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Abstract: Kersting’s groundnut is an important source of protein and essential nutrients that 
contribute to food security in West Africa. However, the crop is still underexploited by the 
populations and under-researched by the scientific community. This study aimed to investigate the 
genetic diversity and population structure of 217 Kersting’s groundnut accessions from five origins 
using 886 DArTseq markers. Gene diversity was low and ranged from 0.049 to 0.064. The number 
of private alleles greatly varied among populations (42–192) and morphotypes (40–339). Moderate 
to very high levels of selfing and inbreeding were observed among populations (s=56–85%, 
FIS=0.389–0.736) and morphotypes (s=57–82%, FIS=0.400–0.691). Moreover, little to very high genetic 
differentiations were observed among populations (0.006≤FIS≤0.371) and morphotypes 
(0.029≤FIS≤0.307). Analysis of molecular variance partitioned 38.5% of the genetic variation among 
and 48.7% within populations (P<0.001). Significant isolations by distance were detected between 
populations (R2=0.612, P=0.011) and accessions (R2=0.499, P<0.001). Discriminant analysis of 
principal components and neighbour joining consistently distinguished eight distinct clusters. 
These data provide a global picture of the existing genetic diversity for Kersting’s groundnut and 
will guide the choice of breeding strategies to increase production. 

Keywords: orphan crop; genotyping-by-sequencing; inbreeding; pre-breeding; population genetics; 
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1. Introduction 

Kersting’s groundnut (Macrotyloma geocarpum (Harms) Maréchal & Baudet) is a geocarpic 
orphan legume crop grown in the semi-arid regions of West Africa. It is a diploid (2n = 22) species 
and likely originated from an area extending between central Benin and northern Togo [1], though a 
putative wild form M. geocarpum var. tisserantii (2n = 20) was found in northern Cameroon [2]. 
Kersting’s groundnut is mainly grown for its grains which contain significant amounts of protein, 
essential amino acids, minerals (Ca, Mg, K, Zn, Na, P) and vitamins (A, B1, B2) [3]. It is also an 
excellent source of carbohydrate. Besides, the crop has the potential to restore soil fertility through 
atmospheric N₂-fixation in root nodules [4]. This ranks Kersting’s groundnut among the crops that 
improve productivity in agroecosystems [5]. In Benin, Kersting’s groundnut is ranked as the most 
priority and the most valuable orphan legume crop due to its substantial contribution to food security 
and income for resource-poor rural households [6, 7]. Despite these attributes, cultivation of 
Kersting’s groundnut is gradually being abandoned in the growing countries [8-12], especially in 
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Benin [13]. Low yield, small grain size and lack of improved cultivars are among the commonly 
reported factors responsible for its reduced cultivation [13-15] and its anticipated extinction [4, 9]. 
Thus, it is urgent to develop new Kersting’s groundnut varieties with improved agronomic 
performances for boosted production. 

Successful development of improved cultivars requires variations within germplasm  [16, 17]. 
Assessment of genetic diversity and relatedness among accessions and populations is therefore 
fundamental to the success of any breeding program. Knowledge of this is crucial in the selection of 
parental lines and the identification of genotypes that harbour valuable alleles for breeding targets 
[18]. Moreover, characterisation of genetic diversity is important for effective management of 
germplasm and development of core collection of genotypes representing maximum diversity in a 
minimum number of accessions [19]. However, genetic diversity in Kersting’s groundnut is poorly 
documented. 

To date, most of the investigations on genetic diversity in Kersting’s groundnut were based on 
agromorphological traits [13, 20-24]. Although germplasm characterisation using agromorphological 
traits is frequently used by breeders in sub-Saharan Africa [17], this approach also has many 
limitations. It is time consuming and prone to environmental effects compared to molecular 
characterisation [25]. The first attempt to investigate the genetic diversity in Kersting’s groundnut 
using molecular markers used only 19 isozymes and was based on 20 accessions [26], thus limiting 
its power to depict the actual diversity in the crop. Isozyme markers are less in number, detect less 
polymorphism, have little reproducibility and are known to be affected by the extraction method, 
plant tissues and plant growth stages, and can therefore produce unreliable diversity estimates [16, 
27]. To understand the real genetic variation within the crop, a marker system that produces a lot 
more markers should be used in a large panel of accessions. The high throughput genotyping 
approach Genotyping-by-Sequencing (GBS), that reduces complexity in genome to partially sequence 
crop genome, has shown significant success in many annual legume crops including soybean [28-30] 
in cowpea [31, 32] Common beans [33-35]. DArTseq technology (Diversity Array Technology), bases 
on GBS principle to generate thousands of SNP markers. It works well with many crops including 
neglected crops without reference genome [36]. DArTseq based markers have been successfully used 
to unfold genetic diversity patterns in various crops including watermelon [37], garlic [38], rice [39], 
wheat [40], and Bambara groundnut [41]. Recently, Akohoue et al. [42] used 493 DArTseq SNP 
markers on a collection of 281 Kersting’s groundnut accessions and found a low genetic diversity 
influenced by the geographic origins of the accessions. Nevertheless, the study did not include 
accessions from all known geographical origins of the crop, which may affect the level of reported 
genetic diversity. The present study was undertaken to investigate the level of genetic diversity 
among a regional collection of 227 Kersting’s groundnut accessions from five west African countries 
and to determine population structure within the germplasm. 

