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Abstract. High dimensional feature spaces with relatively few samples
usually leads to poor classifier performance for machine learning, neural
networks and data mining systems. This paper presents a comparison anal-
ysis between correlation-based and causal feature selection for ensemble
classifiers. MLP and SVM are used as base classifier and compared with
Naive Bayes and Decision Tree. According to the results, correlation-based
feature selection algorithm can eliminate more redundant and irrelevant
features, provides slightly better accuracy and less complexity than causal
feature selection. Ensemble usingBagging algorithm can improve accuracy
in both correlation-based and causal feature selection.

Keywords: Correlation-based feature selection, causal feature selection,
ensemble classification.

1 Introduction

With improvements in information and technology, many information databases
have been created. However, in some applications especially in biomedical area,
dataset usually contains hundreds to thousands of features with relatively small
sample size and leads to degradation in accuracy and efficiency of system by
curse of dimensionality and over-fitting. The resulting classifier works very well
with training data but very poorly on testing data.

To overcome this high dimensional feature spaces degradation problem, num-
ber of features should be reduced. Basically, there are two methods to reduce
the dimension: feature extraction and feature selection. Feature extraction trans-
forms or projects original features to fewer dimensions without using prior knowl-
edge. Nevertheless, it lacks comprehensibility and uses all original features which
may be impractical in large feature spaces. On the other hand, feature selection
selects optimal feature subsets from original features by removing irrelevant and
redundant features. It has the ability to reduce over-fitting, increase classification
accuracy, reduce complexity, speed of computation and improve comprehensibil-
ity by preserving original semantic of datasets. Normally, clinicians prefer feature
selection because of its understandbility and user acceptance.
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Feature selection is an important pre-processing step whether the classifier
is Multilayer Perceptron (MLP), Support Vector Machines (SVM) or any other
classifier. Generally, feature selection can be divided into four categories: Filter,
Wrapper, Hybrid and Embedded methods [1],[2],[3]. Filter method is indepen-
dent from learning method used in the classification process and uses measure-
ment techniques such as correlation, distance and consistency measurement to
find a good subset from entire set of features. Nevertheless, the selected subset
may or may not be appropriate with the learning method. Wrapper method
uses pre-determined learning algorithm to evaluate selected feature subsets that
are optimum for the learning process. This method has high accuracy but is
computationally expensive. Hybrid method combines advantage of both Filter
and Wrapper method together. It evaluates features by using an independent
measure to find the best subset and then uses a learning algorithm to find the
final best subset. Finally, Embedded method interacts with learning algorithm
but it is more efficient than Wrapper method because the filter algorithm has
been built with the classifier.

Basically, feature selection does not take causal discovery or casuality into ac-
count [4]. Nevertheless, in some cases such as when training and testing dataset
do not conform to i.i.d. assumption, testing distribution is shifted from manipu-
lation by external agent, causal discovery can provide some benefits for feature
selection under these uncertainty conditions. Causality also can learn underlying
data structure, provide better understanding of the data generation process and
better accuracy and robustness under uncertainty conditions [4].

Normally, causal relationships are uncovered by Bayesian Networks (BNs)
which consists of a direct acyclic graph (DAG) that represents dependencies and
independencies between variable and joint probability distribution among a set
of variables [5].

An ensemble classifier or multiple classifier system (MCS) is another well-
known technique to improve system accuracy [6]. Ensemble combines multiple
base classifiers to learn a target function and gathers their prediction together.
It has ability to increase accuracy of system by combining output of multiple
experts to reduce bias and variance, improve efficiency by decomposing complex
problem into multiple sub problems and improve reliability by reducing uncer-
tainty. To increase accuracy, each classifier in the ensemble should be diverse or
unique in order to reduce total error such as starting with different input, initial
weight, random features or random classes [7].

In this paper, we present a comparison analysis between correlation-based and
causal feature selection for ensemble classifiers in terms of number of eliminated
features, complexity of algorithms and average percent accuracy.

