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historical effective population size of 1000 or 5000, together 
with experimental results, indicate that prediction accuracy 
decreased by 49–76% for global prediction and by 15–65% 
for within-family prediction when G1 was predicted from 
G0, compared with cross-validation within the G1 genera-
tion. Increasing the relatedness at the expense of training set 
size increased global accuracy but decreased within-family 
accuracy. Simulations of advanced generations showed that 
training on multiple generations increases GS accuracy, both 
for global and within-family prediction. Access to multiple 
generations for training and/or a higher density of markers 
may be recommended to increase accuracy for cross-gener-
ation and within-family GS in conifers.

Keywords  Genomic selection (GS) · Cross-generation · 
Norway spruce · AlphaSimR · Within-family prediction

Introduction

The methodology of genomic selection (GS), introduced by 
Meuwissen et al. (2001), involves the use of genome wide 
markers, such as single-nucleotide polymorphisms (SNPs), 
to predict genomic estimated breeding values (GEBVs). GS 
overcomes the challenges of early marker-based selection 
by assuming that a trait is controlled by a large number of 
small genetic effects, which are all estimated simultaneously. 
Using tens of thousands of SNPs across the whole genome, 
GS relies on the linkage disequilibrium (LD) between mark-
ers and quantitative trait loci (QTL). Selection based on 
GEBVs reduces the need for phenotyping and allows the 
breeders to make selections earlier, potentially increasing 
the genetic gain per unit of time. GS has been successfully 
implemented in dairy cattle and other domestic animals 
(Hayes et al. 2009; Meuwissen et al. 2016) where the time 

Abstract  Genomic selection (GS) could be used to reduce 
the long cycle time for tree breeding. This assumes that 
marker-based predictions are sufficiently accurate without 
phenotypes. We evaluated GS across two linked genera-
tions of Norway spruce (Picea abies (L.) H. Karst), the first 
consisting of 954 plus-trees (G0) and the second of 956 
progeny trees representing 34 full-sib families (G1), using 
16 clonal field trials across mid- and southern Sweden. Both 
generations were measured for height and genotyped using 
a 50 K SNP chip array. Cross-validations within and across 
generations were compared. GS efficiency was evaluated 
using global prediction accuracy and within-family predic-
tive ability, using GBLUP with phenotypes for independent 
validation. We used computer simulations to emulate the 
experimental data and repeat the same analysis under differ-
ent assumptions of effective population size. Additional sim-
ulations were performed to investigate the cross-generation 
GS accuracy in future generations. Simulations assuming a 
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for selection for milk production has decreased from seven 
years with traditional breeding, to twelve months. Conse-
quently, GS has doubled the rate of genetic gain over the last 
decade (García-Ruiz et al. 2016; Xu et al. 2020).

Conifer breeding programs generally have prolonged 
breeding cycles, which have motivated research into the 
implementation of GS in forest trees, including simulation 
and experimental studies (Grattapaglia et al. 2018; Lebedev 
et al. 2020; Beaulieu et al. 2022). These research articles 
suggest that GS can increase genetic gain by shortening the 
breeding cycle and by capturing the variation from Men-
delian segregation. This last point is vital for selection of 
top breeding candidates within families (Papin et al. 2024). 
Typically, GS efficiency is evaluated in terms of the accu-
racy of prediction models on trees without phenotype data, 
using cross-validation. Studies on GS in conifers have indi-
cated that early selection at the seedling stage and omit-
ting field testing is possible without loss of genetic gain 
(Resende et al. 2012; Beaulieu et al. 2014; Ratcliffe et al. 
2015; Bartholomé et al. 2016; Thistlethwaite et al. 2017; 
Chen et al. 2018, 2019; Calleja-Rodriguez et al. 2020). For 
Nordic tree species such as Norway spruce (Picea abies (L.) 
H. Karst)) and Scots pine (Pinus sylvestris L.) it has been 
shown that 86–107% of the gain from traditional selection 
can be achieved using GS, based on exome sequencing, 50 K 
SNP array genotyping and genotyping-by-sequencing (GBS) 
(Calleja-Rodriguez et al. 2019; Chen et al. 2018, 2023).

The Norway spruce breeding cycle in Sweden requires 
around 25 years (Rosvall 2019). Combined with clonal for-
estry, GS could accelerate the deployment of the elite clones 
at the seedling or embryonic stage by somatic mass-propa-
gation (Wu 2019). Assuming that flowering can be initiated 
in young trees, implementing GS could potentially shorten 
the breeding cycle of Norway spruce to merely 8–11 years. 
This would enable tree breeders to complete two to three 
generations of selective breeding within the time frame of 
one conventional breeding cycle.

However, most studies on GS efficiency in trees have 
been conducted using cross-validation within the same gen-
eration. In operational tree breeding programs, a GS model 
based on the phenotypic and genotypic data of parents and 
their relatives would be used to predict breeding values or 
total genetic values of their progenies for selection purposes 
(Fig. 1). Therefore, both selection effects (e.i., only a sub-
population of elite trees will be used for the next generation) 
and mating effects (e.i., new trees will be produced from 
crosses among the selected elite trees) on GS efficiency need 
to be studied using trees across generations, before imple-
mentation in operational breeding.

Few publications on GS in conifers have performed cross-
generation validations using two or more generations. In 
maritime pine (Pinus pinaster Aiton), estimated breeding 
values (EBVs) from grandparental (G0) and parental (G1) 
trees were used to train models to predict breeding values of 

