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Abstract

Sensor measurements can be used in dairy farming for the detection of oestrus and 
diseases A new model has been developed to process the measured variables m a combined 
way It is based on time series models for milk yield, milk temperature, electrical conductivity 
of quarter milk and the cow’s activity, and a probability distribution for the concentrates 
leftovers. The parameters of the time series models and the probabilities are fitted on-hne for 
each cow after each milking by Kalman filters. This makes it possible to coinbine the 
variables and to generate cow-specific alerts. Global results on the detection of oestrus, 
mastitis and other diseases are given. © 1999 Elsevier Science B.V. All rights reserved.

Keywords: Dairy cattle; Oestrus detection; Health monitoring; Time series; Kalman filter; Management 

information systems 

1. Introduction

Timely recognition of oestrus and diseases is very important in dairy farming. 
Oestrus detection is important because it determines the insemination time and as 
a derivative of this the interval between two successive calvings (calving interval). It 
is traditionally done by visual observations by the farmer. Cows in oestrus behave

* Corresponding author. Tel.; + 31-317-476459; fax; 4-31-317-425670.
E-mail address: r.m.demol@imag.dlo.nl (R.M. de Mol)

0168-1699/99/$ - see front matter © 1999 Elsevier Science B.V. All rights reserved.
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a detection 
Mol et al.,

172 R.M. de Mol et al. / Computers and Electronics in Agriculture 22 (1999) 171-185

active and stand to be mounted. Visual observation has
.k I difficult as the average herd size has increased. Therefore alternative 

m^hods have been developed that may be automated (De Mol et al., 1993)
Detection of diseases is also important, not only because an ill cow produces less 
k but also because a disease can have harmful consequences; it may be a reason 

’"1^ “fl^inmation) is a frequently occurring disease
ffiat can lead to considerable yield reductions (Houben, 1995). Automated methods 
have also been developed for detection of diseases.

Several methods for automated detection of oestrus and diseases that can alreadv 
be used m practice, are based on measurement of variables with sensors. Sensors 
are available for measuring milk yield, milk temperature, electrical conductivity of 
tne milk, animal activity (with step counters) and concentrates intake.

he qualitative relationships between the measured variables and the occurrence 
of oestrus and diseases are shown in Table 1. This shows that temperature and 
activity are increased m case of oestrus, yield and feed intake may be decreased and 
conductivity is unchanged. The conductivity increases in case of mastitis.

Information from a management information system (MIS), such as the number 
o days m lactation, previous cases of oestrus and diseases, is useful for the 
interpretation of the measurements.

Models based on one variable have been developed in previous research for the 
(qS; ^‘®®ases: for example the activity for oestrus (Eradus et al
1992) or the conductivity for mastitis. Different variables have also been taken into 
account separately (Maatje et al., 1992).

It IS clear from Table 1 that there is a significant potential for improvement by 
considering the combination of variables for the interpretation of the measure­
ments. An increased temperature can have different causes, but when coupled with 
an increased activity, oestrus will be an obvious explanation; when it coincides with 
an increased conductivity, mastitis might be the reason. Therefore research has been 
carried out in which sensor measurements from the different variables and informa­
tion from the MIS are processed in a combined way. This leads to 
^92)^ oestrus and diseases that can be a part of a MIS (De

Table 1
The relations between measured variables and the occurrence of oestrus and diseases"

Yield Temperature Conductivity Activity Feed intake
Oestrus
Mastitis
Other infective diseases

Neg/-
Neg
Neg

Pos
Pos Pos

Pos Neg/-
Neg/-

Metabolic diseases Neg Neg/-
Lameness Neg - -

Neg
Neg

Neg
Neg
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1. The structure of the model

The detection model should generate alerts for oestrus and diseases (especially 
mastitis) based on sensor measurements and information from the MIS. These 
alerts are meant for the farmer to draw his attention to a cow that may be m 
oestrus or ill so that he can undertake appropriate action. For each cow and each 
milking, measurement data are available for;
• milk yield,
• milk temperature,
• electrical conductivity of the milk for each quarter of the udder, and
• activity based on the counter values of the step counter,

and for each cow and each day:
• the concentrates intake and the ration. .

Measurements are available from the experimental farms of IMAG-DLO m 
Duiven and from ID-DLO in Lelystad obtained in 1993 and 1994. The cows were 
milked twice a day. Maatje et al. (1992) describe the measuring methods. Reference 
data are available for testing; progesterone, somatic cell counts and others from 
laboratory analyses, veterinary treatments, and so on.

