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linearly biased in favour of irrelevant attributes with greater numbers of values. This is
undesirable when measuring an attribute’s ability to predict the class because an irrele-
vant attribute with many values may appear more useful than an informative attribute with
few values. The experiments of Section 4.3.3 show that the danger of this occurring is
greater for small training set sizes. However, this bias towards multi-valued irrelevant
attributes can be advantageous with respect to the feature-feature inter-correlations used
in the denominator of Equation 4.2. In Equation 4.2, a feature is more acceptable if it
has low correlation with the other features—a multi-valued irrelevant feature will appear

more correlated with the others and is less likely to be included in the subset.

Symmetrical uncertainty and relief are optimistic measures when there is little training
data; the MDL measure is pessimistic. When training sets are small, using the MDL
measure in Equation 4.2 may result in a preference for smaller feature subsets containing

only very strong correlations with the class.

The next section introduces CFS, a correlation based feature selection algorithm that uses

the attribute quality measures described above in its heuristic evaluation function.

4.4 A Correlation-based Feature Selector

CFS is a simple filter algorithm that ranks feature subsets according to a correlation based
heuristic evaluation function. The bias of the evaluation function is toward subsets that
contain features that are highly correlated with the class and uncorrelated with each other.
Irrelevant features should be ignored because they will have low correlation with the class.
Redundant features should be screened out as they will be highly correlated with one or
more of the remaining features. The acceptance of a feature will depend on the extent
to which it predicts classes in areas of the instance space not already predicted by other
features. CFS’s feature subset evaluation function (Equation 4.2) is repeated here (with

slightly modified notation) for ease of reference:

kTey
S =
VE + E(k = 1777
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where My is the heuristic “merit” of a feature subset S containing k features, T is
the mean feature-class correlation (f € S), and 75 is the average feature-feature inter-
correlation. The numerator of Equation 4.16 can be thought of as providing an indication
of how predictive of the class a set of features are; the denominator of how much redun-

dancy there is among the features.

Equation 4.16 forms the core of CFS and imposes a ranking on feature subsets in the
search space of all possible feature subsets. This addresses issue 3 (evaluation strategy) in
Langley’s [Lan94] characterization of search based feature selection algorithms (Chapter
3, Section 2). Since exhaustive enumeration of all possible feature subsets is prohibitive
in most cases, issues 1, 2, and 4, concerning the organization of the search, start point,
and stopping criterion must be addressed also. The implementation of CES used in the
experiments described in this thesis allows the user to choose from three heuristic search
strategies: forward selection, backward elimination, and best first. Forward selection
begins with no features and greedily adds one feature at a time until no possible single
feature addition results in a higher evaluation. Backward elimination begins with the
full feature set and greedily removes one feature at a time as long as the evaluation does
not degrade. Best first can start with either no features or all features. In the former, the
search progresses forward through the search space adding single features; in the latter the
search moves backward through the search space deleting single features. To prevent the
best first search from exploring the entire feature subset search space, a stopping criterion
is imposed. The search will terminate if five consecutive fully expanded subsets show no

improvement over the current best subset.

Figure 4.4 shows the stages of the CFS algorithm and how it is used in conjunction with
a machine learning scheme. A copy of the training data is first discretized using the
method of Fayyad and Irani [FI93], then passed to CES. CFS calculates feature-class and
feature-feature correlations using one of the measures described in section refsec:cnf and
then searches the feature subset space. The subset with the highest merit (as measured
by Equation 4.16) found during the search is used to reduce the dimensionality of both
the original training data and the testing data. Both reduced datasets may then be passed

to a machine learning scheme for training and testing. It is important to note that the
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general concept of correlation-based feature selection does not depend on any one module
(such as discretizaton). A more sophisticated method of measuring correlation may make

discretization unnecessary. Similarly, any conceivable search strategy may be used with
CFS.

CFS
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Figure 4.4: The components of CFS. Training and testing data is reduced to contain only
the features selected by CFS. The dimensionally reduced data can then be passed to a
machine learning algorithm for induction and prediction.

Three variations of CFS—each employing one of the attribute quality measures described
in the previous section to estimate correlations in Equation 4.16—are evaluated in the
experiments described in Chapter 5. CFS-UC uses symmetrical uncertainty to measure
correlations, CFS-MDL uses normalized symmetrical MDL to measure correlations, and
CFS-Relief uses symmetrical relief to measure correlations. Unknown (missing) data
values are treated as a separate value when calculating correlations. The best way to
deal with unknowns depends on their meaning in the domain. If the unknown has a
special meaning (for example, a blank entry for a particular symptom of a disease may
mean that the patient does not exhibit the symptom), treating it as a separate value is

the best approach. However, if the unknowns represent truly missing information, then a
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more sophisticated scheme such as distributing the counts associated with missing entries
across the values of an attribute (in proportion to their relative frequencies) may be more

appropriate.

Table 4.2 and Table 4.3 give an example of CFS applied to the “Golf” data set (Table
2.1). Table 4.2 shows the feature correlation matrix for the data set—relief has been used
to calculate the correlations. Table 4.3 illustrates a forward selection search through the
feature subset space along with the merit of each subset, calculated using Equation 4.16.
The search begins with the empty set of features, which has zero merit. Each single
feature addition to the empty set is evaluated; Humidity is added to the subset because it
has the highest score. The next step involves trying each of the remaining features with
Humidity and choosing the best (Outlook). Similarly, in the next stage Wind is added to
the subset. The last step tries the single remaining feature (Temperature) with the current
subset; this does not improve its merit and the search terminates. The best subset found

(Outlook, Humidity, Wind) is returned.

[ | Outlook | Temperature | Humidity | Wind | Class |

Outlook 1.000 0.116 0.022 0.007 | 0.130
Temperature 1.000 0.248 0.028 | 0.025
Humidity 1.000 0.000 | 0.185
Wind 1.000 | 0.081

Table 4.2: Feature correlations calculated from the “Golf” dataset. Relief is used to cal-
culate correlations.

Computational Expense The time complexity of CFS is quite low. It requires m((n? —
n)/2) operations for computing the pairwise feature correlation matrix, where m is the
number of instances and n is the initial number of features. The feature selection search
requires (n? — n)/2 operations (worst case) for a forward selection or backward elimi-
nation search. Best first search in its pure form is exhaustive, but the use of a stopping
criterion makes the probability of exploring the entire search space small. In evaluating
Equation 4.16 for a feature subset S containing k features, k additions are required in
the numerator (feature-class correlations) and (k% — k)/2 additions are required in the
denominator (feature-feature inter-correlations). Since the search algorithm imposes a
partial ordering on the search space, the numerator and denominator of Equation 4.16

can be calculated incrementally; this requires only one addition (or subtraction if using a
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| Feature set k| 77 i/ Merit
POutlook] (1) 0N1/§0 1N(;30 _1x0.130 13‘?'0 0.130
[Temperature] 1|0.025 | 1.000 % =0.025
[Humidity] 1]0.185 | 1.000 l—lf—j?l'lfls)l.o =0.185
[Wind] 1| 0.081 | 1.000 lixl?io_f’ll)l = = 0.081
[Outlook Humidity] 2 | 0.158 | 0.022 % = 0.220
[Temperature Humidity] 2 0.105 | 0.258 ﬁ% =0.133
[Humidity Wind] 210133 | 0.0 7__2*0-133 =0.188
[Outlook Temperature Humidity] 310113 | 0.132 32%31%())01:2 = 0.175
[Outlook Humidity Wind] 3 | 0.132 | 0.0096 % = 0.226
[Outlook Temperature Humidity Wind] | 4 | 0.105 | 0.0718 %ﬂ—s =0.191

Table 4.3: A forward selection search using the correlations in Table 4.2. The search
starts with the empty set of features [] which has merit 0.0. Subsets in bold show where
a local change to the previous best subset has resulted in improvement with respect to the
evaluation function.

backward search) in the numerator and k£ additions/subtractions in the denominator.

If a forward search is used, it is not necessary to pre-compute the entire feature correla-
tion matrix; feature correlations can be calculated as they are needed during the search.
Unfortunately, this can not be applied to a backward search as a backward search begins

with all features.

Independence Assumption Like the naive Bayesian classifier, CFS assumes that features
are conditionally independent given the class. Experiments with naive Bayes on real data
sets has shown that it can perform well even when this assumption is moderately vio-
lated [DP96, DP97]; it is expected that CFS can identify relevant features when moderate
feature dependencies exist. However, when strong feature interactions occur, CFS may
fail to select all the relevant features. An extreme example of this is a parity problem—no
feature in isolation will appear any better than any other feature (relevant or not). Chapter

8 explores two additional methods for detecting feature dependencies given the class.
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4.5 Chapter Summary

This chapter presents a new feature selection technique for discrete-class supervised learn-
ing. The technique, dubbed CFS (Correlation-based Feature Selection) assumes that use-
ful feature subsets contain features that are predictive of the class but uncorrelated with
one another. CFS computes a heuristic measure of the “merit” of a feature subset from
pair-wise feature correlations and a formula adapted from test theory. Heuristic search is
used to traverse the space of feature subsets in reasonable time; the subset with the highest

merit found during the search is reported.

CEFS treats features uniformly by discretizing all continuous features in the training data at
the outset. The supervised discretization method of Fayyad and Irani [F193] is employed
because this method has been found to perform the best when used as a pre-processing

step for machine learning algorithms [DKS95, KS96a].

Three measures of association between nominal variables are reviewed for the task of
quantifying the feature-class and feature-feature correlations necessary to calculate the
merit of a feature subset from Equation 4.16. Symmetrical uncertainty, MDL, and relief
all prefer predictive features with fewer values over those with more values. The bias
of these measures is likely to promote the choice of feature subsets that will give good
results with machine learning algorithms (especially those that prefer compact predictive
theories) than the bias of measures (such as information gain) that favour multi-valued
attributes. All three measures may report irrelevant attributes with many values as being
predictive to some degree. The chance of an irrelevant attribute being preferred to a

predictive one is greatest when there are few training examples.
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Chapter 5

Datasets Used in Experiments

In order to evaluate the effectiveness of CFS for selecting features for machine learning,
this thesis takes an empirical approach by applying CFS as a pre-processing step for

several common machine learning algorithms.

This chapter reviews the datasets and the general methodology used in the experiments

presented in Chapters 6, 7, and 8.

5.1 Domains

Twelve natural domains and six artificial domains were used for evaluating CFS with
machine learning algorithms. The natural domains and the three artificial Monk’s do-
mains [TBB*91] are drawn from the UCI repository of machine learning databases
[MMO98]. These domains were chosen because of (a) their predominance in the liter-
ature, and (b) the prevalence of nominal features, thus reducing the need to discretize

feature values.

In addition, three artificial domains of increasing difficulty were borrowed from Langley
and Sage [LS94c], where they were used to test a wrapper feature selector for nearest
neighbour classification. Artificial domains are useful because they allow complete con-
trol over parameters such as attribute level, predictive ability of attributes, number of
irrelevant/redundant attributes, and noise. Varying parameters allows conjectures to be

tested and the behaviour of algorithms under extreme conditions to be examined.
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Table 5.1 summarises the characteristics of these domains. The default accuracy is the
accuracy of always predicting the majority class on the whole dataset. For the three
artificial domains (A1, A2, and A3), the default accuracy is the default accuracy in the
limit, that is, given that each example is equally likely and an infinite sample is available.
Variations of the three artificial domains with added irrelevant and redundant features are

used to test CFS’s ability to screen out these types of features.

Average # Max/Min # Default
Domain || Instances Features % Missing Feature Vals Feature Vals Class Vals  Accuracy
mu 8124 22 1.3 5.3 12/1 2 51.8
VO 435 16 5.3 2.0 2/2 2 61.4
vl 435 15 5.3 2.0 2/2 2 61.4
cr 690 15 0.6 4.4 14/2 2 55.5
ly 148 18 0.0 29 8/2 4 54.7
pt 339 17 3.7 2.2 3/2 23 24.8
be 286 9 0.3 4.6 11/2 2 70.3
dna 106 55 0.0 4.0 4/4 2 50.0
au 226 69 2.0 2.2 6/2 24 25.2
sb 683 35 9.5 2.8 7/2 19 13.5
he 368 27 18.7 23.8 346/2 2 62.7
kr 3196 36 0.0 2.0 3/2 2 52.2
Al 1000 3 0.0 2.0 2/2 2 87.5
A2 1000 3 0.0 2.0 2/2 2 50.0
A3 1000 3 0.0 2.0 2/2 2 75.0
M1 432 6 0.0 2.8 4/2 2 50.0
M2 432 6 0.0 2.8 4/2 2 67.1
M3 432 6 0.0 2.8 4/2 2 52.8

Table 5.1: Domain characteristics. Datasets above the horizontal line are natural domains;
those below are artificial. The % Missing column shows what percentage of the data
set’s entries (number of features x number of instances) have missing values. Average #
Feature Vals and Max/Min # Feature Vals are calculated from the nominal features present
in the data sets.

The following is a brief description of the datasets.

Mushroom (mu) This dataset contains records drawn from The Audubon Society Field
Guide to North American Mushrooms [Lin81]. The task is to distinguish edible from
poisonous mushrooms on the basis of 22 nominal attributes describing characteristics of
the mushrooms such as the shape of the cap, odour, and gill spacing. This is a large
dataset containing 8124 instances. C4.5 and IB1 can achieve over 99% accuracy on this
dataset, but naive Bayes does not do as well, suggesting that many of the attributes may

be redundant.
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Vote (vo, v1) In this dataset the party affiliation of U.S House of Representatives Con-
gressmen is characterised by how they voted on 16 key issues such as education spending
and immigration. There are 435 (267 democrats, 168 republicans) instances and all fea-
tures are binary. In the original data, there were nine different types of vote a congressman
could make. Some of these have been collapsed into related voting categories. The v1

version of this dataset has the single most predictive attribute (physician-fee-freeze) re-

moved.

Australian credit screening (cr) This dataset contains 690 instances from an Australian
credit company. The task is to distinguish credit-worthy from non credit-worthy cus-
tomers. There are 15 attributes whose names and values have been converted to meaning-
less symbols to ensure confidentiality of the data. There are six continuous features and

nine nominal. The nominal features range from 2 to 14 values.

Lymphography (ly) This is a small medical dataset containing 148 instances. The task
is to distinguish healthy patients from those with metastases or malignant lymphoma.
All 18 features are nominal. This is the one of three medical domains (the others being
Primary Tumour and Breast Cancer) provided by the University Medical Centre, Institute

of Oncology, Ljubljana, Yugoslavia.

Primary Tumour (pt) This dataset involves predicting the location of a tumour in the
body of a patient on the basis of 17 nominal features. There are 22 classes corresponding

to body locations such as lung, pancreas, liver, and so forth. 365 instances are provided.

Breast Cancer (bc) The task is to predict whether cancer will recur in patients. There are
9 nominal attributes describing characteristics such as tumour size and location. There

are 286 instances.

Dna-promoter (dna) A small dataset containing 53 positive examples of E. coli promoter
gene sequences and 53 negative examples. There are 55 nominal attributes representing
the gene sequence. Each attribute is a DNA nucleotide (“base-pair”) having four possible

values (A, G, T, C).

Audiology (au) The task is to diagnose ear dysfunctions. There are 226 instances de-
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scribed by 69 nominal features. There are 24 classes. This dataset is provided by Profes-

sor Jergen at the Baylor College of Medicine.

Soybean-large (sb) The task is to diagnose diseases in soybean plants. There are 683
examples described by 35 nominal features. Features measure properties of leaves and

various plant abnormalities. There are 19 classes (diseases).

Horse colic (hc) There are 368 instances in this dataset, provided by Mary McLeish
and Matt Cecile from the University of Guelph. There are 27 attributes, of which 7 are
continuous. Features include whether a horse is young or old, whether it had surgery,
pulse, respiratory rate, level of abdominal distension, etc. There are a number of attributes

that could serve as the class—the most commonly used is whether a lesion is surgical.

Chess end-game (kr) This dataset contains 3196 chess end-game board descriptions.
Each end game is a King + Rook versus King + Pawn on a7 (one square away from
queening) and it is the King + Rook’s side (white) to move. The task is to predict if white
can win on the basis of 36 features that describe the board. There is one feature with three

values; the others are binary.

A1, A2, A3 These three boolean domains are borrowed from Langley and Sage [LS94c].
They exhibit an increasing level of feature interaction. Irrelevant and redundant attributes

are added to these domains to test CFS’s ability to deal with these sorts of features.

A1l is a simple conjunction of three features and exhibits the least amount of feature
interaction. The concept is:

ANBAC

The class is 1 when A, B, and C all have the value 1, otherwise the class is 0.

A2 is a disjunct of conjuncts (sometimes known as an m-of-n concept). In this case it is

a 2-of-3 concept—that is, the class is 1 if 2 or more of bits A, B, and C are set to 1:

(ANB)V(AANC)V (BAC)

This problem is more difficult than A1 due to the higher degree of interaction among the
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3 features.

A3 exhibits the highest degree of feature interaction, similar to a parity problem in that

no single feature in isolation will appear useful. The concept is:

This last domain is included as an example of a situation when CFS will fail to select the

relevant features due to the fact that its assumption of attribute independence given the

class is completely incorrect.

Monk’s problems The Monk’s problems are three artificial domains, each using the same
representation, that have been used to compare machine learning algorithms [TBB*91].

Monk’s domains contain instances of robots described by six nominal features:

Head-shape € {round, square, octagon}
Body-shape € {round, square, octagon}

Is-smiling € {yes, no}

Holding € {sword, balloon, flag}
Jacket-colour € {red, yellow, green, blue}
Has-tie € {yes, no}

There are three Monk’s problems, each with 432 instances in total. For each problem

there is a standard training and test set.

Monk1 (M1) The concept is:

(head-shape = body-shape) or (jacket-colour = red)

This problem is difficult due to the interaction between the first two features. Note that

only one value of the jacket-colour feature is useful.
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Monk2 (M2) The concept is:
Exactly two of the features have their first value.

