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Abstract 

Background Planting tested forest reproductive material is crucial to ensure the increased resilience of intensively 
managed productive stands for timber and wood product markets under climate change scenarios. Single-step 
Genomic Best Linear Unbiased Prediction (ssGBLUP) analysis is a cost-effective option for using genomic tools 
to enhance the accuracy of predicted breeding values and genetic parameter estimation in forest tree species. Here, 
we tested the efficiency of ssGBLUP in a tropical multipurpose tree species, Cordia africana, by partial population 
genotyping. A total of 8070 trees from three breeding seedling orchards (BSOs) were phenotyped for height. We gen-
otyped 6.1% of the phenotyped individuals with 4373 single nucleotide polymorphisms. The results of ssGBLUP were 
compared with pedigree-based best linear unbiased prediction (ABLUP) and genomic best linear unbiased prediction 
(GBLUP), based on genetic parameters, theoretical accuracy of breeding values, selection candidate ranking, genetic 
gain, and predictive accuracy and prediction bias.

Results Genotyping a subset of the study population provided insights into the level of relatedness in BSOs, allow-
ing better genetic management. Due to the inbreeding detected within the genotyped provenances, we estimated 
genetic parameters both with and without accounting for inbreeding. The ssGBLUP model showed improved per-
formance in terms of additive genetic variance and theoretical breeding value accuracy. Similarly, ssGBLUP showed 
improved predictive accuracy and lower bias than the pedigree-based relationship matrix (ABLUP).

Conclusions This study of C. africana, a species in decline due to deforestation and selective logging, revealed 
inbreeding depression. The provenance exhibiting the highest level of inbreeding had the poorest overall perfor-
mance. The use of different relationship matrices and accounting for inbreeding did not substantially affect the rank-
ing of candidate individuals. This is the first study of this approach in a tropical multipurpose tree species, and the ana-
lysed BSOs represent the primary effort to breed C. africana.
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Background
In the tropical world, there is a need to undertake for-
est and landscape restoration to improve degraded for-
mer forest lands [1]. Combined with climate change, this 
poses huge challenges to both the amount and quality of 
the plant material used for this restoration. Consequently, 
there is a need for breeding and forest tree improvement 
of a multitude of species. Globally, large-scale reforesta-
tion and afforestation programmes have focused on a few 
genera and species, mainly conifers, such as Pinus spp. 
and Picea spp., or broadleaves, such as Eucalyptus spp. 
and Acacia spp., often involving intercontinental move-
ment and monoculture plantations [2]. However, because 
of the risk of genetic diversity loss and the capacity to 
adapt to extreme climates, as well as to other ecological 
and socioeconomic issues [3], the use of multiple/diverse 
species seems to be a more realistic approach [4]. Con-
ventional breeding is resource-intensive for managing 
and tracking the seed-generated families in the nursery 
and the progeny tests. Furthermore, in a conventional 
first-generation breeding programme, early selection is 
inevitably based on juvenile traits. This emphasises the 
importance of testing the possibility of using genom-
ics in pedigree reconstruction and the estimation of 
additive relationships in natural populations of tropical 
tree species. This study considers the breeding of mul-
tipurpose tropical species of local/regional importance 
using genomic evaluations via a genotyping-by-sequenc-
ing approach, that is, DArT partial genome sequenc-
ing, which does not rely on the availability of genomic 
resources for the species.

Experimental plant genetics and breeding programmes 
rely on the ability to predict and visualise the inheritance 
of alleles underlying traits of interest  [5]. To estimate 
genetic parameters (i.e., variance components and herit-
ability), it is necessary to infer additive genetic relation-
ships among individuals based on their known pedigrees 
[6]. Classical quantitative genetics uses this information 
on additive relationships to estimate heritability, covari-
ance between traits, and genotype-by-environment 
interactions. In addition to enabling the estimation of 
genetic parameters, pedigree information is also critical 
for maintaining high genetic variation and low levels of 
inbreeding. These latter issues are critical for populations 
to face environmental changes and ensure long-term 
genetic gain [7]. However, there is a limitation related to 
the accuracy and completeness of the available pedigree 
information, especially in wild populations.

In the absence of pedigree information, molecular 
marker data have been utilised to reconstruct pedigrees 
since the 1970s and 1980s [8–11]. In forest trees, pedi-
gree reconstruction via DNA markers and subsequent 
quantitative genetic analyses as a breeding approach 

was introduced in the 2000’s [12–15], but these first 
studies were based on using only a few highly vari-
able microsatellite DNA markers. Despite the obvious 
potential for tree breeding via pedigree reconstruc-
tion, there are issues that need to be considered. One 
such issue is the incompleteness of sampling poten-
tial parents, as pedigree and/or sibship reconstruction 
based on a few DNA markers requires information on 
the parental population (see [16] for instance). This is 
particularly a challenge when one works with natural 
populations or with plantations established with com-
mercial seed lots. In addition, even with successful 
pedigree or sib-ship reconstruction, there is a problem 
of hidden relatedness because the focus is only on one-
generation relatedness, where each family is consid-
ered unrelated and no Mendelian sampling variance is 
considered. The accuracy of genetic parameter estima-
tion and rankings of predicted breeding values can be 
affected by hidden relatedness [17–20].

Accurate estimation of relatedness between individuals 
in breeding populations using DNA markers is important 
not only to precisely estimate genetic parameters but also 
for effective inbreeding management [21]. Furthermore, 
DNA markers can assess the genetic diversity of the 
entire population across different gene pools [22].

