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ABSTRACT 

Oil palm (Elaeis guineensis Jacq.) is the most efficient oil-bearing crop grown in humid 

tropical parts of the world. A better understanding of the Genomic Selection (GS) results in the 

populations involved needs a detailed study of their genome properties. This study aimed to 

characterize the genome properties of two complex oil palm breeding populations, i.e, Deli and 

La Mé. The present study considered 423 Deli, 140 La Mé, and 380 Deli × La Mé hybrid 

crosses with a total of 943 genotyped individuals. A total of 7,324 SNPs, including 5, 598 SNPs 

located on the anchored sequences of the genome, were involved. The LepMAP3 software was 

used to construct the genetic linkage map. Analyses of linkage disequilibrium (LD) in cM and 

in Mbp were performed using the PLINK software. Haplotypes sharing and minor allele 

frequency (MAF) were analyzed. The effective size (Ne) was estimated using the NeEstimator 

2.1 software and pairwise of fixation index (Fst) was calculated using the SNPRelate R 

package. The genetic linkage map constructed included 4, 252 SNPs and spanned 1,778.52 cM, 

with an average recombination rate of 2.85 cM/Mbp. The LD at r2 = 0.3, considered the 

minimum to get reliable genomic selection (GS) results, spanned over 1.05 cM/0.22 Mbp in 

Deli and 0.9 cM/0.21 Mbp in La Mé. The LD decay was faster for Deli than for La Mé. The 

significant degree of differentiation existing between Deli and La Mé was confirmed by the 

high Fst value (0.53), the pattern of correlation of SNP heterozygosity and allele frequency 

among populations, as well as the decrease of persistence of LD and of haplotype sharing 

among populations with increasing SNP distance. The two populations had low Ne (< 5) 

although a lower Ne was observed in Deli than in La Mé. In conclusion, the study helped to 

determine the number of markers to be used for future GS studies in oil palm, showing that 

10,000 SNPs would be enough to reach the r2 value of 0.3 in Deli and La Mé. Overall, the 

results showed strong genetic differentiation between Deli and La Mé, but the level of 

resemblance between them over short genomic distances likely explained the superiority of GS 

models ignoring the parental origin of marker alleles over models taking this information into 

account. Future studies in oil palm should consider population-specific genetic maps, new 

reference genomes and other breeding populations. 

 

Keywords: Genome properties, genomic selection, hybrid performance, Elaeis guineensis, 

single nucleotide polymorphisms. 
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RESUMÉ 

Le palmier à huile (Elaeis guineensis Jacq.) est la culture oléagineuse la plus efficace 

dans les régions tropicales humides du monde. Une meilleure compréhension des résultats de 

la sélection génomique (GS) dans les populations concernées nécessite une étude détaillée des 

propriétés de leur génome. Cette étude visait à caractériser les propriétés génomiques de deux 

populations complexes de palmiers à huile, à savoir Deli et La Mé. La présente étude a pris en 

compte 423 Deli, 140 La Mé et 380 croisements hybrides Deli × La Mé avec un total de 943 

individus génotypés. Un total de 7324 SNP, dont 5598 SNP situés sur les séquences ancrées 

du génome, ont été impliqués. Le logiciel LepMAP3 a été utilisé pour construire la carte de 

liaison génétique. Des analyses du déséquilibre de liaison en cM et en Mbp ont été réalisées à 

l'aide du logiciel PLINK. Le partage des haplotypes et la fréquence des allèles mineurs ont été 

analysés. La taille effective a été estimée à l'aide du logiciel NeEstimator 2.1 et l'indice de 

fixation par paire a été calculé à l'aide du progiciel SNPRelate R. La carte de liaison génétique 

construite comprenait 4252 SNP et s'étendait sur 1 778.52 cM, avec un taux de recombinaison 

moyen de 2.85 cM/Mbp. Le DL à r2 = 0.3, considéré comme le minimum pour obtenir des 

résultats de sélection génomique fiables, s'étendait sur 1.05 cM/0.22 Mbp à Deli et 0.9 cM/0.21 

Mbp à La Mé. La décroissance du DL était plus rapide pour Deli que pour La Mé. Le degré 

important de différenciation existant entre Deli et La Mé a été confirmé par la valeur élevée de 

Fst (0.53), le modèle de corrélation de l'hétérozygotie SNP et de la fréquence des allèles entre 

les populations, ainsi que la diminution de la persistance du DL et du partage des haplotypes 

entre les populations avec l'augmentation de la distance SNP. Les deux populations avaient un 

Ne faible (< 5), bien qu'un Ne plus faible ait été observé à Deli qu'à La Mé. En conclusion, 

l'étude a permis de déterminer le nombre de marqueurs à utiliser pour les futures études de GS 

chez le palmier à huile, en montrant que 10, 000 SNP seraient suffisants pour atteindre la valeur 

r2 de 0.3 à Deli et à La Mé. Dans l'ensemble, les résultats ont montré une forte différenciation 

génétique entre Deli et La Mé, mais le niveau de ressemblance entre eux sur de courtes 

distances génomiques a probablement expliqué la supériorité des modèles GS ignorant l'origine 

parentale des allèles des marqueurs par rapport aux modèles prenant en compte cette 

information. Les études futures sur le palmier à huile devraient prendre en compte les cartes 

génétiques spécifiques aux populations, les nouveaux génomes de référence et d'autres 

populations de sélection. 

Mots clés : Propriétés du génome, sélection génomique, performances hybrides, Elaeis 

guineensis, polymorphismes mononucléotidiques. 
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INTRODUCTION 

Oil palm (Elaeis guineensis Jacq.) is a perennial tropical oil-producing crop that belongs 

to the family of Arecaceae and the genus Elaeis (Hartley, 1988; Ithnin & Din, 2020). It 

originated from the tropical West/Central African coastal belt between Guinea/Liberia and 

northern Angola (Hartley, 1977, 1988; Corley & Tinker, 2015). It is naturally cross-pollinated, 

monoecious, allogamous, and diploid with a chromosome number of 2n = 2x = 32 and a genome 

sequence of 1.8 gigabases (Singh et al., 2013; Corley & Tinker, 2015; Ithnin & Din, 2020). The 

economic life span of oil palm ranges from 25 to 30 years and it is mainly cultivated in humid 

tropical zones of Asia, Africa, and the Americas, from where its products are exported to global 

markets (Barcelos et al., 2015; Corley & Tinker, 2015; Murphy et al., 2020). 

Oil extracted from oil palm is classified into Crude Palm Oil (CPO) which is produced 

from the fibrous mesocarp, and Palm Kernel Oil (PKO) produced by the kernel (Mba et al., 

2015). The former generated oil with a dark orange-red, semi-solid fluid, whilst the latter 

produced oil with a white-yellow oil that is primarily derived from the endosperm tissue of the 

kernel (seed). Generally, about 89% of the total fruit oil in palm trees is obtained from the 

mesocarp, and the remaining 11% comes from the seed (Murphy et al., 2020). CPO contains 

both healthy and beneficial substances including triacylglycerols (TAGs), vitamin E, 

carotenoids, and phytosterols as well as impurities such as phospholipids, free fatty acids 

(FFAs), gums, and lipid oxidation products (Mancini et al., 2015). PKO contains a high 

composition of unsaturated fatty acids such as oleic and linoleic, whereas CPO contains more 

saturated fatty acids and lauric acid (Nainggolan & Sinaga, 2021). The oil obtained from oil 

palm has better balanced fatty acid compositions than the major globally traded vegetable oils 

(Appendix 1) i.e., Soybean, Rapeseed, Sunflower, Peanut, Cottonseed, Coconut, and Olive 

(Murphy et al., 2020). 

The total world vegetable oil production is currently around 200 million metric tons 

(MT), led by palm oil (75 MT), followed by soybean oil (60 MT), rapeseed oil (28 MT), and 

sunflower oil (19 MT) (Statista, 2021). It supplies 40% of the total traded vegetable oil and 

globally produces an annual 81 MT of oil on about 23 million hectares (Murphy et al., 2020; 

Yue et al., 2021). Oil palm produces an average oil yield of 4 metric tons/ha/yr, which is 

approximately 10 times higher than soybean (Babu & Mathur, 2016; Corley & Tinker 2016). 
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Despite its leading position in the vegetable oil market, oil palm production is still far from its 

potential due to several biotic and abiotic constraints. Climate change, land, labor shortage and 

diseases (in particular vascular wilt, ganoderma and bud rot) are the major factors that hinder 

the yield and quality of palm oil across the world (Corley, 2009; Barcelos et al., 2015; Kwong 

et al., 2016; Pirker et al., 2016; Murphy et al., 2020). 

As oil palm is a multipurpose crop (Appendix 2) and the cheapest source of vegetable 

oil and fat available in the world (Murphy, 2014), its global cultivation has some challenges 

and controversy despite its huge economical importance. Due to the large area requirements, 

the cultivation brings environmental and ecological impacts which resulted in significant 

habitat loss, and reductions in biodiversity in complex ecosystems which increase greenhouse 

gas (GHGs) emissions (Barcelos et al., 2015; Meijaard et al., 2020). Conversely, habitat 

fragmentation and increased pollution brought on by peat soil burning to make way for new 

plantations and promote deforestation might further enhance the release of GHGs that 

contribute to climate change (Cook et al., 2018; Dislich et al., 2017; Tonks et al., 2017). 

Further, the expansion increases CO2 emissions by 6-17% due to forest loss (Wich et al., 2012). 

Equally important, health and related issues due to the high consumption of oil palm are also 

other controversial issues for oil palm diversification (Qaim et al., 2020). Because palm oil is 

becoming more widely available and consumed, together with the fact that it contains a lot of 

saturated fatty acids, it is believed to be a factor in the rise in cancer and cardiovascular disease 

rates which resulted in high mortality rates increased (Chen et al., 2011; Mancini et al., 2015; 

Ismail et al., 2018; Kadandale et al., 2019). Moreover, the steady growth of the world 

population is expected to reach 9-11 billion by 2050 (Röös et al., 2017), and the world demand 

for vegetable oils, by the same year, is estimated to reach 240–250 Mt  (Babu et al., 2021). Just 

over 300% of this demand will have to be met by palm oil. Therefore, before reaching the 

aforementioned year, it is crucial to apply new oil palm breeding strategies that aim for 

considerably better yielding varieties, improved oil profiles enhanced disease resistance, and 

environmentally friendly (Murphy et al., 2020; Rival, 2017). 

Genetic improvement in oil palm has been done through both conventional breeding 

methods (i.e, mass selection and modified reciprocal recurrent selection (MRRS)) and modern 

biotechnological approaches (tissue culture, genetic modification, and marker-assisted 

selection (MAS)) (Murphy et al., 2020; John Martin et al., 2022). Breeding through mass 

selection helped to get the current breeding populations grouped into two complementary 
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groups (A and B) based on the characteristics of their bunch production (Nyouma et al., 2019). 

MRRS was also used to help exploit the hybrid vigor for bunch production that appeared in the 

crosses (A × B), and they enabled better estimates of genetic values than mass selection 

(Nyouma et al., 2019; Soh et al., 2017). However, oil palm breeding through the conventional 

breeding methods showed many constraints due to its costly, time-consuming, large size area 

needed, long breeding cycle, and limited number of tested individuals (Wong & Bernardo, 

2008; Cros et al., 2014; Jin et al., 2016; Seng et al., 2016). Fortunately, the introduction of 

novel genotypes for breeding through biotechnological technology has revolutionized 

traditional plant breeding methods (John Martin et al., 2022). Therefore, to provide a solution 

while ensuring a sustainable future, marker-assisted breeding has been introduced into oil palm 

breeding programs (Soh et al., 2017). 

Genomic selection (GS) is a highly effective MAS method that helps to improve 

quantitative traits, especially yield (Meuwissen et al., 2001). It is a MAS method with a high 

density of markers on the entire genome so that at least one marker can be in LD with each 

quantitative trait locus (QTL) (Goddard & Hayes, 2007). Unlike QTL-based MAS, GS utilizes 

dense genome-wide markers simultaneously, to predict the genetic values of individuals in the 

selection population (Grattapaglia et al., 2018; Wang et al., 2018). It is one of the most effective 

MAS methods used to improve quantitative traits (Heffner et al., 2009). Studies on the 

application of GS in oil palm brought positive results. Thus, GS could improve oil palm clonal 

selection (Nyouma et al., 2020) and the selection of parents to use for hybrid crossings (Cros 

et al., 2017, Nyouma et al., 2022). The benefit of GS in oil palm relies on its ability to enhance 

selection intensity and/or shorten the generation interval, thus increasing the annual genetic 

gain (Nyouma et al., 2019). Different studies carried out provided a significant amount of 

information concerning the conditions of implementation of GS in this species. For example, 

in  Deli and  La  Mé,  GS  has been implemented with relatively small training populations (< 

150) and low marker density (< 2,000) Cros et al. (2017); Nyouma et al. (2020) and models 

ignoring the parental origin of marker alleles were found to be more accurate than models 

accounting for this information (Nyouma et al., 2020, 2022). To better understand GS results 

in populations involved, an in-depth study of their detailed genome properties should be 

conducted. However, to the knowledge, such research has not yet been done in oil palm, 

particularly regarding LD, Ne, haplotype sharing, and fixation index (Fst), factors known to 

affect GS accuracy. 
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Indeed, these parameters affect GS accuracy, and understanding their effect when 

predicting the performances of oil palm hybrids would help to define a more efficient and robust 

GS scheme for this species. In particular, this could help to understand the variations in GS 

accuracy observed among families of hybrid parents, thus helping in choosing application 

families given the available training population. However, the knowledge of the impact of 

genome properties in oil palm hybrid variety development is less compared to the case of other 

plants and animals, for instance, hybrid cultivars development in Maize, Cattle, and Pig Liu et 

al. (2018); Zhang et al. (2019), Black spruce Lenz et al. (2017), Barley (Zhong et al., 2009). 

Likewise, there is also no study on the genome properties of Deli and La Mé using genome-

wide markers. 

The hypothesis of the research adopted here assumes that the use of genome-wide 

markers among families of hybrid parents may not significantly increase the knowledge of the 

genome properties of Deli and La Mé oil palm parental populations used for hybrid breeding. 

A few research questions emerge from this hypothesis. 

- What is the level of genetic diversity between Deli and La Mé oil palm breeding 

populations using genome-wide markers? 

- What is the impact of genome properties on Deli and La Mé oil palm breeding 

populations for future GS hybrid variety development studies? 

- How many SNPs are required for MAS and are enough for genomic predictions 

in oil palm hybrid variety development? 

- Why across-population SNPs GS model are better than the population-specific 

effects SNPs alleles GS model? 

The general objective of this study is to characterize the genome properties of Deli and 

La Mé oil palm breeding populations through genome-wide markers for better palm oil yield. 

The specific objectives are: 

- to evaluate the genetic diversity between Deli and La Mé oil palm breeding 

populations; 

- to estimate within-population linkage disequilibrium between Deli and La Mé 

oil palm breeding populations; 

- to assess their haplotype sharing between Deli and La Mé oil palm breeding 

populations; 
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- to determine their effective population size for Deli and La Mé oil palm breeding 

populations. 

This introductory section is immediately followed by chapter I, a review of the literature 

which will present, not only the target plant (oil palm) but also the fundamental concepts 

inherent to the problematic of the research. After this first chapter, the document will go along 

with chapter II (material and methods) and chapter III (results and the discussion). A 

conclusion, recommendations, and perspectives will close the presentation of the study. 
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CHAPTER I. LITERATURE REVIEW 

I.1. OIL PALM 

I.1.1. Taxonomy and morphology of oil palm 

The word Elaeis has its origin in the Greek word Elaion, meaning oil (Nair, 2021). It 

belongs to the family of Arecaceae and the genus Elaeis. The species name of the oil palm i.e., 

guineensis, implies the plant originated from the Gulf of Guinea. Jacquin in 1763 gave the 

scientific name for oil palm as Elaeis guineensis Jacq. (Purseglove, 1986; Hartley, 1988). The 

Arecaceae are placed in the order Arecales and grouped with Cocos and other genera in the 

subfamily Cocosoideae and tribe Cocoeae (Corley & Tinker, 2003). It consists of two species, 

the E. guineensis native to Africa, and E. oleifera (Kunth) Cortes indigenous to South and 

Central America and the third one is E. odora (or Barcella odora), although its taxonomy has 

not been confirmed (Corley & Tinker, 2003; Soh et al., 2003). Currently, E. guineensis is the 

major economic oil-producing species, and E. oleifera has a much lower oil content and is used 

only locally in their natural area of distribution (Corley & Tinker, 2015). The Arecoideae 

subfamily of E. guineensis is the most diverse and largest of the five subfamilies in the 

Arecaceae family, which contains around 60% of palm genera that is almost equal to 107 out 

of 183 and greater than 50%  of species, approximately 1300 out of 2400 (Baker et al., 2011).  

Healthy trees of oil palm roots produced primary, secondary, tertiary, and quaternary 

roots (Hartley, 1988). The primary roots grow up to 5–10 mm in diameter and extend 

downwards to the base of the palm or more or less in an outwards horizontal direction. From 

them, the secondary roots develop growing up to 1–4 mm in diameter in both downward and 

upwards directions. From the secondary roots, the tertiary roots originated and grow up to 0.5-

1.5 mm in diameter and 20 cm in length. The tertiary roots give rise to quaternary roots, growing 

up to 3 cm in length and only 0.2-0.5 mm in diameter (Corley & Tinker, 2003). Generally, oil 

palm produced an adventitious root system that arises from the root plate, and after turning from 

the juvenile phase, it produced eight different morphological types of roots based on their 

development pattern and state of differentiation namely, primary vertical and horizontal roots, 

secondary horizontal roots, upward growing secondary vertical roots and downward growing 

secondary vertical roots, superficial and deep tertiary roots and quaternary roots (Jourdan & 

Rey, 1997; Intara et al., 2018). The root system of the oil palm is depicted in Fig. 1 and outlines 

that there are no root hairs (Jourdan & Rey, 1997). 
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Fig. 1. Root system of oil palm (Intara et al., 2018). 

Oil palm produced a wide stem base, after the seedling stage without the internodal 

elongation with very little increment in the first three years (Fig. 2a) (Corley & Tinker, 2003). 

The stem or stipe of the oil palm is erect, cylindrical, solitary, scarred, unbranched, and heavily 

ringed with short internodes. It is covered with petiole bases in young palms, and smooth in 

older trees (>10–12 years old). It reaches a height between 15 and 30 m with varying diameters 

irrespective of the genetic origin and growing climatic conditions and the stem can last up to 

300 years (Nair, 2010). It facilitates the transportation and storage of nutrients. In commercial 

oil palm plantation farms, the growth of the stem is restricted when it exceeds 15 m in height, 

80 to 110 cm in diameter at the base, and 40-45 cm on the cylindrical area (Fig. 2b). If the palm, 

grows beyond this height it will create a problem for harvesting and maintenance. So, oil palm 

should be removed 25-30 years after planting (Hartley, 1977). 

Oil palm leaf development starts in an adult stage at the crown with the palm prolonged 

up to leaf buds or primordia separating laterally from the apical meristem. The adult palm 

produced 40-60 leaves within the apical bud, each 5-9 m long, weighing 5-8 kg and this leaf 

persists as a strong fibrous sheet. At the mature stage, palm leaf is pinnate, bearing linear leaflets 

or pinnae on each side of the leaf stalk (Fig. 2c). The oil palm-produced pinnate leaf blade has 

a pair of leaflets with strong central nerves, specifically at the base, and is green on both 

surfaces. Healthy palm trees at the age of 20 to 40 years, carry 190 to 200 leaflets with a length 

of 70 to 90cm. It produced wide saw-toothed petioles, with an average length of 70 cm to 1.10 

m and 25 cm wide with varying color ranges from green, yellowish-green, or yellow-ochre, and 

darker central stripe color. The leaflets are arranged on two lateral planes. It produced a hard 

and fibrous leaf stalk and it grows up to 8 m. Annually the palm produced 30 and 40 leaves at 

the age of 2-4 years of age, then after the production gradually declines and reaches 20-25 per 

annum from about 8 years onwards (Corley & Tinker, 2003; Nair, 2010). 
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Fig. 2. Tree morphology of oil palm. (a) Oil palm seedling;  (b)  Palm trees on a plantation; 

(c) Crown with bunches (Godswill et al., 2016). 

Oil palm produced a sessile fruit drupe with different shapes ranging from nearly 

spherical to ovoid or elongated and bulging somewhat at the top. The length of fruits varies 

from 2 cm up to more than 5 cm, from 3 g to over 30 g of weight (Corley & Tinker, 2003). Oil 

palm produced either nigrescens or virescens fruit type (Fig. 3c). The former is characterized 

by the production of unripe fruits with deep-violet to black at the fruit apex and underwent 

minimal color change upon ripening, becoming red at the base when ripe (Fig. 3a). While the 

latter is produced in unripe fruits with green color at the apex of the fruit and changed to reddish-

orange upon ripening (Fig. 3b) (Singh et al., 2014). 

The fruit pericarp of the palm has three major layers, i.e, the outer exocarp or skin, the 

mesocarp or pulp, and the endocarp or shell. The mesocarp of the fruit gives the palm oil 

surrounding a nut with a hard shell. This shell covers the palm kernel (seed) which gives PKO 

and residual palm kernel cake used as food for livestock. Irrespective of the various factor the 

oil content of the mesocarp of ripe fruit varies from under 40% to over 60% (Corley & Tinker, 

2003). Oil palm produces a fresh fruit bunch varying in size and weight from the development 

of anthesis until 100 days or more after anthesis. In most cases, oil formation in the kernel 

begins around 70 days after anthesis development and is probably complete by about 120 days 

(Corley & Tinker, 2003).  Then, the augmentation of oil in the mesocarp starts 18 to 22 weeks 

after pollination, and this remains under production until the fruit is overripe (Teh et al., 2014). 
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Fig. 3. Fresh fruits of oil palm-based on exocarp color. (a) Nigrescens (Nig) fruits; (b) 

Virescens (Vir) fruits; (c) ripe nigrescens and virescens fruit bunches (Singh et al., 2014). 

E. guineensis is also classified based on the shell thickness which is a key factor for the 

genetic improvement of oil palm. Depending on this trait, there are three types of oil palm (Fig. 

4), the wild type, dura (Sh+Sh+) whose fruit has a thick shell, the mutant type pisifera (Sh-Sh-) 

with shelless fruit and the hybrid type tenera (Sh+Sh-) issued from the cross between dura and 

pisifera which shell fruit is thin (Montoya et al., 2013). The thickness of the endocarp also 

influences the oil content of the fruits of the three palm types. Based on this, dura consists of 

15%, pisifera contains 25% and tenera consists of 36% of the oil in the fruit (Babu & Mathur, 

2016). 
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Fig. 4. Oil palm fruit types based on endocarp thickness. 

(a) dura, (b) tenera and (c) pisifera (Ngalle, 2016) 

The oil palm usually produces a monoecious flower with male and female flowers 

existing separately on the same plant, which results in an allogamous mode of reproduction. 

However, very often it produces also mixed inflorescences in the axils of the leaves. An 

inflorescence originated from the leaf axils, with male and female but, not both inflorescences 

per leaf axil and some of them abort before the emergence (Corley & Tinker, 2003; Godswill 

et al., 2016). Oil palm potentially produced both male and female reproductive organs with a 

very rare case producing androecium and gynoecium flowers that give rise to a hermaphrodite 

flower (Hartley, 1988). In most cases, young oil palm trees produced mixed inflorescences, 

with both male and female spikelets (Corley & Tinker, 2003). In the palm tree, the male flower 

exists close to the trunk on short pedicles. Whereas, the female flowers are set in clusters close 

to the trunk on short heavy pedicels. Unlike male flowers, female flowers are produced with 

large clusters of stalks on short heavy pendicles. Before the development of anthesis, the female 

inflorescence reaches a length of 30 cm or more. Both flowers comprise a central stem holding 

about 200 flower-bearing spikelets (Fig. 5). The spikelet of the male inflorescence contains 

about 1000 flowers while, the female inflorescence contains 15-30 flowers (Godswill et al., 

2016). In oil palm, at the time of the rainy season, all the oil palm flowers found in the spikelet 

are open within two days and it lasting up to 4 days. Before the opening of each flower, the 

sessile flower is completely enclosed by a triangular bract. Male flowers anthers dehisce by 

vertical slits (Corley & Tinker, 2003). Irrespective of various factors individual palm trees 

produced an average of 10 ± 2.5 male inflorescences and 7 ± 2 female inflorescences each year. 

On average the female inflorescence weighs about 8 kg (Tandon, 2001). 
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Fig. 5. Oil palm inflorescences (Godswill et al., 2016). 

 

I.1.2. Types of oil palm in the world 

The African oil palm, Elaeis guineensis Jacq. and the American oil palm Elaeis oleifera 

HBK Cortes, are the two most economically and genetically important oil palm species under 

the genus  Elaeis. This genus also has two less economically important species namely E. 

melanococca and E. madagascariensis, which are used for the genetic improvement of E. 

guineensis Jacq. E. odora syn. Barcella odora is often cited as belonging to the genus Elaeis 

(Jacquemard et al., 2001). 

I.1.2.1. African oil palm, Elaeis guineensis Jacq. 

Elaeis guineensis Jacq. and/or the African oil palm (Fig. 6) is also known as the olive 

tree of Guinea, due to its origin in the highlands of the Fouta Djallon district of the Gulf of 

Guinea, from which the name guineensis was given. It is a  diploid plant (2n = 2x = 32) and 

monocotyledon, which belongs to the Arecaceae family (Corley & Tinker, 2016; Ithnin & Din, 

2020). 

(a) Male inflorescence (b) Female inflorescence 
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Fig. 6. Oil palm tree (Jalani et al., 1997). 

Globally the African origin of E. guineensis was controversial by the international oil 

palm researcher until Zeven (1964) confirmed that it originated from Africa. His finding 

indicated that the pollen of E. guineensisis was found in the young tertiary sediments of the 

Miocence in the Niger Delta, which typically resembles the present-day oil palm (Fig. 7). 

 

Fig. 7. Distinction of different oil palm pollen. (a) Fossil pollen seemingly related to a fern 

spore (Nigeria) × 1750; (b), (c) Fresh pollen of oil palm pisifera (Nigeria) × 1300 (Zeven, 

1964). 

I.1.2.2. American oil palm, Elaeis oleifera HBK Cortes 

Elaeis oleifera HBK Cortes also known as the American oil palm which resembles E. 

madagascariensis Hartley (1988) is native to tropical Latin America, extending from Mexico 

in the north to the Amazonas to Bolivia, Brazil, Colombia, and Peru in the south and along the 

Pacific and Atlantic coasts (Corley & Tinker, 2016; Ithnin et al., 2017). It is also found in the 

coppice in open grasslands and wetland areas and spreading exits in association with the 

indigenous Indian migratory movements (Soh et al., 2003). The oil obtained from Elaeis 

oleifera is small in quantity as compared to Elaeis guineensis Jacq. However, E oleifera has 

numerous breeding advantages due to its unique characteristics, for instance, good oil quality, 

slow growth rate, and short-spined bunch's resistance to fatal yellowing; though with low fruit-

a 

c 

b 



13 

to-bunch ratio (Corley & Tinker, 2003; Ithnin et al., 2017). It produced numerous fruits in a 

parthenocarpic method and the oil obtained from its pulp is highly characterized by a higher 

content of unsaturated fatty acids, which gives rise to fluidity similar to that of olive oil 

(Meunier, 1969; Vossen, 1974; Ithnin et al., 2017). 

I.1.2.3. Elaeis guineensis × Elaeis oleifera Hybrid 
The interspecific hybridization between E. guineensis (G) and E. oleifera (O), i.e, G×O 

hybrids, has frequently been used at the experimental level to obtain a hybrid having more 

important traits than the parents (Meunier & Hardon, 1976). In this regard, several scientific 

research findings indicate that the hybrid has pros and cons over their parents, for instance, 

screening partial resistance to the bud rot disease from the O×G hybrid (Hormaza et al., 2012). 

Regarding the improvement of oil quality, Cadena et al. (2013) reported the G×O hybrids to 

have less lipase activity and higher iodine value than E. guineensis. Hybridization between the 

two oil palm species substantially modifies the biosynthesis of fatty acids (Mozzon et al., 

2013). An improvement in antioxidant capacity from the hybrid compared to their parents was 

shown (Rodríguez et al., 2016; Ojeda et al., 2017). In most cases for vegetative and yield traits, 

the hybrid has intermediate characteristics to their parents (Hardon, 1969). The hybrid also has 

a low percentage of pollen viability and germination due to the inflorescences being less 

attractive for pollinator insects which resulted in a poor fruit set and yield than the parents 

(Hardon & Tan, 1969). 

I.1.3. Economic importance and production of oil palm 

The oil palm is one of the most important oil-producing vegetable crops which is 

demanded and grown around the globe (Murphy et al., 2020). It is one of the major food security 

crops in countries suffering from food insecurity by providing rural income and food (Rosas 

Urióstegui et al., 2018). Nowadays, palm oil is a staple cooking oil that is frequently used in 

the preparation of food in Africa and Asia, where it is consumed by at least three billion people 

worldwide (Murphy et al., 2020). It has several economic importance and is much required by 

various industries; particularly in the food industry. The oil obtained from oil palm cascades 

into two major groups food industry (with over 80% of the market) and the rest of the chemical 

industry for the formulation of paints, lipstick, inks, shampoo, chocolate resins, varnishes, 

plasticizers, biodiesel production (Appendix 2), etc. (Corley, 2009; Montoya et al., 2013; Soh 

et al., 2017). Generally, it is difficult to find substitutes for palm oil. Despite the current climate 

change constraints (Barcelos et al., 2015; Pirker et al., 2016; Woittiez et al., 2017), outlined 
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there is an expansion of the oil palm-based industry in the tropical areas of Africa, Asia, and 

America due to its high oil production (Corley, 2009; Murphy et al., 2020). The oil harvested 

from oil palm trees produced a potential oil yield capacity of 18.2 tons/ha/year, which varied 

between 2-6 t/ha of oil production among different oil-producing crops and which is equivalent 

to ten times the average potential of oil yield hectare-1 year-1 as compared to other oil-producing 

crops (like, soybean), this means oil palm requires ten times less land than the other three major 

oil-producing crops (Babu & Mathur, 2016; Tapia et al., 2021; Yue et al., 2021). 

Currently, oil palm is grown in at least 30 countries of the world. It supplies about 40% 

of all traded vegetable oil (Murphy et al., 2020). World oil palm production is distributed in 

many countries on different continents (Fig. 8). 

 

Fig. 8. Worldwide distribution of oil palm production (CABI, 2019). 

In the last 60 years, the total oil production increased from 1.5 million tons in the 1960s 

to 75 million tons even more by 2020. Currently, the oil palm sector employs 6 million people 

directly and another 11 million indirectly worldwide, with an estimated yearly production value 

of US$60 billion (Murphy et al., 2020). According to estimates from various industry sources, 

the amount of palm oil needed by 2050 could range from 240–250 Mt (Babu et al., 2021). 

Nowadays, the larger oil palm production is covered by both Indonesia and Malaysia, with a 

total production of 46.5 MT and 19.8 MT, respectively, which is almost 85% of the total world 

production. Thailand is the third-largest producer with a total production of 3.2 MT, sharing 

4% of world production. In Africa, Nigeria, Ivory Coast, Ghana, and Cameroon are the larger 

producer of oil palm. Nigeria is the leading producer of oil palm with a total production of 1.4 

MT, i.e., 1% of world production and followed by Cote d'Ivoire at 0.6 MT, Cameroon at 0.4 
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MT, and Ghana at 0.3 MT. The largest importers of palm oil are India, China, the European 

Union countries, and Pakistan (Statista, 2021). 

 

I.2. BREEDING APPROACHES IN OIL PALM 

Oil palm breeding can be undertaken by both conventional and modern biotechnological 

approaches, for instance, tissue culture, genetic modification, and MAS techniques (Corley & 

Tinker, 2016; Soh et al., 2017). In any of the methods, the need for breeding is used to improve 

multiple traits affected by biotic and abiotic factors (Jalani et al., 1997; Kwong et al., 2016). 

The report from Ajambang et al. (2016) showed whatever the method used the main target of 

oil palm breeding is to improve the palm oil yield, reduction of vertical growth to extend the 

plant's economic life, select for tolerance to drought, select to diseases resistance (Fusarium 

wilt), and improve palm oil quality (high iodine value, low free fatty acids content). The 

conventional breeding method of oil palm has several limation, for instance, costly, time-

consuming, large areas required for planting, a long breeding cycle (around 20 years, while 

sexual maturity is reached at around 3 years of age), and a limited number of tested individuals 

(Wong & Bernardo, 2008; Cros et al., 2014; Jin et al., 2016; Seng et al., 2016). In the same 

vine, Babu & Mathur (2016) showed that genetic improvement in oil palm through conventional 

breeding methods takes more than 12 years to obtain a new variety and lack of genetic 

homozygosity in current advanced parental breeding materials which results in many years to 

come up with new variety. Gain from breeding needs to be increased significantly to address 

new challenges such as land degradation, population growth, climate change, and agricultural 

land constraints as well as breeding cost. Several oil palm breeding options have been reported 

by different scholars, however, Corley & Tinker (2016); Florence et al. (2017); Soh et al. 

(2017); Ithnin & Din (2020) summarize mass selection, MRRS, tissue culture, genetic 

modification, and MAS are the major options of oil palm breeding. In the following paragraphs, 

the most practically used breeding options in the current era, mass selection, MRRS, and 

genomic selection are developed. 

I.2.1. Mass selection 

The genetic improvement through the application of a mass selection for oil palm for 

yield started in the 1920s in South-East Asia (Indonesia, and Malaysia), since then it is known 

as Belgian Congo (Mergeai, 2002; Corley & Tinker, 2016). It is the method of selection of best-
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performed individuals based on their phenotypic value. So, the selection efficiency of 

individuals is mainly based on the heritability of targeted traits. A report from Soh et al. (2017) 

showed that this method started with a collection of open-pollinated seeds from the mass 

(forest) or phenotypically selected palms and followed by organized intercrosses among them, 

for example, West African (WA) T × T crosses and South East Asian (SEA) Deli D × D crosses. 

In the same vine, in SEA breeding through mass selection was established from one planting 

material four D seedlings were introduced into Java (Indonesia) in 1848 from an unknown part 

of Africa which resulted in a relatively homogenous and inbred breeding population called Deli. 

Furthermore, Deli is divided into several subpopulations, such as Marihat Baris, Elmina, etc 

(Mergeai, 2002; Durand-Gasselin et al., 2011; Corley & Tinker, 2016). Similarly, Cochard et 

al. (2005) outlied that this SEA oil palm has, four to five generations, taking into account the 

generations of multiplication from individuals introduced in the Bogor Botanical Garden 

(Indonesia) in 1848. 

In Africa, breeding through mass selection was less efficient compared to SEA, as it 

was complicated by the segregation of the fruit types in the crosses between the best breeding 

materials. In Africa, the sources of the breeding materials are D, T, and P types, which have 

been developed through the different breeding approaches used in SEA  (Durand-Gasselin et 

al., 2000; Corley & Tinker, 2016). According to Ajambang et al. (2016); Corley & Tinker 

(2016) reported that in Africa there are different breeding populations: La Mé (Côte d’Ivoire), 

Yangambi (Democratic Republic of Congo), Ekona (Cameroon), WAIFOR (Nigeria), etc. 

These populations were selected through mass selection, for instance, the La Mé population 

originated from 19 individuals selected from prosecutions made in the 1920s and the Yangambi 

population originated from 10 to 20 breeding materials in the 1920s, including the Djongo palm 

which given its exceptional qualities would have finally contributed more than 70% to the 

Yangambi population (Rivas et al., 2012; Corley & Tinker, 2016).   

In oil palm breeding through the aid of mass selection has resulted in a premounted 

result, for instance, a report from Corley & Tinker (2016) showed that some components of oil 

yield had a moderate level of narrow-sense heritability h2 such as Mesocarp/Fruit (0.53) and 

BW (0.39) while other components (BN, F/B, and O/M) had low h2 (< 0.25). In the same light, 

Soh (2012) depicted that breeding of oil palm through this method better resulted in the 

production of inter-population D × P (T hybrid) with the highly selected Deli D population 

having uniform high oil yielding and bigger bunches than the maternal parent and the highly 

selected WA (AVROS, Yangambi, La Mé, Ekona, NIFOR) P/T (uniform high oil yielding and 

high bunch number (BN)) as the paternal parent. According to Nyouma et al. (2019) reviewed 
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the century of breeding in oil palm and outlined that mass selection helps to get the current 

breeding populations grouped into two complementary groups (A and B) based on the 

characteristics of their bunch production. Group A, mostly from SEA (i.e., Deli dura 

population) and Angola, the latter is of lesser importance due to the production of a small 

number of big bunches. Group B, comprising the other African populations (with La Mé and 

Yangambi currently being the most widely used) and AVROS, produces a large number of 

small bunches. By the same token, Beirnaert & Vanderweyen (1941) outlied that mass selection 

breeding also helps to get a better understanding of the genetic control of the fruit type by a 

gene, nowadays called SHELL. 

I.2.2. Modified reciprocal recurrent selection (MRRS) 

Reciprocal Recurrent Selection (RRS) is fundamentally used as a population 

improvement method. It was first developed by Comstock et al. (1949) with the major goal to 

improve two different breeding populations of maize, for example, populations A and B, for 

combining well with each other and both populations subjected to selection at the same time. 

This approach mainly helps to improve heterosis breeding and not population improvement. 

The principle of this method mainly starts by selecting the base populations. The homozygous 

inbreeding lines of open-pollinated plants are obtained and conserved by continuous close 

selfing with the selection. Recurrent selection in the base populations would improve both the 

general and specific combining ability (SCA) of both populations. With continuous selection, 

the frequencies of desirable alleles and allele combinations that affect the trait of interest will 

increase. Moreover, the magnitudes of these allele increases will become larger with the 

increasing number of selection cycles (Dudley, 1997; Ithnin & Din, 2020). 

In oil palm, the MRRS (Fig. 9) was first proposed by Gascon & De Berchoux (1964) by 

crossing A×B for bunch production, and its performance was more than 25% higher than the 

parental populations. Nowadays, MRRS has also been adopted and practiced by most breeding 

programs across the major oil palm cultivating countries namely the Nigerian Institute for Oil 

Palm Research (NIFOR), Ghana Oil Plan Research Institute (GOPRI), Centre de Coopération 

Internationale en Recherche Agronomique pour le Développement (CIRAD) and coordinated 

programs established in Ivory Coast, Cameroon, Benin, Niger, and Guinea-Bissau. The method 

was also implemented in SouthEast Asia oil palm research centers, for example, the Indonesian 

Oil Palm Research Institute (IOPRI) and SOCFINDO in Indonesia based on breeding 

populations derived from CIRAD such as Deli, Angola, Yangambi, La Mé, and Yocobue. In 
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Malaysia, particularly in Applied Agriculture Resources (AAR) SdnBhd and MPOB. Even 

though it has various accomplishments among research centers, it generally follows the 

breeding scheme described in Fig. 9 (Soh et al., 2017; Ithnin & Din, 2020). 

 

Fig. 9. Scheme of one cycle of modified reciprocal recurrent selection applied to oil palm. D: 

dura, T: tenera, P: pisifera, green: commercial seeds (Nyouma et al., 2019). 

According to Gallais & Poly (1990) the main advantages of recurrent selection are: 

increasing the frequency of genes and associations favoring the type of variety to be developed, 

enabling effective recombination, hence highly effective multi-trait breeding, preventing an 

over-rapid loss of variation, partially fixing heterosis, ensuring continuous, long-term progress, 

and providing outputs directly applicable for varietal creation. In one breeding cycle, compared 

to cereals (e.g. 3 months in rice) in oil palm application of RRS extends over a long period (~20 

years) (Florence et al., 2017). In oil palm, Durand-Gasselin et al. (2010) outlined that despite 

long breeding cycling time, a high genetic gain rate has been achieved since 1960 (~ +1%/year 

for yield). Similar to the other method, RRS has a limitation, for instance, Florence et al. (2017) 

pointed out the cost and time efficiency related to the estimation of the parental GCA. 

Conversely, Soh et al. (2017) due to severe inbreeding depression affecting seed and pollen 

production, RRS with each hybrid combination is usually limited to two cycles in oil palm. 

Despite the limitation, a review report Nyouma et al. (2019) and Soh et al. (2017) outlined that 

MRRS helps exploit the hybrid vigor for bunch production that appeared in the A × B crosses, 

and they enable better estimates of genetic values than mass selection. In general, Ithnin & Din 
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(2020), summarize the three major advantages of MRRS in oil palm, primarily it helps to select 

selfed parents for commercial hybrid seed production and further breeding activities i.e., 

commercial interpopulation hybrids parents development. Secondly, it helps to attain desirable 

alleles at the maximum level in the parents of both additive and non-additive. Thirdly, it helps 

the continuous commercial hybrid seed production due to the availability of data using duras 

and pisiferas that are generated from the self or sibs of the respective parents which are 

eventually planted simultaneously as the progeny tests. 

I.2.3. Genomic selection 

Nowadays, the availability of genetic and genomics resources generally in crop plants 

specifically in oil palm help to open a new door to apply new breeding tools called MAS 

(Rajinder & Choo, 2005; Collard & Mackill, 2008). By the same observation, Soh (2018) 

reviewed that the exposure of oil palm to whole-genome sequence helps the viability of MAS 

for many major QTL traits e.g. fruit color, mantling, long stalk, and lipase are being advanced. 

In MAS, molecular marker data can be used to predict phenotype(s), based on the known 

association between the chosen marker(s) and phenotype(s). Therefore, the marker-phenotype 

associations can be distinguished using a method called QTL mapping. However, for complex 

traits like oil yield which are governed by many large numbers of genes the efficiency of QTLs-

based MAS is minimal, particularly for the plant having a small effective population size like 

oil palm (Muranty et al., 2014). To this end, the genomic selection was developed as a specific 

case of MAS designed for quantitative traits (Meuwissen et al., 2001). 

Genomic selection (GS) is a MAS method with a high density of markers covering the 

entire genome so that at least one marker can be in LD with each QTL (Goddard & Hayes, 

2007; Xu et al., 2018). Compared to the previous MAS approach based on QTL detection, GS 

takes into account all the markers jointly and without any test of significance. In this way, even 

markers capturing small QTL effects are used in the model predicting the genetic values, thus 

improving the efficiency of selection. Therefore, GS has emerged as one of the most promising 

selection strategies to enhance genetic gain, reduce breeding costs and time of breeding cycle 

for both animal and plant breeding programs, and it has several advantages as compared to both 

phenotypic and MAS (van der Werf, 2013; Voss-Fels et al., 2019). Generally, GS is the most 

appropriate MAS method for yield traits which are usually quantitative, i.e. controlled by many 

loci with small effects. The establishment of a training set population is one of the first steps in 

a genomic selection which should consist of several hundred to a few thousand individuals that 
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are related to the validation population and with phenotypes for the traits of interest. The 

training population is genotyped for a genome-wide panel of markers and also phenotyped for 

the targeted traits, and a prediction model is developed using these genotypic and phenotypic 

data (Akdemir & Isidro-Sánchez, 2019). The selected population is also genotyped but not 

phenotyped, and the prediction model calculates the genomic estimated breeding values 

(GEBV) or genomic estimated genetic values of the selection population (Fig. 10). Therefore, 

GS has the potential to enhance genetic gain, increase gain per unit time, increase selection 

intensity, improve the accuracy, reduce breeding time and expenditure, reduce costs of 

genotyping, and enhance selection for low heritability traits (Cros et al., 2015b; Grattapaglia & 

Resende, 2011; Resende et al., 2017). 

 

Fig. 10. Diagram of genomic selection (GS) processes (Plavšin et al., 2021). 

 

I.3. FACTORS AFFECTING THE ACCURACY OF GENOMIC 

SELECTION 

The correlation between the genomic estimated breeding values (GEBV) and true 

breeding values (TBVs) is known as the GS accuracy of genomic ( (Equ.1) and it is an 

important parameter in GS due to its linear correlation with genetic gain R (Equ. 2) (Lin et al., 

2014): 

��� = ���(����, �����)                               [1] 
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                                                          [2] 

Where Ry is the annual genetic gain, i is selection intensity, r is selection accuracy, δA 

is the genetic standard deviation, and y is the generation interval in years. 

The accuracy of GS is influenced by numerous factors Grattapaglia & Resende (2011); 

Isik (2014); Zhao et al. (2015); Nyouma et al. (2019); Robertsen et al. (2019): effective 
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population size, marker type and density, size and structure of the training population, the 

heritability of traits, genetic architecture, relatedness between training and validation 

population, LD between markers and QTLs, validation approaches and statistical model of 

prediction. In this section, we discuss how each of these factors affects the accuracy of GS in 

tropical perennial crops and plantation trees. 