This is a hard problem due to the pairwise feature interactions and the fact that only one
value of each feature is useful. Note that all six features are relevant to the concept. C4.5

does no better than predicting the default class on this problem.

Monk3 (M3) The concept is:

(jacket-colour = green and holding = sword) or

(jacket-colour # blue and body-shape # octagon)

The standard training set for this problem has 5% class noise added—that is, 5% of the
training examples have had their label reversed. This is the only Monk’s problem that
is not noise free. It is possible to achieve approximately 97% accuracy using only the

(jacket-colour # blue and body-shape # octagon) disjunct.

5.2 Experimental Methodology

The experiments described in this thesis compare runs of machine learning algorithms
with and without feature selection on the datasets described in the previous section. Ac-
curacy of algorithms is measured using random subsampling, which performs multiple
random splits of a given dataset into disjoint train and test sets. In each trial, an algorithm
is trained on the training dataset and the induced theory is evaluated on the test set. When
algorithms are compared, each is applied to the same training and test sets. The testing ac-
curacy of an algorithm is the percentage of test examples it classifies correctly. Table 5.2
shows the train and test set sizes used with the natural domains and the Monk’s problems.
On the natural domains, a two-thirds training and one-third testing split was used in all
but four cases. A fifty/fifty split was used on the vote datasets, a one-third/two-thirds split

on credit and one-eighth of the instances were used for training on mushroom (the largest
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dataset). In the case of the Monk’s problems, testing is performed on the full dataset (as
was done originally by Thrun et al. [TBB*91]). Various different train and test set sizes

are used with the artificial domains A1-3 (see Chapter 6 for details).

| Domain [ Trainsize Test size |
mu

1000 7124
vo 218 217
vl 218 217
cr 228 462
ly 98 50
pt 226 113
bc 191 95
dna 69 37
au 149 77
sb 450 223
hc 242 126
kr 2110 1086
M1 124 432
M2 169 432
M3 122 432

Table 5.2: Training and test set sizes of the natural domains and the Monk’s problems.

With the exception of learning curve experiments (described below), accuracy is averaged
over 50 train-test trials on a given dataset. Furthermore, each train and test set split is
stratified. Stratification ensures the class distribution from the whole dataset is preserved
in the training and test sets. Stratification has been shown to help reduce the variance of

the estimated accuracy—especially for datasets with many classes [Koh95b].

Since CFS requires datasets to be discretized, the discretization method of Fayyad and
Irani [FI93] is applied to a copy of each training dataset before it is passed to CFS. Be-
cause only the effects of feature selection are of interest, all induction is performed using
the original, undiscretized training datasets. For a test using CFS with dataset X, for
example, the dataset is discretized, features are selected, then the machine learning algo-

rithm is run, using the selected features in their original, nondiscrete form.

Two-tailed paired t-tests are used to determine whether the difference between two al-
gorithms is significant or not. Difference in accuracy is considered significant when the
p-value is less than 0.05 (confidence level is greater than 95%). When two or more algo-
rithms are compared, a table of accuracies is given summarising the results. The symbols

“+” (or “=") are used to denote that one algorithm is (statistically) significantly better
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(or worse) than the other. In discussion of results, if one algorithm is stated to be bet-
ter or worse than another then it is significantly better or worse at the 0.05 level. Often,
a bar graph showing the absolute accuracy difference between two algorithms is given.
For example, Figure 5.1 shows the absolute difference in accuracy between naive Bayes
using CFS for feature selection and naive Bayes without feature selection. A bar above
the zero line indicates that CFS has managed to improve naive Baye’s performance; a
bar below the zero line indicates that CFS has degraded naive Bayes performance. Stars
on the bar graph show where differences are statisically different. For C4.5, tables and

graphs summarising induced tree sizes are reported.
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Figure 5.1: Effect of CFS feature selection on accuracy of naive Bayes classification.
Dots show results that are statistically significant

The experiments described in Section 1 of the next chapter examine CFS’s ability to deal
with irrelevant and redundant attributes. It is interesting to examine learning curves for
algorithms (such as naive Bayes and IB1) that are adversely affected by these kinds of
attributes. A learning curve shows how quickly an algorithm’s performance improves as
it is given access to more training examples. Random subsampling, as described above,
is used to generate training datasets of a given size (20 instances are added at every suc-
cessive iteration). Testing is performed on the remaining instances. Accuracy for each

training set size is averaged over ten trials. For example, Figure 5.2 shows a learning
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curve for IB1 on the A2 artificial domain with 17 added irrelevant attributes. The error

bars represent a 90% confidence interval.
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Figure 5.2: The learning curve for IB1 on the dataset A2 with 17 added irrelevant at-
tributes.

Three variations of CFS, using the attribute correlation measures from the previous chap-

ter, are evaluated in the experiments:

e CFS-UC uses symmetrical uncertainty to measure attribute correlations.
e CFS-MDL uses normalized symmetrical MDL to measure attribute correlations.

e CFS-Relief uses symmetrical relief to measure attribute correlations.

A forward best first search is used with all three variations of CFS; initial experiments
showed this search strategy performed slightly better than forward selection, and the same
as backward elimination. The forward best first search evaluated fewer subsets than back-
ward elimination. The best first search stops when 5 consecutive fully expanded nodes
showing no improvement (according to the heuristic merit function) have been evaluated.
This stopping criterion is the default used in the MLC++ [KJL*94] implementation of

the wrapper feature selector. Chapter 7 compares CFS with the wrapper.

83



When execution times for algorithms are mentioned, they are reported in CPU units on a

Sun Sparc server 1000.
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Chapter 6
Evaluating CFS with 3 ML Algorithms

This chapter describes an evaluation of CFS using artificial and natural machine learning
datasets. With artificial domains, the relevant features are known in advance and CFS
performance can be directly ascertained. With natural domains, the relevant features are
often not known in advance, so the performance of CFS must be measured indirectly. One
way to do this is to compare a learning algorithm’s performance with and without feature

selection by CFS.

Section 6.1 examines CFS’s ability to deal with irrelevant and redundant features in ar-
tificial domains. In Section 6.2, CFS is used to select features on natural domains and
the performance of machine learning algorithms, before and after feature selection, is

compared.

6.1 Artificial Domains

The purpose of the experiments described in this section is to empirically test the claim
that CFS’s feature evaluation heuristic (Equation 4.16) can filter irrelevant and redundant

features.

Boolean domains Sections 6.1.1 and 6.1.2 discuss the performance when irrelevant and
redundant features are added to three artificial boolean domains borrowed from Langley

and Sage [LS94c]. The three concepts are:

Al ANBAC

85



A2 (ANB)V(AANC)V (BAC)
A3 (ANABAC)V(AANBAC)

The concepts exhibit an increasing level of feature interaction and therefore provide the
opportunity to test CFS’s behaviour when its assumption of feature independence given

the class is violated.

For each domain, a dataset is randomly generated containing 1000 examples with irrel-
evant attributes added, and a second dataset is randomly generated containing 1000 ex-
amples with redundant attributes added. In the experiments presented below, the number
of relevant and irrelevant/redundant attributes selected by CFS is plotted as a function of
the number of training examples shown to CFS. This allows the behaviour of the different
attribute correlation measures used in the 3 variations of CES (CFS-UC, CFS-MDL, and
CFS-Relief) to be compared. Training sets increasing in size by 20 examples per iteration
are selected by the random subsampling method described in the previous chapter. The
number of relevant and irrelevant/redundant attributes is averaged over 10 trials for each
training set size. Because IB1 is sensitive to irrelevant attributes, learning curves illus-
trating the impact of feature selection on IB1’s accuracy are shown for the datasets with
added irrelevant attributes. Similarly, as naive Bayes can be affected by redundant at-
tributes, learning curves are shown for naive Bayes on the datasets with added redundant

attributes.

Monk’s problems The Monk’s problems [TBB*91] are challenging artificial domains
that have been used to compare the performance of machine learning algorithms. These
domains involve irrelevant features, noise, and high degrees of feature interaction. Sec-

tion 6.1.3 tests CFS on these concepts.

6.1.1 Irrelevant Attributes

These versions of the boolean domains A1, A2, and A3 each have fifteen uniformly ran-
dom boolean attributes, one uniformly random 5-valued attribute, and one uniformly ran-

dom 20-valued attribute added for a total of twenty attributes, seventeen of which are
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irrelevant.

Concept A1 Figure 6.1 shows the number of irrelevant attributes selected by the three
variations of CFS on concept A1. The results show that the average number of irrelevant
attributes included by all three versions of CFS decreases rapidly as more training exam-
ples are seen. CFS-MDL decreases faster than either CFS-UC or CFS-Relief. This agrees
with the results of Chapter 4 which showed the MDL measure to be the most effective at

identifying irrelevant attributes.
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Figure 6.1: Number of irrelevant attributes selected on concept Al (with added irrelevant
features) by CFS-UC, CFS-MDL, and CFS-Relief as a function of training set size.

CFS-Relief selects fewer irrelevant attributes than CFS-UC at training sets of 20 exam-
ples, but requires more training examples than either of the other two methods before the
number of irrelevant attributes drops to zero. However, given 60 training examples, all

three variations of CFS select, on average, less than 1 irrelevant attribute of the 17.

Figure 6.2 shows the number of relevant attributes selected by the three variations of
CFS on concept Al. The best results are exhibited by CFS-UC, which always selects all
3 relevant features once 40 training examples have been seen. The average number of
relevant features selected by CFS-MDL starts low, but increases rapidly as more training

examples are seen. This is consistent with the results of Chapter 4, which show that the

87



3.5 T T T T T T T T T T T

3F oo — ——F—————3F l o 3 P
25| i J S B¢ -
g / [
5 2r ’ CFS-UC +e—
5 1| CFS-MDL ++—
2 - CFS-Relief re—
€ %
'
3 15t A/ .
] e
b
1F I' 4
i
!
05 .

1 1 1 1 1 1

0 1 1 1 1 1
20 60 100 140 180 220 260 300 340 380 420 460 500

training set size

Figure 6.2: Number of relevant attributes selected on concept A1 (with added irrelevant
features) by CFS-UC, CFS-MDL, and CFS-Relief as a function of training set size.

MDL measure is pessimistic (compared to either gain ratio or relief) in its estimates of

relevant attributes when there are few training examples.

The results for CFS-Relief are worse than those for the other two methods. The average
number of relevant features selected by CFS-Relief increases as more training instances
are seen, but not as rapidly as the other two methods, and there is more variation (the
curve is less stable). CFS-Relief does not reliably include all three relevant features by
the time 500 training examples have been seen'. This is a curious result that bears further

investigation.

Understanding the poor performance of CFS-Relief, relative to the other methods, be-
gins with consideration of the feature-class correlations assigned by the three methods.
Table 6.1 shows the feature-class correlations assigned to the three relevant features by
symmetrical uncertainty, MDL, and relief using the full 1000 instances in the dataset for
concept Al. The values assigned to the three features by symmetrical uncertainty and
MDL are very close (the estimate for C is slightly lower than A or B), which is what one

would expect. In fact, if examples of the concept are drawn from a uniformly random

!The experiment was continued up to 900 training examples. After 800 training examples, CFS-Relief
was selecting all three relevant features consistently.
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distribution, in the limit (as the sample size approaches infinity) the correlation values for

all three features will be equal. However, relief estimates attribute C' much lower (relative

to A and B) than symmetrical uncertainty or MDL does.

symmetrical
Attribute || uncertainty | MDL relief
A 0.1855 0.1906 | 0.1074
B 0.1866 0.1918 | 0.1104
C 0.1710 0.1749 | 0.0682

Table 6.1: Feature-class correlation assigned to features A, B, and C by symmetrical
uncertainty, MDL, and relief on concept Al.

Since Al is a conjunctive concept, splitting the instances on the basis of any of the three
relevant attributes will produce a pure subset (all instances are of class 0) corresponding
to the value 0 of the attribute. Using 1R [Hol93] to produce rules for the three relevant
attributes on the full set of 1000 instances gives:

Rule for A:

class(0) :- A(1). (covers 364 out of 490 examples)
class(0) :- A(0). (covers 510 out of 510 examples)

Rule for B:
class(0) :- B(1). (covers 362 out of 488 examples)
class(0) :- B(0). (covers 512 out of 512 examples)

Rule for C:
class(0) :- C(1). (covers 391 out of 517 examples)
class(0) :- C(0). (covers 483 out of 483 examples)

The proportion of class 0 examples covered when an attribute has the value 1 is about 74%
for all three attributes, which indicates that they are being differentiated on the basis of the
size of their respective pure nodes. When the value is 0, B covers 512 examples, A covers
510 examples, and C covers 483 examples—which is exactly the ranking assigned by the
3 measures in Table 6.1. Relief is a modification of the gini impurity measure?[Bre96b].
Breiman notes that the gini criterion prefers splits that put the largest class into one pure
node. Relief appears to be more sensitive to the size of the pure node than either symmet-

rical uncertainty or MDL.

Figure 6.3 shows the learning curves for IB1 with and without feature selection. The

2See Chapter 4 Section 4.2.2.
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Figure 6.3: Learning curves for IB1, CFS-UC-IB1, CFS-MDL-IB1, and CFS-Relief-IB1
on concept Al (with added irrelevant features)
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Figure 6.4: Number of irrelevant attributes selected on concept A2 (with added irrelevant
features) by CFS-UC, CFS-MDL, and CFS-Relief as a function of training set size. Note:
CFS-UC and CFS-Relief produce the same result.

90



accuracy of IB1 without feature selection increases slowly as the number of training ex-
amples increases due to the high number of irrelevant features. IB1’s accuracy starts off
at 84.6% (below the default accuracy for the concept) and finishes (after 500 training ex-
amples) at 89.6 In contrast, the accuracy of IB1 after feature selection by CFS-UC and
CFS-MDL increases rapidly—reaching 100% after only 80 and 100 training examples re-
spectively. The accuracy of IB1 after feature selection by CFS-Relief is still better than
that of IB1 without feature selection, but does not reach 100% due to the fewer relevant
features included by this method. The shape of the learning curves for IB1 with feature

selection correspond very closely to the shape of the curves for the number of relevant

features shown in Figure 6.2.

Concept A2 Figure 6.4 shows the number of irrelevant attributes selected by the three
variations of CFS on concept A2. The results show that all three variations of CFS filter
irrelevant features very quickly on this domain—fewer irrelevant features are included
compared to results for concept Al. Concept A2 has a uniform distribution of classes—
unlike concept Al, which has a large majority of class 0. Therefore, the differentiation
between informative and non-informative attributes for concept Al is done primarily on
the basis of the small percentage of instances that have class 1. Relevant attributes will
always have value 1 when the class is 1; when there are few training examples, an irrel-
evant attribute may match a relevant attribute for the small percentage of class 1 cases
by chance, making it seem just as informative. For concept A2, a relevant attribute will
have value 1 when the class is 1 for 75% of the cases; similarly, a relevant attribute will
have value O when the class is 0 for 75% of the cases. In this case, it is less likely that
an irrelevant attribute’s distribution of values given the class will match that of a relevant
attribute’s by chance. As with concept Al, CFS-MDL screens irrelevant features faster

than the other two methods.

Figure 6.5 shows the number of relevant attributes selected by the three variations of CFS
on concept A2. All three variations rapidly identify the three relevant attributes. CFS-UC
and CFS-Relief consistently choose all three relevant attributes once 260 training exam-
ples have been seen; CFS-MDL does the same after 320 training examples. Figure 6.6

shows the learning curves for IB1 with and without feature selection on concept A2. As
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with concept A1, IB1’s accuracy without feature selection improves slowly as more train-
ing examples are seen—from 68% to 76% after 500 examples. Feature selection allows
IB1 to learn more rapidly and achieve 100% accuracy on this concept after only a small
number of training examples. As expected, the shape of the learning curves for IB1 after
feature selection correspond closely to the shape of the curves for the number of relevant

features selected by the three variations of CFS.

Concept A3 This concept has the highest degree of feature interaction of the three, and
it is therefore expected that CFS will be unable to distinguish the relevant features from
the irrelevant features. Figure 6.7 and Figure 6.8 show the number of irrelevant and
relevant features selected by the three variations of CFS, respectively, on this concept.
The graphs show that CFS is indeed unable to distinguish relevant from irrelevant features.
CFS-UC and CFS-Relief select more features (especially irrelevant features) than CFS-
MDL and exhibit a tendency to include more features as more training examples are seen.
Conversely, CFS-MDL appears to favour fewer features as more training examples are

seen.

For this concept CFS’s assumption that features are independent, given the class, means
that—assuming an ideal correlation measure and an infinitely large sample—all feature-
class correlations should be zero, and, by Equation 4.16, the merit of all feature subsets
should also be zero. However, when training examples are limited, features may appear
to be slightly correlated with the class by chance. When there are very few training
instances, a feature may stand out as somewhat better than the others. As the number of
training examples increases, features will become more homogeneous—their correlations
with the class will be more similar to each other (though never becoming exactly zero).
In Chapter 4 it was shown that a feature will be accepted into a subset (that is, increase
the merit of the subset) if its correlation with the class and average inter-correlation with
the features in the subset is the same as the features already in the subset. This explains
why there is a small increasing tendency for features to be included by CFS-UC and CFS-
Relief. CFS-MDL on the other hand, has a small penalty associated with the size of the
model for a feature—decreasing its correlation with the class and often resulting in a value

less than zero. This is shown graphically by Figure 6.9, which plots the average number
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Figure 6.5: Number of relevant attributes selected on concept A2 (with added irrelevant
features) by CFS-UC, CFS-MDL, and CFS-Relief as a function of training set size.
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Figure 6.6: Learning curves for IB1, CFS-UC-IB1, CFS-MDL-IB1, and CFS-Relief-IB1
on concept A2 (with added irrelevant features).
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Figure 6.7: Number of irrelevant attributes selected on concept A3 (with added irrelevant
features) by CFS-UC, CFS-MDL, and CFS-Relief as a function of training set size.
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Figure 6.8: Number of relevant attributes selected on concept A3 (with added irrelevant
features) by CFS-UC, CFS-MDL, and CFS-Relief as a function of training set size.
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Figure 6.9: Number of irrelevant multi-valued attributes selected on concept A3 (with
added irrelevant features) by CFS-UC, CFS-MDL, and CFS-Relief as a function of train-
ing set size.

of multi-valued irrelevant attributes (there is one 5-valued and one 20-valued irrelevant
attribute) selected by the three variations of CFS. CFS-MDL never selects any multi-
valued irrelevant attributes. The MDL measure’s increased model penalty for features

with more values compensates for any slight “by-chance” correlations with the class.