Fig. 1   Conceptual description 
of genomic selection in tree spe-
cies. Step (1) genetic effects are 
estimated using a model with a 
reference population which is 
both phenotyped and geno-
typed; (2) the accuracy of the 
model is validated on a separate 
set of trees; (3) selection of the 
best genetic material is car-
ried out; (4) selected trees are 
crossed to generate seed for the 
next generation; step (5) previ-
ously developed model is used 
to make early selection based 
on genomic estimated breeding 
values (GEBVs) before the trees 
can be phenotyped
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a G2 generation for stem size, straightness and tree height 
(Bartholomé et al. 2016). It was observed that the combined 
average accuracy of all three traits using genomic best lin-
ear unbiased prediction (GBLUP) was higher across genera-
tions, using G0 and G1 to predict G2, than cross-validated 
GBLUP accuracy within the G2 generation. Two GS stud-
ies of Douglas-fir (Pseudotsuga menziesii (Mirbel) Franko) 
with shared sites and genetic material jointly suggest that 
accuracy of GBLUP across generations was higher than 
the within-generation cross-validation accuracy for juve-
nile height (Thistlethwaite et al. 2017; 2019). These results 
are surprising for at least two reasons. First, recombination 
between generations is expected to weaken LD between 
QTL and markers, reducing GS accuracy (Habier et al. 2007; 
Xu et al. 2020). Secondly, directional selection of elite trees 
within a generation will likely change the allele frequencies 
in the progeny generation (Wientjes et al. 2022). GBLUP 
implicitly assumes a common allele frequency distribu-
tion for the population, and deviations from that will affect 
the estimated genomic relationship (Isidro y Sánchez and 
Akdemir 2021). A common pitfall of validating accuracy of 
genomic predictions is the failure to ensure that the train-
ing and validation populations are independent. Estimated 
breeding values (EBVs) derived from pedigree (ABLUP) 
with a large number of measurements have commonly been 
used for validation (Bartholomé et al. 2016; Lenz et al. 
2017; Chen et al. 2018; Klápště et al. 2018). If there is an 
overlap in the phenotype information used to estimate the 
GEBVs and EBVs, this may inflate the GS accuracy (Amer 
and Banos 2010). This method also treats the EBVs from 
ABLUP as true breeding values (TBVs), a simplification 
that is difficult to verify since the TBV are never known. 
Computer simulation is a useful tool in this respect, as the 
breeder gets access to TBV and can compare different strate-
gies. Many studies have already made use of simulations to 
make projections about future trends in tree breeding (Iwata 
et al. 2011; Hall et al. 2016; McLean et al. 2023; Papin et al. 
2024). Ideally, the results from simulation should be vali-
dated against experimental results.

We evaluated GS efficiency for cross- and within-gen-
eration prediction in Norway spruce. We first conducted 
an experimental analysis on a founder generation (G0) and 
its progeny generation (G1), with a total of 1910 clones. 
The trees were genotyped with a 50 k SNP array and meas-
ured for height growth across 16 clonal field trials. Differ-
ent cross-validation schemes were conducted to investigate 
GS accuracy both within and across generations. GEBVs 
were predicted using GBLUP. The experimental dataset 
was replicated using stochastic simulations and analyzed 
with similar methodology. An additional set of simulations 
were carried out for up to six generations to explore future 
trends. The objectives of this study were to (i) compare the 
accuracy of within-generation GS to cross-generation GS 

using independent validation, (ii) investigate if increas-
ing the relatedness between training and validation popula-
tions can increase GS accuracy across generations, (iii) to 
explore projected changes in cross-generation GS accuracy 
when multiple generations are used for training. Throughout 
the study, the accuracy of GS models was evaluated using 
a population-based genomic model for breeding selection 
(global selection) for within- and across-generation and for 
within-family clonal selection.

Materials and methods

Plant material

Tree data was collected from the Norway spruce clonal 
breeding trials owned by the Forestry Research Institute of 
Sweden (Skogforsk). A total of 16 clonal field trials were 
used, located in mid-southern Sweden (Fig. 2). Thirteen 
clonal trials were established between 1982 and 1993 with a 
total of 1193 plus-trees propagated from seed-lots collected 
in Slovakia and Belarus (G0), vegetatively propagated using 
rooted cuttings. Based on seed-lot information of geographi-
cal origin, three separate field trial series were established 
with either mainly Belarusian (1), a mix of Belarusian and 
Slovakian (2), or mainly Slovakian clones (3). The clones of 
each series were planted across three to five field trials with 
varying site characteristics, so that all trials within the same 
series had roughly the same genetic material (Table 1). The 
number of planted ramets per clone for each trial was ten, 
ten, and six for series 1, 2 and 3 respectively. A subset of 30 
superior clones was selected as parents based on field trial 
performance and crossed to create 44 full-sib families (G1) 
with an average size of 28 (SD = 11). The G1 clones were 
planted in a new series of clonally propagated field trials in 
2014 and 2015 at three new sites, with three to four ramets 
per clone in each trial.

At each field trial, tree height was measured over multiple 
years. Measurements up to the age of nine years were made 
with a height stick to the centimeter precision. For ages ten 
and above, measurements were made with a Vertex height 
measurement device at decimeter precision. Each G1-field 
trial was measured once, at ages of seven, eight or nine 
years. For the G0-trials, measurements from multiple years 
were available, and a single year was selected for each trial 
with the aim of choosing a similar assessment age among 
the G1 trial series.

Spatial analysis of individual trials

Forest tree trials are subject to microsite environmen-
tal effects, such as variation in local topology, soil con-
ditions and the direction of planting (Fagroud and Van 
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Meirvenne 2002; Bian et al. 2017). Adjustments for heter-
ogenous residual variation for tree height were performed 
for all measurements within each trial. The adjustments 
were performed on each trial separately (including non-
genotyped trees), as fitting a single model across all trials 
was considered too computationally demanding. A linear 
mixed model was fitted with one spatially independent 

residual term and a spatially dependent residual term 
using two first-order autoregressive (AR1) terms in the 
row and column direction (Dutkowski et al. 2002; 2006; 
Gilmour et al. 2021). Spatially dependent residual vari-
ance was removed from each measurement, creating a new 
set of spatially adjusted phenotypes used for downstream 

Fig. 2   Overview of field trial locations and clones from different 
generations. a Locations of the 16 field trials in mid-southern Swe-
den, colored by trial series. b Illustration of generations and origins 

for all clones included. The “Parents” group includes clones among 
all G0 series that were selected and crossed to produce the G1 gen-
eration

Table 1   Overview of field trial data. “All trees” refer to all available trees within each trial. “Genotyped” refer to the subset of trees that had 
SNP marker data. Standard deviations are in parentheses

Trial name Gen Series Year Age Measurements Clones Growth rate (cm / year)

