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Abstract

We consider the problem of noisy training examples, more pre-
cisely mislabeled training examples, in the context of ILP classifica-
tion problems. We address this problem by pre-processing the train-
ing set, i.e. by identifying and removing outliers from the training
set. We study a number of filtering techniques, some of which were
proposed in the literature for attribute-value problems. We evaluate
these techniques on a Bongard data set, which we artificially corrupt

with different levels of classification noise.
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1 Introduction

In many applications of machine learning the data to learn from is imperfect.
Different kinds of imperfect information exists, and several classifications are
given in the literature (see e.g. [2], [11], [13]). In [11] the following types
of imperfect data for Inductive Logic Programming tasks are discussed: 1)
noise, that is, random errors in training examples and background know-
ledge, 2) too sparse training examples, from which it is difficult to reliably
detect correlations, 3) inappropriate or insufficient background knowledge,
and 4) missing argument values in the training examples. As pointed out
in [2], one can also have, in contrast to noise or random errors, systematic
errors in the data (caused e.g. by incorrect calibration of an item of meas-
uring equipment so that it is reading consistently low). In this paper, we
consider the problem of noise or random errors in training examples. We
address this problem in the context of ILP classification problems.

One of the problems created by learning from noisy data is overfitting,
that is, the induction of an overly specific hypothesis which fits the (noisy)
training data well but performs poor on the entire distribution of examples.
Many techniques exist which allow ILP algorithms to handle noisy data and
to prevent overfitting. Classical noise-handling mechanisms are based on
appropriate search heuristics and stopping criteria used in the hypothesis
construction, or on some form of post-processing of hypotheses. These tech-
niques modify the learning algorithm itself to make it more noise-tolerant.
Another approach is to pre-process the input data before learning. This
approach consists of filtering the training examples (hopefully removing the
noisy examples), and applying a learning algorithm on the reduced training
set. As pointed out in [7], this separation of noise detection and hypothesis
formation has the advantage that noisy examples do not influence the hy-
pothesis construction. We will follow this approach here.

In the context of attribute-value learning there are a number of pro-
posals for identifying and removing noisy examples from the training data.
Examples are [4], [7, 6, 9, 8], and [10]. In [4] a technique is presented which
detects data with a wrong class label. The idea is to use a number of (pos-
sibly different) learning methods to create classifiers that act as a filter for
the training data. They present and evaluate a Single Algorithm filter, a
Majority Vote filter and a Consensus filter. Although [4] evaluates the tech-
nique for the case of attribute-value learning, it is directly applicable to ILP
problems. The noise detection algorithm of [7, 6, 9, 8] for attribute-value
learning is based on the observation that the elimination of noisy examples,



in contrast to the elimination of examples for which the target theory is
correct, reduces the CLCH value of the training set (CLCH stands for the
Complexity of the Least Complex correct Hypothesis). The noise detection
algorithm is called the Saturation filter since it employs the CLCH measure
to test whether the training set is saturated, i.e. whether, given a selected
hypothesis language, the data set contains a sufficient number of examples
to induce a stable and reliable target theory. In [9] two combinations of the
Saturation filter and the filters proposed in [4] are proposed: the combined
Classification-Saturation filter and the Consensus Saturation filter. In [10]
Robust decision trees are presented. Robust decision trees take the idea of
pruning one step further: training examples which are locally uninformative
and harmful, that is, examples which are misclassified by the pruned tree,
are also globally uninformative. Therefore, after pruning a decision tree,
the training examples which are misclassified should be removed from the
training set and the tree needs to be rebuilt using this reduced set. This
process is repeated until no more training examples are removed. Although
[10] evaluates the Robust technique in the context of C4.5 (the resulting sys-
tem is called Robust C4.5), it can be directly applied to first order decision
trees. Our filtering techniques are based on the ideas in [4] and [10].

Many of the methods for filtering training data are motivated by the
technique of removing outliers in regression analysis [18]. An outlier is a case
that does not follow the same model as the rest of the data and appears as
though it comes from a different probability distribution. As such, an outlier
does not only include erroneous data but also surprising correct data. One
of the difficulties in removing noisy data is to also remove correct exceptions.
One work addressing this problem is [17]. We will not cover this topic here.

In classification problems noise in the training examples can be caused
by erroneous argument values and/or erroneous classifications. Quinlan [14]
demonstrated that, for high levels of noise, removing noise from attribute
information decreases the predictive accuracy of the resulting classifier if
the same attribute noise is present when the classifier is subsequently used.
This is not the case for noise in the classification of examples. In this paper,
we will consider misclassified examples in the training data.

Summarizing, we consider the problem of noisy training examples, more
precisely erroneous classifications, in the context of ILP classification prob-
lems. We address this problem by pre-processing the training set, more
precisely by identifying and removing outliers from the training set. We
study a number of filtering techniques, some of which were proposed in the
literature for attribute-value problems. We evaluate these techniques on



a Bongard data set, which we artificially corrupt with different levels of
classification noise.

The rest of this paper is structured as follows. In the next section 2,
we recall the first order decision tree induction system Tilde on which we
base our filtering techniques. Tilde will also be used to validate the filtering
techniques. The experiments are run on a Bongard data set, and we will say
a word on such data sets in section 2. Next, in section 3, we introduce the
different filtering techniques. These techniques will be evaluated in section
4 on a Bongard data set. We conclude and discuss topics of future research
in section 5.

2 Tilde and Bongard Sets

Tilde (Top-down Induction of Logical Decision Trees) [1] is an ILP extension
of the C4.5 decision tree algorithm. Instead of using attribute-value tests in
the nodes of the tree, logical queries are used. As in C4.5, Tilde builds the
decision tree in a top-down way, starting with the empty tree and all training
examples. In each node, Tilde generates all possible tests and computes an
heuristic value, in our experiments information gain ratio [15], for each of
these tests. The test which scores best is placed in the node. The examples
in the current node are then sorted down the tree: the examples passing
the test are propagated to the left, the other examples to the right. The
procedure is repeated for the left and right subtree. A node is turned into
a leaf when the examples it covers are of a single class. After a tree is
constructed, a post-pruning algorithm is used. The post-pruning algorithm
that we will use here is the C4.5 post-pruning method which is based on an
estimate of the error on unseen cases (see [15]).

Note that the logical queries in the nodes of a first order decision tree may
contain logical variables. These variables may be shared among different
nodes under the restriction that a variable that is introduced in a node
(that is, it does not occur in higher nodes) must not occur in the right branch
(the “no”-branch) of that node. The reason for this restriction follows from
the semantics of a first order decision tree. A variable that is introduced
in a node is existentially quantified within the conjunction of that node.
When this conjunction fails (and we thus enter the right subtree) no further
reference to that variable is needed.

We next explain on an example how a first order decision tree can be



circle(ol).
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Figure 1: Bongard example

used to classify examples. We consider a Bongard problem'. Bongard data
sets consist of configurations of geometrical objects, more precisely triangles,
squares and /or circles. The direction in which triangles point can be up or
down. An object can be inside another object. A typical Bongard example
is shown in Figure 1.

A Bongard data sets consists of a number of these drawings, each clas-
sified as either positive or negative. Given a Bongard data set, Tilde will
learn a decision tree which predicts the class of unclassified examples. In
Figure 2 an example decision tree? is shown.

