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Empirical Modelling for exploring the factors
contributing to disability severity from road
traffic accidents in Thailand
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ABSTRACT

This paper introduces a computer-based model for
predicting the severity of injuries in road traffic ac-
cidents. Using accident data from surveys at hos-
pitals in Thailand, standard data mining techniques
were applied to train and test a multilayer perceptron
neural network. The resulting neural network spec-
ification was loaded into an interactive environment
called EDEN that enables further exploration of the
computer-based model. Although the model can be
used for the classification of accident data in terms of
injury severity (in a similar way to other data mining
tools), the EDEN tool enables deeper exploration of
the underlying factors that might affect injury sever-
ity in road traffic accidents. The aim of this paper
is to describe the development of the computer-based
model and to demonstrate the potential of EDEN as
an interactive tool for knowledge discovery.

Keywords: Disability, Artificial Neural Network,
Interactive Environments, Data Mining

1. INTRODUCTION

Nowadays medical institutions are looking to find
ways to reduce fatalities, disabilities and injuries
caused by road traffic accidents, including the rec-
ommendation of precautionary measures and laws to
prevent accidents. However, road traffic injury is still
common, and it affects public health and quality of
life, especially when the impact is death or disability.
Many institutions have accumulatively recorded de-
tails of incidence of death or disability in order to find
the causes of road traffic accidents, and the amount
of collected data is very large. Many researchers have
applied both statistics methods and data mining tech-
niques to investigate the behaviour, characteristics
and risks of road traffic accidents and their effect. Al-
cohol consumption is proposed to be one significant
factor of accidents and fatality [1][2] and not-wearing
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seat belts and helmets is also a factor leading to se-
vere injury [3].

In Thailand road traffic accidents are the second
highest cause of death (the highest cause of death is
cancer). In 1998 there were up to 7,986 deaths and in
2002 there were 13,438 deaths, increasing almost 70%
within 4 years [4]. In this paper we are concerned with
understanding the factors leading to death or disabil-
ity resulting from road traffic accidents. The inci-
dence of death and disability from road traffic injury
has been surveyed and analysed by the Sirindhorn
National Medical Rehabilitation Centre (SNMRC),
Thailand, in 2006 [5]. In this dataset, there are two
levels of disability, ‘disability inclusion criteria’ and
‘disability non-inclusion criteria’, as stated by the Re-
habilitation for Disabled Person Act B.E. 2534 (1991)
[6]. The ‘disability inclusion criteria’ level is consid-
ered more severe than the ‘disability non-inclusion
criteria’ level. Persons diagnosed as ‘disability in-
clusion criteria’ are often unable to work and may
be entitled to disability benefits. Persons classed as
‘disability non-inclusion criteria’ are less severe, they
should be able to work and do not require as much
support as the previous group. This paper focuses
on using the dataset from the survey to construct a
computer-based model that can predict the level of
disability and that can be used to explore the factors
that lead to disability following road traffic accidents.

Empirical Modelling (EM) is an extensive body of
research developed by Beynon and Russ at the Uni-
versity of Warwick that focuses on computer-based
interactive environments that are fundamentally dif-
ferent to traditional software construction (i.e. pro-
gramming) [11]. EM is a user-centred approach to
model building that focuses on three key concepts:
observation, dependency and agency. The principles
of EM hold that model building is essentially a sense-
making activity in which the user is observing the sit-
uation, reasoning about the dependency (cause and
effects) in the situation and exploring the actions (or
agency) possible in the situation. EDEN is one of
the EM tools that has been developed for building
and exploring models based on these principles. In
this paper, the authors have employed EM principles
and used the EDEN tool to explore the factors con-
tributing to injury in road traffic accidents.
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Fig.1: Dataset input and output variable distribution.

2. STATISTICAL DATA ANALYSIS

The dataset used in this research is a secondary
injury surveillance data collected from 26 December
2005 to 25 June 2006 in 8 hospitals chosen from 28
sentinel sites (different provinces in various regions)
around Thailand. The data is split into 2 groups,
which are non-severely injured (i.e. not admitted)
and severely injured (i.e. admitted). The surveillance
period for non-severe cases is 3 weeks after patients
left the hospital and for severe cases is 6 months. The
total number of non-severely injured cases is 14,698
and the number of severely injured cases is 9,737.
About 6.6% of the cases resulted in death and about
4.3% of the severely injured cases are diagnosed as
disability. In order to predict the level of disability
caused from road traffic injury, the cases that caused
disability are selected for statistical data analysis.