1.1 Related Research

Feature selection and ensemble classification have received attention from many
researchers in statistics, machine learning, neural networks and data mining areas
for many years. At the beginning of feature selection history, most researchers
focused only on removing irrelevant features such as ReliefF [8], FOCUS [9] and
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Correlation-based Feature Selection(CFS) [10]. Recently, in Yu and Liu (2004)
[11], Fast Correlation-Based Filter (FCBF) algorithm was proposed to remove
both irrelevant and redundant features by using Symmetrical Uncertainty (SU)
measurement and was successful for reducing high dimensional features while
maintaining high accuracy.

In the past few years, learning BNs from observation data has received increas-
ing attention from researchers for many applications such as decision support
system, information retrieval, natural language processing, feature selection and
gene expression data analysis [12],[13].

The category of BNs can be divided into three approaches: Search-and-Score,
Constraint-Based and Hybrid approaches [12],[13]. In Search-and-Score approach,
BNs search all possible structures to find the one that provides the maximum
score. The second approach, Constraint-Based, uses test of conditional depen-
dencies and independencies from the data by estimation using G2 statistic test or
mutual information, etc. This approach defines structure and orientation from
results of the tests based on some assumptions that these tests are accurate.
Finally, Hybrid approach uses Constraint-Based approach for conditional inde-
pendence test (CI test) and then identifies the network that maximizes a scoring
function by using Search-and-Score approach [13].

Constraint-Based algorithms are computationally effective and suitable for
high dimensional feature spaces. PC algorithm [14], is a pioneer, prototype and
well-known global algorithm of Constraint-Based approach for causal discovery.
Three Phase Dependency Analysis (TPDA or PowerConstructor) [15] is another
global Constraint-Based algorithm that uses mutual information to search and
test for CI test instead of using G2 Statistics test as in PC algorithm. However,
both PC and TPDA algorithm use global search to learn from the complete
network that can not scale up to more than few hundred features (they can deal
with 100 and 255 features for PC and TPDA, respectively) [16]. Sparse Candidate
algorithm (SC) [17] is one of the prototype BNs algorithm that can deal with
several hundreds of features by using locally candidate set. Nevertheless, SC
algorithm has some disadvantages, it may not identify true set of parents and
users have to find appropriate k parameter of SC algorithm by themselves [12].

Recently, many Markov Blanket-based algorithms for causal discovery have
been studied extensively and they have ability to deal with high dimensional
feature spaces such as MMMB, IAMB [16] and HITON [5] algorithms. HITON
is a state-of-the-art algorithm that has ability to deal with thousands of features
and can be used as an effective feature selection in high dimensional spaces.
However, HITON and all other MB-based algorithms may not specify features
in Markov Blanket for desired classes or target (MB(T)) when the data is not
faithful [20].

2 Theoretical Approach

In our research, two correlation-based feature selection methods, Fast Correlation-
Based Filter (FCBF) [11] and Correlation-based Feature Selection with Sequen-
tial Forward Floating Search (CFS+SFFS) [10],[18] are compared with causal
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feature selection algorithms (PC, TPDA, SC and HITON) for Bagging [21] en-
semble classifiers (described in Section 2.2) and experimentally compared with
different learning algorithms.

2.1 Feature Selection

Fast Correlation-Based Filter (FCBF). FCBF [11] algorithm has two stages:
relevance analysis and redundancy analysis.

Relevance Analysis. Normally, correlation is widely used to analyze relevance.
In linear systems, correlation can be measured by linear correlation coefficient.

r =
∑

i(xi − xi)(yi − yi)
√∑

i(xi − xi)2
√∑

i(yi − yi)2
(1)

However, most systems in real world applications are non-linear. Correlation in
non-linear systems can be measured by using Symmetrical Uncertainty (SU).

