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ABSTRACT

This study evaluates the changes in milk production
(yield; MY) and milk electrical conductivity (MEC)
before and after disease diagnosis and proposes a cow
health monitoring scheme based on observing individual
daily MY and MEC. All reproductive and health events
were recorded on occurrence, and MY and MEC were
collected at each milking from January 2004 through
November 2006 for 587 cows. The first 24 mo (January
2004 until December 2005) were used to investigate the
effects of disease on MY and MEC, model MY and
MEC of healthy animals, and develop a health monitor-
ing scheme to detect disease based on changes in a cow’s
MY or MEC. The remaining 11 mo of data (January to
November 2006) were used to compare the performance
of the health monitoring schemes developed in this
study to the disease detection system currently used on
the farm. Mixed model was used to examine the effect
of diseases on MY and MEC. Days in milk (DIM), DIM
x DIM, and ambient temperature were entered as quan-
titative variables and number of calves, parity, calving
difficulty, day relative to breeding, day of somatotropin
treatment, and 25 health event categories were entered
as categorical variables. Significant changes in MY
and MEC were observed as early as 10 and 9 d before
diagnosis. Greatest cumulative effect on MY over the
59-d evaluation period was estimated for miscellaneous
digestive disorders (mainly diarrhea) and udder scald,
at —304.42 and —304.17 kg, respectively. The greatest
average daily effect was estimated for milk fever with
a 10.36-kg decrease in MY and 8.3% increase in MEC.
Milk yield and MEC was modeled by an autoregressive
model using a subset of healthy cow records. Six differ-
ent self-starting cumulative sum and Shewhart chart-
ing schemes were designed using 3 different specificities
(98, 99, and 99.5%) and based on MY alone or MY
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and MEC. Monitoring schemes developed in this study
issue alerts earlier relative to the day of diagnosis of
udder, reproductive, or metabolic problems, are more
sensitive, and give fewer false-positive alerts than the
disease detection system currently used on the farm.
Key words: electrical conductivity, health monitor-
ing, milk yield, statistical process control

INTRODUCTION

Over 33% of all culling that occurs on the dairy
farm happens within the first 100 DIM (Godden et
al., 2003). More than half of the culling decisions are
related to disease diagnosis (Beaudeau et al., 1993).
Occurrence of periparturient cow disorders negatively
affects production (Deluyker et al., 1991; Bareille et
al., 2003) and reproductive performance (Loeffler et al.,
1999; Walsh et al., 2007) resulting in further culling at
time of occurrence as well as throughout the whole lac-
tation (Rajala-Schultz and Grohn, 1999; Grohn et al.,
2003). Periparturient cow disorders are identified risk
factors for displaced abomasa (Rohrbach et al., 1999),
mastitis (Oltenacu and Ekesbo, 1994), reproductive
tract infections (Stevenson and Call, 1988), anovula-
tion (Walsh et al., 2007), and other diseases (Correa et
al., 1993). Early disease detection could reduce the cost
of treatment, minimize the magnitude of the negative
effect disease has on all aspects of cow performance,
and significantly decrease the culling rate throughout
lactation.

Milking systems that provide data on milk production
(yvield; MY) and milk electrical conductivity (MEC)
of individual animals at every milking are a steady
source of information on each animal. Both measure-
ments, MY and MEC, are sensitive to changes in animal
health status. Changes in electrical conductivity of milk
are most commonly associated with mastitis (Nielen
et al., 1995; de Mol et al., 2001; Norberg et al., 2004).
de Mol (2000) suggested, however, that increased elec-
trical conductivity might be associated with problems
other than mastitis. A study by Bareille et al. (2003)
demonstrated the effect of diseases on MY that started
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as early as 5 d before diagnosis of a disease and lasted
for more than 140 d postdiagnosis.

Several researchers (Nielen et al., 1995; de Mol, 2000;
Edwards and Tozer, 2004) have attempted to develop
a scheme that would allow for early disease diagnosis
based on cow and milk monitoring. Edwards and Tozer
(2004) demonstrated that change in milk yield can be
observed as early as 10 d before the day of diagnosis.
The average magnitude of the negative effect was small,
less than 10% up to 3 d before the day of diagnosis, and
therefore hard to detect. Another identified challenge
is the large between-cow variability in MY and MEC
of healthy cows (de Mol, 2000). One approach used in
on-farm milk monitoring software is to use the cow as
her own control by calculating her 10-d rolling average
and comparing her performance at subsequent milkings
to that average. This approach, although addressing
the problem of between-cow differences, fails to detect
subtle yet sustained changes in MY or MEC that are
often associated with the onset of a health disorder
(Woolford et al., 1998; Edwards and Tozer, 2004). As
a result, disease diagnosis is made after clinical signs
of the health problem have induced a greater change
in MY or MEC. Developing a monitoring system ca-
pable of detecting the small shifts in MY or MEC often
associated with subclinical phases of health problems
would benefit the producer. Even a nonspecific alert
issued several days before diagnosis draws attention
to individual animals or groups of animals in need of
attention. At this stage a simple preventative manage-
ment intervention that will eliminate or reduce a stress
factor (such as reducing the stocking rate, increasing
bedding frequency, or regrouping the animals) might
reduce the negative effect of disease on MY.

Studies in on-farm disease detection have used sta-
tistical process control (SPC) cumulative sum charts
(CUSUM) to identify emergence of health disorders
by monitoring water intake in swine (Madsen and
Kristensen, 2005) or feed bunk behavior in beef cattle
(Quimby et al., 2001). The basic SPC approach uses
historical data to describe process performance. The
process performance is expressed by identifying the
distribution of its output in terms of process mean and
variation estimates. These estimates are then used to
set confidence limits for process mean and variation.
These limits, referred to as upper and lower control lim-
its (UCL, LCL) in SPC terminology, are used to com-
pare current process mean and variation with relevant
past parameters. Shewhart SPC charts were targeted
to detect changes >3 standard deviations (Hawkins
and Olwell, 1998). Analysis of nonrandom patterns on
Shewhart control charts led to developing of “run rules”
that help detect more subtle shifts in process output
distribution. The tendency of run rules, however, to
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increase the number of false alarms has provoked dis-
cussion in quality control research (Montgomery, 2005).
Another approach is the use of CUSUM charts (Hawk-
ins and Olwell, 1998) which can be optimized to detect
subtle (<2 SD) shifts. For processes in which both
small and large shifts are of interest, experts suggest
plotting both charts (CUSUM and Shewhart; Mont-
gomery, 2005). As mentioned previously, the traditional
SPC approach requires collection of historical data. A
self-starting CUSUM (Hawkins and Olwell, 1998) is a
chart that can be plotted even when no previous data
are available. In this procedure an assumed mean of 0
and variation of 1 is continuously updated as new data
become available. Hawkins and Olwell (1998) also pres-
ent the possibility of plotting a Shewhart chart with the
self-starting feature. This approach could be extremely
useful for identifying emerging disease at the onset of
lactation. Both small, sustained shifts as well as large
changes in MY or MEC could be identified even when
there are limited historical data available.

