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Abstract 

Background  Macauba (Acrocomia aculeata) is a non-domesticated neotropical palm that has been attracting atten-
tion for economic use due to its great potential for oil production comparable to the commercially used oil palm 
(Elaeis guineensis). The discovery of associations between quantitative trait loci and economically important traits 
represents an advance toward understanding its genetic architecture and can contribute to accelerating macauba 
domestication. Pursuing this advance, this study performs single-trait and multi-trait GWAS models to identify candi-
date genes associated with vegetative and oil production traits in macauba. Eighteen phenotypic traits were evalu-
ated from 201 palms within a native population. Genotyping was performed with SNP markers, following the protocol 
of genotyping-by-sequencing. Given that macauba lacks a reference genome, SNP calling was performed using three 
different strategies: using i) de novo sequencing, ii) the Elaeis guineenses Jacq. reference genome and iii) the macauba 
transcriptome sequences. After quality control, we identified a total of 27,410 SNPs in 153 individuals for the de novo 
genotypic dataset, 10,444 SNPs in 158 individuals using the oil palm genotypic dataset, and 4,329 SNPs in 167 indi-
viduals using the transcriptome genotypic dataset. The GWAS analysis was then performed on these three genotypic 
datasets.

Results  Statistical phenotypic analyses revealed significant differences across all studied traits, with heritability 
values ranging from 63 to 95%. This indicates that the population contains promising genotypes for selection 
and the initiation of breeding programs. Genetic correlations between the 18 traits ranged from -0.47 to 0.99. The 
total number of significant SNPs in the single-trait and multi-trait GWAS was 92 and 6 using the de novo genotypic 
dataset, 19 and 11 using the oil palm genotypic dataset, and 1 and 2 using the transcriptome genotypic dataset, 
respectively. Gene annotation identified 12 candidate genes in the single-trait GWAS and four in the multi-trait GWAS, 
across the 18 phenotypic traits studied, in the three genotypic datasets. Gene mapping of the macauba candidate 
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genes revealed similarities with Elaeis guineensis and Phoenix dactylifera. The candidate genes detected are responsible 
for metal ion binding and transport, protein transportation, DNA repair, and other cell regulation biological processes.

Conclusions  We provide new insights into genomic regions that map candidate genes associated with vegetative 
and oil production traits in macauba. These potential candidate genes require confirmation through targeted func-
tional analyses in the future, and multi-trait associations need to be scrutinized to investigate the presence of pleio-
tropic or linked genes. Markers linked to traits of interest could serve as valuable resources for the development 
of marker-assisted selection in macauba for its domestication and pre-breeding.

Keywords  Neotropical oil palm, Macauba, Associative mapping, Multi-trait associations, Oil content, Biofuel

Background
Macauba (Acrocomia aculeata) is a neotropical palm dis-
tributed from Mexico to the Northern region of Argen-
tina [1–3]. It has significant potential for commercial 
exploitation due to the high oleic concentration in its 
fruits for energy production, food industries, pharmaceu-
tical, and cosmetic industries [4, 5]. As a perennial plant, 
macauba offers long-term regular production and is well-
adapted to growing in dry biomes such as bare ground, 
rangelands, and anthropogenic landscapes, unlike other 
energy crops that depend on humid ecosystems like 
tropical rainforests. Compared to other oilseeds, the esti-
mated oil productivity of Brazilian populations at a den-
sity of 400 trees per hectare per year is approximately 2.5 
tons. This yield is similar to oil palm (Elaeis guineensis) 
and higher than soy, cotton, and sunflower [6]. Moreover, 
it can be used in ecosystems programs and agroforestry 
systems [7]. These features make macauba a sustainable 
source of vegetable oil. However, the economic viability 
of Acrocomia production depends on genetic research, 
technological advances, and political support to develop 
its value chain [8]. In industry, all parts of the macauba 
fruit (husk, pulp, endocarp, and kernel) can be used as 
raw materials. Oil is extracted from both the pulp and 
kernel. The pulp contains up to 70% of oleic acid-rich oil 
[9], followed by palmitic and linoleic acid, wich are tar-
geted by the biofuel industry. The kernel contains up to 
50% oil rich in lauric acid, used in cosmetics and other 
saponification products [10]. The fruits are also rich in 
amino acids, carbohydrates, vitamins, fibers and miner-
als [11], making them suitable for both the animal and 
human food industries. Additionally, the endocarp has 
high lignin content, making it suitable for coal produc-
tion [12]. Furthermore, macauba’s nutritional profile 
includes antioxidants like flavonoids and phenolic acids, 
which may offer health benefits such as minimizing oxi-
dative stress and lowering the risk of chronic diseases, 
making it valuable for the pharmaceutical industry [13, 
14]. However, despite its commercial potential, macauba 
is considered incipiently domesticated [15, 16], and most 
of the oil consumed is obtained through extractivism 
[17].

Studies of genetic diversity can guide the selection of 
contrasting parents for artificial crosses, maximizing 
genetic gains and enhancing the efficiency of new culti-
var in development [18, 19]. In this context, given that 
macauba is a native palm, genetic improvement is essen-
tial for developing productive varieties with commer-
cially stable phenotypic traits. Recent studies on genetic 
diversity using SNP markers have evaluated Acrocomia 
spp. palms across Brazil, indicating that productive germ-
plasm can be selected to initiate a pre-breeding cycle 
through targeted crosses between genetically divergent 
species [20, 21]. In plant breeding, the selection of paren-
tal plants with potential productivity within a natural 
population is based on their phenotypic traits, being that 
correlation estimates between these specific traits facili-
tate selection and enhance understanding of their genetic 
basis. Previous studies on macauba have observed posi-
tive genotypic correlations between vegetative and oil 
production traits, which can facilitate the breeding pro-
cess, as breeders can employ indirect selection by focus-
ing on a few easily measured traits [9, 22, 23]. Moreover, 
positive genetic correlation at the genetic study level of 
these traits suggest the presence of pleiotropic and/or 
linked genes controlling them, enabling a better under-
standing of the species’ genetic architecture [24].

For genetic research in crop breeding and domesti-
cation studies, a high-quality reference genome at the 
chromosomal level is essential, but Acrocomia does 
not currently have one. However, population genom-
ics approaches like GBS (genotyping-by-sequencing) 
or RAD-Seq can be employed to explore the evolution-
ary processes driving diversity in non-model plant spe-
cies [25, 26]. Domestication often results in significant 
genomic changes driven by factors such as genetic drift 
and artificial selection. Genomic techniques are fre-
quently used to detect selection signatures by identifying 
polymorphisms in interesting trait loci hidden by neu-
tral variation. This approach has already been applied to 
Acrocomia species finding putative selection signatures in 
genes associated to fatty acid and carotenoid biosynthe-
sis, as well as pathogen resistance and drought tolerance 
[26]. Other methodologies that can guide pre-breeding in 
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macauba include genetic architecture studies and asso-
ciation mapping, with genome-wide association studies 
(GWAS) being particularly notable in this case. These 
approaches provide genetic insights into the species and 
allow for the future implementation of genomic predic-
tion technologies. In oil palm, for example, multiple 
genetic maps have been constructed, demonstrating that 
traits involved in oil production are quantitative. Molec-
ular-assisted breeding programs have even facilitated the 
domestication of oil palm through fine mapping, GWAS, 
and cross-validation of QTLs linked to fatty acid compo-
sition and yield, [27, 28], oil palm hybrids [29], and dis-
ease resistance [30]. For example, one of the quantitative 
traits in oil palm that directly contributes to increased oil 
yield is fruit bunch weight [31]. Babu et al. [27, 28] iden-
tified numerous quantitative trait loci (QTL) associated 
with bunch, yield, and oil yield-related traits in oil palm 
through GWAS. Identifying significant loci for important 
economic traits is crucial for enhancing yield and oil-
related traits, as well as for their use in marker-assisted 
selection. These studies have facilitated advances in the 
development of improved oil palm populations [27, 28, 
31, 32], and it is such advances that we aim to achieve in 
the future with the present study on macauba.