All trees Genotyped All trees Genotyped All trees Genotyped

Salungen G0 1 1990 8 3036 2187 481 415 33.0 (9.1) 32.9 (9.1)
Dunderbo G0 1 1990 8 2760 2027 481 415 27.9 (9.1) 27.9 (9.1)
Ålbrunna G0 1 1992 8 1234 646 373 209 16.7 (5.7) 16.5 (5.7)
Morskoga G0 1 1992 8 1970 976 379 210 16.9 (6.6) 16.5 (6.5)
Hade gravfält G0 1 1993 8 1825 880 372 206 13.0 (4.4) 12.8 (4.4)
Vingåker G0 2 1983 15 1359 890 222 162 29.1 (11.6) 29.1 (11.5)
Jönsarbo20 G0 2 1983 15 1529 1002 222 162 42.2 (11.0) 42.3 (11.4)
Lingbo G0 2 1983 15 1030 667 220 160 11.5 (4.4) 11.5 (4.3)
Finspång G0 3 1982 10 2520 1708 490 377 23.3 (11.0) 23.3 (10.9)
Frändesta G0 3 1982 10 2485 1640 487 375 21.0 (7.7) 21.0 (7.7)
Forshaga G0 3 1982 10 2668 1795 489 376 22.6 (9.9) 22.8 (9.8)
Jönsarbo08 G0 3 1982 10 2598 1745 487 401 17.3 (5.8) 17.2 (5.7)
Kilafors G0 3 1982 10 3092 2076 487 377 17.3 (7.2) 17.5 (7.3)
Savolax G1 2014 8 3973 2875 1255 943 43.7 (10.5) 44.1 (10.4)
Malmen G1 2014 7 3876 2840 1247 953 44.8 (10.0) 45.3 (9.9)
Bunäset G1 2015 9 5313 3655 1333 913 39.6 (10.9) 39.9 (10.7)
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analysis (Calleja-Rodriguez et al. 2019). Details on the 
spatial analysis can be found in Supplementary Methods.

Genotype data

Buds and needles were sampled from 2073 individual trees, 
corresponding to 2034 clones from the trials Jönsarbo08, 
Jönsarbo20, Dunderbo and Malmen, between June and 
November of 2020. Immediately after sampling, the plant 
tissue was kept in a freeze box with ice packs, and later at 
-20℃ for long term storage. The DNA was extracted at the 
Umeå Plant Science Center (UPSC) using the E.Z.N.A SP 
Plant DNA Kit where some steps of the protocol were modi-
fied (Supplementary Methods). Genotyping was performed 
using the Norway spruce Piab50K SNP array chip (Bern-
hardsson et al. 2021).

Merging of individual genotyping calls and SNP filter-
ing was performed with the Axiom Analysis Suite software 
(v.5.3) using the default “Genotyping” workflow. SNPs were 
filtered for a call rate of minimum 0.97 and conversion type 
of “PolyHighResolution”, “NoMinorHom” or “MinorHigh-
Resolution”. Pedigree correction and sample filtering were 
carried out on the original 2073 samples using custom R 
scripts, version 4.3.3 (R Core Development Team 2024) 
(Supplementary Methods). A second SNP filtering was 
performed in Axiom Analysis Suite using a final subset 
of 1910 unique clones. Next SNPs with a minor allele fre-
quency below 0.01 were removed, retaining 39 710 SNPs 
for downstream analysis.

Genomic prediction

The marker matrix of SNPs was coded as −1, 0 and 1 and 
converted to a G-matrix with the A.mat function of the R 
package rrBLUP (Endelman 2011). Missing values were 
imputed using the “means” option. Since the number of 
missing marker calls was only 0.8%, more advanced impu-
tation methods were not pursued. A single G-matrix was 
generated for both generations and used for all downstream 
experimental analyses. To ensure stable invertibility, the 
original G-matrix was blended by adding an identity matrix 
with identical dimensions multiplied by 0.01 and was con-
verted to a sparse format using the G.inverse function of the 
ASRGenomics R-package (Gezan et al. 2022).

Population structure was investigated by comparing the 
G-matrix and the expected pedigree-based relationship, and 
a PCA analysis using the stats R-package (R Core Develop-
ment Team 2024).

A linear mixed model was used on genotyped trees to 
estimate variance components and predict GEBVs with 
ASReml-R (Butler et al. 2023):

where yadj is a vector of spatially adjusted height growth 
rate, � is a vector of fixed effects, including overall mean and 
site effects, and u is a vector of random effects distributed as 
∼ N(0, �2

A
G ) where �2

A
 is the additive genetic variance and G 

is the marker-based realized genomic relationship matrix. X 
and Z are incidence matrices for fixed and random effects 
respectively. The residual error term � was distributed as �
~N(0, R), with:

where �2

eS
 is the residual variance for site S, and I

nS
 is an 

identity matrix with dimensions n equal to the number of 
measurements in site S. The solutions for fixed and random 
effects were obtained by solving the mixed model equation 
according to Henderson (1984) (see Supplementary 
methods).

Site-specific narrow-sense heritability for the 16 experi-
mental trials was estimated as:

Standard errors of the heritability estimates were obtained 
using the methods of Ahlinder et al. (2024). The model for 
estimating variance components included 1910 genotyped 
clones from both generations. Predictive ability (PA) was 
estimated as the Pearson correlation between the GEBVs 
and phenotypes. Prediction accuracy (PACC), defined as the 
correlation between GEBVs and TBV, was estimated using 
the methods proposed by (Legarra et al. 2008):

As all predictions were made for G1 clones, only herit-
abilities from Savolax, Malmen and Bunäset were used to 
calculate PACC.