SU = 2
[ IG(X |Y )
H(X)H(Y )

]
(2)

IG(X, Y ) = H(X)−H(X |Y ) (3)

H(X) = −
∑

i

P (xi)log2P (xi) (4)

where IG(X |Y ) is the Information Gain of X after observing variable Y . H(X)
and H(Y ) are the entropy of variable X and Y , respectively. P (xi) is the prob-
ability of variable x.

SU is the modified version of Information Gain that has range between 0 and
1. FCBF removes irrelevant features by ranking correlation (SU) between feature
and class. If SU between feature and class equal to 1, it means that this feature
is completely related to that class. On the other hand, if SU is equal to 0, the
features are irrelevant to this class.

Redundancy Analysis. After ranking relevant features, FCBF eliminates re-
dundant features from selected features based on SU between feature and class
and between feature and feature. Redundant features can be defined from mean-
ing of predominant feature and approximate Markov Blanket. In Yu and Liu
(2004) [11], a feature is predominant (both relevant and non redundant feature)
if it does not have any approximate Markov blanket in the current set.

Approximate Markov blanket: For two relevant features Fi and Fj (i �= j), Fj

forms an approximate Markov blanket for Fi if

SUj,c ≥ SUi,c and SUi,j ≥ SUi,c (5)

where SUi,c is a correlation between any feature and the class. SUi,j is a corre-
lation between any pair of feature Fi and Fj (i �= j).
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Correlation-based Feature Selection (CFS). CFS [10] is one of well-known
techniques to rank the relevance of features by measuring correlation between
features and classes and between features and other features.

Given number of features k and classes C, CFS defined relevance of features
subset by using Pearson’s correlation equation

Merits =
krkc

√
k + (k − 1)rkk

(6)

where Merits is relevance of feature subset, rkc is the average linear correla-
tion coefficient between these features and classes and rkk is the average linear
correlation coefficient between different features.

Normally, CFS adds (forward selection) or deletes (backward selection) one
feature at a time, however, in this research, we used Sequential Forward Floating
Search (SFFS) as the search direction.

Sequential Forward Floating Search (SFFS). SFFS [18] is one of a classic
heuristic searching method. It is a variation of bidirectional search and sequen-
tial forward search (SFS) that has dominant direction on forward search. SFFS
removes features (backward elimination) after adding features (forward selec-
tion). The number of forward and backward step is not fixed but dynamically
controlled depending on the criterion of the selected subset and therefore, no
parameter setting is required.

Causal Discovery Algorithm. In this paper, three standard (PC, TPDA, SC)
and one state-of-the-art causal discovery algorithms (HITON) are used as causal
feature selection methods. In the final output of the causal graph from each algo-
rithm, the unconnected features to classeswill be considered as eliminated features.

1. PC Algorithm
PC algorithm [14],[4] is the prototype of constraint-based algorithm. It con-

sists of two phases: Edge Detection and Edge Orientation.

Edge Detection: the algorithm determines directed edge by using conditionally
independent condition. The algorithm starts with:

i) Undirected edge with fully connected graph.
ii) Remove a share direct edge between A and B (A−B) iff there is a subset

F of features that can present conditional independence (A, B|F ).

Edge Orientation: The algorithm discovers V-Structure A − B − C in which
A− C is missing.

i) If there are direct edges between A − B and B − C but not A − C, then
orient edge A→ B ← C until no more possible orientation.

ii) If there is a path A→ B − C and A− C is missing, then A→ B → C.
iii) If there is orientation A→ B → ...→ C and A− C then orient A→ C.
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2. Three Phase Dependency Analysis Algorithm (TPDA)
TPDA or PowerConstructor algorithm [15] has three phases: drafting, thickening
and thinning. In drafting phase, mutual information of each pair of nodes is
calculated and used to create a graph without loop. After that, in thickening
phase, edge will be added when that pair of nodes can not be d-separated. (node
A and B are d-separated by node C iff node C blocks every path from node A to
node B [12].) The output of this phase is called an independence map (I-map).
The edge of I-map will be removed in thinning phase if two nodes of the edge
can be d-separated and the final output is defined as a perfect map [15].

