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ABSTRACT

This review synthesizes a range of research findings regarding behavioral and production responses
to health disorders and subsequent illness detection
for herds using automatic (robotic) milking systems
(AMS). We discuss the effects of health disorders on
cow behavior and production, specifically those variables that are routinely recorded by AMS and associated technologies. This information is used to inform
the resultant use of behavior and production variables
and to summarize and critique current illness detection
studies. For conventional and AMS herds separately,
we examined research from the past 20 yr and those
variables recorded automatically on-farm that may
respond to development of illness and lameness. The
main variables identified were milk yield, rumination
time, activity, and body weight, in addition to frequency of successful, refused, and fetched (involuntary)
milkings in AMS herds. Whether making comparisons
within cow or between sick and healthy cows, consistent
reductions in activity, rumination time, and milk yield
are observed. Lameness, however, had obvious negative
effects on milk yield but not necessarily on rumination
time or activity. Finally, we discuss detection models for
identifying lameness and other health disorders using
routinely collected data in AMS, specifically focusing
on their scientific validation and any study limitations
that create a need for further research. Of the current
studies that have worked toward disease detection,
many data have been excluded or separated for isolated
models (i.e., fresh cows, certain lactation groups, and
cows with multiple illnesses or moderate cases). Thus,
future studies should (1) incorporate the entire lactating
herd while accounting for stage of lactation and parity
of each animal; (2) evaluate the deviations that cows
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exhibit from their own baseline trajectories and relative to healthy contemporaries; (3) combine the use of
several variables into health alerts; and (4) differentiate
the probable type of health disorder. Most importantly,
no model or software currently exists to integrate data
and directly support decision-making, which requires
further research to bridge the gap between technology
and herd health management.
Key words: automatic milking, robotic milking,
behavior, health management
INTRODUCTION

Rapid adoption of automatic (robotic) milking systems (AMS) for dairy cows is occurring worldwide. As
of 2014, over 25,000 farms globally were using AMS
(Barkema et al., 2015) and this number continues to
grow. In Europe, this has been predominantly driven
by growth in the Netherlands and Nordic countries,
and in North America, Canada is the major domain
of AMS use because of stable milk prices through supply management (Barkema et al., 2015). Benefits of
AMS for farmers include reduced labor requirements
and greater time flexibility, while cows benefit by having more freedom to control their time budgets (Jacobs
and Siegford, 2012). Regarding health management, a
key advantage of AMS is the availability of daily, cowlevel data that are collected by AMS and associated
technologies. As a result, Tse et al. (2017) reported
that, after transitioning to AMS, 66% of producers
changed their health management strategy and 80%
of producers found illness detection to be easier than
before transitioning because of the AMS and associated
health-monitoring software. On the other hand, some
of the main barriers preventing adoption of technology
by dairy producers are that technologies are not easy to
use, they provide too much information without clear
recommended action, and that their performance must
be evaluated by independent research (Russell and Bewley, 2013; Borchers and Bewley, 2015).
Thus, there is a need to transform behavior and production data into timely, useful, reliable, and actionable information for producers. Not only should these
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data be collected by validated technologies, they must
be incorporated into validated models and algorithms
by combining the knowledge of field experience and science. Producers must adapt their management skills
to become more technology-based as they spend more
time viewing and interpreting data. Furthermore, farmers, advisors, and support staff must learn to interpret
information correctly, and with this information, they
can implement the proper herd management and corrective action needed to achieve success with AMS.
Therefore, this review summarizes research over the
past 20 yr pertaining to the effects of health disorders
on behavior and productivity of dairy cows, and the
resultant use of those variables to help detect disorders.
However, because such a large focus has been placed on
using milk quality variables, such as electrical conductivity, SCC, and color, to detect mastitis in previous
research (Hogeveen et al., 2010; Rutten et al., 2013),
this review will focus on using routinely collected
behavior and production measures to detect locomotion and metabolic disorders such as lameness, hoof
disorders, ketosis, subclinical ketosis (SCK), displaced
abomasum (DA), metritis, and pneumonia, in addition
to briefly discussing mastitis detection.
Literature search criteria consisted of a web-based
search through Web of Science, using the following
search terms as topics: “automated milking” or “automatic milking” or “robotic milking,” and “dairy cow
behavior” or “dairy cow production” or “dairy cow milk
yield,” as well as a search regarding health management
and illness detection. Inclusion criteria were that the
paper must have been published in or after 2000 and
must report on data collected routinely by AMS, such
as milk yield, milk quality, BW, and cow activity and
rumination behavior as measured by leg pedometers or
neck collars.
EFFECTS OF HEALTH DISORDERS
ON BEHAVIOR AND PRODUCTION

