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Introduction

The CLIP3 algorithm is a descendant of the CLILP2 algorithm (Cios and Liu,
1995a and 1995b). By incorporating the ideas from tree-based algorithms,
CLIP3 is able to overcome the problems of overfitting. Overfitting is one form of
false learning that occurs when the description of the training examples
becomes so complicated, in order to cover all the examples, that the general
concept is obscured or completely lost. Overfitting is further exacerbated by
data that contain inaccuracies. Data sets that contain inaccuracies are referred
to as noisy and algorithms that can generate accurate rules in the presence of
noise are referred to as “noise-tolerant”. CLIP3 is noise-tolerant, since it
separates the data into subsets of like data. This separation process, the “tree-
growing”, moves noisy data into small isolated subsets and by using the
tree-pruning technique (Cestnik et al., 1987; Quinlan, 1983, 1990) the noisy data
are removed from the data set.

After CLIP3 partitions training examples into noise-free subsets it then
generates rules from each of the subsets. This is referred to as “covering”
(Michalski, 1990; Michalski and Larson, 1978; Michalski et al., 1986). Any
algorithm that combines noise tolerance and covering is highly effective (Clark
and Niblett, 1989; Michalski, 1990).

It was the authors’ intent to design a learning algorithm that combines the
tree-based and rule-based families into a single, reliable, and easily coded
algorithm. The result is the CLIP3 algorithm. CLIP3 is then compared with
other machine learning algorithms to check for accuracy and efficiency. The
MONK'’s data (Thrun et al., 1991) was chosen as the test bed for this comparison
because a number of machine learning algorithms has been tested on it. The
test results from the original MONK’s paper (Thrun ef al., 1991) and subsequent
papers (Wu, 1993) serve as the basis of our comparison. In addition, CLIP3 and
(4.5 were both run on the Breast Cancer Data (Bennet and Mangasarian, 1992;
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Figure 1.

An example IP model in
standard form and its
solution

Mangasarian and Wolberg, 1990; Mangasarian et al., 1990; Wolberg and
Mangasarian, 1990) and compared for accuracy.

Brief overview of integer linear programming

CLIP3 selects features and generates rules using an integer linear programming
(IP) model. IP models have been used for years in the field of operations
research mainly for resource allocation. This family of models is primarily used
for minimization or maximization of a function that is subject to a large number
of constraints.

One of the most famous IP applications is the travelling salesman problem.
In this problem a path must be found between all the US capitals while
minimizing the distance that the salesman must travel. A function must be
minimized, in this case the sum of 50 values representing the distance between
50 state capitals, and is subjected to a list of constraints, in this case the
distances between each of the state capitals and all other capitals; and each
capital must be passed through once and only once. It is intuitive that a good
solution is one that starts at one corner of the country and works its way across.
A poor solution would be one that would force the salesman to “zig-zag” across
the country passing by, but not stopping in, many capitals on his way to the
next capitol. Obviously, an exhaustive search would reveal the best (a global
minimum) path eventually, but that would not be practical in most applications.

To solve this type of problem effectively an IP is used. A very simple IP
model in standard form is shown in Figure 1 (Ravindran et al., 1987) to
demonstrate the general structure of an IP model.

In most cases there are several solutions to an IP model. The solution that is
arrived at depends on the method used to solve it. To find solutions to an IP
model, there exist many polynomial algorithms (Chvatal, 1979; Hochbaum,
1982) and non-polynomial algorithms (Ravindran et al., 1987). This integer
linear programming problem is known in the literature as the set-covering
problem (Bellmore and Ratliff, 1971; Grafinkel and Nembauser, 1972).

CLIP3 uses training data to generate an IP model and then lets a standard IP
routine solve it. The solution returned from the IP model indicates the most

Minimize:
31+ X+ X+ X, =2

Subject to:

—2X; +2X, + X, =4
3X; + X, +X, =6
X, >0

X, >0
+ X3 >0
X, 20

Solution: Z=4

When: X; =1, X,=3, X;=0and X, =0



important features to be used in the generation of rules. Some of the IP solution
types used in this paper include approaches used in other machine learning
algorithms. One is the largest complex first (Michalski and Larson, 1978), that
generates IP solutions that include the features that cover the largest number of
positive examples. If background knowledge is known about the problem, the
background knowledge first (Michalski and Larson, 1978) preference may be used.
This preference generates IP solutions that include user-chosen features if
possible. Other more obscure relationships can be coded into the IP- solving
routines, such as, solve for a user-defined number of features. This is easily done
by adding these relationships in as constraints to the model in standard form. The
ability to alter the IP-solving routine makes the CLIP3 algorithm very versatile.

CLIP3 algorithm

The CLIP3 algorithm is presented in two parts, a pseudocode and an in-depth
explanation. The pseudocode is broken up into five parts to follow closely the
standard “main routine” and “subroutine” coding structure. Next, a detailed
explanation of the algorithm, including the procedure explanation and the intent
of each of the CLIP3 routines is presented for each part of the pseudocode.