2. Results 

2.1. Marker quality 

The DArTseq genotyping of the panel of 227 Kersting’s groundnut generated a total of 1938 
Single Nucleotide Polymorphism (SNP) markers of which 391 (20%) were aligned with the reference 
genome of Common bean (Phaseolus vulgaris), 279 (14%) with Adzuki bean (Vigna angularis), 279 
(14%) with Mung bean (Vigna radiata), and 349 (18%) with Bambara groundnut (Vigna subterranean) 
(Figure 1). The markers contained 20.23 % missing data. The probabilistic principal components 
analysis (PPCA) imputation method that had the highest performance, with an accuracy of 0.97 SMC 
(Simple matching coefficient), was used to impute the missing SNPs. After applying the various 
filtering criteria, 1052 SNPs (54.28%) were filtered out and the remaining 886 markers were used for 
further analyses (Table S1). Ten accessions had over 50% missing SNPs and were removed from the 
final dataset. All the filtered markers had 100% call rate and an average of 99.8% reproducibility 
(Table 1). Read depth ranged between 5 and 140 with a mean across loci of 21.71. The distribution of 
read depths showed that most markers had read depth between 5 and 15 (Figure 2a). The mean PIC 
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of the reference alleles (0.064) was greater than that of the SNP alleles (0.054) (Table 1). The average 
PIC ranged from 0.004 to 0.499 with a mean value of 0.059. About 83% of the SNP markers (738) had 
PIC below 0.05 (Figure 2b). Only 16.7% (148 SNPs) scored greater than 5% PIC. The minor allele 
frequency (MAF) varied from 0.002 to 0.495 with a mean of 0.044 (Table 1). About 12% (123) of 
markers had minor allele frequency greater than 0.05 (Figure 3c). Furthermore, mean expected and 
observed heterozygosity were estimated at 0.06 (0.010-0.500) and 0.008 (0-0.793) respectively. The 
total gene diversity (HT) across SNPs ranged from 0.002 to 0.501, with a mean HT of 0.057 (Table S2). 

 

 
Figure 1. Alignment of DArTseq generated SNP markers of Kersting's groundnut with the reference 
genome of related species. 

Table 1. Quality control metrics for the 886 SNP markers 

Marker Quality Parameter Mean Min Max 
Call rate 1.000 1.000 1.000 

Read depth 21.714 5.000 140.100 
Reproducibility 0.998 0.950 1.000 

PIC - reference allele 0.064 0.000 0.499 
PIC - SNP allele 0.054 0.008 0.500 

Average PIC 0.059 0.004 0.499 
Minor allele frequency 0.044 0.002 0.495 

PIC Polymorphic information content 
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Figure 2. Distribution of (a) read depth, (b) Polymorphism information content (PIC), and (c) minor 
allele frequency (MAF) for 886 DArTseq SNP markers in Kersting’s groundnut. 

2.2. Genetic diversity analysis based on geographical populations and morphotypes 

The genetic diversity parameters estimated for each geographical population are summarised in 
Table 2. Number of different alleles (Na), number of effective alleles (Ne) and allelic richness (Ar) 
varied slightly among the populations. Na ranged from 1.19 (Nigeria) to 1.54 (Zou). The number of 
effective alleles was nearly the same for all populations. The mean Ne across populations (1.10) was 
lower than mean Na (1.30) suggesting that only a few alleles contributed to the variation. Ar ranged 
between 1.12 (Nigeria) and 1.20 (Ghana) with a mean value of 1.17. Private alleles were found in all 
populations with Zou possessing the highest number of private alleles (Np = 192) whereas Nigeria 
had the lowest number (Np = 42). The accessions with the greater number of private alleles were Gbo5, 
Lili*Sie, and Itk from Zou, Ghana and Collines populations, respectively (Table S3). In general, the 
observed heterozygosity (Ho), expected heterozygosity (He) and unbiased expected heterozygosity 
(uHe) significantly varied (P<0.001) among populations. Ho values were approximately 6-7 times 
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lower than He and uHe. Ho ranged between 0.69×10-2 and 1.02×10-2, with an average of 0.79×10-2 across 
populations. The more diverse population was from Atacora (He=6.12×10-2, uHe = 6.24×10-2) followed 
by Zou population (He = 6.07×10-2, uHe = 6.12×10-2), whereas Ghana’s population was the least diverse 
(He = 5.32×10-2, uHe = 5.40×10-2). The inbreeding coefficient within populations varied from moderate 
in Zou (FIS = 0.39) to very high in Collines (FIS = 0.74) and Nigeria (FIS = 0.74). The selfing rate greatly 
varied among populations. It ranged between s = 0.56 for Zou population and s = 0.85 for Collines 
and Nigeria populations. The across populations mean was s = 0.72, indicating a considerable level 
of selfing. Selfing rates was proportional to inbreeding coefficients and inversely proportional to 
polymorphism within populations (Table 2). Percentage of polymorphism ranged from 18.51 % 
(Nigeria) to 53.50 % (Zou) with an average of 39.39 % indicating a moderate level of polymorphism 
and variation within geographical populations. 