The dataset consists of more than 150 variables,
e.g. date and time of accident, sex, occupation, medi-
cal and alcohol taken, medical diagnosis, etc. In order
to simplify the classification of the records, only sta-
tistically relevant variables are included in the model.
Kendall’s tau_b correlation coefficient (r) was used as
the criterion for selecting the variables for the model.
The input variables that are related to the output

variables (level of disability, i.e. death, inclusion and
non-inclusion disability) that are statistically signifi-
cant at 0.30 level of significance are presented in Ta-
ble 1. Only these nine variables are considered in the
development of the model.

The input variables cover the personal character-
istics of patients as well as the type of injury and the
situation of the road accident.

Age is categorized into 8 categories (0-4, 5-14, 15-
29, 30-44, 45-59, 60-69, 70-79, over 80). {1,2,3,,8}

Sex is ‘male’ or ‘female’. 1,2

Positionofpatient is ‘pedestrian’, ‘driver’, or ‘pas-
senger’. 1,23

Typeo fvehicle is ‘bicycle/motorbike/three-wheel
vehicle, ‘car/pickup’, or ‘truck/lorry/bus/minibus’.
{1,2,3}

Typeofinjury is ‘blunt’, ‘penetrating’ or ‘both’.
{1,2,3}

Roadsize is ‘village road’, ‘city road’, ‘super high-
way’, ‘highway’ or ‘small road’. {1,2,3,4,5}

Straightroad is ‘no’ or ‘yes’. {0,1}

Junction is ‘no’ or ‘yes’. {0,1}

Curvedroad is ‘no’ or ‘yes’. {0,1}

There is one output variable which is the severity
of injury. This has three possible values:
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A disabled patient is defined as ‘disability inclusion
criteria’ if he/she is a person with physical, intellec-
tual or physical abnormality or impairment as cate-
gorized and prescribed in the Ministerial Regulation
as stated in Rehabilitation for Disabled Person Act,
B.E. 2534 (1991) [6]. The other type of disability is
‘disability non-inclusion criteria’ which is considered
less severe (e.g. a person with unilateral blindness).
These nine input variables and one output variable
are used to construct a neural network as described
in the next section.

Table 1: The selected significant variables.
Variable | Variable r P-value
Group name
Personal Age(age) -0.095 | < 0.001
Sex(sex) 0.035 0.240
Position of 0.050 0.089
patient(injp)
Type of 20.038 | 0215
vehicle(ingt)

Injury Type of injury 0.064 0.030
(tinj)

Situation | Road size -0.074 0.015
(a81)
Straight road 0.323 < 0.001
(a421)
Junction (a48) | 0.164 | < 0.001
Curved road 0.131 < 0.001
(a45)

The reason for only selecting data that resulted in

and there are a relatively large number of cases not
resulting in serious injury. As early tests showed, a
data set containing a large amount of less relevant
data tends to create unnecessary noise for most data
mining techniques. Therefore, in order to maintain a
balanced data set with relatively even proportions of
cases for each output, only the deaths and disabilities
were selected. Figure 1 shows the distribution of the
dataset in terms of the 3 possible values for the output
variable.

3. USING NEURAL NETWORKS FOR
DATA MINING

To construct a neural network for predicting the
severity of injuries in road traffic accidents, the fol-
lowing steps were performed:

1. Data preparation and cleaning

2. Training the neural network using Weka

3. Presenting the neural network using Eden

The original data set was prepared in SPSS. There
were a total of 9,739 records of accidents result-
ing in severe injuries, categorised as no disability,
death, inclusion disability and non-inclusion disabil-
ity. Some records had missing data and they were re-
moved in order to simplify the training process. All
records resulting in no disability were not included
because early experiments showed that the large num-
ber of records for no disability tended to cause a
bias. Therefore the final dataset contained only 1064
records for training and testing the neural network.
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One continuous input variable is categorised, Age,
which was divided into 8 distinct groups as mentioned
in section 2.

The output variable Severity has 3 discrete val-
ues: {1,2,3}. The value 1 means the victim died as a
result of the road traffic accident injuries. The value
2 means ‘disability inclusion criteria’ and the value 3
means ‘disability non-inclusion criteria’. Of the 1064
records, 641 are categorised as ‘death’, 306 are cate-
gorised ’disability inclusion criteria’ and 117 are cate-
gorised as ’disability non-inclusion criteria’. The dis-
tribution of the input and output variables is shown
in Figure 1.

