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Abstract
The high productivity of Eucalyptus spp. forest plantations is mainly due to advances in silvicultural techniques 
and genetic improvement associated with the potential that many species of the genus have for vegetative 
propagation. However, long reproduction cycles for forest species pose significant challenges for genetic progress 
via traditional breeding programs. Furthermore, there is often poor correlation between individual (seedling) 
performance in initial (progeny trials) and final (clonal trials) stages of the breeding program. In this scenario, 
cloned progeny trials (CPT) offer an alternative to accelerate the eucalypt clone selection pipeline, combining 
progeny and clonal trials in a single experiment. CPT has the potential to speed up the evaluation process and 
increase its efficiency by developing new commercial genotypes that were tested as clones from the initial stage 
of the breeding program. Thus, this study aims to assess the potential of CPT to accelerate eucalypt clone selection 
programs by estimating the genetic parameters, analyzing responses to selection, and predicting the adequate 
number of ramets to be used in CPT of Eucalyptus urophylla x Eucalyptus grandis. The results show that when the 
number of ramets per progeny was decreased from five to one there was a reduction in the estimates of broad-
sense heritability and accuracy. However, three ramets/progeny can be used without significant reductions in these 
estimates. CPT accelerates clonal selection by combining progeny and clonal trial methodologies, enabling an 
evaluation of performance as both progeny and clone. This capacity is very important for vegetatively propagated 
crop species such as Eucalyptus. Integrating CPT with SNP markers can offer an alternative to shorten the tree clone 
selection pipeline, better estimate and decompose the genetic variance components, and improve the correlation 
between initial and final performance for selected genotypes. This study confirms the potential of CPT to improve 
selection processes and accelerate genetic gains in the eucalypt clone selection pipeline.
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Introduction
Clonal eucalypt forests are highly uniform and produc-
tive because they utilize the best genotypes from vegeta-
tively propagated ramets [1]. This boost in productivity 
occurs because cloning enables breeders to capitalize on 
both additive and non-additive genetic effects [2]. Conse-
quently, cloning produces more homogeneous raw mate-
rial, offering significant advantages for industry, such as 
reduction of production costs and standardization of the 
final product [3]. To develop a superior clone, the genetic 
variability explored in the progenies are generated via 
open pollination (where only the maternal parent is 
known) or controlled crosses of known parents (full sibs). 
These progenies are then evaluated in progeny tests to 
assess genotype performance.

In Brazil, early selection for growth traits, such as wood 
volume, is typically performed at approximately three 
years of age (half the six-year rotation cycle for euca-
lypts), due to a strong correlation between growth traits 
at this early age and the final harvest age [4]. Genotypes 
selected for their genetic merit undergo another cycle of 
crossing for further advancement and are vegetatively 
propagated to assess performance in clonal trials across 
several locations and environments [5]. Even with early 
selection at three years, the full clonal selection pipeline 
starting from recombination all the way to commercial 
clone recommendation can take 13 to 15 years, and up 
to 18 years if genotypes are slow to flower [6]. Another 
challenge is that the performance of a genotype (ortet 
or original plant) in progeny trials does not always pre-
dict (or reflect) the performance of its clones (ramets or 
clones of an ortet) in clonal trials [7, 8]. It is important 
to emphasize that there is a significant difference in root 
architecture of true seed seedlings compared to vegeta-
tively propagated ramets, which can also influence an 
individual´s performance during progeny and clonal trial 
stages.

Differences among independent ramets of the same 
ortet can arise from physiological and morphologi-
cal factors, and may be influenced by several variables, 
including ontogenetic stage, shoot collection position, or 
environmental conditions [9, 10]. These factors, which 
are not accounted for during progeny trials, may explain 
the poor correlation in yield performance between the 
same genotype in progeny and clonal tests [11]. This lim-
ited correlation has been observed for various forest spe-
cies [12–14] and can have an impact on the efficiency of 
selection of superior genotypes for commercial deploy-
ment. One approach to address this issue is to indepen-
dently clone genotypes of a progeny that originated from 
true seeds when they are young seedlings [15].

Controlled crosses are performed between top per-
forming parents resulting in many progenies. In this 
case, each progeny (or family) is composed of many 

genotypes originating from different seeds. Therefore, 
each genotype will be an ortet that provides ramets via 
vegetative propagation to be tested in the hybrid prog-
eny trial (HPT). This ensures that ramets remain at the 
same juvenile stage as their ortets, reducing the effects of 
ontogenetic age in cloning [11, 15]. However, by selecting 
a single genotype in hybrid progeny trials and cloning it, 
breeders overlook the fact that some traits present lim-
ited or intermediate genetic control and can be strongly 
influenced by the environment. Thus, breeders may 
underestimate the risk that ramets of a selected genotype, 
based on a single repetition of the phenotype, might not 
maintain its performance in future stages of the breed-
ing program or in commercial plantations. Therefore, 
testing new strategies for eucalypt clone selection, such 
as cloned progeny trials (CPT) [12, 15–17], is crucial to 
improve consistency in performance of selected geno-
types between initial and final stages [18].

