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Abstract

The evolving and adapting capabilities of robust intelligence are best manifested in its ability
to learn. Machine learning enables computer systems to learn, and improve performance. Feature
selection facilitates machine learning (e.g., classification) by aiming to remove irrelevant features.
Feature (attribute) interaction presents a challenge to feature subset selection for classification.
This is because a feature by itself might have little correlation with the target concept, but when
it is combined with some other features, they can be strongly correlated with the target concept.
Thus, the unintentional removal of these features may result in poor classification performance.
It is computationally intractable to handle feature interactions in general. However, the presence
of feature interaction in a wide range of real-world applications demands practical solutions that
can reduce high-dimensional data while perpetuating feature interactions. In this paper, we take
up the challenge to design a special data structure for feature quality evaluation, and to employ
an information-theoretic feature ranking mechanism to efficiently handle feature interaction in
subset selection. We conduct experiments to evaluate our approach by comparing with some
representative methods, perform a lesion study to examine the critical components of the proposed
algorithm to gain insights, and investigate related issues such as data structure, ranking, time

complexity, and scalability in search of interacting features.
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1 Introduction

The rapid advance of computer technology and the ubiquitous use of the Web have provided unpar-
alleled opportunities for humans to expand capabilities in production, services, communications, and
research. In this process, immense quantities of high-dimensional data are accumulated challenging
state-of-the-art machine learning techniques to efficiently produce useful results. Machine learning
can benefit significantly from using only relevant data in terms of learning performance (e.g., predic-
tive accuracy and time) and learned results such as improved comprehensibility. A widely applied
technique for finding relevant data is feature selection, which studies algorithms of finding relevant
features among many extant ones. Feature selection finds its pervasive application in many real-world
domains: ranging from computational biology, biomedicine, text processing, image analysis, to Web
services. Successful applications of feature selection also bring about new challenges, one of which is
to search for interacting features that often function together and is elusive to efficient solutions. In
the case of high-throughput microarray data, for instance, finding interacting features is to search for
a small number of pertinent genes from hundreds of thousands of ones, reflecting the immune response
mechanism involving both antigen presentation and immunoproteasome pathways. The overarching
need for finding interacting features goes beyond the current methods to keep pace with data of in-
creasing dimensionality. The new demands motivate us toward fundamental research in the design and
development of novel and integrated methods of intelligent search for interacting features.

The high dimensional data poses a challenge to learning tasks such as classification. Given training
data {(z1,91), (z2,92), -, (Tn,yn)} C (X,Y), a classification algorithm learns to produce a mapping
h: X — Y, which maps an observation € X to its classification label y € Y [1]. Usually classification
algorithms are designed to achieve an optimal or near optimal solution according to some performance
metrics (e.g., accuracy, 0-1 loss and hinge loss) to ensure that a meaningful mapping is obtained in the
learning process. Some representative classification algorithms include: Decision Trees, Naive Bayes,
k-Nearest Neighbor, Support Vector Machines, Bagging, and Boosting [2, 3, 4, 5, 6]. In the presence
of many irrelevant features, classification algorithms tend to overfit training data [7], as too many
parameters (corresponding to the number of features) in a learning model would allow the model to
adjust to specific random factors in the training data which are not common in the full data [8].
Once overfitting happens, the gap between the estimated and the true accuracy becomes big, and
the performance of the classifier can deteriorate significantly. Overfitting poses a serious problem

especially for learning on data with high dimensionality [9]. In order to find probably approximately



correct (PAC) hypotheses!, PAC learning theory [10, 11] gives a theoretic relationship between the
number of instances (data points) needed in terms of the size of hypothesis space and the number of
dimensions. For example, a binary data set with binary classes has a hypothesis space of 0(22d)7 where
d is the dimensionality, it would require O(2%) instances to learn a probably and approximately correct
hypothesis, which is usually unlikely to obtain in real-world applications when the dimensionality of
the data is huge.

Various studies show that features can be removed without performance deterioration [12, 13,
14]. Feature selection is one effective means to remove irrelevant features [15, 7, 16]. The task of
a feature selection algorithm is to remove irrelevant features based on the given data X = (2;);cjn
and their labels Y = (y;)ie[n), Where data point z; is a vector with d features, and find a feature
subset {F},,Fj,,...., Fj }, where r < d and j; (i € {l...r}) are indexes of features (F1,..., Fy), such
that with dimensionally reduced data, a learning algorithm can achieve similar or better performance.
To find the smallest k relevant features out of d features requires an exponentially large search space
(0(24), 0 < k < d) [17, 18]. Researchers often resort to various approximation methods to determine
relevant features (e.g., correlation between individual features and the class) [19, 20]. One commonly
used approach is called sequential forward selection (SFS): First, the best feature is selected from d
features; next, the second best features is selected from the remaining d — 1 features and combined
with the previously selected features; then repeat until adding a new feature cannot improve some
performance measure or all features are selected.

However, a single feature may be considered irrelevant based on its correlation with the class, but it
may become very relevant if combined with other features. The unintentional removal of these features
can result in the loss of useful information and thus may cause poor classification performance. This
is studied in [22] as attribute interaction. For example, MONK1 [23] is a data set in which some
features interact. There are six features in MONKI and the target concept of MONKI1 is: (A; = Ag)
or (A5 = 1). Here A; and Ay are two interacting features. Considered individually, the correlation
between A; and the class Y (similarly for As and Y') is zero, measured by mutual information [24].
Hence, Ay or A is irrelevant when each is individually evaluated. However, if we combine A1 with A,
they are strongly relevant in defining the target concept. An intrinsic character of feature interaction
is its irreducibility [25], i.e., a feature could lose its relevance due to the absence of any other feature

interacting with it.

IThe classification error probability is bounded by some value (i.e., approximately correct) with certain confidence
specified by a probability (i.e., probably correct) [3].



Existing efficient feature selection algorithms usually assume feature independence [12, 19]. Because
of the irreducible nature of feature interactions, these algorithms cannot select interacting features such
as A; and Ay in MONK1. Others attempt to explicitly address feature interactions by finding some
low-order interactions (2- or 3-way). For example, methods are proposed in [26] to address feature
interaction with Cartesian product for Naive Bayes Classifier. In [22], the authors suggest to use
interaction gain as a practical heuristic for detecting attribute interaction. Using interaction gain,
their algorithms can detect if datasets have 2-way (one feature and the class) and 3-way (two features
and the class) interactions. They further provide in [25] a justification of the interaction information,
replace the notion of ‘high’ and ‘low’ in [22] with statistical significance, and illustrate the significant
interactions in the form of interaction graph. In [20], the authors proposed an algorithm (FCBF) that
sequentially searches predominant features by evaluating predominant correlations - close to a 3-way
interaction: a Fj-F} correlation is considered together with Fj-Y and Fj-Y correlations. It is reported
to be effective and efficient.

To address the feature interaction in subset selection both effectively and efficiently, we design
and implement an efficient approach to dealing with feature interactions in subset selection. Feature
interactions can be implicitly handled by a carefully designed feature evaluation metric and a search
strategy with a specially designed data structure, which together take into account interactions among
features when performing feature selection. In the following, we show an example to the challenge of
feature interaction in subset selection; we review feature relevance and introduce feature interaction,
and propose a feature scoring metric based on data consistency; develop a filter algorithm named
INTERACT to select relevant features while implicitly exploring feature interaction; and present
an extensive empirical study in comparison with some representative algorithms followed by further

analysis and discussion.