Table 2. Genetic diversity parameters for Kersting’s groundnut populations using 886 SNP markers 
for geographical populations of Kersting’s groundnut 

Population N Na Ne Ar Np Ho* He* uHe* FIS s %P 
Atacora 25 1.25 1.10 1.19 75 0.89 6.12 6.24 0.65 0.79 25.17 
Burkina 48 1.34 1.09 1.19 141 0.69 5.61 5.67 0.54 0.70 33.52 
Collines 13 1.21 1.10 1.14 49 0.83 5.93 6.17 0.74 0.85 21.11 
Ghana 34 1.36 1.08 1.20 84 0.70 5.32 5.40 0.55 0.71 35.55 
Nigeria 12 1.19 1.10 1.12 42 0.70 5.66 5.91 0.74 0.85 18.51 

Togo 19 1.25 1.10 1.17 51 0.71 5.92 6.08 0.64 0.78 25.40 
Zou 66 1.54 1.10 1.18 192 1.02 6.07 6.12 0.39 0.56 53.50 

Overall 217 1.30 1.10 1.17 - 0.79 5.80 5.94 0.57 0.72 39.39 
* ×10-2, N = Sample Size, Na = Number of different alleles, Ne = Number of effective alleles, Ar = Allelic richness, 
Np = Number of private alleles, Ho = Observed Heterozygosity, He = Expected Heterozygosity, uHe = Unbiased 
Expected Heterozygosity, FIS = Inbreeding coefficient, s = Selfing rate, %P = Percentage of Polymorphic Loci. 

The estimated genetic diversity parameters also varied among morphotypes as shown in Table 
3. The number of alleles (Na) varied between 1.17 in brown seed to 1.59 in cream seed, with an average 
of 1.35 across morphotypes. The average number of effective alleles across morphotypes was 1.09. 
The highest allelic richness (1.22) was found in black morphotype. The number of private alleles 
varied greatly among morphotypes with cream seed possessing the highest number of private alleles 
(Np = 339) and brown seed the lowest (Np = 40). Genetic diversity was low but significantly (P<0.001) 
varied among morphotypes (Table 3). The more diverse morphotype were cream seed with black eye 
(He = 6.29×10-2, uHe = 6.40×10-2) and black (He = 6.18×10-2, uHe = 6.25×10-2), whereas the least diverse 
one was brown seed (He = 4.69×10-2, uHe = 4.88×10-2). Consistent with that, high levels of inbreeding 
(FIS = 0.69) and selfing (s = 0.82) were observed within brown seed, while the lowest levels were found 
in cream with black eye seed (FIS = 0.40, s = 0.57). The average percentage of polymorphism was 
35.40% suggesting a moderate level of variation within morphotypes. The percentage of 
polymorphism was lowest within brown seed (17.27%) and highest in cream seed (59.37%). 

Table 3. Genetic diversity parameters for Kersting’s groundnut morphotypes using 886 SNP markers 

Morphotype N Na Ne Ar Np Ho* He* uHe* FIS s %P 
Black 49 1.36 1.10 1.22 147 0.79 6.18 6.25 0.55 0.71 36.12 

Brown 13 1.17 1.08 1.18 40 0.75 4.69 4.88 0.69 0.82 17.27 
Brown Mottled 23 1.24 1.09 1.18 66 0.73 5.45 5.57 0.68 0.81 23.81 

Cream 102 1.59 1.10 1.21 339 0.67 5.82 5.85 0.41 0.58 59.37 
Cream BE 30 1.40 1.10 1.21 76 1.50 6.29 6.40 0.40 0.57 40.41 

Overall 217 1.35 1.09 1.20 - 0.89 5.69 5.79 0.50 0.67 35.40 
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* ×10-2, BE = Black eye, N = Sample Size, Na = Number of different alleles, Ne = Number of effective alleles, Ar = 
Allelic richness, Np = Number of private alleles, Ho = Observed Heterozygosity, He = Expected Heterozygosity, 
uHe = Unbiased Expected Heterozygosity, FIS = Inbreeding coefficient, s = Selfing rate, %P = Percentage of 
Polymorphic Loci. 

2.3. Genetic differentiation across geographic populations and morphotypes 

Genetic differentiation of geographic populations (Table 4) and morphotypes (Table 5) were 
examined based on FST. The FST coefficients among populations varied from 0.006 to 0.371, indicating 
little to very great differentiation. The highest level of differentiation was observed between Burkina 
and Zou populations. The lowest FST was observed between Collines and Zou. A very low genetic 
differentiation was also found between Atacora and Zou (FST = 0.008), and between Atacora and 
Collines (FST = 0.017). Therefore, individuals between populations from Benin (Atacora, Collines, Zou) 
were closely related (FST<0.05). Equally low genetic differentiation was also observed between 
populations from Benin and Nigeria (0.033 < FST < 0.065) (Table 4). Low to very high differentiation 
was also observed between morphotypes (Table 5). The lowest differentiation was found between 
cream and brown (FST = 0.029) while differentiation was the highest between brown mottled and 
brown morphotypes (FST = 0.307). A very high differentiation was also found between brown mottled 
and cream morphotypes (FST = 0.302). The genetic distance between cream and cream with black eye 
morphotypes was also relatively high (FST = 0.265). 