In genetic architecture studies and association map-
ping through GWAS, molecular markers are used to 
map QTLs for various traits of interest, allowing a bet-
ter understanding of the genetic expression of these traits 
[24, 32, 33]. GWAS attempts to evaluate causal relation-
ships between genetic variants and the phenotype by sur-
veying a genome-wide set of genetic polymorphisms in a 
large number of individuals [34]. Variants are normally 
detected using short reads and mapped to a reference 
genome, however common subsequences can also be 
directly compared between samples. Such an approach 
appears to be most effective when there is no reference 
genome assembly like macauba [35]. In the GWAS, sin-
gle and multi-trait approaches are currently employed 
to detect cross-phenotype associations [36–38]. Some 
of the first GWAS models, such as general linear mod-
els and mixed-linear models (MLMs), were single-locus 
and single-trait, created to implement covariates along 
with kinship matrices [39]. These simple models resulted 
in false negatives caused by weakened associations due 
to population structure. To evaluate large datasets while 
also reducing false positives and negatives, multi-locus 
GWAS, such as FarmCPU [40] and BLINK [41], were 
developed. Unlike single-trait models, multi-trait models 
enable the quantification of simultaneous contributions 
of loci to multiple traits in GWAS studies, serving as an 
effective tool to guide research on linked or pleiotropic 
genes in association mapping [36, 42]. Many software 
packages have implemented multi-trait GWAS models 

[36, 43–45], and these models can often outperform uni-
variate multi-locus models, especially when analyzing 
traits with low heritability [46].

The application of GWAS in macauba, particularly 
in its wild relatives, can enable the exploration of adap-
tive traits that have evolved under specific environmen-
tal pressures. Despite the challenges of studying natural 
populations, GWAS can uncover genetic loci that con-
tribute to yield and oil productivity, environmental stress 
tolerance, and growth efficiency in poor soils. These find-
ings can expand our understanding of the south ameri-
can genetic pool for macauba cultivation, especially in 
regions vulnerable to climate change. Moreover, the 
identification of loci influencing multiple traits using 
multi-trait GWAS models could accelerate the develop-
ment of cultivars, eventually advancing macauba from an 
incipiently domesticated species to a commercially viable 
crop with high agronomic potential. To the best of our 
knowledge, this study presents the first GWAS targeting 
genomic regions controlling vegetative and oil produc-
tion traits in macauba. Results related to the genomic 
association of traits responsible for vegetative and oil 
production are of interest for understanding their genetic 
architecture, which would facilitate the specie’s domes-
tication and pre-breeding, similar to oil palm [27, 28]. 
In addition, markers detected in single-trait and multi-
trait GWAS can guide studies on the detection of linked 
or pleiotropic genes, enriching the genetic architecture 
information in macauba.

Methods
Plant material
We studied a panel of 201 macauba palms from a natu-
ral population located in Dourado, São Paulo state, Brazil 
(geographical coordinates 22° 6′ 13’’ S, 48° 18′ 50’’ W). 
Palms in this population emerged through natural dis-
persal processes, and individuals were randomly selected, 
meaning that there is no specific experimental desing. 
The population is situated in a rural area within the Cer-
rado region (Fig.  1). Phenotype data were collected in 
October 2019 and January 2021 to represent two dif-
ferent production seasons (years 1 [2019/2020] and 2 
[2020/2021]), and we select the palms prioritizing those 
with ripe fruits in October 2019.

Phenotype data
The phenotype data were divided into two categories 
to facilitate understanding: vegetative and oil produc-
tion traits. Fig.  2A represents one of the macauba trees 
used in the analyses. The vegetative traits studied were: 
height (H in meters), stipe (trunk) diameter at breast 
height (DHB in centimeters), number of leaves (LN), leaf 
length (LL in centimeters), number of leaf needles (NN), 
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Fig. 1  Rural areas where macauba data were collected are shown. Green dots represent palms numbered 1 to 100, red dots represent palms 101 
to 130, blue dots represent palms 131 to 184, and purple dots represent palms 185 to 201
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leaf needles length (NL in centimeters) and leaf needle 
width (NW in centimeters). To obtain the H of the palms, 
a hypsometer was used. The DAP was measured at 1.5 m 
above the ground with a ruler. The LN was measured in 
units by counting the leaves of each plant, while the NN 
was measured by counting all the needles on the right 
side of the leaf. The LL was measured using a measuring 
tape, and the NL and NW were measured using a ruler.

The oil production traits encompass the biometric 
fruit traits and pulp oil content. Fruit characterization 
was based on six fruits from each palm [47] across three 
repetitions (Fig. 2B). We used two fruits per repetition to 
obtain a sufficient amount of pulp mass to evaluate the 
oil content. Therefore, we used the mean of the three rep-
etitions in the biometric data and oil content, over two 
evaluation years (production seasons of 2019/2020 and 
2020/2021) to perform the statistical analysis. The total 
fruit mass (FM in grams) was determined using a preci-
sion scale. After obtaining the total weight of the fruits, 
they were manually separated into four fractions: (1) 
husk, (2) pulp, (3) endocarp, and (4) kernel for fresh and 
dry mass (Fig. 2C). The fresh masses of the fruit fractions 

were dried in a ventilated oven at 36ºC for 36 h. To study 
the biometrics fruit traits, we identified these traits as: 
husk fresh mass (HFM), pulp fresh mass (PFM), endo-
carp fresh mass (EFM), kernel fresh mass (KFM), husk 
dry mass (HDM), pulp dry mass (PDM), endocarp dry 
mass (EDM) and kernel dry mass (KDM). The weight of 
the fresh and dry masses of the fractions was also deter-
mined using a precision scale, in grams. The weights of 
the four dry fractions were added to obtain the value of 
the total mass of the dry fruit (FDM). Pulp oil content 
(OC, % or g/100 g) was quantified from the PDM (Fig. 2D 
and E) using Near-infrared Spectroscopy (NIRS). The 
PDM of the three replicates was crushed in the analyti-
cal mil IKA–A11. Diffuse reflectance of the samples was 
measured in rectangular cells (48 × 58 mm) using a FOSS 
NIRSystems 6500 spectrophotometer. The spectra meas-
urements of the PDM were performed in triplicates and 
recorded using the ISIscanTM software, VERSION 3.10 
(Infrasoft International, 2007). A multivariate model was 
built using the software Pirouette 4.5 (Infometrix, 1990–
2011) to predict the oil content using the NIRs spectra.

Fig. 2  Macauba palm and oil production traits. A Macauba in the field. B Fruit samples and materials used to obtain the biometric fruit traits 
(hammer for breaking the fruits, scalpel for cutting the pulp and caliper for measuring the fruits). C Fruit fractions in the repetitions used to evaluate 
the biometric fruit traits; from top to bottom: husk, pulp, endocarp, and kernel. D Pulp dry mass macerated in the analytical mill IKA–A11. E Pulp dry 
mass samples ready for oil content quantification at NIR
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Statistical analysis of the phenotypic data was per-
formed using a mixed linear model in the lme4 package 
[48] in the R software, version 4.0.5 [49]. The boxplots 
displaying the mean, maximum, and minimum values 
of each trait by year are provided in the Supplementary 
Material. The statistical model used to analyse the pheno-
typic data is as follows:

where Yij is the phenotype of the ith palm in the jth year, 
µ is the general mean, gi is the random effect of the palm 
i, yj is the fixed effect of years j, and εij is the residual.

