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Abstract

This paper describes efficient methods for exact
and approximate implementation of the MIN-
FEATURES bias, which prefers consistent hy-
potheses definable over as few features as pos-
sible. This bias is useful for learning domains
where many irrelevant features are present in
the training data.

We first introduce FOCUS-2, a new al-
gorithm that exactly implements the MIN-
FEATURES bias. This algorithm is empir-
ically shown to be substantially faster than
the FOCUS algorithm previously given in [Al-
muallim and Dietterich, 1991]. We then intro-
duce the Mutual-Information-Greedy, Simple-
Greedy and Weighted-Greedy algorithms,
which apply efficient heuristics for approximat-
ing the MIN-FEATURES bias. These algo-
rithms employ greedy heuristics that trade op-
timality for computational efficiency. Experi-
mental studies show that the learning perfor-
mance of ID3 is greatly improved when these
algorithms are used to preprocess the train-
ing data by eliminating the irrelevant features
from ID3’s consideration. In particular, the
Weighted-Greedy algorithm provides an excel-
lent and efficient approximation of the MIN-
FEATURES bias.

1 Introduction

In many inductive learning applications, one has to deal
with training data that contain many features that are ir-
relevant to the target concept being learned. In these do-
mains, an appropriate bias is the MIN-FEATURES bias,
which prefers any consistent hypothesis definable over as
few features as possible. Previous work [Almuallim and
Dietterich, 1991] showed that this simple bias is strong
enough to yield polynomial sample complexity. The
same study showed that—contrary to expectations—
the performance of conventional inductive learning algo-
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rithms such as ID3 [Quinlan, 1986] and FRINGE [Pa-
gallo and Haussler, 1990] is seriously reduced by the
presence of irrelevant features. These results suggested
that one should not rely on these algorithms to filter out
irrelevant features. Instead, some technique should be
employed to eliminate irrelevant features and focus the
learning algorithm on the relevant ones.

Given a set of training examples of an unknown tar-
get concept, the task for any algorithm implementing the
MIN-FEATURES bias is to find the smallest subset of
the given features that permits a consistent hypothesis to
be defined. In previous work [Almuallim and Dietterich
91], an algorithm called FOCUS was presented that ex-
actly implements the MIN-FEATURES bias. However,
the worst-case running time of this algorithm is expo-
nential in the number of relevant features. The goal
of this paper is to describe more efficient algorithms
for exact and approximate implementation of the MIN-
FEATURES bias.

Specifically, the paper first introduces FOCUS-2,
a new algorithm that exactly implements the MIN-
FEATURES bias. This algorithm is empirically shown
to be substantially faster than FOCUS. We then in-
troduce the Mutual-Information-Greedy, Simple-Greedy
and Weighted-Greedy algorithms, which apply efficient
heuristics for approximating the MIN-FEATURES bias.
Unlike FOCUS-2, these algorithms employ greedy heuris-
tics that trade optimality for computational efficiency.
Experimental studies show that the learning perfor-
mance of ID3 [Quinlan, 1986] is greatly improved when
these algorithms are used to preprocess the training data
by eliminating the irrelevant features from ID3’s consid-
eration. In particular, the Weighted-Greedy algorithm
provides an excellent and efficient approximation of the
MIN-FEATURES bias.

The task of selecting a subset of the available features
that meets a given criterion has long been known in the
field of pattern recognition as the problem of “feature se-
lection” or “dimensionality reduction.” However, most
of the work in this area seeks to enhance the compu-
tational efficiency of particular classifiers while leaving
their accuracy unaffected, whereas the goal of this paper
is to improve the accuracy of the classifier by selecting
the minimal number of features.

The typical case studied in pattern recognition in-
volves a classifier that is capable of performing quite



well without feature selection (i.e., using all of the avail-
able features). However, for ease of hardware imple-
mentation and speed of processing, it is necessary to re-
duce the number of features considered by the classifier.
Generally, the classifiers studied in pattern recognition
have the so-called monotonicity property ([Narendra and
Fukunaga, 1977]) that as the number of features is re-
duced, the accuracy decreases. The goal of feature selec-
tion is to eliminate as many features as possible without
significantly degrading performance.

