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Abstract
With the increasing number of production systems for group housed pregnant sows using
electronic feed stations, the need for enhanced managementsystems especially concern-
ing oestrus detection has increased. In this study the possibilities to identify oestrus by
modeling individual sows’ eating behaviour is investigated. The eating behaviour is de-
scribed by time of first feeding visit and daily feed intake, which are modeled separately
by two multi-process dynamic linear models (MP-DLMs). The MP-DLMs are combined
of three dynamic linear models describing a normal, an outlying and a level shift obser-
vation. The applied MP-DLMs indicate that modeling of eating behaviour of individual
sows can be used in oestrus detection, although further studies have to be made in evalu-
ating the models.

1 Introduction

During the last decade the number of production systems for group housed pregnant sows
in Denmark have increased due to restrictions in the Danish legislation of animal wel-
fare and to the UK bacon market demand for loose housed sows. These new production
systems have changed the need for daily management.

The daily management of pregnant sows is to a large extend focused on physical con-
dition, general health and oestrus detection of the individual sows. Especially with sows
kept in large groups this kind of management has become more difficult. By using indi-
vidual electronic feeding systems it is possible to feed thesows individually and thereby
make sure that each sow is in a desired physical condition. However, management con-
cerning general health and oestrus detection is complicated and very time consuming
because of the difficulty in monitoring the individual sows.

In groups of sows a social hierarchy will be established and this social hierarchy will
affect the eating behaviour of the sows. Hunter et al. [3] showed that the socially high
ranking sows primarily were eating in the first half of the feeding cycle whereas the so-
cially low ranking sows were eating in the last half suggesting that group housed sows are
only able to eat when the other sows allow it.�Department of Animal Science and Animal Health, Royal Veterinary and Agricultural University,
Grønnegaardsvej 3, DK-1870 Frederiksberg C, Denmark



Several attempts to improve the daily management of electronically fed group housed
sows have been made. Hunter et al. [3], Edwards et al. [2] and Bressers et al. [1] all ranked
the sows according to the order in which they visited a feed station. In addition Bressers
et al. [1] tried to connect the feeding order to the presence of oestrus but concluded that
deviations from the usual feeding order could not be identified due to unstable feeding
order.

In order to meet the need of enhanced management systems for group housed sows
especially concerning the oestrus detection, the possibilities to identify oestrus among
group housed pregnant sows by modeling individual eating behaviour are analyzed. In
contrast to the studies mentioned above, this paper models eating behaviour by use of
a multi-process dynamic linear model (MP-DLM). Its dynamicproperties enable it to
handle both variance and gradual changes in the eating behaviour. The eating behaviour of
individual sows is described by two time series, the time of first feed visit in each feeding
cycle and the daily feed intake, respectively1. It is assumed that the sow’s behaviour
changes around oestrus due to the physiological changes in hormone levels which are
supposed to affect both the eating patterns and the appetiteof the individual sows.

2 Materials

The experiment was conducted on a commercial farm with 400 sows and a gestation house
for dynamic groups of sows using electronic feed stations. Newly mated sows were moved
to the gestation house once a week immediately after mating.The sows were split up in
two groups of approximately 150 sows, according to their identification number with odd
(group 1) and even (group 2) numbered sows in each of the two groups. Sows in group
1 had access to 3 feed stations whereas group 2 only had accessto two feed stations. In
each of the groups a boar pen was located enabling the sow to see and smell the boar. All
sows carried a transponder in an ear tag to operate the feed stations. Approximately one
week before expected farrowing the sows were moved to individual farrowing pens. This
means that the sows on average were staying in the gestation house for approximately 105
days.

The feeding cycle started at approximately 4:30 p.m. Visitsof the sows to the feed
station were registered automatically and saved once a day in a plain text file on a per-
sonal computer connected to the feeding computer by a special logger unit. Every single
visit was registered by date, time, responder-ID, feed station-ID, amount of feed left and
amount of feed fed since last registration. The data recording has been carried out suc-
cessfully in two periods of 69 and 73 days respectively.

