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Simple Summary


Reproductive performance is a critical factor for the economic success and long-term viability of dairy herds. Intense selection for milk production has resulted in a decline in fertility traits in Holstein cows, leading to negative consequences for the industry. To combat this, incorporating fertility traits into the genetic evaluation is a potential solution. However, fertility data are often incomplete due to a variety of reasons; in this study, which has a limited dataset, it is essential to address this issue. The study utilized three methods to handle censorship: a linear model, a penalty method, and a threshold linear model with a penalty. The findings revealed that the penalized threshold model showed a slightly higher heritability compared to linear models. Moreover, both the penalty method and the threshold method exhibited comparable predictive abilities and substantial overlap in common animals, suggesting that both methods can be employed to impute days open censored data in this population.




Abstract


Reproductive efficiency is a key element of profitability in dairy herds. However, the genetic evaluation of fertility traits is often challenged by the presence of high censorship rates due to various reasons. An easy approach to address this challenge is to remove the censored data from the dataset. However, removing data might bias the genetic evaluation. Therefore, addressing this issue is crucial, particularly for small populations and populations with limited size. This study uses a Moroccan Holstein dataset to compare two Gaussian linear models and a threshold linear model to handle censored records of days open (DO). Data contained 8646 records of days open across the first three parities of 6337 Holstein cows. The pedigree file comprised 11,555 animals and 14.51% of the dataset was censored. The genetic parameters and breeding values of DO were computed using three different methods: a linear model where all censored records were omitted (LM), a penalty method in which a constant equal to one estrus cycle in cattle was added to the maximum value of DO in each contemporary group to impute the censored records (PLM), and a bivariate threshold model with a penalty (PTM). The heritability estimates were equal to 0.021 ± 0.01 (PLM), 0.029 ± 0.01 (LM), and 0.033 ± 0.01 (PTM). The penalty method and the threshold linear model with a penalty showed better prediction accuracy calculated using the LR method (0.21, and 0.20, respectively). PLM and PTM had a high Spearman correlation (0.99) between the estimated breeding values of the validation dataset, which explains the high percentage of common animals in the top 20% of selected animals. The lack of changes in the ranking of animals between PLM and PTM suggests that both methods can be used to address censored data in this population.
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1. Introduction


Fertility traits are critical in the genetic evaluation of dairy cattle as they directly influence reproductive efficiency, which is essential for the sustainability and profitability of dairy operations. Effective female fertility is defined as the ability to display estrus and achieve pregnancy with minimal inseminations [1]. A reduced number of inseminations translates to lower veterinary and hormonal treatment costs, reduced semen expenses, and diminished labor associated with artificial insemination. Due to intensive selection for milk production, particularly in the Holstein breed, and the negative correlation between milk yield and fertility traits, the reproductive performance of these cows has significantly declined [2]. Implementing genetic evaluations incorporating milk and fertility traits enables breeders to select animals with superior productive performance without greatly compromising reproduction [3]. In the past decades, most breeding companies shifted their emphasis from milk production to including functional traits through selection indices. This approach could potentially improve herd fertility, enhance genetic progress, and yield greater economic returns. For instance, Scandinavian countries included health, fertility, and longevity traits in their selection indices for over two decades. Consequently, the decline in mean performance for such traits was stabilized [4]. Similarly, in 2003, the US introduced genetic evaluations for daughter pregnancy rates to improve fertility in dairy cows. This evaluation used DO data and transformed it into 21-day pregnancy rates as a measure of reproductive efficiency. As a result, significant improvements were observed with notable differences in fertility between the sires [4].



Fertility trait field data contain high noise levels due to several factors [5], including preferential treatments for different individuals and varying management practices. For example, avoiding breeding cows during hot seasons, when the success of insemination is very low due to heat stress, can introduce variability. Additionally, missed heat detections unfairly penalize cows for not conceiving, further contributing to the noise in fertility data. On top of that, fertility data generally comprise censored records as a result of retrieving the datasets before some cows conceive or give birth. Consequently, there are generally a lot of missing records due to censoring for days open (DO), defined as the days from calving to the following conception. This issue can be addressed by simply removing all the censored records. This approach offers a straightforward solution to this issue and computation simplicity, but it may also compromise the efficiency and accuracy of the estimation process and bias the genetic evaluation [6]. An alternative approach to tackle this problem is by imputing these censored records. Several methods have been proposed to address this challenge. The penalized Gaussian linear model (PLM) is one approach that assigns a penalty to each censored record. In this method, the highest value within each contemporary group is added to censored records [7]. The constant value of 21 days is included to account for the duration of an estrus cycle in cattle. This approach assumes that any female who failed to conceive would have conceived if given an extra cycle [8]. The penalty method has been considered suitable to treat censored records in the genetic evaluations of fertility-related traits [9]. Data augmentation techniques can also be utilized for censored data imputation. One such model is the linear-threshold approach [7]. This method proposes a mixed effects model that incorporates a latent variable, liability (l), for each observation. If a record is censored and the pregnancy status of the cow with the censored record was non-pregnant at the last insemination, then its corresponding liability must be greater than a specified threshold T. The penalized threshold model is similar to the linear threshold model but assigns a penalty for censored records. As previously discussed, [6], the highest value in each contemporary group was identified, and a constant of 21 days was added to each censored record. Additionally, a latent variable indicating the censorship status was incorporated. The Bayesian alternative provides an appealing solution for censored data. However, the complex models and data structures typically found in animal breeding records can present computational and numerical challenges that are not yet fully understood [10]. Overall, the potential advantage of threshold-linear models over linear models with censoring in assessing fertility traits has not been quantified [11].



