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ABSTRACT

In the last decade machine learning has gained
substantial interest in industry and has been applied to
almost all areas for which digital data is present. Very
often the available data is multivariate and contains
both numeric and categorical (i.e. nominal) features.
However, many machine-learning algorithms do not
natively support categorical features. This is one of the
reasons why the data needs to be pre-processed before
a machine-learning algorithm can use it. The most
common technique for transformation of nominal
features into numeric is by generating dummy (binary)
variables for all different values of the nominal features.
Few of the drawbacks of this technique are that: it does
not optimally exploit the predictive potential of the data
and it can slow down many algorithms because of the
potentially large number of features it can generate. In
this paper we present the results of our research based
on applying a new technique for data transformation
that is based on the weight of evidence (WOoE)
parameter. We have tested the WoE technique on
binary and multiclass classification problems and the
results show significant improvements over the
technique that generates dummy variables.

Keywords: Weight of evidence, WOoE, data
transformation, nominal features, categorical features,
numeric features, smoothing, multiclass supervised
learning, dummy variables

. INTRODUCTION

Classification problems are a subset of all data mining
problems. The goal is to train an algorithm using the
available data to be able to classify new and unseen
data into two or more categories (i.e. classes). The
available data can have origin from multiple sources
and usually contains mixed types of data. Therefore
there is a common procedure for data mining, as
defined in [16], that defines data mining as a process
consisting of the following phases: business
understanding, data understanding, data preparation,
modelling, evaluation and deployment. The data
preparation phase is usually the most time consuming
phase as it can take more than half of the time of the
project. The main reason for this is because the nature
of the data dictates which transformations are most
suitable. Additionally, data can contain outliers, noise,
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errors or missing values that need to be properly
addressed.

Data transformations can be used to normalize the
distribution of the values of a feature, or to transform
into a more suitable form for processing, usually into
numeric values. Pre-processing can be performed in
different manners and as a result different trained
templates (e.g. classification models) with different
performance can be built. Most challenging types of
data regarding data transformations are text and
categorical (i.e. nominal) types. Although there are
general guidelines about how to process and transform
specific kinds of data, the same transformations are not
applicable for all attributes, even if they are of the same
data type.

In [1], [2], [3] and [4] are described some
methodologies for data transformation. When numeric
data (continuous or discrete) needs to be transformed,
the range of available transformations is wider. These
transformations have been extensively researched and
successfully applied on various data coming from
different sources. This paper addresses the
transformations for nominal data, which are not as
extensively researched. For this kind of data the values
of a certain feature are not ordered and cannot be
uniquely mapped into numeric values. In fact, the
choice of transformation to be applied is made by an
expert with experience in the area from which the data
originates. The problem with this approach is that is
subjective and it cannot be automated.

One of the most widely used techniques for
transformation of nominal features is the one that
generates dummy variables (features). The main
advantage of this technique is that it does not depend of
the origin or the nature of the data and it can be easily
implemented. By using this technique from a nominal
feature that has n different values n new dummy
features are generated. Each of these artificial features
can have a value of 0 or 1, depending on the occurrence
of a particular value of the original feature. This
approach has been published for the first time in [5]
and was mainly used in regression analysis. However
over time, it has been added to many software packages
as a common stage before applying various machine-
learning algorithms. When the number of nominal
features and the number of different values they can
have is small, this transformation leads to good
performance of the algorithms. The problems arise
when there are a lot of nominal features that can have
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many different values. These kinds of situations lead to
rapid increase of the number of generated dummy
variables, which in turn, slows down machine-learning
algorithms. In fact, the memory requirements or time
complexity of algorithms can expand to that degree that
they cannot be executed in a reasonable time on the
computers that we have today. This issue can be
partially addressed by discarding some of the generated
features based on their predictive power. By doing that,
some potentially useful information in the discarded
features is consciously thrown away.