Cordia africana is a fast-growing tree species that is 
highly valued in Ethiopia for its timber. As one of the 
most commercially utilised species, it plays an impor-
tant role in generating household income from the sale 
of wood products [23]. In its current distribution, the 
populations of C. africana are heavily affected by defor-
estation, fragmentation, and selective logging. The north-
ern part of Ethiopia has been extremely deforested. As 
a result, this species is mainly represented by scattered 
trees on farmlands, church compounds, and graveyards, 
while a relatively continuous forest only exists in a few 
spots [24, 25]. Cordia africana is an indigenous tree 
species that has been identified and given conservation 
priority nationwide in Ethiopia [26]. Moreover, C. afri-
cana is a priority species included in the tree breeding 
programme under the Provision of Adequate Tree Seed 
Portfolio (PATSPO), supporting afforestation efforts in 
Ethiopia [27]. This breeding programme of the C. afri-
cana is based on the establishment of breeding seedling 
orchards (BSOs). The improved seed produced by the 
BSOs is foreseen to play a significant role in species con-
servation, promoting its sustainable use by enabling the 
establishment of improved C.africana plantations for dif-
ferent end uses and thereby decreasing the pressure on 
natural populations. As the first generation of breeding 
this species, seeds were collected from the major grow-
ing areas of the country, with the aim of broadening the 
genetic basis and ensuring continuous gain.
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The mating system of C. africana has not yet been spe-
cifically documented. However, as a long-living tree with 
an efficient means of pollen and seed dispersal, the spe-
cies is speculated to be predominantly outcrossing [25]. 
Nonetheless, due to its hermaphrodite flowers [23], and 
no evidence of self-incompatibility, self-fertilisation 
might be possible under some conditions. Moreover, 
even in species that are not self-compatible, inbreeding 
can occur through mating between related individuals. 
As a species with a fragmented/scattered distribution 
and exposure to selective/illegal logging, the probabil-
ity of building up co-ancestry is high. This makes it dif-
ficult to obtain a reliable estimate of genetic parameters 
using the conventional pedigree-based approach and 
increases the risk of selecting related materials. In recent 
years, the utilisation of realised genetic relationships has 
been shown to produce a more accurate estimation of 
genetic parameters by capturing within-family variation 
that arises from Mendelian segregation (e.g., [28]). This 
is because the method enables the detection of the real-
ised genetic covariance based on a fraction of the genome 
that is identical by descent or by state between individu-
als [29]. However, since C. africana is not a model spe-
cies and lacks genetic information, and because there are 
few resources allocated to the breeding programme, the 
expense of using large-scale genotyping in the operational 
breeding of this species is still not feasible. To overcome 
this, single-step genomic best linear unbiased prediction 
(ssGBLUP), an approach in which the realised genomic 
relatedness of a small portion of genotyped individuals 
is combined with a large proportion of non-genotyped 
individuals in a single genetic evaluation, has been pro-
posed as an effective analytical method [30–32]. The ssG-
BLUP method combines the pedigree-based A-matrix of 
non-genotyped individuals with the G-matrix of geno-
typed individuals into a single genetic covariance hybrid 
H-matrix. This method has been demonstrated to be an 
efficient option for improving the derived genetic param-
eters’ precision and breeding value accuracy from the 
actual generation (e.g., [33–35]) and for genomic predic-
tion (e.g., [36–39]) in different tree species.

The aim of this study was to evaluate the efficiency of 
ssGBLUP, with minimum genotyping effort, in C. afri-
cana breeding. This study compared the results of ssGB-
LUP with pedigree-based best linear unbiased prediction 
(ABLUP) and genomic best linear unbiased prediction 
(GBLUP), based on various factors, including genetic 
parameters, theoretical accuracy of breeding values, 
selection candidate ranking, genetic gain, efficiency of 
the ssGBLUP method, and predictive accuracy and pre-
diction bias. Additionally, by genotyping a subset of the 
study population, we aimed to determine the level of 
relatedness in the three BSOs and the potential effects of 

inbreeding on C. africana. This knowledge will be useful 
in better managing the genetic resources of C. africana. 
While previously mentioned studies have demonstrated 
the utility of ssGBLUP in tree breeding, this is the first 
report of the use of genomic tools in C. africana breed-
ing.  Finally, this is the first study of this approach in a 
tropical multipurpose tree species, and the analysed 
BSOs represent the primary effort to breed C. africana.

Results
Population and family structure
The pairwise relationship coefficients of the G-matrix 
showed a clear provenance and family structure (Fig. 1a). 
The heatmap revealed separate grouping of the geno-
typed provenances, which coincided with the geo-
graphic distance between their origins (Supplementary 
Table S1). Provenance P30 included 161 trees from the 
North Bench zone (southern Ethiopia), provenance P31 
included 212 trees from Adwa (northern Ethiopia), and 
provenance P34 included 121 trees from Harar (eastern 
Ethiopia). Similarly, principal component analysis of gen-
otypes showed grouping of individuals according to these 
three provenances (Fig. 1b).

By examining the genomic pairwise relatedness among 
the 490 trees, we found various levels of genetic relation-
ships within the population. The estimated relatedness 
between individuals, obtained by genetic marker analysis, 
did not always match the expected values, such as half 
siblings (expected value 0.25), and unrelated individuals 
(expected value 0.00). However, there was only little vari-
ation in these estimates across the different provenances. 
For the 490 trees, the average relatedness for unrelated 
individuals within provenance was above zero for most 
pairs and close to an expected half-sib relationship of 
0.25 for many pairs that are assumed to be unrelated. The 
average minimum pairwise genomic relatedness between 
trees belonging to the same open-pollinated family was 
0.28, while the average across all families in all three 
provenances was 0.39. In contrast, the genomic relat-
edness value between individuals from different prov-
enances was negative for most pairs (Fig. 1c).

Inbreeding and provenance performance
According to the diagonal elements of the G-matrix, two 
of the three provenances showed an inbreeding coeffi-
cient Fi above zero. Fi was calculated by subtracting one 
from the diagonal elements of the G-matrix [40]. Geno-
typed provenance P31 had the highest Fi value (0.54), 
while provenance P34 had the lowest (0.01). Provenance 
P30 had a Fi of 0.29. The average Fi across all genotyped 
provenances was 0.33. The best linear unbiased estimates 
(BLUE) from the ssGBLUP model of the genotyped 
provenances revealed that their height was consistent 
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with their respective levels of inbreeding. Accordingly, 
P34 was highest, while P31 was lowest across all sites 
(Table 1).

To further examine the inbreeding effect, we conducted 
a correlation test between mean family height and mean 
family inbreeding coefficient. Overall, there was a strong 

Fig. 1 Heatmap of pairwise genomic relationship coefficients among the 490 genotyped C. africana trees (a), principal component analysis 
of the three genotyped provenances (b) and density plot of the four additive realised relationship coefficients within the G-matrix (c). In plot 
(a), the heat scale represents the degree of pairwise relationship coefficients for all pairs of trees. It is based on the provided pedigree (A-matrix 
before pedigree correction) in the upper diagonal and the realized genomic relationship coefficients (G-matrix) in the lower diagonal. The three 
light blue triangles are placed diagonally along the lower diagonal, indicating moderate relatedness between individuals within a provenance 
in the serial order of P30 (the first triangle), P31 (the second triangle), and P34 (the third triangle) from left to right. The smaller green boxes 
along the diagonal represent the families within the provenances based on the A- and G-matrix, on the upper and lower sides of the diagonal, 
respectively. The G-matrix (lower diagonal) also shows pedigree errors in 15 individuals that appear to belong to different families, either within the 
same or different provenances. In plot (b), the first principal component (PC1) is plotted against the second principal component (PC2), 
and different colours represent different provenances: P30 in red, P31 in green, and P34 in blue. Plot (c) displays four peaks representing different 
levels of realised genetic relationships between individuals. The first peak (highest) shows the relationship between individuals from different 
provenances. The second peak represents the relationship between unrelated individuals among provenances and within provenances. The third 
peak represents the relationship between individuals from different families within the same provenance, and the fourth peak attached to the third 
peak represents the relationship within families
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indication of a negative effect of inbreeding on height 
(r =  − 0.82; Fig. 2).

