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ABSTRACT

The increased uptake of sensor technologies and preci-
sion farming tools for the dairy cattle sector is enabling
real-time monitoring of animal health, welfare, and
productivity. These digital advancements provide high-
frequency, objective, and large-scale phenotypic data for
breeding purposes. This review explores the potential
of sensor-derived data to improve genetic and genomic
evaluations in dairy cattle and outlines key challenges,
opportunities, and approaches associated with their im-
plementation. While these data streams have great poten-
tial for genetic evaluations, their integration into national
and international breeding programs remains limited due
to fragmentation across sensor brands, lack of standard-
ization, and challenges related to data accessibility, data
access and portability rights, business interests, and gov-
ernance. A crucial aspect of leveraging digital technolo-
gies in dairy cattle breeding is data harmonization and
integration. We highlight the importance of establishing
standardized data collection and data sharing protocols,
implementing robust quality control and data cleaning
methodologies, as well as defining novel sensor-based
traits and estimating their genetic background. In this
context, we compiled heritability estimates for novel
traits derived from data recorded by sensors and other
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technologies in dairy cattle populations. The develop-
ment of phenomics in breeding programs, which involves
integrating multisource data—including sensor-based,
genomic, and management information—will be key to
accelerating genetic progress, especially for traits related
to animal welfare, health, resilience, and efficiency. This
review presents a roadmap for the effective use of sen-
sor-derived data in genetic evaluations, advocating for
centralized data infrastructures, transparent data-sharing
agreements, and the role of different stakeholders from
academia and industry, including organizations such
as the International Committee on Animal Recording
(ICAR) in establishing global standards and guidelines.
By addressing these challenges, dairy breeding programs
can fully harness precision dairy farming technologies
to enhance production and environmental efficiency,
improve animal health and welfare, and drive sustainable
genetic advancements in the dairy cattle sector.

Key words: genomic selection, genectic parameters,
heritability, novel traits, precision livestock farming

INTRODUCTION

Sensor systems and other precision dairy farming
technologies can partially replace human labor, contrib-
ute to improving the quality of life of dairy farmers (Tse
et al., 2017; Lovarelli et al., 2020; Hogan et al., 2022),
enhance labor output and labor cost over time (Liu et al.,
2023), increase reproduction efficiency (Reith and Hoy,
2018), contribute to improving animal health and welfare
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(Dawkins, 2021) and productive efficiency (Simitzis et
al., 2021), optimize on-farm management, and increase
the long-term sustainability of dairy farms (Gargiulo et
al., 2018; Kaur et al., 2023). On-farm sensor systems
collect large amounts of data, which are only shared to
a limited extent and with the farmer’s consent outside
the farm (e.g., with milk recording organizations, breed-
ing organizations, milk processors, or other stakehold-
ers along the dairy value chain). Other data frequently
collected on farms include documented treatments with
related diagnoses and hoof-trimming registrations; re-
sults of laboratory tests from biological samples, such
as milk and blood; data from breeding and performance
recording organizations; and data from feed and dairy
processing operations (Steeneveld and Hogeveen, 2015).
Although large amounts of sensor data are being col-
lected on-farm, the data generated is so far not being
fully used across herds, such as in national genetic evalu-
ations, breeding programs, quality assurance programs
by dairy processors, or by other actors along the dairy
value chain. The value of the datasets generated can be
maximized through data integration. Data integration in
precision dairy farming refers to the process of combin-
ing and synchronizing data from multiple sources (e.g.,
sensors, automated systems, and management software)
into a unified platform. Therefore, the main goals of this
review are to (1) discuss the challenges and opportuni-
ties for integrating and leveraging data sets from sensor
systems and other technologies for improving dairy ge-
netic and genomic evaluations; (2) present a roadmap for
the standardization and integration of data from digital
technologies for use in dairy cattle breeding programs;
(3) describe the process of novel trait development;
and (4) provide examples of potentially useful sensor-
derived traits, along with available heritability estimates
when available, for inclusion in breeding programs. This
work is part of a joint initiative between the International
Committee of Animal Recording (ICAR; www.icar.org)
and the International Dairy Federation (IDF; https://fil
-idf.org) through the ICAR Functional Traits Working
Group (FTWG) and the IDF Standing Committee of
Animal Health and Welfare in collaboration with interna-
tional experts from academia and industry organizations
(Egger-Danner et al., 2024). The main aim of this initia-
tive is to promote the integrated use of data from sensors
and other precision technologies and derived traits along
the dairy value chain with the goal of improving the sus-
tainability of dairy cattle production.

SENSORS AND OTHER TECHNOLOGIES
USED IN DAIRY FARMS

Recent advancements in sensor systems and other pre-
cision technologies (digital technologies) have enabled
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the development of various tools for precision dairy
farming that support farmers and their advisors in moni-
toring the health and welfare, performance, reproductive
status, and environmental efficiency of dairy animals. A
wide range of technologies are commercially available
and have been implemented in dairy farms around the
world to support herd management and animal monitor-
ing (Stygar et al., 2021; Linstéddt et al., 2024). In addition
to perform tasks such as milking cows (i.e., by automated
milking systems [AMS], also known as milking robots;
Marino et al., 2021), sensor technologies can be used for
automatically recording various physiological parameters
(Cerri et al., 2021; Tsai et al., 2021), animal behaviors
(Halachmi and Guarino, 2016), performance- and effi-
ciency-related characteristics (e.g., milk production and
composition, milking speed, feed efficiency), physical
attributes (e.g., body condition, BW; Silva et al., 2021),
environmental footprint (e.g., methane emission; Tullo et
al., 2019), and many others. Some technologies are used
for applications at the herd or group level, whereas oth-
ers monitor individual animals. The sources of data for
genetic evaluations are mainly those technologies that
record data on individual animals.

A plethora of equipment is available on the market,
which is usually supported by algorithms and computing
tools to provide summarized and processed information
(Rutten et al., 2013). For instance, accelerometers placed
on or in different parts of the animal’s body (e.g., leg,
neck, ear, reticulorumen, vagina, tail) can recognize
rumination, eating, lying, standing, and other behaviors,
and provide alerts and other information to the dairy
farmers and their possible advisors. Various sensor sys-
tems developed and used in dairy farms have been widely
described in the literature (Schillings et al., 2021; Silva
et al., 2021; Stygar et al., 2021; Hut et al., 2022; Singh et
al., 2022; DZermeikaité et al., 2023; Linstadt et al., 2024;
Lovarelli et al., 2024).

Sensors and other technologies generate large amounts
of heterogeneous data (high recording frequency com-
bined with measurement over extended periods of time
and in different formats). In many cases, only summa-
rized or aggregated data based on the needs of the users
is made available to the users through proprietary algo-
rithms and web tools. Datasets from different technolo-
gies and technology providers tend to be of incompatible
formats, which make it difficult for dairy producers (and
their advisors or partners) to integrate the data from mul-
tiple sources in comprehensive tools and analyses. These
circumstances may lead to the creation of data silos on
dairy farms, hindering the usefulness of the comple-
mentary datasets for timely decision making. Further-
more, these datasets usually need to be processed using
statistical methods and often require high performance
computers for analyzing them comprehensively. In this
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context, modern dairy farms require a data-oriented and
technology literate labor force to take full advantage of
the on-farm sensor technologies and datasets available.

On-farm sensors are used for improving herd man-
agement (Gargiulo et al., 2018; Liu et al., 2023), calv-
ing or estrus detection (Reith and Hoy, 2018; Szenci,
2022; Umana Sedd et al., 2024), and identification of
cows needing attention or treatment (Dzermeikaité et
al., 2023; Lemmens et al., 2023). In addition, the da-
tasets generated can be used for supplementing genetic
and genomic evaluations. Sensor systems and other
technologies are potentially valuable sources of data for
genetic and genomic evaluations because data are col-
lected automatically, more objectively (higher precision
and less human errors), and continuously (or in high
frequency). Furthermore, as these digital technologies
have been used for many years in various farms, data
may already be available for a large proportion of the
population of cows that is currently included in the ge-
nomic evaluations. The automatically recorded data can
also be helpful for the definition and large-scale pheno-
typing of proxies for traits that are costly to record or
have low measurement frequencies, such as functional
traits (Egger-Danner et al., 2015; Brito et al., 2020).
More accurate phenotypes translate into greater genetic
progress of the target traits and breeding goals (God-
dard et al., 2016; Jones and Wilson, 2022).

ROLE OF PHENOTYPING IN DAIRY CATTLE
BREEDING PROGRAMS

Different sources of data have been used in breeding
programs over time, including data from sensors and
other technologies (e.g., Rojas de Oliveira et al., 2024).
The usefulness of variables recorded by sensor systems
for breeding purposes depends on several factors. De-
rived traits must exhibit sufficient phenotypic variation,
be heritable and repeatable within the target population,
capture the biological mechanisms relevant to the breed-
ing goal of interest or show a genetic correlation with the
target or breeding goal trait, be measured reliably and
frequently over an extended time period (i.e., longitu-
dinal measurements), and be objectively recorded in a
standardized manner. Data collected by several precision
technologies meet many of these criteria, but are not well
documented in the literature.

In addition to measuring the traits of interest (or
auxiliary traits), there is a need for recording environ-
mental (systematic) effects influencing the phenotypic
records to allow appropriate statistical modeling. When
performing genetic and genomic evaluations, fitting as
many as possible significant systematic effects (com-
monly known as “fixed effects”) in the models removes
nongenetic influence on the traits resulting in more ac-
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curate breeding values. Examples of systematic effects
include cow parity, age at measurement, contemporary
group (e.g., concatenation of herd, year, and season
of calving), measurement time, sensor type, climatic
variables, and others. Digital technologies can also be
useful for recording variables allowing to derive some
of these systematic effects.

Another important point to emphasize is the value of
having many animals from the same herds with measure-
ments for multiple variables (i.e., various sensor types
on the same animal or close relatives as well as direct
and indirect traits related to the breeding goal). Having
the same animals with phenotypic records for all (or
most) traits facilitate the estimation of phenotypic and
genetic covariances between traits. This is important for
accurate estimation of the genetic correlations among all
measured traits which is needed for the proper design or
refinement of selection indexes.

The effectiveness of dairy cattle breeding programs
depends on large-scale and diverse datasets for multiple
traits measured ideally throughout the life of a dairy
animal or across prolonged periods. This includes rou-
tinely recorded datasets (e.g., records from dairy farmers
through DHIA, veterinarians, claw trimmers; farm man-
agement systems; pedigree and conformation variables
from breed associations), data from sensors and other
precision technologies, multi-omic intermediate data
such as genomics, metabolomics (from biological sam-
ples, such as milk, saliva, and blood), microbiome, tran-
scriptomics (gene expression), epigenomics, proteomics,
lipidomics, and many others. Full integration of these
data into a common platform has a huge potential for
optimization of dairy cattle genetic evaluation and man-
agement purposes. The individual reliability of breeding
values relies, among other factors, on the amount of
phenotypic information available for the animals them-
selves and on genetically related individuals. As digital
technologies enable the collection of more objective data
in higher frequency as compared with traditional data
collection schemes (e.g., test-day records), (genomic- or
pedigree-based) EBV for traits derived from precision
technologies have the potential to be more reliable, and
consequently, greater genetic progress can be obtained
for such traits (Poppe et al., 2019; Pedrosa et al., 2023;
Schodl et al., 2024Db).

CHALLENGES IN COLLECTING AND USING DATA
FROM SENSORS AND OTHER TECHNOLOGIES
FOR BREEDING PURPOSES

Despite the great and clear potential of sensor data for
genetic and genomic analyses, several challenges must be
overcome. The main challenges described here in more
details is not an exhaustive list. First, the global market
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of digital technologies for the dairy sector is very frag-
mented. Already in 2020, there were 67 different provid-
ers of various sensor technologies, including 37 suppliers
of accelerometer-based technologies and 13 producers of
milking robots (Stygar et al., 2021). The increasing num-
ber of start-ups with focus on precision livestock farming
imply that the overall figures today might be even higher.
Uniform standards exist for some of these technologies,
but only for limited devices and technology-derived
variables. For instance, ICAR has developed standards
and recommendations for testing, approval, and periodic
checking of milk recording devices including milk yield
and composition (ICAR, 2020). However, there are no
guidelines for using records from accelerometer-based
technologies, making it more difficult to use sensor data
from more than one brand in genetic evaluations.

