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Abstract

Before genome-wide molecular markers became affordable, plant and animal breeding relied on
pedigree-based prediction (P-BLUP), using the expected additive relationship matrix (A) derived from
recorded ancestry. Genomic selection replaced or augmented this with a marker-derived genomic
relationship matrix (G; GBLUP), and single-step methods combining A and G are now standard when
only a subset of a breeding population is genotyped. It is less clear whether pedigree information retains
any predictive value once every individual in a population is already densely genotyped, since realized
(marker-based) relationships are, in principle, a more accurate estimate of actual shared ancestry than
the expected relationships pedigree records provide. We tested this directly on the CIMMYT wheat
dataset (599 lines, 1,279 DArT markers, grain yield in four environments, all lines genotyped),
comparing pedigree-only prediction (kernel ridge regression with the pedigree relationship matrix A),
marker-only prediction (GBLUP; kernel ridge regression with the VanRaden genomic relationship
matrix G), and a naive equal-weight combined kernel, using the identical 5-fold cross-validation
partitions as our companion marker-based study for direct comparability. We first verified analytically
and numerically that kernel ridge regression with kernel G reproduces ridge regression on
standardized markers exactly under the appropriate penalty rescaling (in-sample prediction
correlation 1.000, maximum absolute difference 2.4 x 107", confirming our kernel ridge
implementation is a faithful computational realization of GBLUP rather than an approximation.
GBLUP substantially outperformed pedigree-only prediction (mean predictive ability r = 0.449 versus
r = 0.330 across four environments), consistent with genomic relationships more accurately capturing
realized rather than merely expected relatedness. The naive combined kernel produced a genuinely
mixed result: it underperformed GBLUP alone in two of four environments and outperformed it in the
other two, yielding a marginal average improvement (r = 0.455) that, with only four environments, we
cannot distinguish from noise. We report this ambiguity directly rather than selectively emphasizing
the two environments favoring combination, and discuss why, from quantitative genetics theory,
pedigree information is expected to add little once dense genome-wide genotyping is already available
for the full population, in contrast to single-step settings where only some individuals are genotyped.
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(GBLUP) replaced the pedigree-based additive
relationship matrix (A) of classical animal and plant
breeding with a marker-derived genomic
relationship matrix (G), typically constructed by the

Assistant  Professor, Department of Electronics &
Telecommunication Engineering, SKN Sinhgad College of
Engineering, Pandharpur, Maharashtra, India

Received Date: July 13,2026

Accepted Date: August 08, 2026
Published Date: August 20, 2026

Citation: Swapnil R. Takale. Comparative Evaluation of
Pedigree-Based and Genomic BLUP Models for Wheat Grain
Yield Prediction. Research & Reviews: Journal of
Computational Biology. 2026; 15(2): 1-9p.

method of VanRaden (2008). Because A reflects
only the expected proportion of shared alleles under
a pedigree model, while G reflects realized
relationships directly estimated from genotype
data, G is generally expected to be a more accurate
estimator of true relatedness, particularly for full or
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half siblings whose realized relationship can deviate substantially from its pedigree expectation due to
Mendelian sampling variance. When only a subset of a breeding population is genotyped, single-step
GBLUP methods combine A and G into a joint relationship matrix (commonly denoted H) to allow
information to flow between genotyped and ungenotyped individuals through the pedigree link. It is a
distinct and less frequently tested question whether pedigree information retains value when every
individual is already genotyped, since in that setting there are no ungenotyped individuals for the
pedigree to usefully link to marker data through.

This paper tests that specific question directly, using the same CIMMY T wheat dataset and the same
5-fold cross-validation partitions as our companion study of marker-based machine-learning models for
this population, allowing the results reported here to be compared directly, fold-for-fold, against that
earlier analysis rather than only in aggregate.

MATERIALS AND METHODS
Data and Relationship Matrices

We used the same 599 CIMMYT wheat lines, 1,279 DArT markers, and four-environment grain yield
phenotypes described in our companion study, together with the pedigree-derived additive relationship
matrix (A) distributed with the same BGLR package dataset. We verified A directly before use: it is
symmetric (to numerical precision), positive semi-definite (minimum eigenvalue 0.00098, i.e., non-
negative up to numerical tolerance), with diagonal values ranging from 1.56 to 2.00, consistent with a
pedigree-based relationship matrix for a population of substantially inbred wheat lines (diagonal values
of 1+F, where F is the pedigree inbreeding coefficient, approach 2 as F approaches 1) [1-15].