Given the decision tree of Figure 2, the unclassified example of Figure
1 gets a label as follows. The query ?¢riangle(A) succeeds, so we enter the
“yes”-branch of the tree. The query ?triangle(A),in(A, B) fails, we fol-
low the right branch. The next query is ?triangle(A), circle(I) which suc-
ceeds and hence we follow the left branch. Finally, the query ?triangle(A),
circle(I), in(I,J) succeeds and by entering the left branch we get the clas-
sification neg for this example.

The equivalent Prolog program which can be derived from the decision
tree of Figure 2 is shown in Figure 3.

'We will use a Bongard data set to validate the different filtering techniques.
2This decision tree was induced from the noise-free Bongard data set which was used
in our experiments.



triangl e(A)
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Figure 2: A decision tree for a Bongard problem

class(pos) :- triangle(A), in(A,B), triangle(B), !.
class(neg) :- triangle(A), in(A,B), circle(C), in(C,D), I.
class(pos) :- triangle(A), in(A,B), circle(C), !.
classgneg - trianglegAg, in(A,B), I.

class(neg - triangle(A), circle(B), in(B,C), !.
class(pos) :- triangle(A), circle(B), !.

class(neg) :- triangle(A), !.

class(neg) .

Figure 3: The equivalent Prolog program



3 Filtering Algorithms

In this section we introduce different ILP filtering techniques. They are
based on existing techniques for attribute-value learning. In the next section,
we will evaluate these techniques.

3.1 Robust Tilde

The first filtering technique is based on the proposal of [10]. There, a robust
version of the decision tree system C4.5 is presented, but in fact it can be
applied to any decision tree learner. Here we will apply it to Tilde.

The motivation of the proposal of [10] comes from statistics. One ap-
proach to identify outliers in statistics is to look at the measure of effect
the data point has on the learned model. Points with high leverage, that
is, points with disproportionately high effect on the fitted model, are identi-
fied and removed from the data in order to better fit the remaining points.
For decision trees, the set of training examples which are misclassified after
pruning the tree approximates the set of points with high leverage. Indeed,
this set contains the examples which caused a more complex tree to be con-
structed so that they would be classified correctly. John [10] takes the idea
of pruning one step further: examples which are locally uninformative and
harmful are also globally uninformative. That is, after pruning the decision
tree, the examples which are misclassified should be removed from the train-
ing set and the tree needs to be rebuilt using this reduced set. This proces is
repeated until no more training examples are removed. The robust decision
tree algorithm can be described as follows:

1. learn a decision tree from the training set,
2. prune this tree,

3. for each example in the training set, if the pruned tree misclassifies
the example, then remove the example from the training set,

4. if no examples are removed from the training set in the previous step,
then stop, else go to step 1.

Note that in the case of robust decision trees, the final learning algorithm
is the same as the learning algorithm used during filtering. We will apply
this technique to Tilde and call the resulting system (filtering and learning
on the filtered training set) Robust Tilde. In the next section, Robust Tilde
will be abbreviated as “R”.



3.2 Voting Filters

In [4] a general method for filtering training sets with classification noise is
proposed. The idea is to use a set of learning algorithms to create classifiers
that act as a filter for the training data. More precisely, the general method
is as follows:

1. m learning algorithms (called filter algorithms) are chosen,

2. the training data is divided in 7 non-overlapping parts (n-fold cross-
validation),

3. for each of the n parts, the m algorithms are learned on the other n—1
parts,

4. the m resulting classifiers are used to label each instance in the ex-
cluded part (in this way each example gets m labels),

5. the filter compares the original class of each example with the m labels
it got, and decides whether or not to remove the example,

6. the filtered set of training examples is given as input to the final learn-
ing algorithm, the resulting classifier is the end product.

Steps 1 to 5 constitute the filtering procedure. A variation of instances
of this general scheme exists depending on the choice (and the number) of
filter algorithms, the value of n and the decision procedure in step 5. In [4],
different instances of this scheme are studied and empirically evaluated: the
Single Algorithm filter (m = 1), and the Consensus and Majority Vote filter
(m > 1). Step 5 in the Single Algorithm is simple: if the class of a training
example differs from the (one) label it got, the example is removed. In the
Consensus filter, a training example is removed only if all the labels it got
(m) differ from its class. And in the Majority Vote filter, a training example
is removed if the majority of the labels it got (m/2 - or (m + 1)/2 in case
m is odd - or more) differ from its class.

We next discuss in more detail which Voting filters we will evaluate here.

3.2.1 Single Algorithm Filter

We will consider a Single Algorithm filter with Tilde as filter algorithm. We
use three different values for n, namely 2,5 and 10. In the experiments, our



Single Algorithm filter will be abbreviated as “S(2)” (for n = 2), “S(5)” (for
n =5), and “S(10)” (for n = 10).

Note that the Single Algorithm filter is related to the Robust decision
tree method of [10]. The difference between the two approaches is that the
Single Algorithm filter uses a cross-validation over the training data with
one iteration whereas the Robust decision tree method deals with all the
training examples and performs multiple iterations.

3.2.2 Consensus Filter and Majority Vote Filter

Our Consensus and Majority Vote filter differ from the ones described in [4]
in the fact that we do not use m different filter algorithms, we only use Tilde.
More precisely, we divide the training set in n parts, and for each of the
combinations of n — 1 parts, Tilde learns on this combination. The resulting
classifiers will be used to give labels to the examples in their own training
sets.? In this way, each training example gets n — 1 labels (since it belongs
n — 1 times to a training set). Note that the resulting filter method might
be more conservative?, since votes are given to examples which were used
in the training set. In our experiments, we will evaluate such a Consensus
and Majority Vote filter for n = 6 (each example gets 5 labels) and n = 10
(each example gets 9 labels). In the next section, our Consensus filter will
be abbreviated as “C(6)” (for n = 6), and “C(10)” (for n = 10), and our
Majority Vote filter as “M(6)” (for n = 6), and “M(10)” (for n = 10).

Note that our Voting filters are in a way dual to our Single Algorithm
filter: instead of using the learned decision tree to classify examples in the
subset excluded from the training set, the tree is used to classify the ex-
amples in its own training set. Note also that our Voting algorithms have
some similarities with the Robust approach, described in subsection 3.1.
More precisely, in the Robust decision tree method, the learning algorithm
learns on the training data and removes those training examples that are
misclassified by the learned (and pruned) tree. Our Voting algorithms also
learn trees which classify the examples in their own training set. The dif-
ference is that for the Voting algorithms, these training sets consist of n — 1
of the n parts, and hence each example gets n — 1 votes. Also, the Voting
algorithms are run only once, whereas Robust Tilde consists of a number
of iterations (it keeps on running until no more training examples are re-

3As described in Section 2, Tilde with pruning is used; this is of course essential for
this classifier.
“meaning that it will remove less examples



moved). In the next subsection, we present a hybrid approach combining
Robust Tilde and our Voting algorithms: the Voting filters will be repeated
until no more examples are removed.

As a remark, we see some similarities with bagging [3]. In bagging a com-
bined classifier is constructed by learning n times from a bootstrap replicate
of the training set. Bagging often improves the accuracy (in comparison
with the original algorithm), if the base learning algorithm is sufficiently
instable.> Decision tree algorithms, and in particular Tilde, are instable
enough to serve as underlying base algorithm in bagging. The difference with
bagging is that in our Consensus and Majority Vote algorithms, no boot-
strap replicate is taken, but an n-fold cross-validation is used. Moreover,
the purpose of bagging is to build better, combined classifiers, whereas our
technique is used only as a filtering mechanism.