Pseudocode for CLIP3 (main routine)

GIVEN: Set of positive examples (POS)
Set of negative examples (NEG)

INITIALIZE: Rule_list = nil
ALL_NEG = the number of negative examples
ALL_POS = the number of positive examples
ALL_NODES =1
Best_rule_accuracy =1
Prune_thresh = User Defined (default = 0)
Stop_thresh = User Defined (default = 0)

DO UNTIL ((All_pos <= Stop_thresh) OR (Best_rule_accuracy <= 0.5))
{
Phase I
Phase II
Phase III

}

Pseudocode for Phase I (subroutine branch)
DOI=1TO ALL_NEG
DOJ=1TO ALL_NODES

{
(1) Generate BINij matrix using example NEG; and NODE]-
(2) Using BIN i matrix, generate the IP model
(3) Solve the IP model (call IP_Solve), save the SOLl-j
}
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DO ] =1TO ALL_NODES
{
(4) Using SOLZ»]- and NODE. generate the branch nodes.
(It 1s important that this step be performed after all BIN matrices have
been generated and solved.
This step cannot be included in the above loop).
}
(5) Eliminate redundant nodes
(6) Update the value ALL_NODES

}

Pseudocode for Phase II (subroutine template)
DO1=1TO ALL_NODES

{

DOJ=1TO ALL_POS
{
(1) Generate a Template matrix
}

J
(2) Use the Template matrix to generate an IP model, and solve it
(3) Using the IP Solution eliminate redundant nodes

(4) Generate multiple rules

Pseudocode for Phase III (subroutine update)
(1) Check accuracy of each rule
(2) Choose the best rule
(3) Add the Best rule to Rule_list
(4) Eliminate the examples covered by Rule_list from POS
(5) Update ALL_POS
(6) Update Best_rule_accuracy
Pseudocode for IP model solving routine (subroutine IP_solve)
GIVEN: BIN = A binary matrix where each row represents an example
and each column represents a feature
INITIALIZE: SOL = a null list
BIN_Row = Number of rows in BIN

DO until (BIN_Row <= Pruning_threshold)

{

(1) Sum each column of BIN one at a time

(2) Determine the column that has the largest summed value

(3) Add the column number to SOL

(4) Update BIN and BIN_Row

§



Phase I explanation

In phase I, the matrix of positive examples is partitioned into subsets in many
ways so that rules can be generated from smaller, noise-free matrices. The
partitioning is done in a similar manner to growing a search tree. Generating
the search tree is done by breaking apart (called branching) a matrix (called a
node or parent node) into smaller matrices (also called nodes or subnodes). Only
the final nodes are used to generate the rules. So, once the subnodes are
generated from their parent node, the parent node may be discarded. By
keeping only the current nodes, and not the complete tree, memory requirement
is greatly reduced.

We start with the first negative example, neg,, and all of the positive
examples in one node, NODE, (the root node of the decision tree). Because all
the positive examples, POS, are in NODE, the two can be used interchangeably.
Then we generate a binary matrix by a feature-by-feature comparison of the
negative example with all the positive examples in the root node. When a
positive feature is different from a negative feature, it becomes a candidate for a
rule, so the binary matrix is loaded with a 1. In contrast, when a positive feature
and a negative feature are the same no rule could be generated from it, so the
binary matrix is loaded with a 0. The binary matrices are generated for all
existing nodes (for neg; there is only one node, the root node).

From this binary matrix an IP model is constructed and solved. The solution
of an IP model, generated from the binary matrix, indicates the features that are
most different from the negative example. These features will be branched from
to generate new subnodes. To prevent a drastic increase in the number of nodes
all redundant (same) nodes (and nodes that are a subset of another node) are
eliminated. Redundant nodes are eliminated because they offer no new
information, while they use up memory and increase execution time.

Once the new nodes are generated the next negative example is selected. This
negative example is used to generate the next set of binary matrices and their
IP solutions. After all the solutions to all the binary matrices are formed, they
are used to split their respective nodes. The process continues for all the
negative examples. The nodes that remain at the end are made up of only
positive examples and are assumed to be noise free and have common features
that will set them apart from all of the negative examples. These nodes will be
used to generate the rules.

Because the first step of phase I in the CLIP3 algorithm is the generation of a
binary matrix based on feature similarity, the learning set must be made up of
discrete feature descriptions.

Phase II explanation

In learning Phase II the final nodes generated from Phase I are reduced in
number. A subset of nodes is chosen, so all of the original positive examples are
covered by the fewest number of nodes and the rest of the nodes are eliminated.
This step eliminates matrices that are generated by overlapping rules. Consider
the rule:
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If Feature A = 1 or Feature B = 3 then the example is in the positive set, and
all other examples are in the negative set.

Phase I would generate three subsets from the positive set; a subset of
examples where A = 1, a subset of examples where B = 3, and a subset of
examples where A = 1 and B = 3. Since the examples in the subset (A =1 and
B = 3) are totally included in the other two subsets it provides no new
information and it will be eliminated in this step. As a result, rules are not
generated for the overlapping examples and thus fewer, more accurate rules can
be generated.

The rules that are generated by CLIP3 are combinational in nature. As an
example, consider a universe of balls used for a variety of sports with the
positive set being tennis balls. A description for the tennis balls might be fuzzy
and ovange or fuzzy and green. Further assume that the first feature is texture
(smooth, rough, fuzzy, etc.) and the sixth feature is colour (blue, green, red, etc.).
A description generated by CLIP3 for this set of tennis balls could be <F1 =
fuzzy> <F6 = green, orange>. This rule is read as:

If (F1 is fuzzy and F6 is green) or (F1 is fuzzy and F6 is orange)

then the example is in the positive set.
In contrast, if the rule was fuzzy and orange or smooth and green then CLIP3
would generate two rules, the first:

<F1 = orange> <F6 = fuzzy>
and the second <F1 = green> <F6 = smooth>.