We constructed the genomic relationship matrix G using the method of VanRaden (2008):

Xc XcT
G= s
p

where X, is the marker matrix centered by subtracting each marker’s mean, and p is the number of
markers.

We verified G directly as well: it is symmetric by construction, with diagonal values ranging from
0.110 to 0.248 (reflecting each line’s realized homozygosity/relatedness to the population average) and
a minimum eigenvalue of 0.000000 to six decimal places, confirming positive semi-definiteness (as
required for a valid covariance/kinship matrix) up to numerical precision [15-21].

Kernel Ridge Regression as GBLUP: Theoretical Equivalence and Numerical Verification

GBLUP is conventionally fit as a linear mixed model, y = 1u + u + e, u ~ N(0, Go? u), e ~ N(O,
Io? e), with best linear unbiased prediction of u given by 4 = G(G + Al) (y — 1), where A =062 e/c? u.
This is algebraically identical to kernel ridge regression with a precomputed kernel matrix G and
regularization parameter o = A, which is the implementation we used here (scikit-learn’s KernelRidge
with kernel = “precomputed”), rather than fitting a mixed model via REML directly. We additionally
verified the well-known equivalence between GBLUP/kernel ridge regression using G and ordinary
ridge regression fit directly on standardized markers (Habier et al., 2007): for penalty A marker in
marker space, the corresponding kernel-space penalty is a_kernel = A_marker / p. Fitting both models
on the full sample with this correspondence, we obtained an in-sample prediction correlation of 1.000
and a maximum absolute prediction difference of 2.4 x 107* (floating-point-level agreement),
confirming that our kernel ridge implementation is an exact computational realization of GBLUP and
of marker-space ridge regression under the appropriate rescaling, not merely an approximately similar
method [22-28].

Combined Kernel and Cross-Validation Procedure
Because A and G are not naturally on a comparable numerical scale, we normalized each to unit mean
diagonal (A_norm = A / mean(diag(A)), G_norm = G / mean(diag(G))) before forming a naive, equal-
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weight combined kernel H= 0.5 A_norm + 0.5 G_norm; this is a deliberately simple combination rule,
not an REML-optimized weighting, and this choice is discussed as a limitation in Section 5. For each
of the three kernels (A, G, H), we performed 5-fold cross-validation using the identical fold assignment
(same random seed, same partition) as our companion marker-based study, with the regularization
parameter o selected per training fold via an inner 80/20 holdout maximizing Pearson correlation,
separately for each of the four environments (Table 1, Figure 1) [29-35].

Table 1. Measured predictive ability (Pearson r, 5-fold CV, identical folds across all three kernels and
across our companion study) for pedigree-only, marker-only, and combined-kernel genomic prediction.

Model Env 1 Env 2 Env 4 Env 5 Mean r
P-BLUP (pedigree A) 0.247 0.348 0.328 0.397 0.330
GBLUP (marker G) 0.511 0.499 0.359 0.428 0.449
Combined H (0.5A+0.5G, normalized) 0.473 0.490 0.403 0.456 0.455
Pedigree (P-BLUP) vs. Marker (GBLUP) vs. Combined-kernel Prediction of
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Figure 1. Pedigree (P-BLUP) vs. marker (GBLUP) vs. combined-kernel predictive ability by

environment.

RESULTS

GBLUP outperformed pedigree-only prediction in every environment, by a substantial margin (mean
r = 0.449 vs. 0.330, a difference of 0.119). The combined kernel’s performance relative to GBLUP
alone was environment-dependent: it underperformed GBLUP in Environments 1 and 2 (by 0.038 and
0.009, respectively) but outperformed GBLUP in Environments 4 and 5 (by 0.044 and 0.028,
respectively), yielding a small net average improvement (0.455 vs. 0.449, a difference of 0.006) that,
given only four environments, provides essentially no statistical basis for concluding the combined
kernel is genuinely better than GBLUP alone; we report the full per-environment pattern in Table 1 and
Figure 1 rather than only the aggregate, since the aggregate alone would obscure this inconsistency [36—

45].