When developing a monitoring scheme based on data
collected during milking, it is important to consider the
specificity (Sp) of such a scheme (Hogeveen and Ou-
weltjes, 2003). A low Sp might undermine the monitor-
ing system when signals triggered by cows’ production
performance will be ignored because of a great number
of false alarms that occur at each milking. Specificity
might be improved by increasing the threshold change
in MY or MEC necessary to issue an alarm. However,
it can be expected that the sensitivity (Sn) of disease
detection will be compromised. Management styles, in-
cluding risk aversion, differ from farm to farm (Barkema
et al., 1999; Valeeva et al., 2007). Specificity and Sn
settings for detecting diseases must therefore accom-
modate those differences so that they can be adopted
by farm managers with different attitudes toward risk.

The objective of this study was to develop a cow
health monitoring scheme based on following individual
daily MY and MEC of lactating cows. Three specific
aims were outlined as follows: 1) examine MY and
MEC before and after disease diagnosis; 2) model MY
and MEC of healthy animals; and 3) develop and evalu-
ate a CUSUM-Shewhart cow health monitoring scheme
based on MY or on MY and MEC at 3 Sp levels (98,
99, and 99.5%).

MATERIALS AND METHODS

Study Data Set

Cow level MY and MEC were collected at each milk-
ing from January 2004 until November 2006, for 587
cows and 1,048 partial or full lactations resulting in
395,786 usable records. Cows were milked twice daily
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and housed at the Dairy Cattle Research Unit, Uni-
versity of Illinois (Urbana, IL). Milk yield and MEC
were measured using the Metatron P21 milk meter
(WestfaliaSurge Inc., Naperville, IL) at every milking.
To account for the differences in the time between
individual cow milkings, MY was standardized for a
24-h period and expressed as kilograms of milk/24 h for
each milking. Milk electrical conductivity was originally
measured in millisiemens (mS); however, the on-farm
parlor management software (DairyPlan, Westfalia-
Surge Inc.) recalculated the values and reported them
as reference units. According to the software technical
support, 500 reported reference units were equivalent to
approximately 6 mS. Because the exact algorithm for
back calculation of millisiemens was not available, ref-
erence units were used in the analyses. The DairyPlan
software issued a low milk signal for an individual cow
whenever her MY deviated by 2.5 or 1.6 SD from her
10-d moving average at the last 1 or 2 milkings, respec-
tively. A high MEC signal was issued whenever MEC
deviated by 2.5 or 1.5 SD from the 10-d moving average
at the last 1 or 2 milkings, respectively. Two signals
(for MEC, MY, or MEC and MY summed) within a
24-h period resulted in a health alarm and were used to
create a low MY /high MEC list. This list was created
after each milking and used by the herd manager to aid
in identifying animals experiencing health problems.
From the day of calving through 14 d postpartum, all
cows were physically evaluated daily for feed intake,
attitude, rectal temperature, manure score, and uterine
discharge. Cows developing clinical disease were treated
according to standard farm treatment protocols. Cows
were administered recombinant bovine somatotropin
(Posilac, Monsanto, St Louis, MO) every 14 d begin-
ning in wk 9 of lactation until dry off. All cows were
subject to estrus synchronization. A combination of
timed Al and breeding at observed signs of estrus was
implemented on the farm. All reproductive and health
events were recorded by date (not by milking) and cow
ID in the PC Dart herd management software (Dairy
Records Management Systems, Raleigh, NC) using an
event coding system with a unique code for each event
type. Calving difficulty was also recorded.

The study data set was split into 2 data sets. Data set
1 contained all data for the first 24 mo (January 2004
until the end of December 2005). This data set was
used to 1) investigate the effects of disease on MY and
MEC, 2) model the MY and MEC of healthy animals,
and 3) develop a health monitoring scheme to detect
diseases based on changes in a cow’s MY or MEC. Data
set 2 contained the remaining 11 mo of data (January
to November 2006) and constituted a holdback sample
used to compare the performance of the health moni-
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toring schemes developed in this study to the disease
detection system currently used on the farm.

Weather information was collected from a weather
station located 6 km from the study location. Based on
the collected data, a wind-chill and heat index was cal-
culated and incorporated into the weather factor (WF)
that was used later in analysis. For temperatures <11°C
and wind speed >5 mph, the WF reflected wind-chill
temperatures. For temperatures >27°C, dew point tem-
peratures >16°C, and relative humidity >40%, the WF
reflected the heat index. In the remaining temperature,
wind speed, and humidity ranges, WF reflected the
temperature.

Effect of Health Events on MY and MEC

The Mixed procedure of SAS (SAS Institute, Cary,
NC) was used to model the effect of health events on
MY and MEC by 2 separate models. Only the first
300 DIM for each cow were used. The term “health
events” used in this study refers to diseases experienced
by the animals, administered vaccinations, and other
procedures. Biopsies, singeing udder hair, and vaginal
flush constituted most of the health events grouped
into the category “procedure.” In data set 1, events
of the same category had to be separated by a period
of 6 d to be considered separate events. For example,
if mild mastitis was diagnosed on Monday and then
again on Friday, only the first mild mastitis diagnoses
was considered for analysis; however, if the same cow
was diagnosed with edema and severe mastitis on the
same day, both health events were kept for analysis.
Diseases were diagnosed based on commonly recognized
case definition. The case definitions of most prevalent
diseases in the study herd are listed in Table 1.