2 Motivating Examples

We select some synthetic data sets with known feature interactions and examine how some existing fea-
ture selection algorithms fare in finding interacting features. We apply four feature selection algorithms
to the synthetic data sets: FCBF (selecting features using normalized mutual information) [20], CFS
(selecting features using correlation based measure and Best-First search [27]) [19], ReliefF (selecting
features by hypothesis maximization [13]) [28], and FOCUS (selecting features using consistency based

measure and exhaustive search) [17]. These algorithms can be found in WEKA [29]. Four synthetic



data sets are used to examine how various algorithms deal with known feature interactions in fea-
ture selection. The first data set is Corral [30], having six boolean features Ag, A1, By, B1,I, R. The
class Y is defined by Y = (Ap A A1) V (By A By) and features Ay, A1, By, B are independent of each
other. Feature [ is irrelevant to Y and its values have a uniform random distribution; and feature
R is correlated with Y 75% of the time and is redundant. The other three training data sets are of
MONKSs [23]. Their target concepts are: (1) MONK1, (4; = A2) or (45 = 1); (2) MONK2, exactly
two of Ay = 1,43 =1,A3 = 1,A4 = 1,A5 = 1,4 = 1; and (3) MONK3, (45 =3 and 44, = 1) or
(A5 # 4 and Ay # 3) (5% class noise added to the training data).

Results on the synthetic data sets of the four feature selection algorithms are presented in Table 1.
For Corral, all four algorithms remove the irrelevant feature I, but only FOCUS removes the redundant
feature R. Features Ag, A1 and By, B interact with each other to determine the class label of an
instance. CFS, FCBF and ReliefF cannot remove R because R is strongly correlated (75%) with Y.
For the three MONKSs data sets, we provide results for the full data in the table. ReliefF missed A1, A5
for MONK2, A4 for MONKS3 using the full data. As seen in Table 1, FCBF and CFS perform similarly
for MONK1, and FCBF finds more features than CFS for MONK2 and MONK3. FOCUS can handle

feature interaction when selecting features. However, as an exhaustive search algorithm, FOCUS is

d

impractical because finding moderately high-order interactions can be too expensive, as > ., (2) can

be too large, even when dimensionality d is moderately large.

3 Relevance, Interaction and Data Consistency

One goal of feature selection is to remove all irrelevant features. In the following, we first define feature
relevance as in [30]. Let F be the full set of features, F; be a feature, S; = F — {F;}, and P(Y]S)
denote the conditional probability of class Y given a feature set S. The relevance of a feature can be

formalized below.

Definition 1 (Feature Relevance) A feature F; is relevant if and only if
35! C S;, such that P(Y|F;,S.) # P(Y|S)). (1)

Otherwise, feature F; is said to be irrelevant.



Definition 1 suggests that a feature can be relevant only when its removal from a feature set will
reduce its prediction power. From Definition 1, it can be shown that a feature is relevant due to two
reasons: (1) it is strongly correlated with the target concept; or (2) it forms a feature subset with
other features and the subset is strongly correlated with the target concept. If a feature is relevant
because of the second reason, there exists feature interaction. Feature interaction is characterized by

its irreducibility [25]. A kth-order feature interaction can be formalized next.

Definition 2 (kth-order Feature Interaction) F is a feature subset with k features Fy, Fs, ..., F.

Let € denote a metric that measures the relevance of the class label with a feature or a feature subset.

Features Iy, Fs, ..., F}, are said to interact with each other if and only if: for an arbitrary partition
F ={F, Fo, F3, ..., Fi} of F, wherel > 2 and F; # ¢, we have
Viel,. 1], E(F) >%€(F) (2)

Identifying either relevant features or a kth-order feature interaction requires exponential time
complexity. Hence, definitions 1 and 2 cannot be directly applied to identifying relevant or interacting
features if the dimensionality of a data set is high. Some heuristics or approximations are necessary
for developing viable algorithms. Many efficient feature selection algorithms identify relevant features
based on the evaluation of the correlation between the class and a feature (or a current, selected feature
subset). Representative measures used for evaluating feature relevance include: distance measures [28,
31], information measures [14], and consistency measures [17, 32], to name a few. Using these measures,
feature selection algorithms usually start with an empty set and successively add “good” features to the
selected feature subset, the so-called sequential forward selection (SFS) framework as described earlier.
Under this framework, features are deemed relevant mainly based on their individually high correlations
with the class, and some relevant interacting features of high order may be removed [19, 33, 34]
because the irreducible nature of feature interaction cannot be attained by SFS. Revisiting the MONK1
problem, a feature subset selection algorithm of SFS starts with the empty subset S, and adds one
good feature at a time to S. Since neither A; nor Ay can be selected into S with the absence of the
other, there will be no chance for features A; and As to be evaluated together for their relevance.

Recall that finding high-order feature interaction using relevance (Definitions 1 and 2) entails
exhaustive search of all feature subsets. In order to avoid the resulting exponential time complexity,

we derive a feature scoring metric based on the consistency hypothesis proposed in [17] to approximate



the relevance measure as in Definition 1. With this metric, we design a filter algorithm that can deal
with feature interaction in subset selection.
Let D be a data set of m instances, D = {d;,da, ..., dn,}, and F be the feature space of D with n

features, F = {Fy, F5, ..., F,}. We give the following definitions.

Definition 3 (Inconsistent Instances) If two instances d;,d; in D have the same values except for

their class labels, d; and d; are inconsistent instances or the two matching instances are inconsistent.

Definition 4 (Inconsistent-Instances Set) For 2 C D, 9 is an inconsistent-instances set if and
only if ¥V d;,d;j € Z,1# j, either d; and d; are inconsistent or they are duplicate. 2 is a mazximal
inconsistent-instances set, if and only if ¥d € D and d ¢ 2, 9 U{d} is not an inconsistent-instances

set.

Definition 5 (Inconsistency Count) Let & be an inconsistent-instances set with k elements dy,
do,...,dk, and y1,Y2, ...,y are the class labels of 2, we partition P into t subsets Sy1,S2,...,5; by

the class labels, where S; = {d;| d; has label y;}. The inconsistency count of 9 is:

inconsistencyCount(2) = k — max B (3)

Definition 6 (Inconsistency Rate) Let 21, %s, ..., 9, denote all mazimal inconsistent-instances

sets of D. The inconsistency rate (ICR) of D is

__inconsistencyCount(Z;
ICR(D) _ Zlgzgp Y ( )

m

Definition 7 (Consistency Contribution) or c-contribution Let II denote the projection opera-
tor which retrieves a subset of columns from D according to the feature subset. The c-contribution of

feature F; for F is defined as

c-contribution(F;, F) = ICR(ILp_{p,y(D))
— ICR(ILp(D))



It is easy to verify that the inconsistency rate is monotonic in terms of the number of features,
ie., VS;, 85, S; € 8 = ICR(Ils, (D)) > ICR(ILs, (D)) [32]. Hence, c-contribution of a feature is
always a non-negative number with the zero meaning no contribution. C-contribution of a feature
F; is a function of F — {F;}, where F is the set of features for D. C-contribution of a feature is an
indicator about how significantly the elimination of that feature will affect consistency. For example,
c-contribution of an irrelevant feature is zero. C-contribution can be considered as an approximation
of the metric specified in Definition 1 by using inconsistency rate as an approximation of P(Y|S), the
conditional probability of class Y given a feature set S.