Datasets on reproductive traits in Moroccan Holstein suffer from high rates of censorship. Furthermore, the size of fertility trait datasets is generally limited. To perform genetic evaluations to choose elite dams’ progeny for replacement, imputing censored records is crucial. The primary objective of this study is to apply various censoring models and evaluate their predictive ability to potentially identify the best model to address the issue of censored data of the DO trait within a dataset of Holstein cows in Morocco.




2. Materials and Methods


2.1. Data


Data were provided by the ‘Les Domaines Agricoles’ company. The dataset comprises records of Holstein cows raised in four herds located in two regions of northern Morocco. These regions are characterized by a Mediterranean climate, with mild winters and long, hot, and dry summers. The animals were managed under an intensive production system, where they were fed a total mixed ration and milked twice a day. Artificial insemination with frozen imported semen was the only method used by specialized technicians. Pregnant cows were kept in free stalls, which were cleaned twice per day. The farm employees kept a constant watch on the pregnant cows and groups in maternity pens, monitoring for any visual signs of parturition. Once parturition occurred, the calves were promptly removed from the maternity pens and relocated to a heated calf pen. Records of milk yield, calving dates, artificial insemination dates, conception dates, dry-off dates, and heat detection dates were recorded using herd management software.



The raw dataset included 13,501 observations collected from 2017 to 2023. These observations were distributed across four herds: Herd 1 consisted of 3812 observations from 2149 cows, Herd 2 comprised 3170 records from 2303 cows, Herd 3 included 4092 records from 2098 cows, and Herd 4 encompassed 2427 records from 1464 cows. The mean age at each calving in the raw data was 781 days for the first calving, 1231 days for the second calving, and 1666 days for the third calving. The dataset included parities up to the ninth parity. The number of observations decreased at the fourth parity to 855 and at the ninth parity to 9 observations.



To address non-random missingness, only the first three lactations were retained. Data processing involved removing cows with incorrect identification, cows that calved for the first time before 530 days of age, those with identical calving and abortion dates, and those with missing calving dates. For the linear covariates age at calving and days in milk at first insemination, records exceeding the mean plus three standard deviations were excluded. The trait of interest, days open (DO), was defined as the number of days from calving to subsequent conception. Observations of DO were retained only if they fell within the range of the mean plus or minus three standard deviations within parity. Additionally, records of DO smaller than 20 days were deleted. Contemporary groups were created by combining herd, year of calving, and season of calving (HYS). The seasons were defined as winter (December to February), spring (March to May), summer (June to August), and fall (September to November). Contemporary groups with fewer than three observations were removed. The maximum number of observations in a contemporary group was 248. Due to the size of the dataset, 287 sire had one progeny. Therefore, no restriction was applied to the number of daughters per sires. Records were assumed censored if no pregnancy was confirmed by a subsequent conception or calving.



After data processing, the dataset consisted of 8646 records from 6337 cows and 14.51% of the DO records were censored. The pedigree comprised 11,555 animals and 931 sires. The dataset with no censored records consisted of 7550 observations of 5468 cows and the pedigree file consisted of 10,375 animals.




2.2. Statistical Models


Two Gaussian linear models were used in this analysis, a classical linear model with no censored data and a linear model with penalty. In the first linear model (LM), the censored data were completely removed from the dataset. In matrix notation, the animal model can be expressed as


  y = X β + Z u + W p e + e  



(1)




where y is the vector of observations of DO; β is the vector of fixed effects, including the contemporary groups herd-year-season with 122 classes (HYS), parity (3 classes), and 2 linear covariates: days in milk at first insemination and age at calving; u is the vector of additive genetic effects; pe is the vector of permanent environment effect; and e is the vector of residuals.   X  ,   Z   and   W   are known incidence matrices. The random genetic effect u was assumed to be normally distributed   u ~ N   0 ,   A   σ   u   2       where A is the numerator relationship matrix and     σ   u   2     is the additive genetic variance. The permanent environment effect is also assumed to follow a normal distribution   p e ~ N   0 ,   I   σ   p e   2       where I is an identity matrix and     σ   p e   2     is the permanent environment variance. The residuals are assumed to be independent and follow a normal distribution   e ~ N   0 , I   σ   e   2       where     σ   e   2     is the residual variance and I is an identity matrix.



