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Abstract 

Stem forking, assessed as a binary trait, is an important defect in Pinus taeda (loblolly pine) that 

reduces timber quality and product value. We investigated its genetic architecture and prediction 

accuracy using data from a two-generation breeding population evaluated in multi-environment 

trials. Genetic parameters were estimated using animal and family models with conditional 

penalized quasi-likelihood (PQL) and marginal PQL. We conducted genome-wide association 

and family-based linkage mapping to identify QTL. Individual-tree heritability on the latent scale 

was low (0.09-0.13), whereas family-mean heritability was high (0.93), indicating significant 

additive genetic control at the family mean level, but substantial environmental effect at the tree 

level. The probit PQL models produced slightly higher heritability estimates, whereas logistic 

and marginal models produced similar estimates. Association and linkage analyses identified a 

significant lineage-specific QTL on linkage group 3 but fitting it as a fixed covariate did not 

improve prediction accuracy. Across-generation family-level predictive ability was moderate 

(0.40). Forking had modest additive genetic correlations with tree height (0.36) and stem 

diameter (0.24). These results indicated that the underlying (unobserved) inheritance of stem 

forking in P. taeda is polygenic, while its expression among individual trees is strongly 

influenced by environmental and developmental factors. Response to genomic selection at the 

family level will be effective in reducing stem forking, while prediction of outcome for 

individual trees remains challenging. 

Keywords: Threshold trait; QTL mapping; GWAS; single-step GBLUP; genomic prediction; 

cross-validation
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Introduction 

Pinus taeda L. (loblolly pine) is the most economically important forest tree species in the 

United States, with nearly one billion seedlings planted annually (McKeand 2019). Its rapid 

growth, broad adaptability, and suitability for large-scale plantation forestry have made it a 

foundation of the timber and pulpwood industries in the southern United States (Allen et al. 

2005; Vance et al. 2010). Decades of selective breeding have improved growth, stem 

straightness, and resistance to fusiform rust, substantially increasing plantation productivity and 

economic value  (Isik and McKeand 2019; McKeand et al. 2021). Nevertheless, stem forks and 

ramicorn branches remain persistent defects that limit the value of genetically improved 

plantations. 

A stem fork occurs when the main stem divides into two or more codominant stems 

(Supplementary Fig. 1), whereas a ramicorn branch is a large branch with an unusually steep 

angle (Stovall et al. 2011).  These defects introduce large knots, irregular grain, and poor stem 

form, reducing the proportion of trees suitable for high-value solid-wood products (Franklin and 

Callaham 1970; Espinoza 2009). They may also increase susceptibility to wind and ice damage  

(Jones and Wells 1969; Amateis and Burkhart 1996). Reducing the incidence of these defects is 

therefore important for improving both the resilience and economic value of P. taeda plantations. 

Environmental factors such as frost damage or mechanical injury are well-documented triggers 

of forking (Franklin and Callaham 1970; Espinoza 2009; Walker et al. 2024). Genetic factors 

also contribute to stem forking, although their effects are generally more subtle (Xiong et al. 

2010; Cumbie et al. 2012). Provenance studies of P. taeda have revealed variation in forking 

incidence among populations, with warmer coastal sources generally exhibiting higher forking 

rates than cold-hardy sources, especially when planted in colder environments where they are not 

adapted (Farjat et al. 2017; Walker et al. 2024; Trachta et al. 2025). However, previous studies 

often evaluated relatively few genetic entries or used experimental designs and analytical 

methods that limited accurate estimation of variance components. Consequently, the genetic 

architecture of forking, and the extent to which genetic susceptibility can be predicted across 

breeding generations, remains poorly understood. 

Analyzing binary traits in plant and animal breeding, such as stem forking in P. taeda, presents 

statistical challenges. Generalized linear mixed models (GLMMs) provide a natural framework 

for analyzing binary traits because they accommodate non-Gaussian response distributions while 

accounting for fixed and random effects. Effects are estimated on the scale of the link function, 

while predictions can be transformed to the probability scale for biological interpretation. Many 

widely used GLMM implementations rely on penalized quasi-likelihood (PQL), also referred to 

as Schall’s method or joint maximization (Breslow and Clayton 1993; Butler et al. 2023). PQL 

can severely underestimate variance components when trait incidence is below 10% or above 

90%, or when animal models, also known as individual-tree models in forest genetics, are fitted 

to data in which each genetic individual has only one observation (Gilmour 2018; Butler et al. 
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2023). Incorrect GLMM specifications and inappropriate data structures can lead to misleading 

inferences from GLMM analyses (Bolker et al. 2009). 

To address the shortcomings of PQL for animal models, Gilmour et al. (1985) proposed a 

marginal PQL formulation based on the expectation-maximization algorithm. The method retains 

the link function but calculates the working probabilities and weights from the fixed-effects 

component rather than from the full conditional predictor (Gilmour 2018). The recent 

implementation of marginal PQL in Echidna software provides a new opportunity to evaluate its 

performance for binary traits in large breeding populations (A. Gilmour, personal 

communication, June 2026). Here, we apply marginal PQL to stem forking in P. taeda and 

compare the resulting genetic parameter estimates with those obtained using conventional 

GLMM approaches.  

Advances in DNA-marker technology and statistical modeling also provide opportunities to 

characterize the genetic architecture of stem forking and reduce its incidence through recurrent 

selection. Genomic selection is particularly well suited to polygenic traits  (Montesinos-López et 

al. 2014; Bermann et al. 2021), because it can predict breeding values of offspring without 

phenotypes across generations (Isik et al. 2026). In contrast, genome-wide association studies 

(GWAS) can identify large-effect loci across pedigrees, but low allele frequencies, relatedness, 

and rapid linkage-disequilibrium decay in conifer populations may limit their power (Neale and 

Savolainen 2004; Parchman et al. 2012). Family-based linkage mapping provides a 

complementary approach for detecting major-effect quantitative trait loci (QTL) within 

informative pedigrees. A major-effect QTL for stem forking was previously identified in a single 

large full-sib family of P. taeda (Xiong et al. 2016), but its allele-substitution effect has not been 

validated in other pedigrees or breeding generations.  