Most feature selection criteria in pattern recognition
are defined with respect to a specific classifier or group
of classifiers. For example, [Kittler, 1980] show meth-
ods for selecting a small subset of features that opti-
mizes the expected error of the nearest neighbor clas-
sifier.  Similar work has addressed feature selection
for the Box classifier [Ichino and Sklansky, 1984a), the
linear classifier [Ichino and Sklansky, 1984b] and the
Bayes classifier [Queiros and Gelsma, 1984]. Other
work (aimed at removing feature redundancy when fea-
tures are highly correlated) is based on performing a
principal components analysis to find a reduced set
of new uncorrelated features defined by combining the
original features using the eigenvectors [Morgera, 1986;
Mucciardi and Gose, 1971]. To our knowledge, the prob-
lem of finding the smallest subset of Boolean features
that is sufficient to construct a consistent hypothesis (re-
gardless of the form of the hypothesis)—which is the
topic of this paper—has not been addressed.

2 Preliminaries

Let {z1, 22, --2,} be a set of n Boolean features, and
let U,, denote the set of all possible assignments to these
features. A concept ¢ is a subset of U, (i.e., all positive
instances of ¢). An ezample for a concept ¢ is a pair
(X, class), where X € U, and class is + if X € ¢ and
— otherwise. A sample is a set of examples drawn at
random from U, .

Given a training sample and a set of features @, a suf-
ficiency testis a procedure for checking whether @) is suf-
ficient to form a consistent hypothesis. The sufficiency
test can be implemented simply by checking whether the
sample contains a pair (X;,4) and (X, —) of positive
and negative examples such that X; and X, have the
same values for all the features in ). If such a pair
appears, then ) cannot discriminate all of the positive
examples from all of the negative examples. In general,
( is a sufficient set if and only if no such a pair appears
in the training sample.

For a pair of examples (X1, +) and (X2, —), we define
a conflict generated from this pair as an n-bit vector a =
(arag - - ay,) where a; = 1 if X; and X, have different
values for the feature z; and 0 otherwise. We will say
that a is ezxplained by z; if and only if a; = 1. Using this
terminology, a set @ of features is sufficient to construct
a hypothesis consistent with a given training sample if
and only if every conflict generated from the sample is
explained by some feature in @).

Example: Let the training sample be
(010100, +) (011000, —)

Algorithm FOCUS-2(Sample)
1. If all the examples in Sample have the same class,
then return ¢.
2. Let G be the set of all conflicts generated from
Sample.
3. Queue= {My 4}.
/* This is a first-in-first-out data structure. */
4. Repeat
4.1. Pop the first element in Queue. Call it M4 B.
4.2. Let OUT = A.
4.3. Let a be the conflict in G not explained by any
of the features in A such that
|Z, — B| is minimized, where Z, is the set of
features explaining a.
4.4. For each z € Z, — B
4.4.1. If Sufficient(A | J{z}), return (A J{z}).

4.4.2. Insert M, Utz1,007 at the tail of Queue.

44.3. OUT = OUT | J{=}.
end FOCUS-2.

Figure 1: The FOCUS-2 learning algorithm.

(110010, +) (101001, —)
(101111, +) (100101, —)

Then, the set of all conflicts generated from this sam-
ple is

ay = (001100) ag = (101010)
ay = (111101) as = (011011) ag = (000110)

as = (110001) ag = (010111) as = (001010)

The reader can check that the subset {z1,z3,24} is
sufficient to form a consistent hypothesis (e.g., 123 V
(Z3 @ x4)), and that all subsets of cardinality less than
3 are insufficient. O.

Given a sufficient subset of features, it is easy to con-
struct a consistent hypothesis. For example, the algo-
rithm ID3 [Quinlan, 1986] can be applied to the training
sample but restricted to consider only the features in the
given subset. Hence, in the rest of this paper, finding a
solution will be taken to mean identifying a subset of
features sufficient to form a consistent hypothesis.

