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ABSTRACT

Within decision theory the use of Bayesian methodology is well established. However,
primarily due to complexity problems the use in applied Decision Support Systems within
animal production has been very limited. Recently, methodological developments have
removed many of these problems, and the time seems to be ripe for wide-scale applications.
Bayesian methods handles decision making under uncertainty especially in situations, where
the amount of information varies. The case for use of the Bayesian framework will be
presented, and its potential illustrated with on-going research work within herd monitoring,
diagnosis, and decision support.

INTRODUCTION

The Bayesian methodology is well-established as a theoretical framework for decision
making, see e.g. De Groot (1970), Anderson etal. (1977). However, primarily due to
complexity problems the use in applied Decision Support Systems within animal production
has been very limited. Recently, methodological developments have removed many of these
problems, i.e., . techniques such as Bayesian networks, (Jensen, 1996; Lauritzen &
Spiegelhalter, 1988), Dynamic Linear Models (West & Harrison, 1997), Markov Chain
Monte Carlo Simulation (Gilks et al., 1996) and Hierarchic Markov Processes, (Kristensen,
1993b). Thus the time seems ripe for wide-scale applications.

As an introduction, a general framework is shown in Fig. 1 of the tasks within production
planning and control.
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FIGURE 1: The Animal Production and Information Processing System

The figure illustrates the three main components of the system. Housing/confinement, animals
and information processing. A natural starting point in the present context is the registration.
A necessary prerequisite for any benefit of such registrations is that they are used as a basis
for decision making, typically at the operational and tactical level. This requires an
appropriate data processing, a communication of some kind of belief in the true state of the
animal(s) and/or one or more suggested actions. The term Belief Management System, (BMS),
is used for the system that handles the data processing. The purpose of the BMS is to process
the data such that the resulting information is suitable for decision making. This belief may
then be used for decision support, i.e., support for selecting appropriate actions. Obviously,
the term Decision Support System (DSS) is appropriate for systems handling this part.

The case for use of the Bayesian framework will be presented, and its potential illustrated
with on-going research work within herd monitoring, diagnosis, and decision support.

BELIEF MANAGEMENT SYSTEMS

With the appearance of sensors and electronic equipment in general, a whole new range of
registrations are potentially available to the farmer. The possibilities comprise electronic
identification, automatic weighing, temperature and activity measurements, automatic
registration of feed and water intake, geographic positioning of individual animals and several
registrations through video recordings using image analysis. The more or less continuous
data-flow makes techniques based on Kalman filtering methods an obvious choice. Recent
examples are heat detection (de Mol, 1999), daily gain (Madsen & Ruby, 2000), water
consumption (Madsen, 2000), and monitoring of pregnancy/farrowing rates (Jorgensen &
Toft, 1999; Thysen & Enevoldsen, 1994). The purpose of these systems is to allow the farmer
to detect changes in the monitored variable.

Within the present framework a different formulation is more appropriate. The system (herd,
animal,...) may exists in different states. The BMS calculates the probability that the system is
in a given state depending on the observed registrations. Thus the BMS improves our
knowledge (increases the precision) of the state of the system. Depending on the state it may
be worthwhile to put some efforts into changing the state.

The belief returned from a BMS is a probability distribution, i.e. for each possible state of the
system, the BMS returns a probability.

The major challenge is to improve the representation and utilisation of prior knowledge, e.g.
heat detection should take the time since weaning or last observed heat into account when
calculating the prior probability of heat signs. Another challenge is to utilize the hierarchic
structure of the data. Data originates from an animal, in a pen, in a section in a herd, in a
population of herds. Even though we have no registrations on the individual animal, we may
be able to utilize other sources of information from the hierarchy. However, in this process we
have to take the reason for the missing data into account. To illustrate as a result of selection,
short lactation length indicates lactation yield, low age at slaughter indicates high daily gain
and few parities indicates low litter size. Toft & Jorgensen (2001) show how information may
be used while taken this into account, and they illustrate how herd population data may be
used when within herd information is insufficient.
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DECISION SUPPORT

The belief may then be used for decision support, i.e., support for selecting appropriate
actions. Strictly speaking, the DSS should help the farmer to select the action with highest
expected utility. Because the belief reflects the probability distribution, the expected utility of
the actions increases with the precision in the belief.

However, when reviewing existing DSS systems the impression is that many model
parameters are point estimates either from populations studies or from expert assessment.
Using the Bayesian approach, such parameters should have beliefs with low precision.