CPT offer a valuable approach to integrate both prog-
eny and clonal trials within a single experiment [19, 20]. 
This design allows breeders to select the best genotypes 
based on repetitions of the same individual. In contrast, 
traditional progeny trials rely on a single observation. 
CPT offers notable advantages: it eliminates the need to 
rescue and collect shoots from older progeny test can-
didates to establish separate clonal trials; it reduces the 
time required to select commercial clones; and CPT 
enhances the accuracy of predicted genetic effects [18]. 
Furthermore, establishing CPT across different envi-
ronments can provide valuable insights into genotype-
by-environment interactions. However, a significant 
limitation of this approach is that experimental setups 
become increasingly complex and resource intensive 
as the number of genotypes and replicates (complete or 
incomplete blocks) increases. Also, the individualization 
and multiplication of each progeny can be complex, mak-
ing it vulnerable to genotype mixing. To mitigate this, 
methods such as the use of plant barcode systems from 
the nursery to field tests [21] and molecular markers to 
genotype and genetically identify CPT individuals [22] 
can be employed to ensure accuracy. Using molecular 
markers can also enable pedigree reconstruction which 
allows for the identification of genealogical relationships 
among individuals, improving precision in estimating 
genetic parameters caused by the bias of information 
about the male parent in open-pollinated orchards [23, 
24].

As CPT is re-introduced into a new era where DNA 
and digital information is within reach, both phenotype 
and genotype data are becoming more reliable. The com-
bination of CPT with genomic tools supports more pre-
cise differentiation of additive and non-additive genetic 
effects contributing to an understanding of a trait’s 
genetic architecture [25] and providing more reliable 
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breeding values for forest tree species [26]. In addition, 
the use of molecular markers allows for the identification 
of genetic variants associated with desirable traits [27] 
and has the potential to improve the correlation between 
initial and final performance for selected genotypes due 
to a reduction in pedigree errors and better assessment 
of genetic diversity [28]. Therefore, genetic markers 
provide more information, that may facilitate the early 
selection of potential new parents and clones in CPT. 
In this context, this study investigates the use of CPT in 
multi-environment trials integrated with SNP molecular 
markers to select superior eucalypt clones. To do so, the 
objectives of this study were to: (i) assess the viability of 
an eucalypt clonal breeding program based on the use of 
CPT; (ii) estimate genetic parameters from CPT data by 
exploring additive and non-additive genetic effects, and 
estimate the rate of change in response to early selection 
for the 30 best-ranked genotypes; and (iii) predict the 
effect of different numbers of ramets/ortet on estimates 
of heritability and accuracy. To the best of our knowl-
edge, no other study has developed CPT of subtropical 
Eucalyptus species in a multi-environment scenario asso-
ciated with molecular data. Our findings shed light onto 
how CPT can be used to improve selection efficiency and 
indicate the minimum number of ramets/ortet necessary 
for accurate selection in eucalypt breeding programs.

Materials and methods
Breeding population and cloned progeny trial
The genitors chosen to develop the population analyzed 
in this study included Eucalyptus grandis, Eucalyp-
tus urophylla, and their hybrids from the Suzano com-
pany’s breeding program, located in the state of Mato 
Grosso do Sul, Brazil. A total of 48 trees (genitors) were 
selected based on their mean annual increment (MAI; 
m³ha− 1year− 1). These genitors were used to generate two 
types of orchards: (i) an open pollination orchard (OPO); 
and (ii) a controlled pollination orchard (CPO) (Fig. 1). A 
total of 58 families were derived from both orchards: 47 
from the OPO and 11 from the CPO.

Families derived from the OPO are considered half sib-
lings, while families derived from the CPO are considered 
full siblings. Seeds from all families were germinated, and 
60 seedlings were separated from each family, generating 
a total of 3,480 genotypes (henceforth called progenies). 
These were then planted in a clonal nursery for clonal 
propagation. Of the total number of planted progenies, 
3,142 (90.3%) survived and were cloned to establish the 
clonal progeny trial (CPT) using five replications in two 
different environments (Fig. 1).

Experimental design and sites
Two CPTs were planted on two farms (sites) in Mato 
Grosso do Sul state, Brazil, here referred to Matão (MAT) 

and Palmito (PAL). The climate at both sites is classified 
as Aw, which means tropical with dry winters [29]. The 
biggest differences between trial locations are related to 
soil type and texture (Fig. 2; Figure S1).

Each CPT was subdivided into sub-trials (Fig.  3). In 
environment 1 (MAT), 11 sub-trials were established, 
while 12 sub-trials were established in environment 2 
(PAL). Within each sub-trial, treatments were imple-
mented following an alpha-lattice design (with balanced 
repetitions and unbalanced blocks). Each sub-trial con-
tained 256 treatments, consisting of two groups of euca-
lypt genotypes: group 1–250 of the 3,142 progenies; 
and group 2 - six commercial clones, used as a control. 
A total of five repetitions were used for each individual 
genotype within each sub-trial. Therefore, in each sub-
trial, five replicates (clones) of each of the 256 treatments 
were cultivated. Each tree was planted in an individual 
plot (single tree plot - STP). Within each repetition, the 
plots (STP) were grouped into 16 incomplete blocks per 
replication, with each incomplete block containing 16 
genotypes (trees) randomly assigned. Therefore, each 
repetition was segmented into 16 incomplete blocks of 
16 genotypes each, an alpha-lattice 16 × 16 configuration 
necessary to complete the 256 treatments (Fig. 3).

