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Introduction 

Age at first calving (AFC) is a key determinant of lifetime productivity and profitability in 

dairy systems because heifers incur substantial feed, health and management costs while not 

producing milk until their first calving (Hutchison et al., 2017). Earlier AFC reduces rearing 

costs and can improve lifetime milk yield and reproductive performance; optimal AFC in 

temperate dairy breeds is typically around 20–22 months, balancing fertility, production and 

stillbirth risk (Hutchison et al., 2017). However, reported AFC for Ethiopian crossbred dairy 

cows often ranges from about 28.5 to 46.9 months (Getahun, 2022), substantially later than 

targets in intensive systems, leading to delayed returns on investment and lower lifetime 

productivity. 

Genomic selection has already been shown to substantially increase genetic gain, shorten 

generation interval and improve economic returns in tropical dairy systems when compared 

with conventional progeny testing (Hutchison et al., 2017; Mrode et al., 2019). For Ethiopian 

crossbred herds specifically, simulation of alternative breeding programs indicates that 

genomic selection and genomic progeny testing can more than double annual genetic gain for 

key traits (including AFC) and markedly increase discounted profit relative to traditional 

schemes, particularly when embedded in community-based crossbreeding programs (Hunde 

et al., 2024).  

Given the economic importance of AFC, the documented management and genetic 

constraints in Ethiopian crossbred herds, and international evidence that genomic prediction 

can improve selection for low-heritability fertility traits, there is a strong justification to 

develop and evaluate genomic prediction models for age at first calving in Ethiopian 

crossbred cattle. Such models could support early selection of replacement heifers and young 

sires adapted to local environments, accelerate genetic progress and enhance the efficiency 

and sustainability of smallholder dairy systems in Ethiopia. The objective of this study was to 

estimate the heritability of AFC and evaluate genomic prediction performance using non-

weighted and SNP-weighted GBLUP in Ethiopian crossbred dairy cattle, providing evidence 

on the feasibility of genomic tools to support fertility improvement in emerging dairy 

breeding programs. 

 

Materials & Methods 
Phenotypes and genotypes. This study used performance, pedigree, and genomic data from 

dairy cattle in Ethiopia, with phenotypic records retrieved from the International Livestock 

Research Institute African Dairy Genetic Gains platform database. Age at first calving (AFC) 

was computed as the number of days from birth to first calving. Records with AFC values 

outside the biologically plausible range of 607 to 1290 days were excluded. After data 

cleaning, a total of 1290 animals from 775 farms with valid AFC records remained. Exotic 

breed proportions were derived from admixture analysis, summing Jersey and Holstein 
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ancestry, and were standardized for model inclusion. Birth season was categorized into four 

classes according to month of birth: dry season (December-February), short rainy season 

(March-May), main rainy season (June-August), and post-rainy season (September-

November). Additionally, herd-birth-year (HBY) groups were created by combining farm ID 

and birth year to account for common environmental conditions. All data processing and 

preparation were conducted in R, and the final dataset was formatted for genetic analysis 

using appropriate mixed model software. 

Genotyping was carried out using commercial SNP microarrays for cattle. A total of 6,822 

animals were genotyped with the Illumina BovineSNP50 BeadChip (v2), while 2,821 

animals were analyzed using the GeneSeek Genomic Profiler (GGP) Bovine 100K array. 

SNP annotation files were carefully curated, retaining only markers with a genotype-calling 

quality of 0.6 or higher for further analysis. Quality control of genotype data was performed 

separately for each batch using PLINK v1.9 (Purcell et al., 2007), focusing on autosomal 

chromosomes 1–29. SNPs with more than 5% missing genotypes were discarded, individuals 

with over 10% missing genotypes were excluded, and variants with a minor allele frequency 

below 1% were filtered out. After quality control, the two genotype datasets were merged and 

duplicate variant identifiers were removed before imputation. Missing genotypes were 

imputed using BEAGLE v5.2 (Browning et al., 2018). Following quality control, 

harmonization, and imputation, the final dataset included 7,019 animals and 85,126 SNPs. 

 

Statistical analysis. Exotic breed proportions were derived for each animal using maximum-

likelihood unsupervised model-based clustering implemented by the program ADMIXTURE 

V.1.3.0 (Alexander et al., 2009). The scaled exotic breed proportion was included as a 

covariate to account for breed composition differences and reduce confounding between 

crossbreeding level and additive genetic effects.  

A univariate animal model was used to estimate variance components and genomic estimated 

breeding values for AFC. The model included birth season as a fixed effect and scaled exotic 

breed proportion as a covariate to capture breed composition effects. Additive genetic effects 

and HBY were included as random effects.  

y = Xβ + Z₁h + Z₂a + e 

The model was defined as above, where y is the vector of AFC observations; X, Z₁, and Z₂ 

are incidence matrices; β is the vector of fixed effects, including birth season and scaled 

exotic breed proportion; h is the random HBY effect; a is the additive genetic effect; and e is 

the residual error term. Heritability was computed as h² = σ²ₐ / (σ²ₐ + σ²h + σ²e). Analyses 

were conducted using the BLUPF90 software suite (Misztal et al., 2002). Genomic estimated 

breeding values (GEBVs) were obtained using GBLUP, replacing the pedigree relationship 

matrix with a genomic relationship matrix computed from SNP genotypes (Meuwissen et al., 

2001). A SNP-weighted GBLUP approach was also applied, where the genomic relationship 

matrix was re-weighted using SNP effect information to allow differential marker 

contributions. A validation set of 200 cows was randomly sampled and excluded from the 

reference set to assess prediction. Performance was evaluated using: (i) correlation between 

adjusted phenotypes and GEBVs; (ii) regression of adjusted phenotypes on GEBVs to assess 

bias (slope close to 1 indicates low bias); and (iii) Prediction accuracy was calculated as the 

correlation between adjusted phenotypes and genomic estimated breeding values, divided by 

the square root of the heritability (r(yadj, GEBV)/√h²), consistent with standard genomic 

evaluation practice. 

