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Introduction

Dairy productivity enhancement projects in India are implemented across highly heterogeneous
production environments, creating challenges for unified national-level genetic evaluation.
Progeny testing projects for Murrah and Mehsana buffaloes and for crossbred dairy cattle
Holstein Friesian x Indicus (CBHF) and Jersey x Indicus (CBJY) have been implemented in
different regions, generating large but uneven datasets. CBHF have either of Gir, Sahiwal or
Kankrej as the indigenous component, while the same comprises either of Sahiwal, Red Sindhi
or Gir in CBJY. Joint analyses across regions are desirable to improve connectedness and
enable national sire ranking; however, naive pooling of data often results in biased breeding
values, with animals from favourable environments ranking disproportionately higher due to
environmental confounding. Genotype-by-environment (GXE) interaction may contribute to
such heterogeneity (Mulder and Bijma, 2005; Weigel and Rekaya, 2000). However, the present
study does not explicitly model GxE. Instead, it focuses on reducing environmental bias
through appropriate modelling of region-specific non-genetic effects, thereby improving
comparability of breeding values across regions.

Single-step genomic BLUP (ssGBLUP) enables joint use of pedigree, genomic, and phenotypic
data (Legarra ef al., 2009), but in heterogeneous systems it may suffer from biased variance
estimation and unstable sire rankings if environmental differences are not adequately accounted
for (Misztal et al., 2013). Initially, in India, genetic evaluations were being done using data
from a single project within a specific region, which placed a limit on reliability as well as
applicability of estimated breeding values throughout the country. There was a need to have
joint evaluations of all projects of same breed by reducing environmental bias while retaining
within-project specificity. This study proposes a National Across-Region Evaluation (NARE)
framework to jointly evaluate milk yield across Indian dairy production regions, improving the
accuracy, stability, and comparability of genomic estimated breeding values. In heterogeneous
systems, region-specific evaluations may yield environment-dependent breeding values,
limiting comparability. By combining data across regions and modelling region-specific non-
genetic effects and lactation curves, the proposed framework aims to derive breeding values
that better represent average genetic merit across production environments.

Materials & Methods

Milk yield records from ongoing progeny testing projects were used. Table 1 shows the details
of projects. Data originated from multiple geographically distinct projects differing in
management, environment, and recording depth. Test-day milk yields were analysed using a
single-breed single-step genomic BLUP (ssGBLUP) random regression model (Legarra ef al.,
2009; Aguilar et al., 2010). To accommodate regional heterogeneity, days-in-milk trajectories
were modelled using Legendre polynomials nested within project, allowing each project to have
an independent lactation curve (Kirkpatrick et al., 1990). Fixed effects were harmonized across
projects to retain within-project management differences while enabling joint analysis (for
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instance, a year-season of “2014-winter” would be considered different for each of the project).
Such effects included contemporary group effects, parity, and age at calving, defined
consistently across regions.

Also, data from phenotyped but non-pedigreed/non-genotyped animals were not used in
previous evaluations. To utilize this information for improved estimation of fixed effects,
without influencing the estimation of genetic parameters, a two-step approach was adopted. In
the first step, fixed effects were estimated using the full dataset and used to derive corrected
milk yields. In the second step, only pedigreed and/or genotyped animals were included for
estimation of variance components and genomic estimated breeding values (GEBVs), using
corrected yield as the response.

Table 1. Details of progeny testing projects on different breeds

Region . Number of animals
Name of Number of animals . . .
Breed of the . ; . with milk records with
Project/Agency with milk records .
country pedigree/ genotype
West SAG! 33592 20971
Murrah North PLDB? 49689 9603
urra North HLDB? 32236 7941
North ABRO* 23607 6100
Mehsana West Mehsana’ 27613 19674
ons West Banas® 15149 6779
West SAG! 57343 39665
CBHF South KLDB’ 15588 3073
CBIY South TCMPF? 85785 40463
South APLDA’ 28488 10647

! Sabarmati Ashram Gaushala

2 Punjab Livestock Development Board

3 Haryana Livestock Development Board

4 Animal Breeding Research Organisation

5 Mehsana milk union

¢ Banas milk union

7 Kerala Livestock Development Board

8 Tamil Nadu Co-operative Milk Producers’ Federation Limited
° Andhra Pradesh Livestock Development Agency

Two-step strategy is summarised in the following for the following model:
y=XB+Zaa+Zpep+£
where y is the vector of test-day milk yields, P is the vector of fixed effects, a is the vector of
random additive genetic effects, p is the vector of permanent environmental effects, € is the
vector of residuals. X, Za and Zpe refer to respective design matrices
Days-in-milk trajectories were modelled using Legendre polynomials of order 2 for both
additive genetic and permanent environmental effects. Residual variances were assumed
homogenous across lactation. Genomic information was incorporated through the H matrix
constructed following the single-step genomic BLUP approach. Genotypes consisted of
approximately 45000 SNP markers derived from indigenous developed microarray chips
(GAUCHIP for cattle and MAHISCHIP for buffaloes) after quality control, including filtering
for call rate, minor allele frequency, and Hardy—Weinberg equilibrium.
Step 1: Estimate fixed effect solutions using all data: f = (X'X)'X"y
Arrive at corrected yield: y'=y—Xp