Almost all the 3,142 clones were established in each 
site, with 2,750 clones evaluated in MAT and 3,000 in 
PAL. Therefore, a total of 14,080 and 15,360 trees were 
planted in MAT and PAL sites, respectively. The distance 
between trees in the rows was 2.5 m and 3.6 m between 
the rows. To conduct the trials, Suzano’s site manage-
ment guidelines were followed, including the applica-
tion per hectare of 1,800  kg of dolomitic limestone for 
pH correction, 400 kg of 12-20-16 NPK base fertilization, 
280  kg of 10-00-27 NPK top dressing fertilization, and 
weed removal.

Measurements
All trees were measured at 36 months after planting 
for circumference at breast height (CBH, cm) and total 
height (TH, m). A measuring tape (Vonder) was used to 
measure CBH, and total height estimates were measured 
with an electronic clinometer (Haglof). The total individ-
ual volume (VOL, m³) with bark was calculated as:

	
V OL =

(
CBH2π

)
40000

TH ∗ ST,

where CBH is the circumference at breast height (cm); π  
is the value of pi; TH is the total height (m), and ST is the 
stem taper (0.45). Volume was converted from m³ to dm³, 
then standardized as:

	
zi = xi − µx

σx
,
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where zi is the standardized volume of the i-th observa-
tion, xi is the value of the i-th observation, µx and σx 
are the mean and standard deviation for volume in dm³, 
respectively.

Genotypes
Approximately 80% of the trees were genotyped (2,495 
of 3,142 cloned progenies + 6 controls). The genotyped 
trees include cloned progenies, their parents, and the 
controls. Two genotyping platforms were used: (1) the 
Axiom Eucalyptus Genotyping Array (Axiom Euc72K) 
by Thermo Fisher Scientific (Santa Clara, CA, USA), 
which contains 68,055 SNP markers, used to geno-
type 1,964 trees; and (2) the Illumina EuCHIP60K [30] 
by GENESEEK Inc. (Lincoln, NE, USA) with 64,639 
SNPs, used to genotype the remaining 531 trees. Only 
markers common to both genotyping platforms were 
considered (N = 28,177). Additionally, SNP markers 

exhibiting suboptimal clustering quality were systemati-
cally removed from the dataset. For the Thermo Fisher 
platform, markers that fell under the categories of “Off-
Target Variant” (OTV) and “Other” were discarded, 
resulting in 4,252 SNPs being removed from the dataset. 
For the Illumina platform, SNPs with a GenTrain score 
lower than 0.7 were excluded, resulting in 21,371 dis-
carded SNPs.

Finally, low-quality SNPs were filtered to avoid any bias 
in subsequent analyses. Genotype quality control was 
performed by applying the following molecular marker 
exclusion criteria: non-autosomal; duplicate position; call 
rate < 95% (rate of genotype determination); minor allele 
frequency (MAF) < 2%; and samples with a call rate < 80%. 
The PLINK v.1.9 software [31] was used to conduct qual-
ity control for each individual panel, and only shared 
markers were considered. In summary, the remaining 

Fig. 1  Steps to establish clonal progeny trials (CPT). HSF and FSF stand for half- and full-sibling families, respectively, and x5 indicates that five replications 
(ramets) of each of the 3142 genotypes were used in each CPT
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dataset included 2,495 genotyped samples and 15,490 
SNP markers.

Relationship matrices
Corrected pedigree matrix (Ac)
For the genotyped clones, the IBD values between prog-
enies and parents were calculated using the PLINK v.1.9 
software [31]. Large-scale genotyping methods are sus-
ceptible to genotyping errors due to instrumental fac-
tors, the condition of the biological material, and/or 
sample processing [32]. As such, genotyping errors were 
considered and a Mendelian Error (ME) rate of up to 1% 

was accepted. ME is characterized by the observation 
of marker variants in the progeny that are absent in the 
parental lines; these variants should not have been bio-
logically segregated and may indicate genotyping errors. 
Pedigree validation and correction were performed using 
the “ghap.relfind” function from the GHap R package 
(Version 3.0.0) [33]. Discrepancies between genomic 
and pedigree-based relationships were identified and 
used to correct the pedigree. Undeclared relationships 
detected through genomic data were incorporated into 
the updated pedigree to improve its accuracy for subse-
quent analyses.

Fig. 3  Diagram of the experimental design adopted for the clonal progeny trial (CPT). In each sub-trial, v is the number of genotypes, r is the number of 
repetitions, b is the number of blocks, k is the block size

 

Fig. 2  Characteristics of the environment and soil conditions in the two study sites, Matão (MAT) and Palmito (PAL), Mato Grosso do Sul state, Brazil. (a) 
Map of Brazil highlighting the Mato Grosso do Sul state; (b) location of the two experimental sites in Mato Grosso do Sul state; and (c) environmental and 
soil characteristics
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Genomic relationship matrices
The genomic relationship matrix ( Ga) was estimated as 
follows [34]:

	
Ga = ZZ ′

2
∑n

j=1pj (1−pj)
,

where Z  represents a matrix of cen-
tered marker genotypes for all genotypes, as 
Zij= {2 − 2pj , 1 − 2 pj , −2pj} [35]. The Zij  is the 
element of the i-th row and j-th column of the marker 
matrix, and pj  is the frequency of the second most fre-
quent allele at locus j. The calculation of Z  involves 
transforming the matrix of nucleotide marker genotypes 
into 0, 1, and 2, with 0 being the most frequent homozy-
gote, 1 the heterozygote, and 2 the second most frequent 
homozygote.