3 Improving the FOCUS Algorithm

The FOCUS algorithm given in [Almuallim and Diet-
terich, 1991] works by trying all the subsets of features
of increasing size until a sufficient set is encountered. In
the example of the previous section, FOCUS tests the

(g) + (?) + (g) = 22 subsets of features of size 0, 1 and 2,

and some of the (g) = 20 subsets of size 3 before return-
ing a solution. By doing so, FOCUS is not exploiting all
the information given in the training sample. Consider,
for instance, the conflict a; = (001100). This conflict
tells us that any sufficient set of features must contain z3
or z4 in order to explain the conflict. Hence, none of the
sets {ajl}: {;l‘g}, {I5}: {xG}: {mla IQ}a {Ilﬂ I5}a {.1‘1, 'rG}:
{za, w5}, {22, 26}, {25, 26} can be solutions. Therefore,
all of these sets can immediately be ruled out of the
algorithm’s consideration. Many other subsets can be
similarly ruled out based on the other conflicts.
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Figure 2: An example of FOCUS-2. Rectangles indicate where the sufficiency tests occurred.

Figure 1 shows the FOCUS-2 algorithm, which takes
advantage of this observation. In this algorithm, we use
a first-in-first-out queue in which each element denotes a
subspace of the space of all feature subsets. Each element
has the form M4 p, which denotes the space of all feature
subsets that include all of the features in the set A and
none of the features in the set B. Formally,

MAyB = {T | T 2 AJTﬂB = ¢,T§ {Ila'rZa o 1m7’I}}
For example, the set My 4 denotes all possible feature
subsets, the set M, 4 denotes all feature subsets that
contain at least the features in A, and the set My p de-
notes all feature subsets that do not contain any features
in B.

The main idea of FOCUS-2 is to keep in the queue only
the promising portions of the space of feature subsets—
i.e. those that may contain a solution. Initially, the
queue contains only the element My 4 which represents
the whole power set. In each iteration in Step 4, the
space represented by the head of the queue is partitioned
into disjoint subspaces, and those subspaces that cannot
contain solutions are pruned from the search.

Consider again the conflict a; = (001100). Suppose
the current space of possible feature subsets is My 4.
We know that any sufficient feature subset must con-
tain either zs or x4. We can incorporate this knowl-
edge into the search by refining My 4 into the two sub-
spaces My,,} 4 (all feature subsets that contain z3) and
M{z,3,4z,} (all feature subsets that contain z4 and do
not contain z3). Note that the second subscript of M
is used to keep the various subspaces disjoint. Clearly,
conflicts with fewer 1’s in them provide more constraint
for the search than conflicts with more 1’s. Hence, if the
head of the queue is M4 p, then the algorithm (Step 4.3)
searches for a conflict a such that

e @ is not explained by any of the features in A, and

o the number of 1’s corresponding to features that are
not in B is minimized.

The algorithm then incorporates @ into the search.

In detail, here is how FOCUS-2 behaves on the exam-
ple given in the previous section. As shown in Figure 2,
the algorithm starts by processing My 4. The conflict
a1 = (001100) is selected in Step 4.3 and My 4 is re-
placed by M{l‘a},(ﬁ and M{x‘l},{xa}' NeXta for M{:L‘a},(ﬁa
the conflict ag = (000110) is selected, and M{s, +,},¢
and Mz, z.1,{z,} are added to the queue. Myz,} 124}
is then processed with ag = (001010) and My,, .} {24}
is inserted. Finally, when My »,} 4 is processed wit
asz = 110001, the algorithm terminates in Step 4.4.1 be-
fore adding Mys, ¢, 4},¢ to the queue, since {1, 23,4}
is a solution.

Using FOCUS-2, the number of sufficiency tests is only
7. By comparison, FOCUS must perform at least 23 suf-
ficiency tests (to test each of the 22 subsets of size up to
2, and at least one of the 20 subsets of size 3). Because
FOCUS-2 only prunes subspaces that cannot possibly
explain all of the conflicts, it is sound and complete—it
will not miss any sufficient feature subsets. Furthermore,
because it considers the subspaces M4 p in order of in-
creasing size of A, it is guaranteed to find a sufficient
subset with the smallest possible size. Finally, of course,
the number of sufficiency tests performed by FOCUS-2
will typically be much less (and certainly never more)
than the number of tests performed by FOCUS.