I.3.1. Linkage disequilibrium (LD) and effective size (Ne) 

LD and Ne are the two interrelated effects that strongly influence GS accuracy (Heffner 

et al., 2009; Isik, 2014; Lebedev et al., 2020). LD is defined as the non-random association of 

alleles at two or more loci in haplotypes (Weir, 1979; Slatkin, 2008). LD between two loci is 

measured based on the frequency of alleles, using indexes like D, D’, and r2 (Collins, 2007). A 

key assumption in GS is that there is LD between QTLs and markers, such that, with dense 

genome marker coverage, every QTL controlling the phenotype of interest would be in LD with 

at least one marker. Good knowledge of this parameter in the target population is therefore of 

particular interest to define the marker density required for GS. It is thus useful to explore 

historical events, such as bottlenecks, genetic drift, natural and artificial selection, that may 

have shaped the LD profile in the target population (Flint-Garcia et al., 2003; Gupta et al., 2005; 

Mackay & Powell, 2007; Slatkin, 2008). The LD profile is largely determined by the past Ne, 

which can be described as the number of randomly mating individuals in a population that 

would give rise to the observed rate of inbreeding (Falconer & Mackay, 1996). There is an 

inverse relationship between Ne and LD, with high rates of genetic drift and inbreeding in low 

Ne populations leading to strong LD between markers and QTLs compared to high Ne 

populations (Grattapaglia, 2014; Lin et al., 2014; Thistlethwaite et al., 2020). As Ne decreases 

and LD increases, pairs of individuals within the population tend to share longer haplotypes, 

enabling good genomic prediction accuracy (Heffner et al., 2009; Clark et al., 2012; Isik, 2014; 

Lebedev et al., 2020). For a given marker density, training population size, and trait, LD and 

GS prediction accuracy is higher in populations with low Ne than in populations with high Ne 

(Solberg et al., 2008; Grattapaglia, 2014; Lin et al., 2014). 

The crucial role of LD and Ne in GS accuracy has also been underlined in studies on 

tropical perennial crops and plantation trees. Several studies investigated the LD profile to 

evaluate whether the marker density was high enough in citrus Gois et al. (2016); Minamikawa 

et al. (2017), cocoa McElroy et al. (2018), eucalyptus Denis & Bouvet (2013); Durán et al. 

(2017); Müller et al. (2017) and oil palm (Kwong et al., 2017a). Many studies in tropical 

perennial crops and plantation trees also investigated the efficiency of GS in populations with 
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high LD/low Ne. This was possible using populations obtained through specific mating designs 

among a reduced number of parents (Resende et al., 2012; Denis & Bouvet, 2013). In this way, 

Resende et al. (2012) found that in a population of eucalyptus where Ne = 11 was obtained 

with an incomplete diallel, GS accuracy was higher for the four growth and wood quality traits 

studied than in the population where Ne = 51, despite a slightly larger number of training 

individuals in the latter population. In other studies, high LD/low Ne was obtained in full-sib 

families GS (Gois et al., 2016; Cros et al., 2017; Kwong et al., 2017b; de Souza et al., 2018). 

This strategy is also applied in other crops as it maximizes GS accuracy, although at the cost of 

only applying to families comprising the training population (Lin et al., 2014; Crossa et al., 

2017; Lebedev et al., 2020). The fact that GS accuracy reaches a plateau when marker density 

reaches a certain level (see below) suggests that an appropriate strategy to filter the markers 

would increase the cost-efficiency of GS. Filtering SNPs on LD has been investigated in several 

studies, as the SNPs that show very high LD values provide redundant information. In oil palm, 

Kwong et al. (2017a) evaluated the impact of marker density reduction by LD filtering and 

noted that, for some traits, it was possible to reach the same GS accuracy as using all the SNPs. 

I.3.2. Marker density and type 

As marker density strongly affects the extent of LD, it also plays a major role in GS 

accuracy. In GS studies of both plants and animals, increasing the number of markers was 

shown to improve prediction accuracy until a plateau was reached (Meuwissen et al., 2001; 

Solberg et al., 2008; Isik, 2014; Lin et al., 2014; Robertsen et al., 2019). The same trend was 

observed in tropical perennial crops and plantation trees, where the density of markers required 

to reach maximum prediction accuracy depends in particular on the type of population, trait, 

and marker. Romero Navarro et al. (2017) found increasing prediction accuracy for yield and 

disease traits in cocoa with increasing marker density before a plateau was reached at around 

1,000 markers. In the rubber tree, the prediction accuracy for rubber yield plateaued at around 

300 SSRs (Cros et al., 2019).  In eucalyptus, the prediction accuracy among five growth and 

wood property traits reached a plateau between 5,000 and 20,000 SNPs (Tan et al., 2017). 

Among seven production traits in oil palm hybrids, the plateau was reached with 500 to 2,000 

SNPs  (Cros et al., 2017). 

GS accuracy is also affected by the type of marker. Thus, in oil palm, GS accuracy for 

BN and average bunch weight (BW) plateaued at 160 SSRs in heterotic group A and 90 SSRs 

in group B Marchal et al. (2016) versus 3,000 SNPs in group A and 350 SNPs in group B (Cros 

et al., 2017). This likely resulted from the fact that, as SNPs are biallelic, they are less 
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informative than SSRs. However, in practice, SSRs cannot be used for genomic predictions, as 

SSRs rely on dense genotyping of large populations of selection candidates and therefore 

require high throughput genotyping approaches at a reasonable cost. If marker density is 

constrained by the genotyping approach, the GS accuracy may be reduced. Thus, Kwong et al. 

(2017b) obtained mean GS prediction accuracies of 0.21 over palm oil yield components using 

135 SSRs, versus 0.31 with 200K SNPs. Two primary options are available to reach this goal 

with SNPs: methods that reduce genome complexity and SNP arrays. SNP arrays have been 

developed in several tropical perennial crops and plantation trees, with, for example, a 200K 

array in oil palm Kwong et al. (2016), a 60K array in eucalyptus Silva‐Junior et al. (2015), and 

a 15K array in cacao (McElroy et al., 2018). Most SNP genotyping methods based on reducing 

genome complexity consist of restriction enzyme-based approaches and sequence capture 

(Zhou & Holliday, 2012; Uitdewilligen et al., 2013). These methods do not require specific 

preliminary investment and can be applied directly to any population, but are associated with a 

higher rate of missing data and genotyping errors than SNP arrays. Despite these differences, it 

seems that the choice between these two types of approaches has no impact on GS accuracy: 

the accuracy of genomic prediction of 13 wood quality and growth traits in eucalyptus using 

SNP genotypes obtained with sequence capture and a 60K SNP array was similar (de Moraes 

et al., 2018). 

I.3.3. Traits heritability 

The broad-sense heritability of a trait (H²) is defined as the proportion of the phenotypic 

variance that is genetically controlled. Narrow-sense heritability (h2) considers only variations 

due to additive gene action and ignores non-additive (dominance and epistasis) genetic effects 

(Falconer & Mackay, 1996). In GS studies, the heritability of the trait affects the accuracy of 

GEBV, with higher h2 leading to greater GS accuracy (Meuwissen et al., 2001; Hayes et al., 

2009; Lin et al., 2014). This was illustrated by studies in tropical perennial crops and plantation 

trees where positive correlations were found between h² and GS prediction accuracy for a set 

of disease resistance and yield traits in cacao Romero Navarro et al. (2017), eight palm oil 

production traits in the B heterotic group used in oil palm breeding Cros et al. (2015b), 18 

Arabica coffee agronomic traits Sousa et al. (2019) and 15 vegetative growth, disease 

resistance, and fruit production traits in banana (Nyine et al., 2018). When simulating GS in 

eucalyptus, Denis & Bouvet (2013) noted that the prediction accuracy was higher with H2=0.6 

than with H2=0.1, regardless of the ratio of dominance to additive variance, modeling 

dominance, or not, or the breeding cycle. However, some studies detected no effect of trait 
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heritability on GS prediction accuracy, but the effect may have been masked by other factors 

with stronger effects on prediction accuracy than heritability, in particular variations in the size 

of the training population, among traits, like in (Durán et al., 2017). 

I.3.4. Statistical models for genomic prediction and trait genetic 

architecture 

The whole-genome regression models used for genomic predictions deal with the ‘large 

p, small n’ problem, that, in GS, concerns the number of markers that usually (largely) exceeds 

the number of data records, in contrast to multiple linear regressions that cannot be used without 

variable selection, which conflicts with the original goal of GS, i.e. avoiding marker selection 

and overfitting. Multiple linear regression results in an insufficient degree of freedom leading 

to poor prediction due to the inability to estimate all marker effects at the same time, which is 

exacerbated by multicollinearity. A wide range of statistical methods has been developed for 

GS to alleviate this constraint (Jannink et al., 2010; Campos et al., 2013; Morota & Gianola, 

2014; Wang et al., 2018; Montesinos-López et al., 2021; Tong & Nikoloski, 2021). They 

represent two broad categories: (i) parametric approaches, which mainly include methods that 

rely on the best linear unbiased prediction methodology (genomic BLUP [GBLUP] and random 

regression BLUP [RRBLUP]) and various Bayesian methods (Bayesian LASSO, BayesA, 

BayesB, etc.), and (ii) semi- and non-parametric approaches, that fall into the machine learning 

category (reproducing kernel Hilbert spaces [RKHS], artificial neural networks, etc.). These 

methods differ in several ways: in terms of genetic assumptions and modeling of the genetic 

architecture of the traits (e.g., purely additive models, models that explicitly model dominance 

and/or epistatic effects, models with marker effects sampled from a common statistical 

distribution [RRBLUP, GBLUP], models with marker effects sampled from specific 

distributions [Bayesian LASSO, BayesB, etc.], models that implicitly model non-additive 

effects [e.g. RKHS]), in terms of computational approach (relationship-based methods and 

marker effect-based methods,  single trait and multi-trait models, etc.), and terms of the genomic 

information used in the model (type of polymorphisms, use of a priori information on markers, 

a combination of omics data, etc.). The most widely used statistical approach for GS is GBLUP 

Heslot et al. (2015); Montesinos-López et al. (2021), which combines linear mixed model 

analysis and genomic relationships. 

The relative performance of the different statistical methods is expected to vary 

depending on the genetic architecture of the trait considered (Lebedev et al., 2020). Genetic 

architecture corresponds to the genetic characteristics that determine the genotype-phenotype 
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relationship, in particular, the number of genes that control the trait, the number of alleles per 

gene,  the distribution of the genes along the genome, the distribution of the gene effects, and 

the mode of gene action (additive, dominant, epistatic) (Momen et al., 2018). Thus, methods in 

which marker effects are sampled in distributions where variance is the same for all markers 

(e.g. GBLUP, RRBLUP, Bayesian random regression) are expected to be more suitable for 

traits following the infinitesimal model, while methods with marker-specific variances (e.g. 

Bayesian LASSO, BayesB) are expected to be more suitable for traits whose genetic 

architecture includes major QTLs. Consequently, many GS studies, including those on tropical 

perennial fruit crops and plantation trees, use a range of statistical prediction methods to identify 

the most appropriate one for a specific trait. Overall, few variations have been found among 

statistical approaches, for example, in oil palm yield components Cros et al. (2015b); Kwong 

et al. (2017a), in eucalyptus growth Durán et al. (2017); Müller et al. (2017) and rubber tree 

latex yield (Cros et al., 2019). This confirms results obtained in empirical evaluations in other 

species, in which GS statistical methods were seen to perform similarly Heslot et al. (2015), 

however, in some cases, differences were found: e.g., BayesB performed best for several traits 

including vegetative growth, production, and disease resistance in banana Nyine et al. (2018) 

and vegetative growth and oil yield in oil palm (Ithnin et al., 2017). This could mean that in the 

populations considered, QTLs with large effects were segregated for these traits.  

Similarly, when non-additive effects play a significant role in genetic variation, models 

that account for non-additive effects are expected to increase GS accuracy. In a simulation 

study, Denis & Bouvet (2013) showed that modeling dominance for the genomic predictions of 

the genetic value of eucalyptus clones improved accuracy when dominance effects were 

preeminent (ratio of dominance to the additive variance of 1.0) and heritability was high (H² = 

0.60). With empirical data, also in eucalyptus, Resende et al. (2017); Tan et al. (2018); Paludeto 

et al. (2021) showed that the use of GS models that account for dominance increased the 

accuracy of prediction for growth traits, which had high levels of dominance variance, whereas 

this was not the case for wood traits. In citrus, Minamikawa et al. (2017) showed that 

considering both additive and dominance effects improved prediction accuracy for acidity and 

juiciness.  

When considering traits correlated with a sufficient magnitude but with contrasting 

levels of heritability, the use of multi-trait models can increase prediction accuracy for low 

heritability traits (Tong & Nikoloski, 2021). In tropical perennial crops and plantation trees, the 

results obtained in oil palm Marchal et al. (2016) and Eucalyptus robusta Rambolarimanana et 

al. (2018) agreed with this principle. Multivariate models thus offer the opportunity to improve 
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prediction accuracy at no extra cost (apart from increased computational resources), and they 

should therefore be systematically evaluated when correlations exist among the traits of interest, 

or between the traits of interest and secondary traits.  

Machine learning methods are complex black-box approaches that are of growing 

interest for genomic predictions as they have several desirable features. They avoid the use of 

assumptions that are often violated and cannot be verified Gianola & Van Kaam (2008) and 

they are particularly suitable to account for non-additive effects in particular in polyploids 

Bayer et al. (2021) and to integrate data from different biological sources for multi-omics 

predictions (Montesinos-López et al., 2021; Tong & Nikoloski, 2021). RKHS is the most often 

evaluated machine learning approach for GS in tropical perennial crops and plantation trees. In 

bananas, RKHS was slightly more accurate than parametric approaches for a few traits (Nyine 

et al., 2018). In a study analyzing eight traits in E. urophylla × E. grandis eucalyptus hybrids, 

RKHS proved to be slightly more accurate in predicting low-heritability traits but less 

accurately in predicting pulp yield Tan et al. (2017) and performed similarly to GBLUP for 

three traits in E. grandis (Rambolarimanana et al., 2018). A few other machine learning 

methods have been implemented in tropical perennial crops and plantation trees. Maldonado et 

al. (2020) compared several parametric prediction models, RKHS and two artificial neural 

network approaches, deep learning, and Bayesian regularized neural networks, in E. globulus 

and maize, and found that predictions made with deep learning methods were significantly more 

accurate for all the traits considered.  Sousa et al. (2020) compared several machine learning 

approaches and a parametric model to predict resistance to leaf rust in Coffea arabica and 

obtained the best accuracy with artificial neural networks. Several authors used random forest 

in oil palm and citrus and found that on average over several traits, random forest performed 

no better than parametric approaches (Kwong et al., 2017b; Minamikawa et al., 2017). In oil 

palm, the support vector machine was found to be slightly better on average than other methods 

(Kwong et al., 2017b). Despite these uneven results in tropical perennial crops and plantation 

trees, machine learning should be further investigated, in particular as the training populations 

used so far was possibly not large enough for the optimal training of this type of approach 

(Montesinos-López et al., 2021). Particular attention should also be paid to artificial neural 

networks, which have produced promising results. One limit to the differences among statistical 

methods and models in perennial fruit and tree crops reported so far is that they were not always 

supported by a statistical test indicating whether the differences were significant or not. This 

can be done for example using the Hotelling-Williams t-test (Steiger, 1980). 
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I.3.5. Training and validation population relatedness 

The accuracy of GS is positively correlated with the relatedness between the training 

and test population (Pszczola et al., 2012; Daetwyler et al., 2013; Wientjes et al., 2013; Isidro 

y Sánchez & Akdemir, 2021). This is because when pairs of genotypes are closely related, they 

tend to share long haplotype blocks in the same linkage phase. To limit allele duplication and 

redundancy, relationships within the training population should be minimized (Isidro y Sánchez 

& Akdemir, 2021). The accuracy of GS in tropical perennial crops and plantation trees was also 

found to be affected by the relatedness between the training and test population. In two 

eucalyptus species, E. benthamii and E. pellita,  Müller et al. (2017) found that prediction 

accuracy declined strongly for three growth traits when individuals were randomly assigned to 

the training and validation populations compared to when they were assigned using a principal 

component analysis to minimize relatedness between training and validation populations. 

Similarly, considering eight wood growth and quality traits in Eucalyptus urophylla × E. 

grandis,  Tan et al. (2017) obtained the worst prediction accuracies when minimizing the 

relatedness between the training and validation populations using k-means clustering. In 

another study, a significant positive correlation was found between GS accuracy and the 

relationship between training and validation populations for various production traits in oil 

palm (Cros et al., 2015b). 

I.3.6. Size and design of the training population 

The size of the training population is one of the most important factors that determine 

GS accuracy. Several GS studies have reported that increasing the size of the training 

population improves GS accuracy (Combs & Bernardo, 2013; Isidro et al., 2015; Nielsen et al., 

2016; Tan et al., 2017; Cericola et al., 2018; Calleja-Rodriguez et al., 2020). In a family of full-

sibs of Hevea brasiliensis, Cros et al. (2019) reported an increase in the accuracy of GS for 

rubber yield with an increase in the size of the training population up to a plateau of 200 

individuals. In Eucalyptus,  Denis & Bouvet (2013) also reported an increase in GS accuracy 

as a result of increasing the size of the training population, and  Tan et al. (2017) reported an 

increase in GS accuracy that followed a diminishing return trend with increasing size of the 

training population.  

The possibility of assembling large training populations among tropical perennial crops 

and plantation trees is contrasted. Thus, training populations comprising more than 1,000 

individuals were used in eucalyptus Mphahlele et al. (2021), cacao McElroy et al. (2018), and 

oil palm Kwong et al. (2017a), whereas only small populations (< 600 individuals) have been 
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used so far in banana Nyine et al. (2018), rubber tree Cros et al. (2019); Souza et al. (2019); 

Munyengwa et al. (2021), coffee Ferrão et al. (2019); Sousa et al. (2019), p. 2; Fanelli Carvalho 

et al. (2020); Sousa et al. (2020), jatropha Peixoto et al. (2017) and guava (Silva et al., 2021). 

However, the size of the training population must be considered with the relatedness between 

training and validation populations. Thus, for GS predictions in a biparental cross, it is better 

to use a relatively small but highly related training population of full-sibs or half-sibs than a 

large training population comprising distantly related or unrelated individuals (Brandariz & 

Bernardo, 2019; Brauner et al., 2020). 

For some of the species considered here, breeding relies on a large number of 

phenotyped individuals, e.g., thousands of individuals for yield components and tolerance to 

ganoderma disease in oil palm Cros et al. (2017); Daval et al. (2021), and thousands of 

individuals for tolerance to pests and diseases in Eucalyptus grandis (Mphahlele et al., 2021). 

In this case, genotyping a sample of the phenotyped population and making the genomic 

predictions using the single-step GBLUP approach Lourenco et al. (2020), i.e. using a training 

population combining the genomic data of the genotyped individuals and the genealogical data 

of the others, is an efficient way to maximize the cost efficiency of GS, see  Mphahlele et al. 

(2021) in E. grandis,  Cappa et al. (2019) in a complex eucalyptus population, and Imai et al. 

(2019) in citrus. The cost of phenotyping is a major constraint in GS, especially now that 

sequencing costs have dramatically decreased thanks to next-generation sequencing (Akdemir 

& Isidro-Sánchez, 2019). This financial constraint is particularly applicable to perennial crops, 

as their phenotypic evaluation requires large surface areas over several years. Thus, training 

populations need to be optimized to improve the cost-effectiveness of GS in these species. 

Training population optimization is the process of selecting, within a pool of individuals that 

could be used to train the GS model, a sample of individuals that will best predict the genetic 

value of the selection candidates (Isidro y Sánchez & Akdemir, 2021). Several methods have 

been developed to optimize the training population, including CD-mean, PEV-mean, stratified 

sampling, or EthAcc (Isidro y Sánchez & Akdemir, 2021). This aspect has received little 

attention in tropical perennial crops and plantation trees, although in oil palm, Cros et al. 

(2015b) confirmed the efficiency of training population optimization to improve GS accuracy. 

 

I.4. BASIC CONCEPT OF POPULATION GENETICS 

Population genetics is a sub-area of biology that investigates the genetic makeup of 

biological populations and how that makeup varies as a result of various causes, such as natural 
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selection (Maia & de Araújo Campos, 2019). It is the study of genetic variation within and 

between populations, as well as the evolutionary causes that contribute to this diversity. It is 

based on the Hardy-Weinberg law, which is true as long as the population size is high, mating 

is random, and mutation, selection, and migration are minimal (Johnston et al., 2019). As a 

result, population geneticists work toward their goals by developing abstract mathematical 

models of gene frequency dynamics, attempting to derive inferences about the patterns of 

genetic variation in real populations from those models, and then correlating their findings with 

empirical evidence. Several parameters can be conserved to access the genetic constitution of 

a population, such as phenotypic frequencies, genotype frequencies, allelic frequencies, gene 

flow, heritability, genetic correlation, genetic diversity, and heterozygosity, which allow an 

understanding of the population's genetic dynamics (Maia & de Araújo Campos, 2019). Even 

though the concept of population genetics is broad and has numerous factors that alter the 

genetic makeup of the entire population, for instance, mutation, migration (with gene flow), 

natural selection, genetic drift, etc Kimura (1983), for this specific section, I try to explore the 

part and parcel of population genetics concepts like LD, Ne, haplotype sharing, and Fst. 

I.4.1. Linkage disequilibrium 

LD Lewontin & Kojima (1960), is defined as the nonrandom association of alleles at 

two or more loci in haplotypes (Bernardo, 2010). It supplies information about the history of 

the population associated with both natural and artificial selection. LD throughout the genome 

provides information about population history, the breeding system, and the pattern of 

geographic subdivision, while LD in the specific genome region gives information about the 

history of natural selection, gene conversion, mutation, and other forces that cause gene-

frequency evolution (Slatkin, 2008; Goode, 2011). Consider the two linked loci Locus 1 has 

alleles A1 and A2 occurring at frequencies p1 and p2 and the same Locus 2 in another haplotype 

with alleles of  B1 and B2 occurring at frequencies q1 and q2 in the population. Therefore, the 

possible haplotype combination can donate as A1B1 and A1B2 with frequencies h11 and h12. In 

this regard, the two loci are linked together and produced a new haplotype by the process called 

linkage equilibrium (LE). However, if the occurrence of alleles A in the ith alleles and B in the 

jth alleles the haplotype passes independently, i.e does not pass randomly, and the two alleles 

are produced a new haplotype by the process called LD (Calabrese, 2019). LD is the intensity 

between two loci and is measured based on the frequency of alleles by using indexes like D, D’ 

and r2 and it ranges from completely random (|D|=|D’|=r2=0) to complete LD (|D|=0.25, 

|D’|=r2=1), r2 can range from 0 (two loci in equilibrium) to 1 (non-random loci in complete LD) 
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(Equ. 3) (Collins, 2007; Nakaya & Isobe, 2012). The result of LD can be positive or negative 

values, if LD is positive it indicates the two alleles occur together on the same haplotype and 

negative when the two alleles occur together on a different haplotype (Calabrese, 2019). The 

LD measure for D, D’ and r2 for a biallelic locus with alleles A and a,  at locus 1; B and b at 

locus 2, is explained in the following formulas as follows (Slatkin, 2008):  

 

D’ = �(��) − �(�)�(�) �������� –  ��������� 

D = �(��) ∗ �(��) − �(��)�(��) 

[3] 

�� =
��

�(�) ∗ �(�) ∗ �(�) ∗ �(�)
 

Where,  there are two loci each with two alleles (A, a, and B,b) and P(AB) is the frequency of 

the AB haplotype. 

In GS, the extent of LD between markers and QTL is important and it is one of the major 

factors affecting the accuracy of GS and a good knowledge of this parameter helps to define 

the marker density required for GS (Heffner et al., 2009; Isik, 2014). Indeed, the concept of GS 

relies heavily on LD between QTLs and DNA markers and it is thus useful to explore the 

potentially significant historical events that occurred during domestication, breed formation, 

and natural and ongoing selection in the target population (Li & Kim, 2015; Jemaa et al., 2019). 

High-resolution LD maps are important to provide useful information for high-density SNP 

design panels in GS (Bejarano et al., 2018). Generally, strong LD results in higher prediction 

accuracy (Wientjes et al., 2013). Numerous factors are affecting LD, for instance, the rate and 

type of inbreeding in a given species, the size of the population that we analyzed, genetic drift, 

mutation rate, recombination frequency, the extent of population stratification, and subdivision 

(Qian et al., 2017). 

I.4.2. Effective population size 

Effective population size is the number of randomly mating individuals giving rise to 

the observed rate of inbreeding in a given population (Falconer & Mackay, 1996).  It is also 

defined as the number of individuals who are actively involved in generating the following 

generation (Sbordoni et al., 2004). It is a measurement of the number of independent breeding 

individuals in a population (Corbin et al., 2012). A lower Ne results in higher rates of inbreeding 

in a population which ultimately leads to genetic drift (Poets et al., 2015). Equally important, 
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Lin et al. (2014) reviewed that the lower Ne of a given population is subjected to strong genetic 

drift, which results in one of the major factors influencing LD between loci. Ne determines the 

accuracy of GS through its effect on the extent of genome-wide LD (Meuwissen et al., 2001; 

Hayes & Goddard, 2010). There is an inverse relationship between LD and Ne. In populations 

with lower Ne, LD is high due to higher genetic drift (Lin et al., 2014). On the contrary, 

Goddard et al. (2010) pointed out in populations with large Ne result in a lower LD and GS 

accuracy, because more markers are required to establish linkages between marker and QTL to 

sustain the power of predication by marker across breeding populations and the growing 

environment. Generally, keeping the other factors constant, as the Ne is reduced, leading to an 

increase in the extent of LD between markers and QTL gives rise to better accuracies. Wright 

(1931) produced a general equation to calculate the effective population size in a population 

with nonoverlapping generations and unequal sex ratios:  

�� =  
4����

(�� � �� )
                                          [4] 

where Nm and Nf are the numbers of males and females, respectively, contributing to 
the gamete pool each generation 

Ne has a strong impact on tree breeding GS and determines the number of markers 

needed to optimize accuracy (Denis & Bouvet, 2013). Likewise, Ne plays a pivotal role in GS 

study in tropical perennial fruit and forest tree crops. A review report Isik (2014), showed that 

breeding programs in a tree are conservative, and maintain >200 individuals (status number), 

with the main goal of genetic conservation. Furthermore, White et al. (2007), in forest tree 

breeding Ne of the base population is generally high and declines upon successive breeding 

cycles by applying strong selection pressure. By the same token, a report from Namkoong et 

al. (2012) showed that Ne between 20 and 50 in tree breeding populations helps to get better 

selection intensity for a desirable trait with significant genetic gains for several generations. So 

far, in oil palm, Ne was only estimated in the Deli population Cros et al. (2014) and there is no 

information about Ne for the La Mé and other populations. 

I.4.3. Haplotype sharing 

The term haplotypes are defined as “two or more SNP alleles that tend to be inherited 

as a unit in the chromosome” (Gabriel, 2002; Bernardo, 2010). Lloyd et al. (2016) also defined 

the term haplotype sharing as any combination of alleles or markers, such as SNPs, without 

regard to their reproducibility, inheritance, polymorphism, or biological significance. In other 

terms, a haplotype is a collection of neighboring genomic structural changes, such as 
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polymorphic SNPs, that are in substantial LD (Maldonado et al., 2019). It helps to reproduce 

the genetic resemblance between individuals and it is a natural extension of identity by descent, 

a measure of genetic resemblance for individuals in a pedigree, to unrelated samples (Xu & 

Guan, 2014). For a given stretch of chromosomal DNA, each individual has two haplotypes; 

yet, at the population level, numerous haplotypes might be detected for the same stretch (Bhat 

et al., 2021). As described in Fig. 11 a haplotype is made up of two or more polymorphic SNPs 

from haploid sequences that are inherited as a unit. 

 

Fig. 11. Formation and development of haplotypes from haploid sequences (Bhat et al., 

2021). 

Haplotypes-based breeding has the potential for whole-genome selection and helps to 

identify genomic regions related to the trait of interest in a population with their specified LD 

structures (Varshney et al., 2005). Qian et al. (2017) outlined in their review paper that the 

identification of breeding lines with their haplotype block helps to separate favorable and 

unfavorable genetic variation. Haplotype-based crop improvement also helps to identify the 

genomic region between the current commercial and the elite breeding genetic materials in crop 

species (Bevan et al., 2017). On the other hand, haplotype-based genomic selection also helps 

to improve the accuracy of genomic selection (Qian et al., 2017). Hamazaki & Iwata (2020) 

haplotype-based GS improves the accuracy of the GS due to the haplotypes can better capture 

LD and genomic similarities in various lines and may catch local high-order allelic interactions. 

Similar results were reported by other researchers on different crops, for instance, wheat Sallam 

et al. (2020),  and sorghum (Jensen et al., 2020). Generally, Bhat et al. (2021) summarized that 

haplotype-based GS helps to increase the accuracy of GS and it is important to encourage GS 

researchers to focus on crop improvement programs with haplotype-assisted genomic 

prediction. So far there are no haplotype research findings in oil palm. 
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I.4.4. Fixation index (Fst) 

Fst is used to identify loci with divergent allelic frequencies between two or more 

populations (Wright, 1978). It is the genetic differentiation coefficient that ranges from 0, (no 

variation between populations and/or signifying a deficiency of heterozygotes) to 1 (each 

population is fixed with a different allele and/or indicates an excess of heterozygotes) (Hayati 

et al., 2004). It helps to understand the genetic differentiation among groups of a population 

(Jakobsson et al., 2013). It is the applicable index to study gene-frequency differentiation if, 

the genetic diversity is low (Nagylaki, 1998). The Fst analysis can improve GS and GWAS 

studies. For example, Chang et al. (2019) showed that prioritizing and weighting SNPs based 

on their Fst values can increase the accuracy of genomic predictions by more than 5%. Yan et 

al, (2017) in soybean reported that selective genotyping genome-wide association study 

(GWAS) and Fst analysis helped to identify QTLs for seed weight. Wright (1978) Fst has been 

used to measure the level of genetic differentiation between populations based on the change 

in allele frequencies, and the general formula for Fst is designated in the following equation as 

follows:  

��� =
��������� ������� ����������� − ��������� ���ℎ�� �����������

��������� ������� ����������� 
 

��� =
�����

�� 
                                                                                                                                           [5] 

Where HS is the average heterozygosity in the subpopulations, HT is the average 

heterozygosity in the metapopulations. 

 

I.5. OIL PALM GENOME MAPPING 

Genetic linkage maps reflect the actual inheritance of loci from parents to their offspring 

based on the patterns of recombination during meiosis. In oil palm for the last 20 years, several 

linkage maps have been constructed using different marker densities and types, population 

structures, and software and used to detect different vegetative, yield, and yield components 

and palm oil quality traits (Ong et al., 2019). In the same light, markers like RFLPs, AFLPs, 

SSRs, and SNPs are widely used to construct genetic linkage maps in oil palm, and very recently 

restriction-associated DNA tagging (RAD), double digestion RAD (ddRAD), single primer 

enrichment technology (SPET) has been recognized for producing a large number of SNPs with 
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remarkable maps Herrero et al. (2020) shows an outline of the major studies on oil palm genome 

mapping with their different features.  

In oil palm, the first genetic linkage map constructed based on Restriction Fragment 

Length Polymorphism (RFLP) markers from genomic libraries was published in 1997 (Mayes 

et al., 1997). This map which considers 97 RFLP markers (84 probes) mapped a 

selfed guineensis cross (tenera x tenera) with a total genetic distance of 860 cM producing a 

total of 24 linkage groups (LGs) using a logarithm of the odds (LOD) score of 4 and 

recombination fraction of 0.4. According to the study Mayes et al. (1997), more than 95% of 

the markers could be linked to at least one other marker, suggesting that good genome coverage 

helps to detect the position of the shell thickness gene (Sh) at a distance of 9.8cM on group 10. 

From their result, Mayes et al. (1997) concluded that this map helps to enable the mapping of 

the gene responsible for controlling major commercial oil palm traits. Likewise, Rance et al. 

(2001) also used 153 RFLPs markers to construct a genetic linkage map of 84 self-fertilization 

F2 oil palm populations used to detect major genes influencing shell thickness. This map 

produced a total of 22 LGs giving a total map length of 852 cM using a LOD score of 4 and a 

recombination fraction of 0.49. The result confirms that QTL mapping helps to detect genes 

that influence a large proportion of the total phenotypic variance in a large and small population.   

Further, Random Amplified Polymorphic DNA (RAPD) is another marker that is used 

to construct a genetic linkage map in oil palms. The first RAPD marker map was developed by 

Moretzsohn et al. (2000) to develop a pseudo-testcross mapping strategy in combination with 

the RAPD assay to construct genetic linkage maps of different fruit types (shell thickness) of 

F1 tenera (Sh+Sh-) x pisifera (Sh- Sh-) progeny populations. The map used a total of 48 RAPD 

markers, and 308 F1 progeny populations, and produced a total of 12 LGs with a map distance 

ranging from 399.7- 449.3 cM at a LOD score of 5.0 and by considering the projected Elaeis 

total map distances and genome sizes, physical and genetic distances relationships were 

established (1.06 Mbp/1 cM and 1.09 Mbp/1 cM, for tenera and pisifera, respectively). They 

also obtained limited genome coverage with the two maps (28.0%, for tenera and 25.6%, for 

pisifera). This result depicted the importance of RAPD markers used for genetic linkage 

mapping markers closer to the Sh+ locus, helped to detect the gene responsible for shell 

thickness, and gave a step forward for MAS for shell thickness in the oil palm. 

Amplified fragment length polymorphism (AFLP) is another pronounced marker used 

to construct a genetic linkage map in the oil palm. The first AFLP based genetic map in oil 

palm was developed by Billotte et al. (2005) involving a cross between a thin-shelled E. 

guineensis (tenera) palm and a thick-shelled E. guineensis (dura) palm with the main goal of 
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mapping to detect the presence and absence of gene responsible for shell in the oil palm fruit. 

For this purpose, they used a total of 944 markers (255 SSRs, 688 AFLPs, allele sh-) markers 

with a map length of 1,743cM and with an average of one marker every 1.8cM and LOD score 

of 3.0, producing a total of 16 LGs. The lengths of the LGs varied between 59 cM and 192 cM. 

Based on their finding, the application of a high-density linkage map is used to step forward 

research for QTLs and physical mapping in the E. guineensis species. This map was the first 

linkage map for the oil palm to have 16 independent LGs corresponding to the haploid 

chromosome number of 16 in the oil palm. Besides, they also reported that SSRs markers had 

better mapping resolution compared to that of AFLPs. This is because high-density markers 

like SSRs have higher recombination rates than low-density markers like AFLPs. From the 

result, they observed that SSRs markers are more well distributed along the genome than AFLPs 

markers. Conversely, Singh et al. (2009) reported an interspecific cross involving Colombian 

Elaeis oleifera (UP1026) and a Nigerian E. guinneensis (T128), and a total of 118 palms from 

this interspecific cross were used to detect quantitative trait loci (QTLs) controlling oil quality 

(measured in terms of iodine value and fatty acid composition). To analyze the map, they used 

a total of 252 markers (199 AFLP, 38 RFLP, and 15 SSR) with a map length of 1815cM and 

with an average interval of 7 cM between adjacent markers, producing a total of 21 LGs with 

an average number of 12 markers per LGs. Again, almost in all maps, the markers were 

distributed at an interval of 25 cM except for linkage group 17 having 30 cM, indicating that 

the map is relatively homogeneous with regards to marker distribution; this is useful for tagging 

traits of economic interest for MAS. In this map, the length of individual LGs varied from 26.1 

cM to 168 cM, with an average of 94cM. The application of the genetic linkage map helps to 

detect QTLs for fatty acid composition in oil palm and serves as a tool for the MAS breeding 

program. 

Similarly, a report from Seng et al. (2011) used a total of 120 hybrid crosses between 

high-yielding dura (ARK86D) x pisifera (ML161P) using AFLP markers. To construct the 

map, they used a total of 479 marker loci (331 SSRs, 142 AFLPs, and 6 PCR–RFLPs) and 168 

anchor points with a map length of 2,247.5 cM and an average map density of 4.7 cM using a 

LOD score of 3.0. They constructed a total of 16 LGs from 15-57 markers per linkage group 

with an average of 29 markers per linkage group and with lengths ranging from 77.5 cM to 

223.7 cM, and an average of 137 cM. In line with this, the markers were well distributed all 

over the 16 LGs. Out of these, only LGs 3 and 9 have a long interval compared with others with 

26.9 and 25.6 cM lengths, respectively. From their findings, Seng et al. (2011) concluded that 

the application of a genomic map in oil palm helps to validate against a closely related 
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population and helps identify yield-related QTLs. Likewise, Ting et al. (2013) and Ukoskit et 

al. (2014) also used the AFLP markers to construct a genetic linkage map in oil palms. 

Simple sequence repeat (SSR) markers are co-dominant molecular markers that 

distinguish polymorphism and mapping in the oil palm genome. In the year 2005, SSR markers 

were used for the first time to construct a map of the oil palm. To construct the map, Billotte et 

al. (2005) used a total of 255 SSR markers with a map length of 1,743 cM with an average 

marker density of 7 cM. using a LOD score of 3.0 and producing a total of 16 LGs. Based on 

the outcome of their finding, mapping of oil palm using high-density makers like SSR brings 

milestone information for QTL mapping and other MAS research in the oil palm. In line with 

this, Billotte et al. (2010) used an SSR marker for QTL detection with a multi-parent linkage 

map of the cross (within-family analysis and across-family analysis) between two oil palm 

populations. They used a total of 150 palms in the controlled cross between Africa (LM2T) x 

Deli (DA10D). To construct the map, a total of 251 SSR markers were used. Based on their 

finding, the SSR map for LM2T x DA10D had 16 LGs and 253 loci, with a map length of 1,479 

cM. and an average marker density of 6 cM. The large mapping genome was found in LG4 with 

spanned 134 cM on an average range of 61-250 cM and around 47% of the mapped loci had 

three or four alleles with an average density of 32 cM on the genome. In conclusion, a total of 

156 SSRs (45 %) and the Sh locus were mapped and the mapping of the crossed oil palm 

populations helped to identify the QTL locus for the major gene-controlling fruit shell (Sh).  

By the same token, Montoya et al. (2013) used a total of 347 segregating SSRs, 14 SNPs 

of genes, and the Sh locus to establish the linkage map and to detect QTLs of palm oil fatty acid 

composition. They produced a total of 16 LGs with a relative map length of 1485 cM and an 

average marker density of 4 cM at LOD 7.5 with a maximum recombination threshold of 0.3. 

Depending on their position in the linkage group, the length of the LGs ranged from 49.1 to 

175.9 cM, with an average of 92.8 cM. Concerning QTLs, a total of 19 QTL associated with 

the palm oil fatty acid composition was obtained and this mapping helped to identify key genes 

in the oil palm genome related to oleic acid C18:1. In conclusion,73 % (253) of the mapped 

SSRs segregated only from the hybrid parent SA65T, 2 %, (7) from PO3228D only, and 27 % 

(93) were common SSRs segregating from both parents. Again, the high number of mapped 

SSR loci with accurate relative linear orders, and their molecular hyper-variability helped to 

undertake other such mapping studies in other Elaeis breeding materials.  

Later on, Cochard et al. (2015) constructed a linkage map using a 281 SSRs marker and 

a total of 271 genotyped oil palm populations. They produced a total of 16 LGs covering group 

A (2078 cM) and group B (1845 cM), with an average density of one marker every 9 and 7 cM, 
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respectively. Generally, the integrated maps gave a total map length of 1935 cM with a total of 

281 markers and an average density of one marker for every 7.4 cM. Besides, the marker orders 

between physical and genetic maps were in good accordance, except for some sporadic markers. 

Based upon their finding they concluded that this output could help to step towards efficient 

pedigree-based QTL mapping using the first intercrossed generations in current breeding 

programs. Similar studies have been done using SSRs for the mapping of the oil palm genome. 

For instance, QTLs identification is associated with callogenesis and embryogenesis Ting et al. 

(2013), QTLs mapping for oil yield using African oil palm Jeennor & Volkaert (2014), linkage 

map, and QTLs analysis for sex ratio and related traits Ukoskit et al. (2014), genetic maps 

construction for two independent oil palm hybrids Ting et al. (2014), linkage mapping and 

identification of major QTL genes for stem height Lee et al. (2015) which all brought 

remarkable results for the oil palm genome mapping and molecular breeding research. 

Currently, in oil palm single nucleotide polymorphisms (SNPs) are the most highly 

preferred and high-density markers used to study genetic diversity and population structure, 

construct high-density genetic maps, and provide genotypes for the genome-wide association 

Xia et al. (2019), and genomic selection studies (Cros et al., 2018, 2017; Nyouma et al., 2020). 

The first SNPs marker-based oil palm genome mapping was constructed by Jeennor & Volkaert 

(2014) using a total of 190 segregating loci (89 SSRs, 90 genes, and 11 non gene-based SNP 

markers), which were mapped into 31 LGs by applying threshold LOD of 3 and a recombination 

fraction of 0.45. They produced a map with a total length of 1,233 cM containing two to 20 

markers covering a length between 1.5 and 103.5 cM, and with an average distance between 

markers of 6.5 cM. This finding helped to identify validated candidate genes involved in lipid 

biosynthesis and mapped near significant QTLs for various economic yield traits. This indicates 

the applicability of markers for MAS to improve the required trait selection for the oil palm 

breeding programs.  

Moreover, Pootakham et al. (2015) developed SNP markers using the GBS method in 

the African oil palm with a total of 1085 SNPs to construct a linkage map. The map produced 

spanned 1429.6 cM and had an average of one marker every 1.26 cM. They also detected on 

LG 10, 14, and 15, three QTL genes affecting trunk height whereas a single QTL associated 

with fruit BW was identified on LG 3. They concluded that mapping the oil palm genome by 

the use of Genotyping by sequencing (GBS) approach helped to produce high-density maps and 

could enhance knowledge on genome structure which is valuable for mapping other 

economically important genes for MAS. Bai et al. (2018b) also used high-density GBS marker 

data to construct and detect QTL associated with leaf area using 145 oil palm breeding 
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populations derived from a cross between Deli dura and Avros pisifera. They constructed a 

genetic linkage map using a total of 2413 SNPs, producing a total of 16 LGs with a total length 

of 1161.89 cM, and an average marker spacing of 0.48 cM. Based on their results, two potential 

QTLs for leaf area were detected on Chr 3 and 9 and the gene ARC5, located in the QTL region 

on Chr 9, was the most likely candidate gene responsible for leaf growth in oil palm. They 

concluded that the use of a high-quality and SNP-based map supplies a base to fine map QTL 

for agronomic traits and MAS yield improvement in oil palm.  

Furthermore, Gan et al. (2018) reported the first DArT-based genetic linkage maps 

using two closely related oil palm populations. For this purpose, they used a total of 1399 DArT 

and 1466 SNP markers. They produced a total of 16 major independent LGs with map lengths 

of 1873.7 and 1720.6 cM and with an average marker density of 1.34 and 1.17 cM, respectively. 

The integrated map was 1803.1 cM long with 2066 mapped markers and an average marker 

density of 0.87 cM. In conclusion, the use of the high-density marker DArTseq marker helped 

to generate high-density genetic maps in oil palm, and the integration of maps was also useful 

to study QTL analysis of important yield traits and other MAS studies. By the same token, Ong 

et al. (2019) also reported a linkage-based genome assembly in oil palm. To construct the map 

they used a total of 27,890 SNPs markers and generated a total of 16 LGs with a total map 

length of 1,151.7 cM and an average mapping interval of 0.04 cM. This mapping helped to 

study QTLs in sugar and lipid biosynthesis pathways. It also helped to improve knowledge of 

the current physical genome of commercial oil palm. Very recently SPET markers were used 

to construct a high-density genetic linkage map from a controlled cross of two oil palm 

genotypes (Herrero et al., 2020). To construct the map, they used a total of 3,501 SPET markers 

with a total length of 1,370 cM and 1.74 markers per cM (0.57 cM/marker). This resulted in a 

total of 16 LGs with a total of 1,054 loci. From their work, they concluded that the application 

of these cost-efficient SPET markers is suitable for linkage map construction in oil palm and 

probably, also in other species. 
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CHAPTER II. MATERIAL AND METHODS 

II. 1. MATERIAL 

II.1.1. Basic molecular data 

The molecular data of the study were made up of DNA. They were granted through an 

official agreement between PalmElit (www.palmelit.com), CIRAD (www.cirad.fr), and EU-

GENES (Intra-Africa Academic Mobility Scheme of the European Union). DNA was issued 

from plants located in  North  Sumatra,  on the  SOCFINDO estate (Indonesia), geographically 

between 2° 39’ North - 99° 42’ East at AekLoba Timur (ALT) and 2° 38’ North - 99° 37’ East 

at AekKwasan (AK) in North Sumatra at an altitude of 50 m above sea level with a distance of 

around 9 km between them (Fig. 12). The soil of the study area was characterized by deep well-

drained soils developed over reworked Toba Tuffs (Cros et al., 2017). In relation to this, some 

of the plant material was also located in Benin, on the INRAB research station of Pobè (Cros 

et al., 2017). 

The experiment used the standard trials for the evaluation of oil palm parental 

populations and laid out in Randomized Complete Block Designs (RCBD) with five or six 

blocks and/or in balanced lattices of rank four or five. Site ALT was established with 28 trials, 

AK was divided into AK1 with several trials, and AK2 composed of 19 trials (Fig. 13). All 

agronomic practices were applied based on the recommendation for oil palm crops (Cros et al., 

2017). 