The dominance genomic relationship matrix ( Gd) was 
obtained following [35]:

	
Gd = SS′

4
∑n

j=1
(
pj (1−pj)

)2 ,

where S represents a matrix of dominance devia-
tions for each genotype at each molecular marker, as 
Sij=

{
−2(1 − pj)2

, 2pj (1 − pj) , −2p2
j

}
 [35]. Sij  

is the element of the i-th row and j-th column of the S 
dominance matrix.

The Ga matrix was singular and non-invertible which 
could be due to the structure of the dataset: the number 
of markers is greater than the number of observations 
and there is similarity among genotypes (e.g., clones) 
[36]. To avoid this issue, it was blended with a submatrix 
of the numerator relationship matrix from the corrected 
pedigree [34].

	 Ga
∗ = α Ga + (1 − α )A22

where Ga
∗ is the blended Ga matrix, A22 is the subma-

trix of Ac, including the genotyped clones; α is the pro-
portion of genetic variance attributed to the SNP effects, 
being α ∈ [0,1]. In this study, α  was defined as α = 0.98.

Statistical analysis
Due to the complexity of the data structure mentioned 
earlier, a stage-wise analysis was performed.

First-stage analysis
In the first stage, the following model was fitted within 
each trial and environment combination (a total of 23 
combinations):

	 y = X1g + Z1r + Z2b + ξ ,

where y represents the vector of phenotypic records; g 
represents the fixed effect vector of genotypes and inci-
dence matrix X1; r represents the random effect vec-
tor of replication effects with r ∼ N(0, σ 2

r I) and an 
incidence matrix Z1, and σ 2

r  being the variance of the 
replications and I  the incidence matrix; b represents 
the random effect vector of incomplete block effects 
with b ∼ N(0, σ 2

b I) and an incidence matrix Z2, 
and σ 2

b being the variance of the blocks; and ξ  repre-
sents correlated residuals in a column-row structure with 
ξ ∼ N(0, σ 2

ξ [AR1ρ c ⊗ AR1ρ r] ⊗ I), and σ 2
ξ  

being the variance or spatially dependent residuals, and 
AR1ρ c and AR1ρ r  the first-order autoregressive cor-
relation matrices for columns and rows, respectively [37]. 
The operator ⊗ represents the Kronecker product.

Second-stage analysis
In the second stage, the following linear mixed model was 
fitted across environments using the vector of adjusted 
means from the first stage ( −

y1):

	
−
y1 = X2β + Z3t + Z4a + Z5d + + Z6j + Z7k + e,

where β  represents the fixed effect vector of site (MAT 
and PAL) with design matrix X2; t represents the ran-
dom vector of trials within environment effects with 
t ∼ N(0, σ 2

t I) and an incidence matrix Z3, and σ 2
t  

being the variance of trials within environment effect; 
a is the random effect vector of additive genetic effects 
with a ∼ N(0, σ 2

a Ga) and incidence matrix Z4, and 
σ 2

a being the variance for the additive genetic effects; d 
is the random effect vector of dominance genetic effects 
with d ∼ N(0, σ 2

d Gd) and incidence matrix Z5
, and σ 2

d being the variance for the dominance genetic 
effects; j represents the random vector of interaction 
between additive genetic and environment effects with 
j ∼ N(0, σ 2

j Ga ⊗ I ) and incidence matrix Z6, and 
σ 2

j  being the variance for the interaction between addi-
tive genetic and environment effects; k represents the 
random vector of interaction between dominance genetic 
and environment effects with k ∼ N

(
0, σ 2

k Gd ⊗ I
)

and incidence matrix Z7, and σ 2
k being the variance 

for the interaction between dominance genetic and envi-
ronment effects; and e represents the random vector of 
residuals with e ∼ N(0, σ 2

e I), and σ2
e  being the resid-

ual variance.

Genetic parameters
After the second stage, narrow-sense heritabil-
ity ( h2

a), coefficient of determination for domi-
nance effects ( δ 2), and broad-sense heritability ( H2

) were calculated as: h2
a = σ2

A/σ2
P ; δ 2 = σ2

D/σ2
P
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; and H2 = (σ2
a + σ2

D)/σ2
P , respectively, considering 

σ2
P = σ2

A + σ2
D + σ2

t + σ2
j + σ2

k + σ2
e .

The accuracies of additive genetic effects ( r
âa

) and 
dominance genetic effects ( r

d̂d
) were estimated as 

r
âa

=
√

1 − P EV a
σ2

A
 and r

d̂d
=

√
1 − P EV d

σ2
D

, respectively,

where PEV a and PEV d are the prediction error 
variance derived from the mean of the diagonal elements 
based on the inverse mixed model equation coefficient 
matrix for additive and dominance genetic effects. The 
reliability of additive genetic effects ( r2

âa
) and dominance 

genetic effects ( r2
d̂d

) is similar to those shown above 
without the square root and considering the prediction 
error variance of each clone, which pertains to each ele-
ment in the diagonal of the inverse coefficient matrix.

We selected the 30 best-ranked genotypes for each 
model. The rate of change in response to selection for the 
standardized data ( ∆R) was given as:

	 ∆R = S ∗ H2,

where the selection differential ( S) is equal to 
S = i ∗ σp, with i being the standardized mean of the 
selected group or the mean of the deviation from the 
population mean, measured in units of the phenotypic 
standard deviation of the population ( σp).