After cleaning the data, it was loaded into the
Weka data mining tool [7]. Weka was configured
to perform the training of a multilayer perceptron
(MLP) (for background on multilayer perceptrons
and neural networks see [16]). The MLP was chosen
for analysis in this paper not because it is necessar-
ily the best data mining classifier (although results in
section 4.1 show that it is reasonably competitive) but
because it is well-suited to the exploratory modelling
as discussed in section 4.1. There were nine inputs
(as chosen in section 2), and three outputs. Each
output represents an injury severity level: ‘out(Q’ is
death, ‘outl’ is severe disability and ’out2’ is minor
disability. Using Weka’s suggested formula, the mul-
tilayer perceptron contained one hidden layer with six
nodes. All of the nodes in the multilayer perceptron
use a standard sigmoid function (f(z) = (1+e~%)~1).
The multilayer perceptron was trained using back-
propagation, with a learning rate of 0.2, a momentum
of 0.1, and a
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Fig.3: Diagram of a perceptron.

training time of 5000. The resulting model was
tested with two different methods. Initially a cross-
validation method was used to determine the accu-
racy of the MLP. This gave an accuracy value for
comparison purposes (see results section 4.1). Fol-
lowing this, the neural network was re-trained using
the full training set (i.e. all the data) to give the
most accurate model for prediction purposes and fur-
ther exploration. Figure 2 shows the configuration
and output from Weka, for the training of the MLP
and testing using the full training set.

The output from Weka gives the results of the
training and the specification of the resulting neural
network. The final step was to load the specification

into EDEN (Engine for DEfinitive Notations) [8] for
further exploration. EDEN is a general purpose in-
teractive environment for creating and engaging with
models or artefacts. An EDEN model consists of ob-
servables, dependencies and agency [9]. The observ-
ables in a model represent the current state, and often
correspond to features that have meaning-such as the
value of an input to the neural network correspond-
ing to the age of an individual. The dependencies in a
model represent the linkages between observables-for
example, there is a dependency between the output of
one perceptron and the input of another. The agency
in a model corresponds to the external interference
on state, usually by the user when they change, for
example, the input values to the neural network or
the configuration of the neural network itself. Models
in EDEN therefore offer a highly flexible and open-
ended environment for exploration.

A model was constructed in EDEN of the neural
network trained using Weka. The constructed multi-
layer perceptron consists of a set of definitions, cap-
turing the dependency in the model. As an example,
the definition for one of the nodes in the hidden layer
is:

node3 is sigmoid(-24.9 +
-17.8*%age +
3.2*%sex +
-25.5*ingp +
4.9%injt +
45.2*tinj +
4.3*%a31 +
3.7%a421 +
11.5*a43 +
-7.7*a4b);

The above EDEN definition has a close associ-
ation with the mathematical description of percep-
tron, as shown in Figure 3. The variables (age, sex,
injp, etc) correspond to the inputs (z1, 2,23, etc)
of the perceptron, and the values (-17.8, 3.2, -25.5,
etc) correspond to the weights (w1, wa, ws, etc) of the
perceptron. There are similar definitions for all the
components of the MLP, and the input for one per-
ceptron is defined in terms of the output of percep-
trons from a lower layer. In this respect, an EDEN
model consists purely of a set of definitions, each
of which corresponds closely to components of the
MLP. In contrast, a procedural program representing
an MLP consists of a sequence of steps that (when
performed in a particular order) calculate the MLP
output. However, the individual steps on their own
do not have a direct correspondence to the compo-
nents of the MLP. One of the key benefits of the
EDEN environment is that constructing models us-
ing observables, dependency and agency allows a se-
mantic correspondence between the software model
and the real-world referent (in contrast to traditional
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Fig.4: The neural network model in EDEN.

software programs [11]). This close, meaningful cor-
respondence is irrelevant when the goal is speed and
efficiency of computation (e.g. for data mining large
datasets), but it is a desirable quality when concerned
with experimentation and knowledge discovery, as
will be shown in the next section. A complete dis-
cussion of the benefits of model-building in EDEN
over procedural programming is beyond the scope of
this paper (further evidence is presented in [11]).