The penalty method (PLM) proposed by Johnston and Bunter [8] assigns a penalty for each censored record. Specifically, it adds the highest value of DO within each contemporary group, which is equivalent to the length of the estrous cycle in cattle at 21 days, to each censored record [7,12]. This method assumes that if these animals were given the opportunity for an additional estrous cycle, they would likely conceive. The analysis for this approach utilized the previously described animal model (1).



The threshold linear model with a penalty (PTM) is a Bayesian bivariate model in the scale of a latent variable, liability (l). In this approach, data were augmented using an additional binary trait corresponding to censorship status. The binary trait was equal to 1 if the record was censored and 0 otherwise. The underlying continuous liability was associated with the binary trait by the following formula:


    y   b i n a r y , i   =       1   if     l   i   > T = 0       0   otherwise        



(2)




where     y   b i n a r y , i     is the binary response for animal   i  , and the threshold   T   was assumed equal to 0. The liability values were updated at each iteration of the Gibbs sampler.



The threshold-linear animal model on a liability scale is given by


          y   D O         l       =        X   D O     0     0     X   l                β   D O           β   l         +        Z   D O     0     0     Z   l                u   D O           u   l         +        W   D O     0     0     W   l                p e   D O           p e   l         +         e   D O           e   l          



(3)




where     y   D O   = [   y   o   ,   y   c   ]   consists of the vector of observed records of DO (   y o   ) and the vector of augmented records with a penalty (    y   c    ), calculated as the maximum value of DO within each contemporary group (HYS) plus a constant equal to 21 days, as described by Costa et al. [13]; l is the censoring liability; β is the vector of fixed effects including contemporary groups, parity, age at calving, and days in milk at first insemination; u is the vector of additive genetic effect; pe is the vector of permanent environment effects; and e is the vector of residuals.     X   D O   ,     Z   D O   ,     W   D O   ,     X   l   ,     Z   l    , and     W   l     are the incidence matrices related to the fixed effects, the additive genetic effects, and the permanent environment effects, for both DO records (observed and augmented with a penalty) and the correlated binary variable corresponding to censorship status, respectively.



For all the models, a Gibbs sampler was run for a single chain of 500,000 iterations with a burn-in of 100,000 iterations and a thinning interval of 50. The genetic parameters and breeding values were inferred using BLUPF90+ programs [14]. A burn-in period was determined using visual inspection and the thinning interval was chosen using the autocorrelations computed by the Postgibbsf90 program [14]. Convergence was assessed using the Geweke diagnostic [15] and visual inspection of trace plots.




2.3. Accuracy of Genetic Predictions Using the Three Models


The prediction accuracy for the three models LM, PLM, and PTM was evaluated using the LR method proposed by Legarra and Reverter [16]. The validation cohort comprised animals with phenotypes born in 2020 or later. As a result, the validation set consisted of 30% of the younger animals in the complete dataset. The breeding values were estimated using the whole dataset (      u  ^    w    ) and a reduced dataset from which the phenotypes of the younger animals (the validation set) were removed (      u  ^    p    ). The accuracies of the estimated breeding values using the LR method       A C C  ^    L R     can be obtained using the following formula:


      A C C  ^    L R   =     c o v (     u  ^    w   ,     u  ^    p   )     ( 1 −   F  ¯  )   σ   a   2         ,  



(4)




where   c o v (     u  ^    w   ,     u  ^    p   )   is the covariance between estimated breeding values obtained using the whole dataset and the partial dataset, respectively.     F  ¯    is the average inbreeding coefficient in the validation population and     σ   a   2     is the estimated genetic variance using each method. The average inbreeding coefficient of the validation set was computed using RENUMF90 of BLUPF90 software 2.53 [14] and was equal to 0.009.



