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Abstract

Several replacement models have been presented in literature. In other applicational areas
like dairy cow replacement various methodological improvements like hierarchical Markov
processes and Bayesian updating have been implemented, but not in sow models. Further-
more, there are methodological improvements like multi-level hierarchical Markov pro-
cesses with decisions on multiple time scales, efficient methods for parameter estimations
at herd level and standard software that have hardly been implemented at all in any replace-
ment model. The aim of this study is to present a sow replacement model that really uses
all these methodological improvements. In this paper the biological model describing the
performance and feed intake of sows is presented. In particular, estimation of herd specific
parameters is emphasized. The optimization model is described in a subsequent paper.

Key words: Bayesian updating, litter size, conception rate, involuntary culling, estimation
at herd level

1 Introduction

The animal replacement problem is a frequently studied problem in herd manage-
ment science. Most applications published have dealt with dairy cows, but also

⋆ This research was carried out as part of Dina, Danish Informatics Network in the Agri-
cultural Sciences. The authors wish to thank Verner Ruby, The National Committee for Pig
Production and two anonymous farmers for providing us with data from two commercial
sow herds used in this study.
∗ Corresponding author

Email addresses: ark@dina.kvl.dk (Anders Ringgaard Kristensen),
tas@kvl.dk (Thomas Algot Søllested).

Preprint submitted to Livestock Production Science 12 August 2013



studies relating to sows are found in literature. In particular Dutch herd manage-
ment scientists (Huirne et al., 1988, 1991, 1993) have published replacement stud-
ies in sows using Markov decision processes (dynamic programming) directly in
their pure form or simplified to Markov chain simulation models (Jalvingh et al.,
1992a,b). In recent years also Spanish herd management scientists have contributed
to the study of optimal sow replacement policies using Markov decision processes
(Plà et al., 1997; Plà and Pomar, 1999, 2000; Plà, 2001; Plà et al., 2003).

A common trait of the models mentioned is that they use standard Markov decision
processes and the standard value or policy iteration algorithms for optimization. A
Markov decision process may briefly be described as follows: A system (in this
case a sow and its successors) is observed at regular intervals over time. At the
beginning of each interval (or stage), the state of the system is observed, and a
decision concerning the choice of an appropriate action given the state observed
is made. The action influences the reward (typically the economic net returns) of
the stage as well as the probability distribution of the state to be observed at the
next stage of the process. The aim of the decision maker will be to maximize the
rewards over time, and in order to find an optimal policy (a rule telling the decision
maker which action to choose for each possible state) he needs an optimization
algorithm. The most frequently applied are the value iteration algorithm and the
policy iteration algorithm described by Howard (1960). The definition of the state
must comprise all relevant information about the system being observed. In real
world models the system is usually described by several discrete state variables
each representing a relevant trait. The over-all state space is then defined as the
cartesian product of the individual value spaces of the state variables (if 10 state
variables are considered at 10 levels each, the size of the over-all state space is
1010, which is computationally intractable). This explosion of the state space is
referred to as the curse of dimensionality in literature, and it has historically been a
major problem in the application of the method.

The Dutch studies by Huirne and Jalvingh rely on parameter estimates found in
literature whereas the Spanish models by Plà are based on parameters estimated
from individual herd data. The estimation technique at herd level has been based
on simple counts of observed state transitions. In detailed models, however, the
number of possible state transitions is very high. Accordingly, the observed number
of transitions of a certain kind is very low with a corresponding low precision of
estimates as the natural consequence.

In other application areas like dairy cow replacement (Kristensen, 1987, 1989;
Houben et al., 1994; Haran, 1997), heifer rearing (Mourits et al., 1999), bull fat-
tening (Makulska and Kristensen, 1999), experimental economics (Verstegen et al.,
1998) and slaughter pig marketing (Broekmans, 1992; Kure, 1997) a more ad-
vanced method based on hierarchical Markov processes (Kristensen, 1988, 1991)
has been applied in order to circumvent the curse of dimensionality in Markov de-
cision processes. In sows a similar development is lacking even though Huirne et al.
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(1993) seem to have applied a technique which in many aspects is similar to hier-
archical Markov processes, but unfortunately they have not explained their method
in all details.

