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Abstract

Machine learning techniques have been shown to
be effective in sequence analysis tasks. How-
ever, current learning algorithms, which are typ-
ically serial main-memory-based, are not capa-
ble of handling the vast amounts of informa-
tion being generated by the Human Genome
Project. The multistrategy parallel learning ap-
proach presented in this paper is an attempt
to scale existing learning algorithms. Learn-
ing speed is improved through running multiple
learning processes in parallel and prediction accu-
racy is improved through multiple learners. Our
approaches are independent of the learning algo-
rithms used. This paper focuses on one of the
MSPL approaches and preliminary empirical re-
sults that we present are encouraging)

Introduction

Various computer systems have been built to facilitate
the process of analyzing amino acid and nucleotide se-
quences (von Heijne 1987). However, most of the sys-
tems require translating analysis techniques developed
by humans to programs. It is well known that this pro-
cess, knowledge engineering, can be lengthy and prob-
lematic (Boose 1986).

Machine learning is an artificial intelligence tech-
nique which allows classification systems to be gen-
erated automatically by finding patterns and causal
relationships in the data obtained from the user or
interactions with the environment. In particular, in-
ductive learning aims at discovering relationships in
data with little or no knowledge about the data. That
is, it is feasible that sequence-analysis systems can
be built automatically and directly from exemplar se-
quence information without obtaining and translat-
ing human expertise. Furthermore, machine learning
techniques allow the possibility of discovering patterns
and concepts unknown to the human experts. It has
been reported that some of these systems generated by
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learning techniques outperform human-designed sys-
tems (Chan 1991; Qian & Sejnowski 1988; Towell et
al. 1990; Zhang et al. 1992).

Recently, several researchers (Wolpert 1992; Zhang
et al. 1992) have proposed implementing learning sys-
tems by integrating in some fashion a number of dif-
ferent strategies and algorithms to boost overall accu-
racy by reducing what Mitchell (1980) calls inductive
bias. The basic notion behind this integration is to
complement the different underlying learning strate-
gies embodied by different learning algorithms by effec-
tively reducing the space of incorrect classifications of
a learned concept. There are many ways of integrating
different learning algorithms. For example, work on
integrating inductive and explanation-based learning
(Flann & Dietterich 1989) requires a complicated new
algorithm that implements both approaches to learn-
ing in a single system. However, not much work has
been done on combining different learning systems in a
loose fashion by essentially learning a new system that
knows how to combine the collective outputs of the con-
stituent systems. One advantage of this approach is its
simplicity in treating the individual learning systems as
black boxes with little or no modification required to
achieve a final system. Therefore, individual systems
can be added or replaced with relative ease. Some work
in this direction has been reported by Wolpert (1992)
and Zhang et al. (1992).

Furthermore, much of the research in inductive
learning concentrates on problems with relatively small
amounts of data. With the coming age of very large
network computing, it is likely that orders of magni-
tude more data will be available for various learning
problems of real world importance. A notable example
is the enormous amounts of data being generated by
the Human Genome Project (DeLisi 1988). The com-
plexity of typical machine learning algorithms renders
their use infeasible in problems with massive amounts
of data (Chan& Stolfo 1993c). For instance, Catlett
(1991) projects that ID3 (Quinlan 1986) on modern
machines will take several months to learn from a mil-
lion records in the flight data set obtained from NASA.
In addition, typical learning algorithms like ID3 rely on
a monolithic memory to fit all the data. However, it
is clear that main memory can easily be exceeded with
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massive amounts of data.
One approach to this problem is to parMlelize the

learning algorithms. Zhang et al.’s (1989) work on par-
allelizing the backpropagation algorithm on a Connec-
tion Machine is one example. This approach requires
optimizing the code for a particular algorithm on a
specific architecture. Our approach is to run the serial
code on a number of data subsets in parallel and com-
bine the results in an intelligent fashion. This approach
has the advantage of using the same serial code without
the time-consuming process of parallelizing it. Since
our framework for combining the results of learned con-
cepts is independent of the learning algorithms, it can
be used with different learners. In addition, this ap-
proach is independent of the computing platform used.
However, this approach cannot guarantee the accuracy
of the learned concepts to be the same as the serial ver-
sion since a considerable amount of information may
not be accessible to each of the learners.