Figure 6.10 shows the learning curves for IB1, with and without feature selection, on con-
cept A3. IB1 without feature selection learns slowly but consistently, unlike IB1 following
feature selection, which shows no clear trend. Interestingly, feature selection using CFS-
MDL results in more consistent performance than using either CFS-UC or CFS-Relief.
CFS-MDL’s performance is roughly 73%, which is the default accuracy for this version
of the dataset. The tendency of CFS-UC and CFS-Relief to include more irrelevant fea-
tures leads to an erratic performance which is often worse than the default accuracy for

the dataset.

6.1.2 Redundant Attributes

These versions of the boolean domains A1-A3 each have nine redundant attributes added,
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Figure 6.10: Learning curves for IB1, CFS-UC-IB1, CFS-MDL-IB1, and CFS-Relief-IB1
on concept A3 (with added irrelevant features).

for a total of twelve attributes. The redundant attributes are copies of attribute A in each
of the domains®. There are three boolean redundant attributes, three 5-valued redundant
attributes, and three 20-valued redundant attributes. In each level of redundant attribute
(boolean, 5-valued, and 20-valued) there are two attributes which match attribute A 100%
of the time (exact copies), and one attribute that matches A 80% of the time and is uni-
formly random for the remaining 20%. The multi-valued attributes are made redundant by
joining the values of the attribute into two subsets. If an attribute has a values, then sub-
sets {1,...,(adiv2)} and {(a div2) +1),...,a)} are formed. If attribute A’s value is 0,
then the redundant attribute’s value is selected at random from the first subset; otherwise,

its value 1s selected at random from the second subset.

Since there are six attributes that match attribute A 100% of the time, there are actually
seven subsets that contain exactly three relevant features and no redundant features. The
three attributes that match attribute A 80% of the time are treated as relevant but noisy,

adding another three subsets that are not quite as good as the other seven.

Concept A1 Figure 6.11 shows the number of redundant attributes selected by the three

30Other combinations of redundant attributes—for example, some from A and some from B—were also
tried. Results were similar to those reported here.
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variations of CFS on concept Al. The average number of redundant attributes decreases
rapidly for CFS-UC and CFS-MDL, with both including less than one redundant attribute
after seeing only 40 training examples. CFS-Relief selects more redundant attributes, on
average, than the other two variations. As with the corresponding dataset for concept
A1l (with added irrelevant attributes) the sizes of the pure nodes for the three relevant
attributes vary in this version as well. This time attribute A covers 499 examples when
it has value 0, attribute B covers 488 examples, and attribute C' covers 482 examples.
Table 6.2 shows the feature-class correlations assigned to all the features by symmetrical
uncertainty, MDL, and relief using the full 1000 instances for this version of concept
Al. All three measures rank attribute A and its two binary copies highest. Symmetrical
uncertainty and the MDL measure rank attribute B and C next highest on the list. Relief,
however, ranks the two 5-valued attributes which match attribute A 100% of the time

higher than either attribute B or C.

Relief’s sensitivity to the size of an attribute’s pure node in this domain has outweighed
its bias against attributes with more values. Examination of the feature subsets selected by
CFS-Relief shows that attributes H and I (the two 5-valued attributes) are often present.
On the full dataset, the correlation between attributes H and I assigned by relief is lower
(relative to the other features) than that assigned by symmetrical uncertainty or the MDL

measure, which also helps explain why CFS-Relief often includes these features.

For smaller training set sizes (less than 220 examples), Figure 6.11 shows that, on av-
erage, CFS-MDL selects slightly more redundant features than CFS-UC. Examining the
feature-feature correlation between either of the two 100% redundant boolean features
and attribute A, for MDL, reveals a value of 0.982—not the value of 1.0 that symmet-
rical uncertainty assigns, which is what one would expect for a correlation between two
features that are exact copies of each other. The explanation for this is again due to the
MDL measure’s extra cost for model complexity. The MDL measure can never achieve

the upper bound of 1.0 due to the fact that Post MDL, in Equation 4.12, can never be zero.

Figure 6.12 shows the number of relevant attributes selected by the three variations of
CFS on concept Al. As in the case with irrelevant attributes, CFS-UC and CFS-MDL

quickly asymptote to selecting three relevant features while CFS-Relief takes longer.
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Figure 6.11: Number of redundant attributes selected on concept Al (with added redun-
dant features) by CFS-UC, CFS-MDL, and CFS-Relief as a function of training set size.

CFS-UC CFS-MDL CFS-Relief
symm.
attr  vals red. uncert. | attr vals red. MDL | attr vals red. relief
A 2 100% 0.1957 | A 2 100% 0.1985 | A 2 100% 0.1046
E 2 100% 0.1957 | E 2 100% 0.1985 | E 2 100% 0.1046
F 2 100% 0.1957 | F 2 100% 0.1985 | F 2 100% 0.1046
B 2 0% 0.1893 | B 2 0% 01917 | H 5 100% 0.0907
C 2 0% 0.1860 | C 2 0% 0.1881 | I 5 100% 0.0896
D 2 80% 0.1280 | H 5 100% 0.1460 | B 2 0% 0.0882
H 5 100% 0.1092 | I 5 100% 0.1442 | C 2 0% 0.0795
I 5 100% 0.0677 | D 2 80% 0.1301 | D 2 80% 0.0738
L 20 100% 0.0691 | L 20 100% 0.0904 | G ) 80%  0.0614
G 5 80% 0.0689 | G 5 80%  0.0894 | L 20 100% 0.0137
K 20 100% 0.0647 | K 20 100% 0.0783 | K 20 100% 0.0130
J 20 80% 0.0447 | J 20 80% 0.0405 | J 20 80%  0.0072

Table 6.2: Feature-class correlations assigned by the three measures to all features in the
dataset for A1 containing redundant features. The first three columns under each measure
lists the attribute (A, B, and C are the original features), number of values the attribute
has, and the level of redundancy.
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Figure 6.12: Number of relevant attributes selected on concept A1 (with added redundant
features) by CFS-UC, CFS-MDL, and CFS-Relief as a function of training set size.
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Figure 6.13: Number of multi-valued attributes selected on concept Al (with added re-
dundant features) by CFS-UC, CFS-MDL, and CFS-Relief as a function of training set

size.
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Figure 6.14: Number of noisy attributes selected on concept Al (with added redundant
features) by CFS-UC, CFS-MDL, and CFS-Relief as a function of training set size.

Figure 6.13 shows the average number of multi-valued features selected by the three vari-
ations of CFS. The results show that CFS-UC and CFS-MDL are effective at filtering
the multi-valued features and preferring the boolean equivalents. CFS-Relief, due to its
higher preference for the two 5-valued features, averages between 1 and 2 multi-valued
features. The shape of the graph for CFS-Relief in Figure 6.11 is very similar to Fig-

ure 6.13, indicating that the redundant features selected are almost always multi-valued.

Figure 6.14 shows the average number of noisy features selected by the three variations
of CFS (there are three copies of attribute A with 20% noise). The results show that all
three variations of CFS prefer not to include noisy features. Less than one noisy feature is
included on average by all three variations; CFS-UC and CFS-MDL perform better than
CFS-Relief.

Figure 6.15 shows the learning curves for naive Bayes with and without feature selection
on concept Al. For the sake of clarity, 90% confidence intervals have been omitted for
CFS-Relief as they are much wider than for CFS-UC and CFS-MDL. All three variations
of CFS enable naive Bayes to learn much faster than without feature selection. The points

at which CFS-UC-nbayes and CFS-MDL-nbayes dip down slightly from 100% accuracy
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Figure 6.15: Learning curves for nbayes (naive-Bayes), CFS-UC-nbayes, CFS-MDL-
nbayes, and CFS-Relief-nbayes on concept Al (with added redundant features).

correspond roughly to the peaks of Figure 6.11, where more redundant attributes have
been included in the selected subsets. The larger dips in the curve for CFS-Relief-nbayes
correspond to the points on Figure 6.12, where CFS-Relief, on average, selects fewer than

three relevant attributes.

Concept A2 As in the case with added irrelevant features, all three variations of CFS
perform approximately equally well on concept A2. On average, less than one redundant
feature is included in the subsets chosen by CFS after seeing only 40 training examples
(Figure 6.16). CFS-MDL starts off by including slightly more redundant attributes than
the other two methods. All three variations of CFS perform similarly in identifying the
relevant attributes (Figure 6.17); all three relevant features are consistently identified after
360 training examples have been seen. This is reflected in the learning curves for naive
Bayes with and without feature selection (Figure 6.18). Without feature selection naive
Bayes does not improve its performance as more training examples are seen. With feature
selection naive Bayes accuracy starts near 76% and rapidly increases to 100% after 220
training examples. The graphs for multi-valued and noisy attributes are not shown as very

few (zero after 100 training examples) of these attributes were selected on this concept by
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Figure 6.16: Number of redundant attributes selected on concept A2 (with added redun-
dant features) by CFS-UC, CFS-MDL, and CFS-Relief as a function of training set size.
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Figure 6.17: Number of relevant attributes selected on concept A2 (with added redundant
features) by CFS-UC, CFS-MDL, and CFS-Relief as a function of training set size.
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Figure 6.18: Learning curves for nbayes (naive Bayes), CFS-UC-nbayes, CFS-MDL-
nbayes, and CFS-Relief-nbayes on concept A2 (with added redundant features).

all three variations of CFS.

Concept A3 The results for CFS on concept A3, with added redundant features, is very
similar to the results for CFS on A3 with added irrelevant features. CFS is unable to
distinguish between attributes and often fails to include all three relevant features. As
in the case with added irrelevant features, CFS-UC and CFS-Relief show a tendency to
include more features as the sample size increases, while CFS-MDL selects fewer features

(often no features). The full set of graphs can be found in appendix B.

Figure 6.19 shows the learning curves for naive Bayes before and after feature selection.
Naive Bayes cannot improve beyond the default accuracy (74.5%) for this version of
concept A3 due to the extreme feature interaction. The accuracy of naive Bayes after
feature selection by CFS-MDL reaches this maximum faster than the other versions due
to the small number of features (on average) selected. When no features are present, naive

Bayes predicts using the prior probabilities of the class values observed in the training
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Figure 6.19: Learning curves for nbayes (naive Bayes), CFS-UC-nbayes, CFS-MDL-
nbayes, and CFS-Relief-nbayes on concept A3 (with added redundant features).

data; since training and test sets are stratified, this will achieve the default accuracy.

6.1.3 Monk’s problems

This section tests CFS on the three Monk’s problems. Each problem uses the same repre-
sentation and has six features. There are three relevant features in M1 and M3; M2 uses

all six features.

There are 432 examples of each problem and each has a pre-defined training set. The
training sets contain 124, 169, and 122 examples, respectively; the full datasets are used
for testing [TBB*91]. In the experiments below, training sets of the same size as the
pre-defined sets are generated using the random subsampling method described in the
previous chapter; tesing still uses the full dataset as done by Thrun et. al. [TBB*91]. The

results are averaged over 50 trials.

Table 6.3 shows the average number of features selected by the three variations of CFS on
the Monk’s problems. All three variations are unable to select all the relevant features for
M1 and M2 due to the high order feature interactions. The jacket-colour feature is con-

sistently selected for M1 and is one of the three relevant features in this concept. All six
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[ Domain ]| CFS-UC | CFS-MDL | CFS-Relief |
M1 1.0+00 | 1.0£00 | 1.0£0.0
M2 29+12| 03+06 | 28+1.1
M3 2.0£0.0 | 20+00 | 1.9+0.3

Table 6.3: Average number of features selected by CFS-UC, CFS-MDL, and CFS-Relief
on the Monk’s problems.

features are relevant for M2 and all interact. CFS assigns feature-class correlations close
to zero for all features, which results in approximately half the features being selected
by CFS-UC and CFS-Relief. CFS-MDL often assigns feature class-correlations less than
zero, which accounts for it selecting fewer features than the other two. On M3, CFS-UC
and CFS-MDL consistently choose body-shape and jacket-colour, which together give
the second conjunction of the concept (jacket-colour # blue and body-shape # octagon).

CFS-Relief occasionally omits one of these features.

Tables 6.4 — 6.6 show the results of three machine learning algorithms with and without

feature selection on the Monk’s problems.

| Domain || naive Bayes | CFS-UC-nbayes CFS-MDL-nbayes CFS-Relief-nbayes |
M1 72.55+2.0 | 75.00 £ 0.0+ 75.00 £ 0.0+ 75.00 £ 0.0+
M2 62.75+ 2.7 | 64.93 £ 2.0+ 67.04 £ 0.7+ 64.47 £ 2.2+
M3 97.17+04 | 97.17+ 0.4 97.17+0.4 95.83 + 4.6—

+, — statistically significant improvement or degradation

Table 6.4: Comparison of naive Bayes with and without feature selection on the Monk’s
problems.

| Domain || IBI | CFS-UC-IB1  CFS-MDL-IB1 CFS-Relief-IB1 |
M1 76.71+1.2 | 75.00 £0.0— 75.00+£0.0— 75.00 £ 0.0—
M2 79.06 £ 0.8 | 66.94 £ 0.6— 67.13+£0.0— 67.16 £ 1.7—
M3 79.41+1.5 | 97.22 £ 0.0+ 97.22+ 0.0+ 93.22+13.7+

+, — statistically significant improvement or degradation

Table 6.5: Comparison of IB1 with and without feature selection on the Monk’s problems.

CFS is able to improve the accuracy of naive Bayes on the first two Monk’s problems by
eliminating all or some of the interacting features in these concepts. On M1, the removal
of the two interacting features (head-shape and body-shape), which together yield the
first conjunct of the concept, allows 75% accuracy to be achieved with just the jacket-

colour feature. On M2, removing features allows naive Bayes to approach the default
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| Domain ” C4.5 | CFS-UC-C4.5 CFS-MDL-C4.5 CFS-Relief—C4.5J

M1 83.87+6.2 | 75.00+£ 0.0~ 75.00£0.0- 75.00 £ 0.0—
M2 66.81+0.8 | 67.06+ 0.3+ 67.10+ 0.0+ 67.10 £ 0.0+
M3 97.54+1.8 | 96.42+1.6— 9642+ 1.6— 95.26 £ 4.5—

+, — statistically significant improvement or degradation

Table 6.6: Comparison of C4.5 with and without feature selection on the Monk’s prob-
lems.

accuracy for the dataset—CFS-MDL achieves the best result as it removes more features,
on average, than the other two variations. On M3, CES is unable to improve accuracy,
indicating that the holding feature and the first conjunct of this concept is of no use to

naive Bayes.

CFS degrades the performance of IB1 on the first two Monk’s problems. Unlike naive
Bayes, IB1 is able to make use of strongly interacting relevant features; removing these
features results in worse performance. CFS degrades IB1’s accuracy on M1 by less than
2%, however, IB1’s performance without feature selection is affected by the three totally
irrelevant features in this concept; if these features are removed, IB1 can achieve close
to 100% accuracy. On M2, the more features that are removed by CFS, the closer IB1’s
accuracy is to the default for the dataset. CFS improves the accuracy of IB1 dramatically
on M3 (from 79.41% to 97.22%). This is due to the removal of the totally irrelevant
features. Accuracy can be improved further by approximately 1% if the holding feature

(omitted by CFS) is included as well.

CFS degrades the performance of C4.5 on both M1 and M3. On M1, C4.5 is able to make
use of the two interacting relevant features. Removing these two features results in 75%
accuracy (the maximum achievable with just the jacket-colour feature). C4.5 is unable to
learn the M2 concept and achieves less than the default accuracy of 67.1%. CFS-MDL

and CFS-Relief are able to increase C4.5’s performance to match the default accuracy.

6.1.4 Discussion

From experiments with CFS on these artificial domains, it can be concluded that feature

selection based on correlation—specifically, the hypothesis proposed in Chapter 3 that
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good feature subsets contain features correlated with the class and uncorrelated with each
other—can indeed select relevant features, and furthermore, can do so under conditions of
moderate feature interaction, that is, as long as relevant features are individually predictive
of the class at least some of the time. As expected, CFS fails to select relevant features in
cases where there are strong feature interactions (features whose predictive ability is only
apparent in the context of other features). While strong feature interaction is certainly
possible in natural domains, the results presented in the next section and in appendix F

suggest that it is not common—at least for datasets similar to those in the UCI collection.

The results show that CFS handles irrelevant and redundant features, noise, and avoids
attributes with more values—traits that are likely to improve the performance of learning

algorithms that are sensitive to such conditions.

Of the three correlation measures tested with CFS, symmetrical uncertainty and MDL
are superior to relief. In some cases, relief underestimates the worth of relevant attributes
relative to others—a situation that can lead to relevant features being omitted from subsets
selected by CFS. In other cases, attribute estimation by relief causes CFS to include more

noise and redundancy in feature subsets.

The next section presents experiments designed to show if CFS’s performance on artificial

domains carries over to natural domains.

6.2 Natural Domains

This section describes the results of testing CFS on twelve natural domains. Since the
relevant features are often not known in advance for these domains, the performance of
learning algorithms with and without feature selection is taken as an indication of CFS’s

success in selecting useful features.