3.3 Iterated Voting Filters

Finally, we present a hybrid approach, combining the Robust method with
the Voting filters. The method works as follows:

1. filter the training data using a Voting filter (Single Algorithm filter,
Consensus filter or Majority Vote filter),

2. if no training examples are removed in the previous step, then the
reduced set of training examples is given as input to the final learning
algorithm, else repeat the previous step.

We call the resulting filter algorithms, the Iterated Voting algorithms.
More precisely, when the basic filtering method (of step 1) is a Single Al-
gorithm filter, we call the resulting filter the Iterated Single Algorithm filter;
when the basic filtering method is a Consensus filter, we call the resulting
filter the Iterated Consensus filter; and when the basic filtering method is a
Majority Vote filter, we call the resulting filter the Iterated Majority Vote
filter. In the experiments, our Iterated Single Algorithm filter will be abbre-
viated as “IS(2)” (for n = 2), “IS(5)” (for n = 5), and “IS(10)” (for n = 10);
our Iterated Consensus filter will be abbreviated as “IC(6)” (for n = 6), and
“IC(10)” (for n = 10); and our Iterated Majority Vote filter as “IM(6)” (for
n = 6), and “IM(10)” (for n = 10).

®meaning that small changes in the data set (by taking a bootstrap replicate) lead to
significant changes in the learned hypothesis



4 Empirical Evaluation

We first describe the data set which we used in the experiments. Then we
explain how the experiments were carried out, and finally we discuss the
results.

4.1 Data Set and Noise Introduction

We want to evaluate how well the different filtering techniques perform on
data sets with different amounts of classification noise. Since real world
data sets often contain already an unknown number of noisy examples, we
chose to do the experiments on a Bongard problem (see section 2). The
advantage is that we can generate a noise-free Bongard data set and intro-
duce a controlled amount of noise artificially. The Bongard data set with
which the experiments were performed contains 392 examples, 128 of them
are classified as positive, the other 264 as negative.

Different levels of noise were introduced. A noise level of £% means that
for a randomly chosen subset of % of the training examples, the class-value
of these examples was flipped.® We introduced noise levels of 0%, 5%, 10%,
15%, 20%, 25%, 30%, 35% and 40%."

4.2 Experimental Method

All the filters are based on Tilde. Tilde was also used to evaluate the per-
formance of the different filtering techniques.

In order to obtain a more reliable estimate of the performance of the
filters, all experiments were carried out in 10-fold cross-validation and the
results were averaged over all 10 folds. For each of the 10 runs, we made
a training set (9 parts) and a test set (remaining 1 part). The training set
was corrupted by introducing classification errors using noise levels of 0%,
5%, 10%, 15%, 20%, 25%, 30%, 35% and 40%. Each of the above described
filtering techniques was then run on the (noisy®) training set. After filtering
the training set, Tilde was used to learn a decision tree on the reduced

5Positive examples are made negative and vice versa, negative examples are made
positive.

"More precisely, taking the total number of examples into account, these (rounded)
percentages were 0%, 5.10%, 9.92%, 15.02%, 20.07%, 24.94%, 30.05%, 35.09% and 39.97%.

8For each noise level and each of the 10 training sets, the classification errors were
introduced only once (in a random way), and the different filtering techniques were run
on the same noisy training sets.

10



training set. This decision tree was validated on the (noise-free) test set.
Results were obtained by taking the mean of the results of the 10 runs. For
each of the noise levels and each of the 10 runs, we also run Tilde directly
on the (unfiltered, noisy) training set.

In the next subsections, we report results concerning filter precision, tree
size and accuracy.

4.3 Filter Precision

In this subsection, we report results concerning the filter precision. For each
of the filters and each level of introduced noise, we tabulate the following:
the percentage of examples which are removed, the percentage of examples
which are removed and are actually noisy, the percentage of noisy examples
in the filtered data sets, and the probability of making an error of type 1
and of type 2.

A type 1 error (E) is made when a correct example is filtered. The
probability of making a type 1 error is estimated as follows:

H(FNC)

P(Ey) = ic

with F the set of filtered examples and C the set of correct (non-noisy)
examples.

A type 2 error (E») is made when a noisy example is not removed from
the training set. The probability of making a type 2 error is estimated as
follows:

$(F¢ N N)

P(B) = "y

with F¢ the complement of the set F' (i.e. the examples which are not
removed) and N the set of noisy examples.

For Robust Tilde and the Iterated Voting Filters, we will also report the
number of rounds in the filtering process. We say that the number of rounds
in an experiment using one of these filters is n if in round number n + 1 no
training examples are removed from the training set. Note that the reported
number of rounds is not always an integer, since this number is the mean
taken over the 10 runs (in each run, the number of rounds is of course an
integer).

11



4.3.1 Robust Tilde

% noise | % filtered | % noise and || % noise in || P(E;) | P(E2) || rounds
filtered filtered set

0 0.03 0 0 0.0003 NA 0.1
5.10 5.58 4.90 0.21 0.007 | 0.039 1.1
9.92 10.29 9.81 0.13 0.005 | 0.011 1
15.02 15.99 13.95 1.29 0.024 | 0.072 1
20.07 21.68 18.40 2.14 0.041 | 0.083 14
24.94 25.28 22.79 2.87 0.033 | 0.086 1.3
30.05 30.27 25.74 6.13 0.065 | 0.143 1.5
35.09 33.82 27.35 11.67 0.100 | 0.221 1.4
39.97 38.32 25.71 23.08 0.210 | 0.357 1.5

The Robust filter performs very well up to 25% of noise. Note that the
number of rounds increases with the number of noisy examples, but remains
low (1.1 rounds on average).

4.3.2 Single Algorithm Filter, n =2

% noise | % filtered | % noise and || % noise in || P(Ey) | P(E2)
filtered filtered set
0 2.24 0 0 0.022 NA
5.10 8.33 4.85 0.28 0.037 0.05
9.92 14.26 9.64 0.33 0.051 | 0.029
15.02 18.99 13.97 1.30 0.059 | 0.070
20.07 26.76 18.03 2.81 0.109 | 0.102
24.94 30.44 21.97 4.30 0.113 | 0.119
30.05 39.09 25.00 8.37 0.201 | 0.168
35.09 43.62 25.28 17.57 0.283 | 0.280
39.97 45.75 26.90 24.17 0.314 | 0.327

The Single Algorithm filter, with n = 2, is good at removing noisy
However, in comparison with the

examples up to a noise level of 20%.

Robust filter, S(2) is a rather aggressive filter (i.e. removes more examples).
Also, S(2) removes more correct examples (P(E;) with S(2) is always higher
than P(F1) with the Robust filter), and removes less noisy examples (P(E>)
with S(2) is always higher - except when there is 20% of noise in which case
it is slightly less - than P(Fs) with the Robust filter).




4.3.3 Single Algorithm Filter, n =5

% noise || % filtered | % noise and || % noise in || P(Ey) | P(E2)
filtered filtered set
0 0.17 0 0 0.002 NA
5.10 6.60 4.93 0.18 0.018 | 0.033
9.92 12.16 9.78 0.16 0.026 | 0.014
15.02 17.60 13.97 1.28 0.043 | 0.070
20.07 24.83 18.79 1.69 0.076 | 0.064
24.94 29.65 22.53 3.42 0.095 | 0.097
30.05 36.48 26.96 4.85 0.136 | 0.103
35.09 42.01 27.83 12.50 0.218 | 0.207
39.97 46.43 29.68 19.11 0.279 | 0.257

The Single Algorithm filter with n = 5 performs well up to a noise level
of 25-30 %. S(5) is not so aggressive as S(2) and retains more examples
(except for the 40% noise level). S(5) is more precise than S(2). That is, the
probability of making a type 1 error as well as the probability of making a
type 2 error is smaller for each noise level (in comparison with S(2)). But,
in comparison with Robust Tilde, S(5) has a higher probability of making
a type 1 error. The probabilities of making a type 2 error with S(5) versus
the Robust filter are comparable.