4 Heuristics for the MIN-FEATURES
bias
Exact implementation of the MIN-FEATURES bias in

domains with large numbers of features can be compu-
tationally infeasible!. In such cases, one may be willing

!The reader may have already noticed the connection

between the MIN-FEATURES bias and the Minimum-Set-



to employ efficient heuristics that provide good but not
necessarily optimal solutions. In this section, we describe
three such algorithms. Each of these algorithms imple-
ments an iterative procedure where in each iteration the
feature that seems most promising is added to the partial
solution. This continues until a sufficient set of features
is found. The only difference between the three algo-
rithms is the criterion used in selecting the best feature
in each iteration.

In Figure 3, we give a sketch of each of our algorithms.
More detailed and computationally efficient implemen-
tations can be found in [Almuallim, 1992]. In the follow-
ing, we describe the selection criteria implemented by
each algorithm.

The Mutual-Information-Greedy (MIG) Algo-
rithm: For a given set of features (), imagine that the
training sample is partitioned into 2!9! groups such that
the examples in each group have the same truth assign-
ment to the features in Q. (One can think of this as a
completely balanced decision tree with 2/€! leaves.) Let
p; and n; denote the number of positive and negative
examples in the ¢-th group, respectively. The entropy of
Q is defined as

al@l_1
pi + 1y pi pi
Ent = |
ntropy(Q) E [Sample] | s + i 0ga P + +
o
pi +n; 82 pi + 1

with the convention that alog, a = 0 when a = 0.

In the Mutual-Information-Greedy algorithm, the fea-
ture that leads to the minimum entropy when added to
the current partial solution is selected as the best fea-
ture.

The Simple-Greedy (SG) Algorithm: This algo-
rithm chooses each time the feature that explains the
largest number of conflicts that are not yet explained.
The conflicts that are explained by this feature are then
removed from the set of conflicts. The process is re-
peated until all conflicts are removed.

The Weighted-Greedy (WG) Algorithm: In the
Simple-Greedy algorithm, every conflict contributes a
unit increment to the score of each feature that explains
it. In the Weighted-Greedy algorithm, the increment
instead depends on the total number of features that
explain the conflict. The intuition is that if a feature
uniquely explains a conflict, then that feature must be
part of the solution set of features. If A;, is the set of
conflicts explained by a feature z;, then the score of xz;
is computed as

1

EXA: # of features explaining a — 1

scoTes; =

Cover problem, which is known to be NP-hard [Garey and
Johnson, 1979]. However, note that we assume here the ex-
istence of a small set of features that forms a solution. This
corresponds to restricting the Minimum-Set-Cover problem
to instances that have small covers.

Algorithm: Mutual-Information-Greedy(Sample)
1. Q =¢.
2. Repeat until Entropy(Q) = 0:

2.1. For each feature z;,

let scorey, =Entropy(Q U{x:}).
2.2. Let best be the feature with the lowest score.

2.3. Q = QU best }.

end Mutual-Information-Greedy

Algorithm: Simple-Greedy(Sample)
l.Q=29.
2. Let A be the set of all conflicts generated from
Sample.
3. Repeat until A is empty:
3.1. For each feature z;, let score;; = the number of
conflicts explained by ;.
3.2. Let best be the feature with the highest score.
3.3. Q@ = QU best }.
3.4. Remove from A all the conflicts explained by
best.
end Simple-Greedy.

Algorithm: Weighted-Greedy(Sample)
l.Q=2¢.
2. Let A be the set of all conflicts generated from
Sample.
3. Repeat until A is empty:
3.1. For each feature z;:
3.1.1. Az, = the set of conflicts eXplamed by ;.
3.1.2 §C0TEy; = ZGEA ; # of features explammg a—1"

3.2. Let best be the feature with the highest score.
3.3. Q@ = QU best }.
3.4. Remove from A all the conflicts explained by
best.
end Weighted-Greedy.

Figure 3: Three heuristics for approximating the MIN-
FEATURES bias.

Under this heuristic, when a feature z; explains a conflict
a, the contribution of a to the score of x; is inversely
proportional to the number of other features that explain
a. If only a few other conflicts explain a then z; receives
high credit for explaining a. In the extreme case where
a 1s exclusively explained by z;, the score of x; becomes
oo. This causes the feature to be included in the solution
with certainty.