As with the experiments on artificial domains, stratified random subsampling is used to
create training and test sets and the results reported are an average of 50 trials with each

algorithm on each dataset.
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Figure 6.20: Number of natural domains for which CFS improved accuracy (left) and
degraded accuracy (right) for naive Bayes (a), IB1 (b), and C4.5 (c).

For each machine learning algorithm, Figure 6.20 shows on how many natural domains
accuracy was improved and degraded (significantly) by the three variations of CFS. The
graphs show that CFS-UC and CFS-MDL perform better than CFS-Relief. CFS-MDL
improves accuracy on the most datasets, followed by CFS-UC and CFS-Relief. CFS-UC
degrades accuracy on fewer datasets than either CFS-MDL or CFS-Relief.

When the accuracies of the three variations of CFS are compared, CFS-UC is better (on
average) than CFS-Relief for 3.6 datasets and worse (on average) for 2.6 datasets. When
compared to CFS-MDL, CFS-UC is better (on average) for 3 datasets and worse (on

average) for 2.3 datasets.

As was the case with the artificial domains, CFS-UC and CFS-MDL clearly outperform
CFS-Relief. While the performance of CFS-UC and CFS-MDL was very similar on the

108



artificial domains, CFS-UC is slightly better than CFS-MDL on the natural domains. The
datasets for which CFS-MDL does not do as well as CFS-UC tend to be those with fewer

training instances.

These results suggest that CFS-UC should be the preferred, or standard, version of CFS.
For the remainder of this section, the results for CFS-UC are analyzed and discussed

in detail. Full tabulated results comparing all three variations of CFS can be found in

appendix C.

Table 6.7 shows the performance of naive Bayes, IB1, and C4.5 with and without feature
selection by CFS-UC. Results using the 5x2cv test recomended by Dietterich [Die88]
can be found in appendix D. CFS maintains or improves the accuracy of naive Bayes for
nine datasets and degrades its accuracy for three. For IB1 and C4.5, CFS maintains or
improves accuracy for eight datasets and degrades for four. Figure 6.21 shows tﬁat CFS

reduces the size of the trees induced by C4.5 on nine of the twelve domains.

CFS appears to have difficulty on domains with the highest number of classes (especially
au and sb). The worst performance is on audiology. CFS reduces the accuracy of naive
Bayes on this dataset from 80.24% to 66.13%—the worst of the results. This domain has
24 classes and only 226 instances; however, CFS’s performance here is much worse than
on the primary tumour domain (pt), which has similar characteristics to audiology. This
indicates that there are possibly other factors, apart from the number of classes and dataset

size, affecting the performance of CFS.

Interestingly, CFS has resulted in worse performance by both IB1 and C4.5 on the chess
end-game domain (kr), in contrast to naive Bayes, for which it improves performance.
A similar situation occurs on the mushroom domain (mu), but to a lesser extent than on
chess end-game. The improvement to naive Bayes indicates that there are some redundant
features in these domains. On the chess end-game domain, CFS finds three features (out
of 37) that give =~ 90% accuracy regardless of learning algorithm. However, IB1 and C4.5
are able to achieve ~ 94% and =~ 99% accuracy, respectively, without feature selection.
Unlike audiology, this domain has only two classes and all but one of the features is

binary. Furthermore, there are more than 3000 examples in this domain. This adds further
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| Dom [| naive Bayes CFS-nbayes [ IBI CFS-IBI [ C45 CFS-C4.5 |

mu 94.75+ 0.7 9849+0.1+ | 9994+ 0.1 98.48+0.1- | 99.59+0.4 98.48%+0.1—
) 90.25+1.5 9560+1.0+ | 92.18+1.3 95.60+£1.0+ | 95.23+14 95.67+1.0+
vl 87.20+1.8 89.04+1.7+ | 88.62+2.0 88.35%2.1 88.71+2.0 883722
cr 7821+15 8560+1.0+ | 79.82+19 8561+1.0+ |8369+15 85.61+1.0+
ly 8212+ 4.8 8216+£6.1 79.89+54 80.011+4.8 7580+ 54 76.51+5.3
pt 46.87+3.1 4583+3.5— | 39.63+3.4 4040+2.38 4099+44 415135
bc 7216 £ 2.7 71.86+3.6 71.09+3.8 70.67+3.8 71.77 £33 70.97£3.2
dna 89.21+£5.0 90.53+4.5 80.31£6.4 86.94+4.7+ | 74.58 £6.5 77.20+6.3+
au 80.24+4.0 66.13+3.2— | 75.28+3.2 67.60+3.6— | 7848+3.8 72.56+2.8—
sb 9130+ 1.7 87.63+2.5— |90.49+1.6 84.24+2.6— | 89.16+1.6 81.28+2.9—
he 83.13+3.2 8735+3.7+ | 80.60+3.2 86.80+2.6+ | 84.02+3.0 86.05+ 3.5+
kr 87.33+1.2 9040+ 0.6+ | 94.64+0.8 9041+0.7— | 99.16 £0.3 90.41+0.7—
+, — statistically significant improvement or degradation

Table 6.7: Naive Bayes, IB1, and C4.5 with and without feature selection on 12 natural
domains.
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Figure 6.21: Effect of feature selection on the size of the trees induced by C4.5 on the
natural domains. Bars below the zero line indicate feature selection has reduced tree size.
Dots show statistically significant results.
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support to the notion that there is some factor other than dataset size and number of classes

affecting CFS’s performance.

One possibility is that the best first search is getting trapped in a local maximum on the
chess end-game domain and, perhaps, on the other domains where CFS has degraded
accuracy. To see if this is the case, CFS was re-run on audiology, soybean, and chess end-
game using a best first search with the stopping condition of the number of consecutive
non-improving subsets increased from 5 to 500. Results show no significant improvement
on any of the datasets, indicating that it is unlikely that the algorithm is getting trapped in

local maxima.

A second possibility is that there are interacting features on the chess end-game domain.
Examination of CFS-MDL’s output on this domain show one trial where a fourth feature
was included, resulting in ~94% accuracy for all three learning algorithms including
naive Bayes. While there may still be some interacting features, the fact that naive Bayes

is able make use of it, shows that this fourth feature is not strongly interacting.

A third possibility is that CFS’s heuristic merit function is too heavily biased in favour of
small feature subsets, resulting in feature selection that is overly aggressive for the chess
end-game domain and the other domains where CFS has degraded accuracy. Figure 6.22
shows the number of features in the original datasets and the number of features selected
by CFS. On all but the primary tumour dataset (pt), CFS has reduced the number of
features by more than half. In the case of audiology and chess end-game, the number of
features has been reduced by more than 90%—a strong indication that feature selection

has been too aggressive on these datasets.

To explore the bias of CFS’s merit function, and to get an idea of how merit corresponds
with actual accuracy of a learning algorithm, merit versus accuracy was plotted for ran-
domly selected feature subsets on the natural domains. 50 subsets of 1, 2,5, 10, 15, etc.
features were randomly selected from a single training split of each dataset (if there were
fewer than 50 subsets possible for a given size, all were generated). For each subset, the
heuristic merit was measured by CFS, using the training data, and the actual accuracy was

estimated by first training a learning algorithm using the features in the subset, and then
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evaluating its performance on the test set*. Figure 6.23 shows plots of CFS-UC’s merit
versus naive Bayes’ accuracy on a selection of datasets (chess end-game, horse colic, au-
diology, and soybean). Plots for the remaining datasets—and for when IB1 and C4.5 are

used to measure accuracy—can be found in appendix E.

The first thing that is apparent from Figure 6.23 is that a correspondence between merit
and actual accuracy does exist—even for domains on which feature selection by CFS de-
grades accuracy (audiology and soybean). Another thing that is apparent is that there are
indeed a number of feature subsets for naive Bayes that result in close to 95% accuracy
on the chess end-game domain (Figure 6.23a). Examining the size of the feature subsets
represented by the points on these graphs reveals CFS’s bias towards subsets with fewer
features. For example, on the horse colic dataset (Figure 6.23b) this bias is effective—the
rightmost (highest merit) point on the graph for horse colic represents a subset containing
2 features which together give an accuracy of 89.68% on the test set. There are three sub-
sets that have close to this accuracy, two of which contain 10 features and one 5 features;
both are assigned a much lower merit than the 2 feature subset. On the other hand, for
audiology (Figure 6.23c) and soybean (Figure 6.23d) CFS favours smaller, moderately
accurate subsets over larger subsets with higher accuracy. From the graphs for audiology
and soybean, it is clear that there are many subsets with high accuracy that have merit

close to the rightmost (highest merit) points.

From the above analysis it can be concluded that CFS’s poor performance on some
datasets can be traced to the merit formulation rather than the search. Its aggressive bias

favouring small feature subsets may result in some loss of accuracy.

To see if performance could be improved on the datasets that cause CFS difficulty, a
method of merging subsets was introduced, with the aim of increasing feature set size by
incorporating those subsets whose merit is close to the best subset. The method works as
follows: instead of simply returning the best subset at the end of the search, the top 50

subsets (sorted in order of merit) discovered during the search are recorded. At the end of

4 Averaging runs on multiple training and testing splits would give more reliable estimates of merit
and accuracy for feature subsets, but is time consuming. Using a single training and test set provides a
rough idea of the merit and accuracy, but may generate outliers, that is, feature subsets that, by chance, are
predictive of the test set, or have high merit with respect to the training set.
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Figure 6.22: The original number of features in the natural domains (left), and the average
number of features selected by CFS (right).

the search the second best subset is merged with the best subset and the merit of this new
composite subset is recalculated. If the merit is within 10% of the merit of the best subset,
the composite is accepted. The third best subset is then merged with the composite from
the previous step, and so forth. This continues as long as the merit of the new composite

is within 10% of the best subset.

Table 6.8 shows the accuracy of naive Bayes, IB1, and C4.5 with and without feature
selection by CFS-UC using this subset-merging scheme. For naive Bayes there are now
eleven datasets for which accuracy is maintained or significantly improved and only one
dataset for which accuracy is significantly degraded. Merging feature subsets has made
the result for lymphography better (where before there was no significant difference) and
the results for soybean and primary tumour no different (where before both worse). For
IB1, merging feature subsets has changed the result on the audiology domain—there is
now no significant difference in accuracy on this domain (where before it was worse).
For C4.5, merging subsets has degraded performance. The main difference is on the
horse colic domain, which has gone from being improved to degraded. This is surprising,

as merging subsets improves CFS’s performance for naive Bayes on this dataset.
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Figure 6.23: Heuristic merit (CFS-UC) vs actual accuracy (naive Bayes) of randomly
selected feature subsets on chess end-game (a), horse colic (b), audiology (c), and soybean
(d). Each point represents a single feature subset.

It turns out that C4.5’s attribute selection heuristic is responsible for the degraded perfor-
mance. C4.5 chooses an attribute to split on by selecting from among those attributes with
an average-or-better information gain, the attribute that maximises the gain ratio. When
presented with the full feature set, C4.5 chooses the attribute “surgery” to split on at the
root of the tree as this attribute has above average gain and the highest gain ratio (informa-
tion gain normalised by the entropy of the attribute). CFES chooses this attribute and one
other (“type of lesion 1”’) which also has a high gain ratio. Merging subsets often adds
“HospitalID” which has a large number of distinct values and a reasonably high gain ratio
but in actuality is a poor predictor. This last attribute has by far the highest information
gain due to its many values. When all features are present, the average information gain

is low enough (due to there being many poor attributes with low gain) for *“surgery” to
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have above average information gain and thus be preferred over “HostpitalID”. In the case
of the reduced subset provided by merging, the average information gain is much higher,

making “HostpitalID” the only attribute with above average information gain. Conse-

quently, “HostpitalID” is chosen for the root of the tree and a low accuracy results.

| Dom [| naive Bayes CFS-nbayes | IBI CFS-IB1 C4.5 CFS-C4.5 |

mu 94.75+0.7 97.53+0.84 ] 99.94+0.1 99.68+0.3— [ 99.59+0.4 99.37 4+ 0.6—
VO 90.25+1.5 92.93+2.0+ | 92.184+1.3 9434+ 1.6+ | 9523+1.4 9558+ 1.0+
vl 87.20+1.8 87.71+1.94+ | 88.62+2.0 88.51+2.0 88.71+2.0 88.71+2.0

cr 78.21+1.5 85.59+1.0+ | 79.82+19 85.60+1.0+ | 8369+15 8561+1.0+
ly 82.12+48 84.94+51+ | 79.80+54 80.40+4.5 758054 76.90+£5.5

pt 46.87 + 3.1 46.87+3.1 39.63+3.4 39.63+34 4099+44 4099+44

bc 72.16 £2.7 71.94+2.8 71.09+ 3.8 70.57+4.2 71.77+£ 3.3 71.90+ 3.3
dna 89.21+£5.0 8947+5.0 80.31+6.4 8393+55+ | 74.58+6.5 76.05+6.4+
au 80.24+40 7555+3.7— | 75.28+3.2 74.37+4.1 7848 +3.8 77.14+3.8—
sb 91.30+1.7 91.18+1.5 9049+1.6 8791+1.5— | 89.16+1.6 86.80+1.8—
hc 83.13+3.2 88.76+2.5+ | 80.60+3.2 8545+2.6+ | 84.02+3.0 78.79+10.9-
kr 87.33+1.2 902020+ | 94.64+0.8 94.10+0.5— | 99.16+0.3 94.13+0.5—

+, — statistically significant improvement or degradation

Table 6.8: Comparison of three learning algorithms with and without feature selection
using merged subsets.

Figure 6.24 shows the difference in accuracy between CFS with merged subsets and CFS
without merged subsets for the three learning algorithms. Large improvements in accu-
racy can clearly be seen on the lymphography, audiology, soybean, and chess end-game
datasets. However, it is also apparent that merging feature subsets degraded results on
some datasets as well (most notably on vote, votel, dna, and horse colic). This is most
apparent for naive Bayes, which has the most significant degradations® (mushroom, vote,
and votel shown in Figure 6.24). These results suggest that, while more useful features
are being included through merging subsets, some harmful redundancy is also being in-

cluded.

One question that immediately springs to mind is: why is merging feature subsets neces-
sary? If other subsets contain features that are useful, and can increase the accuracy of
the best subset found during the search, then why are these features not included in the
best subset? To shed some light on this question, the chess end-game dataset is exam-

ined. Recall that there are three features selected by CFS that give =~ 90% accuracy for all

3 Although significantly degraded by merging subsets, these results are still significantly better than naive
Bayes without feature selection (see Table 6.8)

115



10 T T T T T T

accuracy difference

o

1o
. O

1 L i 1

19 1

-8 1 1 1 1 1 1
mu vo vi cr ly pt

bc dna au sb

dataset

Figure 6.24: Absolute difference in accuracy between CFS-UC with merged subsets and
CFS-UC for naive Bayes (left), IB1 (middle), and C4.5 (right). Dots show statistically

significant results.

three learning algorithms, and there was one trial out of 50 in which CFS-MDL included
a fourth feature that gives ~ 94% accuracy. This indicates that this fourth feature may be

very close to the borderline for acceptance into the best subset and, in fact, it is included

on all trials by CFS-UC and CFS-MDL using merged subsets.

CFS-UC CFS-MDL
symmetrical

attribute  uncertainty | attribute = MDL

22 0.2354 22 0.2396
11 0.1146 11 0.1132
34 0.1008 34 0.0991
33 0.0475 33 0.0630
9 0.0454 30 0.0619
16 0.0380 9 0.0445
17 0.0303 17 0.0399
30 0.0286 16 0.0351

Table 6.9: Top eight feature-class correlations assigned by CFS-UC and CFS-MDL on

the chess end-game dataset.

Table 6.9 shows the top eight feature-class correlations calculated by symmetrical uncer-
tainty and MDL on the entire chess end-game dataset. The first three features (22, 11,

and 34) are consistently selected by CFS. They have the highest correlation with the class
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and have very low inter-correlation (0.007, 0.001, and 0.01 between features 22 and 11,
22 and 34, and 11 and 34 respectively). Feature 33 is the feature that, when added to
11, 22, and 34, gives 94% accuracy. As can be seen from the table, CFS-MDL assigns a
higher correlation (comparative to the other features) to this feature than CFS-UC, which
might explain why this feature was actually included in one trial by CFS-MDL and not

by CFS-UC. Using IR to produce a rule for attribute 33 on the full dataset gives:

Rule for attribute-33:

class(NoWin) :- attribute-33(t). (covers 155 out of 175 examples)
class(Won) :- attribute-33(f). (covers 1649 out of 3021 examples)

The first clause of this rule is highly predictive of a small number of examples—it achieves
88.5% accuracy over 175 examples. The 155 examples it gets correct account for 4.8%
of the dataset. It is possible that the first clause of this rule—when attribute 33 has value
“true”—is responsible for the 4% improvement in the learning schemes’ accuracy on this
dataset. To see if this is indeed the case, the predictions of naive Bayes using the feature
subset {11, 22, 34} and feature subset {11, 22, 33, 34} are compared using a random train-
ing and testing split of the dataset. Results show a 4.1% improvement that corresponds
entirely to the instances where attribute 33 has the value “true”. Furthermore, there are no
new errors introduced through the inclusion of attribute 33. The correlations between at-
tribute 33 and attributes 11, 22, and 34 are very low, indicating that very little redundancy

is introduced with this feature.

Analyzing attribute 30 reveals a similar pattern. The 1R rule for this feature shows that
it has one value that covers 47 out of 47 examples—again a very small percentage of the
instance space. Examining the predictions of naive Bayes with and without this feature
included (in the same manner as above) shows a 1.4% improvement in accuracy that is
solely attributable to this single value of the attribute; again, no new errors are introduced
and the correlations between attribute 30 and 11, 22, and 34 are very low. Attribute 9 is a
different story. Including this attribute results in accuracy degrading 4%. Analyzing this
feature in the same manner as the previous two shows that it has one value that covers 486
out of 696 examples. This value is responsible for = 1% of the test set that was originally
misclassified to be classified correctly, but, unfortunately, it causes = 5% of the test set

to be misclassified. The correlations between attributes 9 and 11, 22, and 34 are much
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higher than those of attribute 33 and 30, indicating that too much redundancy has been

introduced, which in turn affects the accuracy of naive Bayes.