Table 4. Pairwise genetic differentiation (FST) between populations of Kersting’s groundnut 

Table 5. Pairwise genetic differentiation (FST) between morphotypes of Kersting’s groundnut 

Morphotype Black Brown BM Cream 
Brown 0.091    

BM 0.128 0.307   
Cream 0.231 0.029 0.302  

CBE 0.077 0.183 0.202 0.265 
BM= Brown Mottled, CBE= Cream with black eye 

The AMOVA of 217 accessions from seven populations revealed that 38.53% of the total 
variation was among populations (FST = 0.385) and 48.72 % within populations (FIS = 0.793), while the 
rest of variation (12.74%) was within accessions (FIT = 0.873; Table 6). All values were statistically 
significant (P<0.001). The two-level AMOVA across morphotypes showed significant levels of genetic 
variation within (49.13%) and among morphotypes (38.73%), with 12.14% of the variation retained 
within accessions (Table 7). The overall fixation (FST) value was equal to 0.387 among morphotypes. 
There was homozygote excess as revealed by the high overall inbreeding coefficient (FIS = 0.802). The 
three-level AMOVA (Table 7) partitioned 22.10% of the genetic variation among the seven geographic 
populations and about 25% of variation among morphotypes. In addition, 40.39% of the total 
variation was observed within morphotypes, whereas the remaining 12.72% was found within 
individuals. All the values were statistically significant (P<0.001) except at population level (P= 0.097). 

Population Atacora Burkina Collines Ghana Nigeria Togo 
Burkina 0.301      
Collines 0.017 0.275     
Ghana 0.295 0.099 0.285    
Nigeria 0.056 0.243 0.065 0.248   

Togo 0.192 0.111 0.226 0.151 0.192  
Zou 0.008 0.371 0.006 0.315 0.033 0.183 
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Table 6. Partitioning of genetic variance across geographic populations of Kersting’s groundnut 

Source Df SS MS Est. Var.  % F-statistics P* 
Among pops 6 8113.87 1352.31 22.1 38.53 FST = 0.385 0.001 

Among accessions/within pops 210 13271.54 63.2 27.94 48.72 FIS = 0.793 0.001 
Within accessions 217 1586 7.31 7.31 12.74 FIT = 0.873 0.001 

Total 433 22971.41 53.05 57.35 100     
Df = Degree of freedom, SS= Sum of squares, MS= Mean square, Est.Var.= Estimated variance, %= Percentage of 
variation, *= P-value based on 999 permutations test, FST = Fixation index, FIS= Inbreeding coefficient of an 
individual relative to subpopulations, FIT = Inbreeding coefficient of an individual relative to the total population 

Table 7. Partitioning of genetic variance across morphotypes of Kersting’s groundnut 

Source Df SS MS Est. Var.  % F-statistics P* 
Two-level 

     
  

Among morphotypes 4 7291.48 1822.87 23.32 38.73 FST = 0.387 0.001 
Among individuals/within 

morphotypes 
212 14093.94 66.48 29.59 49.13 

FIS = 0.802 0.001 
Within individuals 217 1586 7.31 7.31 12.14 FIT = 0.879 0.001 

Total 433 22971.41 53.05 60.22 100   
Three-level 

     
  

Among populations 6 8113.87 1352.31 12.69 22.10  0.097 
Among morphotypes/Within 

populations 
9 2476.27 275.14 14.24 24.79 

 0.001 
Among individuals/within 

morphotypes 
201 10795.27 53.71 23.2 40.39 

 0.001 
Within individuals 217 1586 7.31 7.31 12.72  0.001 

Total 433 22971.41 53.05 57.44 100     
Df= Degree of freedom, SS= Sum of squares, MS= Mean square, Est. Var.= Estimated variance, %= Percentage of 
variation, *= P-value based on 999 permutations test, FST= Fixation index, FIS= Inbreeding coefficient of an 
individual relative to subpopulations, FIT= Inbreeding coefficient of an individual relative to the total population 

2.4. Population structure 

A discriminant analysis of principal components (DAPC) was used to infer population structure 
of Kersting’s groundnut. The optimum number of clusters inferred using the find.clusters function 
was eight (Figure 3a, c). DAPC analysis was performed using the inferred number of clusters. Based 
on DAPC cross-validation analysis, the 60 first PCs (95% of variance conserved) of PCA (Figure 3b) 
and 7 discriminant functions were retained. Clusters 1 to 8 consisted of 10, 22, 13, 98, 22, 17, 24 and 
11 accessions, respectively. Cluster 1 was predominantly composed of accessions from Burkina Faso, 
with one accession from Atacora. Cluster 2 contained the majority (52.6%) of accessions from Togo, 
about 7.5% from Zou, with a few accessions from Nigeria, Burkina Faso, Collines and one accession 
from Atacora. Almost all the remaining accessions from Atacora possessed 80% membership in 
Cluster 4 which also included the majority of accessions from Zou, Nigeria and Collines (80.3%, 83.3% 
and 84.6% respectively). Cluster 3 contained mainly accessions from Ghana and Burkina Faso, 
whereas Cluster 5 included one third of the accessions from Burkina Faso and about 15% from Ghana. 
Clusters 6 and 7 were predominantly composed of accessions from Burkina Faso and the majority 
(~60%) of the accessions from Ghana, respectively (Table 8). Cluster 8 contained almost 37% of the 
accessions from Togo, and the remaining accessions from Atacora and Zou. 
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Figure 3. Discriminant analysis of principal components (DAPC) for 217 Kersting’s groundnut 
accessions using 886 SNPs. (a) Statistical determination of the optimum number of clusters, (b) 
Number of retained DAPC principal components, (c) Scatter plot from the DAPC analysis. 

Table 8. Cluster assignment based on DAPC results. 