4.3.4 Single Algorithm Filter, n = 10

% noise || % filtered | % noise and || % noise in || P(E;) | P(E3)
filtered filtered set
0 0.06 0 0 0.0006 | NA
5.10 6.32 4.99 0.12 0.014 | 0.022
9.92 11.62 9.83 0.10 0.020 | 0.009
15.02 17.40 14.29 0.90 0.037 | 0.049
20.07 23.41 18.96 1.44 0.056 | 0.055
24.94 29.11 22.96 2.80 0.082 | 0.080
30.05 36.25 27.64 3.80 0.123 | 0.080
35.09 41.13 28.68 10.88 0.192 | 0.183
39.97 46.74 29.17 20.18 0.293 | 0.270

The Single Algorithm filter with n = 10 performs well up to a noise level
of 30%. Except for the noise level of 40%, S(10) throws out (slightly) less

13



examples than S(5) (and hence S(2)). Also, S(10) is more precise than S(5)
(and hence S(2)): P(E;) and P(E2) are smaller if you use S(10) instead
of S(5) (and hence S(2)), except for the noise level of 40%. In comparison
with the Robust filter, the probability of making a type 1 error with S(10)
is higher, but the probability of making a type 2 error is smaller.

4.3.5 Iterated Single Algorithm Filter, n =2

% noise | % filtered | % noise and || % noise in || P(E;) | P(E2) || rounds
filtered filtered set

0 6.26 0 0 0.063 NA 3.5
5.10 12.70 4.88 0.25 0.082 | 0.044 3.6
9.92 17.97 9.75 0.21 0.091 | 0.017 3.8
15.02 22.31 14.29 0.94 0.094 | 0.049 2.9
20.07 32.54 19.08 1.48 0.168 | 0.050 3.7
24.94 37.24 23.75 1.87 0.180 | 0.048 3.8
30.05 48.04 28.49 3.03 0.280 | 0.052 3.5
35.09 57.06 30.24 11.43 0.413 | 0.138 5
39.97 58.84 32.26 17.97 0.443 | 0.193 3.9

Note that this filter takes on average (over the different noise levels) 3.7
rounds, and even when there is no noise in the data set, the filter takes
(on average over the 10 runs) 3.5 rounds. As can be easily understood, the
Iterated Single Algorithm filter with n = 2 is more aggressive than the Single
Algorithm filter with n = 2, meaning that more examples are removed from
the data set. This results in a smaller probability of making an error of type
2 (retaining noisy examples) but a higher probability of making an error
of type 1 (throwing out correct examples). For high noise levels (30% and
higher) almost or more than half of the data set is removed. Actually, from
all filters presented here, IS(2) is the most aggressive one.

14



4.3.6 Iterated Single Algorithm Filter, n =5

% noise | % filtered | % noise and || % noise in || P(E;) | P(E2) || rounds
filtered filtered set

0 0.37 0 0 0.004 NA 0.4
5.10 8.02 5.05 0.06 0.031 | 0.011 2.6
9.92 13.78 9.89 0.03 0.043 | 0.003 2.4
15.02 19.45 14.17 1.06 0.062 | 0.057 2.6
20.07 27.13 19.30 1.04 0.098 | 0.038 2.9
24.94 33.68 23.84 1.64 0.131 | 0.044 3.5
30.05 42.66 28.91 1.94 0.196 | 0.038 4.2
35.09 48.30 30.38 8.92 0.276 | 0.134 3.8
39.97 55.39 33.70 13.5 0.361 | 0.157 4.1

Similar comment as above: IS(5) is more aggressive than S(5), P(E)
is higher but P(E5) is smaller. In comparison with IS(2), IS(5) removes a
smaller number of examples and has a smaller P(E1) value, but the number
of noisy examples removed from the data set is higher with IS(5) than with
IS(2) (except for noise level of 15% where it is slightly smaller), that is IS(5)
has a smaller P(E3) value. So, IS(5) is more precise than IS(2). Note that
IS(5) needs 2.9 rounds on average.

4.3.7 TIterated Single Algorithm Filter, n =10

% noise | % filtered | % noise and || % noise in || P(E;) | P(E2) || rounds
filtered filtered set

0 0.09 0 0 0.0009 NA 0.3
5.10 6.60 4.99 0.12 0.017 | 0.022 1.5
9.92 12.87 9.89 0.03 0.033 | 0.003 2.3
15.02 18.43 14.43 0.74 0.047 | 0.040 2.1
20.07 25.11 19.33 0.98 0.072 | 0.037 2.5
24.94 31.12 23.78 1.69 0.098 | 0.047 3
30.05 39.65 28.86 1.96 0.154 | 0.040 3.3
35.09 46.06 31.26 6.94 0.228 | 0.109 3.3
39.97 52.92 32.09 16.36 0.347 | 0.197 3

Again, IS(10) is more aggressive than S(10), and P(E;) is higher but
P(E») is smaller. IS(10) removes less examples than IS(5), and the number
of noisy examples that are removed is more or less equal for both filters. Or,
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P(E4) is smaller for IS(10) than for IS(5), and P(F2) is more or less the
same for both filters. In comparison with the Robust filter, IS(10) is more
aggressive, has smaller P(Ej;) values than the Robust filter, but the Robust
filter has smaller P(E;) values than IS(10). On average, IS(10) takes 2.4

rounds.

4.3.8 Consensus Filter, n =6

% mnoise || % filtered | % noise and || % noise in || P(E;) | P(E,)
filtered filtered set
0 0.03 0 0 0.0003 NA
5.10 4.79 4.62 0.50 0.002 | 0.094
9.92 9.10 8.87 1.15 0.003 | 0.106
15.02 13.12 12.50 2.90 0.007 | 0.168
20.07 15.79 15.70 5.13 0.001 | 0.218
24.94 17.77 16.69 9.95 0.014 | 0.331
30.05 18.25 17.83 14.81 0.006 | 0.407
35.09 16.84 15.16 23.85 0.026 | 0.568
39.97 14.54 12.30 32.26 0.037 | 0.692

The Consensus filter with n = 6 is a conservative filter. The number
of examples which are removed is always less than the number of noisy
examples. Most of these removed examples are noisy. However, a number of
noisy examples are retained, resulting in a rather high probability of making
a type 2 error. Up to the noise level of 15%, the percentage of noise in the
filtered data set is low, but for higher noise levels, a lot of noisy examples
remain in the filtered set. On the other hand, the probability of making a
type 1 error is very low (for all noise levels). From all the filters presented
here, the consensus filter has the smallest P(F;) values and the highest
P(E5) values.
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4.3.9 Consensus Filter, n =10

% noise || % filtered | % noise and || % noise in || P(Ey) | P(E2)
filtered filtered set
0 0 0 0 0 NA
5.10 4.93 4.70 0.42 0.002 | 0.078
9.92 8.96 8.96 1.05 0 0.097
15.02 13.12 12.75 2.61 0.004 | 0.151
20.07 16.61 16.44 4.33 0.002 | 0.181
24.94 18.05 16.92 9.67 0.015 | 0.322
30.05 19.11 18.54 14.09 0.008 | 0.383
35.09 16.21 15.28 23.60 0.014 | 0.565
39.97 13.72 12.07 32.22 0.027 | 0.698

The precision of C(10) is comparable with (slightly better, i.e. slightly
smaller P(F5), than) the precision of C(6).