The plant material used in this experiment consisted of individuals from Group A and 

Group B are the two parental and heterotic groups involved in oil palm hybrid cultivar 

development (Ithnin & Din, 2020). Deli parental population belonging to Group A was derived 

from four individuals planted in 1848 in Indonesia (Hartley, 1988). This group also included 

individuals from the Angola population which resulted from material collected before the 1950s 

(Corley & Tinker, 2016). Group A produces a small number of large bunches while Group B 

produces a lot of small bunches. Group B is made up of several breeding populations mainly 

originating from Africa. La Mé population originated from Côte d’Ivoire (Corley & Tinker, 

2016; Ithnin & Din, 2020). 



40 

It comprised 943 genotyped individuals with 423 Deli, 140 La Mé and 380 Deli × La 

Mé hybrid individuals (Table I). The Deli and La Mé populations used here were complex, 

involving several families with varying sizes and levels of relatedness. Thus, the Deli 

individuals belonged to 89 families of full-sibs with a mean size of 4.8 individuals (ranging 

from one to 60 individuals). The La Mé individuals belonged to 24 families of full-sibs with a 

mean size of 5.8 individuals and ranging from one to 31 individuals (Cros et al., 2017). 

Fig. 12. Description of the location of plants used (Nyouma, 2021). 

  



41 

 

Fig. 13. Location plan of the 28 trials (GP) of AekLobaTimuer (Cros et al., 2014). 

Detailed pedigree information of these two populations is known over several 

generations (Cros et al., 2017). The Deli × La Mé hybrid individuals were obtained by crossing 

67 and 63 of these Deli and La Mé individuals, respectively, according to an incomplete 

factorial design. The hybrid individuals belonged to 101 crosses comprising on average 3.8 

individuals (ranging from one to 10). For the construction of the genetic map, all the genotyped 

Deli, La Mé and Deli × La Mé individuals were used, as well as the non-genotyped individuals 

comprised in their pedigree, for a total of 1,788 individuals. For the other parts of the study, 

only genotyped individuals of the Deli and La Mé breeding populations were used (Table I). 

Table I. Oil palm plant material used. 

Breeding 
populations Total number of 

individuals 
Number of genotyped 

individuals 
Number of full-

sibs families 

Mean number of  
Individuals per 

family 

Deli 423 423 89 4.8 (1-60) 

La Mé 140 140 24 5.8 (1-31) 

Deli × La Mé 388 380 110 3.8 (1-10) 

Total 951 943 - - 
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II.1.2. Other material 

A computer with the most important features x 64-based processor, 64-bit operating 

system, Intel(R) Core(TM) i7-8550U CPU running at 1.80GHz or 1.99GHz, and 16.0 installed 

memory (RAM) was used. MobaXterm (https://mobaxterm.mobatek.net/), FileZilla 

(https://filezilla-project.org/), WinSCP (https://winscp.net/eng/index.php), and 7-Zip 

(https://www.7-zip.org/) were the key software used for each analysis in this experiment. The 

server for large molecular data analysis was accessed through the IFB Core Cluster server 

(https://my.cluster.france-bioinformatique.fr). 

II.2. METHODS 

For this specific study, the DNA extraction had been carried out at the laboratory of 

ADNid (www.adnid.fr) France using lyophilized tissue from the youngest opened leaf of each 

individual, using a modified mixed alkyltrimethylammonium bromide (MATAB) protocol and 

more detail of the procedure was found (Cros et al., 2017). For the subsequent studies, the final 

generated molecular data was common to all, and more detail about this activity was elaborated 

on in the following paragraph. 

II.2.1. Generation of molecular data 

Molecular data were obtained by using genotyping by sequencing (GBS) (Appendix 4) 

(He et al., 2014). GBS and SNP calling were performed based on the procedure described (Cros 

et al., 2017). A total of 96 plant sample kits of DNA were used and it undergoes 

digestion/ligation reactions by using two different adaptors namely PstI and HhaI. The PstI 

adapters included a sequencing primer so that the sequences were always read from the PstI 

restriction sites, the sequencing primer sequence, and the “staggered”, varying length barcode 

region (Elshire et al., 2011). In 30 rounds of PCR, only PstI-HhaI mixed fragments were 

successfully amplified under the following conditions: (1) 94 °C for 1 min, (2) 30 cycles at 94 

°C for 20 s, 58 °C for 30 s, 72 °C for 45 s, and (3) 72 °C for 7 min. The amplification products 

from each sample in the 96-well microtiter plate were then bulked up and used in c-Bot bridge 

PCR (Illumina) before being sequenced on Illumina HiSeq2500. There were 77 cycles of single-

read sequencing (Cros et al., 2017). 

The sequence data were processed using Tassel GBS version 5.2.44 (Glaubitz et al., 

2014) and VCFtoolsver 0.1.14 (Danecek et al., 2011). The reference genome of Singh et al. 
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(2013) was used for alignment with Bowtie2 software (Langmead & Salzberg, 2012). Biallelic 

SNPs were the only variants kept. SNP data points with a depth below 10 were set to missing 

and only SNPs with less than 50% missing data in the two breeding populations were kept. 

SNPs with a sum of depth per datapoint above 550,000 and SNPs with 100% heterozygote 

genotypes were discarded because it was considered that this might be a sign of genome 

duplication. Individuals with more than 50% missing data were removed. Finally, 7,324 SNP 

markers were obtained, common to both breeding populations, including 5,598 SNPs located 

on the assembled parts of the genome due to the need for known positions in order to impute 

sporadic missing data, i.e. the 16 chromosomes (Singh et al., 2013). Two copies of the 

molecular dataset were created, one for Group A (i.e, Deli) and the other for Group B (i.e, La 

Mé) by using the pedigree file information Cros et al. (2017) and VCFtoolsver 0.1.14 software 

(Danecek et al., 2011). 

The average percentage of missing data per SNP was 11% in Deli, and 13% in La Mé 

(Fig. 14a). Also, the average percentage of missing data per individual was 11% in Deli, and 

13% in La Mé (Fig. 14b). Again, the average percentage of heterozygosity per SNP was 7 % in 

Deli and 10% in La Mé (Fig. 14c). 

 
                    

 
a 
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Fig. 14. Distribution of percentage of missing data for oil palm breeding populations per SNP 

(a), per individual (b), and percentage of heterozygosity (c). 

II.2.2. Genome mapping 

To calculate the total number of markers required for better genomic selection and 

genomewide association studies it is very critical to know about the actual position of markers 

in the genetic position (cM). For this purpose, the genetic maps were constructed to know the 

actual position of markers that are found in the genetic positions in both Deli and La Mé of oil 

palm breeding populations, and the finding of this result was also used to calculate the within-

population LD, the persistence of LD and haplotype sharing between the two breeding 

populations in the genetic distance (cM) and detail procedure for the construction of genetic 

linkage map was outlined in the following paragraph below.  

II.2.2.1. Construction of the genetic maps 

Genetic maps were made using LepMAP3 software (Rastas, 2017). First, module 

“ParentCall2” was used to call missing or erroneous oil palm genotypes, with parameters 

“removeNonInformative=1” and “halfSibs=1”. Secondly, the “Filtering2” module handled the 

                  

                    
 

b 

c 



45 

filtering of the data for marker quality checking. In this module, markers that were 

monomorphic or homozygous in both parents were removed and segregated in a non-Mendelian 

fashion using “removeNonInformative=1” and “dataTolerance=0.001”. Thirdly, the 

“SeparateChromosomes2” module assigned markers into LGs by computing all pair-wise LOD 

scores between markers and joined markers with LOD scores higher than the user-given 

parameter “LodLimit”, which was set to 8. Fourthly, the “JoinSingles2All” module assigned 

singular markers to the existing LGs by computing LOD scores between every single marker 

and markers from the existing LGs, using “numMergeIterations=10” and “numThreads=12”. 

Finally, “OrderMarkers2” ordered the markers within each LG by maximizing the likelihood 

of the data given the order and the Kosambi mapping function for conversion of recombination 

frequencies into map distances in centiMorgan, cM (Rastas, 2017). To join the maps of both 

male and female parents, the sex average argument was set to 1. The individuals that were 

associated with outlier values in terms of the number of crossing-overs were removed. The 

markers which created large gaps at the top or bottom part of LGs were also canceled. The LGs 

with a low number of SNPs were discarded to keep a genetic map with the number of LGs 

corresponding to the number of chromosomes of oil palm, i.e. 16. 

II.2.2.2. Comparison of genetic and physical maps 

The genetic map and physical maps, showing the positions of the reference genome of 

Singh et al. (2013), were visualized using the R package LinkageMapView (Ouellette et al., 

2018). MareyMap of Siberchicot et al. (2017) to plot the genetic positions of the molecular 

markers against their physical position were used. 

II.2.2.3. Comparative genomics 

The composition and the position of SNPs originating from old reference genomes i.e., 

the Eg5.1 genome of Singh et al. (2013) with the newly published references genome i.e., PMv6 

Ong et al. (2020) were compared. To do so, MareyMap, as described by Siberchicot et al. 

(2017) to plot the Eg5.1 genome positions against their PMv6 genome position, were used and 

the percentage of the repositioned SNPs with the old SNPs that were carried by the same 

chromosome in the two genomes were also computed. 
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II.2.3. Evaluation of genetic diversity of Deli and La Mé populations 

II.2.3.1. Allele and genotype frequencies 

The distribution of MAF, percentage of heterozygosity per individual, correlation of 

heterozygosity per SNPs, and the frequency of alternate alleles per SNP both in Deli and La 

Mé of oil palm breeding populations were analyzed using the 7,324 SNPs generated and 

available in R software (R Development Core Team, 2022). 

II.2.3.2. Fixation index (Fst) 

The pairwise Fixation index (Fst) between Deli and La Mé of oil palm breeding 

populations was estimated according to Wright (1931), using the 7,324 SNPs available and 

subsets of 100 random individuals per population to avoid a biased in computing the Fst values 

between an unequal number of genotyped individuals per population (Gondro et al., 2013). The 

Fixation index (Fst) value was obtained using the SNPRelate R package (Zheng et al., 2012). 

II.2.4. Estimation of within-population linkage disequilibrium 

Analyses of LD were performed in each breeding population (i.e., Deli and La Mé) 

using the PLINK software (Purcell et al., 2007). It computed pairwise estimates of LD by the 

classical measure of the squared correlation of allele frequencies at diallelic loci (r2) and r. 

Before the computation of the r2, the missing data points in the Deli and La Mé individuals were 

imputed using Beagle 5.2 Browning et al. (2018), independently for each breeding population 

(Appendix 5).  

For the SNPs located on the assembled parts of the genome, the r2 values between pairs 

of SNPs were plotted against physical distances (Mbp). For the SNPs located on the genetic 

map, the r2 values were plotted against genetic distances (cM). The LD decay was plotted up to 

a 0.8 Mbp distance for physical positions and 3 cM for genetic positions. The relation between 

the r² values and distances was modeled by fitting local polynomials with the functions 

‘locpoly’ and ‘dpill’ of the R package KernSmooth Version 2.23 Wand (1995), as done for 

example in (Yamamoto et al., 2016). 

The persistence of LD between populations was measured by the correlation of the r 

measure of LD between populations given by PLINK (rLD). The rLD was computed between the 

two populations on the SNPs comprised in windows defined along with the genetic and physical 

maps, over a distance up to 90 cM and 50 Mbp, respectively. The rLD values can vary from -1 
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to 1, with a value close to 1 indicating a similar LD pattern in the two populations for the SNPs 

located in the genomic window considered. 

II.2.5. Assessment of haplotype sharing of Deli and La Mé population 

The percentage of shared haplotypes between the Deli and La Mé oil palm breeding 

populations was analyzed according to the length of the genomic window represented in both 

genetic and physical distances using the SNPs located on the assembled part of the genome. 

The SNPs data were phased using Beagle 5.1 (Browning et al., 2018). The phasing of the SNPs 

data was undertaken by considering the two oil palm breeding populations independently.  

Sliding windows were defined along the chromosomes and LGs, with an overlap of 

50%. Fifteen window sizes were used for physical distances, from 10 Mbp to 100 bp, and seven 

window sizes were used for genetic distances, from 10 cM to 0.01 cM. The window sizes were 

considered by decreasing order and, for each window of a given window size, the list of 

haplotypes existing in each population was made after discarding the haplotypes with the actual 

length shorter than the next window size.  

Upon the analysis to avoid redundancy that could result from the overlap between 

windows, only a single copy of the duplicated haplotypes (i.e. haplotypes identical in sequence 

and starting at the same position) was kept. Finally, the length of the haplotypes, the percentage 

of haplotypes common to the two populations, and, for the common haplotypes, their frequency 

in each population were computed. This analysis was done using custom R software (R 

Development Core Team, 2022). 

II.2.6. Determination of the effective population size of Deli and La Mé 

The effective population size (Ne) of the both Deli and La Mé oil palm breeding 

populations was calculated using multi-locus samples obtained from a total of 7,324 SNP 

markers. We analyzed the effective population size of Deli and La Mé breeding populations 

independently and upon analysis, the issue of missing data from the molecular data, screening 

out of the rare alleles from molecular data, and problems related to sampling individuals from 

the population were controlled by NeEstimator software and an equal amount of individuals 

were token from each breeding population (Do et al., 2014). 

The effective population size was estimated with the LD method based on the linkage 

of Waples & Do (2008) implemented in the NeEstimator 2.1 software (Do et al., 2014). The 



48 

computation was made separately for the Deli and La Mé oil palm breeding populations using 

the SNPs located on the genetic map and the assumption of random mating. The confidence 

interval of effective population size values was obtained by the Jackknife method on samples 

(Waples & Do, 2008). 
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CHAPTER III. RESULTS AND DISCUSSION 

III.1. RESULTS 

III.1.1. Genetic diversity of Deli and La Mé 

III.1.1.1. Distribution of minor allele and genotype frequencies across the population 

The distribution of MAF in the Deli and La Mé oil palm breeding populations showed 

a reduction in the number of SNPs with the increase in MAF (Fig. 15). The MAF ranged from 

0.0 to 0.5 for both Deli and La Mé oil palm breeding populations. Thus, the average MAF was 

0.09 for Deli and 0.14 for La Mé. In both breeding populations, most SNPs had low MAF <0.05 

values. Thus, the percentage of SNPs with MAF <0.05 was 60.5% in Deli, and 49.7% in La Mé 

(i.e., around 10.8% more SNPs with low MAF in Deli than La Mé). This demonstrated that Deli 

parents had less genetic diversity than La Mé parents.  

 

Fig. 15. Distribution of minor allele frequency (MAF) in Deli and La Mé oil palm breeding 

populations. 
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III.1.1.2. Heterozygosity 

The percentage of heterozygosity per individual ranged from 0.00 to 0.20 for both 

breeding populations. When the percentage of heterozygosity per individual increases the 

number of heterozygote individuals decreases for both Deli and La Mé populations. Thus, the 

percentage of heterozygosity per individual ranged from 1.9% (Deli) to 20.9% (La Mé). Deli 

was the population with the lowest percentage of heterozygote SNPs (mean 7%), while La Mé 

has a higher level of heterozygosity (10%) (Fig. 16). 

 

Fig. 16. Distribution of the percentage of heterozygosity per individual for Deli and La Mé oil 

palm breeding populations. 

Accordingly, some Deli individuals were up to 0.16% homozygotes, while for La Mé 

0.20% were homozygotes. More than 150 individuals are less heterozygosity percentage (7%) 

in Deli than in the La Mé population (> 40 individuals) with a heterozygosity percentage value 

of 10%. In the same view, the distribution of the percentage of heterozygosity per individual 

also showed that the majority of individuals are less heterozygosity in Deli than in La Mé 

populations. This indicated that the Deli populations are more homozygote than the La Mé 

populations. 

The correlation of heterozygosity per SNPs among Deli and La Mé oil palm breeding 

populations (Fig. 17) showed that the majority of SNPs are fixed or almost fixed (i.e. 
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concentrated alongside the x and y axes) either in  Deli or  La Mé population while, in the other 

population, they had a much larger level of heterozygosity.  

 
Fig. 17. Correlation of heterozygosity per SNPs among Deli and La Mé in oil palm breeding 

populations. Each dot represents an SNP. 

There was a higher heterozygosity percentage between Deli and La Mé oil palm 

breeding populations. Between the two populations, the central part of the plot had the smallest 

number of SNPs, indicating a strong genetic divergence between them. This indicated that Deli, 

the southeast Asia origin is closer to oil palm originating from central African origin oil palm 

populations than the WA oil palm origin i.e., La Mé. 

The correlation in the frequency of alternate alleles per SNPs among the populations 

showed that SNPs largely concentrated alongside the x and y axes, demonstrating that most 

SNPs have distinct segregation patterns among populations (Fig. 18).  

The SNPs were being fixed or almost fixed in one individual while segregating in the 

other individuals. A large proportion of SNPs thus appeared fixed with one allele in one 

population and with the other allele in the other population. In both breeding populations, alleles 

are fixed to either the x and y axes and less distributed in the middle which indicates that the 

two breeding populations are genetically divergent. 
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Fig. 18. Correlation of frequency of alternate allele per SNPs among Deli and La Mé in oil 

palm breeding populations. Each dot represents an SNP. 

III.1.1.3. Fixation index (Fst) 

The result of the fixation index showed the degree of differentiation among Deli and La 

Mé oil palm breeding populations which indicates that there is a high genetic divergence among 

these two breeding populations. There was the highest degree of differentiation between them 

with an Fst value of 0.53. Data in Fig. 19 showed the Fixation index between populations at the 

chromosome level. Several regions of the genome had high Fst values (> 0.6), in particular on 

chromosomes EG51_1, EG51_8, and EG51_13. Depending on the region of the genome 

considered, there were large variations in the magnitude of the differences in fixation index 

among the two pairs of populations, and their rank often differed. There was a maximum 

average peak value between the two populations with a 16.61 mean peak value. Thus, a peak 

observed for Deli and La Mé on chromosomes EG51_1, EG51_2, and EG51_10 did not 

collocate with peaks in other pairs of populations.  
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Fig. 19. Fixation index value between Deli and La Mé oil palm breeding population along 

with physical distances (Mbp).    * EG: Elaeis guineensis  Mbp: Megabase pair 
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III.1.2. Within-population linkage disequilibrium of breeding populations 

The analysis revealed a rapid decrease in the average genome-wide pattern of LD in 

both Deli and La Mé breeding populations with increasing genetic (cM) and physical (Mbp) 

distances (Fig. 20 and Fig. 21).  

 

Fig. 20. Average genome-wide pattern of linkage disequilibrium decay between pairs of SNPs 

(r2) according to the genetic distance (cM) between SNPs.   *cM: centiMorgan 

 

 

Fig. 21. Average genome-wide pattern of linkage disequilibrium decay between pairs of SNPs 

(r2) according to the physical distance (Mbp) between SNPs.   *Mbp: Megabase pair 
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The decay of LD between pairs of SNPs according to the genetic distances is shown in 

(Fig. 20). The LD reached high values (> 0.6) for short distances between SNPs. It was higher 

in the Deli population than in the La Mé population for all distances. For example, considering 

the r² value of 0.3, the corresponding distance between SNPs was 1.05 cM in Deli and 0.9 cM 

in La Mé. The difference between the two populations was small for short distances and 

increased with the distance between markers. 

Similar trends were observed when plotting LD against physical distances (Mbp) (Fig. 

21), although the r2 values reached higher levels (i.e. around 0.80), as a consequence of the 

higher number of markers on the physical map than on the genetic map. The distance 

corresponding to r² = 0.3 was 0.22 Mbp in Deli and 0.21 Mbp in La Mé. 

III.1.2.1. Persistence phase between Deli and La Mé populations 

A strong and high persistence of phase correlation of rLD values between Deli and La 

Mé populations was observed for close markers. Phase correlations decreased rapidly with 

increasing distances between SNP, as was similarly observed for average r2 in both Deli and La 

Mé breeding populations. Phase correlations (rLD) above 0.6 for SNPs separated by a distance 

< 0.5 cM on the genetic map or < 1 kbp on the physical map (Fig. 22). The rLD value decreased 

sharply with the distance between SNPs increased, and was thus divided by two before 2 cM 

and 5 Mbp, and became negligible at distances above 50 cM or 50 Mbp.  

               

Fig. 22. Correlation of the r measure of LD between populations as a function of genomic 

distance in cM (a) and Mbp (b). The dotted grey line indicates r = 0.1. 

a b 
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III.1.2.2. High-density genetic map 

Of the 7,324 SNP markers in the final VCF file for genome properties, 4,252 SNP non-

redundant markers were located on a genetic linkage map that was spread over 16 LGs (Fig. 

23).  

The LGs with a low number of SNPs were discarded to keep a genetic map with the 

number of LGs corresponding to the number of chromosomes of oil palm. 

The genetic map comprised 4,252 SNPs, spread over 2,782 unique positions (Table II, 

Fig. 23), and spanned 1,778.52 cM. Even coverage of the genome was achieved, with an 

average mapping interval between adjacent SNPs of 0.67 cM. 

The number of unique SNP positions mapped to each linkage group ranged from 87 

(LG14) to 358 (LG1), with a mean of 174.93 SNPs per linkage group. The biggest gap size 

between SNPs ranged from 3.31 cM (LG11) to 6.66 cM (LG14). The size of the LGs ranged 

from 215.72 cM to 64.75 cM (Table II). 

The longest linkage group was observed for LG1 (215.72 cM) and the shortest linkage 

group was obtained at LG 16 (64.75 cM) also reflected a similar ranking in terms of their marker 

sizes (Table II). The number of SNPs in each linkage group is also shown on the genetic map 

for each linkage group (Table II, Fig. 23).  

The average inter-marker distance for the linkage map was 0.67 cM with distances 

ranging from 0.50 cM (LG3) to 0.88 cM (LG9). From all, around 56% of the SNPs marker 

interval had less than the average marker distance. There were also small to large gaps between 

LGs, accordingly, the smallest gap was observed at LG 11 with a 3.31 cM gap and the longest 

gap was observed at LG 14 with a 6.66 cM gap. 

The recombination rate was 2.85 cM/Mbp on average, ranging from 1.78 cM/Mbp 

(LG15) to 3.87 cM/Mbp (LG13) (Table II). 

 

 

 

 



57 

Fig. 23. Genetic map with 4,252 SNP markers. The y-axis indicates the distances 

(cM), and the colors indicate the density of markers according to the bottom scale (cM/locus). 

*cM:centiMorgan; LG: Linkage group 
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Table II. Summary of the genetic map. 
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LG1 554 215.72 0.60 5.20 358 EG51_2 271 0.86 2.19 

LG2 436 142.59 0.51 6.42 279 EG51_1 311 0.83 3.41 

LG3 432 155.39 0.50 4.75 309 EG51_3 318 0.80 2.67 

LG4 326 129.51 0.60 4.91 218 EG51_7 257 0.95 2.53 

LG5 312 142.82 0.64 5.09 223  EG51_4 222 0.72 3.34 

LG6 278 111.51 0.68 4.35 164 EG51_6 154 0.94 2.56 

LG7 277 142.75 0.69 5.04 207 EG51_5 219 0.94 2.55 

LG8 220 94.21 0.66 5.70 144 EG51_10 162 0.79 2.36 

LG9 225 88.64 0.88 6.04 102 EG51_16  79 0.54 3.70 

LG10 216 113.85 0.76 4.92 150 EG51_8  154 0.91 3.63 

LG11 204 90.64 0.63 3.31 144 EG51_12  133 0.71 3.02 

LG12 185 65.27 0.54 3.80 123 EG51_11  132 0.97 2.30 

LG13 163 81.31 0.84 4.95 98 EG51_9 90 0.86 3.87 

LG14 158 72.31 0.84 6.66 87 EG51_14  122 0.90 3.13 

LG15 136 67.25 0.68 4.40 100 EG51_13 66 0.93 1.78 

LG16 130 64.75 0.70 4.54 93 EG51_15 92 0.96 2.50 

Sum 4,252 1,778.52   2,799  2,782   
Mean  265.75 111.15 0.67 5.00 174.93  173.875 0.85 2.85 

*cM:centiMorgan; LG: Linkage group; Mb: Mega base 
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III.1.2.3. Comparison of genetic and physical maps 

The physical and genetic orders were in general in agreement, with a Spearman rank 

correlation above 0.7 for 15 LGs out of 16. However, upturns of large chromosome segments 

between the genetic map and the reference genome existed in a few cases, for instance, in 

chromosomes 16, and, to a lesser extent, 1, 12, and 14 (Fig. 24, Fig. 25 and Table III).  

On the other hand, chromosomes 1, 2, 11, 12, 13, and 16 had a slight to larger horizontal 

gap compared to the other chromosomes which indicates a low SNP coverage in the particular 

genomic regions. Generally, punctual disagreements between physical and genetic distances 

concerning a few SNPs appearing as outliers, i.e. far apart from the regression line, were also 

observed in all chromosomes except 7 and 13. 

Data depicted in Table III and Fig. 25 showed a summary of the physical map that 

indicated the SNPs located on the assembled part of the genome. We obtained a total of 2,782 

markers in the physical position with an average of 174 SNPs markers. 

A larger number of SNPs was observed at chromosome EG51_3 (318) and the smallest 

was observed at chromosome EG51_15 (99). The physical map encompassed a mean of 

distance 40.10 Mbp, with chromosome distances ranging from 65.07 Mbp (EG51_1) to 21 Mbp 

(EG51_9). 
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Fig. 24. Visualization of marker genetic positions (cM) versus physical positions (Mbp) for 

each chromosome. 

*EG: Elaeis guineensis;Mbp: Megabase pair and cM:centiMorgan  
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Fig. 25. Physical map of Deli and La Mé oil palm populations with 5,598 SNP markers. The 

colors indicate the density of markers according to the bottom scale (100 kbp/locus). 

*EG: Elaeis guineensis; kbp: Kilo base pair  
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Table III.  Summary of the physical map (SNPs located on the assembled part of the genome). 

Chromosome 
Name 

Number of 
Markers 

Length (bp) 
Average 

Distance of 
Markers (bp) 

Maximum 
distance of 
Markers 

(bp) 

Minimum 
distance of 

markers (bp) 

EG51_1 271 65,071,148 2,409,88.92 4,189,850 1 

EG51_2 311 63,345,076 202,765.00 5,820,505 1 

EG51_3 318 58,158,439 182,741.28 2,511,138 1 

EG51_4 257 42,716,717 163,396.59 7,354,398 1 

EG51_5 222 55,995,026 250,540.60 4,155,834 1 

EG51_6 154 43,622,229 282,049.04 5,714,930 1 

EG51_7 219 51,181,318 232,528.43 3,220,718 1 

EG51_8 162 31,376,194 194,283.67 1,759,800 1 

EG51_9 79 21,017,043 269,303.63 5,020,104 1 

EG51_10 154 39,935,972 260,564.44 2,279,224 1 

EG51_11 133 28,384,088 198,092.74 2,810,164 1 

EG51_12 132 30,035,350 192,305.95 4,702,868 1 

EG51_13 90 37,835,912 418,385.07 4,660,806 1 

EG51_14 122 23,067,684 187,621.79 2,011,138 1 

EG51_15 66 25,884,061 393,063.51 3,063,683 1 

EG51_16 92 23,929,541 237,246.78 1,759,080 1 

Sum 2,782 641,555,798    

Mean 173.87 40,097,237.38    

*EG: Elaeis guineensis; bp: base pair  
 

III.1.2.4. Comparison between EG5.1 and PMv6 genome sequences 

Data in Table IV shows the total SNP composition of the SNP physical positions on the 

reference genome of Singh et al., (2013) (Eg5.1) and its improved version (i.e., EgPMv6) (Ong 

et al., 2020).   

This result was obtained after repositioning the two-reference genome to get more 

information and give a detailed explanation of the relationship between the two-oil palm 

reference genome. The total percentage of SNP composition in Table IV showed that there was 

no difference in the composition of SNP between the old references genome (Eg5.1) with the 

newly released version of the reference genome (i.e, EgPMv6) except for the case of 

chromosome 1 resulted in 85% of SNP composition with a total 797 SNPs in the chromosome 
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Eg51_1 on the old genome and 937 SNPs on chromosome GK000076.1 in the new EgPMv6 

genome. Generally, we conclude the percentage of common SNPs between the two oil palm 

genomes is nearly 100% and no difference in the SNPs composition. 

Table IV. Percentage of SNPs marker comparison between EG5.1 and PMv6 genome 

sequences. 

Chromosome 
_Eg51 genome 

Marker 
Number 

Chromosome  
_Egpmv6 genome 

Marker Number SNPs on the 
Genome (%) 

EG51_1 797 GK000076.1 937 85.06 

EG51_2 700 GK000077.1 700 100.00 

EG51_3 574 GK000078.1 578 99.31 

EG51_4 494 GK000079.1 496 99.60 

EG51_5 443 GK000080.1 443 100.00 

EG51_6 309 GK000081.1 309 100.00 

EG51_7 478 GK000082.1 478 100.00 

EG51_8 328 GK000083.1 328 100.00 

EG51_9 241 GK000084.1 241 100.00 

EG51_10 394 GK000085.1 394 100.00 

EG51_11 265 GK000086.1 265 100.00 

EG51_12 295 GK000087.1 295 100.00 

EG51_13 193 GK000088.1 193 100.00 

EG51_14 323 GK000089.1 324 99.69 

EG51_15 170 GK000090.1 170 100.00 

EG51_16 199 GK000091.1 199 100.00 
 

6,203 
 

6,350 
 

*EG: Elaeis guineensis, Egpmv6: Elaeis guineensis palm modified version 6 
 

The newly released oil palm reference genome (i.e, EgPMv6) was also plotted against 

the old oil palm reference genome (i.e, Eg5.1) in the megabase pair (Fig. 26). The MareyMap 

plot showed almost the same in all the chromosomes found that, although some upturns existed 

(in particular for the smallest chromosomes), the positions on the two genomes are in general 

agreement and not that much difference between the two oil palm reference genomes in their 

arrangement.  
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Fig. 26 Comparison of the SNP physical positions on the reference genome of Singh et al., 

(2013) (Eg5.1) and its improved version Ong et al., (2020) (EgPMv6). Distances are 

expressed in Mbp.   *Chr: chromosome 
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III.1.3. Haplotype sharing between Deli and La Mé 

The percentage of shared haplotypes between the Deli and La Mé oil palm breeding 

populations according to the length of the genomic window is represented in bp (Fig. 27) and  

cM (Fig. 28). 

A large proportion of haplotypes were common between pairs of populations when 

considering short distances. Thus, 50% of the haplotypes with lengths around 30 bp (Fig. 27) 

and 40% of the haplotypes with lengths around 3,600 bp were common to the two populations, 

and 40% of the haplotypes with lengths around 0.20 cM were common to the two populations 

(Fig. 28). As expected when the length of the haplotypes increased, the percentage of shared 

haplotypes between populations decreased. The decrease was fast, with the percentage of 

common haplotypes falling below 20% for haplotypes longer than 300 kbp and 2.5 cM. 

The frequency of the common haplotypes coincided to some extent for short haplotypes, 

while the differences increased for longer haplotypes. Thus, among the common haplotypes 

identified with a window size of 100 bp, more than one-half (51.6%) of the ones with a 

frequency >90% in Deli also had a frequency >90% in La Mé. This value fell to 25% for 

haplotypes identified with a window size of 50 kbp and to 14% for a window size of 500 kbp. 
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Fig. 27. Percentage of common haplotypes between Deli and La Mé oil palm breeding 

populations according to the haplotype length in bp. Each dot represents a haplotype. Color 

intensity indicates the density of overlapping dots. The smoothing curve in turquoise is the 

rolling average. 

*bp: base pair 

 

Fig. 28. Percentage of common haplotypes between Deli and La Mé oil palm breeding 

populations according to the haplotype length in cM. Each dot represents a haplotype. Color 

intensity indicates the density of overlapping dots. The smoothing curve in turquoise is the 

rolling average. 

*cM:centiMorgan 
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III.1.4. Effective size between Deli and La Mé 

For both the Deli and La Mé oil palm breeding populations, multi-locus samples from 

a total of 7,324 SNP markers were used to calculate the population's effective size. The multi-

locus samples were token and run simultaneously for each breeding population and to avoid 

bias during computation we gave multi-locus samples having a code from both Deli and La Mé 

breeding populations. 

Based upon the finding of the current study the lowest effective population size was 

observed from the Deli breeding population than the La Mé breeding population. Thus, the Deli 

breeding population with an effective population size value of 3.0. Whereas the largest effective 

population size was obtained from the La Mé breeding population with effective population 

size values of 3.6. 

The Deli breeding population also has the lowest confidence intervals (CIs) value than 

the La Mé breeding population. Accordingly, a result pertaining Deli breeding population has 

a 2.7-3.3 CIs value at a 95% confidence interval. While the La Mé breeding population has a 

3.0-5.2 CIs value at a 95% confidence interval. 
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III. 2. DISCUSSION 

The contemporary thesis work was conducted to characterize the genome properties of 

Deli and La Mé oil palm (Elaeis guineensis Jacq.) breeding populations using the high 

throughput SNP marker obtained by genotyping by sequencing (GBS) method, which helps to 

identify polymorphisms distributed across the genome. To undertake these, major 

circumstances were considered: i.e, we evaluated some key genome properties factors that help 

to optimize the accuracy of GS in oil palm, and to do so we considered the major factors like 

LD, haplotype sharing, effective population size, fixation index, minor allelic frequency, 

heterozygosity and construction of genetic linkage map based on the Deli and La Mé oil palm 

breeding populations. 

III.2.1. Genetic differentiation between Deli and La Mé 

III.2.1.1. Distribution of minor allele and genotype frequencies across the population 

The distribution of MAF revealed the majority of individuals in the Deli showed lower 

MAF than La Mé individuals which indicated that the Deli is distantly related to La Mé. This 

also resulted from their genetic history with more generations of selection, drift, and inbreeding 

in Deli than in La Mé. These results are consistent with the values reported by Cros et al. (2017) 

reported that a higher mean value of MAF was obtained from Group A, i.e, Deli with the MAF 

value of  0.15 than Group B, i.e, La Mé with a mean MAF value of 0.16. Again, Nyouma et al. 

(2020) also illustrated a higher mean value of MAF was obtained from La Mé populations (0.1) 

and a lower mean MAF value was obtained from Deli populations (0.07). By the same token, 

the Deli breeding population passes more generations of breeding activities like continuous 

selection, inbreeding, genetic drift, and narrow genetic base (less founder) than La Mé and 

resulting in a higher MAF.  

This result also agrees with the work of Technow et al. (2014); Kumar et al. (2022) in 

maize and red clover Ergon et al. (2019) reported that lower MAF was observed from a 

breeding population that underwent more generations of continuous artificial selection than a 

breeding population that was not undergone this process.  

III.2.1.2. Heterozygosity 

The result showed that compared to the African sources of oil palm i.e., La Mé 

individual, less heterozygosity percentage was observed for Southeast Asia origin oil palm i.e., 

Deli individual. This is due to the Deli individual passing a lot of breeding activities like 
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continuous selection, inbreeding, genetic drift, and narrow genetic base (less founder) resulting 

in a more or less homozygote population than the African source oil palm. This result is in line 

with the work of Nyouma et al. (2020), who found lower genetic diversity was observed for the 

Deli than La Mé breeding populations. Likewise, Ajambang et al. (2016) reported that higher 

genetic variability was observed in African source oil palm than in Southeast Asia sources of 

oil palm. Conversely, Hayati et al. (2004) reported that higher genetic variability was observed 

in oil palm natural populations, i.e., oil palm from African sources than the Southeast Asian 

type of oil palm. Also, Rajanaidu et al. (2006) reported a higher rate of genetic variability was 

observed from the collected oil palm, i.e., African source than the standard variety, i.e., 

Deli dura due to the standard variety losing 36 alleles up on continuous selection. 

Harmoniously, Arias et al. (2012) pointed out higher genetic similarity was obtained from 

Group A oil palm (~76%) than the Group B oil palm with ~66% genetic similarity. Generally, 

we conclude that the four founder of Deli population were collected in Central Africa rather 

than in WA (Cochard et al., 2009). 

Further, the correlation of heterozygosity per SNPs between Deli and La Mé populations 

showed that the majority of SNPs were fixed on either side of the x and y-axis indicating there 

is higher heterozygosity between the two breeding populations. Similarly, the correlation in the 

frequency of alternate alleles per SNP between Deli and La Mé populations also showed there 

was a higher alternate alleles fixation alongside the x and y axes indicating the two breeding 

populations are distantly related. This fact is supported by scientific literature, for instance, 

historical evidence, agroecological fossil fuel, and physical evidence showed that generally, 

Africa is the center of origin of oil palm, and the Southeast Asia oil palm Deli dura material 

originated from an unknown area of Africa planted in Indonesia in 1848 (Corley & Tinker, 

2016; Ithnin & Din, 2020). Furthermore, there is an indication Deli population is more 

genetically coherent with the Angola oil palm population than the WA source oil palm 

population (Campos & Caligari, 2017). Equally, Hayati et al. (2004) studied the genetic 

differentiation among African source oil palm populations and concluded that compared to the 

WA oil palm the Central and East Africa zone oil palm are genetically similar to each other this 

indicates the Deli oil palm is genetically closer to central Africa origin oil palm than WA type. 

Concerning this, there were known and unknown genetic materials transferred between the two 

geographical zones (i.e., Asia with Africa) a long time ago (Hartley, 1988; Hayati et al., 2004; 

Cochard et al., 2009). 
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Likewise, Cochard et al. (2009) illustrated the genetic origin of oil palm by using 18 

individuals from 26 origins, and eight countries were analyzed with 14 microsatellite loci. They 

grouped the source of oil palm as African species at the Dahomey Gap, WA (Group I), “Benin-

Nigeria-Cameroon-Congo-Angola” (Group II), and Deli group (Group III). From the results, 

they put an inference that the Deli group (Group III), derived from Group II, is due to the result 

of artificial selection (mass selection) and concluded that the four founders of the Deli 

population were collected in Central Africa rather than in WA. Equally important, Arias et al. 

(2013) studied morpho-agronomic and molecular characterization of oil palm using SSR 

markers and they concluded that there is a common morphological character shared by both 

Central African sources (i.e, Angola) and Asian (i.e, Deli) oil palm populations than the WA 

type oil palm. 

III.2.1.3. Fixation index (Fst) 

The overall result of the fixation index showed that there is a significant degree of 

differentiation among the two pairs of oil palm breeding populations. The fixation index value 

between Deli and La Mé revealed that there is a significant degree of differentiation between 

the two oil palm breeding populations. On the other hand, the genetic differentiation among the 

oil palm populations could be a function of several factors, for instance, gene flow and natural 

or artificial selection, migration, and genetic drift (Hayati et al., 2004; Gondro et al., 2013). 

This result is also at par with the work of Corley & Tinker (2016); Campos & Caligari (2017); 

Soh et al. (2017) revealed that there was a less genetic relationship between Asians and WA oil 

palm populations. The fixation index obtained from this study between Deli and La Mé 

(Fst=0.53) was almost the same as the work of Cros et al. (2018) with the Fst of 0.55, using the 

same parental population and SNPs marker used and with the same population used in our 

fixation index result in almost 12.2% less than the previous result of  (Cros et al., 2015a). This 

is mainly because in this study we used higher SNPs data with 5% missing data and the same 

individuals that were used by Cros et al. (2017), then the simulation study of the same 

individuals with SSR data with missing data (Cros et al., 2015a).  

Corrospindgly, Jin et al. (2016) conducted the genetic differentiation between oil palm 

populations, and from their result, they concluded that there was higher genetic differentiation 

among palms from different geographical regions, and lower variation among Southeast Asian 

Dura and Pisifera palms than in Africa origin oil palm. Similarly, Hayati et al. (2004) compared 

the Fst value among oil palm populations originating from a different geographic region in 
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Africa, and they got Fst=0.256 in WA (i.e, Senegal, Guinea, Sierra Leone, Ghana, Nigeria, and 

Cameroon), Central Africa zone (The Democratic Republic of the Congo, Angola, and 

Tanzania) with the Fst of 0.073 and East Africa zone (Madagascar) with the Fst of 0.055. They 

concluded that oil palm populations from WA are genetically different from Central and East 

Africa. Our results are also in agreement with the oil palm study of Cochard et al. (2009), who 

concluded that the Deli population derived from a group comprising Benin, Nigeria, Cameroon, 

Congo, and Angola populations, while the populations west of Benin were genetically more 

different from Deli. This supports the idea that the four founders of the Deli population were 

collected in Central Africa rather than in WA (Cochard et al., 2009).  

The variation found in the Fst profile, which reached high values (>0.6) in some genomic 

regions, suggests that the fixation index is likely to be of interest in studying signatures of 

selection. This work at par with the work of Ye et al. (2020) reported that the Fst profile helps 

to reveal genomic regions of selective sweeps and is useful for locating SNPs under selection 

pressure (Chang et al., 2018). This could help identify candidate genes, especially for traits with 

contrasting phenotypic values between breeding populations, such as BN and BW between A 

and B groups. However, a higher SNP density seems necessary to obtain clearer profiles with 

more pronounced peaks Porto-Neto et al. (2013), which could be linked to genes of interest 

based on the available information on oil palm annotation. 

III.2.2. Within-population linkage disequilibrium and persistence phase 

between Deli and La Mé populations 

III.2.2.1. Within-population linkage disequilibrium 

The pattern of LD is one of the utmost factors affecting both GWAS and GS since both 

methods rely on LD between markers and causal polymorphisms (Sorkheh et al., 2008; Hayes 

et al., 2009; Yadav et al., 2021). LD is thus one of the major factors that determine the number 

of markers required (Heffner et al., 2009; Lebedev et al., 2020). r² values of 0.3 are considered 

a minimum to get reliable results in GS and GWAS studies (Bejarano et al., 2018). Here, when 

considering the genetic distances, the r² value reached 0.3 with SNPs separated by around 1.05 

cM in Deli and 0.9 cM in La Mé. As our genetic map spanned 1,778.52 cM, achieving this 

distance between adjacent SNPs requires around 1,700 SNPs for Deli and 2,000 SNPs for La 

Mé. When considering the physical distances, the r² value of 0.3 was achieved with SNPs 

separated by around 220 kbp (0.22Mbp) in Deli and 210 kbp (0.21Mbp) in La Mé and here the 

genome length covered by SNPs spanned 643 Mbp, achieving these distances between adjacent 
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SNPs would take around 2,900 SNPs in Deli and 3,100 SNPs in La Mé, which can be considered 

close to the value obtained from the LD decay along with the genetic map. Considering that the 

goal should be to cover the whole genome and that the oil palm genome spans 1.8 gigabases 

(Singh et al., 2013), 10,000 SNPs would be enough to reach the r² value of 0.3 in the two 

populations studied here (as this corresponds to around 8,200 SNPs in Deli and 8,600 La Mé). 

The effect of marker density on GS accuracy has already been evaluated on oil palm datasets 

comprising the populations considered here. It showed that depending on the study and trait, 

the number of SNPs required to achieve maximum GS accuracy was found to range from 500 

to 7,000 (Cros et al., 2017; Nyouma et al., 2020). This is in agreement with the results obtained 

from the LD analysis. 

Our results also revealed that the speed and the magnitude of LD decay varied between 

the breeding populations. In all the genomic regions the fastest LD decay was observed for the 

Deli population. While the lowest LD decay was observed by the La Mé population. The fastest 

LD decay over all the genomic regions and in both physical and genetic distance at Deli might 

be the history of the population, for instance, continuous selection of this population for 

breeding purposes resulted in less genetic diversity and a higher rate of gene flow within the 

population and create more or less the same populations (de Roos et al., 2008). By the same 

token, the two populations were submitted to a founding bottleneck of similar magnitude. A 

bottleneck increases LD and slows down the LD decline (Tenaillon et al., 2008). We can 

assume the higher value of LD in the Deli population in all genomic distances resulted from the 

fact that its history was marked by a larger number of generations marked by selection and 

inbreeding than in La Mé, with the bottleneck event in the Deli history dating back to 1848 

against the 1920s in La Mé. Again, the rapid decline in the average r2 of Deli compared to the 

decrease of r2 in La Mé can be associated with differences in the effective population size of 

the breeds (Biegelmeyer et al., 2016). On the other hand, the highest LD levels observed in Deli 

over all the genomic regions compared to La Mé can be related to one or more of the following 

factors: a higher ancestral relatedness, a historically smaller effective population size (founder 

effect), or a recent population reduction due to a bottleneck event and genetic drift, which 

probably occurred in Deli breeding population than La Mé (Bejarano et al., 2018). 