Furthermore, we conducted a comparison of the models’ bias and dispersion using the LR method [15]. The bias is calculated as the difference between the average estimated breeding values (EBVs) of individuals in the validation set based on partial data and the whole data. The following formula was applied to determine the bias [17]:


    B i a s   L R   =       u  ^    p    ¯  −       u ^   w   ¯    



(5)







The dispersion was measured through the slope of the regression of       u  ^    w     on       u  ^    p     for the animals in the validation dataset [17]. The dispersion formula is given by


    D i s p e r s i o n   L R   =    c o v (     u  ^    w   ,     u  ^    p   )   v a r (     u  ^    p   )     



(6)







Additionally, the Spearman correlation between the estimated breeding values of the animals in the validation obtained by the three methods (LM, PLM, and PTM) was computed using R software [18]. Finally, the percentage of common animals in the top 20% was identified to evaluate potential changes in animals’ ranking.





3. Results and Discussion


3.1. Genetic Parameters


A descriptive summary of the edited data with no censored records used in this study is presented in Table 1. The original dataset was reduced by 64% after data cleaning and processing were completed. The first parity contained more observations than other parities because of high culling rates due to fertility-related problems. The distribution of DO (Figure 1) is asymmetric and has a long tail to the right. The average DO was 155.46 ± 96.50 days for the first parity, 156.55 ± 94.10 days for the second parity, and, finally, 159.71 ± 96.81 days for the third parity. These numbers align closely with previous studies concerning Holstein cattle in the Mediterranean and arid areas [19,20]. The mean age at calving was 771.75 ± 77.81 days (25 months), 1201.27 ± 116.79 days (40 months), and 1628.29 ± 149.93 days (54 months) for the first, second, and third calving, respectively. Similar results were found for Holstein cows in similar climates [21,22]. Days in milk at first insemination ranged between 74.91 and 76.91 days across the first three lactations. This can be explained by the influence of the management of the farms. The third parity presents a somewhat larger standard deviation than the first two lactations. This might be explained by both a smaller number of observations and a possible larger rate of occurrence of clinical mastitis, levels of somatic cell count, and other health issues [23]. These health issues are shown to increase by parity and affect the variability of DO [24].



The heritabilities of DO (Table 2) ranged from 0.021 to 0.033 across the three different methods. These values are low but still in the range of what has been published in the literature [19,20,25]. The low heritability can be explained by the strong influence of the environment on the DO [26] on top of the shallow pedigree information [27]. PLM and PTM provided similar heritability results for DO, while LM with no censored records provided a slightly smaller value of 0.02. Garcia et al. [28] used six models to impute censored data and found out that the Gaussian linear model with penalty censored the Gaussian linear model, and the penalized threshold-linear model provided similar heritabilities for age at first calving and calving interval. Similar results were reported by Malhado et al. [29] and Costa et al. [13] for age at first calving in Nellore cattle. Despite similar estimates of heritability, the estimates of variance components have differed depending on the estimation method. The most noticeable difference was in the magnitude of all variance components between LM and both PLM and PTM. Posterior means of genetic, permanent environment, and residual variances for LM were the smallest. One potential explanation suggested by Hou et al. [12] is the overestimation of residual variances in models that account for censored records due to values beyond the upper limits. In both PLM and PTM, values were assigned equal to the maximum values of DO within each contemporary group plus 21 days. PTM provided higher additive genetic variance compared to that estimated with standard linear models, with or without a penalty, and a smaller residual variance compared to PLM. Similar results were found for Spanish Holstein cows by Gonzàlez-Recio et al. [30]. In fact, the authors reported that a censored Bayesian linear model is theoretically more appropriate than standard linear models for addressing censored data. However, it is important to construct contemporary groups carefully to avoid extreme-class problems (ECPs) where all observations in the same group are either censored or non-censored. Additionally, the genetic correlation between DO records and the binary trait indicating censorship status could influence the results, providing higher additive genetic variance in the PTM model.