The introduction of hierarchical Markov processes turned out to have a tremen-
dous effect on the performance of such models and some very large examples were
published (Houben et al., 1994; Verstegen et al., 1998) where exact optimal solu-
tions were computed for models containing millions of states. But the theoretical
development did not end with hierarchical processes. Even though the initial intro-
duction of hierarchical models turned out to be an important step towards the goal
of circumventing the curse of dimensionality, the problem was not solved, even
though the limits of tractability were raised considerably. Kristensen and Jørgensen
(2000) therefore further refined the method by introduction of multi-level hierarchi-
cal Markov processes with the primary objective of raising the limits of tractability
even further. A secondary objective was to allow for decisions on multiple time
scales.

The sow replacement model presented in this study has several features aiming
at reducing the size of the state space. First of all there is a Bayesian updating
technique used with the litter size model. Using this technique enables us to take all
previous litter size information into account just by including three (full model) or
two (reduced model) variables representing the current estimates of the sow specific
litter size parameters in the state space of the model. As opposed to the Bayesian
updating method the traditional way of including information about previous litter
size results is to define the state space as the cartesian product of all previous litter
size results. Using e.g. 20 classes for litter size, this method implies that the state
space concerning litter size of a parity 7 sow would contain 157 ≈ 1.7× 108 states.
Since such state spaces are not tractable the compromise has usually been to include
only the most recent litter size results as state variables. Thus Huirne et al. (1988)
included information about the three most recent parities whereas Huirne et al.
(1991) only included the two most recent parities. The strength of the Bayesian
updating technique is that it is possible to summarize the effect of all previous
parities through only two (or three) variables without loss of information given the
litter size model used. Thus the state space concerning litter size only contains
approximately 400 (if two variables are used) or 8000 (in case of three variables)
states compared to 1.7 × 108 if the same information should be represented by
traditional methods.

An other feature used in this study aiming at reducing the size of the state space is
the multi-level hierarchical formulation of the Markov processes allowing for de-
cisions on multiple time scales. We integrate decisions concerning mating method
and replacement. Since the mating method influences the future value of the piglets,
the information about method has to be kept until weaning. The traditional way of
keeping such information would be to define a state variable remembering the deci-
sion so that the size of the state space would be doubled. By using the hierarchical
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technique, we completely avoid this explosion in state space.

Among other major improvements to Markov decision programming techniques in
particular the estimation of parameters at herd level is important. This aspects is
dealt with in Section 2.

A practical limitation for use of Markov decision programming techniques has been
lack of standard software. In other words, modellers have been forced to program
the optimization algorithm themselves which may be a rather demanding task in
particular for the more sophisticated hierarchical versions. Recently a free stan-
dard software called MLHMP (Multi-Level Hierarchical Markov Processes) has
been released by Kristensen (2003) making model construction (at least at proto-
type level) much more straight forward, because a full graphical user interface is
included together with standard implementations of the hierarchical algorithms.

The objective of this study is to present a sow replacement model that really utilizes
the improved methods developed over the recent years. The sow model presented
is a 3-level hierarchical process with decisions at two levels. The model has been
constructed as a prototype for use under practical conditions. A commercial version
is under development by The National Committee for Pig Production. We have
used the MLHMP software for the prototype model. In this first paper we shall
focus on the biological model describing the performance and feed intake at sow
level. In particular we shall pay attention to parameter estimation at herd level. The
optimization model is described in a subsequent paper.

2 Biological model

The core element of any replacement model is prediction. Therefore the purpose
of the underlying biological model is to provide us with as precise predictions as
possible given all information available about a sow. The most important product
from a sow herd is of course piglets, so predictions of future litter sizes and dates
of farrowing are essential. We therefore need sub-models for litter size and con-
ception rates. In order to be able to predict the economic revenue from piglets sold
and sows slaughtered we need sub-models for piglet mortality and weight of sows.
Furthermore we need sub-models for feed intake and involuntary culling. In this
section we present those biological sub-models.

2.1 Methodological considerations

The biological model has been developed with emphasis on two fundamental as-
pects: Bayesian updating of animal traits and estimation of parameters at herd level.
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The combination with Bayesian updating is considered to be a very important im-
provement of Markov decision programming techniques. The idea was published
simultaneously by Kennedy and Stott (1993) and Kristensen (1993) and used by
Kennedy and Stott (1993) in a dairy cow replacement study. Verstegen et al. (1998)
used it in an experimental economics study. The technique makes it possible to take
previous observations of production level into account and still satisfy the Markov
property without extending the state space with explicit state variables for pro-
duction results obtained previously. Instead the current estimate of some kind of
general level parameter is included as a state variable and updated after each ob-
servation. In this study the litter size (Section 2.2) of a sow is represented in that
way.

