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Abstract
This paper presents a multiagent architecture and methods for intelligent decision support in logistics processes.
It extends current advanced prediction systems by providing the ability to combine history and situated reasoning.
The contribution of the paper is threefold: first, a multiagent architecture and learning algorithms are developed
that enables us to combine background models learned from
history data with context-related knowledge about the current situation; second, using a large real data set we show
that adding situated knowledge actually improves the performance of a supply chain decision support system; and
third, for our settings we evaluate the degree to which agentassisted decision support is actually usable/sufficient to improve human decision-making and to support automated
decision-making in dynamic supply network management
scenarios.

1. Introduction
In this paper we propose the notion of intelligent assistance for supply chain decision-making to tackle the complexity of cross-enterprise supply chain processes and to enable supply network collaboration. Our vision is that software agents act on behalf of organisations and humans, providing situated decision support and, ultimately, increasingly automating processes. To this end, agents need to perceive business environments, learn from their experience,
and react to changes in these environments. At the same
time, the use of peer-to-peer, multi-agent collaboration architectures supports flexible and self-organising supply network structures and decentral problem solving.
Over the past few years, there have been various research
activities in this area (e.g., [8][6][3]). A number of busi-

Bernhard Bauer
Institute of Computer Science
University of Augsburg
Universitätsstraße 14
86135 Augsburg, Germany
bernhard.bauer@informatik.uni-augsburg.de
ness success stories have been reported where multinational
companies applied agent technology to optimise their supply networks [10]. However, these are claims that can hardly
be verified objectively, and the technical details of methods
and implementations remain obscure.
State-of-the-art advanced planning systems [14] provide
methods for process planning and prediction based broadly
on history information. Our claim, triggered by observing
real applications, is that this information, while being valuable, is not sufficient as a basis for intelligent supply chain
decision-making assistance. Our claim is that history-based
information should – and can – be enhanced by contextrelated situated knowledge to provide an improved basis for
decision-making assistance.
Our objective is threefold: first, to develop a multiagent architecture and learning algorithm that enable us
to combine background knowledge models (retrieved from
analysing e.g., history data held in a business data warehouse) with context-related information about the current
situation; second, to verify our claim that bringing in situated knowledge actually improves the performance of a supply chain decision support system; and third, to evaluate the
degree to which agent-assisted decision support is actually
usable/sufficient (a) to improve human decision-making and
(b) to automated decision-making in dynamic supply network management scenarios.
The technical focus of this paper is on methods for intelligent agent assistance in logistics order fulfilment prediction. The agents in our system can sense the current context of transport order planning and execution, and they apply learned history knowledge models, e.g., identify critical orders with a high probability/impact of delay. This
gives users sufficient time to develop contingency plans,
and hence improves decisions. To combine history-based
background knowledge with situated knowledge, we propose a multi-agent learning algorithm where history models
are learned with Bayesian classifiers, and situated model is

integrated with the stacking strategy using Support Vector
Machine (SVM) algorithm. The different models and functions are deployed as agent services in a multi-agent architecture. We evaluate the performance of our approach by using real order fulfilment data.
This paper is structured as follows: Section 2 summarises
related research. Section 3 describes the multi-agent assistance architecture framework. In Section 4, the multi-agent
learning algorithm is described. The learning model is evaluated with experiments on real data in Section 5. A discussion of the results, conclusion and perspectives of future research is provided in Section 6.