The monotonic property of inconsistency rate suggests that the backward elimination search strat-
egy should best fit c-contribution in feature selection. That is, one can start with the full feature
set and successively eliminate features one at a time based on c-contributions. Backward elimination
allows every feature to be evaluated with the features it may interact with. Hence, backward elimi-
nation with c-contribution is suitable for finding interacting features. However, backward elimination
using inconsistency rate or c-contribution has two problems. The first one is that it is very costly
as it needs to calculate inconsistency rate for each potentially removable feature. As in the work of
FOCUS [17] and ABB [32], FOCUS relies on exhaustive search and ABB resorts to complete search.
It is impractical to do so when the dimensionality is reasonably large, which separates this work from
FOCUS and ABB. We will design a specific data structure next in order to achieve efficient calculation
of c-contribution in our proposed algorithm. The second problem is that c-contribution is sensitive
to which feature is selected first in c-contribution calculation, the so-called the feature order problem.
This is because features evaluated first for their consistency are more likely to be eliminated first,
particularly in the early stage of feature elimination.

Solutions to the two problems will enable c-contribution to be possibly used in building an efficient
algorithm of backward elimination that can handle interacting features in feature selection. We present

our solutions and the algorithm INTERACT next.

4 INTERACT: Algorithm of Eliminating Irrelevant Features

We first present our solutions that form two pillar components for the algorithm INTERACT, i.e.,
efficient update of c-contribution and ranking features, next discuss the algorithm in detail, and then

provide time complexity analysis.



4.1 Efficient update of c-contribution

C-contribution relies on the calculation of inconsistency rate. We exploit the monotonicity of incon-
sistency rate to accelerate the calculation of c-contribution so that we can reduce n to 1 time of data
access. We can show that the following two properties are true after a feature f; is eliminated from a set
{f1,+ fir ey fn} where ¢ = 1,2, ..., n given the monotonicity of inconsistency rate: (I) all inconsistent-
instances sets are still inconsistent as removing a feature will not make any inconsistent-instances set
consistent; and (II) each maximal inconsistent-instances set will be either of equal size or bigger. If
the eliminated feature is irrelevant, the maximal inconsistent-instances set will remain unchanged; if
the eliminated feature is relevant, the maximal set will increase its size since the removal results in
more inconsistent instances.

Based on these two properties, we design a hashing mechanism to efficiently calculate c-contribution
by avoiding accessing the data set whenever a feature is removed for the recalculation of c-contribution.
In other words, with the hashing mechanism, we realize the objective of visiting the data only once to in
the process of executing the algorithm. The hashing mechanism is depicted in Figure 1. Each instance
is inserted into the hash table using the values of those features in Sj;s; as the hash key, where the ith
entry corresponds to an inconsistent-instances set with m,; instances, and Sj;s; contains the features
that are not yet eliminated. In the beginning, S;;s; has the full set of feature. Instances with the same
feature value will be hashed into the same entry of the hash table. The information about the labels
is recorded. Thus each entry in the hash table corresponds to a maximal inconsistent-instance set of
IIg,,., (D). The inconsistency rate of Ilg,, , (D) can therefore be obtained by simply scanning the hash
table. Property (I) says that in order to generate an entry in the hash table for the new feature list,
Spistr (after eliminating a feature), it is not necessary to scan the data again, but only the current hash
table (shown in Figure 1 (a) and (b)). Property (II) suggests that after each iteration of elimination,
the number of entries of the hash table for new Sj;5; should decrease as the number of feature is reduced
(shown in Figure 1 (b)). Hence, the hashing data structure eliminates the need for repeated access of

data and allows for efficient update of c-contribution for iterative feature elimination.

4.2 Dealing with the feature order problem

We now consider the feature order problem in applying c-contribution. Without any information about
features, randomly selecting a feature for potential elimination seems a sensible way. However, some

analysis tells us that doing so can result in the removal of a relevant feature according to c-contribution



calculation. Intuitively, using c-contribution to measure a feature’s usefulness depends on the number
of remaining (n—k) features. For a given feature out of n features, its c-contribution generally decreases
when n increases. Consider two values of n, 3 and 2001. A relevant feature’s c-contribution in the case
of n = 3 can be better captured than that in the case of n = 2001. This is because in the latter, the
remaining 2000 features will likely be sufficient to maintain data consistency. Hence, the more features
we have (as in the early stage of feature elimination), the more likely that the first feature considered
for elimination will be chosen according to its c-contribution.

If we can remove irrelevant features first, we will likely retain the most relevant ones in the remaining
subset of selected features. Assuming that a set of features can be divided into subset S1 including
all the relevant features, and subset S2 containing all the irrelevant ones. By considering to remove
features in S2 first, features in S1 are more likely to remain in the final set of selected features. Since
we do not have prior knowledge of S1 and S2, we apply a heuristic to rank individual features using
symmetrical uncertainty (SU) in an descending order such that the (heuristically) most relevant feature
is positioned at the beginning of the list. SU is often used as a fast correlation measure to evaluate the
relevance of individual features [19, 20]. This heuristic attempts to increase the chance for a strongly
relevant feature to remain in the selected subset. Let H(X) and H(X,Y) denote entropy [24] and joint
entropy respectively, and M (X,Y) = H(Y )+ H(X) — H(X,Y) be the mutual information measuring
the common information shared between the two variables X and Y. SU between the class label YV
and a feature Fj is:

(6)

SU(F;,Y) =2 [ M(F, Y) }

H(F,)+H(®Y)

This ranking heuristic cannot guarantee that the interacting features be ranked high. For MONK1,
for example, SU(A;,Y) = SU(A6,Y) = 0. Either one can be evaluated first for its c-contribution.
Since c-contribution(A;, F) > c-contribution(Ag, F), Ag is eliminated. We will experimentally examine

the effect of ranking in Section 5.3.

4.3 Handling Interacting Features in Subset Selection

The above solutions pave the way for c-contribution to be used in practical selection of interacting
features. We present an algorithm, INTERACT, that efficiently searches for interacting features.
It is a filter algorithm that employs backward elimination to remove those features with no or low
c-contribution. The details are shown in Algorithm 1.

Given a full set of n features and a class attribute Y, INTERACT finds a feature subset Spes: for

10



Algorithm 1: INTERACT
Input: Fy, Fs, ..., F,, the full feature set;
Y, the class label;
4, a predefined threshold;
Output: Spest, the best subset;
%Ranking;
Slist = NuLy;
for i=1 to n do
calculate SUF, , for Fj;
append F; to Syst;
end
order Sj;s in descending values of SU; 4 ;
Y%Feature Elimination;
counter = n;

© 00 N A W N

10 repeat

11 F = Syst[counter];

12 p = c-contribution(F, Sy;st);
13 if p <6 then

14 ‘ remove F from S ;

15 end

16 counter = counter — 1;

17 until counter =0 ;

[
o]

Spest = Slist;
return Spes;

o
©

the class concept. The algorithm consists of two major parts. In the first part (lines 1-7), the features
are ranked in descending order based on their SU values. In the second part (lines 8-18), features are
evaluated one by one starting from the end of the ranked feature list. Sj;s[i] returns the feature in
the position ¢ of the list, Sj;s:. If c-contribution of a feature is less than 4, the feature is removed,
otherwise it remains in the list. And the counter is decreased and pointed to the next unchecked
feature preceding the F' in the ranked feature list (line 11). The algorithm continues until all features
in the list are checked. ¢ is a predefined threshold (0 < § < 1). Features with their c-contribution
< ¢ are considered immaterial and thus removed. A large ¢ is associated with a high probability of
removing relevant features. In this work, a feature’s relevance is defined by its c-contribution: the
higher value of c-contribution(F, Sj;s;) indicates that F' is more relevant. We set § = 0.0001 if not
otherwise mentioned. The parameter can also be tuned using the standard cross validation technique.