Parameter estimation at herd level is important since in particular litter size pa-
rameters and conception rates vary considerably among herds (Jørgensen, 1992).
Estimation at herd level is a demanding task mainly because of data censoring. The
censoring is caused by interactions from the manager who culls sows with low pro-
ductivity results. Sows from higher parities still present in the herd are therefore to
some extend sows that have been selected for high productivity. If we do not take
that selection into account, our estimates will be biased. Toft and Jørgensen (2002)
presented a robust estimation technique that circumvents this problem, and we shall
rely on that method in this study.

2.2 Litter size

2.2.1 Herd level

The litter size model proposed by Toft and Jørgensen (2002) is used in this study. It
is briefly summarized in this section. It assumes that the litter size expressed as total
born piglets for sow i in parity n may be described by an underlying continuous
variable Yin which can be expressed as:

Yin = µn + Ai +Mi(n) + ϵin. (1)

Since the actual number of piglets is discrete and integer valued, we shall identify
all values of Yin in the interval from k−0.5 to k+0.5 with an observed litter size of
k. The term µn denotes a herd specific mean curve of litter sizes. The mean curve,
which was originally described by Jørgensen (1992), is a combination of a straight
line and a Gaussian curve. It is described by 4 parameters (θ1, θ2, θ3, θ4) as follows:

µn = −θ1 exp(−(n2 − 1)θ2) + θ3 − θ4n. (2)

In the estimation of the mean curve for a herd Toft and Jørgensen (2002) also mod-
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eled the drop-out structure (culling) of the herd. They used a maximum likelihood
estimation technique, where they were able to decompose the likelihood function
in such a way that they could separate the effect of culling so that the resulting
mean curve of the herd becomes adjusted for the bias introduced by culling based
on litter size.

The term Ai of Eq. 1 represents a permanent litter size potential of the sow. It may
be interpreted as the combined effect of genotype and permanent environment. It
represents a variation between sows, but it is constant over time for the same sow.
We shall assume that Ai is drawn from a normal distribution N(0, ν2).

The Mi(n) are independent stationary random processes with common auto co-
variance function γ(u) = σ2ρ(u), where the correlation function is assumed to be
exponential, such that

ρ(u) = exp(−αu) (3)

where 0 < α < 1. The function ρ(u) is the correlation between Mi(n) and Mi(n+
u) for any valid value of u. Finally, the term ϵin represents mutually independent
N(0, τ 2) random variables describing short term random influences.

Thus, the entire variance structure of the litter size model is described by the 4
parameters ν, τ, σ, and α. Toft et al. (2000) and later Toft and Jørgensen (2002)
estimated these parameters as well as the 4 mean curve parameters of Eq. 2 for a
number of commercial Danish sow herds. We shall use the estimates from two of
the herds as the basis for the results presented in the paper describing the optimiza-
tion model (Kristensen and Søllested, 2004).

2.2.2 Sow level

In this section it is described how the litter size model is used with Bayesian updat-
ing at sow level. A dynamic linear model as described by West and Harrison (1997)
with Kalman filtering is used.

In Eq. 1 only the resulting litter size Yin is observable. Having estimated the pa-
rameters of the mean curve µn, we may however also calculate the sum Iin as

Iin = Ai +Mi(n) + ϵin = Yin − µn. (4)

In the following, we shall only refer to one sow, and we may therefore skip the
index i for sow. Eq. 4 may therefore be written as
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In = A+M(n) + ϵn = Yn − µn. (5)

If we apply the Kalman filter technique as described by West and Harrison (1997)
the whole litter size model may be described by the following observation equation:

In = Zθn =
(
1 1 1

)


A

M(n)

ϵn

 (6)

and the following system equation

θn = Fθn−1 + e =


1 0 0

0 a 0

0 0 0




A

M(n− 1)

ϵn−1

+


0

eM

ϵn

 (7)

where a = ρ(1)σ2 and e ∼ N(0,E) has the variance-covariance matrix

E =


0 0 0

0 (1− a2)σ2 0

0 0 τ 2

 . (8)

It is obvious that the true values of A and M(n) are important for the replacement
decision since they represent a permanent and an auto regressive trait, respectively,
of the sow. Since we are not able to observe the true values, we have to estimate
them using Bayesian updating as discussed by Kristensen (1993).