3 Methods

The studies made by Hunter et al. [3] showed that the feeding order of group housed
sows in stable groups using an electronic feed station were affected by the social rank of
sows. In accordance to this it seems reasonable to assume that the eating behaviour of
electronically fed sows in stable groups is fairly stable. In dynamic groups however the
eating behaviour is assumed to be less stable according to the frequent introduction of
new sows. By studying the time of first visit of the individualsows it is often seen that the
time between first visits in two consecutive feeding cycles is less than 24 hours in a period

1It is assumed that the daily feed intake is equal to the amountof feed fed knowing that this is not
necessarily the truth.



after introduction, resulting in earlier first visits. Thisperiod of adaptation to the social
hierarchy is succeeded by a more stable pattern with approximately 24 hours between two
consecutive feeding visits.

Because of the restrictive feeding of group housed sows using electronic feed stations
the daily feed intake is markedly affected by the defined feeding norm in the feeding com-
puter. When feeding pregnant sows it is recommended that theamount of feed is increased
twice during pregnancy provided that the sows are in acceptable physical condition. This
results in a relatively stable feed intake for each sow including two level shifts.

When modeling eating behaviour by time of first visit and daily feed intake the models
have to be able to handle both the abrupt level shifts as well as the gradual evolution
in the time series. The dynamic linear models (DLMs) have proven to be well suited
to model the gradual evolution [9] but adapts only graduallyto abrupt changes such as
level shifts. By combining several DLMs, each describing a different development in
time series, a suitable modeling of time series can be achieved, including both gradual
and abrupt changes [7, 9]. Such combination of several DLMs is called multi-process
dynamic linear models (MP-DLMs).

The combining of dynamic linear models is effected by using discrete probability
mixtures. At each time step, each of the DLMs is specified by a probability of how likely
it is, that observations at each time step are described by each of the DLMs.

In animal husbandry dynamic linear models have been shown useful in modeling
growth in poultry production [5] and both eating [8] and drinking [4] behaviour in pig
production, whereas the multi-process dynamic linear model has been used to model daily
milk production [6] and bulk tank somatic cell counts [7] in dairy production.

3.1 The multi-process model

In modeling time of first visit and daily feed intake a MP-DLM is applied to each of
the time series. The two multi-process models use the same structure but have different
parameters.

The applied DLMs in the MP-DLMs are widely used in modeling time series that
behave generally according to a second-order polynomial [9]. Basically a local con-
stant growth rate is assumed. The DLMs are characterized by the set of quadruplesfF;G; V;Wtg for each timet, where� F =  10 ! is a known, constant design matrix� G =  1 10 1 ! is a known, constant evolution matrix� V is a known, constant scalar observational variance� Wt is a known (2� 2) evolution variance matrix.

For each time stept the dynamic linear models are defined by the following equations:

Observation equation: Yt = F0�t + �t; �t � N(0; V ) (1)

System equation: �t = G�t�1 + !t; !t � N(0;Wt) (2)

whereYt is the observation at timet and �t is a (2 � 1) state vector consisting of the
level �t and a growth parameter�t. The error terms�t and!t are assumed normally
distributed, independent, mutually independent and independent of the initial information(�0jD0) � N(m0;C0) [9].



A characteristic of the DLMs is that existing information about the system is repre-
sented and sufficiently summarized by the posterior distribution of the current state vector(�t�1jDt�1) � N(mt�1;Ct�1) [9], whereDt�1 is the available information at timet� 1
defined by all prior observations and the initial prior informationD0:Dt�1 = fYt�1; Yt�2; : : : ; Y1; D0g
During a three step procedure each new observationYt is included in the available infor-
mation that is updated fromDt�1 toDt. The updating of the MP-DLM is performed using
the Kalman Filter as described by West and Harrison [9, chap.12].

In estimating evolution varianceWt a discount factor technique is used whereWt is
estimated as a part of the overall posterior uncertainty of the systemCt�1. The discount
factor technique is widely used in DLMs since it is difficult to estimate the evolution
variance. In updating of the evolution variance separate discount factors on the level
and growth factor parameters are used in order to be able to distinguish level shifts from
growth rate changes [9].

3.1.1 Specifying DLMs in the MP-DLMs

Each of the applied MP-DLMs are combined of three single DLMsmodeling a normal
observation, an outlier observation and a level shift observation that are characterized by
different parameters. Estimation of parameters in the normal DLMs has been performed
on a time series of a single sow showing a relatively stable eating pattern, by using the
mean square error (MSE) technique described by West and Harrison [9]. The parameters
of the outlier and level shift models are set relatively to the parameters of the normal
models in accordance to the theory of MP-DLMs [9, chap. 12].