Additive genetic variances and heritability estimates
Without accounting for inbreeding, the additive variance 
estimates ( σ 2

a  ) for height using the A-matrix (ABLUP-1) 
ranged from 2.32 in the SM site to 3.21 in the Suba site, 
while the estimates from the ssGBLUP-1 ranged from 
2.63 in the ILRI site to 3.75 at Suba. When accounting 
for inbreeding, the additive variance using the A-matrix 
(ABLUP-2) was reduced to 1.73 in ILRI, 1.52 in the SM 
site, and 2.24 in the Suba site (Table  2). The estimates 
from ssGBLUP-2 were 2.05 in ILRI, 2.04 in SM, and 2.93 
in Suba. Although incorporating a selfing rate resulted in 

a considerable decrease in additive genetic variance and 
heritability in both the ABLUP and ssGBLUP models, the 
discrepancy was larger between the two ABLUP models 
than between the two ssGBLUP models. At the ILRI site, 
accounting for inbreeding decreased the additive genetic 
variance by 36.4% in ABLUP and 22.1% in ssGBLUP. In 
SM, accounting for inbreeding decreased the additive 
variance estimates by 34.5% and 23.9% in ABLUP and 
ssGBLUP, respectively. The Suba site showed the same 
pattern, with the estimate in ABLUP decreasing by 33.6% 
and the estimate in ssGBLUP decreasing by 21.9%. Gen-
erally, there was a constant increase in additive variance 
estimates when moving from ABLUP to ssGBLUP at all 
sites, except for the without-inbreeding scenario in the 

Table 1 Provenance best linear unbiased estimates (BLUE) (and standard error) of height (in decimetres) and ranking within sites of 
the three genotyped provenances in the three breeding seed orchards

ILRI International livestock research institute, SM Sekela Mariam, Suba Menagesha Suba, BLUE Best linear unbiased estimation

Provenance ILRI SM Suba

BLUE (decimetres) Rank BLUE (decimetres) Rank BLUE (decimetres) Rank

P30 16.0 (± 0.4) 2 9.2 (± 0.3) 2 12.7 (± 0.4) 2

P31 14.6 (± 0.3) 3 4.9 (± 0.3) 3 8.4 (± 0.3) 3

P34 17.9 (± 0.4) 1 11.1 (± 0.3) 1 13.5 (± 0.4) 1

Fig. 2 Correlation between the mean marker-based inbreeding coefficient and the mean height for 23 families representing the three provenances



Page 6 of 16Ousmael et al. BMC Genomics            (2024) 25:9 

ILRI site, where it slightly decreased from 2.72 in ABLUP 
to 2.63 in ssGBLUP.

As expected, the narrow-sense heritability estimates 
of the ABLUP and ssGBLUP models mirrored those of 
the additive genetic variance estimates in both scenarios 
at all sites. The highest estimates were observed for the 
Suba site in all models studied compared to the same 
models at the other sites. Generally, ssGBLUP showed 
an improved heritability compared to its counterpart 
ABLUP within the same scenario, except for the sce-
nario without inbreeding at the ILRI site, where ABLUP 
showed a slightly higher estimate (0.26) compared to 
ssGBLUP (0.25) (Table 2).

Additive genetic correlations across sites
Additive genetic correlations between sites from all 
multiple-site models varied from 0.40 to 0.53 (see Sup-
plementary Fig. S1 for details). ILRI and SM showed a 
slightly higher correlation in all models. The lowest aver-
age across-model genetic correlation between sites (0.44) 
was observed between Suba and ILRI. The moderate 
genetic correlations between sites indicates the presence 
of a genotype-by-environment interaction.

Theoretical accuracy of breeding values
Overall, the highest average theoretical accuracy of the 
predicted breeding values was observed for ssGBLUP-1 in 

Suba (0.68 ± 0.02), followed by GBLUP for genotyped indi-
viduals in ILRI (0.65 ± 0.04) (Table 3). The use of genomic 
relatedness did not only improve the accuracy of breed-
ing values for trees from genotyped families but also for 
trees from families with no genotyped individuals. In the 
inbreeding scenario, the genotyped site IRLI showed that 
ssGBLUP-2 improved the breeding value accuracy by 12% 
compared to ABLUP-2. This increment was higher for 
SM (17%) and Suba (16.4%) sites. The “without inbreed-
ing” scenario showed the same pattern, except for the ILRI 
site, where theoretical accuracy decreased marginally by 
1.7%. As expected, given the higher estimates of the addi-
tive genetic variances (Table 2), the ABLUP and ssGBLUP 
models without inbreeding showed higher theoretical 
accuracies than the respective models “with inbreeding”.

Efficiency
Efficiency ( E ) in the accuracy of predicted breeding val-
ues, i.e., the proportion of extra benefit obtained from 
using ssGBLUP calculated for the genotyped site (ILRI) 
[41], was 0.4 for the inbreeding scenarios. Thus, assum-
ing that GBLUP was 100% more efficient than ABLUP, 
ssGBLUP was 40% more efficient than ABLUP when 
inbreeding was considered. However, in the scenario 
without inbreeding, due to the lower theoretical accuracy 
of the breeding values (because of lower additive genetic 
variance) of ssGBLUP at the ILRI site, ssGBLUP had no 
advantage over ABLUP.

Candidate ranking and expected genetic gain
The proportion of common selection candidates in 
the top 10% of trees was used to test the impact of 
including genomic information and inbreeding in the 

Table 2 Genetic parameter estimates for total height at different 
sites and using different models

ILRI International livestock research institute, SM Sekela Mariam, Suba 
Menagesha Suba, ABLUP-1 Pedigree-based ABLUP model without accounting for 
inbreeding, ABLUP-2 Pedigree-based ABLUP model accounting for inbreeding, 
ssGBLUP-1 Genomic-based ssGBLUP model without accounting for inbreeding, 
ssGBLUP-2 Genomic-based ssGBLUP model accounting for inbreeding, GBLUP 
Genomic best linear unbiased prediction, σ 2

a  Additive variance, σ 2

b
 Bulk (seed-

lot) variance, σ 2
e  Residual variances, h2 Narrow-sense heritability

Sites Model σ 2
a(± SE) σ 2

b
(± SE) σ 2

e (± SE) h
2(± SE)

ILRI ABLUP-1 2.72 (0.73) 1.41 (0.54) 6.50 (0.66) 0.26 (0.07)

ssGBLUP-1 2.63 (0.63) 1.41 (0.54) 6.66 (0.57) 0.25 (0.06)