For better use for genetic evaluations, sensors and
other technologies should be tested in more diverse
farming environments (i.e., not only in experimental
farm conditions), across different management systems
(e.g., intensive dairy production, pasture-based systems,
freestall and tiestall housing) and geographical locations
with diverse climatic conditions, in different breeds, and
in animals of different ages and in varied physiological
stages (e.g., lactation stage, reproductive stage). As this
testing is time consuming and costly, collaboration among
academia and manufacturers is essential for improving
the quality assessment of sensor technologies and for
increasing the accessibility of independent validations of
commercially available sensors.

In most cases, comprehensive information on the sen-
sor systems is lacking, which complicates their evaluation
and application for breeding purposes. This challenge is
exacerbated by the wide variety of approaches employed
to address similar problems or collect similar types of
data, leading to inconsistencies in methodologies and
outcomes. For instance, many sensors are available for
measuring activity and rumination time, but they may
use different algorithms, perform different data editing
and quality control, or may capture different information,
and consequently, the phenotypic records obtained may
be quite different even when multiple sensors are used
in the same animals (Mayo et al., 2019). In many cases,
“gold standard” variables or procedures to validate the
sensors are lacking (or the gold standard approach may
be time or cost prohibitive), contributing to unsatisfac-
tory agreement among sensors recording the same type of
information. Some variables are easier to validate (e.g.,
milk yield, milk composition, SCC), whereas others are
more complex such as animal activity across sensors and
alerts based on multiple and different parameters depend-
ing on the sensor brand.

Many data providers exist (e.g., manufacturers of sen-
sor systems, data integration organizations), and often
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producers are unsure of which sensor to use, as valida-
tion and comparison among the sensor systems are cur-
rently lacking. This is an important challenge for genetic
evaluations, especially national genetic evaluations that
combine data from multiple farms, as the data from dif-
ferent types of sensor technologies or sensor technolo-
gies targeting the same condition but provided by dif-
ferent brands may represent different traits. Therefore,
several analyses (e.g., estimation of genetic correlations
between traits recorded by different sensor types) must
be performed before merging datasets on a routine basis.
As a first step, it is important to enhance the transparency
of the testing conditions (e.g., farm type, breed, life stage
of the animals) and, subsequently, to clarify the potential
and limitations of each commercial technology for genet-
ic evaluations that are made available in the market. In
the case of wearable sensors, the animal’s body location
where the sensors are attached may influence the data
recorded and must accordingly be indicated. Additional
validation of existing sensor systems is an important re-
search task to be completed.

In general, sensor systems consist of measuring devic-
es, algorithms, and computer applications or interfaces,
which are often proprietary information. Sensor outputs
can be measurements of certain individual conditions, or
outputs based on multiple parameters, given as indexes
or alerts (e.g., for estrus or health issues). As sensor
systems were developed to support farmers in managing
their herds, they have been optimized to provide action-
able information. However, the use of sensor data across
herds and along the dairy value chain (e.g., for genetic
evaluations) will require more information or additional
variables and definitions. There is significant lack of
background information on the data generation proce-
dures and detailed metadata with information on the type
of data recorded, units, and resolution or frequency of the
records (Rutten et al., 2013). In many cases, manufactur-
ers may only provide information on a few variables of
greater interest to the dairy farmers (e.g., estrous alert),
but the data used for generating these alerts could be of
great value for deriving traits for inclusion in genetic
evaluations. Many providers of sensor technology do not
have (or provide) any information about the variables
that are being collected by the sensors (e.g., variable
definition, units, plausible ranges, calculation approach).
This results in data being underused or misused as com-
munication between academia or data analysts working
with the farmers and manufacturers may not always be
straightforward. The publication of data user guides as-
sociated with each digital technology would be of great
value for geneticists and other data analysts. It is worth
noting that manufacturers of sensor systems may be will-
ing to share additional data for research purposes but
may be more restrictive when sharing data publicly or
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for other commercial purposes. To promote data sharing
(e.g., for genetic evaluations), clear communication be-
tween stakeholders and development of interinstitutional
guidelines and agreements are of great importance. Or-
ganizations such as ICAR can develop standards and
guidelines to technically facilitate data exchange, thus
creating an environment that facilitates negotiations and
agreements for commercial use between different parties.

Sensors and algorithms are believed to have been
improved over time, which is positive because the data
generated is expected to become more accurate. How-
ever, there tends to be a lack of recording (or sharing)
of important information such as algorithm or sensor
updates that may affect the accuracy of the data being
recorded on individual animals. If not recorded and ac-
counted for in the statistical models, this could result
in artificial differences in the phenotypic measurements
collected over time (i.e., biased phenotypic trends).
When these changes are homogeneous across all
animals in the same contemporary group (animals with
similar conditions; e.g., concatenation of farm, calving
season, and calving year), the lack of updates’ informa-
tion may be less of an issue. However, when farmers
combine animals with older and recent versions of the
equipment in the same contemporary group, the lack of
information on these versions (or updates) could result
in less accurate breeding values. Even if this informa-
tion is shared, geneticists or other data analysts need to
carefully adjust their pipelines for the genetic analyses
to include the changes made by the data providers.

As dairy farms are using many sensors and technolo-
gies, there are consequently different data sources with
multiple data retrieval protocols (e.g., through applica-
tion programming interface, data provider’s website,
farm back-ups). Some additional challenges for retriev-
ing and merging the datasets include (1) datasets are
generated in heterogeneous data formats; (2) sensors
may record data with different frequencies (e.g., every 2
h vs. daily summaries); (3) data sources may use differ-
ent animal identification systems; (4) datasets generated
are in many cases proprietary implying limitations of the
access to the raw datasets (defined here as unprocessed
data as originally recorded by the sensors); (5) the scripts
and pipelines developed may be nontransferable across
data sources; (6) lack or poor internet connectivity in
rural areas, which makes it more difficult to transfer data
from the farms to data processing stations; (7) on-farm
hardware and software may be outdated, making the
herd management and sensor systems unstable and data
extraction more difficult; (8) datasets can be very large
(e.g., video data) and require a lot of computing power
for storage and analyses, which can become expensive
in the long term; and (9) data provider platforms may
only store the data at a lower resolution (e.g., daily sum

Journal of Dairy Science Vol. 108 No. 10, 2025

10451

or averages instead of per-visit measurements). All these
challenges contribute to increasing data silos within and
between farms and to an underutilization of the informa-
tion contained in these datasets that could be used for
herd management and breeding.

Within different research projects, data integration
platforms have been set up including, for example, the
Purdue Animal Science Data Ecosystem (Boerman et
al., 2025), DairyBrain (Cabrera et al., 2020), and Giga-
cow (Klingstrom et al., 2022). Within other projects
such as D4Dairy (www.d4dairy.com; Egger-Danner et
al. 2022a,b), routine data exchange pipelines have been
elaborated and implemented in the central cattle database
and manufacturers. In collaboration between DHIA,
breeding organizations, and manufactures routine data
exchange pipelines have been or are being established
and integrated data are being made available. Examples
are the Nordic Cattle Database (www.nordicebv.info)
and the Central Cattle Database Cooperation between
Germany and Austria (www.rdv-gmbh.net). The Inter-
national Dairy Data Exchange Network (www.idden
.org) is also working on simplifying data flow with
one seamless interface connecting dairy stakeholders.
Furthermore, many companies are working on this area,
including Iyotah Solutions (www.iyotah.com/), Vyla
(www.vyla.com/), Dairy Data Warehouse (dairydata-
warehouse.com), Join-Data (www.join-data.nl), Dairy
Performance Network (www.dairyperformancenetwork
.com/), AgriGates (https://agrigates.io/), Connecterra
(www.connecterra.ai/), and others.

Once data collected by sensor technologies have been
received, extensive preprocessing and cleaning of the
data are often needed to ensure its usability and reliability
(van der Voort et al., 2021; Schodl et al., 2024b). Limited
data editing and cleaning protocols are available in the
scientific literature. Data scientists may also have access
to different types of data requiring different handling.
Raw data, defined here as unprocessed or minimally pro-
cessed data directly collected by sensors and monitoring
devices before any form of cleaning, filtering, analysis,
or interpretation within the sensor systems will likely
vary much more than summarized or processed data.
The absence of standardized protocols for editing sensor
data undermines the comparability and reliability of the
results generated. Therefore, we encourage the develop-
ment of automated pipelines for data collection, process-
ing, editing, analytics, and data visualization.

Last, but certainly not least, a need exists for continu-
ous dialog between stakeholders along the dairy value
chain from sensor manufacturers to farmers and research-
ers from different organizations to create a common un-
derstanding on the potential and value of sensor data for
genetic evaluation. Such dialog will facilitate the defini-
tion of suitable data sharing models, which ideally, will
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increase the benefits for all stakeholders along the dairy
value chain, while strengthening academic and industrial
research and innovation. Addressing all these challeng-
ing topics is essential to enhance the consistency, qual-
ity, and utility of sensor-based systems for genetic and
genomic evaluations as well as for many other purposes.

DATA CLEANING, EDITING,
AND QUALITY ASSURANCE

Considering the growing amount of sensor devices,
applications, data, and computational methods, the need
for comprehensive data cleaning procedures has grown
to ensure data quality, accuracy, and utility. Despite es-
tablished data cleaning protocols in bioinformatics (e.g.,
Chicco et al., 2022) and health informatics (e.g., Van
den Broeck et al., 2005) or for the use in routine genetic
evaluation and tools provided by DHI and breeding orga-
nizations (see [CAR, 2022), comparable guidelines spe-
cific to high-resolution dairy sensor data remain limited.
Based on experiences within the D4Dairy project (https:
//d4dairy.com; Egger-Danner et al., 2022a,b) and review
of relevant literature, Schodl et al. (2024b) proposed a
5-step framework for cleaning sensor data, including

1. Validating the data merging process. Accurate
alignment between animal identifiers and sensor
data is critical. Errors such as nonunique device
by animal combination, broken sensors, and time
zone mismatches must be identified and cor-
rected, if possible. It is recommended to consult
with digital technology companies for informa-
tion on proper alignment, as well as algorithm
learning periods.

2. Understanding the data. This step involves iden-
tifying the type of data (e.g., raw sensor data or
processed data retrieved from interfaces), its
nature including units and whether it is a single
point measurement or an aggregated value, and
sampling rates. Proper data visualization is rec-
ommended to facilitate detection of patterns, dis-
tributions, or anomalies.

3. Checking data completeness. Missing data causing
gaps in time series is a common issue and often
caused by sensor malfunctions, low battery, or
poor connectivity. Depending on the subsequent
analyses, missing data may require interpolation,
imputation, or exclusion. Conversely, duplicate
or inconsistent timestamps should be resolved to
maintain data integrity.

4. Evaluating data plausibility and detecting outliers.
This step may be the most critical one requiring
well-considered decisions by the data user. Outlier
detection may be based on biologically meaningful
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ranges, cross-checks using additional information,
if available, statistical thresholds (e.g., + 3 SD
from the mean), or advanced modeling techniques
such as Dynamic Linear Models incorporating
Kalman filters (e.g., Stygar et al., 2017) or utiliz-
ing the co-dependency of data quality and model
robustness (e.g., Papst et al., 2021). Regarding
the management of outliers, attention should be
paid to avoid removal of genuine outliers that may
provide critical insights.

5. Addressing technology-related noise. Inconsis-
tencies in the data may be caused by sensor drift,
calibration issues, and hardware or software
updates. Information on updates and handling of
drift and calibration issues by the sensor com-
pany may be helpful but not necessarily easily
available. Indications to look for in the data are
for example the introduction of new variables,
different temporal resolutions, and sudden or
persistent changes in scale.

