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Introduction 

Age at first calving (AFC) is a key indicator of sexual precocity and lifetime reproductive 

efficiency in beef cattle, directly influencing production costs, generation interval, and herd 

sustainability (Berry and Evans, 2014; Motta et al., 2022). Earlier calving is associated with greater 

lifetime productivity, increased number of calves, and improved economic performance of 

production systems (Twomey et al., 2023). 

In genetic evaluation programs, AFC is commonly represented by the categorical phenotype P30, 

which classifies females according to whether they calved by 30 months of age. Although 

operationally simple, this binary definition disregards the continuous nature of reproductive 

development and ignores the actual timing of the event, treating biologically distinct performances 

as equivalent. For instance, a heifer calving at 22 months receives the same classification as another 

calving at 30 months, despite their clearly distinct biological and productive implications. As a 

result, relevant phenotypic and genetic information may be lost, potentially reducing the detectable 

genetic signal and the effectiveness of selection (Brito et al., 2018; Twomey et al., 2023). 

Time-to-event methods, such as Survival Analysis, provide a natural framework for modeling 

reproductive traits by explicitly accounting for both the timing of the event and censoring 

(Kalbfleisch & Prentice, 2002). These models allow the inclusion of animals that have not yet 

expressed the phenotype, improving data utilization and reducing bias. In animal breeding, survival 

models have been extensively applied to longevity, stayability, and functional traits (Ducrocq, 

1994; Jamrozik et al., 2013). However, their application to sexual precocity and AFC remains 

limited. 

Therefore, the objective of this study was to evaluate the use of Survival Analysis as an alternative 

approach for modeling AFC in Nelore cattle, and to compare it with the traditional P30 

classification in terms of phenotypic discrimination and genetic parameter estimation. 

 

Materials & Methods 

Phenotypic records from approximately 100,000 Nelore cows born between 2010 and 2017 were 

obtained from 18 farms participating in the Nelore Brazil Genetic Improvement Program (ANCP). 

Age at first calving (AFC) was defined as the time, in months, from birth to the first recorded 

calving. Cows that had not calved by 30 months of age were considered right-censored. AFC was 

analyzed using time-to-event methodology, which explicitly accounts for censoring and the exact 

timing of the event (Kalbfleisch and Prentice, 2002). Survival models were fitted using Cox 

proportional hazards regression (Cox, 1972). 

The model was specified as  

ℎ(𝑡|𝑥) = ℎ0(𝑡) ∗ exp(𝑋𝛽 + 𝑍𝑢),  
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where ℎ(𝑡|𝑥) is the hazard function at time t, ℎ0(𝑡) is the baseline hazard, 𝛽 is the vector of fixed 

effects, u is the vector of random sire effects, X and Z are the corresponding incidence matrices, 

and exp(.) denotes the exponential function. The fixed effects included year of birth, calving season 

(rainy vs. dry), and farm (NF). Additive genetic variability among sires was modeled using a frailty 

term, assuming 𝑢~𝑁(0, 𝜎𝑠
2), where 𝜎𝑠

2 is the sire variance component (Ducrocq, 1994; Yazdi et 

al., 2002). 

Heritability on the log-hazard scale was approximated as ℎ2 = 𝜎𝑎
2/(𝜎𝑎

2 + 𝜋2/6)2, where 𝜎𝑎
2 = 4 ∗

𝜎𝑠
2 and 𝜋2/6 represents the residual variance of the standard logistic distribution (Ducrocq, 1994). 

For comparison, the same dataset was also analyzed using the traditional binary P30 phenotype, in 

which cows that calved by 30 months of age were coded as 1 and those that did not were coded as 

0. Genetic parameters for P30 were estimated using a threshold animal model, which assumes an 

underlying continuous liability (Gianola and Foulley, 1983; Sorensen and Gianola, 2002). Under 

this framework, the observed phenotype y was related to the latent liability 𝑙 such that 𝑦 = 𝑙 if 𝑙 >
𝜏 and 𝑦 = 0 if 𝑙 ≤ 𝜏, where 𝜏 is the threshold. The liability was modeled as 𝑙 = 𝑋𝛽 + 𝑍𝑎 + 𝑒, 

where a is the vector of additive genetic effects and e is the residual vector. 