III.2.2.2. Persistence phase between Deli and La Mé populations 

Based on the degree of genetic difference between breeds, the persistence of the allele 

phase was utilized to estimate their history and genetic ties (de Roos et al., 2008). With 
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increasing marker distance, the correlation of r between breeding populations fell across all 

populations. High correlation of r values between populations (rLD>0.6, corresponding to 

rLD²>0.25) were obtained considering the markers that were the closest from each other, i.e. 

with distances <0.5 cM on the genetic map or <1 kbp on the physical map. Similarly, a large 

proportion of haplotypes was common between Deli and La Mé when considering windows of 

reduced size, with >40% of haplotypes with lengths below 3,600 bp or 0.20 cM being common 

in the two populations. This explains the results of Nyouma et al. (2022, 2020), who found, 

using the same breeding populations and the same genotyping approach (GBS), that for GS 

predictions in oil palm, it was better not to model the parental origin of marker alleles. The 

superiority of GS models ignoring the parental origin of marker alleles over models considering 

it does not imply a complete persistence of phases between markers and QTLs among 

populations. Indeed, models that consider the parental origin of marker alleles are more 

complex and require the estimation of more parameters, possibly reducing their predictive 

ability, despite their ability to better depict the genetic differences between the population. The 

current study and the previous results of Nyouma et al. (2022, 2020), indicate that the level of 

conservation of phases among the Deli and La Mé populations captured with the present marker 

density is high enough to favor models ignoring the parental origin of marker alleles. A similar 

conclusion was reached by Technow et al. (2012) in maize, to explain the cases where this type 

of model outperformed the population-specific allele models. To further investigate this aspect, 

it would be interesting to study the correlation of marker effects obtained by GS models 

between Deli and La Mé populations, as done for maize (Technow et al., 2014). To our 

knowledge, this is the first study investigating the persistence of LD and phases between oil 

palm populations. In accordance with this, the variation in the persistence phase over close 

markers could also be a result of a high degree of differentiation due to reproductive isolation, 

no recent common founder effect, different artificial selection between Deli than in La Mé and 

the four founder of Deli population were collected in Central Africa rather than in WA (Cochard 

et al., 2009). 

Other studies investigated the pattern of LD in oil palm, in particular Kwong et al. 

(2016) and Teh et al. (2016), using high-density SNP arrays. However, the results are difficult 

to compare, as the studies involved different populations, in particular inter-group hybrids, 

against parental populations in our study. However, Kwong et al. (2016) included in their work 

two breeding populations, JL×DA and GM×DA, that were mostly of Deli origin. Their LD 

value decreased by 50% from around 25 kbp to 200 kbp, i.e. in the same range as the value 



74 

found in our study (around 175 kbp). A previous study considered the same breeding 

populations as in the present study but used SSR markers (Cochard, 2008). The results were 

however in agreement, with Deli having the highest LD values. The consistency of these results 

shows that GBS is a suitable approach for LD studies, despite a higher rate of missing values 

and genotyping errors compared to SNP arrays and SSR, while providing much higher marker 

density than SSRs.  

III.2.2.3. Comparison of genetic and physical maps 

In oil palm, for the past 20 years, many genetic linkage maps have been constructed. 

The first genetic linkage map was constructed using RFLP markers (Mayes et al., 1997). Since 

then, both dominant and co-dominant molecular markers have been used for the construction 

of genetic linkage maps. The construction of a genetic linkage map using SNP markers is now 

common in oil palms (see, for instance, (Jeennor & Volkaert, 2014; Ting et al., 2014; Lee et 

al., 2015; Pootakham et al., 2015; Bai et al., 2018a, 2018b; Gan et al., 2018; Ong et al., 2019; 

Herrero et al., 2020; Ong et al., 2020)). 

Overall, the genetic linkage maps helped to identify genomic regions having major 

genes and quantitative trait loci (QTLs) that control oil yield Montoya et al. (2013); Jeennor & 

Volkaert (2014); Tisné et al. (2015), quality traits Singh et al. (2009); Pootakham et al. ((2015); 

Ong et al. (2019), vegetative growth Ukoskit et al. (2014); Lee et al. (2015); Bai et al. (2018b) 

and resistance to diseases (Tisné et al., 2017; Daval et al., 2021). High-density maps were also 

used to improve the assembly of previously published genome sequences by assigning scaffolds 

originally unplaced (Ong et al., 2020). To our knowledge, the present study involved the largest 

number of individuals genotyped for the construction of a genetic map in oil palms. Another 

original aspect of our genetic map is the use of complex plant material including several 

families with varying degrees of relatedness, several generations, and different populations. By 

contrast, the previously published oil palm genetic maps were usually constructed from full-sib 

families (e.g. Watson et al. (2001); Cochard et al. (2009); Ting et al. (2013); Ukoskit et al. 

(2014); Ong et al. (2020)), although Billotte et al. (2010) used a factorial design. To our 

knowledge, only Cochard et al. (2009) and Daval et al. (2021) constructed genetic maps from 

populations with similar levels of complexity. However, they used SSR markers and the CRI-

MAP software Green et al. (1990), which cannot handle thousands of SNPs. 

The linkage map constructed in the present study spanned a total length of 1,778.52 cM, 

which is higher than the length of previously published genetic maps in oil palm made with 
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SNPs markers and LepMap software. For example, Herrero et al. (2020) obtained a map 

spanning 1,370 cM using a Cameroon×Nigeria cross and SNPs from SPET, and Ong et al. 

(2019, 2020) obtained maps of 1,151.7 cM, 1,268.26 cM, and 1,646.95 cM for Deli×AVROS, 

Deli Johore Labis×Nigeria and Deli×Nigeria populations, respectively, genotyped with an SNP 

array. The map of our current study is shorter than the map of Cochard et al. (2015), which 

reached 1,935 cM and was obtained using a similar oil palm population, SSR markers, and CRI-

MAP software (Green et al., 1990). This might be a consequence of the marker type, as it was 

shown that SSRs led to inflated maps compared to SNPs (Ball et al., 2010). 

The linkage map presented here, with an average marker density of one SNP in every 

0.67 cM when considering unique positions, had a denser genome coverage compared to most 

previously published SNPs oil palm genetic linkage maps, like Ting et al. (2014) with one 

marker in every 1.40 cM and Pootakham et al. (2015) with one marker in every 1.26 cM. 

However, our map is less dense than the genetic linkage maps constructed by Ong et al. (2019, 

2020) with one marker in every 0.04 cM, 0.05 cM, and 0.18 cM, depending on the map, and 

Bai et al. (2018a) with one marker every 0.29 cM and Herrero et al. (2020) with one marker in 

every 0.57 cM. Most of these variations in terms of the marker density of the genetic maps can 

be explained by differences in genotyping approaches and the size of the populations (Ferreira 

et al., 2006; Semagn et al., 2006). Combining high throughput genotyping and populations with 

at least 150 individuals appears as an efficient strategy to maximize marker density, as in Ong 

et al. (2019, 2020); Bai et al. (2018a), and the present study. 

There were several upturns between the genetic and physical maps. For example, LG 1, 

2, 5, and 7 had large upturns for regions of the genome of more than 10 Mbp. Aside from 

potential genome assembly artifacts, this can be the consequence of genomic rearrangements 

between populations, as the reference genome was obtained on an individual of the AVROS oil 

palm population Singh et al. (2013), which thus differed from the populations used for the 

genetic mapping. This aspect deserves further investigation, which could be done using 

population-specific genetic maps and reference genomes. This requires new data, with more 

genotyped individuals per population and new reference genomes. 

Further, the recombination rate uniformity can be measured by the recombination rate 

concerning physical distance (Reich et al., 2001). The average recombination rate was 

estimated at 2.85 cM/Mb. This value is in agreement with the ones found by Ong et al., (2020) 

considering the same reference genome as in our study, i.e. 1.75 cM/Mb, 2.50 cM/Mb, and 
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1.93 cM/Mb in Deli×AVROS, Deli×Nigeria, and Deli Johore Labis populations, respectively. 

Variations in recombination rate along the chromosomes were noted in some chromosomes. In 

some cases, e.g. in chromosomes EG51_5, EG51_6, EG51_9, EG51_10, and EG51_15, they 

led to sigmoidal curves, which are expected under the effect of a lower recombination rate in 

the centromeric region (Semagn et al., 2006; Ong et al., 2020). For other chromosomes, these 

variations led to segments with lower SNP density compared to the rest of the chromosome and 

that corresponded to centromeric regions identified by (Singh et al., 2013). This was for 

example the case in the 15 to 20 Mbp region with lower marker density in chromosomes 

EG51_11 and  EG51_12.  

III.2.2.4. Comparison between EG5.1 and PMv6 genome sequences 

The comparison between the position of our SNPs on Eg5.1 with their position on 

EgPMv6, a new version of Eg5.1 improved through the use of a high-density linkage map Ong 

et al. (2020) found that, although some upturns existed (in particular for the smallest 

chromosomes), the positions on the two genomes are in general agreement. For example, LG 2 

had 100% of its SNP located on the same chromosome according to Eg5.1 and EgPMv6 

(Eg5.1_1 and GK000077.1, respectively), and almost identical SNP order between the two 

assemblies. This suggests that there is no considerable difference in genome assembly and gene 

annotation in the gene content between the two references genome in all chromosomes and our 

finding disagreement with the work of Bayer et al. (2017) comparing two Brassica napus 

references genome assembly outlined that the variation between two reference genome in the 

gene content it is due to the variation in genome assembly and annotation. 

The result also showed that there is not that much vertical gap between the two 

references genome in the majority chromosome indicating that no such clear variation between 

the two reference genomes. Nevertheless, Herrero et al. (2020) indicate a vertical gap mainly 

due to variation in the references genome, and Ong et al. (2020) mainly work on the 

improvement of the scaffold and each pseudomolecule in the PMv6 genome and assembled 

using 142 scaffolds with an average length of 73.7 Mb, whereas only 19 scaffolds giving an 

average length of 41.1 Mb were reported in Singh et al. (2013) and this result the improvement 

of scaffold assignment to oil palm pseudomolecules from 43% to 77% this may increase the 

number of Single Nucleotide Variants (SNPs) without changing the gene content over the 

genome and a similar result was reported by Pan et al. (2019) in the human genome and 

indicating the new reference genome helps to increase the number of Single Nucleotide 
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Variants (SNPs) without changing the gene composition in two different human reference 

genomes (HG19 and HG38). The result from Galla et al. (2018) showed that GBS-based SNPs 

discovery from closely related reference genome correlates more significantly than distantly 

related spices and which supports our findings. Generally, by re-conducting the result using the 

two oil palm reference genomes (i.e, EG5.1 and PMv6) the result will be quite similar. 

III.2.3. Haplotype sharing between Deli and La Mé 

The lowest shared haplotype between the two breeding populations showed that oil 

palms from Deli and La Mé are distantly related to each other. The lowest level of shared 

haplotype observed between the two breeding populations could be the result of the history of 

the two breeding populations indeed the four founders of the Deli population collected in 

Central Africa rather than in West Africa with no recent common founder effect and also 

reproductive isolation with the aid of different artificial selection in Deli than in La Mé Hartley 

(1988); Hayati et al. (2004); Cochard et al. (2009), as noted in sheep (Kijas et al., 2012). In the 

same vine, the lower shared haplotype between the two oil palm breeding populations could 

also be the result of a lack of a different set of ancestral gene contributions to the modern 

cultivated oil palm (i.e, Deli dura), a similar observation reported by Hufford et al. (2013) in 

maize. 

In this study, we found that a significant amount of haplotypes were common between 

the two breeding populations when using window lengths up to 30 bp. The higher shared 

haplotype at the beginning of the genomic region in both distances could also be due to the two 

breeding populations having no recent common founder this result agrees with the work of 

Coffman et al. (2020) in maize and outlined that no recent common haplotype sharing between 

maize breeding populations in the small genomic region could be a result of having a common 

founder but, no recent common founder. For oil palm, this corresponds to using at least 10,000 

SNPs marker and our result suggests that, with such a marker density, multi-population GS 

could be worthwhile. This result is better than previously published by Cros et al. (2017) 

recommended for better GS accuracy the use of 5000 SNPs with less than 5% missing helps to 

capture genetic differences within parental families and less than by Nyouma et al. (2020) by 

least 7000 SNPs with the secondary priority percentage of missing data per SNPs. 

The haplotype sharing between populations is also one of the factors that affect the 

accuracy of genomic selection (Calus et al., 2008; Bhat et al., 2021). A report by Varshney et 

al. (2005); Jannink et al. (2010); Qian et al. (2017) outlined that the selection efficiency of both 
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MAS and GS improved by the arrangement of haplotype genes from different breeding. The 

subsequent identification and characterization of functionally significant genomic areas 

throughout evolution and/or selection can be done using a conserved haplotype structure 

(Rahman et al., 2022). For example, Eucalyptus Ballesta et al. (2019) outlied that a model 

having a haplotype effect (either HAP or HAP-SNP) helps to increase the prediction accuracy 

of low-heritability traits, for instance, for stem straightness (r=0.58). Conversely, in soybean 

haplotype-based selection helps to select the genomic region that controls plant height (Bhat et 

al., 2022). By the same token, a report from  Zhao et al. (2022) on tomatoes showed that 

haplotype-based analysis helps to identify promising candidate genes that control tomato fruit 

weight and metabolite contents. In livestock, Goddard & Hayes (2007) also outlined that the 

accuracy of GS increases by estimating the haplotype effects as the amount of data (i.e., number 

of animals with phenotypes and marker genotypes) for estimation increases, especially at lower 

marker densities. Furthermore, a report from Wientjes et al. (2013) showed that compared to 

the individual shared haplotype length, genomic selection accuracy increases by the 

accumulated length of shared haplotypes between two individuals. 

III.2.4. Effective size between Deli and La Mé 

The size of an effective population is linked to the population's history Caballero (1994) 

and it's useful for evolutionary biology, conservation genetics, and plant and animal breeding 

due to the fact that it tracks the rates of genetic drift and inbreeding and influences the 

effectiveness of deterministic evolutionary forces like mutation, selection, and migration 

(Wang et al., 2016).  

In oil palm, till today there was no estimate available of effective population size for La 

Mé breeding populations. The small values obtained are not surprising given the history of the 

populations, with a small number of founders and under the effect of inbreeding. In Cros et al. 

(2014), effective population size was estimated for a subset of 104 Deli individuals from the 

population used here, with 16 SSR markers chosen on different LGs and the LD method 

(Waples & Do, 2008). This gave a Ne of 5 ± 1.1 (SD), i.e. similar to the result we obtained 

here. This indicates the robustness of the method against marker type and density. The smallest 

value for the Deli population obtained despite its larger number of founders may result from 

the fact, already mentioned above, that one of the founders had a much greater contribution 

than the other founders. The small effective population size values obtained here also explain 

the fact that GS can be implemented with small training populations and low marker density. 
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Thus, in previous studies, GS models trained with data from only 108 Deli and 102 La Mé 

individuals were efficient enough to replace phenotypic selection before clonal trials Nyouma 

et al. (2020) while GS accuracy plateaued with only 500 to 2,000 SNPs, depending on the trait 

(Cros et al., 2017).  

The lower effective population size in the Deli population over the La Mé population is 

also related to their difference in LD since, effective population size and LD have an inverse 

relationship, with high rates of genetic drift and inbreeding in low effective population size 

populations leading to strong LD between markers and QTLs compared to high effective 

population size populations (Grattapaglia, 2014; Lin et al., 2014; Thistlethwaite et al., 2020). 

In our cases, the Deli population has a small Ne size which results in a rapid decline in the 

average r2 (Small LD) than the La Mé breeding population and a similar result was also reported 

by (Makina et al., 2015; Biegelmeyer et al., 2016; Bejarano et al., 2018).  

The result also revealed that a smaller effective population size by the Deli population 

is also an indication of losing genetic diversity more quickly than the La Mé breeding 

populations due to inbreeding and genetic drift which affects the capacity of released 

individuals to survive and reproduce in the wild. This condition has been linked to an increased 

risk of population extinction, a slowed rate of population growth, a diminished capacity to 

respond to environmental change, and a decreased capacity for disease resistance (Kliman et 

al., 2008; Furlan et al., 2012; Yates et al., 2019). Accordingly,  Wang et al. (2016) suggested 

that lower effective population size populations need different ecological, evolutionary, and 

conservation breeding and genetic approaches. Therefore, for future use of oil and its products 

from Deli breeding population we need to apply the above-mentioned approaches. 
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CONCLUSION AND PERSPECTIVES 

IV.1. CONCLUSION 

Studies on oil palm Genomic Selection gave promising results, but the method could be 

optimized. For that purpose, the current study investigated the genome properties of two main 

oil palm breeding populations, Deli and La Mé, used in the RRS breeding scheme. Specifically, 

the study focused on minor allelic frequency, heterozygosity, LD, Ne, haplotype sharing, and 

Fst. 

A high-density genetic map was constructed from a complex population including 

several families with varying sizes and levels of relatedness and with different genetic 

backgrounds. It included 4,252 SNPs from GBS and spanned 1,778.52 cM, with an average 

recombination rate of 2.85 cM/Mbp. The LD r² = 0.3 spanned over 1.05 cM/0.22 Mbp in Deli 

and 0.9 cM/0.21 Mbp in La Mé. When considering the genetic distance with r2  = 0.3,  1,700 

SNPs for Deli and 2,000 SNPs for La Mé were required whereas when considering the physical 

distance, around 2,900 SNPs in Deli and 3,100 SNPs in La Mé were required. Deli has the 

fastest LD decay over the genomic region in both physical and genetic distances. A high 

correlation of LD between populations (rLD > 0.6) was obtained when considering the markers 

separated by short distances, i.e. <0.5 cM on the genetic map or < 1 kbp on the physical map. 

The percentage of common haplotypes was above 40% for short haplotypes (3,600 bp or 0.20 

cM). This resemblance decreased with the distance between SNPs, with for example the 

percentage of common haplotypes falling below 20% for haplotypes longer than 300 kbp. The 

Fst, was high (0.53). In the two populations, 10,000 SNPs would be enough to reach this level 

of LD, which is advisable given the small Ne values of the current populations (Ne < 5). Overall, 

the results showed strong genetic differentiation between Deli and La Mé, and this was 

approved by Fst, correlation of heterozygosity per SNP, correlation of frequency of alternate 

allele per SNP, and percentage of common haplotypes between populations. The level of 

resemblance between them over short genomic distances likely explains the superiority of GS 

models ignoring the parental origin of marker alleles over models taking this information into 

account. 

It is suggested that oil palm breeding programs be used to promote genetic gain from 

genomic selection in oil palms. 
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IV.2. RECOMMENDATIONS 

- In both breeding populations, 10,000 SNPs marker density would be enough to reach 

this level of LD. 

 

- Before applying GS studies in other oil palm breeding materials breeder should 

implement the genome properties study first. 

 
- For the subsequent GS studies in oil palm for better genome accuracy, GS studies should 

take into account the genetic differentiation between Deli and La Mé. 

 

- Enlarging the genetic diversity in Deli and La Mé for better genetic progress. 

 

IV.3. PERSPECTIVES 

The present study showed an interest in understanding the genome properties that 

directly and indirectly affect the accuracy of genomic prediction methods used for the genetic 

improvement of palm oil yield. However, to attain the world palm oil demand with the current 

climate change, population growth, and other biotic and abiotic stresses, future oil palm 

research should focus on:  

-  Population-specific genetic maps; 

- Quantifying the study again using new reference genomes; 

-  Studying this with other genome properties factors; 

-  Studying this work with other populations like AVROS, Sibiti, Yangambi, etc   

- Use of GS models ignoring the parental origin of marker alleles; 

- Haplotype-based genomic prediction; 
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APPENDICES 

Appendix 1. Principal fatty acid compositions of the nine major globally traded vegetable oils (Murphy et al., 2020). 

 

Crop % global 

supply 

Principal fatty acids 

12:0 

Lauric 

14:0 

Myristic 

16:0 

Palmitic 

18:0 

Stearic 

18:1 

Oleic 

18:2 

Linoleic 

18:3 

α-Linolenic 

Oil palm 

(mesocarp) 

35.5  1 43 4 40 10 0.3 

Oil palm (kernel) 4.3 48 16 8 2 15 25  

Soybean 27.8   11 4 23 54 8 

Rapeseed 13.4   4 2 60 20 10 

Sunflower 10.4   7 5 19 68  

Peanut 3.0   12 5 48 30  

Cottonseed 2.5  1 24 2 18 54 0.5 

Coconut 1.8 49 17 9 2 6 2  

Olive 1.5   13 2 70 13 0.6 
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Appendix 2. Food and industrial importance of oil palm (Soh et al., 2017). 
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Appendix 3. Summary of linkage map constructed in oil palm. 

No. Year  Type of markers  No of Markers  Map depth (cM) No of LGs Software used References  

1 1997 RFLP 97 860 24 MAPMAKER 2.0 (Mayes et al.,1997) 

2 2000 RAPD 48 399.7-449.3 12-15 MAPMAKER 2.0 (Moretzsohn et al., 2000) 

3 2001 RFLP 153 852 22 JoinMap 2.0 (Rance et al., 2001) 

4 2005 MS and AFLP 255+688 1743 16 JoinMap ver. 3.0 (Billotte et al., 2005) 

5 2009 AFLP,RFLP,MS 252 1815 21 Joinmap ver. 4.0 (Singh et al.,2009) 

6 2010 SSR 251 1479 16 JoinMap v. 3.0 (Billotte et al., 2010) 

7 2011 AFLP 331 2274.5 16 MAPRF7 (Seng et al., 2011) 

8 2013 AFLP, RFLP, SSR 148 798.0 23 JoinMap 4.0 (Ting et al., 2013) 

9 2013 SSR 362 1845.0 16 JoinMap v.4.0 (Montoya et al., 2013) 

10 2014 SSR,Genes,SNP 190 1233.0 31 JoinMap v.4.0 (Jeennor&Volkaert, 2014) 

11 2014 SSR,AFLP 423 1931 16 JoinMap v 3.0 (Ukoskit et al.,2014) 

12 2014 SSR, SNP 1331 1867 16 JoinMap v 4.1 (Ting et al., 2014) 

13 2015 SSR,SNP 480 1565.6 16 JoinMap v 3.0 (Lee et al., 2015) 

14 2015 SNP 1085 1429.6 16 JoinMap v 3.0 (Pootakham et al., 2015) 

15 2015 SSR 281 1935.0 16 CRIMAP (Cochard et al., 2015) 

16 2018 SNP, SSR 10023 2398.2 16 Lep-MAP v 2 (Bai et al., 2018a) 

17 2018 SNP, DArT)based 1399-1466 1873.7-1720.6 16 JoinMap v 4.1 (Gan et al., 2018) 

18 2018 SNP 2413 1161.89 16 JoinMap v 4.1 (Bai et al., 2018b) 

19 2019 SNPs 27890 1151.7 16 Lep-MAP3 (Ong et al.,2019) 

20 2020 SPET 3,501 1,370 16 Lep-MAP3 (Herrero et al., 2020) 

21 2020 SNPs  11,421 1151.70- 1268.26 17- 24 Lep-MAP3  (Ong et al., 2020) 
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Appendix 4. Major steps of genotyping-by-sequencing (GBS) protocol used in plant breeding. Step (a). Tissue is obtained from any plant (Elshire 

et al., 2011). Step (a). Tissue is obtained from any plant species; Step (b). Ground leaf tissues for DNA isolation, quantification and normalization. 

N.B: Take care of any cross-contamination among samples at this step; Step (c). DNA digestion with restriction enzymes; Step (d). Ligations of 

adaptors (e). including a bar coding (BC) region in adapter 1 in random PstI-MseI restricted DNA fragments; Step Representation of different 

amplified (f). DNA fragments with different bar codes from different biological samples/lines. N.B: These fragments represent the GSB library; 

(g). Analysis of sequences from library on a NGS sequencer; Step Bioinformatic analysis of NGS sequencing data; Step (H): Application of GBS 

results in breeding 
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Appendix 5. Generation of SNPs working. 
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Appendix 6. Objectives and corresponding published papers. 

Objectives Published papers 

general  specific  

 

to characterize the genome 

properties of Deli and La 

Mé oil palm breeding 

populations for better 

palm oil yield.   

to evaluate the genetic diversity between Deli 

and La Mé oil palm breeding populations 

 

 

 

 

Genome properties of key oil palm (Elaeis guineensis 

Jacq.) breeding populations 

 

to estimate within-population linkage 

disequilibrium between Deli and La Mé oil 

palm breeding populations  

to assess haplotype sharing between Deli and La 

Mé oil palm breeding populations 

to determine the effective size between Deli and 

La Mé oil palm breeding populations 

Genotyping by Sequencing for Plant Breeding- A Review 

Genome Mapping to Enhance Efficient Marker-Assisted Selection and Breeding  of the Oil Palm (Elaeis 

guineensis Jacq.) 

Genomic selection in perennial tropical fruit and tree crops: a review  
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Appendix 7. The logical framework of the specific objective I: evaluation of the genetic diversity between Deli and La Mé 

oil palm breeding populations. 

Materials  Methods  Results  Conclusion  
 

The plant material used in this 
experiment consisted of 
individuals of the Deli, La Mé, and 

their crosses, i.e,  423 Deli, 140 La 
Mé, and 380 Deli × La Mé.  

 
We used a total of 7,324 SNP 

markers common for both 

breeding populations.  

 

Molecular data were obtained by 

GBS 
  
Genome alignment: Bowtie2 

software 
 

Sequence data were processed  
Tassel GBS and Vcftools  

 

We kept only Biallelic SNPs 
variants 
SNPs with 100% heterozygote 

genotypes were discarded 
Individuals with more than 50% 

missing data were removed 
Minor allele frequency (MAF), 
and heterozygosity  between Deli 

and La Mé were obtained using 

7,324 SNPs in R software  
 
Pairwise Fst between Deli and La 
Mé was estimated according to the 

Wright method using 7,324 SNPs 

and subsets of 100 random 
individuals per population using 
the SNPRelate R package  

The average MAF was 0.09 for 

Deli and 0.14 for La Mé.  
Thus, the percentage of SNPs with 
MAF <0.05 was 60.5% in Deli and 

49.7% in La Mé.  
The percentage of heterozygosity 

per individual ranged from 1.9% 
(Deli) to 20.9% (La Mé)  

The Fst between Deli and La Mé 

was 0.53.  
Several regions of the genome had 
high Fst values (>0.4), in particular 

on chromosomes EG51_2, 
EG51_8, and EG51_13 

The correlation of heterozygosity 
per SNPs between the two 
populations showed that the 

majority of SNPs were, in one 

population, fixed or almost fixed  
The correlation in the frequency of 
alternate alleles per SNP between 
populations demonstrated that 

most SNPs were fixed or almost 

fixed with the reference allele in 
one population 

 

With the high Fst value (0.53),  the 

pattern of correlation of SNP 
heterozygosity and allele 

frequency among populations 
showed a significant degree of 
differentiation among the Deli and 

La Mé oil palm breeding 

populations. 
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Appendix 8. The logical framework of the specific objective II: estimation within-population linkage disequilibrium for  

Deli and La Mé oil palm breeding populations. 

Materials  Methods  Results  Conclusion  

The plant material used in this experiment 

consisted of individuals of the Deli, La 

Mé, and their crosses, i.e,  423 Deli, 140 

La Mé, and 380 Deli × La Mé.  

 

 

For the construction of the genetic map, 

the  943 genotyped individuals of the 

breeding populations and their crosses 

were used, comprised on their pedigree, 

making a total of 1,788  individuals 

 

 

We used  a total of 7,324 SNP markers 

common for both breeding populations, 

including 5,598 SNPs located on the 

assembled parts of the genome (i.e. the 16 

chromosomes) 

 

Molecular data were obtained by GBS 

Genome alignment: Bowtie2 software 

Sequence data were processed  Tassel 

GBS and Vcftools  

We kept only Biallelic SNPs variants 

SNPs with 100% heterozygote genotypes 

were discarded. 

Individuals with more than 50% missing 

data were removed. 

Imputation of missing SNP data and 

phasing was carried out with Beagle 5.1.   

The genetic map was constructed using 

LepMAP3 software. 

The genetic position of the molecular 

markers against their physical position 

was plotted using MareyMap software. 

 

The linkage disequilibrium (LD) was 

performed in each breeding population 

using the PLINK software. 

 

The r2 values between pairs of SNPs were 

plotted against physical distances (Mbp) 

and genetic distances (cM). 

 

The persistence of LD between 

populations was measured by the 

correlation of the r measure of LD 

between populations along with the 

genetic and physical maps using  PLINK 

software.  

The genetic map comprised 4,252 SNPs, 

spread over 2,782 unique positions, and 

spanned 1,778.52 cM with an average 

mapping interval between adjacent SNPs 

of 0.67 cM. 

 

The recombination rate was 2.85 cM/Mbp 

on average, ranging from 1.78 cM/Mbp 

(LG15) to 3.87 cM/Mbp. 

 

The LD reached high values (>0.6) for 

short distances between SNPs.  

 

It was higher in Deli than in La Mé for all 

distances. 

 

The corresponding distance between 

SNPs (r²=0.3), was 1.05 cM in Deli and 

0.9 cM in La Mé. 

 

The distance corresponding to SNPs 

(r²=0.3) was 0.22 Mbp in Deli and 0.21 

Mbp in La Mé. 

 

A high correlation of r values between 

populations (rLD) was observed for close 

markers, i.e. rLD above 0.6 for SNPs 

separated by a distance <0.5 cM on the 

genetic map or <1 kbp on the physical 

map. 

 

The LD at r2=0.3, considered as the 

minimum to get reliable results for 

genomic predictions, spanned over 1.05 

cM/0.22 Mbp in Deli and 0.9 cM/0.21 

Mbp in La Mé. 

 

r2=0.3 we require around 1,700 SNPs for 

Deli and 2,000 SNPs for La Mé and when 

considering the physical distance we 

require around 2,900 SNPs in Deli and 

83,100 SNPs in La Mé 

In the two populations, 10,000 SNPs 

would be enough to reach this level of LD 

with whole oil palm genome size.   

 

A high correlation of r values of LD 

between populations (rLD>0.6) was 

obtained considering the markers 

separated by short distances, i.e., <0.5 

cM on the genetic map or <1 kbp on the 

physical map. 

 

The level of resemblance between them 

over short genomic distances likely 

explains the superiority of GS models 

ignoring the parental origin of marker 

alleles 

 

Generally, the finding indicated that there 

is a strong genetic differentiation between 

Deli and La Mé 
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Appendix 9. The logical framework of the specific objective III: assessment of the haplotype sharing between Deli and La 
Mé oil palm breeding populations. 

Materials  Methods  Results  Conclusion  
The plant material used in this 
experiment consisted of 
individuals of the Deli, La Mé, and 
their crosses, i.e,  423 Deli, 140 La 
Mé, and 380 Deli × La Mé.  
 
For the construction of the genetic 
map, the  943 genotyped 
individuals of the breeding 
populations and their crosses were 
used, comprised on their pedigree, 
making a total of 1,788  
individuals. 
 
We used a total of 7,324 SNP 
markers common for both 
breeding populations, including 
5,598 SNPs located on the 
assembled parts of the genome 
(i.e. the 16 chromosomes). 

Molecular data were obtained by 
GBS. 
Genome alignment: Bowtie2 
software. 
Sequence data were processed  
Tassel GBS and Vcftools. 
We kept only Biallelic SNPs 
variants 
SNPs with 100% heterozygote 
genotypes were discarded 
Individuals with more than 50% 
missing data were removed 
Imputation of missing SNP data 
and phasing was carried out with 
Beagle 5.1.   
 
This analysis was done with the 
phased SNP data.  
 
Fifteen window sizes were used 
for physical distances, from 10 
Mbp to 100 bp, and seven window 
sizes were used for genetic 
distances, from 10 cM to 0.01 cM.  
 
This analysis was done using a 
custom R script.  

A large proportion of haplotypes 
were common between pairs of 
populations when considering 
short distances 
50% of the haplotypes with a 
length around 30 bp  
40% of the haplotypes with 
lengths around 3,600 bp were 
common to the two populations 
Fast haplotypes fall below 20% for 
haplotypes longer than 300 kbp. 
 
40% of the haplotypes with 
lengths around 0.20 cM were 
common to the two populations 
The length of the haplotypes 
increased, and the percentage of 
shared haplotypes between 
populations decreased. 
 
Fast haplotypes fall below 20% for 
haplotypes longer than 2.5 cM. 
 
The frequency of the common 
haplotype is less in short distances 
and high in long distances. 

 
The percentage of common 
haplotypes was above 40% for 
short haplotypes (3600 bp or 0.20 
cM). This resemblance decreased 
with the distance between SNPs, 
with for example the percentage of 
common haplotypes falling below 
20% for haplotypes longer than 
300 kbp. 
 
The level of resemblance between 
the two populations over short 
genomic distances (i.e,  percentage 
of common haplotypes >40% for 
haplotypes <3600 bp/0.20 cM) 
likely explains the superiority of 
GS models ignoring the parental 
origin of marker alleles over 
models taking this information 
into account.  
 
The haplotype sharing with 
increasing SNP distance showed a 
significant degree of 
differentiation among the Deli and 
La Mé oil palm breeding 
populations. 
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Appendix 10. The logical framework of the specific objective IV: evaluation of effective population size between Deli and 

La Mé. 

 

Materials  Methods  Results  Conclusion  

 

The plant material used in this 

experiment consisted of individuals 

of the Deli, La Mé, and their crosses, 

i.e,  423 Deli, 140 La Mé, and 380 

Deli × La Mé.  

 

 

For the construction of the genetic 

map, the  943 genotyped individuals 

of the breeding populations and their 

crosses were used, comprised on their 

pedigree, making a total of 1,788  

individuals. 

 

 

We used a total of 7,324 SNP markers 

common for both breeding 

populations, including 5,598 SNPs 

located on the assembled parts of the 

genome (i.e. the 16 chromosomes). 

 

 

 

 

Molecular data were obtained by 

GBS. 

  

Genome alignment: Bowtie2 

software. 

Sequence data were processed  Tassel 

GBS and Vcftools.  

We kept only Biallelic SNPs variants 

SNPs with 100% heterozygote 

genotypes were discarded. 

Individuals with more than 50% 

missing data were removed. 

 

Imputation of missing SNP data and 

phasing was carried out with Beagle 

5.1.   

 

The Ne was estimated with the LD 

method of Waples and Do 

implemented in the NeEstimator 2.1 

software. 

 

The computation was made 

separately in each population using 

the SNPs located on the genetic map. 

 

Deli breeding population with 

effective population size (Ne) value 

of 3.0. 

 

La Mé breeding population with an 

effective population size value of 3.6. 

 

Deli breeding population has a 2.7-

3.3 CIs value at a 95% confidence 

interval.  

 

La Mé breeding population has a 3.0-

5.2 CIs value at a 95% confidence 

interval.  

 

 

Ne values (<5) showed a significant 

degree of differentiation among the 

Deli and La Mé oil palm breeding 

populations. 

 

Considering the result, Deli needs 

more conservation breeding than La 

Mé for future use 

 

 

 

 

 

 



122 
 

Appendix 11. Genetic map with 4,759 SNP markers on 16 linkage groups (LG). 

The y axis indicates the distances in centiMorgan (cM). 
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Appendix 11 (Continued). Genetic map with 4,759 SNP markers on 16 linkage 

groups (LG). The y axis indicates the distances in centiMorgan (cM). 
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Introduction
Increasing production and productivity of crops for food and 

feed with the changing climate is one of the key slogans in our 
world in the 21st century [1]. Nowadays, agricultural productivity 
is becoming lower down due to biotic and abiotic stresses [2]. In 
this century world population will grow form 7 billion to 12.3 
billion [3]. Reduction in crop production and productivity due 
to water scarcity, decreasing area and land degradation due to 
environmental change, pollution, occurrence of new pathogens 
and pests, and change in climate have major impact in food 
security of the world [2]. Improving production and productivity 
of major food, feed, and industrial crops in parallel alleviating food 
security problem plant breeding remains the main driving force 
[4]To increase food production plant breeding will play a key role 
and breeders face an endless task in order to developing new crop 
varieties [5]. For this purpose, predicting population with the 
increasing climate change and considering both quantitative and  

 
qualitative traits, yield stability should be a major focus of plant 
breeding.

Breeding of crops can be accomplished through two major 
approaches i.e., conventional and molecular. Variety development 
through the former approach requires continuous hybridization 
between distinct parents and selection over several generations. 
Long time (5-12 years) to develop crop variety, genotype by 
environmental interaction, low efficiency for complex and low 
heritable traits are the major limitations of this approach [4,6,7]. 
Applications of molecular biology tools that used to improve 
(develop) new cultivar is known as molecular plant breeding [8]. 
Unlike conventional method, this method used in DNA marker 
for selection of a given trait. This method helps to increase the 
efficiency, speed and precision of plant breeding in which it 
reduced cost and time [7,9]. 

Abstract

Molecular plant breeding using DNA marker, or Marker-Assisted Selection (MAS), plays a pivotal role in a breeding program of crops to re-
lease a new variety within a short period of time compared to conventional method of plant breeding. Different types of marker have been used 
for breeding of plants and currently SNPs (single nucleotide polymorphisms) have become a reference type of DNA markers for plant breeding. 
Food production decline due to climate change, population growth, polypoid level and others result in a different level of DNA sequencing. Dis-
covery of SNP without getting previous information about sequencing genome is called Genotyping by Sequencing (GBS). It is rapid, cost-effec-
tive and high throughput approach in next-generation sequencing. It is a new approach for implementing molecular tools in plant breeding. This 
paper briefly reviews the current status of Genotyping by Sequencing (GBS) and its application in plant breeding. It is efficiently applied in a wide 
range of plant breeding programs such as Genomic selection (GS), Genomic Diversity (GD), Genome-Wide Association (GWA), Linkage Analysis 
(LA), Marker discovery. It combines discovery of molecular marker and genome genotyping. This method has been developed and applied se-
quencing of multiplexed genomic samples. World economically most important crops, GBS used as tool for plant breeder to select them for better 
yield and quality. In spite of the above facts this method also have some limitation in its application.
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Marker-Assisted Selection (MAS) selection process based on 
DNA marker for a given trait. It is a new discipline in the area 
of molecular breeding [10]. It is the method applied without 
phenotypic information in some individuals. It was started to solve 
the gaps in crop improvement program through conventional 
method [9]. It is tremendously useful in plant breeding and 
genetics. It is precondition for various biological applications 
such as mapping and tagging genes, segregation analysis, genetic 
diagnosis study, phylogenetic study etc. [11,12]. Selection of 
a trait and to know its association with a trait of interest in a 
target plants this method use DNA marker. It is more efficient 
for a character controlled by few Quantitative Trait Loci (QTLs) 
having major effect on trait expression. In contrary, this method is 
inferior over conventional breeding method in which a character 
controlled by a complex quantitative character [13-15]. A newly 
introduced approach in marker-assisted selection is known as 
genomic selection. This method uses high density genetic markers 
covering the whole genome in all Quantitative Trait Loci (QTL) 
and a genome linked with at least one marker. [16]. GS is used 
to estimate the genetic makeup an individual based on large set 
of markers distributed across the whole genome and selection 
was undertaken based on the relationship between training and 
validation sets, unlike the former it is not based on few markers [17-
19] Genotyping-by-Sequencing (GBS) is newly introduced method 
and widely used range of crop improvement program in which it 
is used for detecting SNPs using high-throughput sequencing [20]. 
It is a modified RAD-seq based library preparation protocol for 
NGS [21]. The most important feature of this methods are reduced 
sample handling and fewer PCR purification steps, low cost, no 
reference sequence limits, no size fractionation and efficient 
barcoding technique [4] GBS was developed as a tool for genomic 
association studies and marker-assisted breeding. It is mainly 
works for species with large complex genomes and inimitable tool 
for genomics-assisted breeding in a wide range of plant species 
[22]. Presently, this technology has been used for whole genome 
sequencing and re-sequencing schemes in which the genomes of 
several specimens are sequenced to discover large numbers of 
Single Nucleotide Polymorphisms (SNPs) to discovering within-
species diversity, constructing haplotype maps (blocks) and 
performing genome-wide association studies. Based on the above 
listed major problems and feeding the fastly growing population 
along with the problems it is essential to study modern breeding 
techniques. In the other hand around 7.4 million accessions of 
the world most economically important crops have no any non-
model species it needs genotype sequencing [23].Therefore, the 
objective of this paper is to review the role of genotyping by 
sequencing (GBS) in plant breeding and its application.

Molecular markers
Currently, molecular plant breeding has reached an advanced 

stage. For the last few decades different types of molecular 
markers have been used and develop [24]. The first DNA markers 
applied for plant genotyping were Restriction Fragment Length 
Polymorphism (RFLP) [25]. It is more suitable method in the 

construction of genetic linkage maps. Despite its numerous 
advantages this approach becoming less applicable due to 
complicated hybridization, radioactivity, time consuming and 
limited number of available probes. Molecular plant breeding 
development resulted in the establishment numerous types of 
PCR-based markers mainly used in different crop improvement 
and research programs [24]

These PCR- based markers include Random Amplification 
of Polymorphic DNA (RAPD), Cleaved Amplified Polymorphic 
Sequences (CAPS) [26], Amplified Fragment Length 
Polymorphisms (AFLPs) [27], Simple Sequence Repeats (SSRs) 
[28], Sequence Characterized Amplified region (SCAR) [29] and 
Direct Amplification of Length Polymorphisms (DALP) [30]. 
Unlike RFLP, all these methods are relatively inexpensive and 
requires short period of time to undertake amplification and 
genome sequencing of a given populations [31]. Among all PCR 
based markers, the most applicable ones were Simple Sequence 
Repeats (SSR) and it was relatively inexpensive, abundant in 
plant genomes and more informative than bi-allelic markers [32]. 
In the year 1990s new techniques were developed by [33], for 
a given model plant species this method combines genome and 
Expressed Sequence Tags (ESTs). Identification of variations at 
the single base pair the development of Sanger sequencing highly 
accelerated the identification process [32]. The most recent DNA 
markers developed is Single Nucleotide Polymorphisms (SNPs) 
[34]. Plant genotyping through this technique has increased the 
potential to score variation in specific DNA targets. In addition, 
compared others it has small missing marker and also increases 
information on potentially millions of genome wide marker and 
their surrounding sequences sets in which it is the foundation of 
high-throughput genotyping [7,31,32]. Over the past 10 years, 
as compared to the earlier genotyping approaches, SNP-based 
marker techniques increased marker density, reducing cost of 
genotyping and requires less time for SNP discoveries [31]. The 
most common system in fluorescent detection of SNP-specific 
hybridization probes on PCR products are Taqman, Molecular 
Beacons and Invader [35]. In line with this, SNP-specific PCR 
primer extension products uses in homogeneous Mass-Extend 
(hME) assay. However, its output are read on a MALDI-TOF mass 
spectrophotometer [36]. Application all this method results 
around 100–1000s of SNPs per day. The current interest results an 
increasing demand for higher throughput, end-point fluorescent 
assays such as Taqman and Invader have been significantly 
enhanced by the use of array tape technology in place of 96, 384 
or 1,536-well microtiter plates. This method reduced cost per 
assay and increasing throughput in a format [32].

Currently, there is enormously parallel array system enabled 
parallel scoring of up to hundreds and thousands of markers in 
plants genome. Depending on the application, assay simplicity, 
cost, throughput and accuracy, these ultra-high throughput 
technologies are used in wide range of researches. All these 
systems follow a similar pattern for DNA template preparation. 
The two most widely used array-based systems in plants genomic 
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are Golden Gate and Infinium assays and these arrays consist on 
multistep protocols based on Illumina’s Bead Array/Bead Chip 
technology [37]. The former assay is allowing screening of many 
samples using a single multiplexed assay that can include as many 
as 3,072 SNPs. While, the latter assay provides considerably higher 
throughput, of up to four million SNPs from a single sample, or 
up to several hundred thousand on multiple samples in the same 
array. In Infinium, samples are incubated on bead chips where 
they anneal to locus-specific 50-mers covalently linked to beads. 
After hybridization, oligos are subject to allele-specific single-base 
extension; followed by fluorescent staining, signal amplification, 

scanning in a dual-color channel reader, and analysis. The use of 
pre-made arrays reduces cost considerably although the actual 
number of markers derived from this array will be considerably 
lower, depending on the relationship to the reference and gene 
representation in the interrogated plants. Beckman Coulter’s 
Genome Lab SNP stream is another method which allows the 
processing of up to three million genotypes in 384 samples/day/
instrument (Table 1). Affymetrix Gene Chip system is most widely 
used method and it is not only detect hundreds of thousands of 
SNPs in a single array but, it can also be used for SNP discovery by 
Sequencing by Hybridization (SbH) [7,15,32, ].

Table 1. Evaluation of representative NGS technologies.

No. Sequencing 
Platform

Sequencing 
Chemistry

Detection 
Chemistry RunTimea Read Length 

(bp)
Reads per Run 

(million)
Throughput per Run 

(Gbp)

1 Roche 454 FLX 
Titanium

Sequencing by 
Synthesis Light 23 hours ~800 ~1 ~0.7

2 Illumina MiSeq Sequencing by 
Synthesis Fluorescence 39 hours 2 × 250 b ~1 ~8

3 Illumina 
HiSeq2500

Sequencing by 
Synthesis Fluorescence

11 days (high 
output)/27 hours 

(rapid run)
2 × 100 b ~3,000

~600 
(highoutput)/~120 

(rapid run)

4
Life 

Technologies 
5500xl

Sequencing by 
Ligation Fluorescence 8 days 75 + 35 b ~5,000 ~310

5 Ion Torrent 
PGM

Sequencing by 
Synthesis pH 4 hours 100 1 ~0.1

a Not including library construction; b Paired end read sequencing.