Several processing techniques are suitable for the development of such a model. 
In the past simple statistical techniques were used, such as the moving average. A 
structure that is based on more advanced statistical techniques, namely time series 
analysis combined with a Kalman filter, is used in this paper. Time series analysis 
has already been used for milk yield in Deluyker et al. (1990) where a genera y 
applicable model has been proposed. A cow-dependent, but generally applicable 
model is described here. The Kalman filter has also been used m a somewhat 
comparable research (Thysen, 1992), but the approach in this paper is fundamen­

tally different. , ,,, ,
The detection model uses underlying models that describe the normal behaviour 

of the measured variables. These underlying models are cow-specific and eshmates 
of parameters are updated after each milking. For each cow and each milking the 
following steps are taken:
1. use of the underlying models to calculate predictions for the measurements with 

standard errors;
2 reading of the actual new measurements;
3. comparison of the actual and the predicted values and generation of an alert it 

the combination of variables is aberrant, and
4. use of the new information from the measurements to update the parameter

estimates in the underlying models. . . .
In this way each cow gets her own model describing her characteristics. This 

makes it possible to generate cow-specific alerts in case of abnormal behaviour, 
possibly due to oestrus or illness. The underlying models for yield, temperature, 
conductivity and activity are time series models (described m Section 3), for t e 
concentrates intake a probability distribution is used (Section 4). Kalman filters are 
used to update the parameters in these models (Section 5).
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3. Time series models for cow variables

Time senes, like the sensor measurements, are observations of a phenomenon 
made sequentially in time (Chatfield, 1989). Consequently, the measurements of the 
cow variables are time series. A characteristic of time series is the fact that in 
general the successive observations are not independent. This relationship is made 
explicit m a time series model, which is used to forecast the measurement values for 
a next milking The new measurements can then be compared with these forecasts 
It is assumed that the model is valid for healthy cows that are not in oestrus. Too 
great deviations indicate that this assumption is no longer valid.

The usability of time series models for the measured cow variables has been 
examined. A model has been searched for each variable by following the standard 
procedure: plot the data, examine the correlograms of the autocorrelations and 
partial autocorrelations, select an appropriate ARIMA model (AutoRegressive 
Integrated Moving Average model) and fit the chosen model. This procedure has 
been applied for the cow variables. Appropriate time series models have been found 

y*eld, milk temperature, electrical conductivity of the 
nulk and the cow’s activity.

3.1. Yield

The measured yield is influenced by the length of the interval since the previous 
diurnal rhythm. A farmer is mostly concerned with the daily milk 

used- of the daily milk yield based on the two latest milkings is

174 Ji.Af. de Mol et al./Computers and Electronics in Agriculture 22 (1999) 171-185

This approach has not been used before for the development of detection models 
Simily approaches can be found in other fields, e.g. for condition monitoring in an 
industrial plant m Christer et al. (1997), for a river-flow forecasting model in 
A^ad et al. (1994) and Bidwell and Griffith (1994), for estimating dynamic tree 
nng climate relationships m Van Deusen (1990), for gas transport processes in 
Federspiel (1997) and for groundwater monitoring networks in Van Geer (1987) 

Id,« (Fyi.n-t- yj^„_,)-— ----- ----
24 4-_ 2 v*!

with; « latest mflking; «- 7, previous milking,...; daily yield at milking n- 
p "“^g and decimal time of milking n (between 0 and 24 h)

mfdel ri successive daily yields, the following moving average (MA)

~ fo.n ~ Id„_, = Zy„ — cCy'Zy„_2 (2)

hJ??' ™lk yield at milking re, Z^,^, random distur­
bance on yield at milking n; parameter of yield model.
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The disturbances Zy,„ (zero means, normally distributed) are calculated recur­
sively, the parameter ay must be estimated. The last term in Eq. (2) is needed to 
compensate for the artificial autocorrelations introduced by Eq. (1).

3.2. Temperature

The temperature fluctuates during the day. Therefore comparison with the 
previous milking is not useful. An MA model for the differences of the milk 
temperature with two milkings ago is used:

VT„ = T„ - T„ _ 2 = Zt,„ - aT-ZT,» - 2
with: difference of milk temperature with lag 2 at milking «; T^, milk
temperature at milking n; Zt „, random disturbance on temperature at milking n, 
a-y, parameter of temperature model.