4.3.10 Majority Vote Filter, n =6

% noise | % filtered | % noise and || % noise in || P(E;) | P(E2)
filtered filtered set
0 0.03 0 0 0.0003 | NA
5.10 5.47 4.90 0.21 0.006 | 0.039
9.92 10.40 9.72 0.22 0.008 | 0.020
15.02 15.48 13.83 1.41 0.019 | 0.079
20.07 20.35 18.62 1.81 0.022 | 0.072
24.94 25.00 22.53 3.20 0.033 | 0.097
30.05 28.23 25.77 5.93 0.035 | 0.142
35.09 31.80 25.96 13.28 0.090 | 0.260
39.97 34.21 24.71 23.16 0.158 | 0.382

As could be expected, the Majority Vote filter is more aggressive than
the Consensus filter. Although this results in a higher (but still acceptable)
probability of making a type 1 error, this also results in a lower type 2 error,
so that the resulting filtered data sets contains very few noisy examples.
The filter performs well up to a noise level of 25%. The precision of the
Majority Vote filter is comparable with that of the Robust filter.
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4.3.11 Majority Vote Filter, n =10
% noise || % filtered | % noise and || % noise in || P(E;) | P(E3)
filtered filtered set
0 0.06 0 0 0.0006 | NA
5.10 5.56 4.88 0.24 0.007 | 0.044
9.92 10.26 9.84 0.10 0.005 | 0.009
15.02 15.76 14.11 1.08 0.019 | 0.060
20.07 20.83 18.45 2.04 0.030 | 0.081
24.94 24.91 22.53 3.20 0.032 | 0.097
30.05 28.52 25.40 6.45 0.045 | 0.155
35.09 31.46 26.27 12.78 0.080 | 0.251
39.97 35.46 25.43 22.54 0.167 | 0.364

The precision of the Majority Vote filter with n = 10 is comparable with

the precision of the Majority Vote filter with n = 6.

4.3.12 TIterated Consensus Filter, n =6

% noise || % filtered | % noise and || % noise in || P(E;) | P(E2) || rounds
filtered filtered set

0 0.03 0 0 0.0003 NA 0.1
5.10 5.02 4.82 0.30 0.002 | 0.056 1.7
9.92 9.81 9.52 0.44 0.003 0.04 1.9
15.02 14.43 13.52 1.75 0.011 0.1 2.7
20.07 18.37 18.06 2.45 0.004 | 0.100 2.8
24.94 22.45 20.21 6.03 0.030 | 0.190 4.1
30.05 23.92 22.71 9.40 0.017 | 0.244 3.6
35.09 28.52 24.21 15.09 0.066 | 0.310 5.3
39.97 31.72 21.66 26.73 0.168 | 0.458 6.1

IC(6) performs better than C(6).

Although the probability of making

a type 1 error is slightly higher (but still acceptable), the probability of

making a type 2 error is smaller. IC(6) needs on average 3.1 rounds.
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4.3.13 Iterated Consensus Filter, n = 10

% noise | % filtered | % noise and || % noise in || P(E;) | P(E2) || rounds
filtered filtered set

0 0 0 0 0 NA 0
5.10 5.05 4.79 0.33 0.003 | 0.061 1.3
9.92 9.95 9.61 0.34 0.004 | 0.031 1.8
15.02 14.06 13.35 1.94 0.008 | 0.111 1.9
20.07 18.28 18.03 2.48 0.003 | 0.102 2
24.94 20.61 18.93 7.51 0.022 | 0.241 2.8
30.05 22.82 21.63 10.80 0.017 | 0.280 3.2
35.09 2591 22.05 17.39 0.0569 | 0.372 4.9
39.97 25.76 20.58 25.79 0.086 | 0.485 5.6

Similar comments as for IC(6). IC(10) needs on average 2.6 rounds.

4.3.14 TIterated Majority Vote Filter, n =6

% noise | % filtered | % noise and || % noise in || P(E;) | P(E2) || rounds
filtered filtered set

0 0.03 0 0 0.0003 NA 0.1
5.10 5.56 4.96 0.15 0.006 | 0.028 1.3
9.92 11.14 9.72 0.23 0.016 | 0.020 1.5
15.02 15.73 13.92 1.32 0.021 | 0.074 14
20.07 21.32 18.79 1.62 0.032 | 0.064 1.8
24.94 25.93 23.10 2.49 0.038 | 0.074 2
30.056 31.09 27.32 3.94 0.054 | 0.091 2.7
35.09 35.40 27.78 11.32 0.117 | 0.208 2.8
39.97 39.31 26.79 21.66 0.209 | 0.330 2.6

The precision of IM(6) is comparable with (but slightly higher P(E)
and slightly smaller P(FE5) than) the precision of M(6). On average IM(6)
needs 1.8 rounds.
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4.3.15 Iterated Majority Vote Filter, n = 10

% noise | % filtered | % noise and || % noise in || P(E;) | P(E2) || rounds
filtered filtered set

0 0.06 0 0 0.0006 | NA 0.2
5.10 5.58 4.90 0.21 0.007 | 0.039 1.1
9.92 10.35 9.86 0.06 0.005 | 0.006 1.1
15.02 15.76 14.11 1.08 0.019 | 0.060 1
20.07 21.60 18.71 1.73 0.036 | 0.068 1.5
24.94 25.42 22.93 2.68 0.033 | 0.081 1.6
30.05 30.73 26.53 5.07 0.060 | 0.117 2.3
35.09 34.01 27.49 11.51 0.100 | 0.217 2.6
39.97 38.58 26.96 21.15 0.194 | 0.326 2.2

Similar remarks as for IM(6). The precision of IM(10) is comparable
with the precision of IM(6). IM(10) needs 1.5 rounds on average.

4.3.16 Conclusions

Except for the (Iterated) Consensus filters, all filters perform well up to a
noise level of 25% (or higher). That is, in the reduced training sets only a
small percentage of the examples are noisy.

From our experiments with the Single Algorithm filters, we see that, if
we are concerned with filter precision, S(10) should be preferred over S(5),
which in turn should be preferred over S(2). Indeed, our experiments show
that the higher the parameter n in the Single Algorithm filter, the less
aggressive the filter is (i.e. throwing out less examples) and the smaller the
probabilities P(E;) and P(E;) are. We might explain this by observing that
the classifiers, which act as filter, are trained on n — 1 parts of the training
set. So, the higher n, the more training data is available. However, it should
be observed that this training data is noisy as well. It can be easily seen
that the higher the parameter n, the more time the filtering takes. We were
not concerned with time requirements in this paper.

Comparing S(10) (the “best” filter of the Single Algorithm filters) with
the Robust filter, we notice that S(10) is more aggressive (removes more
examples) than the Robust filter. More precisely, S(10) removes more correct
examples (higher P(E;)) than the Robust filter but also removes more noisy
examples (smaller P(E5)) than the Robust filter.