The above analysis indicates that some datasets may contain features that have a few val-
ues that are strongly predictive locally (in a small area of the instance space), while their
remaining values may have low predictive power, or be irrelevant, or partially correlated
with other features. Since CFS measures a feature’s merit globally (over the entire train-
ing instance space), its bias toward small feature subsets may prevent these features from
being included—especially if they are overshadowed by other strong, globally predictive
features. A number of features such as this could cumulatively cover a significant propor-
tion of a dataset®. CFS’s large improvement on the audiology dataset through the use of
merged feature sets supports this conjecture. Inspection of the 1R rules produced for the
audiology dataset reveals a number of features with values that are highly predictive of a
small number of instances. While not all of these features may be useful, it is likely that

some of them cover instances not covered by the stronger features.

The experiments presented in this section show that CES’s ability to select useful features
does carry over from artificial to natural domains. Out of the three learning algorithms,
CFS improves naive Bayes the most. This is most likely due to the fact that CFS deals
effectively with redundant attributes, and, like naive Bayes, treats features as independent

of one another given the class.

Analysis of the results on the natural domains has revealed a weakness with CFS. At-
tributes that are locally predictive in small areas of the instance space may not be
selected—especially if they are overshadowed by other strongly predictive features. From
this it can be concluded that subsets selected by CFS should not be treated as definitive—

instead, they represent a good indication of the most important features in a dataset.

Appendix F presents results for CFS-UC applied to the suite of UCI domains used for
evaluation as part of the WEKA (Waikato Environment for Knowledge Analysis) work-
bench [HDW94]. These results show a similar pattern as those for the smaller set of

domains analyzed here.

%Because C4.5 subdivides the training instance space as it constructs a decision tree, it has a greater
chance of identifying these features, which explains its superior performance on the chess end-game dataset.
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6.3 Chapter Summary

This chapter presents experiments which test the claim that CES is a method by which
redundant and irrelevant features can be removed from learning data, and that CFS can be

of use to common machine learning algorithms.

Experiments on artificial domains show CFS to be effective at screening both irrelevant
and redundant features and, as long as there are no extreme feature interactions, CFS is
able to quickly identify relevant features. Furthermore, the results of section 6.1.2 show
CFS to prefer relevant features with fewer values and less noise. Learning curves show
how ML algorithms that increase in accuracy slowly on these artificial domains, in the
presence of irrelevant and redundant information, can have their accuracy dramatically

improved by using CFS to select features.

Experiments on a selection of natural domains show that CFS can be of use to ML algo-
rithms in terms of improving accuracy and, in the case of C4.5, improving the compre-
hensibility of the induced model. Since the dimensionality of the data is reduced, all three
learning algorithms execute noticeably faster. Examination of cases where using CFS to
select features results in worse performance reveals a shortcoming in the the approach.
Because correlations are estimated globally (over all training instances), CFS tends to
select a “core” subset of features that is highly predictive of the class, but may fail to
include subsidiary features that are locally predictive in a small area of the instance space.
Experiments show that a version of CFS that merges subsets to include features from
subsets with merit close to the best subset is able to incorporate some of these subsidiary
features. However, merging feature subsets may also allow some harmful redundancy to

be included.

Of the three versions of CFS tested, the versions using the symmetrical uncertainty co-
efficient and the MDL measure perform the best overall. By selecting fewer features,
CFS-MDL tends to be more cautious than CFS-UC when there are few training instances.
This is why CFS-UC performs slightly better than CFS-MDL. For larger datasets CFS-
MDL performs as well, if not slightly better, than CFS-UC.
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Chapter 7
Comparing CFS to the Wrapper

This chapter compares CFS’s performance with that of the wrapper approach to feature
selection. The wrapper is one of the simplest feature selectors conceptually (though not
computationally) and has been found to generally out-perform filter methods [JKP94,
CF94, AB94]. Comparing CFS to the wrapper is a challenging test because the wrapper
is driven by the estimated performance of a target learning algorithm and is tuned to its

inductive bias.

7.1 Wrapper Feature Selection

The rationale behind wrapper feature selectors is that the induction method that will ulti-
mately use the feature subset should provide a better estimate of accuracy than a separate
measure that has a different inductive bias. It is possible that the “optimal” feature subset
for a given induction algorithm does not contain all the relevant features', and advocates
of the wrapper approach claim that using the target learning algorithm as the feature eval-
uation function is the easiest way to discover this [Koh95b, KJ96]. It is undoubtedly true
that, short of designing a feature evaluation measure that mimics the behaviour of a par-
ticular induction algorithm, using the induction algorithm itself as the measure stands the
best chance of identifying the “optimal” feature subset. However, wrapper feature selec-
tors are not without fault—cross-validation accuracy estimates are highly variable when
the number of instances is small (indicative of overfitting) [Koh95b], and cross-validation

is prohibitively slow on large datasets [CF94, ML94].

'Kohavi [Koh95b] gives an example where withholding a relevant attribute from naive Bayes on a m-
of-n concept results in better performance than including it.
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The MLC++ machine learning library [KJL*94] was used to provide results for the
wrapper, as this library was used in Kohavi’s feature selection experiments reported in
the literature. The version of M LC++ utilities used has an implementation of the naive
Bayes learner? built in and provides support for C4.5 through scripts. Unfortunately, the
built in version of IB1 does not support nominal features, which makes it unsuitable for
use on the datasets chosen for evaluating CFS, nor is there easy support for calling an
external learning algorithm (apart from C4.5). For that reason, IB1 was not used in the
experiments described in this chapter. Nevertheless, C4.5 and naive Bayes represent two
diverse approaches to learning, and results with these algorithms provide an indication as

to how the feature selection methods will generalize to other algorithms.

In order to allow a fair comparison between CFS and the wrapper, the same training and
testing splits used to generate the results shown in in chapter 6 are presented to M LC++.
Furthermore, the same search strategy and stopping condition are used. Accuracy esti-
mation for the wrapper is achieved though 10-fold cross validation of the training set.

Figure 7.1 shows the stages of the wrapper feature selector.

Testing data

Training data Training data Dimensionality
feature set estimated
accuracy
Feature evaluation:
cross validation é
feature set | | :
+CV fold ;_
Final luati
\ [ ML algorithm }s l inal evaluation

@ Estimated
* accuracy

% hypothesis

Wrapper

Figure 7.1: The wrapper feature selector.

*The version of naive Bayes in MLC++ is the implementation that is used in all the experiments de-
scribed in Chapter 6
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7.2 Comparison

Table 7.1 shows the accuracy of naive Bayes without feature selection and naive Bayes
with feature selection by the wrapper and CFS-UC on all the domains. Training set
sizes for the artificial datasets, with added irrelevant and redundant features (A1li-A3i
and Alr-AJr respectively), were chosen by examining the learning curves in Chapter 6.
For concepts Al and A2, the point at which both all the relevant and none of the irrele-
vant/redundant features are selected by CFS was noted and training sets of this size are
used (100, 300, 300, and 400 instances for Ali, A2i, Alr, and A2r respectively). As CFS
is unable to select the relevant features on A3, the training set size for A3i and A3r is set

to 500 (exactly half of the dataset).

From the table it can be seen that the wrapper improves naive Bayes on thirteen datasets
and degrades on six. CFS improves naive Bayes on fourteen datasets and degrades on

three.

It is clear that the wrapper has difficulty on those datasets with fewer training instances
(lymphography, primary tumour, breast cancer, dna-promoter, and Ali). This is espe-
cially noticeable on the artificial domains with added irrelevant features where it actually
degrades naive Bayes performance. On the equivalent domains with added redundant
attributes its performance is much better. On these datasets all features are relevant, sug-
gesting that the combination of few training instances and irrelevant features is to blame
for the wrapper’s performance on Ali and A2i. The wrapper tends to outperform CFS on
datasets with more training examples (mushroom, soybean, and chess end-game) and on
those domains with features that are locally predictive in small areas of the instance space
(chess end-game and audiology). Where the wrapper does better it always selects more
features than CFS. The features in common between CFS and the wrapper are fairly sta-
ble between trials on these datasets. This also suggests that the wrapper is able to detect

additional locally predictive features where CFS can not.

Unlike the wrapper, CFS does not need to reserve part of the training data for evaluation

purposes and, in general, tends to do better on the smaller datasets than the wrapper.
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Figure 7.2 shows the difference in accuracy between CFS and the wrapper. Bars above the
zero line show where naive Baye’s average accuracy using feature subsets selected by CFS
is higher than its average accuracy using feature subsets selected by the wrapper. CFS is
better than the wrapper for eight domains and is worse for seven domains. The wrapper
outperforms CFS on the M2 domain because it discovers that the best performance for
naive Bayes is given by eliminating all the features. Chapter 6 showed that CFS with the
MDL measure (CFS-MDL) achieves this result also.

| Dom || naive Bayes | wrapper CFS |

mu 94.75+ 0.7 | 98.86 £ 0.4+ 98.49 £ 0.1+
Vo 90.25+1.5 | 95.24+ 1.2+  95.60 £ 1.0+
vl 8720+ 1.8 | 88.95+2.2+ 89.04+ 1.7+
cr 7821+1.5 | 85.16 1.2+  85.60+ 1.0+
ly 82.12+4.8 | 76.00 £ 5.0— 82.16 £6.1

pt 46.87+ 3.1 | 42.31 £ 3.9— 45.83 + 3.5~
bc 72.16 £ 2.7 | 70.96 + 3.4— 71.86 + 3.6
dna 89.21+£5.0 | 82.05+81- 90.53+4.5

au 80.24 +£4.0 | 79.33+ 34 66.13 £ 3.2—
sb 91.30+£ 1.7 | 9299+ 1.5+ 87.63+2.5-
hc 83.13+3.2 | 87.70 £ 2.5+ 87.35+ 3.7+
kr 87.33+£1.2 | 94.36 £ 0.5+ 90.40 + 0.6+
Ali 91.95+0.9 | 87.44 £ 0.0— 99.49 + 1.8+
A2i 9496 £ 1.8 | 88.31 £ 12.8— 100.00 £ 0.0+
A3i 71.50+ 1.5 | 72.97+ 0.2+ 72.04 £ 1.3+
Alr 84.31 £3.0 | 100.00 + 0.0+ 100.00 £ 0.0+
A2r 73.74+1.0 | 99.89 +£ 0.8+  100.00 £+ 0.0+
Aldr 68.68 £ 3.1 | 74.67 £ 1.5+ 72.28 £ 1.6+
M1 72.55+£2.0 | 74.27+ 1.8+ 75.00 + 0.0+
M2 62.75+£2.7 | 67.02+ 0.6+ 64.93 £+ 2.0+
M3 97.17+£04 | 97.26+ 0.4 97.17+ 04

+, — statistically significant improvement or degradation

Table 7.1: Comparison between naive Bayes without feature selection and naive Bayes
with feature selection by the wrapper and CFS.

Table 7.2 shows the CPU time taken (as measured on a Sparc server 1000) to complete
one trial on each dataset by the wrapper and CFS3. As can be seen, CFS is much faster

than the wrapper.

Figure 7.3 shows the number of features selected by the wrapper and CFS. CFS generally
selects a similar sized feature set as the wrapper. In many cases the number of features is

reduced by more than half by both methods.

3CPU times reported for CFS are for a non-optimized version (Chapter 4 suggests some simple methods
of optimization).
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Figure 7.2: Comparing CFS with the wrapper using naive Bayes: Average accuracy of
naive Bayes using feature subsets selected by CFS minus the average accuracy of naive
Bayes using feature subsets selected by the wrapper. Dots show statistically significant
results.

Domain || wrapper  CFS |

mu 2154.0 1.0
Vo 193.0 <1.0
vl 397.0 <1.0
cr 411.0 <1.0
ly 187.1 <1.0
pt 3036.0 <1.0
bc 123 <1.0
dna 1145.0 < 1.0
au 5362.0 1.0
sb 8904.0 1.0
hc 1460.0 1.0
kr 9427.0 8.0
Ali 83.0 <1.0
A2i 598.0 1.0
A3i 357.0 1.0
Alr 328.0 <1.0
A2r 237.0 <1.0
Adr 562.0 <1.0
M1 22.0 < 1.0
M2 26.0 < 1.0
M3 26.0 <1.0

Table 7.2: Time taken (CPU units) by the wrapper and CFS for a single trial on each
dataset.

125



80 T T T T T T T T T T T T T T T T T T T T

70 | o 1

60 - 7

50 b

40 4

# features

30 + 1

mu vo vl cr ly pt bc dna au sb hc kr Ati A2i A3i Atr A2r A3r M1 M2 M3
dataset

Figure 7.3: Number of features selected by the wrapper using naive Bayes (left) and CFS
(right). Dots show the number of features in the original dataset.

Table 7.3 shows the accuracy of C4.5 without feature selection and C4.5 with feature
selection by the wrapper and CFS-UC. The wrapper improves C4.5 on six datasets and

degrades on seven. CFS improves C4.5 on five datasets and degrades on seven.

The wrapper is more successful than CFS on those artificial datasets that have interacting
features. It is able to improve C4.5’s performance on A3r and M1, where CFS cannot.
It is interesting to note that, while the wrapper does better than CFS on the chess end-
game dataset, it still degrades C4.5’s performance. One possible explanation for this
is that there are high order—perhaps higher than pairwise—feature interactions in this
dataset. While the wrapper using a forward best first search stands a good chance of
discovering pairwise interactions, backward searches are needed to discover higher than

pairwise feature interactions [L.S94b].

Figure 7.4 shows the difference in accuracy between CFS and the wrapper. Bars above
the zero line show where C4.5’s average accuracy using feature subsets selected by CFS
is higher than its average accuracy using feature subsets selected by the wrapper. CFS is
better than the wrapper for six domains and is worse for eight domains. As was the case

with naive Bayes, CFS is superior to the wrapper on those artificial domains with added
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| Dom [ C45 | wrapper CFS |

mu 99.59+0.4 | 99.03+0.6— 98.48 +£0.1—-
Vo 9523+ 1.4 95.33+1.1 95.67 + 1.0+
vl 88.71 £ 2.0 87.82+2.7— 88.37 2.2

cr 83.69+ 1.5 84.75+ 1.3+ 85.61 + 1.0+
ly 75.80+ 5.4 80.86 + 9.4+ 76.51+ 5.3

pt 4099+ 4.4 39.53 +3.4— 41.51 + 3.5

bc 71.77+3.3 7111+ 2.7 7097+ 3.2

dna 74.58 £ 6.5 74.21+£5.0 77.20 £ 6.3+
au 78.48 £ 3.8 75.50 £ 3.6— 72.56 + 2.8—
sb 89.16 £ 1.6 89.65 + 2.2 81.28 +£2.9—
hc 84.02+ 3.0 85.56 £ 3.1+ 86.05 £+ 3.5+
kr 99.16 £ 0.3 97.19+1.2— 90.41 £0.7—
Ali 100.00 £ 0.0 | 87.40 £ 0.0— 100.00 £ 0.0
A2i 100.00 £ 0.0 | 94.87 £10.4— 100.00 £+ 0.0
A3i 75.64 £ 9.4 73.00 £ 0.0 74.70 £ 6.5

Alr 100.00+ 0.0 | 99.17 + 3.3 100.00 +£ 0.0
A2r 100.00 £ 0.0 | 99.40 + 4.2 100.00 £ 0.0
Aldr 95.74+ 5.0 100.00 £ 0.0+ 75.16 +3.4—
M1 83.87+6.2 91.71 £ 7.0+ 75.00 £ 0.0—
M2 66.81 £ 0.8 67.10 £ 0.0+ 67.06 + 0.3+
M3 97.54+ 1.8 97.71+£19 96.42 + 1.6—

+, — statistically significant improvement or degradation

Table 7.3: Comparison between C4.5 without feature selection and C4.5 with feature
selection by the wrapper and CFS.

irrelevant features. The wrapper consistently identifies the three interacting features in
the A3r domain and the two interacting features in the M1 domain most of the time—
resulting in superior performance over CFS on these domains. However, the wrapper
still fails on A3i because of the small sample size combined with the presence of many

irrelevant features.

CPU times for the wrapper with C4.5 are similar to those for naive Bayes. The soybean
dataset took the longest at just over four hours to complete one trial; M2 took the least
amount of CPU time at around one and half minutes. As CFS is independent of the

learning algorithm, its execution time remains the same.

Figure 7.5 shows how feature selection by the wrapper and CFS affects the size of the
trees induced by C4.5. Bars below the zero line indicate that feature selection has reduced
the size of the trees. The graph shows that both feature selectors reduce the size of the
trees induced by C4.5 more often than not. CFS affords similar reductions in tree size

as the wrapper. The wrapper was particularly successful on the lymphography domain—
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Figure 7.4: Comparing CFS with the wrapper using C4.5: Average accuracy of C4.5 using
feature subsets selected by CFS minus the average accuracy of C4.5 using feature subsets
selected by the wrapper. Dots show statistically signifcant results

not only did it increase C4.5’s accuracy and outperform subsets chosen by CFS, but it
also resulted in the smallest average tree size (interestingly, the wrapper was the poorest

performer on this dataset for naive Bayes).

The wrapper tends to select slightly smaller feature subsets when used with C4.5 than

CFS (CFS’s subsets are, of course, the same for C4.5 as they are for naive Bayes).