2. Related work
There’re some initial research and applications of using software agents to provide assistance in supply chain
management. TRACONET [11] is a vehicle routing system with an extended version of the contract net protocol. A multiagent approach for cooperative transportation
scheduling is investigated in [3] to implement cooperation
among the agents, task decomposition and task allocation,
and decentralised planning. The joint research of SAP and
Biosgroup focus on adaptive planning in supply chain management based on Ant Colony Optimisation (ACO) [12].
[4] describes an agent-based logistics monitoring architecture. On the commercial side, SAP offers an Event Manager component for their mySAP SCM product. The SAP
Event Manager provides a basic distributed blackboard infrastructure together with a generic event model that enables
parties in the supply network to publish events and to formulate responses based on perceived events. This solution
can be regarded as a basis for the later deployment of intelligent agents. The research of this paper extends these approaches by proactive reasoning and prediction instead of
mere passive monitoring.
The research in this paper on combining history and situated reasoning is related to meta learning. Meta learning learns from learned knowledge by assembling multiple
learners. It is an active research area targeting improvement
of learning performance and enabling distributed learning.
Various meta-learning strategies have been proposed in the
literature [2, 9]. Voting is the simplest method of combing
predictions from multiple classifiers. In its simplest form,
majority voting, each model contributes a single vote. The
collective prediction is determined by the majority of the
votes. In weighted voting, the classifiers have varying degrees of influence on the collective prediction that is relative to their prediction accuracy. Each classifier is associated with a specific weight determined by its performance
on a validation set. The final prediction is decided by summing over all weighted votes and by choosing the class with
the highest aggregate. The voting method combines the set

of models in a linear fashion, which is not effective in some
applications. The meta-learning method that we shall adopt
and extend in this paper is Stacking, one of the most effective meta learning strategies [9]. It is described in Section
4.

3. Application scenario and system architecture
The application use case considered in this paper has
been obtained from a major logistics service. This service
is responsible for the administration of order delivery. Customers are business units who wish to deliver products to
their customers, as shown in Figure 1. Orders are described
by origins and destinations around the world, various product types from automation systems to medical equipment,
and different packaging. To carry out an order, different local and international transportation service providers may
be selected. Fulfilling an order often requires a combination
of transport means and service providers. Due to high transaction volumes (several millions of orders over the period
of one year), short planning/execution cycles, and a variety
of unexpected events that happen during execution, monitoring each transaction manually is not feasible.
The mechanisms for agent assistance described in this
paper are designed to effectively solve this problem by providing proactive monitoring and prediction throughout the
order fulfilment process. In addition to keeping track of
current events (e.g., a certain milestone has been reached
with delay), the agents can learn from experience to provide users with advance warning that a problem is likely
to occur. Considering the dynamic nature of the logistics
process, we propose a learning approach that combines history based and situated reasoning, so that the agents can
sense the current context and overlay this context information with previously acquired knowledge models.
The agents incrementally build two types of models: history models, based on past order execution records, and a
context model, based on recently perceived data. When a
new order is entered into the system, the combined models are used to provide users with information predicting
future delivery status, including the likelihood of the order
being delayed. The learning and model combination procedures are detailed in Section 4 and evaluated with real business data in 5.
Figure 1 illustrates the multiagent system architecture.
Different agents represent different sources of events in the
order fulfilment process (manufacturing, dispatching, delivery tracking) as well as the adaptive assistance functions
(history model learners, meta learners). Based on interaction protocols, agents can collaborate with other agents,
such as the service agents for customer notification, and the
agents for tracking real time status of deliveries from the

transportation service providers’ systems. This collaboration is beyond the scope of this paper that focuses on decision support aspects.
We found the multi-agent architecture an appropriate (if
not the only applicable) approach to our problem as it provides us with the openness and flexibility required to add
additional models, services, and collaboration patterns in
the future.

Figure 2. Screenshot of the order dispatching overview page

Figure 1. The system architecture of agent
assistance in the logistics process.