For the iterated versions of the Single Algorithm filters, we see that
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IS(10) is less aggressive than IS(5), which in turn is less aggressive than
IS(2). Also, IS(5) is more precise than IS(2) (smaller P(E;) and P(E»)),
and IS(10) is more precise than IS(5) (smaller P(E}), but P(Es) is more or
less the same).

From all filters presented here, IS(2) is the most aggressive one (removes
the most examples).

Comparing the Single Algorithm filters S(n) with their iterated versions
IS(n) (n = 2,5,10), we observe that IS(n) is more aggressive than S(n), has
higher P(E;) and smaller P(E5). This can be easily explained since IS(n)
is just S(n) run several times (until no examples are removed anymore).

Comparing IS(10) (and IS(5)) and the Robust filter: the Robust filter is
less aggressive than IS(10) (and hence IS(5)), IS(5) and IS(10) have smaller
P(E;) than the Robust filter, and the Robust filter has smaller P(E}) than
IS(10) (and hence IS(5)).

The Consensus filters C(6) and C(10) are the most conservative (the less
aggressive) filters. From all filters, they have the smallest P(E7) and highest
P(FE5) values. One can choose to use a Consensus filter if the training set
is small and the cost of adding new training examples is high. The iterated
versions of the Consensus filters are (as can be easily understood) less con-
servative (but in comparison with the other filters, still more conservative).
This results in a slightly higher, but still acceptable P(F;), but a smaller
P(E,).

The Majority Vote filters M(6) and M(10) have a precision comparable
with the precision of the Robust filter. The precision of the iterated versions
of the Majority Vote filters are comparable with (but slightly higher P(E})
and slightly lower P(E>) than) the precision of the Majority Vote filters.

4.4 Tree Size

We tabulate the number of nodes in the trees induced from the filtered sets.
We also report the number of nodes in the trees induced from the unfiltered
sets (column under “Tilde”). Note that, since we take the mean over 10
runs, the values in the tables below are not always integers. When the num-
ber of nodes in a tree induced from a filtered set is smaller than or equal to
the number of nodes in the tree induced from the unfiltered data set, the
number is put in bold.
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| % noise | Tilde | R [ S(2) [ S(5) | S(10) | I8(2) | IS(5) | IS(10) |

0 72 [ 72 |77 [ 7T [ 7263 7 7.2
5.10 88 | 8 |74 8 | 75 | 54 |74 | 74
9.92 92 [ 83 [71[79] 79 |51 ] 69 | 73
1502 | 83 [ 73 |62 7 | 7.7 | 44 | 59 | 6.8
2007 || 85 | 78 [ 73 69| 74 [ 39 | 53 | 6.2
2494 || 93 | 83 [69 |84 6.7 | 42 | 54 | 6.1
30.05 | 123 [10.9 | 7.8 [ 8.2 ]| 6.8 | 3.8 | 4.5 5
35.00 || 116 [ 122 | 8 | 88| 84 | 2.2 | 45 | 5.7
39.97 | 94 | 105 [ 81| 75] 68 | 23 | 42 | 3.7

| % noise || Tilde | C(6) | C(10) | M(6) | M(10) [ IC(6) | IC(10) | IM(6) | IM(10) |

0 7.2 7.2 7.2 7.2 7.2 7.2 7.2 7.2 7.2
5.10 8.8 7.7 7.7 7.7 8 7.7 7.7 7.7 8
9.92 9.2 8.4 8.4 8.2 8.2 8.6 8.6 8 8.2

15.02 8.3 8.8 8.1 7.8 7.1 7.8 8.6 7.8 7.1
20.07 8.5 9.3 9.3 8.7 8.8 9.6 9.3 8.5 8.9
24.94 9.3 | 10.6 | 10.2 8.2 7.8 10.3 104 7.7 8.1
30.05 12.3 | 14.1 | 153 7.9 10.6 13 14.5 7.8 10.4
35.09 11.6 | 13.2 | 13.7 | 11.4 13 13.7 13.9 9.2 12
39.97 94 | 119 | 123 | 117 10 13.8 13.6 9.5 10.1

4.4.1 Conclusions

The trees induced by Tilde from a filtered training set are almost always
smaller than the trees induced by Tilde from the noisy training set (except
for the (Iterated) Consensus filters where the trees are larger for noise levels
from 15-20% to 40%). Using the IS(2) filter results in the smallest trees.
From subsection 4.3 we know that, using IS(2), the number of noisy
examples in the filtered training set is small. We are tempted to conclude
that the reduction in tree size by using the filter IS(2) is due to the removal
of noisy examples. However, there are other filters (e.g. IS(5) and IS(10))
for which the number of noisy examples in the filtered training set is also
low, but for which the induced trees from the filtered training set are not
so small. From subsection 4.3 we know that IS(2) is a very aggressive filter
(the most aggressive one of the filters presented here): even when there are
no noisy examples, IS(2) removes 6.26% examples from the training set,
and for noise levels of 30% and more IS(2) removes almost and more than
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50% of the training examples. When we use IS(2), we obtain the smallest
filtered training set. The reduction in tree size resulting from using the
IS(2) filter seems therefore not only attributable to the removal of noisy
examples from the training set, but also to the reduction in the size of the
training set. In [12] it is empirically shown that for many data sets there is
a nearly linear relationship between the tree size and the number of training
instances. Therefore it is suggested that all data reduction techniques will
see some decrease in tree size simply because they are reducing the size of
the training set. In order to have an idea of how much of the reduction
in tree size is directly attributable to how a data reduction method selects
examples to remove, a data reduction method should be compared with
random data reduction. In [12] this analysis was done for Robust C4.5 [10]
and it was shown that 41.67% of the decrease in tree size is attributable
to reduction in training set size. The remainder is due to the removal of
uninformative examples. In the appendix, we do this analysis for some of
our filters (namely for IS(2), for the Robust filter, and for IM(6)).

4.5 Accuracy and Cramer’s Coefficient

We tabulate the accuracies of the trees induced from the filtered sets (on
the non-noisy test sets). We compare them with the accuracies (also on
the non-noisy test sets) of the trees induced from the unfiltered, noisy sets
(reported in the column “Tilde”). We do the same for Cramer’s coefficient.
When the accuracy, resp. Cramer’s coefficient, obtained by using Tilde on a
filtered training set is equal to or higher than the accuracy, resp. Cramer’s
coeflicient, obtained by using Tilde on the unfiltered training set, it is put
in bold.
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4.5.1 Accuracy