Influence of the number of repetitions on heritability and 
accuracy
The impacts of reducing the number of clonal repli-
cates on heritability and accuracy was assessed consid-
ering one to five repetitions for both sites (MAT and 
PAL). Since we are working with cloned progenies, each 
evaluated treatment is replicated five times within each 
sub-trial in each site (Fig. 3). Each of these replicates are 
present in one repetition of the sub-trial. Therefore, for 
both sites, we selected all possible combinations of rep-
etitions of size five to one in order to estimate an average 
heritability and accuracy for each number of replications. 
For example, by using only two repetitions (size 2) out of 
five, 10 possible combinations may be obtained for each 
site. The reported heritability and accuracy if using two 
repetitions (size 2) out of five, is an average of the 10 
combinations. For each combination, the following sin-
gle-stage linear mixed model was fitted for volume (dm³), 
with subscript “s” representing components of variance 
and genetic parameters for the single stage model:

	 y = Xβ + W 1b + W 2a + W 3d + e,

where y is the vector of phenotypic records; β  is the 
fixed effect vector of site (MAT and PAL), sub-trial within 
trial, and repetition within sub-trial effects with design 

matrix X ; b is the random effect vector of incomplete 
block effects with b ∼ N(0, σ 2

bs
I) and an incidence 

matrix W 1; a is the random effect vector of additive 
genetic effects with a ∼ N(0, σ 2

as
Ga) and incidence 

matrix W 2; d is the random effect vector of dominance 
genetic effects with d ∼ N(0, σ 2

ds
Gd) and incidence 

matrix W 3; and e is the random effect vector of residual 
effects with e ∼ N(0, ⊕2

i=1σ 2
eis

). σ2
as

 is the additive 
genetic variance, σ2

ds
 is the dominance genetic variance, 

σ2
bs

 is the incomplete block variance, σ2
e1s

 is the residual 
variance for site 1 (MAT), and σ2

e2s
 is the residual vari-

ance for site 2 (PAL). I  is an identity matrix, Ga is the 
additive genomic relationship matrix, Gd is the domi-
nance genomic relationship matrix, and ⊕  is the direct 
sum of residual matrices among environments, resulting 
in a block-diagonal heterogeneous residual covariance 
matrix.

The narrow-sense heritability for the single stage 
model ( h2

as
), coefficient of determination for domi-

nance effects for the single stage model ( δs
2), and 

broad-sense heritability for the single stage model 
( Hs

2) were given as: h2
as

= σ2
as

/σ2
ps

; δs
2 = σ2

ds
/σ2

ps

; and Hs
2 = (σ2

as
+ σ2

ds
)/σ2

ps
, respectively, consider-

ing σ2
ps

= σ2
as

+ σ2
ds

+ σ2
bs

+ ( σ2
e1s

+ σ2
e2s

)/2. The 
accuracies of additive genetic effects ( r

âas
) and domi-

nance genetic effects ( r
d̂ds

) were estimated as shown 
previously.

The 10, 20, and 30 best-ranked clones were selected for 
each combination within each number of replications. 
The selected clones can differ between combinations, 
therefore the sum of rankings proposed by Mulamba and 
Mock [38] was applied to define a final ranking for each 
number of replications. To track changes in the ranking 
across the number of replications, the ranking coinci-
dence in percentage, R (%), was calculated as follows:

	
R (%) = C

S
∗ 100,

where, 𝐶 is the number of coincident genotypes in each 
number of replicates, and 𝑆 is the number of selected 
genotypes ranked based on the genotypic value (a + d) 
(10, 20, or 30).

All analyses were conducted in the R software environ-
ment (version 4.3.1) [39]. Linear mixed models were fit-
ted using ASReml-R (version 4.2) [40], while figures were 
created using the ggplot2 package [41]. The scripts used 
in this study are available at the Github repository: ​h​t​t​p​​s​:​/​​
/​g​i​t​​h​u​​b​.​c​​o​m​/​​f​i​l​i​​p​e​​-​m​a​n​o​e​l​/​T​P​C.

https://github.com/filipe-manoel/TPC
https://github.com/filipe-manoel/TPC
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Results
Genetic parameter estimates by fitting a stage-wise model
In the first stage, the average correlation between col-
umns for the sub-trials in MAT and PAL was 0.01 and 
− 0.03, respectively. For the rows, the average correlations 
were − 0.06 for MAT and − 0.11 for PAL. At the second 
stage, genetic parameters were estimated by modeling 
additive and dominance genetic effects via a linear mixed 
model considering these effects. The genetic parameters 
showed that 15% of the phenotypic variation for vol-
ume (dm3) can be attributed to additive genetic effects, 
i.e., heritable genetic effects (Table  1). The dominance 
genetic effects played a crucial role in explaining the σ2

p

, accounting for 22%. The sub-trial within environment 
effects explained approximately 48% of the phenotypic 
variation, while the sum of genotype x environment 
interactions explained only about 2%. The remaining 12% 
were attributed to residual effects (random error or noise 
in the data). Therefore, the narrow-sense ( h2

a) and broad-
sense heritability ( H2) for these clonal progeny trials 
were 0.15 and 0.37, respectively. It is worth noting that 
the magnitude of the standard error (from 0.03 to 0.06) 
suggests that the estimates are reliable, which is corrob-
orated by r

âa
 and r

d̂d
 accuracy rates equal to 0.81 and 

0.82, respectively.