Table 2 gives a summary of all class variables in the
model. Further description is given below. Each health
event and day relative to breeding date was made into a
class variable. For the 10-d period preceding the day of
the event until 7 d after, each day represented a differ-
ent level. From d 8 until d 49 postdiagnosis or breeding,
each week represented a different level. With d 0 not
being assigned, this process generated a 59-d MY and
MEC evaluation period (—10 d to 49 d) encompassing a
health event. A similar approach was taken by Bareille
et al. (2003) in their study evaluating the effect of dif-
ferent diseases on MY and DMI. They demonstrated
disease effects persisting as long as 140 d. In their study,
however, for most of the health problems, the expected
MY level was restored by wk 8 or 9 postdiagnosis.
Therefore, a 7-wk disease persistence evaluation period
was chosen for our study. Overall, each health event
and breeding date variable had 24 levels (23 levels for
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Table 1. Definition of the most common health disorders diagnosed in the study herd
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Health disorder Case definition Cases, n

Mild mastitis Alert, no fever, eating well, abnormal milk 130

Moderate mastitis Alert, no fever, eating well, abnormal milk, inflamed udder 176

Severe mastitis Depressed, off feed, decreased milk production, fever, abnormal milk and/or inflammation 40

Retained placenta Retention of fetal membranes >24h 153

Metritis Abnormal uterine discharge with bad odor and clinical signs of systemic involvement 96
(off feed, depression, fever)

Udder edema Abnormal swelling of udder, cow may also exhibit discomfort in lying or standing position 50

Udder scald (flexural seborrhea) Dermatitis with sebaceous exudate and a foul odor found between the udder halves 21
or the udder and medial thighs of fresh cows

Milk fever Cold ears, gritting teeth, subnormal body temperature, staggering gait, 35
off feed, not chewing cud, down cow and unable to rise

Off feed Not eating, cow may have enlarged, gas-distended left flank, depressed, kicking at belly, 35
repeatedly rising and lying down, straining but no feces passed

Pneumonia Excessive coughing, labored breathing and/or purulent nasal discharge with animals 49
off feed, decreased milk production, fever

Lameness Arched back when standing or walking, reluctant to stand or bear weight on limb(s) 78

the disease period plus 1 level for all days outside the
disease period). Somatotropin treatment became a class
variable with 15 levels: 1 for the day of bST treatment,
2 to 14 for following 13 d, and NOTREAT for all days
outside the treatment period.

Calving difficulty was made into a class variable. Cows
experiencing no or moderate calving difficulty (<5 on
the 5-point scale) were assigned a no calving difficulty
level (NO) for all DIM. Cows experiencing extremely
difficult calving, requiring substantial assistance and
possibly surgical intervention (5 on the 5-point scale)
were assigned a difficult calving level (DIFF) for the
first 28 DIM in accordance with results published by
Bareille et al. (2003) and NO for the remaining DIM.
When no information on calving difficulty was avail-
able, an unknown calving difficulty level (UNKN) was
assigned for the first 28 DIM and NO for the remaining
DIM. If a MEC or MY measurement for a milking was
missing, the MEC or MY, respectively, for the next
milking was not included in the analysis. Day in milk,
DIM x DIM, and WF were entered as quantitative
variables. Random by cow ID statement was used to
allow for random intercept, DIM, and DIM x DIM

estimate for each cow. The following represents the full
model of the effect of health events on MY or MEC:

Yijkhnno = INT + DRDij + IDk + DIFF] + PARm
+ BST, + CALF, + 3,DIM + B,DIM x DIM
+ BBWF =+ Eijklnmm

where Y, = MEC or MY for each milking; INT
= intercept; DRD = day relative to day of breeding
or health event i; ID = cow; DIFF = calving diffi-
culty; PAR = lactation number; BST = day relative
to somatotropin treatment; CALF = number of calves
in current lactation; DIM = day of lactation; WF =
weather factor calculated for each calendar day; and €
= residual error.

Modeling MY and MEC of Healthy Animals

To model MY at each milking, all cow-days that
exhibited a significant decrease in MY, based on the
mixed model described above, were eliminated from

Table 2. Description of class variable levels used when modeling effect of health events on milk yield and electro-conductivity

Variable

Level

All health events (mild mastitis, moderate mastitis, severe mastitis, udder edema, udder scald,
udder related, ketosis, off feed, other digestive disorders, milk fever, displaced abomasum,
pneumonia, other diseases, hoof treatment, lameness, injury, abscess, uterine infections,

reproductive disorders, metritis, endometritis, cystic cow, vaccinations,
other reproductive disorders, procedure) and breeding
Somatotropin treatment

Parity
Number of calves
Calving difficulty

-10d, -9d, -8d, =7d, —6d, =5 d,
—4d,-3d,-2d,-1d,1d,2d, 34,
4d,5d,6d,7d, 2wk, 3wk, 4 wk,

5 wk, 6 wk, 7 wk, and NOEVENT

1d,2d,3d,4d,5d,64d, 7d,
8d,9d,10d,11d, 12d, 13
d, 14 d, and NOTREAT

1,2, 3, and >4

1 and 2

NO, DIFF, and UNKN
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data set 1. This procedure eliminated 13% of original
data set 1 data. The GLM procedure of SAS was ap-
plied to the resulting data set to model the effect of
parity (1 and >1), and MY at previous milkings (lagl,
lag2, lag3, and lag4) on current MY.

To model MEC at each milking, all cow-days that
exhibited a significant decrease in MEC, based on the
mixed model described above, were eliminated from
data set 1. This procedure eliminated 7% of original
data set 1 data. Electrical conductivity at current milk-
ing was the response and readings from previous milk-
ings (up to lagd) and parity were the predictors. Only
significant terms were kept in the model.

Designing a Health Monitoring Scheme

Two different health monitoring schemes were devel-
oped: scheme SPC-MY identified cows with poten-
tial health problems based on individual MY; scheme
SPC-MY /MEC identified cows with potential health
problems based on individual MY and MEC. Residuals
obtained from the MY and MEC models developed by
the GLM procedure were used to develop a self-start-
ing, head start, winsorized CUSUM chart for location
and scale, and a self-starting Shewhart chart. Terms
relating to the SPC charts are briefly explained below.
For further details, please refer to Hawkins and Olwell
(1998).

The term self-starting chart implies that, at the onset
of the monitoring period, the mean is set to 0 and the
variation to 1. As data are accumulated both mean and
variation are updated by calculating a running mean
and running variation. Upward (S*) and downward
(S7) CUSUM for the self-starting mean chart (location
CUSUM) are calculated as presented below (Hawkins
and Olwell, 1998):

S: = maux(O,Snt1 +U, — k:)
Sy =max (0,5, ~U, +k),

where 2 x k is the shift in mean that the location
CUSUM is optimized to detect, U, is the inverse nor-
mal of the Student’s t distribution with parameters
F, 5(a,T,), where

a = n_l’T :Xn_anl)SQ: Wn ,
n \, n n g n n—1

n—1

and X and W, are the running mean and standard
deviation of the residuals.
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The upward (V') and downward (V~) CUSUM for
the self-starting variation chart (scale CUSUM) are
calculated as follows (Hawkins and Olwell, 1998):

n

Vo= max(o, Vo U+ r),

n

V' = max (0, Vntl + Ui . r)

where ris the reference value determined by the size of
shift in variation that the scale CUSUM is optimized
to detect.