Simplified backward elimination. In (line 11-15), we use a simplified backward elimination
search strategy. The normal backward elimination search strategy works as follows: in order to remove
one out of n features, it needs to calculate n values of c-contribution and remove the feature with the

smallest c-contribution; to remove k features, we need to repeat the above process k times. That is,

11



we need to calculate c-contribution for O(kn) times, which is very expensive. C-contribution allows
a feature to be evaluated with all features it potentially interacts with. Therefore, if a feature is not
redundant or irrelevant, its c-contribution is likely large. Using this clue, we develop the simplified
backward elimination search strategy: since the n features are ranked, in order to remove k out of n
features, we start from the end of the ranked list of features to check if a feature’s c-contribution is
below 4: if it is, the feature is removed, otherwise, it is retained. Hence, we only need to calculate

c-contribution O(n) times, instead of O(kn) times as in the normal backward elimination.

4.4 Time complexity of INTERACT

The first part of the algorithm has a linear time complexity of O(nm), where n is the number of
features and m is the number of instances of a given data set. For the second part of the algorithm,
the calculation of a feature’s c-contribution using a hash table takes also O(nm). For n features, the
time complexity of INTERACT is O(n?m). This is the worst case analysis. Its average time complexity
is less because (1) we only use the hash table of current Sj;s; in the calculation of c-contribution, and
(2) the number of the entries in the hash table decreases after each iteration. If we assume it decreases
to an « percentage of the initial size, where 0 < « < 1. Then, in n iterations, the overall time
complexity of INTERACT is O(nm(1 — a™*1)/(1 — «)) since:

n

Zai_lnm = anai_l =nm(l—a™)/(1 - a).

i=1

In other words, INTERACT can be expected to be comparable with heuristic algorithms such as
FCBF [20].

5 Empirical Study

We now empirically evaluate the performance of INTERACT in search of interacting features. For
the four synthetic data sets with known feature interaction (Table 1), INTERACT finds all and only
the relevant features using the default 6 = 0.0001. In this section, we first describe the experiment
setup, then report the standard empirical study in terms of the number of selected features and
predictive accuracy using selected features comparing with some representative algorithms as baselines.
In addition, we conduct a lesion study by removing one of them from INTERACT at a time to

specifically evaluate the effects of the two solutions we present in Section 4. At the end, we provide the
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run time and scalability results to verify our time complexity analysis given in the previous section.

5.1 Experiment setup

In the experiments, we choose four representative feature selection algorithms for comparison purposes.
They are FCBF [20], CFS [19], ReliefF [28], and FOCUS [17]. They are briefly discussed in Section 2,
and can be found in the WEKA environment [29]. INTERACT is also implemented in the WEKA’s
framework and available for research purposes upon request. The experiments are conducted in the
WEKA environment.

Twenty seven (27) benchmark data sets are used in which 23 data sets were investigated in [35]
and are available from the UCI ML Repository [36]. Among the 4 additional benchmark data sets,
‘musk?2’, ‘USCensus90’, and ‘internet-ads’ are from the UCI ML Repository, and the ‘45x4026+2C’
data is from [37]. The last 4 data sets have either a relatively large number of instances or high
dimensionality. The information about the data sets is summarized in Table 2. The 27 data sets are
divided into 3 groups as follows. The 23 data sets? used in [35] are divided into 2 groups based on
their results about feature interaction: (1) 16 of them without obvious feature interaction, and (2)
the remaining 7 with feature interaction. The 3rd group is composed of the 4 additional large data
sets with either a larger number of features or a larger number of instances. The speed and scalability
of INTERACT will be presented in Section 5.4. The last data set of Group 3 (‘internet-ad’) has a
relatively large number of features (1558) and a large number of instances (3279).

For each data set, we run all 5 feature selection algorithms and obtain selected feature subsets
of each algorithm. For data sets containing features with continuous values, if needed, we apply the
MDL discretization method [38] (available in WEKA). We remove all index features if any. In order to
evaluate whether the selected features are indeed good, we apply two effective classification algorithms
C4.5 [2] and a linear Support Vector Machine (SVM) [4]? (both available from Weka) before and after
feature selection and obtain prediction accuracy by 10-fold cross-validation (CV) [3]. Although C4.5
itself evaluates features (one at a time), its performance is sensitive to the given sets of features (e.g.,
its accuracy rates on MONK1 are 88.88% and 75.69% for the 3 selected features (A, As, and Ag)
and for all 6 features, respectively). For ReliefF, we use 5 neighbors and 30 instances throughout the

experiments as suggested in [31] and 0 is set as the threshold for removing irrelevant features. All

2The additional 3 data sets are MONKs data. We consider them synthetic data and discuss them separately earlier.
3Since Naive Bayes Classifier (NBC) assumes conditional independence between features [39], selecting interacting
features or not has limited impact on it. Our experimental results of NBC conform to the analysis.
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experiments were conducted on a PENTIUM IV 2.4G PC with 1.5GB RAM. Because of FOCUS’s
exponential time complexity, we only provide those results of FOCUS obtained in 3 hours of dedicated
use of the PC. INTERACT, FCBF, CFS and ReliefF all complete their runs in seconds. This is

consistent with our understanding and expectation of these algorithms.

5.2 Results of Selected Features and Accuracy

We report below two sets of standard results.

Number of selected features. Table 3 presents the numbers of features selected by the five
algorithms. All algorithms significantly reduced the number of features in many cases (e.g., from 56
to as few as 6 for ‘lung-cancer’). The average numbers of selected features for the 27 data sets are
11 (INTERACT), 9.37 (FCBF), 7.48 (CFS), 117.48 (ReliefF), and 231.48 (Full Set); and group-wise
averages are shown in the table. That is, the average number of features is reduced from 231.48 to
around tens after feature selection. For some data sets, FOCUS did not finish after 3 hours (indicated
by NA in the table). For the 4 synthetic data sets with known relevant features (Table 1), INTERACT
selected only the relevant ones. Next we examine the effect of this reduction on accuracy and we would
like to see if the reduction causes any change in accuracy.

Predictive accuracy Tables 4 and 5 evince predictive accuracy rates obtained by the 10-fold cross
validation using C4.5 and linear SVM. Results are also organized in three groups. For each group,
average accuracy and win/loss numbers are given for easy comparison between the methods.

For the 16 data sets of Group 1, we observe that INTERACT performs competitively comparing
with the other 4 algorithms. We present average accuracy and number of selected features (Table 3)
in pairs to facilitate the comparison in these two dimensions. C4.5: (84.84, 8.56) for INTERACT,
(84.12, 5.25) for FCBF, (84.09, 4.05) for CFS, (84.66, 12.69) for ReliefF, (82.54, 9.07) for FOCUS,
and (84.77, 15.63) for the Full Set; and SVM: (84.19, 8.56) for INTERACT, (83.79, 5.25) for FCBF,
(82.89, 4.05) for CFS, (84.74, 12.69) for ReliefF, (81.86, 9.07) for FOCUS, and (84.83, 15.63) for the
Full Set. All feature selection algorithms can still achieve comparable accuracy rates as that of using
the Full Set set of features. FOCUS did not finish for ‘mushroom’ and ‘adult’ in 3 hours, so there is
no result for the two data sets.