CLIP3 would generate two rules because the combinational rule <F1 = green,
orange> <F6 = smooth, fuzzy> includes two subsets that are not in the positive
examples (namely smooth orange and fuzzy green tennis balls). The generation
of combinational rules allows for a fewer number of rules to describe more
examples.

Using all the nodes generated from Phase I, a template matrix is generated.
This is done by assigning each node a column and each example from the
original positive matrix a row. A “1” is assigned to the node’s column and
example’s row if the example is present in the node. A “0” is assigned to all other
entries. This template matrix is converted to an IP model and solved. The
solution to this IP model determines which of the final nodes will generate the
rules. This solution ensures that the most informative nodes will be used to
generate the rules.

The chosen nodes are back-checked, in a similar manner to the generation of
a binary matrix, against all original negative examples to generate the feature
values used in the rules. These rules are candidates for the “best” rule.

Phase III explanation

In Phase III the best rule, from all of the rules generated in Phase II, is chosen.
The best rule is the rule that describes the most positive examples and the
fewest negative examples. Because the Phase II rules were generated from



subsets of the positive examples, their accuracy must be compared against the
complete positive set, not the subsets that spawned them. Once the best rule is
chosen, the examples described by the best rule are then eliminated from the
positive training set and all values are updated accordingly.

The process is repeated starting at Phase I using the reduced data set. This
allows the next best rule to be generated without the confusion of the examples
already described by previous rules. By training on the reduced training set, the
examples that are already described by the first rule do not influence the
generation of subsequent rules. This can be better demonstrated when referring
back to the example used under Phase II explanation, with the positive
examples described as A = 1 or B = 3. If the best rule after the first pass was A
=1, then examples in the positive training set that have A = 1 would be
eliminated. The next pass of CLIP3 would only then have to generate rule B =
3. This becomes an easier task because the A = 1 subset was directly eliminated
and the A = 1 and B = 3 subset was inherently eliminated.

The process is repeated until the reliability of the best rule drops below 50
per cent or until a small, user-specified number of positive points remain. This
user-specified stopping threshold is one of the pruning techniques
incorporated, its purpose is to prevent a drastic increase in the number of rules
just to cover the last few examples that may be quite dissimilar from all other
examples.

1P solution generator explanation

The algorithm for the IP solution generator used in this paper incorporates a
pruning technique and a greedy solution algorithm. This heuristic solves the IP
model using the smallest number of features while covering the largest number
of examples.

The IP solution generator is searching for a solution to a binary matrix
where each row represents an example and each column represents a
describing feature. The solution will be the shortest list of features that can be
used to describe the most examples. The solution generator incorporates a
pruning threshold that allows the solution generator to stop if just a few
examples remain. This is done to prevent a drastic increase in the number of
describing features included in the solution. If a threshold of 0 is chosen, the
solution will continue to include features in the solution until all examples are
covered and there will be no pruning.

By summing each column of the binary matrix, the feature that is most
dissimilar will have the highest value. This feature is added to the solution list
and examples covered by this feature (examples that have a 1 for this feature)
are eliminated. The process is repeated until the number of examples is less
then the pruning threshold value. Because this solution is used in the
branching, any point not covered by the solution will be pruned in the node
generation.
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Figure 2.
Training data

Ilustrative example

To illustrate the basic ideas of the CLIP3 algorithm the following example will
be used. Each training example is described by ten features. The values of each
feature have a range of discrete values from 1 to 5. There are 13 positive training
examples and 11 negative examples. Matrices storing them are called POS and
NEG. They are shown in Figure 2.

@ 4 344332220
555555444 40 @ 534223423
555505335 4 20 %1255554135%
%444444343% @ 4343334330
D 1442411120 %343434333%
%333443332% B 33343333 3C

POS=S§555554545%NEG:E4554555355E
@ 454 45 3 4 3 40 %544454544%
%5433445445 % 4555555 4 5
22422222440 %454455554%
9434434333 3434433444
4 54 423211 40 545555535 4F
2322223423

Phase 1

In Phase I, two major operations are performed: partition of the positive
examples and elimination of noise. This is done in a similar manner to growing
a search tree. There is one major difference between this phase and growing a
search tree. The difference is that the complete tree is not saved; only the current
levels’ nodes are saved, which results in tremendous memory savings.

Tree expansion and binary matrix formation

The first step in the tree expansion is to generate the binary matrix, BIN,. This
is done by a feature-by-feature comparison of a negative example, with
examples stored at every node. At the start, all positive examples are stored in
one node (NODE,). In order to generate matrix BIN; the first negative example
(neg; where ¢ = 1) is selected from matrix NEG and compared, feature by
feature, with all examples in NODE,. Note that NODE; is the same as matrix
POS. If a feature of a positive example in NODE, pos;, has the same value as the
feature of the negative example, neg;, then it cannot f)e used to distinguish pos;
from neg;. The element of matrix BIN associated with this feature is loaded with
a 0. Conversely, if the features are different then the element of matrix BIN is



loaded with a 1. The first binary matrix, BIN,, is shown in Figure 3. The binary
matrix, BIN;, represents all possible ways of branching from this node. To
reduce branching, and thus to reduce the number of distinguishing features,
BIN; 1s converted into an IP model, as shown in Figure 4, and solved.