The reference values (k, r) can be obtained from soft-
ware provided by Hawkins and Olwell (http://www.
stat.umn.edu/cusum/software.htm). After specifying
the mean or variation and the size of shift (in mean
or variation), the software returns the k or r value,
respectively. Then, the S™ and S~ values are plotted on
a location CUSUM. The V' and V™ values are plot-
ted on a scale CUSUM. To identify when the mean or
variation has shifted from the specified values, UCL
and LCL are plotted on the charts. The UCL and LCL
can also be obtained from the mentioned software and
are determined by the chosen average time to a false
signal for each of the charts. The greater the desired
average time to a false signal the wider the limits.

Head start implies that the initial values

(SJ, Sy Vn*, and VJ) are set not at the mean, but

halfway between the mean and UCL or LCL. This sen-
sitizes the chart to detecting changes at the onset of
charting, which, in this study, is the onset of lactation.
The influence of potential outliers or extreme values on
the mean and variation estimates was minimized by
setting a winsorizing constant (w; Hawkins and Olwell,
1998). In this procedure, whenever U, calculated based
on the residuals is <—w or >w it is replaced by the
value of —w or w, respectively. The corrected value of
the residual is then back-calculated from the value of
U, = —w or w, and replaces the actual residual in the
calculations of the running mean and variation. To ad-
dress the problem of greater variation in MY at the
onset of lactation, w for MY charts was set to 0.5 for
the first 7 DIM and 3 for the remaining DIM. Winsoriz-
ing constant was set at 3 for all DIM in case of MEC
charts.

The self-starting Shewhart chart is obtained by plot-
ting the U, values on a chart with a mean 0, UCL set
at 3, and LCL set at —3.

For each of the 2 schemes (SPC-MY and SPC-MY/
MEC), 3 monitoring options were designed to result in
approximately 98, 99, or 99.5% Sp. This was achieved
by adjusting the size of shift (in mean or variation) the



PREDICTING DISEASES BY MONITORING MILK

CUSUM charts were optimized for, the average time to
false signal on the CUSUM charts, and the number of
signals that were necessary for an alarm to be issued.
The CUSUM scale chart issued a signal whenever a
point was plotted above the UCL; and the CUSUM
location chart issued a signal whenever a point on the
MY chart was plotted below LCL or a point plotted
on the MEC chart was above UCL. To give greater
attention to large shifts in mean, 3 signals were issued
whenever a point plotted on the Shewhart chart was
below the LCL on the MY monitoring chart or above
the UCL on the MEC monitoring chart. The procedure
was performed for each cow separately resulting in 6
SPC charts, 3 for MY (CUSUM for location, CUSUM
for scale, and Shewhart chart) and 3 for MEC, per
animal. Monitoring scheme SPC-MY considered only
MY charts (3 charts per animal). Monitoring scheme
SPC-MY/MEC considered both MY and MEC charts
(6 charts per animal). In all developed monitoring
schemes the number of signals occurring within 3 milk-
ings was summarized. To avoid repeated signals for an
already diagnosed disease, all signals were suppressed
for 7 d whenever a disease was diagnosed. An attempt
was made to incorporate the information on prior MY
and MEC distribution into the current year monitor-
ing scheme. To achieve this objective, an MY and
MEC mean and SD was calculated for the first 3 wk
of lactation from the milk records of healthy animals
(i.e., those not experiencing any health events within
the first 100 DIM). This was done separately for first-
lactation, second-lactation, and older cows. For each of
these lactation groups, a separate MY mean and SD was
calculated for cows calving between April and October
(low season) and between November and March (high
season). This resulted in 6 means and 6 SD for MY
and 3 means and 3 SD for MEC. A random number
generator in SAS was used to generate 42 MY readings
for each of the 6 distributions (first, second, third+ lac-
tation, and high and low season) and 42 MEC readings
from each of the 3 distributions (first, second, third+
lactation). The generated data were labeled cohort-
based. Generated cohort-based data were placed before
each cow’s current lactation according to her lactation
number (for MEC) or lactation number and season of
calving (for MY). For example, a first-lactation cow
calving in March 2006 would have 42 cohort-based
readings from the first lactation, high season distribu-
tion of MY, and 42 cohort-based readings from the first
lactation MEC distribution assigned before her date
of calving. With the self-starting approach used in the
monitoring schemes, the initial mean and SD were set
to 0 and 1, respectively. However, the 42 cohort-based
readings were used to calculate the running mean and
SD. Therefore, when real data began to be collected
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and cow monitoring was initiated, the running mean
and SD were already adjusted for the lactation and
season of calving.

Evaluation of the Health Monitoring Schemes

Herd management used the DairyPlan (DP) scheme
as an on-farm disease detection system. The schemes
designed in this study were compared with the DP. The
performance of the monitoring scheme was evaluated
based on the ability of the monitoring scheme to detect
disease before or on the day of diagnosis (Sn) and the
rate of false positive alarms (FPR) during the first 100
DIM. Data set 2 was used for the evaluation. In data set
2, health events were recorded by date (not by milking),
therefore, disease diagnosis was assigned to the whole
day (2 milkings). For all Sn and Sp calculations, true
status was determined daily by disease diagnosis record.
The true status of a cow not diagnosed with any disease
within the next 10 d was considered disease negative
(D7) for that particular day. False positive rate was
calculated for all health episodes together. Sensitivity
was estimated separately for 4 disease groups. Group
1 contained udder related health problems (mastitis,
edema, udder scald and other udder related). Group 2
contained digestive and metabolic disorders (left dis-
placed abomasum, ketosis, milk fever, off feed, other
digestive). Group 3 consisted of reproductive health
problems (metritis and retained placenta). Pneumonia,
lameness, abscess, and other diseases constituted group
4. For the SPC and DP schemes, 1 true positive was
declared whenever a health alarm occurred within a
10-d period preceding or on the day of diagnosis of
a health episode. Regardless of the number of health
alarms only 1 true positive could be declared per health
event. Each true positive could only be a true positive
of 1 disease diagnosis. Therefore, in data set 2, if a cow
was diagnosed multiple times during a 10-d period only
the first disease diagnosis was considered. False posi-
tive was declared for each health alarm issued when no
health episode occurred the day of the alarm or on the
10 d following the alarm. Sensitivity was calculated as
the number of true positive results divided by the num-
ber of health episode occurrences. False positive rate
was calculated as the number of false positive alarms
per 100 D™ cows. Specificity was calculated from the
FPR (SP = 100 — FPR).