For Group 2 of 7 data sets with known interactions, the average accuracy and number of selected
features are: C4.5: (81.30, 12.14) for INTERACT, (74.83, 7.14) for FCBF, (75.30, 9.43) for CFS,
(76.07, 19.86) for ReliefF, (69.43, 8.2) for FOCUS, and (77.64, 26.14) for the Full Set; and SVM:
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(79.15, 12.14) for INTERACT, (73.21, 7.14) for FCBF, (77.85, 9.43) for CF'S, (74.38, 19.86) for ReliefF,
(67.35, 8.2) for FOCUS, and (77.28, 26.14) for the Full Set. For both classifiers, the reduction of
features by INTERACT leads to the results better than or comparable with using all features: average
accuracy 81.30% (INTERACT) vs. 77.64% (Full Set) for C4.5, and 79.15% (INTERACT) vs. 77.28%
(Full Set) for SVM. Comparing INTERACT with other feature selection algorithms, INTERACT
performs consistently better for C4.5 with better average accuracy. For SVM, INTERACT performs
well comparing with other feature selection algorithms with better average accuracy. One exception is
the ‘soy-large’ data for the result of SVM. We notice that the data set has 35 features, 306 instances,
and 19 classes (Table 2); INTERACT identifies 13 features (Table 3) - the smallest number of selected
features (FCBF also selected 13 features). We surmise that it may be too easy for the inconsistency
measure to be satisfied with a small feature subset when each class has a small number of instances.
In sum, for both classifiers, in general, INTERACT can help achieve better or similar accuracy, and
hence, INTERACT is effective in search of interacting features.

For Group 3 of 4 data sets, the average accuracy and number of selected features are: C4.5: (94.42,
18.75) for INTERACT, (91.31, 29.75) for FCBF, (91.28, 16) for CFS, (93.32, 707.5) for ReliefF, no
result for FOCUS, and (92.32, 597) for the Full Set; and SVM: (95.09, 18.75) for INTERACT, (94.66,
29.75) for FCBF, (95.21, 16) for CFS, (94.86, 707.5) for ReliefF, no result for FOCUS, and (95.39,
1454.25) for the Full Set. In short, INTERACT performs comparatively well.

Additional experimental results specific to various designs and solutions of INTERACT are pre-

sented in the next two sections.

5.3 Sensitivity study

In Sections 4.1 and 4.2, we presented two solutions to the two problems for using consistency measures,
i.e., costly update in feature selection with a large number of instances, and failure to appropriately order
features for backward elimination when there exists an inordinate number of features. In the following,
we conduct experiments by removing one solution or component at a time to observe the effect of each
of our solutions. First, we study the effect of ranking features and compare the information-theoretic

ranking with another ranking mechanism. Then we investigate the effect of our hashing data structure.
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5.3.1 The effect of feature ranking

INTERACT ranks features before backward elimination of features. As a part of the lesion study, we
remove the ranking component from INTERACT to form a version INTERACT) g. The comparative
results are shown in Table 6 and 7, which indicate that ranking is effective. In particular, among those
5 data sets whose accuracy results are significantly different, the average difference is as big as 21.83%
(= 75.00 — 44.17%) for ‘lung-cancer’. The average accuracy difference is very distinct for Group 3.
The average numbers of selected features for the 27 data sets are similar, 11 (INTERACT) and 11.59
(INTERACT\ g).

INTERACT ranks features using Symmetric Uncertainty (SU). Clearly, using SU is a heuristic
and other feature ranking methods can also be used in INTERACT. Tables 8 and 9 record the results
of using ReliefF as the feature ranking method in INTERACT for C4.5 and SVM, respectively. The
results suggest that the two feature ranking methods are similar in terms of accuracy. Clearly, different

ranking algorithms can have disparate biases which can result in different orders of features.

5.3.2 The effect of the data structure

We devised a hashing data structure to speed up the time consuming calculation of consistency con-
tribution in search of a feature for elimination among the remaining features. Here we examine how
effective the data structure is by comparing the run time of INTERACT with that of INTERACT\ p
which does not employ the hashing data structure. Since data size is a determining factor for run time,
we first reorganize the 27 data sets according to their sizes for convenient visual inspection: each data
set’s size is approximated by n * m - number of features multiplied by number of instances without
considering feature types such as nominal or continuous.

Figure 2 (a) shows the results for the 19 data sets with run time less than 1 second. When data sets
are small, INTERACT can take more time than INTERACT\ p. This is due to the required overhead
for the hashing data structure. With the increase in data size, the run time of INTERACT) p increases
from the lowest 0.02 second to 0.5 second; and the run time of INTERACT remains relatively stable
(between 0.08 and 0.20 second).

Figure 2 (b) includes the results for the 8 data sets with run time more than 1 second. For the first
3 data sets ‘segment’, ‘kr-vs-kp’, and ‘mushroom’, INTERACT and INTERACT\ p took (1.02, 2.27),
(1.31, 6.97), and (0.58, 2.80), respectively. For the remaining 5 data sets, the run time of INTERACT

keeps below 149 seconds (for data ‘internet-ad’), while the run time of INTERACT\ p can be as high
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as 1889 seconds (for data ‘internet-ad’). Figure 2 (c) plots the run results in logarithmic scale.

In sum, the run time difference between INTERACT and INTERACT) p is more pronounced for
large data sets. With the hashing data structure, we are able to constrict the time complexity within
a manageable range. We compare run times about INTERACT with the selected feature selection

algorithms and study the scalability issue next.

5.4 Run time comparison and scalability

Table 10 records the run time for each feature selection algorithm for the three groups of data. Except
for FOCUS, all algorithms finished their runs within 3 minutes. For the data sets in Group 1, algorithms
can be ordered based on the average run time in an ascending order: CFS, FCBF, Relief, INTERACT,
and FOCUS, where CFS and FCBF are the fastest. For the data sets in Group 2, the algorithms are
ordered as FCBF, CFS, Relief, INTERACT, and FOCUS. CFS and FCBF are the fastest, and FOCUS
is the slowest if it can finish the run in 3 minutes. For the data sets in Group 3, Relief and FCBF are
the fastest, followed by INTERACT, then by CFS, and FOCUS could not finish within the given time.

Scalability check In order to compare INTERACT with other three algorithms (FOCUS is not
included in this experiment) on scalability with an increasing number of instances, we pick 5 data sets
with a relatively large number of instances or a large number of features from Figure 2 (b,c). The
results are shown in Figure 3. The curves are obtained using an increment of 10% of data. INTERACT
scales well comparing with the 3 known scalable algorithms (FCBF, CFS, and ReliefF) - mostly linear
patterns. One interesting observation is that for the ‘mushroom’ data, ReliefF works the slowest.
Given that ReliefF calculates feature weights using only 30 instances sampled from the training data,
its performance is supposed to be invariable to the increasing number of instances. A closer look at
ReliefF reveals that for each sampled instance, ReliefF still needs to search all instances in the training
data for its nearest neighbors, thus its run time increases with the increasing number of instances. This
can be verified also in the results for ‘adult’ and ‘USCensus90’ when comparing ReliefF with FCBF
and CFS in Figure 3.

6 Conclusions

The success of many feature selection algorithms allows us to tackle challenging real-world problems.

