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ABSTRACT: Data reduction is an important pre-processing step to both supervised and unsupervised machine learning
problems. In this paper, we investigate, in a first part, the two existing strategies for data reduction which are feature
selection (FS) and dimensionality reduction (DR). In a second part, we study the impact of different data reduction methods
on supervised machine learning in terms of classification accuracy and computational costs. In fact, we compare, in the one
hand, the generated subsets of attributes by filter and wrapper algorithms as well as new variables constructed by two
variants of a DR method. In the other hand, we compare the classification achieved on initial data set, reduced data sets and
also on successively reduced size of the considered data sets.
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1. Introduction

Generally, data bases used in data mining and data analysis are huge; they may have tens or hundreds of thousands of records
and variables. The number of the considered variables is called the dimensions of data. Using high dimensional data has an
advantage and some serious disadvantages. The disadvantage consists of doing better studies, good data analysis and
previewing better decisions in many domains, among others, data mining and exploration. However, when the number of
features increases, it may cause many types of data classification problems which become more significantly harder when the
dimensionality grows [17]. This disadvantage is an evident consequence due to the high computational cost and memory
usage. Also an indirect bad consequence is showed by the degradation of the classification accuracy in the supervised case and
having clusters of poor quality in the unsupervised one [7]. Large datasets with high dimensions contain too many variables;
they may include redundant ones, irrelevant ones and correlated ones which, in the one hand, are unwanted for data mining and
classification tasks. And, in the other hand, they can distort the distribution of the relevant and pertinent features as, generally,
the classification methods are working by estimating the class label, and therefore, it risks to confuse the used induction
algorithm. It risks, also, the over-fitting problem which degrades the classification accuracy [11].

So, to effectuate a good data exploration leading to good results, good conclusions, forecasts and, in particularly, good learning
processes, we should look on the quality of the data to be manipulated by identifying the most pertinent samples. [13] and [16]
suggested that to achieve an ideal classification and to reach its maximal accuracy, it is question to obtain the optimal subset of
necessary and sufficient features that describe better the target concept. Therefore, we shall have recourse to using some data
reduction methods as data preprocessing which is an important part for effective machine learning and data mining.

In our study, we look for finding structures that correctly classify large training sets and, at the same time, that do not over-fit
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the data. In the first part, we will present the existing data reduction strategies. In the second part, we will discuss the reduction
and classification methods that we implemented. And finally, we will expose an experimental study to investigate the effect of the
data reduction on classification and to compare between all the classification performances of all used methods.

2. Data  Reduction

Data Reduction consists of performing some mathematical transformations to an initial large data set according to some
statistical tests on it to form another one. The latter one is remarkably smaller than the former in terms of variable number.
Explicitly, it consists of decreasing the number of features and maintaining the same number of records [9]. Some information is
lost and it is compensated by more accurate mapping from the initial space onto a smallest one, in which the maximum quantity
of data information will be conserved.

There are two principal feature reduction strategies: FS and DR. Thus, data is reduced either by choosing some variables from
an initial attribute space or by constructing new attributes from the initial ones.

2.1 Dimensionality Reduction
The DR approach, also named Feature Extraction, consists of constructing new attributes as combinations of the original ones.
It is based on the idea of finding a mapping from a high dimensional space, in which the initial data is represented, to a low
dimensional one, in which will be represented the values of the new variables. According to [6], it is obtained by optimizing a
certain criterion. The criterion, to be optimized, may be the explained variance, the classification accuracy… Using such data
reduction approach reduces strikingly the attribute space and conserves information about original data. However, the obtained
variables are, usually, not interpretable but their contribution on the solution can be calculated [12].

There are many linear techniques like the Principal Component Analysis, the Factorial Analysis, the Independent Component
Analysis… And, if the formed combinations are non-linear, that refers to non-linear methods like Kernel Principal Component
Analysis, Locally Linear Embedding…

2.2 Feature Selection
According to [17] and [12] the FS process works, essentially, by removing redundant and irrelevant features from the data set.
[9] summarized this reduction strategy by finding a subset of variables which describe the essential meaningful features of the
data according to a specified criterion to be optimized (evaluation function for example). FS methods conserve all information
about the importance of each single feature. However, if a small feature set is desired and the original one is very large and
diverse, some information may be lost as some features must be removed [12].