Logistic regression was used to compare the Sn and
Sp of the designed monitoring schemes to that offered
by the DP scheme. The difference in Sn between the
DP scheme and the developed schemes was tested by
modeling the probability of a health alarm being is-
sued using the subset of cow-days when disease from
a specific group was diagnosed (Dohoo et al., 2003)
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and entering the variable scheme as a dependent. The
difference in Sp between the DP scheme and the devel-
oped schemes was tested by modeling the probability of
a health alarm not being issued, using a subset of data
without all of cow-days when a disease was diagnosed
and without the 10 d before that date, and entering the
variable scheme as a dependent. The variable scheme
was a categorical variable with the following 7 levels:
DP, SPC-MY-98, SPC-MY-99, SPC-MY-99.5 (designed
scheme based on MY, with a target Sp of 98, 99, and
99.5%, respectively), SPC-MY/MEC-98, SPC-MY/
MEC-99, and SPC-MY/MEC-99.5 (designed scheme
based on MY and MEC, with a target Sp of 98, 99, and
99.5%, respectively).

RESULTS AND DISCUSSION

Effect of Health Events and Other Factors
on MY and MEC

Milk Production. The effects of health events on
MY are summarized in Table 3. Miscellaneous digestive
disorders (represented mainly by diarrhea) and udder
scald had the greatest negative cumulative effect on
MY (—304.42 and —304.17 kg, respectively) over the
whole period when the effect was significant (Table
3). The greatest average daily effect was estimated for
milk fever (—10.36 kg). Milk fever had also the great-
est single day effect of —24.10 kg 1 d before diagnosis
(data not presented). Milk fever was usually diagnosed
within the first 2 DIM limiting the number of avail-
able records prediagnosis. Therefore, the effect estimate
for day before day of diagnosis, although significant,
has to be considered with some caution, because it is
based on a limited number of records. Several udder
disorders had a long-lasting effect on MY: mild (53 d)
and moderate (51 d) mastitis, udder scald (58 d), and
other udder-related disorders (50 d). Pneumonia, left
displaced abomasums, retained placenta, miscellaneous
digestive disorders, and other disorders also had a long-
lasting effect of 58, 54, 51, 57, and 56 d, respectively.
Bareille et al. (2003) demonstrated the greatest initial
negative effect of —25.7 kg 3 d before the day of diag-
nosis for milk fever. They also reported the greatest
total effect of —155 and —160 kg for teat injury and
systemic mastitis, respectively. The estimates are simi-
lar to those made in this study, although the effect of
other udder-related problems that included teat injury
in this study was estimated to be twice that reported
by Bareille et al. (2003). Seegers et al. (2003) observed
a 375-kg reduction in milk yield per case of mastitis.
Wilson et al. (2004) estimated the total effect of mas-
titis on milk yield to be >600 kg. The effect of edema,
which in this data set was estimated at —141.09 kg,
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was estimated at —10 kg by Bareille et al. (2003). The
magnitude of the effect of any health disorder is likely
to be affected by time from disease initiation to day
of diagnosis and treatment, the time from initiation of
treatment to resolution of clinical symptoms, type of
specific pathogen causing the disease, herd production
level, season, and stage of lactation when disease was
diagnosed (Huijps et al., 2008). Therefore, the possibil-
ity of comparisons of the magnitude and length of the
effect between farms and studies is limited.

Interestingly, cystic cows in our study produced 3.69
kg/d more milk throughout the entire period considered
(—10 d to 49 d). These results are supported by Loeffler
et al. (1999) who demonstrated a negative relationship
between milk yield and cow fertility.

Electrical Conductivity. Electrical conductivity of
milk is used most commonly as an indicator of mastitis
infection (Nielen et al., 1992; Woolford et al., 1998;
Norberg et al., 2004). In this study, the mean MEC
among healthy cows was 490 reference units (SD 58.1).
Significant increases reported in Table 4 ranged from
10.4 to 40.8 reference units, which corresponds to 2.1
and 8.2%, respectively. Woolford et al. (1998) reported
greater values of 11.8 to 32.1% increase in MEC de-
pending on the pathogen causing mastitis infection. In
the current study, MEC was monitored on the farm to
help identify mastitis infections. It is therefore possible
that mastitis treatment was initiated earlier in the dis-
ease process and thus the magnitude of MEC shift was
decreased. Results presented in Table 4 demonstrate
a significant increase in MEC of milk as early as 3
d before detection of mild mastitis. Among all udder
health problems, the longest increase in MEC was ob-
served in cows with mild mastitis (d —3 to d >49) and
the increase was most profound in cows with udder
scald (5.7%). Considering all disorders, milk fever was
associated with the greatest increase in MEC (8.3%).
Increase in MEC was observed the longest for cows di-
agnosed with pneumonia (d —7 to d >49). Other meta-
bolic and digestive problems such as ketosis, off feed,
left displaced abomasums, as well as retained placenta,
lameness, and other diseases were also associated with
a significant increase in MEC. The concept that other
diseases might affect MEC has previously been sug-
gested (de Mol, 2000). Changes in body temperature
and milk fat content observed in association with some
diseases might constitute the basis for such a concept.
Milk temperature, which affects MEC (Prentice, 1972;
Nielen et al., 1992), is also sensitive to changes in body
temperature. Decrease in milk fat is observed in cows
that are off feed, experiencing acidosis (Kleen et al.,
2003), fatty liver, ketosis, and displaced abomasa (Nor-
dlund and Cook, 2004). A decrease in milk fat was also
reported before hoof treatments (Nishimori et al., 2006)
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Table 3. Effect of specific health events' on milk production®
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Health event First day Last day Mean SEM Total effect
Miscellaneous digestive disorders -8 >49 —-5.29 1.419 —304.42
Udder scald (flexural seborrhea) -9 >49 —5.44 1.212 —304.17
Udder related -1 >49 —5.53 1.004 —276.55
Pneumonia -9 >49 —4.98 1.199 —254.16
Displaced abomasum -5 >49 —4.27 0.901 —230.77
Retained placenta -2 >49 —3.79 0.545 —193.23
Off feed <-10 21 —5.49 1.091 —170.24
Milk fever -1 14 —10.36 1.812 —155.45
Other -7 >49 —2.63 0.625 —147.36
Edema -1 35 —3.92 0.840 —141.09
Moderate mastitis —2 >49 —2.65 0.305 —135.10
Ketosis <-10 28 —3.16 0.500 —119.96
Severe mastitis -1 21 —5.39 0.742 —118.55
Metritis <-10 28 —2.95 0.751 —112.20
Mild mastitis —4 >49 —2.00 0.453 —105.90
Lameness —6 21 —-3.11 0.642 —83.93
Abscess -8 4 —3.41 1.084 —40.90
Hoof treatment —1 3 —0.63 0.201 —2.53
Vaccination 2 3 —1.19 0.204 —2.38
Cystic <-10 >49 3.69 0.566 217.75

'The term health events used in this study refers to diseases experienced by the animals, administered vaccinations, and other procedures.