The same model for global prediction was used for 
within-family prediction, referring to picking the top-rank-
ing siblings in a full-sib family. GS studies on forest trees 
rarely report accuracy within families, likely due to the dif-
ficulties in estimating family-specific variance components. 
In this case, model performance was only expressed in terms 
of PA. This was done in two steps. First, PA was calculated 
for each individual full-sib family. Next, we took the average 
PA across all families to express a general within-family PA.
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Cross‑validation schemes

Four cross-validation scheme were set up for prediction 
of genotyped G1 clones (Fig. 3). Each scheme consisted 
of sampling and prediction. We used the caret R-package 
(Kuhn 2008) to generate five folds of genotyped clones from 
the specified “sampling set”. Four out of five folds would 
then be used as a training set. This was repeated five times, 
each time excluding a new fold from training. Each cross-
validation was repeated 20 times to generate 100 iterations 
per scheme. By sampling based on clone id, we ensured that 
measurements of the same clone were never present in the 
training and validation set simultaneously. During predic-
tion, the training set was used in a GBLUP model to predict 
GEBVs, which were used to predict the phenotypes in a vali-
dation set. We used two Cross-Generation schemes which 
both used the whole G1 generation as a fixated validation 
set. The first sampling set consisted of the whole G0 gen-
eration (CG1). The second sampling set consisted of the G0 
clones which had been selected for crossing (parents) plus 
any G0 clone with a genomic relationship coefficient of min-
imum 0.05 with at least one parent according to the G-matrix 
(CG1R). We used two Within-Generation schemes. In the 
first scheme, we sampled from the G1 generation and vali-
dated against the excluded G1 clones (WG1). For the second 
scheme, we also added the whole G0 generation to the train-
ing set (WG01).

Simulating data

Additional datasets were generated using stochastic simula-
tions with the R-package AlphaSimR (Gaynor et al. 2021), 

aiming to recreate the experimental study setup. Twelve 
chromosome pairs were generated using the Markovian coa-
lescent simulator (MaCS) (Chen et al. 2009), each with a 
physical distance of 1.63 Gb and genetic distance of 2.96 M 
(Nystedt et al. 2013; Bernhardsson et al. 2019). A previous 
study on Norway spruce used a mutation rate of 2.2 × 10

−9 
(Nystedt et al. 2013), expressing the probability that a new 
mutation occurs per locus per meiosis per year. Here, this 
number was multiplied by 45 as an approximation of the age 
at which new seeds were created in wild stands. The initial 
trait “genetic mean” and variance were set to 200 and 3600 
respectively to mimic height in Norway spruce at age ten in 
centimeters, as an approximation based on the G0 trials from 
the experimental data. For simplicity, the simulated trait was 
only controlled by additive genetic effects. The total number 
of segregating loci per chromosome was arbitrarily set to one 
million, as a compromise between realism and ease of com-
putation. For each chromosome, 42 segregating sites were 
selected as quantitative trait nucleotides (QTNs) (Hall et al. 
2016). QTN effects were randomly sampled from a gamma 
distribution with shape = 0.5 (Denis and Bouvet 2011; Li 
and Dungey 2018).

The historic genetic diversity of the breeding population 
was simulated with three separate scenarios where the initial 
effective population- (Ne) and census size were identical, 
either 100, 1000 or 5000. Each founder population went 
through 100 generations of burn-in to generate more realis-
tic patterns of LD. Each generation cycle, individuals were 
randomly crossed with the number of crosses equal to the 
initial census size and generated 2 new progenies per cross, 
similarly to the methods of McLean et al. (2023). Next, 1000 
individuals were randomly sampled from the last burn-in 

Fig. 3   Illustration of cross-
validation schemes. The two 
Cross-Generation (CG) schemes 
both had the whole G1 genera-
tion as a fixated validation set 
(VS), while the training set (TS) 
was sampled from either the 
whole G0 generation (CG1) or 
the G0 clones used as parents 
and their close relatives identi-
fied by the G-matrix (CG1R). 
The Within-Generation (WG) 
schemes used a subset of G1 
clones as VS, while the TS 
was either the remaining G1 
clones (WG1) or the remaining 
G1 clones plus the whole G0 
generation (WG01)
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generation to represent the G0 population. In the Ne 100 
scenario, this was achieved by performing an additional gen-
eration of burn-in with 10 progenies per cross.

To simulate clonal propagation, 20 phenotypic values 
were generated for each G0 clone using a heritability of 0.2. 
One tenth of G0 phenotype values were randomly removed 
afterwards to simulate varying number of ramets per clone. 
The mean phenotype per clone was used to select the top 30 
parents, which were used to make 35 random crosses. The 
family sizes were set to emulate the experimental dataset. 
For each cross, the number of offspring were sampled from 
a normal distribution with a mean of 30 and standard devia-
tion of 10, rounded to integers and the minimum possible 
number was 1, constituting the new G1 generation. Pheno-
typic values were generated for the G1 generation with a 
heritability of 0.2, but with ten values per clone. Again, one 
tenth of simulated G1 phenotypes were randomly removed.

All clones were genotyped using genomic marker infor-
mation of a simulated SNP chip with a total of 40 464 bi-
allelic markers, meaning 3372 per chromosome, which were 
sampled from the available segregating sites with a mini-
mum MAF of 0.01, using the G0 generation as reference. 
The causal QTNs were excluded as candidate markers for 
sampling, under the assumption that perfect overlap between 
SNP markers and causal segregating sites is unlikely. Each 
Ne scenario was replicated 10 times, creating 30 simulated 
datasets of genotyped and clonally replicated phenotypic 
data from two generations.

The simulation setup was extended to study the efficiency 
of GS in more advanced generations. The same settings 
were used to generate the G0 and G1 generation as previ-
ously described, but only using the historic Ne of 1000. New 
selections were simulated among the G1 based on EBVs 
calculated using pedigree-based ABLUP with the kin.blup 
function the R-package rrBLUP (Endelman 2011). The pedi-
gree information was reset at the G0 generation to replicate 
assumptions made in a typical breeding program, meaning 
that all founders were treated as completely unrelated. Two 
sets of simulations were generated where selection of new 
parents was based on either the 35 best clones overall (global 
selection) or the best clone from each of the 35 families 
(within-family selection). Crossing scheme, number of prog-
enies per cross and phenotypic data were simulated as previ-
ously described for the G1 generation. Each new calculation 
of EBVs made use of all phenotypic and pedigree informa-
tion available at that point in the simulation. This process 
was repeated to generate five successive full-sib generations, 
using either global-selection or within-family selection, plus 
the founder generation. Again, all clones were genotyped 
with a simulated SNP-array as before. The same simulated 
SNP chip was used for all subsequent generations, within 
the given iteration. This simulated advanced breeding cycle 

was again replicated 10 times for each of the two selection 
methods.