1P solution and thresholding

An integer threshold is used in conjunction with the IP solving routine to help
cope with noisy data. A threshold of zero implies that the data are free of noise
and that no examples should be eliminated. The larger the threshold value, the
more noise is assumed to be present in the data. Also, the higher the threshold,
the more general the IP solution becomes.

10
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The threshold allows the solution to cover all but the threshold number of
examples in the original IP model. For example, if the threshold is set at 2 and
the IP model contained 40 examples, the IP solution that is generated will cover
at least 38 of the examples. This thresholding is done so the IP solution does not
become excessively complicated to cover one or two remaining examples. This
procedure prunes noisy examples. If the example is not covered by any IP
solution it is assumed to be noise, and will not be passed on to the next level of
the tree.

Each IP problem can have multiple solutions, each equally valid, but
resulting in totally different tree branchings. A solution matrix, SOL, to the IP
model in Figure 4 is shown in Figure 5. Each row in matrix SOL is a unique
solution to the IP problem. The first row in matrix SOL shows that features F1
and F6 are the only features needed to discern example neg, from all the
positive examples in matrix NODE,. This corresponds to F1 =4 and F6 = 2, the
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Figure 4.
IP problem derived from
BIN,

Figure 5.
Possible solutions to the
IP problem

Minimize:

X+ Xy + Xg+ X+ X+ X+ Xy + Xg+ X+ X =2

Subject to:
X5 + X5 + X5 + Xg + Xy 21
1 FXy H X X H Xy X Xy + X 21
1 + X3 + X, v X5 + X5 +Xg ¥ Xy X 21
L X + X XX, H X+ Xy Xy >1
X, +X, +X X v Xy FXg Xy + Xy 21
1 X + X, + X5 + X5 +Xg + Xy X5 21
1 Xy H X, X5 X X X Xy Xy 21
X, +X X+ X, Xy + X 21
Xy X, +Xo + Xy 4 X, 4 Xy +Xg + X 21
X, +X X, X, X Xy Xy + Xy 21
X, Xt Xyt X X, X >1
X3 +Xg FX; £ X5 + Xy + Xy 21
X, X, X +X, >1
M 00 00 100 0 OO
9 1000000 107
SOL=0 0 01 00 O 1 1 oO
O
911000000 0
H 1000010 0 OH

first and sixth feature of neg; from matrix NEG (Figure 2). The remaining rows
in matrix SOL are other possible solutions that could be branched from,
forming different trees. In this illustration, the branching will be done using
only the first row of each matrix SOL that is generated, and the IP threshold will
be zero (all of the positive examples will be covered for each model). As a rule
we will use the first available solution, the first row. If the first solution to the IP
problem is used, features F1 and F6 are kept and the rest of the features are not
branched from. The result is two new nodes, generated from NODE;, that were
generated using features 1 and 6.

The first branching node, BRANCH1,, is formed by all the examples in
matrix POS that do not have feature F1 = 4 (the first feature of neg; from
Figure 2). The second branch matrix, BRANCHL,, is formed by the examples in
matrix POS that do not have feature F6 = 2 (the sixth feature of neg; from
Figure 2). These two newly formed nodes are shown in Figure 6. It is important
to note that NODE, no longer needs to be kept. As we can see, there is some
overlap between BRANCH,;, and BRANCH,,, i.e. some positive examples
appear in both matrices; however, the advantage of this approach is that we are
reducing the size of the original problem.



The rest of the examples in matrix NEG (neg,, ¢ = 2,..., 11) are then compared
with all of the branched nodes. For example, neg, is compared with the two
nodes of level 2, which are shown in Figure 6. After the generation of the binary
matrices and their solutions are generated, they are then again independently
branched from. This procedure in turn produces the nodes that neg, will
operate on, and so on.

@ 4344332272
%5555544445

5555505444 4p
0 555533654 20
5555533542 Dy 4sata94d
24444443430 0
%144241112D @414241112%
BRANCH 2, = DBRANCszz% 33344333°2;
33334433320 i
0 0 %555559595
555555959 57 m454453434%
2242222244 0
0 543344544
2322223424 @ 4344343330
%544232114%

Elimination of redundant matrices

At every level, the nodes are checked for matrices that are redundant, i.e. they
are the same or form a subset of another matrix. If any exist, they are
discarded (clipped) so that redundant or similar branches are not allowed to
grow. This is done to speed up computation time and reduce the total number
of matrices stored at nodes at the bottom (last) level. In this example, with a
zero threshold, one final result may be (depending on the IP solution used) six
node matrices that make up the 11th level (because there are 11 negative
examples).

By repeating Phase I many times, on a still reduced set of positive examples,
we achieve the goal of finding a small number of tight covers/rules describing
the positive examples. Otherwise, we would have many rules covering the same
examples in many different ways.

Learning phase II

Once the final node matrices, BRANCHI11, - BRANCHI11,, (further referred to
as end branch matrices) are derived, the end branch matrices that represent
overlapping descriptions will be eliminated. These overlapping descriptions
come into play since several branch matrices retain the same examples from
original matrix POS. The goal is to have all POS examples covered by the fewest
number of end branch matrices. This is done with the template matrix.
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Template matrix formation

To eliminate these overlapping end branch matrices a template matrix, TM, is
constructed with 7 rows (the number of positive examples in the original matrix
POS, in this case 13) and % columns (equal to the number of end branch
matrices, in this case 6). Thus, matrix TM is of dimension 13 x 6. Matrix TM is
generated by assigning each end branch matrix one column, while each row is
assigned one example from matrix POS. If an end branch matrix has an
example from matrix POS, a 1 is loaded into the branch’s column and the
example’s row; all other elements are 0. An example of generating the first
column in TM from the first end branch matrix, and the final TM matrix are
shown in Figure 7. We can see that we will have in any column as many 1s as
there are examples in the end branch matrix used for creating this column
(BRANCHI1, has seven examples, so TM(; ; has seven 1s placed at rows
corresponding to their location in the original matrix POS).

