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Introduction

The selection of replacement heifers is one of the most important decisions in the
management of a dairy farm. To avoid unnecessary costs, not all female calves born on a farm
should be reared as replacement heifers (Nor et al., 2015b). Economic models were
developed to aid farmers with heifer management, determining the optimal number of calves
to select as replacements (Groenendaal et al., 2004). However, due to uncertainty about the
survival and future performance of the replacement heifers, many farmers rear a surplus of
heifers (Nor et al., 2015a, Nor et al., 2015b).

While survival rate is important to optimize heifer management, it is rarely included in
economic models (Mourits et al., 1997) and even when it is included, survival is treated as a
uniform distribution (Nor et al., 2015b) ignoring individual differences. Additional
information on individual animals could allow for more precise prediction of their odds of
survival. With advances in technology and farm management, more information is now
available at a young age; phenotypic information such as birth and fertility records, and
genomic breeding values as it is now feasible to perform genomic testing on all potential
replacement heifers at birth (Calus et al., 2015). Combining genomic and phenotypic
information might allow early prediction of survival in heifers.

The aim of this study is to investigate the possibility of combining genomic and
phenotypic information for the prediction of phenotypic survival to the second lactation at
two moments in life (at birth and at 18 months of age), to help farmers in the selection of
replacement heifers.

Materials and Method

Data

A dataset was obtained from CRV (Arnhem, the Netherlands) to investigate which
combination of genetic and phenotypic traits could serve as early predictors for survival. Data
were collected from 146 Dutch and Flemish farms on female calves that were genotyped at
birth, herd book registered and were at least 87.5% Holstein. Survival was defined as the
binary trait “survival to second calving, plus 2 weeks”. Two weeks were added to insure
animals had not died or been culled as a direct consequence of calving. Initial data were
collected between 2012 and February 2017, and only included animals that were born 46
months or more prior to the end of the data collection and that were not exported abroad. The
resulting dataset consisted of 1917 cows born between January 2012 and June 2013, of which
1659 (85.4%) cows survived till the second lactation (on average 13 calves per farm).

Survival was predicted using information available at two time points: at birth and at 18
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months of age. At birth, 50 genomic estimated breeding values (gEBV) were available for
each animal in which no phenotypic information of the animal itself was included, in addition
to phenotypic records of the dam, birthweight and Holstein breed. At 18 months, additional
records on movement between farms, inseminations and non-return status at 18 months were
available. A total of 1705 (88% survival) animals remained for analysis at 18 months, as 15
animals died before 18 months and another 197 animals were removed due to missing
records.

Analysis

Two datasets (birth and 18 months), contained all animals with records at that moment
and all available genomic and phenotypic variables available on those animals at that point in
time. Information is cumulative; all variables available at birth were also available at 18
months. Bi-directional stepwise logistic regression was performed on both datasets in R (R
Core Team 2016) to select variables for each moment to be used in a model predicting
survival. In both analyses, genomic and phenotypic variables from all available records were
included as independent variables and survival was the dependent variable.

The two datasets were split into 70% training and 30% validation sets, each stratified by
survival to ensure training and validation sets had representative amounts of non-surviving
animals. The models for the two time points were first trained on their respective training
dataset in order to obtain new weights for the variables and then used for the phenotypic
prediction of survival of their respective testing dataset.

Results

Survival predictors

Table 1 lists the variables selected from all available records to predict survival at each
of the two moments (birth and at 18 months), as well as estimates of the beta coefficients and
their significance. In each model, several genomic and at least one phenotypic variable were
selected.

Interestingly, the selected gEBV were related to lifespan, livability, fertility, udder
conformation scores, and body depth. The gEBV for udder depth was only selected to predict
survival at birth, and the gEBV for body depth and non-return rate at 56 days were only
selected to predict survival at 18 months. The gEBV for non-return rate at 56 days was
included in the model at 18 months through bidirectional stepwise selection, but it was not
significantly associated with survival.

The only phenotypic variable selected at birth was the parity of the dam. Parity was
slightly positively associated with survival, and was not included in the model to predict
survival at 18 months. At 18 months the phenotypic variables season of birth, season, age and
type of first insemination, the total number of inseminations and Holstein breed had
significant associations with survival.

Phenotypic prediction of survival

When testing the models for both time points on their testing data, both predict high
probabilities of survival for almost all animals, simply because average survival is high.
Probabilities overlapped between the survival outcome groups (Figures 1a and 1b). At birth,



the average probability of survival for surviving heifers was 0.87 (SD = 0.047), somewhat
higher than the 0.84 (SD =0.059) for non-surviving heifers. At 18 months, the average
probability of survival for surviving heifers was 0.89 (SD =0.066) as opposed to 0.85 (SD =
0.080) for non-surviving heifers.