Based on the described architecture, we have developed
a protoype of a web-based agent-based decision-support
tool for order dispatching and monitoring. Figure 2 illustrates the dispatchers’ screen, showing a list of orders
currently to be dispatched. This list is ranked by priority/urgency of orders, i.e., the dispatcher will find the orders that need to be serviced immediately on top of the list.
By selecting an order, the order dispatching page will be
displayed as shown in Figure 3. It supports a dispatcher
in choosing an appropriate transport service provider. The
agent on the right side of the screen provides suggestions
for local and international transport service providers (labelled VSP and HSP) based on their history and current performance. The dispatcher will assign orders to transport service providers and commit the dispatching.
During order execution, events regarding the completion
of milestones will be received, either via dedicated tracking
agents or via a commercial system (e.g., SAP Supply Chain
Event Manager). Based on this information and available
history models, delay probabilities for individual orders are
updated. In the prototype, we use the agent-based tracking
system PAMAS [4] and its underlying milestone taxonomy.
In this view, the set of orders visible to the user are sorted
according to a mixture of delay probability and order priority. The user can select an order and inspect details on the
order execution status, triggering actions such as notifying

Figure 3. Screenshot of the order dispatching details page

the customer of delays, or re-assigning an order to a different transport service provider if possible.

4. Multiagent learning algorithm
4.1. Overview
The main idea of our research is to integrate historybased models with situated knowledge to improve prediction accuracy. Our technical approach to this integration
task is based on the concept of meta learning (see Section 2
for an overview of related work on this topic). In the work
described in this paper, we adopted an effective meta learning strategy called Stacking [17]. Stacking integrates independently computed base classifiers into a higher-level
classifier by learning over a so-called meta set. A meta set

is generated by using the predictions of the base classifiers
as attributes and keeping the original class labels. Then a
meta classif ier can be trained with the meta set; this meta
classifier is then used to classify unlabelled instances. The
aim of this strategy is to correlate the predictions of the
base classifiers by learning the relationship between these
predictions and the true labels. So stacking allows effective non-linear combination of base classifiers. In this work,
we added several improvements to the standard stacking
method as described in [17]:
• Different algorithms are supported for history and situated knowledge learning: Bayesian classifier as the
base classifier, and Support Vector Machine (SVM) as
the meta learner. The reason for this is that situated
learning needs to be done based on a much smaller
training set than history-based learning. Support Vector Machines are an efficient learning method for learning problems based on small training sets.
• For the sake of improved learning performance, the
meta set is generated with model predictions, as well
as the original attributes of the orders.
• The meta set uses the predicted probability of delay
instead of prediction labels (success, delay). This improves performance and eliminates the problem of determining the classification criteria.
• Only highly relevant attributes are selected to be the
order attributes in the meta set, based on the results
of a mutual information analysis (see Section 4.3).
Not considering the less relevant attributes actually improves learning performance in our experiments.
The top-level approach of the learning algorithm is illustrated in Figure 4. It consists of the following steps:

Figure 4. Overview of the learning approach

2. Select the context set V , containing the situated information to be considered. For the work described in
this paper, we take a recent set of data (e.g., data from
the current week) to represent the context set.
3. Generate a meta set T with the context set and the
predictions of the history models.
4. Learn a meta model M on the meta set T using the
SVM algorithm.
5. Use the meta model M to make predictions on the
prediction set.
The individual learning steps are described in detail in
the subsequent sub-sections.

4.2. History knowledge models
Most attributes of the orders have nominal-valued data
types. Thus, using Bayesian classifier for learning from history data is appropriate. Bayesian classifiers assign the most
likely class (e.g., delay, small delay, no delay) to a given
instance (e.g., an order) described by its feature vector.
The simplified Bayesian classifiers, Naive Bayes, assumes
that attribute values are conditionally independent given the
class values. Despite this assumption is unrealistic, Naive
Bayes is remarkably successful in practice, often competing with much more sophisticated techniques [7]. In experiments, we were able to verify Langley’s result by comparison with the classifier based on a Bayesian belief network.
Therefore, we use the Naive Bayes method as the base classifiers for history knowledge:
n
argmax
Y
y =yj ∈ Y P (yj )
P (xi |yj )