Population DAPC inferred clusters 
  C1 C2 C3 C4 C5 C6 C7 C8 

Atacora 1 1 1 20 - - - 2 

Burkina 9 2 5 - 16 14 2 - 

Collines - 2 - 11 - - - - 

Ghana - - 6 3 5 1 19 - 

Nigeria - 2 - 10 - - - - 

Togo - 10 - 1 - 1 - 7 

Zou - 5 1 53 1 1 3 2 
For each population, the values represent the number of accessions assigned to a cluster. 

To obtain a more complete picture of the relationships among the 217 Kersting’s groundnut 
accessions a neighbour joining (NJ) tree was constructed based on Edward’s distance (Figure 4). The 
NJ tree separated all inferred clusters from DAPC, in highly supported groups (>75% bootstrap 
support (BS) value), though there was a branch of cluster 3 for which the BS value was slightly lower 
(66%; Figure 4). 
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Figure 4. Unrooted neighbour joining tree based on Edward’s distance calculated for 217 accessions 
of Kersting’s groundnut, coloured by cluster calls DAPC. Numbers associated with branches indicate 
bootstrap values based on 999 replications. 

2.5. Isolation by distance 

The Mantel test comparing genetic distance [FST/(1-FST)] and geographic distance per population 
indicated the presence of a significant isolation by distance (IBD) (R2 = 0.612, P = 0.011; Figure 5a). In 
contrast, no significant IBD was detected among morphotypes (R2 = 0.533, P = 0.083; Figure 5b). Figure 
6c showed that genetic distance between pairs of Kersting’s groundnut accessions increased 
significantly with geographic distance, with a Mantel test correlation of 0.499 and a probability of 
P<<0.001. This IBD among accessions did not result from a single continuous cline across the range 
of the crop, but of eight distant populations that are genetically distinct (Figure 5c). 

Figure 5. Scatter plots illustrating the pairwise relationship between genetic distance (FST/(1-FST)) and 
geographic distances (Km) between populations (a) morphotypes (b) and samples (c). Warmer colors 
indicate higher densities of points. 

3. Discussion 

Genetic diversity is particularly important to breeders as a source of novel alleles for improving 
diverse complex traits of agronomic interest, particularly with regards to exacerbated climate 
challenges and sophisticated end-user demands. In the present study, genetic diversity and 
population structure were assessed in a panel composed of 217 Kersting’s groundnut accessions from 
different origins, using 886 DArTseq-generated SNP markers. The information provided is useful to 
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breeders and geneticists. It will help for efficient management and conservation of Kersting’s 
groundnut genetic resources, as the crop is almost on the verge of extinction in many growing 
countries [8, 9, 26]. 

3.1. SNP discovery and marker quality 

DArTseq has been successfully applied in many recent plant breeding studies for quantifying 
genetic diversity and deciphering population structure in major [43-46] as well as minor or orphan 
crops [40, 41, 47]. The number of SNP markers detected in Kersting’s groundnut (1938 SNPs) is almost 
four-fold than that found by Akohoue et al. [42] in the same crop (493 SNPs). This can be explained 
by the fact that the 281 accessions used by Akohoue et al. [42] were all from Benin and Togo and may 
not have included important sources of genetic variation from the other Kersting’s groundnut 
growing countries. The number of detected marker is however lower than in other orphan legumes 
such as Bambara groundnut (3148 SNPs) [41], pigeon pea (3 713 723 SNPs) [48], chickpea (3339 SNPs) 
[49] and cowpea (2276 SNPs) [32, 50]. Kersting's groundnut is therefore not as polymorphic as other 
self-pollinated legume crops including faba bean [51] and cowpea [32, 50]. 

Our results showed a relatively low alignment (14-20%) of markers with reference genomes of 
related crops such as common bean, mung bean, Bambara groundnut, and adzuki bean. This is in 
line with the findings of Akohoue et al. [42], though we obtained better alignment here. It is therefore 
necessary to assemble a reference genome for Kersting’s groundnut to enhance the accuracy of SNP 
calling and thereby increase their use in the pre-breeding and future breeding pipelines of the crop. 

The markers used in the study were highly reproducible (0.99) and scored 100% for call rate, 
denoting their high quality. However, they exhibited low polymorphism information contents 
(average PIC=0.059) suggesting that most of them would not be very informative for linkage analysis 
[52]. These low PIC values also deviate from the average reported for other underutilised legume 
crops including Bambara groundnut (PIC=0.58) [41], mung bean (PIC=0.25) [53] and pigeon pea 
(PIC=0.25) [54]. Nevertheless, our results showed that SNPs with lower average PIC have greater 
density, which would increase their effectiveness in quantifying the genetic diversity and 
discriminating the Kersting’s groundnut accessions. Furthermore, the high sequencing depth 
observed in this study suggested that null alleles might be responsible for most missing data. In 
addition, low mean heterozygosity (Ho=0.008) was found across markers. Low mean heterozygosity 
value (0.04) was also recorded in Kersting’s groundnut by Akohoue et al. [42], indicating a low 
genetic variation within Kersting’s groundnut accessions. 