3.3. Activity

The activity depends on the diurnal rhythm of the cow. To compensate for this 
diurnal effect, the hourly activity for each milking is calculated, based on the 
difference of the two counter values (cumulatives ranging from 0 to 999) and the 
interval:

. _ K,- Vn-l (4)

with: Xh„, hourly activity at milking n; V„, counter value at milking n (differ­
ences are taken modulo 1000); M„, decimal time of activity measurement (differ­
ences are taken modulo 24.0).

For the differences in hourly activity an MA model is used:

Vyln.n = ^H.n — ^H,n - 2 = K.n ~ - 1

with: V?1h„, difference of hourly activity with lag 2 at milking «; Z^^„, random 
disturbance on activity at milking n; parameter of activity model.

As with the yield model, the last term in Eq. (5) is introduced to compensate for 
the artificial autocorrelations introduced by Eq. (4).

3.4. Conductivity

The electrical conductivity of the quarter milk depends mostly on the conductiv­
ity at the preceding milkings. Therefore an autoregressive (AR) model is used for 
the conductivity:

- Pc = -I- Pc) + Pc{Eq^„  2 - /^c) + ^Cq,n

with: Eq„, electrical conductivity of quarter q at milking n-, pc, is the average 
conductivity of each quarter (parameter of conductivity model); ac and 
parameters of conductivity model; Zc,_„, random influence on conductivity of 
quarter q at milking n.
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The same parameters, ;zc, and are assumed to be valid for each quarter
It IS possible to forecast new measurement values if the values of the parameters 

are known. However, after fitting the models, these parameters appeared to be 
di^erent for each cow and also different for successive lactations of the same cow. 
Therefore the parameter values should be calculated for each cow and each 
lactation separately. With standard techniques this is only possible at the end of a 
lactation which is undesirable for practical application because results are needed 
during the current lactation. Application of a Kalman filter can relieve this problem 
(Section 5.2).

4. A stochastic model for the concentrates leftovers

The concentrates leftovers are not included in the detection model by a time 
series model. This variable has a different behaviour: it mostly equals zero and is 
sometimes higher. Therefore a different approach is used. It is assumed that 
successive leftovers are independent and there is a probability distribution for L, the 
percentage of the leftover of the concentrates ration, defined by:

Po, =/’(/. = 0%)
Pl, =P(0%<£<10%)
P2, =P(10%<L<30%)
Pi, =P(30%<Z,<50%)
P4, = P(50% < L < 100%).

This distribution can be used to calculate the probability P{L > L„) of the actual 
leftovers L„ at a certain milking n. An alert for low concentrates intake will be given 
when this probability is low.

This distribution is, however cow-dependent. For some cows the leftovers are 
^ro at most times, for other cows the leftovers are quite often greater than zero. A 

alman filter is used to fit the distribution for each individual cow (Section 5.3).

5. The Kalman filter

5.1. General description

A Kalman filter is applied because the parameters in the models for the different 
variables are cow-dependent and a model for the dependency between the variables 
IS wanted. It is a method to estimate the state of a system on-line. The state is a 
quantity that determines the coming behaviour of the system. The estimate of the 
state IS adjusted after each new observation by using the new information. First a 
general description is given and later two applications where:
1. the state consists of the parameters in the time series models (Section 5.2);
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2. the state consists of the probability distribution of the percentage of the 
concentrates leftover (Section 5.3).

The system must be described with state-space equations to apply the Kalman 
filter, consisting of an observation equation:

V — T' -jc + V yn — ^n— \

and a system equation:

= -I-w„
In these equations x„ is the state vector, y„ the observation vector, C„ and are 

system matrices, v„ is the random observation error and is the random system 
error The observation Eq. (7) describes the relationship between the measurements 
and the state: the state itself is not directly measurable in general. The system Eq. 
(8) gives the relation between the states at successive times. The distribution of v„ 
is N(0. T„) and of w„ is N(0, H'„).

In general the estimate of the state x„ at time n using the observations 1
is desired The Kalman filter can be applied when a system is described with state 
equations (Harrison and Stevens, 1976; Harvey, 1989). It gives a new estimate of 
the state x„ after each observation and furthermore a variance-covariance matrix P„ 
for the state estimate.