In addition to these steps summarized by Schodl et al.
(2024b), broader aspects such as the purpose and con-
text of data analyses, as well as their thorough documen-
tation. Data for applications in herd management may
have different requirements than those for breeding. As
an example, if different versions of a software were used
in a certain farm, but all animals from the same con-
temporary group had the same sensor version, the data
would be useful for genetic purposes as geneticists are
interested in differences among animals from the same
group rather than the absolute values. Conversely, alerts
generated by sensors are important for management pur-
poses, but for genetic evaluations, the continuous vari-
able used for generating the alerts (e.g., activity level
to predict estrus events) might be preferred because of
its independence from the quality of would already be
useful even if the system’s algorithm used for generating
the alerts was not highly accurate.

Data cleaning process is both costly and time consum-
ing (Wang and Wang, 2020). However, some savings
can be achieved by broad implementation of automated
procedures. Regarding dairy cows, automatic sensor data
cleaning pipelines have been successfully applied to
improve the accuracy of positioning algorithms (Pastell
et al., 2018), to detect leg problems using load sensors
(Pastell et al., 2008), or even to track mastitis control op-
tions (Rustas et al., 2024). Furthermore, automatic repair
methods exist for non-sensor data, but the authors are not
aware of their application in dairy science (for instance,
filling in missing information on breed or herd number).
Therefore, in the future, more standardized approaches
should be considered and (open source) data cleaning
solutions should be made available.


https://d4dairy.com
https://d4dairy.com
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Trait Sensor type N  Breed h? Reference

EC AMS integrated sensor 1,714 Holstein 0.22+0.04  Dechow et al. (2020)
Daily average EC AMS integrated sensor 8,455 Holstein 0.48+0.10 Luetal. (2024)

EC at milking session 1 AMS integrated sensor 8,455 Holstein 0.46+0.10  Luetal. (2024)

EC at milking session 2 AMS integrated sensor 8,455 Holstein 0.47+0.10 Luetal. (2024)

EC at milking session 3 AMS integrated sensor 8,455 Holstein 0.47+0.10 Luetal. (2024)

EC AMS integrated sensor 4,280 Holstein 0.46 +0.02  Medeiros et al. (2024)
EC AMS integrated sensor 4,507 Holstein 0.38t0 0.49  Pedrosa et al. (2023)
EC AMS integrated sensor 1,899 Holstein 0.38+0.01  Piwczynski et al. (2021)
EC, front left AMS integrated sensor 922 Holstein 0.46+0.09  Santos et al. (2018)

EC, front right AMS integrated sensor 922 Holstein 0.44+£0.09  Santos et al. (2018)

EC, rear left AMS integrated sensor 922 Holstein 0.37+0.08  Santos et al. (2018)

EC, rear right AMS integrated sensor 922 Holstein 0.38+£0.09  Santos et al. (2018)
Overall EC AMS integrated sensor 922 Holstein 0.53+0.09  Santos et al. (2018)

EC AMS integrated sensor 1,486 Holstein 0.36+£0.04  Sitkowska et al. (2024)
EC, mean AMS integrated sensor 4,714 Norwegian Red 0.35+0.03  Wethal et al. (2020a)
EC, maximum AMS integrated sensor 4,714 Norwegian Red 0.23+£0.02  Wethal et al. (2020a)
Blood in milk AMS integrated sensor 1,714 Holstein 0.09+0.03  Dechow et al. (2020)
Smoothed milk BHB values (parity 1) Herd Navigator (BHB) 794 Nordic Red 0.09+0.07 Héggman et al. (2019)
Smoothed milk BHB values (parity 2) Herd Navigator (BHB) 794 Nordic Red 0.07+0.07  Héaggman et al. (2019)
Milk temperature AMS integrated sensor 1,899 Holstein 0.41+£0.01  Piwczynski et al. (2021)
SCS AMS integrated sensor 1,899 Holstein 0.36 +0.01  Piwczynski et al. (2021)
Mastitis susceptibility AMS integrated sensor 1,791 Holstein 0.07+0.03  Welderufael et al. (2017)
Mastitis recovery AMS integrated sensor 1,791 Holstein 0.08 £0.03  Welderufael et al. (2017)
Log-transformed online cell count AMS integrated sensor 1,490 Norwegian Red 0.09+0.03  Wethal et al. (2020a)

'AMS = automated milking system; EC = electrical conductivity. Values for h? are reported as + SE or range.

DERIVING NOVEL TRAITS FROM SENSORS
AND OTHER TECHNOLOGIES

Sensors and other technologies provide an opportunity
for recording such traits in a more frequent and accurate
manner and could, consequently, fasten the rate of ge-
netic progress for these key breeding goals. Ideally, the
derived traits should have sufficient phenotypic varia-
tion, be heritable and repeatable, capture the biological
mechanisms of interest (or be genetically correlated with
the breeding goal trait), be clearly defined and evaluated
in a standard way across the population being jointly
genetically evaluated, and be recorded routinely and in
large-scale at a low cost per data point. First, it is es-
sential to obtain detailed documentation on the record-
ing methods and units of the variables of interest. This
information, which needs to be provided by the manufac-
turers of sensors or technologies, includes how data are
recorded and the handling of missing values (e.g., zeros,
blanks, or other symbols). Accurate documentation en-
sures consistency and reliability in subsequent analyses.
When working with the same variables recorded by
sensors from different brands, it is important to assess
the variance of the variables and not merely correct for
the mean effect by including the brand or company as
a fixed effect. This evaluation ensures comparability
across different sources and informs whether data from
different sensors can be combined effectively. In some
cases, similar types of data may represent different (but
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correlated) traits. Once the data are harmonized, traits of
interest should be derived. It is also critical to define the
gold standard measures of the breeding goal of interest to
facilitate comparisons with derived traits.

After the breeding goals and the potential data sources
(with the selection criteria variables) have been clearly
identified (e.g., improved fertility based on variability in
activity level recorded by activity monitors; Heringstad
and Wethal, 2023), statistical models must then be devel-
oped to test systematic effects that influence the trait(s)
of interest. These effects should be incorporated into ge-
netic models to ensure accurate predictions of breeding
values. Understanding the influence of each systematic
effect (e.g., parity, lactation stage, herd, season, diet, re-
productive stage, housing time) on traits can also inform
future management decisions; for instance, assessing the
effect of ambient temperature and humidity on rumina-
tion patterns could guide feeding strategies. Modeling
systematic effects that significantly influence the target
trait is enabled by integrating sensor data into the estab-
lished data infrastructure for dairy cattle. This highlights
the need for data integration as systematic effects are
usually recorded in herd management software and not
directly by the sensors. Finally, variance components and
genetic parameters, including heritability and genetic
correlations among all derived and existing traits, should
be estimated for all derived traits. The accuracy of (G)
EBYV and the potential re-ranking of selection candidates
should also be assessed to ensure robust decision mak-
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Table 2. Heritability (h?) estimates for cow behavioral traits derived from automated milking systems (milking robots)

Trait N Breed h*+ SE Reference

Choice consistency score (5-50 DIM, primiparous) 730 Holstein 0.04+0.06 Lovendahl et al. (2016b)

Choice consistency score (5-50 DIM, multiparous) 1,231 Holstein 0.05+0.04 Lovendahl et al. (2016b)

Choice consistency score (51-110 DIM, primiparous) 730 Holstein 0.11 £0.08 Levendahl et al. (2016b)

Choice consistency score (51-110 DIM, multiparous) 1,231 Holstein 0.07+0.05 Levendahl et al. (2016b)

Choice consistency score (111-215 DIM, primiparous) 730 Holstein 0.14+0.08 Lovendahl et al. (2016b)

Choice consistency score (111-215 DIM, multiparous) 1,231 Holstein 0.07+0.04 Lovendahl et al. (2016b)

Choice consistency score (216-305 DIM, primiparous) 730 Holstein 0.08 £0.07 Lovendahl et al. (2016b)

Choice consistency score (216305 DIM, multiparous) 1,231 Holstein 0.02+0.03 Levendahl et al. (2016b)

Knock off (binary) 922 Holstein 0.03+0.03  Santos et al. (2018)
Log-transformed handling time 4,883  Norwegian Red 0.07+0.02  Wethal and Heringstad (2019)
Number of kick-offs 4,883 Norwegian Red 0.06 £0.01  Wethal and Heringstad (2019)
Number of kick-offs 1,714 Holstein 0.08+0.02  Dechow et al. (2020)

Proportion of milkings with kick-offs 4,883 Norwegian Red 0.13+0.03  Wethal and Heringstad (2019)
Preference consistency score 4,249 Holstein 0.09+0.01 Bératetal. (2025)

Preference consistency score 2,258 Holstein 0.07+0.02 Lovendahl and Buitenhuis (2022)
Preference consistency score 2,407 Jersey 0.13+0.03 Levendahl and Buitenhuis (2022)
Temperament 72,683 Norwegian Red 0.05+0.01  Wethal et al. (2020b)

Time profile (profile of the diurnal milking time) 2,258 Holstein 0.11+0.02 Lovendahl and Buitenhuis (2022)
Time profile (profile of the diurnal milking time) 2,407 Jersey 0.04+0.02 Lovendahl and Buitenhuis (2022)
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ing in breeding programs. When the same variable (e.g.,
rumination time) is recorded by different sensors, before
merging all the data for genetically evaluating the ani-
mals for a single trait, one should assess the genetic cor-
relation between the traits derived from different sensors
and the phenotypic records recorded by different sensors
should only be merged and considered as the same (or
similar) trait when very high (e.g., >0.90) genetic cor-
relations are observed between them. Otherwise, the
records from different sensors should be evaluated as
different and correlated traits in the genetic evaluations.
Additional genomic analyses could be performed to bet-
ter understand the underlying mechanisms influencing
the derived traits such as GWAS and post-GWAS analy-
ses to identify candidate genes and metabolic pathways
associated with the target traits.

In the past few years, various sensor-based traits have
been derived and some of them have already been in-
cluded in corporate or national selection indexes. In the
subsequent sections and in Tables 1,2, 3,4, 5, 6,7, 8, and
9, we describe examples of novel traits that have been de-
rived based on data from sensors and other technologies
along with their heritability estimates (when available)
and respective references. In general, higher heritability
estimates, and accordingly higher accuracies of (G)EBYV,
can be expected for sensor-based traits than for tradition-
ally recorded traits, which relates to the different levels
of phenotyping accuracy and frequency.

Health and Welfare

Several animal welfare and health parameters are cur-
rently collected routinely through technologies for the
primary purpose of on-farm monitoring of animal status.

Journal of Dairy Science Vol. 108 No. 10, 2025

Body Temperature. Wearable sensors such as rumen
boluses, ear tags, or skin-mounted devices are commonly
used for continuously monitoring body temperature
(Woodward et al., 2024). Body temperature data are
stored on different resolutions (e.g., every 5 or 10 min)
and analyzed to detect deviations from normal tempera-
ture ranges, indicating potential health issues such as
infections or heat stress (Woodward et al., 2024). Body
temperature data enable early detection of diseases, al-
lowing for prompt interventions. In addition, body tem-
perature data are used for monitoring heat stress to adjust
management practices accordingly and also for breeding
for improved heat tolerance, as discussed below. Body
temperature in dairy cattle is heritable (Luo et al., 2021a)
and influenced by key genes (Luo et al., 2021b), sug-
gesting potential for selection. A challenge with body
temperature is that it varies depending on the sensor
location on the animal’s body (Bewley et al., 2008a).
Further research investigating the genetic background of
sensor-based body temperature variability in dairy cattle
is still needed.

Heart and Respiration Rate. Wearable biometric
sensors, such as heart rate monitors and respiratory sen-
sors, collect data continuously (Vakulya et al., 2024).
Fluctuations in heart and respiration rates can indicate
stress, pain, or disease (von Borell et al., 2007). There-
fore, such variables can be used for assessing animal
welfare and stress levels and early detection of respira-
tory or cardiovascular issues. Limited studies are avail-
able on the heritability of heart and respiration rate in
dairy cattle populations. Thus far, sensors for measuring
heart and respiration rates are cumbersome, invasive,
and not suitable for long-term data collection. Cameras
may provide an avenue for automatically recording res-
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piration rate data but, to our knowledge, it has not yet
been tested in large scale.