Genotyping-by-sequencing (GBS) 

Figure 1: Major steps of genotyping-by-sequencing (GBS) protocol used in plant breeding. Step (a). Tissue is obtained from any plant 
species; Step (b). Ground leaf tissues for DNA isolation, quantification and normalization. N.B: Take care of any cross-contamination among 
samples at this step; Step (c). DNA digestion with restriction enzymes; Step (d). Ligations of adaptors (e). including a bar coding (BC) region 
in adapter 1 in random PstI-MseI restricted DNA fragments; Step Representation of different amplified (f). DNA fragments with different bar 
codes from different biological samples/lines. N.B: These fragments represent the GSB library; (g). Analysis of sequences from library on a 
NGS sequencer; Step Bioinformatic analysis of NGS sequencing data; Step (H): Application of GBS results in breeding.
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Genotyping by Sequencing (GBS) is the discovery of SNPs 
without prior knowledge about the genome sequence [20]. 
Nowadays, the advancement of NGS issue is the cost of DNA 
sequencing reduction to this end GBS is now feasible for large and 
complex genome species [21]. A thousand millions of SNPs can 
be detected in the large size lines that can be used for GWAS, GS, 
gd-study, linkage mapping, evolutionary studies and conservation 
and ecological genomics study [4,20,38]. It combines both 
discovery and genotyping of large populations genome applied 
in plant breeding even in the absence of a reference genome 
sequence. Its importance dramatically increases due to it’s cost-
effective and unique tool for genomics-assisted breeding in a 
wide range of plant species [38, 39]. It is amenable to use on large 
numbers of individuals/lines due to library production procedure 
[4, 32]. Application of GBS technology in any plant species are 
summarized in Figure 1.

Genetic linkage map construction in a given test lines/
individuals GBS is more efficient and simpler in line with it 
combines with genome-independent imputation [21,40]. 
Originally the system used Ape KI protocol. Currently, modified 
to a two-enzyme namely PstI and MspI protocol, which reduced 
genome complexity and uniform library for sequencing than the 

original protocol [39]. Now a days, GBS is applicable for different 
world most important economical food crops [41]. It is increase 
both SNPs call number and depth, allow an important reduction 
in per sample cost [4, 32]. 

Presently, it is an efficient approach for plant genotyping in NGS 
technologies is Reduction of Representation Library (RRL) [20]. 
The main component through this approach is cutting the entire 
genome with specific restriction enzyme(s) that reduce genome 
complexity for the organism of interest. Its results sequence 
dataset which can provide higher read coverage per locus while 
allowing higher level of multiplexing with uniquely bar-coded 
adapters for different samples [39]. The main limitation regrading 
RRL is that the important genomic regions may not be captured by 
GBS libraries when restriction sites are not available surrounding 
those regions. To overcome this problem, it is advisable to use 
multiple GBS libraries with different combinations of enzyme. 
Data depicted in Table 2 showed that different methods of 
GBS with their specific features for technical comparisons [6]. 
Different researches have been conducted in GBS for species with 
reference genomes and because of reference genome is available 
SNP genotyping becomes much easier than the other. Source.

Table 2: Representative GBS protocols published in peer-reviewed journals.

Method Restriction 
enzyme Insert size Barcodes Sequencing 

platform Sequencing mode Reference

RAD-seq (Restriction association DNA 
sequencing) SbfI or EcoRI Size-selection ∼96 Illumina Paired end [42]

MSG (Multiplex shotgun genotyping) 
GBS (Genotype by sequencing)

MseI Size-selection ∼384 Illumina Single end [43]

ApeKI <350 bp ∼384 Illumina Paired end [57]

Double-digested RAD-seq EcoRI and MspI Size-selection ∼48 Illumina Paired end [44]

Double-digested GBS PstI and MspI <350 bp ∼384 Illumina Paired end [22]

Ion Torrent GBS PstI and MspI <350 bp ∼384 Ion Torrent Paired end [53]

SBG (Sequence-based genotyping) EcoRI and MseI 
PstI and MseI Size-selection ∼32 Illumina Paired-end [46]

REST-seq (Restriction fragment 
sequencing) TaqI and TruI Size-selection ∼305 Ion Torrent Paired-end [55]

Restriction enzyme sequence 
comparative analysis MseI or NlaIII Size-selection ∼96 Illumina Paired-end [54]

In a GBS there are two different strategies which have been 
developed with the Ion PGM system for NGS [22]. Restriction 
enzyme digestion, in which no specific SNPs have been identified 
and ideal for discovering new markers for MAS programs. 
Multiplex enrichment PCR, in which a set of SNPs has been defined 
for a section of the genome. The first strategy works for all complex 
genome, which reduced its complexity by digesting the DNA with 
one or two selected restriction enzymes prior to the ligation of 
the adapters. The second approach designed to amplify the areas 
of interest by using PCR primers [40,42]. demonstrated that the 
first restriction site associated DNA sequencing or DNA (RAD) 
for high density SNP discovery and genotyping. It is a sequence-
based marker and used to reduced-representation [32]. This 
barcoding system increased efficiency and relatively inexpensive. 

Barcodes included sequences adapter and their locations, just 
upstream of the RE cut site in genomic DNA, eliminate the need 
for a second Illumina sequencing read. Unlike, RAD this system 
has modulation of barcode nucleotide composition and results 
in fewer length sequence phasing errors [9]. Substantially GBS 
becoming less complicated; generation of restriction fragments 
with appropriate adapters is more straight forward, single-well 
digestion of genomic DNA and adapter ligation results in reduced 
sample handling, there are fewer DNA purification steps, and 
fragments are not size selected as compared to the RAD method. 
Costs can be further reduced via shallow genome sampling tied 
with imputation of missing internal SNPs in haplotype blocks 
[20,40].
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 Libraries construction GBS mainly focuses on the reduction 
of genome complexity with the help of restriction enzymes 
[21]. Compared to the other approaches, GBS is simple, quick, 
extremely specific, highly reproducible, and may reach important 
regions of the genome that are inaccessible to sequence [40]. To 
get higher efficiency in GBS with a targeted of two or three-fold it 
needs the selection of appropriate REs, in order to avoid repetitive 
regions of genomes and lower copy regions [4,6]. This method 
tremendously simplifies computationally challenging alignment 
problems in species with high levels of genetic diversity [21].

Genotyping-by-sequencing (GBS) application in plant 
breeding

GBS is one of the most powerful tools in genome applications 
in the area of plant breeding. It is used to study GWAS, GS, gd-study, 
analysis of genetic linkage and marker discovery of non-model 
plants [22,40,43]. It is also an ideal platform for studying for a 
crop ranging from single gene to complex whole genome [4,40]. 
Generally, it is becoming an excellent tool for many applications 
and research questions in plant breeding and genetics for 
different food and industrial crops due to its flexibility and low 
cost [7,41]. According to it has been shown that this technique 
becoming valid tool to undertake genomic diversity studies. gd-
GBS is new Illumina-based GBS protocol and it is unique from 
others. Compared to Roche 454 platform, this method yields more 
SNP genotype data with fewer missing observations. Genotyping 

a diploid species, it uses of two restriction enzymes that used to 
reduce genome complexity, application of Illumina multiplexing 
indexes for barcoding and availability of a custom bioinformatics 
are the major features of gd-GBS. Like GBS, there are five major 
steps implemented gd-GBS (Figure 2&3). These are: 

a. Overall information about plant genetic diversity 
analysis; 

b. Specific genetic diversity project in mind to pursue; 

c. Plant materials prepared and ready to assay; and 

d. Access computing resources. The complete gd-GBS 
protocol, including the bioinformatics pipeline non-model 
plant genotyping np Geno, is provided in the online supporting 
materials [44].

As illustrated in Figure 2 & 3, GBS application in genetic 
diversity study (gd-GBS) involves five major steps: 

a. Sample preparation, 

b. Library assembly, 

c. Sequencing, 

d. SNP calling and 

e. Diversity analysis [44, 45]. 

Figure 2: Steps in genotype-by-sequencing application for plant genetic diversity analysis.
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Figure 3: Flow chart of the genetic diversity-focused genotyping-by-sequencing (gd-GBS) protocol.

The above-mentioned steps may vary from one another 
depending on Restriction Endonuclease (RE) use and NGS 
platform and bioinformatics analysis for SNP genotyping to 
explore different objectives. To undertake genetic diversity 
analysis study the approach focuses on genome-wide sampling 
of many samples. Whereas, for genome-wide association studies, 
it emphasizes the accuracy of SNPs call rate with read depth 
to reveal genetic signals. Specifically, an informative genetic 
diversity analysis requires SNP data with large genome coverage, 
high genotyping accuracy, more balanced observation and 
less bias, which may be technically introduced from sequence 
mapping, heterozygote detection and data filtering [44]. In plant 
genetic diversity study analysis GBS approach have several major 
features. First, it combines the processes of marker discovery and 
genotyping, provides a rapid, high throughput and cost-effective 
tool for a genome-wide analysis of genetic diversity. Second, it 
requires no prior sequencing of the plant genome and provides 
direct genotyping of plants with complex genomes without prior 
SNP discovery. Third, and most importantly, it generates many 
genome-wide SNP data, allowing for better genome sampling. In 
general, this approach becoming more accessible for crop without 
model species [4, 6, 44].

To generate sufficient information and coverage in a GWAS it 
needs 100s of 1000s to millions of markers. However, the creation 
of NGS technologies greatly improved the resolution of marker 
[40]. Nowadays, GBS through the NGS has been used to sequence 
collections of recombinant inbred lines (RILs) to analyze and map 
various traits of interest for a specific breeding programs [32]. 
Cereals crop like maize, wheat, barley, sorghum, oat, rice, root and 

tuber like potato, cassava and industrial crop like cotton have been 
reported to optimized by GBS for the efficient, low-cost and large 
scales of genome sequencing [32, 40, 46]. In maize a collection of 
5,000 RILs have been sequenced using a restriction endonuclease-
based approach and Illumina sequencing technology, which 
generated a total of 1.4 million SNPs and 200,000 indels [32, 
40]. In maize an inclusive genotyping of 2,815 inbred accessions 
showed that 681,257 SNP markers are distributed across the 
entire genome, in which some SNPs are linked to the known 
candidate genes for kernel color, sweetness, and time of flowering 
[32, 47]. In soybean 31 genotypes with a set of 205,614 SNPs have 
been identified after resequencing giving valuable information for 
a soybean breeding programs. In potato [4, 40], 12.4 GB of high-
quality sequence data and 129,156 sequence variants have been 
identified in breeding program of potato around 2.1 Mb were 
mapped to reference genome with a median average read depth 
of 636 per cultivar [32,40].

[48]reported that gd-GBS used the application of Roche 454 
GS FLX Titanium technology with reduced genome representation 
and advanced bioinformatics tools to analyze 16 diverse barley 
landraces their genetic diversity and reported 2,578 contigs, and 
3,980 SNPs, and confirmed a key geographical division in the 
cultivated barley gene pool [7]. The report from [49] showed that 
to access genetic diversity of species like switchgrass and they 
developed a SNP discovery pipeline based on a network approach 
called the Universal Network-Enabled Analysis Kit (UNEAK). 
Accordingly, 540 switchgrass plants sampled from 66 populations 
revealed informative patterns of genetic relationship with respect 
to ecotype, ploidy level, and geographic distribution to undertake 
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the diversity study. In addition, in mustard GBS protocol was 
used to analyze genetic diversity of 24 diverse yellow mustard 
accessions. The fining showed that 1.2 million sequence reads 
were generated, and 512 contigs and 828 SNPs were identified. 
Consequently, the genetic diversity study showed that yellow 
mustard SNPs revealed 26.1% of total variation over the landrace, 
cultivar, and breeding lines and 24.7% between yellow-seeded 
and black-seeded germplasm [7, 50]. 

In addition, sequencing of Arabidopsis in the whole genome 
shotgun sequencing on the Illumina platform a pool of 500 F2 
plants generated by crossing a recessive Ethane Methyl Sulfonate 
(EMS)-induced Col-0 mutant characterized by slow growth and 
light green leaves, with a wild type Ler (Landsberg erecta) line. 
The result identifying high density SNP markers through GBS 
to construct genetic linkage maps which has a great value for 
numerous applications in plant breeding [7,51]. also reported 
that using a 384 plex GBS protocol to add 30,984 SNP markers 
to an Indica × japonica mapping population consisting of 176 
rice recombinant inbred lines and mapped the recombined hot 
and cold spots and Quantitative Trait Loci (QTLs) for aluminum 
tolerance and leaf width. In bread wheat GBS was also applied 
resulting in the incorporation of 1000s of markers in the bread 
wheat map [22]. Identification of high resolution of SNP markers 
in barley and GBS mapping data were used to confirm that the 
semi-dwarfing gene (ari-e) is located on barley chromosome 5H 
[42, 49]. After the efficiency of multiplexed SNP genotyping for 
diversity, mapping and breeding applications were evaluated, and 
demonstrated that 384 plex SNP genotyping on the Bead Xpress 
platform is a robust and efficient method for marker genotyping 
and mapping in rice [32, 47].

The drawbacks of traditional method of plant breeding can 
be solved by MAS. With GBS, this is mainly achieved with the 
combination of molecular markers with phenotypic data to 
increase selection intensity and/or reduced selection interval on 
genotypic values [7]. Application of both applied and theoretical 
studies in genomic selection showed a great promise result to 
accelerate the rate new crop varieties (hybrid) development. 
GS through the GBS approach stands to be a major supplement 
to traditional crop improvement and it is a very important 
feature to move the genomics-assisted breeding into commercial 
crops [22]. GBS method on barley and wheat study without a 
reference genome provides a powerful method of developing 
high density markers by providing valuable tools for anchoring 
and ordering physical maps and whole genome shotgun sequence 
[40,47]. GBS approach also gives a very good promising result in 
cabbage, cauliflower and cotton without the reference genome 
identification and genetic diversity study. In Miscanthus the 
application of GBS is difficult due to ploidy level differences [47]. 
GBS approach also efficient to developed a catalog SNPs both 
within mapping population and among diverse African cassava 
varieties in which it allowing the improvements of MAS programs 
on disease resistance and nutrition in cassava [7]. 

Limitation of genotyping-by-sequencing
Despite the above listed advantages, the applications GBS have 

some potential drawbacks. In large, complex, polyploid genomes 
the difficulty getting aligned alleles in a single locus are the major 
challenges encountered by this method. Compared to others tools 
available to resolve the above problem GBS has a great potential. 
In addition, in hexaploid oat data analysis algorithms represent 
the main limiting factor to ascertain alleles at each single locus in 
a large polyploidy genome rather than GBS itself given sufficient 
depth of sequence is available [52]. reported that main weakness 
of GBS assay, when conducted at low coverage, is the amount of 
missing data. However, numerous imputation approaches are 
currently available, and yet more are presently in development, 
for a wide range of biological scenarios. Selecting appropriate 
imputation method and the probability of imputation success 
depends upon the biology of the study population. In the other 
hand, GBS genome complexity can be reduced by using restriction 
enzymes if applicable, in case of any mutation at the restriction 
site, the genomic DNA of this region is not available to be PCR 
amplified and consequently SNPs of this region will become 
unavailable and sometimes heterozygote gene may appear as 
homozygous. However, this drawback is not a problem only 
related with GBS rather it is shared by all the different methods 
involving reduction in genome complexity based on the utilization 
of restriction sites. GBS with two restriction enzymes have been 
overlooked to each other that the activity of MspI is inhibited in 
epigenetic studies. Therefore, developmental responses in plants 
may affect the SNP identification when using the enzyme MspI 
cannot be ignored but is likely reduced [7]. In addition, most of 
world food security crops (orphan crops) are neglected plant 
species and have not any known genomic sequence. An available 
reference genome can simplify the data analyses, but it is not 
essential in GBS for the above listed crops [7, 45]. 

Conclusion
World food security problem is one of the main agenda in the 

21th century. To address this problem plant breeding is a main 
driving force [4] It can be accomplished by both conventional 
breeding and molecular breeding. However, the former approach 
has several limitations such as requiring a extended period of 
time to release high yielding variety. While, the later i.e., Marker-
Assisted Selection (MAS) uses DNA markers and it is a new 
discipline in in the area of ‘molecular breeding’ [4, 6, 47]. Currently, 
in a different crop improvement program a novel application in 
NGS that used to discovering and genotyping SNPs is known as 
Genotyping-by-sequencing (GBS). GBS has several advantages, 
including lower costs per samples, and relatively inexpensive 
to other whole genome genotyping platforms. Due to its use of 
high density of SNP markers, it is the most attractive approach to 
saturate mapping and breeding populations. Therefore, to attain 
the current problems in the area of plant breeding breeder’s abele 
to sequence and resequencing large crop genomes to this effect 
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it can establish high density genetic linkage maps from large size 
breeding populations. Even if it has the above listed advantages, it 
has also numerous biological and technical drawbacks. Among all 
the following points are considered as the major drawbacks in the 
application of GBS, 

a. Bias during PCR amplification and library construction, 

b. Lack of evenly covered regions of interest and within a 
given populations not all individuals are not sequenced very 
well, 

c. it requires continuous imputation for a missing data 
using both pedigree and parental information when available.

Future direction in GBS 
Nowadays GBS has been reached an advanced stage but, 

some point regarding the limitation needs attention in the 
future. According [38] the following points should need more 
emphasis in the future regarding GBS New technical variation 
in GBS requires an advanced analytical tool for genomic data in 
which it can undergone genotyping large numbers of individuals 
and complete genotyping to the selected targets crops that are 
considered biologically, economically and socially relevant. 
Additionally, combination of GBS and RNA sequencing to find out 
SNPs in association with gene expression patters have a benefit to 
create a link between genomics, transcriptomics and proteomics. 
In general, this approach creates an opportunity to expand 
knowledge in the area of plant breeding and genetics research 
[53-57].
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Abstract 
The oil palm (Elaeis guineensis Jacq.) is one of the major cultivated crops 
among the economically important palm species. It is cultivated mainly for its 
edible oil. For a perennial crop like oil palm, the use of Marker Assisted Se-
lection (MAS) techniques helps to reduce the breeding cycle and improve the 
economic products. Genetic and physical maps are important for sequencing 
experiments since they show the exact positions of genes and other distinctive 
features in the chromosomal DNA. This review focuses on the role of genome 
mapping in oil palm breeding. It assesses the role of genome mapping in oil 
palm breeding and discusses the major factors affecting such mapping. Ge-
nerating a high-density map governed by several factors, for instance, marker 
type, marker density, number of mapped population, and software used are 
the major issues treated. The general conclusion is that genome mapping is 
pivotal in the construction of a genetic linkage map. It helps to detect QTL 
and identify genes that control quantitative traits in oil palm. In perspective, 
the use of high-density molecular markers with a large number of markers, a 
large number mapping population, and up-to-date software is necessary for 
oil palm genome mapping. 
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1. Introduction 

The oil palm (Elaeis guineensis Jacq., Arecaceae) originated from West Africa 
[1] [2]. It is a diploid (2n = 2x = 32), perennial monocot plant, and the most 
productive oil-producing crop in the world. It is mainly cultivated in humid 
tropical zones of the world [3] [4]. It is naturally cross-pollinated, monoecious, 
and allogamous. The economic life span of the oil palm is about 30 years [5] [6].  

According to the United States Department of Agriculture (USDA) [7], the 
total world vegetable oil production as of 2020/2021 was 72,769 MT, led by soy-
bean oil (362.64 MT), followed by palm oil (75.19 MT), and rapeseed oil (69.17 
MT) and sunflower seed (49.66 MT). Oil palm produces on average 4 metric 
tons of oil per hectare every year [8] [9]; this is approximately 10 times higher 
than soybean. Palm oil falls into two major applications: the food industry (with 
over 80% of the market) and the rest for the chemical industry for formulation 
of paints, inks, resins, varnishes, plasticizers, biodiesel production, etc. [3] [10]. 

Despite its wide adaptation and importance, oil palm production and produc-
tivity are generally far from their potential due to several biotic and abiotic con-
straints. Climate change, land, and a labor shortage are major factors that hinder 
yield and palm oil quality across the world [11]. Moreover, breeding of oil palm 
is made difficult because of the perennial nature of the crop that limits the rate of 
increasing palm oil yield and quality. Equally, Herrero et al. [12] reported that 
breeding of oil palm is applicable through the use of the conventional method, 
which needs more space and time for selecting promising crosses, mainly when in-
creasing parental biodiversity. To alleviate this problem and improve oil palm yield 
and quality, breeders need to implement molecular techniques of oil palm breeding.  

In marker-assisted selection (MAS), the use of a molecular marker with quan-
titative trait loci (QTL) helps in phenotypic screening to address the limitations 
of traditional breeding methods. The accuracy and efficiency of selection are 
improved by MAS [13]. The method brings a remarkable result mainly for traits 
with low to moderate heritability, which is difficult to achieve by the traditional 
breeding method. In most cases, MAS breeding requires knowledge about the 
distribution of QTL for the targeted trait inside the genome. In many crop spe-
cies including the oil palm, MAS has been instrumental in the genetic improve-
ment of several agronomic traits [13]. In oil palm, the use of MAS studies has 
been discussed since the 1990s [14]. In whole genome sequencing research, lin-
kage maps, molecular markers, and QTL maps are crucial for MAS. In several 
crop species, linkage maps, a large number of DNA markers, and identification 
of QTL for major traits have been developed [15].  

Genetic linkage maps express the actual inheritance of loci into offspring 
based on the patterns of recombination during meiosis [16]. In the oil palm, dif-
ferent genetic linkage maps from numerous families of oil palm have been con-
structed with remarkable results based on MAS breeding studies. Some genetic 
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maps have been constructed for the oil palm using amplified fragment length 
polymorphism (AFLP) [17] [18], restriction fragment length polymorphism (RFLP) 
[14] [18], random amplified polymorphic DNA (RAPD) [19], simple sequence 
repeats (SSR) [20] [21] [22] [23], and single nucleotide polymorphism (SNP) 
[12] [24] [25] [26] [27]. Still, with the oil palm, numerous quantitative trait loci 
(QTL) mapping reports have revealed the existence of major-effect QTLs for 
many traits [12] [15] [18] [19] [20] [23] [27] [28] [29] [30]. The objective of this 
review was to assess and highlight the role of genome mapping in oil palm 
breeding and discuss the major factors affecting genome mapping.  

2. Types of Genome Maps 

Several types of maps exist such as cytogenetic map, physical map, and genetic map. 

2.1. Cytogenetic Map 

This is the visual appearance of a chromosome when stained and/or labeled un-
der a microscope [31] [32]. The units for the cytogenetic map are a fraction of a 
chromosomal arm or centiMcClintocks (cMc) (Figure 1) [33]. This is obtained 
by visualizing distinct regions marked by light and dark bands which give each 
of the chromosomes a unique appearance. The map shows the positions of chro-
mosomes in the bands, i.e. bandmap (genome deletion panel) [33] [34]. Hozier 
and Davis [35] showed that the integration of this method of mapping with oth-
er molecular genetic mapping methods allows the study and mapping of differ-
ent mammalian genomes. Azhaguvel et al. [36] reported that this type of map is 
the earliest that has been used for mapping fruit fly and the corn crop. Shah [34] 
on their part showed that the application of the cytogenetic mapping method is 
advantageous to study genome analysis, chromosome mapping, and analysis of 
somaclonal variations in tissue culture. 

2.2. Physical Map 

Physical mapping reflects the actual physical distance in base pairs (bp) or mul-
tiples thereof (for example, kilobases (kb) i.e. bp × 1000) between molecular 
markers (Figure 1) [37] [38]. Such maps are increasingly being used to under-
stand the molecular insights of genes and their evolution [36]. According to 
O’Rourke [16], physical maps provide an effective tool to isolate and study 
genes: where they are, what they do, and how they interrelate? A better un-
derstanding of these maps allows the location of the marker in the chromosome 
with the centromere and telomeres and permits the detection of some mutation 
phenomena such as insertions, deletions, and translocations [39]. Due to the 
current advancement in sequence technology, there is a constant increase of in-
terest in these maps mainly because of the difficulty of assembling large frac-
tionated genomes without a good physical map [40]. Dixit [33] stated that, un-
like genetic maps, the construction of a physical map requires molecular biology 
techniques; indeed, it represents the entire genome as a set of overlaying cloned  
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Figure 1. Illustration of physical, genetic map, and position of markers in the chro-
mosome.  

 
DNA fragments that make up a genome and this is ordered with respect to a 
reference map (such as a genetic map). In the same light, Deonier [38] reported 
the usefulness of the construction of wide-ranging physical maps for studying 
the characteristics of both sequenced and unsequenced genomes. These maps are 
used in the genomic study of oil palm, in addition to genetic maps. For instance, 
Herrero et al. [12] reported that this map can be used for the analysis of quantit-
ative trait locus for the traits of interest, generally for crop and specifically oil 
palm breeding.  

2.3. Genetic Map 

Genetic maps show the positions of genes and other related sequence features 
like DNA markers in the genome, based on how often the genes or markers are 
inherited together [31] [32] [37]. It shows the map distance, in cM, which sepa-
rates any two loci, and the position of these loci relative to all other mapped loci 
(Figure 1) [41]. It is constructed based on the meiotic recombination between 
homologous chromosomes [36]. The use of high-resolution genetic maps is very 
pertinent since they determine the relationship between breeding and genome 
sequencing. Likewise, O’Rourke [16] outlined that in the genetic and genomic 
studies of plants or animals, the application of high-density genetic maps full of 
polymorphic markers is a key for marker-assisted selection. Conversely, Li [42] 
noted that the construction of high-density and high-resolution genetic maps is 
vital to the structural and functional understanding of the genome and genes of 
interest through linkage analysis. Dixit [33] showed that a high resolution of the 
genetic map is determined by several factors such as the number of crossovers in 
a plant species that have been scored or a large number of progeny in humans. 
They also stated that the type of molecular markers used also has an impact on 
the resolution of the map. 

3. Genetic vs. Physical Maps 

Genetic and physical maps demonstrate the arrangement of genes and DNA 
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markers on a chromosome, respectively. Details of their differences are pre-
sented in Table 1. The genetic map is also known as a linkage map. It describes 
genes or loci within a chromosome based on recombination rate [36]. This map-
ping concept was first developed by Sturtevant [43], established by linearly plac-
ing five sex-linked genes on the Y chromosome of fruit fly (Drosophila melano-
gaster). It provides an approximate distance between loci in the genome in terms 
of recombination rate and its determination is based on the number of crossov-
ers [33]. O’Rourke [16] showed that crossing over frequency between genes or 
DNA markers is proportional to the chromosomal distance between them. For 
instance, the more closer the genes, the fewer crossover frequencies, and vice-versa. 
It allows the establishment of linkage associations between genes or DNA mark-
ers and it is a baseline to establish the physical mapping, thereby opening a door 
for map-based genome isolation. This map does not allow the study of particular 
chromosomes in the genome, rather a set of polymorphic genetic marker loci or 
genes [36]. In this map, the genetic distance between two molecular markers is 
computed based on the number of recombination events without precision on 
the actual physical distance [33]. To address the above problem, physical map-
ping has to be performed.  

A physical map has a linearly ordered set of molecular markers (DNA frag-
ments) surrounding the whole genome or a particular genomic region of interest 
[31] [32]. Azhaguvel [36] classified this map into two types. The first is the ma-
cro-restriction map which gives information regarding the DNA fragments at 
the chromosome level. The second is known as the ordered clone map consisting 
of an overlapping collection of cloned DNA fragments, such as in yeast and bac-
terial artificial chromosome (YAC). It determines the actual distance of DNA 
markers on the chromosomes in base pairs [33]. The genetic-physical map ratio 
varies significantly from one chromosome region to the other. It is mainly de-
pendent on the nature of the chromosome and the frequency of recombination 
in that region [36]. For example, the estimated genetic to physical distance ratio 
of oil palm range from 68.44 Mb/cM to 21.37 Mb/cM [25].  

 
Table 1. Differences between genetic and physical maps.  

Genetic map Physical map 

It is the calculated map distance based on the crossover percent 
between two linked genes 

The actual physical distance between linked genes 

This map distance highly varies as the frequency of crossing  
over varies in a different segment of chromosomes and it is only a 
predicted value 

The physical distance of linked genes bears no direct  
relationship to the map distance calculated based on crossover 
percentages 

The distance measured in Map unit or 

centiMorgan 
The distance measured in base pairs (bp, Kbp, Mbp) 

Linear order is identical as in the physical map Linear order is identical as in the genetic map 

The relative distance between two genes The exact location of genes in the chromosomes 
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The need for physical-genetic maps has increased steadily in the past decade. 
Since then these two maps are used fully to study gene cloning and whole-genome 
and specific genome region DNA sequencing [31] [32]. A genetic map con-
structed to identify the target gene and closely linked DNA markers were used to 
filter a large set of the library used to construct the physical map [36]. Then, the 
newly produced DNA markers were used to identify the clones for genetic fine 
mapping. O’Rourke [16] reviewed the correlation of genetic and physical maps 
and revealed that physical maps consist of ordered library pieces of DNA cover-
ing entire genomes or chromosomes; the genetic map was constructed based on 
the recombination analysis of molecular markers, with the main target to identi-
fy the cloning genes. Physical and genetic map integration is used to identify the 
genomic region that has a high recombination hot spot region with repressed 
recombination [44]. Azhaguvel [36] noted that such integration reveals all about 
the genome sequences. This opens a new door to develop DNA markers, identify 
genes, quantitative trait loci (QTLs), expressed sequence tags (ESTs), regulatory 
sequences, and repeat elements.  

4. A Molecular Marker Used for Mapping in Oil Palm  
Populations  

Molecular markers are widely used nowadays in various plant breeding pro-
grams to track loci and genomic regions [36]. Identification of major genes con-
trolling quantitative traits in crop plant genomes is possible with molecular mark-
ers. To this end, genetic mapping techniques are used to retrieve and locate im-
portant genes and genomic information responsible for a particular trait [31] 
[32]. Several genetic maps have been established for a wide range of plant species 
using various molecular marker systems such as RFLP [45], RAPD [46], simple 
sequence repeat (SSR), or microsatellite [47], sequence-tagged sites (STS) [48], 
AFLP [49], single-nucleotide polymorphism (SNP) [50], sequence-characterized 
amplified region (SCAR) [51], and cleaved amplified polymorphic sequences 
(CAPS) [52]. Depending on different purposes for gene mapping, each of the 
molecular markers has its pros and cons (Table 2). However, RFLP, RAPD, SSR, 
and AFLP markers are most commonly used in plant species for genetic map-
ping [16].  

In the oil palm, different molecular marker types have been used for the con-
struction of genetic linkage maps (Table 3). They include RFLPs [14] [18] [29] 
[30], RAPDs [19], AFLPs [18] [19] [22] [23] [30], SSRs [3] [15] [18] [19] [20] 
[21] [23] [30] [53] [54] [55], and SNPs [12] [15] [24] [25] [26] [27] [28] [53] [54] 
[55]. In this paper and for the first time, we review the primary results of oil 
palm genome mapping as summarized in Table 3. This table shows an outline of 
the major studies on oil palm genome mapping with their different features.  

5. Oil Palm Genome Mapping 

Genetic linkage maps reflect the actual inheritance of loci from parents to their 
offspring based on the patterns of recombination during meiosis. In oil palm for  
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Table 2. Evaluation of the most widely used molecular marker systems. 

Marker Name PCR-based Polymorphism (abundance) Dominance Reproducibility Automation Running cost 

RFLP No Low/medium Codominant High Low High 

RAPD Yes Medium/high Dominant Low Medium Low 

SCARS/CAPS Yes High Codominant High Medium Medium 

AFLP Yes High Dominant High Medium/high Medium 

SSR Yes High Codominant High Medium/high Low 

ISSR Yes High Dominant High Medium/high Low 

STS Yes High 
Codominant/ 

dominant 
High Medium/high Low 

SRAP/EST Yes Medium Codominant High Medium Low 

IRAP/REMAP Yes High Codominant High Medium/high Low 

SNP Yes Extremely high 
Codominant/ 

dominant 
High High Low 

 
Table 3. Summary of linkage map constructed in oil palm. 

No. Year Type of markers No of Markers Map depth (cM) No of LGs Software use to construct LGs References 

1 1997 RFLP 97 860 24 MAPMAKER 2.0 [14] 

2 2000 RAPD 48 399.7 - 449.3 12 - 15 MAPMAKER 2.0 [19] 

3 2001 RFLP 153 852 22 JoinMap 2.0 [29] 

4 2005 MS and AFLP 255 + 688 1743 16 JoinMap ver. 3.0 [17] 

5 2009 AFLP, RFLP, MS 252 1815 21 Joinmap ver. 4.0. [18] 

6 2010 SSR 251 1479 16 JoinMap v. 3.0 [20] 

7 2011 AFLP 331 2274.5 16 MAPRF7 [22] 

8 2013 AFLP, RFLP, SSR 148 798.0 23 JoinMap 4.0 [30] 

9 2013 SSR 362 1845.0 16 JoinMap v.4.0 [3] 

10 2014 SSR, Genes, SNP 190 1233.0 31 JoinMap v.4.0 [54] 

11 2014 SSR, AFLP 423 1931 16 JoinMap v 3.0 [23] 

12 2014 SSR, SNP 1331 1867 16 JoinMap v 4.1 [55] 

13 2015 SSR, SNP 480 1565.6 16 JoinMap v 3.0 [15] 

14 2015 SNP 1085 1429.6 16 JoinMap v 3.0 [27] 

15 2015 SSR 281 1935.0 16 CRIMAP [21] 

16 2018 SNP, SSR 10,023 2398.2 16 Lep-MAP v 2 [53] 

17 2018 SNP, DArTseq 1399 - 1466 1873.7 - 1720.6 16 JoinMap v 4.1 [24] 

18 2018 SNP 2413 1161.89 16 JoinMap v 4.1 [28] 

19 2019 SNPs 27,890 1151.7 16 Lep-MAP3 [25] 

20 2020 SPET 3501 1,370 16 Lep-MAP3 [12] 

21 2020 SNPs 11,421 1151.70 - 1268.26 17 - 24 Lep-MAP3 [26] 

22. 2022 SNPs - - 16 Lep-MAP3 
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the last 20 years, several linkage maps have been constructed and used to detect 
different vegetative, yield, and yield components and palm oil quality traits [25]. 
In the same light, markers like RFLPs, AFLPs, SSRs, and SNPs are widely used to 
construct genetic linkage maps in oil palm. Recently, restriction associated DNA 
tagging (RAD), double digestion RAD (ddRAD), single primer enrichment tech-
nology (SPET) have been recognized for producing a large number of SNPs with 
remarkable maps [12].  

In oil palm, the first genetic linkage map constructed based on RFLP markers 
from genomic libraries was published in 1997. This map which considers 97 
RFLP markers (84 probes) mapped a selfed guineensis cross (tenera x tenera) with 
a total genetic distance of 860 cM, and produced a total of 24 linkage groups us-
ing a LOD score of 4 and recombination fraction of 0.4. According to the study 
[14], more than 95% of the markers could be linked to at least one other marker, 
suggesting that good genome coverage helps to detect the position of the shell 
thickness gene (Sh) at a distance of 9.8cM on group 10. From their result, Mayes 
et al. [14] concluded that this map helps to enable the mapping of the gene re-
sponsible for controlling major commercial oil palm traits. Likewise, Rance [29] 
also used 153 RFLP markers to construct a genetic linkage map of 84 self-ferti- 
lization F2 oil palm populations used to detect major genes influencing shell 
thickness. The result confirms that QTL mapping helps to detect genes that in-
fluence a large proportion of the total phenotypic variance in a large and small 
population.  

Further, RAPD is another marker used to construct a genetic linkage map in 
the oil palm. The first RAPD marker map was developed by Moretzsohn [19] to 
develop a pseudo-testcross mapping strategy in combination with the RAPD as-
say. This was meant to construct genetic linkage maps of different fruit types 
(shell thickness) of F1 tenera (sh+ sh-) x pisifera (sh- sh-) progeny populations. 
The map used a total of 48 RAPD markers, and 308 F1 progeny populations, and 
produced a total of 12 linkage groups with a map distance ranging from 399.7 - 
449.3 cM at a LOD score of 5.0 and by considering the projected Elaeis total map 
distances and genome sizes, physical and genetic distances relationships were 
established (1.06 Mbp/1 cM and 1.09 Mbp/1 cM, for tenera and pisifera, respec-
tively). They also obtained limited genome coverage with the two maps (28.0%, 
for tenera and 25.6%, for pisifera). This result depicted the importance of RAPD 
markers used for genetic linkage mapping markers closer to the sh+ locus, helped 
to detect the gene responsible for shell thickness, and gave a step forward for 
MAS for shell thickness in the oil palm. 

AFLP is another pronounced marker used to construct a genetic linkage map 
in the oil palm. The first AFLP based genetic map in oil palm was developed by 
Billotte et al. [17] involving a cross between a thin-shelled E. guineensis (tenera) 
palm and a thick-shelled E. guineensis (dura) palm with the main goal of map-
ping to detect the presence and absence of the gene responsible for shell in the 
oil palm fruit. For this purpose, they used a total of 944 (255 SSRs, 688 AFLPs, 
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allele Sh_) markers with a map length of 1743 cM and with an average of one 
marker every 1.8 cM and LOD score 3.0, producing a total of 16 linkage groups. 
The lengths of the linkage groups varied between 59 cM and 192 cM. This map 
was the first linkage map for the oil palm to have 16 independent linkage groups 
corresponding to the haploid chromosome number of 16 in the oil palm. Their 
findings on high-density linkage maps could step forward research for QTLs and 
physical mapping in the E. guineensis species. Besides, they also reported that 
SSRs marker had better mapping resolution compared to that of AFLPs. This is 
because high-density markers like SSRs have higher recombination rates than 
low-density markers like AFLPs. From the result, they observed that SSRs mark-
ers are well distributed along the genome than AFLPs markers. Conversely, 
Singh [18] reported an interspecific cross involving Colombian Elaeis oleifera 
(UP1026) and a Nigerian E. guinneensis (T128) and a total of 118 palms from 
this interspecific cross were used to detect quantitative trait loci (QTLs) control-
ling oil quality (measured in terms of iodine value and fatty acid composition). 
To analyze the map, they used a total of 252 markers (199 AFLP, 38 RFLP, and 
15 SSR) with a map length of 1815 cM and with an average interval of 7 cM be-
tween adjacent markers, producing a total of 21 linkage groups with an average 
number of 12 markers per linkage groups. Again, almost in all maps, the mark-
ers were distributed at an interval of 25 cM except for linkage group 17 having 
30 cM, indicating that the map is relatively homogeneous with regards to marker 
distribution; this is useful for tagging traits of economic interest for MAS. In this 
map, the length of individual linkage groups varied from 26.1 cM to 168 cM, 
with an average of 94 cM. The application of the genetic linkage map helps to 
detect QTLs for fatty acid composition in oil palm and serves as a tool for the 
MAS breeding program.  

Similarly, a report from Seng [22] used a total of 120 hybrid crosses between 
high-yielding dura (ARK86D) x pisifera (ML161P) using AFLP markers. To con-
struct the map, they used a total of 479 marker loci and 168 anchor points with a 
map length of 2247.5 cM and an average map density of 4.7 cM using LOD score 
of 3.0. They constructed a total of 16 linkage groups from 15-57 markers per 
linkage group with an average of 29 markers per linkage group and with the 
lengths ranging from 77.5 cM to 223.7 cM, and an average of 137 cM. In line 
with this, the markers were well distributed all over the 16 linkage groups. From 
their findings, Seng [22] concluded that the application of a genomic map in oil 
palm helps to validate against a closely related population and helps identify 
yield-related QTLs. Likewise, Ting et al. [30] and Ukoskit [23] also used the 
AFLP markers to construct a genetic linkage map in oil palm.  

Simple sequence repeat (SSR) markers are co-dominant molecular markers that 
distinguish polymorphism and mapping in the oil palm genome. SSR markers 
were used for the first time to construct the map of the oil palm in the year 2005. 
To construct the map, Billotte et al. [17] used a total of 255 SSR markers with a 
map length of 1743 cM with an average marker density of 7 cM. using a LOD 
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score of 3.0 and producing a total of 16 linkage groups. Based on the outcome of 
their finding, mapping of oil palm using high-density makers like SSR brings 
comprehensive information for QTL mapping and other MAS research in the oil 
palm. In line with this, Billotte [20] used an SSR marker for QTL detection with 
a multi-parent linkage map of the cross between two oil palm populations. They 
used a total of 150 palms in the controlled cross between Africa (LM2T) x Deli 
(DA10D). To construct the map, a total of 251 SSR markers were used. Based on 
their finding, the SSR map for LM2T x DA10D had 16 linkage groups (LGs) and 
253 loci, with a map length of 1479 cM and an average marker density of 6 cM. 
The large mapping genome was found in LG4 with spanned 134 cM on the av-
erage range of 61 - 250 cM and around 47% of the mapped loci having three or 
four alleles with an average density of 32 cM on the genome. In conclusion, a 
total of 156 SSRs (45%) and the Sh locus were mapped and the mapping of the 
crossed oil palm populations helped to identify the QTL for the major gene con-
trolling fruit shell (Sh). By the same token, Montoya et al. [3] used a total of 347 
segregating SSRs, 14 SNPs of genes, and the Sh locus to establish the linkage map 
and to detect QTLs of palm oil fatty acid composition. They produced a total of 
16 LGs with a relative map length of 1485 cM and an average marker density of 4 
cM at LOD 7.5 with a maximum recombination threshold of 0.3. Depending on 
their position on the linkage group, the length of the LGs ranged from 49.1 to 
175.9 cM, with an average of 92.8 cM. Concerning QTLs, a total of 19 QTL asso-
ciated with the palm oil fatty acid composition was obtained and this mapping 
helped to identify key genes in the oil palm genome related to oleic acid C18:1. 
In conclusion, 73% (253) of the mapped SSRs segregated only from the hybrid 
parent SA65T, 2%, (7) from PO3228D only, and 27% (93) were common SSRs 
segregating from both parents. Again, the high number of mapped SSR loci with 
accurate relative linear orders, and their molecular hyper-variability helped to 
undertake other such mapping studies in other Elaeis breeding materials. Later 
on, Cochard [21] constructed a linkage map using a 281 SSRs marker and a total 
of 271 genotyped oil palm populations. They produced a total of 16 linkage 
groups covering group A (2078 cM) and group B (1845 cM), with an average 
density of one marker every 9 and 7 cM, respectively. Generally, the integrated 
maps gave a total map length of 1935 cM with a total of 281 markers and an av-
erage density of one marker for every 7.4 cM. Besides, the marker orders be-
tween physical and genetic maps were in good accordance, except for some spo-
radic markers. Based upon their finding they concluded that this output could 
help to step towards efficient pedigree-based quantitative trait locus (QTL) 
mapping using the first intercrossed generations in current breeding programs. 
Similar studies have been done using SSRs for the mapping of the oil palm ge-
nome. For instance, QTLs identification is associated with callogenesis and em-
bryogenesis [30], QTL mapping for oil yield using African oil palm [54], linkage 
map and QTL analysis for sex ratio and related traits [23], genetic map construc-
tion for two independent oil palm hybrids [55], linkage mapping and identifica-

https://doi.org/10.4236/abb.2021.1212026


E. G. Seyum et al. 
 

 

DOI: 10.4236/abb.2021.1212026 417 Advances in Bioscience and Biotechnology 
 

tion of major QTL genes for stem height [15] which all brought remarkable 
information for the oil palm genome mapping and molecular breeding re-
search.  

Currently, oil palm single nucleotide polymorphisms (SNPs) are the most high-
ly preferred and high-density markers used to study genetic diversity and popula-
tion structure, to construct high-density genetic maps, and provide genotypes 
for the genome-wide association [56], and genomic selection studies [5]. The 
first SNP marker-based oil palm genome mapping was constructed by Jeennor 
and Volkaert [54] using a total of 190 segregating loci (89 SSRs, 90 genes, and 11 
non-gene based SNP markers), which were mapped into 31 linkage groups by 
applying threshold LOD of 3 and a recombination fraction of 0.45. They pro-
duced a map with a total length of 1233 cM containing two to 20 markers cov-
ering a length between 1.5 and 103.5 cM, and with an average distance between 
markers of 6.5 cM. This finding helped to identify validated candidate genes in-
volved in lipid biosynthesis and mapped near significant QTL for various eco-
nomic yield traits. This indicates the applicability of markers for MAS to im-
prove the required trait selection for the oil palm breeding programs.  

Moreover, Pootakham [27] developed SNP markers using the GBS method in 
the African oil palm with a total of 1085 SNPs to construct a linkage map. The 
map produced spanned 1429.6 cM and had an average of one marker every 1.26 
cM. They also detected on LG 10, 14, and 15, three QTL genes affecting trunk 
height whereas a single QTL associated with fruit bunch weight was identified 
on LG 3. They concluded that mapping of oil palm genome by the use of Geno-
typing by sequencing (GBS) approach helped to produce high-density maps and 
could enhance knowledge on genome structure which is valuable for mapping 
other economically important genes for MAS. Bai et al. [28] also used high-density 
GBS marker data to construct and detect QTL associated with leaf area using 145 
oil palm breeding populations derived from a cross between Deli Dura and Avros 
Pisifera. They constructed a genetic linkage map using a total of 2413 SNPs, 
producing a total of 16 linkage groups with a total length of 1161.89 cM, and an 
average marker spacing of 0.48 cM. Based on their results, two potential QTL for 
leaf area were detected on Chr 3 and 9 and the gene ARC5, located in the QTL 
region on Chr 9, was the most likely candidate gene responsible for leaf growth 
in oil palm. They concluded that the use of a high-quality and SNP-based map 
supplies a base to fine map QTL for agronomic traits and MAS yield improve-
ment in oil palm. 