Time of first visit
(N) Normal model with observation varianceVN = 670 and discount

factorsÆ(N)� = 0:9 andÆ(N)� = 0:99
(O) Outlier model with observation varianceVO = 67000 and discount

factorsÆ(O)� = 0:9 andÆ(O)� = 0:99
(L) Level shift model with observation varianceVL = 670 and discount

factorsÆ(L)� = 0:1 andÆ(L)� = 0:99
Daily feed intake
(N) Normal model with observation varianceVN = 0:3 and discount fac-

torsÆ(N)� = 0:56 andÆ(N)� = 0:99
(O) Outlier model with observation varianceVO = 30 and discount fac-

torsÆ(O)� = 0:56 andÆ(O)� = 0:99
(L) Level shift model with observation varianceVL = 0:3 and discount

factorsÆ(L)� = 0:1 andÆ(L)� = 0:99
The outlier models are characterized by a large observational varianceVO. The large
observation variance means that the outlier observation ispractically ignored. The level
shift models are characterized by small discount factors ofthe levelÆ(L)�, which adapts
the level almost completely to the level shift observation.The relatively large discount
factors of the growth parameterÆ� make sure that the models only adapt slowly to growth
rate changes.



3.2 Prior probabilities

To calculate the model probability mixture, fixed prior probabilities for each of the models
must be specified within each of the two time series. Since introduction to the gestation
house occurs after mating, the mating dates of the individual sows are known and it is
natural to include this information in the prior probabilities. By defining the day of mating
as day 1 in the cycle we expect that the next oestrus occurs approximately around day 21
if the mating has been unsuccessful. Due to the natural variation in oestrus length the
presence of oestrus is expected within a period and not exactly on day 21.

The period around oestrus is in this study defined as a 6 day period from day 18 in
one oestrus cycle to day 2 in the next cycle. Outside this period oestrus occurs only if the
registered mating date or the previous oestrus diagnosis has been incorrect or if presence
of unnatural hormonal changes in the sow occurs, which is assumed to be less likely.

3.2.1 Probabilities of outlier models

In the present study it is assumed that oestrus leads to deviant eating behaviour of the
individual sows. Deviant eating patterns are characterized as outliers since level shifts in
both time of first visit and daily feed intake are assumed to occur due to introduction of
new sows and adjustments in the amount of feed respectively.

LetNO(j) assign the number of outliers in the 6 day period around oestrus in each of
the two monitored time seriesj, wherej = fTime of first visit,Daily feed intakeg. With
a single observation in each of the two time series in every feed cycle it is expected thatNO(j) � B(6; pO), wherepO is the probability that an outlying observation occurs in a
single feed cycle. With a probability of 0.85 that a mating issuccessfulpO of both time
of first visit and daily feed intake is given by:P (NO(j) � 0) =  60!p0O(1� pO)6 = 0:85 , pO = 1� 6p0:85 = 0:03

Due to the less likely occurrence of oestrus outside the 6 dayperiodPO is set to 0.001
in the days 3 to 17 in the oestrus cycle.

3.2.2 Probabilities of level shift models

In stable groups of sows it seems reasonable to assume that once the social hierarchy has
been established the time of first visit for each sow is relatively stable. In dynamic groups
of sows however the introduction of new sows could affect thestability in time of first
visit and thereby cause level shifts in time of first visit. With introduction of new sows to
the group once every week the probability that new sows are introduced on a single day
is 17 = 0:14. In practice however introduction of new sows to the group often occur in
accordance to a weekly schedule and thus the probability of level shifts in time of first
visit is markedly increased on these days whereas it is very low on the other days. If time
of first visit is studied, a rather stable pattern is revealedquestioning if introduction of new
sows at all affects time of first visit, or perhaps primarily affects the socially low ranking
sows in accordance to the studies made by Hunter et al. [3]. The uncertainty to the effect
of new sows’ introduction on the time of first visit, causes the probability of level shifts in
the present study to be set to 0.001. Further it is assumed that the probability is unaffected
by the two periods in oestrus cycle.

In modeling daily feed intake the defined feeding norm in the feeding computer has to
be considered. With two adjustments in the amount of feed in each production cycle, the



probability that the amount of feed is adjusted on a single day is 2105 = 0; 019. However,
adjustments in feed usually are determined by the predefinedfeeding norm in the feeding
computer causing the days of adjustments to be known. By using this information, prior
probabilities should be estimated close to 1 on these days and close to 0 on other days. In
addition manually irregular adjustments in feed by the manager ought to be included in the
prior probabilities in order to increase the suitability ofthe model. In the present study
the estimated probability of 0.019 is used since information of the predefined feeding
norm in the period of data recording and adjustments in feed of individual sows have not
been available. Due to the predefined feeding norm adjustments in feed are assumed to
be unaffected by oestrus cycle causing the prior probability not to differ between the two
periods in oestrus cycle.