ABLUP-2 1.73 (0.48) 1.41 (0.54) 7.34 (0.47) 0.17 (0.05)

ssGBLUP-2 2.05 (0.53) 1.41 (0.54) 7.11 (0.50) 0.19 (0.05)

GBLUP 2.22 (0.97) - 6.71 (0.81) 0.25 (0.24)

SM ABLUP-1 2.32 (0.61) 2.90 (0.98) 6.85 (0.56) 0.19 (0.05)

ssGBLUP-1 2.68 (0.68) 2.90 (0.98) 6.55 (0.62) 0.22 (0.06)

ABLUP-2 1.52 (0.41) 2.90 (0.98) 7.53 (0.41) 0.13 (0.04)

ssGBLUP-2 2.04 (0.53) 2.90 (0.98) 7.10 (0.50) 0.17 (0.04)

GBLUP - - - -

Suba ABLUP-1 3.21 (0.85) 1.60 (0.65) 5.29 (0.75) 0.32 (0.08)

ssGBLUP-1 3.75 (0.96) 1.60 (0.65) 4.86 (0.84) 0.37 (0.09)

ABLUP-2 2.13 (0.59) 1.60 (0.65) 6.20 (0.55) 0.21 (0.06)

ssGBLUP-2 2.93 (0.76) 1.60 (0.65) 5.58 (0.68) 0.29 (0.07)

GBLUP - - - -

Table 3 Mean and standard deviations of estimated theoretical 
accuracy of the prediction of breeding values for ABLUP and 
ssGBLUP models with (ABLUP-2 and ssGBLUP-2) and without 
accounting for inbreeding (ABLUP-1 and ssGBLUP-1) across the 
three investigated sites

ABLUP-1 Pedigree-based ABLUP model without accounting for inbreeding, 
ABLUP-2 Pedigree-based ABLUP model accounting for inbreeding, ssGBLUP-1 
Genomic-based ssGBLUP model without accounting for inbreeding, ssGBLUP-2 
Genomic-based ssGBLUP model accounting for inbreeding, GBLUP Genomic 
best linear unbiased prediction, ILRI International livestock research institute, SM 
Sekela Mariam, Suba Menagesha Suba

Model Sites

ILRI SM Suba

ABLUP-1 0.59 (± 0.04) 0.55 (± 0.05) 0.64 (± 0.03)

ssGBLUP-1 0.58 (± 0.04) 0.58 (± 0.04) 0.68 (± 0.02)

ABLUP-2 0.50 (± 0.06) 0.47 (± 0.06) 0.55 (± 0.04)

ssGBLUP-2 0.56 (± 0.07) 0.55 (± 0.07) 0.64 (± 0.05)

GBLUP 0.65 (± 0.04) - -
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prediction of breeding values. The lowest proportion of 
common candidates (96.2%) was observed between the 
ABLUP-1 (without inbreeding) and ssGBLUP-2 (with 
inbreeding) models. The two ssGBLUP models showed 
96.6% common candidates. The two ABLUP mod-
els showed a similar proportion of shared candidates 
(96.5%). The ABLUP and ssGBLUP models without 
considering inbreeding (i.e., ABLUP-1 vs. ssGBLUP-1) 
showed a large proportion of common candidates 
(98.2%), followed by the same models in the inbreeding 
scenario (97.9%). Thus, neither the change in the model 
nor accounting for inbreeding had a substantial effect 
on the ranking of the top 10% of candidates. However, 
there were still some changes in the ranking of individ-
uals. Supplementary Fig. S2 shows the change in ranks 
for the top 50 individuals between the models.

The proportion of selected candidates from different 
provenances in the top 10% was used to determine the 
impact of inbreeding (Table  4). The provenance with 
the highest inbreeding (P31, Fi = 0.54) had the low-
est proportion of selection candidates in the top 10% 
(T10%, Table  4), while the provenance with the least 
inbreeding (P34, Fi = 0.01) had the highest proportion 
of selection candidates. To further check for signs of 
inbreeding depression, we also examined the propor-
tion of the genotyped provenances among the worst-
performing individuals (in the lowest 10% of breeding 
values) (Table 4). In all models, we found that over 98% 
of the low-ranked individuals came from the prove-
nance with the highest level of inbreeding (P31).

Finally, the expected genetic gains from the top-
ranked 10% were 57.5% and 57.6% for ABLUP-1 and 
ssGBLUP-1, respectively. The models in the inbreed-
ing scenario showed slightly lower genetic gain, i.e., 
55.7% for ABLUP-2 and 56.8% for ssGBLUP-2, over the 
original population mean.

Predictive accuracy and prediction bias of the models
Overall, the ssGBLUP prediction models showed the 
highest predictive accuracy (PA) compared to the ABLUP 

and GBLUP models for all studied scenarios (i.e., with and 
without inbreeding, and random and within provenance 
cross-validation). From the two cross-validation scenar-
ios (i.e., random and within provenance), the PA obtained 
from within provenance cross-validation was higher than 
the PA obtained from random cross-validation (Fig.  3). 
Overall, the inbreeding scenario showed a higher PA 
than non-inbreeding. In this sense, the ssGBLUP model 
in the inbreeding scenario (ssGBLUP-2) combined with 
within-provenance sampling showed the highest pre-
dictive accuracy (0.73 ± 0.02) (Supplementary Table S2), 
with almost similar outcome as the ABLUP model in the 
same scenario (ABLUP-2, 0.72 ± 0.02).  Meanwhile, the 
lowest PA was observed for the GBLUP model in random 
cross-validation (0.53 ± 0.11). In all cases, both the ssGB-
LUP and ABLUP models showed a lower prediction bias 
(a value of ~ 1), while the GBLUP model had the highest 
bias in random cross-validation scenarios (0.79 ± 0.23). 
This might be attributed to the relatively small number of 
trees in the training and validation population (490 trees), 
which could have affected the model’s performance.