3. Sparse Candidate Algorithm (SC)
SC algorithm has two phases: restrict and maximize steps [17]. In restrict step,
candidate sets are chosen by heuristic estimates of size k (define by user) and
then a hill climbing search is performed in maximize step. In this second step,
a network is started with empty graph and one of the operators: add, delete or
reverse that provides the highest score will be chosen and applied to the current
network. Finally, the algorithm will be repeated until there is no change in the
candidate set [17],[12],[19].

4. HITON Algorithm
HITON [5] is one of state-of-the-art causal discovery algorithms that can be
used as feature selection and can scale up to deal with thousands of features.
HITON identifies Markov Blanket of the classes (or target) and then removes by
backward greedy wrapper search of the features from the Markov Blanket that
do not affect the classifier performance [5],[20].

2.2 Ensemble Classifier

Bagging. Bagging [21] or Bootstrap aggregating is one of the earliest, simplest
and most popular for ensemble based classifiers. Bagging uses Bootstrap that
randomly samples with replacement and combines with majority vote. Bootstrap
is the most well-known strategy for injecting randomness to improve generaliza-
tion performance in multiple classifier systems and provides out-of-bootstrap
estimate for selecting classifier parameters [6]. Randomness is desirable since it
increases diversity among the base classifiers, which is known to be a necessary
condition for improved performance. However, there is an inevitable trade off
between accuracy and diversity known as the accuracy/diversity dilemma [6].

3 Experimental Setup

3.1 Dataset

The medical datasets used in this experiment were taken from UCI machine
learning repository [22]: heart disease, hepatitis, diabetes and Parkinson dataset
and from Causality Challange [23]: lucas and lucap datasets. The details of
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Table 1. Datasets

Dataset Sample Features Classes Missing
Values

Data type

Heart Disease 303 13 5 Yes Numeric (cont. and discrete)

Diabetes 768 8 2 No Numeric (continuous)

Hepatitis 155 19 2 Yes Numeric (cont. and discrete)

Parkinson’s 195 22 2 No Numeric (continuous)

Lucas 2000 11 2 No Numeric (binary)

Lucap 2000 143 2 No Numeric (binary)

datasets are shown in Table 1. The missing data are replaced by mean and mode
of that dataset.

3.2 Evaluation

To evaluate feature selection process we use four widely used classifiers: Naive-
Bayes(NB), Multilayer Perceptron (MLP), Support Vector Machines (SVM) and
Decision Trees (DT). The parameters of each classifier were chosen based on the
highest average accuracy of the experiment datasets from base classifier. MLP
has one hidden layer with 16 hidden nodes, learning rate 0.2, momentum 0.3, 500
iterations and uses backpropagation algorithm with sigmoid transfer function.
SVMs uses linear kernel and set the regularization value to 0.7 and Decision
Trees use pruned C4.5 algorithm. The number of classifiers in Bagging is varied
from 1, 5, 10, 25 to 50 classifiers. The threshold value of FCBF algorithm in our
research is set at zero for heart disease, diabetes, parkinson and lucas and 1.4
and 0.15 for hepatitis and lucap dataset, respectively.

The classifier results were validated by 10 fold cross validation with 10 repeti-
tions for each experiment and evaluated by average percent of test set accuracy
of algorithm. For causal feature selection, PC algorithm using mutual informa-
tion as statistic test with threshold 0.01 and maximum cadinality equals to 2. In
TPDA algorithm, mutual information are used as statistic test with threshold
0.01 and assumed that data is monotone faithful. SC algorithm uses BDeu score
function, k = 5 and using Bayesian scoring metric for statistic test. Finally, HI-
TON use G2 statistic test with threshold 0.05, maximum size of the conditional
set is set to 3 and provides output as Markov Blanket of the classes.