The negative effects of health disorders have been
well documented for conventional herds, but less is
known about these effects in AMS herds. The general
outcomes associated with lameness and illness are likely
similar in loose-housing systems, regardless of milking
equipment; however, the individualized and voluntary
nature of milking in AMS could intensify the effects
of and responses to illness, given that cows are not
manually brought to a milking parlor at set intervals.
Therefore, we have comparatively summarized the consequences of lameness and illness in conventional and
AMS herds to report overall trends, similarities, and
differences.
Journal of Dairy Science Vol. 101 No. 9, 2018

Lameness: Associations with Behavior
and Production in AMS and Conventional Herds

Table 1 shows recent findings regarding associations
of lameness with behavior and productivity in conventional and AMS herds in the past 2 decades. Regarding
milk yield, lameness in both conventional and AMS
herds has obvious negative impacts, whether comparing lame and sound cows or looking at changes leading
up to diagnosis. However, there is no clear effect on
rumination time or activity (Table 1). Researchers have
reported lower milk yield to be associated with lameness in conventional herds (4 to 10 kg/d lower than
sound cows; Van Hertem et al., 2013) and AMS herds
(1.6 kg/d lower than sound cows; Bach et al., 2007;
King et al., 2017a); leading up to lameness, milk yield
of lame cows declined by 4 kg in total over 14 d (Van
Hertem et al., 2013). Lame cows in a conventional herd
had numerically (but not statistically significant) lower
milk yield compared with healthy cows (Steensels et al.,
2017a) and there was no association between milk yield
and gait score in an AMS herd, when the majority of
cows had locomotion score of 2 or 3 out of 5 (Deming
et al., 2013). Bicalho et al. (2008) conducted multiple
analyses, using various study designs, to assess the impact of hoof horn lesions on milk yield in conventional
herds. Because lame cows produced 3.2 kg/d more milk
than control cows in the first 3 wk of lactation, those
authors then controlled for that early-lactation milk
yield and found that lame cows actually produced 1.0
kg/d less milk than control cows throughout lactation.
The authors then matched 603 lame cows with 603
sound cows, again accounting for early-lactation milk
yield, and found that lame cows produced 1.4 kg/d less
milk than control cows (Bicalho et al., 2008). Thus,
milk yield may be greater in cows about to become
lame (1.1 kg/d more milk before cows were diagnosed
with lameness), but once diagnosed, their production
drops to that of an average cow (Green et al., 2002),
and it is important to consider the previous milk yield
and lactation potential of a cow when considering her
current milk production.
Some researchers have identified associations between
lameness and rumination time in conventional and
AMS herds. In some studies, lame cows spent less time
ruminating than healthy animals in conventional systems (−10% or approximately 40–50 min/d; Almeida
et al., 2008; Van Hertem et al., 2013; Paudyal et al.,
2017; Steensels et al., 2017a), whereas other researchers
have observed no difference between lame and sound
cows in conventional and AMS herds (Walker et al.,
2008; King et al., 2017a). Before diagnosis of lameness
or hoof disorders, researchers found that rumination

8607

LITERATURE REVIEW: DETECTING HEALTH DISORDERS IN AUTOMATIC MILKING HERDS

time began to decline 3 to 5 d before diagnosis in a
conventional herd by ~50 min in total (n = 25; Paudyal
et al., 2017). In an AMS herd, rumination time declined
throughout the 2-wk period before diagnosis by ~40
min in total, controlling for DIM and parity (n = 15;
King et al., 2017b); the latter group also found that the
ratio of night:day rumination time increased leading up
to diagnosis. Alternatively, Van Hertem et al. (2013) reported lame cows to have greater daytime rumination,
lower nighttime rumination, and a lower ratio of night:
day rumination compared with sound cows in a conventional herd, and although not analyzed specifically,
rumination time of lame cows declined before diagnosis.
With regards to activity, lame cows can be less active
than healthy individuals. This has been demonstrated
using data from neck collars to measure activity; differences have been seen in overall daily activity in conventional herds (−10%; Steensels et al., 2017a), as well as
activity overnight in AMS (Garcia et al., 2014; King et
al., 2017a) and a conventional herd (Van Hertem et al.,
2013). When assessed visually during specific observa-