The Kalman filter is an estimation procedure with two stages:
Stage 1 (prediction stage) is an estimate of the state based at the previous state:

X, -A-x , (9)
^n\n — 1 — 1

with variance-covariance matrix:
p - A P .■A'^+W•rk|„ - 1 — - 1 n

where: i, estimate of state x at time n using aU information up to time n - 1;
X _i, estimate of state x at time n- 1 using all information up to time n- 1; 
T’Lk-1, estimate of the variance-covariance matrix P at time n using all information 
up"to time n - 1; P„-1, estimate of the variance-covariance matrix P at time n - 1 
using all information up to time « — 1.

Stage 2 (updating stage) updates the estimate with the observation the 
estimation error is:

. (11)
— yn ^n ^n]n — 1

where: e^, the estimation error at time n.
This gives an improved estimate of the state:

v-x +K-e <12)

with variance-covariance matrix:

where:
Smaxtec Exhibit 1033
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~ K„]~’

resulting estimates can be used in the next time step. The matrix K. is called 
the Kalman gam: it gives the influence of the error at time n on the state estimate 
see E(^ (12). This is also the influence of the current observation, as can be derived 
from Eqs. (11) and (12);

-yn + (I-K„- , (15)
where / is the identity matrix.
Harvey (1989) proves that the Kalman filter gives the minimum mean square 

linear estimator (MMSLE) of x„, P„ is the unconditional variance-covaXnce 
matrix of the estiination error when estimating x„. The variance-covariance matrix 

ot e„ IS given by:

~ ^n’Pn\n- I'C^ + (16)

when the system matrices are fixed and known. Duncan and Hom (1972) show 
that even if the error vectors are not normally distributed, the Kalman filter 
estimator will still be the MMSLE provided the ». and w. are independent vectors 
With mean zero.

5.2. Fitting the parameters of the time series models

In standard usage of the Kalman filter the state is used to model the measured 
variable. In that case the level and trend are 

included m the state vector. The Kalman filter is here used to estimate the 
parameters of the time series models of the cow variables, therefore the state 
consists of these parameters. The Kalman filter gives a new estimate of the state 
alter each milking, which means new estimates of the parameters of the time series 
I” parameters new measurement values are forecasted so that
highly deviant measurements can be signalised. Also the variance-covariance matrix 
of the estimated state is given, this is used to relate the variables mutually We 
apply the following definitions:

Ac(l - ac - Pc}

Pc

-1 ’VTd,/
■^T,n

Pih,n . 2„ = Crh,n
P'lt.n ^Cr{,rt

Plt.n ^Clt,n

- P'ih.n _ - ^Clh.n _
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v„ = z„, w„ = 0

^X,n-2 0 0 0 0 0

0 ^T,n-2 0 0 0 0

0 0 0 0 0

c„ = 0 0 0 1 Eih,n - 1 E rh,n - 2
0 0 0 1 ■Arf.n- 1 Erf.n-2

0 0 0 1 Elt,n-2

0 0 0 1 Eih.n- 1 Eih,n-2.

(17a)

(17b)

has the following form:

= A
where the abbreviations rh (right hind), rf (right front), If (left front) and Ih (left 

hind) are used for the four quarters. .
Using this definition, the state space equations Eqs. (7) and (8) are in tact a 

reformulation of the time series models as defined in Eqs. (2), (3), (5) and (6), whic 
makes it possible to apply the Kalman filter. The matrix W„ is taken equal to the 
zero matrix, as we suppose that the parameters are fixed but unknown for an 
individual cow (Eq. (8)). The matrix V„ (the variance of the observation errors, 
needed in Eq. (14)) is calculated by exponential smoothing using actual values ot v 
as defined in Eqs. (17a) and (17b). Elements of V„ also are taken as zero if 
interrelationships between measurements of vanables are not plausible. For exam­
ple there is no reason to suppose a relationship between measurement of yieU and 
activity. Only influences between the measurements of the conductivity of different 
quarters seem possible. This means V„ has the following form.

Vll 0 0 0 0 0 0 '

0 1)22 0 0 0 0 0
0 0 1)33 0 0 0 0
0 0 0 V44 1^45 *^46 *^47
0 0 0 1)54 1^55 1^56 1)57
0 0 0 1^64 J^65 V66 1^67

_ 0 0 0 1^74 1^16 1^77 _

(18)

5.3. Fitting the probability distribution in the concentrates leftover model

Again, a Kalman filter is applied. A description with state space equations Eq.
(7) and Eq. (8) is needed for this. In this case the following definitions apply:

x„ = [po Pt P2 Pi aF. >'n = [''o '■i ''2 '■s '■J’’’ = A

The vector x„ is the state, here the probability distribution (Section 3), y„ is the 
observation with r, defined as:
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if L„ = 0%
if 0%>i„<10%
if 10%>£„<30%
if 3O%>£„<5O% 
if 50% >£,,<100%