Many applications inherently demand the selection of interacting features. In this work, we show
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the challenges of studying feature interaction in subset selection, and propose to search for interacted
features using consistency contribution to measure feature relevance. We investigate the key issues
that hindered the use of consistency measures in the past, and develop an efficient algorithm, INTER-
ACT that implicitly handles feature interaction and efficiently selects relevant features. The key to
our success is the two singular solutions: (1) we design a special hashing data structure so that IN-
TERACT avoids the repeated scanning of a data set by taking advantage of some intrinsic properties
of the consistency contribution measure, resulting in a significant speed-up of the algorithm; and (2)
INTERACT employs symmetrical uncertainty as a heuristic to rank features, overcoming the feature
ordering problem. The efficiency and effectiveness of INTERACT is demonstrated through theoretical
analysis as well as extensive experiments comparing INTERACT with representative feature selection
algorithms using both synthetic and real-world data sets. Special experiments are designed to verify
the effects of the two solutions. Experimental results show that INTERACT can (1) effectively reduce
a large number of features, (2) retain competitive accuracy, (3) achieve good time performance, and
(4) scale well with the increasing number of instances. Our current work is to explore more competing
feature-quality measures for searching for interacting features in order to further advance this line of

research.
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Table 1: Features selected by each algorithm on synthetic data.

!

_" indicates a missing relevant feature.

[ Relevant Features | FCBF [ CFS [ ReliefF [ FOCUS
Corral Data
Corral [ AQ,Al,Bo,Bl [ Ao,Al,Bo,Bl,R [ AQ,,,,,,,R [ Ao,Al,Bo,Bl,R [ AQ,AI,BU,Bl
MONKS Data (Full Data)
Monk1 A, Az, As -, -5 A5 -, -, A5 A, Az, As A1, Az, As
Monk2 A1, Az, Az, Ag, A1, Az, Az, Ag, msma - -, A2, Az, Ag, A1, Az, Az, Ag,
5, 5, A6 5, - -, As 5,
Monk3 As, Ay, As Ag, Ag, As Ao, -, - As, -, As Ag, A, As
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Table 2: Summary of the benchmark data sets. #F:
number of classes.

number of features, #I: number of instances, #C:

Data Set [ #F [ #I1 [ #C Data Set #F #I1 #C
Group 1 Group 2

soy-small 35 46 4 lung-cancer 56 32 3

heart 13 269 2 Z0O 16 101 7

ecoli 7 336 8 wine 13 178 3

glass 9 214 7 soy-large 35 306 19

wisc-canc 9 699 2 cmce 9 1,473 3

lymph 18 148 4 vehicle 18 846 4

pima 8 767 2 kr-vs-kp 36 3,196 2

austral 14 689 2 Group 3

breast-cancer 9 286 2 musk2 166 6,598 2

credit 15 689 2 USCensus90 67 9,338 3

vote 16 435 2 45x4026+2C 4026 45 2

colic 22 368 2 internet-ads 1,558 3,279 2

german 20 999 2

segment 19 2,310 7

mushroom 22 8,124 2

adult 14 32,560 2
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Table 3: Number of selected features for each feature selection algorithms on benchmark data sets.

Data Set [ INTERACT [ FCBF [ CFS [ ReliefF [ FOCUS [ Full Set
Group 1
soy-small 2 5 9 18 3 35
heart 11 7 7 10 11 13
ecoli 6 5 4 7 7 7
glass 7 6 7 9 7 9
wisc-canc 6 8 9 9 6 9
lymph 7 8 10 14 7 18
pima 8 4 3 6 8 8
austral 13 6 1 12 13 14
breast-cancer 7 2 5 6 8 9
credit 13 6 1 11 13 15
vote 9 4 1 16 9 16
colic 9 5 1 17 10 22
german 14 3 3 16 13 20
segment 8 6 5 18 9 19
mushroom 5 4 1 20 NA 22
adult 12 5 5 14 NA 14
Average 8.56 5.25 4.50 12.69 9.07 15.63
Group 2
lung-cancer 6 6 11 34 5 56
700 5 8 9 15 5 16
wine 5 10 8 13 5 13
soy-large 13 13 21 35 NA 35
cmc 9 2 3 6 9 9
vehicle 18 4 11 17 17 18
kr-vs-kp 29 7 3 19 NA 36
Average 12.14 7.14 9.43 19.86 8.20 26.14
Group 3
musk?2 19 2 10 162 NA 166
USCensus90 15 4 1 62 NA 67
45x4026+2C 3 64 42 232 NA 4026
internet-ads 38 49 11 285 NA 1558
Average 18.75 29.75 16.00 707.50 NA 1454.25
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Table 4: Accuracy of C4.5 on selected features: ‘Acc’ denotes 10-fold CV accuracy(%) and p-val
obtained from a two-tailed ¢t-test. The symbols “+” and “-” respectively identify statistically significant
(at 0.05 level) if INTERACT wins over or loses to the compared algorithm. NA denotes the result is

not available.

Data Set [ INTERACT | FCBF [ CFS [ ReliefF [ FOCUS Full Set
[ Acc [ Acc p-val [ Acc p-val [ Acc p-val [ Acc p-val Acc p-val
Group 1
soy-small 100.00 100.00 1.00 97.50 0.34 98.00 0.34 100.00 1.00 97.50 0.34
heart 76.98 79.96 0.02- 78.85 0.18 79.59 0.04- 76.98 1.00 76.98 1.00
ecoli 82.42 82.72 0.67 77.98  0.05+ 82.42 1.00 82.42 1.00 82.41 0.98
glass 71.45 69.61 0.49 73.31 0.35 73.77 0.06 71.45 1.00 73.31 0.17
wisc-canc 95.43 95.43 1.00 95.28 0.73 95.28 0.73 94.71 0.82 95.28 0.73
lymph 75.76 72.43 0.10 73.10 0.31 73.05 0.37 73.65 0.54 75.71 0.99
pima 74.19 75.23 0.25 75.49  0.10 74.33 0.86 74.19 1.00 74.19 1.00
austral 86.51 84.33 0.014 | 8549 0.24 85.78 0.05+ 85.34 0.73 85.93 0.10
breast-cancer 71.34 71.02 0.89 72.36  0.53 71.33 1.00 69.23 1.00 75.21 0.04-
credit 85.06 84.77 0.77 85.48  0.65 85.35 0.77 86.21 0.18 85.20 0.34
vote 96.78 95.86 0.044+ | 95.64 0.14 96.78 1.00 96.78 1.00 96.78 1.00
colic 85.31 80.16 0.01+ | 81.52 0.08 85.32 0.99 85.31 1.00 85.32 0.99
german 73.48 72.77 0.55 72.77  0.55 70.97 0.01+ 69.57 0.06 69.87 0.01+
segment 96.62 96.97 0.18 96.36  0.47 96.41 0.54 96.62 0.62 96.45 0.66
mushroom 100.00 99.02 0.004 | 98.52  0.00+ 100.00 1.00 NA NA 100.00 1.00
adult 86.06 85.70 0.044+ | 85.71  0.07 86.24 0.17 NA NA 86.24 0.17
average 84.84 84.12 84.09 84.66 82.54 84.77
Win/Loss 5/1 2/0 2/1 0/0 /1
Group 2
lung-cancer 75.00 50.00 0.01+ 43.75 0.00+ 65.63 0.06 37.50 0.01+ 46.88 0.02+
700 91.09 92.08 0.72 91.09 1.00 91.09 1.00 91.09 1.00 92.08 0.78
wine 96.63 93.82 0.054+ | 93.82  0.05+ 83.15 0.00+ 93.26 0.05+ 93.82 0.05+
soy-large 82.03 84.31 0.25 84.31  0.17 84.31 0.31 NA NA 85.95 0.11
cme 52.14 51.93 0.89 54.11  0.08 50.17 0.10 52.27 0.17 52.27 0.17
vehicle 73.05 57.68 0.004+ | 69.62  0.00+ 67.73 0.00+ 73.05 1.00 73.05 1.00
kr-vs-kp 99.19 94.02 0.004 | 90.43  0.00+ 90.43 0.00+ NA NA 99.44 0.31
average 81.30 74.83 75.30 76.07 69.43 77.64
Win/Loss 170 170 3/0 2/0 2/0
Group 3
musk?2 96.30 91.27 0.00+ | 95.76  0.25 96.79 0.12 NA NA 96.85 0.16
USCensus90 98.25 98.12 0.16 97.99  0.01+ | 98.30 0.48 NA NA 98.25 1.00
45x40264-2C 86.67 80.00 0.23 77.78  0.14 86.67 1.00 NA NA 77.78 0.19
internet-ads 96.46 95.85 0.08 95.76  0.03+ 91.52 0.00+ NA NA 96.40 0.79
average 94.42 91.31 91.82 93.32 NA 92.32
Win/Loss 1/0 2/0 1/0 NA 0/0
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Table 5: Accuracy of SVM on selected features: ‘Acc’ denotes 10-fold CV accuracy(%) and p-val
obtained from a two-tailed ¢t-test. The symbols “+” and “-” respectively identify statistically significant
(at 0.05 level) if INTERACT wins over or loses to the compared algorithm. NA denotes the result is