Genomic prediction on simulated data

Genomic prediction and cross-validation schemes were 
repeated for each simulated dataset similarly to the experi-
mental data analysis, except no type of data preprocessing 
was done, as no sites or spatial patterns were part of the 
simulation. The model for estimating breeding values was 
a simplified version of Eq. 1, with only an overall mean as 
fixed effect and a single residual variance. Since only addi-
tive genetic effects were simulated, the total genetic value 
was treated as the TBV and “true prediction accuracy” was 
calculated as the Pearson correlation between the GEBVs 
and the TBV within the validation set. This was performed 
family-wise and then averaged across families for each itera-
tion to calculate the within-family PACC. For comparison 
with the experimental results, within-family PA was esti-
mated on the simulated data as well.

The first set of simulations with only two generations 
used the same cross-validation schemes as the experimental 
data. Essentially, this implies that a fivefold cross-validation 
was repeated 20 times per each of 10 simulated datasets 
for each cross-validation scheme, ultimately giving 1000 
iterations per scheme. For the advanced generations, GS 
accuracy was only evaluated across generations, similarly 
to scheme CG1. In this case, the accuracy metric was the 
same as the selection method, i.e. within-family prediction 
accuracy for breeding programs based on within-family 
selection. Each new generation was used as a fixated vali-
dation set in separate analyses. The training set consisted of 
phenotypes sampled from either the one previous generation 
or all previous generations, relative to the given generation 
in the validation set. Similarly, the G-matrix was generated 
using markers from the validation generation and either the 
previous generation, or all previous generations.

Inspecting LD

LD was assessed on the simulated advanced generations 
using PLINK (Purcell et al. 2007), calculated as the squared 
correlation coefficient ( r2 ) between pairs of loci (Hedrick 
2017). Separate analyses were made on each unique gen-
eration within all simulated iterations. All r2 values were 
retained within a 1500 SNP window and maximum distance 
of 100 000 kb. The rate of LD decay was estimated by fit-
ting a nonlinear regression model to the expected value of 
r2 between adjacent sites (Hill and Weir 1988; Marroni et al. 
2011). The model was used to find the distance at which the 
expected r2 was 0.2, used as a benchmark to compare LD 
between different generations and selection methods.



	 E. A. Carlsson et al.  172   Page 8 of 17

Results

Evaluating genomic relationships and population 
structure with marker data

The marker-based G-matrix closely mirrored the expected 
pedigree-based relationship (Fig. S1). The G0 plus-trees 
displayed a modest population structure in the G-matrix 
on two levels. Firstly, trees that had previously been 
recorded as either from Belarus or Slovakia generally 
showed noticeably higher realized genomic relationship 
with clones of the same origin than between different 
origins. Secondly, some clones within the Belarusian G0 
population formed more closely related clusters, with 
some pairwise relationships similar to half-sibs. Distribu-
tions of genetic relationship coefficients for the G1 clones 
displayed a left skewed peak in relation to the expected 
value from a pedigree-based matrix for half- and full-sib 
relations (Fig. 4). Among the pairwise relationships which 
were unrelated according to pedigree, genomic related-
ness showed a second peak around 0.22. Values along the 
diagonal showed a bimodal distribution with a few outliers 
above 1.2. One full-sib family showed signs of uninten-
tional inbreeding, as the parents had a genomic relation-
ship close to that of two half-sibs.

The PCA plot showed weak population structure in our 
data (Fig. S2). The first PC (explaining 3.31% of the vari-
ation) roughly corresponded to the difference between the 
two historical populations and their hybrid offspring, 
while the second PC (explaining 2.26% of the variation) 
explained more of the within-population variation. The G1 
clones formed several distinct clusters, likely correspond-
ing to the different full-sib families.

Experimental GS accuracy

Site-specific narrow-sense heritability ranged from 0.056 to 
0.375 with a mean of 0.171 (Table S1). For sites with G1 
clones, used to estimate PACC, the heritability had a smaller 
range of 0.108 to 0.117. GS models predicting across gen-
erations had a substantially lower PACC compared to the 
within generations (Fig.  5a). For the cross-generation 
schemes, sampling from all available G0 data (CG1) gave an 
average PACC of 0.251. Retaining only G0 clones exhibiting 
a certain genomic relationship to any of the actual parents 
of the G1 (CG1R) increased the PACC to 0.313. When the 
G1 clones were cross-validated within the same generation 
(WG1), the mean PACC was 0.610. Adding all G0 clones 
to the training set (WG01) slightly increased mean PACC 
to 0.628. In effect, this means that including measurements 
from the G0 did not appreciably improve the global PACC of 
G1 clones compared to restricting both training and valida-
tion to the G1 generation. This was also the case when the 
training set comprised G1 clones together with the same 
subset of G0 clones used for CG1R (Fig. 5, Fig. S3). The 
relative performance of each scheme was similar in terms 
of global prediction regardless of whether PACC or PA was 
considered (Fig. 5a, Fig. S4), but the magnitude of PA was, 
as expected, substantially lower than the corresponding 
PACC.

Average PAs estimated within-family were close to 
zero in all cross-validation schemes, but always positive 
(Fig. 5b). Using the smaller but more related training set did 
not increase the within-family PA compared with the larger 
training set. Rather, the within-family PA of CG1R (0.033) 
was slightly lower than that of CG1 (0.041). Similarly to the 
global prediction estimates, the within-generation schemes 
had higher within-family PA, 0.049 and 0.061 for WG1 and 

Fig. 4   Distribution of realized genomic relationship coefficients of 
clones in the G1 generation, indicated by green bar plots. Relation-
ships were grouped by expected kinship from pedigree, indicated by 

the dashed horizontal lines. Self-kinship represents the diagonal ele-
ments of the G-matrix
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WG01 respectively, but values varied more between itera-
tions. Individual PA estimates for specific families often 
fluctuated between large negative and positive estimates. 
For within-generation schemes, some iterations were unable 
to estimate PA for specific families, likely caused by too 
few siblings being represented in the validation set in that 
iteration.