Furthermore, Gan [24] reported the first DArT-based genetic linkage maps 
using two closely related oil palm populations. For this purpose, they used a total 
of 1399 DArT and 1466 SNP markers. They produced a total of 16 major inde-
pendent linkage groups with map lengths of 1873.7 and 1720.6 cM and with an 
average marker density of 1.34 and 1.17 cM, respectively. The integrated map 
was 1803.1 cM long with 2066 mapped markers and an average marker density 
of 0.87 cM. In conclusion, the use of high-density marker DArTseq marker 
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helped to generate high-density genetic maps in oil palm, and the integration of 
maps was also useful to study QTL analysis of important yield traits and other 
MAS studies. By the same token, Ong [25] also reported a linkage-based genome 
assembly in oil palm. To construct the map, they used a total of 27,890 SNP 
markers and generated a total of 16 linkage groups with a total map length of 
1151.7 cM and an average mapping interval of 0.04 cM. This mapping helped to 
study QTLs in sugar and lipid biosynthesis pathways. It also helped to improve 
knowledge on the current physical genome of the commercial oil palm.  

Recently, Single Primer Enrichment Technology (SPET) markers were used to 
construct a high-density genetic linkage map from a controlled cross of two oil 
palm (Elaeis guineensis) genotypes [12]. To construct the map, they used a total 
of 3501 SPET markers with a total length of 1370 cM and 1.74 markers per cM 
(0.57 cM/marker). This resulted in a total of 16 linkage groups with a total of 
1054 loci. From their work, they concluded that the application of these cost-ef- 
ficient SPET markers are suitable for linkage map construction in oil palm and 
probably, also in other species.  

6. Factors Limiting Oil Palm Genome Mapping 

For the last two decades, numerous findings in the area of oil palm genome map-
ping have been reported by different scholars (Table 3). These have remarkably 
improved knowledge on the genetic improvement of the oil palm using mark-
er-assisted selection strategies. However, the success of genome mapping of the 
oil palm is highly dependent on several factors. For instance, Mayes et al. [14] 
reported that the choice of mapping populations is one of the major determinant 
factors of genome mapping of the oil palm, stating that to select them, several 
criteria were to be considered such as the simplicity of cross for allele scoring 
and linkage analysis, representation of alleles within breeding materials, and 
availability of phenotypic data. The variation is very clear between Asian and 
African types of oil palm genetic materials. Again, another factor affecting ge-
nome mapping is the genetic marker type used for mapping. In this regard, a 
report (Table 3), clearly showed that marker polymorphism creates a variation 
in the outcome of genetic linkage groups. For instance, the first RFLP marker by 
Mayes et al. [14] produced a total of 24 LGs, while the first SSR marker by Bil-
lotte et al. [17] produced 16 LGs. Very recently, the use of high-density markers 
like SNPs brought more light to the genetic mapping of oil palm. In addition to 
the type of marker, the density of markers used also brought variation in ge-
nome mapping of the oil palm. For example, Mayes et al. [14] used a total of 97 
RFLP markers while Rance [29] used a total of 153 RFLP markers. Moreover, a 
total of 49 additional marker loci resulted in an improvement of map resolution 
from 24 linkage groups [14] to 22 linkage groups [29] and not only the map res-
olution but, also the total map length differed; as the number of markers in-
creased from 97 to 153, the map length decreased from 860 cM to 852 cM, re-
spectively. Conversely, Billotte et al. [17] used a combination of 255 SSR and 688 

https://doi.org/10.4236/abb.2021.1212026


E. G. Seyum et al. 
 

 

DOI: 10.4236/abb.2021.1212026 419 Advances in Bioscience and Biotechnology 
 

AFLP markers, based on this and due to the high-density markers used (AFLPs); 
23% of the filled gaps were covered by this marker relative to the SSR based map. 
In the same vein, compared to the results of Billotte et al. [17] i.e., 255 SSRs in 
combination with other low-density markers resulting in a total length of 1743 
cM with an average marker density of 7 cM, Billotte [20] recently used indepen-
dent high-density markers i.e., 251 SSR and obtained a total map length of 1479 
cM with an average marker density of 6 cM. The variation is clear that in the 
later, they used a single high-density mapping marker. 

Besides, the population sample size is another factor that brings a variation in 
the genome mapping of the oil palm. Singh [18] reported that even though they 
are using high numbers of markers, this doesn’t result in a fine map. Based on 
their conclusion, this result is due to the use of a small sample size of the F1 
progeny. Equally, Billotte [20] reported that there is a variation of map detection 
power, due to the variation in population size, and based on their report, a large 
population size of the multi-parent system provides greater detection power for 
the QTL than biparental and small populations. By the same token, Ukoskit [23] 
also reported that the difference in map length is due to the variation in the 
population size. In general, a large number of markers with large population siz-
es (pedigree populations) results in better genome mapping [57]. 

Last but not the least, genome mapping is also highly governed by the soft-
ware used for mapping the genome. In the oil palm, various software programs 
have been used to build genetic linkage maps (Table 3), such as MAPMAKER 
2.0 [58], JoinMap ver 2.0 [59], CRI-MAP [58], JoinMap ver 3.0 [60], JoinMap 
ver 4.0 [61], Lep-MAP 2 [62] and LepMAP 3 [57]. Due to the perennial nature of 
the oil palm, its out-crossing nature and long generation time result in difficulty 
to obtain enough genetic materials or mapping populations, to overcome these 
limitations, consensus genetic maps are obtained by integrating multiple unre-
lated genetic maps sharing common markers. Such consensus maps can be con-
structed by different linkage map software (Table 3). Nowadays, Lep-MAP3 
(LM3) is a novel linkage map construction software suite. It can handle millions 
of markers and thousands of individuals possibly from multiple families [57]. 

7. Conclusion  

In perennial crops like oil palm, getting new or improved varieties through con-
ventional breeding methods is difficult because it is time-consuming and costly, 
all related to the long generation cycles, large plant size, and the long evaluation 
period of 10 - 15 years. The application of marker-assisted breeding techniques 
in this crop helps to minimize the above-listed constraints. The construction of 
genetic linkage maps plays a major role in the genetic analysis and molecular 
breeding programs of oil palm. This has been used for the identification of ge-
netic loci using different traits such as yield and its components, oil quality, and 
abiotic stress, resulting in better genetic improvement and more cost-effective 
breeding. Nowadays, high-throughput molecular markers sequencing technolo-
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gy helps to raise both genetic and physical maps to a new level by providing an 
increased sequence pool from which to build genetic maps and assemble genome 
sequences. In the last two decades, most of the research findings reveal that ge-
nome mapping helps in the identification of major genes that control quantita-
tive traits like yield and quality of oil palm. Furthermore, the literature on this 
crop shows that there is a variation of genome mapping due to several factors; 
for instance, marker type, marker density, size of the mapped population, and 
software used. Despite all pros and cons, genome mapping in this crop plays a 
crucial role, and to get a more pronounced map in the future, oil palm genome 
mapping should focus on the use of high-density molecular marker types, a large 
number of mapping population, and up-to-date software that can yield remark-
able results and help to map and detect more quantitative traits related to both 
yield and oil quality. 

Authors’ Contributions 

Essubalew Getachew SEYUM: Developed an idea and wrote the manuscript whe-
reas all others are involved by commenting, suggesting, and re-arranging the se-
tup of the manuscript.  

Acknowledgements 

The authors acknowledge the GENES program of the Intra-Africa Academic Mo-
bility Scheme of the European Union for financial support (EU-GENES: 2017- 
2552/001-001).  

Conflicts of Interest 

The authors declare no conflicts of interest regarding the publication of this pa-
per. 

References 
[1] Cros, D., Denis, M., Bouvet, J.M. and Sánchez, L. (2015) Long-Term Genomic Se-

lection for Heterosis without Dominance in Multiplicative Traits: Case Study of 
Bunch Production in Oil Palm. BMC Genomics, 16, Article No. 651.  
https://doi.org/10.1186/s12864-015-1866-9  

[2] Hartley, C.W.S. (1988) The Oil Palm (Elaeis guineensis Jacq.). Longman Scientific 
& Technical, New York. 

[3] Montoya, C., Lopes, R., Flori, A., Cros, D., Cuellar, T., Summo, M., Espeout, S., Ri-
vallan, R., Risterucci, A.M., Bittencourt, D., Zambrano, J.R., Alarcón, G.W.H., Vil-
leneuve, P., Pina, M., Nouy, B., Amblard, P., Ritter, E., Leroy, T. and Billotte, N. 
(2013) Quantitative Trait Loci (QTLs) Analysis of Palm Oil Fatty Acid Composition 
in an Interspecific Pseudo-Backcross from Elaeis oleifera (H.B.K.) Cortés and Oil 
Palm (Elaeis guineensis Jacq.). Tree Genetics and Genomes, 9, 1207-1225.  
https://doi.org/10.1007/s11295-013-0629-5  

[4] Zhang, A., Wang, H., Beyene, Y., Semagn, K., Liu, Y., Cao, S., Cui, Z., Ruan, Y., 
Burgueño, J., San Vicente, F., Olsen, M., Prasanna, B.M., Crossa, J., Yu, H. and 
Zhang, X. (2017) Effect of Trait Heritability, Training Population Size and Marker 

https://doi.org/10.4236/abb.2021.1212026
https://doi.org/10.1186/s12864-015-1866-9
https://doi.org/10.1007/s11295-013-0629-5


E. G. Seyum et al. 
 

 

DOI: 10.4236/abb.2021.1212026 421 Advances in Bioscience and Biotechnology 
 

Density on Genomic Prediction Accuracy Estimation in 22 Bi-Parental Tropical 
Maize Populations. Frontiers in Plant Science, 8, Article No. 1916.  
https://doi.org/10.3389/fpls.2017.01916  

[5] Cros, D., Tchounke, B. and Nkague-Nkamba, L. (2018) Training Genomic Selection 
Models across Several Breeding Cycles Increases Genetic Gain in Oil Palm in Silico 
Study. Molecular Breeding, 38, Article No. 89.  
https://doi.org/10.1007/s11032-018-0850-x  

[6] Wong, C.K. and Bernardo, R. (2008) Genomewide Selection in Oil Palm: Increasing 
Selection Gain per Unit Time and Cost with Small Populations. Theoretical and 
Applied Genetics, 116, 815-824. https://doi.org/10.1007/s00122-008-0715-5  

[7] USDA (2020). https://www.fas.usda.gov/data/oilseeds-world-markets-and-trade  

[8] Babu, B.K. and Mathur, R.K. (2016) Molecular Breeding in Oil Palm (Elaeis gui-
neensis): Status and Future Perspectives. Progressive Horticulture, 48, 123-131.  
https://doi.org/10.5958/2249-5258.2016.00051.8  

[9] Corley, R.H.V. and Tinker, P.B. (2016) The Oil Palm. Wiley-Blackwell, Hoboken. 
https://doi.org/10.1002/9781118953297  

[10] Soh, A.C., Mayes, S. and Roberts, J.A. (2017) Oil Palm Breeding: Genetics and Ge-
nomics. 1st Edition, CRC Press, Boca Raton.  
https://doi.org/10.1201/9781315119724-1  

[11] Kwong, Q.B., Teh, C.K., Ong, A.L., Heng, H.Y., Lee, H.L., Mohamed, M., Low, 
J.Z.B., Apparow, S., Chew, F.T., Mayes, S., Kulaveerasingam, H., Tammi, M. and 
Appleton, D.R. (2016) Development and Validation of a High-Density SNP Geno-
typing Array for African Oil Palm. Molecular Plant, 9, 1132-1141.  
https://doi.org/10.1016/j.molp.2016.04.010  

[12] Herrero, J., Santika, B., Herrán, A., Erika, P., Sarimana, U., Wendra, F., Sembiring, 
Z., Asmono, D. and Ritter, E. (2020) Construction of a High Density Linkage Map 
in Oil Palm Using SPET Markers. Scientific Reports, 10, Article No. 9998.  
https://doi.org/10.1038/s41598-020-67118-y  

[13] Xu, Y. and Crouch, J.H. (2008) Marker-Assisted Selection in Plant Breeding: From 
Publications to Practice. Crop Science, 48, 391-407.  
https://doi.org/10.2135/cropsci2007.04.0191  

[14] Mayes, S., Jack, P.L., Corley, R.H. and Marshall, D.F. (1997) Construction of a RFLP 
Genetic Linkage Map for Oil Palm (Elaeis guineensis Jacq.). Genome, 40, 116-122.  
https://doi.org/10.1139/g97-016  

[15] Lee, M., Xia, J.H., Zou, Z., Ye, J., Rahmadsyah, Alfiko, Y., Jin, J., Lieando, J.V., Pur-
namasari, M.I., Lim, C.H., Suwanto, A., Wong, L., Chua, N.H. and Yue, G.H. (2015) 
A Consensus Linkage Map of Oil Palm and a Major QTL for Stem Height. Scientific 
Reports, 5, Article No. 8232. https://doi.org/10.1038/srep08232  

[16] O’Rourke, J.A. (2014) Genetic and Physical Map Correlation. eLS, Wiley-Blackwell, 
Hoboken, 1-4. https://doi.org/10.1002/9780470015902.a0000819.pub3  

[17] Billotte, N., Marseillac, N., Risterucci, A.M., Adon, B., Brottier, P., Baurens, F.C., 
Singh, R., Herrán, A., Asmady, H., Billot, C., Amblard, P., Durand-Gasselin, T., 
Courtois, B., Asmono, D., Cheah, S.C., Rohde, W., Ritter, E. and Charrier, A. (2005) 
Microsatellite-Based High Density Linkage Map in Oil Palm (Elaeis guineensis 
Jacq.). Theoretical and Applied Genetics, 110, 754-765.  
https://doi.org/10.1007/s00122-004-1901-8  

[18] Singh, R., Tan, S.G., Panandam, J.M., Rahman, R.A., Ooi, L.C., Low, E.T.L., Sharma, 
M., Jansen, J. and Cheah, S.C. (2009) Mapping Quantitative Trait Loci (QTLs) for 

https://doi.org/10.4236/abb.2021.1212026
https://doi.org/10.3389/fpls.2017.01916
https://doi.org/10.1007/s11032-018-0850-x
https://doi.org/10.1007/s00122-008-0715-5
https://www.fas.usda.gov/data/oilseeds-world-markets-and-trade
https://doi.org/10.5958/2249-5258.2016.00051.8
https://doi.org/10.1002/9781118953297
https://doi.org/10.1201/9781315119724-1
https://doi.org/10.1016/j.molp.2016.04.010
https://doi.org/10.1038/s41598-020-67118-y
https://doi.org/10.2135/cropsci2007.04.0191
https://doi.org/10.1139/g97-016
https://doi.org/10.1038/srep08232
https://doi.org/10.1002/9780470015902.a0000819.pub3
https://doi.org/10.1007/s00122-004-1901-8


E. G. Seyum et al. 
 

 

DOI: 10.4236/abb.2021.1212026 422 Advances in Bioscience and Biotechnology 
 

Fatty Acid Composition in an Interspecific Cross of Oil Palm. BMC Plant Biology, 
9, Article No. 114. https://doi.org/10.1186/1471-2229-9-114  

[19] Moretzsohn, M.C., Nunes, C.D.M., Ferreira, M.E. and Grattapaglia, D. (2000) RAPD 
Linkage Mapping of the Shell Thickness Locus in Oil Palm (Elaeis guineensis Jacq.). 
Theoretical and Applied Genetics, 100, 63-70.  
https://doi.org/10.1007/s001220050009  

[20] Billotte, N., Jourjon, M.F., Marseillac, N., Berger, A., Flori, A., Asmady, H., Adon, 
B., Singh, R., Nouy, B., Potier, F., Cheah, S.C., Rohde, W., Ritter, E., Courtois, B., 
Charrier, A. and Mangin, B. (2010) QTL Detection by Multi-Parent Linkage Map-
ping in Oil Palm (Elaeis guineensis Jacq.). Theoretical and Applied Genetics, 120, 
1673-1687. https://doi.org/10.1007/s00122-010-1284-y  

[21] Cochard, B., Carrasco-Lacombe, C., Pomies, V., Dufayard, J.F., Suryana, E., Omoré, 
A., Tristan, D.G. and Tisné, S. (2015) Pedigree-Based Linkage Map in Two Genetic 
Groups of Oil Palm. Tree Genetics and Genomes, 11, Article No. 68.  
https://doi.org/10.1007/s11295-015-0893-7  

[22] Seng, T.Y., Saad, S.H.M., Chin, C.W., Ting, N.C., Singh, R.S.H., Zaman, F.Q., Tan, 
S.G. and Alwee, S.S.R.S. (2011) Genetic Linkage Map of a High Yielding FELDA 
Deli×Yangambi Oil Palm Cross. PLoS ONE, 6, e26593.  
https://doi.org/10.1371/journal.pone.0026593  

[23] Ukoskit, K., Chanroj, V., Bhusudsawang, G., Pipatchartlearnwong, K., Tangphat-
sornruang, S. and Tragoonrung, S. (2014) Oil Palm (Elaeis guineensis Jacq.) Linkage 
Map, and Quantitative Trait Locus Analysis for Sex Ratio and Related Traits. Mole-
cular Breeding, 33, 415-424. https://doi.org/10.1007/s11032-013-9959-0  

[24] Gan, S.T., Wong, W.C., Wong, C.K., Soh, A.C., Kilian, A., Low, E.T.L., Massawe, F. 
and Mayes, S. (2018) High Density SNP and DArT-Based Genetic Linkage Maps of 
Two Closely Related Oil Palm Populations. Journal of Applied Genetics, 59, 23-34.  
https://doi.org/10.1007/s13353-017-0420-7  

[25] Ong, A.L., Teh, C.K., Kwong, Q.B., Tangaya, P., Appleton, D.R., Massawe, F. and 
Mayes, S. (2019) Linkage-Based Genome Assembly Improvement of oil Palm (Elaeis 
guineensis). Scientific Reports, 9, Article No. 6619.  
https://doi.org/10.1038/s41598-019-42989-y  

[26] Ong, A.L., Teh, C.K., Mayes, S., Massawe, F., Appleton, D.R. and Kulaveerasingam, 
H. (2020) An Improved Oil Palm Genome Assembly as a Valuable Resource for 
Crop Improvement and Comparative Genomics in the Arecoideae Subfamily. 
Plants, 9, Article No. 1476. https://doi.org/10.3390/plants9111476  

[27] Pootakham, W., Jomchai, N., Ruang-areerate, P., Shearman, J.R., Sonthirod, C., 
Sangsrakru, D., Tragoonrung, S. and Tangphatsornruang, S. (2015) Genome-Wide 
SNP Discovery and Identification of QTL Associated with Agronomic Traits in Oil 
Palm Using Genotyping-by-Sequencing (GBS). Genomics, 105, 288-295.  
https://doi.org/10.1016/j.ygeno.2015.02.002  

[28] Bai, B., Zhang, Y.J., Wang, L., Lee, M., Rahmadsyah, Ye, B.Q., Alfiko, Y., Purwan-
tomo, S., Suwanto, A. and Yue, G.H. (2018) Mapping QTL for Leaf Area in Oil 
Palm Using Genotyping by Sequencing. Tree Genetics and Genomes, 14, Article 
No. 31. https://doi.org/10.1007/s11295-018-1245-1  

[29] Rance, K.A., Mayes, S., Price, Z., Jack, P.L. and Corley, R.H.V. (2001) Quantitative 
Trait Loci for Yield Components in Oil Palm (Elaeis guineensis Jacq.). Theoretical 
and Applied Genetics, 103, 1302-1310. https://doi.org/10.1007/s122-001-8204-z  

[30] Ting, N.C., Jansen, J., Nagappan, J., Ishak, Z., Chin, C.W., Tan, S.G., Cheah, S.C. 
and Singh, R. (2013) Identification of QTLs Associated with Callogenesis and Em-

https://doi.org/10.4236/abb.2021.1212026
https://doi.org/10.1186/1471-2229-9-114
https://doi.org/10.1007/s001220050009
https://doi.org/10.1007/s00122-010-1284-y
https://doi.org/10.1007/s11295-015-0893-7
https://doi.org/10.1371/journal.pone.0026593
https://doi.org/10.1007/s11032-013-9959-0
https://doi.org/10.1007/s13353-017-0420-7
https://doi.org/10.1038/s41598-019-42989-y
https://doi.org/10.3390/plants9111476
https://doi.org/10.1016/j.ygeno.2015.02.002
https://doi.org/10.1007/s11295-018-1245-1
https://doi.org/10.1007/s122-001-8204-z


E. G. Seyum et al. 
 

 

DOI: 10.4236/abb.2021.1212026 423 Advances in Bioscience and Biotechnology 
 

bryogenesis in Oil Palm Using Genetic Linkage Maps Improved with SSR Markers. 
PLoS ONE, 8, e53076. https://doi.org/10.1371/journal.pone.0053076  

[31] Meksem, K., Ishihara, H. and Jesse, T. (2005) Integration of Physical and Genetic 
Maps. In: Meksem, K. and Kahl, G., Eds., The Handbook of Plant Genome Map-
ping: Genetic and Physical Mapping, Wiley-VCH Verlag GmbH & Co. KGaA, 
Weinheim, 215-232. https://doi.org/10.1002/3527603514.ch9  

[32] Meksem, K. and Kahl, G. (2005) The Handbook of Plant Genome Mapping: Genetic 
and Physical Mapping. 1st Edition, Wiley-VCH Verlag GmbH & Co. KGaA, Wein-
heim. https://doi.org/10.1002/3527603514  

[33] Dixit, R., Jayanand, D., Rai, D., Agarwal, R. and Pundhir, A. (2014) Physical Map-
ping of Genome and Genes. Journal of Biological Engineering Research and Review, 
1, 6-11. 

[34] Shah, M., Varshney, P., Patel, P., Patel, D. and Meshram, D. (2012) Cytogenetic 
Mapping Techniques: An Approach to Genome Analysis. Research & Reviews in 
BioSciences, 7, 209-219. 

[35] Hozier, J.C. and Davis, L.M. (1992) Cytogenetic Approaches to Genome Mapping. 
Analytical Biochemistry, 200, 205-217.  
https://doi.org/10.1016/0003-2697(92)90455-G  

[36] Azhaguvel, P., Weng, Y., Babu, R., Manickavelu, A., Saraswathi, D. and Balyan, H. 
(2010) Fundamentals of Physical Mapping. In: Kole, C. and Abbott, A.G., Eds., 
Principles and Practices of Plant Genomics, CRC Press, Boca Raton, 24-62.  

[37] Brown, T.A. (2002) Mapping Genomes, Genomes. 2nd Edition, Wiley-Liss, Hoboken. 

[38] Deonier, R.C., Waterman, M.S. and Tavaré, S. (2005) Physical Mapping of DNA. 
Computational Genome Analysis: An Introduction. Springer, New York, 99-119.  
https://doi.org/10.1007/0-387-28807-4_4  

[39] Hass-Jacobus, B. and Jackson, S.A. (2005) Physical Mapping of Plant Chromo-
somes. In: Meksem, K. and Kahl, G., Eds., The Handbook of Plant Genome Map-
ping, Wiley-VCH Verlag GmbH & Co. KGaA, Weinheim, 131-149.  
https://doi.org/10.1002/3527603514.ch6  

[40] Lewin, H.A., Larkin, D.M., Pontius, J. and O’Brien, S.J. (2009) Every Genome Se-
quence Needs a Good Map. Genome Research, 19, 1925-1928.  
https://doi.org/10.1101/gr.094557.109  

[41] Griffiths, A.J., Miller, J.H., Suzuki, D.T., Lewontin, R.C. and Gelbart, W.M. (2000) 
An Introduction to Genetic Analysis. 7th Edition, W.H. Freeman, New York. 

[42] Li, Y. (2015) Construction of a High-Density High-Resolution Genetic Map and Its 
Integration with BAC-Based Physical Map in Channel Catfish. DNA Research, 22, 
39-52. https://doi.org/10.1093/dnares/dsu038  

[43] Sturtevant, A.H. (1913) The Linear Arrangement of Six Sex-Linked Factors in Dro-
sophila, as Shown by Their Mode of Association. Journal of Experimental Zoology, 
14, 43-59. https://doi.org/10.1002/jez.1400140104  

[44] Alves, J.M., Chikhi, L., Amorim, A. and Lopes, A.M. (2014) The 8p23 Inversion Po-
lymorphism Determines Local Recombination Heterogeneity across Human Popu-
lations. Genome Biology and Evolution, 6, 921-930.  
https://doi.org/10.1093/gbe/evu064  

[45] Botstein, D., White, R.L., Skolnick, M. and Davis, R.W. (1980) Construction of a 
Genetic Linkage Map in Man Using Restriction Fragment Length Polymorphisms. 
American Journal of Human Genetics, 32, 314-331. 

[46] Williams, J.G., Kubelik, A.R., Livak, K.J., Rafalski, J.A. and Tingey, S.V. (1990) DNA 

https://doi.org/10.4236/abb.2021.1212026
https://doi.org/10.1371/journal.pone.0053076
https://doi.org/10.1002/3527603514.ch9
https://doi.org/10.1002/3527603514
https://doi.org/10.1016/0003-2697(92)90455-G
https://doi.org/10.1007/0-387-28807-4_4
https://doi.org/10.1002/3527603514.ch6
https://doi.org/10.1101/gr.094557.109
https://doi.org/10.1093/dnares/dsu038
https://doi.org/10.1002/jez.1400140104
https://doi.org/10.1093/gbe/evu064


E. G. Seyum et al. 
 

 

DOI: 10.4236/abb.2021.1212026 424 Advances in Bioscience and Biotechnology 
 

Polymorphisms Amplified by Arbitrary Primers Are Useful as Genetic Markers. 
Nucleic Acids Research, 18, 6531-6535. https://doi.org/10.1093/nar/18.22.6531  

[47] Litt, M. and Luty, J.A. (1989) A Hypervariable Microsatellite Revealed by in Vitro 
Amplification of a Dinucleotide Repeat within the Cardiac Muscle Actin Gene. 
American Journal of Human Genetics, 44, 397-401. 

[48] Palazzolo, M.J., Sawyer, S.A., Martin, C.H., Smoller, D.A. and Hartl, D.L. (1991) 
Optimized Strategies for Sequence-Tagged-Site Selection in Genome Mapping. Pro-
ceedings of the National Academy of Sciences of the United States of America, 88, 
8034-8038. https://doi.org/10.1073/pnas.88.18.8034  

[49] Vos, P., Hogers, R., Bleeker, M., Reijans, M., van de Lee, T., Hornes, M., Frijters, A., 
Pot, J., Peleman, J. and Kuiper, M. (1995) AFLP: A New Technique for DNA Fin-
gerprinting. Nucleic Acids Research, 23, 4407-4414.  
https://doi.org/10.1093/nar/23.21.4407  

[50] Lai, E., Riley, J., Purvis, I. and Roses, A. (1998) A 4-Mb High-Density Single Nuc-
leotide Polymorphism-Based Map around Human APOE. Genomics, 54, 31-38.  
https://doi.org/10.1006/geno.1998.5581  

[51] Williams, M.N.V., Pande, N., Nair, S., Mohan, M. and Bennett, J. (1991) Restriction 
Fragment Length Polymorphism Analysis of Polymerase Chain Reaction Products 
Amplified from Mapped Loci of Rice (Oryza sativa L.) Genomic DNA. Theoretical 
and Applied Genetics, 82, 489-498. https://doi.org/10.1007/BF00588604  

[52] Lyamichev, V., Brow, M.A. and Dahlberg, J.E. (1993) Structure-Specific Endonuc-
leolytic Cleavage of Nucleic Acids by Eubacterial DNA Polymerases. Science, 260, 
778-783. https://doi.org/10.1126/science.7683443  

[53] Bai, B., Wang, L., Zhang, Y.J., Lee, M., Rahmadsyah, R., Alfiko, Y., Ye, B.Q., Pur-
wantomo, S., Suwanto, A., Chua, N.H. and Yue, G.H. (2018) Developing Genome-Wide 
SNPs and Constructing an Ultrahigh-Density Linkage Map in Oil Palm. Scientific 
Reports, 8, Article No. 691. https://doi.org/10.1038/s41598-017-18613-2  

[54] Jeennor, S. and Volkaert, H. (2014) Mapping of Quantitative Trait Loci (QTLs) for 
Oil Yield Using SSRs and Gene-Based Markers in African Oil Palm (Elaeis guineen-
sis Jacq.). Tree Genetics and Genomes, 10, 1-14.  
https://doi.org/10.1007/s11295-013-0655-3  

[55] Ting, N.C., Jansen, J., Mayes, S., Massawe, F., Sambanthamurthi, R., Ooi, L.C.L., 
Chin, C.W., Arulandoo, X., Seng, T.Y., Alwee, S.S.R.S., Ithnin, M. and Singh, R. 
(2014) High Density SNP and SSR-Based Genetic Maps of Two Independent Oil 
Palm Hybrids. BMC Genomics, 15, Article No. 309.  
https://doi.org/10.1186/1471-2164-15-309  

[56] Xia, W., Luo, T., Zhang, W., Mason, A.S., Huang, D., Huang, X., Tang, W., Dou, Y., 
Zhang, C. and Xiao, Y. (2019) Development of High-Density SNP Markers and 
Their Application in Evaluating Genetic Diversity and Population Structure in Elaeis 
guineensis. Frontiers in Plant Science, 10, Article No. 130.  
https://doi.org/10.3389/fpls.2019.00130  

[57] Rastas, P. (2017) Lep-MAP3: Robust Linkage Mapping Even for Low-Coverage 
Whole Genome Sequencing Data. Bioinformatics, 33, 3726-3732.  
https://doi.org/10.1093/bioinformatics/btx494  

[58] Lander, E.S., Green, P., Abrahamson, J., Barlow, A., Daly, M.J., Lincoln, S.E. and 
Newburg, L. (1987) MAPMAKER: An Interactive Computer Package for Construct-
ing Primary Genetic Linkage Maps of Experimental and Natural Populations. Ge-
nomics, 1, 174-181.  

[59] Stam, P. (1993) Construction of Integrated Genetic Linkage Maps by Means of a 

https://doi.org/10.4236/abb.2021.1212026
https://doi.org/10.1093/nar/18.22.6531
https://doi.org/10.1073/pnas.88.18.8034
https://doi.org/10.1093/nar/23.21.4407
https://doi.org/10.1006/geno.1998.5581
https://doi.org/10.1007/BF00588604
https://doi.org/10.1126/science.7683443
https://doi.org/10.1038/s41598-017-18613-2
https://doi.org/10.1007/s11295-013-0655-3
https://doi.org/10.1186/1471-2164-15-309
https://doi.org/10.3389/fpls.2019.00130
https://doi.org/10.1093/bioinformatics/btx494


E. G. Seyum et al. 
 

 

DOI: 10.4236/abb.2021.1212026 425 Advances in Bioscience and Biotechnology 
 

New Computer Package: Join Map. The Plant Journal, 3, 739-744.  

[60] Ooijen, J.W. and Voorrips, R.E. (2002) JoinMap: Version 3.0: Software for the Cal-
culation of Genetic Linkage Maps. University and Research Center. 

[61] Van Ooijen, J.W. (2006) JoinMap® 4, Software for the Calculation of Genetic Lin-
kage Maps in Experimental Populations. Kyazma B.V., Wagening. 

[62] Rastas, P., Paulin, L., Hanski, I., Lehtonen, R. and Auvinen, P. (2013) Lep-MAP: 
Fast and Accurate Linkage Map Construction for Large SNP Datasets. Bioinformat-
ics, 29, 3128-3134. https://doi.org/10.1093/bioinformatics/btt563 

 

https://doi.org/10.4236/abb.2021.1212026
https://doi.org/10.1093/bioinformatics/btt563


Vol.:(0123456789)1 3

Journal of Applied Genetics 
https://doi.org/10.1007/s13353-022-00708-w

PLANT GENETICS • ORIGINAL PAPER

Genome properties of key oil palm (Elaeis guineensis Jacq.) breeding 
populations

Essubalew Getachew Seyum1,2,3 · Ngalle Hermine Bille1 · Wosene Gebreselassie Abtew3 · Pasi Rastas4 · 
Deni Arifianto5 · Hubert Domonhédo6 · Benoît Cochard7 · Florence Jacob7 · Virginie Riou8,9 · Virginie Pomiès8,9 · 
David Lopez8,9 · Joseph Martin Bell1 · David Cros8,9 

Received: 28 January 2022 / Revised: 26 May 2022 / Accepted: 4 June 2022 
© The Author(s), under exclusive licence to Institute of Plant Genetics Polish Academy of Sciences 2022

Abstract
A good knowledge of the genome properties of the populations makes it possible to optimize breeding methods, in particular 
genomic selection (GS). In oil palm (Elaeis guineensis Jacq), the world’s main source of vegetable oil, this would provide 
insight into the promising GS results obtained so far. The present study considered two complex breeding populations, Deli 
and La Mé, with 943 individuals and 7324 single-nucleotide polymorphisms (SNPs) from genotyping-by-sequencing. Link-
age disequilibrium (LD), haplotype sharing, effective size (Ne), and fixation index (Fst) were investigated. A genetic linkage 
map spanning 1778.52 cM and with a recombination rate of 2.85 cM/Mbp was constructed. The LD at r2=0.3, considered the 
minimum to get reliable GS results, spanned over 1.05 cM/0.22 Mbp in Deli and 0.9 cM/0.21 Mbp in La Mé. The significant 
degree of differentiation existing between Deli and La Mé was confirmed by the high Fst value (0.53), the pattern of correla-
tion of SNP heterozygosity and allele frequency among populations, and the decrease of persistence of LD and of haplotype 
sharing among populations with increasing SNP distance. However, the level of resemblance between the two populations 
over short genomic distances (correlation of r values between populations >0.6 for SNPs separated by <0.5 cM/1 kbp and 
percentage of common haplotypes >40% for haplotypes <3600 bp/0.20 cM) likely explains the superiority of GS models 
ignoring the parental origin of marker alleles over models taking this information into account. The two populations had low 
Ne (<5). Population-specific genetic maps and reference genomes are recommended for future studies.
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Introduction

The African oil palm (Elaeis guineensis Jacq.) is a per-
ennial tropical monocot oil-producing plant that belongs 
to the Arecaceae family. It originated from the Gulf of 
Guinea. It is naturally cross-pollinated, monoecious, allog-
amous, and diploid, with a chromosome number of 2n = 
2x = 32 and having a genome sequence of 1.8 gigabases 
(Ithnin and Din 2020). The economic life span of oil palm 
ranges from 25 to 30 years and it is mainly cultivated in 
humid tropical zones of the world (Barcelos et al. 2015).

The total world vegetable oil production is currently 
around 200 million metric tons (MT), led by oil palm 
(37.5%), followed by soybean oil (30%), rapeseed oil 
(14%), and sunflower oil (9.5%) (Statista 2021). The world 
demand for oil palm is expected to reach 240 million tons 
by 2050 (Corley 2009). Oil palm produces an average oil 
yield of 4 tons per hectare every year, which is approxi-
mately 7–10 times higher than soybean (Babu and Mathur 
2016; Corley and Tinker 2016; Pirker et al. 2016). Oil 
palm is an important source of edible oil with over 80% 
of the products used in the food industry (cooking/frying 
oil, shortenings, margarine, and confectionery fats), and 
the rest used in the chemical industry for the formulation 
of soaps and detergents, pharmaceutical products, cosmet-
ics, biodiesel, etc. (Basiron 2007; Corley 2009; Soh et al. 
2017).

Nowadays, the cultivation of oil palm relies on hybrid 
varieties because they have a high yield per hectare. Group 
A and group B are the two heterotic groups involved in 
the development of hybrid cultivars of African oil palm 
(Nyouma et al. 2019). Group A mostly consists of the Deli 
parental population, which is derived from four individuals 
from an unknown area of Africa planted in 1848 in Indo-
nesia (Hartley 1988). The selection of the Deli population, 
mainly for yield, started in the early twentieth century. 
Group B is made up of several African breeding popula-
tions. African populations resulted from a limited number 
of founders collected during the first half of the twenti-
eth century. La Mé population originated from individu-
als collected in the Bingerville region of the Ivory Coast 
between 1924 and 1930, with three founders for the La 
Mé individuals considered here (Cochard et al. 2009). In 
both A and B groups, inbreeding was commonly used, by 
using selfing or by mating with related selected individuals 
(Corley and Tinker 2016).

Despite its wide adaptation and importance, oil palm 
production and productivity are generally far from their 
potential due to biotic and abiotic practical constraints. 
Climate change, land shortage, labor shortage, and dis-
eases (in particular vascular wilt, ganoderma, and bud 
rot) are among the major factors hindering the current and 

future yield of oil palm across the world (Corley 2009; 
Paterson et al. 2013; Barcelos et al. 2015; Kwong et al. 
2016; Pirker et al. 2016). In addition, genetic improve-
ment through the conventional method in oil palm is con-
strained by several factors, in particular a long breeding 
cycle (>15 years) and a limited number of tested individu-
als (Cros et al. 2015; Jin et al. 2016; Seng et al. 2016). 
To provide a solution while ensuring a sustainable future, 
marker-assisted breeding has recently been introduced into 
oil palm breeding programs (Soh et al. 2017) with, for 
instance, the detection of quantitative trait loci (QTLs) 
controlling oil yield, quality, vegetative growth, and resist-
ance to diseases (Pootakham et al. 2015; Tisné et al. 2015; 
Ithnin et al. 2017; Bai et al. 2018b; Daval et al. 2021) and 
genomic selection (Nyouma et al. 2019).

Genomic selection (GS) is a marker-assisted selection 
(MAS) method with a high density of markers on the entire 
genome so that at least one marker is in linkage disequi-
librium with each QTL (Meuwissen et al. 2001). It is the 
most effective MAS method to improve quantitative traits 
(Heffner et al. 2009). Studies on the application of GS in oil 
palm brought positive results. Thus, GS could improve oil 
palm clonal selection (Nyouma et al. 2020) and the selec-
tion of parents to use for hybrid crossings (Cros et al. 2017). 
Generally, GS in oil palm can enhance selection intensity 
and/or shorten the generation interval, thus increasing the 
annual genetic gain (Nyouma et al. 2019). The different 
studies carried out have provided a significant amount of 
information concerning the conditions of implementation of 
GS in this species. For example, in Deli and La Mé, GS has 
been implemented with relatively small training populations 
(<150) and low marker density (<2000 SNPs) (Cros et al. 
2017; Nyouma et al. 2020); and models ignoring the parental 
origin of marker alleles were found to be more accurate than 
models accounting for this information (Nyouma et al. 2020, 
2022). To better understand the GS results in the populations 
involved, a detailed study of their genome properties would 
be of interest, particularly regarding linkage disequilibrium 
(LD), effective size (Ne), haplotype sharing, and fixation 
index (Fst), which are known to affect GS accuracy.

Linkage disequilibrium is defined as the non-random 
association of alleles at two or more loci (Weir 1979; Slat-
kin 2008). The concept of GS relies heavily on LD between 
QTLs and DNA markers, and a good knowledge of LD in the 
breeding population is necessary to optimize GS (Nakaya 
and Isobe 2012; Technow et al. 2014; Li and Kim 2015; 
Bejarano et al. 2018). The LD pattern is shaped by genetic 
factors, i.e., mutations and historical events that occurred 
during domestication and population formation, including 
natural and artificial selection, drift, migration, and non-
random mating, as well as by non-genetic factors such as 
marker ascertainment bias (Flint-Garcia et al. 2003; Gupta 
et al. 2005; Mackay and Powell 2007; Slatkin 2008).
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Effective size (Ne) is defined as the size of an idealized 
Wright-Fisher population that would give rise to the same 
extent of random genetic drift or rate of inbreeding as the 
actual population (Wright 1931; Caballero 1994; Falconer 
and Mackay 1996). Low Ne leads to high rates of genetic 
drift and inbreeding in a population, making Ne one of the 
major factors influencing LD, and consequently the accu-
racy of GS (Grattapaglia 2014). Ne can be inferred from 
LD (Corbin et al. 2012), as there is an inverse relationship 
between LD and Ne. For a given marker density, training 
population size, and trait, LD and GS prediction accuracy 
are higher in populations with low Ne than in populations 
with high Ne (Solberg et al. 2008; Daetwyler et al. 2010; 
Wientjes et al. 2013; Grattapaglia 2014; Lin et al. 2014). 
So far, in oil palm, Ne was only estimated in the Deli popu-
lation (Cros et al. 2014) and there is no information about 
Ne for La Mé population.

Haplotypes correspond to two or more SNP alleles 
that tend to be inherited as a unit in the chromosome 
(Bernardo 2010). Haplotype sharing helps estimate the 
genetic resemblance between individuals and is a natu-
ral extension of identity by descent (Xu and Guan 2014). 
Several authors showed that the aggregation of SNPs into 
haplotypes can increase the prediction accuracy in ani-
mals (Calus et al. 2008; Cuyabano et al. 2014; Teissier 
et al. 2020) and in plant species that were allogamous or 
with high multiallelism (Matias et al. 2017; Ballesta et al. 
2019). Also, consistency of linkage phases between QTL 
and marker alleles among populations is required to pool 
them to get a larger population for genetic studies (De 
Roos et al. 2009; Technow et al. 2012).

The fixation index (Fst) is the correlation between gam-
etes chosen randomly from within the same sub-population 
relative to the entire population (Wright 1931; Jakobsson 
et al. 2013; Weir and Goudet 2017). It is used to iden-
tify loci with divergent allelic frequencies between two 
or more populations. It helps to understand the genetic 
differentiation among groups. It ranges from 0 (no cor-
relation, i.e., gametes within sub-populations are no more 
similar than gametes among sub-populations) to 1 (each 
sub-population is fixed with a different allele). Fst analysis 
has been used to identify regions of the genome associated 
with domestication and selective sweeps associated with 
breeding (Yan et al. 2017). It can also improve GS and 
genome-wide association studies (GWAS). For example, 
Chang et al. (2019) showed that prioritizing and weighting 
SNPs based on their Fst values can increase the accuracy 
of genomic predictions by more than 5%. Yan et al. (2017) 
in soybean found that combining GWAS and fixation index 
analysis helped identify QTLs for seed weight.

The goal of this study is to characterize the genome 
properties of two major oil palm breeding populations, 

Deli and La Mé, focusing on key parameters for genomic 
predictions, namely LD, haplotype sharing, Ne, and Fst.

Materials and methods

Plant material and experimental design

The plant material used in this experiment consisted of indi-
viduals of the Deli and La Mé populations and their hybrid 
crosses. It comprised 943 genotyped individuals with 423 
Deli, 140 La Mé, and 380 Deli × La Mé hybrid individuals. 
The Deli and La Mé populations used here were complex, 
involving several families with varying sizes and levels of 
relatedness. Thus, the Deli individuals belonged to 89 fami-
lies of full-sibs with a mean size of 4.8 individuals (rang-
ing from one to 60 individuals). The La Mé individuals 
belonged to 24 families of full-sibs with a mean size of 5.8 
individuals (ranging from one to 31 individuals). Detailed 
pedigree information of these two populations is known 
over several generations (Cros et al. 2017). The Deli × La 
Mé hybrid individuals were obtained crossing 67 and 63 of 
these Deli and La Mé individuals, respectively, according 
to an incomplete factorial design. The hybrid individuals 
belonged to 101 crosses comprising on average 3.8 indi-
viduals (ranging from one to 10). For the construction of 
the genetic map, all the genotyped Deli, La Mé, and Deli × 
La Mé individuals were used, as well as the non-genotyped 
individuals comprised in their pedigree, for a total of 1788 
individuals. For the other parts of the study, we only used 
the genotyped individuals of the Deli and La Mé breeding 
populations. The plant material was located partly in North 
Sumatra, on the SOCFINDO estate (Indonesia), and partly 
in Benin, on the INRAB research station of Pobè.

Genotypic data

Molecular data were obtained by genotyping by sequencing 
(GBS) (He et al. 2014). DNA extraction, GBS, and SNP 
calling were performed based on the procedure described 
in Cros et al. (2017). The sequence data were processed 
using Tassel GBS version 5.2.44 (Glaubitz et al. 2014). The 
reference genome of Singh et al. (2013) was used for align-
ment with Bowtie2 software (Langmead and Salzberg 2012). 
Biallelic SNPs were the only variants kept. SNP data points 
with depth below 10 were set to missing and only SNPs 
with less than 50% missing data in the two breeding popula-
tions were kept. SNPs with the sum of depth per datapoint 
above 550,000 and SNPs with 100% heterozygote genotypes 
were discarded. Individuals with more than 50% missing 
data were removed. Finally, we obtained 7324 SNP mark-
ers, common to both breeding populations. It included 5598 
SNPs located on the anchored sequences of the genome (i.e., 
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the 16 chromosomes of Singh et al. (2013) (Table 1). The 
average percentage of missing data per SNP was 11% in Deli 
and 13% in La Mé, with median values below 5% (Supple-
mentary Figure 1).