not available.

Data Set [ INTERACT | FCBF CFS [ ReliefF [ FOCUS Full Set
[ Acc [ Acc p-val [ Acc p-val [ Acc p-val [ Acc p-val Acc p-val
Group 1
soy-small 100.00 98.00 0.34 95.50 0.17 98.00 0.34 84.78  0.01+ 100.00 1.00
heart 84.37 85.50 0.08 83.63 0.34 84.74 0.34 84.37  1.00 83.97 0.66
ecoli 83.33 83.33 1.00 78.57 0.00+ | 83.04 0.34 83.04 0.34 83.04 0.34
glass 56.17 56.62 0.73 52.90 0.02+4 59.39 0.04- 56.17 1.00 59.39 0.04-
wisc-canc 96.14 96.71 0.22 96.57 0.34 96.57 0.34 96.14  1.00 96.57 0.34
lymph 81.76 81.71 0.99 84.38 0.12 87.14 0.01- 85.14  0.02- 88.43 0.01-
pima 77.18 77.31 0.83 76.26 0.21 76.92 0.51 77.18  1.00 77.18 1.00
austral 84.76 85.20 0.20 85.49 0.10 84.76 1.00 84.47 0.34 84.76 1.00
breast-cancer 70.62 70.33 0.93 67.13 0.31 68.89 0.60 71.68 0.34 70.27 0.89
credit 84.62 85.20 0.10 85.49 0.26 85.20 0.06 85.05  1.00 84.62 1.00
vote 95.63 95.63 1.00 95.63 1.00 94.70 0.38 95.63  1.00 94.70 0.38
colic 83.68 80.71 0.05+ | 81.52 0.07 83.15 0.70 83.42  0.17 82.06 0.17
german 75.67 71.67 0.00+ | 71.67 0.00+ | 75.78 0.92 75.38  1.00 74.97 0.33
segment 88.36 89.39 0.02- 89.00 0.21 92.73 0.01- 82.47  0.00+ | 92.77 0.01-
mushroom 99.90 99.02 0.054+ | 98.52 0.03+ 100.00 0.31 NA NA 100.00 0.31
adult 84.81 84.27 0.004+ | 84.06 0.004 | 84.84 0.44 NA NA 84.84 0.34
average 84.19 83.79 82.89 84.74 81.86 84.83
Win/Loss 4/1 5/1 0/3 2/1 0/3
Group 2
lung-cancer 62.5 53.13 0.32 62.5 1.00 62.5 1.00 31.25 0.01+ 37.5 0.03+
700 93.07 92.08 0.72 96.04 0.19 96.04 0.19 93.07  1.00 96.04 0.19
wine 96.63 98.31 0.08 96.63 1.00 84.83 0.014 | 89.89  0.04+ | 97.75 0.17
soy-large 83.33 87.91 0.01- 92.16 0.00- 92.16 0.00- NA NA 91.18 0.00-
cme 48.74 44.87 0.05+ | 49.97 0.37 44.33 0.024 | 48.68 0.34 48.68 0.34
vehicle 73.88 42.08 0.00+4 | 57.21 0.004 | 50.35 0.004 | 73.88 1.00 73.88 1.00
kr-vs-kp 95.9 94.06 0.004+ | 90.43 0.004 | 90.43 0.004 | NA NA 95.93 0.94
average 79.15 73.21 77.85 74.38 67.35 77.28
Win/Loss 3/0 3/1 171 3/0 /1
Group 3
musk?2 90.19 84.59 0.00+ | 86.91 0.00+ | 94.97 0.00- NA NA 94.88 0.00-
census 98.27 98.08 0.03+ | 97.99 0.02+ | 98.36 0.25 NA NA 98.29 0.79
45x40264-2C 95.56 100.00 0.12 100.00 0.12 95.56 1.00 NA NA 91.11 0.39
internet-ads 96.34 95.97 0.08 95.94 0.024 | 90.57 0.004+ | NA NA 97.28 0.01-
average 95.09 94.66 95.21 94.86 NA 95.39
Win/Loss 2/0 3/0 1/1 NA 0/2
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Table 6: Comparison of INTERACT and INTERACT) g (INTERACT without feature ranking), accu-
racy of C4.5 on selected features. The symbols “4” and “-” respectively identify statistically significant
(at 0.05 level) if INTERACT wins over or loses to the compared algorithm.

Group 1 Group 2
Data Set INTERACT INTERACT\p p — val Data Set INTERACT | INTERACT\r p — val
soy-small 100.00 100.00 1.00 lung-cancer 75.00 44.17 0.04+
heart 76.98 76.98 1.00 Z0O 91.09 91.09 1.00
ecoli 82.42 82.42 1.00 wine 96.63 96.63 1.00
glass 71.45 71.45 1.00 soy-large 82.03 82.03 1.00
wisc-canc 95.43 95.57 0.34 cmce 52.14 52.14 1.00
lymph 75.76 75.76 1.00 vehicle 73.05 73.05 1.00
pima 74.19 74.19 1.00 kr-vs-kp 99.19 99.19 1.00
austral 86.51 86.51 1.00 average 81.30 76.90 1.00
breast-cancer 71.34 71.34 1.00 Win/Loss 1/0
credit 85.06 85.06 1.00 Group 3
vote 96.78 89.42 0.00+ Data Set INTERACT | INTERACT\r p — val
colic 85.31 85.59 0.58 musk2 96.30 95.59 0.84
german 73.48 72.47 0.12 USCensus90 98.25 97.02 0.034+
segment 96.62 96.62 1.00 45x40264-2C 86.67 78.00 0.00+
mushroom 100.00 98.97 0.00+ internet-ads 96.46 96.49 0.91
adult 86.06 86.06 1.00 average 94.42 91.78
average 84.84 84.28 Win/Loss 2/0
Win/Loss 2/0
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Table 7: Comparison of INTERACT and INTERACT) g (INTERACT without feature ranking), accu-
racy of SVM on selected features. The symbols “4” and “-” respectively identify statistically significant
(at 0.05 level) if INTERACT wins over or loses to the compared algorithm.

