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Introduction 

Reliability of an animal’s estimated breeding value (EBV) reflects the amount of information 

supporting its evaluation and is central to selection decisions. Reliability increases with more 

performance data from the animal and its relatives, so individuals with their own records 

generally have higher reliability than those evaluated only from pedigree, and it rises further 

when offspring have measurements. Genomic information adds another boost, which is 

especially useful for young animals or traits lacking early phenotypes. Because information 

varies across animals and traits, EBV reliability can differ widely, and breeders must 

consider this variation when managing selection and risk. 

In linear mixed model evaluations, the reliability of an EBV is derived from its prediction 

error variance (PEV): practically, reliability increases as PEV decreases relative to the 

additive genetic variance. The exact (“gold standard”) values are obtained from the diagonal 

entries of the inverse of the mixed model equations (MME) coefficient matrix, but explicit 

inversion is infeasible at large scale (Henderson, 1984). Consequently, routine evaluations 

rely on scalable approximations that recover—or closely approximate—the relevant diagonal 

elements without forming the full inverse, using sparse/iterative solvers and analytic 

partitioning or absorption strategies (Misztal et al Wiggans, 1988). For pedigree-based 

multitrait models, Tier and Meyer (2003) introduced an efficient algorithm to approximate 

prediction error (co)variances across many traits and animals, enabling practical reliability 

computation in large evaluations. In genomic settings, analogous ideas are applied in single-

step SNPBLUP/GBLUP, where recent work exploits solver outputs and the structure of the 

genomic system to provide accurate, tractable reliability approximations at population scale 

(Gao et al., 2023). 

To position these approaches in a practical context, the present study aims to evaluate how 

well commonly used approximations reflect the exact reliability benchmark. Specifically, we 

compare exact reliabilities obtained using pedigree and genomic information with two 

approximation methods—pedigree-based (PED) and single-step SNPBLUP–based (ssSNP). 

To assess how information content influences performance of approximation methods, 

animals were grouped into cohorts differing in the availability of own phenotypes, genotype 

data, and progeny records. 

 

Materials & Methods 

Dataset. Three traits were analysed: daily gain (DG; h2 = 0.40), gestation length (GL; h2 = 

0.31), and feed conversion index (FCI; h2 = 0.07). The dataset consisted of pedigree records 

for 254,473 Piétrain pigs, genotypes for 40,000 animals, and phenotypes for DG (N = 155,904), 

GL (N = 15,737), and FCI (N = 27,303). All data originated from the commercial Piétrain boar 

line of Hendrix Genetics Swine and included pedigree, phenotypes, and genotypes collected 

from 2001, 2010, and 2016 onwards, respectively. Because of software limitations in the 

computation of exact reliabilities, the number of animals with genotype data was capped at 

40,000. 
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Models. Routine genetic evaluations for this population follow a multi-trait animal model. In 

this study, however, a univariate model was used, expressed as: y = Xb + Zu + e, where y is 

the vector of observations; X and Z are incidence matrices linking records to fixed (b) and 

random (u) effects, respectively; and e is the vector of residuals. 

Fixed effects included herd-year-season, parity, test way, batch, and sex. Random effects 

included pen, litter, service sire, permanent environment, and the additive genetic effect of 

the animal. 

 

Methods. Exact reliabilities (EXACT) were computed using a direct inversion of the 

coefficient matrix, as implemented in MiXBLUP software (MiXBLUP, 2026). This 

implementation limits the number of genetic effects for genotyped animals to 40.000. Here 

univariate models are used and note that for bivariate models the number of genotyped 

animals reduces to 20.000. Two approximation methods, using MiXBLUP, were evaluated: 

• PED: a pedigree-based approximation following Tier and Meyer (2003), excluding 

genomic information. 

• ssSNP: a genomic approximation applying the algorithm of Gao et al. (2023), 

incorporating SNP genotypes. 

•  

Metrics. The EXACT method was the reference standard. Performance of the PED and 

ssSNP approximations was evaluated using three metrics, i.e, the Pearson correlation 

between exact and approximate, the level bias expressed as the mean difference between 

approximate and exact values, and the dispersion bias assessed through the regression of 

approximate on exact reliabilities. All metrics were calculated within predefined cohorts 

differing in availability of own phenotypes, progeny information, sex, and genotype status. 

 

Results & Discussion 

Exact reliabilities. Across traits, exact reliabilities reflect heritability: FCI (h² = 0.07) shows 

the lowest averages (≈0.14–0.54), while DG and GL are higher (≈0.42–0.82 and ≈0.40–0.75) 

(Table 1). Genotyped animals consistently achieve higher reliabilities than non-genotyped 

counterparts within the same information cohort, with gains most pronounced when 

phenotype and offspring information are present. An unexpected pattern appears for animals 

with offspring but without phenotype and genotype: their reliabilities are lower than animals 

with no offspring, no phenotype, and no genotype for DG and FCI (not for GL); so far no 

explanation was found for this. Averaged over traits, standard deviations clearly reduce with 

increasing information and genotyping—from ~0.12–0.15 (low-info, non-genotyped) to 

~0.02–0.05 (high-info, genotyped). 

 

Table 1: Average reliability of Exact method for traits daily gain (DG), feed conversion 

index (FCI), and gestation length (GL) for cohorts defined by presence of genotype, 

phenotype and offspring. Standard deviations in brackets. 