Simulated GS accuracy

The experimental data was replicated by simulation, assum-
ing three levels of historic effective population size (Ne). 
There was a similar trend between simulated and experi-
mental data in terms of how the cross-validation schemes 
compared with each other (Fig. 6a–i). Cross-generation 
PACC was lower than within-generation PACC both glob-
ally and within-family, regardless of historic effective 
population size. Lower Ne tended to result in higher PACC 
overall. Global PACC across generations (CG1) decreased 
from 0.411 to 0.150 and 0.138 at Ne-levels of 100, 1000 and 
5000 respectively (Fig. 6a–c). The change across Ne levels 
was smaller for the within-generation schemes, going from 
0.629 to 0.595 and 0.569 for WG1 (Fig. 6a–c). At Ne 100, 
within-generation prediction of G1 clones were noticeably 
improved when training included clones from the previous 
generation, both in terms of global and within-family PACC 
(Fig. 6a). Meanwhile, at the higher effective population sizes 
there was almost no difference (Fig. 6b, c). Cross-generation 
within-family PACC decreased when using a smaller train-
ing set with higher relatedness to the validation set. This was 
true for all schemes but showed most clearly for Ne 1000 and 
Ne 5000 scenarios (Fig. 6e, f). The within-family PA fol-
lowed the same pattern as the within-family PACC, except 
absolute values were lower (Fig. 6g–i).

Comparing the simulated datasets to the experimental 
data, the Ne 5000 scenario was most similar in terms of 
training set size for the CG1R scheme, which is determined 

by the internal relatedness of the founder population 
(Tables S2, S3). The average simulated training set size was 
80 clones and 1447 individual tree phenotypes, compared to 
82 and 1589 respectively for the experimental data. The Ne 
1000 scenario was closest to experimental data for the CG1 
scheme in terms of global PACC (0.251 vs 0.150) (Fig. 5a, 
Fig. 6b). For within-family PA using the same cross-valida-
tion scheme, the Ne 5000 scenario was closer to the experi-
mental data (0.045 vs 0.041 respectively) (Fig. 5b, Fig. 6i). 
One surprising finding in the simulation was that within-
family PACC was 25% higher than global PACC using CG1 
for the Ne 1000 scenario (Fig. 6b, e). Experimental within-
family PA on the other hand was 51% lower than global PA 
(Fig. 5b, Fig. S4).

The simulations were extended to more advanced gen-
erations (G2 – G5) with a historic Ne of 1000. Two sets of 
breeding programs were simulated, where the selection of 
parents was based on either global- or within-family selec-
tion. Again, genomic predictions were made across genera-
tions using either one previous generation or multiple gen-
erations for training (Fig. 7a-d). Cross-generation selection 
accuracy increased in later generations compared to G1. This 
was true both for global PACC and within-family PACC, 
regardless of whether only the last generation or all previous 
generations were used for model training. The increase was 
more rapid when all generations were included. Predicting 
G5 with multiple generations for training resulted in accu-
racies of 0.636 and 0.542 using global- and within-family 
selection respectively (Fig. 7b, d), while for single genera-
tion training it was 0.478 and 0.355 (Fig. 7a, c). Using only 
the previous generation, PACC showed a tendency to pla-
teau at later generations, even slightly decreasing in terms of 
within-family PACC at G4 compared to G3 (Fig. 7c). Multi-
ple generations for training continually increased PACC and 
did not show signs of leveling of even at G5 (Fig. 7b, d). All 
prediction and selection methods had the largest increase 
in PACC in the earlier stages of the simulated breeding 

Fig. 5   Global prediction 
accuracy a and within-family 
predictive ability b of the exper-
imental dataset. Each boxplot 
of global prediction accuracy 
has a sample size of 300. For 
within-family predictive ability 
the sample sizes are 100. Colors 
as well as labels below the 
boxplots correspond to cross-
validation schemes described 
previously (see Fig. 3)
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program. Going from predicting G1 to G2 almost doubled 
the global PACC and increased within-family PACC by 81%, 
if both G0 and G1 were used for training (Fig. 7b, d).

Generation-wide LD increased with each new round 
of selection and was generally higher when using global 
selection (Fig. 8a, b). At the fifth generation, the distance 

at which r2 was expected to be 0.2 was between 5.0 to 
20.6  kb and 1.3 to 1.7  kb using global selection and 
within-family selection respectively. There was also 
greater variation between iterations using global selection 
than within-family selection, which showed a more stable 
increase in LD for each new generation.

Fig. 6   Simulated replications of experimental analysis described 
in this study. True global prediction accuracy a–c, true within-fam-
ily prediction accuracy d–f and within-family predictive ability g–i 

across three simulated levels of historical effective population size 
(Ne). Each boxplot has a sample size of 1000. Scheme correspond to 
cross-validation schemes described previously (see Fig. 3)
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Discussion

Genomic selection could shorten the long generation inter-
val by selecting new breeding candidates early at the seed-
ling stage. However, GS models still need to be sufficiently 
accurate to not decrease genetic gain per unit of time com-
pared to traditional breeding methods. We have investigated 
GS accuracy across two successive generations using experi-
mental material from the Swedish Norway spruce breeding 
program. One key difference to most Norway spruce breed-
ing populations in Sweden is that the plus-trees themselves 
were here tested as rooted cuttings in a series replicated field 
trials (Haapanen et al. 2015). Traditionally, plus trees are 

evaluated using progeny trials. Our estimates of narrow-
sense heritability for height growth were generally compa-
rable to previous GS studies on Norway spruce (Chen et al. 
2018; 2019; Lenz et al. 2020a). Only the Lingbo trial had a 
surprisingly high heritability of 0.375, along with the high-
est standard error (Table S1). This was also the trial with 
the worst annual growth, and lowest phenotypic variance 
(Table 1).

Independent validation across generations

GS cross-validation studies have been conducted in 
many commercially important conifer species, usually by 

Fig. 7   Prediction accuracies 
of genomic selection across 
five simulated generations, 
generated using global- a, b or 
within-family selection c, d. 
The x-axis indicates the genera-
tion being used as validation 
set. Training sets were sampled 
from either the one previous 
generation a, c or all avail-
able previous generations b, d, 
relative to each validation set. 
Each boxplot has a sample size 
of 1000

Fig. 8   Changes in Linkage dis-
equilibrium (LD) across simu-
lated generations, generated 
using global- a or within-family 
selection b. Values on the y-axis 
indicate the distance at which 
the expected LD (r2) was 0.2
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assessing model accuracy using cross-validation within the 
same generation (Cappa et al. 2022; Klápště et al. 2020; 
Calleja-Rodriguez et al. 2020; Ratcliffe et al. 2015; Beaul-
ieu et al. 2014; Zapata-Valenzuela et al. 2013). Our results 
show that this approach is an overoptimistic estimation of 
cross-generation accuracy. The associations between QTLs 
and markers are altered by each new recombination event 
(Habier et al. 2007; Xu et al. 2020). Predictions carried 
out within the same generation might benefit from long-
range LD, which is likely to break up in the next breed-
ing cycle. Directional selection (particularly with high 
intensity) would increase LD. If the loci contributing to 
the trait phenotype are physically close on a chromosome, 
recombination can’t easily break up favored combinations, 
so LD builds up even more (Smith and Haigh 1974; Ste-
phan 2019).