Predicted breeding values obtained from the survival and threshold models were compared using 

Pearson correlation coefficients, and sire re-ranking was evaluated, with emphasis on changes 

within the extreme quartiles of genetic merit. 

 

Results 

Significant effects of year of birth were observed, with a progressive increase in the hazard of first 

calving by 30 months in more recent cohorts (p < 0.01), suggesting genetic and management-

related improvements over time, as reported for age at first calving (AFC) in Nelore cattle using 

censored and threshold models (Malhado et al., 2013). Calving season also showed a strong 

influence in the Cox proportional hazards model (Figure 1), with cows exposed to the rainy season 

presenting a higher instantaneous probability of calving compared to those in the dry season (p < 

0.001), with hazard ratios indicating a substantially increased likelihood of early calving under 

favorable environmental conditions. In addition, significant differences among farms (NF) were 

detected (p < 0.001), highlighting considerable heterogeneity in AFC patterns across production 

systems. Prior to fitting the survival model, exploratory analyses based on Kaplan–Meier curves 

and log-rank tests were conducted for each covariate to characterize individual effects and assess 

model assumptions, as recommended in survival studies of reproductive traits (Kalbfleisch and 

Prentice, 2002). 

The random sire effect variance estimated in the Cox proportional hazards model was 0.206 on the 

log-hazard scale, indicating substantial additive genetic variability for age at first calving. 

Considering the implied total variance on the underlying scale, this resulted in an approximate 

heritability of 0.33, suggesting meaningful potential for genetic response to selection when AFC is 

modeled as a time-to-event trait. 

In contrast, the binary P30 analysis yielded a lower heritability estimate (h² ≈ 0.18), reflecting both 

reduced total variance and loss of information due to censoring and phenotypic discretization. 

These results are consistent with previous studies in Nelore cattle showing that survival-based 

approaches better capture the genetic variability underlying reproductive traits (Malhado et al., 

2013). The correlation between breeding values from the two approaches was moderate, with 

substantial re-ranking of sires, particularly in the extreme quartiles, reinforcing the impact of 

modeling strategy on selection decisions (Costa et al., 2019).  
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Figure 1. Kaplan–Meier survival curves for age at first calving (AFC) stratified by calving 

season (Dry season vs. Rainy season). 

 

Discussion 
Modeling AFC using Survival Analysis captured genetic and phenotypic variation that is masked 

when the trait is reduced to a binary definition (e.g., P30). The exploratory analysis of each 

covariate improved understanding of individual effects prior to joint modeling, which is important 

in time-to-event studies of reproductive traits. 

The higher heritability obtained under the survival framework aligns with evidence from censored 

methods in AFC studies of Nelore cattle, where models considering censoring often outperform 

models that ignore incomplete information (Malhado et al., 2013).  

The observed sire re-ranking between methods has also been reported in censored vs. non-censored 

AFC evaluations, suggesting that methodological choices can meaningfully influence breeding 

decisions (Costa et al., 2019).  

This study represents an application of survival methodology to sexual precocity traits in beef 

cattle. Future work will explore alternative baseline hazard specifications, genomic information 

incorporation, and further exploration of AFC dynamics to improve the genetic characterization of 

reproductive efficiency and selection strategies. 

 

Conclusions 
Survival Analysis provides a more informative and biologically meaningful framework for 

modeling age at first calving (AFC) in Nelore cattle than the traditional binary P30 classification, 

as it jointly accounts for event timing and censoring. This approach captures additional genetic and 

phenotypic variation, resulting in higher heritability estimates and noticeable sire re-ranking, with 

direct implications for genetic evaluation and selection strategies. The significant effects of 

environmental and management-related factors further highlight the complexity of sexual 

precocity. Ongoing and future studies will further explore this trait and refine the proposed 

methodology across additional traits and populations to improve the genetic evaluation of 

reproductive efficiency. 
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