7.3 Chapter Summary

This chapter compares CFS with the wrapper feature selector. Although CFS and the
implementation of the wrapper used herein share the same search strategy, they repre-
sent two completely different paradigms for feature selection—wrappers evaluate feature
subsets by statistical estimation of their accuracy with respect to a learning algorithm,
while CFS (a filter) evaluates feature subsets by a heuristic measure based on correlation.
Wrappers are generally considered to be superior to filters as they are tuned to the specific

interaction between a learning algorithm and its training data and stand the best chance of
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Figure 7.5: Average change in the size of the trees induced by C4.5 when features are
selected by the wrapper (left) and CFS (right). Dots show statistically significant results.

finding the “optimal” feature subset.

Experiments in this chapter show CFS to be competitive with wrapper in many cases. The
cases for which the wrapper out-performs CFS are generally those for which CFS’s as-
sumption of attribute independence given the class is grossly violated, or contain features
that are locally predictive in small areas of the instance space (as shown in Chapter 6).
Because CFS makes use of all the training data at once, it can give better results than the
wrapper on small datasets—especially if there are many irrelevant features present. Re-
sults show that both methods select similar sized feature subsets and both reduce C4.5’s

trees in a similar manner.

Some might argue that using a backward search would give better results for the wrap-
per. While this could be true, backward searches are very slow for wrappers. Ko-
havi [Koh95b, KJ96] discusses the use of “compound” search space operators that pro-
pel the search more quickly toward the relevant features and make backward searches
possible—however, his experiments show little improvement over forward searches ex-
cept for artificial domains with high order feature interactions. Although compound op-

erators do reduce the execution time of the wrapper, CFS is still many times faster.
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Chapter 8
Extending CFS: Higher Order

Dependencies

The experiments on artificial domains in Chapter 6 showed that CFS is able to detect
relevant features under moderate levels of interaction—that is, when the relevant features
are individually predictive of the class at least some of the time. However, features whose
ability to predict the class is always dependent on others will appear irrelevant to CFS

because it assumes feature independence given the class.

Detecting high order feature dependencies is difficult because the probabilities in ques-
tion are apt to be very small. There is also a risk of overfitting because these probabilities
may not be reliably represented when data is limited. Furthermore, research in the area of
Bayesian networks has shown that inducing an optimal Bayesian classifier is NP-hard—
even when each feature (node in the network) is constrained to to be dependent on at most
two other features [Sah96]. For these reasons, a limited “pairwise” approach to detecting
feature interactions is one method explored in this chapter. As a second approach, the
instance based attribute estimation method RELIEF (see Chapter 4) is used as a replace-
ment for the entropy-based feature-class correlation measure used in CFS-UC. RELIEF

has the potential (given sufficient data) to detect higher than pairwise feature interactions.

8.1 Related Work

The feature selection method of Koller and Sahami [KS96b] greedily eliminates features

one by one so as to least disrupt the original conditional class distribution. Because it
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is not reliable to estimate high order probability distributions from limited data, their
approach assumes that features involved in high order dependencies will also exhibit some

pairwise dependency (see Chapter 3 for details).

Like CFS, the naive Bayesian classifier assumes features are independent given the class.
This assumption makes it a very efficient and simple learning algorithm. Furthermore,
naive Bayes classification performance has been found to be very competitive with more
sophisticated learning schemes [DP96]. These qualities have prompted a number of at-
tempts to reduce the “naivety” of the algorithm to further improve performance on do-
mains with class conditional feature dependencies. Four methods (described below) for
improving naive Bayes have taken a pairwise approach (for computational reasons) to

detecting and incorporating feature dependencies.

Pazzani [Paz95] combines dependence detection and feature selection in a wrapper ap-
proach for improving naive Bayes. Forward and backward hill climbing searches are
used—at each stage the search considers adding/subtracting a feature or joining a pair of
features. In this manner, the algorithm can join more than two features but has to do so in
multiple steps. Joining more than two features will not occur unless the first two result in

an increase in accuracy.

Instead of joining whole attributes—that is, where every possible combination of values
for two attributes is considered jointly—Kononenko [Kon91] argues that allowing just
some combinations of attributes’ values to be considered jointly (while others remain in-
dependent) is more flexible. His semi-naive Bayesian classifier uses an exhaustive search
to determine which pairs of attribute values are worth considering jointly (a probabilistic
reliability measure is used to screen joined values); again more than two values can be

joined by this algorithm, but doing so requires multiple iterations.

KDB [Sah96, KS97] is an algorithm for constructing limited Bayesian networks that al-
lows k-order feature dependencies. The dependencies are specified in the network in a
greedy fashion: for each feature X, network arcs are added to the K other features that
X 1is most dependent on, where dependency is measured in a pairwise fashion using a

metric of class conditional mutual information I (X; Y|C'). KDB requires that all features
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be binary; best results are had when KDB is used with a mutual information threshold

which prevents “spurious” dependencies from being included in the network.

The TAN (Tree Augmented Naive Bayes) algorithm [FG96] also constructs a Bayesian
network but restricts each node (feature) in the network to have at most one additional
parent (other than the class). This allows an optimal classifier to be found in quadratic
time. Like KDB, TAN uses class conditional mutual information to measure dependency

between attributes.

8.2 Joining Features

A straightforward and computationally feasible extension to CFS for detecting higher
order dependencies is to consider pairs of features. Joining two features X and Y results
in a derived attribute with one possible value corresponding to each combination of values
of X and Y. For example, if attribute X has values {a, b, c} and attribute Y has values
{y, z} then the joined attribute XY will have values {ay, az, by, bz, cy, cz}. An algorithm
that considers all possible pairwise combinations of features in this manner is quadratic

in the original number of features.

Once new attributes are created, corresponding to each possible pairwise combination
of features, the feature-class correlations can be calculated in the normal fashion using
any of the measures described in Chapter 4. A derived feature is a candidate for feature
selection if its correlation with the class is higher than both of its constituent features,
otherwise it is discarded. After all the derived features have been screened in this fashion,
the feature-feature inter-correlations are calculated for the new feature space and feature
selection proceeds as in the original algorithm. It is important to note that this extension
to CFS does not perform constructive induction—that is, it does not alter the input space
for a machine learning algorithm in any fashion other than discarding some number of
the original features. If the best feature subset found by CFS contains derived features,
then what is passed on to a learning algorithm are the individual features that comprise

the derived features.
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Initial experiments with this enhancement to CFS (dubbed CFS-P) showed that more
derived features became candidates for feature selection when the number of training
instances was small, often leading to larger final feature subsets with inferior performance
compared with those chosen by standard CFS. Experiments in Chapter 4 showed how
correlation measures tended to increase as the number of training examples decreased—
more so for attributes with with a greater number of values than those with fewer values.
In this situation, probability estimates are less reliable for attributes with more values, and
they may appear more useful than would be warranted by the amount of available data.
To counter this trend toward overfitting small training sets, a reliability constraint often
applied to chi-square tests for independence is used. Equation 8.1 shows a statistic based

on the chi-square distribution:

(Eij — Oy)

XQZZZE_»’ 8.1
(] t

J

where O;; is the observed number of training instances from class C; having the j-th value
of the given attribute, and E;; is the expected number of instances if the null hypothesis

(of no association between the two attributes) is true:

E;=—1* (8.2)

In Equation 8.2, n ; is the number of training instances with the j-th value of the given
attribute, n;_ is the number of training instances of class C;, and n is the total number of

training instances.

Equation 8.1 is unreliable and becomes over-optimistic in detecting association when
expected frequencies are small. It is recommended that the chi-square test not be used if
more than 20% of the expected frequencies are less than 5 [Sie56, WW77]. For CFS, a
derived feature is screened by subjecting the expected frequencies for each of its values
in each of the possible classes to this constraint—if more than 20% are less than 5, then
the derived feature does not become a candidate for selection because its association with

the class (with respect to a particular correlation measure) is likely to be overestimated.
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8.3 Incorporating RELIEF into CFS

One drawback to considering pairs of features is that the feature subset space can be en-
larged considerably and, in turn, can take longer to explore. A second approach to detect-
ing feature interactions—one that does not expand the feature subset space (but of course
does incur further computational expense)—is to incorporate the RELIEF [KR92, Kon94]
algorithm for estimating feature relevance. The feature estimates provided by RELIEF are
used to replace the feature-class correlations in CFS-UC; feature-feature inter-correlations
are still calculated as normal using the symmetrical uncertainty coefficient. This version
of CFS is called CFS-RELIEF (as opposed to CFS-Relief which used a context insensitive
simplification of RELIEF to calculate feature correlations, as described in Chapters 4 and

9).

RELIEEF is an instance-based algorithm that imposes a ranking on features by assigning
each a weight. The weight for a particular feature reflects its relevance in distinguishing
the classes. RELIEF can be used for feature selection in its own right, but, because it does
not explicitly select a subset, a relevance threshold must be set (on a domain by domain
basis) by which some number of the features can be discarded. Furthermore, RELIEF

makes no attempt to deal with redundant features.

One advantage of RELIEF is that it is sensitive to feature interactions and can detect
higher than pairwise interactions, given enough data. Kononenko [Kon94] notes than
RELIEF assigns a weight to a feature X by approximating the following difference of

probabilities

Wy = P(different value of X | nearest instance of different class) (8.3)

— P(different value of X | nearest instance of same class)

RELIEF incrementally updates the weights for features by repeatedly sampling instances
from the training data. Instance-based similarity metrics are used to find the “nearest”
instances to the one sampled, and, because these metrics take all the features into account,

the weight for a given feature is estimated in context of the other features. The following
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is the original RELIEF algorithm [KR92], which operates on two-class domains.

RELIEF:

set all feature weights W[X] = 0
fori=1tom

randomly select an instance R

find R’s nearest hit H (same class) and nearest miss M (different class)

for each attribute X do

W(X] = W[X]- diff(X, R, H)/m+ diff(X, R, M)/m

The function diff calculates the difference between the values of attribute X for two in-
stances. For nominal attributes the difference is either 0 (the attribute has the same value
in both instances) or 1 (the value of the attribute differs between the two instances). For
continuous attributes the difference is the squared arithmetic difference normalized to the
interval [0, 1]. Diff is also used to calculate the difference between instances when finding

nearest hits and misses. The difference between two instances is simply the sum of the

attribute differences.

The version of RELIEF incorporated into CFS is an extended version (RELIEF-F) de-
scribed by Kononenko [Kon94], which generalizes RELIEF to multiple classes and han-
dles noise. To increase the reliability of RELIEF’s weight estimation, RELIEF-F finds the
k nearest hits and misses for a given instance (k = 5 is used here). For multiple class prob-
lems, RELIEF-F finds nearest misses from each different class (with respect to the given
instance) and averages their contribution for updating W|[X]. The average is weighted
by the prior probability of each class. The version of RELIEF-F used herein runs the
outer loop of the RELIEF algorithm over all the available training instances rather than
randomly sampling some number m of them. This results in less variation in RELIEF’s

estimation of feature weights at the cost of increased computation.

8.4 Evaluation

This section evaluates the performance of the two extended forms of CFS (CFS-P and
CFS-RELIEF) described above. Of particular interest is performance on those artificial

domains with strong feature interactions, that is, A3, M1, and M2. The results of feature
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selection for IB1 are presented first as this algorithm is sensitive to interacting features

and can achieve higher accuracy on the artificial domains (given the correct feature set)

than either naive Bayes or C4.5.

Table 8.1 compares the performance of enhanced CFS (CFS-P and CFS-RELIEF) with
standard CFS-UC on artificial domains using IB1 as the induction algorithm. The results
show that CFS-P consistently identifies all three relevant features in A3i and A3r, selects
the three relevant features for the M1 domain, and averages 5.4 out of the 6 relevant
features for the M2 domain. Incorporating derived features into CFS has not resulted
in worse performance on any of the artificial domains. For the A1-A3 domains with
added redundant features, CFS-P selects, on average, less than one redundant feature.
Examination of the subsets selected by CFS-P show that it sometimes selects a joined
feature that correctly captures one of the dependencies but, when converted back to its
constituent features, results in the inclusion of a redundant feature. For example, the
feature set (AB,BC,C E) correctly captures the pairwise dependencies in the A2r dataset,
but resolves to the feature set (A, B, C, E') where feature E is a copy of feature A. The
difficulty is that the derived feature AC' is equivalent to C'E—both represent the same
dependency but the algorithm cannot tell that one is more appropriate than the other (only
that one of the two is necessary). However, the inclusion of the occasional redundant
feature on these domains has no affect on the accuracy of IB1. Although CFS-P selects the
correct subsets for domains A1i—A3i, it often accepts more derived features as candidates
for selection than are necessary. Chapter 4 showed how symmetrical uncertainty and relief
correlation favour non-informative attributes with more values over those with few values.
A derived attribute comprised of two non-informative attributes therefore appears more
predictive to symmetrical uncertainty and relief than either of its constituent attributes.
This does not happen if the MDL measure is used because it assigns a value less than zero

to non-informative attributes (given sufficient data).

The results for CFS-RELIEF show it to be less effective than CFS-P. Although it im-
proves over standard CFS-UC on the same datasets as CFS-P does, it degrades on two
datasets, while CFS-P does not degrade on any. Some irrelevant features are included by

CFS-RELIEF on the Ali domain, resulting lower accuracy than either CFS-P or standard
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IBI

Domain || CFS-UC | CFs-P CFS-RELIEF

Ali 10000 £0.0 {3.1} | 1000000 {3.1} 9438+49- (8.1}
A2i 100.00 £ 1.4 {3.0} | 100.00+£0.0  {3.0} 100.00+0.0  {3.0}
A3i 4707+ 164 {4.8} | 100.00£0.0+ {3.0} 100.00+0.0+ {3.0}
Alr 100.00+0.0 {3.0} [ 100.00+£0.0  {3.9} 100.00+0.0  {3.3}
A2r 100.00+0.0 {3.0} [ 100.00£0.0  {3.3} 76.09+1.2-  {2.0}
A3r 53.44+17.0 {3.0} | 100.00£0.0+ {3.7} 75.96+1.2+ {2.0}
M1 7500+ 0.0 {1.0} | 99.33+1.2+ {3.0} 9822+4.8+ {29}
M2 66.94+0.6 {29} | 746759+ {54} 69.12+4.1+ {4.0}
M3 9722400 {2.0} | 9722400 {20} 9722400  {2.0}

+, — statistically significant improvement or degradation

Table 8.1: Performance of enhanced CFS (CFS-P and CFS-RELIEF) compared with stan-
dard CFS-UC on artificial domains when IB1 is used as the induction algorithm. Figures
in braces show the average number of features selected.

CFS-UC. On M1 and M2, CFS-RELIEF selects fewer relevant features on average than
CFS-P, resulting in lower accuracy on these domains. It is interesting, given RELIEF’s
ability to detect high order interactions, that CFS-RELIEF does not do as well as CFS-P—
especially on M2 which has the most feature interaction. Kira and Rendell [KR92] note
that as the amount of feature interaction increases, the amount of training data must also
increase in order for RELIEF to reliably estimate feature relevance. This was tested with
CFS-RELIEF by increasing the number of instances in the M2 dataset. After quadrupling

the size of the dataset CFS-RELIEF was able to reliably select all 6 relevant features.

CFS-RELIEF is effective on A3i, but fails to select all three relevant features on A3r
and A2r. The problem lies with the RELIEF algorithm—examination of the feature
relevances assigned by RELIEF on these datasets show that feature A (and its exact
copies in each domain) are consistently assigned relevance 0. The selection of near-
est neighbours is very important to RELIEF as it attempts to find nearest neighbours
with respect to “important” attributes. Averaging the contribution of k£ nearest neigh-
bours improves RELIEF’s attribute estimates by helping counteract the effect of irrele-
vant attributes, redundant attributes, and noise on nearest neighbour selection. However,
this has not helped in the case of A2r and A3r . To see why, consider the weight up-
date for attribute A from the A2 domain ((A A B) V(A A C)V (B A C)), given the
instance (A = 0,B = 0,C = 0). Furthermore, assume that there are at least two

copies of each instance in the dataset (as there would be in any but very small sam-
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ples). Table 8.2(a) shows all possible instances in this domain, along with their distance
from instance (A = 0,B = 0,C = 0). The nearest neighbour of the same class as
(A =0,B = 0,C = 0) is another copy of itself. Since the value of A is the same
here for both instances, there is no change to the weight for A. There are three nearest
instances—each differing by two feature values—equally close to (A = 0, B = 0,C = 0)
from the opposite class: (A = 0,B = 1,C = 1),(4 = 1,B = 0,C = 1), and
(A=1,B=1,C = 0). Out of the three, A’s value differs for the latter two, which results
in the weight for A being incremented (on average) two out of three times the instance
(A =0,B =0,C = 0) is sampled from the training data. If, however, there is a fourth
feature D (see Table 8.2(b)), which is an exact copy of A, then the nearest neighbour of
the opposite classto (A =0,B=0,C=0,D=0)is(A=0,B=1,C=1,D =0).
This instance has the same value for A, which results in no change to the weight for A.
This situation (the nearest instance of the opposite class having the same value for feature
A) occurs for every instance in domain A2 when there is a copy of feature A present. The
result is that the weight for A (and its copy D) are never changed from the initial value of
0. In this example £ = 1 has been used for simplicity. Increasing the value of k£ can help,
but, in this case, £ would have to be increased in proportion to the number of training
instances'. Another remedy would be to restrict an instance to appearing only once in the

list of nearest neighbours.

Tables 8.3 and 8.4 compare the performance of enhanced CFS (CFS-P and CFS-RELIEF)
with standard CFS-UC on the artificial domains when C4.5 and naive Bayes are used as

the induction algorithms.

In the case of C4.5, CFS-P improves over standard CFS-UC on A3 and on M1. CFS-P
does not result in worse performance on any dataset when compared to CFS-UC. CFS-
RELIEF improves over standard CFS on A3i and M1, but does not do as well as CFS-P

on A2r and A3r because it does not select all three relevant features.