3.2. The Prediction Accuracy of the Models


We assessed the prediction accuracy using the LR method [16] (Table 3). This approach can provide more accurate estimates of prediction accuracies than the predictive ability method as it does not require the adjusted phenotypes [31]. The overall accuracy rates obtained through the LR method were relatively low and no substantial differences were spotted among the methods. The predictive accuracy of LM (0.16) was somewhat smaller than that of PLM (0.21) and PTM (0.20). Different results were reported by Lázaro et al. [32] where LM exhibited a higher correlation between observed and predicted phenotypes (0.30), followed by PLM with an accuracy of 0.25 for age at first calving. Instead, Urioste et al. [11] reported that the threshold linear model had the highest Pearson correlations between sire breeding value predictions (0.67, 0.68, and 0.67 in the first, second, and third parity, respectively). The low accuracy found in this study can be attributed to the trait’s low heritability [12,33] and missing pedigree information in the studied population. According to Latifi and Nadiri [27], remarkably, these two factors influence the prediction accuracy. In fact, in simulated data of sex-limited traits with heritabilities 0.05, 0.1, and 0.2 and different rates of missingness of pedigree information, the lowest accuracy of prediction (0.018 ± 0.006) was for heritability 0.05 when 30% of the paternal pedigree was missing and 10% of the maternal pedigree was missing. Despite the low predictive accuracy (      A C C  ^    L R    ) of LM, the model yielded the lowest bias (−0.06) compared to PLM (−0.10) and PTM (−0.14) (Table 3). The negative bias of the latter two models suggests an underestimation of the true breeding values [34]. This finding was previously reported by Donoghue et al. [7] who claimed that the threshold linear model, when applied to high levels of censoring, slightly underestimates the records. The models’ slopes (    D i s p e r s i o n   L R   )   were all found to be less than 1, with PTM having a marginally higher slope of 0.73. While a deviation from one may indicate a potential bias in the genetic evaluation, it could also be attributed to the small size of the validation cohort (2052 animals). Legarra and Revereter [16] noted that a dispersion lower than 1 is not always indicative of model quality; it may also depend on the number and relatedness of the animals in the validation set. Furthermore, the sources of biases related to statistical models in animal breeding may stem from various factors, such as the use of incorrect heritability, inaccurate modeling of the age effect, or improper definition of contemporary groups [34]. The results of our study showed that PLM and PTM methods produced similar prediction accuracy. However, when it came to variance components, using PTM resulted in a larger genetic variance and a smaller environmental variance, which led to a slightly higher estimated heritability. This difference may be due to the correlation between the censorship status variable and the DO trait. Additionally, both methods had similar bias and PTM had a slightly higher dispersion. Overall, PTM appears to be a promising method to address censored fertility data in this population. On the other hand, the LM approach had the lowest heritability, genetic variance, predictive accuracy, and dispersion. While the LM approach had a bias closer to 0, the low slope also suggests that there is a bias related to removing all censored data.



The Spearman correlation between the predicted breeding values of the validation dataset was 0.99 between PTM and PLM, 0.80 between PLM and LM, and 0.80 between PTM and LM. In the lower diagonal of Table 3, the ranking of animals varies at a higher magnitude between the penalty method, the penalized threshold model, and the Gaussian linear models. Similarly, Lázaro et al. [32] stated that the percentage of animals in common between the methods when selecting 10% of the individuals was 82.96% between LM and PM, 55.65% between LM and PTM, and 51.48% between PM and PTM, indicating that the largest changes in the ranking were spotted when using the threshold linear model. Different results were reported by Garcia et al. [28] where there were no significant changes in the ranking of the top 10% of Nellore bulls across the three methods.





4. Conclusions


Including fertility traits in conducting genetic evaluations is crucial for sustaining the profitability of dairy farms by selecting replacement heifers. Fertility field datasets often contain censored data for numerous reasons. In the context of this study where the dataset is limited, imputing censored records is important. Results for estimating genetic parameters for days open using LM, PLM, and PTM showed that the penalized threshold model marginally increased the trait’s heritability compared to linear models. However, the heritability estimates for all methods indicated a reduced genetic gain by selection. Both PLM and PTM yielded better prediction accuracy when using the LR method. Spearman correlations between the estimated breeding values of the validation dataset were high between PLM and PTM, explaining the large proportion of common animals in the top 20% of selected animals. The lack of changes in the ranking of animals between PLM and PTM suggests that both methods can be used to address censored data in this population.







Author Contributions


Conceptualization, N.C.; methodology, N.C.; software, N.C.; validation, N.C., and B.B.; formal analysis, N.C.; resources, B.B.; data curation, N.C.; writing—original draft preparation, N.C.; writing—review and editing, B.B.; visualization, N.C.; supervision, B.B.; project administration, B.B. All authors have read and agreed to the published version of the manuscript.




Funding


This research received no external funding.




Institutional Review Board Statement


Not applicable.




Informed Consent Statement


Not applicable.




Data Availability Statement


The datasets presented in this article are not readily available due to technical limitations. Requests to access the datasets should be directed to bouabidbadaoui@gmail.com.




Acknowledgments


The authors acknowledge the “Les Domaines Agricoles” company for providing data.




Conflicts of Interest


The authors declare no conflicts of interest.




