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Abstract. Bayesian Networks are useful for solving a wide range of
problems in many domains. However, they are exposed to one important
challenge when structural and parametrical changes occur. As Bayesian
networks lack memory regarding their changes over time, there is cur-
rently no good way of maintaining a history of changes and their prove-
nance. Thus, any variance in the network’s problem solving behaviour
will not be explainable to a user. Within the context of systems that in-
tegrate CBR and BN, we suggest to add a case-based reasoning function-
ality that will retain changes and their provenance, as well as approaches
to explain any unexpected problem solving behaviour.

1 Introduction

Explanations have been identified as one of the most important properties of
intelligent systems (see e.g. [1,2]). One important source of knowledge for gener-
ating useful explanations is the information related to changes in used knowledge
sources and changes in reasoning processes.

Although providence-related information has been included in some CBR
systems since the early days of the field, and often referred to as book-keeping
information, justifications, or meta-information, a systematic treatment of prov-
idence and its role was introduced at the ICCBR conference in 2007 [3]. They
identified two main roles of provenance in CBR; to compensate for delayed feed-
back in the REVISE phase of the CBR cycle [4], and to improve case-base
maintenance. The role suggested here is an additional one, namely to produce
explanations for unexpected results that stem from changes in parts of the do-
main model. In a philosophical treatment of provenance and explanation [5] the
focus is on "how” and "why” type explanations related to provenance, and in
a treatment of explanation and provenance within a Description Logics frame-
work [5] an empahsis is on how to track "how-provenance” in a system, referring
to how sources of provenance contribute to the observed data. In the work re-
ported here the doman model could in principle be a case-specific domain model
as well as one containing generalized knowledge, but in the present paper we
focus solely on changes in the general domain knowledge, and more specifically
in the Bayesian Network component of a system.



2 Anders Kofod-Petersen, Helge Langseth, and Agnar Aamodt

In our previous work [6], we have been looking into the benefits of combining
Bayesian networks [7,8] and Case-based reasoning into a hybrid system, with the
goal to utilise the Bayesian networks either as a reasoning engine in its own right,
or to help with the case matching in the integrated system. This is an endeavour
we have taken up again recently, and although we in this paper will exemplify
the reasoning processes using only a Bayesian network, we do still have the total
hybrid system in mind. Bayesian networks constitute one of the most popular
modelling framework for uncertain knowledge, and with its formal grounding in
probability theory, they have found applications in areas as diverse as genetics,
failure detection, recommender systems, and speech recognition. One important
argument for using Bayesian networks is the frameworks ability to adapt both
its structure [9] as well as its parameters [10] as new training data is presented to
the system; properties which are crucial in changing or partly unknown domains.

The nature of Bayesian networks allows for some explanations to be given
regarding the reasoning process (see, e.g., [11] for a review of explanations in
Bayesian networks). However, there is one important aspect that these models
cannot explain, and that is when the conceived behaviour of the system has
changed via learning (via adaption of the Bayesian network, or — in our hybrid
system — by adding cases to the case-base).

As our system traditionally retain no history of the provenance of such
changes made during learning, any variation in results coming from such changes
are inexplicable.

The work presented here suggests the use of case-based reasoning to address
this issue. In brief, the we suggest to construct cases based on changes in the
Bayesian network and use this in combination with a model of the user to con-
struct explanations. Sgrmo et al. [12] identified five explanation goals: Explain
How the System Reached the Answer (Transparency), Explain Why the Answer
is a Good Answer (Justification), Explain Why a Question Asked is Relevant
(Relevance), Clarify the Meaning of Concepts (Conceptualization), and Teach
the User About the Domain (Learning). Our focus is here on the transparency
and justification goals.

The rest of this paper is organised as follows: Section 2 introduces a motiva-
tional example for augmenting Bayesian networks with a case-based reasoning
provenance part; Section 3 describes how case-based reasoning can be applied
and how the cases can be constructed; The paper ends with an outlook on future
work.

2 Motivational Example

To exemplify the need for provenance of changes in a Bayesian network we will
use a simple example. A very simple Bayesian network, depicted in Figure 1 can
be used to tell a user whether to go to the beach or not.

The network can observe the current weather and if it is raining or cloudy
will tell the user to stay at home, and if it is sunny it will tell the user to go to the
beach. The column marked ’Historical’ in Table 1 shows the mapping between
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Weather prediction
Current weather Go to beach?

Fig. 1. Bayesian network

weather conditions and expected suggestion. This explicit mapping is naturally
not visible for the user. However, we can assume that a user who uses any system
on a regular basis will develop some expectation as to how the system behaves.