The significance of the random effect of the palms was 
estimated by the likelihood ratio test (LRT) at 5% prob-
ability. The genetic (σ 2

g ) and error σ 2e variance compo-
nents were used to calculate the phenotypic variance σ 2p:

The coefficient of variation was calculated following the 
equation:

The variance components were used to estimate the 
broad sense heritability (H2):

where r is the number of repetitions, which in this con-
text corresponds to the number of evaluated years. All 
estimates below were computed using R software.

Genotypic correlation was calculated with multivariate lin-
ear mixed model using restricted maximum likelihood meth-
ods (REML) in the sommer R package, version 4.1.5. [50].

Genotype data
Genotyping was performed with markers based on sin-
gle-nucleotide polymorphism (SNPs), following the pro-
tocol of GBS using two restriction enzymes (ddGBS) 
[51]. The genomic DNA was isolated from leaf material 
using the Doyle & Doyle protocol [52]. We evaluated the 
extracted DNA quality and quantity by agarose gel elec-
trophoresis (1% w/v) stained with SYBR Safe DNA Gel 
Stain (Invitrogen) and by visual comparison with lambda 
DNA (Invitrogen). The quantification and normaliza-
tion of genomic DNA were performed through fluo-
rescence using the Qubit dsDNA BR Assay (Qubit-Life 

(1)Yij = µ+ gi + yj + εij

(2)σ 2
p = σ 2

g + σ 2
e

(3)CV =

√
σ 2e

mean
× 100

(4)H2
=

σ 2
g

σ 2
g +

σ2e
r

Technologies). Based on the obtained reading, we stand-
ardized the DNA to a concentration of 30 ng. μl−1.

To obtain the SNPs, we prepared three 96-plex genomic 
libraries using the ddGBS technique according to the 
protocol described by [53] and the modifications used by 
Díaz et al. [20]. We digested the genomic DNA with the 
combination of enzymes NsiI and Mse1 (New England 
Biolabs). The ddGBS libraries were quantified through 
RT-PCR on the CFX 384 Touch Real-Time PCR (Bio-
Rad) equipment using a KAPA Library Quantification 
kit (KAPA Biosystems, cat. KK4824), and the fragments’ 
profiles were inspected using the Agilent DNA 1000 Kit 
on a 2100 Bioanalyzer (Agilent Technologies). The 201 
prepared sample libraries were sequenced on a single 
run in an Illumina HiSeq3000 with single-end and 101 bp 
configurations. The overall quality of the sequencing of 
GBS libraries was evaluated with the FastQC program 
[54]. Quality control and demultiplex were performed 
with the process_radtags module of the Stacks 1.42 pro-
gram [55], where low-quality reads were removed. All the 
sequences were truncated to 90 bp due to a drop in over-
all mean sequence quality in FastQC towards the end of 
the raw sequences. After demultiplexing, five individuals 
were removed due to low quality and fewer than 20,000 
reads retained in the sequencing, resulting in a total of 
196 individuals.

The SNP calling was performed using three different 
strategies because no reference genome is available for 
macauba. First, (i) using the de novo pipeline (Stacks 
v.1.42) [55] based on the alignment of the reads obtained 
during the genotyping, (ii) using the genome of Elaeis 
guineensis var tenera (oil palm) as a reference [56], and 
(iii) using the transcriptome of Acrocomia aculeata as a 
reference [57]. SNP calling from the de novo pipeline was 
carried out using the software Stacks v. 1.42 [55]. After 
quality control, samples were demultiplexed using pro-
cess-rad-tags module in Stacks. Then the ustacks mod-
ule was used to identify groups of putatively homologous 
reads (putative loci) for each sample separately following 
the parameters: minimum sequencing depth (m = 3) and 
maximum mismatches (M = 2). Loci with lower values of 
probability (lnl_lim -10) were eliminated by the rxstacks 
correction module. The SNPs were filtered using the pop-
ulations module, retaining all SNP in the same sequenced 
tag that had passed the filtering criteria.

For SNP calling using reference sequences, the bwa-
mem algorithm of the bwa 0.7.17 program [58] was 
employed to align the sequences of each sample to the 
genome of Elaeis guineensis var tenera (oil palm) EG5 
(NCBI GCA_000442705.1) [56] and to the transcrip-
tome sequencing of Acrocomia aculeata [57]. Alignment 
files were processed with SAMtools [59] and Picard 
programs (http://​broad​insti​tute.​github.​io/​picard). SNP 

http://broadinstitute.github.io/picard
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identification was performed using the program free-
bayes 1.3.4 [60] with the configuration –standard_filters. 
VCFtools 0.1.17 [61] and bcftools 0.1.12 [59] programs 
were used to filter SNP markers, retaining all SNP per 
sequence in the same sequenced tag that had passed the 
filtering criteria.

To filter SNPs in the three SNP calling strategies, 
we used the following criteria: maximum number of 
alleles = 2, minor allele frequency ≥ 0.01, sequencing 
depth ≥ 3X, mapping quality ≥ 20, maximum percent-
age of 30% of missing data per locus and of 45% of miss-
ing data per individuals. Since we are working with a 
non-domesticated species like macauba, we opted for a 
more conservative approach in selecting the threshold 
for missing data per individual to avoid inaccuracies and 
bias in our analyses. After filtering, we identified a total 
of 27,410 SNPs in 153 individuals for the de novo geno-
typic dataset, 10,444 SNPs in 158 individuals using the oil 
palm genotypic dataset, and 4,329 SNPs in 167 individu-
als using the transcriptome genotypic dataset. Missing 
data were imputed using the Beagle 5.3 software [62, 63].

Chromosome information was added to the three 
genotypic datasets to perform GWAS analyses. For de 
novo and transcriptome genotypic datasets, which do 
not have a reference genome, we considered that all the 
SNP markers belonged to the same chromosome. For 
the oil palm genotypic dataset, chromosome information 
was obtained from the NCBI GCA_000442705.1. The oil 
palm reference genome contains information from 16 
chromosomes and sequences that have not yet been allo-
cated in the oil palm genome, referred as “SNW”.

Genetic diversity and population structure
Genetic diversity was analyzed individually for each gen-
otypic dataset, considering all the individuals within each 
dataset. For this purpose, two R packages were utilized: 
hierfstat [64] and adegenet [65]. In this analysis four 
macauba groups were considered due to the geographic 
distribution in nature (Fig. 1): group 1 (palms numbered 
1 to 100), group 2 (palms 101 to 130), group 3 (palms 131 
to 184) and group 4 (palms 185 to 201). Genetic diver-
sity was investigated according to the value of the total 
number of alleles, the observed and expected heterozy-
gosity, and the inbreeding coefficient. Meanwhile, popu-
lation structure was inferred by discriminant analysis of 
principal components (DAPC). The DAPC was carried 
out through the poppr package to describe the evidence 
for individual cluster assignment of the palms in each 
genotypic dataset. The number of population cluster was 
obtained using the find.clusters function, with K-means 
set to 2. The individual group memberships from the 
DAPC were exploited using the posterior membership 

probabilities, based on the retained discriminant 
functions.

Single‑trait and multi‑trait GWAS
To perform the single-trait and multi-trait GWAS, we 
used the adjusted mean of the phenotypic data obtained 
from Eq.  (1) in the statistical analyses, along with the 
three genotypic datasets. To obtaind the adjusted means, 
the genotype effect was considered fixed in the model. 
Thus, to conduct single-trait GWAS, four different sta-
tistical models were used and compared. These models, 
fitted using the GAPIT package (version 3) [66], were: (i) 
general linear model (GLM) [67], (ii) multiple loci MLM 
(MLMM) [68], (iii) fixed and random model circulating 
probability unification (FarmCPU) [40], and (iv) bayes-
ian-information and linkage-disequilibrium iteratively 
nested keyway (BLINK) [41]. To account for population 
structure, we utilized the “Model.selection = TRUE” and 
“PCA.total = 5”, which selects the best number of princi-
pal components from 0 to 5 in the GLM model. The rela-
tionship matrix was also calculated by GAPIT using its 
default parameters. Each model used in the single-trait 
GWAS has its own characteristics, so the use of popula-
tion structure or kinship matrix depends on the model 
employed at the time of analysis.