There are three main classes of FS methods: the filter one, the wrapper one and the embedded one. The difference between them
lies in using the associated machine learning algorithm [18]. We discussed only the two first ones.

2.2.1 Filters
Filter technique is a selection technique which is independent of the later applied machine learning algorithm. Filter methods
filter out all non-useful and unwanted attributes and are categorized on three categories: the statistic ones (Fisher Score,
Pearson Correlation …), entropies (Information Gain, mutual information, …) and, also, implemented algorithms (Relief, Focus
…). This class of FS methods does not, always, guarantee the optimal solution but it is efficient in terms of computation cost and
statistical scalability (only all variable scores will be computed and sorted) thanks to its robustness against over fitting; it
introduces bias and may have considerably less variance [10].

2.2.2 Wrappers
The wrapper model incorporates the machine learning algorithm in the FS process and calls it as a perfect “black box”. [16]
mentioned that is not necessary to know the induction algorithm or how does it work, we should only know if it is able to test
the solution on the validation sets. The interaction between the FS and the classifier presents the major advantage of this
approach. Furthermore, using this method, the bias of both FS algorithm and learning algorithm are equal as the later is used to
assess the goodness of the considered subset. However, the main drawback of this technique is the computational burden. In
fact, as the number of features grows, the number of subsets to be evaluated grows exponentially. So, the learning algorithm
needs to be called too many times. Therefore, performing a wrapper technique becomes very expensive computationally,
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especially when the induction method has a high computational cost. [20] suggested that the required runtime can be reduced
if the method uses an efficient search model (heuristic for example) leading to find an optimal solution. The high risks of over
fitting problems, higher than for filters, present the other important inconvenient. To relieve this problem, [8] suggested using
some faster search strategies like the greedy one.

3. Empirical Evaluation

In order to implement and empirically test the different used data reduction methods, we used MATLAB to select features, to
compute two different variants of PCA and, also, to measure the performance of used machine learning algorithms on each
formed feature subset.

3.1 Data Sets
In our experiments, we used two completely different data sets taken from the UCI repository, on both artificial and real-world
domains, which are dedicated to two-class problems and which do not contain missing values.

3.3.1 Breast Cancer Wisconsin (Diagnostic)
The first data was used and cited in many research works and papers. It describes the characteristics of the cell nuclei present
in images of the fine needle aspirate thanks to its 32 variables and 569 observations.

3.3.2 CorrAL
The CorrAL dataset was constructed by [13] for researches in FS and contains only binary data. It is formed by six variables
(relevant, irrelevant and correlated ones) and 32 instances.

3.2 Selected Feature Subsets
In our experiments, we compared two algorithms belonging to the filter class and two methods belonging to the wrapper class
of the FS strategy.

3.2.1 Filters approach
We implemented the two well known algorithms FOCUS and Relief leading to good results.

• The FOCUS algorithm, based on using consistent hypothesis [2], looks for the smallest feature subset that perfectly
discriminates between classes [13]. The provided subset contains strongly relevant features. As it works for only binary data
and does not for large attribute sets (it performs an exhaustive search), we ran it with no inconsistencies only on the CorrAl data
set.

• The Relief algorithm is a feature weight-based algorithm inspired by instance-based learning [1, 3]. It selects a small subset of
relevant features which are necessary and sufficient to describe the target concept by weighting and ranking variables according
to a statistical relevance measure. We used the Euclidean distance metric to find the near-hit and the near-miss instances. We,
also, mention also that there is no restriction for the used data nature as it works for continuous, nominal and, also, for noisy and
correlated data.