By selecting the 30 best-ranked genotypes based on 
the genotypic value (a + d) at 36 months, the response to 

selection was 97.04%. Thus, there is potential to almost 
double the volume in future breeding populations by 
applying early selection at 36 months (Table 1).

σ2
e  is the residual variance; σ2

p  is the phenotypic vari-
ance; h2

a is the mean narrow-sense heritability; δ 2 is the 
coefficient of determination for dominance effects; H2 is 
the broad-sense heritability; r

âa
 is the accuracy for addi-

tive genetic effects; r
d̂d

 is the accuracy for dominance 
genetic effects; r2

âa
 is the reliability for additive genetic 

effects; r2
d̂d

 is the reliability for dominance genetic effects;
R% is the response to selection in percentage, when 

selecting the 30 best-ranked genotypes; −
x0 is the trial 

mean, and −
xs is the mean of the selected population; 

standard deviations are in parenthesis.

Influence of the number of replications on heritability and 
accuracy
For all evaluated scenarios, the estimated broad-sense 
heritability ( H2) for volume (dm3) for the adopted joint 
modeling approach was considered of moderate mag-
nitude (Fig. 4a). When all five replications were used to 
estimate heritability, we obtained the greatest mean value 
for H2 and the least dispersion around the mean (Fig. 4a). 
An opposite trend was observed as the number of rep-
lications decreased, with one replication showing results 
1.57-fold lower than the results with five replications in 
both locations. Nevertheless, using three replications 
instead of five only reduced the mean H2 from 0.41 to 
0.38 (Fig.  4a). The accuracy for additive genetic effects 
( r

âa
) and for dominance genetic effects ( r

d̂d
) showed 

similar patterns when reducing the number of replica-
tions. Using four replications instead of five had little 
impact on the magnitude of r

âa
 and r

d̂d
. Meanwhile, 

three instead of five replications caused a slight reduc-
tion in r

âa
 from 0.84 to 0.83 and in r

d̂d
 from 0.83 to 0.79 

(Fig. 4b and c).

Independently of the number of selected clones (10, 20, 
or 30) and the number of repetitions, at least half of the 
clones were always selected (Fig. 5a). Considering a selec-
tion of the 10 best-ranked genotypes, the same 10 clones 
were selected using three, four, and five ramets/prog-
eny (Fig. 5a and b). However, when two ramets/progeny 
were used instead of five, only six common clones were 
selected, and when one ramet/progeny was used, only 
five common clones were selected (Fig. 5b).

To ensure that the 10 best-ranked clones using five 
ramets/progeny were included in the selection for 
between four and one ramets/progeny, we should select 
10, 10, 24, and 120 clones, respectively (Table 2). These 
values correspond to the lowest ranking position of the 

Table 1  Estimates of the variance components and genetic 
parameters for the stage-wise analysis
Component Estimate

σ2
a 250.76 (31.72)

σ2
d

365.14 (22.21)

σ2
t

796.16 (245.95)

σ2
j

37.47 (7.60)

σ2
k

6.28 (5.70)

σ2
e 200.39 (8.91)

σ2
p 1656.19

h2
a 0.15 (0.03)

δ 2 0.22 (0.04)

H2 0.37 (0.06)

r
âa

0.81
r

d̂d
0.82

r2
âa

0.66

r2
d̂d

0.67

R% 97.04
−
x0

52.36

−
xs

113.56

Where: σ2
a  is the additive genetic variance; σ2

d  is the dominance genetic 
variance; σ2

t  is the trial within environment variance; σ 2
j  is the variance for 

the interaction between additive genetic and environment effects; σ 2
k  is the 

variance for the interaction between dominance genetic and environment 
effects;
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10 best-ranked genotypes considering five ramets/prog-
eny (Table 2).

Discussion
Our results emphasize the potential of clonal progeny 
trials (CPT) to offer efficient and advantageous selec-
tion strategies for vegetatively propagated species. This 
section discusses the findings and contributions made 
by the present study with regards to: (i) the viability and 
theoretical considerations for eucalypt clonal selection 
programs based on the use of CPT; (ii) validating CPT 
as an effective field design to estimate genetic param-
eters and predict genotypic effects with high statistical 
power, exploring its potential to identify top performing 
progenies that provide promising responses to selection 
at early breeding stages; and (iii) assessing the feasibil-
ity of reducing the number of ramets/progeny in future 
CPT by quantifying impact on ranking coincidence and 
genetic parameters.

Clonal selection programs based on clonal progeny trials
The success of eucalypt breeding in Brazil is largely 
attributed to reciprocal recurrent selection (RRS) pro-
grams [5]. In RRS, pure species eucalypts are crossed to 
generate hybrid families of half or full siblings, which are 
then established in hybrid progeny trials. This process is 
repeated after a cycle of intrapopulation recurrent selec-
tion, improving the performance of the hybrids due to the 
improvement of pure species. Despite the effectiveness of 
RRS programs, significant investment in time is needed 
to obtain new commercial genotypes, since information 
from the hybrid progeny trials is required to adventi-
tiously recombine the pure species. In many eucalypt 

breeding programs in Brazil, this time limitation can be 
mitigated by vegetative propagation of the genotypes. 
Vegetative propagation allows the genetic fixation of both 
additive and non-additive (e.g., dominance) effects con-
trolling most yield traits at any stage of the breeding pro-
gram; however, this advantage tends to create a situation 
in which the breeder is constantly seeking an ideotype 
to clone. This may pose some risks since hybrid progeny 
trials were designed to select among progenies and not 
genotypes within progeny. Among many other factors, 
such as climate change, pests, and disease, this “ideotype 
seeking” may be contributing to the current stagnation of 
eucalypt forest productivity in Brazil.

