and the dehydrin gene were found to correlate with 
Precip1, which can be interpreted as a precipitation 
abundancy axis opposing populations with high 
precipitation during the dry season coupled with low 
precipitation seasonality (RSRF), to populations with 
low precipitation regimes during the dry season and 
high precipitation seasonality (RJRE; Supporting 
Information, Fig. S5).

LEA analysis pointed to the genes Dof zinc finger 
(dof17), phosphoglycerate kinase (plastid isoform 
1) and dehydrin, which are most probably involved in 
local adaptation towards contrasting edaphoclimatic 
conditions (Supporting Information, Table S9). Then, 
possible involvement of these genes in the response 
against drought stress and competition for light cannot 
be excluded, especially in the riparian forest, where 
individuals are usually taller and compete for sunlight 
with other species, and in the restinga habitat, where 
most of the environmental heterogeneity rather refers 
to thermal amplitude and contrasting precipitation 
regimes. The outliers identified in the intronic regions 
of these genes might be involved in gene expression and 
alternative splicing, but further analyses are required 
to define their function (Blein-Nicolas et al., 2020).

Few studies on South American forest tree species 
have reported an association between genetic markers 
and environmental variables. Here, we provide a first 
insight, on the genetic bases of local adaptation in E. 
uniflora towards highly diversified environmental 
conditions, and shed light on its evolutionary potential 
in the face of future environmental changes. 
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SUPPORTING INFORMATION

Additional Supporting Information may be found in the online version of this article at the publisher's web-site:

Table S1. Primer features and conditions used to amplify the 30 sequenced genes, including annealing temperature 
and forward and reverse sequences.
Table S2. Eugenia uniflora population coordinates and climatic characteristics. We extracted the 19 bioclimatic 
variables from the WorldClim database v.1.4 (30 s resolution) over the period 1950–2000 and computed their 
average values. MAT: mean annual temperature (°C); TDR: mean diurnal range (°C); isoT: isothermality (MAT/
TAR × 100); Tseas: temperature seasonality (CV); MaxTWarm: max. temperature of warmest period (°C); 
MaxTCold: min temperature of coldest period (°C); TAR: temperature annual range (MaxTWarm-MaxTCold; 
°C); MeanTWet: mean temperature of wettest quarter (°C); MeanTdry: mean temperature of driest quarter (°C); 
MeanTwarm: mean temperature of warmest quarter (°C); MeanTcold: mean temperature of coldest quarter (°C); 
MAP: annual precipitation (mm); Pwet: precipitation of wettest period (mm); Pdry: precipitation of driest period 
(mm); Pseas: precipitation seasonality (CV); PwetQ: precipitation of wettest quarter (mm); PdryQ: precipitation 
of driest quarter (mm); PwarmQ: precipitation of warmest quarter (mm); PcoldQ: precipitation of coldest quarter 
(mm).
Table S3. Reads per sample of the 12 successfully sequenced genes in the 85 individuals.
Table S4. Synthetic environmental variables derived from the PCA of 19 bioclimatic variables processed by 
LFMM analyses.
Table S5. Loci with significant deviations from the Hardy–Weinberg equilibrium (P < 0.05), including population, 
locus, gene where the SNPs are related, observed and expected heterozygosity (HO and HE), P-value and standard 
deviation (SD).
Table S6. Nucleotide diversity of each gene by population.
Table S7. Analysis of molecular variance (AMOVA) in individuals representing the four E. uniflora populations.
Table S8. FST values between pairs of the four populations.
Table S9. Outlier SNPs detected with LEA analyses, including P-value: P-value of LEA test statistic; pBonf: 
P-value corrected for multiple comparisons using Bonferroni approach; Ref: allele reference; Alt: allele alternative.
Table S10. Outlier SNPs detected with LFMM. CLIM: synthetic climatic variable from PCA on climatic variables; 
β: LFMM test statistic for the correlation between an environmental variable and allelic frequencies; P-value: 
P-value of the regression model; Ref: allele reference; Alt: allele alternative.
Figure S1. Pipeline showing all tools used for processing the output data of NGS (Next Generation Sequencing) 
in the Illumina platform up to the point of SNP identification and filtering.
Figure S2. Graphic of the 372 SNPs distributed among 12 candidate genes.
Figure S3. Population structure analysis based on sNMF. Ten independent runs were performed from K = 1 to 
K = 5 (panels from top left to top right). Boxplots are reported representing variability in cross entropy estimation 
across 20 repetitions per K. The most probable clustering solution oscillates between K = 3 and K = 4 depending 
on the run examined.
Figure S4. Venn diagram with the number of overlapped SNP outliers detected with LFMM at K = 3 and K = 4.
Figure S5. Allele frequency of SNP outliers shared between LEA with LFMM. Populations are represented by 
the following colours: RSRF: riparian forest population (blue), RJRE: restinga population (orange), RSPA: Pampa 
population (grey), RSCO: coastal plain population (yellow).
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