| % mnoise || Tilde | | S(2) [ S(5) | s(10) [ IS(2) | IS(5) | 1S(10) |
0 1 1 [095]099] 1 [093]099 ]| 1
510 | 0.99 [ 0.99 | 0.96 | 0.98 | 0.98 [ 0.91 | 0.97 | 0.97
9.92 ] 0.99 [ 0.99 | 0.95 | 0.97 | 0.97 [ 0.92 | 0.95 | 0.96
15.02 || 0.94 | 0.94 | 0.93 | 0.94 | 0.94 | 0.91 [ 0.94 | 0.94
20.07 | 0.95 [ 0.95] 0.89 | 0.94 | 0.95 | 0.86 | 0.93 | 0.93
24.94 | 093 [0.94] 092 [ 092 | 0.92 | 0.87 | 0.91 | 0.92
30.05 | 0.90 [ 0.90 | 0.89 | 0.94 | 0.89 [ 0.84 | 0.89 | 0.91
35.09 | 0.85 | 0.86 | 0.75 | 0.85 | 0.84 | 0.74 | 0.83 | 0.86
39.97 | 0.75 | 0.75 ] 0.75 | 0.77 | 0.75 | 0.70 | 0.74 | 0.73
| % noise || Tilde | C(6) | C(10) [ M(6) | M(10) [ IC(6) [ IC(10) | IM(6) | IM(10) |
0 1 1 1 1 1 1 1 1 1
510 | 0.99 [ 098 | 098 | 0.99 | 0.99 | 0.98 | 0.98 | 0.99 | 0.99
9.92 ] 099 [ 097 | 097 | 0.99 | 0.99 | 0.99 | 098 | 0.99 | 0.99
15.02 || 0.94 [0.94 | 0.95 [ 0.95 | 0.94 | 0.95 | 0.96 | 0.95 | 0.94
20.07 | 0.95 | 0.97 | 0.97 | 0.96 | 0.95 | 0.97 | 0.97 | 0.95 | 0.95
24.94 | 093 [ 092 | 092 | 0.92 | 0.94 | 0.90 | 092 | 0.92 | 0.94
30.05 | 0.90 | 0.89 | 0.88 | 0.93 | 0.91 | 0.90 | 0.90 | 0.93 | 0.91
35.09 | 0.85 | 0.81 | 0.83 | 0.85 | 0.86 | 0.86 | 0.83 | 0.85 | 0.86
39.97 | 075 | 0.71 | 0.78 | 0.74 | 0.75 [ 0.74 | 0.76 | 0.75 | 0.75
4.5.2 Cramer’s Coeflicient
| % noise | Tilde | R | S(2) [ S(5) | S(10) | IS(2) | IS(5) | IS(10) |
0 1 1 1089 0.97 1 (08 [097] 1
510 | 0.98 [ 0.98 [ 0.92 [ 0.95 [ 0.95 | 0.80 | 0.93 | 0.93
9.92 | 0.98 [ 0.98 | 0.88 [ 0.93 [ 0.92 | 0.82 | 0.89 | 0.92
15.02 || 0.87 | 0.87 | 0.84 | 0.86 | 0.85 | 0.80 | 0.85 | 0.86
20.07 | 0.89 | 0.88 [ 0.76 | 0.87 | 0.88 | 0.70 | 0.83 | 0.84
24.94 | 0.84 | 0.86 | 0.82 [ 0.83 | 0.83 | 0.69 | 0.79 | 0.83
30.05 | 0.77 | 0.76 | 0.76 | 0.85 | 0.75 | 0.65 | 0.73 | 0.80
35.09 | 0.67 | 0.69 | 0.44 [ 0.67 | 0.66 | 0.33 | 0.61 | 0.68
39.97 | 042 | 0.42 | 0.40 [ 0.46 | 0.41 | 0.29 | 0.38 | 0.38
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| % mnoise || Tilde | C(6) | C(10) | M(6) | M(10) [ IC(6) | IC(10) | IM(6) | IM(10) |
0 1 1 1 1 1 1 1 1 1
5.10 0.98 [ 0.96 | 096 | 0.98 | 0.98 | 0.96 | 0.96 | 0.98 | 0.98
9.92 098 [ 094 | 094 [ 097 | 097 | 097 | 096 | 097 | 097
15.02 || 0.87 [ 0.87 | 0.89 | 0.89 | 0.87 | 0.90 | 0.90 | 0.89 | 0.87
20.07 | 0.89 | 0.93 ] 0.93 [ 0.91 | 088 | 0.93 | 0.93 | 0.89 | 0.88
24.94 | 0.84 | 0.82 | 0.82 | 0.82 | 0.86 | 0.78 | 0.82 | 0.83 | 0.87
30.05 || 0.77 | 0.74 | 0.72 | 0.84 | 0.79 | 0.77 | 0.75 | 0.83 | 0.79
35.09 || 0.67 | 0.59 | 0.62 | 0.65 | 0.68 | 0.70 | 0.64 | 0.67 | 0.68
39.97 | 0.42 | 0.36 | 0.48 | 0.43 | 0.42 | 0.40 | 0.43 | 0.42 | 0.40

4.5.3 Conclusions

From the above tables we see that using a (Iterated) Single Algorithm filter
before learning with Tilde does not increase accuracy/Cramer’s coefficient
(except for a few cases). More interestingly in this respect is Robust Tilde
and the (Iterated) Majority Vote filters, which perform best w.r.t. accuracy.
We also observe that the (Iterated) Consensus and (Iterated) Majority Vote
filters are especially useful for noise levels of 15% and 20%. Because Majority
Vote filters perform better than Consensus filters, we might conclude that
retaining noisy examples hinders performance (in terms of accuracy) more
than throwing out correct examples. This trend is particularly important
when one has an abundance of data. This was also observed in [4] for other
(non-artificial) data sets. Finally, we should note that the accuracy of Tilde
on an unfiltered noisy training set is still very good: Tilde is very noise-
tolerant.

5 Conclusions and Future Work

We addressed the problem of training sets with mislabeled examples in ILP
classification problems. We proposed a number of filtering techniques for
identifying and removing noisy examples. We experimentally evaluated
these techniques on a Bongard data set which we artificially corrupted with
different levels of classification noise. We reported results concerning filter
precision, tree size and accuracy. Concerning accuracy, we see that Tilde
also performs well on an unfiltered training set; we may conclude that Tilde
is very noise-tolerant.

There are several issues which remain to be studied. First of all, we only
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validated the filtering techniques on one (artificial) data set. It remains
to be seen if our conclusions also hold for other (non-artificial) data sets.
Therefore, we first plan to validate the filters on larger Bongard data sets,
to study to influence of the size of the training set. Then, we plan to use
real world data sets, as in [4]. We only proposed filtering techniques for
classification problems with 2 classes. We plan to extend our techniques
to multi-class problems. These extended filters will then be tested on real
world data sets, which we will corrupt “in a natural way” as was done in
[4]. There, domain experts were consulted to identify the pairs of classes
likely to be confused. Noise was then artificially introduced into the training
labels between these pairs of classes (and not between all pairs of classes as
this would not model the types of labelling errors that occur in practice).

Since in the different filtering algorithms a classifier formed from a noisy
data set is used to determine if examples are mislabeled, the identification of
mislabeled examples will lead to some errors. We estimated the probability
of making type 1 and type 2 errors in our experiments. A topic of future
research is to make a more formal analysis of the probabilities of making
type 1 and type 2 errors for the different filtering algorithms.

When the data set is small and the cost of finding new training examples
is high, one can choose to use a conservative filter. A better solution would
be to detect and also correct labelling errors (and thus not removing any
example). One way to do this is to present the suspicious data to a human
expert and ask what to do with it. We plan to extend the filter approach
to automatically correct the labelling errors in the training set. We will
evaluate the performance of such extensions.

A hypothesis of interest is whether a majority vote ensemble classifier
can be used instead of filtering. This hypothesis was tested in [4]. There,
two majority vote ensemble classifiers were formed: one from the filtered
and one from the unfiltered data. The resulting classifiers were then used
to classify the uncorrupted test data. The experiments in [4] show that the
majority vote classifier performed better than the individual classifiers, but
that it cannot replace filtering when data are noisy. It is concluded that the
best approach is to combine filtering and voting. We also want to test this
hypothesis in our setting.