5 Experimental Results

5.1 Sample Complexity and Accuracy

In this subsection, we test the value of each of the heuris-
tics of Section 4 for learning tasks where many irrelevant
features are present. Note that these heuristics are not
complete learning algorithms—rather they are prepro-
cessors that provide us only with a set of features suffi-
cient to construct a consistent hypothesis. To construct
an actual hypothesis, we first filter the training examples
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available features. ID3 requires 2236 examples when the total number of features is 12.

to remove all features not selected during preprocessing.
Then we give the filtered examples to ID3 to construct
a decision tree. We will refer to the three algorithms as
MIG+ID3, SG4+ID3 and WG+ID3. Likewise, using FO-
CUS instead of these heuristics to find a sufficient subset
of features will be denoted FOCUS+ID3.

For comparison, our experiments also include ID3 with
no preprocessing in addition to FRINGE [Pagallo and
Haussler, 1990]. Our version of ID3 performs no win-
dowing or forward pruning and employs the information
gain (mutual information) criterion to select features.
FRINGE is terminated after at most 10 iterations.

The algorithms are evaluated through a set of experi-
ments similar to those reported in [Almuallim and Diet-
terich, 1991]. Details of the experiments can be found in
[Almuallim, 1992]. We report here two kinds of experi-
ments. In the first experiment, we are interested in the
worst-case performance over a class of concepts, where
each concept is definable over at most p out of n features
(and hence, the MIN-FEATURES bias is appropriate).
As our measure of performance, we employ the sample
complexity—the minimum number of training examples
needed to ensure that every concept in the class can be
learned in the PAC sense [Blumer et al., 1987]. We esti-
mate the sample complexity with respect to fixed learn-
ing parameters p,n,¢, and 6 and with training samples
drawn according to the uniform distribution.

In the second experiment, we are interested in the
average-case performance of the algorithms. We ran-
domly generated a collection of concepts that involve
only a few features among many available ones. We then
measured the accuracy rate of each algorithm while pro-
gressively increasing the size of the training sample—i.e.
by plotting the learning curve for each of the concepts
under consideration.

EXPERIMENT 1: Sample Complexity. The goal
of this experiment is to estimate the minimum number
of examples that enables each algorithm to PAC learn all
the concepts of at most 3 relevant features out of n avail-
able features for n = 8,10 and 12. To decide whether
an algorithm L learns a concept ¢ for sample size m, we
generate 100,000 random samples of ¢ of size m. We con-
clude that c is learned by L if and only if for at least 90%
of these samples L returns a hypothesis that is at least
90% correct. Thus, the quantity measured here can be
viewed as an empirical estimate of the sample complezity
of each algorithm [Blumer et al., 1987] for e = 6 = 0.1.
To reduce the computational costs involved in this ex-
periment, we exploited the fact that the algorithms are
symmetric with respect to the permutation and nega-
tion of any subset of the features of the target concept

[Almuallim, 1991].

The results of this experiment for n = 8,10 and 12 are
shown in Figure 4.

EXPERIMENT 2: Learning Curve. The purpose
of this experiment is to perform a kind of “average-case”
comparison between the algorithms. The experiment is
conducted as follows. First, we randomly choose a con-
cept such that it has only a few relevant features among
many available ones. We then run each of the algorithms
on randomly-drawn training samples of this concept and
plot the accuracy of the hypothesis (i.e., the percentage
of the examples correctly classified by the hypothesis)
returned by each algorithm against the training sample
size. This is repeated for various sample sizes for the
same concept.

The above procedure was applied on 100 randomly
selected concepts each having at most 5 relevant features
out of 16 available features. For each of these concepts,
the sample size m was varied from 20 to 120 examples.
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For each value of m, the accuracy rate was averaged over
100 randomly drawn training samples.

Figure 5 shows a pattern typical of all learning curves
that we observed.

As a way to combine the results of the 100 concepts,
we have measured the difference in accuracy between
FOCUS and each of the other algorithms for each sample
size, and averaged that over all the 100 target concepts.
The result is shown in Figure 6.