On top of the basic model of the MLP (as trained
using Weka), a user interface model was constructed
to visual the neural network. A screenshot of the
user interface (as modelled in EDEN) is shown in
Figure 4. The user interface, like the model of the
MLP, is a set of definitions. For example, each in-
put/output variable on the left side of the screen is
dependent on the underlying MLP. Any redefinition
of the MLP could result in changes to the user in-
terface. The flexibility for ‘redefinition’ is relevant to
knowledge discovery because the effect of changes to
the configuration of the neural network is immedi-
ately reflected in the user interface. This enables the
user to explore a wide range of ‘what-if’ scenarios.
For example, if the current configuration of inputs
result in ‘disability non-inclusion criteria’ then a user
can experiment by changing the value of an input in
order to find out what variables cause the output to
change to ‘disability inclusion criteria’ (more severe

disability). Another user might be more interested in
understanding the composition of the neural network
and could change the connections between nodes in
the MLP. As demonstrated in the next section, redef-
initions of the interface allow insights into the model
that point to the factors behind disability severity in
road traffic accidents.

In previous work, EDEN was used for represent-
ing and exploring different types of neural network,
including self-organising networks [12]. A notation
for describing neural networks was developed using
the principles of observables, dependency and agency.
Such tools support knowledge discovery and learning
in the area of neural networks. A closely related ap-
plication area for EDEN is in decision support sys-
tems, as discussed by Beynon et al [13].

4. RESULTS AND ANALYSIS

There are two parts to the results: firstly we in-
formally assess the accuracy of the model for predict-
ing the level of disability from road traffic accidents;
secondly we discuss the use of the model for under-
standing the factors that lead to disability from road
traffic accidents.
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4.1 Accuracy of the model

In order to judge the accuracy of the neural net-
work, it is relevant to compare the achieved success
rate with other data mining techniques. Weka was
used to find the classification accuracy by measuring
the success rate with the cross-validation technique
over 10 folds. The results showed that the MLP pro-
duced a 73% success rate. A comparison with five
other standard data mining classification techniques
can be seen in Table 2. In this experiment, the MLP
model is at least as accurate as the Random Tree
model and the Radial Basis Function (RBF) model
when tested using the cross-validation 10-fold tech-
nique. However, it is not as accurate as the Na?ve
Bayes, Classification And Regression Tree (CART)
and Support Vector Machines using Sequential Min-
imal Optimization (SVM) model, which each scored
75% accuracy.

The classification accuracy of the MLP can be im-
proved by altering the number of hidden layers, and
the number of nodes in the hidden layers. Table 3
shows the results of different combinations of hid-
den layers/nodes. The data shows that varying lay-
ers/nodes only affected the results by ~1%, and that
the original configuration of 1 hidden layer with 6
nodes (as used in Table 2) is the best configuration
for this dataset. Factors such as learning rate, mo-
mentum and number of iterations had an even lower
affect on accuracy (<0.5%) and are therefore not pre-
sented here. This evidence suggests that 73% is the
best accuracy that can be achieved with an MLP on
the current dataset.

Although cross-validation accuracy appears low at
71-75%, it is important to note that the dataset con-
tains records which have exactly the same inputs
with conflicting outputs (as is normal for real-world
datasets). This means it is impossible to achieve
100% accuracy. Further analysis of the dataset re-
vealed that out of 1064 records, there are 841 records
that have the same inputs, and 141 of these have con-
flicting outputs. In terms of accuracy, the maximum
possible that could be achieved (irrespective of clas-
sification method) is 86%.

Table 2: Comparison of classification techniques.

Classification | Naive | CART | Rand | RBF | SMO | MLP
technique: | Bayes Tree (SVM)
Accuracy

(Cross- 75% | 75% | 71% | 73% | 75% | 73%
validation)

Accuracy

(full 74% | 75% | 80% | 73% | 75% | 77%
training)

Table 3: Accuracy (%) of ANN with various hidden
nodes and layers.

No. of layers L-hiclden 2-hidden layers 3-hiciden
/ nodes- laver layers
nodaes: = =
6 7 8 | 6:6 ] 65| 6:4 | 6:6:6 | 6:5:4
Accuracy
(Cross- 73|72\ 7273 | 72| 73 73 72
validation)

* learning rate=0.2, momentum=0.1, iteration no. = 5000

Table 4: Confusion matriz.