*Presented are the results of modeling milk production, standardized for a 24-h period, using a mixed model. Each health event had 24 levels
representing day relative to day of occurrence, with 1 level per day (d —10 to d 7), 1 level per week (d 8 to d 49), and 1 level for all days out-
side the event period. First and last day represent the first and last day of significant parameter estimate of the mixed model. Effects with no
significant parameter estimates for any of the levels were not included in the table.

and is most probably related to developing lameness
problems. Decrease in milk fat increases MEC (Wool-
ford et al., 1998) and might contribute to the results
observed in this study.

Other Factors. Electrical conductivity increased by
0.18 with each DIM (P < 0.0001). Factor DIM x DIM
was only significant in the milk yield model (—0.00039;
P < 0.0001). Weather (WF) was a significant factor

in both models. An increase of 1°C resulted in a 0.018
kg/24 h (P < 0.0001) decrease in MY and 0.011 in-
crease in MEC (P = 0.0248). West (2003) also reported
decreased milk yield with an increase in ambient tem-
perature. Milk electrical conductivity increases linearly
with milk temperature (Prentice, 1972; Henningsson et
al., 2005). Milk temperature has been reported to in-
crease linearly with ambient temperature (West, 2003),

Table 4. Effect of specific health events' on milk electrical conductivity®

Health event First day Last day Mean SE

Milk fever 1 3 40.8 11.47
Displaced abomasum -2 1 38.3 20.53
Udder scald (flexural seborrhea) -3 14 28.1 10.08
Pneumonia -7 >49 27.2 8.29
Off feed —6 5 26.0 11.40
Udder related -2 42 25.4 10.08
Edema -3 14 24.9 9.13
Other -2 1 19.7 5.53
Severe mastitis -1 14 17.1 6.21
Lameness -1 5 15.8 5.85
Mild mastitis -3 >49 12.0 3.83
Retained placenta -2 21 12.0 4.54
Ketosis -9 1 11.8 4.45
Moderate mastitis -1 28 10.4 2.55

'The term health events used in this study refers to diseases experienced by the animals, administered vaccina-

tions, and other procedures.

*Presented are the results of modeling milk electrical conductivity using a mixed model. Each health event had
24 levels representing day relative to day of occurrence, with 1 level per day (d —10 to d 7), 1 level per week
(d 8 to d 49), and 1 level for all days outside the event period. First and last day represent the first and last
day with a significant positive estimate of the mixed model. Effects with no significant parameter estimates for
any of the levels were not included in the table.
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Table 5. Healthy' cow milk yield model®

Parameter Estimate SE P-value
Intercept 1.41 0.023 <0.001
Milk/24 h lag 1 0.96 0.002 <0.001
Milk/24 h lag 2 —0.43 0.002 <0.001
Milk/24 h lag 3 0.53 0.002 <0.001
Milk/24 h lag 4 —0.10 0.002 <0.001
Parity 1 —0.15 0.011 <0.001

'Not diagnosed with any diseases for the first 100 DIM.

*Presented are the results of a linear model of current milk yield over
24 h using a subset of healthy cow records. Lag 1 represents 1 milk-
ing.

explaining the increase in MEC observed in our study.
Cows having twins had lower MY (3.39 kg/24 h; P <
0.0001). Chapin and Van Vleck (1980) have previously
reported a decrease of 285 kg of milk per lactation in
cows after a twin calving, suggesting a less extensive
lobuloalveolar duct development because of shorter
gestation period as one of the possible explanations.
Also, Nielen et al. (1989) reported that cumulative MY
during lactation of cows after a twin calving was 291 kg
less than that in singletons. Cows with known greater
calving difficulty produced less milk (—4.05 kg/24 h;
P < 0.0001), and had lower MEC (13.95; P < 0.0001).
Lower MY associated with greater calving difficulty
might have resulted in more concentrated milk with
greater fat content. The greatest MY was estimated for
cows in the second lactation (7.77 kg/24 h more than
cows in the fourth lactation; P < 0.0001). Electrical
conductivity was lowest for cows in the first lactation
(36.24 units less than cows in the fourth lactation; P <
0.0001). Observations made by Sheldrake et al. (1983)
reporting an increase in MEC in subsequent lactations
support the results observed.

Monitoring Scheme

Performance of SPC charts is sensitive to lack of
independence between subsequent observations (Hawk-
ins and Olwell, 1998). When, in a normally operating
process, a value above the mean tends to be followed
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by another value above the mean and vice versa (posi-
tive autocorrelation), the S* or S~ on the CUSUM will
increase or decrease, respectively, eventually crossing
the UCL or LCL and issuing a false alarm. To address
the problem of autocorrelation between individual cow
MY and MEC readings (de Mol, 2000) an approach
suggested by Montgomery (2005) was used and 2 au-
toregressive models were developed based on a subset of
healthy cow records. Other researchers have suggested
using an autoregressive model to model MY or MEC
(de Mol, 2000; Macciotta et al., 2000). The resulting
models are presented in Table 5 and Table 6. In Table 5
an alternate pattern of positive and negative coefficient
estimates for odd and even lags can be observed. This
pattern is related to the autocorrelation introduced by
standardization of milk yield for a 24-h period for each
milking (de Mol 2000). In Table 6 a higher coefficient
is estimated for even-numbered lags. In the model, 1
lag refers to 1 milking; therefore, even-numbered lags
refer to milkings of the same time of day (a.m. or
p.m.) as the estimated milking. Electroconductivity is
known to vary depending on the time of milking (a.m.
or p.m.). Therefore, it can be expected that MEC at
current milking is more strongly correlated to milkings
represented by even-numbered lags and less correlated
to milkings represented by odd-numbered lags. The
models developed in this study were used to obtain
residuals for all cows (D~ and D") and the residuals
were then plotted on CUSUM and Shewhart charts of
the 6 monitoring schemes (SPC-MY-98, SPC-MY-99,
SPC-MY-99.5, SPC-MY/MEC-98, SPC-MY/MEC-99
and SPC-MY/MEC-99.5).