3.2. Genetic diversity across populations and morphotypes 

The overall genetic variability measured as expected heterozygosity He (Nei’s gene diversity) 
and unbiased expected heterozygosity uHe across geographical populations (He=0.058; uHe=0.059) 
and morphotypes (He=0.057; uHe=0.058) of Kersting’s groundnut is lower compared to the value of 
0.22 reported by Akohoue et al. [42]. The seemingly higher average heterozygosity found by these 
authors could, however, be misleading regarding the real level of genetic   diversity in the crop as 
it was estimated from 113 markers with minor allele frequency MAF≥0.05. As demonstrated by 
O'Leary et al. [55], the common practice to assume that loci with a MAF<0.05 at population level are 
not useful and to exclude them from datasets may, unfortunately, lead to excluding true rare alleles 
from the datasets, especially in orphan crops with little or no genomic resources. However, 
consistently with Akohoue et al. [42], we found genetic variation in Kersting’s groundnut, which is 
incongruent with Pasquet et al. [26] who reported a total absence of genetic variation in the crop. The 
total absence of diversity reported by Pasquet et al. [26] is due to the marker system (allozyme) used 
and the relatively low number (20) of accessions analysed. This further is an indication that 
genotyping-by-sequencing (GBS) has power to depict diversity in species with very narrow genetic 
base. 

In any case, the present study showed that genetic variability within Kersting’s groundnut is 
undeniably limited, and this may be due to the selfing nature of the crop which resulted in long 
generations of inbreeding. Indeed, from our results, selfing rates were estimated as 79% across 
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populations, with values as high as 85% in some populations (Table 2). Similarly, very high selfing 
rates were observed across morphotypes with values reaching up to 82% within brown seed 
morphotypes. Moreover, there was a high predominance of homozygous individuals indicating that 
Kersting’s groundnut is primarily a selfing crop just like horsegram (Macrotyloma uniflorum) its 
closely related species [56, 57]. In fact, Kersting’s groundnut bears ‘pre-anthesis cleistogamous’ 
flowers in which pollination and fertilisation occur in closed flower buds [58], leading to very high 
levels of homozygosity as reflected here by the low observed heterozygosity among populations and 
morphotypes (Tables 2 and 3). Therefore, induced mutagenesis seems to be the most promising way 
to broaden the genetic base of Kersting’s groundnut.  

The higher genetic diversity found in Atacora and in Cream seeds with black eye can be 
favourably used in Kersting’s groundnut genetic improvement. However, the greatest numbers of 
private alleles found respectively in Zou and in Cream seed morphotypes suggest that there are 
potential sources of novel alleles and traits of qualitative or agronomic importance. The first three 
accessions with greater number of private alleles were Gbo5, Lili*Sie and Itk and possessed 
respectively 18, 16 and 12 private alleles (Table S3). These accessions can thus be good candidate 
parents for the development of improved Kersting’s groundnut cultivars with desirable traits for 
farmers and consumers. 

3.3. Genetic differentiation and partitioning of genetic variation across populations and morphotypes 

The ranges of FST values among populations (Table 4) and among morphotypes (Table 5) of 
Kersting’s groundnut revealed substantial genetic differentiation. As expected, little differentiation 
is observed between the three populations from Benin. This suggests a high level of gene flow in the 
form of seed exchange among farmers, especially between Zou and Collines, two neighbouring 
districts. In general, considerable genetic differentiation was observed between populations from 
different countries, indicating some degree of genetic isolation among countries. Indeed, a significant 
correlation was detected between genetic and geographic distances between individuals and 
populations suggesting that seed exchange between very distant localities may not be common. These 
are in agreement with many previous studies that reported cultural, social, and natural barriers may 
strengthen reproductive isolation, thereby limiting or promoting gene flow among cultivars [59, 60]. 

The results of AMOVA indicated that majority of genetic variation (~49%) was intra-population, 
while 38.5% of genetic variation was inter-population, and only ~13% of variation was apportioned 
within accessions. Partitioning of genetic variation in plant populations can be affected by many 
factors including the breeding system (e.g. selfing or outcrossing rates) of the species [61-63]. 
Evidence showed that inbreeding or selfing annual plants predominantly maintain more genetic 
variation among populations than within populations contrary to long-lived perennial and/or 
outcrossing species [64, 65]. Our finding is not consistent with this theory. Higher within population 
variation is also reported in other annual crops such as wheat [66, 67], safflower [68]  and rice [69]. 
Besides, greater genetic variation (49%) was also partitioned within morphotypes while the variation 
among morphotypes was moderate (about 39%) but significant. Therefore, intensive collection of 
accessions of various morphotypes from different populations/countries would substantially 
increase the genetic diversity within Benin Kersting’s groundnut germplasm. 

3.4. Population structure 

DAPC divided the accessions into eight well-defined clusters which were further confirmed by 
neighbour joining (NJ) tree. The high number of detected clusters was expected as the accessions 
included in the study were all landraces from a wide geographical origin. The differences between 
DAPC and NJ in the assignment of accessions to clusters could be explained by the fact that the NJ 
method is an agglomerative hierarchical method of clustering, whereas DAPC is based on k-means 
which is a non-hierarchical clustering method [70]. It is well established that population structure 
may lead to spurious associations in Genome-wide association studies (GWAS) [71, 72] and should 
be considered in the development of training populations for Genomic selection (GS) [73]. Therefore, 
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the clustering of accessions presented in this work provides useful data to inform decision-making 
for genetic improvement of Kersting’s groundnut using molecular breeding tools and techniques. 