Rumen Activity and Reticuloruminal pH. Boluses
equipped with sensors measure parameters such as pH
and temperature in the rumen and reticulum (Denwood et
al., 2018; Mensching et al., 2020). Continuous monitor-
ing helps in assessing digestive health and detecting dis-
orders such as acidosis (Simoni et al., 2023, 2024). This
type of data can be used for managing feeding strategies
to prevent metabolic disorders, for optimizing rumen
health for better feed efficiency, and for breeding pur-
poses. However, heritability estimates for rumen activity
and reticuloruminal pH stability are scarce.

Lameness and Hoof Disorders. Accelerometers, pres-
sure-sensitive walkways, and advanced video analyses
(2- and 3-dimensional [3D]) are employed for assessing
the presence and severity of lameness (Nejati et al., 2023).
For instance, computer vision techniques analyze gait
and posture to identify lameness. Recent advancements
use deep learning models to enhance detection accuracy
(Karoui et al., 2021; Dervi¢ et al., 2024). Such tools have
the potential to enable early identification of lameness,
allowing for timely treatment, improving animal welfare
and reducing economic losses. Lemmens et al. (2023)
showed differences in sensor-based behavior (e.g., eat-
ing time, activity) between cows with different lameness
scores. Lameness has been found to have a heritable com-
ponent, with heritability estimates ranging from low to
moderate (Heringstad et al., 2018; Kock et al., 2019) and
are of highly polygenic nature (Sousa Junior et al., 2024).
This indicates potential for genetic selection to reduce
lameness incidence through genomic selection.

Udder Health. Table 1 presents heritability estimates
for various sensor-derived udder health traits, with heri-
tability estimates ranging from 0.07 to 0.53. Somatic cell
count is a widely used indicator of udder health, with ge-
netic studies showing moderate heritability (0.15-0.32),
suggesting potential for selection to improve mastitis
resistance (Martin et al., 2018; Piwczynski et al., 2021).
Changes in milk electrical conductivity (EC) have also
been proposed as an early indicator of subclinical mas-
titis, as bacterial infections alter the ionic composition
of milk. Studies on Chinese Holstein cows indicate
moderate-to-high heritability of EC (0.46—0.49), but its
genetic correlation with SCC remains limited, suggest-
ing that EC alone is not a fully reliable predictor (Lu et
al., 2024). Other studies have reported heritability esti-
mates for EC traits ranging from 0.22 to 0.53 (Table 1).
Behavioral changes, such as reduced milking speed and
increased milking time, have also been linked to mastitis,
with milking speed exhibiting a genetic correlation of
0.31 with SCC (Piwczynski et al., 2021).

Different studies show that mastitis in dairy cows
results in a change in behavior. The changes in activity
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are more unregularly in cows with mastitis (Veissier et
al., 2017) and time of standing is increased (Fogsgaard
et al., 2012). Cows with mastitis have been shown to
have reduced feed intake (Siivonen et al., 2011) and
reduced daily rumination time (Fogsgaard et al., 2015;
Anatanaitis et al., 2022). Studies on genetic correla-
tions between sensor based behavioral traits and udder
health traits are rare, but Moretti et al. (2018) reported
low genetic correlations. In addition to SCC records and
clinical mastitis diagnoses, results of bacteriological milk
analyses provide valuable information regarding udder
health (Suntinger et al., 2022). Although first heritability
analyses showed low heritability, the genetic correlation
with the routinely recorded udder health traits is high.
The use of AMS allows for continuous monitoring
of udder health indicators, including online cell count
(OCCQC), EC variations, and elevated mastitis risk, pro-
viding valuable data for genetic evaluation and herd
management (Wethal et al., 2020a; Table 1). Wethal et al.
(2020a) assessed the values of maximum and mean EC as
indicators of udder health and suggested OCC to be more
valuable. Given the economic and welfare impacts of
mastitis, incorporating multiple phenotypic and genetic
indicators, including SCC, EC, milking speed, and AMS-
based health markers, could enhance early detection and
genetic selection strategies for improved udder health.
Metabolic Disorders. Wearable biometric sensors,
such as automated health-monitoring systems, continu-
ously collect data on rumination time and physical activ-
ity (Stangaferro et al., 2016). Alterations in patterns of
these parameters can indicate metabolic and digestive
disorders, including displaced abomasum, ketosis, and
indigestion (Rial et al., 2023). Therefore, such variables
can be used for assessing animal health status, early
disease detection, and improving dairy cow management
(Paudyal et al., 2018), even more so when combined with
other available health data (Sturm et al., 2020). Genetic
parameters for sensor-based metabolic disease traits need
to be explored to assess their potential for genetic selec-
tion. Mid-infrared spectroscopy (MIR)-based predictors
for ketosis show potential for screening and preventing
ketosis in dairy herds (Kock et al., 2024). Kock et al.
(2022) estimated heritabilities between 0.16 and 0.30 for
MIR-based predictors (Aceton-MIR, BHB-MIR and Ke-
toMIR) and genetic correlations between 0.60 and 0.73
with BHB measures using a handheld device. Fuerst-
Waltl et al. (2022) analyzed different direct and indirect
traits for ketosis. The genetic correlation between Ke-
toMIR and the veterinarian diagnoses ketosis was >0.90.
Heat Stress. Heat stress in dairy cattle is a major con-
cern as it can result in reduced milk production, impaired
fertility, and increased susceptibility to diseases, leading
to significant economic losses (Polsky and von Keyser-
lingk, 2017). Effective management strategies and genet-



10457

INVITED REVIEW: SENSOR DATA FOR GENETIC IMPROVEMENT

Brito et al.:

(¥207) BIZd PUB B[O TO'0F SH'0 0V [00 F TE0 L69°LL (1970u1010[000%) WIA)SAS FuIPI0AI YOS Suun uoneuIIny
(zz07) "Te 10 [poyds 20°0-10°0 F #0°0-10°0> €8 Ko7 Aep 1521 0) 210§aq sKepg 1oa0 (IS pue ueaw KJrep Jo adojs uoIssaIsay
(zz0?) T8 10 [POYdS ¢0°0-10°0 F¥0°0-10°0> 142 A1 010Joq P ¢ pue Aep 1S9} 18 (J§ PUE UL UO2AIAQ UOTIEIAA(]
(TToT) e e [poyds #0°0-€0°0 F 81°0-90°0 €8 £o1 (Kep 152) SuIpI0d1 ]I JO Aep UO (IS PUE UL
(€20) "Te 12 [poyds 90°0 F 0S°0-6£°0 68C°1 A1 INIQ SOE—€ 19A0 URIPAW PUEB ‘(]S ULSW ‘(S ‘UL
(£202) 'Te 10 [POYdS SO'0-10°0 FLEO-0L0 68C°1 A1 210§q p (] PUE ¢ pue Aep 153} 1 (J§ PUE UELAL U29MI2q UOLEIAD(]
(€202) e 3 [poyos ¥0°0—10°0 F0£'0-€0°0 68C°1 ISch (Kep 1501) SurpI00a1 1wt Jo Aep oY) UO UBIPIW PUE (]S ‘UL

(#207) 'Te 10 OjuUIOSEN 900 F61°0 8CL 10)2W0I2[0098 Fe)-1ed MOHIIVINS (£1rep) owny voneutIy
($707) Te 10 OJHOWIISEN 800 FST0 87L 1)ow019[0098 Fej-1e0 MO LIVINS (APpeam) owin [, uorjeUTWINY
(8107) 'T& 10 1o\ SE0 01L (10)0w019[000E SIXE-¢ + duoydoIdrur) Se) e yim Ie[[0o JOIN (o1e]) Sy UOnEUILINY
(8107) T 10 MAION ¥€0 01L (1970wI010[0008 STXE-¢ + ouoydoIdrur) Sey e yim Ie[[0d JOON (prur) own) vonBUIWINY
(8102) Te 10 MAION €0 01L (10ow019[0098 SIXE-¢ + duoydoIorur) ey & yyim Je[[0d JIIN (A11ea) own uoRUILINY
(0207) Te 30 soporeg-zadoy 900 FLI0 SLL (somQ A1o7) S Im Tef0) o uoeUIINY
(¥207) ‘1810 sedo] $1°0 FSH0 969 (SeL 1H “4DS XO[{[V) SIOSUIS A1SNOIL (LM JE[[0I JIUONOI[T o) uoneUIWINY
(#207) "Te 10 [ewa] S0'0F61°0 494 (xop1V) Ie[j0d qnHasuog awm uoneuUIIY
($207) 'Te 10 BSMONIS Y00 F¥I0 981'1 (U@T-YH oMY A[2T) Fe) Jo0U Paseq-12)aWOI[IIY SN UOHRUTIIY
(L107) Te 10 A0YsAg €0'0F0£0 SLY01 JOSUQs SULIOUOW UOTBUIINI Paseq-auoydoIorjy SPIOY| [BIOIOWIWOd—(]€}0}) QW) UOHRUIIINY
(L107) "Te 10 AOYSAg Y00 F 1€0 SLY01 Josuos SuLiojiuow uopeurnI paseq-auoydororjy SPIQY [EIDIWIWO0—(3)e[) QW) UOHBUIINY
(L107) Te 10 AoYsAg $0°0 F2€°0 SLY01 JOSUQs SULI0}TUOW UOTRUINI Paseq-ouoydoIorjy SPIOY| [BIOIOWWOd—(PIW) W} UOHBUITINY
(L107) "Te 10 AOYSAg €0°0 F 820 SLY01 Josuds Suriojuow uopeuInI paseq-auoydororjy Sp1ay [erorowwod—(xead) owr) uoneurwy
(L107) Te 10 AoYsAg €00F 620 SLYOT JOSUQS SULIOUOW UOTBUINT Paseq-ouoydoIorjy SPIAY [RI0IOWO0I—(A[T89) AUIT) UOTJRUTIINY
(L107) ‘Te 10 AOYSAg 91°0 F €€°0 651 Josuds Suriojiuow uoneuInI paseq-auoydororjy SPIaY YoIeasal—([E}0}) SUI} UORUIINY
(L107) e 10 AoYsAg $EOF Y0 651 JOSUQS SULIOUOW UOTBUINT Paseq-ouoydoIorjy SPIAY| 0IeasAI—(3{ead) owm uoneurwny
(L107) "Te 10 AOYSAg 970 F €0 651 Josuds Suriojuow uoneuInI paseq-auoydororjy SPI0Y| 9IBAsaI—(9e]) AU} UOHRUIINY
(L107) Te 10 AoysAg LTOFHI0 651 JOSUQS SULIOIUOW UOTBUIINI Paseq-ouoydoIorjy SPIAY] 0IBISAI—(A[Ted) U} UOHBUITNY
(#202) "2 10 Wysery W0FEH0 (374 (xapy1v) Josuas Aliep qniasuog (&yured puooss) aun uoeUILINY
(#202) 1810 ysery 90°0 F $¥°0 wl (xo]]V) s10su0s A11Ep qUHASUSG (uonejoey Js11j) o UOHEUTLIY
(¥207) T2 10 Wysery WOFEH0 e (xapy11v) siosuos Airep qnyasueg (Ayred puooas) suin uopeuIwINY
(#202) 1830 1ysery 90°0 F S0 wl (xa11V) Josuas A1ep qnHasuog (Ayred ys11y) o voneuINY
90U010JOY asF N pueiq 1o od4} Josusg ey,

suoniendod 913380 AI1Ep UI S)IRI} W) UOIIBRUIWINI PISBQ-IOSUDS 10J Sojewn)so AN[IqeILIdH “f d[qeL

Journal of Dairy Science Vol. 108 No. 10, 2025



10458

INVITED REVIEW: SENSOR DATA FOR GENETIC IMPROVEMENT

Brito et al.:

(6007) epundey) pue [yepudAdT 700 F 90°0 Kos1of ‘ue( pay ‘UIAIS[OH LIS Sey Ky1Anoe 0101097 snnsa jo y3uong
(6007) epundey)) pue [UepuaAdT 700 F 00°0 Kas1o( ‘oue(] pay ‘UIAIS|OH  €8% 3oy A1A)O. O1U0NIIT soposida snnsa jo Auendey
(6107) Te10 USOYIBL, €00 F €10 UIS[OY Pue paY YSIPIMS  GH9°T wsAs duo1eysagoid N[rw ourf-ut J0jeSIAeN pIoH Ananoe reain] yim safdures jo uontodorg
(S107) B9 9YSUAL  SO0OFCI0 ueIs|oy  196°] WA)SAS 2U019383301d N[Iw dul[-ul J0JeSIABN PIOH NIA 09 Pue Gz usamiaq Ajanoe [eajn] ur sajduwres jo uontodor g
($107) 19510M pue 3doyoS  £0°0 F S0°0 uIs[oy  0L0°T (Se1 Yoou 10)0W0IA[I0.) WASAS JYH dWNedH YIS Ananoe 93eIdAL SNISO-AI1]
($102) 19510 pue doyds 00 FS1°0 WSO 0L0°] (Sey 00U 10)2W0I0[00.) WAISAS YH SWEIH YIS uorjeLIeA KJIATIOE SNIIS-21d
($107) 19510M pue o3doyoS  €0°0 F €0°0 uIs[oy  0L0°T (Se) Yoou 10)0W0IA[I0.) WASAS JYH WL YIS Ananoe aeIoAL SNI)SAISO
($102) 19510p pue doyds  S0°0 F#1°0 WIS[OH  0L0°] (Sey 00U 10)2W0I0[O00R) WAISAS YH SWEIH YIS uorjeLIeA AJIAIIOE SNISAISO]
(S707) Te@oySUdL  SO'0FCI0 ur)s[oy 1961 wsAs duoeysafoid N[rw ourf-ur J0jeSIAeN pIoH K)ATIOR [22IN] JO JUSWIOOUSWIWOD JO FO] [RINjEN
(1207) Tese Slog usp ueA  ¢0'0 F91°0 UIAISIOH  $T1'Y Adoosonoads YN Aoy poyorpard-yiN
(6107) Te10 USOYIBL,  $0°0 FSI°0 UIIS[OY Pue POy YSIPAMS G497 w)sAs duo1eysafoid N[rw ourj-ut J0jeSIAeN pIoH NI 09 3511} Sutmp AJAROE [ean|
(S107) T80 9ySuUal  $0°0 F90°0 uIS[OH  [96°] wosAs ouoa)sagord yjiw durj-ut JojeSiaeN PIOH NIQ 09 PUB 6T Ud9m}aq AJNIAIOE [eINT
(6707) Te10 USOYAIBL,  $0°0 F €0°0 UIIS[OY Pue paY YSIPAIMS G497 wsAs duo1eysagoid N[rw ourf-ur J0jeSIAeN pIoH JeAI)UT AI0YR[NAOIT )SITJ JO PSUT
A G:Wmv Te Ho%nmﬁh 900 F 11°0 uIIS[OH  [96°] EBm\\Mm oqohzmowohm S QuI[-ur SEMENZ pIoH 9DIAIQS 1811) 0) \\Mz\éoa [B3)N] JO JUWAOUSWIWOO WOIJ [BAIOIU]
6107) T80 USNPIRL, 00 F £0°0 UIQIS[OH PUB pay YSIPOmMS  §H9°7 woIsAS ouo1a)sagord Yjiw dur|-ut J0jeSIABN PIOH 9JIAIDS 1S11J 0) AJATIO® [29IN] JO JUSWIIOUIILIOD WOTJ [BAIIU]
(£202) 1TeyoM pue peIsSULId — 10°0 FS0°0 poY ueIomIoN 6€1°Q (A197) wa)sAs Junyjiu opewony Ky1anoe Y3y 3s11y 0} SUIA[ED WO [BAIU]
(6707) Te10 USOYAIBL,  $0°0 F80°0 UIIS[OH PUe POy YSIPAMS  GH9°T w)sAs duoeysadord N[rw ourf-ut J0jeSIAeN pIoH 3uoy oseyd eainy ISt
($102) 19510 pue oydoydos GO0 F 10 uaIs|oy  0L0°1 (S yoou 10}OWO0IA]2908) WAISAS YH SWedH YIS Kyanoe oFeroae poriad snnsg
($107) 19510M pue o3doyoS 900 F 11°0 urdIsSIoy  0L0°1 (Se) Yoou 10)0W0IA[90.) WAISAS JYH WL YIS uonenea Aj1anoe pouad snysg
(6007) epunSeyD pue [YepusAe  70'0 F S0°0 Kosiof ‘oue pay ‘UIAIS[OH L[S Sey Ay1anoe o1uond9[g aposida sn1ss jo uoneIng
(6007) epuney) pue [yepudAe 00 F 81°0 Kos1of ‘ue( pay ‘UIAIS[OH LIS Sey Ky1Anoe 01101097 oposida Ay1anoe Y3y js11j 0) Sura[ed woly skeq
(6107) Ter0 uSoyaIRL  $0°0 F $T0 UIQIS[OH pue pay YsIpams G497 wosAs ouoa)sagord yjiw durf-ur JojeSiaeN PIOH K)ADOE [22)N] JO JUSWIIUSWWO))
(6107) Tew uewWdseH [0 F 470 PIY IIPION 9L (¢d) ToyeBIAEN PIOH ANATIOR [EQIN] JO JUOWIIUDUIWIO)
(6107) Ter0 udoyorel SO0 F81°0 UIQIS[OH pue pay YsIpams  §9°7 wo)sAs auoa)sagord yjiw durj-ut JojeSiaeN PIOH Jeay )81} 0} Suiaje)
(6107) Tew uewW3seH  [['0F 610 PIY IIPION 9.9 (¢d) ToyeSIAEN PIOH 1601 181§ 0} SUIA[ED)

sy |
ouoljey  AS F poarg N ad£y Josuag ey,

suone[ndod op13ed A1rep ur ejep papiodar A[[EdIEWOINE UO PASEq POALIDP A[11Id) JO SI0RDIPUL 10§ sajewNso (1) AN[IqeILIoH °G d[qeL

Journal of Dairy Science Vol. 108 No. 10, 2025



10459

Brito et al.: INVITED REVIEW: SENSOR DATA FOR GENETIC IMPROVEMENT

"aYEIuL Pady [enpIsal = [y ‘Ared IS1yy = [d 9[1ED JO JoquInu = N ‘SUIYOBL SUIPIJ H[IW PIIBWOINE = JINV ‘W3)SAS SULY[IW PAJLWOINE = SNV {[BUOISUIWIP-¢ = (¢,

(e4207) I8 1 Weyeln 100 F 500 SaATeD UIIS[OH 9L0°01 ANV S)ISIA JO sprﬁwz: _Em.r
Bp 1o
(2207) ‘T8 10 1UBARD €0°0F9T°0 UONE)IR[-PIA UI)IS|0H 87¢°1 (DY) wIsAs Surp10921 SYRIUT PAjeIoNy SJISIA 10P33J JO UONRINp [ej0],
(85207) T8 1 wieyein 00 F€T0 SOAeD) UIdIS[OH [A%% ANV 9)UELIEA UONRIND SUDJULIP [0,
(epT0T) T2 10 WeyeIn 00FIT0 SaA[E) urd)sjoH 554 ANV doueLIRA UONAWNSUOD [RIO],
(ey07) 'I2 3 weyeln 1000 ¥ 800 saAfe) WAS[OH 9L0°01 ANV paads Bunyutiq
(e1T0T) T8 10 WeyerD 100F20°0 SOATED) UIIS[OH Sy ANV s Jod uoneInp SunjuLi(q
(4Z07) T¢ 1 wieyein 100 FL0°0 SOA[ED UIIS[OH 9L0°01 ANV uonenp SunyuLp jo wns Ajreq
(eZ07) T8 10 Weyein 100 €0°0 SaAe) UIIS|OH 9L0°01 ANV SHSIA POPIEMAI JO Joquinu A[re(
(ey00) '[2 30 weyern 100 00 SaA[R) UIdIS[OH 9L0°01 ANV uopdumsuod yjiw Ajreq
(€107) Te s Iy 60°0F 970 (our 9~) s10510H UIIS[OH w8 (1oyBe[[eD) 10pady oTuondo[q 9ZIS [2OUI FEIOAY
(er207) e 10 wieyein 10°0 5200 SOATED UIIS[OH wus'y ANV uondumsuod y[1u JISIA-Id
(€107) Te 10 uIg 60°0 ¥ 0F'0 (ot 9~) sx010H UIS|0H w8 (10y3e[[en) 10pad) d1UONIA[Y s[eaw Jo JoquinN
(T207) T8 10 IuRARD 200 F60°0 uoneIOR]-pIA UI9)S[0H /7€l (OIY) waIsAs SuIp10921 AEJUT PAJEWOINY Kep 1od sjeow Jo Joquiny
(7207) 'Te 12 1wRARD €00F91°0 UuoneIR[-PIA ur)s[oy 8TE1 (dno1n) wirejoyoH DY) WIsAs SuIp10921 LUl pAjRIoINY Kep 12d s)ISIA 19P23J JO JoqUINN
(2207) ‘Te 10 TURARD €0°0F91°0 UONE)IR[-PIA UI9)S|OH 8T¢1 (OIY) wesAs SuIp10001 ONEIUT PRI us1A Jod oxeju]
(2207) ‘1810 1ueAL) W00FE10 uonejoR[-pIA urdsjoq 8TE1 (OIY) WwasAs SuIp10921 AEIUI PAjRWOINY [eow 1od oyejup
(2207) T8 10 1ueAe) 200F11°0 UonEIOR[-PIA UI9)S[O /TE1 (DY) waIsAs Surp10001 AyeIUL pajewIONY ys1A 1ad oper Surpaay
(7207) 'Te 12 1URARD €O0FET0 UONBIR[-PIN [UEIN( ) 8TE1 (DY) wIsAs Furp10921 dYEIUT PAJRWOINY Jeaw 1ad Q)1 Surpag,|
(e207) Te 10 weyern 10°0 80070 SOATED) UI)S[OH usy ANV [eAIOYUI SUIPOS,|
(€107) Teso ury 80°0 F S¥°0 (our 9~) s1o10H UIS|oH w8 (10yBe[[en) 19Pad) AMUONI[Y uonexnp SuIpas,|
sojewnse [N
ABMONV e \V.EH:: SO0OFLIO SM0D mzzﬁoml— UId)S|OH AuN.NJ paseq-aueye-u pue nvﬁmom OIU0I)I «m@\_Oou\_ SNV WoJ paALRJ %onoono UOISIIAUOD %MHOEM—
(2207) ‘Te 10 TuRARD) 200F 10 UOneIOR[-PIA UI)S[OH /7€ woysAs SuIpI00aI eI pAjEWOINY [eou yoed Jo uoneIn
(2207) T8 10 1ueAR) €00 F91°0 uoneloe[-piA urd)sjoy 81 wWo)sAs SUIpI00AI eI PAYRWIOINY JISIA 19Pad) oRd JO uoneIn(g
Sojewnse [N
(L107) 'Te 10 Kopnyg $00FCI0 SM09 Junejoe] [UEIN(sY YLTT Paseq-auLy[e-U PUB ‘3[BIS IUOIIII ‘SPI0IAI SNV WOIJ PIALI douefeq A31ouyg
Sojewnso [N
(L107) 'Te 1 Adpny SO0FLIO SMO00 Suneioe] UIIS[OH YLTT Pposeq—ouey[e-U PUE ‘3[EdS OIUOIII[ ‘SPI0AI SIATY WOIJ POALId ayejur £310u9 JoN
SaRWNSd [N
C@ONV e %E‘SI SO0FHTO SM0D wﬁzmuomu— UEIN[GS whNJ paseq—aueye-u pue dﬁum QIU0I)IA[d rmﬁ\_oooh SNV WoIj paALRJQ EOEOSUO.H& A310U0 Tenpisay
Sojewmsa [N
(L107) e 30 Kopny €0°0F80°0 SMO0O Suneioe] urd)s[oH YLTT Paseq—ouL[B-U PUB “9[BIS IUOLIID ‘SPI0IAT SNV WOLJ PIALId oyejul AZ10u0 [eNpISaY
(£207) '[e 10 uosueydarg ¥€0-CT0 SMOD Funeie] uIIs|oH 6LE'L BIEp M PUe ‘WOH TINQ WOl paaLd JERSHELSIY]
(€100) Te R ury 60°0 F 80 (owr 9~) saj10H IS0 ws (12y3e[[eD) 19paaj O1u0K03|q JER]
€0°0F¥1°0
(L107) 'Te 10 d1prey pue 00 F €10 $MOD Funeoe] udISjoy  SL0°€ pue 2997 SPI0J3I A\ PUB ‘PJOIA [T DYEUI PII) PAJRWOINE WO PIALID( IER
80°0 F9€°0
(L107) 'Te 30 A0YsAg 0} LO0OFETO $M0D Funeoe] urs[oy SIE[[00 J0u Aq PA[[0NU0d $3JeT PAJ] ‘SuIq Pad] IER
(£202) 'Te 10 uasueydalg LE0-020 SMO0O Funeioe] urd)s[oq 6LEL (99yuasu] ‘waIsAs JIY) WoIsAs FuIpady O1uoN N
SMOD
(1207) 'Te 10 uospIetyoRy EI0FEC0 MO0 Suneioe] Auep uerensny 6LE w)sAs FuIp100a1 paay dLUONI INa
(€207) 'Te 10 yoag-ey[uezuey 200 F81°0 SMOO SuneloeT Py dIpION 156'1 (sesawed (I¢) WI)SAS e[ 3z 3[He) N
(£202) T 10 Yoag-EB[[IueZuB €O0FLI0 SM09 Sune)oe] Koszof 8LET (Serowres (J¢) wWaISAS OYeu] pao e N
(€207) 'Te 19 Yoag-el[iuezuey 200FSTO M09 Suneioe] UIIS[OH 889°C (sexowres () WISAS oxeju] poa g o[ne) INa
(€107) 1210 ur] 60°0 F 050 (ow 9~) siotoy Auteq UIdIS[OH w8 19pagy d1u0193]g INa
(L107) "Te 30 d1paey €00 F€T0 (snoxednynuw) smod Suneoe| UI)S[OH 1997 (SIAV U1 PapI003I) WISKS AYRIUL PAJJ PAIEWOINY NG
(L107) 'Te 10 a1pIey €00 F2€0 (1d) smod Funeroe UIIS[OH SLO'E (S Ut papi03a1) wosAs ayejut pagy pojewony INad
80°0 F 61°0
(L107) e 30 AOySAg 01 L0'0 F TE'0 SMO0 Funeloe] USIBIVE] SIB[[00 303U Aq PI[[ONU0D SAIEF PId ‘Sulq P Jiet
¥0°0 F9€°0
(€207) 'Te 10 vRULIOOg 9 $0°0F 610 SMOD Funyeioe URISIOH  856°T ) 86S°1 (1oye[[eD) 10Pay dIUO1III INa
(¥207) peisuLIop pue ayyeg 670 SM00 Funeioe] Py urIZomioN LSS (oyeyur a3eySnod 10§ $HYSIOM) [01UOJOIE WOIJ SUIQ P INa
Q0UIJOY S ages oyr'] poarg N pueiq Jo od4) J0sudg eIy