The novelty of this study lies in integrating a new binary-trait modeling approach with 

complementary genomic analyses in a large breeding population (19,165 trees) from two 

successive generations. Specifically, we combine regular and marginal PQL, population-wide 

association analysis, family-based linkage mapping, and cross-generation genomic prediction to 

determine whether stem forking is governed primarily by polygenic effects, major-effect loci, or 

a combination of both. This integrated design also allows us to test whether a QTL detected in 

one pedigree is transferable across the broader breeding population and whether explicitly 

accounting for that locus improves genomic prediction.   

The objectives of this study were to (1) compare genetic-parameter estimates obtained using 

alternative models for a binary trait, (2) determine whether major-effect loci can be identified 

using GWAS and supported by within-family linkage analysis, and (3) evaluate genomic 

prediction across generations, including whether fitting a significant marker as a fixed effect 

improves predictive performance. 
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Materials and Methods 

Plant material and phenotypic data 

A two-generation population of P. taeda was used in this study. The generation 1 (G1) 

population was developed in the early 2000s and comprised 51 full-sib families produced from 

controlled crosses among 21 elite parents in three disconnected diallels, together with seven 

pollen-mix families treated as half-sib families in the pedigree-based analyses as common 

checks. In total, 58 families were derived from 24 parents. Approximately 2,400 progeny were 

clonally propagated through rooted cuttings and planted across eight field sites in the southern 

United States using alpha-cyclic incomplete block designs. Each clone was represented by up to 

one genetically identical copy, or ramet, per site, resulting in 1 to 8 ramets per clone across sites, 

with a median of approximately six ramets (Shalizi and Isik 2019). A total of 15,289 G1 trees 

were phenotyped at age six years after planting in 2017. 

The generation 2 (G2) population was created in 2017 by selecting 73 clones from G1 and 

mating them to produce 67 full-sib families. In 2021, seedling progeny tests were established 

across four field sites using alpha-cyclic incomplete block designs. A total of 3,876 G2 seedlings 

were phenotyped at age four years after planting in 2025. 

Stem forks and ramicorn branches were recorded and combined into a single binary phenotype. 

Trees exhibiting either a stem fork or a ramicorn branch were classified as affected (1), whereas 

trees exhibiting neither defect were classified as unaffected (0). Hereafter, this combined 

phenotype is referred to as forking. Tree height and diameter at breast height (DBH) were also 

assessed in the two populations. Across G1 and G2, phenotypic records were available for a total 

of 19,165 trees.  

Genotyping and SNP filtering 

Needle tissue was collected from G1 field trial clones in 2018 and from G2 progeny in 2021. 

Tissue samples were placed into individually labeled coin envelopes containing silica desiccant 

and allowed to dry at room temperature. Genomic DNA extractions were performed by the 

Forest Genomics Laboratory at the University of Florida. 

Individuals were genotyped using the Pita50K Axiom™ SNP array (Applied Biosystems™), a 

medium-density platform developed for P. taeda (Caballero et al. 2021). The array comprises 

46,439 high-quality SNP and indel markers distributed across the genome. All genotyping was 

performed by the North American Genomics Laboratory using Axiom™ Genotyping Services 

(Thermo Fisher Scientific). 

Standard genotype calling and sample quality control were applied before downstream analyses. 

Markers were filtered to remove loci with call rate below 0.95, monomorphic loci, and loci with 

minor allele frequency (MAF) below 0.01. Samples with a call rate below 0.90 were excluded. 

After filtering, the final dataset used for analyses contained 15,848 SNPs. Missing genotypes 
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were imputed using the Wright method, assuming the Hardy-Weinberg equilibrium. A subset of 

4,340 SNPs was anchored to the consensus linkage map (Lauer and Isik 2021) and was used for 

GWAS and linkage-group-based visualization and interpretation of association signals 

(Supplementary Fig. 2). Following all quality control steps, 2,067 genotyped trees from G1 and 

1,936 genotyped trees from G2 were available for downstream analyses. 

Statistical analyses 

Genetic relationships and population structure 

The additive genetic relationship matrix, 𝑨, was constructed from pedigree records using 

Henderson’s recursive path method (Henderson 1976). The inverse of this matrix was used to 

model the covariance among trees and to estimate the additive genetic variance among trees. For 

genotyped individuals, the genomic relationship matrix, ࡳ, was calculated using VanRaden’s 
allele-frequency method (VanRaden 2008):  

ࡳ = ࡹ) − ࡹ)(ࡼ − ௜(1݌∑ 2′(ࡼ − (௜݌  (1) 

where ࡹ is an ݊ ݔ ݉ matrix of genotype calls coded as 0 (homozygous major), 1 (heterozygous), 

or 2 (homozygous minor) for ݊ individuals and ݉ SNP markers, and ࡼ is an ݊ ݔ ݉ matrix 

containing twice the minor allele frequency at each marker locus. The denominator is the sum of 

the expected genotype variances, 21)݌ −   .across loci ,(݌ 

Because not all trees were genotyped, pedigree- and marker-based relationship information was 

blended into the ࡴ matrix, in the single-step genomic BLUP (ssGBLUP) framework (Misztal et 

al. 2014). To construct ࡴ, the pedigree relationship matrix 𝑨 was partitioned into non-genotyped 

(𝑨11) and genotyped (22ۯ) individuals as follows. 