Given the probabilities of level shift and outlier models, normal model probabilities
have been set to values ensuring that the prior probabilities sum to unity. The prior prob-
abilities are summarized in Table 1.

Table 1: Prior probabilities used in modeling eating behaviour by two multi-process dy-
namic linear models.

Time of first visit
Normal period (day 3-17) Sensitive period (day 18-2)�N 0.998 0.969�O 0.001 0.03�L 0.001 0.001

Daily feed intake
Normal period (day 3-17) Sensitive period (day 18-2)�N 0.98 0.951�O 0.001 0.03�L 0.019 0.019

3.3 Back step filtering and model collapse

At the time of an outlying observation it is impossible to identify the observation as either
an outlier or the beginning of a level shift. In practice the differing of an outlier from
a level shift is first possible at the time of the next observation (t + 1). To handle this
situation a back step filtering is performed. The 1-step backfiltering specify the model
probability mixture at timet conditional onYt andYt+1 whereas the 2-step back filtering
specify the model probability mixture at timet conditional onYt, Yt+1 andYt+2 [9]. The
1- and 2-step back filtering process increases the certaintyof which model best describes
a given observation, but delays the information, in that an outlying observation at timet
is not identified before timet + 1 or t + 2 respectively.

In the MP-DLM the number of possible model combinations rapidly increases because
the analysis of the MP-DLM at timet+ 1 is performed within each of the models at timet. This means that the total number of model combinations at timet = n equals3n.

To prevent this rapidly increase, model combinations priorto timet� 2 are collapsed
[9]. The model combinations prior to timet � 2 is of no interest since outliers and level
shifts have been identified due to the back step filtering process. Therefore model com-
binations identical at timet andt � 1 but different at timet � 2 are collapsed reducing
the number of model combinations. In the applied MP-DLMs, 3 models are used with a
2-step back filtering, resulting in a total of 27 model combinations which by the model
collapse are reduced to 9 model combinations.



3.4 Initial prior information

The initial prior informationD0 has been estimated using the reference analysis described
by West and Harrison [9, chap. 4.10]. The model consists of two parameters, the level�t and the growth factor�t. To gain proper posterior distributions conditional on the
initial prior information (�0jD0) sufficient observations are needed. The least number
of observations that will suffice equals the number of unknown parameters resulting in
estimation of the unknown parameters with one observation for each parameter.

A special case ofWt = 0 in the reference analysis is used, which for practical pur-
poses is sufficient since changes inWt cannot be estimated during the number of obser-
vations over which the reference analysis is performed [9].

3.5 Missing observations

When sows are not visiting the feed stations the result is missing observations. In these
situations it becomes impossible to update the model from posterior at timet � 1 to
posterior at timet by the normal updating procedure. If the observationYt is unknown,
evolving to time t applies no additional information to the model. The information at timet is justDt = Dt�1 and the posterior distribution at timet equals the prior distribution at
time t.

The updating of evolution varianceWt using discount factors is also disturbed by
missing observations. Evolving to timet, Wt is determined as a part of the varianceCt�1 provided thatYt�1 is observed. IfYt is missing, evolution varianceWt+1 is based
on the most recently defined evolution varianceWt+1 = Wt when an observation was
made.

4 Results

Modeling eating behaviour by the MP-DLMs directly results in specification of no, 1-
and 2-step back filtering probabilities of the three models.Since deviations in eating
behaviour is assumed to result in outlying observations, the probability of the outlier
models at each time step is of particular interest.

The preliminary modeling of eating behaviour of individualsows has been performed
on data from 7 sows known to be unsuccessfully mated. When studying the results, some
of the sows have markedly deviations in both time of first visit and daily feed intake
around the second registered mating date, whereas other of the sows only deviates in
one of the time series. In addition some of the sows are unaffected in time of first visit
and daily feed intake around oestrus. Three of the sows showed markedly deviations
in eating behaviour within 5 days prior to registered matingdate, with the 2-step back
filtering probability of an outlying observation exceeding50 percent. The sows showing
deviations in eating behaviour prior to registered oestrusall ate earlier than the sows with
no deviations in eating behaviour, supporting that sows eating early in the feeding cycle
show greater stability as found by Hunter et al. [3].