3.2.2 Wrappers approach
For extracting the wrapper subsets, we implemented the Sequential Forward Selection (SFS) and the Sequential Backward
Elimination (SBE). These methods were introduced by [5]. It performs by, iteratively, adding or removing one feature, at a time,
according to an evaluation function until halting a stopping criterion. Many related works and statistical books proposed
different implementation based on statistical tests like the t-test or the Fisher-test, rendering them looking like filter methods. In
our study, we implemented the versions based on using the predictive accuracy of an induction algorithm to measure the
goodness of the generated subsets in order to find the best candidate to be added or removed. We consider the pre-fixed
standard deviation threshold as a stopping criterion, in the aim to have in the end constant or stable classification accuracy. As
this method works for continuous data, we ran it on the second data set and investigate the different sized subsets generated.

3.3 Constructed features
In our experimental study, we constructed new features called Principal Components (PCs) using the well known linear method
PCA for DR [14]. As a pre-processing step, we begin by performing a mean shift to initial data such that the mean of all variables
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become 0. Hence, we obtain a centered data. Several variants of PCA appear in the literature, but in this paper we discuss only
two of them.

3.31 PCA1
The new attributes are obtained thanks to multiplying the centered data by the eigen vectors of its covariance matrix.

3.3.2 PCA2
The new attributes are obtained thanks to multiplying the standardized data by its eigen vectors of its covariance matrix after
standardizing each feature of the centered data by its standardized deviation.

3.4 Used induction algorithms
For evaluating the classification performance of the initial data sets and the reduced ones, we used four machine learning
methods.

• The k-Nearest Neighbors (K-NN) classifier for k going from 1 to 10
• The SVM using linear, quadratic and polynomial (exponent of 1 and 3) kernel functions.
• Decision Trees classifier (DT).
• Naïve Bayes classifier (NB).

4. Results

We evaluated the classification accuracy and computed the necessary runtime for all generated feature subsets by the used FS
methods and for constructed features by the PCA method and, also, for the initial data sets.
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Figure 1. Effect of the Relief reduction on the classification performance

Figure 2. Effect of the SFS reduction on the classification performance
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Figure 3. Effect of the SBE reduction on the classification performance

Figure 4. Effect of the PCA1 reduction on the classification performance
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The obtained results were measured using 10-cross validation such that one part is used as testing set and the remaining nine
ones are used as training set. This calculus was repeated iteratively ten times to calculate the average of the classification
performances. For the K-NN classifier, only best results are shown which are provided for k = 1, 3, 5, and 9.

4.1 Filters

4.4.1 FOCUS tests
The FOCUS algorithm provides only one result, as it halts searching when the consistency hypothesis is satisfied. It selected
four variables among six in 0.143s. Table 1. presents the performance of all used classification algorithms over the full and the
reduced data sets and, also, the corresponding requirement times. The provided results show that FOCUS is very fast and that
classification over the reduced feature space is remarkably more efficient than on full data set except for the DT algorithm. The
majority of research works showed that DT presents some difficulties in practice as we manipulate some correlated features [2].
For the linear SVM, the estimate accuracy of both full and reduced data sets has the same value but the runtime is decreased
when the feature cardinality is reduced.

4.1.2 Relief tests
We called the Relief algorithm, at first, for 100 instances sub sample, picked randomly, and, then, we increased this size
successively to 200, 300, …, 500. So, our implementation of that method ranked features, calculated their relevance and kept the
relevant ones by inspection (relevance threshold = 0).

At each execution, the randomized selection of sub sample instances gave different feature subsets and, then, different results,
even, for the same size. We measured and compared the classification accuracies for different sizes of selected subsets and, also,
compare their requirement times. If the size of the randomized sub sample increases up to 500 instances, the cardinality of the
selected feature subsets diminish to 5 and 6 attributes.

Figure 1 illustrates the changes of the sub sample sizes and the evolution of the resulting accuracy. So, as [4] evoked, Relief does
not favor the selection of redundant variables as it done when it treat small sample. For this reason; it can even retain 28 or 29

Figure 5. Effect of the PCA2 reduction on the classification performance
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variables when it considers only 100 instances, so there it is not really gainful to eliminate only one or two variables.

We remarked that the Relief execution requires a very short time as it takes only 0.106 seconds to select 5 features; it is fast as
it performs only some nested calculus. We observe that there are no important changes in induction performances; in fact it
increase little bit then decrease again for the K-NN, DT and NB algorithms without being below the initial performance (over the
full data set). We mention, also, that the estimated accuracies are good as we did not use large random sample. These results are
conforming to those found by [15]. If the, randomly, picked subsample has too few instances, the estimate accuracy will not be
steady and the algorithm will select many features even they are redundant.