𝑨 = [𝑨11 𝑨12𝑨21 𝑨22] (2) 

The inverse of the single-step relationship matrix was then formed as 

1−ࡴ = 𝑨−1 + [0 00 1−ࡳ)ߣ − 𝑨22−1)] (3) 

where ߣ is the weight factor. To improve numerical stability and reduce scale differences 

between pedigree- and marker-based relationships, ࡳ was tuned for compatibility with 𝑨22 and 

blended using a factor ߣ = 0.90 (VanRaden 2008; Christensen 2012). Relationship matrices 

were calculated using the AGHmatrix R package v3.0.1 (Amadeu et al. 2023).  
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To evaluate population structure in G1, principal component analysis (PCA) was conducted 

using genomic marker information. The first three principal components were retained based on 

the scree plot and included as covariates in GWAS to account for population structure (Fig. 1). 

Single-step generalized linear mixed models 

Generalized linear mixed models (GLMMs) were used to estimate variance components under 

both individual-tree (animal) and family (GCA) models using G1 individuals only. The G2 

individuals were excluded from these analyses and were used exclusively in a cross-generation 

prediction analysis described later. 

Binary forking observations were analyzed using GLMMs fitted by penalized quasi-likelihood 

(PQL). The general model in matrix format is ࢝ = ࢈ࢄ + ࢛ࢆ + ࢋ (4) 

where ࢝ is the working variable, ࢈ is the vector of fixed effects, including the intercept and site 

effects, ࢛ is the vector of additive genetic effects (tree effect), and ࢋ is the residual term. ࢄ and ࢆ 

are incidence matrices, linking observations to levels of the fixed and random effects, 

respectively. The corresponding linear predictor ࣁ is  ࣁ = + ࢈ࢄ  (5) ࢛ࢆ 

Conditional GLMMs were fitted using logit and probit link functions in ASReml-R (Butler et al. 

2023). Variance components were estimated on the latent, or liability, scale. Because the scale of 

the underlying liability is not identifiable from binary observations, the residual variance must be 

fixed to establish the scale.  Under the logit link, the residual variance on the liability scale was 

fixed at 2ߨ 3⁄ = 3.289, corresponding to the variance of the standard logistic distribution. For 

the probit model, the residual variance was fixed at 1, corresponding to the variance of the 

standard normal distribution assumed for the underlying liability. The probit model therefore 

corresponds directly to the classical normally distributed liability-threshold model used in 

quantitative genetics (Falconer and Mackay 1996). 

Penalized quasi-likelihood (PQL) estimation can produce biased fixed-effect and variance 

component estimates in GLMMs, particularly when sample size for random-effect levels is 

smaller than 10 (Breslow and Clayton 1993). To assess the sensitivity of variance component 

estimates to the standard conditional PQL formulation, we also fitted the marginal option 

(mPQL) implemented in Echidna as suggested by Arthur Gilmour (personal communication, 

June 2026). This marginal formulation retains the mixed-model structure but calculates the 

working probabilities and weights from the fixed-effects component rather than from the full 

conditional predictor including random effects. Thus, it should be interpreted as an alternative 

approximation within the GLMM/PQL framework, following the approach of Gilmour et al. 

(1985), rather than as a full likelihood or standard REML analysis of the observed binary 

responses. The working variable is defined as follows (Gilmour 2018). 
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࢝ = ࣁ + ݕ − ݀ߤ  (6) 

where ࣁ = = ߤ ,is the fixed-effect linear predictor on the logit scale ࢈ࢄ 1)/(ࣁ)݌ݔ݁  +  ((ࣁ)݌ݔ݁

is the corresponding predicted probability, and ݀ is the derivative used to rescale the observed-

scale residual to the working scale. Thus (ݕ −  is the raw residual on the observed response (ߤ

scale, where ݕ is the binary observation and ߤ is its expected probability. Dividing this residual 

by ݀ rescales it to the linear-predictor, or working, scale. The marginal option was implemented 

in Echidna (Gilmour 2018), which is freely available for non-commercial use. 

Individual-tree (animal) models 

Individual-tree (animal) models were fitted using the conditional logit, conditional probit, and 

marginal PQL formulations described above. In these models, additive genetic effects were 

assumed to have expectations of ܧ(࢛) = 0 and variance ܸܽݎ(࢛) =  is the genetic ࡴ ௨2, whereߪࡴ

relationship matrix combining pedigree and genomic relationship information and ߪ௨2 is the 

additive genetic variance.  

Family (GCA) models 

Family parental-effect models were fitted using the same conditional logit, conditional probit, 

and marginal PQL formulations. An overlaid design matrix was used to fit parental effects 

because, in conifer breeding populations, a parent can contribute as either female or male, as in a 

diallel mating design (Isik et al. 2017). In these models, the variance explained by the parental 

effect is a quarter of the additive genetic variance, which corresponds to a general combining 

ability (GCA) component. Compared with the individual-tree model, the number of observations 

per parental level was substantially larger, which can improve the stability of variance 

component estimation for binary traits. Because the family model included parental effects but 

no progeny-level genetic effect, it did not explicitly account for clonal replication. Ramets of the 

same clone were therefore treated as separate progeny sharing the same parents rather than as 

repeated observations of one genotype. 

Validation of stem forking using ssGBLUP  

Across-generation predictive ability was evaluated by comparing genomic estimated family-
mean predictions from ssGBLUP models with observed family means in the G2 population. 
Phenotypes of the G2 population were masked during model fitting so that they did not 
contribute to the predictions. Observed family incidence was calculated as the proportion of 
forked trees within each family. G2 families contained between 12 and 37 genotyped and 
phenotyped trees. 