CPT offers the advantage of evaluating cloned geno-
types that were replicated and randomized through-
out the trial, which means that the selection unit is the 
cloned progeny and not the seminal hybrid progeny com-
posed of genetically distinct genotypes. Another advan-
tage of using CPT is that the cloned progenies can be 
evaluated in many locations and environments used in a 
breeding program. Depending on the magnitude of geno-
type x environment (GxE) interaction, this may be a criti-
cal success factor in the selection of clones that are better 
adapted to specific environmental conditions [18]. In a 
conventional eucalypt clone selection pipeline (Fig.  6a), 
identifying the GxE interaction at the clone level would 
only be possible in more advanced stages (clonal stages) 
of a breeding program, which may pose a challenge to 
identifying the best performing clones for a specific envi-
ronment. Also, our findings support the assumption that 
individual selection at early stages (hybrid progeny tri-
als) is responsible for the poor performance correlation 
between the genotypes selected during this phase (ortets) 

Fig. 4  (a) Broad-sense heritability (H²); (b) accuracy for additive genetic effects ( r
âa

); and (c) accuracy for dominance effects ( r
d̂d

) by fitting a single 
stage genomic model in a two environment trial (MAT and PAL) considering from one to five ramets/progeny (r/p)
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and their performance as clones (ramets) [14]. Therefore, 
CPT enables a more precise assessment of genotypic 
value of the genotypes that will be tested in the expanded 
clonal trials (ECT) (Fig. 6b).

The efficiency of clone selection based on CPT can 
be improved using molecular information. By applying 
genomic relationship matrices, complex relationships 
between and within genotypes that are generally over-
looked in common breeding routines can be examined 
to choose crosses in a controlled pollination orchard and 
then define the most suitable genotypes to be tested in 
CPT after the clonal propagation stage. Additionally, 

molecular data helps to reconstruct the pedigree of the 
evaluated population allowing for the identification of 
genealogical relationships among individuals [23]. With 
CPT, molecular information can help reduce bias in esti-
mating genetic parameters, providing more realistic heri-
tability estimates, leading to more accurate predictions of 
genotypic values and genetic gains [11]. As biotechnolog-
ical research and innovation develop, it may be possible 
to discard progenies that are susceptible to oligogenic 
diseases or other elements that affect productivity and 
have a molecular signature, which will improve the effi-
ciency of CPT.

Fig. 5  (a) Pairwise ranking coincidence by selecting the 10 best-ranked clones (left), 20 best-ranked clones (center), and 30 best-ranked clones (right) 
by fitting a single-stage genomic model in a two environment trial (MAT and PAL) based on the genotypic value (g = a + d), with the number of ramets/
progeny decreasing from five to one; (b) changes in the ranking by fitting a single-stage genomic model in a two environment trial (MAT and PAL) as 
the number of ramets/progeny decreased from five to one. The selected individuals can differ between combinations, therefore the sum of rankings 
proposed by [38] was applied to define a final ranking for each number of replications
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In a conventional eucalypt clone selection pipeline, an 
efficient method involves selecting the best genotypes 
from pure species populations ideally by recurrent selec-
tion and transplanting them in hybridization orchards 
for controlled crosses and intensive flower production 
(Fig.  6). Traditional breeding programs require a rigor-
ous process: selected genotypes undergo a progeny test 
to confirm high performance as clones, followed by 
production of mini-stumps for cuttings (ramets), and 
the establishment of large clonal trials (CT) (Fig.  6a). 
This process can take about 13 years and involves ECT 
with a large number of ramets to be evaluated at a large 
scale; it requires substantial investment and time to pro-
duce mini-stumps and seedlings. In contrast, a clonal 
program based on clonal progeny trials (CPT) stream-
lines this process (Fig. 6b). By incorporating CPT in the 
clone selection pipeline, the entire process can be short-
ened from 13 years to nine years, saving approximately 

four years compared to the conventional pipeline. This 
reduction is accomplished by enhancing heritability and 
accuracy at the early stages of breeding, thus speeding up 
genetic gains. Consequently, a clone selection pipeline 
using CPT associated with molecular information can 
make more clones available for commercial plantations 
more rapidly, enhancing overall efficiency and effective-
ness. Furthermore, molecular markers enable the genetic 
identification of individuals in trials, aiding in the trace-
ability of errors caused by contamination during cross-
ings and potential mechanical mistakes during field test 
implementation.

Genetic parameter estimates and response to selection
Genomic relationships consistently provide a more accu-
rate representation of genetic variability compared to 
relationships based solely on pedigree information. Stud-
ies have demonstrated that incorporating genomic data in 
genetic evaluations and breeding programs leads to more 
precise estimates of genetic parameters and enhanced 
selection efficiencies [42–44]. This approach offers a 
more reliable assessment of genetic relatedness among 
genotypes. By leveraging genomic relationships, breeders 
can identify superior genotypes more accurately, leading 
to increased genetic gains and more efficient breeding 
programs [42, 44]. When applying the stage-wise model, 
a preponderance of dominance over additive variance for 
volume was identified, which is reflected in the magni-
tude of heritability. This effect is already widely known 
and occurs because the expression of dominance effects 
depends greatly on heterozygosity [45, 46], which is com-
mon in hybrid populations such as the one studied herein 
(Eucalyptus urophylla x Eucalyptus grandis) [47, 48]).