In this paper we present a new technique for data
transformation based on the Weight of evidence
parameter. It produces better results for classification
problems with two ore more classes where the data
contains nominal features. The original formulation of
this technique proposed in [6], and later described in
[7] and [1], can be applied to data sets that have only
two classes and that conform to some preconditions. In
[8] are described some enhancements to this technique
so it can be used even when the preconditions are not
met. In [9] this technique is additionally enhanced by
providing theoretical foundations so it can be applied
for numeric data that is can be present in the test data,
but not present in the training data. All of these
enhancements threat binary classification problems.
The rest of this paper describes an extension of this
method so it can be used on multiclass datasets. The
last section shows the results that were obtained by
using the proposed transformation.

II. WEIGHT OF EVIDENCE

The idea for the proposed transformation originates
from real life, even though it has solid mathematical
formulation. Every day we make decisions based on the
probability of some event to occur. Some situations are
more trivial, as well as the decisions associated with
them. Other decisions require information from
multiple sources and are more complex. Regardless of
the complexity of the situation, usually the probability
of an outcome is far from empirical as it depends on
more facts, which could have complex inter
dependencies, as it is described in [10]. For each
decision we determine the circumstances that are
associated with it and the weight of the facts. Basically,
this maps the risk associated with a particular choice or
a fact on a linear scale, which aids the human brain in
assessing the risk.

In statistics Weight of Evidence (WoE) is defined as
quantitative method for assessing the evidence in
support of a hypothesis. Basic formulation of this
parameter as it is described in [1], [6] and [7] is given

by (1):
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Where SN and SP are defined with (2) and (3),
respectively:
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Equation (1) defines the weight of evidence (WoE) of
the i-th value of the variable A, where N[A is the
number of data points (i.e. instances) that were labelled
as negative, and PiA is the number of data points that

were labelled as positive for the i-th value of the
variable A. SN is the total number of negatively labelled
data points, PN is the total number of positively labelled

data points in the training set, and n? is the number of

different values for the variable A. These parameters
are calculated during the pre-processing stage and are
independent of which algorithm is to be applied later
on.

The enhancements proposed in [8] allow WoE to be
used even when the preconditions are not met.
Basically, a small number of data points are artificially
added during the calculation of the WoE parameters, so
that the preconditions are met. The addition of artificial
data points is performed with respect to the overall
class distribution. The benefits of the approximation
are:

*  WoE can be computed for all attributes and all
values in the data set, meaning that WoE could
be used to transform the nominal attributes
into numeric.

* The computed WoE could be used for binning
of some values of the original attributes.

e The number of features can be reduced, thus
improving the performance of many machine-
learning algorithms.

* Information value of all attributes could be
computed, and later it could be used in the
feature selection phase.

* Many classification algorithms have preference
of continual attributes over nominal attributes,
and sometimes the distance between different
data points cannot be estimated if the values of
the attributes are nominal. The transformed
attributes can be compared in terms of WOE.

The transformation can be applied to numeric and
nominal types of features.

The enhancements described in [9] enable the
transformation to be applied to numeric and nominal
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types of features, even if they were not present in the
training dataset.

The rest of this paper presents the results on the test
that were performed using this transformation.

BINARY CLASSIFICATION WHERE THE DATASETS CONTAIN
NOMINAL AND NUMERIC FEATURES

Fig. 1 shows the results that were obtained using the
proposed transformation on the PAKDD 2009 dataset
[11]. This dataset contains 11 numeric features and 9
nominal features, and all 50000 instances are labeled
with one of two classes. We have transformed this
dataset using two transformations. First we have
applied the proposed transformation to all 20 features,

which produced a transformed dataset with 20 numeric
features. The second transformation generated dummy
features from all values of the 9 nominal features. The
total number of features in the transformed dataset was
more than 1000.