Two ssGBLUP models with a logit link were trained using the G1 population, while the G2 
population was used for validation. The models were fitted with and without the significant 
marker SNP505839 as a fixed covariate to evaluate whether including the marker improved 
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prediction. Both models included additive genetic effects based on the hybrid relationship matrix 
(H) and were fitted using ASReml-R (Butler et al. 2023). Predicted probabilities for G2 trees 
were obtained from the fitted linear predictor using the inverse-logit transformation. 

Family-level predictive ability was calculated as the Pearson correlation between observed G2 
family forking incidence and family-mean predicted probabilities. This statistic was interpreted 
as predictive ability rather than prediction accuracy because predictions were compared with 
observed phenotypic values rather than true breeding values (Isik et al. 2026). 

Heritability calculations 

For individual-tree models, narrow-sense (ℎ௜2) heritability for models with the logit link function 

was  ℎ௜_௟௢௚2 = ௨2ߪ௨2ߪ +  2/3ߨ
(7) 

where ߪ௨2 is the additive genetic variance. For the probit link function, the latent residual 

variance fixed at ߪ௘2 = 1 was used. Under the marginal formulation, random-effect variances are 

absorbed into the liability-scale residual, so 2/3ߨ was used as the total phenotypic variance 

(Gilmour 2018). ℎ௜_௠2 =  2/3ߨ௨2ߪ
 (8) 

For family models, the parental effect explains one-quarter of the additive genetic variance (Isik 

et al. 2017). Individual-tree narrow-sense heritability was therefore 

ℎ௜2 = ஼஺2ீߪ஼஺22ீߪ4 + ௘2ߪ  (9) 

where 4ߪGCA2  is the additive genetic variance and 2ߪGCA2  is the contribution of the two parents to 

the phenotypic variance, ߪ௘2 is the residual variance and varies according to the link function. 

Family-mean heritability was calculated as follows.  ℎ௙2 = ఙಸ಴ಲ2( ೛೛−1)ఙಸ಴ಲ2 + ഑೐2(೛−1)೙    (10)  
where ݌ is the number of parents and ݊ is the harmonic mean number of progeny per family. In 

the G1 population, ݌ = 24, giving ݌)/݌ − 1) = 1.043, and ݊ = 43. 

Multivariate ssGBLUP model 

To estimate additive genetic correlations among forking, tree height, and diameter at breast 

height, a multivariate single-step genomic BLUP (ssGBLUP) model was fitted in Echidna 

version 2.08 (Gilmour 2018). Forking was modeled as a binary trait using a binomial distribution 
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with a logit link function, whereas tree height and diameter were modeled as continuous traits 

assuming a normal distribution. The multivariate model was specified as (Isik et al. 2017):  ܇௡ௗ = (۷ௗ ⊗ ௗ×1(௙+1)܊(௡×(௙+1)܆ + (۷ௗ ⊗ ௥ௗ×1ܝ (௡×௥܈ +  ௡ௗ (11)܍

where ࢅ௡ௗ is the ݊݀1ݔ vector of observations for ݀ =  3 traits (forking, height, and diameter) 

and ݊ is the number of observations. ۷ௗ is the identity matrix with dimension ݀ ×  are ࢆ and ࢄ ,݀

the incidence matrices for fixed and additive genetic effects, respectively, and ⊗ denotes the 

Kronecker product. ݂ + 1 is the number of fixed-effect coefficients (including the intercept), and ݎ is the number of additive genetic effects. The vectors ࢈, ࢛, and ࢋ represent the fixed effects, 

additive genetic effects, and residuals, respectively. The additive genetic effects were assumed to 

follow ܝ ∼ ܰ(0,  ۵௔ ⊗ ۶) 

where ࡴ is the hybrid genetic relationship matrix and ࢇࡳ is the ݀ × ݀ additive genetic variance-

covariance matrix among forking, height, and diameter, defined as 

௔ࡳ = [ ி2ߪ ிுߪ ுிߪி஽ߪ ு2ߪ ஽ிߪு஽ߪ ஽ுߪ ஽2ߪ ] (12) 

where ܪ ,ܨ, and ܦ denote forking, tree height, and diameter at breast height, respectively. The 

diagonal elements are the trait-specific additive genetic variances, and the off-diagonal elements 

are the additive genetic covariances between trait pairs. Working-scale residuals were assumed 

to follow ݁ ~ ܰ(0, ࡾ ⊗  (13) (࢔ࡵ

where ࡾ is the residual variance-covariance matrix among traits and ࢔ࡵ is an ݊ × ݊ identity 

matrix. The ݐܿ݅݀݁ݎ݌ݒ function in Echidna was used to obtain additive genetic correlations with 

approximate standard errors (Gilmour 2018).  

Genome-wide association analysis 

Genome-wide association analysis in the G1 population was conducted in two stages. In the first 

stage, spatially adjusted clone means for forking were estimated using a GLMM with a logit link. 

Clone identity and test site were fitted as fixed effects, while row and column positions within 

each trial were fitted as random effects to account for spatial heterogeneity. The model was fitted 

using ASReml-R (Butler et al. 2023). Treating clone effects as fixed avoided introducing 

shrinkage before marker effects and polygenic background were evaluated in the second stage 

(Holland and Piepho 2024). Adjusted clone means were estimated on the logit scale and 
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transformed to predicted probabilities using the inverse-logit function. These probabilities were 

used as phenotypic values in the second-stage GWAS. 