The prior estimates of A and M(n) before we have observed any values of In
are zero. We may express this as Â0 = M̂(0) = 0. In general, we shall denote
the current estimates of A and M(n) after the observation of n litter sizes as Ân

and M̂(n). Now, assume that we know the estimates θ̂n = (Ân, M̂(n), ϵ̂n)
′, and

furthermore observe the litter size Yn+1 of parity n+1. We may then calculate In+1

from Eq. 5 and in accordance with Bayesian principles update our belief in the true
values of θn+1 = (A,M(n+1), ϵn+1)

′ using the following relation taken from West
and Harrison (1997):

θ̂n+1 = Fθ̂n +Bn+1(In+1 − ZFθ̂n) (9)
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where the vector Bn+1 is defined as

Bn+1 = Rn+1Z
′V −1

n+1, (10)

and furthermore

Rn+1 = FCnF
′ + E (11)

Vn+1 = ZRn+1Z
′. (12)

The matrix Cn is the variance-covariance matrix of θn. When In+1 has been ob-
served, the value of Cn is updated as

Cn+1 = Rn+1 −Bn+1VB′
n+1. (13)

In order to complete the setup we only need to specify the initial values for θ̂n and
Cn for n = 0, i.e. before the first litter size is observed. In accordance with the
model (1) logical initial values are

θ̂0 =


0

0

0

 (14)

and

C0 =


ν2 0 0

0 σ2 0

0 0 τ 2

 , (15)

where the variance components ν2, σ2 and τ 2 can be estimated from herd data.

In the prediction of the next litter size we want to be as precise as possible using all
previous information (i.e. all previous litter sizes). The benefit of the Kalman filter
technique combined with the proposed litter size model (1) is that the distribution
of In+1 given all previous information only depends on θ̂n and (for the variance) the
number of observations made. The conditionally expected value of In+1 is simply
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E(In+1|In, . . . , I0, θ̂0,C0) = E(In+1|θ̂n) = ZFθ̂n, (16)

and the conditional variance is simply Vn+1 as defined in Eq. (12). It should be
noticed that the conditional variance Vn+1 varies with n, but independently of the
observations made. Using equations (10) through (13) it is possible to calculate the
sequence V1, . . . , Vn for any n without observing anything at all.

The conclusion is that in order to predict the next litter size we only need to keep
the most recent value of the vector θ̂n, and since the 3 elements of the vector sum
to In (by Eq. (6))we only need to keep two of the elements - for instance Ân and
M̂(n).

2.2.3 A reduced litter size model

In the following, we shall refer to the litter size model of Section 2.2.2 as the full
model. We shall now present a reduced model proposed by Toft and Jørgensen
(2002) who attempted to estimate the parameters of the full model on data from
43 commercial sow herds. They found that in most herds, the full model was over-
parameterized. In those cases a model without the permanent litter size potential
A was better according to Akaike’s information criterion. Thus, the reduced model
for sow i, parity n, becomes

Yin = µn +Mi(n) + ϵin. (17)

implying that under this model, In = M(n)+ ϵn for a given sow. This brings along
the following simplifications compared to Section 2.2.2:

θn =

M(n)

ϵn

 , (18)

Z =
(
1 1

)
, (19)

F =

a 0

0 0

 , (20)

and
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E =

(1− a2)σ2 0

0 τ 2

 . (21)

Apart from this redefinition of the variables, the updating equations (9) - (13) are
exactly the same as for the full model. The initial values for θ̂0 and C0 correspond-
ingly reduce to

θ̂0 =

0

0

 (22)

and

C0 =

σ2 0

0 τ 2

 . (23)

2.3 Conception rates

If a sow fails to conceive it will have at least 3 weeks more as non-productive. In or-
der to model the risk of excessive non-productive days, estimates of the conception
rates are essential.

2.3.1 Parity influence

Mating of a sow is related to some uncertainty whether the sow becomes pregnant
or not. This uncertainty is expressed by the conception rate as the probability of a
sow conceiving as a result of mating. Conception rates might be determined as the
proportion of sows conceiving following matings in a single oestrus.