Once the matrix TM is formed, it is then converted to an IP problem and
solved. A different pruning threshold may be used for this solution. The
solutions to this IP problem are the particular end branch matrices that contain
all (or most depending on the pruning threshold) of the examples in matrix
POS. One possible solution for this matrix TM’s IP model is TM SOL, =
[110111]. This means that end branch matrices 1, 2, 4, 5, and 6 are needed to
include all the original positive examples from matrix POS. End branch matrix
3, BRANCHI11,, is eliminated because all of its examples are included in the
other five end branch matrices.

Back checking the end matrices
Back checking of the end matrices is done in order to identify key features for
distinguishing positive examples from all negative examples. The five
remaining end branch matrices are back checked with the original matrix NEG,
by “overstriking” matrix NEG with all the examples in each end branch matrix,
one at a time. The overstriking is done by comparing (positive) examples in a
single end branch matrix, feature-by-feature, to all the examples in the original
matrix NEG. If a feature is the same it is replaced by a 0, in the original matrix
NEG, since the feature cannot be used to distinguish the two matrices.
Otherwise it 1s left unchanged. Once the overstriking is complete the result is a
checked matrix, CM. This process generates five checked matrices (CM; — CM;)
of the same dimension as the original matrix NEG. Let us notice that the values
feature F1 takes on are 1, 3, and 4, while feature F7 takes on one value of 5 (see
Figure 2). The CM matrices are then converted to binary matrices by changing
all non-zero values to 1. The binary matrices are converted to IP problems and
solved for the features to be used in generating a rule. The generation of CM,
from BRANCHL11, (see Figure 7), and one possible IP solution (CM,; SOL,) to the
IP model generated from CM, is shown in Figure 8.

This first solution (CM,; SOL,) indicates that features 1 and 7 are the key
features to separate all the elements of node matrix BRANCH11, (a subset of
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matrix POS) from all the negative examples stored in matrix NEG. The same is
done for matrices CM,, through CMs,.

Rule generation
The CM matrix is generated with the NEG matrix to determine what are the
discriminating features for each end branch matrix. This is done by back
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Figure 8.

Checked matrix 1
generated from matrix
NEG, and the IP
solution
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CM;SOL;=[1 0 0 0 0 0 10 0 0

checking. In short, the CM matrices determine the features needed to separate
matrix NEG from each end branch matrix. The complement to these features
are the features needed to generate the description for matrix POS.

To generate the rules from this solution, the features present in the solution
are chosen and assigned all possible values they can take on. In our example
they are in the range from 1 through 5. The values that remain in matrix CM are
then eliminated from this set. The rule generated from matrix CM,; using CM,
SOL, is:

<F1=1,2,3,4,5><F7=1,2,3,4,5>.

After eliminating values 1, 3, and 4 from F1, and 5 from F7 the simplified rule
is:

<F1=2,5><F7=1,2 3, 4>.

This rule reads:

IF [(F1 = 2 or 5) and (F7 = 1 or 2 or 3 or 4)] THEN the example belongs to
category POS

ELSE the example belongs to category NEG.

Four more such rules will be generated from the remaining matrices CM,
through CM;,

Phase 11T

Because the rules were generated using the end branch matrices, that are
subsets of matrix POS, the individual rules will cover only a subset of the
matrix POS. Once all the rules are generated from the multiple solutions of each
CM matrix, the best rule is chosen. The best rule is one that describes the most



positive examples and the fewest negative examples. The next step in the CLIP3
algorithm gives it the power to generate highly accurate rules.

Once the best rule is chosen, the positive examples that it describes are then
eliminated from the original positive training matrix POS. If the above rule
(<F1=2,5> <F7 =1, 2, 3, 4>) is chosen as the best rule, the seven original
examples the rule describes are eliminated from the original matrix POS. The
new training set is shown in Figure 9. Eliminating the examples from matrix
POS will make the next set of rules clearer because the next set of rules will not
be cluttered trying to describe examples already covered by the previous rule.
The examples in the matrix NEG are never eliminated because every example
in matrix NEG was used to break down the original matrix POS into subsets
(nodes). Using this reduced training set, the CLIP3 algorithm is run again.

@ 53422342 3]

%12555541355

434433220 @ 43433343 30

5 2343434333
%5333443332

O 3 3334333330

@ 4544534 3 40 0 0

POS = ONEG=(# 55 4 555 3 5 50

%543344545 (b 5 4 4 45 45 4 40

4 4 3 4 4 3 4 3 3 30 0 0

0 0 5 4555555 4 5]

4544232114 C

%1454455554D

@ 43 44334 4 40

545555535 4F

The process of generating rules and eliminating the examples they describe
continues until some stopping criterion is met. The process is stopped if either
there are no more examples in the matrix POS (or less than some user-specified
number) or the best rule’s accuracy rating drops below 50 per cent. When the
accuracy of the rules drops to 50 per cent, the rules generated become simply
random guesses. Once all the rules are generated, they are “OR”ed together.