References


	



González-Recio, O.; Alenda, R. Genetic Parameters for Female Fertility Traits and a Fertility Index in Spanish Dairy Cattle. J. Dairy Sci. 2005, 88, 3282–3289. [Google Scholar] [CrossRef] [Scilit]

	



Berry, D.P.; Friggens, N.C.; Lucy, M.; Roche, J.R. Milk Production and Fertility in Cattle. Annu. Rev. Anim. Biosci. 2016, 4, 269–290. [Google Scholar] [CrossRef] [Scilit]

	



Ma, L.; Cole, J.B.; Da, Y.; VanRaden, P.M. Symposium Review: Genetics, Genome-Wide Association Study, and Genetic Improvement of Dairy Fertility Traits. J. Dairy Sci. 2019, 102, 3735–3743. [Google Scholar] [CrossRef] [Scilit] [PubMed]

	



Weigel, K.A. Prospects for Improving Reproductive Performance through Genetic Selection. Anim. Reprod. Sci. 2006, 96, 323–330. [Google Scholar] [CrossRef] [Scilit] [PubMed]

	



Haile-Mariam, M.; Pryce, J. Advances in Dairy Cattle Breeding to Improve Fertility/Reproductive Efficiency. In Advances in Breeding of Dairy Cattle; Burleigh Dodds Science Publishing: Cambridge, UK, 2019; ISBN 978-0-429-27560-9. [Google Scholar]

	



Turkson, A.J.; Ayiah-Mensah, F.; Nimoh, V. Handling Censoring and Censored Data in Survival Analysis: A Standalone Systematic Literature Review. Int. J. Math. Math. Sci. 2021, 2021, 9307475. [Google Scholar] [CrossRef] [Scilit]

	



Donoghue, K.A.; Rekaya, R.; Bertrand, J.K. Comparison of Methods for Handling Censored Records in Beef Fertility Data: Simulation Study. J. Anim. Sci. 2004, 82, 351–356. [Google Scholar] [CrossRef] [PubMed]

	



Johnston, D.J.; Bunter, K.L. Days to Calving in Angus Cattle: Genetic and Environmental Effects, and Covariances with Other Traits. Livest. Prod. Sci. 1996, 45, 13–22. [Google Scholar] [CrossRef] [Scilit]

	



Oliveira, H.R.; Miller, S.P.; Brito, L.F.; Schenkel, F.S. Impact of Censored or Penalized Data in the Genetic Evaluation of Two Longevity Indicator Traits Using Random Regression Models in North American Angus Cattle. Animals 2021, 11, 800. [Google Scholar] [CrossRef] [Scilit]

	



Sorensen, D.A.; Gianola, D.; Korsgaard, I.R. Bayesian Mixed-Effects Model Analysis of a Censored Normal Distribution with Animal Breeding Applications. Acta Agric. Scand. Sect.—Anim. Sci. 1998, 48, 222–229. [Google Scholar] [CrossRef] [Scilit]

	



Urioste, J.I.; Misztal, I.; Bertrand, J.K. Fertility Traits in Spring-Calving Aberdeen Angus Cattle. 2. Model Comparison. J. Anim. Sci. 2007, 85, 2861–2865. [Google Scholar] [CrossRef] [Scilit]

	



Hou, Y.; Madsen, P.; Labouriau, R.; Zhang, Y.; Lund, M.S.; Su, G. Genetic Analysis of Days from Calving to First Insemination and Days Open in Danish Holsteins Using Different Models and Censoring Scenarios. J. Dairy Sci. 2009, 92, 1229–1239. [Google Scholar] [CrossRef] [Scilit] [PubMed]

	



Costa, E.V.; Ventura, H.T.; Veroneze, R.; Silva, F.F.; Pereira, M.A.; Lopes, P.S. Bayesian Linear-Threshold Censored Models for Genetic Evaluation of Age at First Calving and Stayability in Nellore Cattle. Livest. Sci. 2019, 230, 103833. [Google Scholar] [CrossRef] [Scilit]

	



Misztal, I.; Lourenco, D.; Aguilar, I.; Legarra, A. Manual for BLUPF90 Family of Programs; University of Georgia: Athens, GA, USA, 2018. [Google Scholar]

	



Geweke, J. Bayesian Inference in Econometric Models Using Monte Carlo Integration. Econometrica 1989, 57, 1317–1339. [Google Scholar] [CrossRef] [Scilit]

	



Legarra, A.; Reverter, A. Semi-Parametric Estimates of Population Accuracy and Bias of Predictions of Breeding Values and Future Phenotypes Using the LR Method. Genet. Sel. Evol. 2018, 50, 53. [Google Scholar] [CrossRef] [Scilit]

	



Alexandre, P.A.; Li, Y.; Hine, B.C.; Duff, C.J.; Ingham, A.B.; Porto-Neto, L.R.; Reverter, A. Bias, Dispersion, and Accuracy of Genomic Predictions for Feedlot and Carcase Traits in Australian Angus Steers. Genet. Sel. Evol. 2021, 53, 77. [Google Scholar] [CrossRef] [Scilit] [PubMed]

	



R Core Team. R: A Language and Environment for Statistical Computing; R Foundation for Statistical Computing: Vienna, Austria, 2020. [Google Scholar]

	