The multi-trait analysis was fitted using a multivariate 
stepwise method (MSTEP) implemented in the software 
TASSEL, conducted in all pairwise trait combinations 
[46]. The population structure used for the single-trait 
analysis was also used in the multi-trait analysis. Prior 
to running MSTEP, each trait was normal quantile trans-
formed using the orderNorm function from the R pack-
age bestNormalize [69]. Next, multivariate outliers were 
removed based on the aq.plot function from the R pack-
age mvoutlier [70]. In all cases, MSTEP was fitted with 
and without the first five principal components as covari-
ates obtained from the respective marker data set. SNPs 
that were significant in both instances were selected as 
high-confidence multivariate associations. In summary, 
15 analyses were performed in total: 12 in the single-
trait GWAS and 3 in the multi-trait GWAS (5 models × 3 
datasets).

To identify the candidate genes, tag sequences con-
taining the significant SNPs from the de novo geno-
typic dataset were manually recovered from the catalog 
generated by the cstacks module in the Stacks program. 
The sequences of the significant SNPs from Acrocomia 
aculeata transcripts were obtained by retrieving fasta 
sequences from the transcriptome assembly with the perl 
fasta_FetchSeqs.pl script (https://​github.​com/​4urel​iek/​
Fasta). The occurrence of significant SNPs in predicted 
gene regions for Elaeis guineenses was verified with 
the intersect function from BEDTools v.2.30 program 

https://github.com/4ureliek/Fasta
https://github.com/4ureliek/Fasta
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[71], while the respective predicted protein sequences 
were recovered with the perl fasta_FetchSeqs.pl script. 
Blast2GO software [72] was used to search for similari-
ties between the sequences of significant SNPs and can-
didate genes. The blastx function was used for the de 
novo genotypic dataset, and the blastp for the transcrip-
tome and oil palm genotypic dataset. Venn diagrams 
were obtained from the site InteractiVenn [73].

Results
Phenotypic analysis
Mean phenotypic values and their range, estimates of 
σ 2

g , σ 2
p , and σ 2

e , CV, H2 , and LRT are shown in Table 1. 
The LRT detected significant differences among geno-
types for all traits (p < 0.001) (Table  1). Mean values for 
the vegetative and oil production traits studied showed a 
wide range, indicating that this population has promising 
genotypes for selection and the initiation of breeding. In 
the Supplementary Material, there are density histograms 
and boxplots showing the distribution of the means for 
the traits evaluated in this study. The boxplots reveal an 
overlap of values and means between the evaluated years 
for most of the traits studied. Therefore, due to the lack 
of replication in the experiment, we decided to use the 
mean of the two years of evaluation in the phenotypic 
analyses rather than considering each year separately. 
This approach provides a more reliable estimate of the 
mean.

The CV ranged from 22.38% in LN to 5.75% in LL. 
Additionally, the traits H, LL, OC, FM, PFM, EFM, 
HDM, EDM, and KDM exhibited heritability values 
greater than 80%. FM had the highest genetic, phe-
notypic, and residual variance values (176.20, 248.20, 
and 72.00, respectively), while LL had the lowest val-
ues (0.05, 0.07, and 0.02, respectively). PFM, FDM, and 
OC also displayed high genetic variance. In the con-
text of plant breeding, high genetic variance is advan-
tageous as it provides more opportunities to select 
individuals with desirable traits, potentially leading 
to greater genetic gains in future generations. When 
selecting superior genotypes, the breeder should con-
sider the commercial focus for the species, given that 
as macauba can be used for various purposes. For 
instance, the percentage of OC ranged from 17.47% 
to 60.80%, suggesting that superior genotypes for this 
valuable trait could be selected within this population 
for the biofuel and food indutries. Relevant oil produc-
tion traits for the biofuel industry include FM, PDM, 
KDM, and OC. Therefore, by selecting the 20 trees 
with the highest averages from the studied population, 
they would represent the top 10% of individuals in the 
selection. Consequently, the selected individuals would 
have FM values above 95 g, PFM values exceeding 51 g, 
KFM values above 4.8 g, and OC values over 45% (data 
not shown). Conversely, if the breeder’s goal is to use 
the endocarp for charcoal production, the selection of 

Table 1  Means (range), estimates of genetic, phenotypic, and residual variances ( σ 2
g , σ 2

p , and σ 2e , respectively), coefficient of 
variation (CV%), heritability ( h2 ) and likelihood ratio test (LRT) for genotypes in vegetative and oil production traits

a Significant according to the χ2 test (α = 0.01)

Categories Traits Mean (range) σ 2
g σ 2

p σ 2
e CV%  H2  LRT

Vegetative traits H 8.26 (2.80—15.70) 3.39 3.71 0.31 6.84 0.95 346.55a

DHB 28.77 (17.70—49.60) 9.28 17.40 8.12 9.90 0.69 65.75a

LN 22.17 (6.00—42.00) 12.46 37.08 24.62 22.38 0.50 23.37a

LL 2.68 (1.90—3.94) 0.05 0.07 0.02 5.75 0.81 124.87a

NN 35.03 (22.00 – 52.00) 7.11 19.74 12.62 10.14 0.52 27.16a

NL 6.79 (3.87 – 9.40) 33.59 66.86 33.27 8.49 0.66 56.56a

NW 2.14 (1.23—3.47) 0.07 0.15 0.08 13.58 0.63 49.43a

Oil production traits FM 76.51 (39.90—147.53) 176.20 248.20 72.00 11.09 0.83 98.61a

HFM 16.98 (8.13—38.37) 11.34 17.24 5.89 14.30 0.79 74.92a

PFM 38.71 (16.00—89.40) 74.24 108.22 33.98 15.05 0.81 87.42a

EFM 14.76 (9.46—27.49) 5.69 7.79 2.10 9.82 0.84 114.21a

KFM 3.74 (2.03—7.03) 0.51 0.79 0.28 14.17 0.78 74.60a

FDM 45.26 (25.01—92.67) 58.03 90.02 31.99 12.49 0.78 76.04a

HDM 9.96 (4.86—18.65) 3.76 5.50 1.74 13.25 0.81 93.91a

PDM 19.74 (9.00—51.19) 21.52 32.81 11.29 17.02 0.79 74.00a

EDM 12.47 (4.40—23.68) 4.22 5.70 1.48 9.75 0.85 118.52a

KDM 3.01 (0.99—5.16) 0.34 0.51 0.16 13.66 0.80 79.41a

OC 36.58 (17.47—60.80) 46.18 57.51 11.33 9.20 0.89 106.24a
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individuals should prioritize fruits with a higher EDM 
weight.

Pairwise genetic correlation between the vegetative and 
oil production traits studied are shown in Fig. 3. The oil 
production traits FM and FDM (0.94), HFM and HDM 
(0.90), PFM and PDM (0.91), EFM and EDM (1.00), KFM 
and KDM (0.99) had positive genetic correlation. Other 
traits that presented positive correlations were FM and 
HFM (0.83), FM and PFM (0.95), FDM and PFM (0.88), 
FM and PDM (0.86), FDM and HDM (0.81), FDM and 
PDM (0.92), indicating that these traits may be controlled 
by the same genes. This finding is valuable for breeders, 
as it implies that focusing selection on just one of these 
traits could streamline the biometric evaluation process 
of the fruit. For OC and NN, null and negative values 
were observed for all the pairwise traits tested. For exam-
ple, NN and LL showed -0.39, while for NL and NN, the 
correlation was -0.47. OC had a correlation varying from 
0.00 to -0.42 between the pairwise evaluated traits, indi-
cating that the genes controlling these traits are distinct 
(Fig. 3).

