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Abstract. Noise filtering is usually used in data preprocessing to
improve the accuracy of induced classifiers. Our goal is different: we
aim at detecting noisy instances to be inspected by the domain expert
in the phase of data understanding. Consequently, our noise detection
algorithms should have high precision of class noise detection, where
the precision-recall trade-off is modeled using the F'-measure. New
variants of class noise detection algorithms have been developed, in-
cluding the high agreement random forest filter which ensures very
high precision of identified erroneous data instances.

1 INTRODUCTION

The quality of real-world data is inevitably subject to errors and other
irregularities that are usually referred to as noise. While data mea-
surement errors represent noise which should best be repaired or dis-
carded from the data, other irregularities such as outliers may actu-
ally lead to the discovery of intriguing new information.

Both types of irregularities, errors and outliers, appear in the data
as class noise (errors in class labels) and/or attribute noise (errors in
one or more attributes). Regardless of the type of noise, noise may
have an adverse impact on the quality of information retrieved from
the data, models created from the data, and decisions made based on
the data. The impacts of both types of noise on reduced classifica-
tion accuracy, increased time complexity and size of the constructed
classification or representation model were studied by Zhu & Wu [6].

The main concern of standard noise handling approaches used in
machine learning is improved classification accuracy of models in-
duced from the data. These approaches include the filtering approach
by Brodley & Friedl [2], Khoshgoftaar et. al [4] and Zhu et. al [7].
In contrast, the focus of this work is on detecting noisy instances to
be inspected by human experts in the phase of data understanding
and data cleaning. Therefore, our approach should result in highest
possible precision of noise detection with a reasonable recall. In the
experimental evaluation of noise detection methods presented in this
work, a variant of the F-measure combining precision and recall is
used: Fy.5 which weights precision twice as much as recall.

This paper presents several implementations of classification fil-
tering algorithms for noise detection as well as a new high agreement
random forest filter. In the experimental evaluation on two noiseless
and two real-world datasets with randomly injected artificial class
noise, the proposed high agreement random forest filter resulted in
significantly improved noise detection compared to the other classi-
fication filtering approaches.
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2 EXPERIMENTAL SETTING

We experimented with different classification filters for noise detec-
tion on two noiseless and two real-world datasets specified in Ta-
ble 1. All the datasets have been injected with three different levels
of class noise: in 2%, 5% and 10% of the dataset size, class values of
instances were replaced. We have intentionally chosen two artificial
noiseless UCI datasets containing instances of all feasible attribute-
value configurations of these domains. The other two datasets are
real-world datasets, containing their own noisy instances. All the
datasets have two different class values.

For each of the four datasets and for each noise level we made
ten datasets with randomly injected noise. In this way each filtering
algorithm was tested not only on four different datasets but actually
on 120 datasets, allowing for massive testing of noise detection algo-
rithms despite the relatively small number of selected domains.

Table 1. Datasets used for experimental evaluation. Datasets TTT and
KRKP are taken from the UCI machine learning repository [1], MCHD is
described in [3], and NA is described in [5].

Dataset Instances  Attributes  Type
TTT: Tic Tac Toe 956 9 noiseless
KRKP: King-Rook vs. King-Pawn 3196 36 noiseless
MCHD: Medical-CHD 219 37 real-world
NA: News Articles 464 500 real-world

3 NOISE FILTERING ALGORITHMS

This section presents modifications and implementations of noise fil-
tering algorithms which have already been previously proposed in
the literature [2, 4, 7] and a newly proposed high agreement random
forest filter.

3.1 Classification Filters

The idea behind this filtering approach presented by Brodley &
Friedl [2] is to use a classifier as a tool for detecting noisy instances in
data. In this work the simple classifiers used in [2] were replaced by
contemporary classifiers, because the assumption is that we should
trust the classifiers that they are able to correctly predict the class of
a data instance, and the incorrectly classified instances are consid-
ered to be noise. We performed classification filtering in a ten-fold
cross-validation manner with five different classifiers:

Bayes: Naive Bayes classifier (as the baseline filtering algorithm)

RF100: Random forest classifier with 100 decision trees

RF500: Random forest classifier with 500 decision trees

SVM: Support vector machine classifier (radial basis kernel)

SVMEasy: Support vector machine classifier which performs data
scaling and parameter optimization



Table 2. Results of different noise filtering algorithms on four datasets with various levels of injected class noise, where Pr stands for precision of detected
artificially injected class noise and Fy 5 for the F'-measure which weights precision twice as much as recall.