(suonendod apnes Kirep ur Aoudioljo pady pue “IOIABYDG SUIPao) ‘OXEIUT PAS) 0) paje[al siIe) 10§ (L1f) A)N[IqeILIdaY JO SRS *9 dqEL

Journal of Dairy Science Vol. 108 No. 10, 2025



Brito et al.: INVITED REVIEW: SENSOR DATA FOR GENETIC IMPROVEMENT

ic selection for heat tolerance are essential to maintaining
productivity and animal welfare. Several variables can be
measured to assess heat tolerance in dairy cattle, aiding
in genetic selection for improved thermotolerance (Luo
et al., 2021a,b; Hu et al., 2023). Physiological indicators
such as rectal or vaginal temperature, respiration rate,
and sweating rate provide direct measures of an animal’s
ability to dissipate heat. Coat characteristics, including
hair length, coat color, and hair density, influence heat
absorption and retention. Most studies evaluating the
genetic background of heat tolerance in dairy cattle
have focused on variability of performance data (e.g.,
milk yield, fertility) across environmental gradients usu-
ally defined based on data from public weather stations
(Silva Neto et al., 2024; Misztal et al., 2025; Shi et al.,
2025). To our knowledge no estimates of heritability ex-
ist for sensor-derived indicators of heat stress in dairy
cattle. Recent studies have investigated variability in
automatically recorded vaginal temperature in lactating
sows based on random regression models (Wen et al.,
2023) and also derived resilience indicators with moder-
ate heritability estimates (Wen et al., 2024). The same
sensors could be used in dairy cattle studies.

Dairy Cow Behavior

Behavior encompasses a complex set of activities
exhibited by animals in response to various stimuli,
including environmental, social, internal factors, and
human handling. Understanding and quantifying pheno-
typic variability in behavioral traits within dairy cattle
populations is crucial for identifying new traits that can
be incorporated into breeding programs (Pacheco et al.,
2025). As reviewed by Pacheco et al. (2025) and Chang
et al. (2020), dairy cattle exhibit a wide range of behav-
iors throughout their lives, which can be categorized into
several groups. These include, but are not limited to, calf
behavior, feeding and drinking behavior, rumination pat-
terns, estrus expression, reproductive behaviors in both
males and females, responses to milking, interactions
with on-farm technologies, reactions to stressors (such
as heat stress, infectious diseases, nutritional challenges,
and novel objects), maternal behavior, and social interac-
tions. Tables 2, 3, and 4 present heritability estimates for
sensor-based behavioral traits, including activity (Table
3) and rumination traits (Table 4). Heritability estimates
for sensor-based traits tend to be higher than for manu-
ally recorded variables. For instance, using manual ob-
servations of cow behavior across 24 h, Levendahl and
Munksgaard (2016a) found very low heritabilities for
activity traits (e.g., daily lying time: 0.00 £ 0.10, number
of lying bouts/day: 0.01 + 0.09; lying bout duration 0.07
+ 0.08). However, studies using pedometers or neck col-
lars found higher values (e.g., 0.09 + 0.05: Schopke and
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Weigel, 2014; 0.23 £ 0.07: Lemal et al., 2024; 0.19 +
0.06: Nascimento et al., 2024 and see Table 3). This is
likely because the use of sensors allows for continuous
recording for larger numbers of animals across longer
time periods. Interestingly, heritability was higher when
lying was considered over periods longer than a day. This
supports the idea that lying time is elastic and related
to eating time (Levendahl and Munksgaard, 2016a); to
support high yields, cows must adjust their lying time
within a day to ensure that they have sufficient time to
feed. However, that lying time is an important “need”
that must be fulfilled over the longer term.

Activity. As discussed above, one of the first applica-
tions of sensor technology to dairy farming was the devel-
opment of an activity monitor that detected the rise in ac-
tivity associated with estrus (e.g., Dolecheck et al., 2015).
Wearable collars, ear-tags, or similar accelerometer-based
tools generate data permanently and at relatively low costs
which can be related to welfare and health. The discovery
that activity changes in response to disease and pain led to
the development of systems that predict time of calving,
lameness, and milk fever (Beer et al., 2016; Borchers et
al., 2017; Barraclough et al., 2020).

Feeding and Rumination. Changes in eating, grazing,
and rumination time have also been used to detect poor
health (Simoni et al., 2024). Changes in eating time can
also be used as a measure of heat tolerance (Lemal et al.,
2024). Lovendahl and Munksgaard (2016a) found low to
moderate heritabilities for feeding behavior using manual
observations (daily feeding time: 0.20 £ 0.13, number of
feeding bouts/day: 0.12 = 0.09; duration of feeding bouts:
0.06 = 0.09). Estimates of heritability for eating time us-
ing sensors are generally higher (e.g., 0.42 + 0.09: Atashi
et al., 2024). Estimates for rumination vary somewhat
with the sensor used (between 0.14 to 0.45; see Table 4).
Again, heritability values are typically higher when cal-
culated over a longer time period and not just daily. This
also suggests that the amount of eating and ruminating
within a day may be somewhat flexible, but it is critical
that certain levels are maintained in the longer term.

Personality and Other Behavior Patterns. Underly-
ing traits that affect the expression of behavior, such as
response to milking (milking temperament), have been
shown to have low to moderate heritabilities (e.g., 0.07
+ 0.001 Pryce et al., 2000; 0.13 = 0.01: Sewalem et al.,
2011; see Haskell et al., 2014; Chang et al., 2020; and
Pacheco et al., 2025, for literature reviews). The trait of
“number of kick-offs” is a similar trait measured in AMS.
It also has a low heritability (0.06 £ 0.01; Wethal and
Heringstad, 2019). Many other behavior patterns contrib-
ute to welfare in dairy, such as positive and negative so-
cial interactions in adult cattle and play in calves. Sensor
technology has been used to measure play in calves (e.g.,
Gladden et al., 2020; Vazquez-Diosdado et al., 2024),
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but heritability has not been estimated. Learning and
behavioral plasticity in cattle has been genetically evalu-
ated using longitudinal docility records (Alvarenga et al.,
2023), but sensors and cameras could be great tools for
deriving cognition and behavioral plasticity traits. The
use of technology to classify and count social interac-
tions has been considered, but further research is needed.
Although the individual behavior patterns appear to have
low heritability, traits do exist that assess overall patterns
of behavior and that are important for animal welfare and
production, which could be monitored via sensor systems
and included in breeding programs.

Animal Resilience

Resilience can be defined based on the ability of
animals to be minimally affected by environmental
disturbances or quickly return to the unperturbed state
(Colditz and Hine, 2016). Dairy cattle are exposed to
multiple stressors throughout their lives, including
thermal stress, injuries and diseases, social stress, and
nutritional stress (Jurkovich et al., 2024). In general,
these stressors negatively affect animal performance
and other traits longitudinally recorded by digital tech-
nologies (e.g., milk yield, feed intake, activity, rumi-
nation time). Therefore, over the past few years, there
has been a great interest in deriving resilience traits
based on longitudinal records in various species. For
instance, several authors have derived resilience based
on variability in milk yield recorded by AMS and parlor
systems (Poppe et al., 2020, 2021; Chen et al., 2023).
These traits are heritable in Holstein cattle populations
with heritability estimates ranging from 0.01 to 0.25
(Poppe et al., 2020, 2021; Chen et al., 2023; Maskal et
al., 2024). Milk losses and variability during environ-
mental perturbations across lactations stages have also
been proposed as resilience indicators and shown to
be genetically correlated with health traits in Holstein
cattle (Wang et al., 2022, 2024). Poppe et al. (2022)
also derived resilience indicators based on daily step
count measured by Nedap Smarttag leg accelerometers
(Nedap, Groenlo, the Netherlands). Heritability esti-
mates were highest for resilience indicators describing
mean step count, from 0.22 for the 2-wk period prepar-
tum to 0.45 for the whole lactation. In dairy calves, Gra-
ham et al. (2024b) derived various resilience indicators
based on variability in milk consumption recorded by
automated milk feeders. The derived resilience indica-
tors quantified the degree and duration of perturbations,
including amplitude, perturbation time, recovery time,
and deviation velocities. Although low, all the derived
calf resilience traits were found to be heritable and
some of them were moderately genetically correlated
with the number of treatments for bovine respiratory
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Table 8. Heritability (h?) estimates for BW and udder conformation traits derived from automatically recorded data'

Reference

h?+SE

Breed

N

Sensor type or brand

Trait

Breider et al. (2019)
Hardie et al. (2017)
Hardie et al. (2017)

0.40-0.67

Holstein

184

Electronic scale (in AMS)
Electronic scale (in AMS)
Electronic scale (in AMS)

BW

0.51+0.03
0.46 +0.03

Holstein
Holstein
Holstein
Jersey

Manzanilla-Pech et al. (2023)
Manzanilla-Pech et al. (2023)
Manzanilla-Pech et al. (2023)

Stephansen et al. (2023)