Genetic diversity and population structure
Genetic diversity parameters from the macauba popu-
lation studied showed different values for each SNP 
calling strategy (Table  2). In our study, the number of 
individuals and SNP markers used in the genetic diver-
sity analyses varied in each genotypic dataset due to the 
SNP calling and quality control step. For the de novo 
genotypic dataset, the Ho and Fis were the same, at 0.15. 
For the oil palm genotypic dataset, the Ho was 0.41, 
while the Fis was -0.35. The transcriptome genotypic 
dataset showed values of 0.53 and -0.53 for Ho and Fis , 
respectively.

DAPC analysis of the three genotypic datasets 
revealed that the macauba individuals studied in 
this work belong to the same population (Fig.  4). The 
group 1 presented their individuals membership in two 
clusters, while groups 2, 3 and 4 showed their indi-
viduals membership in one cluster. The three geno-
typic datasets showed similar results to the group 
membership probabilities based on DAPC analysis. 
In group 3, only individual 175 exhibited 89%, 2.9% 

Fig. 3  Genetic correlation among vegetative and oil production macauba traits

Table 2  Population genetic parameters in macauba individuals: observed heterozygosity ( Ho) , expected heterozygosity ( He) , overall 
gene diversity ( Ht ), Wright’s inbreeding coefficient ( Fis)

Genotypic dataset Number of individuals Number of SNP Ho He Ht Fis

De novo 153 27,410 0.15 0.17 0.18 0.15

Oil palm 158 10,444 0.41 0.30 0.31 -0.35

Transcriptome 167 4329 0.53 0.34 0.34 -0.53
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and 1.3% membership to the orange cluster in the de 
novo, oil palm and transcriptome genotypic datasets, 
respectively.

Single‑trait and multi‑trait GWAS
In the single-trait GWAS, a total of 112 significant SNPs 
and 13 candidate genes were identified (Supplementary 
Table  1). Of the 112 significant SNPs, 93 are associated 
with the oil production traits, while 19 are associated to 
the vegetative traits. (Supplementary Table 2). The three 
genotypic datasets used in this study showed significant 
SNPs for the GLM, MLMM, FarmCPU, and BLINK mod-
els. In the multi-trait GWAS, a total of 19 significant 
SNPs and four candidate genes were identified (Sup-
plementary Table  1). The MSTEP model detected SNPs 
associated with traits in all the genotypic datasets. The 
significant SNPs detected from the single-trait and multi-
trait GWAS can be found in the Supplementary Tables 1 
and 2. The de novo genotypic dataset revealed a total of 
92 significant SNPs associated with the DBH, NL, NW, 

LL, OC, FM, HFM, PFM, EFM, KFM, FDM, HDM, PDM, 
and EDM traits in all single-trait models implemented. 
The SNP markers 282174_18 and 271071_41 associated 
with the FM trait showed the highest and lowest effect 
value of 8.24 and -21.02 respectively. In these genotypic 
datasets, many of the significant SNPs were associated 
more than once in the same statistical model for differ-
ent traits (Supplementary Table  3). The oil palm geno-
typic dataset showed 19 significant SNPs in the NW, 
FM, PFM, PDM and OC traits in the single-trait mod-
els GLM, MLMM, FarmCPU, and BLINK. The SNP 
marker SNC_025995.1 in the FM trait showed the high-
est effect value of 15.44. The SNP markers SNC_026005.1 
and SNC_025995.1, associated with the PFM and OC, 
showed the lowest effect values of -12.67. The transcrip-
tome genotypic dataset showed one significant SNP 
(STRINITY31179_1001) associated with the FDM trait 
in the MLMM model, with an effect of 55.96 (Supple-
mentary Table 2). In our results we observed that differ-
ent GWAS models detected the same significant SNPs 

Fig. 4  Individual group membership probabilities based on DAPC analysis of genotypic datasets de novo (A), oil palm (B) and transcriptome (C) 
(k = 2). The horizontal line represents individuals from the four groups, showing their membership in the two clusters identified by orange and blue 
colors, with the probabilities of group membership indicated on the vertical axis
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inside the genotypic datasets. Fig. 5 represents the total 
number of shared significant SNPs across the GWAS 
models implemented in each genotypic dataset. In the 
same way, within the context of multi-trait GWAS, the 
association of the same significant SNP was observed 
across different combinations of traits in each genotypic 
dataset (Supplementary Table 4). For example, in the de 
novo genotypic dataset, the marker 333769_9 showed 
significant association with the traits HDM-PDM, FDM-
OC, and FDM-HDM. In the oil palm genotypic dataset, 
the marker SNC_026000.1 was associated with the traits 
LN-HFM, NN-HFM, NN-FM, and NN-HDM. Mean-
while, in the transcriptome genotypic dataset, the marker 
STRINITY9279_665 showed association with the traits 
FDM-OC and FDM-HDM. In the Supplementary Mate-
rial, there are the Manhattan plots and QQ-plots of the 
single-trait GWAS. The SNPs significantly associated 
with the vegetative and oil production traits studied are 
those gray triangles that appear above the cutoff line in 
the Manhattan plot. The red squares within each Man-
hattan plot represent the significant SNPs detected by the 
multi-trait GWAS model.

Identification of candidate genes
Candidate genes were identified based on similarities 
between the sequences of significant SNPs detected in 
this GWAS study and genome sequences in other spe-
cies. In the de novo genotypic dataset, out of the 92 sig-
nificant SNPs identified in the single-trait GWAS, two 
occurred in genic regions, with effect values of -0.90 and 
-10.43 observed for the EFM and HDM traits (Table 3). 
The SNP 620475_46 was associated with 20 candidate 
genes in different species, all of them showing 100% 

similarity (data not shown). Table  3 presents three of 
these 20 candidate genes, which are similar to those 
in Elaeis guineenses and Phoenix dactylifera, and are 
involved in carbohydrate metabolic process. In the oil 
palm genotypic dataset from the single-trait GWAS, 
10 significant SNPs associated with NW, OC, FM and 
PFM traits occurred in genic regions, with effect values 
ranging from -12.67 to 7.80 (Table  4). In the transcrip-
tome genotypic dataset from the single-trait GWAS 
one significant SNP associated with FDM was anno-
tated to a gene in Elaeis guineensis with an effect value 
of 55.96 (Table  3). In the multi-trait GWAS, significant 
SNPs showed similarities with candidate genes in 10 
trait combinations (Table  6). In the oil palm genotypic 
dataset, the SNP markers SNC_025993.1_60355952, 
SNC_025995.1_17709887, and SNC_026000.1_5081018 
had similarities with the candidate genes LOC105060459, 
LOC105041056 and LOC105049570, respectively. The 
SNP marker SNC_025993.1_60355952 associated with 
the trait combinations H-NW and DBH-NW, showed 
similarity with a candidate gene known for its membrane 
function (Table 5). This SNP marker was also associated 
with NW in three single-trait models (Table  4, Fig.  6). 
Furthermore, the SNP marker SNC_025995.1_17709887 
which was associated with the trait combinations LL-OC 
and LN-OC, was also detected in the GLM single-trait 
model for OC, indicanting a metal ion binding function 
(Table  4, Fig.  6). For the transcriptome genotypic data-
set, the marker STRINITY9279_4262 associated with the 
traits FDM-OC and FDM-HDM showed similarity with 
an uncharacterized protein (Table  5). In all the geno-
typic datasets used in this GWAS study, candidate genes 
showed similarity with Elaeis guineensis (100%), Phoenix 

Fig. 5  Significant SNPs detected by different single-trait (GLM, MLMM, FarmCPU, BLINK) and multi-trait (MSTEP) GWAS models in each genotypic 
dataset are represented in a Venn Diagram. The diagram illustrates the unique and shared significant SNP in the de novo (A), oil palm (B), 
and transcriptome (C) genotypic datasets. The figure represents the total number of SNP markers in each genotypic dataset, excluding duplicated 
SNPs from the de novo genotypic dataset
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dactylifera (100%), and Cocos nucifera (91.3%). In gen-
eral, they act in protein transport, DNA repair, metal ion 
transport, maturation of ribosome subunit and trans-
membrane transportation.