4.2 Wrappers
For wrapper techniques, we used the SFS and the SBE methods. It performs as, if the deviation standard of the estimate accuracy
is above the prefixed threshold and we have not yet run 10-cross validation, we execute another cross validation run.

For the forward version, we initialized, firstly, the threshold at 1.5% then we increased it during the experimental process to 2%,
then to 3% and finally to 4%. Figure 2 shows the resulting classification accuracies of all used induction algorithms over each
obtained subset according to the allowed threshold. It shows, also, the effect of changing the threshold on classification
performance. In fact, as the threshold increases, the estimate accuracies vary with bigger differences for smaller subsets
compared to those accuracies for smaller threshold and larger subsets.

For the backward version, we ran the algorithm for, only, one threshold value (1%) as we studied the effect of varying this value
for the SFS. We remark that this method gave interesting results as the estimate accuracy grows for reduced feature sets. In
counterpart, this backward version is much more expensive in terms of time requirements as it starts from the full set while the
forward version starts from the empty set. Hence, it is extremely faster. Figure 3 illustrates those results.

The SFS retains only features that improve at most as possible the classification accuracy which can lead to obtain very small
subsets while the SBE starts from the full feature set, thus, it can capture better and easily the interaction between attributes [16].

4.3 PCA
We ran our implementation of the two PCA variants on the Breast Cancer data set and kept, only, the six significant PCs
according to the eigen values criterion.

Then, we ran the classification algorithms for different sized PCA subsets to measure the estimation of correctness rates which
are showed by Figure 4 and Figure 5; the classification performance is conserved for some classification algorithms and
increased for others.

The PCA technique reduces efficiently both the cardinality of the feature set and the classification error rate in very shortly time
compared to the used FS algorithms. The difference between the two implemented variants of PCA appears when we pick less
than six PCs. In fact, for the first variant the estimate accuracy stills practically the same as illustrated by Figure 4 while for the
second one, it decreases slightly as illustrated by Figure 5.

We observe, also, that, the combination of the two used PCA variants with the DT induction algorithm conducts to good
classification accuracy which stills steady, even if, the number of considered PCs is smaller than the number of significant ones.
That was confirmed by [19].

5. Conclusion

We explored the relationship between several FS methods and one DR method and, also, their impact on classification performance
in terms of classification accuracy and runtime performance. We compared the resulting classification achieved on selected
feature subsets containing some of the original features (obtained by FOCUS, Relief, SFS and SBE) and constructed features
containing linear combinations of the original attributes formed by PCA. Moreover, we investigated the relationship between
the several ML methods used for the induction task (K-NN, SVM, DT and NB) with several parameterizations. The observation
of our results conducts to the following conclusions.
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• PCA method provides smaller feature subsets than those generated by several FS methods in shorter runtimes. However, PCA
does not guarantee high classification accuracies. In fact, the correctness classification rates over the complete feature set still
be preserved or may be slightly improved for the PCA subsets.

• Wrapper approach needs much more runtime, compared to the filter one which is extremely fast. That is due to calling the
induction algorithm many times.

 • FS methods conduct to higher correctness rates and improve them increasingly as well as the FS subsets are reduced. But,
these high classification rates attempts its maximum for certain subset cardinality and then, it will be reduced for very small
subsets. Furthermore, the requirement times increase for both reduction and induction tasks.

• Concerning the ML methods, the SVM classifier leads to the best prediction performances for all data reduction methods, but,
it is the lowest learner. However, the NB method presents the faster one but not guarantees good correctness rates.

We conclude that the classification accuracies is strongly influenced by the reduction methods used and that the efficiency of
the majority of them depends on the nature and the domain of the data. Consequently, there is no single method working under
all conditions. So we can look, for finding new reduction models more efficient and more effective by combining DR and FS
methods or by combining two FS methods. That is called hybrid methods which can lead to 0% classification error rate [21].