Construction of the genetic map

The genetic map was made using LepMAP3 software ver-
sion 0.4 (Rastas 2017). First, module ParentCall2 was used 
to call the parental oil palm genotypes, with parameters 
removeNonInformative=1, to remove the non-informative 
markers (monomorphic or homozygous in both parents), 
and halfSibs=1. Second, the Filtering2 module was used to 
remove SNPs segregating in a non-Mendelian fashion using 
dataTolerance=0.001. Third, the SeparateChromosomes2 
module assigned markers into linkage groups (LGs) by com-
puting all pairwise LOD scores between markers and joined 
markers with LOD scores higher than the user-given param-
eter LodLimit, which was set to eight. Fourth, the JoinSin-
gles2All module assigned single markers to the existing LGs 
by computing LOD scores between every single marker and 
markers from the existing LGs, using lodLimit=4 and iter-
ate=1. Finally, OrderMarkers2 ordered the markers within 
each LG by maximizing the likelihood of the data given 
the order and using the Kosambi mapping function for the 
conversion of recombination frequencies into map distances 
(centiMorgan, cM) (Rastas 2017). To join the maps of both 
male and female parents, the sexAveraged argument was set 
to 1. The individuals that were associated with outlier values 

in terms of the number of crossing-overs were identified in 
preliminary analysis and removed before the map construc-
tion. The markers which created large gaps at the top or 
bottom part of the LGs were discarded according to software 
developer recommendations. This resulted in a genetic map 
were the 16 largest LGs had largely higher numbers of SNPs 
than the remaining LGs, which were discarded to keep a 
genetic map with the number of LGs corresponding to the 
number of chromosomes of oil palm.

Comparison of genetic and physical maps

The genetic map and physical map, showing the positions 
on the reference genome of Singh et al. (2013), were visual-
ized using the R package LinkageMapView (Ouellette et al. 
2018). We used MareyMap (Siberchicot et al. 2017) to plot 
the genetic position of the molecular markers against their 
physical position.

Within population linkage disequilibrium 
and persistence between populations

Analyses of linkage disequilibrium (LD) were performed in 
each breeding population using the PLINK software (Pur-
cell et al. 2007). It computed pairwise estimates of LD by 
the classical measure of the squared correlation of allele 
frequencies at diallelic loci (r2) and r. Before the computa-
tion of the r2, the missing data points in the Deli and La Mé 
individuals were imputed using Beagle5.2 (Browning et al. 

Table 1  Summary of the 
physical map (SNPs located 
on the assembled part of the 
genome)

Chromosome name Number 
of mark-
ers

Length (bp) Average distance 
of markers (bp)

Maximum dis-
tance of markers 
(bp)

Minimum dis-
tance of markers 
(bp)

EG51_1 271 65,071,148 2,409,88.92 4,189,850 1
EG51_2 311 63,345,076 202,765.00 5,820,505 1
EG51_3 318 58,158,439 182,741.28 2,511,138 1
EG51_4 257 42,716,717 163,396.59 7,354,398 1
EG51_5 222 55,995,026 250,540.60 4,155,834 1
EG51_6 154 43,622,229 282,049.04 5,714,930 1
EG51_7 219 51,181,318 232,528.43 3,220,718 1
EG51_8 162 31,376,194 194,283.67 1,759,800 1
EG51_9 79 21,017,043 269,303.63 5,020,104 1
EG51_10 154 39,935,972 260,564.44 2,279,224 1
EG51_11 133 28,384,088 198,092.74 2,810,164 1
EG51_12 132 30,035,350 192,305.95 4,702,868 1
EG51_13 90 37,835,912 418,385.07 4,660,806 1
EG51_14 122 23,067,684 187,621.79 2,011,138 1
EG51_15 66 25,884,061 393,063.51 3,063,683 1
EG51_16 92 23,929,541 237,246.78 1,759,080 1
Sum 2782 641,555,798
Mean 173.87 40,097,237.38
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2018), independently for each breeding population. For the 
SNPs located on the assembled parts of the genome, the r2 
values between pairs of SNPs were plotted against physi-
cal distances (Mbp). For the SNPs located on the genetic 
map, the r2 values were plotted against genetic distances 
(cM). The LD decay was plotted up to a 0.8-Mbp distance 
for physical positions and 3 cM for genetic positions. The 
relation between the r2 values and distances was modeled by 
fitting local polynomials with the functions “locpoly” and 
“dpill” of the R package KernSmooth 2.23 (Wand 1995), as 
done for example in Yamamoto et al. (2016).

The persistence of LD between populations (De Roos 
et al. 2009) was measured by the correlation of the r meas-
ure of LD between populations given by PLINK (rLD). rLD 
was computed between the two populations on the SNPs 
comprised in windows defined along with the genetic and 

physical maps, over a distance up to 90 cM and 50 Mbp, 
respectively. rLD values can vary from −1 to 1, with a 
value close to 1 indicating a similar LD pattern in the two 
populations for the SNPs located in the genomic window 
considered.

Haplotype sharing

This analysis was done with the SNP data phased with 
Beagle5.2 (Browning et al. 2018). Sliding windows were 
defined along the chromosomes and linkage groups, with 
an overlap of 50%. Fifteen window sizes were used for 
physical distances, from 10 Mbp to 100 bp, and seven 
window sizes were used for genetic distances, from 10 to 
0.01 cM. The window sizes were considered by decreasing 
order and, for each window of a given window size, the list 

Fig. 1  Distribution of minor 
allele frequency (MAF) in Deli 
and La Mé oil palm breeding 
populations

Fig. 2  Distribution of the per-
centage of heterozygosity per 
individual for Deli and La Mé 
oil palm breeding populations



 Journal of Applied Genetics

1 3

of haplotypes existing in each population was made after 
discarding the haplotypes with an actual length shorter 
than the next window size. In the end, to avoid redundancy 
that could result from the overlap between windows, only 
a single copy of the duplicated haplotypes (i.e., haplotypes 
identical in sequence and starting at the same position) 
was kept. Finally, the length of the haplotypes, the per-
centage of haplotypes common to the two populations, 
and, for the common haplotypes, their frequency in each 
population were computed. This analysis was done using 
a custom R script.

Effective size

The effective size was estimated with the LD method of 
Waples and Do (2008) implemented in the NeEstimator 
2.1 software (Do et al. 2014). The computation was made 
separately in each population using the SNPs located on 
the genetic map and selecting the “random mating” option 
of the software. The confidence interval of Ne values was 
obtained by the Jackknife method on samples.

Fixation index

Pairwise Fst between Deli and La Mé was estimated accord-
ing to Wright (1931), using the 7324 or 5598 SNPs avail-
able with MAF>1% and subsets of 100 random individuals 

per population, to avoid a bias in computing the Fst values 
between an unequal number of genotyped individuals per 
population (Gondro et al. 2013). The Fst was obtained using 
the SNPRelate R package (Zheng et al. 2012).

Results

Allele and genotype frequencies

The distribution of minor allele frequency (MAF) in Deli 
and La Mé oil palm populations showed a reduction in the 
number of SNPs with the increase of MAF (Fig. 1). The 
average MAF was 0.09 for Deli and 0.14 for La Mé. In 
both populations, most SNPs had low MAF values. Thus, 
the percentage of SNPs with MAF <0.05 was 60.5% in 
Deli and 49.7% in La Mé.

The percentage of heterozygosity per individual ranged 
from 1.9% (Deli) to 20.9% (La Mé) (Fig. 2). Deli was the 
population with the lowest percentage of heterozygosity 
(mean 7%, versus 10% for La Mé).

The correlation of heterozygosity per SNPs between 
the two populations (Fig. 3) showed that the majority of 
SNPs were, in one population, fixed or almost fixed (i.e., 
concentrated alongside the x and y axes) while, in the other 
population, they had a much larger level of heterozygosity.

Similarly, the correlation in the frequency of alternate 
alleles per SNP between populations demonstrated that most 
SNPs have distinct segregation patterns among populations, 

Fig. 3  Correlation of heterozygosity per SNPs among Deli and La 
Mé oil palm breeding populations. Each dot represents an SNP. Color 
intensity indicates density of overlapping dots

Fig. 4  Correlation of frequency of alternate allele per SNP among 
Deli and La Mé oil palm breeding populations. Each dot represents 
an SNP. Color intensity indicates density of overlapping dots
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with SNPs largely concentrated alongside the x and y axes 
(Fig. 4). A large proportion of SNPs thus appeared fixed 
or almost fixed with the reference allele in one population 
(i.e., frequency of alternate allele equal or close to 0), while 
having a significant proportion of the alternate allele in the 
other population.

High‑density genetic map

The process of construction of the genetic map yielded a 
set of 16 linkage groups (LGs). The genetic map comprised 
4252 SNPs, spread over 2782 unique positions (Table 2 and 
Fig. 5, Supplementary Figure 2), and spanned 1778.52 cM. 
Even coverage of the genome was achieved, with an aver-
age mapping interval between adjacent positions of 0.67 cM 
and the largest gaps between adjacent positions ranging 
from 3.31 cM (LG11) to 6.66 cM (LG14). The size of the 
LGs ranged from 215.72 cM (LG1) to 64.75 cM (LG16) 
(Table 2). The number of unique SNP positions mapped to 
each linkage group ranged from 87 (LG 14) to 358 (LG1), 
with a mean of 174.93 per linkage group. The biggest gap 
size between SNPs ranged from 3.31 cM (LG11) to 6.66 
cM (LG14).

Comparison of genetic and physical maps

The physical and genetic orders were in general agreement, 
with a Spearman rank correlation above 0.7 for 15 LGs out 

of 16 (Table 2 and Fig. 6). However, upturns of large chro-
mosome segments between the genetic map and the refer-
ence genome existed in a few cases, for example in chro-
mosome EG51_16 (Fig. 6). Also, punctual disagreements 
between physical and genetic distances concerning a few 
SNPs appearing as outliers, i.e., far apart from the regression 
line, were observed in most chromosomes (Fig. 7).

The recombination rate was 2.85 cM/Mbp on average, 
ranging from 1.78 cM/Mbp (LG15) to 3.87 cM/Mbp (LG13) 
(Table 2).

Within‑population linkage disequilibrium 
and persistence between populations

The decay of LD between pairs of SNPs according to the 
genetic distances is shown in Fig. 8. The LD reached high 
values (>0.6) for short distances between SNPs. It was 
higher in Deli than that in La Mé for all distances. For 
example, considering the r2 value of 0.3, the corresponding 
distance between SNPs was 1.05 cM in Deli and 0.9 cM in 
La Mé (Fig. 8). The difference between the two populations 
was small for short distances and increased with the distance 
between markers. Similar trends were observed when plot-
ting LD against physical distances (Fig. 9), although the r2 
values reached higher levels (i.e., around 0.80), as a con-
sequence of the higher number of markers on the physical 
map than on the genetic map. The distance corresponding 
to r2=0.3 was 0.22 Mbp in Deli and 0.21 Mbp in La Mé.

Table 2  Summary of the genetic map and comparison with the physical map

Linkage 
group

Number 
of mark-
ers

Length in cM Average 
gap size 
(cM)

Biggest 
gap size 
(cM)

Number of 
unique posi-
tions

Correspond-
ing chromo-
some (Singh 
et al. 2013)

Number of 
common 
markers

Spearman 
correlation 
(absolute 
value)

Recombina-
tion rate (cM/
Mb)

LG1 554 215.72 0.60 5.20 358 EG51_2 271 0.86 2.19
LG2 436 142.59 0.51 6.42 279 EG51_1 311 0.83 3.41
LG3 432 155.39 0.50 4.75 309 EG51_3 318 0.80 2.67
LG4 326 129.51 0.60 4.91 218 EG51_7 257 0.95 2.53
LG5 312 142.82 0.64 5.09 223 EG51_4 222 0.72 3.34
LG6 278 111.51 0.68 4.35 164 EG51_6 154 0.94 2.56
LG7 277 142.75 0.69 5.04 207 EG51_5 219 0.94 2.55
LG8 220 94.21 0.66 5.70 144 EG51_10 162 0.79 2.36
LG9 225 88.64 0.88 6.04 102 EG51_16 79 0.54 3.70
LG10 216 113.85 0.76 4.92 150 EG51_8 154 0.91 3.63
LG11 204 90.64 0.63 3.31 144 EG51_12 133 0.71 3.02
LG12 185 65.27 0.54 3.80 123 EG51_11 132 0.97 2.30
LG13 163 81.31 0.84 4.95 98 EG51_9 90 0.86 3.87
LG14 158 72.31 0.84 6.66 87 EG51_14 122 0.90 3.13
LG15 136 67.25 0.68 4.40 100 EG51_13 66 0.93 1.78
LG16 130 64.75 0.70 4.54 93 EG51_15 92 0.96 2.50
Sum 4252 1778.52 2799 2782
Mean 265.75 111.15 0.67 5.00 174.93 173.875 0.85 2.85
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A high correlation of r values between populations (rLD) 
was observed for close markers, i.e., rLD above 0.6 for SNPs 
separated by a distance <0.5 cM on the genetic map or <1 
kbp on the physical map (Fig. 10). The rLD value decreased 
sharply with the distance between SNPs, and was thus 
divided by two before 2 cM and 5 Mbp, and became negli-
gible at distances above 50 cM or 50 Mbp.

Haplotype sharing

The percentage of shared haplotypes between Deli and La 
Mé populations according to the length of the genomic win-
dow is represented in Figs. 11 and 12. A large proportion of 
haplotypes were common between pairs of populations when 
considering short distances. Thus, 50% of the haplotypes 
with length around 30 bp (Fig. 11) and 40% of the haplo-
types with length around 3600 bp were common to the two 
populations, and 40% of the haplotypes with length around 
0.20 cM were common to the two populations (Fig. 12). 
As expected, when the length of the haplotypes increased, 
the percentage of shared haplotypes between populations 
decreased. The decrease was fast, with the percentage of 
common haplotypes falling below 20% for haplotypes longer 
than 300 kbp and 2.5 cM.

The frequency of the common haplotypes coincided 
to some extent for short haplotypes, while the differences 
increased for longer haplotypes. Thus, among the common 
haplotypes identified with a window size of 100 bp, more 
than one-half (51.6%) of the ones with a frequency >90% in 
Deli also had a frequency >90% in La Mé. This value fell to 
25% for haplotypes identified with a window size of 50 kbp 
and to 14% for a window size of 500 kbp.

Effective size

The two populations had small Ne values, i.e., 3 for Deli 
(95% confidence 2.7-3.3) and 3.6 for La Mé (3.0-5.2).

Fixation index

The Fst between Deli and La Mé was 0.53. Supplementary 
Figure 3 showed the Fst between the two populations at the 
chromosome level. Depending on the region of the genome 
considered, there were large variations in the Fst among 
the two pairs of populations. Thus, several regions of the 
genome had high Fst values (>0.6), in particular on chro-
mosomes EG51_2, EG51_8, and EG51_13.

Discussion

In this paper, we characterized the genome properties of 
two key oil palm breeding populations, Deli and La Mé, 
using SNP data obtained by GBS. This genotyping approach, 
despite the higher rate of missing data and errors than SNP 
array and SSR, appears relevant for the present study, as 
indicated by previous articles on other species where genetic 
maps and LD profiles were obtained from GBS, for instance 
in coconut (Rajesh et al. 2021), hevea (de Souza et al. 2018), 
and tea (Niu et al. 2019). Also, the Lep-MAP3 software 
used here to generate the genetic map is particularly robust 
against missing data, as it does not rely on two-point analy-
sis, and against genotypes of lower reliability due to low 
coverage sequencing (Rastas 2017).

Within‑population linkage disequilibrium 
and persistence between populations

The pattern of LD is one of the utmost factors affecting both 
GWAS and GS since both methods rely on LD between 
markers and causal polymorphisms (Sorkheh et al. 2008; 
Hayes et al. 2009; Yadav et al. 2021). LD is thus one of the 
major factors that determine the number of markers required 
(Heffner et al. 2009; Lebedev et al. 2020). r2 values of 0.3 
are considered a minimum to get reliable results in GS stud-
ies and GWAS (Bejarano et al. 2018). Here, when consider-
ing the genetic distances, the r2 value reached 0.3 with SNPs 
separated by around 1.05 cM in Deli and 0.9 cM in La Mé 
(Fig. 8). As our genetic map spanned 1778.52 cM, achieving 
this distance between adjacent SNPs requires around 1700 
SNPs for Deli and 2000 SNPs for La Mé. When consider-
ing the physical distances, the r2 value of 0.3 was achieved 
with SNPs separated by around 220 kbp in Deli and 210 kbp 
in La Mé (Fig. 9). As here the genome length covered by 
SNPs spanned 643 Mbp, achieving these distances between 
adjacent SNPs would take around 2900 SNPs in Deli and 
3100 SNPs in La Mé, which can be considered close to the 
value obtained from the LD decay along with the genetic 
map. Considering that the goal should be to cover the whole 
genome and that the oil palm genome spans 1.8 gigabases 
(Singh et al. 2013), 10,000 SNPs would be enough to reach 
the r2 value of 0.3 in the two populations studied here (as 
this corresponds to around 8200 SNPs in Deli and 8600 La 
Mé). The effect of marker density on the GS accuracy has 
already been evaluated on oil palm datasets comprising the 
populations considered here. It showed that, depending on 
the study and trait, the number of SNPs required to achieve 
maximum GS accuracy was found to range from 500 to 7000 
(Cros et al. 2017; Nyouma et al. 2020). This is in agreement 
with the results obtained from the LD analysis.

Fig. 5  Genetic map of Deli and La Mé oil palm populations with 
4252 SNP markers. The colors indicate the density of markers 
according to the bottom scale (cM/locus).

◂
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Fig. 6  Physical map of Deli 
and La Mé oil palm populations 
with 5598 SNP markers. The 
colors indicate the density of 
markers according to the bottom 
scale (100 kbp/locus)
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Our results also revealed that the speed and the magni-
tude of LD decay varied between the breeding populations. 
The two populations were submitted to a founding bottle-
neck of similar magnitude. A bottleneck increases LD and 
slows down the LD decline (Tenaillon et al. 2008). We can 
assume the higher value of LD in the Deli population in all 
genomic distances resulted from the fact that its history was 
marked by a larger number of generations of selection and 
inbreeding than in La Mé, with the bottleneck event in the 
Deli history dating back to 1848 against the 1920s in La Mé.

High correlations of r values between populations 
(rLD>0.6, corresponding to rLD

2>0.25) were obtained con-
sidering the markers that were the closest from each other, 
i.e., with distances <0.5 cM on the genetic map or <1 kbp on 
the physical map. Similarly, a large proportion of haplotypes 
was common between Deli and La Mé when considering 
windows of reduced size, with >40% of haplotypes with 
lengths below around 3600 bp or 0.20 cM being common 
in the two populations. This explains the results of Nyouma 
et al. (2020, 2022), who found, using the same breeding 

Fig. 7  Visualization of marker genetic positions (cM) versus physical positions (Mbp) for each chromosome. The plots are ordered according to 
linkage groups number. Each dot represents an SNP. Color intensity indicates density of overlapping dots
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populations and the same genotyping approach (GBS), that 
for GS predictions in oil palm it was better not to model 
the parental origin of marker alleles. The superiority of GS 
models ignoring the parental origin of marker alleles over 
models considering it does not imply a complete persistence 
of phases between markers and QTLs among populations. 
Indeed, models that consider the parental origin of marker 
alleles are more complex and require the estimation of 
more parameters, possibly reducing their predictive abil-
ity, despite their ability to better depict the genetic differ-
ences between the population. The current study and the 
previous results of Nyouma et al. (2020, 2022) indicate that 
the level of conservation of phases among the Deli and La 
Mé populations captured with the present marker density is 
high enough to favor models ignoring the parental origin of 
marker alleles. A similar conclusion was reached by Tech-
now et al. (2012) in maize, to explain the cases where this 
type of model outperformed the population-specific allele 
models. To further investigate this aspect, it would be inter-
esting to study the correlation of marker effects obtained by 
GS models between Deli and La Mé populations, as done 
for maize in Technow et al. (2014). To our knowledge, this is 
the first study investigating the persistence of LD and phases 
between oil palm populations.

Other studies investigated the pattern of LD in oil palm, 
in particular Teh et al. (2016) and Kwong et al. (2016), using 
high-density SNP arrays. However, the results are difficult 
to compare, as the studies involved different populations, in 
particular inter-group hybrids, against parental populations 
in our study. However, Kwong et al. (2016) included in their 
work two breeding populations, JL×DA and GM×DA, that 
were mostly of Deli origin. Their LD value decreased by 
50% from around 25 to 200 kbp, i.e., in the same range as 
the value found in our study (around 175 kbp). A previous 
study considered the same breeding populations as in the 
present study but used SSR markers (Cochard 2008). The 
results were however in agreement, with Deli having the 

Fig. 8  Average genome-wide pattern of linkage disequilibrium (LD) 
decay between pairs of SNPs (r2) according to the genetic distance 
(cM) between SNPs, for Deli and La Mé oil palm breeding popula-
tions

Fig. 9  Average genome-wide pattern of linkage disequilibrium (LD) 
decay between pairs of SNPs (r2) according to the physical distance 
(Mbp) between SNPs, for Deli and La Mé oil palm breeding popula-
tions

Fig. 10  Correlation of the r 
measure of LD between popula-
tions as a function of genomic 
distance in cM (right) and Mbp 
(left)
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Fig. 11  Percentage of unique haplotypes shared between Deli and La Mé oil palm breeding populations according to the haplotype length in bp. 
Each dot represents a haplotype. Color intensity indicates density of overlapping dots. The smoothing curve in pink is the rolling average

Fig. 12  Percentage of unique haplotypes shared between Deli and La Mé oil palm breeding populations according to the haplotype length in cM. 
Each dot represents a haplotype. Color intensity indicates density of overlapping dots. The smoothing curve in pink is the rolling average
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highest LD values. The consistency of these results shows 
that GBS is a suitable approach for LD studies, despite a 
higher rate of missing values (Supplementary Figure 1) and 
genotyping errors compared to SNP arrays and SSR, while 
providing much higher marker density than SSRs.

Genetic differentiation between Deli and La Mé

The Fst study, the correlation of heterozygosity per SNP, 
the correlation of frequency of alternate allele per SNP, and 
the decrease of persistence of LD and of haplotype sharing 
with increasing SNP distance showed a significant degree of 
differentiation among the two oil palm breeding populations. 
Reciprocal recurrent selection (RRS) certainly contributed 
to this differentiation, as suggested by results obtained in 
the heterotic groups used in maize RRS. Thus, the Iowa stiff 
stalk and corn borer synthetic populations diverged along 
with RRS cycles, with the fixation of different alleles and a 
steady increase in Fst (Labate et al. 1999; Gerke et al. 2015), 
and large differences in allele frequencies were also found 
between Dent and Flint populations (Technow et al. 2014). 
Our results are also in agreement with the oil palm study of 
Cochard et al. (2009), who concluded that the Deli popula-
tion derived from a group comprising Benin, Nigeria, Came-
roon, Congo, and Angola populations, while the populations 
west of Benin were genetically more different from those 
of Deli. This supports the idea that the four founders of the 
Deli population were collected in Central Africa rather than 
in West Africa (Cochard et al. 2009). The variation found 
in the Fst profile, which reached high values (>0.6) in some 
genomic regions, suggests that Fst is likely to be of interest 
for studying signatures of selection. This could help iden-
tify candidate genes, especially for traits with contrasting 
phenotypic values between breeding populations, such as 
bunch number and bunch weight between A and B groups. 
However, a higher SNP density seems necessary to obtain 
clearer profiles with more pronounced peaks (Porto-Neto 
et al. 2013) that could be linked to genes of interest based on 
the available information on oil palm annotation.

Effective size

To our knowledge, there was so far no estimate available 
of Ne for the La Mé breeding population. The small values 
obtained here for the Deli and La Mé populations are not 
surprising given their history, with a small number of found-
ers and under the effect of inbreeding. In Cros et al. (2014), 
Ne was estimated for a subset of 104 Deli individuals from 
the population used here, with 16 SSR markers chosen on 
different linkage groups and the LD method of Waples and 
Do (2008). This gave a Ne of 5 ± 1.1 (SD), i.e., similar to 
the result we obtained here. This indicates the robustness of 
the method against marker type and density.

The small Ne values obtained here also explain the fact 
that GS can be implemented with small training popula-
tions and low marker density. Thus, in previous studies, GS 
models trained with data from only 108 Deli and 102 La 
Mé individuals were efficient enough to replace phenotypic 
selection before clonal trials (Nyouma et al. 2020) while GS 
accuracy plateaued with only 500 to 2000 SNPs, depending 
on the trait (Cros et al. 2017).

Comparison of genetic and physical maps

The construction of genetic linkage maps using SNP mark-
ers is common in oil palm (see, for instance, Jeennor and 
Volkaert 2014; Ting et al. 2014; Lee et al. 2015; Bai et al. 
2018a, b; Gan et al. 2018; Ong et al. 2019; Herrero et al. 
2020). The genetic linkage maps helped identify genomic 
regions having major genes and QTLs that control oil 
yield (Montoya et al. 2013; Jeennor and Volkaert 2014; 
Tisné et al. 2015), palm oil fatty acid composition (Singh 
et al. 2009; Montoya et al. 2013), vegetative growth (Uko-
skit et al. 2014; Lee et al. 2015; Bai et al. 2018b; Teh 
et al. 2020), and resistance to diseases (Tisné et al. 2017; 
Daval et al. 2021). High-density maps were also used to 
improve the assembly of previously published genome 
sequences by assigning scaffolds originally unplaced (Ong 
et al. 2019, 2020). To our knowledge, the present study 
involved the largest number of individuals genotyped for 
the construction of a genetic map in oil palm. Another 
original aspect of our genetic map is the use of complex 
plant material including several families with varying 
degrees of relatedness, several generations, and differ-
ent populations. In contrast, the previously published oil 
palm genetic maps were usually constructed from full-sib 
families (e.g., Watson et al. 2001; Cochard et al. 2009; 
Ting et al. 2013; Ukoskit et al. 2014), although Billotte 
et al. (2010) used a factorial design. To our knowledge, 
only Cochard et al. (2015) and Daval et al. (2021) con-
structed genetic maps from populations with similar lev-
els of complexity. However, they used SSR markers and 
the CRI-MAP software (Green et al. 1990), which seems 
less efficient than LepMAP3, as it has problems handling 
large pedigrees with large numbers of bi-allelic markers 
particularly when there are lots of missing parental and 
grandparental genotypes. The map of our study is shorter 
than the map of Cochard et al. (2015), which reached 1935 
cM and was obtained using a similar oil palm population. 
This might be a consequence of the marker type, as it was 
shown that SSRs led to inflated maps compared to SNPs 
(Ball et al. 2010).

The linkage map presented here, with an average 
marker density of one SNP in every 0.67 cM when con-
sidering unique positions, had a denser genome coverage 
compared to most previously published SNP oil palm 
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genetic linkage maps, like Ting et al. (2014), with one 
marker in every 1.40 cM and Pootakham et al. (2015) with 
one marker in every 1.26 cM. However, our map is less 
dense than the genetic linkage maps constructed by Ong 
et al. (2019, 2020), with one marker in every 0.04 cM, 
0.05 cM, and 0.18 cM, depending on the map, and Bai 
et al. (2018a), with one marker every 0.29 cM, and Her-
rero et al. (2020), with one marker in every 0.57 cM. Most 
of these variations in terms of the marker density of the 
genetic maps can be explained by differences in genotyp-
ing approaches and the size of the populations (Ferreira 
et al. 2006; Semagn et al. 2006; Seyum et al. 2021). Com-
bining high-throughput genotyping and populations with 
at least 150 individuals appears as an efficient strategy to 
maximize marker density, as in Ong et al. (2019, 2020), 
Bai et al. (2018a), and the present study.

There were several upturns between the genetic and physi-
cal maps (Fig. 7). For example, LG 1, 2, 5, and 16 had large 
upturns for regions of the genome of more than 10 Mbp. 
Aside from potential genome assembly artifacts, this can be 
the consequence of genomic rearrangements between popu-
lations, as the reference genome (Eg5.1) was obtained on an 
individual of the AVROS oil palm population (Singh et al. 
2013), which thus differed from the populations used for the 
genetic mapping (Deli and La Mé). To further investigate this 
aspect, we compared the position of our SNPs on Eg5.1 with 
their position on EgPMv6, a new version of Eg5.1 improved 
through the use of a high-density linkage map (Ong et al. 
2020), but that was made available after the beginning of 
the present study (Supplementary Figure 4). We found that, 
although some upturns existed (in particular for the smallest 
chromosomes), the positions on the two genomes are in gen-
eral agreement. Consequently, there are still disagreements 
between the genetic positions obtained here and the physi-
cal positions, even considering the improved assembly. For 
example, LG 2 had 100% of its SNP located on the same 
chromosome according to Eg5.1 and EgPMv6 (Eg5.1_1 and 
GK000077.1, respectively), and almost identical SNP order 
between the two assemblies, while large upturns existed 
between the genetic and physical positions (Fig. 7). This 
aspect deserves further study, which could be done using 
population-specific genetic maps and reference genomes. 
This requires new data, with more genotyped individuals per 
population and new reference genomes.

Conclusion

The present study focused on two key populations used 
for hybrid breeding in oil palm, Deli and La Mé, and esti-
mated genetic parameters affecting GS accuracy. A high-
density genetic map was constructed from a complex 
population including several families with varying sizes 

and levels of relatedness and with different genetic back-
grounds. It included 4252 SNPs from GBS and spanned 
1778.52 cM, with an average recombination rate of 2.85 
cM/Mbp. The LD at r2=0.3, considered as the minimum to 
get reliable results for genomic predictions, spanned over 
1.05 cM/0.22 Mbp in Deli and 0.9 cM/0.21 Mbp in La Mé. 
In the two populations, 10,000 SNPs would be enough to 
reach this level of LD. A high correlation of r values of 
LD between populations (rLD>0.6) was obtained consid-
ering the markers separated by short distances, i.e., <0.5 
cM on the genetic map or <1 kbp on the physical map. 
The percentage of common haplotypes was above 40% 
for short haplotypes (3600 bp or 0.20 cM). This resem-
blance decreased with the distance between SNPs, with 
for example the percentage of common haplotypes fall-
ing below 20% for haplotypes longer than 300 kbp. The 
Fst was high (0.53). Overall, the results showed strong 
genetic differentiation between Deli and La Mé, but the 
level of resemblance between them over short genomic 
distances likely explains the superiority of GS models 
ignoring the parental origin of marker alleles over mod-
els taking this information into account. The Ne values of 
the two populations were small (<5). Population-specific 
genetic maps and reference genomes would be of interest 
for future studies.
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subject of many GS articles. In this review, we dis-
cuss the factors that affect GS accuracy (statistical 
models, linkage disequilibrium, information concern-
ing markers, relatedness between training and target 
populations, the size of the training population, and 
trait heritability) and the genetic gain expected in 
these species. The impact of GS will be particularly 
strong in tropical perennial crops and plantation trees 
as they have long breeding cycles and constrained 
selection intensity. Future GS prospects are also dis-
cussed. High-throughput phenotyping will allow con-
structing of large training populations and implement-
ing of phenomic selection. Optimized modeling is 
needed for longitudinal traits and multi-environment 
trials. The use of multi-omics, haploblocks, and struc-
tural variants will enable going beyond single-locus 
genotype data. Innovative statistical approaches, 
like artificial neural networks, are expected to effi-
ciently handle the increasing amounts of heteroge-
neous multi-scale data. Targeted recombinations on 
sites identified from profiles of marker effects have 
the potential to further increase genetic gain. GS can 
also aid re-domestication and introgression breeding. 
Finally, GS consortia will play an important role in 
making the best of these opportunities.

Keywords Genomic predictions · Machine 
learning · Pangenomes · Genotype-by-environment 
interaction · Crop growth models · Reaction norms

Abstract To overcome the multiple challenges cur-
rently faced by agriculture, such as climate change 
and soil deterioration, more efficient plant breeding 
strategies are required. Genomic selection (GS) is 
crucial for the genetic improvement of quantitative 
traits, as it can increase selection intensity, shorten 
the generation interval, and improve selection accu-
racy for traits that are difficult to phenotype. Tropi-
cal perennial crops and plantation trees are of major 
economic importance and have consequently been the 
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Abbreviations 
BLUP  Best linear unbiased prediction
CGM  Crop growth model
CNV  Copy number variation
GBLUP  Genomic BLUP
GEBV  Genomic estimated breeding value
GEGV  Genomic estimated genetic value
GEI  Genotype-by-environment interactions
GS  Genomic selection
GWAS  Genome-wide association study
HTP  High-throughput phenotyping
LD  Linkage disequilibrium
MAS  Marker-assisted selection
NIRS  Near-infrared spectroscopy
NGS  Next-generation sequencing
QTL  Quantitative trait locus
RKHS  Reproducing kernel Hilbert spaces
rrBLUP  Random regression BLUP
SNP  Single nucleotide polymorphism
SV  Structural variants

Introduction

The steady growth of the world population, expected 
to reach 9–11 billion by 2050, along with climate 
change and soil deterioration, are major challenges to 
achieving world food security (Kopittke et  al.  2019; 
Röös et al. 2017). Biotic and abiotic stresses caused 
by pathogens, animals, weeds, drought, extreme 
temperatures, flooding, salinity, acidic conditions, 
and nutrient starvation all reduce global agricultural 
productivity (Tyczewska et  al.  2018). Plant breed-
ing represents one of the main ways to alleviate these 
problems and improve both crop production and 
productivity (Bhat et  al.  2016). Plant breeding uses 
two main approaches, conventional and molecular 
breeding. Conventional breeding mainly uses pheno-
typic data (Borrelli et al. 2015) and has several limi-
tations, including the long time (> 10  years) needed 
to release a new variety, confounding environmen-
tal effects leading to low heritability for many traits 
of interest, particularly the most complex ones, like 
yield. Molecular plant breeding using DNA markers 
includes quantitative trait loci (QTL)-based marker-
assisted selection (MAS) that can greatly increase 
the speed, efficiency, and precision of breeding com-
pared to conventional methods (Gupta et  al.  2010). 
However, QTL-based MAS is efficient only for traits 

controlled by a few QTLs that have a major effect on 
trait expression, whereas for complex quantitative 
traits governed by a large number of minor QTLs, 
such as yield, it may be less efficient than conven-
tional phenotypic selection (Bhat et  al.  2016). For 
complex traits, the most efficient molecular breed-
ing strategy available today is genomic selection 
(GS) (Hickey et  al.  2019). GS is a form of MAS in 
which genetic markers covering the whole genome 
are used so that all QTL are in linkage disequilib-
rium (LD) with at least one marker (Goddard and 
Hayes 2007; Heffner et al. 2009; Isik 2014; Meuwis-
sen et al. 2001). GS has emerged as one of the most 
promising selection strategies to enhance genetic gain 
per unit time and/or unit cost for both plant and ani-
mal breeding programs (Fugeray-Scarbel et al. 2021; 
Merrick et  al.  2022; Mrode et  al.  2019; Voss-Fels 
et al. 2019; Wartha and Lorenz 2021; Xu et al. 2020). 
In dairy cattle, GS doubled the rate of genetic pro-
gress (Wiggans et al. 2017). In plants, GS is progres-
sively integrated into breeding schemes and is now 
routinely used for major crops, in particular in the pri-
vate sector (Merrick et al. 2022; Varshney et al. 2017; 
Voss-Fels et al. 2019). For instance, GS played a key 
role in the development of drought-tolerant maize 
hybrids that gave higher yields under both favorable 
and water stress conditions in the western US Corn 
Belt (Merrick et al. 2022; Voss-Fels et al. 2019). GS 
has also been applied on a large scale at the Interna-
tional Maize and Wheat Improvement Center since 
2010, where it is used in spring wheat to discard low-
performing lines (Merrick et al. 2022).

The first step in GS is creating a training set (or 
training population). The training set is genotyped 
and phenotyped for the targeted traits, and a predic-
tion model is then built using these genotypic and 
phenotypic data. Several high-throughput next-
generation sequencing (NGS) technologies such as 
SNP arrays (LaFramboise  2009; Wang et  al.  1998), 
genotyping-by-sequencing (Elshire et  al.  2011), and 
whole-genome sequencing (Ni et al. 2017) platforms 
have facilitated the production of large amounts of 
single nucleotide polymorphism (SNPs) markers to 
use in GS, at an affordable cost. The target population 
is also genotyped but not phenotyped, and the predic-
tion model calculates the genomic estimated breed-
ing values (GEBVs) or, when non-additive effects 
are taken into account, the total genomic estimated 
genotypic values (GEGV) of the selection candidates 
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(Grattapaglia et  al.  2018). The efficiency of GS is 
determined, in particular, by its accuracy, which is 
defined as the correlation between the predicted and 
the true (unknown) genetic value of the selection can-
didates (Lorenz et al. 2011). GS accuracy is affected 
by the effective size of the population, marker density 
and type, the size and structure of the training popu-
lation, the genetic architecture of the traits, related-
ness between the training and target population, LD 
between markers and QTLs, trait heritability, impu-
tation method, etc. (Grattapaglia and Resende 2011; 
Isik 2014; Robertsen et al. 2019).

Tropical perennial crops and plantation trees are 
of huge importance for the human population, in 
particular for use as food, timber, pulp, and stimu-
lant crops (Jamnadass et  al.  2016). However, their 
productivity is generally well below their potential, 
in particular, due to biotic and abiotic constraints, as 
shown, for example, in Eucalyptus (Elli et al. 2019), 
oil palm (Pirker et al. 2016; Woittiez et al. 2017), cof-
fee (Wang et al. 2015), and cocoa (Aneani and Ofori-
Frimpong  2013). Applying more efficient breeding 
approaches to these species will help fill production 
gaps. Genomic selection is particularly attractive for 
perennial plant species as they have long genera-
tion intervals and low selection intensity. Isik (2014) 
showed that the impact of GS could be much greater 
in perennial forest trees than in any other crop or live-
stock breeding program. A significant number of arti-
cles on GS have already been published on a variety 
of traits of interest in several tropical perennial crops 
and plantation trees, for instance, yield in oil palm 
(Cros et al. 2017, 2015), rubber tree (Cros et al. 2019) 
and guava (Silva et  al.  2021), growth in eucalyp-
tus (Bouvet et  al.  2016; Denis et  al.  2012; Resende 
et al. 2012) and rubber tree (Souza et al. 2019), fruit 
quality in citrus (Minamikawa et al. 2017), resistance 
to diseases in cocoa (McElroy et  al.  2018; Romero 
Navarro et al. 2017), etc. (Supplementary Table S1). 
However, a review of GS in these species is lack-
ing. The objective of the present article is therefore 
to review the results of GS research in tropical per-
ennial crops and plantation trees, to discuss the main 
factors affecting GS accuracy and to highlight the 
genetic gains expected in these species using this 
approach. We focus on perennial crops defined as 
such according to the FAO indicative crop classifica-
tion (FAO 2015) and on plantation trees both grown 
in the tropics. The production of the corresponding 

species include fruit, timber, pulp, latex, oil, nuts, and 
stimulants. To our knowledge, the species covered by 
published articles on GS so far are banana, guava, cit-
rus, Eucalyptus species (E. urophylla, E. grandis, E. 
benthamii, E. pellita, and E. robusta), rubber tree, oil 
palm, jatropha, cacao, and coffee.

Factors affecting the accuracy of genomic selection

The correlation between the GEBVs and true breed-
ing values is known as GS accuracy ( rGS) , and it is 
a key parameter for breeders due to the linear corre-
lation between selection accuracy and annual genetic 
gain Ry (Eq. (1)) (Grattapaglia et al. 2018):

where i is selection intensity, r is selection accu-
racy, δA is the additive genetic standard deviation, and 
y is the generation interval in years.

GS accuracy is usually obtained by k-fold cross-
validation within a single experimental design (with 
each fold repeatedly used as a validation set and the 
remaining folds as the training set) or between experi-
mental designs (with one site used for training and 
the other for validation), the latter being preferable as 
cross-validations may overestimate accuracy (Lorenz 
et al. 2011).

Below, we present sequentially the major fac-
tors that affect the accuracy of genomic predictions, 
although most factors are interconnected and their 
effects are not independent.

Statistical models for genomic prediction and trait 
genetic architecture

The whole-genome regression models used for 
genomic predictions deal with the “large p, small 
n” problem that, in GS, concerns the number of 
markers that usually (largely) exceeds the num-
ber of data records, in contrast to multiple linear 
regressions that cannot be used without variable 
selection, which conflicts with the original goal 
of GS, i.e., avoiding marker selection and overfit-
ting. Multiple linear regression results in an insuf-
ficient degree of freedom leading to poor prediction 
due to the inability to estimate all marker effects at 

(1)Ry =
i × r × �A

y
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the same time, which is exacerbated by multicol-
linearity. A wide range of statistical methods has 
been developed for GS to alleviate this constraint 
(Campos et  al.  2013; Jannink et  al.  2010; Montes-
inos-López et  al.  2021; Morota and Gianola  2014; 
Tong and Nikoloski 2021; Wang et al. 2018). They 
represent two broad categories: (i) parametric 
approaches, which mainly include methods that rely 
on the best linear unbiased prediction methodology 
(genomic BLUP [GBLUP] and random regression 
BLUP [RRBLUP]) and various Bayesian methods 
(Bayesian LASSO, BayesA, BayesB, etc.), and (ii) 
semi- and non-parametric approaches that fall into 
the machine learning category (reproducing kernel 
Hilbert spaces [RKHS], artificial neural networks, 
etc.). These methods differ in several ways: in terms 
of genetic assumptions and modeling of the genetic 
architecture of the traits (e.g., purely additive mod-
els, models that explicitly model dominance and/or 
epistatic effects, models with marker effects sam-
pled from a common statistical distribution [RRB-
LUP, GBLUP], models with marker effects sam-
pled from specific distributions [Bayesian LASSO, 
BayesB, etc.], models that implicitly model non-
additive effects [e.g., RKHS]), in terms of compu-
tational approach (relationship-based methods and 
marker effect-based methods, single trait and multi-
trait models, etc.), and in terms of the genomic 
information used in the model (type of polymor-
phisms, use of a priori information on markers, a 
combination of omics data, etc.).

The most widely used statistical approach for GS 
is GBLUP (Heslot et  al.  2015; Montesinos-López 
et  al.  2021), which combines linear mixed model 
analysis and genomic relationships. GBLUP derives 
from the first BLUP analyses applied in animal 
breeding to implement selection based on pheno-
types and pedigree and that estimated the breeding 
values of individuals using the pedigree-based rela-
tionship matrix (A) (Henderson 1975), with a model 
of the form:

where Y  is an n × 1 vector of data records, X is 
an n × p incidence matrix relating data records with 
fixed effects, β is a p × 1 vector of fixed effects, and 
Z is an n × q incidence matrix. u is a q × 1 vector 
of random effects (i.e., breeding values), associated 

(2)Y = X� + Zu + e

with A, and e is an n × 1 vector of residual effects. 
This initial approach we term pedigree-based BLUP 
(PBLUP) paved the way for GBLUP, which uses 
the genomic relationships (G) matrix, thus captur-
ing existing relationships among individuals rather 
than expected relationships (Bernardo  1994; Van-
Raden  2007). An alternative approach to GBLUP 
is RRBLUP (Meuwissen et al. 2001), which yields 
GEBVs by estimating marker effects. GBLUP 
and RRBLUP are equivalent when there are many 
QTLs, when there is no major QTL, or when the 
QTLs are evenly distributed along the genome (Ber-
nardo 2020). RRBLUP uses a model of the form:

where Z’ is an n × k incidence matrix giving the 
genotypes at k SNPs and m a k × 1 vector of random 
SNP effects.

The relative performance of the different statisti-
cal methods is expected to vary depending on the 
genetic architecture of the trait considered (Lebedev 
et  al.  2020). Genetic architecture corresponds to 
the genetic characteristics that determine the geno-
type–phenotype relationship, in particular, the num-
ber of genes that control the trait, the number of 
alleles per gene, the distribution of the genes along 
the genome, the distribution of the gene effects, and 
the mode of gene action (additive, dominant, epi-
static) (Momen et al. 2018). Thus, methods in which 
marker effects are sampled in distributions where var-
iance is the same for all markers (e.g., GBLUP, RRB-
LUP, Bayesian random regression) are expected to 
be more suitable for traits following the infinitesimal 
model, while methods with marker-specific variances 
(e.g., Bayesian LASSO, BayesB) are expected to be 
more suitable for traits whose genetic architecture 
includes major QTLs. Consequently, many GS stud-
ies, including those on tropical perennial fruit crops 
and plantation trees, use a range of statistical predic-
tion methods to identify the most appropriate one 
for a specific trait. Overall, few variations have been 
found among statistical approaches, for example, in 
oil palm yield components (Cros et al. 2015; Kwong 
et al. 2017a), in eucalyptus growth (Durán et al. 2017; 
Müller et  al.  2017), and in rubber tree latex yield 
(Cros et  al. 2019). This confirms results obtained in 
empirical evaluations in other species, in which GS 
statistical methods were seen to perform similarly 

(3)Y = X� + Z′m + e
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(Heslot et  al.  2015); however, in some cases, differ-
ences were found: e.g., BayesB performed best for 
several traits including vegetative growth, production, 
and disease resistance in banana (Nyine et al. 2018) 
and vegetative growth and oil yield in oil palm (Ithnin 
et al. 2017). This could mean that, in the populations 
considered, QTLs with large effects were segregated 
for these traits.