In Figure 1 the 1-step back filtering probability of the outlier model and time of first
visit of a single sow is shown. The sow is mated on the 25-08-99according to the man-
ager’s notes. It is seen that time of first visit deviates markedly on the days prior to the
registered mating day starting on 21-08-99. This deviationis identified as an outlier by
the MP-DLM on 22-08-99 in that the probability of an outlyingobservation is almost 70
percent. The 1 day delay in identifying the outlying observation is caused by the 1-step
back filtering.
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Figure 1: The 1-step back filtering probability of the outlier model compared to time of
first visit of a single sow. The outlying observation on 21-08-99 is identified
before mating on 25-08-99.

In Figure 2 the 2-step back filtering probability of the outlier model and time of first
visit is shown. The outlying observation on 21-08-99 is identified on 23-08-99 with a
certainty exceeding 80 percent. The increased certainty that the observation is outlying
compared to figure 1 is achieved by the 2-step back filtering, since specification of prob-
abilities is conditioned on increased information.
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Figure 2: The 2-step back filtering probability of the outlier model compared to time of
first visit of a single sow. The certainty of an outlying observation on 21-08-99
has increased to more than 80 percent compared to the 1-step back filtering
probability.

An additional outlying observation on 19-07-99 is identified by the MP-DLM, with
both of the 1- and 2-step back filtering probabilities exceeding 99,9 percent. This ob-
servation occurs a few days after introduction to the group and outside the 6 day period
around expected oestrus. Due to this, the observation is assumed to be correlated to the



sow’s adaptation to the social hierarchy and the outlying observation is ignored.
Also in modeling of daily feed intake outlying observationsare of special interest. In

Figure 3, the 2-step back filtering probabilities of the outlier model and the daily feed
intake is shown. The time series is from the same sow as in the previous figures, and two
deviations in daily feed intake is identified as outlying just prior to the registered mating
date. Actually one of the outlying observations occurs on 21-08-99, the same day as the
identified outlying observation in time of first visit. The deviations are extreme in that no
feed intake is registered and the use of MP-DLMs is not necessary in identifying this kind
of observations.
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Figure 3: The 2-step back filtering probability of the outlier model and daily feed intake
of a single sow. The outlying observation on 21-08-99 occur simultaneous as
deviations in time of first visit and prior to mating on 25-08-99.

5 Discussion

In using eating behaviour to identify oestrus it seems possible that oestrus is able to cause
deviations in both time of first visit and daily feed intake. When an outlying observation is
identified it is however of great importance to determine whether the deviation is caused
by oestrus or not. This determination can be done by specifying certain threshold values
in the back step filtered probabilities that must be exceeded, if deviations is thought to
be caused by oestrus. The threshold values must be estimatedin accordance to the ap-
plied model and take into account that the 2-step back filtering probabilities increase the
certainty allowing the threshold values to be decreased. Additionally combining of infor-
mation, e.g. time of first visit and daily feed intake, increases the certainty. If deviations
occur simultaneously in both of the time series threshold values can be decreased.

In addition to evaluation of deviations in eating behaviourit is important to determine
the time of identifying deviations. As mentioned the 2-stepback filtering increases the
certainty of outlying observations, but the information isin addition delayed, cf. Figure 1
and 2. Identification of deviations in eating behaviour is ofless use in oestrus detection
if deviations are identified after or in the late oestrus. Further studies on the regularity in
deviations caused by oestrus have to be performed in order tobe able to determine the use
of back step filtering and to estimate threshold values.



The differences in deviations in eating behaviour among sows outline the fact that the
effects of oestrus on eating behaviour varies among individual sows. Deviations in time
of first visit and daily feed intake prior to oestrus apparently only occur for some sows,
suggesting that the restrictive feeding of sows or the social hierarchy [3] possibly cover
up some of the changes in eating behaviour.

This study indicates that modeling of eating behaviour can be used in oestrus detection
although the results are preliminary and only based on very few time series. Further
studies on the effects of oestrus on eating behaviour and theeffects of the entire group’s
eating behaviour on individual sow’s eating behaviour are needed in order to evaluate the
applied multi-process dynamic linear models as a tool for oestrus detection.
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