Discussion
Acrocomia is a genus of neotropical palms distributed 
across almost all tropical and subtropical regions of 
the Americas. There are nine recognized species in this 
genus: A. aculeata, A. totai, A. hassleri, A. glaucescens., 
A. emensis; A. intumescens; A. media, A. crispa, and A. 
corumbaensis [1, 3, 20]. Among these, macauba (Acro-
comia aculeata) has gained prominence in recent years 
due to its high oil content in both the pulp and kernels 
of its fruit, with productivity comparable to that of the 
oil palm. To our knowledge, this is the first GWAS study 
conducted on Acrocomia aculeata. Understanding the 
genetic architecture of macauba is a crucial step towards 
its domestication and commercial cultivation, as identi-
fying markers associated with economically important 
traits can aid in selecting promising genotypes for breed-
ing programs.

Importance of the analyzed traits to Acrocomia aculeata 
domestication
The data used in this study were collected from a natu-
ral population on a private rural property. Analyzing 
macauba phenotypic data help us understand the rela-
tionships between traits and guides future breeding 
strategies for the species. This study revealed significant 
genetic effects, indicanting substancial genetic variability 
within the evaluated macauba population (Table  1). We 
also observed a wide range of phenotypic variation. Since 
macauba is an incipiently domesticated palm, this varia-
tion results from two factors: genetic and environmental 
effects, and the fact that we sampled a native population. 

The lack of an experimental design means that the age of 
the macauba genotypes was unknown. For instance, traits 
like H and DHB could not be consistently obtained across 
plants of the same age. Therefore, it is important to con-
sider that the difference in height of a genotype compared 
to others may be due to age as well as genetic merit. In 
this study, we were unable to distinguish this difference. 
This is one of the major challenges in studying vegetative 
traits in perennial populations in their natural environ-
ment. In macauba, flowering typically begins in the fifth 
or sixth year of the palm’s life [74], and fruit development 
is slow, lasting up to 62 weeks after anthesis, or approxi-
mately 14.3  months [75, 76]. Additionally, the trees can 
develop six or more fruit bunches, each with a distinct 
maturation cycle. As a result, genotypes exhibit fruit rip-
ening from October to April, with ripe fruits undergoing 
abscission and falling to the ground [76]. In our research, 
during field collection, we selected trees that had recently 
shed fruits and whose fruits showed clear signs of ripen-
ing, aiming to standardize mature fruits for our study.

Even without an experimental design, the CV ranged 
from 5.75% to 22.38%, indicating good accuracy in the 
phenotypic data obtained. Additionally, traits such as H, 
LL, OC, FM, PFM, EFM, HDM, EDM, and KDM exhib-
ited heritability values ranging from 50 to 80%, demon-
strating that breeding cycles in this population are likely 
to yield genetic improvements in these traits. Previous 
studies have also reported high mean heritability values 
for various morphological traits in macauba [23, 77, 78, 
78].

Correlation between traits is highly relevant in plant 
breeding because it facilitates indirect selection of 
multiple traits [79, 80]. In this context, genotypic cor-
relation is used in data analysis to guide breeding pro-
grams, as it is heritable [81]. Moreover, high values of 
genetic correlation between traits may indicate the pres-
ence of linked genes or pleiotropy [42]. In this study, we 

Table 5  Candidate genes from the oil palm and transcriptome genotypic dataset significantly associated with different combinations 
of traits identified by the MSTEP Multi-trait GWAS model

Genotypic 
dataset

Trait SNP marker Candidate 
gene

Chr Position (bp) ProbF Gene Annotation Scientific 
Taxonomy

Function

Oil Palm H-NW SNC_025993.1_ 60,355,952 LOC105060459 1 60,355,952 0.0000008 Uncharacterized 
protein

Elaeis 
guineensis

Membrane

DBH-NW 0.0000084

LL-OC SNC_025995.1_17709887 LOC105041056 3 17,709,887 0.0000003 Zinc finger protein 
VAR3, chloroplastic

Elaeis 
guineensis

Metal ion 
bindingLN-OC 0.0000012

LN-HFM SNC_026000.1_55081018 LOC105049570 8 5,081,018 0.0000053 UDP-N-acetylglu-
cosamine peptide 
N-acetylglucosaminyl-
transferase 110 kDa 
subunit isoform X1

Elaeis 
guineensis

-

NN-HFM 0.0000000

NN-FM 0.0000001

NN-HDM 0.0000019

Transcriptome FDM-OC STRINITY9279_665 LOC105039939 1 665 0.0000011 Uncharacterized 
protein

Elaeis 
guineensis

-

Transcriptome FDM—HDM 0.0000412
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Fig. 6  Manhattan plots displaying SNPs detected both in single-trait and multi-trait GWAS from the oil palm genotypic dataset focusing on NW 
(SNC_025993.1_60355952 marker) and OC (SNC_025995.1_17709887 marker) traits. Significant SNPs identified by GLM, BLINK and FarmCPU 
are represented by gray triangle, while red squares represent the same SNPs detected in the multi-trait GWAS. The QQ plots corresponding 
to the models are to the right of each Manhattan plot
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observed high genetic correlation values between the oil 
production traits such as FM-HFM, PFM-PDM, FDM-
PFM, and HDM-PDM (Fig.  3). In the literature, other 
authors have reported strongly positive correlations 
among traits related to dry mass from oil production 
traits [8, 22, 76, 77], as well as negative and low correla-
tion values [22]. Additionally, the FM-FDM, HFM-HDM, 
PFM-PDM, EFM-EDM, and KFM-KDM traits showed 
positive genetic correlations because they represent the 
same traits measured in different ways. The key differ-
ence between them is the presence of humidity. In the 
industry, all parts of the macauba fruit can be used for 
raw material production, and this use will depend on 
whether the mass is fresh or dry. For example, the fresh 
mass can be used for human and animal food, as well as 
by the pharmaceutical industry, while the dried mass can 
be used by bioenergy industry.

The statistical analysis presented in Table 1 and Fig. 3 
provides guidance for selecting promising palms within 
the studied population based on commercially relevant 
traits, with the goal of initiating breeding efforts. As 
we are working with an orphan perennial species like 
macauba, we recommend that breeders initially focus 
on oil production traits, while vegetative traits should 
be considered secondary. This recommendation is sup-
ported by the high positive genetic correlation values 
observed for oil production traits and the fact that most 
significant SNPs detected in the GWAS analysis are asso-
ciated with these traits. Consequently, future research 
linking genotype and phenotype could facilitate the selec-
tion of superior genotypes for oil production through 
association mapping.