tion periods, lame cows were observed walking less often than sound cows in a conventional system (Walker
et al., 2008). In contrast, King et al. (2017a) saw no
differences in daily activity between lame and sound
individuals, and King et al. (2017b) did not observe
changes in activity in the 2 wk before hoof disorders
diagnoses.
One might expect that overnight activity in AMS is
related to milking activity and frequency. However, the
increased nighttime activity for lame cows in AMS did
not coincide with increased milking activity in 2 studies. Miguel-Pacheco et al. (2014) found that, compared
with sound cows, lame cows not only visited the AMS
less often overall 2.8 vs. 3.2 visits/d), they did so less
between midnight and 0600 h. Similarly, King et al.
(2017a) reported lame cows in AMS to have a lower
milking frequency overall 0.3 fewer milkings/d) and as
a nighttime:daytime ratio. In the 2 wk before diagnosis
of hoof disorders in AMS, milking frequency declined by
0.05 milkings/d, a total reduction of approximately 0.6
daily milkings during this period (King et al., 2017b).

Table 1. Associations of lameness with variables of interest in conventional and automatic milking system (AMS) herds
Trial

Comparison(s)

Change(s) associated with lameness

Sample population

Conventional herds
Almeida et al. (2008)
Bicalho et al. (2008)
Walker et al. (2008)

Lame vs. sound
Lame vs. sound
Lame vs. sound

Rumination time ↓
Milk yield ↓
Rumination time: no association
Time spent walking ↓
Milk yield ↓
Milk yield ↓
Activity ratio night:day ↑
Rumination time overnight ↓
Rumination time ↓

16 cows, 1 farm
3,623 cows, 1 farm
59 cows, 1 farm

Singh et al. (2011)
Van Hertem et al. (2013)
Paudyal et al. (2017)
Steensels et al. (2017a)
Weigele et al. (2018)
AMS herds
Bach et al. (2007)
Borderas et al. (2008)
Deming et al. (2013)

1

Lame vs. sound
Lame vs. sound
Within lame cows
Relative to diagnosis
Lame vs. sound and within
lame relative to diagnosis
Lame vs. other vs. healthy by
DIM
Moderately lame vs. sound

Linear models with NRS1 1
to 5

Garcia et al. (2014)

High vs. low frequency visitors
Linear models with NRS 1
to 5
Lame vs. sound

Miguel-Pacheco et al. (2014)

Lame vs. sound

King et al. (2017a)

Lame vs. sound

Rumination time ↓
Activity ↓
Milk yield: no association
Activity ↓ first hour after feed delivery or
pushup
Rumination time: no association
Milk yield ↓
Total milking frequency and voluntary
milkings ↓
NRS ↓ for cows visiting more AMS frequently
Milking frequency ↓
Milk yield: no association
Activity in early morning/evening ↑
Activity unstable throughout the day
Teat cup attachment speeds unstable
Rumination time ↓
AMS visits ↓ overall and overnight
Refusals and fetches: no significance
Milk yield, frequency, voluntary milkings and
refusals (i.e., no milking permission) ↓
Activity ratio night:day ↑
Rumination time, activity, and night:day
rumination ratio: no association

163 cows, 1 farm
118 cows, 1 farm
198 cows, 1 farm
704 cows, 1 farm
389 cows, 17 farms

120 cows, 1 farm
256 cows, 8 farms
90 cows, 1 farm
88 cows, 1 farm
150 cows, 1 farm
1,184 cows, 41 farms