Experiments and results
The following is a comparison of the CLIP3 algorithm with other algorithms
run on the MONK’s problems, (Thrun et al., 1991).

The MONKs problems

The MONK’s problems are chosen from a domain defined by a set of robots that
have six attributes. The robot attributes are, three head shapes (round, square,
or octagon), three body shapes (round, square, or octagon), two facial
expressions (smiling or frowning), three objects being held (sword, flag, or a
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balloon), four jacket colours (red, yellow, green, or blue), and two tie definitions
(wearing a tie, or not wearing a tie). This produces a domain of 432 unique
robots; from this domain three tests were derived. The training sets used in the
CLIP3 experiment were exactly the same training sets, including the same noise
corrupted examples in test 3, that were used in the MONK’s comparison paper
(Thrun et al., 1991). These data sets were chosen so that results would be
unbiased and could be compared with the results of the original test.

The first MONK’s test, M1, defines its positive set as (kead shape = body
shape) or (jacket = red). This produces 216 positive examples, and 216 negative
examples. From this set 124 noise-free examples were chosen at random, by the
authors of the original MONK’s comparison papet, as the training set. This is a
disjunctive normal form problem, and was designed to be easily learned by
symbolic learning algorithms.

The second MONK'’s test, M2, defines its positive set as (exactly two of the
attributes have their first value), or more simply put, there are exactly two
number ones in the six digit code defining the robot. This produces 142 positive
examples, and 290 negative examples. From this set 189 noise-free examples
were chosen at random by the authors of the original MONK’s comparison
paper, as the training set. This is a conjunctive normal form problem, and
resembles a parity problem and thus makes it difficult to generate rules using
attributes alone.

The third MONK's test, M3, defines its positive set as (jacket is green and
holding a sword) or (jacket is not blue and the body shape is not an octagon). This
produces 156 positive examples, and 276 negative examples. From this set 122
examples were chosen at random, again by the authors of the original MONK’s
comparison papet, as the training set. Then 5 per cent were misclassified, by the
authors of the original MONK’s comparison paper, to induce noise. This is a
disjunctive normal form problem and was designed to test the algorithm’s
ability to cope with noisy data.

CLIPS3 testing procedures

In the testing of CLIP3 with the MONK’s problems, the same IP solution
generator was used in all three MONK’s tests. The IP solution generator was the
same as the solution generator described in the IP Solution Generator
explanation. A threshold of 1 was used on all three MONK’s data sets and then
a second time with a threshold of 2. This was done to demonstrate the
generalizing nature of the noise threshold. Both results are given in the Tables
later.

To choose the best rule for the three tests the same algorithm was used. All
generated rules were tested on both positive and negative training sets. The
number of positive and negative examples that the rule covered were recorded
as correct recognition and incorrect recognition, respectively. If multiple IP
solutions were the same (with different values for the features) the rules were
tested individually, and the number of correct and incorrect recognitions added
together.



Rules with the same IP solution are considered to be the same, but the values
of each rule are assumed to be “tied” together logically. The rules cannot be
combined. The rule with the smallest ratio of incorrect recognitions to correct
recognitions was kept as a final rule.

If more than one rule had the same or nearly the same ratio, then other “tie-
breaking” criteria were used to choose the best rule: (1) the total number of
positive examples covered, and (2) the number of times the rule was repeated.
For example if two rules had a ratio of zero (neither rule described any
examples in matrix NEG ) but the number of positive examples covered by rule
one was three and the number of positive examples covered by rule two was 25,
then rule two was chosen. Because redundant matrices are eliminated, repeated
rules show a strong tendency that a rule is describing a true concept. This
factor was used if all other methods were indeterminate.

The criterion for the stopping threshold was ten. When fewer than ten
positive examples remain in NODE, or the best rule generated has a ratio of
number of incorrect recognitions to number of correct recognitions greater than
0.5 (since at this point random guessing would give better results).

Once all the rules were generated for the three MONK’s training sets they
were tested for accuracy in the same manner as it was calculated in the MONK’s
paper (Thrun et al. 1991). The rules were used to classify each example of the
full set, as either a positive example or a negative example. The accuracy is
defined as the total number of correctly identified positive and negative
examples to the total number of examples.

The MONK'’s data were converted into numerical data in the following
manner: head shape, (1 = round, 2 = square, 3 = octagon); body shape, (1 =
round, 2 = square, 3 = octagon); facial expression, ( 1 = smiling, 2 = frowning );
object holding (1 = sword, 2 = flag, 3 = balloon); jacket colour, (1 =red, 2 =
yellow, 3 = green, 4 = blue); and tie definition, (1 = wearing a tie, 2 = not
wearing a tie). For example, for the data set M1, a positive learning example (+)
1s a square-headed, octagon-bodied, smiling, balloon-holding, red-jacketed, and
tieless robot, is recorded as (+ 23131 2).

Testing CLIP3 with the MONK’s problems

The first MONK’s test, M1, was run using CLIP3 with a threshold value of 1 for
the IP solution generator. This case was treated as a noise-corrupted data set.
The results of this test were four rules that correctly identified 100 per cent of
the data. The threshold was then increased to 2 and the data set was run again.
Increasing the threshold on this data set made no difference; CLIP3 generated
the same four rules that correctly identified 100 per cent of the data.