Group 1 Group 2
Data Set INTERACT INTERACT\p p — val Data Set INTERACT | INTERACT\r p — val
soy-small 100.00 78.00 0.00+ lung-cancer 62.5 51.67 0.05+
heart 84.37 84.37 1.00 700 93.07 96.00 0.59
ecoli 83.33 83.33 1.00 wine 96.63 93.27 0.05+
glass 56.17 58.03 0.10 soy-large 83.33 85.66 0.03-
wisc-canc 96.14 96.42 0.51 cmce 48.74 48.74 1.00
lymph 81.76 78.95 0.45 vehicle 73.88 73.88 1.00
pima 77.18 77.18 1.00 kr-vs-kp 95.9 95.9 1.00
austral 84.76 84.76 1.00 Average 79.15 77.87 1.00
breast-cancer 70.62 70.28 0.61 ‘Win /loss 2/1
credit 84.62 84.62 1.00 Group 3
vote 95.63 91.47 0.10 Data Set INTERACT | INTERACT\r p — val
colic 83.68 83.14 0.17 musk?2 90.19 87.06 0.00+
german 75.67 72.77 0.01+ USCensus90 98.27 97.97 0.024+
segment 88.36 88.40 0.34 45x40264-2C 95.56 79.00 0.07
mushroom 99.90 100.00 0.10 internet-ads 96.34 95.30 0.01+
adult 84.81 84.81 1.00 average 95.09 89.83
Average 84.19 82.28 Win/loss 3/0
Win /loss 2/0

28



Table 8: Comparison of INTERACT and INTERACT g (ranking using ReliefF), accuracy of C4.5 on
selected features. The symbols “+” and “-” respectively identify statistically significant (at 0.05 level)
if INTERACT wins over or loses to the compared algorithm.

Group 1 Group 2
Data Set INTERACT INTERACTgrFp p — val Data Set INTERACT INTERACTgrFp p — val
soy-small 100.00 100.00 1.00 lung-cancer 75.00 58.33 0.5+
heart 76.98 76.98 1.00 Z0O 91.09 91.09 1.00
ecoli 82.42 82.42 1.00 wine 96.63 96.63 1.00
glass 71.45 71.45 1.00 soy-large 82.03 82.03 1.00
wisc-canc 95.43 95.57 0.34 cmce 52.14 52.14 1.00
lymph 75.76 75.76 1.00 vehicle 73.05 73.05 1.00
pima 74.19 74.19 1.00 kr-vs-kp 99.19 99.19 1.00
austral 86.51 86.51 1.00 Average 81.30 78.92
breast-cancer 71.34 71.34 1.00 ‘Win /loss 1/0
credit 85.06 85.06 1.00 Group 3
vote 96.78 96.78 1.00 Data Set INTERACT | INTERACTRrr p — val
colic 85.31 85.59 0.58 musk2 96.30 95.30 0.05+
german 73.48 72.47 0.12 USCensus90 98.25 98.37 0.50
segment 96.62 96.62 1.00 45x4026+2C 86.67 94.00 0.17
mushroom 100.00 98.97 0.00+ internet-ads 96.46 96.67 0.13
adult 86.06 86.06 1.00 average 94.42 96.09
Average 84.84 84.73 Win/loss 1/0
Win/loss 1/0
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Table 9: Comparison of INTERACT and INTERACT g (ranking using ReliefF), accuracy of SVM
on selected features. The symbols “+” and “-” respectively identify statistically significant (at 0.05

level) if INTERACT wins over or loses to the compared algorithm.

Group 1 Group 2
Data Set INTERACT | INTERACTRrF p — val Data Set INTERACT | INTERACTRrF p — val
soy-small 100.00 100.00 1.00 lung-cancer 62.5 52.50 0.21
heart 84.37 84.37 1.00 700 93.07 93.07 1.00
ecoli 83.33 83.33 1.00 wine 96.63 96.63 1.00
glass 56.17 57.08 0.34 soy-large 83.33 83.33 1.00
wisc-canc 96.14 96.14 1.00 cmce 48.74 48.74 1.00
lymph 81.76 81.76 1.00 vehicle 73.88 73.88 1.00
pima 77.18 77.18 1.00 kr-vs-kp 95.9 96.09 0.54
austral 84.76 84.76 1.00 Average 79.15 77.75 1.00
breast-cancer 70.62 70.97 0.34 Win/loss 0/0
credit 84.62 84.62 1.00 Group 3
vote 95.63 95.63 1.00 Data Set INTERACT INTERACTRrF p — val
colic 83.68 83.42 0.69 musk?2 90.19 86.28 0.00+
german 75.67 75.28 0.70 USCensus90 98.27 98.22 0.42
segment 88.36 88.36 1.00 45x%4026+2C 95.56 95.56 1.00
mushroom 99.90 96.60 0.00+ internet-ads 96.34 95.91 0.20
adult 84.81 84.82 0.44 average 95.09 93.99
Average 84.19 84.02 Win/loss 1/0
Win/loss 1/0
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Table 10: Run time (in second) for each feature selection algorithms over benchmark data sets.

Time [ INTERACT |  FCBF ] CFS [ ReliefF [ FOCUS
Group 1
soy-small 0.16 0.03 0.05 0.05 0.08
heart 0.11 0.02 0.02 0.11 6.77
ecoli 0.11 0.02 0.02 0.03 0.09
glass 0.11 0.02 0.02 0.02 0.23
wisc-canc 0.13 0.02 0.02 0.05 0.64
lymph 0.11 0.02 0.00 0.02 10.3
pima 0.13 0.02 0.02 0.06 0.53
austral 0.16 0.03 0.03 0.06 48.27
breast-cancer 0.09 0.00 0.00 0.02 0.38
credit 0.14 0.03 0.03 0.06 98.17
vote 0.11 0.02 0.00 0.03 47.89
colic 0.13 0.02 0.00 0.05 618.63
german 0.20 0.03 0.03 0.13 4938.16
segment 0.88 0.38 0.39 0.31 1097.13
mushroom 0.63 0.17 0.27 0.94 NA
adult 10.94 2.11 1.92 3.24 NA
Average 0.88 0.18 0.17 0.32 490.52
Group 2
lung-cancer 0.09 0.00 0.05 0.03 2.31
700 0.09 0.02 0.02 0.02 0.81
wine 0.13 0.02 0.02 0.02 0.33
soy-large 0.14 0.03 0.06 0.09 NA
cmc 0.16 0.02 0.02 0.08 2.81
vehicle 0.22 0.05 0.06 0.11 976.58
kr-vs-kp 1.19 0.19 0.28 0.58 NA
Average 0.29 0.04 0.07 0.13 196.57
Group 3
musk?2 22.33 7.73 12.27 7.38 NA
USCensus90 3.75 0.89 1.08 3.03 NA
45x4026+2C 20.45 0.95 324.80 1.75 NA
internet-ads 149.42 63.33 53.58 31.27 NA
Average 48.99 18.23 97.93 10.86 NA
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(1) After a feature is removed, some maximal

inconsistent-instances sets will be combined
together to form a new maximal inconsistency
-instances set. (2) As the instances in the same
set share the same feature value, for calculating
ICR, we only need to check the feature value of
each maximal inconsistency-instances set,
instead of each instance in the set

Figure 1: Efficient update of c-contribution
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(a) Comaprision on Runtime (Normal Scale, Datasets with Runtime <1s)
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(b) Comaprision on Runtime (Normal Scale, Datasets with Runtime >1s)
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Figure 2: Run time (sec.) curves of INTERACT and INTERACT, p of the 27 data sets.
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Figure 3: Run time (sec.) curves of each algorithm on five large data sets.
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