NRS = numerical rating score.
Journal of Dairy Science Vol. 101 No. 9, 2018
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Other researchers have also observed lower milking
frequencies (overall and voluntary) for lame cows in
AMS herds compared with sound cows (Bach et al.,
2007; Borderas et al., 2008). King et al. (2017a) also
reported 0.2 fewer refused milkings per day and 2.2×
higher odds of fetched milkings for lame cows than for
sound cows. Perhaps due to their smaller sample size
for refusal and fetching observations, Miguel-Pacheco
et al. (2014) did not observe any differences in frequencies of refusals or fetched milkings.
For cows milked by an AMS, when accounting for
DIM and parity, milk temperature began to increase
starting 5 d before diagnosis of hoof disorders, whereas
BW began to decrease starting 4 d before diagnosis
(King et al., 2017b). New cases of lameness in AMS
were generally associated with lower milk yield, rumination time, milk temperature, supplement intake, and
milking and refusal frequencies compared with healthy
cows; for lame cows, milk temperature was the only
variable that deviated negatively from the baseline
trajectory, accounting for parity and DIM (King et al.,
2018).
Caveats to note regarding discrepancies within and
between studies include those that controlled for DIM
but did not necessary balance lame and sound groups
(Almeida et al., 2008); those that excluded cows <40
DIM (Van Hertem et al., 2013), a period when illness is
most likely; and those that excluded cows with moderate
lameness (locomotion score of 2 out of 5) and parity >2
(Garcia et al., 2014). Some researchers have analyzed
cows with lameness and other health disorders (2 of 14
cases in King et al., 2017b), whereas others excluded
cases of more than one health disorder (Steensels et
al., 2017a); the first scenario is problematic if the other
disorder affected variables of interest, and neither scenario allows for differentiation between types of illness.
There is also variation between studies regarding the
types of comparisons made, whether between lame and
sound animals or within lame cows, as well as whether
data were analyzed relative to the day of calving or
to the day of diagnosis. Nonetheless, clear changes in
behavior and productivity are associated with lameness
that can be used to earlier detect, if not predict, lameness. Future studies should work to incorporate data
representing the whole herd (i.e., fresh cows, all lactation groups, and other illnesses).
Other Health Disorders: Associations with Behavior
and Production in AMS and Conventional Herds

Table 2 highlights the main changes in behavior and
productivity associated with illness in conventional
milking systems and AMS. General trends for activity,
rumination time, and milk yield are consistent between
Journal of Dairy Science Vol. 101 No. 9, 2018

studies, whether comparing sick and healthy animals,
or looking within affected cows relative to diagnosis
day.
In conventional herds, Steensels et al. (2017a) found
reductions in milk yield, rumination time, and activity
beginning 5 d before diagnosis of several disorders. Milk
yield declined 1 to 2 d before diagnosis of milk fever,
udder edema, ketosis, and systemic mastitis; 4 d before
puerperal metritis, digestive disorders, hock lesions,
and recurrence of hock lesions or digestive disorders;
and 5 d before foot lesions, chronic metritis, recurrence
of ketosis, mastitis, or diarrhea (Bareille et al., 2003).
In another study, milk yield declined 1 to 2 d before
milk fever, edema, mastitis, and hoof treatments; 4 to 9
d before digestive disorders, pneumonia, lameness, and
abscess; and ≥10 d before going off feed or developing
ketosis or metritis (Lukas et al., 2009). In the latter
study, milk conductivity also increased 1 to 3 d before
milk fever, DA, edema, mastitis, lameness, and RP;
and 6 to 9 d before pneumonia, off feed, and ketosis.
Soriani et al. (2012) grouped cows by their precalving
rumination time; compared with cows with high precalving rumination time, cows with lower rumination
time before calving maintained that lower rumination
time after calving and had a higher incidence of clinical
disease (retained placenta, mastitis, ketosis, metritis,
DA, and lameness).
Before metabolic disorders specifically, activity
(steps/d) began to decline 9 d before ketosis, DA, and
digestive disorders; and milk yield began to drop 5 d
before diagnosis (Edwards and Tozer, 2004). Stangaferro et al. (2016a) reported reductions in rumination
time and activity occurring 1 to 5 d before diagnosis of
metabolic disorders. After inducing subacute ruminal
acidosis, DeVries et al. (2009) found that rumination
time declined by >1.5 h/d. Although Goldhawk et al.
(2009) did not observe differences in milk yield between
healthy cows and those with SCK (serum BHB concentrations ≥1.0 mmol/L during wk 1 postcalving),
Gáspárdy et al. (2014) reported a negative deviation in
milk yield and rumination time with onset of SCK (unknown diagnosis criteria). Associations of SCK with rumination time and activity before and after calving vary
by study. Liboreiro et al. (2015) found no rumination
or activity differences precalving (BHB >1.0 mmol/L
during wk 1–3 postcalving), but those authors found
postcalving reductions in rumination time up to 80
min/d and in activity up to 110 daily units. In contrast,
Schirmann et al. (2016) saw no differences postcalving
and only observed 1 h/d lower rumination times before
calving for cows that later had SCK after calving (BHB
≥1.2 mmol/L during the first 14 d). On the other hand,
Kaufman et al. (2016) reported that multiparous cows
with SCK (BHB >1.2 mmol/L during wk 1–4 postcalv-
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Table 2. Associations of illness with variables of interest in conventional and automatic milking system (AMS) herds1
Trial

Comparison(s)