Similarly, when non-additive effects play a sig-
nificant role in genetic variation, models that account 
for non-additive effects are expected to increase GS 
accuracy. In a simulation study, Denis and Bou-
vet (2013) showed that modeling dominance for the 
genomic predictions of the genetic value of euca-
lyptus clones improved accuracy when dominance 
effects were preeminent (ratio of dominance to the 
additive variance of 1.0) and heritability was high 
(H2 = 0.60). With empirical data, also in eucalyptus, 
Resende et  al. (2017), Tan et  al. (2018), and Palu-
deto et al. (2021) showed that the use of GS models 
that account for dominance increased the accuracy of 
prediction for growth traits, which had high levels of 
dominance variance, whereas this was not the case 
for wood traits. In citrus, Minamikawa et  al. (2017) 
showed that considering both additive and dominance 
effects improved prediction accuracy for acidity and 
juiciness.

When considering traits correlated with a suffi-
cient magnitude but with contrasting levels of herit-
ability, the use of multi-trait models can increase 
prediction accuracy for low heritability traits (Tong 
and Nikoloski 2021). In tropical perennial crops and 
plantation trees, the results obtained in oil palm (Mar-
chal et al. 2016) and Eucalyptus robusta (Rambolari-
manana et al. 2018) agreed with this principle. Multi-
variate models thus offer the opportunity to improve 
prediction accuracy at no extra cost (apart from 
increased computational resources), and they should 
therefore be systematically evaluated when correla-
tions exist among the traits of interest, or between the 
traits of interest and secondary traits.

Machine learning methods are complex black-
box approaches that are of growing interest for 
genomic predictions as they have several desirable 
features. They avoid the use of assumptions that are 
often violated and cannot be verified (Gianola and 
Van Kaam 2008), and they are particularly suitable 
to account for non-additive effects in particular in 
polyploids (Bayer et al. 2021) and to integrate data 

from different biological sources for multi-omics 
predictions (Montesinos-López et  al.  2021; Tong 
and Nikoloski 2021). RKHS is the most often eval-
uated machine learning approach for GS in tropical 
perennial crops and plantation trees. In bananas, 
RKHS was slightly more accurate than parametric 
approaches for a few traits (Nyine et  al.  2018). In 
a study analyzing eight traits in E. urophylla × E. 
grandis eucalyptus hybrids, RKHS proved to be 
slightly more accurate in predicting low-heritability 
traits but less accurate in predicting pulp yield (Tan 
et  al.  2017) and performed similarly to GBLUP 
for three traits in E. grandis (Rambolarimanana 
et al. 2018). A few other machine learning methods 
have been implemented in tropical perennial crops 
and plantation trees. Maldonado et al. (2020) com-
pared several parametric prediction models, RKHS 
and two artificial neural network approaches, deep 
learning and Bayesian regularized neural networks, 
in E. globulus and maize, and found that predictions 
made with deep learning methods were significantly 
more accurate for all the traits considered. Sousa 
et  al. (2020) compared several machine learning 
approaches and a parametric model to predict resist-
ance to leaf rust in Coffea arabica and obtained the 
best accuracy with artificial neural networks. Sev-
eral authors used random forest in oil palm and cit-
rus and found that, on average over several traits, 
random forest performed no better than paramet-
ric approaches (Kwong et  al.  2017b; Minamikawa 
et al. 2017). In oil palm, the support vector machine 
was found to be slightly better on average than other 
methods (Kwong et  al.  2017b). Despite these une-
ven results in tropical perennial crops and planta-
tion trees, machine learning should be further inves-
tigated, in particular as the training populations 
used so far were possibly not large enough for the 
optimal training of this type of approach (Montes-
inos-López et al. 2021). Particular attention should 
also be paid to artificial neural networks, which 
have produced promising results.

One limit to the differences among statisti-
cal methods and models in perennial fruit and tree 
crops reported so far is that they were not always 
supported by a statistical test indicating whether 
the differences were significant or not. This can be 
done, for example, using the Hotelling-Williams 
t-test (Steiger 1980).
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Linkage disequilibrium and effective size

Linkage disequilibrium (LD) between markers 
and QTL and effective size (Ne) have interrelated 
effects that strongly influence GS accuracy (Hef-
fner et al. 2009; Isik 2014; Lebedev et al. 2020). LD 
is defined as the non-random association of alleles 
at two or more loci in haplotypes (Slatkin  2008; 
Weir 1979). LD between two loci is measured based 
on the frequency of alleles, using indexes like D, D’, 
and  r2 (Collins and (Ed.)  2007). A key assumption 
in GS is that there is LD between QTLs and mark-
ers, such that, with dense genome marker cover-
age, every QTL controlling the phenotype of inter-
est would be in LD with at least one marker. Good 
knowledge of this parameter in the target population 
is therefore of particular interest to define the marker 
density required for GS. It is thus useful to explore 
historical events, such as bottlenecks, genetic drift, 
and natural and artificial selection, that may have 
shaped the LD profile in the target population (Flint-
Garcia et  al.  2003; Gupta et  al.  2005; Mackay and 
Powell 2007; Slatkin 2008). The LD profile is largely 
determined by the past Ne, which can be described 
as the number of randomly mating individuals in a 
population that would give rise to the observed rate 
of inbreeding (Falconer and Mackay 1996). There is 
an inverse relationship between Ne and LD, with high 
rates of genetic drift and inbreeding in low Ne popu-
lations leading to strong LD between markers and 
QTLs compared to high Ne populations (Grattapa-
glia 2014; Lin et al. 2014; Thistlethwaite et al. 2020). 
As Ne decreases and LD increases, pairs of individu-
als within the population tend to share longer haplo-
types, enabling good genomic prediction accuracy 
(Clark et  al.  2012; Heffner et  al.  2009; Isik  2014; 
Lebedev et  al.  2020). For a given marker density, 
training population size, and trait, LD and GS predic-
tion accuracy is higher in populations with low Ne 
than in populations with high Ne (Grattapaglia 2014; 
Lin et al. 2014; Solberg et al. 2008).

The crucial role of LD and Ne in GS accuracy 
has also been underlined in studies on tropical per-
ennial crops and plantation trees. Several stud-
ies investigated the LD profile to evaluate whether 
the marker density was high enough in citrus (Gois 
et al. 2016; Minamikawa et al. 2017), cocoa (McEl-
roy et al. 2018), eucalyptus (Denis and Bouvet 2013; 
Durán et al. 2017; Müller et al. 2017), and oil palm 

(Kwong et  al.  2017a). Many studies in tropical per-
ennial crops and plantation trees also investigated 
the efficiency of GS in populations with high LD/
low Ne. This was possible using populations obtained 
through specific mating designs among a reduced 
number of parents (Denis and Bouvet 2013; Resende 
et al. 2012). In this way, Resende et al. (2012) found 
that in a population of eucalyptus where Ne = 11 
was obtained with an incomplete diallel, GS accu-
racy was higher for the four growth and wood quality 
traits studied than in the population where Ne = 51, 
despite a slightly larger number of training individu-
als in the latter population. In other studies, high LD/
low Ne was obtained in full-sib families GS (Cros 
et  al.  2017; de Souza et  al.  2018; Gois et  al.  2016; 
Kwong et al. 2017b). This strategy is also applied in 
other crops as it maximizes GS accuracy, although 
at the cost of only applying to families comprising 
the training population (Crossa et al. 2017; Lebedev 
et al. 2020; Lin et al. 2014).

The fact that GS accuracy reaches a plateau when 
marker density reaches a certain level (see below) 
suggests that an appropriate strategy to filter the 
markers would increase the cost-efficiency of GS. Fil-
tering SNPs on LD has been investigated in several 
studies, as the SNPs that show very high LD values 
provide redundant information. In oil palm, Kwong 
et al. (2017a) evaluated the impact of marker density 
reduction by LD filtering and noted that, for some 
traits, it was possible to reach the same GS accuracy 
as using all the SNPs.

Marker density and marker type

As marker density strongly affects the extent of LD, 
it also plays a major role in GS accuracy. In GS stud-
ies of both plants and animals, increasing the num-
ber of markers was shown to improve prediction 
accuracy until a plateau was reached (Isik  2014; 
Lin et  al.  2014; Meuwissen et  al.  2001; Robertsen 
et  al.  2019; Solberg et  al.  2008). The same trend 
was observed in tropical perennial crops and planta-
tion trees, where the density of markers required to 
reach maximum prediction accuracy depends in par-
ticular on the type of population, trait, and marker. 
Romero Navarro et  al. (2017) found increasing pre-
diction accuracy for yield and disease traits in cocoa 
with increasing marker density before a plateau was 
reached at around 1000 markers. In the rubber tree, 
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the prediction accuracy for rubber yield plateaued at 
around 300 SRRs (Cros et  al.  2019). In eucalyptus, 
the prediction accuracy among five growth and wood 
property traits reached a plateau between 5000 and 
20,000 SNPs (Tan et al. 2017). Among seven produc-
tion traits in oil palm hybrids, the plateau was reached 
with 500 to 2000 SNPs (Cros et al. 2017).

GS accuracy is also affected by the type of marker. 
Thus, in oil palm, GS accuracy for bunch number 
and average bunch weight plateaued at 160 SSRs in 
heterotic group A and at 90 SSRs in group B (Mar-
chal et  al.  2016) versus 3000 SNPs in group A and 
350 SNPs in group B (Cros et al. 2017). This likely 
resulted from the fact that, as SNPs are biallelic, they 
are less informative than SSRs. However, in prac-
tice, SSRs cannot be used for genomic predictions, as 
GS relies on dense genotyping of large populations 
of selection candidates and therefore requires high 
throughput genotyping approaches at a reasonable 
cost. If marker density is constrained by the genotyp-
ing approach, the GS accuracy may be reduced. Thus, 
Kwong et  al. (2017b) obtained mean GS prediction 
accuracies of 0.21 over palm oil yield components 
using 135 SSRs, versus 0.31 with 200 K SNPs.

Two primary options are available to reach 
the high marker density required for GS: methods 
that reduce genome complexity and SNP arrays 
(Edwards et  al.  2013; Wiggans et  al.  2017). They 
were made possible by the development of NGS 
technologies, which became available between 2004 
and 2006 (Hu et al. 2021). Less expensive and with 
much higher throughput than the Sanger method 
(Sanger and Coulson 1975; Sanger et  al. 1977), 
NGS methods have made it possible to carry out 
high-density and high-throughput genotyping, i.e., 
with good genome coverage in large populations, 
at an affordable cost. SNP arrays have been devel-
oped in several tropical perennial crops and planta-
tion trees, with, for example, a 200  K array in oil 
palm (Kwong et al. 2016), a 60 K array in eucalyp-
tus (Silva-Junior et  al.  2015), and a 15  K array in 
cacao (McElroy et  al.  2018). Most SNP genotyp-
ing methods based on reducing genome complex-
ity consist of restriction enzyme-based approaches 
and sequence capture (Uitdewilligen et  al.  2013; 
Zhou and Holliday  2012). These methods do not 
require specific preliminary investment and can be 
applied directly to any population. Given their rela-
tive simplicity and lower cost compared to SNP 

arrays, they became widely used, in particular for 
introgression breeding, genome-wide association 
mapping (GWAS), and QTL mapping (see, e.g., 
Kitony et al. (2021) and Reyes et al. (2021) in rice, 
Pootakham et al. (2015) in oil palm, or Chia Wong 
et al. (2022) in cacao). However, they are associated 
with a higher rate of missing data and genotyping 
errors than SNP arrays. Despite these differences, 
it seems that the choice between these two types 
of approaches has no impact on GS accuracy: The 
accuracy of genomic prediction of 13 wood quality 
and growth traits in eucalyptus using SNP geno-
types obtained with sequence capture and a 60  K 
SNP array was similar (de Moraes et al. 2018).

Training and validation population relatedness

The accuracy of GS is positively correlated with the 
relatedness between the training and test population 
(Daetwyler et al. 2013; Isidro y Sánchez J, Akdemir 
D 2021; Pszczola et al. 2012; Wientjes et al. 2013). 
This is because when pairs of genotypes are closely 
related, they tend to share long haplotype blocks in 
the same linkage phase. To limit allele duplication 
and redundancy, relationships within the training 
population should be minimized (Isidro y Sánchez 
J, Akdemir D 2021). The accuracy of GS in tropical 
perennial crops and plantation trees was also found 
to be affected by the relatedness between the train-
ing and test population. In two eucalyptus species, 
E. benthamii and E. pellita, Müller et  al. (2017) 
found that prediction accuracy declined strongly 
for three growth traits when individuals were ran-
domly assigned to the training and validation popu-
lations compared to when they were assigned using 
a principal component analysis to minimize related-
ness between training and validation populations. 
Similarly, considering eight wood growth and qual-
ity traits in Eucalyptus urophylla × E. grandis, Tan 
et  al. (2017) obtained the worst prediction accura-
cies when minimizing the relatedness between the 
training and validation populations using k-means 
clustering. In another study, a significant positive 
correlation was found between GS accuracy and the 
relationship between training and validation popula-
tions for various production traits in oil palm (Cros 
et al. 2015).
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Size and design of the training population

The size of the training population is one of the most 
important factors that determine GS accuracy. Sev-
eral GS studies have reported that increasing the size 
of the training population improves GS accuracy 
(Calleja-Rodriguez et  al. 2020; Cericola et  al. 2018; 
Combs and Bernardo  2013; Isidro et  al.  2015; Liu 
et al. 2018; Nielsen et al. 2016; Tan et al. 2017). In 
a family of full-sibs of Hevea brasiliensis, Cros et al. 
(2019) reported an increase in the accuracy of GS for 
rubber yield with an increase in the size of the train-
ing population up to a plateau of 200 individuals. In 
Eucalyptus, Denis and Bouvet (2013) also reported an 
increase in GS accuracy as a result of increasing the 
size of the training population, and Tan et al. (2017) 
reported an increase in GS accuracy that followed a 
diminishing return trend with increasing size of the 
training population.

The possibility of assembling large training popu-
lations among tropical perennial crops and planta-
tion trees is contrasted. Thus, training populations 
comprising more than 1000 individuals were used 
in eucalyptus (Mphahlele et al. 2021), cacao (McEl-
roy et al. 2018), and oil palm (Kwong et al. 2017a), 
whereas only small populations (< 600 individuals) 
have been used so far in banana (Nyine et al. 2018), 
rubber tree (Cros et al. 2019; Munyengwa et al. 2021; 
Souza et  al.  2019), coffee (Fanelli Carvalho 
et  al.  2020; Ferrão et  al.  2019; Sousa et  al.  2020, 
2019, p. 2), jatropha (Peixoto et al. 2017), and guava 
(Silva et  al.  2021). However, the size of the train-
ing population must be considered in relation to the 
relatedness between training and validation popu-
lations. Thus, for GS predictions in a biparental 
cross, it is better to use a relatively small but highly 
related training population of full-sibs or half-sibs 
than a large training population comprising distantly 
related or unrelated individuals (Brandariz and Ber-
nardo 2019a; Brauner et al. 2020).

For some of the species considered here, breeding 
relies on a large number of phenotyped individuals, 
e.g., thousands of individuals for yield components 
and tolerance to ganoderma disease in oil palm (Cros 
et al. 2017; Daval et al. 2021) and thousands of indi-
viduals for tolerance to pests and diseases in Eucalyp-
tus grandis (Mphahlele et al. 2021). In this case, gen-
otyping a sample of the phenotyped population and 
making the genomic predictions using the single-step 

GBLUP approach (Lourenco et  al.  2020), i.e., using 
a training population combining the genomic data of 
the genotyped individuals and the genealogical data 
of the others, is an efficient way to maximize the cost-
efficiency of GS; see Mphahlele et  al. (2021) in E. 
grandis, Cappa et al. (2019) in a complex eucalyptus 
population, and Imai et al. (2019) in citrus.

The cost of phenotyping is a major constraint 
in GS, especially now that sequencing costs have 
dramatically decreased thanks to next-generation 
sequencing (Akdemir and Isidro-Sánchez 2019). This 
financial constraint is particularly applicable to per-
ennial crops, as their phenotypic evaluation requires 
large surface areas over several years. Thus, train-
ing populations need to be optimized to improve the 
cost-effectiveness of GS in these species. Training 
population optimization is the process of selecting, 
within a pool of individuals that could be used to 
train the GS model, a sample of individuals that will 
best predict the genetic value of the selection candi-
dates (Isidro y Sánchez J, Akdemir D 2021). Several 
methods have been developed to optimize the training 
population, including CD-mean, PEV-mean, stratified 
sampling, or EthAcc (Isidro y Sánchez J, Akdemir 
D 2021). This aspect has received little attention in 
tropical perennial crops and plantation trees, although 
in oil palm, Cros et al. 2015 confirmed the efficiency 
of training population optimization to improve GS 
accuracy.

Trait heritability

The broad-sense heritability of a trait (H2) is defined 
as the proportion of the phenotypic variance that is 
genetically controlled. Narrow-sense heritability (h2) 
considers only variations due to additive gene action 
and ignores non-additive (dominance and epistasis) 
genetic effects (Falconer and Mackay  1996). In GS 
studies, the heritability of the trait affects the accu-
racy of GEBV, with higher h2 leading to greater GS 
accuracy (Hayes et al. 2009; Lin et al. 2014; Meuwis-
sen et al. 2001, p. 2). This was illustrated by studies 
in tropical perennial crops and plantation trees where 
positive correlations were found between h2 and GS 
prediction accuracy for a set of disease resistance and 
yield traits in cacao (Romero Navarro et  al.  2017), 
eight palm oil production traits in the B heterotic 
group used in oil palm breeding (Cros et al. 2015), 18 
Arabica coffee agronomic traits (Sousa et al., 2019), 
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and 15 vegetative growth, disease resistance, and 
fruit production traits in banana (Nyine et al. 2018). 
When simulating GS in eucalyptus, Denis and Bou-
vet (2013) noted that the prediction accuracy was 
higher with H2 = 0.6 than with H2 = 0.1, regardless of 
the ratio of dominance to additive variance, modeling 
dominance or not, or the breeding cycle. However, 
some studies detected no effect of trait heritability on 
GS prediction accuracy, but the effect may have been 
masked by other factors with stronger effects on pre-
diction accuracy than heritability, in particular vari-
ations in the size of the training population, among 
traits, like in Durán et al. (2017).

Genetic gain from genomic selection

Genetic gain from the selection is defined as the 
improvement in the average genetic value of a pop-
ulation under the effect of selection over breeding 
cycles (Hazel and Lush  1942). GS has substantially 
increased genetic gain in animal breeding and plays 
a central role in many commercial plant breeding 
programs (Fugeray-Scarbel et  al.  2021; Voss-Fels 
et al. 2019; Wartha and Lorenz 2021; Xu et al. 2020). 
The main advantages of GS over conventional phe-
notypic selection are its ability to (i) increase selec-
tion intensity and/or to shorten the generation interval 
by replacing all or part of the phenotyping activities 
by genotyping in selected breeding cycles and (ii) 
increase accuracy for traits that are difficult to phe-
notype (Fugeray-Scarbel et  al.  2021; Wartha and 
Lorenz 2021).

When GS is used to increase selection inten-
sity or to shorten the breeding cycle, an increase in 
annual genetic gain can be obtained even though GS 
is less accurate than conventional phenotypic evalu-
ation. This has been illustrated in studies of tropical 
perennial crops and plantation trees that are promis-
ing for GS due to their long generation intervals and 
challenging phenotypic evaluations. Thus, based on 
the relative accuracy of GS and phenotypic selec-
tion, Resende et  al. (2012, 2017) demonstrated that 
GS could significantly increase annual genetic gain 
for growth and wood quality traits in eucalyptus, i.e., 
from + 50% to + 300%, thanks to the fact that GS 
can be implemented at the seedling stage (< 1 year), 
i.e., much earlier than phenotypic selection, which 
cannot be carried out before at least three years old. 

Additionally, the possibility of increasing selection 
intensity by using a bigger population of selection 
candidates should further increase the advantage of 
GS over conventional selection. Based on 17 years of 
E. grandis breeding, Mphahlele et al. (2021) reported 
that the accumulated genetic gain with GS would be 
from 1.53 to 3.35 times higher than with conventional 
phenotypic selection, depending on the trait, because 
GS allows three breeding cycles in a 17-year period 
versus two with phenotypic selection. In coffee, it 
was also shown that with GS, 3-year breeding cycles 
would lead to a higher annual genetic gain in traits for 
growth, production, and tolerance to biotic stresses 
than the conventional 6-year phenotypic breeding 
cycles in Coffea arabica (Sousa et  al.  2019) and in 
Coffea canephora (Alkimim et  al.  2020). Similarly, 
an increase in annual genetic gain through a reduction 
in the generation interval with GS has been reported 
in citrus (Gois et al. 2016) and in rubber tree (Souza 
et al. 2019).

However, in many cases, the advantage of using 
GS over phenotypic selection in terms of genetic gain 
did not concern all the traits of interest. In this case, 
the interest of GS is its ability to increase selection 
intensity. This leads to a two-stage breeding scheme, 
starting with genomic selection, followed by pheno-
typic selection. In this case, the limiting factor for GS 
is the number of selection candidates that can be gen-
otyped. In oil palm, using GS for bunch production 
before conventional phenotypic progeny tests was 
estimated to improve the performance of the selected 
A × B hybrids by more than 10% when 4000 A and 
4000 B were genotyped (Cros et al. 2017). Similarly, 
in a full-sib rubber tree family, applying GS to 3000 
individuals before clonal trials would have increased 
the selection response for rubber production by 
around 10% (Cros et al. 2019).

Some studies on tropical perennial crops and plan-
tation trees also compared GS and QTL-based MAS 
approaches and the genetic gain expected from GS. 
For instance, in cacao, McElroy et  al. (2018) found 
that GS largely outperformed GWAS in genetic gain 
for most of the disease resistance traits considered. In 
breeding populations of eucalyptus under selection, 
Müller et  al. (2017) showed that GS outperformed 
GWAS for growth traits, as GS accounted for large 
proportions of the heritability, whereas GWAS cap-
tured very few significant associations. In a study 
simulating several cycles of within-family oil palm 
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breeding, Wong and Bernardo (2008) found that GS 
enabled higher annual genetic gains than marker-
assisted recurrent selection for all the family sizes, 
number of QTLs, and heritability considered.

Future prospects for genomic selection 
in perennial tropical crops and plantation trees

Promising results have already been obtained with GS 
in tropical perennial crops and plantation trees. How-
ever, different aspects require further investigation to 
take full advantage of the approach. As mentioned 
above, statistical approaches for predictions still 
require attention; in particular, single-step GBLUP 
and multivariate models need to be more widely used 
and artificial neural networks need to be investigated 
in greater detail. Training populations also need opti-
mization. Other promising aspects have hardly or not 
been studied at all so far for use with GS in tropical 
perennial crops and plantation trees, and these aspects 
are discussed below.

High-throughput phenotyping

High-throughput phenotyping (HTP) platforms allow 
faster phenotyping and reduced labor costs compared 
to conventional methods (Persa et  al.  2021). HTP 
allows analyses at the field scale with outdoor plat-
forms that use remote sensing and imaging, mostly 
based on visible/near-infrared and far-infrared spec-
troscopy, and analyses of the harvestable part of the 
crop using near-infrared reflectance spectroscopy 
(NIRS). The use of HTP has already led to signifi-
cant results in model species such as rice, maize, and 
wheat, for a wide range of traits, like adaptation, qual-
ity, and vegetative growth (Asaari et al. 2019; Blan-
con et  al.  2019; Chattopadhyay et  al.  2019; Juliana 
et al. 2019; Sun et al. 2019; Wu et al. 2019). For GS, 
HTP is an efficient way to characterize large train-
ing populations (Wartha and Lorenz  2021). This is 
particularly useful for perennial species that require 
phenotyping over extended periods of time. HTP 
has already been used in different tropical perennial 
crops and plantation trees. For instance, multispec-
tral data collected from an unmanned aerial vehicle 
were used to estimate the height and diameter at the 
breast height of eucalyptus trees (Borges et al. 2021). 
NIRS has also been used for rapid quantification of 

flavor-related components of cocoa and beverage 
quality components of Arabica coffee (e.g., Álvarez 
et al. 2012; dos Santos Scholz et al. 2014). In euca-
lyptus populations used for GS, NIRS was used to 
measure chemical and physical wood quality traits 
(de Moraes et al. 2018; Durán et al. 2017; Rambolari-
manana et al. 2018).

In addition to enabling the phenotyping of large 
populations, HTP data can be used in GS models 
as covariates associated with the trait of interest to 
increase prediction accuracy (Persa et  al., 2021). To 
our knowledge, this aspect has not been investigated 
so far in GS studies on tropical perennial crops and 
plantation trees, but such studies would be of interest.

Phenomic selection is another approach that relies 
on spectral data that are usually obtained by NIRS 
(Rincent et  al.  2018). In this case, the prediction of 
the genetic values is based on spectral data instead of 
molecular markers, meaning genomic data could no 
longer be needed. Phenomic selection has been inves-
tigated in a few crops, particularly in two temperate 
perennial species, poplar and grapevine. In poplar, 
the expected genetic gain using phenomic selection 
was higher than or the same as using genomic selec-
tion, depending on the trait (Rincent et al. 2018). In 
grapevine, phenomic predictions were reported to be 
a possible alternative to genomic predictions (Brault 
et al. 2022).

Longitudinal traits

Longitudinal traits are traits recorded repeatedly over 
the period of interest in the lifetime of individuals. 
This is a common case in perennial species. In tropi-
cal perennial crops and plantation trees, longitudi-
nal traits are, for instance, growth and production, 
which are evaluated on each plant at different ages. 
The random regression model, a standard approach 
used for the genetic analysis of such traits (Oliveira 
et al. 2019), is a mixed model that makes it possible 
to model individual genetic values as a continuous 
function of time (or environmental covariates, see 
below), which can lead to more accurate estimates 
of the genetic values and facilitate the selection of 
genotypes with an optimal profile over the period of 
interest. Random regression can link genetic effects 
and time with complex functions, including nonlin-
ear patterns, without making assumptions about the 
shape of the curve (Mrode 2014; Oliveira et al. 2019). 
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The parameters that characterize these functions (e.g., 
slopes and intercepts for linear functions) are treated 
as random effects, and the analysis yields genotype-
specific parameters. Random regression has already 
been used for genomic predictions of longitudinal 
traits in different species, in particular in animals 
(Oliveira et al. 2019). Surprisingly, even though many 
traits in tropical perennial crops and plantation trees 
are longitudinal, random regression has rarely been 
used in these species. One example is Jatropha cur-
cas, where random regression was used to analyze 
grain yield over the years (Peixoto et al. 2020). How-
ever, to our knowledge, this approach has not been 
used in the context of GS in tropical perennial crops 
and plantation trees so far.

Leveraging multi-environment trials

Multi-environment trials and GS models that account 
for environmental effects make it possible to predict 
the genetic value of new genotypes in known environ-
ments, known genotypes in new environments, and 
new genotypes in new environments (Bustos-Korts 
et al. 2016; Malosetti et al. 2016). The ability to pre-
dict the performances in new environments is of major 
interest in the context of climate change, in particular 
for perennial crops where breeding suffers from iner-
tia due to the length of the breeding cycles. Analysis 
of genotype-by-environment interactions (GEI) helps 
select genotypes that are stable across environments 
and can identify the best genotypes for specific tar-
get environments. In particular, this has been exten-
sively studied in cereals (Crossa et  al.  2017). Con-
sidering GEI in GS models can significantly increase 
prediction accuracy when data from multi-environ-
ment trials are available (Tong and Nikoloski  2021; 
Xu et  al.  2020). A variety of approaches have been 
developed to incorporate environmental data in GS 
models (Bustos-Korts et al. 2016; Crossa et al. 2017; 
Malosetti et  al. 2016; Tong and Nikoloski 2021; Xu 
et al. 2020). The most attractive methods enable pre-
dictions in new environments using reaction norms 
(Costa-Neto et  al.  2021; Costa-Neto and Fritsche-
Neto 2021; Crossa et al. 2021) or crop growth models 
(CGM) (Crossa et al. 2021; Van Eeuwijk et al. 2019; 
Xu et al. 2020).

Reaction norms are linear or nonlinear functions 
that describe the phenotypes produced by a sin-
gle genotype across an environmental gradient (Li 

et  al.  2017). They can be incorporated into genetic 
analyses using random regression (Marchal 
et al. 2019; Mrode 2014; Oliveira et al. 2019), leading 
to genotype-specific coefficients that characterize ran-
dom norms for each environmental covariate. Equiv-
alently, the environmental covariates can be used to 
build an environmental relationship matrix that iden-
tifies putative similarities among the environments 
considered (Costa-Neto et al. 2021), rather like using 
SNPs to build the relationship matrix.

CGM relies on plant physiology, soil science, and 
climatology principles to model plant development. 
CGMs use equations involving genetic parameters 
that are specific to the genotypes under consideration 
and are assumed to be independent of the environ-
ment and environmental variables (Boote et al. 2013). 
Several methods have been developed to incorporate 
CGM in the context of GS (Crossa et al. 2021; Rin-
cent et  al.  2017). CGM can be implemented to pre-
dict developmental stages that – along with daily 
weather data – will be used to compute climate stress 
covariates according to the plant development stage. 
CGM can also be used to compute environmental 
stress covariates that include the response of the crop 
to environmental conditions. These environmental 
covariates can then be incorporated in the GS model 
using, for example, random regression. Alternatively, 
the genetic parameters of the CGM can be estimated 
for the genotypes that comprise the training set and 
the genetic parameters of the selection candidates 
predicted by a GS model. Using the CGM and envi-
ronmental covariates makes it possible to predict the 
phenotype of the selection candidates in the target 
environment. This approach has been termed gene-
based modeling. Another method consists of incorpo-
rating a CGM in the GS prediction framework for the 
joint estimation of marker effects and CGM genetic 
parameters. This is referred to as CGM-WGP (whole-
genome predictions) and relies on the use of approxi-
mate Bayesian computation or Bayesian generalized 
linear hierarchical models.

Ideally, the use of reaction norms or CGM requires 
the identification of all the environmental covariates 
that affect the trait of interest and the availability of 
environmental data at the plant level. This refers to 
the concept of envirotyping (Xu 2016) and its exten-
sion to large scale across time and space and enviro-
mics (Resende et  al.  2021). To our knowledge, only 
two GS studies have considered multi-environment 



 Mol Breeding           (2022) 42:58 

1 3

   58  Page 12 of 23

Vol:. (1234567890)

trials in tropical perennial crops and plantation trees 
so far. Souza et al. (2019) made genomic predictions 
obtained with multi-environment data and modeling 
approaches including environmental effects and GEI 
applied to rubber trees grown in two environmental 
conditions. These authors showed that multi-envi-
ronment models captured a larger proportion of the 
genetic variance than single-environment approaches. 
In Coffea canephora, Ferrão et al. (2019) used multi-
plicative models in which genetic and environmental 
effects were handled in a common random effect asso-
ciated with a variance–covariance matrix obtained by 
the Kronecker product of genetic and environmental 
variance–covariance matrices. These authors showed 
that this approach resulted in more accurate GS than 
traditional GBLUP, as the latter did not account for 
environmental information. This area of GS needs 
further study in tropical perennial crops and planta-
tion trees, and particular attention should be paid to 
the use of CGM, reactions norms, and enviromics. 
This could leverage tools and skills that are already 

available in these species. Thus, crop growth models 
have already been developed, for example, in cocoa 
(Zuidema et  al.  2005), oil palm (Huth et  al.  2014), 
and eucalyptus (de Freitas et  al.  2020), and reaction 
norms were constructed in arabica coffee (Bertrand 
et al. 2015) and used with random regression for GEI 
analysis in conventional eucalyptus breeding (Alves 
et al. 2020).

Beyond single-locus genotype data

Different types of molecular information can now be 
exploited by the GS model, which could lead to an 
increase in the accuracy of predictions by better mod-
eling the genotype–phenotype relationship (Fig. 1).

The use of haploblocks made of two or more adja-
cent SNPs instead of single SNPs was investigated for 
genomic predictions, as it could increase GS accuracy 
by better capturing identity-by-descent between indi-
viduals, giving higher LD between QTLs and hap-
loblock alleles, or capturing epistatic effects between 

Fig. 1  Overview of possible molecular information for opti-
mizing GS models. Genomic features can be defined in various 
ways: location in QTL, functional and structural annotations, 

etc. (Sørensen et al. 2013). Two genomic features were consid-
ered here for illustration
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SNPs in the same haploblock (Bhat et al. 2021; God-
dard and Hayes 2007; Hess et al. 2017). Ballesta et al. 
(2019) explored the advantages of using haplotypic 
data for GS in Eucalyptus globulus and showed that 
prediction accuracy was significantly higher for low 
heritable traits when haploblocks were used instead 
of single SNPs. However, the relative efficiency of 
using haploblocks or single SNPs for genomic pre-
dictions is affected by many parameters, in particu-
lar the size of the training population, the level of 
LD, the method used to define the haploblocks, and 
the phasing accuracy (Bhat et al. 2021; Goddard and 
Hayes  2007; Hess et  al.  2017). This aspect requires 
further investigation in tropical perennial crops and 
plantation trees.

The use of pangenomes is another possible avenue 
of GS research. Progress in sequencing techniques 
has enabled the comparison of individual genomes 
within species and shown that structural variations 
(SV) represent a significant proportion of polymor-
phism (Yuan et  al.  2021). SVs consist of deletions, 
insertions, copy number variations, inversions, or 
translocations, with size > 50  bp. In particular, SVs 
include variations in gene presence/absence, with 
core genes that are found in all individuals and vari-
able genes that are absent in some individuals. SVs 
cannot be represented by single reference genomes, 
and pangenomes are thus required to harness the 
whole genetic diversity of the breeding population 
(Bayer et  al.  2021; Scossa et  al.  2021). So far, very 
few studies have considered using structural varia-
tions for genomic predictions. In wheat, Würschum 
et  al. (2017) obtained a slight increase in GS accu-
racy when markers specifically targeting a CNV 
contributing to the genetic control of the target trait 
were included in the model. Similarly, in maize and 
cattle, the use of CNV information in the GS model 
increased prediction accuracy in some cases (El 
Hamidi et al. 2018; Lyra et al. 2019). The use of SV 
information for genomic predictions deserves greater 
attention, and this will be greatly facilitated by pange-
nomes. Several reference genomes are already avail-
able for certain tropical perennial crops and plan-
tation trees (e.g., cocoa and oil palm), and the next 
step should be the construction of pangenomes. The 
biggest impact could be on polyploid crops, such as 
bananas, as SV may represent an even higher pro-
portion of polymorphisms in polyploids (Schiessl 
et al. 2019).

Another way of improving GS accuracy is to 
incorporate existing information concerning poly-
morphisms, particularly that obtained from stud-
ies of QTL detection, in the prediction model (Xu 
et  al.  2020). Different modeling approaches have 
been developed for this purpose, and their efficiency 
has been demonstrated in animal and plant stud-
ies, including temperate perennial fruit trees (Nsibi 
et al. 2020). However, very few studies have investi-
gated this aspect in tropical perennial crops and plan-
tation trees so far. In oil palm, Kwong et al. (2017a) 
applied RRBLUP using only SNPs with the highest 
GWAS association score, which made it possible 
to reduce marker density while achieving better or 
the same accuracy as using all the SNPs. A similar 
result was obtained in eucalyptus (Tan and Ingvars-
son  2019). However, these approaches depend on 
a careful definition of the training and application 
populations. Thus, in cocoa, the inclusion of the 
SNPs detected by GWAS as fixed effects in the GS 
model did not improve prediction accuracies, which 
likely resulted from a too high genetic differen-
tiation between the training and application popula-
tions, making the detected SNPs irrelevant (McElroy 
et al. 2018).

Incorporating endophenotypes, or intermediate 
phenotypes, in prediction models is another promis-
ing feature of GS research. Endophenotypes, and in 
particular transcriptomic and metabolomic data, have 
been used jointly with genomic data in a few crops 
(Scossa et  al.  2021; Tong and Nikoloski  2021; Xu 
et al. 2020). These multi-omics prediction approaches 
are expected to better capture minor and non-additive 
effects and to better model the relationship between 
genotypes and phenotypes. Multi-omics prediction 
produced promising results in rice and maize, where 
they outperformed single-omic predictions. This 
requires specific statistical approaches, like machine 
learning (Montesinos-López et  al.  2021; Tong and 
Nikoloski 2021). Investigating these aspects would be 
of interest to tropical perennial crops and plantation 
trees.

GS aided re-domestication and introgression breeding

Some perennial tropical crops have breeding popu-
lations with narrow genetic bases, and hence, only 
a fraction of the genetic diversity of the species is 
exploited, for instance, in Coffea Arabica (Tran 
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et  al.  2016), cacao (Lanaud et  al.  2001; Zhang and 
Motilal 2016), and rubber (Priyadarshan 2011). This 
usually resulted from choices and constraints dating 
back to the beginning of the breeding of these crops, 
or even before. In addition, the criteria originally used 
to select individuals might differ from the criteria that 
are of interest today, and current breeding populations 
may no longer correspond to current needs in terms of 
diversity. For example, in oil palm, the Deli breeding 
population, which today is used as one of the two het-
erotic populations mated to produce the vast majority 
of the oil palm cultivars, originated from four indi-
viduals collected in Africa and planted in Indonesia 
in 1848, decades before the establishment of the first 
commercial plantations (Corley and Tinker  2016). 
The other oil palm breeding populations derived 
from a small number of founders selected among 
individuals collected in restricted regions during 
prospections, usually in the first half of the twen-
tieth century. Although this led to reduced effective 
sizes (Cros et  al.  2014), which is advantageous for 
GS accuracy, it constrains the long-term genetic gain. 
Also, for the La Mé oil palm breeding population, 
the founder individuals were selected in the 1920s, 
giving less importance to the proportion of pulp in 
the fruits than breeders do today (Cochard  2008). 
Although this has not prevented significant genetic 
progress (e.g., in oil palm, genetic progress is consid-
ered to be 1–1.5% per year (Rival and Levang 2014), 
and in rubber tree, yield increased from 500 kg  ha−1 
in primary clones developed in the 1930–1960 
period to 2500 kg  ha−1 in the best clones today (Pri-
yadarshan  2011)), broader genetic diversity of the 
crops concerned would help maintain the rate of the 
genetic progress and likely increase it. This could 
be achieved through the re-domestication of existing 
crops (Tian et  al.  2021), which consists in initiating 
breeding afresh from a renewed and broader diver-
sity comprising ancestors and/or natural populations 
of existing crops. Introgression breeding could also 
play an important role in increasing genetic diversity 
by transferring exotic alleles from the related species 
of cultivated crops (Gramazio et al. 2021). GS is an 
attractive way of implementing these processes effi-
ciently (Crossa et al. 2017). Indeed, re-domestication 
or introgression breeding of perennial tropical crops 
and plantation trees would normally require many 
decades of phenotypic selection, making GS a par-
ticularly attractive option. One example is already 

available in a temperate perennial fruit tree, apple 
(Kumar et al. 2020), a study which suggested that, for 
the introgression of monogenic traits into a superior 
germplasm by backcrosses or pseudo-backcrosses, 
GS would be efficient for the background selection 
implemented among the individuals that inherited the 
trait of interest from the exotic donor germplasm, as 
it would accelerate the elimination of the unwanted 
alleles of the donor, compared to conventional phe-
notypic background selection. The use of GS for this 
purpose should be considered in perennial tropical 
crops and plantation trees where introgression breed-
ing from wild species has already been shown to be of 
interest, including citrus, banana, and cacao (Scossa 
et al. 2016).

Combining profiles of predicted marker effects and 
targeted recombination

As mentioned above, one limiting factor in breeding 
perennial crops is the constrained size of the popula-
tion of selection candidates, as the larger the popu-
lation, the more exhaustive the search for elite indi-
viduals within the diversity generated by meiosis. GS 
makes it possible to increase the population of selec-
tion candidates by replacing phenotyping with geno-
typing. Controlling the gametes generated at meiosis 
could further increase the efficiency of the breeding 
scheme. This could be made possible by combining 
genome-wide profiles of marker effects estimated 
using GS models and targeted recombination (Ber-
nardo 2017). The profiles of marker effects along the 
chromosomes of heterozygote individuals could be 
used to identify sites in the genome where recombi-
nations would maximize the genetic value of their 
gametes by aggregating blocks of favorable alleles. 
Recombinations could be obtained at these sites 
through genome editing, and the progenies of the 
regenerated edited individuals were screened to iden-
tify the best ones. This approach has great potential to 
increase genetic progress (Bernardo 2017; Brandariz 
and Bernardo  2019b). Genome editing tools are 
under active development in perennial tropical crops 
and plantation trees, for example, in cacao (Fister 
et  al.  2018) and oil palm (Yeap et  al.  2021). How-
ever, further studies are required in these species to 
develop efficient, targeted recombination approaches 
and to evaluate the relative efficiency of breeding 
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schemes involving targeted recombinations and con-
ventional schemes.

GS-based breeding consortia

Breeding for perennial crops is highly complex and 
very costly, and only limited resources are available 
for breeding many tropical perennials. Furthermore, 
as we have seen throughout this review, using GS 
requires expertise in a range of scientific and techni-
cal fields, including quantitative genetics, biostatis-
tics, bioinformatics, genomics, computer program-
ming, and, in particular, with the growing interest 
in machine learning, mathematics. GS also often 
requires a large training population which, in the 
context of climate change, will need to be evaluated 
in multiple environments. This puts tropical peren-
nial crops in a completely different situation than 
many other crops including temperate cereals and 
legumes that can rely on a dynamic private sector to 
bring together the required human resources, pheno-
typing and genotyping capacities, etc. and to make 
rapid progress in innovative methods, resulting in 
the release of cultivars that have benefited from these 
methods. One possible solution for tropical perennial 
crops would be to strengthen international collabora-
tion by sharing the efforts required for the practical 
implementation of GS, i.e., multi-environment phe-
notyping, high-throughput genotyping, and statisti-
cal analyses for genomic predictions. Sneller et  al. 
(2021) called for the construction of GS-based breed-
ing consortia, which would allow each member of a 
consortium to share the overall GS costs while pre-
dicting the genetic value of its selection candidates 
using a large training population comprising genetic 
material from all the consortium partners. Another 
advantage of such consortia would be the possibil-
ity to evaluate genetic material in different environ-
ments through the exchange of plant material among 
the consortium partners. Even so, there would have 
to be some relatedness between the plant material 
shared by the members of the consortium, and suffi-
cient genotypes would have to be evaluated in differ-
ent partners’ environments (Sneller et al. 2021). Such 
a consortium is a possible solution for the implemen-
tation of GS for tropical perennial species on which, 
to our knowledge, no GS studies have been published 
so far, including coconut, papaya, avocado, mango, 
or teak, despite their major economic importance. 

Projects in this sense are currently being set up for 
some perennial tropical crops and plantation trees, 
like coffee (World Coffee Research 2022), while oth-
ers could emerge by building on existing networks, 
like MusaNet (https:// musan et. org/) and CacaoNet 
(https:// www. cacao net. org/).

Conclusion

Genomic selection (GS) should revolutionize the 
breeding of perennial tropical crops and plantation 
trees as it has already produced promising results in 
terms of an increase in the rate of genetic progress. 
GS will (i) enable increased selection intensity and/
or a shorter generation interval by replacing all or 
some phenotyping by genotyping in selected breed-
ing cycles and (ii) increase accuracy for traits that are 
difficult to phenotype. Overall, the main factors that 
affect GS accuracy have been well studied in peren-
nial tropical crops and plantation trees. However, 
the level of studies on GS varied in the following 
species: Some, like eucalyptus and oil palm, can be 
considered as models for GS including an in-depth 
assessment of its practical potential; in others, like 
banana and guava, GS studies were recently initiated, 
while in other species, like coconut, papaya, avocado, 
mango, and teak, despite their economic importance, 
no GS study has been conducted so far.

The results obtained in the plant and animal spe-
cies where GS has been investigated to date suggest 
that optimal GS predictions could be achieved through 
joint analysis of all available information concerning 
genotype-to-phenotype relations, possibly including 
multiple omics and phenotypic data on multiple traits 
in several well-characterized environments, using prior 
information available on markers and all types of poly-
morphisms present in the populations concerned. For 
perennial crops, in which phenotyping is particularly 
complex and resource-consuming, there is an urgent 
need for increased international cooperation in the 
form of GS-based consortia to be able to gather such 
large datasets at a reasonable cost. The optimal imple-
mentation of GS will also require going beyond the 
standard GS technologies and methodologies used 
today. In particular, high-throughput phenotyping is a 
key approach to gathering the required amount of phe-
notypic data on such large populations at a reasonable 
rate and cost. Statistical methodologies able to handle 

https://musanet.org/
https://www.cacaonet.org/
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large multidimensional heterogeneous datasets are also 
required, and machine learning approaches are crucial, 
particularly artificial neural networks.

Future GS research in tropical perennial crops and 
plantation trees should systematically consider the use 
of single-step GBLUP when phenotypic data are avail-
able on ungenotyped individuals, the use of multivari-
ate models when the traits of interest comprise corre-
lated traits with contrasting levels of heritability, and 
random regression models for longitudinal traits. Train-
ing population optimization should also be undertaken. 
Targeted recombinations on sites identified based on 
the profiles of predicted marker effects should be inves-
tigated. Furthermore, GS has the potential to make re-
domestication possible as well as to boost introgression 
breeding.
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