In this paper we present our approaches to mul-
tistrategv parallel learning by recta-learning. Meta-
learning is used to coalesce the results from multiple
learning systems to improve accuracy as well as com-
bine results from a set of parallel or distributed learn-
ing processes to improve speed. We first describe the
sequence analysis tasks that we investigated. We then
discuss our approach to multistrategy parallel learning
by meta-learning and detail our strategies for one of
the cases. Preliminary experiments on a serial imple-
mentation were conducted; a parallel and distributed
implementation is under way. These experiments and
their results are reported, followed by a discussion on
our findings and work in progress. Some of the detailed
strategies described below have appeared elsewhere
(Chan & Stolfo 1993a, 1993b) and are provided here
for a complete treatment of the subject matter. This
paper provides new results of applying recta-learning
that extends what was perviously reported. In partic-
ular, we apply meta learning over multiple learners on
disjoint subsets of training data for increased learning
speed.

Sequence Analysis Tasks

Molecular biologists have been focusing on analyzing
sequences obtained from proteins, DNA, and RNA
strands. Two simplified sequence analysis tasks were
investigated in our experiments: protein secondary
structure prediction and RNA splice junction predic-
tion. Although the data sets mentioned below are not
very large, they give us an idea on how our strategies
perform.

Protein Secondary Structures Scientists have
identified structural patterns in proteins and classified
basically three structurM levels. The primary struc-
ture is the sequence of amino acids, a linear chain
of specific acids. The main secondary structures are
three-dimensional structures formed from this linear
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sequence called a-helix, E-sheet, and coil. Groups of
secondary structures, as well as primary structures,
produce tertiary structures.

There have been some research on using machine
learning techniques to identify protein secondary struc-
tures from amino acid sequences. The task is to learn
the rules governing the formation of, say an a-helix,
given a particular amino acid sequence. For our exper-
iments the secondary protein structure data set (SS),
obtained from the UCI Machine Learning Database,
courtesy of Qian and Sejnowski (1988), contains se-
quences of amino acids and the secondary structures at
the corresponding positions. There are three structures
(classes) and 20 amino acids (21 attributes because 
a spacer (Qian & Sejnowski 1988)) in the data. 
amino acid sequences were split into shorter sequences
of length 13 according to a windowing technique used
in (Qian & Sejnowski 1988). The sequences were then
divided into a disjoint training and test set, accord-
ing to the distribution described in (Qian & Sejnowski
1988). The training set, for this task has 18105 in-
stances and the test set has 3520.

RNA Splice Junctions In eukaryotes’ DNA, there
are interrupted genes. That is, some regions of a gene
do not encode protein information. During transcrip-
tion, these non-protein-encoding regions are passed to
the RNA. These regions on an RNA strand are called
introns and are sliced off during translation, the pro-
cess of decoding information on an RNA strand to gen-
erate proteins. Before translation begins, the regions
that encode protein information, exons, are spliced to-
gether after the introns are removed.

Given a nucleotide sequence, the task is to identify
splice junctions (intron-exon or exon-intron junctions).
For our experiments, the ttNA splice junction data set
(SJ), also obtained from the UCI Machine Learning
Database, courtesy of Towell, Shavlik, and Noordewier
(1990), contains sequences of nucleotides and the type
of splice junction, if any, at the center of each sequence
(three classes). Each sequence has 60 nucleotides with
eight different values each (four base ones plus four
combinations). Some 2552 sequences were randomly
picked as the training set and the rest, 638 sequences,
became the test set.

Multistrategy Parallel Learning by

Meta-learning

Meta-learning can be loosely defined as learning from
information generated by a learner(s). It can also
be viewed as the learning of meta-knowledge on the
learned information. In our work we concentrate on
learning from the output of inductive learning (or
learning-from-examples) systems. In this case meta-
learning means learning from the classifiers produced
by the learners and the predictions of these classifiers
on training data. A classifier (or concept) is the out-
put of an inductive learning system and a prediction



(or classification) is the predicted class generated 
a classifier when an instance is supplied. That is, we
are interested in the output of the learners, not the
learners themselves. Moreover, the training data pre-
sented to the learners initially are also available to the
meta-learner if warranted.