^0 ~ 15 £■ — 0 if z 0, 
ri = 1, z-,. = 0 if zV 1, 
^2 = 1 > £• = 0 if z 7^ 2, 
^3=1, £■ = 0 if z 7^ 3, 
r4 = 1, r, = 0 if zV4.

identity matrix I, V„ = I and fF = 0.017.
With this definitions the estimation error is:

^n = [ro~Po ri-Pi r2-p2 r^-p^ r^-p^ ^20)

A component of e„ is positive when r,= 1 and negative when z-, = 0. Starting 
values for the probability distribution are based on observed distributions the 
starting value for is taken 0.17.

In this case the Kalman filter can be rewritten as:

x„ = x„_, +K„-e„, P„ = (/-£■„)•(£„_,+ 0.01-/), K„=f„I (21)

where the factor /„ can be calculated recursively:/„ y = o 1
f„-.x + 1.01’

6. Detection method

The detection model is meant to draw the attention of the farmer to possible 
deviations m his cows; the model should generate alerts for that purpose. Alerts can 
be generated based on yield, temperature, conductivity and activity with the time 
series models for these variables. With the help of the time series models together 
with a Kalman filter for each milking an estimate of the observation is available 
following the observation equation Eq. (7). The estimate is compared with the real 
measurement to get the error vector e„. The estimate of the state based on the 
measurements up to the preceding milking, is used for this. A normal distribution 

variance-covariance matrix of e„ can also be calculated (Eq. 
( )). his matrix is used to standardise e„. The stochastic model together with the 
Kalman filter gives the probability of the actual concentrates leftover

There are two methods to generate alerts;
1. Single alerts: each component of the standardised error vector has a standard­

normal distribution. Observations outside some confidence intervals result in an 
alert. An alert can correspond with: errors outside the 95% confidence interval 
errors outside the 99% interval and errors outside the 99.9% interval. A single 
alert for the concentrates leftover can be given when the calculated probability 
IS below 5, 1 or 0.1%.

2. Combined alerts: the components of the standardised error vector are mutually 
comparable, due to the special form chosen for V„ (Eq. (18)) This makes it 
possible to consider combinations of the elements. Alerts correspond with
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combinations falling outside a 95%, a 99% and a 99.9% confidence region 
An oestrus alert is given when the activity is rather high and the sum of 
standardised errors of activity, yield and temperature falls outside a certain 
confidence interval. A mastitis alert is given when the conductivity error is 
rather high and the sum of standardised errors of conductivity, yield and 
temperature falls outside a certain confidence interval. An illness alert is based 
on the sum of standardised errors of yield, temperature, activity and concen­
trates intake.

7. Adjustments for practical implementation

The Kalman filter as described in the previous section is adjusted in the practical 
implementation; .
• The update of the state as defined in the updating stage. Eq. (12), is limited to 

prevent unwanted effects caused by start-up effects or strong deviating measure­
ments. The updating stage is modified such that limits can be set. In practical 
applications the absolute change in Eq. (12) is limited to 0.1.

• The update of the matrix V„ is also limited to prevent too great changes in one 
step. A value of v„ outside the 99% confidence interval is replaced by the value 
on the border of this confidence interval.

• There are also several possibilities for applying the Kalman filter. The Kalman 
filter may be used only when measurements of all variables are availabk or used 
when at least one variable is measured correctly. In the latter case it is used to 
improve only the parameters of the ARIMA models of the right variables. 
Furthermore, the Kalman filter may be used only when no alerts are given or 
used also when there are alerts on some variables. The ARIMA model is suitable 
for healthy cows. A cow may be sick (or in oestrus) in case of alerts, so applying 
the Kalman filter may lead to wrong parameters. In both applications a Kalman 
filter is used when at least one variable is measured correctly and in all cases, 
with or without alerts. In this way all information is used as much as possible 
and the model adapts if the circumstances change, e.g. when the cows go to the 
pasture in spring.

• Measurement errors can give problems, not only for the current milking but also 
for following milkings, as follows from Eqs. (1), (3), (4) and (6). For example, 
for the calculation of the daily milk yield two successive measurements are 
needed (Eq. (1)). To prevent the consequences of measurement errors for the 
next milking the expected value of y„ is calculated and used as a substitute value 
for the missing measurement. These substitute values are used in cases with only 
one successive missing measurement. No substitute values are used when there 
are more missing measurements in a row.