The results of the logistic regression model compar-
ing Sn and Sp between all the designed schemes and
the DP scheme are presented in Table 7. When Sp
of the designed schemes was set to be similar to the
DP scheme (SPC-MY-98 and SPC-MY/MEC-98), the
Sn of detection of udder, metabolic, and reproductive
health problems was 2 to 6 times greater than that
observed for the DP scheme. With FPR reduced by
half (SPC-MY-99 and SPC-MY/MEC-99), Sn for ud-
der and reproductive health events was significantly

Table 6. Healthy' cow milk electric conductivity model®

Parameter Estimate® SE P-value
Intercept 39.180 0.6648 <0.001
Electrical conductivity lag 1 0.175 0.0020 <0.001
Electrical conductivity lag 2 0.371 0.0021 <0.001
Electrical conductivity lag 3 0.113 0.0021 <0.001
Electrical conductivity lag 4 0.263 0.0020 <0.001
Parity 1 —2.421 0.1379 <0.001

'Not diagnosed with any diseases for the first 100 DIM.

*Presented are the results of a linear model of current electric conductivity using a subset of healthy cow re-

cords. Lag 1 represents 1 milking.

*Electric conductivity expressed in reference units (500 reference units ~6 mS).
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Table 7. Sensitivity (Sn) and false positive rate (FPR) of the monitoring schemes'

Sn’

FPR® Udder Metabolic Repro Other
Model® (n = 4,5164" m=54% @=24% (=315 (n=47
DP 97.9 22.2 20.8 9.7 23.4
SPC-MY-98 98.0F 44.4% 45.8t 48.4%* 23.4
SPC-MY-99 09.0%** 42.6* 37.5 48.4** 17.0
SPC-MY-99.5 99.5%H* 38.9% 25.0 48.47%%* 12.8
SPC-MY/MEC-98 98.0 48.1%* 58.3% 5R.1HH* 25.5
SPC-MY/MEC-99 99. 174 40.7* 33.3 51.6%* 19.1
SPC-MY/MEC-99.5 99.5%** 25.9 29.2 16.1 10.6

'Presented are the results obtained by logistic regression by modeling probability of no alarm on a subset of
cow-days with no health event (FPR), or modeling the probability of an alarm on a subset of cow-days with a
health event (Sn) from a specific group (udder, metabolic, reproductive, other).

’DP = DairyPlan (WestfaliaSurge Inc., Naperville, IL); SPC-MY-98, SPC-MY-99, SPC-MY-99.5 = statistical
process control designed schemes based on milk yield (MY), with a target specificity (Sp) of 98, 99, and 99.5%,
respectively; SPC-MY/MEC-98, SPC-MY/MEC-99, and SPC-MY/MEC-99.5 = designed schemes based on
MY and milk electrical conductivity (MEC), with a target Sp of 98, 99, and 99.5%, respectively.

SFPR was calculated for all health events combined as the number of cows signaled by the system that were
not diagnosed with any disease the day of alarm or over the 10 d following the alarm. Indicated probabilities
refer to the significance in differences between the DP and the design schemes.

4 . .
Number of records used for estimation.

’Sensitivity was estimated for 4 health event groups (udder, metabolic, reproductive, other) separately.
Indicated probabilities refer to the significance in differences between the DP and the design schemes.

SNumber of health episode occurrences.
*HEP < 0.001; FFP < 0.01; ¥*P < 0.05; 1P < 0.1.

greater and Sn for metabolic problems was numerically
greater than that of the DP scheme. When the FPR
was reduced by a factor of 4 (SPC-MY-99.5 and SPC-
MY /MEC-99.5), Sn of udder, metabolic, and reproduc-
tive disorders was still numerically greater than the
estimates for the DP scheme. With FPR = 0.5, only
1 significant difference (SPC-MY-99.5 for reproductive
disease detection) and 1 tendency (SPC-MY-99.5 for
udder disease detection) were observed. Although nu-
merical differences are evident and mostly in favor of
the DP scheme, the small prevalence of the remaining
health problems (other diseases group) determined the
lack of significant differences in Sn estimates between
the DP and the designed schemes.

Potential bias introduced by the fact that DP was
used on the study farm to identify animals experiencing
health problems might have led to overestimation of
both Sn and Sp for the DP scheme. It has to be noted,
however, that DP, as well as animal observation and
regular veterinary checks, was one of the indicators of
potential disorders and that final diagnosis (true status
determination) was always made based on an examina-
tion by a veterinarian. A multi-farm study, compar-
ing several already developed models with the SPC
schemes presented in this study would be necessary
to fully evaluate the performance of the SPC schemes.
However, some reference to studies of other researchers
attempting to develop a disease detection model might
help put our results in some perspective. de Mol et
al. (2001) developed a multivariate mastitis and estrus

detection model based on MY, MEC, milk tempera-
ture, and animal activity. Field performance test of the
model revealed that with Sp at 98.1 or 99.4% the model
was capable of detecting 59 or 36% of clinical mastitis
cases, respectively. Norberg et al. (2004) monitored dif-
ferent quarter milk MEC measures for individual cows
demonstrating clinical mastitis detection Sp between
91.9 and 98%, with Sn estimated at 47.9 and 16.2%,
respectively.

For all health events, the number of health alarms
issued by the SPC-MY/MEC-98 and the DP scheme
was noted and summarized by day relative to day of di-
agnosis in Figure 1. Average daily MY and MEC were
calculated for the 10 d before diagnosis of any health
event Figure 2. For all days, the number of health alarms
issued by SPC-MY/MEC-98 was greater and more
alarms were issued earlier relative to the day of diagno-
sis. Similar health alarm patterns were observed for the
remaining 5 schemes developed in this study (data not
presented). An increase in the number of health alarms
issued by DP and SPC-MY/MEC-98 was observed 8 d
before day of diagnosis; however, the number of alarms
was greater for the SPC-MY/MEC-98 scheme. Table 3
suggests that these are not false alarms and that they
are issued in response to a decrease in MY observed on
d —8 relative to day of diagnosis. Figure 2 also dem-
onstrates an interesting relationship between MY and
MEC on several days preceding a health event. Each
marked decrease in MY (d —8, —6, —4, and —2 to 0)
is associated with a decrease in MEC. As previously
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Figure 1. Number of health alarms issued by one of the design
monitoring schemes (SPC-MY/MEC-98, where SPC = statistical pro-
cess control; MY = milk yield; MEC = milk electrical conductivity)
and the software used on the farm (DP, DairyPlan, WestfaliaSurge,
Naperville, IL) relative to the day of health event diagnosis. Solid
black bars represent number of health alarms issued by the DP scheme;
white bars represent the designed scheme (SPC-MY/MEC-98). Day 1
marks the day of health event diagnosis.

suggested, a decrease in MY might result in an increase
in the fat content of milk and subsequently decrease
MEC in the D" cows.