The oil in macauba is found in both the pulp and the 
kernel, making both sources appealing to the energy 
industry. To select trees for biodiesel production, key 
traits of interest include FM, PDM, KDM, and OC. 
Higher values for these traits increase their attractive-
ness to the energy sector. Our observations reveal a 
positive correlation between fruit mass and pulp mass, 
indicating that heavier fruits contain more pulp. Conse-
quently, selection efforts can concentrate on FM, facili-
tating a more efficient selection process, as fresh fruits 
can be weighed directly without the need for drying or 
desiccation to assess pulp mass. The OC demonstrated 
a weak negative correlation with FM, PDM and KDM. 
Therefore, the selection for OC should be conducted 
separately during the advanced stages of the breed-
ing cycle. Initially, however, selection can be based on 
a combination of all these traits. In this context, we 
applied a rank-sum index to select the top individuals 
from the evaluated population, aiming to start a breed-
ing cycle focused on increasing oil content for biodiesel 
production. Based on the simultaneous selection of the 

traits FM, PDM, KDM, and OC, the 15 top-performing 
individuals were 42, 17, 136, 54, 18, 49, 102, 77, 163, 19, 
130, 43, 57, 7, and 164. Of these, individual 43 exhib-
ited the highest OC value, reaching 61.19%, the highest 
among all 201 individuals evaluated. Considering only 
the OC trait in the selection, the individuals with oil 
content values above 50%, in descending order, were 43, 
44, 45, 38, 152, 129, 55, and 52.

In the food industry, selecting superior individuals 
should focus on traits that exhibit high values for HFM, 
HDM, PFM, PDM, KFM, KDM, and OC. The fruit 
husk can be utilized for flour production, while the oils 
extracted from both the pulp and kernel can be incor-
porated into various industrial products. Moreover, the 
selection of HFM and HDM can also be informed by 
FM due to the positive correlation between these traits. 
In this case, simultaneous selection using the rank-sum 
index can focus on the traits HFM, PFM, KFM, and OC, 
since HFM-HDM, PFM-PDM, and KFM-KDM showed 
strong genetic correlations. Accordingly, the individu-
als selected for the food industry would be 42, 136, 163, 
17, 54, 50, 49, 77, 164, 20, 191, 130, 102, 124, and 66. In 
these individuals, the oil content in the pulp ranged from 
33.22% to 49.54%. Among vegetative traits, the number 
of leaves stands out as particularly noteworthy; in palms, 
each leaf axil develops into an inflorescence [82]. Thus, 
theoretically, a greater number of leaves corresponds to 
more inflorescences and, consequently, increased fruit 
production. In this selection, considering only the num-
ber of leaves on the tree, the five individuals with the 
highest leaf count would be 152, 135, 99, 126, and 77. 
Berton [77] proposed an ideotype model for improved 
macauba, which includes traits such as early flowering, 
low height, high production of fruits and oil content, 
fewer or no thorns, indehiscent fruits, and overlapping 
bunches. Therefore, studying macauba traits is essential 
to aid in selecting potential plants that exhibit the char-
acteristics needed for the ideotype demanded by the 
industries.

Absence of a reference genome in Acrocomia aculeata
Because Acrocomia aculeata does not have a refer-
ence genome, different strategies were proposed by 
us to perform SNP calling. These strategies include 
using the de novo pipeline [55], the reference genome 
of Elaeis guineensis var tenera, and the transcriptome 
of Acrocomia aculeata [57]. The Elaeis guineensis ref-
erence genome was used in this work due to its phylo-
genetic proximity to Acrocomia aculeata. Both species 
belong to the subfamily Arecoideae and share morpho-
logical characteristics typical of palms in this subfam-
ily [82, 83]. Bazzo et al., [57] used the Elaeis guineensis 
reference genome in their study, which identified and 
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validated 145 macauba EST-SSR markers from various 
tissues using transcriptome sequencing. The mRNA 
libraries were mapped against the Elaeis guineensis ref-
erence genome [56]. The cross-transferability of these 
EST-SSR marker to other palms showed a transfer-
ability rates of 80.7% in African oil palm. Moreover, 
recent phylogenomic studies using chloroplast genome 
sequences produced a phylogenomic tree in which all 
nodes had a posterior probability of 1.0 (PP = 1.0). In 
this phylogenomic tree, Acrocomia aculeata showed 
close proximity to Elaeis guineensis [84].

Population genetic parameters for macauba individu-
als from the oil palm and transcriptome genotypic data-
sets showed higher heterozygosity values compared 
to those from the de novo genotypic dataset (Table 2). 
Consequently, the inbreeding coefficient was higher in 
the population of the de novo genotypic dataset than 
in the other two datasets. Díaz et  al. [20] investigated 
genetic diversity within the Acrocomia genus using 
genome-wide SNP and the de novo genotypic pipeline. 
They reported low heterozygosity values (0.031) for 
Acrocomia aculeata. Similarly, in our study, the popu-
lation genetic parameters from the de novo genotypic 
dataset exhibited low heterozygosity values and higher 
inbreeding coefficient compared to the other genotypic 
datasets. These results are attributed to the use of the 
de novo pipeline in the Stacks software, where homolo-
gous reads were employed to identify SNPs [55]. In con-
trast, the oil palm and transcriptome datasets exhibited 
higher heterozygosity values and lower inbreeding 
coefficient values. This difference is likely due the Elaeis 
guineensis reference genome, which offers greater 
genetic variability in its alleles compared to the genome 
of the de novo pipeline. Although Acrocomia and Elaeis 
are closely related genera, they are expected to possess 
different alleles due to their distinct evolutionary his-
tory [82, 83]. The transcriptome dataset was generated 
by the alignment step with the transcriptome sequenc-
ing of various phenotypic traits of Acrocomia aculeata 
[57].

The DAPC analysis of the macauba population 
revealed that the individuals belong to a single popula-
tion, which is divided into two distinct genetic clusters 
(Fig. 4). Given that groups 3 and 4 are geographically sit-
uated in lower altitude areas compared to groups 1 and 
2, the admixture analysis suggests that groups 1 and 2 
are the ancestors of groups 3 and 4. Individuals in group 
1 exhibited both genetic clusters (orange and blue), 
whereas individuals in groups 2, 3, and 4 were predomi-
nantly from the blue cluster. The analysis of the genetic 
diversity in macauba is crucial for selecting the most 
promising materials for use, maximizing genetic gains, 
and more effectively contributing to the development of 

commercial cultivars [20]. The three genotypic datasets 
used in this study showed 0.15, 0.41 and 0.53 values of 
observed heterozygosity and 0.15, -0.35 and -0.53 values 
of inbreeding, indicating genetic variability in the popu-
lation and accrediting it for breeding purposes.

Single‑trait and multi‑trait GWAS in macauba
Using both single-trait and multi-trait GWAS mod-
els, we identified SNP markers located in gene regions 
associated with vegetative and oil production traits in 
a macauba population. The results related to the geno-
type-to-phenotype association for these traits are sig-
nificant for understanding the genetic architecture of 
this neotropical palm. Additionally, the genetic mapping 
and molecular characterization of genes contributing to 
the variation of complex traits could enhance genome-
assisted breeding efforts crop improvement [85]. Unrave-
ling this genetic information may also accelerate the 
implementation of breeding programs aimed at select-
ing superior genotypes for traits related to macauba oil 
production.

The total number of significant SNPs detected in the 
single-trait and multi-trait GWAS was greater than the 
number of candidate genes identified (Supplementary 
Table  1). These results are the first for Acrocomia acu-
leata and underscore the importance of obtaining a ref-
erence genome for the species. The single-trait GWAS 
identified significant genomic regions in all three datasets 
used in this study, associated with the following traits: 
DBH, LL, NL, NW, OC, FM, HFM, PFM, EFM, KFM, 
FDM, HDM, PDM and EDM. However, no genomic 
regions associated with the traits H and LN were identi-
fied in the similarity search using Blast2GO (Tables 4, 5, 
and 6).