References

[1] Aha, D. W., Kibler, D., Albert, M. K. (1991). Instance-based Learning Algorithms, Machine Learning, 6 (1).

[2] Almuallim, L., Dietterich, T. G. Learning With Many Irrelevant Features, In: Proceedings of the Ninth National Conference on
Artificial Intelligence, 2, (AAAI-1991), p. 547-552.

[3] Callan, H. G., Gall, J. G., Murphy, C. (1991). Histone genes are located at the sphere loci of Xenopus lampbrush chromosomes,
Chromosoma 101, p. 245-251.

[4] Dash, M., Liu, H. (1997). Feature Selection for Classification, Intelligent Data Analysis, 1 (3) 131-156.

[5] Devijver, P. A., Kittler, J. (1982). Pattern Recognition: A Statistical Approach, Prentice Hall, Englewood Cliffs, NJ.

[6] Flitti, F. (2005). Techniques de reduction de données et analyse d’images multispectrales astronomiques par arbres de
Markov, PhD thesis, Louis Pasteur University.

[7] Giudici, P. (2003). Applied Data Mining: Statistical Methods for Business and Industry, John Wiley & Sons Ltd, The Atrium,
Southern Gate, Chichester, England.

[8] Guyon, I., Elisseeff,  A. (2003). An introduction to variable and Feature Selection, Journal of Machine Learning Research, 3,
p. 1157-1182.

[9] Hartmann, W. M. (2006). Dimension Reduction versus Variable Selection, Lecture Notes in Computer Science, 3732, p. 931-
938.

[10] Hastie, T., Tibshirani, R., Friedman, J. (2001). The Elements of Statistical Learning: Data Mining, Inference and Prediction,
Springer series in statistics, Springer, New York.

[11] Howley, T., Madden, M. G., O’Connell, M. L., Ryder, A. G. (2005). The Effect of Principal Component Analysis on Machine
Learning Accuracy with High Dimensional Spectral Data, In: Proceedings of AI-2005, 25th International Conference en Innovative
Techniques and Applications of Artificial Intelligence, Cambridge.

[12] Janecek, A. G. K., Gansterer, W. N., Demel, M. A., Ecker, G.  F. (2008). On the Relationship Between Feature Selection and
Classification Accuracy, Journal of Machine Learning Research, 4, p. 90-105.

[13] John, G. H., Kohavi, R., Pfleger, K. (1994). Irrelevant Features and the Subset Selection Problem, In: Proceedings of the
Eleventh International Conference of Machine Learning, p. 121-129, Canada.

[14] Jolliffe,  I. T. (2002). Principal Component Analysis, Springer Series in Statistics, Springer, Second edition, New York.

[15] Kira, K., Rendell, L. A. (1992). The Feature Selection Problem: Traditional Methods and New Algorithm, In: Proceedings of
the 1992 AAAI Conference, p. 129-134.



Progress in Computing Applications    Volume  2   Number  1   March    2013                          25

[16] Kohavi, R., John, G. H. Wrappers for feature subset selection, Artificial Intelligence, 97 (1-2) 273-324.

[17] Koller, D., Sahami, M. (1996). Toward Optimal Feature Selection. In: Proceedings of the Thirteenth International Conference
of Machine Learning, p. 284-292, Italy.

[18] Molina, L. C., Belanche, L., Nebot, A. (2002). Feature Selection Algorithms: A Survey and Experimental Evaluation, In:
Proceedings of the 2002 IEEE International Conference on Data Mining, p. 306-313, USA.

[19] Popelinsky, L. (2001). Combining the Principal Components Method with Different Learning Algorithms, In: Proceedings of
the ECML/PKDD 2001 Conference.

[20] Saeys, Y., Inza, I., Larranaga, P. (2007). A review of feature selection techniques in bioinformatics, Bioinformatics, 23 (19),
2007, p. 2507-2517.

[21] Xing, E. P., Jordan, M. I., Karp, R. M. (2001). Feature Selection for High-Dimensional Genomic Microarray Data, In: Proceedings
of the Eighteenth International Conference on Machine Learning, p. 601-608.