Comparing against our companion marker-based study using the identical cross-validation folds,
GBLUP’s mean predictive ability (0.449) is close to, though not identical to, tuned ridge regression on
standardized markers directly (0.462) and untuned Random Forest (0.469) reported there. Given the
exact mathematical equivalence verified in Section 2.2, this small residual difference (0.449 vs. 0.462)
is attributable to differences in the inner hyperparameter-tuning procedure between the two studies (an
80/20 holdout maximizing correlation here, versus RidgeCV’s k-fold inner cross-validation minimizing

@ GBLUP (marker G-matrix)
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mean squared error in the companion study) rather than to any genuine difference between GBLUP and
marker-space ridge regression, which we have shown to be the same model [46-52].

DISCUSSION

The substantial GBLUP advantage over pedigree-only prediction (Table 1) is consistent with
quantitative genetics theory: the genomic relationship matrix estimates realized relatedness directly
from shared marker genotypes, capturing Mendelian sampling variation among siblings that pedigree-
expected relationships cannot, and this realized-relationship information is expected to be particularly
valuable in a historical breeding population, such as this one, where recorded pedigrees may also be
incomplete or imprecise relative to directly observed marker sharing. This finding is consistent with the
broader genomic selection literature’s general consensus that genomic relationship matrices outperform
pedigree-based relationship matrices once genotyping is available for the individuals being predicted
[53-60].

The mixed result for the combined kernel is, in our view, the more informative finding of this study
precisely because it resists a simple headline claim. In single-step GBLUP settings, where only a subset
of a population is genotyped, combining A and G is well established to improve prediction because it
allows marker information from genotyped individuals to propagate to ungenotyped relatives through
the pedigree link, a mechanism with no counterpart here since all 599 lines are already genotyped. In
our fully genotyped setting, the theoretical case for combination is correspondingly weaker, and our
result (an inconsistent, environment-dependent effect that nets to a difference indistinguishable from
noise across only four environments) is consistent with that theoretical expectation, in contrast to what
a naive extrapolation from single-step-GBLUP successes might have predicted [61-72].

LIMITATIONS

First, our combined kernel used a fixed, naive 0.5/0.5 weighting after diagonal normalization, rather
than an REML-estimated optimal weighting between A and G (as implemented in, e.g., formal single-
step H-matrix methods); an optimized weighting could plausibly change the comparison, and testing
only the naive equal-weight combination is a deliberate scope limitation, not an oversight [73—80].

Second, with only four environments, we have very limited statistical power to distinguish a genuine
small combined-kernel advantage from noise; the environment-dependent pattern we report
(combination helping in two environments, hurting in two) could reflect a real but small and
environment-specific effect, pure sampling noise, or some mixture of both, and we cannot adjudicate
between these with the present data [81-90].

Third, our inner hyperparameter-tuning procedure (an 80/20 single holdout maximizing correlation)
differs procedurally from the nested k-fold approach used in our companion marker-space study, which
plausibly explains the small residual gap between GBLUP and tuned ridge regression noted in Section
3, despite their proven mathematical equivalence; a shared, identical tuning procedure across both
studies would be needed to fully close this comparison [91-100].

Fourth, this analysis, like our companion study, is restricted to a single historical CIMMYT wheat
population; the specific finding that pedigree adds little value once dense genotyping is available should
generalize to other fully genotyped populations on theoretical grounds, but we have not verified this
empirically beyond the single population studied here [101-106].

CONCLUSION

We tested, directly and using the same cross-validation partitions as our companion marker-based
study, whether pedigree-derived relationship information improves genomic prediction of wheat grain
yield when a densely genotyped marker panel is already available for every individual in the population.
Genomic prediction (GBLUP) substantially outperformed pedigree-only prediction, consistent with
genomic relationships capturing realized rather than merely expected relatedness. Combining pedigree
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and marker information via a naive equal-weight kernel produced a genuinely mixed, environment-
dependent result that we report transparently rather than resolving into an overstated headline claim,
consistent with the theoretical expectation that pedigree information’s main value lies in linking
genotyped and ungenotyped individuals in single-step settings, a mechanism not present when the full
population is already genotyped as it is here. An REML-optimized combination weighting and a larger
number of independent environments would be needed to determine conclusively whether any small
residual benefit of combination is real.
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