(1)

i=1

where y is the predicted class, x = (x1 , . . . , xn ) is the
attribute vector describing an instance to be classified, Y is
the class value set. The various P (yj ) and P (xi |yj ) terms
can be estimated based on the training set. Given an instance
with unknown label, the history model will output the probability of success/delay. Hence, a criterion is needed to provide explicit labelling. In this paper, we label the instances
using a relative measure of delay instead of a fixed probability threshold. We achieve this by sorting the instances according to their probability of delay, and then labelling the
top d percent of instances as delay. A realistic value for d
is determined by computing the average percentage of delay instances in the training set. In the experiments reported
later in this paper, the history models are built on a monthly
basis.

4.3. Situated knowledge
1. Learn k models C1 , C2 , . . . , Ck using the Bayesian
classifier method from the history data set.

As explained before, we represent the set of all available situated information by the so-called context set. The

context set and the learned history models are used to compute the meta set. In this paper, the attributes of a meta set
data instance are composed of:
• the model predictions; and
• the original attributes of the orders.
Thus, we define the meta set T as
T
=
{y, C1 (x), C2 (x), . . . , Ck (x), attribute vector(x))|x ∈ V },

where x is an instance in the context set V , y is the true
class of x, Ci (x) is the prediction of model i on x, and
attribute vector(x) contains the attributes of x. The predicted probability of delay is used instead of predicted labels as the model prediction attributes, and only the
highly relevant attributes are selected to be the order attributes in the meta set.
The computation of the relevance of order attributes is
based on the information theoretical measure of mutual information [13].Mutual Information of two variables is defined as the reduction in uncertainty (Entropy) of the value
of one variable given knowledge of the value taken by other
variable. Mutual Information analysis has been successfully applied in feature-weighting in instance-based learning [1, 16]. The relevance of an attribute is determined by
the mutual information H(y; xi ) between the delivery status y and the value of attribute xi of the order instance.
Here, H(y; xi ) measures the amount of information the attribute value conveys about the order delivery status. Continuous attribute values can be divided into predefined intervals [16]. The mutual information H(y; xi ) between an
instance class y and an attribute xi is computed as:
H(y; xi ) =

XX
v

P (y = c, xi = v)log2

c

P (y = c, xi = v)
P (y = c)P (xi = v)
(2)

where p(y = c) is the probability of delivery status being c, and p(xi = v) is the probability of value v for attribute xi occurring in the respective training set. Table 1
shows the mutual information analysis results for the most
relevant order attributes. It reveals that the destination attributes are most relevant to the delivery status, i.e., there is
a relatively high correlation between the destination country of an order and its likelihood to be delayed.

4.4. Meta learning
In the last stage of our multiagent learning approach, a
meta learner is trained with the meta set calculated in Section 4.3 to make delay predictions on an instance of an
order. We use Support Vector Machine (SVM) classifier,
which has strong mathematical foundations and excellent
empirical performance in pattern recognition [15]. Based on

Rank Attribute name
1
2
3
4
5
6

Destination Country
International Carrier
Origination Point
National Carrier
Container Type
Origination Country

Mutual Information
0.104
0.088
0.054
0.041
0.033
0.007

Table 1. Top relevant order attributes by Mutual information analysis
statistical learning theory, the SVM learner has good generalization ability and reveals good performance even when
the size of the available training data is limited. This enables us to integrate situated knowledge even if only a small
context set is available.

Figure 5. Meta learner using Support Vector
Machine (SVM).