A recent GS study on Norway spruce also used inde-
pendent validation across two generations (Hayatgheibi 
et al. 2025). However, the setup differed from ours in three 
important ways. Firstly, the studied traits were mainly solid 
wood properties. These typically have a higher heritability 
compared to growth traits (Hong et al. 2014; Zhang et al. 
2022; Hayatgheibi et al. 2025). Secondly, all individuals in 
the first generation were included as parents, meaning no 
selection was applied. Directional selection of the best trees 
will raise the frequency of favorable alleles and lower that 
of unfavorable alleles. Our experimental dataset showed a 
clear difference in the distribution of GEBVs between G0 
and G1, indicating selection (Fig. S5). Such selection and 
mating effects will influence GS accuracy, since they affect 
LD and the estimation of allelic effects (Hospital and Cheva-
let 1996; Hedrick 2017). Thirdly, the phenotypes from the 
parental generation were not collected from proper field 
trials, but clonal archives. Such conditions could provide 
a skewed comparison with expectations under traditional 
forest management.

Previous GS studies across generations in conifers have 
often used different estimates of prediction accuracy com-
pared to the methodology described here (Bartholomé et al. 
2016; Thistlethwaite et al. 2019; Isik et al. 2026). They all 
estimated prediction accuracy as the correlation between 
EBVs estimated from a large set of phenotypic data, and 
GEBVs. This typically results in higher PACC compared 
with other common methods (Calleja-Rodriguez et al. 2020). 
By using phenotypes excluded from training as validation, 
we have ensured that validation is independent. The draw-
back of this approach is that it relies on accurate estimation 
of variance components for scaling (Legarra et al. 2008). By 
using simulations, calculating prediction accuracy becomes 
straightforward because the breeder has access to TBVs. Our 
experimental and simulated analysis showed very similar 
trends for accuracy. Comparing scenarios CG1 and WG1, 
experimental cross-generation global PACC was around 59% 

lower than within-generation PACC, while for the simulation 
the same value was around 75% (Fig. 5a, Fig. 6b, c).

Within‑family prediction

The superiority of GBLUP over ABLUP relies on the ability 
of markers to improve rankings within families by capturing 
the Mendelian segregation variation (Papin et al. 2024). This 
point becomes even more pronounced in the context of pre-
dictions across generations. In this scenario, ranking within 
families with ABLUP is not simply difficult, but impossible, 
since siblings of the same family will have identical breeding 
values in the absence of phenotypic data. Attempts have been 
made to estimate within-family accuracy in trees, either by 
averaging across families (Resende et al. 2017; Chen et al. 
2023; Papin et al. 2024) or subtracting parental means (This-
tlethwaite et al. 2017; 2019). The experimental studies done 
on conifers report negligible or zero accuracy, even using 
within-generation prediction. One recent study on Maritime 
pine has reported similarly low or zero efficacy of within-
family selection using a GS model trained from a population 
(global model) (Papin et al. 2024). They attributed such low 
within-family accuracy to inadequate size of the genomic 
training sets and proposed that 40–65 individuals per full-
sib family are needed in the genomic training set, from a 
total of 1600–2000 individuals for efficient within-family 
selection. Nevertheless, within-family prediction accuracy 
would likely still be lower than for global prediction. While 
global accuracy reflects the ability to predict both the parent 
average component and the mendelian sampling term, only 
the latter is measured by within-family accuracy (Werner 
et al. 2020). In the current study, average experimental PA 
within family was still very low, but positive across all cross-
validation schemes. Similarly to global accuracy, both our 
experimental and simulation results show that within-family 
PACC and PA are lower across generations compared to 
within generations.

The low within-family GS accuracy may be explained by 
the fact that the all-additive genetic variance (among-family 
and within-family) are used in a global model building while 
only within-family variation (mainly Mendelian segregation) 
is used for prediction. In addition, the phenotypic within-
family variation also includes non-additive genetic variation, 
which was not accounted for in our experimental GS model. 
In our simulation, genetic variance was completely addi-
tive. This could also explain why the simulation sometimes 
had higher within-family PACC than for global prediction, 
specifically for cross-generation prediction. Because our 
main training set (G0) had extremely limited family struc-
ture (Fig. S1), separating additive from non-additive effects 
would be challenging.

The relatedness between reference and a target population 
has been shown to have a major impact on the accuracy of 
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GS in forest trees (Lorenz and Smith 2015; Edwards et al. 
2019; Grattapaglia 2022). As the average relationship coef-
ficient between the training and validation sets increases, so 
does the probability that they share chromosome segments 
which are identical-by-decent. Following this logic, predict-
ing offspring performance using only the selected parents for 
training can increase accuracy (Thistlethwaite et al. 2019). 
This strategy is sensitive to the small size of the training 
set, which could hinder the estimation of variance compo-
nents. For this reason, we chose to combine parent trees with 
what we have called “relatives” based on the relatedness 
to parents according to the G-matrix. Even when the train-
ing set was ten times smaller, global prediction accuracy 
was still higher for CG1R than for CG1 (Fig. 5a), but the 
effect was either neutral or detrimental for within-family 
prediction. Our simulation shows especially clearly that 
both within-family PA and PACC decreased when related-
ness was prioritized over sample size (Fig. 6h, i). Similarly, 
a study on loblolly pine (Pinus taeda L.) found no clear 
trend for within-family prediction accuracy and the related-
ness between training and validation (Walker et al. 2022). 
Rather than relatedness, within-family prediction accuracy 
relies more on LD (Habier et al. 2013). Additionally, as the 
training sample size increases, the contribution of the pedi-
gree relationship for accuracy also decreases relative to LD 
(Clark et al. 2012; Wientjes et al. 2013). This might explain 
why training only on “relatives” was less effective for rank-
ing within families.