0.51+0.04
0.45 +0.04
0.58 +0.04
0.39-0.52

<0.02

Nordic Red
Holstein

Stephansen et al. (2023)
Tribout et al. (2023)
Tribout et al. (2023)
Tribout et al. (2023)
Tribout et al. (2023)

Holstein

0.31-0.53
0.43-0.56

0.04
0.02

Holstein
Holstein

Holstein
Holstein

Medeiros et al. (2024)
Medeiros et al. (2024)
Medeiros et al. (2024)
Medeiros et al. (2024)
Medeiros et al. (2024)

Poppe et al. (2019)
Poppe et al. (2019)
Poppe et al. (2019)
Poppe et al. (2019)
Poppe et al. (2019)

0.41 +0.02
0.65 +0.02
0.53 +0.02
0.40 +0.02
0.79 +0.01
0.47 +0.02
0.60 +0.02
0.69 +0.02
0.61 +0.02
0.40 +0.02

Holstein

Holstein
Holstein
Holstein

Metabolic BW

BW
BW
BW
BW

Metabolic BW

Cattle Feed Intake System (3D cameras)

Cattle Feed Intake System (3D cameras)

Cattle Feed Intake System (3D cameras)

Automated weighing system

Derived from automated weighing system data

Electronic scale (in AMS)
Electronic scale (in AMS)

Change in BW

Weekly average BW, lactation 1
Weekly average BW, lactation 2

Derived from sensor-recorded body weight
Derived from sensor-recorded body weight

AMS
AMS
AMS

BW loss from wk 1 to wk 5, lactation 2

BW loss from wk 1 to wk 5, lactation 1
Udder balance

AMS
AMS
AMS

Distance front-rear
Front teat distance
Rear teat distance

Udder depth
Rear teat distance

AMS
AMS
AMS

Distance front—rear

Front teat distance
Udder balance

Udder depth

AMS
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'AMS = automated milking system.
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diseases (Graham et al., 2024b). This is an active area
of research and sensors are a great source of data for
deriving such traits.

Fertility and Reproduction Traits

Fertility and reproduction traits are usually lowly heri-
table and highly polygenic (Fleming et al., 2019; Chen
et al., 2022), implying reasonable interest in identifying
novel traits that may be more heritable (Fleming et al.,
2019). Cow activity measurements are widely used in
herd management tools for estrus detection. Therefore,
data from activity sensors can be used to derive novel
traits useful for genetic evaluation of cow fertility, which
reflect the cow’s ability to return to estrus cyclicity and
to show estrus after calving. One example of a trait de-
rived from measures of increased level of activity is the
interval from calving to first high activity (CFHA). Esti-
mated heritability of CFHA range between 0.05 and 0.18
(Levendahl and Chagunda, 2009; Heringstad and Wethal,
2023; Table 5). Other possibilities could be to define heat
strength from measures of the height and duration of the
increased activity peak. Cow activity data could also be
used to derive traits such as conception rate.

Progesterone in milk is an indicator of cow fertility
and can be used to derive a variety of traits, measuring
different aspects of cow fertility. On-farm technology
such as Herd Navigator (DeLaval Int., Tumba, Sweden),
with in-line systems for automatic sampling and analy-
ses of milk, provides measures of the cow’s estrus and
pregnancy status. Research from Hiaggman et al. (2019),
Tarekegn et al. (2019), and Tenghe et al. (2015) demon-
strated that information from in-line milk progesterone
measures can be used to define novel fertility traits for
genetic evaluation such as commencement of luteal ac-
tivity, defined as the number of days from calving to the
commencement of luteal activity. Automatic, continuous
recording of cow activity or progesterone in milk may
provide objective and frequent measures of traits related
to different aspects of cow fertility. Traits derived from
such measures would be less affected by herd manage-
ment decisions than traditional fertility traits based on
insemination dates, and these new traits can supplement
or replace current cow fertility traits.

Feed Intake, Feeding Behavior, and Feed Efficiency

Feeding represents one of the largest costs of dairy
cattle production. Therefore, improving feed efficiency
through genomic selection has been a key goal of the
dairy cattle sector over the past few decades. In addi-
tion to feed efficiency traits, feed intake variability and
feeding behavior can be related to health status and other
stressors. For instance, fluctuations in rumination time

Journal of Dairy Science Vol. 108 No. 10, 2025

10463

and regurgitation frequency can indicate changes in di-
gestion, stress, or disease (Simoni et al., 2023; Hoffmann
et al., 2024). Therefore, such variables can be used for
assessing animal health status, early disease detection,
and improving dairy cow management. Various equip-
ment has been employed for recording feeding related
traits, including 3D cameras and various types of elec-
tronic feeders. Table 6 presents heritability estimates for
various indicators of feed efficiency, feeding behavior,
and feeding intake. Traits such as DMI and residual feed
intake (RFI) are moderately heritable with estimates
ranging from 0.13 to 0.49 (Table 6). It is worth noting
that a cost-effective system based on 3D cameras has
been proposed in Denmark (Cattle Feed Intake System)
with heritability estimates for DMI of 0.25 £ 0.02 in Hol-
stein and 0.17 £ 0.03 in Jersey cattle (Manzanilla-Pech
et al., 2023). Various other feed-related traits have been
derived over time (Table 6), but most dairy breeding pro-
grams have only included feed efficiency traits in their
selection indexes.

Methane Emissions

Breeding is an efficient tool that can be used to re-
duce the environmental footprint of dairy production.
Various methods and sensors for individual measures of
enteric GHG emissions in cattle have been developed,
where “sniffers” installed in AMS feed bins and Green-
Feed systems are most common in genetic studies (Table
7). A common proxy for methane production predicted
from MIR, which has the advantage that it can be used
to generate large amounts of data (Table 7). Heritability
estimates of methane emissions in dairy cows range from
0.10 to 0.39 (Table 7). The substantial genetic variation
for methane emissions illustrates a potential for reducing
methane emissions from dairy cows through breeding.

Body Condition, BW, and Conformation

Body condition and conformation are critical aspects
of dairy cattle management and play a significant role in
many breeding programs. These traits interact with health,
productivity, fertility, and overall welfare of dairy cows
being the reason for issues, but also visible consequences.
The integration of sensor technologies offers new op-
portunities for the accurate and continuous monitoring
of these traits, thereby enhancing genetic evaluations and
breeding decisions. Basic technologies are mostly rely-
ing on 3D Imaging Systems capturing detailed images of
the bodies of cows, allowing for precise measurements of
body condition and conformation traits leading to the pre-
diction of BW. Three-dimensional imaging can be used
to assess body shape, udder depth, teat placement, and
other conformation characteristics. Related technologies
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Table 9. Heritability (h?) estimates for milking efficiency and milk-related traits derived from automated milking systems (AMS; milking robots) in

dairy cattle populations

Trait Breed h?+ SE Reference
Attachment time 1,899 Holstein 0.25+0.007  Piwczynski et al. (2021)
Average flow rate 1,645 Swedish Holstein 0.37 +0.06 Carlstrom et al. (2013)
Average flow rate 1,512 Swedish Holstein 0.40 +£0.08 Carlstrom et al. (2013)
Average flow rate 1,447 Swedish Red 0.37+0.07 Carlstrom et al. (2013)
Average flow rate 1,544 Swedish Red 0.48 £ 0.08 Carlstrom et al. (2013)
Milk flow rate 1,714 Holstein 0.55+0.14 Dechow et al. (2020)
Milk harvest rate 1,714 Holstein 0.30+£0.10 Dechow et al. (2020)
Average milk flow rate 401 Holstein 0.49 + 0.06 Gide et al. (2006)
Maximum milk flow rate 401 Holstein 0.55+0.05 Gide et al. (2006)
Average milk flow rate 4,507 Holstein 0.43t00.52  Pedrosa et al. (2023)
Maximum milk flow rate 4,507 Holstein 0.47t0 0.58  Pedrosa et al. (2023)
Flow rate 4,883 Norwegian Red 0.48 + 0.04 Wethal and Heringstad (2019)
Box time 1,645 Swedish Holstein 0.21+0.05 Carlstrom et al. (2013)
Box time 1,512 Swedish Holstein 0.24 +0.07 Carlstrom et al. (2013)
Box time 1,447 Swedish Red 0.38 £0.06 Carlstrom et al. (2013)
Box time 1,544 Swedish Red 0.44 +0.07 Carlstrom et al. (2013)
Box time 1,053 Swedish Holstein 0.24 Carlstrom et al. (2014)
Box time 1,749 Swedish Red 0.45 Carlstrom et al. (2014)
Box time 2,258 Holstein 0.25+0.05 Lovendahl and Buitenhuis (2022)
Box time 2,407 Jersey 0.27+0.05 Levendahl and Buitenhuis (2022)
Box time 1,486 Holstein 0.21+0.03 Sitkowska et al. (2024)
Box time 4,883 Norwegian Red 0.27+0.03 Wethal and Heringstad (2019)
Connection time 27,726 Danish Holstein (including Danish Red 0.36 +0.02 Stephansen et al. (2018)
Holstein)

Handling time 4,883 Norwegian Red 0.05+0.01 Wethal and Heringstad (2019)
Incomplete milkings 1,714 Holstein 0.03 +0.01 Dechow et al. (2020)
Incomplete milkings 4,883 Norwegian Red 0.01 £0.005  Wethal and Heringstad (2019)
Leakage 66,743 Norwegian Red 0.04 +0.01 Wethal et al. (2020a)
Milk yield 1,713 Holstein 0.25+0.05 Aerts et al. (2021)
305-d mature-equivalent 1,714 Holstein 0.30+0.02 Dechow et al. (2020)

milk yield
Milk yield (5 to 70 d postpartum) 670 Nordic Red 0.29+0.13 Haggman et al. (2019)
Milk yield 401 Holstein 0.20+0.03 Gide et al. (20006)
Daily milk yield 953 Holstein 0.14-0.20 Nixon et al. (2009)
Daily milk yield 4,507 Holstein 0.07t0 0.28  Pedrosa et al. (2023)
Daily milking frequency 953 Holstein 0.02-0.08 Nixon et al. (2009)
Milking efficiency 4,506 Holstein 0.45t00.56  Pedrosa et al. (2023)
Milking frequency 1,713 Holstein 0.23 +0.04 Aerts et al. (2021)
Milking failures 4,511 Holstein 0.02 +0.01 Pedrosa et al. (2023)
Milking efficiency 1,486 Holstein 0.35+0.01 Sitkowska et al. (2024)
Milking efficiency 4,883 Norwegian Red 0.22+0.03 Wethal and Heringstad (2019)
Milking frequency 2,258 Holstein 0.22 +0.04 Levendahl and Buitenhuis (2022)
Milking frequency 2,407 Jersey 0.17+0.04 Lovendahl and Buitenhuis (2022)
Milking frequency 1,899 Holstein 0.51+0.01 Piwczynski et al. (2021)
Milking frequency 4,883 Norwegian Red 0.05+0.01 Wethal and Heringstad (2019)
Milking frequency (DIM 0-99d) 1,216 Not reported (dairy cattle) 0.16 +0.04 Konig et al. (2006)
Milking frequency 1,112 Not reported (dairy cattle) 0.19£0.05 Konig et al. (2006)

(DIM 100-199 d)
Milking frequency 1,004 Not reported (dairy cattle) 0.22£0.05 Konig et al. (2006)