Figure 5 illustrates the principle idea underlying SVM:
the SVM classifier projects data in the input space X into a
higher dimensional feature space H, with a kernel Function
k(ti , tj ) = φ(ti )T φ(tj ), where ti and tj are instances in the
meta set. Vapnik shows that the Structural Risk Minimization principle in statistical learning theory can be translated
into finding the hyperplane with maximum margin for separating the positive and negative training instances. Computing this hyperplane is by solving the quadratic optimization
problem in Equation 4 and 5. The solution will be a set of
support vectors, which determine the position of the hyperplane. With the learned SVM model, the unlabelled orders can be classified as success (positive) and delay (negative), using the procedures illustrated in Figure 6. The decision function of SVM is

f (t) = sgn(

m
X
i=1

yi αi hφ(t), φ(ti )i+b) = sgn(

m
X
i=1

yi αi k(t, ti )+b)
(3)

m
m
X
maximize
1 X
α ∈ Rm W (α) =
αi −
αi αj yi yj k(ti , tj )
2
i=1

(4)

i,j=1

subject to αi ≥ 0 for all i = 1, . . . , m, and

m
X

αi yi = 0 (5)

i=1

where t is the order instance to be classified, ti is the
ith support vector and yi is the true class of ti , m is the
number of support vectors. Furthermore, by calculating distances of order vectors to the trained hyperplane, the SVM
model can give a straightforward ranking of orders. In the
experiments, as the meta set is unbalanced, i.e., the percentage of success orders is much higher than that of delay orders, so higher weight is given to the delay orders when
training the SVM model.

Data set
March 2003
April 2003
May 2003
June 2003
July 2003
Context set
Evaluation set

number of orders
365981
390505
404901
422811
406699
6088
87994

Table 2. The data set size of the experiment
From this data, the data sets used by the meta learning
approach described in the previous section were populated
as follows:
• History models: five separate month models were
learnt using the Bayesian classifier method, one for
each March to July 2003.
• Evaluation set: approximately 88000 orders used for
evaluation. These orders were August 2003 data except the first week in August, which was used as the
context set.
• Context set: 6088 instances, randomly select 10% orders from the first week of August 2003.

Figure 6. Making predictions with the SVM
meta learner.

5. Empirical analysis
In this section, we describe experimental results to evaluate the performance of the proposed multiagent learning
method with history and context information.

5.1. Experimental settings
The results reported in this paper were obtained by
analysing large data sets from a major logistics service provider collected over a period of five months, from
March to July 2003 each of which describes a single order execution including origin, destination, product type,
packaging, local transport provider, international transport provider (where applicable), planned customer delivery date, planned pickup date, actual pickup date, and
actual delivery date. Table 2 shows the size of the training sets used for every months as well as the size of context
set and evaluation set.

Based on these models, we performed the following experiments on the evaluation set:
• E 1: A prediction algorithm that picks its decision (Delay, Success) randomly but compatible with the overall probability distribution of delayed orders. I.e., if the
probability of an order being delayed is 15%, algorithm E 1 will answer it Delay in 15% of all cases. The
purpose of E 1 is to know a lower quality bound produced by a prediction algorithm that only takes very
little knowledge about the problem into account.
• E 2 to E 6: Predictions are made based on the
Bayesian classifier history models from March to July,
2003, respectively.
• E 7: Predictions are made using one big single model
containing the whole data set from March to July 2003
as the training set.
• E 8: Predictions are made based only on the situated
model derived from the context set. I.e., history data
will not be taken into account.
• E 9: Predictions are carried out based on the agentbased meta learning approach described in Section 4,
combining the five month models used in E 2 to E 6
with the context model used in E 8.

Experiment Learning
model
E
E
E
E
E
E
E
E
E

9
1
2
3
4
5
6
7
8

Delay
recall

Meta learning (history + context)
Distribution-based prediction
March’03 history model
April’03 history model
May’03 history model
June’03 history model
July’03 history model
Joint March to July’03 hist. model
Context set model only

Delay
precision

0.66
0.25
0.41
0.49
0.43
0.46
0.43
0.50
0.40

0.48
0.26
0.38
0.42
0.38
0.40
0.39
0.44
0.37

Table 3. Summary of experimental results for
meta learning and other models

5.2. Evaluation metrics and results overview
To evaluate the learning performance, we adopted two
standard measures from information retrieval: delay recall
(DR) and delay precision (DP), as defined in Equations 6
and 7.
DR =

nD→D
nD→D + nD→S

(6)