Table 2  The 10 best-ranked clones using five ramets/progeny 
(r/p) and their ranking position when considering different 
numbers of replications
Clone Ranking Position

5 r/p 4 r/p 3 r/p 2 r/p 1 r/p
40.25 1 1 1 1 1
42.14 2 2 2 2 3
35.21 3 3 7 24 120
32.34 4 4 6 22 96
5.13 5 7 9 18 49
15.07 6 8 10 21 72
10.24 7 5 3 3 2
21.54 8 6 4 4 9
34.19 9 9 5 7 12
40.03 10 10 8 6 8

Fig. 6  (a) Conventional Eucalyptus clone selection pipeline; and (b) clone selection pipeline based on cloned progeny trial (CPT). CPO = controlled pol-
lination orchard, PT = progeny trial, CP = clonal propagation, CT = clonal trial, ECT = expanded clonal trial, y = year(s)
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A single-locus dominance makes minor contributions 
to traits in hybrid populations indicates that the cumu-
lative effect of multiple loci exhibiting dominance can 
lead to substantial variance in dominance within hybrids 
[49]. In addition, the additive plus dominance genomic 
models are a viable approach to enhance genetic perfor-
mance in crossbred populations with substantial domi-
nance genetic variation, underscoring the importance 
of considering dominance effects in improving breeding 
outcomes [50]. This supports our choice of model since 
incorporating dominance effects in the genetic evalua-
tions of this population led to higher accuracy estimates 
for volume. Dominance effects can help to explain the 
variation in growth traits such as volume for eucalypts, 
as previously reported [6, 47, 48, 51]. Early selection at 
three years of age has proven to be efficient for eucalypt 
breeding programs in Brazil [52]. This occurs due to the 
high genetic correlation (greater than 0.90) between early 
ages (three years of age) and harvesting (five or six years 
of age) [53, 54], which is even more pronounced when 
selection is conducted with high accuracy (greater than 
0.80) [55].

Influence of the number of ramets/progeny on heritability 
and accuracy
Cloning genotypes within progeny tends to increase pre-
cision in estimates of variance components, resulting 
in more reliable heritability estimates [18, 56, 57]. Our 
results suggest that a reduction in the number of ramets/
progeny will have a minimal impact on estimates but a 
large operational gain in resources and time (Fig. 4). San-
tos et al. [18] suggested that five repetitions of a geno-
type may be sufficient for this stage of clone selection, 
since the selected genotypes will be tested as clones with 
a greater number of trees per plot and environments. 
However, the authors evaluated 5, 10, 15, 20, 25, and 30 
repetitions per clone, meaning that five repetitions must 
be clearly very favorable for breeders, as more repetitions 
per genotype lead to better estimates of genetic param-
eters. Nevertheless, a large number of repetitions is 
impractical due to the extensive work involved in imple-
menting a CPT in the field with a large number of candi-
date genotypes.

In general, the heritability and accuracy values were 
lower when one repetition of the genotype was consid-
ered compared to three repetitions. In traditional prog-
eny trials genotypes have only one repetition as they 
come from seeds, resulting in the poor correlation often 
found between performance of genotypes selected in tra-
ditional progeny trials (PT) and expanded clonal trials 
(ECT). To ensure that the 10 best-ranked clones based on 
three repetitions of the genotype are also selected when 
using only one repetition, the top 120 clones should be 
selected, which means increasing the selection intensity 

by 1200%. The evidence suggests that poor performance 
correlation is due to the lack of repetition in PT, which 
leads to poor precision in partitioning genetic variance 
and estimating the genotypic values ​​of the candidate gen-
otypes within progeny at this stage [11, 15]. Therefore, 
we believe that at least three repetitions of the genotypes 
within progeny (ramets/progeny) should be used to miti-
gate this problem in future breeding programs.

The implementation of CPT will have a positive impact 
on accuracy. Improving accuracy can provide more reli-
able selection, allowing for higher selection intensi-
ties. Therefore, greater trait heritability helps breeders 
use higher selection intensities to obtain even greater 
selection gains. From a practical perspective, CPT has 
the potential to mitigate the issue of poor correlation 
between the performance of genotypes in progeny trials 
and clonal trials [11, 12, 18]. Due to this issue, breeders 
cannot apply high selection intensities at the first stage of 
the clone selection program, as good genotypes may be 
discarded, resulting in a reduction in both genetic gains 
and success in obtaining new operational clones [14]. We 
believe that it is possible to overcome this limitation and 
suggest that the use of three ramets/progeny offers a key 
advantage that supports the use of CPT in clone selection 
programs.

CPT offers an innovative and efficient operational pro-
cess to more accurately evaluate genotypes in the early 
stages of clone selection programs. CPT can be employed 
by both private and public institutions to overcome the 
limitations of traditional progeny trials (poor correla-
tion, accuracy, and no repetition of the genotype per se) 
and significantly reduce the breeding cycle. Additionally, 
molecular data can be employed at various stages of CPT 
clone selection programs to increase its potential for suc-
cess. The proposed approach not only validates existing 
research but also sets the stage for more precise and effi-
cient tree clonal selection strategies, ultimately advanc-
ing forest genetics.
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