(A) Classification filters (B) High Agreement RF filter
Noise Bayes RF100 RF500 SVM SVMEasy RF570 RF580
Dataset |level (%)| Pr (%) Fos Pr (%) Fos Pr (%) Fos Pr (%) Fos Pr (%) Fos Pr (%) Fos Pr (%) Fos
2 423 0.052 14.84 0.178 15.65 0.187 5436  0.597 5491  0.603 87.31 0.813 100.00  0.773
TTT 5 10.96  0.132 3098  0.357 32.19 0.370 75.58  0.793 7536  0.791 9224  0.847 99.44  0.759
10 20.61  0.240 44.17  0.492 45.89  0.508 86.71  0.888 86.71  0.888 94.01  0.832 99.00  0.689
2 1244  0.150 60.10  0.652 60.20  0.653 18.92  0.225 79.25  0.826 87.79  0.892 92.62  0.921
KRKP 5 26.02  0.303 7598  0.796 77.830 0.812 37.8 0428 83.41 0.861 9481 0.947 96.98  0.951
10 40.93  0.457 84.20 0.866 84.92 0.872 5697 0.616 85.00 0.873 96.38  0.950 98.39  0.936
2 19.73  0.234 36.32 0416 41.61 0.471 17.36  0.208 19.64  0.234 64.10  0.688 78.17  0.799
MCHD 5 40.16  0.454 60.15  0.650 61.05 0.659 36.51 0415 37.56  0.427 8540 0.854 90.62  0.866
10 54.66  0.595 76.24  0.795 79.10 0.822 5229 0.572 50.73  0.556 9442  0.919 95.54  0.835
2 18.78  0.224 2490 0.292 24.65 0.289 27.25 0.318 3340 0385 92.14 0902 100.00 0.872
NA 5 36.35 0413 4491 0.502 46.21  0.515 49.64  0.550 5593 0611 97.22  0.927 100.00 0.856
10 53.13  0.580 64.37  0.685 64.37  0.686 6742  0.715 70.33  0.740 97.25 0910 100.00 0.772

The precision (Pr) of noise detection and the Fp 5-score of dif-
ferent classification filters on the datasets with different levels of in-
jected noise are presented in Table 2.

Concerning the basic classification filters (part (A) of Table 2) the
results show that the filter with SVMEasy has the highest precision
of noise detection and the highest Fp.5-score on all datasets except
the MCHD datasets where the RF100 and RF500 achieved better
results. The best Fp.5-scores for each dataset achieved among the
basic classification filters are in italic.

3.2 High Agreement Random Forest Filter

When used for filtering, random forest (RF) classification filters act
like an ensemble filter, since randomly generated decision trees vote
for the class to be assigned to an instance. However, if the class that
got the maximal number of votes has won only by a single vote, this
result is not really convincing, since the decision trees are generated
randomly. Therefore, we decided to demand high agreement of clas-
sifiers, i.e., a significantly increased majority of votes, namely, for
two class domains used in our experiments this means that more than
60, 70, 80 or 90% of the randomly generated decision trees should
classify an instance into the opposite class in order to claim that it is
noisy.

We have tested this agreement based approach with RF classifiers
with 100 and 500 decision trees, each with four different agreement
levels: 60, 70, 80 and 90%. Since the results obtained did not vary
a lot depending on the number of trees, we present only the results
obtained with RF500.
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Figure 1. Precision of noise detection based on the agreement level for

RF500 on all domains with 5% injected noise.

Figure 1 clearly indicates the increase in precision based on the in-
creased agreement level. However, the best results in terms of Fj 5-
scores are achieved at agreement levels 70 and 80%. Therefore, only
the high agreement random forest filters using RFS00 with 70 and
80% agreement level — referred to as RF570 and RF580, respec-
tively — are presented in part (B) of Table 2. For each dataset the
highest F{.5-score achieved by the filtering algorithms evaluated in
our work (concerning the entire Table 2) is in bold.

The results in Table 2 show that our newly proposed high agree-
ment random forest filters RF570 and RF580 outperform all the other
classification filters in terms of precision of noise detection and fur-
thermore achieve the highest Fp.5-scores on all except one of the
datasets.

4 CONCLUSIONS

We developed several new implementations of classification based
noise filtering algorithms and evaluated their performance using the
Fy.5 measure which trades off precision and recall of noise detec-
tion. The evaluation shows that the winning approach is the new high
agreement random forest filter (with 70% agreement level of decision
tree classifiers in the random forest). It outperforms other basic clas-
sification filters in terms of precision and the F{ 5 score. In further
work we will focus on this filtering approach and evaluate its capac-
ity for filtering massive amounts of data.
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