In the case of naive Bayes, both enhancements to CFS result in some degraded results

compared to standard CFS-UC, although the effect is less dramatic for CFS-P. The in-

'There are 400 training instances for A2r. Assuming instances are uniformly distributed, k£ would have
to be set in excess of 400 < 8 = 50 in order to start detecting the relevance of attribute A.
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Inst. || class | A B C | Dist. from1 Inst. || class | A B C D | Dist. from1
1 0 0 0 01O 1 0 0 0 O O01]O0
2 0 0 0 1)1 2 0 0 0 1 0|1
3 0 0 1 01 3 0 0 1 0 0|1
4 1 0 1 1 ]2 4 1 0O 1 1 0|2
5 0 1 0 0|1 5 0 1 0 0 1 |2
6 1 1 0 112 6 1 1 0 1 1|3
7 1 1 1 0|2 7 1 1 1 0 1|3
8 1 1 1 11{3 8 1 1 1 1 1 |4
(a) (b)

Table 8.2: An example of the effect of a redundant attribute on RELIEF’s distance cal-
culation for domain A2. Table (a) shows instances in domain A2 and Table (b) shows
instances in domain A2 with an added redundant attribute. The column marked “Dist.
from 1” shows how far a particular instance is from instance #1.

clusion of the occasional redundant feature on Alr and A2r is responsible for the slight
decrease in the performance of CFS-P on these domains. On M1, the inclusion of the two
interacting features by CFS-P and CFS-RELIEF results in slightly worse performace than

leaving them out.

C4.5

Domain || CFS-UC | CFS-P CFS-RELIEF
Ali 100.00 £ 0.0 | 100.00 £ 0.0 99.50 £ 2.5
A2i 100.00 £ 0.0 | 100.00 £ 0.0 100.00 £ 0.0
A3i 74.70 £ 6.5 100.00 £ 0.0+ 100.00 + 0.0+
Alr 100.00 £ 0.0 | 100.00 £ 0.0 100.00 £ 0.0
A2r 100.00 £ 0.0 | 100.00 £ 0.0 75.96 +1.4—
Aldr 75.16 £ 3.4 100.00 £ 0.0+ 75.64+£1.1
M1 75.00 £ 0.0 93.66 + 5.3+ 93.32 + 5.9+
M2 67.06 £0.3 67.06 £ 0.3 67.02+0.3
M3 96.42+ 1.6 96.03 + 1.7 96.03+ 1.7

+, — statistically significant improvement or degradation

Table 8.3: Performance of enhanced CFS (CFS-P and CFS-RELIEF) compared to stan-
dard CFS-UC on artificial doamins when C4.5 is used as the induction algorithm.

CFS-P and CFS-RELIEF were also trialed on the natural domains. Tables 8.5 through 8.7
compare the performance of CFS-P and CFS-RELIEF with standard CFS-UC on the nat-

ural domains when IB1, C4.5 and naive Bayes are used as the induction algorithms.

Subsets selected by CFS-P are practically identical to those selected by standard CFS-

UC for all datasets with the exception of mushroom. As a result, there is no significant
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naive Bayes

Domain || CFS-UC ] CFS-P CFS-RELIEF
Ali 99.49+1.8 | 99.49+1.8 95.63 £ 3.2—
A2i 100.00 £ 0.0 | 100.00+ 0.0 100.00 + 0.0
A3i 72.04+1.3 | 73.00£0.0+ 73.00+0.0+
Alr 100.00 £ 0.0 | 99.76 £ 0.5— 100.00 £+ 0.0
A2r 100.00+0.0 | 97.08 + 7.5— 76.14 +1.3—
Adr 72.28+1.6 | 74.45+0.0+ 74.45+0.0+
M1 75.00£0.0 | 74.22+2.5— 73.00+6.4—
M2 64.93+£2.0 | 64.30+2.0 65.52 £ 1.8

M3 97.17+0.4 | 97.17+0.4 97.17+04

+, — statistically significant improvement or degradation

Table 8.4: Performance of enhanced CFS (CFS-P and CFS-RELIEF) compared to stan-
dard CFS-UC on artificial doamins when naive Bayes is used as the induction algorithm.

accuracy difference on any but the mushroom dataset for any of the induction algorithms
when using subsets selected by CFS-P. Very few derived features were considered by
CFS-P on the natural domains, from which it can be concluded that either there is little
pairwise dependency in these datasets, or that, in many cases, there is not enough training
data from which to make reliable estimations. The one exception to this was the chess
end-game dataset, where over one hundred derived features were considered, on average.
However, many of these derived features were clearly irrelevant®. The strongest pairwise
dependencies were between the three features selected by standard CFS on this dataset.
It is possible that these strong dependencies overshadow some that are useful in only a
small area of the instance space (the same problem that occured with normal features for

standard CFS in chapter 6).

CFS-RELIEF is better than standard CFS and CFS-P on the mushroom domain for IB1
and C4.5 but not for naive Bayes. This suggests that it has detected more feature inter-
action than CFS-P on this dataset. The result for audiology is better than standard CFS
for IB1 and naive Bayes but not for C4.5. Using subsets provided by CFS-RELIEF has
resulted in worse performance than standard CFS on three datasets for C4.5 and on four
datasets for both naive Bayes and IB1. The datasets for which CFS-RELIEF has degraded
accuracy are among those with fewer instances. This suggests that RELIEF’s attribute es-

timation is less reliable for small datasets.

2In comparison, CFS-P using the MDL measure considered on average less than 50 derived attributes
on the chess end-game dataset.
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IB1
Domain || CFS-UC I CFS-P CFS-RELIEF
mu 98.48+£ 0.1 | 98.64 £ 0.3+ 99.72 £ 0.2+
VO 95.60+ 1.0 | 95.60 £ 1.0 95.12+1.2—
vl 88.35+2.1 | 88.35+ 2.1 88.17+1.9
cr 85.61+ 1.0 | 85.61+1.0 85.61+£1.0
ly 80.01 £ 4.8 | 80.01 +4.8 79.38 £ 6.0
pt 40.40+ 2.8 | 40.40 £ 2.8 39.75 £ 2.8
bc 70.67 £ 3.8 | 70.89 £3.7 69.34 £ 3.5
dna 86.94 £ 4.7 | 86.94 £ 4.7 85.36 £ 4.9—
au 67.60 + 3.6 | 67.60 £ 3.6 69.23 £ 3.5+
sb 84.24 £ 2.6 | 84.24 £ 2.6 82.07£2.1-
hc 86.89+2.5 | 86.89 £ 2.5 86.14 &+ 3.2—
kr 90.41+0.7 | 90.41 £ 0.7 90.41 £ 0.7

+, — statistically significant improvement or degradation

Table 8.5: Performance of enhanced CFS (CFS-P and CFS-RELIEF) compared to stan-
dard CFS-UC on natural domains when IB1 is used as the induction algorithm.

Cas
Domain || CFS-UC | CFS-P CFS-RELIEF
mu 98.48 £ 0.1 | 98.61£0.3+ 99.44+0.6+
vo 95.67+ 1.0 | 95.67+1.0 9525+ 1.3-
vl 88.37+22 | 8837+22  87.90+2.0-
cr 85.61+1.0 | 85.61+£1.0 8561+1.0
ly 76.51+£53 | 76.51+£53  77.65+ 5.8
pt 4151+3.5 | 41.51£3.5  41.27+35
be 70.97+3.2 | 7118432  70.38+2.5
dna 7720463 | 77.20+£6.3  77.68+6.3
au 7256 £2.8 | 7256 £2.8  69.91+3.0—
sb 81.28+29 | 81.28+29  81.17+20
he 86.05+3.5 | 86.05+£3.5  86.54+ 3.2
kr 90.41+0.7 | 90.41+£0.7  90.41+0.7

+, — statistically significant improvement or degradation

Table 8.6: Performance of enhanced CFS (CFS-P and CFS-RELIEF) compared to stan-
dard CFS-UC on natural domains when C4.5 is used as the induction algorithm.
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naive Bayes
Domain | CFS-UC | CFS-P CFS-RELIEF
mu 98.49+£0.1 | 98.60+ 0.2+ 97.71+0.2—
Vo 95.60 £ 1.0 | 95.60+ 1.0 95.61+1.0
vl 89.04+1.7 | 89.04 £ 1.7 88.85 + 1.7
cr 85.60+ 1.0 | 85.60 + 1.0 85.60 £ 1.0
ly 82.16 £ 6.1 | 82.16 £ 6.1 79.45 £ 5.4—
pt 45.83 £3.5 | 45.83+£3.5 45.58 + 3.7
be 71.86 3.6 | 71.84 £ 3.5 70.49 + 2.9
dna 90.53+4.5 | 90.53 £4.5 89.74 £ 4.8
au 66.13+3.2 | 66.13+3.2 69.87 £+ 3.0+
sb 87.63 £ 2.5 | 87.63 £ 2.5 84.82+2.4-
hc 87.35+ 3.7 | 87.35+3.7 87.86 + 3.5
kr 90.40 £ 0.6 | 90.40 £ 0.6 90.40 + 0.6

+, — statistically significant improvement or degradation

Table 8.7: Performance of enhanced CFS (CFS-P and CFS-RELIEF) compared with stan-
dard CFS-UC on natural doamins when naive Bayes is used as the induction algorithm.

8.5 Discussion

This chapter presents two methods of extending CFS to detect feature interaction: CFS-P
considers pairs of features and CFS-RELIEF replaces standard CFS’s feature-class cor-
relation with attribute estimates provided by the RELIEF algorithm. From experiments

comparing these enhancements to standard CFS the following conclusions can be drawn:

e Both CFS-P and CFS-RELIEF can improve accuracy over standard CFS on do-

mains where there are pairwise feature interactions.
e In general, CFS-P does not degrade accuracy compared to standard CFS.

e CFS-RELIEF does not perform as well as CFS-P. RELIEF’s estimates for attributes
are less reliable when there are fewer training instances and in some cases are af-
fected by the presence of redundant attributes. Both of these factors have an impact

on the feature subsets selected by CFS-RELIEF.

Since considering pairs of features does not degrade the performance of CFS, CFS-P is
preferred over CFS-RELIEF if it is suspected that a dataset contains feature interactions.
For larger datasets, the MDL measure is the preferred correlation measure to use with

CFS-P, because its ability to clearly identify non-informative attributes will result in fewer
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“spurious” derived features being considered for selection.

It should be noted, however, that CFS-P will not detect interaction of a higher order than
pairwise. RELIEF, on the other hand, has been shown (on parity concepts) to be able to

detect higher than pairwise interactions, given sufficient training data [KR92].

Both CFS-P and CFS-RELIEF are more computationally expensive than standard CFS.
In the worst case CFS-P may square the number features under consideration if every
pairwise combination of original features is accepted as a candidate for selection (this
is unlikely to happen in practice). Because it finds the nearest neighbours of each train-
ing instance, the version of RELIEF used in CFS-RELIEF is quadratic in the number of
training instances. However, both enhanced versions of CFS are still much faster than the
wrapper. For example, a single trial on the mushroom dataset took 7 units of CPU time
for CFS-P (31 derived features were considered as candidates) and 33 units of CPU time

for CFS-RELIEF; the same trial took 2154 units of cpu time for the wrapper.
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Chapter 9

Conclusions

9.1 Summary

The central claim of this thesis is that feature selection for supervised machine learning
can be accomplished on the basis of correlation between features. A feature selection

algorithm has been implemented and empirically tested to support this claim.

Chapter 4 outlined the rationale for a correlation-based approach to feature selection,
with ideas and an evaluation formula adapted from test theory. The evaluation formula
awards high merit to feature subsets that contain features predictive of the class (mea-
sured by the average of the correlations between the individual features and the class),
and a low level of redundancy (as measured by the average inter-correlation between
features). An implementation of a correlation-based feature selection algorithm (CFS)
incorporating this evaluation function was described. Three methods of measuring asso-
ciation between nominal features were reviewed as candidates for the feature correlations
required in the evaluation function. Experiments on artificial data showed that all three
measures prefer predictive features with fewer values—a bias that is compatible with that
of decision tree algorithms such as C4.5 that prefer smaller trees over larger ones. Two
of the measures (relief and symmetrical uncertainty) give optimistic estimates and may
over-estimate multi-valued attributes when data is limited. The MDL measure gives pes-
simistic estimates when data is limited—a situation that may result in a preference for

smaller feature subsets when used in the evaluation function.

CFS was empirically tested using artificial and natural machine learning datasets. Exper-

iments on artificial datasets showed that CFS can effectively screen irrelevant, redundant,
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and noisy features. CFS selects relevant features as long as they do not strongly interact
with other features. Of the three correlation measures reviewed in Chapter 4, symmetrical
uncertainty and the MDL measure were superior to relief, when used in CFS. In cases
where attributes divide training data into pure subsets, relief was shown to be more sensi-
tive to the size of a pure subset than either symmetrical uncertainty or MDL—a situation
that can lead to the underestimation and omission of relevant features. Experiments with
common machine learning algorithms on natural domains showed that, in many cases,
CFS improves performance and reduces the size of induced knowledge structures. Again,
the symmetrical uncertainty and MDL correlation measures were found to give better re-
sults than relief. Symmetrical uncertainty was chosen as the preferred correlation measure
for CFS because it gave slightly better results, on small datasets, than the more cautious
MDL. Results on several datasets showed that CFS is sometimes overly aggressive in fea-
ture selection. In particular, CFS may fail to select features that are locally predictive in
small areas of the instance space—especially if they are overshadowed by other strong,
globally predictive features. A method of merging top ranked feature subsets partially
mitigates this problem; the method is not completely satisfactory, however, because it

allows redundant features to be re-included in the final feature set.

Further tests compared CFS with a wrapper approach to feature selection. In many cases,
CFES gives results comparable to the wrapper, and generally outperforms the wrapper on
small datasets. Datasets on which the wrapper clearly outperforms CFS are those that
contain strong feature interactions or have features that are locally predictive for small
numbers of instances. CFS is faster than the wrapper—often by more than 2 orders of

magnitude.

Chapter 8 investigated two methods of extending CFES to detect feature interaction. Both
improved results on some datasets. The first method (CFS-P), which considers pair-
wise combinations of features, gives more reliable results than the second method (CFS-
RELIEF), which uses weights estimated by the RELIEF algorithm as correlations be-
tween features and classes. However, CFS-RELIEF has the potential (given enough data)

to detect higher than pairwise feature interactions.
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9.2 Conclusions

No single learning algorithm is superior to all others for all problems. Research in ma-
chine learning attempts to provide insight into the strengths and limitations of different
algorithms. Armed with such insight, and background knowledge for a particular prob-
lem, practitioners can choose which algorithms to apply. Such is the case with CFS—in
many cases CFS can enhance (or not degrade) the performance of machine learning al-
gorithms, while at the same time achieving a reduction in the number of features used in
learning. CFS may fail to select relevant features, however, when data contains strongly

interacting features or features with values predictive of a small area of the instance space.

CFS is a component of the WEKA workbench [HDW94], which itself is part of ongoing
research at the University of Waikato to produce a high quality process model for machine
learning. CFS has been applied to a number of problems, most notably to select features

for a musical compression system [BI98].

9.3 Future Work

The greatest limitation of CFS is its failure to select features that have locally predictive
values when they are overshadowed by strong, globally predictive features. While a single
feature such as this may account for only a very small proportion of a dataset, a number
of such features may cumulatively cover a significant proportion of the dataset. Merging
feature subsets allows redundancy to be re-introduced. While redundancy is less likely to
affect algorithms such as C4.5 and IB1, it can have a detrimental effect on naive Bayes.
An ideal solution (with naive Bayes in mind) would identify those attributes that are both
locally predictive of instances not covered by already selected attributes, and have low
correlation with already selected attributes. Of course, attributes such as these (locally
predictive and low correlation with others) are likely to have some irrelevant values—a
number of such features are likely to degrade the performance of instance based learners.
Domingos [Dom97] addresses the problem (specifically for instance based learners) by

using a wrapper to select a different feature set for each instance. For CFS (and global

147



filters in general) it is a case of being able to “please some of the people some of the time,

but not all of the people all of the time”.

It would be interesting to apply a “boosting” technique to the problem of detecting locally
predictive features. Boosting methods [FS96, SFBL97, Bre96a] improve classification
performance by combining the predictions of knowledge induced from multiple runs of
a learning algorithm. In each iteration, a learning algorithm is focused on those areas
of the training instance space that the learner from the previous iteration found difficult
to predict. Such an approach necessitates the use of a particular learning algorithm and,
when combined with CFS, would result in a hybrid system (wrapper + filter). To begin
with, standard CFS would select an initial set of features. A learning algorithm (using the
selected features) could then be applied to predict and hence weight the training instances.
CFS would then be applied to the weighted training instances to select a secondary set of
features, and so forth. Any locally predictive features that are genuinely useful will help

in predicting instances that the learner from the previous iteration had difficulty with.

Features selected by CFS generally represent a good “core” subset of features. It would
be interesting to see how a wrapper feature selector would fare when started using a
feature subset selected by CFS. In this case, a bidirectional search that considers both
additions and deletions of features would be more appropriate for the wrapper than either
a forward or backward search. Since the search would be initiated from an intelligent
start point, the computational expense of the wrapper should be reduced because fewer
subsets would be evaluated. This approach may also improve the wrapper’s performance
on smaller datasets where less reliable accuracy estimates cause it to become trapped in

local maxima.

Another area for future work is in trying (or developing) other measures of correlation for
use with CFS. Measures of correlation that operate on nominal variables were explored
in this thesis. The justification for this was that (a) it is desirable to treat different types
of features in a uniform manner in order to provide a common basis for computing corre-
lation, and (b) discretization has been shown to improve (or at least not significantly de-
grade) the performance of learning algorithms [DKS95]. Ting [Tin95] describes a method

of converting nominal attributes to numeric attributes—the opposite of discretization. The
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method replaces each nominal value of an attribute with its estimated prior probability
from the training data. When all attributes (including the class) are numeric, Pearson’s
linear correlation can be used with CFS. Future experiments will evaluate CFS on do-
mains where all attributes are numeric with learning algorithms such as K* [CT95] and

M5’ [WW97] that are capable of predicting continuous class variables.