DISCUSSION: The performance of the algorithms
tested in the above experiments can be summarized as
follows:

1. Each of the three heuristics improved the perfor-
mance of ID3 when learning in the presence of irrel-
evant features.

2. Weighted-Greedy gave the overall best approxima-
tion to the MIN-FEATURES bias. The perfor-
mance of this algorithm was quite close to that of
FOCUS both in the worst and average cases.

3. Mutual-Information-Greedy and Simple-Greedy are
very much alike. These algorithms maintained a
reasonable average-case performance, but exhibited
a rather bad worst-case performance.

4. Finally, FRINGE showed poor average-case perfor-
mance, but its worst-case performance is almost
as good as Weighted-Greedy and substantially bet-
ter than Mutual-Information-Greedy and Simple-
Greedy. In terms of the computational costs, how-
ever, FRINGE is much more expensive than any of
the three heuristics considered here.

5.2 Execution Time Comparisons

In this subsection, we compare the computational costs
of FOCUS, FOCUS-2 and WG measured as the the num-
ber of sufficiency tests and the amount of CPU-time re-
quired by each algorithm to return a solution. The three
algorithms were implemented in C. Special attention was
given to optimizing the implementation of FOCUS.

The experiments were conducted using target concepts
that have only a few relevant features out of many avail-
able. The relative performance of the algorithms was
greatly affected by the problem size measured as the
number of the available features and the ratio of the
relevant features to that number. However, when the
problem size was reasonably large, the relative perfor-
mance followed a consistent trend. This trend is illus-
trated by Table 1 where we give the result for a target
concept with 9 relevant features out of 25 available fea-
tures. Training examples were drawn with replacement
under the uniform distribution and the training sample
size was varied from 100 to 500. The numbers in this
table are averaged over 10 runs for each training sample
size.

Overall, we found that FOCUS-2 was several times
faster than FOCUS and that Weighted-Greedy was fur-
ther many times faster than FOCUS-2. It is interesting
to note that the number of sufficiency tests done by FO-
CUS remains steady as the training sample size grows,
since it blindly follows the same steps for any training
sample. FOCUS-2, on the other hand, does a progres-
sively smaller number of sufficiency tests as the number
of training examples increases. This is because with a
larger sample there is a greater chance of getting con-
flicts that are explained by only few features, and conse-
quently, a better chance for significant reduction in the
number of sufficiency tests needed by FOCUS-2.
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6 Conclusions and Future Research

This paper dealt with the problem of reducing the com-
putational costs involved in implementing the MIN-
FEATURES bias. Section 3 introduced the FOCUS-2
algorithm, which provides an implementation of this bias
that is substantially faster than the FOCUS algorithm
previously given in [Almuallim and Dietterich, 1991].
Section 4 introduced three efficient heuristics for approx-
imating the MIN-FEATURES bias. Experimental stud-
ies were reported in which each of these algorithms was
used to preprocess the training data to remove the irrel-
evant features. All of these algorithms were found to be
helpful in improving the performance of ID3J in learning
tasks where many irrelevant features are present. In par-
ticular, the Weighted-Greedy algorithm exhibited excel-
lent performance that closely matches what is obtained
by the exact MIN-FEATURES bias. We recommend
that, in applications where the MIN-FEATURES bias is
appropriate, the Weighted-Greedy algorithm should be
applied to preprocess the training sample before invok-
ing a decision-tree algorithm, such as ID3.

All of the approximation algorithms we give can be
shown to be polynomial time algorithms. A challenging
goal for future research is to prove formal results on the
sample complexity of these and similar approximation
algorithms.

The work reported in this paper assumes noise-free
training data. A direct way to deal with classification
noise is to modify the given algorithms by relaxing the
requirement of explaining allthe conflicts generated from
the training data. That is, we search for a small set of
features that may leave a certain percentage of the con-
flicts unexplained, where such percentage can be deter-
mined through cross-validation. Studying this and more
sophisticated approaches to dealing with noise and ap-

plying the resulting techniques to real-world problems
are two important topics for future work.

References

[Almuallim, 1992] Almuallim, H. Concept Coverage and
Its Application to Two Learning Tasks. Ph.D. The-
sis. Department of Computer Science, Oregon State
University, Corvallis, Oregon. Forthcoming.