Change(s) associated with illness

Sample population

Within sick cows relative to
diagnosis
Within sick cows relative to
diagnosis
Healthy vs. sick by DIM
Metritis vs. healthy by DIM
Relative to acidosis induction

Milk yield ↓

551 cows, 1 farm

Milk yield ↓
Activity (steps/h) ↓

1,445 cows, 3 farms

Milk yield ↓
Rumination time ↓

Siivonen et al. (2011)

SCK vs. healthy by DIM
Within sick cows relative to
diagnosis
Relative to mastitis induction

Wittrock et al. (2011)

Metritis vs. healthy by DIM

Fogsgaard et al. (2012)

Relative to mastitis induction

Jawor et al. (2012)
Gáspárdy et al. (2014)

SCH vs. healthy by DIM
Deviations relative to days
surrounding diagnosis (d −3 to +3
vs. d −6 to −4 and d +4 to +6)

Fogsgaard et al. (2015)
Liboreiro et al. (2015)

Mastitis vs. healthy after diagnosis
RP, metritis, SCK vs. healthy by
DIM

Kaufman et al. (2016)

SCK and SCK+ vs. healthy by DIM

Schirmann et al. (2016)

SCK vs. healthy by DIM

Stangaferro et al. (2016a,b,c)

Ketosis, mastitis, DA, metritis vs.
healthy relative to day of diagnosis
(from d −5 to +5)
Within sick cows relative to
diagnosis
Affected vs. healthy
Affected vs. healthy by DIM
Within cow relative to diagnosis

Milk yield/daily change: no association
Milk yield ↓
Milk conductivity ↑
Daily rumination time: no association
2-h rumination time intervals ↓ 4 and 8
h after Activity (steps/d) ↑
Milk yield ↓ for MP cows, but not PP
cows
Milk yield ↓
Rumination time ↓
Milk yield ↑ during wk 2–4 of lactation
Rumination time ↓ with SCK (PP and
MP cows)
BW ↓ with metritis (PP cows only)
Rumination time ↓ with metritis (MP
cows only)
Activity (steps/h) ↓
Rumination time and activity precalving: no association
Rumination time and activity postcalving ↓
Rumination time pre- and post-calving
for SCK+ cows ↓
Rumination time pre-calving ↓
Rumination time post-calving: no
association
Rumination time ↓ for all
Activity ↓ for all
Milk yield ↓ all except metritis
Rumination time ↓

62 cows, 1 farm
8 cows, 1 farm (tiestall)
62 cows, 1 farm

Conventional herds
Bareille et al. (2003)
Edwards and Tozer (2004)
Huzzey et al. (2007)
DeVries et al. (2009)
Goldhawk et al. (2009)
Lukas et al. (2009)

Paudyal et al. (2017)
Steensels et al. (2017a)
AMS herds
King et al. (2017b)
Veissier et al. (2017)
King et al. (2018)

Within sick cows relative to
diagnosis
Within sick cows relative to
diagnosis
Within sick cows relative to
diagnosis
Affected vs. healthy

6 cows, 1 farm (tiestall)
84 cows, 1 farm
20 cows, 1 farm (tiestall)
30 cows, 1 farm
20 cows with SCK,
84 cows with
metritis, 3 farms
60 cows, 1 farm
296 cows, 1 farm

202 MP cows, 4
farms
80 cows, 1 farm
1,121 cows, 1 farm
198 cows, 1 farm

Rumination time and activity ↓
No differences within cow

704 cows, 1 farm

Milk yield, frequency, rumination time,
activity ↓
Activity patterns (circadian rhythm)
varied 1–2 d before mastitis and
lameness
Milk yield, frequency, rumination time,
activity ↓
Milk conductivity ↑ and temperature
was variable

57 cows, 1 farm
350 cows, 1 farm
605 cows, 9 farms

1
Freestall housing unless specified otherwise; MP = multiparous, PP = primiparous, DD = digestive disorders, SCK = subclinical ketosis, SCK+
= SCK plus another health disorder, SCH = subclinical hypocalcemia, RP = retained placenta, DA = displaced abomasum.