Boujenane, I.; Draga, B. Non-Genetic Factors Affecting Reproductive Performance of Holstein Dairy Cows. Livest. Res. Rural Dev. 2021, 33, 10. [Google Scholar]

	



El-Sherief, A.A.; El-Komy, S.M.; Rashad, A.; El-Hedainy, D.K. Reproductive Performance of Lactating Holstein Cows as Influenced by Season of Calving and Parity Under Subtropical Conditions. J. Adv. Vet. Res. 2022, 12, 11–17. [Google Scholar]

	



Boujenane, I.; Hilal, B. Genetic and Non Genetic Effects for Lactation Curve Traits in Holstein-Friesian Cows. Arch. Anim. Breed. 2012, 55, 450–457. [Google Scholar] [CrossRef] [Scilit]

	



M’hamdi, N.; Bouallegue, M.; Frouja, S.; Ressaissi, Y.; Brar, S.K.; Hamouda, M.B.; M’hamdi, N.; Bouallegue, M.; Frouja, S.; Ressaissi, Y.; et al. Effects of Environmental Factors on Milk Yield, Lactation Length and Dry Period in Tunisian Holstein Cows. In Milk Production—An Up-to-Date Overview of Animal Nutrition, Management and Health; IntechOpen: London, UK, 2012; ISBN 978-953-51-0765-1. [Google Scholar]

	



Yusuf, M.; Nakao, T.; Yoshida, C.; Long, S.T.; Gautam, G.; Ranasinghe, R.B.K.; Koike, K.; Hayashi, A. Days in Milk at First AI in Dairy Cows; Its Effect on Subsequent Reproductive Performance and Some Factors Influencing It. J. Reprod. Dev. 2011, 57, 643–649. [Google Scholar] [CrossRef] [Scilit]

	



Carlén, E.; Strandberg, E.; Roth, A. Genetic Parameters for Clinical Mastitis, Somatic Cell Score, and Production in the First Three Lactations of Swedish Holstein Cows. J. Dairy Sci. 2004, 87, 3062–3070. [Google Scholar] [CrossRef] [Scilit]

	



M’Hamdi, N.; Aloulou, R.; Brar, S.; Mahdi, B.; Ben Hamouda, M. Phenotypic and Genetic Parameters of Reproductive Traits in Tunisian Holstein Cows. Livest. Res. Rural Dev. 2010, 26, 297–307. [Google Scholar] [CrossRef] [Scilit]

	



Brookfield, J.F.Y. Heritability. Curr. Biol. 2012, 22, R217–R219. [Google Scholar] [CrossRef] [Scilit] [PubMed]

	



Latifi, M.; Naderi, Y. The Effect of Pedigree Error on Heritability and Accuracy of Prediction of Breeding Value in Threshold Traits. Res. Anim. Prod. 2023, 14, 139–144. [Google Scholar] [CrossRef] [Scilit]

	



Garcia, D.A.; Rosa, G.J.M.; Valente, B.D.; Carvalheiro, R.; Albuquerque, L.G. Comparison of Models for the Genetic Evaluation of Reproductive Traits with Censored Data in Nellore Cattle1. J. Anim. Sci. 2016, 94, 2297–2306. [Google Scholar] [CrossRef] [Scilit] [PubMed]

	



Malhado, C.H.M.; Malhado, A.C.M.; Martins Filho, R.; Carneiro, P.L.S.; Pala, A.; Adrián Carrillo, J. Age at First Calving of Nellore Cattle in the Semi-Arid Region of Northeastern Brazil Using Linear, Threshold, Censored and Penalty Models. Livest. Sci. 2013, 154, 28–33. [Google Scholar] [CrossRef] [Scilit]

	



González-Recio, O.; Chang, Y.M.; Gianola, D.; Weigel, K.A. Comparison of Models Using Different Censoring Scenarios for Days Open in Spanish Holstein Cows. Anim. Sci. 2006, 82, 233–239. [Google Scholar] [CrossRef] [Scilit]

	



Hidalgo, J.; Lourenco, D.; Tsuruta, S.; Masuda, Y.; Breen, V.; Hawken, R.; Bermann, M.; Misztal, I. Investigating the Persistence of Accuracy of Genomic Predictions over Time in Broilers. J. Anim. Sci. 2021, 99, skab239. [Google Scholar] [CrossRef] [Scilit]

	



Lázaro, S.F.; Varona, L.; Fonseca e Silva, F.; Ventura, H.T.; Veroneze, R.; Brito, L.C.; Costa, E.V.; Lopes, P.S. Censored Bayesian Models for Genetic Evaluation of Age at First Calving in Brazilian Brahman Cattle. Livest. Sci. 2019, 221, 177–180. [Google Scholar] [CrossRef] [Scilit]