• Measurement errors for the activity can result in false counter values and thus m 
great differences in Eq. (4) and wrong alerts. It is possible to neglect counter 
values, which are apparently coupled with a wrong cow number.
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Table 2

Alerts (confidence interval, %) Sensitivity (%) Specificity (%)
95
99
99.9

94.2
86.5
82.5

94.5
96.9
98.1

* combination of errors of different variables. The
detection method is adapted if some variables are missing. An alert is also given 
when a combination of some variables minus one exceeds a similar threshold: e.g. 
an oestrus alert in case of increased activity and decreased yield but also a lower 
temperature.

8. Illustration of outcomes

Wlemented and tested on two experimental 
h 1 ID-DLO). Cases of oestrus or disease that were

"ases are false negative 
( ). Milkings outside an oestrus or illness period are true negative (TN) if there
IS no alert from the model, otherwise they are false positive (FP). The model 
pertormance was expressed in the sensitivity and the specificity.

The sensitivity is the percentage of truly signalled cases: (TP/(TP + FN))-100% 
The specificity is the percentage of truly not signalled milkings outside oestrus or 

disease periods: (TN/(FP + TN))-100%. The specificity for mastitis is calculated by 
regarding cows without any mastitis case during the test period.

in Tables 2-4; more results can be found in De Mol et al. 
( 997). The results depend on the chosen confidence interval. Tightening the 
criterion leads to a lower sensitivity and higher specificity, and vice versa. Results 
for oestrus are satisfying, as well as the sensitivity for mastitis. The number of false 

T? specificity) may be too high for practical implementa­
tion. The results for diseases are promising but further research is needed.

9. Discussion

The detection model is based on cow-specific time series models. Specific time 
series models (moving average, exponential smoothing) have been used more in 
n???I’ selection was made by a systematic search within the class 
of ARIMA models, resulting in a suitable MA or AR model for each variable. A 
general model that can be used for each cow as in Deluyker et al. (1990) was not

Smaxtec Exhibit 1033
Smaxtec, Inc. v. ST Reproductive Tech, LLC

Page 18 of 21



R.M. de Mol et al. / Computers and Electronics in Agriculture 22 (1999) 171-185 183

Table 3
The sensitivity for clinical and subclinical mastitis and the specificity for mastitis

Alerts 
(confidence 
interval, %)

Sensitivity, clinical mastitis 
(52 cases) (%)

Sensitivity, subclinical mastitis 
(21 cases) (%)

Specificity 
(6495 milkings) 
(%)

95
99
99.9

96
90
65

100
76
57

95.3
98.2
99.4

searched for here. The use of the Kalman filter makes it possible to work with 
cow-specific parameters for the time series models. The filter gives for each cow 
after each milking an estimate of the parameters that describe the nomal behavmm 
of the cow. The model is no longer valid if new measurements widely deviate from 
the forecast because the cow is in oestrus or ill. An alert is given m that case.

A Kalman filter is also applied b, Thysen (1992) to model the somatto all eo^t 
of milk He has a general model for all cows and uses a ‘multi-state model m which 
a cow can have three possible states: normal level, an outlier or a changelevel 
A normal behaviour is assumed here and deviant measurements do not fit m our 
model The application of time series analysis with a Kalman fiher is new for a 
detection model. A similar approach in other fields to the use of a Kalman filter ca 
be found in the literature as described in Section 2. After a

The model is developed to detect short-term changes m cow variables. After a 
few days the model will be adapted to the new situation. This feature will be in 
general advantageous because changes in grazing system, lactation stage and the 
hke, should not result in alerts. Slow changes will be adapted by the model without 
generating alerts. This means that the model may not detect some diseases beca

S" the error for acfiviry (for oestrus) or eo„du«W
(mastitis) is high and the sum of standardised errors is outside a confidence interval 
Other possibihties may lead to improved detection results: changing the threshold 
for the error for activity or conductivity, or changing the relative weight 
variables in the sum, or excluding a variable or including new variables in the sum.

The^sensitivity for diseases (mastitis excluded) and specificity of the detection model, based on 263 

cases and 40 286 milkings outside illness periods 

Alerts (confidence interval, %)
Sensitivity (%) Specificity (%)

86.0
95
99
99.9

90.5 93.5
76.8 96.7
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10. Conclusions
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