[Almuallim and Dietterich, 1991] Almuallim, H. and Di-
etterich, T. G. Learning With Many Irrelevant Fea-
tures. In Proceedings of the 9th National Conference
on Artificial Intelligence (AAAI-91), 547-552, 1991.

[Almuallim, 1991] Almuallim, H. Exploiting Symmetry
Properties in the Evaluation of Inductive Learn-
ing Algorithms: An Empirical Domain-Independent
Comparative Study. Technical Report, 91-30-09,
Dept. of Computer Science, Oregon State University,
Corvallis, OR 97331-3202, 1991.

[Blumer et al., 1987] Blumer, A.; Ehrenfeucht, A.;
Haussler, D.; and Warmuth, M. Learnability and the
Vapnik-Chervonenkis Dimension, Technical Report
UCSC-CRL-87-20, Department of Computer and In-
formation Sciences, University of California, Santa
Cruz, Nov. 1987. Also in Journal of ACM, 36(4):929—
965, 1990.

[Ichino and Sklansky, 1984a] Ichino, M. and Sklansky,
J. Optimum Feature Selection by Zero-One Integer
Programming. In IEEE Trans. Sys. Man & Cyb.,
Vol. SMC-14, No. 5, 737-746, Sep 1984.

[Ichino and Sklansky, 1984b] Ichino, M. and Sklansky,
J. Feature Selection for Linear Classifiers, In The
Seventh International Conference on Pattern Recog-
nition, 124-127, 1984.



Table 1: The number of sufficiency tests and CPU-time of FOCUS, FOCUS-2 and WG for a target concept with 9

relevant features out of 25 available features.

Algorithm Training Set Size
100 200 300 400 500
FOCUS Sufficiency Tests | 442189.4 | 1329330.5 | 2908068.9 | 2665664.0 | 2695393.0
Time (seconds) 9.74 55.1 211.1 191.7 186.1
FOCUS-2  Sufficiency Tests 10593.1 9785.3 11339.5 8768.9 5582.3
Time (seconds) 2.0 7.1 20.5 31.9 325
WG Sufficiency Tests 8.5 10.1 10.7 10.5 11.0
Time (seconds) 0.16 0.86 2.31 4.3 7.0

[Garey and Johnson, 1979] Garey, M. R. and Johnson
D. S. Computers and Intractability. W.H. Freeman
and Company, 1979.

[Kittler, 1980] Kittler, J. Computational Problems of
Feature Selection Pertaining to Large Data Sets. In
Pattern Recognition in Practice. Gelsma, E.S. and
Kanal, L.N. (eds.) North-Holland Publishing Com-
pany, 405414, 1980.

[Morgera, 1986] Morgera, S.D. Computational Com-
plexity and VLSI Implementation of an Optimal Fea-
ture Selection Strategy In Pattern Recognition In
Practice II, Gelsma, E.S. and Kanal, L.N. (eds.),
1986. Elsevier Science Publishers B.V. (North-
Holland), 389-400, 1986.

[Mucciardi and Gose, 1971] Mucciardi, A.N. and Gose,
E.E. A Comparison of Seven Techniques for Choos-
ing Subsets of Pattern Recognition Properties, [EEE
Trans. Computers, Vol. C-20, No. 9, 1023-1031, Sep
1971.

[Narendra and Fukunaga, 1977] Narendra, P.M. and
Fukunaga, K. A Branch and Bound Algorithm for
Feature Subset Selection, IEEE Trans. Computers,
Vol. C-26, No. 9, 917-922, 1977.

[Pagallo and Haussler, 1990] Pagallo, G.; and Haussler,
D. Boolean feature discovery in empirical learning.
Machine Learning, 5(1):71-100, 1990.

[Queiros and Gelsma, 1984] Queiros, C.E. and Gelsma,
E.S. On Feature Selection, In The Seventh Interna-

tional Conference on Pattern Recognition, 128-130,
1984.

[Quinlan, 1986] Quinlan, J. R. Induction of Decision
Trees, Machine Learning, 1(1):81-106, 1986.