	



Strandberg, E.; Danell, B. Genetic and Phenotypic Parameters for Production and Days Open in the First Three Lactations of Swedish Dairy Cattle. Acta Agric. Scand. 1989, 39, 203–215. [Google Scholar] [CrossRef] [Scilit]

	



Macedo, F.L.; Reverter, A.; Legarra, A. Behavior of the Linear Regression Method to Estimate Bias and Accuracies with Correct and Incorrect Genetic Evaluation Models. J. Dairy Sci. 2020, 103, 529–544. [Google Scholar] [CrossRef] [Scilit]








[image: Animals 14 03614 g001] 





Figure 1. The distribution of days open (DO) across the three first parties. 






Figure 1. The distribution of days open (DO) across the three first parties.



[image: Animals 14 03614 g001]







 





Table 1. Descriptive statistics of age at calving, days in milk at first insemination, and days open across the first three lactations: number of records, mean, standard deviation (SD), and minimum and maximum values in the uncensored dataset.






Table 1. Descriptive statistics of age at calving, days in milk at first insemination, and days open across the first three lactations: number of records, mean, standard deviation (SD), and minimum and maximum values in the uncensored dataset.





	
Parity

	
Number of Records

	
Age at Calving

	
Days in Milk at First Insemination

	
DO




	
Mean

	
SD

	
Min

	
Max

	
Mean

	
SD

	
Min

	
Max

	
Mean

	
SD

	
Min

	
Max






	
1

	
4183

	
771.75

	
77.81

	
553

	
993

	
75.89

	
27.46

	
22

	
499

	
155.46

	
96.50

	
37

	
683




	
2

	
2334

	
1201.27

	
116.79

	
880

	
1528

	
74.91

	
20.15

	
24

	
509

	
156.55

	
94.10

	
24

	
546




	
3

	
1033

	
1628.29

	
149.93

	
1196

	
2080

	
76.15

	
51.49

	
30

	
1556

	
159.71

	
96.81

	
30

	
550











 





Table 2. Posterior means and standard deviation for heritability and variance components for days open (DO) provided by different models. (    σ   u   2     is the additive genetic variance;     σ   p e   2     is the permanent environment variance;     σ   e   2     is the residual variance; and     h   2     is the heritability).






Table 2. Posterior means and standard deviation for heritability and variance components for days open (DO) provided by different models. (    σ   u   2     is the additive genetic variance;     σ   p e   2     is the permanent environment variance;     σ   e   2     is the residual variance; and     h   2     is the heritability).





	Method
	      σ   u   2      
	      σ   p e   2      
	      σ   e   2      
	      h   2      





	LM
	160.16 ± 77.04
	363.87 ± 229.86
	6766.4 ± 258.39
	0.021 ± 0.010



	PLM
	389.22 ± 193.85
	490.61 ± 376.20
	12166.0 ± 389.59
	0.029 ± 0.014



	PTM
	437.64 ± 217.97
	705.76 ± 373.61
	11932.0 ± 433.08
	0.033 ± 0.016










 





Table 3. Estimates of     B i a s   L R    ,     D i s p e r s i o n   L R    , and Spearman correlations between the estimated breeding values of the validation dataset using the three models LM, PLM, and PTM (above diagonal), and the percentage of animals in common in the top 20% of selected individuals (below diagonal). The background color mean that the cells are empty.
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	Method
	LM
	PLM
	PTM





	       A C C  ^    L R     
	0.16
	0.21
	0.20



	     B i a s   L R     
	−0.06
	−0.10
	−0.14



	     D i s p e r s i o n   L R     
	0.53
	0.57
	0.73



	LM
	
	0.80
	0.80



	PLM
	52.67%
	
	0.99



	PTM
	52.77%
	96.34%
	
















	
	
Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to people or property resulting from any ideas, methods, instructions or products referred to in the content.











© 2024 by the authors. Licensee MDPI, Basel, Switzerland. This article is an open access article distributed under the terms and conditions of the Creative Commons Attribution (CC BY) license (https://creativecommons.org/licenses/by/4.0/).



























nav.xhtml


  animals-14-03614


  
    		
      animals-14-03614
    


  




  





media/file3.png





media/file2.png
0.0100

0.0075

Ity

0.0050

Dens

0.0025

0.0000

200

400 600

0.0100

0.0075

0.0050

0.0023

0.0000

200

400
DO

600

0.0075

0.0050

0.0025

0.0000

200

400

600

Lactation





media/file1.jpg
o100

00075

Density

00025

00000

20

w0

&0

00100

ooo7s

00050

00025

00000

20

w0 60
)

oo07s

00050

00025

00000

20

w0

0

Lactation
'