Genotyped   NO       YES     

Phenotyped   NO   YES    NO   YES 

Offspring NO YES NO YES  NO YES NO YES 

DG 

     (0.12)
 

0.42 

    (0.12) 

0.30 

    (0.04)
 

0.54 

    (0.09)
 

0.63 

    (0.02)
 

0.78 

    (0.03)
 

0.76 

    (0.02)
 

0.80 

    (0.03)
 

0.82 

FCI 

     (0.13)
 

0.17 

    (0.13)
 

0.14 

    (0.05)
 

0.32 

    (0.11)
 

0.44 

    (0.04)
 

0.47 

    (0.05)
 

0.50 

    (0.04)
 

0.50 

    (0.09)
 

0.54 

GL 

     (0.15)
 

0.40 

    (0.15)
 

0.52 

    (0.06)
 

0.53 

    (0.08)
 

0.64 

    (0.03)
 

0.67 

    (0.08)
 

0.75 

    (0.02)
 

0.73 

    (0.03)
 

0.75 
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Approximate reliabilities. Plotting the estimated reliabilities from the approximate methods 

versus exact reliabilities yielded patterns for the various cohorts that were consistent across 

traits (FCI in Fig. 1, other traits not shown).  

 

 
Figure 1. Scatterplots comparing approximate reliabilities (PED and ssSNP) (x axis) with 

exact reliabilities (y axis) for feed conversion index (FCI) across cohorts defined by genotype 

availability, sex, and presence of own performance and progeny information. 

 

For FCI, both approximations captured the overall trend of the exact reliabilities, although clear 

differences were observed. The ssSNP reliabilities showed close agreement with the exact 

values across all information classes, with estimates tightly clustered around the identity line. 

A limited upward level bias was evident for genotyped males at high reliability values (panel 

G). For non-genotyped animals (panels E–F), dispersion bias was observed, characterized by 

an upward regression relative to the identity line for reliabilities exceeding 0.40. Below this 

threshold, the correspondence between ssSNP and exact reliabilities remained strong, although 

the increasing spread of the estimates indicates reduced correlations in the absence of 

systematic bias. For non-genotyped animals, Gao et al. (2025) similarly reported a group of 

divergent reliability estimates, albeit without further specification of the affected cohort; 

notably, the direction of dispersion bias reported in that study was reversed relative to the 

current results. The PED approximation exhibited a distinctly different pattern, with systematic 

underestimation as information content increased. For most genotyped animals (panels C–D), 

PED reliabilities were clearly downward biased and inaccurate, except for males with large 

numbers of offspring (panel C, and to some extent panel A), where reliabilities exceeded 0.50. 

For non-genotyped animals (panels A–B), PED approximations more closely matched the scale 

of the exact reliabilities within the lower reliability range (< 0.30), where most animals lacked 

both own performance and progeny information. 

Across traits and cohorts, the ssSNP method consistently achieved high accuracy for DG and 

FCI, while performance for GL was more variable. The weakest correlations occurred for 

animals lacking both genotype and offspring information (Table 1). Dispersion bias was 
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generally limited, with slopes close to unity when genotypes and/or offspring were available. 

In contrast, substantial underdispersion was observed in the phenotyped-only, non-genotyped 

cohort, particularly for DG and GL. Among traits, FCI showed the strongest correlations 

overall but tended toward overdispersion across cohorts. The inclusion of genotypes—and 

particularly offspring information—clearly improved both accuracy and dispersion across all 

traits. Overall, ssSNP performed well in information-rich settings, with GL benefiting most 

strongly from the addition of genomic and progeny data. 

 

Table 2: Accuracy and dispersion bias of approximate methods based on pedigree (PED) and 

genomics (ssSNP), compared to the exact method, for traits daily gain (DG), feed conversion 

index (FCI), and gestation length (GL) for cohorts defined by presence of genotype, 

phenotype and offspring. 

Genotyped   NO       YES     

Phenotyped   NO   YES    NO   YES 

Offspring NO YES NO YES  NO YES NO YES 

Correlation          

 DG 0.83 0.81 0.70 0.87 0.60 0.61 0.51 0.86 

PED FCI 0.96 0.95 0.66 0.92 0.71 0.81 0.70 0.94 

 GL 0.76 0.95 0.65 0.89 0.76 0.96 0.70 0.92 

 DG 0.95 0.90 0.89 0.94 0.98 0.94 0.97 0.98 

ssSNP FCI 0.97 0.98 0.90 0.95 0.98 0.98 0.97 0.99 

 GL 0.88 0.97 0.67 0.94 0.96 0.99 0.95 0.99 

Slope          

 DG 0.69 0.95 0.30 0.97 0.78 2.22 0.32 2.96 

PED FCI 0.76 0.75 0.38 1.21 0.68 1.50 0.50 1.90 

 GL 0.58 1.11 0.52 0.98 1.01 2.41 1.08 2.21 

 DG 0.80 0.95 0.43 1.13 0.99 1.35 0.97 1.12 

ssSNP FCI 1.05 1.22 0.93 1.55 1.09 1.19 0.97 1.30 

  GL 0.94 1.18 0.54 1.14 1.06 1.13 0.97 1.08 

 

 

Conclusions 

This study compared two approaches for approximating genomic reliabilities for various 

cohorts of animals. The PED method performed poorly for genotyped cohorts, as expected. 

The ssSNP method performed very well and overcomes limitations of the exact method, 

allowing large scale application which would provide practical guidance for optimising 

resource allocation between phenotyping and genotyping to enhance selection accuracy in 

pig and other livestock breeding programmes. 
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