Considering the replacement problem of sows the variation in conception rates
among parities becomes of major importance in order to define an optimal replace-
ment strategy. Studying production results of approximately 5000 farrowings from
two commercial sow herds in Denmark during a 5 year period conception rates have
been determined as the proportion of sows farrowing after being mated in their first
oestrus (rematings are excluded - see. Table 1). From the table it is suggested that
the conception rate of 1-parity sows is lower than for older sows and that the con-
ception rate decreases as parity increases above parity 5-6. However there seems to
be some differences in conception rates between the two herds implying that con-
ception rates might be herd specific. It is concluded that in determining the optimal
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Table 1
Conception rates of sows at different parities in two Danish commercial herds. Conception
rate is defined as the proportion of sows farrowing after being mated in their first oestrus
(rematings are excluded).

Herd A Herd B Total

Parity N Conception rate N Conception rate N Conception rate

1 467 0.887 550 0.842 1017 0.863

2 441 0.893 441 0.846 882 0.870

3 397 0.909 352 0.912 749 0.910

4 337 0.917 288 0.896 625 0.907

5 287 0.916 234 0.889 521 0.904

6 237 0.890 168 0.911 405 0.899

7 166 0.904 133 0.820 299 0.867

8 77 0.844 88 0.795 165 0.818

9+ 50 0.800 32 0.844 82 0.817

culling strategy, conception rates should be estimated at herd level. This conclusion
is supported by the results of a study by Jørgensen and Ali (1993).

For demonstrative purpose average conception rates in Table 1 are used in the
model.

2.3.2 Reproductive failure

Reproductive failure has been reported to be the most frequent reason that sows
are culled from commercial herds (Koketsu et al., 1997). In deciding whether to
cull or remate sows experiencing reproductive failure it is necessary to consider
the probability of repeated reproductive failure in order to maintain or improve
productivity.

Using the model by Jørgensen and Ali (1993) to calculate the average pregnancy
rate according to the number of rematings of first litter sows to produce the first
litter showed that the expected pregnancy rate was reduced by 2-3% for each re-
mating (Jørgensen and Ali, 1993). In this study we shall assume that within parity
the probability is assumed to decrease linearly by 0.03 for each of the successive
matings. In other words, if the conception rate for first mating (the values estimated
in Table 1) is referred to as π1, then the conception rate for the nth mating within
parity is assumed to be:

πn = π1 − 0.03(n− 1). (24)
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Table 2
Development in weight of sows dependent on parity and reproductive state.

Parity N Weight at mating Weight at farrowing Weight at weaning

1 345 157 203 183

2 309 181 227 203

3 276 205 251 223

4 247 219 265 236

5 218 236 276 250

6 204 252 290 258

7 138 259 297 268

8 135 267 295 271

2.3.3 Natural service versus artificial insemination

Mating of sows is normally performed either as natural service or artificial insem-
ination and evaluation of these different mating systems in respect to conception
rate seems reasonable. In the present study, the consequences of lower conception
rates for artificial service will be studied (Kristensen and Søllested, 2004).

2.4 Piglet mortality

Concerning parity, Gardner et al. (1989) reported that piglets born to primiparous
sows have a significantly lower mortality rate than those born to older sows.

In other words, the herd specific piglet mortality should be estimated separately for
primiparous sows and older sows. For all litters the mortality is in addition assumed
to occur within the first week after birth.

2.5 Sow weight

When a sow is voluntarily culled, an economic revenue is achieved according to
the weight of the sow. In Table 2 the weight of sows at different parities and differ-
ent states of the reproductive cycle is given. The results shown are calculated from
weighing data from 3 typical Danish sow herds involved in an experiment per-
formed by The National Committee for Pig Production, DANISH BACON & MEAT

COUNCIL from July 1998 till May 2000.

From the table it is seen that the weight of sows increases with parity. It is also seen
that within parity weight increases from weaning to farrowing and decreases during
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suckling period as reported by Cozler et al. (1998). Since no sow weight records
usually exist in commercial sow herds, we shall assume that the weights of culled
sows are given from Table 2 according to their parity and reproductive stage.

Culled sows are priced according to their weight. The price is set every week and
is given approximately as 75% of the slaughter pig prices. In the present model we
assume in according with usual practice that the slaughter weight of a sow is 76.4
% of live weight.

2.6 Feeding of sows and piglets

The National Committee for Pig Production recommends that sows are fed accord-
ing to the schedule in Table 3.