 

Results 
The mean AFC was 1,032 ± 242 days, with a median of 1,030 days and a range of 608–1,460 

days. The population had a high and variable exotic breed proportion, with exotic breed 
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proportion averaging 74.1 ± 23.3% and ranged 0.57–100%. AFC differed across birth 

seasons, with mean values of 978, 996, 1,107, and 1,028 days for seasons 1–4, respectively, 

and birth years covered from 2011 to 2019.  

Variance components for AFC were estimated using AIREMLF90 program. The additive 

genetic variance was 15,798, the herd-birth-year variance was 30,715.5, and the residual 

variance was 9,105, giving a total phenotypic variance of 55,618.5. Heritability of AFC was 

therefore 0.28 (SE ≈ 0.06), indicating a moderate genetic contribution, while HBY effects 

explained a substantial proportion of the total phenotypic variance. 

Birth season had a clear effect on age at first calving (AFC). The adjusted seasonal means for 

AFC were 1,024 days (dry season), 1,029 days (short rainy season), 1,093 days (main rainy 

season), and 1,039 days (post-rainy season), with the highest adjusted AFC observed for 

animals born in the main rainy season. The regression coefficient for the standardized exotic 

breed proportion was 21.96, indicating that a one-unit increase in the scaled exotic proportion 

was associated with an increase of approximately 22 days in age at first calving (AFC) on the 

model scale. 

The HBY solutions (n = 920 groups) for non-weighted GBLUP, showed wide variation, 

ranging from −337.5 to +374.7 days (SD = 137.4), consistent with substantial between herd 

and between year differences in management and production environments. Animal additive 

genetic solutions (n = 7,019 genotyped animals) were centered around zero (as expected for 

breeding values) with SD = 63.6 days, spanning from −269 to +300 days. This range 

indicates meaningful exploitable genetic variation, with animals predicted to calve 

substantially earlier or later than the population average. 

The correlation between adjusted phenotypes and GEBVs was 0.26 for non-weighted 

GBLUP and 0.29 for weighted GBLUP. Prediction accuracy was 0.49 for non-weighted 

GBLUP and improved to 0.55 with SNP-weighted GBLUP. Regression coefficients of 

adjusted phenotypes on GEBVs were 1.08 (non-weighted) and 1.03 (weighted), both close to 

unity and indicating low bias and good agreement between predicted and observed 

performance. 

 

Discussion 

The mean AFC of about 34 months confirms that heifers calve much later than targets in 

intensive dairy systems (Hutchison et al., 2017) but is comparable to values reported for 

crossbred cattle under Ethiopian and other tropical smallholder conditions (Getahun, 2022). 

The moderate heritability estimate (0.28) is on the higher end of literature values for AFC, 

indicating a substantial genetic component and good potential to reduce AFC through 

selection (Getahun, 2022). At the same time, the large HBY variance and strong seasonal 

effects show that management, feeding and health conditions remain major determinants of 

when heifers first calve. 

The positive association between exotic breed proportion and AFC suggests that, under 

current smallholder conditions, higher taurine content tends to delay first calving rather than 

accelerate it. This likely reflects a mismatch between the management requirements of 

high-grade exotics and the prevailing low-input environments and highlights the need to 

balance genetic improvement with local adaptation and realistic herd management. 

The widespread in HBY solutions (about ±1 year) and in genomic breeding values (roughly 

−269 to +300 days) demonstrates both strong environmental heterogeneity and exploitable 

genetic variation. Genomic prediction accuracies were moderate to high for a fertility trait 

(0.49 for GBLUP, 0.55 for SNP-weighted GBLUP), and regression coefficients close to 1 

indicate low bias and good agreement between predicted and observed AFC. The 

improvement observed with SNP-weighted GBLUP is consistent with prior evidence that 

allowing heterogeneous SNP contributions can increase predictive ability when some 
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genomic regions capture more trait-relevant variation (Karaman et al., 2018; Chegini et al., 

2025). The improvement with SNP-weighted GBLUP shows that giving more weight to 

informative markers can enhance prediction performance in this crossbred population. 

However, prediction accuracy is expected to improve further as the phenotyped reference 

population grows and becomes more representative of the target breeding population, and as 

models incorporate more detailed environmental descriptors and potentially multi-trait 

information. Overall, the achieved accuracy of 0.55 is encouraging for informing selection 

and mate allocation decisions aimed at reducing AFC and improving reproductive efficiency 

in emerging dairy breeding programs. 

 

Conclusions 

AFC showed moderate heritability (0.28 ± 0.06) in Ethiopian crossbred dairy cattle, 

indicating potential for genetic improvement. Substantial HBY variance highlights the strong 

influence of management and environmental conditions, emphasizing that genetic progress 

must be accompanied by improved herd-level practices. Season of birth and exotic breed 

proportion affected AFC. These findings suggest that matching breed composition and 

management strategies to local conditions is critical to avoid delays in sexual maturity and 

first calving. Genomic prediction using GBLUP achieved encouraging performance, and 

SNP-weighted GBLUP further improved accuracy (0.49 to 0.55) with minimal bias 

(regression slopes near 1). The observed range in genomic estimated breeding values 

confirms meaningful exploitable genetic variation. These findings support the feasibility of 

implementing genomic tools for AFC improvement in crossbred dairy populations, with 

further gains expected from expanding the phenotyped reference population and continued 

methodological refinement. 
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