Predicted output

1 2 3
1 597 36 8
Actual
output 2 113 | 192 1
3 65 19 33

Another indication of the accuracy of the neural
network can be observed from the confusion matrix.
In Table 4, it can be observed that the neural network
is somewhat biased towards an output of 1 (death),
due to the training dataset containing a larger class
size for this output (as shown previously in Figure 1).
The network is 93% accurate for output 1, 62% accu-
rate for output 2, and only 28% accurate for output
3. This demonstrates a could change the connections
between nodes in the MLP. As demonstrated in the
next section, redefinitions of the interface allow in-
sights into the model that point to the factors behind
disability severity in road traffic accidents.

In previous work, EDEN was used for represent-
ing and exploring different types of neural network,
including self-organising networks [12]. A notation
for describing neural networks was developed using
the principles of observables, dependency and agency.
Such tools support knowledge discovery and learning
in the area of neural networks. A closely related ap-
plication area for EDEN is in decision support sys-
tems, as discussed by Beynon et al [13].
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4.2 Findings from the model

The second part of the results is concerned with
what can be learnt about the factors that lead to
death or disability in road traffic accidents. Using
the EDEN environment, the factors affecting disabil-
ity severity were explored by varying the inputs to
the neural network. As discussed in the previous sec-
tion, the visualisation can be redefined to give alter-
native views on the model. The example given here
involves fixing some of the inputs and then observing
the outcome of varying the remaining inputs. In one
such exploratory exercise, from an earlier experiment
[15] on a similar dataset concentrating on disability,
the case is considered where a pedestrian is the vic-
tim of a crash where there was no alcohol or drugs
or safetydevices involved, and there was no use of
a ventricleassistancedevice. 1If these six variables
are fixed then there are two remaining variables that
can be explored: the age of the victim and the acci-
dent time of day. A new interface was defined on top
of the existing model that shows the outputs of the
model on an 8x8 grid (see Figure 5), representing all
the possible age and accidenttimeo fday values. The
constructed visualisation shown in Figure 5 is shaded
in a darker colour where the output of the MLP was
0, and a lighter colour where it was 1. According
to this model, the group corresponding to the darker
shading in the bottom left-hand corner is at risk of
more severe disability from road traffic accidents in
the specific case described above. This can be inter-
preted as younger people later in the day are more
at risk. This is an example of one result that can
be derived by redefining the interface to explore the
model.

Age

Sex

Fig.6: The cases of motorcycle passengers involved
in accidents on village roads.

The same approach is used in this paper to high-
light possible patterns in the neural network. The
new results presented here are based on a more sub-
stantial dataset than the previous work [15].

The main argument in this paper is that EM prin-
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Fig.7: The cases of male pedestrians involved in ac-
cidents with motorcycles (with blunt injuries, straight
road, no junction, no curve).

ciples and the EDEN tool offer powerful support for
exploring and understanding the neural network and,
in this case, how it predicts injury severity in road
traffic accidents. In this section, we demonstrate
the capability to answer typical 'what-if’ questions
that can point to specific results. In the simple case,
consider setting the fixed variables for “a passenger
on a bicycle/motorcycle with blunt injuries on a
villageroad”. The possible outcome of an accident
in this situation can be visualised in terms of age and
sex in Figure 6. Depending on the age and sex of
the victim, there are two possible outcomes: death or
minor disability. Figure 6 shows that elderly people
are more susceptible to death, whereas younger peo-
ple are more likely to escape death and receive only
minor disabilities. In terms of sex, women are more
likely to incur minor disabilities, even up to a later
age. Whereas accidents involving men are more likely
to result in death at any age.

In other cases, the neural network produces only
one output. For example, if you are the driver of
a truck/minibus/bus involved in an accident at a
junction with both blunt/penetrating injuries, then
it is most likely that you will be in the severe dis-
ability category - no matter what age or sex you are.
There are many conditions in which the only output
is '"death’. Onme of the weaknesses of the neural net-
work is that it is biased towards classifying the most
common output (death), as described in the previous
section and as shown by the confusion matrix in Ta-
ble 3. By exploring the model in this way, the EDEN
tool enables an expert to reveal the weakness in the
model and the dataset.

Other cases show more variation in output. For
example, in Figure 7 the two chosen variables are
age and type of road. The selected conditions were
male pedestrians involved in motorcycle accidents (on
straight roads with no junctions or curves, resulting
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in blunt injuries). In this case, it can be seen that
elderly people are more at risk of death, and younger
people are more likely to suffer disability. Very young
people, 0-14 years, are more likely to only receive non-
severe disabilities. It also shows a slight angle on the
line between non-severe and severe disability, which
could be interpreted that village roads are more dan-
gerous (in terms of more deaths and severe disabilities
resulting from accidents).