149



150



Appendix A
Graphs for Chapter 4

Figure A.1 shows the behaviour of symmetrical uncertainty, relief, and MDL as the num-

ber of training instances vary when there are 2 classes.
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Figure A.1: The effect of varying the training set size on symmetrical uncertainty (a & b),
symmetrical relief (¢ & d), and normalized symmetrical MDL (e & f) when attributes are
informative and non-informative. The number of classes is 2; curves are shown for 2, 10,
and 20 valued attributes.
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Appendix B
Curves for Concept A3 with Added
Redundant Attributes

Figures B.1 through B.4 show curves for CFS-UC, CFS-MDL, and CFS-Relief on concept

A3 with added redundant attributes.
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Figure B.1: Number of redundant attributes selected on concept A3 by CFS-UC, CFS-
MDL, and CFS-Relief as a function of training set size.
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Figure B.2: Number of relevant attributes selected on concept A3 by CFS-UC, CFS-MDL,
and CFS-Relief as a function of training set size.

4 T T T T T T T T T T T
CFS-UC +o—
CFS-MDL +——
CFS-Relief v&8—
35 F 4
3 - -
3 25 e
5 "
3 BB
® 2 F % /; "‘. h
2 R
] NN
Z g |
g 15f ‘ g
1+ h 1
05 4
0 1 l 1 L I l 1 1 1 1 1

20 60 100 140 180 220 260 300 340 380 420 460 500
training set size

Figure B.3: Number of multi-valued attributes selected on concept A3 by CFS-UC, CFS-
MDL, and CFS-Relief as a function of training set size.
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Figure B.4: Number of noisy attributes selected on concept A3 by CFS-UC, CFS-MDL,
and CFS-Relief as a function of training set size.
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Appendix C
Results for CFS-UC, CFS-MDL, and
CFS-Relief on 12 Natural Domains

Domain || CFS-UC-nbayes | CFS-MDL-nbayes CFS-Relief-nbayes |

mu 98.49 £ 0.1 98.49 £ 0.1 98.45+0.9
VO 95.60+1.0 9532+ 1.3 95.55£1.2
vl 89.04 £ 1.7 88.94+1.7 89.49 £ 1.9+
cr 85.60 £ 1.0 85.60+ 1.0 85.60 £ 1.0
ly 82.16 £6.1 77.45 £ 5.0—- 7722+ 55—
pt 45.83 £ 3.5 40.61 & 4.8— 38.59 £3.7—
be 71.86 + 3.6 73.08 £ 3.6+ 72.02+ 3.8
dna 90.53 £4.5 90.68 £ 3.9 88.84 £6.1—
au 66.13 £ 3.2 65.36 £ 1.9 72.40 = 3.9+
sb 87.63 £ 2.5 89.26 £ 1.7+ 88.46 £ 3.4
hc 87.35+ 3.7 88.25+2.6 81.62 £ 3.0—
kr 90.40+ 0.6 90.13+£ 2.6 90.40 £ 0.6

+, — statistically significant result—better or worse

Table C.1: Accuracy of naive Bayes with feature selection by CFS-UC compared with

feature selection by CFS-MDL and CFS-Relief.
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[ Domain || CFS-UC-IBI | CFS-MDL-IBI _ CFS-Relief-IB1 |
mu 9848 £0.1 | 9848+0.1  99.06+ 0.4+
vo 95.60+£1.0 |9549+13  95.67%1.0
vl 8835+2.1 |8838+21 887518
cr 8561+1.0 |[8561+£1.0  85.61%1.0
ly 80.01+4.8 |77.18+50—  76.51+6.8—
pt 40.40+28 |36.37+4.7—  37.53+3.6-
be 70.67+3.8 |73.69+3.5+ 71.73+3.3+
dna 86.94+4.7 |8647+48  84.99+59-
au 67.60£3.6 | 65.55+2.6— 72.13+4.4+
sb 84.24+2.6 |8727+1.6+ 85.15+2.5+
he 86.89£2.5 |86.34+25—  81.62+3.0-
kr 90.41+0.7 |90.13+£26  9041%0.7

+, — statistically significant result—better or worse

Table C.2: Accuracy of IB1 with feature selection by CFS-UC compared with feature
selection by CFS-MDL and CFS-Relief.

[ Domain | CFS-UC-C4.5 | CFS-MDL-C4.5 _ CFS-Relief-C4.5 |

mu 98.48 £ 0.1 98.48 £ 0.1 98.84 + 0.4+
Vo 95.67+ 1.0 95.67+£1.0 95.67 £ 1.0
vl 88.37+2.2 88.20 £ 2.2 88.56 £ 1.9
cr 85.61 1.0 85.61 £ 1.0 85.61+ 1.0
ly 76.51 £5.3 75.21 £ 5.6— 75.34 £6.3
pt 41.51+ 3.5 36.82 £4.7— 38.85 £ 3.9-
be 70.97 £ 3.2 73.39 £ 3.3+ 70.97 £3.3
dna 7720+ 6.3 7710+ 6.4 77.41 £6.5
au 72.56 £ 2.8 65.36 £ 1.9— 69.47 £+ 3.6—
sb 81.28+2.9 86.11+ 1.7+ 84.03 £ 3.0+
hc 86.05 + 3.5 87.16 £ 2.8+ 81.62 £+ 3.0—
kr 90.41 £ 0.7 90.13 £ 2.6 90.41 £ 0.7

+, — statistically significant result—better or worse

Table C.3: Accuracy of C4.5 with feature selection by CFS-UC compared with feature
selection by CFS-MDL and CFS-Relief.

158



Appendix D

Sx2cv Paired 1 test Results

Dietterich [Die88] has shown that the common approach of using a paired-differences
t-test based on random subsampling has an elevated chance of Type I error—that is in-
correctly detecting a difference when no difference exists. He recommends using the
“5x2cv” test instead, although warns that this test has an increased chance of type II
error—that is failing to detect a difference when one actually does exist. This test, based
on 5 iterations of 2-fold cross validation, uses a modified ¢-statistic to overcome the Type

I problem. The 5x2cv t-statistic is

i o
T & S— (D.1)

/15 .2
5 >i-1 S
(1

where p; ) is the difference in accuracy from the first fold of the first replication of 2-fold

cross validation and s? is the variance computed from the i-th replication.

Table D.1 shows results for naive Bayes, IB1 and C4.5 before and after feature selec-
tion by CFS-UC. The 5x2cv test has been applied. These results are similar in pattern
to those presented in Chapter 6 in that CFS improves the performance of naive Bayes for
more datasets than it does for either IB1 or C4.5. It can be seen that there are fewer signif-
icant results than before indicating that CFS safely removes attributes with out adversely

affecting the accuracy of learning algorithms.

Table D.2 shows the accuracy of naive Bayes without feature selection and naive Bayes
with feature selection by the wrapper and CFS-UC on all the domains. The 5 x2cv test has

been applied. Similarly, Table D.3 shows the accuracy of C4.5 with and without feature
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| Dom || naive Bayes  CFS-nbayes | IBI CFS-IBI | C45 CFS-C4.5
mu 96.17+£0.1 98.52 + 0.0+ 100.0 £ 0.0 98.52+0.0— | 100.0+£0.0 98.52%0.0—
VO 90.26 £ 0.28 95.13 £1.01 9245+0.5 95.64+0.0 95.17+ 0.8 95.64+0.0
vl 87.22+0.37 88.42+0.91 89.19+1.2 88.60+0.8 89.20+ 0.9 8892+0.9
cr 78.00 £ 0.53 85.51+0.00+ | 81.71£0.5 85.50+0.0 84.16+£1.0 85.50+0.0
ly 82.18+0.81 77.96+1.95— | 77.06+4.1 T77.85+2.7 7460+ 3.5 73.92+2.0
pt 45.62+1.56 44.44+1.10 372016 39.46=£0.7 39.04+2.1 40.26x1.5
bc 71.04+1.04 71.18+1.44 7116 £19 72.28+1.2 71.17+1.3 70.75+2.0
dna 86.27£1.73 89.30+2.83+ | 78.30+2.3 87.54+2.0 7414 £ 3.1 74.52 £ 2.8+
au 77.11+2.70 66.36 & 1.97 71.24+49 66.05+1.4 7490+ 1.5 70.54+0.8
sb 90.90 £ 0.38 87.74 £0.41 89.97+0.8 83.36+1.5 87.18+ 0.5 79.61+1.8
hc 81.74+1.04 87.72£0.65 80.45+0.9 8587+1.8 81.84+1.2 81.5+0.0
kr 87.05+0.22 88.80+ 3.26 93.08+0.4 88.80+3.3 98.87 £ 0.1 88.80+3.3

+, — statistically significant improvement or degradation

Table D.1: Naive Bayes, IB1, and C4.5 with and without feature selection on 12 natural
domains. A 5x2cv test for significance has been applied.

selection by the wrapper and CFS-UC. These results follow a pattern similar to those

presented in Chapter 7 in that CFS does a better job for naive Bayes than the wrapper

does, and that the wrapper does a better job for C4.5 than CFS does. For C4.5, three of

the four datasets that CFS degrades accuracy on have strong attribute interactions; worse

results than the wrapper are to be expected in such cases.
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[ Dom [ naive Bayes | wrapper CFS |
mu 96.17 + 0.1 99.68 +£ 0.1+ 98.52 £ 0.0+
Vo 90.26 + 0.3 94.80 £ 0.8 95.13£1.0
vl 8722+ 0.4 89.89 + 1.2+ 88.42+ 0.9
cr 78.00 £ 0.53 | 85.51 + 0.4+ 85.51 £ 0.0+
ly 82.18+0.81 | 7837+ 1.0— 77.96 + 2.0—
pt 4562+ 1.6 4129+ 1.1- 4444+ 1.1
bc 71.04+1.0 71.61 2.1 71.18+ 1.4
dna 86.27+ 1.7 81.40 £+ 0.7 89.30 £ 2.8+
au 7711+ 2.7 74.06 + 2.3 66.36 £ 2.0
sb 90.90+ 0.4 92.18 £ 0.7 87.714+04
hc 81.74+ 1.0 85.60+1.4 87.72+ 0.7
kr 87.05+0.2 94.34 £+ 0.0+ 88.80 £ 3.3
Ali 96.24 £ 0.5 87.40 + 0.0— 100.0 £ 0.8+
A2i 98.34+1.2 92.00 £10.9— 100.0 + 0.0+
A3i 71.38 £ 0.3 72.78 £ 0.4 71.74 + 0.6
Alr 84.79+ 0.7 99.94 + 0.1+ 100.0 £ 0.0+
A2r 73.90 £ 0.0 100.0 + 0.0+ 100.0 £ 0.0+
Aldr 64.60 + 4.3 75.64+1.3 72.84 + 0.8
M1 72.55+ 2.0 74.31 + 1.4+ 75.00 + 0.0+
M2 62.64 + 2.7 67.13+ 0.0 65.14+ 1.8
M3 97.23+ 0.6 97.23 £ 0.6 97.23+0.6

+, — statistically significant improvement or degradation

Table D.2: Comparison between naive Bayes without feature selection and naive Bayes
with feature selection by the wrapper and CFS. A 5x2cv test for significance has been

applied.

[ Dom || C4.5 | wrapper CFS |
mu 100.0£ 0.0 99.91+£0.1 98.52 +0.0—
Vo 95.17+£0.8 | 95.72+0.3 95.64 + 0.0
vl 88.20+0.9 | 88.38+0.8 88.92+0.9
cr 84.16 +£ 1.0 84.50+ 0.7 85.5+£0.0
ly 74.60 £ 3.5 74.86 £ 1.9 73.92+ 2.0
pt 39.04 £ 2.1 39.51+1.8 40.26 + 1.5
bc 71.17+1.3 71.74+ 1.9 70.75+£ 2.0
dna 74.14+ 3.1 75.05+ 1.8 74.52 £ 2.8+
au 7490+ 1.5 7096 £ 1.1 70.54+0.8
sb 87.18 £ 0.5 87.38 £2.0 7961+ 1.8
hc 81.84+1.2 83.38+ 1.5 81.53+ 0.0
kr 98.87+£0.14 | 97.21 £ 0.6— 88.80+ 3.3
Ali 100.0+£ 0.0 100.0 £ 0.0 100.00 = 0.0
A2i 100.0+£0.0 | 92.01+10.9-— 100.00+0.0
A3i 83.90 £ 5.2 73.00+0.0 78.58 £ 6.5
Alr 100.0£ 0.0 100.0£ 0.0 100.00 £ 0.0
A2r 100.0£ 0.0 100.0 £ 0.0 100.00 £ 0.0
Aldr 97.58 £ 2.2 100.00 £ 0.0 78.86 £ 5.4—
M1 91.11 +£5.7 100.0 £ 0.0+ 75.00 £ 0.0—
M2 67.10+£0.0 | 67.10+0.0 67.10+ 0.0
M3 98.67+1.8 | 98.67+1.7 96.73 + 1.0—

+, — statistically significant improvement or degradation

Table D.3: Comparison between C4.5 without feature selection and C4.5 with feature
selection by the wrapper and CFS. A 5xZ2cv test for significance has been applied.
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Appendix E

CFS Merit Versus Accuracy
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Figure E.1: Mushroom (mu).
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Figure E.3: Votel (v1).
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Figure E.4: Australian credit screening (cr).
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Figure E.7: Breast cancer (bc).
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Figure E.9: Audiology (au).
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Appendix F
CFS Applied to 37 UCI Domains

Table F.1 shows results for three machine learning algorithms with and without feature
selection by CFS-UC on 37 UCI domains. These domains make up a test suite used for
experiments with the WEKA workbench [HDW94], and are representative of those avail-
able from the UCI repository. Each accuracy in the table is the average of 50 train and test
trials using a 2/3 training and 1/3 testing split of the data. Colic, colic.ORIG and hc are
all versions of the horse colic dataset. Colic and hc have 22 and 27 attributes respectively
and “surgical lesion” as the class. Colic.ORIG has 27 attributes and “pathology cp data”
as the class. The version of naive Bayes used in these experiments is part of the WEKA

workbench.

Figure F.1 shows the average number of features selected by CFS-UC on these domains.
Figure F.2 shows the effect of feature selection by CFS-UC on the size of the trees induced

by C4.5.
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| Domain [ naive Bayes CFS-UC | IBI CFS-UC [ C45  CFS-UC |

1  anneal 86.93 84.02— | 98.14 97.79 98.33  97.46—
2 audiology 76.85 67.57— | 7496 71.94- | 76.87 70.00—
3 autos 60.54 56.80— | 69.69 73.57+ | 70.48  71.66
4  balance-scale 89.27 89.27 83.54 83.54 78.71  78.71
5  breast-cancer 71.35 71.39 69.55  70.55 71.64 71.25
6  breast-w 95.73 95.76 95.55  95.58 94.43 94.44
7  colic 79.35 81.49+ | 79.86 81.38+ | 84.21 81.75—
8  colic.ORIG 77.49 81.75+ | 63.59 60.52— | 66.70  66.70
9 hc 83.38 87.44+ | 80.47 86.084+ | 84.78 84.61
10  credit-a 81.20 86.00+ | 81.27  86.00+ | 84.89  86.00+
11  credit-g 75.05 72.49- | 70.11  69.05— | 70.73 7227+
12 diabetes 74.98 76.15+ | 69.41  69.83 7229 7292
13 glass 51.01 53.10+ | 70.49  72.52+ | 6742 66.71
14  heart-c 82.98 82.31 76.31 78.11+ | 73.11  76.10+
15 heart-h 84.12 84.00 78.56  80.60+ | 78.70  80.40+
16  heart-statlog 83.78 81.63— | 75.00 77.03+ | 75.48  78.80+
17  hepatitis 84.11 82.34— | 80.67  80.49 79.96  80.29
18 hypothyroid 95.52 94.24— | 90.81 86.06— | 99.50 96.38—
19 ionosphere 74.97 82.87+ | 86.59 89.12+ | 89.88  89.92
20 iris 95.02 96.51+ | 9549 9631+ | 9498 94.94
21 kr-vs-kp 87.66 90.33+ | 94.62 90.32— | 99.21  90.32—
22 letter 64.96 64.33— | 73.14 72.34— | 85.82 85.89
23 lymph 83.14 80.24— | 79.89 80.94 7713  75.06—
24 mushroom 96.47 98.54+ | 100.00 98.54— | 100.00 98.54—
25 primary-tumor || 45.30 44.83 38.20 39.41+ | 3991 40.13
26 promoters 88.74 91.84+ | 8236 88.89+ | 75.79  78.53+
27 segment 79.29 81.61+ | 96.33 96.48 95.71  95.66
28  sick 94.40 93.84— | 9547 96.12+ | 98.56  96.08—
29  sonar 69.55 70.82 84.81 81.47— | 68.55  T71.16+
30 soybean 93.19 90.94— | 90.64 83.74— | 89.55 81.02-
31 splice 95.18 93.58— | 75.22  89.70+ | 93.46  93.20—
32 vehicle 47.78 48.00 68.80 62.32— | 70.80  66.56—
33 vote 90.34 95.504+ | 92.60 95.61+ | 95.46  95.73+
34 votel 87.41 89.144+ | 88.87  89.28 89.51  89.22
35 vowel 56.99 54.25— | 9732  65.96— | 75.03 60.15—
36  waveform-5000 || 82.12 82.50+ | 73.33  79.31+ | 74.14  76.58+
37 zoo 93.09 87.71- | 95.53  95.01 93.71  92.34-
L Average: [ 79.98 80.13 [81.55 8139 [82.04 8101 |

+, — statistically significant improvement or degradation

Table F.1: Comparison of three learning algorithms with and without feature selection
using CFS-UC.
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