Step 2: Estimate GEBVs with only genotyped/pedigreed animals:
Z:R1Z,+ H1 ® G;1 Z,R7'Z,, [ ] Z,R 1y*
Z,.R7'Z, ZpeR'Zpe + 1® Gyt ZpeR7 1y’

where G, and G are genetic and permanent environmental (co)variance matrix of random

regression coefficients, H matrix is the combined relationship matrix used in single-step
genomic BLUP, I is identity matrix and R is residual (co)variance matrix

Model performance was evaluated using 10-fold cross-validation (CV). Predictive ability was
assessed as the correlation between corrected phenotypes and genomic estimated breeding
values expressed as accumulated 305-day milk yield. Validation was performed using daughter
records (cows/buffaloes with record and pedigree/genotype), ensuring that animals in the
validation set were excluded from the training set. Potential bias was assessed using regression
of corrected phenotypes on GEBV, and stability was evaluated through sire rank correlations
between national and single-project evaluations. Analyses were performed separately for each
breed. No joint analysis was conducted across species or breeds, and separate relationship
matrices and variance components were estimated for each breed-specific dataset.

Results

Results of the National Across-Region Evaluation (NARE) across breeds and projects are
presented in Table 2. Improvements in predictive ability varied considerably across projects,
with gains generally larger in projects having fewer animals with pedigree or genotype
information.

Table 2. Sire rank correlations and gains in accuracies as per cross-validation results

Sire rank )
. Range of gains
correlation of | o .
Breed Geography/ NARE and in accuracy as % bulls in overall top
Project sinole proiect  P€T CV results tertile
&'¢ projee in NARE
evaluation
SAG 0.85 7% 35%
Murrah PLDB 0.60 108% 24%
HLDB 0.61 40% 17%
ABRO 0.07 5% 41%
Mehsana Mehsana 0.80 8% 35%
Banas 0.70 27% 26%
SAG 0.90 7% 34%
CBHF
KLDB 0.87 35% 26%
TCMPF 0.79 22% 30%
CBJY
APLDA 0.71 14% 43%

In Murrah buffaloes, accuracy gains ranged from 5% to 108%. The PLDB project showed the
largest gain in accuracy (108%) with a moderate sire rank correlation (0.60) between NARE
and single-project evaluation. The HLDB project showed a 40% gain in accuracy with a rank
correlation of 0.61. In contrast, the SAG project, which is the oldest of all Murrah projects with
largest share of phenotypes and pedigree/genotypes, showed a modest gain in accuracy (7%)
but a high rank correlation (0.85). Interestingly, ABRO project showed minimal gain in
accuracy (5%) and very low rank correlation (0.07), indicating substantial re-ranking of sires.
This may be due to the fact that ABRO project has one of the smallest data and this may have



led to issues with variance component estimation. Secondly, ABRO project shares test bulls
with other projects also, which might have also contributed in major re-ranking.

For Mehsana buffaloes, the Mehsana project, which is the larger and older project amongst
Mehsana breed projects, showed an 8% gain in accuracy with a sire rank correlation of 0.80,
while the Banas project showed a higher gain in accuracy (27%) but lower rank correlation
(0.70). In CBHF cattle, sire rank correlations were high for both projects (0.87-0.90). Accuracy
gains were modest for the SAG project (7%) and substantially higher for the KLDB project
(35%). Again, SAG is the older and contributes maximum number of informative phenotypes
and pedigree/genotypes. In CBJY cattle, accuracy gains ranged from 14% in the APLDA
project to 22% in the TCMPF project, with sire rank correlations of 0.71 and 0.79, respectively.
The proportion of bulls from individual projects represented in the overall top tertile ranged
from 30% to 43%.

Discussion

Across all breeds, projects with fewer animals having pedigree or genotype information
benefited most from the joint national evaluation, as reflected by larger gains in predictive
ability. Conversely, projects with stronger internal connectedness showed smaller gains but
higher agreement between national and single-project sire rankings. This pattern indicates that
NARE primarily enhances information flow and connectedness rather than altering rankings in
well-established datasets. Moderate to low rank correlations observed in some projects,
particularly ABRO in Murrah buffaloes, indicate substantial re-ranking of sires between
national and single-project evaluations. Such differences may arise from multiple factors,
including increased data connectedness across regions, differences in data structure, and
changes in variance component estimation under the joint analysis. While environmental
confounding in single-project evaluations may contribute to these differences, the observed re-
ranking cannot be attributed to a single cause.

Conclusions

The National Across-Region Evaluation framework improved the predictivity of genetic
evaluation systems and thus enhanced overall reliability of genomic estimated breeding values
and reduced environmental bias in sire ranking across diverse dairy production systems. The
projects with limited pedigree or genotype information benefitted the most, while ranking
stability was also maintained in well-connected projects. NARE provides a robust and practical
approach for national genetic evaluation in Indian heterogeneous dairy production systems.
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