ing) and another health disorder spent 50 and 90 min/d
less time ruminating, respectively, pre- and postcalving
compared with healthy multiparous cows.
Numerous researchers have documented changes associated with metritis in conventional herds (Paudyal
et al., 2017), with varying degrees of response in milk
yield, BW, rumination time, and activity based on the

severity of metritis (Huzzey et al., 2007; Stangaferro et
al., 2016c); results also differed by parity, but overall
the trends were similar looking at days preceding and
following illness (Gáspárdy et al., 2014). Researchers
studying naturally occurring mastitis (Stangaferro et
al., 2016b; Paudyal et al., 2017) and those cases induced
using an endotoxin (Siivonen et al., 2011; Fogsgaard et
Journal of Dairy Science Vol. 101 No. 9, 2018
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al., 2012) have documented reductions in rumination
time, milk yield, and activity leading up to the day of
diagnosis or induction, ranging from 2 to 7 h/d rumination time (Paudyal et al., 2017).
To summarize the changes in behavior and productivity with illness in AMS herds, we have included the
only 3 articles we are aware of, which are consistent
with reports in conventional herds. King et al. (2017b)
examined numerous variables from 56 cases of illness
in 1 herd relative to the day of diagnosis (d 0) for each
illness separately. Always controlling for DIM and parity in their models, they assessed deviations relative to
the baseline trajectory of cows affected with a specific
disorder. Deviations in milk yield began 4 to 5 d before
DA, pneumonia, and SCK diagnoses by 1.2 to 4.4 kg/d
each day until d −1, with a total reduction of 4.8 to
13.2 kg/d. Rumination time began to decline 5 to 8 d
before DA, pneumonia, and SCK diagnoses by 25 to 50
min/d each d until d −1, with a total reduction of 2
to 5 h/d. Similarly, activity reductions began 4 to 7 d
before diagnoses of DA, pneumonia, SCK, and metritis
by 20 to 40% total, and BW reductions began 4 to 6
d before pneumonia, SCK, hoof disorders, and metritis
diagnoses by 10 to 14 kg/d each day. Only before DA,
in that study, did milk temperature deviate 6 d before
diagnosis (King et al., 2017b). The key finding in the
King et al. (2017b) study was the consistent response
of rumination time deviating at least 1 d before milk
yield, on average, but that study also observed large
variation between cows. In their follow-up study, with
605 cows in 9 herds, deviations were generally consistent
(King et al., 2018). Comparisons were also made with
a healthy group of cows given a mock day of diagnosis,
from which sick cows often differed even 2 wk before diagnosis (King et al., 2018). Additional trends observed
in that study included deviations from baseline milking
frequency and milk conductivity occurring 8 and 12 d
before diagnosis of mastitis, respectively. A contradictory result was that only the milk temperature of lame
cows deviated from baseline and not cows with DA.
The overall message from that work was that acute
health disorders (i.e., DA and mastitis) were associated with deviations from those cows’ baseline AMS
data, whereas more chronic disorders (i.e., SCK and
lameness) were associated with significant, but subtle,
longer-term changes in milk production and behavior.
Finally, Veissier et al. (2017) noted that the circadian
activity of cows varied 1 to 2 d before diagnosis of lameness and mastitis.
It would be interesting to compare behavioral responses to health disorders in both conventional and
AMS herds. With the current data available, however,
we cannot determine whether responses to lameness
and illness are augmented in AMS. Furthermore, variaJournal of Dairy Science Vol. 101 No. 9, 2018

tion may exist between housing systems (bedded pack
vs. freestall) and traffic type (forced vs. free). Therefore, more research is needed to collect information on
large samples of cows from many farms of diverse barn
designs and management practices.
HEALTH MANAGEMENT SOFTWARE
AND DETECTION MODELS