4 Experimental Result

Table 2 and table 3 show the number of selected features in each analysis and
the complexity of the algorithm, respectively.

Figure 1 and 2 present example of the average accuracy of heart disease and
lucas dataset. Y-axis presents the average percent accuracy of the classifier and
X-axis shows the number of ensemble from 1 to 50 classifiers. Figure 3 and 4
show the average accuracy of six datasets for each classifier and average of all
classifiers for all six datasets, respectively. Finally, figure 5 presents the examples
of causal graph of lucas data set from PC algorithm.
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Table 2. Number of selected features

Dataset Original Correlation-Based Causal
Feature FCBF CFS+SFFS PC TPDA SC HITON

Heart Disease 13 6 9 13 13 11 4

Diabetes 8 4 4 8 8 0 0

Hepatitis 19 3 10 19 18 0 0

Parkinson’s 22 5 10 22 2 0 0

Lucas 11 3 3 9 10 11 0

Lucap 143 7 36 121 121 123 0

Table 3. The complexity of each algorithm

Algorithm Complexity Remark

FCBF O(MNlogN) M=number of samples, N= number of features

CFS +
SFFS

< O(N2) N= number of features

PC O(|N |4) N= number of features

TPDA O(|N |4) N= number of features

SC O(2k · (c + 1)! · |J |) k = size of candidate set, c = size of the largest
separator in cluster tree, J = a family of cluster

HITON O(|MB|3|N |) MB = Markov Blanket of the class, N = number
of features
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Fig. 1. Average Percent Accuracy of Heart Disease dataset
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Fig. 2. Average Percent Accuracy of Lucas dataset
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5 Discussion

According to table 2, it can be seen that HITON eliminates highest number
of features among other algorithms, however, it can define Markov Blanket for
only heart disease and does not find any Markov Blanket for the remaining
datasets because the data distribution may not be faithful [20] . SC algorithm
also eliminates all features in some datasets because it may not identify true set
of parents when k parameter is not appropriate [12]. FCBF algorithm removes
more features than CFS+SFFS, TPDA and PC algorithms, respectively.

From Table 3, CFS+SFFS has the least complexity among other algorithms.
HITON does not have high complexity because it uses Markov Blanket discovery
that select only parents, children and spouses of the classes. PC and TPDA have
the highest complexity algorithm due to their exhaustive search.

With reference to figure 3, SVM provides less accuracy than MLP because
MLP uses back propagation with sigmoid transfer function and has 16 hidden
node which is non linear system while SVM uses linear kernel with regularization
0.7. In figure 4, CFS+SFFS provides better average accuracy than PC, original,
FCBF, TPDA and SCA, respectively. (HITON algorithm which can select opti-
mal features only in heart disease dataset is not considered in the average graph
in order not to bias result.) PC gives the best average accuacy among causal
feature selection algorithms, however, it can deal only with few hundred fea-
tures [16]. FCBF does not provide highest accuracy because its main objective
is dealing with high dimensional feature while preserving high accuracy [11].
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Although causal feature selection provides slightly less accuracy, more complex-
ity and less number of eliminated features than correlation-based feature selec-
tion, it has benefit to learn underlying causal structure of the classes and features
as an example shown in figure 5.

Fig. 5. Causal structure of Lucas dataset from PC algorithm

6 Conclusion

In this paper, we present a comparison analysis between correlation-based and
casual feature selection for ensemble classifiers. In conclusion, correlation-based
feature selection has slightly higher average accuracy, less complexity and can
remove more irrelevant and redundant features than causal feature selection.
Nevertheless, causal feature selection can reveal causes and consequence of the
classes by defining causal relationship. Ensemble has ability to improve both
correlation-based and causal feature selection. The future work will examine the
result of causal feature selection from bootstrap dataset and combine result with
ensemble classifiers.
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