The two dimensional diagrams produced using the
EDEN tool highlights specific cases from which re-
sults can be drawn. This method was extended fur-
ther to examine the variation of 3 parameters. Con-
sider the case where we are interested in female vic-
tims of all age categories, across all types of vehicle
and all positions of the victim. This can be visu-
alised using 8 screens shots organised in a grid, as
shown in Figure 8. The lower part of the diagram
shows that young girls/women (0-29 years old) are
less at risk of death, and more likely to receive minor
disability, from accidents in these conditions. As the
age increases, the outcome of accidents is more un-
predictable. The middle age group (30-69 years old)
have some chance of severe disability, especially in the
case where the victim is a pedestrian. In the upper
part of the diagram, the results show that the elderly

The cases of male pedestrians involved in accidents with motorcycles (with blunt injuries, straight

group (704 years old) have more chance of death or
severe disability (and less chance of minor disability).

Alternatively, Figure 8 could reveal flaws in the
model. Considering the elderly group (70+ years old)
in the upper part of the diagram, some might question
the result that being a passenger is safer than being
the driver. Furthermore, the results seem to suggest
that a motorcycle is a safer form of transport than
car or bus. These results point to errors in the model,
possibly due to a lack of examples in the training data
set for those conditions.

The above discussion demonstrates some results
that are relevant to the field of medical science, and
it is possible to draw conclusions from this work re-
garding what factors affect the outcome of road traffic
accidents in Thailand. However the most important
result from the computer science perspective is the
method by which the insights were gained. The main
aim of this paper is not to provide a complete analysis
of the causes of disability resulting from road traffic
accidents, the purpose here is to demonstrate the ca-
pability of the EDEN tool for exploration and exper-
imentation to uncover new results, and to highlight
possible errors in the results.
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5. CONCLUSION

This paper has shown that a neural network is an
appropriate data mining solution for the purpose of
predicting disability severity from road traffic acci-
dents in Thailand. For the selected dataset, a MLP
neural network was shown to be appropriate as a
classification technique. An accuracy of 77% was
achieved, which is at least as accurate of as other
competitive data mining classification techniques. In
a similar study [10], different types of neural network
were used to build models of the causes of road traf-
fic accidents in Florida. Using a MLP they were able
to predict injury severity based on a similar selection
and number of input variables. The MLP also proved
to be the most accurate type of neural network out of
the methods used in their study. As is typical of real-
world datasets, the data in our study is highly im-
balanced which caused bias in the results. Attempts
at sampling caused a dramatic loss of accuracy, and
therefore further work is needed in this area. It is
acknowledged that increased accuracy might prove
difficult due to the imbalanced nature of real-world
medical datasets as found here and in related work
[10,14].

As a consequence of the current study, the result-
ing neural network can be used as an example of how
to predict injury severity in terms of disability and
death. By fixing key variables and experimenting
with a subset of the variables, we can observe the fac-
tors that contribute to disability severity, as modelled
by the neural network trained with the survey from
Sirindhorn National Medical Rehabilitation Centre in
Thailand. This paper only goes as far as highlighting
the potential for understanding the factors behind ac-
cidents. Further work is needed, together with larger,
more balanced datasets and better trained neural net-
works, in order to draw clear inferences regarding the
factors that contribute to road accidents.

The final contribution of this paper has been to
demonstrate the one potential use of the EDEN envi-
ronment for constructing and exploring a computer-
based model that enables knowledge discovery in the
real-world domain of road traffic accidents. Previous
work has demonstrated the potential for interactive
environments such as EDEN to be utilised for data
mining and knowledge discovery-the current study
contributes another example of the need for software
that encourages exploration and experimentation in
the area of intelligent systems. Data mining is gen-
erally concerned with rigorously applying algorithms
that can give a definite classification for a particu-
lar set of inputs. Therefore the computer acts as an
independent decision maker, with little opportunity
for the user/expert to examine the reasoning behind
a decision. This paper introduces an alternative ap-
proach where the expert works ‘with’ the computer to
explore and question the reasoning behind the classi-
fication. In this alternative approach, the computer

is not an independent decision maker, but a tool for
enhancing the human reasoning process.
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