A key feature of AMS is data collection and subsequent generation of management reports and alert
lists. Data can be used to create management reports
and task lists, as well as attention lists of cows with
potential health problems. These reports can overwhelm producers with excessive alerts (false positives),
while not necessarily being sensitive enough to pick up
chronic disorders (false negatives). Thus, these data
must be transformed into useful, reliable information
for producers, using field experience and science-based
recommendations. Despite some inconsistencies in the
literature, the potential certainly exists to combine the
use of several behavior and production variables to create highly sensitive and specific health detection models. The goal should be to achieve 99% specificity and
80% sensitivity, as recommended by the International
Organization for Standardization, to evaluate model
performance for automated detection of abnormal milk
(i.e., Rutten et al., 2013). Additionally, illness detection
software should include adjustable settings to personalize specificity and sensitivity based on each farmer’s
management strategy, such as how willing they are to
take risks weighted against the time needed to visually
assess flagged cows that may not actually be sick.
Alerts created by AMS manufacturers are currently
available on-farm but do not always incorporate validated models and algorithms using data from validated
technologies. These reports include a mastitis detection
index and a milking performance index (teat attachment speed) for herds with the DeLaval system (DelPro; DeLaval International AB, Tumba, Sweden). Herd
Navigator (DeLaval International AB) measures lactate
dehydrogenase for mastitis detection, milk BHB for ketosis detection, and milk progesterone for heat detection
and pregnancy. Lely’s T4C software (Time-for-Cows,
Lely Industries N.V., Maassluis, the Netherlands) has
milk, estrus, and rumination attention lists, which flag
cows with deviations in milk yield, cell count, conductivity, and temperature, BW, activity, and rumination
time. Within the last few years, Lely has released a sick
cow report, which uses a combination of these variables. Although these metrics and commercial alerts
have great potential to aid in illness detection, they
have not been fully validated (or this has not been done
so transparently); that is, peer-reviewed and publicly
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available scientific validation is not available. Nonetheless, many of these alerts are already in use in the field.
The same variables used in commercial health alerts
have been incorporated into various detection models
created and validated by researchers. Stangaferro et al.
(2016a,b,c) assessed the validity of a health index score,
composed of rumination and activity data during a 5-d
period before diagnosis, in a conventional herd. The
index achieved a sensitivity of 98% for DA, 91% for
ketosis, 89% for indigestion, and 93% for those 3 disorders combined (Stangaferro et al., 2016a). Sensitivity
for all cases of clinical mastitis and metritis was 58 and
55%, respectively; although this was similar for cases
of only mastitis (55%) or metritis (53%), sensitivity
was greater for cows with mastitis and another health
disorder (89%), and for cows with metritis and another
disorder (78%; Stangaferro et al., 2016b,c). The index
was most sensitive for cases of Escherichia coli mastitis
(81%) and less so for gram-positive cases of mastitis (45
to 48%) and less severe cases of metritis (Stangaferro et
al., 2016b,c). Considering all health disorders studied,
those researchers reported an overall sensitivity of 59%
and specificity of 98% for the health index score.
Steensels et al. (2016) used a decision tree model to
detect ketosis and metritis in AMS-milked cows. With
a specificity of 87% and sensitivity of 69%, their model
considered rumination time and activity (measured by
neck collar monitors), as well as milk yield, milk slope,
and current BW relative to BW at calving (measured
by AMS) to predict the probability of illness for each
animal. It is unclear, however, which cows were considered healthy in that study, or whether cows with
other disorders were excluded from the analysis. Those
authors also evaluated a ketosis prediction model on 4
different farms (Steensels et al., 2017b), finding that
its sensitivity (78–90%) and specificity (71–74%) were
improved when running model training and validation
within the same herd. However, Steensels et al. (2017b)
and Stangaferro et al. (2016a,b,c) excluded cows with
multiple health disorders. Therefore, limitations remain
with current prediction models regarding how to deal
with cases of more than one illness and how to detect
one illness without excluding the others from analyses.
Regarding lameness detection, Garcia et al. (2014)
created models using activity (measured by neck collar monitors), milk flow, and teat cup attachment data
from 1 wk before and after lameness diagnosis in an
AMS herd. Separate models were created for first- and
second-lactation cows, which had reported specificities
of 77 and 83%, respectively, and both had a sensitivity of 79%. Using a model combining several activity
variables (i.e., number of steps negatively associated
with lameness, and lying behavior data with various
associations, measured by leg band accelerometers),
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milk yield per day (≥3 negative outliers/week), and
concentrate leftovers per day (positively associated
with lameness), de Mol et al. (2013) created a model
with high sensitivity (85.5%) and specificity (88.8%)
for identifying lameness on the same day as diagnosis
in an AMS herd. Those 2 studies, however, did not
include cows with an uneven gait that did not obviously
favor one limb, which made up almost 50% of their
observations; the difference between those and lame
cows can be subtle, and those authors recognized this
data exclusion as a large limitation of their study. Van
Hertem et al. (2013) also created a lameness detection
model, which used milk yield, activity, and rumination
data from 4 to 7 d before diagnosis in a parlor-milked
herd. Those authors reported a sensitivity of 89% and
specificity of 86%, finding that lame cows produced
less milk, were proportionately less active during the
day, and spent less time ruminating at night compared
with sound cows. Other researchers have incorporated
similar variables into lameness detection models, such
as BW, activity, milk order, walking speed, standing
bouts, lying time, and limb weight ratio during milking
(Kamphuis et al., 2013a; Beer et al., 2016; Nechanitzky
et al., 2016); however, those researchers excluded cows
affected by health disorders other than lameness, which
would reduce their false positive rates, and, in 2 studies, fresh cows <30 to 40 DIM (when many other health
disorders arise) were excluded. Using cow activity and
wavelet analysis, Miekley et al. (2012) created lameness
detection models with 40 to 64% sensitivity, 72 to 85%
specificity, and high error rates (>90%).
For credibility, accuracy, and repeatability, sciencebased recommendations are needed to generate health
attention reports and to select settings for on-farm application, such as the recent development (Kamphuis
et al., 2013b) and field validation (Kamphuis et al.,
2016) of an inline detection system for mastitis and
high SCC; those researchers also consulted industry
representatives for feedback to improve the application
of those models. To briefly touch on mastitis detection
in conventional milking systems, Miekley et al. (2013a)
achieved 85% sensitivity and 72 to 83% specificity
when detecting mastitis using deviations from 5-d moving averages and standard deviations of milk yield and
conductivity. In similar studies, Miekley et al. (2012,
2013b) used milk yield and conductivity to detect mastitis using principal components and wavelet analyses
and concluded that these methods were not ready for
on-farm application. In AMS herds, Sørensen et al.
(2016) evaluated online SCC data to identify elevated
risk of mastitis in AMS. By modifying 2 reports available with that software, they tested various validation
scenarios; based on new alerts, those models achieved
sensitivities of 28 to 43% and specificities >99%, but
Journal of Dairy Science Vol. 101 No. 9, 2018
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they achieved much higher sensitivities when validating
based on cows that appeared on the intramammary
infection report (55–89%). Those authors are currently
working toward the highly desired integration of information to help with decision-making and monitoring.