In the second stage, marker-trait associations were evaluated in GAPIT3 using the multiple-locus 

mixed model (MLMM), Fixed and Random Model Circulating Probability Unification 

(FarmCPU), and Bayesian-information and Linkage-disequilibrium Iteratively Nested Keyway 

(BLINK) methods (Tang et al. 2016; Wang and Zhang 2021). Population structure was 

controlled using the first three principal components, and marker-derived kinship was 

incorporated according to the requirements of each method. Using three association methods 

allowed the consistency of marker associations to be evaluated under different approaches to 

controlling population structure, relatedness, and marker cofactors. Genome-wide significance 

was evaluated using a Bonferroni threshold at ߙ = 0.05. The Benjamini-Hochberg procedure 

with ݍ ≤ 0.10 was also applied as a secondary false discovery rate criterion. Quantile-quantile 

plots were used to evaluate model calibration, and Manhattan plots were used to visualize 

marker-trait associations. 

QTL mapping in large families 

QTL mapping was performed using 256 progeny from six full-sib families sharing N11210 as a 

common parent. Clone-level fixed-effect estimates for forking were used as pseudo-phenotypes. 

Marker genotypes were coded as A, H, and B, and genotype probabilities were calculated using ࢉ࢒ࢇࢉ.  in the R/qtl package (Broman and Sen 2009). A genome-wide single-QTL ࢈࢕࢘࢖࢕࢔ࢋࢍ

scan was conducted using Haley-Knott regression implemented in ࢙ࢋ࢔࢕࢔ࢇࢉ, with mate family 

included as a fixed covariate. The genome-wide 5% significance threshold was determined using 

1,000 permutation tests. A 95% Bayesian credible interval was estimated for the significant QTL 

peak using ࢚࢔࢏࢙ࢋ࢟ࢇ࢈. 

Lineage-specific genomic prediction 

Following GWAS and QTL mapping, descriptive summaries of forking incidence by 

SNP505839 genotype were examined across G1 pedigrees to explore whether the marker 

association differed among genetic backgrounds. These summaries suggested that the association 

was concentrated among descendants of N11210. SNP505839 was therefore evaluated using a 

separate binomial ssGBLUP model with a logit link fitted only to G1 phenotypic records. The 

model included test site and a fixed indicator for N11210-descendant status. SNP dosage was 

fitted as a fixed, lineage-specific allele-substitution covariate among descendants of N11210. 

Row and column effects nested within test site and the polygenic additive genetic effect based on 

the H matrix were fitted as random effects. The marker contribution to the linear predictor was 

defined as follows. 

݉௜ = ,௜ݔߚ} if tree i  is a descendant of N11210,0, otherwise,                                                (14) 
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where ݉௜ is the marker contribution to the linear predictor, ݔ௜ is the SNP dosage coded as 0, 1, or 

2 for TT, TC, and CC, respectively, and β is the allele substitution effect. The lineage-specific 

allele-substitution effect was evaluated using a 1-df Wald test. Because the N11210 lineage was 

identified through descriptive examination of the same G1 data, this analysis was considered post 

hoc, and the resulting Wald test was interpreted as exploratory. The odds ratio was calculated as exp(ߚ), and the 95% confidence interval was calculated as exp(ߚ ±  The model was .(ܧܵ 1.96

fitted using ASReml-R (Butler et al. 2023). For visualization, fitted probabilities were averaged 

across ramets within each G1 clone before being summarized by SNP505839 genotype. 

Evaluation of predictive performance 

Individual-tree discrimination in G2 was quantified using the area under the receiver operating 

characteristic curve (AUC), calculated from predicted probabilities and observed binary 

outcomes with the pROC package in R (Robin et al. 2011). AUC represents the probability that a 

randomly selected forked tree receives a higher predicted probability than a randomly selected 

non-forked tree. Family-level predictive ability was quantified as the Pearson correlation 

between observed G2 family forking incidence and family-mean predicted probabilities. As a 

secondary analysis, AUC was calculated separately within each of the 23 marker-segregating G2 

families containing both phenotypic classes. 

Genomic localization of significant SNPs 

To infer the genomic position of the significant SNP associated with forking, we aligned SNP 

flanking sequences to the reference assembly using local BLAST. Flanking sequences were 

queried against the P. taeda Pita v2.01 genome FASTA from the TreeGenes FTP repository, 

which provides scaffold-level genomic context. The reference assembly remains fragmented at 

the scaffold level; nevertheless, it enabled scaffold anchoring of marker sequences for future 

annotation and candidate-gene follow-up (Zimin et al. 2017).  

Local databases were constructed from the downloaded genome FASTA using ܾ݈ܾ݉ܽ݇݁ܽ݀ݐݏ 

(NCBI BLAST), and queries were aligned with ܾ݈ܽ݊ݐݏ using default scoring parameters. For 

each SNP, the top-scoring alignments (lowest E-value and highest bit score) were used to assign 

scaffold identifiers and approximate genomic coordinates. These scaffold placements were used 

as scaffold anchors for future annotation and validation. 

Results 

Forking incidence and genetic parameters 

Overall forking incidence across the G1 and G2 populations was 43.5%. Forking incidence 

varied substantially among test sites, ranging from 14% to 64% across the eight G1 sites and 

from 25% to 72% across the four G2 sites.  
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Individual-tree narrow-sense heritability estimates ranged from 0.09 to 0.13 across six models 

(Table 1). Estimates from individual-tree models were slightly lower than those from family 

models and had lower standard errors. Probit models produced slightly higher heritability 

estimates than the standard logit and marginal logit models, which were similar. Family-mean 

heritability was 0.93 across models. 

Predicted breeding values on the probability scale from ssGBLUP individual-tree models with 

different link functions were nearly perfectly correlated (Fig. 2). Forking showed a moderate 

positive additive genetic correlation with tree height (ݎ௔ = 0.36) and stem diameter (ݎ௔ = 0.24), 

while height and stem diameter had a strong correlation of 0.81 (Table 2).  