Discussion
To ensure increased resilience of managed production 
plantations under climate change, it is crucial to plant 
tested forest reproductive material [42]. The availability 
of improved material serves a dual purpose; meeting the 
demand for timber and wood products but also relieving 
the pressure on the natural forests and helping restore 
locally endangered species. This is particularly true for C. 
africana in Ethiopia, where the habitats and populations 
are severely affected by deforestation, fragmentation, 
and selective logging. Thus, overcoming the deforesta-
tion issue while meeting the local demand for timber and 
wood products requires a supply of genetically diverse, 
healthy, and productive material. In this regard, the use of 
quantitative genetics methodology in forest tree breeding 
is widely recognised for its ability to deliver results [43]. 
However, there is limited time and resources to start tra-
ditional long-term breeding programmes to genetically 

Table 4 Proportion of individuals in the top and bottom 10% of individuals (in percentage) from the three genotyped provenances 
for the four models evaluated. The remaining trees in the top- and bottom-ranked individuals are from the bulk seed lots

ABLUP-1 Pedigree-based ABLUP model without accounting for inbreeding, ABLUP-2 Pedigree-based ABLUP model accounting for inbreeding, ssGBLUP-1 Genomic-
based ssGBLUP model without accounting for inbreeding, ssGBLUP-2 Genomic-based ssGBLUP model accounting for inbreeding, T10% Top 10% ranked selection 
candidates), L10% Lowest 10% selection candidates

Provenances ABLUP-1 ssGBLUP-1 ABLUP-2 ssGBLUP-2

T10% L10% T10% L10% T10% L10% T10% L10%

P30 22.6 0.0 22.5 0.0 23.7 0.0 24.4 0.0

P31 12.2 98.7 11.8 98.0 11.1 99.9 9.8 99.5

P34 32.8 0.0 33.6 0.0 33.0 0.0 33.4 0.0
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improve the species. Incorporating genomic tools into 
practical tree breeding has been reported to increase gain 
by reducing the breeding cycle and improving selection 
efficiency [44].

This study tested the efficiency of breeding C. africana 
with the ssGBLUP approach using minimum genotyp-
ing effort and compared it to the ABLUP and GBLUP 
approaches. Comparisons included additive genetic vari-
ance, accuracy of the predicted breeding values, ranking 
of candidates for selection, genetic gain, efficiency of the 
ssGBLUP approach, and predictive accuracy and predic-
tion bias. In addition, genotyping a subset of the study 
population provided insight into the degree of relatedness 
within the BSOs. This enabled evaluation of the poten-
tial impact of inbreeding in C. africana and enhanced 
our understanding of relatedness in the BSOs, which is 
useful for genetic management. This may imply possible 
restrictions on selection to avoid significant decrease in 
genetic variation. Restrictions that would otherwise not 
be implemented due to a lack of knowledge of relatedness 
in the material.

The pairwise genomic relationship coefficients of the 
C. africana genotyped trees differed from the expected 
pedigree-based values for half-sib and unrelated indi-
viduals. However, there was a clear differentiation among 
provenances, as individuals from different provenances 
appeared to be unrelated. The increased pairwise half-sib 
values (i.e., expected values 0.25 vs. realised values aver-
aged across families 0.39) could be due to: 1) the build-up 
of co-ancestry and gene flow restrictions resulting from 
fragmented distribution of the species due to exposure 
to selective logging; and 2) background inbreeding due 
to lack of sufficient genetic separation, primarily due to 
close distance between the selected mother trees. This 

means that assuming an inbreeding level of zero, as is 
done in the classical breeding approach, could lead to 
an overestimation of genetic parameters, i.e., additive 
variance and heritability, and underestimation of related-
ness across the studied sites. In this study, accounting for 
inbreeding decreased the additive variance estimate and 
heritability. Inflated heritability estimates without proper 
consideration of inbreeding concur with the results of 
other studies [45]. Moreover, hidden relatedness has been 
reported to result in upwardly biased estimates of herit-
ability caused by the overestimation of additive genetic 
variance due to the unrealistic assumption of pure half-
sibling relatedness within open-pollinated families, as 
well as the absence of historical relatedness among the 
parents [17, 46, 21].

In our study, the ssGBLUP models showed a constant 
increase in additive variance estimates compared to 
the ABLUP models at all sites, except for the “without 
inbreeding” scenario at the ILRI site. This is in line with 
results reported for growth traits in other tree spe-
cies, for example, Eucalyptus [47, 48], lodgepole pine 
[38], white spruce [49], and loblolly pine [50]. However, 
studies on other tree species have reported that mod-
els using genomic evaluation (GBLUP or ssGBLUP) 
show decreased or similar additive variance estimates 
compared to models using pedigree-based information 
only for growth and wood quality traits [51–53]. The 
difference in genetic variance estimates between the 
pedigree and genomic-based relationship matrix could 
be because pedigree and genomic-based relationship 
matrices pertain to separate base populations, with 
genomic relationships reflecting the genotyped popula-
tion and pedigree relationships reflecting the founders 
of the population under study [54].

Fig. 3 Average predictive accuracy (PA) and prediction bias (PB) for the ABLUP, GBLUP, and ssGBLUP prediction models studied using the four 
combined scenarios. These scenarios included the presence (I) or absence (NI) of inbreeding and random (R) and within-provenance (P) 
cross-validation scenarios. NOTE: I + P = Model with inbreeding combined with within provenance cross-validation; I + R = Model with inbreeding 
combined with random cross-validation; NI + P = Model without inbreeding combined with within provenance cross-validation; NI + R = Model 
without inbreeding combined with random cross-validation
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The ssGBLUP models have an advantage over the 
ABLUP models in that they use the realised genomic 
relationship among individuals, whereas the ABLUP 
models are completely dependent on the assumed pedi-
gree structure created by mating designs. The accuracy 
of the predicted breeding values is of great importance 
to tree breeders, and improvement in accuracy can be 
achieved by using genetic markers in the evaluation 
[33]. Here, the GBLUP showed the highest mean the-
oretical accuracy for breeding values. In all cases, the 
mean breeding value accuracy increased from ABLUP 
to ssGBLUP across the investigated genotyped and 
non-genotyped sites. Similar findings were reported 
in studies of forest trees (e.g., [34, 35, 37, 55]), mostly 
because of a smaller prediction error variance in 
ssGBLUP.

The genetic architecture of the trait, the choice of 
model, and the density of available markers in the 
model are factors that affect the accuracy of genomic 
prediction [56]. The use of genetic markers, captur-
ing the additive relatedness among individuals, also 
captures the linkage disequilibrium (LD) between the 
SNPs and quantitative trait loci (QTLs), which affects 
the accuracy of the genomic estimated breeding values 
[57, 58]. The ssGBLUP provides a useful framework 
for combining the DNA marker data of the genotyped 
portion of the test population with the A-matrix used 
in BLUP analyses. As a result, it serves as a compro-
mise between ABLUP and GBLUP [38]. In both tested 
cross-validation scenarios, i.e., random and within 
provenance cross-validation, the ABLUP and ssGB-
LUP models showed high PA and low PB, while GBLUP 
showed the lowest PA and highest PB. The reason 
for the lowest PA and higher PB in GBLUP could be 
because only 6.1 percent of the entire study popula-
tion was genotyped. Consequently, we had substan-
tially smaller training and validation sets. As previously 
observed in other forest trees using simulation [59] 
and empirical datasets [47, 60], the PA improved with 
the increasing size of the training set [39]. The within-
provenance cross-validation scenarios showed a slightly 
higher average PA for the three predictive models stud-
ied. The three provenances in this study appeared to be 
unrelated. Moreover, our results showed that models 
in which inbreeding was considered showed improved 
PA. Increased relatedness between the training and 
validation populations is known to increase the model’s 
PA [61]. Thus, improved PA in the case of both within-
provenance cross-validation and inbreeding scenarios 
could be attributed to the higher relatedness between 
the training and validation populations. Genetic 
diversity within the training population has also been 
reported to influence PA [62, 63].