Tracking pedigree relationships can be accomplished with 
relatively few SNP markers even in large conifer genomes 
(Lenz et al. 2020b; Chen et al. 2023). Tracking LD between 
QTLs and SNPs on the other hand might require consider-
ably more markers (De Roos et al. 2008; Isik et al. 2016; 
Resende et al. 2017; Thistlethwaite et al. 2020). In tree spe-
cies with smaller genomes, like eucalyptus, current marker 
densities have been high enough to capture LD, and conse-
quently within-family predictions were also high (Resende 
et al. 2017). The same study found that their marker density 
was close to the distance where LD decayed to r2 = 0.2 in 
their population. Using a corresponding estimate of LD 
decay in Norway spruce (Chen et al. 2023), the number of 
required markers would be 19.6 × 10

9 divided by 42.9 × 10
3 

equals around 450 000, assuming even spacing between 
SNPs. For cross-generation predictions, even more markers 
might be required. This point is somewhat contradicted by 
many studies, showing that accuracy reaches a plateau with 
marker densities available today (Chen et al. 2018; This-
tlethwaite et al. 2019; Papin et al. 2024). However, they only 
reported changes in global PACC. As stated previously, our 
results show that trends in global and within-family predic-
tion can differ. The effect of increased marker densities on 
GS performance should therefore be investigated further, 
specifically on the ability of GS to rank siblings within each 

family without phenotypes. Ideally, this should be compared 
within and across generations.

Training using multiple generations

Cattle breeders have been able to use the same GS model, 
that is, the same training data, for two generations of forward 
selection (Hayes et al. 2009). In trees, however, simulation 
studies show that the accuracy of GS will drop off in sub-
sequent generations if the prediction model is not updated 
(Iwata et al. 2011; Vanavermaete et al. 2020). Again, addi-
tional recombination will cause LD between marker and 
QTL to decline (Habier et al. 2007; Xu et al 2020). Our 
simulation indicates that continually updating the GS models 
with additional generations of genotype and phenotype data 
for training could improve the PACC of cross-generation 
GS models. This is likely related to the buildup of LD and 
relatedness in each successive generation. These results are 
in agreement with simulation studies on animal breeding 
(Muir 2007; Sonesson and Meuwissen 2009; Dekkers et al. 
2021) and adds that this trend applies for within-family 
PACC as well.

Even if the new GS model was only updated using the 
previous parental generation, PACC still increased in the 
initial generations. Since the training set size and number of 
markers was essentially the same, they cannot explain the 
improved GS accuracy. More likely, this was caused by the 
buildup of relatedness and LD. Training with more genera-
tions could improve predictions simply because of increased 
sample size. In this study, we did not attempt to discern if the 
composition of samples from many generations was better 
than an equal training size from one generation. However, 
(Muir 2007) observed that 4 generations of training were 
better than 2 for the reliability of GEBVs when the total 
number of training individuals were equal.

As stated previously, increased training sample size 
increases the relative importance of LD. While recom-
bination breaks down LD between marker and QTLs, the 
selection carried out in breeding programs can gener-
ate stronger genome-wide LD in subsequent generations 
(Joukhadar et al. 2019). The extent of LD is influenced by 
the relatedness within a population (Mangin et al. 2012). 
The fact that LD increased faster with global selection 
likely reflects the fact that within-family selection mini-
mizes the increase in group co-ancestry (Rosvall et al. 
1998). The success of GS in animal breeding can be 
explained in part because of multiple completed breed-
ing cycles (García-Ruiz et al. 2016). Meanwhile, many 
forest trees can be considered as largely undomesticated 
(Lebedev et al. 2020; Cappa et al. 2013). Rapid LD decay 
has been reported in many conifers (Neale and Savolainen 
2004), with a notable exception of western redcedar (Thuja 
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plicata Donn ex D. Don) (Shalev et al. 2022; Gamal El-
Dien et al. 2024). This adds to the challenge of implement-
ing GS.

Simulated results should ideally be validated against 
experimental data when possible. To our knowledge, no 
experimental analysis has been done on forest trees on the 
effects of increasing the number of generations for training 
GS models. Experimental studies on several generations 
forward have been conducted on chicken (Picard Duret 
et al. 2020; Weng et al. 2016; Wolc et al. 2011), strawberry 
(Osorio et al. 2021) cattle and pigs (Lourenco et al. 2014). 
Increasing the number of generations for training generally 
increased GS accuracy. For some traits, however, continually 
adding generations of data eventually had a neutral or even a 
detrimental effect (Weng et al. 2016; Lourenco et al. 2014; 
Osorio et al. 2021).

Our results indicate that, currently, cross-generation GS 
of the G1 generation of Norway spruce could be too inef-
ficient, especially when practicing within-family selection. 
That being said, genotyping of today’s populations will 
likely still improve the GS accuracy of future generations, as 
shown by our simulation results. This highlights the need for 
tree breeders to consider keeping records of past generations 
to be available for future genotyping, as well as to continue 
field testing of new material.

Conclusion

We investigated the accuracy of GS of Norway spruce, com-
paring estimates within and across generations. Trees from 
two experimental generations of the Swedish Norway spruce 
breeding program were phenotyped for annual height growth 
rate in clonally replicated field trials and genotyped with 
a 50 K SNP array. GEBVs of the second generation were 
predicted using GBLUP, based on training sets comprising 
either the first generation, a subset of the second generation, 
or a combination of both. The experimental dataset was emu-
lated using simulation and previous analysis was repeated. 
Additional simulations were performed to assess trends in 
cross-generation GS accuracy for future generations. Both 
experimental and simulated data showed a substantial drop 
in GS efficiency when estimated across generations relative 
to within-generation cross-validation. We also observed that 
cross-generation GS efficiency increased when training the 
prediction model on multiple generations of phenotypic and 
genotypic data. These results showcase a potential pitfall 
when evaluating GS accuracy. Our simulation highlights 
the value of retaining data from older material. Tree breed-
ers looking to implement GS should consider the current 
number of generations in their breeding program, as this 
will impact the prediction accuracy of the next generation.
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