The ssGBLUP model trained using the G1 population was used to predict forking incidence in 

the G2 population. At the family level, the correlation between observed family mean forking 

incidence and genomic estimated breeding values of families was 0.40 (Fig. 3). 

Genome-wide association analysis 

PCA revealed three broad genetic groups corresponding to the three disconnected diallel groups 

in G1 (Fig. 1). Marker SNP505839 on linkage group 3 was significantly (ܲ ≤  (11−10ݔ9.62

associated with forking in all three GAPIT3 models and passed both the Bonferroni and 

Benjamini-Hochberg false discovery rate criteria (Fig. 4). This marker had a minor allele 

frequency of 0.08 and was selected for downstream evaluation. Among descendants of N11210, 

each additional copy of the C allele at the marker locus was associated with 45% higher odds of 

forking (Fig. 5). The estimated odds ratio was 1.45, with a 95% confidence interval of 1.17-1.80. 

QTL mapping in large families  

Joint linkage mapping of 256 progeny from six families sharing N11210 as a common parent 

detected a significant QTL associated with forking on linkage group 3 (Fig. 6). The maximum 

LOD score was approximately 4.5 and exceeded the genome-wide significance threshold of 3.9. 

The QTL region overlapped the linkage-group interval containing SNP505839, which was also 

identified in the GWAS. The 95% Bayesian credible interval surrounding the QTL peak spanned 

approximately 3.2 cM, providing a relatively narrow interval for further validation across the 

N11210 lineage.  

Effect of fitting the QTL-linked marker 

Following the identification of SNP505839 through GWAS and QTL mapping, the marker was 

included as a fixed covariate in the ssGBLUP model. Including SNP505839 did not improve 

family-level predictive ability compared with the model without the marker (Fig. 3). 

Individual-tree prediction was weak in G2, with an overall AUC of 0.55, where 0.50 indicates no 

better discrimination than chance. AUC was also calculated within 23 marker-segregating 

families (Fig. 7). Under ssGBLUP, family-specific AUC values ranged from 0.45 to 0.84, with a 

mean of 0.59. Adding SNP505839 did not consistently improve prediction: mean AUC 
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decreased to 0.58, increasing in 8 families and decreasing in 13, and remaining unchanged. The 

predictive power in families with N11210 ancestry did not consistently improve when including 

the marker as a fixed effect. 

Scaffold localization 

BLAST analysis of the flanking sequence for the significant SNP505839 marker (5′-
TGAAGAAGAAGAGGAAAAAGAATCTGTGGTTTTCTܥ/ܶCCATAGGGGTTTCCAC-3′) 
identified its location within the fragmented P. taeda genome assembly (Pita v2.01). The SNP 

aligned with 100% sequence identity to scaffold APFE030399899.1 (6,574 bp), part of 

BioProject PRJNA174450, with a low E-value (2 × 10−12). This alignment anchored the marker 

to a specific genomic scaffold but did not yield functional annotation or gene-level information 

due to the incomplete nature of the P. taeda genome assembly. 

Discussion  

This study combined PQL-based GLMMs with logit and probit link functions, QTL detection, 

and single-step genomic prediction to evaluate stem forking across two related generations of P. 

taeda (loblolly pine) breeding populations. This integrated approach allowed us to assess both 

the genetic basis of forking and the genetic evaluation for selection. The results showed that at 

the individual tree level, the trait outcome (forking or no forking) is mostly determined by 

environmental factors, while at the family-mean level additive genetic effects were significant, 

reaching a family-mean heritability of 0.93. Similar low individual-tree heritability and high 

family-mean heritability were reported in the species (Xiong et al. 2010; Cumbie et al. 2012). 

Significant family differences in stem forking have also been reported in several pine species 

(Ladrach and Lambeth 1991; Moura et al. 1998; Codesido and Fernández-López 2008). Our 

results extend this evidence across two-generation large breeding populations and support the use 

of family-based evaluation for selection against forking.   

In this study, forking incidence varied considerably among sites in both generations, consistent 

with an important environmental contribution to trait expression. In a large clonally replicated 

study of loblolly pine, forking at the tree level was attributed to frost injury, leader breakage or 

dieback, and variation in soil nutrient status (Xiong et al. 2010). Multiple flushing and loss of 

apical dominance can also cause lateral shoots to outgrow the terminal shoot and produce a fork-

like stem form (Cline and Harrington 2007). Stovall et al. (2011) reported higher forking 

incidence in fertilized plots than in control plots in a replicated clonal trial of P. taeda. These 

environmental and developmental effects explain the limited value of a single tree’s phenotype 
as an indicator of its genetic tendency to fork. 

A methodological contribution of this study was the evaluation of a marginal PQL for stem 

forking to assess a potential bias (Gilmour et al. 1985). The bias is especially relevant to 

individual-tree (animal) models because each tree has only one binary observation (Gilmour 

2018; Butler et al. 2023). Studies of binary traits in livestock have shown that alternative models 
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can yield different heritability estimates while producing similar predictions or rankings 

(Martinez et al. 2005; Saborío-Montero et al. 2018). Applying the marginal PQL procedure in 

this study provided an assessment of the sensitivity of heritability estimates to the estimation 

method. The marginal PQL did not increase heritability estimates relative to the standard logit 

model, while estimates from the probit model were slightly higher. The large sample size, 

information contributed by pedigree, and a high incidence of stem forking may have reduced the 

potential for PQL bias. Nevertheless, predicted probabilities from the three model formulations 

were almost perfectly correlated, indicating that model choice had little effect on the ranking of 

trees or families. 

