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Introduction

As innovation and emerging technologies continue to shape the future of dairy production,
automatic milking systems (AMS) are becoming increasingly popular worldwide, providing
dairy farmers opportunities to improve animal welfare, increase profitability, and tackle the
labour shortage in the sector (Jacobs and Siegford, 2012). While effective management
strategies, such as training programs, are important for AMS success, genetic improvement is
also essential for ensuring that cows are better adapted and more efficient in these systems.
With milking-related variables being recorded each time a cow visits an AMS unit, genetic
studies have been conducted focusing on two major groups of traits consisting of milkability
(e.g., milking speed) and behavior (e.g., milking interval) traits. Although selecting for
increased milking speed can increase economic gains (Castro et al., 2012), it is unfavourably
associated with udder health (Pérez-Cabal and Charfeddine, 2013; Piwczynski et al., 2021;
Miles et al., 2024). This highlights the need for a more comprehensive selection approach in
AMS herds. Integrating AMS traits into a robot index provides a strategy to balance
improvements in milking efficiency with potential negative correlated responses.

In this study, we estimated genetic parameters and genomic breeding values of milking
efficiency and behavioral traits and assessed their potential contribution to a novel robot
efficiency index.

Materials & Methods

Trait definition. The continuous traits evaluated were milking time adjusted by milk yield
(rMT, s), where milking time is defined by the time between first cup on teat and last cup
removed; milking speed (MS, kg/min) defined as milk yield (in kg) divided by milking time
(in min); teat attachment (ATT, s), defined as the duration of first cup on teat to last cup on teat
divided by number of teats attached excluding failed attachment or cup kicked off; exit (EX,
s), defined as the time between cow is released and cow is out of the robot; entry and
preparation (EP, s), defined as the time a cow enters the robot until first cup attachment; and
milking interval (MI, h) defined as the interval between the end of a successful milking visit
and start of the next one;

Data. The data was provided by Dairy Data Warehouse (DDW; Assen, Netherlands) and
consisted of 9,997 Holstein cows from 39 commercial farms across North America. A total of
9.9M records were available from AMS visits from 2022 to 2024. Data editing was done using
the R software (R Core Team, v 4.1.2), and each trait had specific data edits using either 3.5
SD or the 10th and 90th quantiles to remove implausible records. To minimize the influence
of short-term environmental fluctuations and machine errors across each record, raw data were
averaged into 96-hour blocks. For the estimation of genomic breeding values (GEBV),
genotypes were available for 7,283 animals (421 sires, 1,049 cows, and 2,544 cows with data,
respectively).
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Statistical model. Variance components for each trait were estimated using the AIREMLF90
software (Misztal et al., 2018). The animal model used can be described in matrix notation as
follows: y = Xb + Zia + Zap + e, where y is a vector of observations; b is a vector containing
fixed effects which were parity, days in milk, herd-robot, year-season of calving, and milking
frequency. Milking frequency was not included for MI; a is a vector of additive genetic effects
with a ~ N(0, Ag?), where A is the relationship matrix and ¢ the additive genetic variance; p
is a vector of permanent environmental effects with pe ~ N(O0, Iage), where I represents an
identity matrix and aﬁe the permanent environmental variance; and e is a vector of residuals
with e ~ N(0, I62), where 6?2 is the residual variance; X, Z1, and Z2 are the incidence matrices
connecting records to fixed effects, random additive genetic effects and permanent
environmental effects, respectively. Genetic and phenotypic correlations were estimated
through pairwise bivariate analyses for the traits.

Genomic breeding values were estimated applying the ssGBLUP methodology using
BLUPF90+ (Lourenco et al., 2022). Phenotypic averages for each trait were computed for bulls
with more than 5 daughters. Genomic breeding values were re-scaled to relative breeding value
(RBV) with a mean of 100 and standard deviation of five. To ensure that higher RBVs are
always more desirable (e.g., reduced attachment time), the sign of the breeding values for all
traits was reversed, except for MS.

Results

Heritability estimates, and genetic and phenotypic correlations for the analysed traits are shown
in Table 1. Higher heritability was observed for tMT and MS compared to AMS behavioral
traits. Overall, genetic correlations among traits were low, except between ATT and EP (0.88),
and tMT and MS (-0.95). A similar pattern was observed for phenotypic correlations.

A 5-point increase in the RBV of each trait showed improvements to AMS performance and
adaptability with overall reduction in the time spent in the robot and increase in milking speed.

Table 1. Heritability (on diagonal), genetic (lower triangle), and phenotypic (upper triangle)
correlations with standard errors of AMS traits.

Trait! ATT tMT EP EX MI MS

ATT  0.07+0.01 0.06+0.01 0.18+0.01  -0.01+0.01  0.00+0.01  -0.02+0.01
t™MT  0.02+0.07  0.43+0.02 0.02+0.01  -0.09+0.01  0.03£0.01  -0.54+0.02
EP 0.88+0.03  -0.06+0.06  0.14+0.02  -0.02+0.01  0.01+0.01  -0.02+0.01
EX 0.15+£0.09  -0.44+0.06  0.05+0.08 0.07+£0.01  0.00+£0.01  0.09 £0.01
MI -0.02+0.08  0.01£0.05  -0.05+0.07  0.06+0.07  0.14+0.01  0.11+0.01
MS 0.04+0.01  -0.95+0.05  0.04+£0.06  0.36+0.06  0.17+£0.05  0.39+0.02

'ATT = teat attachment; rMT = residual milking time; EP = Entry and preparation; EX = Exit; MI = milking
interval; MS = milking speed

Table 2. Expected improvement in the daily average daughter performance with each 5-point
increase in bulls relative breeding value for each trait.
Trait! ATT (s) rMT (s) EP (s) EX (s) MIl(h) MS (kg/min)
Per>point )06 2460 593 253 -0.54 0.20
increase
'ATT = teat attachment; rMT = residual milking time; EP = Entry and preparation; EX = Exit; MI = milking
interval; MS = Milking speed




Discussion

Heritability estimates found in this study were in line with previous studies. In general, AMS
behavioral traits are more influenced by environmental effects and low heritability estimates
(ranging from 0.02 to 0.15) have been reported (Pedrosa et al., 2023; Bérat et al., 2025).
Milking speed and rMT showed a moderate heritability, similar to other indicators of milking
efficiency (Géde et al., 2006; Pedrosa et al., 2023). Unlike MS, rMT serves as a practical
alternative because it is less correlated with milk production, which is typically already
considered in selection decisions, while remaining highly correlated with milking speed.
Except the genetic correlations between ATT and EP, genetic correlations among traits were
low, indicating that each trait likely captures distinct genetic aspects of performance in AMS.
The high genetic correlation observed between ATT and EP is expected, since the definitions
of these traits share a common time component. EP is likely more influenced by a cow’s
temperament, whereas ATT may also reflect udder and teat conformation.

The expected changes in the daily average performance of daughters demonstrated how
selection on these traits could increase overall cow AMS efficiency and ultimately robot
capacity. When developing a robot efficiency index, the key components can be grouped into
three broad categories: efficiency, behavior, and conformation. This index should balance
improvements in milking efficiency while minimizing potential negative correlated responses
such as increased SCS.

Conclusions

A set of newly proposed and previously explored phenotypes derived from AMS associated
with behavior and milking efficiency were evaluated and shown to be heritable. These traits
can contribute to identifying cows better adapted and efficient to AMS and were considered
for inclusion into a novel robot efficiency index.
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