We observed that different single-trait GWAS models 
detected the same loci (LOC105060459) for the same 
trait (Table  4), or the same SNP markers were identi-
fied for different trait combinations (Supplementary 
Table 2). Similar results were observed in the multi-trait 
model (Table  5). Moreover, in the multi-trait model, 
four candidate genes (SNC_025993.1, SNC_025995.1, 
SNC_026000.1, STRINITY9279) were notably associated 
with different combinations of traits. Among these traits, 
NW, OC, NN, HFM, HDM, and FDM appeared mul-
tiple times. Additionally, SNP markers SNC_025993.1 
and SNC_025995.1, detected in the multi-trait model, 
were also identified in the single-trait models (Fig.  6). 
These results confirm the presence of these loci in the 
macauba genome, reducing the likelihood of these SNP 
markers being false positives. Fernandes et  al. [42] sug-
gest that using both single-trait and multi-trait GWAS is 
essencial to infer whether causal mutations underlying 
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peak GWAS associations are pleiotropic. However, they 
also emphasize that statistical analysis alone cannot dis-
tinguish between QTNs in linkage disequilibrium and a 
single pleiotropic QTN, underscoring the importance of 
validating significant SNPs detected by the GWAS.

Given the nature of our data, which originates from an 
experiment without a design, we also conducted single-
trait GWAS for each year separately across the three 
genotypic datasets, and for both vegetative and oil pro-
duction traits (Supplementary Table  5, 6, and 7). The 
number of significant SNPs identified was higher in the 
year-based GWAS compared to the GWAS using the 
adjusted mean, as presented in this manuscript. Since 
we are working with phenotypes from an unreplicated 
trial, the lack of correction in the mean likely results in a 
higher number of false positives, which could explain the 
larger number of significant SNPs in the year-based anal-
ysis. In this case, the significant SNPs that appear in both 
the year-based GWAS (for years 1 and 2) and the GWAS 
using the adjusted mean are more likely to represent true 
positive associations.

Candidate genes
In general, the candidate genes detected in this study 
were involved in processes such as RNA maturation, 
metal ion binding and transport, protein transportation, 
DNA repair, carbohydrate metabolic process, and other 
cell regulation biological processes.

From the single-trait GWAS the candidate gene 
LOC105045291, associated with the NW trait, encodes 
a polypeptide of 260 amino acids. This protein is anno-
tated as a ribosome biogenesis protein NSA2 homolog 
(Table  4). NSA2 (Nop seven-associated 2) is a nucleo-
lar protein linked to the ribonucleoprotein complex and 
plays a role in cell proliferation and cell cycle regulation. 
It was identified through high throughput screening of 
novel human genesand is evolutionarily conserved across 
different species [86]. For the oil content trait, three can-
didate genes were detected (Table 4). One of these genes, 
LOC105041056, encoded the Zinc finger protein VAR3 
wich consist of 758 amino acids. This protein was also 
identified in the multi-trait GWAS for the trait combina-
tion LL-OC and LN-OC (Table  5). Zinc finger domain 
proteins are crucial for various cellular functions, includ-
ing transcriptional regulation, RNA binding, apoptosis 
regulation, and protein–protein interactions [87]. Also, 
significant selection signatures (outlier SNPs) identified 
by Morales-Marroquín et  al. [26] were associated with 
genes involved in fatty acid and triacylglycerol biosynthe-
sis pathways in Acrocomia aculeata. This study detected 
signatures in genes related to zinc ion binding processes. 
Our findings suggest that candidate genes regulat-
ing oil production traits are linked to metal ion binding 

and related with traits such as OC, PFM, LL, and LN. A 
study in Arabidopsis using recessive variegated 3 (var3) 
mutants to investigate the VAR3 gene observed that var3 
is part of a protein complex essential for normal chloro-
plast and palisade cell development [88].

For the FM trait, the SNP marker SNW_011552849.1_78086 
was blasted against the GDSL esterase/lipase LIP-4 gene, which 
has hydrolase activity (Table 5). The GDSL esterase/lipase pro-
tein encompasses a variety of lipolytic enzymes that hydrolyze 
diverse lipidic substrates, including thioesters, aryl esters, and 
phospholipids [89]. Cao et al. [90] studied GDSL esterase/lipase 
in Rosaceae genomes and found that it plays a role in fruit 
development. In macauba, the fruiting is supra-annual, and 
the fruit growth curve follows a double sigmoidal trend with 
four stages, as observed by Montoya et al. [76]: the first stage 
features slow growth and negligible differentiation of the fruit’s 
inner parts, the second stage includes the first growth spurt and 
differentiation of the inner parts; in the third stage, fruit growth 
slows, and all structures achieve differentiation; and finally, the 
second growth spurt and fruit maturation. Considering this, 
we can hypothesize that the GDSL esterase/lipase LIP-4 gene 
is involved in macauba fruit development. However, to validate 
this hypothesis, future research should be conducted to con-
firm this candidate gene in the species.

For the PFM trait, the 20 kDa chaperonin protein located 
in the chloroplast was detected by the MLMM single-trait 
model (Table 5). In general, molecular chaperones function-
ally support protein translocation across membranes, pro-
mote complex assembly and disassembly, and participate in 
many other regulatory processes within the cell [91–93]. In 
Elaeis guineensis, a study using proteomics and chemomet-
rics approach provided important information about pro-
tein regulation during fruit ripening and oil synthesis [94]. 
In this study, the 20 kDa chaperonin was identified as a fold-
ing protein, and the authors observed that it had a down-
regulated towards fruit ripening.

Candidate genes from the de novo genotypic data-
set in the single-trait GWAS showed gene annotation 
for the Reduced Wall Acetylation 4 protein in the HDM 
trait (Table  3). The Reduced Wall Acetylation 4 protein 
is part of a family protein involved in the O-acetylation 
of cell wall polysaccharides in the Golgi apparatus. Spe-
cifically, the Reduced Wall Acetylation 4 is thought to be 
responsible for the translocation of acetyl-CoA across the 
Golgi membrane and appears to supply the acetyl-donor 
to both pectins and hemicelluloses [95, 96]. The polysac-
charides pectins, hemicelluloses, and celluloses are the 
main cell wall components in the epidermis, contribut-
ing to its protection against xenobiotics, ultraviolet light, 
and pathogens and providing a waterproof barrier [97]. 
In this context, the Reduced Wall Acetylation 4 protein 
can be involved in the same cell functional route in the 
epidermis of the husk of macauba fruits.
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From the multi-trait GWAS, the same candidate 
gene LOC105049570 was detected for the combina-
tion of the traits: LN-HFM, NN-HFM, NN-FM, and 
NN-HDM (Table  5). The protein associated with the 
SNC_026000.1_ 5,081,018 SNP marker is UDP-N-
acetylglucosamine peptide N-acetylglucosaminyltrans-
ferase. In cucumber, a study identified and mapped the 
CsSF4 gene, which encodes for the protein mentioned 
above [98]. The authors observed that the CsSF4 gene 
was highly expressed in the leaves and male flowers of 
wild-type cucumbers and that it is required for fruit 
elongation and development. Since the UDP-N-acetyl-
glucosamine peptide N-acetylglucosaminyltransferase 
protein was detected for different trait combinations, 
future studies aimed at validating the candidate gene 
LOC105049570 are necessary. Through them, it will be 
possible to confirm the presence of pleiotropy or genes 
linked to these traits.

Conclusions
In our study, we have identified novel genomic regions 
and candidate genes associated with vegetative and oil 
production traits in macauba. These candidate genes 
require further validation through targeted functional 
analyses, and multi-trait associations should be explored 
to determine whether pleiotropic or linked genes are pre-
sent. This study represents the first application of GWAS 
in macauba, and the markers associated with key traits 
could serve as valuable tools for developing marker-
assisted selection, contributing to macauba’s domestica-
tion and pre-breeding efforts.
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