Table 3
Recommendations of feeding sows according to their physiological state.

State Feed (FEs) Comments

Mating period: 3.5-4.0

Pregnancy:

Weeks 1-12 2.1-2.7 Adjusted to physical condition of individual sows

Weeks 12-16 3.0-4.0 Adjusted to physical condition of individual sows

Farrowing: 2.0-2.5 2-3 days before farrowing to avoid MMA

Suckling: 4.0-7.0 Sows fed Ad. libitum

In the period from weaning (first mating for gilts) to farrowing the feed consump-
tion might be rather constant due to the restrictive feeding. During lactation the ap-
proach, however, seems inadequate since sows are fed Ad. libitum. O’Grady et al.
(1985) estimated lactation feed intake by multiple regression analysis of 3328 sows
fed a 13 MJ DE per kg diet according to the equation

Y = c0 + c1x1 + c2x
2
1 + c3x2 + c4x

2
2 + c5x3 + c6x4 (25)

where Y = daily feed intake (kg), c0, . . . , c6 are constants x1 = parity, x2 = number
of pigs weaned, x3 = pregnancy weight gain, corrected for weight of conceptus and
x4 = length of lactation (days) (O’Grady et al., 1985). The constants estimated in
the regression are shown in Table 4. Assuming a pregnancy weight gain of -18 kg of
a third parity sow according to Table 2 and 28 days lactation length the relationship
between daily feed intake and number of weaned piglets is shown in Figure 1. Daily
feed intake has been transferred from kg to FEs (1 FEs = NE of 1 kg barley ∼ 13
MJ DE).
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Table 4
Constants of Eq. (25) estimated by O’Grady et al. (1985).

Parameter Value

Ad libitum feeding parameters

Constant term, c0 2.192

Linear effect of parity, c1 0.297

Quadratic effect of parity, c2 -0.022

Linear effect of litter size, c3 0.224

Quadratic effect of litter size, c4 -0.008

Linear effect of weight gain during pregnancy, c5 -0.007

Linear effect of weaning age, c6 0.015
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Fig. 1. Relationship according to Eq. (25) between litter size and daily feed intake of a third
parity sow and 28 days lactation (O’Grady et al., 1985).

Besides the effect of number of piglets on sow feed intake it might be expected that
the piglets also consume some feed. Daily feed consumption of piglets has been
estimated by Nielsen et al. (1981). Piglets were offered feed from two weeks after
birth until weaning. Results are shown in Table 5.
Table 5
Weekly feed consumption of a single piglet before weaning (Nielsen et al., 1981).

Week Feed consumption (kg)

3 0.03

4 0.12

5 0.6
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2.7 Involuntary culling

At any stage of a sow’s lifespan there is a marginal probability of involuntary
culling, where “involuntary” is defined as all other reasons than those accounted
for by the model. Typical reasons are diseases or general health problems. We shall
assume that involuntary culling always takes place at the beginning of either the
mating period, the gestation period or the suckling period. We shall denote the
three marginal probabilities of involuntary culling at parity n as qnm, qng and qns,
respectively.

When estimating the litter size parameters of Section 2.2, Toft et al. (2000) also had
to take culling of sows into account in order to have unbiased estimates of the litter
size parameter. They therefore modeled the dropout structure as follows

logit(pn) = βn0 + βn1yn + βn2y
2
n, (26)

where pn is the probability of culling after weaning litter n (but before next far-
rowing), yn is the observed litter size at parity n and βn0, βn1, βn2 are regression
coefficients of the logistic regression. In addition to the litter size parameters of
Section 2.2 they also estimated the β-parameters in a number of herds. For parity 1
the model was further simplified by omitting the terms depending on litter size.

Assuming that a farmer never voluntarily will cull a sow which has just produced
a very large litter we may consider the probability for dropout at high litter sizes
as an estimate for involuntary culling. The quadratic form of Eq. (26) may have as
a consequence that the dropout rate increases slightly with litter size for the very
largest litter sizes. We therefore define the aggregate involuntary culling rate qn
after weaning of litter n as

qn = min
yn

pn(yn) (27)

where pn(yn) is pn calculated from Eq. (26) using a particular litter size yn.