4. Materials and Methods  

4.1. Plant materials 

A total of 227 Kersting’s groundnut accessions from five West African countries were used in 
this study (Table S4). Among them, 112 were from Benin, 48 from Burkina Faso, 36 from Ghana, 12 
from Nigeria and 19 from Togo (Figure 6). The accessions were all landraces and composed of 47% 
(102) cream seed, 22.5% (49) black seed, 13.8% (30) cream seed with black eye, 10.6% (23) brown 
mottled seed, and 6% (13) brown seed (Table S4). Hereafter, each seed colour was considered as a 
morphotype. 

 
Figure 6. Map showing collection sites of Kersting’s groundnut accessions used in this study 

4.2. Methods 

4.2.1.DNA extraction 

Each of the 227 accessions was planted in the field in single row plots of 5 m length. Young leaves 
were collected from 3-week-old plants into 96 deep well sample collection kits and sent to Biosciences 
Eastern and Central Africa (BecA-ILRI) Hub in Nairobi for Genotyping. DNA was isolated and 
purified using the NucleoMag® 96 Plant genomic DNA extraction kit (Macherey-Nagel, Düren, 
Germany), following the manufacturer’s instructions. Concentration of the extracted DNA was 
normalised within the range of 50-100 𝑛g/µl. The quality and quantity of the DNA samples were 
checked on 0.8% agarose. 

4.2.2. Library construction and Genotyping by sequencing 

Libraries were constructed following the protocol described in [36]. Two DArTseq™ complexity 
reduction methods were tested using the rare cutting restriction endonuclease enzyme PstI (5′-
CTGCA|G-3′) in combination with two different frequently cutting restriction enzymes HpaII (5′-
C|CGG-3′) and MseI (5′-T|TAA-3′). The PstI/MseI combination was selected as the best performing 
method. For each sample, 2 µL of DNA was digested with the PstI/MseI restriction enzyme 
combination. Digestion products were ligated to barcoded adapters pair annealed to the two 
restriction enzyme overhangs. The PstI-compatible adapter included the partial attachment sequence 
for the ‘Read 1 End’ of the Illumina flow cell, a barcode of variable length (4-8 bp) and the PstI-
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compatible overhang sequence. The reverse adapter included the partial sequence for the ‘Read 2 
End’ of the Illumina flow cell and MseI-compatible overhang sequence. The adapter-ligated 
fragments were amplified in a Polymerase Chain Reaction (PCR) using optimized settings. After 
PCR, equimolar amounts of the amplified products from each sample were pooled together using a 
TECAN robotic liquid handler (TECAN, Männedorf, Switzerland) and loaded on the cBot (Illumina, 
Inc., San Diego, CA, USA) for clustering on a flow cell. Libraries were sequenced in the Illumina 
Hiseq 2500 using Single Read sequencing runs for 77 bases. 

The IGSS platform uses a high-throughput genotyping-by-sequencing (GBS) DArTseq 
technology (DArT Pty Ltd, Canberra, Australia). DArTseq markers scoring was achieved using 
DArTsoft14 a proprietary marker scoring pipeline based on algorithms. Two types of DArTseq 
markers (SilicoDArT and SNP) were scored as ‘1’ for presence, and ‘0’ for absence and ‘-’ for failure 
to score. As Kersting’s groundnut had no available reference genome, both SilicoDArT and SNP 
markers were aligned to the reference genomes of Phaseolus vulgarius 
(ftp://ftp.ensemblgenomes.org/pub/plants/release-44/fasta/phaseolus_vulgaris/dna/), Vigna angularis 
(ftp://ftp.ensemblgenomes.org/pub/plants/release-44/fasta/vigna_angularis/dna/), Vigna radiata 
(ftp://ftp.ensemblgenomes.org/pub/plants/release-44/fasta/vigna_radiata/dna/) and Vigna 
subterranean (http://gigadb.org/dataset/view/id/101055) which are related species [74]. 

4.2.3. Quality filtering, Imputation and Markers diversity 

SNP markers were imputed using the Diversity Arrays Technology’s KDCompute Optimal 
Imputation plugin (https://kdcompute.igss-africa.org/kdcompute/login). Seven imputation methods 
(MissForest, Random, Nipals, singular value decomposition (SVD), Expectation-Maximization (EM), 
k-nearest neighbour (kNN), and probabilistic principal component analysis (PPCA)) were tested 
based on simple matching coefficient (SMC), calculated by excluding an additional 10% of missing 
values and evaluating the correlation between introduced missing values and the original dataset. 
Missing calls were imputed using the most accurate imputation method for which the highest SMC 
was recorded. 

The pre-imputation SNP dataset was filtered for various quality control metrics, and markers 
that passed thresholds were retained for analysis. Various iterative filtering schemes were applied as 
recommended by O’Leary et al. [55] and the one that resulted in retaining more loci and individuals 
without compromising the markers quality was retained (data not shown). Consequently, only loci 
with <50% missing data, >5 read depth, >75 % call rate, >95% reproducibility and >0 polymorphic 
information content (PIC) were retained. In addition, accessions with >50% missing SNPs were 
removed from downstream analyses. This narrowed down to 217 accessions that were retained for 
further analyses. SNP filtering was carried out in R 4.0.0 [75]. 

Summary statistics (minimum, maximum and mean) were calculated for the remaining SNP 
markers for the following quality parameters: call rate, read depth, one ratio, PIC, heterozygosity, 
minor allele frequency and reproducibility. The number of markers successfully aligned were 
graphed per reference genome. 