Later on both transformed datasets various machine
learning algorithms were trained using 10-fold cross
validation. The performances were compared in terms
of AUC ROC, described in [12]. The chart on Fig. 1 shows
significant improvements of the same algorithms when
applied on the different datasets. In fact, some of the
algorithms were not able to produce results in the case
of the dataset that has dummy features, because it has
too many features.
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Fig 1. Results on the PAKDD 2009 dataset.

MULTICLASS CLASSIFICATION WHERE THE DATASETS CONTAIN
NOMINAL AND NUMERIC FEATURES

The main contribution of this paper is the extension of
the WoE technique for multiclass classification
problems. In order to be able to do that, the algorithm
needs to overcome the requirements of the basic
definition of the WoE parameter given with Eq. 1.
Namely, the latter equation demands the dataset to
have only 2 classes. This can be done if the multiclass
classification problem can be represented as a set of
binary classification problems. In [13] and [14] is
described a similar approach, named one-vs-all or one-
vs-the rest, that has been used for generalization of

144

many machine-learning algorithms that natively
support only two classes (e.g. support vector machines).
Using the one-vs-all technique, WoE transformation can
be generalized for multiclass problems using the
Algorithm 1. All steps in Algorithm 1 are repeated for
each of the n classes.

Algorithm 1:

Foreach class Ci do
* Temporary label with class 1 all instances
that were originally labelled with class C;
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* Temporary label with class 2 all instances
that are not labelled with C;

e (Calculate the WoE parameters for all
instances using the temporary labels (class 1
and class 2)

* Transform all m nominal features using the
calculated WoE parameters in the previous
step. This produces m new numeric features.

e Add the m new numeric features to the
transformed dataset.

* Change the temporary classes of all instances
into their original classes

End

With this algorithm from n nominal features and m
classes m x n new numeric features are generated. The
same algorithm can be applied for transformation of
numeric attributes in the original dataset as well.

The proposed transformation has been tested on the
Annealing dataset, described in [15]. This dataset
BO MpPEIU3HOCTA NOMery JiBaTa MeTOJU U Ce ABUXKHU
o 5 10 10% Bo 3aBUCHOCT 0o/ K.

contains 798 instances described with 9 numeric and
29 nominal attributes labelled with 5 classes. The
instances are distributed in classes as: 8, 88, 608, 60
and 34. First the dataset was transformed with the
proposed WOoE transformation and dataset 1 is
obtained. Then the dataset was transformed by
generating dummy variables from all nominal variables
and dataset 2 was obtained. Both datasets were tested
using a feed forward back propagation neural network.
The training and test partitions of the datasets were
obtained using k-fold cross validation and 2, 4, 6, 8 and
10 were used as k values. Because the instances of the
partitions are chosen randomly, the performance can
vary and may not be consistent. Therefore, the whole
process were repeated 10 times for each value of k and
each dataset. We have calculated average accuracy from
the accuracy obtained from the 10 repetitions. Fig. 2
shows that with the proposed transformation there is
an improvement from 5 to 10% for each value of k.
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Fig 2. Results on the Annealing dataset

145



The 10th Conference for Informatics and Information Technology (CIIT 2013)

CONCLUSION

This paper addressed the issues with data
transformation of nominal features. We have proposed a
transformation that relies on the WoE parameter, but in
addition it overcomes the constraints of the original
definition of WoE, and enhances it so it can be applied to
multiclass problems. The proposed transformation was
applied to two datasets that contain both numeric
(discrete and continual) and nominal features. At the
same time, the datasets were transformed using the most
common transformation for nominal features -
generation of dummy features. Then we have compared
the performance of a neural network algorithm using the
two transformations and the results are very promising
because the proposed transformation shows significant
improvement.

However, there are situations when the proposed
technique can generate more features than the one that
introduces dummy variables and these kinds of situations
should be further investigated. Also the current research
has been performed using only a few machine-learning
algorithms. In the future the transformation should be
tested with other algorithms and other datasets and to
compare our results with other published results on the
same subject.
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