Logically, the aggregate involuntary culling rate may be expressed as a function of
the specific involuntary culling rates qnm, qng and qns defined above. The relation is

(1− qn) = (1− qnm)(1− qng)(1− qns). (28)

The referred study by Toft et al. (2000) does not include any information about the
distribution of cullings within parity. Since qnm gives the probability of involuntary
culling right after weaning we shall assume that this parameter will cover most
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of the involuntary cullings so that the value is “close” to qn. For convenience we
shall assume that qng = 0, since it reflects problems during the rather short mating
period. Finally qns reflects that something has gone wrong during the gestation
period and that it is so serious that the sow is not able to farrow. It is therefore
assumed that qns is “small” compared to qnm. Based on data from the two herds
of Table 1 we shall just assume that qns = 0.25qnm. Given these assumptions we
are able to determine all three specific involuntary culling rates qnm, qng and qns for
given estimates of βn0, βn1 and βn2 of Eq. (26).

3 Discussion

In the previous section biological sub-models of the replacement model was pre-
sented. Since the replacement decision heavily depends on the future production
results the objective is to estimate the expectations of future production so that op-
timal decisions can be made. However predicting the future might be related to
some uncertainty and the major task of the biological sub-models is to minimize
this uncertainty.

For several of the sub-models it is evident that there is a marked herd effect on the
parameter values. These herd effects cover among others the effects of different
management strategies and routines. Our way of dealing with the herd effects is
to estimate parameters at herd level. However less information is often available
at herd level and for some herds information of old sows might not exist due to
hard culling of sows (Toft and Jørgensen, 2002). If this fact is ignored the replace-
ment decisions will be erroneous in that it becomes uncertain or even impossible to
estimate the effects of large parity sows based only on herd level information.

In order to handle this complex situation Toft and Jørgensen (2002) combined in-
formation from 30 herds in estimation of herd specific litter size parameters by
allowing the herd specific estimates to be based on herd information as well as in-
formation from the entire population (30 herds). The less information available of
a single herd the greater influence of the population information on parameter esti-
mates. Toft and Jørgensen (2002) demonstrated the possibility to obtain reasonable
herd specific estimates although herd information was limited. By applying the lit-
ter size model of Toft and Jørgensen (2002) the need of herd specific estimates in
replacement decisions as proposed by Jørgensen (1992) seems to be fulfilled.

However the litter size sub-model is only one of several sub-models in the presented
sow replacement model and for the rest of the sub-models different approaches have
been used to obtain herd specific estimates. For all of these sub-models estimation
has been made either directly on population information or on herd information.

As an example, estimation of conception rates is based only on herd information.
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Comparing the two herds in Table 1 it is seen that the number of observations de-
creases as parity increases and in order to handle problems of limited information,
the oldest sows have been reduced to a single group. In contrast to the conception
rates the effect of remating on conception rates has been based on a study by Jør-
gensen and Ali (1993) including 10 different herds. The results of this population
(10 herds) are applied to the two herds used in this study (Kristensen and Søllested,
2004) without paying attention to the observations in the two herds. The problem
arises in that management procedures and routines may differ considerably between
the herds causing the assumption of a linear decrease in conception rate for each
successive re-mating as stated in Eq. (24) to be invalid. As a different approach to
handle estimation of conception rates it might be useful to investigate if a similar
updating technique as in the litter size model can be applied. Further investigation
of herd specific estimation may also be needed in piglet mortality, sow weight as
well as feeding of sows and piglets.

Estimation of involuntary culling is described in detail by Toft and Jørgensen (2002)
and based only on herd information. If data is explored on individual parities lim-
ited information is available and the dropout structure has been reduced to consider
several parities simultaneously. This means that the estimated probability of culling
in e.g. sixth parity equals the probability of culling in tenth parity which obviously
seems inadequate. It might be desirable to handle dropout at individual parities.

When having considered the biological sub-models of the replacement decision the
optimization model has to be described. In a following article this is done as well
as the general results of the decision support system is presented and discussed.

4 Conclusion

The purpose of the presented biological model is to provide us with the best possi-
ble basis for prediction of future performance at sow level in a specific sow herd.
In most cases it has been possible to estimate parameters at herd level, but in some
cases we have to rely on general population parameters. The latter is the case for
traits that are not recorded (at least not at animal level) in practice (as for instance
sow weight and feed intake) as well as for traits where herd data is too limited for
reliable estimation (as for instance the effect of remating on conception rates).

In a subsequent paper (Kristensen and Søllested, 2004) an optimization model us-
ing the biological model is presented.
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