We were not concerned with efficiency in this paper. But it can be easily
understood that some of our filters take quite some time. The Robust filter
and the Iterated Voting filters run Tilde several times on slightly modified
(reduced) training sets. An efficient algorithm for updating first-order trees
would be beneficial in this respect.
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The work in this paper is based on the Master thesis of Thomas Cardoen
[5]. In this thesis, another filter, named Boosting filter, was introduced. The
idea is to use boosting [16] to identify noisy examples: the examples with the
highest weights are removed. The number of examples which are removed
must be given as input to the Boosting filter. In [5], the actual percentage
of noise was given as input. An idea is to first estimate the percentage of
noisy examples (for instance by taking the percentage of examples removed
by the Robust filter) and to give this estimate as input to the Boosting filter.
Since boosting takes several rounds, and the learning algorithm is forced to
concentrate on the “difficult” examples, the Boosting filter takes a lot of
time. We did not include the Boosting filter in this paper.
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A Comparison with Random Data Reduction

In [12] it is empirically shown that for many data sets there is a nearly linear
relationship between training set size and tree size, even after accuracy has
ceased to increase. This suggests that all data reduction techniques will see
some decrease in tree size simply because they are reducing the size of the
training set. Therefore, each data reduction method should be compared
with random data reduction. Only then one can have an idea of how much
of the reduction in tree size is directly attributable to how a data reduction
method selects instances to remove.

In [12] this analysis was done for Robust C4.5 [10] and it was shown that
41.67% of the decrease in tree size is attributable to reduction in training
set size. The remainder is due to the removal of uninformative examples.

We will investigate this issue for some of our filters here. To determine
how much of a filter’s effect on tree size for a given data set is due to
reduction of training set size alone, we need to know the following (we follow
the approach of [12]):

e the size of the tree that Tilde builds on the entire data set (Tilde Size),

e the size of the tree that Tilde builds on the filtered data set (Filter
Size),

e the size of the tree that Tilde builds on the data set from which we
randomly removed the same percentage of examples as the filter did
(RDR Size).

The percentage of the filter’s effect on tree size which is due to reduction in
training set size can then be computed as:

. Tilde Size - RDR Size
Tilde Size - Filter Size

We do the analysis for the Iterated Single Algorithm filter with n = 2,
the Robust filter and the Iterated Majority Vote filter with n = 6.

100

A.1 Tterated Single Algorithm filter with n =2

Recall from section 4.4 that, using IS(2), the smallest trees were obtained.
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% noise || Tilde Size | IS(2) Size | % Filtered | RDR Size | % of IS(2) Effect
Due to RDR

0 7.2 6.3 6.26 8.1 -100
5.10 8.8 5.4 12.70 9 -5.88
9.92 9.2 5.1 17.97 8.5 17.07
15.02 8.3 4.4 22.31 7.9 10.26
20.07 8.5 3.9 32.54 8.1 8.70
24.94 9.3 4.2 37.24 8.5 15.69
30.05 12.3 3.8 48.04 7.4 57.65
35.09 11.6 2.2 57.06 9.7 20.21
39.97 9.4 2.3 58.84 6.6 39.44

We see that, for all noise levels, a great percentage of the reduction in
tree size is attributable to how IS(2) selects examples to remove. For the
noise level of 10% (17.97% of the examples are removed) and higher, we also
see a reduction in tree size using random data reduction, but this reduction
is never as big as the reduction we observe when we use IS(2).

We next tabulate the accuracies of the induced trees on the (non-noisy)
test set. In the column “Tilde Acc” we report the accuracies of the trees
induced on the unfiltered training set; in the column “IS(2) Acc” we report
the accuracies of the trees induced on the filtered (using the IS(2) filter)
training set; in the column “RDR Acc” we report the accuracies of the trees
induced on the training set from which we randomly removed the same
percentage of training examples as the IS(2) filter did.

| % mnoise || Tilde Acc | IS(2) Acc | RDR Acc |

0 1 0.93 1
5.10 0.99 0.91 0.97
9.92 0.99 0.92 0.98
15.02 0.94 0.91 0.94
20.07 0.95 0.86 0.94
24.94 0.93 0.87 0.90
30.05 0.90 0.84 0.83
35.09 0.85 0.74 0.72
39.97 0.75 0.70 0.69

Strangely enough, we observe that up to a noise level of 25%, the accur-
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acy of Tilde using RDR is always higher than® the accuracy of Tilde using
the IS(2) filter. This is not what we expected, and we plan to investigate
this issue further.

A.2 Robust Tilde

Below, we tabulate our results for the Robust filter.

% noise || Tilde Size | Robust Size | % Filtered | RDR Size | % of Robust Effect
Due to RDR
0 7.2 7.2 0.03 7.2 no size reduction
5.10 8.8 8 5.58 8.9 -12.5
9.92 9.2 8.3 10.29 8.7 55.56
15.02 8.3 7.3 15.99 8.9 -60
20.07 8.5 7.8 21.68 8.7 -28.57
24.94 9.3 8.3 25.28 7.8 150
30.05 12.3 10.9 30.27 9.5 200
35.09 11.6 12.2 33.82 10.4 no size reduction
39.97 9.4 10.5 38.32 7.5 no size reduction

For noise levels of 5% up to 20% we see that, again, a great percentage of
reduction in tree size is attributable to how the Robust filter selects examples
to remove. For higher noise levels however, the size of the tree using RDR
is smaller than the size of the tree using the Robust filter.

We also tabulate the accuracies of the induced trees on the (non-noisy)

test set.

9but still not higher than the accuracy of Tilde trained on the unfiltered noisy data set
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‘ % mnoise H Tilde Acc ‘ Robust Acc ‘ RDR Acc ‘

0 1 1 1
5.10 0.99 0.99 0.98
9.92 0.99 0.99 0.97
15.02 0.94 0.94 0.94
20.07 0.95 0.95 0.93
24.94 0.93 0.94 0.91
30.05 0.90 0.90 0.84
35.09 0.85 0.86 0.78
39.97 0.75 0.75 0.78

Here we see that the accuracy of Tilde using the Robust filter is always
higher than or equal to'? the accuracy of Tilde using RDR.

A.3 Iterated Majority Vote filter with n =6
We do the same for the Tterated Majority Vote filter with n = 6.

% noise || Tilde Size | IM(6) Size | % Filtered | RDR Size | % of IM(6) Effect
Due to RDR

0 7.2 7.2 0.03 7.2 no size reduction
5.10 8.8 7.7 5.56 8.4 36.36
9.92 9.2 8 11.14 9 16.67
15.02 8.3 7.8 15.73 9.8 -300

20.07 8.5 8.5 21.32 8.1 no size reduction
24.94 9.3 7.7 25.93 9 18.75
30.05 12.3 7.8 31.09 9 73.33
35.09 11.6 9.2 35.40 11.8 -8.33

39.97 9.4 9.5 39.31 9.1 no size reduction

Also here we see that, except for the cases where there is no tree size
reduction, a great percentage of reduction in tree size is attributable to how
IM(6) selects examples to remove.

We also tabulate the accuracies.

10

except for the noise level of 40%
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| % mnoise || Tilde Acc | IM(6) Acc | RDR Acc |

0 1 1 1
5.10 0.99 0.99 0.99
9.92 0.99 0.99 0.97
15.02 0.94 0.95 0.96
20.07 0.95 0.95 0.96
24.94 0.93 0.92 0.91
30.05 0.90 0.93 0.88
35.09 0.85 0.85 0.73
39.97 0.75 0.75 0.66

Especially for noise levels of 25% and higher, the accuracy of Tilde using
IM(6) is better than the accuracy of Tilde using RDR.
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