Three different approaches towards decision support is considered. The use in error detection
(Diagnosis/ Analysis), the use within a Markov process setting, and finally, the use within
Monte Carlo simulation models. The first point may be considered as a static problem, while
the latter two are dynamic, i.e., needs to consider the dynamic acquisition of new information.

Error Detection, Diagnosis/Analysis

When the monitoring systems indicates that the state of the system has changed, it is of
interest to make an analysis of the herd, i.e., to find the most plausible causes of the change.
This error detection problem may be considered as an expert system problem, and rule-based
or knowledge-based systems abound in the literature, e.g., Huirne et al. (1991), Enting et al.
(2000) and chapter 1.6 in Stirk (1998). However, Bayesian network techniques (Jensen,
1996) offer full probabilistic formulation and inference, and thus, a more natural approach in
the agricultural domain. Examples are Hogeveen etal. (1994) and a current project
concerning respiratory disease in slaughter pigs (Jergensen, 2000b). Using such techniques
the probability of the possible causes will be found, and the appropriate action may be taken
to remove the cause. The network handles the situation, where several plausible causes exists,
and in contrast to the rule-based approaches handles the explaining away phenomenon. The
problem may be due to both cause 4 and cause B, but if new evidence indicates A the
probablity of B is reduced. Of course, the selected action should reflect both the probability of
the cause and the cost of removing the cause

In addition the Bayesian network may learn from the observations and thus improve over
time. This corresponds to parameter estimation in ordinary statistical models.

Markov Decision Processes

The Markov process (MP) approach has information acquisition as an inherent element in the
optimisation procedure, and may be framed to take information flow into account, e.g.
Kristensen (1993a). The introduction of hierarchic Markov processes (Kristensen, 1988) has
allowed quite complex models for replacement decisions such as Houben et al. (1995), and
the recent possibility to include several hierarchic levels (Kristensen & Jeorgensen, 2000)
looks promising with respect to the inclusion of other decisions and planning horizons.

However, the formulation is based on a complete knowledge of the current state and the
future transition probabilities. Often, we need to consider decision support within domains,
where this assumption is not fulfilled. Without the assumption, the complexity becomes very
large even for unrealistic small problems. On-going research has indicated, how we may
proceed with approximate techniques, such as Limited Memory Influence Diagrams
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(Lauritzen & Nilsson, 2000; Hohle et al., 2000). Using such techniques, we may obtain lower
and upper bounds on the optimal solutions.

Monte Carlo simulation models

Monte Carlo simulation models of animal herds have been used for decision support to a
certain extent. These stochastic models are natural candidates for use within a Bayesian
framework. However, two major issues needs to be addressed. Firstly, the system parameters
("State of nature") is often assumed known. Secondly, the current state of the herd and the
decision makers current knowledge of the state need to be considered separately. With respect
to the first problem, the necessary methodology for representing the precision of the
parameters is available, both when considering independent parameters, and when
considering parameters that are dependent, because of supplementary evidence as discussed in
Jorgensen (2000c). The idea is to sample the parameter values from the appropriate
probability distribution. The supplementary evidence may be handled within a Bayesian
network, e.g. an expert system, and the Bayesian network is able to generate random samples
from the joint distribution of the state variables, or within a hierarchical model, where Markov
Chain Monte Carlo simulation may generate the requested samples. However, a major
problem remains. When supplementary evidence corresponds to output from the simulation
model the calibrating of model parameters is not¢ straightforward. Attempts to solve this
problem is discussed in Givens (1993) and Jergensen (2000a). To the authors knowledge
there are currently no simulation models that consequently distinguish between the state of
the system and the state of the knowledge, when simulating the decisions in the herd.

DISCUSSION

The Bayesian framework seems ideally suited to the purpose of decision support within
animal production, even though only few and isolated attempts have been made until now.
Most important, the Bayesian framework enables combination of information from different
sources in a coherent and reproducible manner. Currently, the most important task is to
improve the assessment of the parameters used in the decision support systems, that is to
establish belief management systems that handles the current registrations in the herds, and to
ensure that the results from the BMS are used directly in the DSS.

Despite recent improvements in methodology, we may still face complexity problems, when
considering systems for decision support. However, it is not a valid solution to this problem,
just to ignore the inherent uncertainty that faces the decision maker. Rather, we should
develop approximate methods that presents the farmer with near-optimal solutions.
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