Although the decrease in MY from d —2 to d 1 ap-
pears linear, the downward shifts on d —8 and —4 are
followed by a day of increased MY, making the changes
in MY from d —8 to —3 more subtle. The combina-
tion of both CUSUM and Shewhart charts used in the
monitoring schemes developed in this study resulted in
Sn to both lesser as well as greater changes in MY. The
subtle character of the changes in MY observed from d
—8 to d —3 might reflect the allostatic response during
the subclinical phase of an adverse health event until
the cow’s adaptive capacity is overwhelmed (Colditz,
2002; Beerda et al., 2004, 2007). Nocek (1997) reports
that subclinical acidosis is associated with more subtle
changes and inconsistencies in MY. Observations made
by Lucey et al. (1986) suggest that if individual cow
MY data were available for each animal on a daily
basis, subclinical diseases could be detected 2 or more
weeks before observation of clinical signs. Similarly,
Duffield (2000) states that subtle decreases in MY can
be characteristic of subclinical ketosis, and Mungube et
al. (2005) demonstrate a 17% loss of MY in quarters
subclinically infected with mastitis. In diseases such
as Johne’s, the presence of an initial immune response
has been demonstrated before clinical signs of the
disease appear (Bannantine et al., 2008). Detection of
the disease at this stage is critical in the attempt to
decrease its effect on herd health. Milner et al. (1997)
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demonstrated a lesser effect of mastitis on MY, SCC,
and antibiotic treatment duration when treatment was
initiated based on changes in MEC, before clinical signs
of mastitis were observed.

As mentioned previously, the designed SPC-MY and
SPC-MY /MEC schemes issue more true positive health
alarms and issue them earlier relative to the day of
diagnosis making them more sensitive and timely than
the scheme currently used on the farm (DP). Earlier
alerts of an emerging health problem offer the potential
of earlier diagnosis. Earlier treatment can potentially
decrease duration and severity of the problem and
significantly reduce MY losses. In some cases, how-
ever, when disease alerts are issued several days before
diagnosis, disease-specific clinical signs might not be
observable when the monitoring system first issues
an alert. Depending on the Sp of the chosen scheme,
the herd manager can be certain that 98 to 99.5% of
D™ cows will not be flagged by the warning system.
As demonstrated in Figure 2, between d —9 and d —3
cows struggle to maintain their MY while trying to
cope with the stress factors that are affecting them.
Intervention at this point might not require any disease
specific treatment. Although closer monitoring of the
affected cows should be considered, the herd manager
should focus on eliminating the stressing factors in
the management environment of the signaled cow or
group of cows. For example, a herd manager seeing
alerts issued for recently calved cows might decrease
the stocking density in the postcalving pen, reducing
the competition for the feed bunk or lying space. There
is ample evidence that certain grouping strategies or
overstocking disrupt normal cow social behavior and
can reduce access to feed, water, and stall rest. This
unnecessary stress can result in production losses or in-
crease the risk of postpartum diseases (Nordlund et al.,
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Figure 2. Milk yield (MY, W) and electrical conductivity (MEC,
@) relative to day of diagnosis. Milk is reported in kg/24 h per cow.
Electrical conductivity is presented in units reported by the software
used on the farm (500 reported units ~6 mS). Day 1 marks the day of
health event diagnosis.
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2006; Huzzey et al., 2007). Removal of environmental
stressors may prevent the animals from progressing into
the clinical phase of a disease and rapidly losing MY.
Such a rapid decrease in MY can be observed between
d —2 to d 1 (Figure 2).

Cohort data generated based on the prior MY and
MEC distribution of cows of a specific parity and sea-
son of calving were placed before each cow’s current
lactation according to her lactation number and calving
date. Inclusion of information on prior distribution is a
common approach in Bayesian statistics (Bayarri and
Garcia-Donato, 2005). Incorporating prior information
into the system allows the monitoring scheme to be-
come more farm specific when several years of data
are already available. Including prior data in process
analysis also provides insight into management changes
of similar cohorts of cows that might occur from year to
year. In larger herds, the cohorts used to provide prior
distribution for cohort-based data generation can be
made more specific by creating cohort groups by breed,
calving seasons, or lactation number. Cows experience
greater variation in MY within the first few DIM than in
the remaining stages of lactation. When the self-starting
approach is used for the CUSUM chart, increased varia-
tion at the onset of charting significantly reduces the Sn
of the charts (Hawkins and Olwell, 1998). Using prior
distribution information helps alleviate this problem by
including prior data in the calculation of the running
standard deviation. This causes the standard deviation
calculation and the setting of the UCL and LCL to be
less sensitive to the increased number of extreme values
at the beginning of lactation. The winsorizing constant
was also adjusted for the first 7 DIM (w = 0.5 and w
= 3 for <8 DIM and >7 DIM, respectively) to further
limit the effect of extreme values on the variation esti-
mation as recommended by Hawkins and Olwell (1998).
The net effect was to increase the Sn of the health
monitoring scheme during the period in lactation when
more variation exists and most diseases occur.

The focus of the current study was to develop a
scheme that would alert herd management to the onset
of an adverse health event. The same schemes can also
be used to identify the onset of recovery from a disease
event. Evaluating the performance to these schemes in
detecting the onset of recovery would require know-
ing for each case of diagnosed disease if and when the
recovery began. This would require a more controlled
study in which bacterial cultures (in case of mastitis),
milk and blood tests (in case of metabolic diseases), or
physical examination (in case of lameness and other
diseases) would determine the exact day of recovery
that could be recorded and used to determine the true
status of the animal for the purpose of Sn and Sp analy-
sis.
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CONCLUSIONS

The current study demonstrated that significant
changes in milk yield and electrical conductivity can be
observed as early as 10 d before diagnosis of an adverse
health event. By introducing the cow health monitor-
ing schemes based on MY and MEC developed in this
study, the herd manager would be alerted earlier and
with twice the odds of identifying an emerging udder,
reproductive, or metabolic problem than by the disease
detection system currently used on the farm (DP). Sig-
nals issued by the monitoring schemes are not disease
specific and do not indicate what type of disease is
emerging. The signals are, however, issued up to 10 d
before the disease enters the clinical phase, giving the
herd manager a time advantage that can be used to
identify and eliminate the environmental stress factors
that potentially compromise the cow’s ability to fight
off the emerging disease. Additionally, the herd man-
ager can provide closer monitoring of the flagged cow
to ameliorate symptoms in the early stages of clinical
disease before more profound biological changes occur.
The possibility of choosing different FPR (0.5, 1, and
2) and using different milk characteristics (MY only
vs. MY and MEC) allows for their adoption on farms
with different risk aversion attitudes as well as different
availability of data.
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