(DIM 200-299 d)
Test-day milking frequency 543 Holstein 0.14+0.01 Nixon et al. (2009)
Milking interval 1,645 Swedish Holstein 0.26 +0.05 Carlstrom et al. (2013)
Milking interval 1,512 Swedish Holstein 0.17+0.05 Carlstrom et al. (2013)
Milking interval 1,447 Swedish Red 0.09 +0.03 Carlstrom et al. (2013)
Milking interval 1,544 Swedish Red 0.23£0.05 Carlstrom et al. (2013)
Milking interval 4,883 Norwegian Red 0.02+0.01 Wethal and Heringstad (2019)
Milking refusals 4,511 Holstein 0.09 +0.01 Pedrosa et al. (2023)
Milking speed 1,713 Holstein 0.42 +0.07 Aerts et al. (2021)
Milking speed 1,899 Holstein 0.43+£0.01 Piwczynski et al. (2021)
Milking speed 1,486 Holstein 0.36 +0.05 Sitkowska et al. (2024)
Milking speed 72,487 Norwegian Red 0.22+0.01 Wethal et al. (2020)
Milking time 1,714 Holstein 0.26 + 0.04 Dechow et al. (2020)
Milking time 401 Holstein 0.38 +0.03 Gide et al. (2006)
Milking time 4,507 Holstein 0.22t0 0.28  Pedrosa et al. (2023)
Milking time 1,899 Holstein 0.31+0.01 Piwczynski et al. (2021)
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Table 9 (Continued). Heritability (h?) estimates for milking efficiency and milk-related traits derived from automated milking systems (AMS;

milking robots) in dairy cattle populations

Trait N Breed h’+ SE Reference

Natural logarithm of number of 27,726 Danish Holstein (including Danish Red 0.26 £0.02 Stephansen et al. (2018)

attachments per teat Holstein)

Number of milkings 1,447 to 1,645 Swedish Holstein and Swedish Red 0.02+0.01 to  Carlstrom et al. (2013)
0.07£0.01

Number of milkings 1,714 Holstein 0.07 £0.02 Dechow et al. (2020)

Incomplete milkings 4,883 Norwegian Red 0.14+0.03 Wethal and Heringstad (2019)

Milkings with teat not found 4,883 Norwegian Red 0.12+0.03 Wethal and Heringstad (2019)

Rejected milkings 4,883 Norwegian Red 0.05 +0.02 Wethal and Heringstad (2019)

Teat not found 4,883 Norwegian Red 0.002 £ 0.004 Wethal and Heringstad (2019)

generation spatial coordinated allow, automatically dur-
ing AMS milking, to acquire udder conformation traits,
which were already considered for use in genetic evalu-
ations in several countries (Poppe et al., 2019; Medeiros
et al., 2024) because of its low costs (i.e., no need to send
an appraiser) and good integration in the development of
AMS systems. Advanced technologies are also automated
BCS systems using cameras and image analysis software
to automatically score body condition with numerous
contributions in the last 20 yr (e.g., Bewley et al., 2008b;
Hernandez-Gotelli et al., 2023). They provide consistent
and objective assessments, reducing the variability asso-
ciated with manual scoring. Moreover, efforts are ongo-
ing to estimate BW, BCS, and type traits in dairy cows
using 3D cameras but also integrating them with manual
body measurements (e.g., Martins et al., 2020). Finally,
indirectly through devices such as accelerometers and
pedometers, one can monitor cow activity and movement
patterns, providing indirect indicators of body condition
and conformation defects as leg health. Changes in activ-
ity levels and movement patterns can signal issues such as
lameness (Nejati et al., 2023) or discomfort then leading
to lower BCS. As shown in Table 8§, BW and body confor-
mation traits have moderate to high heritability estimates,
ranging from 0.31 to 0.79 (Table 8).

Milk Production and Milking Efficiency

Automated milking systems facilitate the continuous
monitoring of various traits related to lactation perfor-
mance and animal behavior, providing valuable data for
both management and genetic selection. With the wide
adoption of AMS in dairy farms, such datasets are being
generated in large scale. In addition to milk yield, other
traits related to milking efficiency are of great interest,
including milking speed or flow rate, box time, number of
incomplete milkings, milking interval, milking failures,
and milking refusals. As shown in Table 9, most traits re-
lated to milk yield and milking efficiency have moderate
heritability estimates, indicating that genetic selection for
improved performance in robotic dairy farms is feasible.
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DATA ACCESS, OWNERSHIP, STORAGE,
AND INFRASTRUCTURE

Effective genetic evaluations and breeding programs
incorporating data from sensors and other technolo-
gies are based on large-scale datasets. The storage and
management of data for dairy cattle genetic evaluations
require a robust and scalable infrastructure capable of
handling large and multidimensional datasets (Wangen
et al., 2021). As large amounts of data are generated, an
important step is the definition of the variables and data
that should be stored for long-term usage to ensure con-
sistency, relevance, and efficiency in genetic evaluations.
The primary challenges include ensuring data integrity,
security, and accessibility while maintaining computa-
tional efficiency for real-time or near-real-time analyses.
High-throughput storage solutions, such as distributed
databases and cloud-based platforms, are essential to ac-
commodate the continuous influx of genomic and pheno-
typic data from diverse sources. Additionally, standard-
ized data formats and interoperability frameworks are
necessary to facilitate seamless integration and analyses
across research institutions, breeding organizations, and
industry stakeholders. Efficient indexing, redundancy
mechanisms, and scalable computing resources are criti-
cal to optimizing data retrieval and processing for ac-
curate and timely genetic evaluations. However, many
factors must be considered before a structured data flow
system can be incorporated into genetic evaluations. This
includes regulatory considerations such as data access
and portability rights, data access modalities (automatic
and secure data transfer pipelines on site or off site), data
storage (format, resolution), data governance, robust data
security, and ethical considerations. Therefore, a need
exists for clear data sharing agreements, which include
the above-mentioned points for parties involved in data
generation. Stakeholders (with support from regulatory
agencies) should foster trust and develop business mod-
els that are of mutual benefit. Examples of stakeholders
include dairy farmers, DHIA organizations, technology
providers, ICAR, universities, and other research organi-
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zations, breeding companies, national genetic evaluation
centers, and others.

In general, dairy producers own and control the use of
data generated in their herds, including genomic infor-
mation, and access to their data is regulated by agree-
ments signed with DHIA service providers, research
organizations, or other institutions. However, getting
access to data sets from on-farm technologies in the first
place usually require agreements between relevant stake-
holders for the specific purpose, good data governance
practices, and efficient computing infrastructure.

The use of sensor-derived data for genetic improvement
introduces critical questions about legal data allocation
(commonly called “data ownership”) and the allocation of
the results of data sharing, intellectual property rights, and
privacy. Although farmers generate and manage these data
streams through on-farm technologies, access and porta-
bility rights become ambiguous when the farmer generates
data, which it does not control factually because they are
“possessed” by the manufacturer. The lack of explicit data
governance frameworks poses risks of data misuse, re-
stricted farmer access, and inequitable value distribution.
Therefore, ensuring that farmers retain appropriate control
over their sensor data while enabling its use for genetic
advancements is essential to fostering trust and maximiz-
ing industry benefits (Barton et al., 2025).

Astherole of sensor data in genetic evaluations expands,
the need for standardized policies on data access, sharing,
and monetization becomes increasingly important. Regu-
latory frameworks in Europe, such as the General Data
Protection Regulation for personal data and the upcoming
Data Act as a horizontal regulation for user access to all
Internet of Things data and the Data Governance Act as
data governance regulation, will facilitate data sharing in
the future while preserving privacy of personal data and
trade secrets, and creating trust in data sharing. Without
clear policies, farmers risk losing control over their sen-
sor-derived data, potentially leading to restricted access
to genetic insights derived from their own contributions.
Transparent policies and contracts should define access
and portability rights, provide mechanisms for opt-in or
opt-out participation, and ensure equitable value distribu-
tion among all stakeholders (Majcen, 2022; Barton et al.,
2025). To efficiently integrate new traits into large-scale
breeding programs, several technical and legal problems
need to be resolved, especially when it comes to interop-
erability and data governance.

ROADMAP FOR USING SENSOR DATA
FOR GENETIC EVALUATIONS

For the efficient implementation of routine genetic and
genomic evaluations, collaboration among various stake-
holders and organizations is essential. At the core of this
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process is the commitment of dairy farmers, whose ac-
tive participation ensures the availability of sensor data
for downstream analyses, which also allows reliability
checking of the automated data collection. As sensor
technologies become more widespread, dairy farmers
may also seek to monetize their data, potentially making
agreements with research organizations, national genetic
evaluation centers, or even selling their data to private
dairy breeding companies that are developing reference
populations for novel traits. However, the benefit from
reliable genetic and genomic evaluations has sustained
the routine centralized data processing, and it is not yet
clear whether the availability of new data sources such
as sensor technology will, in the long term, lead to split
of data flow and limited data sharing with the established
national evaluation centers.

As datasets are generated, pipelines must be devel-
oped for routine gathering and integration of the sensor
data, with frequent data delivery or real-time data flow
to a central platform. The DHIA organizations play a
crucial role in the routine collection, aggregation, and
analyses of recorded variables. As trusted data handlers
with long-term experience in data management, they
are well positioned to facilitate the integration of sen-
sor data into genetic evaluations. The network of DHIA
organizations and related computation centers provide
the required infrastructure for data governance, enabling
benchmarking and sectoral analyses while maintaining
neutrality across different sensor brands and models.
Their strong connections with governmental and breed-
ing organizations further enhance their capacity to
standardize and validate sensor-derived information.
To maximize the benefits of sensor data integration,
well-documented metadata, and clear guidelines for data
editing, control, and analyses under routine conditions
must be established. Implementing data governance
principles based on fairness and transparency is essen-
tial for building long-term trust among farmers, dairy
sector stakeholders (e.g., DHIA, breeding organizations,
companies, breed associations, national genetic evalua-
tion centers), and research institutions. In this context,
acknowledged international bodies, such as ICAR, must
provide the framework for ensuring interoperability
and consistency across data sources, including guide-
lines and reference standards to promote the effective
use of sensor data in genetic and genomic evaluations.
Standards for data recording and use are developed and
agreed upon by experts and include consensus on how
to better integrate, edit, and use the different types of
automatically recorded data. However, the development
of such standards and guidelines implies reasonable ef-
forts and requires collaboration and agreement between
different stakeholders. Therefore, working groups such
as the ICAR-IDF Sensor Initiative (Egger-Danner et al.,



Brito et al.: INVITED REVIEW: SENSOR DATA FOR GENETIC IMPROVEMENT

2024) are valuable to meet these goals. Standards facili-
tate cooperation between stakeholders and result in more
efficient data exchange and use, improved interpretation
and more consistent results (Baldin et al., 2025).

All the integrated data needs to be securely stored in
central databases for performing genetic and genomic
analyses and routine genetic evaluations. For instance,
producers-owned central databases could be essential for
advancing the dairy sector, making neutral benchmarks
available, ensuring autonomy from international provid-
ers, and enabling collective research as well as genetic
progress through reliable comprehensive evaluation
systems. The datasets available can be used for deriving
novel traits for refining selection indexes. Data editing,
processing, and integration should be highly automa-
tized. After the traits of interest are derived, variance
components should be (re)estimated on a regular basis.
Genomic evaluations are then performed, followed by
aggregation of the (G)EBVs in selection indexes, which
are reported to breeding organizations and dairy farmers
as basis for selection and culling decisions at the farm
and population levels.

Finally, the optimal use of sensor data in dairy genetics
requires continuous advancements in education and pro-
fessional training. The next generation of professionals,
including breeders, farm managers, and veterinarians,
must be equipped with the knowledge how to make best
use of the wealth of information becoming regularly
available. Having animal science expertise and strong
data science skills is helpful and may become a prerequi-
site for successful dairy farm management in the future.
Strengthening these capacities will ensure that sensor
data are effectively leveraged for improving genetic
evaluations and overall efficiency of the dairy sector.

CONCLUSIONS

The integration of sensor technologies into dairy cattle
breeding offers a major opportunity to enhance genetic
evaluations and accelerate progress in traits linked to
health, welfare, and sustainability. High-frequency, ob-
jective data from automated systems enable more precise
selection criteria and improved evaluation reliability.
Realizing this potential requires overcoming challenges
in data harmonization, standardization, access, and gov-
ernance. Transparent sharing frameworks, stakeholder
collaboration, and robust quality control are essential.
Global bodies like ICAR and IDF are key to developing
guidelines that ensure interoperability. Success will also
depend on policies that balance data ownership, privacy,
and fair value, along with scalable infrastructure, artifi-
cial intelligence—driven analytics, and professional train-
ing. By addressing these needs and fostering innovation,
the dairy sector can leverage precision livestock farming
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to boost productivity, improve welfare, and advance sus-
tainable breeding, transforming dairy herd improvement
into a more efficient, data-driven process worldwide.
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