The second MONK's test, M2, was run with a threshold of 1, and generated
ten rules that correctly identified 82.7 per cent of the examples. When the
threshold was increased to 2, CLIP3 generated seven rules that correctly
identified 72.7 per cent of the examples. The M2 data set is a complicated but
noise-free data set, therefore it is obvious that if more examples are eliminated
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(by increasing the noise threshold), the rules would become more general and
less accurate.

The third MONK’s test, M3, was run with a threshold of 1, and generated
three rules that correctly identified 88.9 per cent of the examples. When the
threshold was increased to 2, CLIP3 generated two rules that correctly
identified 97.2 per cent of the examples. Because this was a noise-corrupted
data set, the increase of the noise threshold helped identify the major pattern in
the data; however, the noise-eliminating nature of the algorithm also eliminated
the positive rule that covered a smaller subset of examples.

A point should be noted at this time, the reliability of the test is not
influenced by which matrix is specified as the positive matrix and which as the
negative matrix. The rules always describe the positive set; so by inverting the
POS and NEG matrices and generating new rules, the rules change but are still
accurate. To demonstrate this, the positive and negative training matrices were
swapped for the M1 MONK’s test and the data sets were run on CLIP3. The
rules generated were also 100 per cent accurate. However, the rules described
the original negative set (the current positive set). The rules generated for the
NEG matrix were (head shape # body shape) or jacket = yellow, green, or blue).

Generated rules
The four rules generated for M1 with a threshold of 1 are:

(1) <Fl=1> <F2=1>
(2) <F1=2> <F2=2>
(3) <F1=3> <F2=3>
(4) <F5=1>
The four rules generated for M1 with a threshold of 2 are:
(1) <F1=1> <F2=1>
(2 <F1=2> <F2=2>
(3) <F1=3> <F2=3>
4) <F5=1>
The ten rules generated for M2 with a threshold of 1 are:
1) <F1=23> <F2=23> <F3=2> <F4=1> <F5=23 4> <F6=1>

(

(2) <F1=2,3> <F2=23> <F3=1> <F4=2,3> <F5=234> <F6=1>
(3) <F1=1> <F3=1> <F4=23> <F5=234> <F6=2>

4) <F2=1> <F3=2> <F5=2> <F6=1>

(b) <F2=2,3> <F3=2> <F5=1> <F6=2>

6) <F2=1> <F3=1> <F4=23> <F5=2,34> <F6=2>

(7) <F1=2,3> <F3=2> <F4=23> <F5=1>

8 <Fl1=1> <F2=23> <F3=2> <F4=23> <F6=1>

) <F1=3> <F2=13> <F4=1> <F6=2>

1

—_
=

<F2=2> <F3=1> <F4=1> <F5=2 34> <F6=2>



The seven rules generated for M2 with a threshold of 2 are:
1) <F1=23> <F2=2,3> <F3=2> <F4=1> <F5=2,34> <F6=1>
<F1=23> <F3=1> <F4=2 3> <F5=2,3> <F6=1>
<F1=1> <F3=1> <F4=23> <F5=2,3 4> <F6=2>
<F1=3> <F2=1> <F4=12> <F6=2>
<F3=1> <F4=1> <F5=34> <F6=2>
) <F3=2> <F4=23> <F5=1>
7) <F2=1> <F3=1> <F5=23> <F6=2>
The three rules generated for M3 with a threshold 1 are:

(1) <F2=12> <F5=1,2>

(2) <F2=12> <F3=2> <F5=1,23>

(3) <F4=1> <F5=3>
The two rules generated for M3 with a threshold 2 are:

(1) <F2=1,2> <F5=1,2>

(2) <F2=1,2> <F5=1,3>

The following example shows one way to code a set of rules (in this case the
rules generated for M3 with a threshold of 2):

if(f2==1orf2==2)and (f5 ==1or f5==2))
{ example = POSITIVE_SET; }

elseif (f2==1orf2==2)and (f5 ==1or {5 ==13))
{ example = POSITIVE_SET; }

w DN
=~ ~—

1
=

AN S AN AN S S~
(=) =
~

else
{ example = NEGATIVE_SET; }
end if

Comparison of results

The results for each test are compared with the results previously obtained
from the MONK’s tests (Quinlan, 1993; Thrun et al., 1991; Wu, 1993). Because of
some questions raised by Wu (Wu, 1993) on the method of generating the final
rule base for the ASSISTANT algorithm in the original paper by Thrun et al.,
ASSISTANT was left off of the comparison tables.

Table I shows a comparison of the number of rules generated by different
algorithms. Table II is a comparison of the accuracy of these rules. On this
standardized test CLIP3 did better than many of its predecessors and, more
importantly, it generated much fewer number of rules than any other algorithm.
We see that only C4.5 algorithm was close in accuracy to the CLIP3 algorithm.
Both of these algorithms show one unique phenomenon of the MONK'S tests 2
and 3, that is, it is difficult to do well on both tests at the same time.
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2 6, 5 Algorithm M1 M2 M3
CLIP3 (Threshold 1) 4 10 3
CLIP3 (Threshold 2) 4 7 2
1D3 without windowing 62 110 31
532 ID3 with windowing 28 110 29
ID5R 52 99 28
AQR 36 83 36
CN2 10 58 24
HCV 7 39 18
C4.5 decision trees a a a
C4.5 tree rules a a a
Table L. C4.5 trees with =S a a a
Number of rules
generated for the three G40 —Srules ‘ ‘ ‘
MONK’s tests Note: @ Data not available
Algorithm M1 M2 M3
(per cent) (per cent) (per cent)
CLIP3 (Threshold 1) 100 82.7 889
CLIP3 (Threshold 2) 100 727 972
ID3 without windowing 83.2 69.1 95.6
ID3 with windowing 98.6 67.9 94.4
ID5R 79.8 69.2 95.3
AQR 95.9 79.6 87.0
CN2 100 69.0 89.1
HCV 100 81.3 90.3
C4.5 decision trees 75.7 65.0 97.2
Table II. C4.5 tree rules 100 65.3 96.3
Accuracy for the three C4.5 trees -S 100 70.4 100
MONK's tests C4.5 S tree rules 100 67.1 100