Genetic diversity management is an integral part of 
tree breeding [64]. Retaining genetic diversity is crucial 
for long-term genetic gain, and also limiting inbreeding 
and hence inbreeding depression [65, 66]. Currently, C. 
africana populations in Ethiopia are severely affected 
by deforestation, fragmentation, and selective logging. 
Forest loss and fragmentation are known to change the 
landscape’s connectedness and composition [67]. A 
few examples of how these changes may impact genetic 
diversity include instances linked to decreased popula-
tion sizes and the isolation of residual populations, which 
can affect and limit gene flow and cause the direct loss 
of genes [68]. The BSOs in this study were established 
by taking the necessary precautions to avoid inbreeding, 
i.e., by selecting mother trees with a minimum of 100 m 
distance from each other and in areas with a larger num-
ber of trees when possible. However, since the selfing 
rate might vary among species, populations, and indi-
viduals, it should be estimated using DNA marker data 
from the population under study [48]. This is especially 
true for C. africana in Ethiopia, where the fragmenta-
tion makes diversity management tricky. This is evident 
from the variation in the level of inbreeding between the 
genotyped provenances, with a mean inbreeding level 
of 0.33. Although it is difficult to conclude that C. afri-
cana suffers from inbreeding depression based on limited 
provenances, the most inbred provenance (P31, Fi = 0.54) 
showed signs of inbreeding depression, with the lowest 
overall performance. It also had the lowest proportion of 
selection candidates in the top 10%. In contrast, the least 
inbred provenance (P34, Fi = 0.01) showed the best over-
all performance. Similarly, the correlation between height 
and inbreeding at the family level (r =  − 0.82, p < 0.0001) 
was a strong indicator of the negative influence of 
inbreeding. However, there are possible confounding 
effects of provenances and inbreeding, and the correla-
tion between height and the inbreeding coefficient seems 
weaker and inconclusive within provenances. This could 
be due to the relatively small differences in the inbreed-
ing coefficients within provenances.

A comparison of breeding value rankings from differ-
ent models revealed change in ranks between the ABLUP 
and ssGBLUP models. Nevertheless, all models shared 
most of their top 10% of trees. The lowest proportion of 
common candidates in the top 10% of trees was between 
ABLUP-1 and ssGBLUP-2 (96.2%). This was expected 
because these two models represent scenarios without 
any genetic information and scenarios with all genetic 
information available. This maximises the information 
gap between the ABLUP-1 and ssGBLUP-2 models, 
resulting in a lower proportion of common selection can-
didates. The proportion of common candidates between 
the two ABLUP models with or without considering 
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inbreeding was 96.5%, indicating that accounting for 
inbreeding has a minimal impact on the ranking of selec-
tion candidates. Generally, although the 10% selection 
scenarios using different approaches largely showed com-
mon candidate trees, this could, to some extent, be due 
to high inbreeding levels and depression.  Differences 
in selected candidates between ABLUP-1 and ssGB-
LUP-2 would likely have been higher in the case of lower 
inbreeding without inbreeding depression. This means 
that the gap in the inbreeding level between provenances 
and the resulting impact on individual performance con-
tributed to the selection of similar candidates across the 
models.

This study stresses the importance of sampling from 
multiple populations of native tree species, such as C. 
africana, having small, scattered populations with dis-
continuous tree distributions to enhance genetic diver-
sity in BSOs. This is further emphasised because of the 
genotype-by-environment interactions indicated by 
moderate genetic correlations across the BSOs, despite 
being situated at almost similar altitudes. The differential 
performance of the species at the three BSOs could be 
attributed to the site differences in terms of soil nutrient, 
windiness, and other macro- and micro-climatic condi-
tions. This species tends to struggle to grow in windy 
areas. Thus, the fact that Suba and SM sites are located 
on hilly sites could be the reason for the relatively slow 
early growth at these sites compared to ILRI.

Only 33.8% of the families had genotyped individuals. 
Genotyping individuals from all families could poten-
tially have additional benefits for ssGBLUP models. 
Under fixed costs, this can be achieved by decreasing the 
number of individuals per family. We suggest conduct-
ing an in-depth population genetic analysis with more 
provenances to confirm whether the inbreeding level 
observed in the study is representative of C. africana 
populations in the country. Moreover, understanding the 
current genetic diversity of the species is crucial in devis-
ing appropriate measures for its conservation and sus-
tainable utilisation.

Conclusion(s)
We tested the efficiency of ssGBLUP with minimum 
genotyping effort in genetic management and breed-
ing of C. africana in BSOs. Following the inbreeding 
detected in two of the three genotyped provenances, we 
compared the ABLUP and ssGBLUP models with and 
without accounting for inbreeding. Although both evalu-
ation models, with or without accounting for inbreeding, 
had similar top 10% selection candidates, the ssGBLUP 
model displayed better performance in terms of addi-
tive genetic variance, theoretical breeding value accuracy, 

predictive accuracy, and prediction bias. Therefore, the 
ssGBLUP model was more reliable and accurate in deter-
mining breeding values, and as a result, the likelihood of 
correctly ranking selection candidates was higher. The 
inbreeding problem detected in two of the three geno-
typed provenances could potentially be broken in the 
next generation due to mating among the genetically dif-
ferentiated provenances. 

Methods
Description of breeding seedling orchards (BSOs) 
and genetic material
The C. africana BSOs in this study were established at 
three sites in Ethiopia: Sekela Mariam Forest (SM), Inter-
national Livestock Research Institute Ethiopia campus 
(ILRI), and Menagesha Suba Forest (Suba), as part of 
PATSPO, a national tree seed project in Ethiopia. These 
BSOs serve as test sites for C. africana germplasm, with 
the objective of developing an improved seed source 
through selection. The field experimental design for all 
locations was a randomised block design with single-tree 
plots.

The genetic material used in this study was obtained 
from 63 open-pollinated families from three native 
stands/provenances in Ethiopia: North Bench (P30), 
Adwa (P31), and Harar (P34). The number of families by 
provenance ranged from 20 to 23. Furthermore, bulk col-
lections from 25 provenances lacking family information 
were also included. Details of the BSOs are summarised 
in Table 5.