A further contribution of this study was the identification of a QTL supported by both 

association and linkage analyses within the N11210 pedigree. Among N11210 descendants, each 

additional copy of the C allele at SNP505839 was associated with higher log-odds of forking 

under the additive allele-substitution model. Previous QTL mapping in P. taeda also identified 

loci affecting stem forking within a clonally replicated full-sib family (Xiong et al. 2016). Our 

results provide additional evidence that QTL for forking can be identified within individual 

pedigrees. Because the association was detected only among N11210 descendants, the 

SNP505839 marker should be considered a candidate marker pending further validation.  

We tested the practical value of the SNP505839 marker by including it as a fixed-effect covariate 

in a single-step genomic prediction model. Incorporating the marker did not consistently improve 

predictive ability, demonstrating that a QTL does not necessarily provide additional predictive 

value at the population level. Lauer et al. (2021) also reported a large-effect, family-specific 

QTL for tree height in this population with inconsistent results. Differences in marker-QTL 

linkage phase, rapid decay of linkage disequilibrium, and low allele frequency of relevant alleles 

could limit the transferability of marker associations across pedigrees and generations. Single-

step GBLUP is efficient for selection of complex traits, including traits following the threshold 

model of quantitative genetics, since the method traces all loci with large or small effects across 

the genome using dense marker coverage, pedigree, and phenotype (Misztal et al. 2020). 

Modest positive additive genetic correlations of stem forking with tree height and stem diameter 

suggested that selection for growth alone could increase forking liability in P. taeda. Cumbie et 

al. (2012) also reported a positive genetic correlation between forking and growth in a multi-

environment study of loblolly pine. Walker et al. (2024) found that families with higher breeding 

values for forking subsequently had more stem defects and ice-storm damage, along with lower 

predicted sawtimber potential. These findings support evaluating forking alongside growth, stem 

form, and disease resistance in a multi-trait selection framework. 

These findings have direct implications for P. taeda breeding. Although stem forking is mostly 

influenced by environmental factors at the individual-tree level, differences among family means 

are partly under additive genetic control, indicating that family-level truncation selection based 
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on genomic selection would be effective to reduce the overall frequency of stem forking in 

breeding populations.  
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Tables and Figures 

Table 1 Variance components, individual-tree narrow-sense heritability, and family-mean 
heritability from ssGBLUP models fitted using logit, probit, and marginal-logit link functions. 
Estimates are followed by approximate standard errors where available.  
 

A) Individual-tree (animal) model  

Estimates Logit Probit Marginal 

Additive variance 0.315 ± 0.0447 0.117 ± 0.0164 0.299 ± 0.0430 

Residual variance 3.289 ± NA     1.000 ± NA  3.289 ± NA 

Phenotypic variance 3.604 ± 0.0447 1.117 ± 0.0164 3.289 ± NA  

Individual-tree heritability 0.09 ± 0.011 0.10 ± 0.013 0.09 ± 0.013 
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B) Family (GCA) model  

Estimates Logit Probit Marginal 

Additive variance 0.379 ± 0.1103 0.138 ± 0.0400 0.365 ± 0.1056 

Residual variance 3.289 ± NA 1.000 ± NA 3.289 ± NA 

Phenotypic variance 3.668 ± 0.0276 1.069 ± 0.0200 3.289 ± NA 

Individual-tree heritability 0.11 ± 0.030 0.13 ± 0.035 0.11 ± 0.032 

Family mean heritability 0.93 ± 0.009 0.93 ± 0.007 0.93 ± 0.009 
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Table 2 Additive genetic variances (diagonal), additive genetic correlations (above the diagonal), 
and genetic covariances (below the diagonal) among stem forking, height, and diameter at breast 
height (DBH) estimated from the multivariate ssGBLUP model. Forking was modeled using a 
binomial distribution with a logit link, whereas height and DBH were modeled using Gaussian 
distributions with identity links. Estimates were followed by approximate standard errors.  
 

 Forking Height DBH 

Forking 0.374 ± 0.048 0.36 ± 0.072   0.24 ± 0.072 

Height 0.299 ± 0.064  1.890 ± 0.169 0.81 ± 0.021 

DBH 0.055 ± 0.017 0.422 ± 0.042 0.144 ± 0.012 
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Fig. 1 Population structure analysis of the G1. (A) Heatmap of realized additive genomic 
relationships among 2,067 individuals, estimated using 4,340 SNPs. Individuals are grouped and 
ordered by family along both axes. Darker blue squares along the diagonal indicate within-family 
relatedness (~0.5 for full-sibs), while lighter off-diagonal blocks reflect relatedness among 
families (~0.25 for half-sibs or less). (B) Principal component analysis (PCA) shows the first two 
principal components (PC1 and PC2), which explain 5% and 4% of the genetic variation, 
respectively. Individuals are grouped based on pairwise genetic distances. (C) Neighbor-joining 
tree based on the genomic relationship matrix, revealing three major genetic clusters. (D) Scree 
plot showing the variance explained by the first ten PCs; the optimal number of PCs retained (k 
= 3) is marked in red based on the elbow criterion. 