4.2.4. Analysis of genetic variation and population structure 

The average number of alleles (Na), number of effective alleles (Ne), observed heterozygosity 
(Ho), expected heterozygosity (He), unbiased expected heterozygosity (uHe), the inbreeding 
coefficient (FIS) and the percentage of polymorphic loci (%P) were calculated by geographic 
population and by morphotype, using GenAlEx version 6.51b2 [76]. For this purpose, the 112 
accessions from Benin were assigned to three putative populations (Atacora, Collines, Zou) while 
those from the other countries were considered belonging to a single population each. Average allelic 
richness (Ar), and the number of private alleles (Np) were calculated in the ‘PopGenReport’ [77] R 
package. Moreover, selfing rate (s) was determined using the equation described in [78]: s=2FIS/(1+FIS). 
Nei’s pairwise FST was computed between all pairs of populations and morphotypes in the ‘hierfstat’ 
R package [79]. The FST statistics measures the overall level of genetic divergence among 
subpopulations. According to Wright [80], a FST<0.05 indicates little genetic differentiation, values 
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comprised between 0.05 and 0.15 indicate moderate genetic differentiation, while FST values between 
0.15 and 0.25 denotes great differentiation. FST>0.25 indicates very great genetic differentiation [80]. 
Furthermore, analysis of molecular variance (AMOVA) was performed to determine the level of 
partitioning of diversity within and among populations and morphotypes. AMOVA were performed 
in the ‘poppr’ R package [81] using 999 permutations, while significance levels were estimated for 
variance components based on 9,999 permutations using the randtest function in the ‘ade4’ R package 
[82]. 

Population structure was inferred using a Discriminant Analysis of Principal Components 
(DAPC) performed in the ‘adegenet’ R package [83]. The most probable number of clusters in the 
data was inferred using the find.clusters function from ‘adegenet’, running successive K-means and 
with the Bayesian Information Criterion (BIC) used as the statistical measure of goodness of fit. The 
number of principal components (PCs) to retain in the DAPC analysis was determined using a cross-
validation procedure implemented with the xvalDapc function available in the ‘adegenet’ package, 
using the default parameters. Furthermore, an unrooted neighbour-joining tree was constructed in 
the package ‘poppr’ based on Edward’s genetic distance. Node strength in the dendrograms was 
tested using 1,000 bootstrap analyses in ‘poppr’ package. 

Finally, isolation by distance (IBD) was tested using a Mantel test correlating genetic distance 
[FST/(1-FST)] and geographic distances among populations, and morphotypes. The correlation 
between Nei’s genetic distance [84] and geographic distance was also examined among accessions 
using Mantel test. The Mantel test was performed with 999,999 permutations using the function 
mantel.randtest available in ‘ade4’. The genetic versus geographic distances were plotted along with a 
point density of accessions to visualise whether IBD existed as a continuous gradient or resulted from 
patches of distant and divergent individuals.  

5. Conclusions 

The present study was undertaken to investigate the level of genetic variation and determine 
population structure among a collection of 217 Kersting’s groundnut accessions from different 
origins using 886 high-quality DArTseq derived SNP markers. Low levels of genetic diversity were 
found overall. The highest genetic diversity was found in Atacora population while the highest 
number of private alleles was observed in Zou population. Similarly, the more diverse morphotype 
was cream seed with black eye whereas the highest number of private alleles was found in cream 
seed. Furthermore, very high genetic differentiations were observed among populations and 
morphotypes, with maximal differentiation between populations from different countries. The 
available level of genetic diversity could be efficiently exploited to develop improved Kersting’s 
groundnut cultivars with desirable characteristics such as high yield and quality traits. However, the 
use of induced mutagenesis is recommended for fast broadening of the genetic base of the crop. 
Substantial genetic differentiation was observed among populations and among morphotypes. 
Likewise, considerable genetic variations were contained within populations as well as within 
morphotypes. The population structure analysis identified eight clusters containing accessions from 
different geographic origins. The genomic resource developed in this study can significantly 
contribute to integrating modern breeding techniques, including Genome-wide association studies 
and Genomic selection into the Kersting’s groundnut breeding pipeline in Benin and West Africa. 
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Abbreviations 

%P Percentage of Polymorphic Loci 
AMOVA Analysis of Molecular Variance 
Ar Allelic richness 
BIC Bayesian Information Criterion 
BM Brown Mottled 
BS Bootstrap support 
CBE Cream with black eye 
DAPC Discriminant Analysis of Principal Components 
DArTseq Diversity array technology sequencing 
Df Degree of freedom 
DNA Deoxyribonucleic acid 
EM Expectation-Maximization 
Est.Var. Estimated variance 
FIS Inbreeding coefficient 
FIT Inbreeding coefficient of an individual relative to the total population 
FST Fixation index 
GBS Genotyping-by-sequencing 
He Expected Heterozygosity 
Ho Observed Heterozygosity 
IBD Isolation by distance 
kNN k-nearest neighbour 
MAF Minor Allele Frequency 
MS Mean square 
Na Number of different alleles 
Ne Number of effective alleles 
NJ Neighbour joining 
Np Number of private alleles 
PC Principal component 
PCA Principal component analysis 
PIC Polymorphic information content 
PPCA Probabilistic Principal Components Analysis 
s Selfing rate 
SMC Simple matching coefficient 
SNP Single Nucleotide Polymorphism 
SS Sum of squares 
SVD Singular value decomposition 
uHe Unbiased Expected Heterozygosity 
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