Table 1. Condition and response

|Condition[Historical recommendation[New recommendation

Rain Stay at home Stay at home
Cloudy Stay at home Go to beach / stay at home
Sunny Go to beach Go to beach

Let us assume that the system now gets equipped with a barometer, which
to some degree can be used to predict the weather. The new Bayesian network,
including the barometer is depicted in Figure 2. Using this new device the net-
work is able to predict that cloudy weather in some situation will improve and
become sunny. Thus, the system will sometimes suggest the user to go to the
beach even when it is cloudy, for example when the barometer shows a trend
towards higher pressure. This new observed behaviour is shown in the column
marked 'New’ in Table 1.

Weather prediction
Current weather Go to beach?

Fig. 2. Modified Bayesian network

3
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The first time the system makes an unexpected prediction, i.e. suggest going
to the beach even when it is cloudy, the users would likely request an explanation.
The current Bayesian network can supply an explanation regarding the relation
between the observed variables (the current weather and the barometer reading),
the weather forecast, and the query variable. This type of explanation is clearly
not sufficient as it does not include the real provenance of the change in the
reasoning process. The user is quite likely to request a justification of the change
in the expected outcome.

3 Case-based reasoning as explanation mechanism

The work presented here suggests to augment Bayesian networks with a case-
based reasoning component to explain changes in behaviour. This is achieved
by retaining the provenance of either parametric or structural changes in the
problem-solving network.

When a request for an explanation is received, the case-based reasoning sys-
tem will retrieve a case containing a relevant part of the network that solved
the problem (in the example predicting whether or not to go to the beach), and
the current network. The case base contains snapshots of partial BNs where the
solution the BN gave triggered an explanation question from the user. This indi-
cates an unexpected solution or insufficient confidence in the suggested solution,
for which a transparency and/or justification explanation is called for. Figure 3
depicts an example case.

Has solution

S

Has findings

Has findings

Has findings

Has explanation type

Explanation type

Barometer

Weather prediction
Current weather Go to beach?

Fig. 3. Case structure
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In the problem description part of the a case, the findings are: a user model,
which can be used to influence the explanation goal to be solved and the way to
present it; the current network; and the last known accepted network (marked in
light grey). The solution to the case contains the explanation goal and the two
Bayesian networks. The latter can be used as a knowledge container [13] where
relevant knowledge to construct the explanation can be acquired.

New cases are constructed whenever a user asks a question to the system.
In this example, when a request for a recommendation for visiting the beach is
made. If the answer to the question and the input parameters are sufficiently
similar to an existing case, no new case is retained. In case of the user requesting
an explanation, as an example in the form of: ”The last time it was cloudy, you
suggested me to stay at home, but now to tell me to go to the beach, why?”,
the current case is matched against the case base and the lasted case that gave
the ’correct’” answer is retrieved. The current case contains the current Bayesian
network, which is then matched against the network in the retrieved case. The
difference between these two cases form the basis for the explanation.

To continue the example from Section 2 and augment it with the case-based
reasoning provenance system, we can now supply an explanation as to why the
answer differs from the expected one. Comparing the two networks in questions
(see Figure 3) shows that the current network contains a new node, the barom-
eter. This barometer affects the systems ability to predict the weather. Given
that it is cloudy and the barometer says that there is a high pressure, it will
presumably be sunny shortly. So the explanation offered by the system might
be: ”Since the last time that cloudy weather was observed, when I suggested to
stay at home, I have received a barometer. The barometer tells me that even
though it is cloudy, there is a high pressure. Thus, it is very likely that it will
be sunny at the beach.”

Augmenting the Bayesian network with the case-based reasoning system al-
lows the system to supply a transparency explanation, to e.g. experts, and a
Justification explanation, to e.g. novices (for a description of the relationship
between user competencies and transparency versus justification, see e.g. [14])

4 Further work

We are currently investigating suitable approaches to implement the suggestions
made in this paper. A suitable implementation in a domain closer to the real-
world must be carried out in order to test the validity of this Bayesian networks
and case-based reasoning hybrid approach.

Further, it is likely that with a suitable structuring of the knowledge model,
other types of explanation are possible, either directly from the Bayesian network
or from the case-based reasoning provenance system.

Finally, other types of relevant provenance information, such as the context of
the problem-solving system and the rationale for changes in the problem-solver’s
changes, could be combined with the suggested approach to further improve the
users’ trust and acceptability of reasoning systems.
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