Discussion

All data used in the analyses were observational; thus only associations, not causality,
can be drawn from this study. For example, first insemination type ‘joint pasturing’ (Table 1)
was negatively associated with survival, but was used in a very small portion (>1%) of
heifers. It is possible that “joint pasturing” is used only in specific cases, for example when a
fertility problem is suspected. So, while a variable may be indicative of an altered probability
of survival, it may not be the underlying cause of the association.

Despite being able to draw only associations from the data, the two models might still
prove useful in the selection of replacement heifers. While the models were unable to reliably
distinguish between surviving and non-surviving heifers, they do generate an individual
‘probability of survival’ that was, on average higher for surviving heifers. In practice, this
means that when making the choice between two calves with 0.80% and 0.90% probability of
survival respectively, the latter calf will likely be a better choice for the farmer.

This study demonstrates potential of combining genomic and phenotypic information to
predict survival early in life. The accuracy of prediction may be further improved by adding
additional records with known predictive value such as growth traits (Bach, 2011), and is
expected to increase directly when first lactation information comes available. Also, machine
learning might allow for a more flexible modelling within and across herds.

Conclusion

The combination of genomic and phenotypic information shows potential in early
prediction of phenotypic survival. While it was impossible to reliably predict survival
outcome of individual heifers accurately, surviving heifers have on average higher survival
probabilities than non-surviving heifers. By predicting survival early on using gEBV as well
as phenotypic information, uncertainty of phenotypic survival in practice may be reduced,
and thereby help farmers in reducing the number of replacement heifers.

List of References

Bach, A. 2011. Associations between several aspects of heifer development and dairy cow
survivability to second lactation. Journal of Dairy Science 94(2):1052-1057.

Calus, M., P. Bijma, and R. Veerkamp. 2015. Evaluation of genomic selection for
replacement strategies using selection index theory. Journal of dairy science 98(9):6499-
6509.

Groenendaal, H., D. Galligan, and H. Mulder. 2004. An economic spreadsheet model to
determine optimal breeding and replacement decisions for dairy cattle. Journal of Dairy
Science 87(7):2146-2157.

Mourits, M., A. Dijkhuizen, R. Huirne, and D. Galligan. 1997. Technical and economic
models to support heifer management decisions: basic concepts. Journal of dairy
science 80(7):1406-1415.

Nor, N. M., W. Steeneveld, T. Derkman, M. Verbruggen, A. Evers, M. De Haan, and H.



Hogeveen. 2015a. The total cost of rearing a heifer on Dutch dairy farms: calculated
versus perceived cost. Irish veterinary journal 68(1):29.

Nor, N. M., W. Steeneveld, M. Mourits, and H. Hogeveen. 2015b. The optimal number of
heifer calves to be reared as dairy replacements. Journal of dairy science 98(2):861-871.

R Core Team 2016. R: A language and environment for statistical computing. R Foundation
for Statistical Computing, Vienna, Austria.



Figure 1. Probability of phenotypic survival when predicted at birth (Figure 1a) or at 18
months (Figure 1b) for surviving (light bars) and non-surviving (dark bars) heifers. The x-
axis represents the predicted probability of phenotypic survival, the y-axis the number of
animals.



Table 1. Selected variables and their estimated coefficients for the prediction of phenotypic
survival to the second lactation at two moments (birth and at 18 months of age).
Variables At birth At 18 months of age

Genomically estimated breeding values

lifespan 0.160 *** 0.163 **

maternal liveability1 0.089 * 0.110 **

rear teat placement 0.096 ** 0.108 **

interval first – last insemination 0.110 ** 0.172 ***

udder depth -0.105 *

liveability2 -0.079 * -0.090 ***

body depth -0.142 ***

non-return at 56 days -0.108

Phenotypic variables

parity of dam 0.088 *

countable inseminations3 -0.344 ***

age at first insemination -0.125 **

birth season (reference = fall)

spring 0.087

summer 0.660 **

winter 1.099 ***

insemination season (reference = fall)

spring -0.896***

summer -0.933***

winter -0.403

holstein breed (reference = red)

black -0.561 **

first insemination type (reference = farmer AI)

professional AI -0.236

natural service 0.279

joint pasturing -1.069 **
Significance of coefficients is indicated by *** ≤ 0.001, ** ≤ 0.01 and * ≤ 0.05.
1 Maternal livability indicates the genetic ability of the heifer to have a living calf.
2Livability is the genetic ability of the heifer to survive past birth.
3The total number of AI inseminations and natural services. Joint pasturing records are not included.