cation of resources to a developing fetus. We encourage
manufacturers and software makers to make (at least
some of) their algorithm components publicly available
to aid independent researchers in understanding and
improving upon those methods.

FUTURE DIRECTIONS

CONCLUSIONS

Remaining gaps in knowledge are how to best identify cows with lameness or other health disorders in
AMS herds using a combination of rumination, activity,
and milk data, especially for early lactation animals.
Different variations (e.g., standard deviation, relative
change) and weightings of each variable may also prove
useful. Such a multivariate approach may enhance the
performance of illness detection models (Miekley et al.,
2012, 2013b). Not only may health alerts notify producers of potential issues, but those alerts could indicate
the probability and type of problem as well. This could
even be a general category of illness; that is, metabolic
versus infectious, internally versus externally caused, or
acute versus state-like.
Of the current studies that have worked toward
disease detection, many data have been excluded or
separated for isolated models (i.e., fresh cows, multiple
lactation groups, and cows with multiple illnesses or
moderate cases). Thus, future studies should incorporate data from the entire lactating herd and should consider, and account for, parity and stage of lactation or
DIM of each animal, regardless of whether they retain
those variables in final algorithms. Researchers have
previously controlled for parity (King et al., 2017b) or
even created different models for parity groups, finding
activity data to be more informative for primiparous
cows and less informative for second-lactation cows
(Garcia et al., 2014). King et al. (2017b) found differences in slope estimates when accounting for DIM,
whereas Garcia et al. (2014) saw no improvements in
their models when they included DIM.
Researchers have examined, and should continue to
investigate, deviations within sick cows as an average
(King et al., 2018) or individually (Paudyal et al.,
2017). Potentially most importantly, cows with illness
should be compared with a group of healthy contemporaries (Stangaferro et al., 2016a,b,c; Paudyal et al.,
2017; King et al., 2018), which could refine the ability of detection models to identify subtle deviations in
early lactation.
Finally, attention should be given to creating separate models for dry cows and young stock. It is likely
that, as in lactating cows, the activity or behavior of
those animals will respond before production variables
begin to decline (Edwards and Tozer, 2004; King et al.,
2017b, 2018), including growth, body condition, or allo-

This review summarizes 2 decades of research regarding the effects of health disorders on cow behavior and
production, and the resultant use of those variables
to help detect illness. Compared with behaviors in
healthy cows, consistent trends are observed in activity,
rumination time, and milk yield leading up to diagnosis of health disorders, except for lameness, which
may not necessarily alter rumination time or activity.
To advance this technology, it is necessary for commercial software to incorporate validated models and
algorithms for generating health alerts on-farm. Future
studies should (1) incorporate the entire lactating herd
while accounting for stage of lactation and parity of
each animal; (2) evaluate the deviations that cows
exhibit from their own baseline trajectories and relative to healthy contemporaries; (3) combine the use of
several variables into health alerts; and (4) differentiate
the probable type of health disorder.
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