Phenotyping and leaf sample collection
The height data (in decimetres) were collected from the 
three BSOs two years after planting. Families with high 
survival rate allowed for the sampling of an adequate 
number of individuals within the family, while also rep-
resenting three main provenances in the country; thus, 
they were selected for SNP genotyping.  Supplementary 
Table S3 provides details on the number of trees with 
phenotypic data and the number of trees sampled per 
genotyped family in each provenance. Leaf samples were 
collected from the ILRI BSO, silica gel dried in zip-lock 
bags for DNA extraction.

DNA extraction, genotyping, and data preprocessing
DNA was extracted with the DNeasy Plant Mini Kit from 
QIAGEN (Germany). The DNA samples were sent to 
Diversity Arrays Technology (DArT) (https:// www. diver 
sitya rrays. com) in Canberra, Australia, for DArTSeq 
genotyping.

The DArTseq genotyping [69] resulted in 9591 raw 
SNPs in the 550 genotyped individuals. Missing data 

https://www.diversityarrays.com
https://www.diversityarrays.com
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across each locus were calculated, and loci with miss-
ing data in 15% of the trees/individuals were excluded. 
The heterozygosity per locus was used as a further fil-
tering criterion, in which loci with ≤ 0.05 heterozygo-
sity were removed. The filtering of data was also done 
across samples, and individuals with missing data in 
15% of the loci were excluded. These filtrations reduced 
the SNPs and individuals to 4373 and 526, respectively. 
Filtering was done using the qc.filtering function in the 
R package ASRgenomics [70].

Pedigree correction
Using the filtered SNPs, we validated and corrected 
the pedigree of the open-pollinated families based on 
a comparison of the expected versus observed addi-
tive genetic relationships. From the G-matrix estimated 
following VanRaden [29], we examined the samples’ 
pairwise additive relationship coefficients for large 
deviations from their expected values, and the cor-
rect mother was manually reassigned. Thirty-six trees 
were removed for parent conflict. Of the remaining 490 
trees, the pedigree records were corrected for 15 trees. 
The final set of genotyped individuals ranged from 7 
to 32 trees per family. Principal component analysis of 
the G-matrix was done to reveal potential grouping of 
the genotyped provenances. Supplementary Table S4 
displays the number of trees analysed after correcting 
their pedigree and excluding trees with conflicting fam-
ily information. Overall, 8070 trees were used for the 
analysis.

Statistical analysis
Due to spatial heterogeneity within the BSOs, and for com-
putational efficiency, the statistical analysis was conducted 
in two stages following Cappa et al. [39]. First, single-site 
analyses were made using a pedigree-based classical a pri-
ori design model, and an a posteriori spatial model with 
a first-order autoregressive error (co)variance structure 
(AR1 × AR1) [36]. The following single-trait single-site ped-
igree-based individual-tree mixed model was used:

where y is the vector of phenotypic data; β is the vector 
of fixed effects for blocks and provenances; b is the vector 
of random bulk seed lot effects; a is the vector of random 
effects that represents additive genetic effects (or breed-
ing values), following a normal distribution with zero 
mean and covariance matrix A σ 2

a  , where A is the average 
numerator relationship matrix derived from the pedigree 
information [71] and σ 2

a  is the additive genetic variance; 
and e is the vector of the random residual effects follow-
ing a normal distribution with zero mean and (co)vari-
ance matrix Iσ 2

e , where I is the identity matrix and σ 2
e  is 

the residual error variance. For the spatial autoregressive 
model, vector e was partitioned into spatially depend-
ent (ξ) and spatially independent (η) residuals. There-
fore, the residual (co)variance matrix can be expressed as 
σ 2
ξ [AR1(ρcol)⊗ AR1(ρrow)]+ σ 2

η I , where σ 2
ξ  is the spa-

tially dependent variance; σ 2
η is the spatially independent 

variance; AR1(ρ) is the first-order autoregressive correla-
tion process; ρcol and ρrow are autocorrelations parameters 
for columns and rows, respectively; and ⊗ denotes the 

(1)y = Xβ + Zbb + Zaa + e

Table 5 Description of the three Cordia africana breeding seedling orchards used in the study

masl Metres above sea level, m Metre

Breeding Seedling Orchard ILRI SM Suba

Location International Livestock Research Institute, 
Ethiopia campus

Sekela Mariam Forest Menagesha Suba Forest

Coordinates 9°0′50’’ N 38°48′55’’ E 10°35′52’’ N 37°29′20’’ E 8°57′18’’ N 38°31′58’’ E

Altitude (masl) 2351–2358 2420–2433 2290–2329

Previous land use Not in use Plantation forest Plantation forest

Planting date August 2018 August 2018 August 2018

Plant origin Seed Seed Seed

Number of initial trees 2633 3600 2040

Number of families 53 61 55

Number of bulk seed lots 18 25 18

Number of provenances 3 3 3

Block 22 30 17

Plot Single tree Single tree Single tree

Spacing (m) 2 × 2 2 × 2 2 × 2

Number of phenotyped trees 2600 3519 1951
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Kronecker product. X , Zb , and Za, are incidence matri-
ces relating fixed and random effects to measurements in 
vector y.

For individuals from bulk seed lots, an extra independ-
ent variance was fitted. This approach was used to avoid 
bias in estimates of additive genetic variances by the 
bulk trees, as they were considered unrelated when their 
actual relationship was unknown [72].

Finally, the adjusted phenotype data were generated by 
subtracting the estimated block and the autoregressive 
residual effects from the corresponding raw phenotypes.

In the second stage, the adjusted phenotypes were ana-
lysed using the following pedigree-based (ABLUP) multi-
ple-site individual-tree mixed model:

where y =

[

y
′

1, y
′

2, y
′

3

]

 is the vector of individual tree 
adjusted-phenotypes for the sites (1 = ILRI, 2 = SM, and 

3 = Suba); β =

[

β
′

1, β
′

2, β
′

3

]

 is the vector of fixed effects of 

provenance for each site; b =

[

b
′

1, b
′

2, b
′

3

]

 is the vector of 

random bulk seed lot effects for each site distributed as 
b ∼ N (0,�b ⊗ I) , where �b is the (co)variance of the 

bulk seed lot effects; and a =

[

a
′

1,a
′

2,a
′

3

]

 is the vector of 

additive genetic effects random vector distributed as 
a ∼ N (0,�a ⊗ A) , where �a is the unstructured genetic 
effects (co)variance matrix between sites and A is defined 
above;. Finally, e =

[

e
′

1, e
′

2, e
′

3

]

 is the vector of random 
residuals distributed as e ∼ N (0,R0 ⊗ I) , where R0 is the 
residual (co)variance matrix for the three sites with 
dimension 3 × 3. We assumed an unstructured (co)vari-
ance matrix for the genetic and bulk seed lot effects ( �a 
and �b , respectively). The matrices X1 , X2 , and X3 and 
Za1 , Za2 , and Za3 relate the observation to the means of 
the provenance effects in β and the additive genetic 
effects for each tree in a . The symbol “´”, indicates the 
transpose operation.