Breast cancer data

A second test was performed on a real data set to determine the performance
of CLIP3. CLIP3 was run on the Breast Cancer Data (Bennet and
Mangasarian, 1992; Mangasarian and Wolberg, 1990; Mangasarian et al.,
1990; Wolberg and Mangasarian, 1990). This data set was chosen because it
has a large number of examples (683 points), is somewhat noisy, is a well
known set, and is made up of integers. An integer data set was chosen to avoid
a bias in favour of either of the algorithms. Each data point is made up of the
11 features listed below:



Feature 1: Sample code number (ID number)
Feature 2: Clump thickness

Feature 3: Uniformity of cell size

Feature 4: Uniformity of cell shape

Feature 5: Marginal adhesion

Feature 6: Single epithelial cell size

Feature 7: Bare nuclei

Feature 8: Bland chromatin

Feature 9: Normal nucleoli

Feature 10: Mitoses
Feature 11: Class (benign or malignant)

For this experiment, Feature 1 was dropped. Feature 11 was converted to a “+”
for Malignant or “~” for Benign and was used only to check the results and set
up the training set. The nine remaining features all have an integer range from
1 to 10 and were unaltered.

The breast cancer data have been tested with many different pattern
recognition algorithms since they were first generated in 1990. The results from
previous experiments have intentionally been omitted from this comparison of
algorithms because the database is always being added to, a comparison of
algorithm A run in 1991 when the database contained 367 points cannot be
compared to algorithm B run in 1995 when the database contained 683 points.

Testing procedures and results

A training set was generated by choosing every fifth point from the complete
set, generating a training set of approximately 20 per cent of the total. This
training set was used to generate rules with the CLIP3 algorithm following the
same procedures that were followed in the MONK’s test. CLIP3 was run with a
threshold of 0, 1, and 2. The same data set was then used to generate rules with
the C4.5 algorithm using the —« option and then the —s option.

Once all the rules were generated for both algorithms, they were checked for
accuracy against the complete data set. The complete data set was used
because some errors occur in the training procedure and these errors must also
be counted. This is similar to the procedure followed for the MONK'S test.

Each point is classified by the generated rules and then checked for
accuracy. A point is either correctly classified or incorrectly classified. The
accuracy is determined by the number of correct classifications divided by the
total number of points. The results of the second test are given in Table IIL

This test shows that application of both CLIP3 and C4.5 results in very close
classification accuracies. However, the advantage of CLIP3 over C4.5 is that
CLIP3 does not calculate entropy, which is computation-expensive, and CLIP3
does not have to store the entire decision tree to generate the rules, which is

Invited papers

533




Kybernetes
26,5

534

Table III.

Breast cancer test results
for 20 per cent training
data set

memory-expensive. A word of caution here: there will always be data sets that
any machine learning algorithm will classify with high accuracy and there will
be data sets on which the same algorithm will do a poor job. This is true for all
machine learning and pattern recognition algorithms and this is why no
algorithm can claim that it is “best”.

Accuracy
Algorithm (per cent)
CLIP3 (Threshold 0) 89.6
CLIP3 (Threshold 1) 86.8
CLIP3 (Threshold 2) 924
C4.5 (U option) 89.3
C4.5 (=S option) 90.1

The CLIP3 algorithm was successfully used in a work by Torkzadeh, Cios and
Pflughoeht (1996) to discriminate between respondents and examine the
dimensionality of an end-user computing satisfaction instrument. As a result an
instrument shorter than the one used originally for obtaining user responses
was developed.

Conclusions

The major advantage of CLIP3 is that it generates several hypotheses to
describe a given concept. Testing unknown data with several different
hypotheses for a concept results in a better chance of correctly recognizing the
test data. The power of CLIP3 comes from its three-step learning process: it
partitions the training examples in many ways, selects the best rules to cover
the positive training examples, and eliminates the positive examples covered by
these rules, so it can perform subsequent learning on a smaller data set.

CLIP3 generates multiple hypotheses using integer linear programming
models. The first IP model is used to trim the decision tree, and the second is
used to generate concept descriptions with the minimum number of features.
Different hypothesis and rule generation preference criteria can be easily
implemented by changing the manner in which the IP solution is found, or by
choosing a different IP solution from the multiple solutions generated.

CLIP3 can learn from noisy data without overfitting the rules. This is done
with the use of the noise threshold in the IP solution. It lets the user drop
examples that cause the rules to become excessively complicated. If training
data are excessively corrupted with noise, the noise threshold value can be
increased to give more generalized rules.

CLIP3 machine learning algorithm is just another good data-mining tool
since it 1s simple and generates very compact rules.
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