A B 

C D 
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Fig. 2 Predicted breeding values (probability of forking) obtained from individual-tree ssGBLUP 
models fitted with logit, probit, and marginal formulations. Histograms in diagonal panels show 
the distributions of predicted probability values for individual trees, lower-triangle panels show 
pairwise scatterplots among model formulations, and upper-triangle panels show Pearson 
correlations (r). The near-unity correlations indicate that predicted probabilities were highly 
consistent among the three individual-tree model formulations. 
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Fig. 3 Validation of G2 family-level prediction for stem forking. Observed forking incidence in 
G2 full-sib families, represented by 12 to 37 genotyped and phenotyped trees per family, was 
compared with predicted family-mean forking probabilities from models trained using G1 
phenotypes and genotypes, while G2 phenotypes were masked. Each point represents one G2 
full-sib family. The upper panel shows ssGBLUP predictions, and the lower panel shows 
ssGBLUP with SNP505839 fitted as a fixed effect. Solid lines show simple linear regression fit, 
and Pearson correlations (r) are shown within panels. Family-level predictive ability was modest, 
and including SNP505839 did not improve prediction relative to ssGBLUP alone. 
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Fig. 4 Genome-wide association analysis of stem forking using the FarmCPU method, with a 
comparative evaluation of multi-locus models. Manhattan plot displaying the -log₁₀ p-values of 
SNP associations across 12 linkage groups. The solid horizontal line denotes the Benjamini-
Hochberg false discovery rate threshold (ݍ = 0.10), and the dashed line indicates the 
Bonferroni-corrected genome-wide significance threshold (ߙ = 0.05). Quantile-quantile plot 
comparing observed versus expected -log₁₀(p) values for Fixed and random model Circulating 
Probability Unification (FarmCPU; blue), Multi-Locus Mixed Model (MLMM; orange), and 
Bayesian Information and Linkage-disequilibrium Iteratively Nested Keyway (BLINK; green). 
Deviation from the null expectation is primarily confined to the extreme tail, consistent with a 
limited number of true association signals after accounting for relatedness and population 
structure. 
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Fig. 5 Clone-level predicted probabilities of forking for marker SNP505839 within the tree 
N11210 descendants in the G1 population. Violin plots show predictions from an allele-
substitution model using additive dosage coding, TT = 0, TC = 1, and CC = 2, shown in blue. 
Boxplots summarize the distribution of clone-level predicted probabilities within each genotype 
class, and red points indicate genotype-class means. The number of clones in each genotype class 
is shown below the violins. The additive allele-substitution effect was significant. 
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Fig. 6 QTL mapping of stem forking in 256 progeny from six full-sib families sharing N11210 as 
a common parent. The genome-wide scan was conducted using Haley-Knott regression. The 
dashed horizontal line is the genome-wide 5% significance threshold determined from 1,000 
permutation tests (LOD = 3.9). Each point represents the LOD score at a marker position across 
the 12 linkage groups. A significant QTL peak was detected on linkage group 3. 
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Fig. 7 Within-family prediction discrimination for stem forking in the G2 validation population. 
Models used ssGBLUP with and without the marker SNP505839 fitted as a fixed effect. Bars 
show the area under the receiver operating characteristic curve (AUC) for classifying forked and 
non-forked trees within each full-sib family. The dashed horizontal line indicates ܥܷܣ =  0.5, 
corresponding to no discrimination. Families with N11210 ancestry are denoted with an asterisk.  
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  d


  𝑴


  E  ( 𝒖 ) = 0


  V a r ( 𝒖 ) = 𝑯   𝜎  u 2


  𝑯


    𝜎  u 2


   h  i 2


          h  i _ l o g 2 =     𝜎  u 2    𝜎  u 2 +   𝜋 2 / 3     # ( 7 )


    𝜎  u 2


    𝜎  e 2 = 1


    𝜋 2 / 3


      h  i _ m 2 =     𝜎  u 2    𝜋 2 / 3     # ( 8 )


  n   x   m


      h  i 2 =   4   𝜎  G C A 2  2   𝜎  G C A 2 +   𝜎  e 2   # ( 9 )


  4   𝜎 GCA 2


  2   𝜎 GCA 2


    𝜎  e 2


      h  f 2 =     𝜎  G C A 2   (   p  p − 1 )   𝜎  G C A 2 +     𝜎  e 2  ( p − 1 ) n       # ( 10 )  


  p


  n


  p = 24


  p /  ( p − 1 ) = 1 . 043


  n = 43


  n


       𝐘  n d =  (   𝐈  d ⊗   𝐗  n ×  ( f + 1 ) )   𝐛   ( f + 1 ) d × 1 +   ( 𝐈  d ⊗   𝐙  n × r )     𝐮  r d × 1 +   𝐞  n d   # ( 11 )


    𝒀  n d


  n d x 1


  d   =   3


  n


    𝐈  d


  d × d


  𝑿


  𝒁


  ⊗


  m


  f + 1


  r


  𝒃


  𝒖


  𝒆


  𝐮 ∼ N  ( 0 ,     𝐆  a ⊗ 𝐇 )


  𝑯


    𝑮  𝒂


  d × d


       𝑮  a =  [      𝜎  F 2 ​    𝜎  F H    𝜎  F D     𝜎  H F    𝜎  H 2    𝜎  H D     𝜎  D F    𝜎  D H    𝜎  D 2 ] # ( 12 )


  𝑷


  F


  H


  D


     e   ~   N  ( 0 , 𝑹 ⊗   𝑰  𝒏 )   # ( 13 )


  𝑹


    𝑰  𝒏


  n × n


  v p r e d i c t


  𝛼 = 0 . 05


  q ≤ 0 . 10


  n   x   m


  𝒄 𝒂 𝒍 𝒄 . 𝒈 𝒆 𝒏 𝒐 𝒑 𝒓 𝒐 𝒃


  𝒔 𝒄 𝒂 𝒏 𝒐 𝒏 𝒆


  𝒃 𝒂 𝒚 𝒆 𝒔 𝒊 𝒏 𝒕


       m  i =  {    𝛽   x  i ,  if tree i  is a descendant of N11210,   0 ,  otherwise,                                                 # ( 14 )


    m  i


    x  i


  exp ⁡  ( 𝛽 )


  exp ⁡  ( 𝛽 ± 1 . 96   S E )


  m a k e b l a s t d b


  b l a s t n