The average-numerator relationship  A-matrix  was 
computed using the corrected pedigree data. In addi-
tion, a modified numerator relationship matrix (A2) 
that considers partial selfing was computed according 
to Dutkowski et  al. [73]. Both matrices were created in 
the ASReml-R version 4.0 [74]. The ainverse function and 
the argument selfing were used to incorporate the selfing 
rate (s) estimated from the genotyped individuals (aver-
age s = 0.30; see results below). The mixed model that 
utilised the A-matrix was referred to as ABLUP-1, while 

(2)
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y2
y3



 =





X1 0 0

0 X2 0

0 0 X3
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β2

β3



+
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0 Zb2 0
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b1
b2
b3



+





Za1 0 0
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+
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e3





the mixed model that used matrix A2 was referred to as 
ABLUP-2.

In the genomic-based GBLUP approach, the aver-
age numerator relationship matrix A (A-matrix) derived 
from pedigree information in the previous mixed models 
(2) was substituted by the genomic relationship matrix 
(G-matrix), estimated according to VanRaden [29] and 
based on the 4373 SNPs:

where W  is a matrix of order n x m (n = number of 
individuals, m = number of SNPs) with entries equal 

to wij = gij − 2pi, in which gij is the gene content at SNP 
locus i for tree j, and pi is the current allele frequency for 
marker i.

Finally, in the ssGBLUP approach, the A-matrix 
was substituted by the combined additive relationship 
H-matrix [30; 32], resulting from combining the G- with 
the A- or A2-matrix depending on whether inbreeding 
was accounted for:

where A11 is the relationship matrix for non-genotyped 
individuals, A22 is the pedigree-based relationship matrix 
for genotyped individuals, and A12 and A21 are the addi-
tive genetic relationship matrices between genotyped 
and non-genotyped individuals, respectively. Gw is the 
marker-based relationship matrix for genotyped individ-
uals weighted as: Gw = 0.90G + 0.10A22 . The A-matrix 
was combined with the G-matrix to obtain the H-matrix, 
while matrix A2 was combined with the G-matrix to 
obtain the H2-matrix. The mixed model that utilised the 
H-matrix was referred to as ssGBLUP-1, while the mixed 
model that used the H2-matrix was referred to as ssGB-
LUP-2. The combined H-matrix for the ssGBLUP analy-
sis was obtained using the R package ASRgenomics [70].

Genetic parameters
Restricted maximum likelihood [75] was used to estimate 
the (co)variances for the random effects in mixed mod-
els (1) and (2), and were obtained with the ASReml-R 

(3)G =
WW ′

2
∑

pi(1− pi)

(4)H =
A11 + A12A

−1
22 (Gw − A22)A

−1
22 A21 A12A

−1
22 Gw

GwA
−1
22 A21 Gw
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programme [74], which used the average information 
algorithm [76].

The narrow-sense individual heritability ( h2) and the 
additive genetic correlation ( ra ) between the three sites 
were estimated as:

where σ 2
a  is the additive genetic variance; σ 2

b  bulk (seed-
lot) variance and σ 2

e  are the residual variances for each 
site; σaij is the additive genetic covariance between sites i 
and j; and σ 2

aii
 and σ 2

ajj
 are additive genetic variances for 

sites i and j, respectively, using a multi-environment 
model (2).

Theoretical accuracy of breeding values and efficiency 
of ssGBLUP
The theoretical accuracy ( Acc ) of the predicted breeding 
values was estimated using the following expression:

Where PEV  is the prediction error variance and is 
calculated as the square of the standard error; Fi is the 
inbreeding coefficients of the ith tree; and σ 2

a  is the addi-
tive genetic variance.

Efficiency ( E ) of ssGBLUP, which is the proportion of 
the extra benefit of GBLUP over ABLUP in the ssGBLUP 
scenario, was estimated following the method described 
in Sanchez-Mayor et al. [41].

When E = 1, ssGBLUP has the same performance as 
GBLUP. However, when E = 0, ssGBLUP has no advan-
tage over ABLUP. This E parameter was calculated for 
the theoretical accuracy of the predicted breeding values.

Finally, the expected genetic gain, i.e., the change in the 
average breeding value of a population after selection, 
was calculated as follows: 1) the net breeding value of 
a tree was calculated as the sum of the estimated prov-
enance fixed effect and the predicted breeding value of 
the tree within the provenance [77] from Eq.  (2) of the 
ABLUP and ssGBLUP models with and without inbreed-
ing; 2) the average of this net breeding value of the entire 
population was subtracted from the average net breeding 
value of the top 10% of selected trees (reported as a per-
cent increase in average breeding value).

h2 =
σ 2
a

σ 2
a + σ 2

e + σ 2
b

; ra =
σaij

√

σ 2
aii
xσ 2

ajj

Acc =

√

1−
PEV

(1+ Fi)σ
2
a

E =
(ssGBLUP − ABLUP)

(GBLUP − ABLUP)

Predictive accuracy, prediction bias, and cross-validation 
scenarios
The predictive accuracy (PA) and prediction bias (PB) of all 
five models were evaluated using tenfold cross-validation, 
where 10% was used as the validation set and the remaining 
90% as the training set. Two scenarios were tested to inves-
tigate the impact of provenance/population structure on 
PA and PB: 1) random sampling, where all measured trees 
were in the training population at least once; and 2) random 
sampling within the three provenances with strong genetic 
structure. The PA was determined as the Pearson correla-
tion between the breeding values calculated from the full 
dataset and the ssGBLUP model (i.e., using marker and phe-
notype data of all the trees) and those predicted from the 
validation set using the ABLUP-1, ABLUP-2, ssGBLUP-1, 
ssGBLUP-2, and GBLUP models. PB was estimated by 
measuring the slope of the regression coefficient between 
the breeding values from the full dataset and the ssGB-
LUP model and those predicted with either the ABLUP-1, 
ABLUP-2, ssGBLUP-1, ssGBLUP-2, or GBLUP model. A 
regression coefficient equal to one means absence of bias.

Abbreviations
ABLUP  Pedigree-based Best Linear Unbiased Prediction
ABLUP-1  ABLUP model without accounting for inbreeding
ABLUP-2  ABLUP model accounting for inbreeding
BLUE  Best Linear Unbiased Estimation
BSO  Breeding Seedling Orchard
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