DP =

nD→D
nD→D + nS→D

(7)

where nD→D is the number of correctly predicted Delay orders, nD→S and nS→D are the number of Delay →
Success and Success → Delay errors. Intuitively, delay
recall measures the share of actually delayed orders that the
mechanism could successfully predict as Delay, whereas
delay precision is a measure of the inverse noise ratio, i.e.,
the share of orders predicted by the system as Delay that
were actually delayed. It is known from information retrieval that there is a trade-off between recall and precision,
and that it is easy to optimise either recall or precision, but
very hard to provide good results for both. Table 3 illustrates the experimental results.

6. Discussion of results, conclusions, and outlook
The first and obvious result of our experiments is that
all learning algorithms that make use of history or situated knowledge perform better than the random prediction
method E 1. That indicates that there are recurring patterns
in supply network execution that lead to orders being delayed. Second, it shows that the learning performance of
meta learning (E 9) based on history and situated knowledge widely outperforms all other methods. This reveals
that single model learning is less effective in the dynamic
logistics process and that even a relatively simple form of
situated knowledge can lead to a considerable improvement.

The fact that meta learning has better performance than the
history models and the model trained with the context set
shows that the meta learner applied the best knowledge of
the history models by sensing the context set.
When examining the meta set, we made the interesting observation that different history models often come up
with different opinions on the prediction of an instance. This
is due to the dynamic and time-dependent nature of the logistics process and also indicates that meta-learning is beneficial in this application domain. The third result indicates
that all of the algorithms considered(including the metalearning) perform better in terms of recall than it does in
terms of precision. While a 66% recall means that two third
of all delays can be correctly predicted, the current precision level of less than 50% for the best algorithm indicates
that there is a considerable number of false friends, i.e., orders that are mistakenly predicted to be delayed but which
are not. Hence, while recall of the current meta-learning algorithm is appropriate for a decision-support algorithm, the
precision ratio may not be acceptable due to a fairly high
number of false alarms. An easy way of improving precision would be to increase the probability threshold for classifying an order as delayed. However, this would reduce recall.
In general the supply chain prediction method presented
in this paper takes decision support approaches that are
based on implicit and subsymbolic knowledge representation to its limits. We believe that the learning performance
can be improved with the enhancement of explicit situated
knowledge. These knowledge can be in an explicit factual
or rule-based fashion (e.g., if a Thursday is a holiday, orders to be sent on the subsequent Friday in country X are
likely to take a longer time to deliver), or that simply cannot
be predicted (e.g., there is a railway strike in Austria from
Wednesday to Friday, which will effect orders to, from, and
across Austria). Integrating this explicit knowledge with the
implicit knowledge approach described in this paper will
greatly improve the agent prediction performance.
Another idea that we would like to explore in future work
is to employ collaborative reasoning from different sources.
For example, monitoring agents can enhance their reasoning with additional knowledge of the tracking agents used
by the transport service providers. Multiagent learning in
such a heterogenous and distributed business environment
is investigated in another research [5]. Another extension of
our system would be a more elaborate reasoning about root
causes and context of a problem, and intelligent event response management, e.g., by presenting users appropriate
recommendations for counter-actions.
Coming back to the three objectives that we set out with
in this paper (see Section 1), we regard our results as first
and important step towards intelligent supply chain assistance. We described an agent-based architecture framework

for combining history knowledge with situated information
and we were actually able to show using real data that situated knowledge and the use of multiple models is actually
beneficial in this domain. Even though our third hope – to
achieve a prediction quality that fulfils the requirements of
an online decision-support system – has not yet fully come
true, we believe that a first step has been made and that we
can improve our system sufficiently by adding a different
type of model based on explicit factual or rule-based knowledge to our framework.
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