Meta-learning is a general technique to coalesce the
results of multiple learners. In this paper we concen-
trate on using recta-learning to combine different learn-
ers to improve prediction accuracy and speed. We call
this approach muitistrategy parallel learning. The dual
objectives here are to improve accuracy using multiple
algorithms and to speed up the learning process by par-
allel and distributed processing in a divide-and-conquer
fashion. Multiple learning algorithms are used on dif-
ferent subsets of the data and metn-learning is applied
on the results from the different subsets. Multistrat-
egy parallel learning (MSPL) is a combination of two
other proposed approaches: parallel learning (PL) (de-
scribed in (Chan& Stolfo 1993c)) and multistrategy hy-
pothesis boosting (MSHB) (described in (Chan & Stolfo
1993a)). Parallel learning focuses on speeding up the
learning process using only one strategy, while multi-
strategy hypothesis boosting concentrates on improving
prediction accuracy using multiple learning algorithms
in a serial fashion. Not much research has been at-
tempted by others in multistrategy parallel learning, to
our knowledge. Similar ideas were first proposed in
(Stolfo et al. 1989) in the domain of speech recogni-
tion.

The following sections briefly describe our ap-
proaches to the MSPL framework detailed in (Chan 
Stolfo 1993b) and for the rest of the paper we focus on
the second approach (coarse-subset MSPL). There are
three general approaches we have explored in achiev-
ing these goals that differ in the amount of data used
and the manner in which the learning algorithms are
applied.

Coarse-grain diversity with the entire
training set
For experimental purpose, we first consider an ap-
proach in which each learning algorithm is applied to
the entire training data set. The learners are run con-
currently and each follows the parallel learning (PL)
framework and each learner produces an arbiter tree
as described in (Chan & Stolfo 1993c). The predic-
tions of the arbiter trees on the training set become
part of the training examples for the combiner in the
MSHB framework. Since the training of the combiner
has to be performed after the arbiter trees are formed,
all the processors used to train the arbiter trees will be
available for training the combiner. Again, the com-
biner is trained using the PL framework, which gener-
ates another arbiter tree. During the classification of
an instance, predictions are generated from the learned
arbiter trees and are coalesced by the learned combiner
(an arbiter tree itself). Figure l(a) schematically 
picts the arbiter trees formed. Each triangle represents

a learned arbiter tree. Lt, L2, and Ls represent the
three different learners, and L¢ is the learning algo-
rithm used for the combiner. E is the original set of
training examples. For further reference, this approach
is denoted as coarse-all MSPL.

Coarse-grain diversity with data subsets

This approach is similar to the previous one except
that each learner is applied concurrently to a different
data subset, rather than the entire data set; i.e., here
we apply data reduction. The data set is divided into
i subsets, where I is the number of learning algorithms
available, and a different learning algorithm is applied
to each subset. The PL framework is then applied to
each algorithm-subset pair. As a result, ! arbiter trees
will be formed. The predictions of the arbiter trees on
the training set become part of the training examples
for the combiner in the MSHB framework. Similar to
the previous approach, the combiner is generated as
another arbiter tree. When an instance is classified,
the learned arbiter trees first produce their predictions,
which are then coalesced by the learned combiner. Fig-
ure l(b) schematically depicts the arbiter trees formed.
L1, L2, and Ls represent the different learning algo-
rithms and L, is the learning algorithm that computes
the combiner. El, E2, andes are subsets of the origi-
nal set of training examples. This approach is denoted
as coarse-subset MSPL.

Fine-grain diversity

In this approach the data set is divided into p subsets,
where p is the number of processors available, and a
different learning algorithm is applied to each subset.
The subsets are paired and an arbiter tree is formed
in a similar fashion aa for the single-strategy arbiter
tree. Rather than using the same algorithm for train-
ing a node and its two children in an arbiter tree, as
in the PL framework, different algorithms are used.
This generates only one arbiter tree rather than the
multiple arbiter trees in the previous two approaches.
When an instance is classified, the prediction of the
learned arbiter tree is the final prediction. Figure 1(c)
schematically depicts the arbiter tree formed. Again,
L1, L2, and Ls represent the different learners. E is
the original set of training examples. This approach is
denoted as fine-grain MSPL.

Issues in Coarse-subset MSPL
Load balancing is essential in minimizing the overall
training time due to the variance in completion times of
different algorithms. However, in coarse-subset MSPL
we have to determine how to allocate the data subsets
as well as the processors. One approach is to evenly
distribute the data among the learners and allocate
processors according to their relative speeds. Another
approach is that each learner has the same number of
processors and data are distributed accordingly. That
is, we have to decide whether we allocate a uniform
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Figure 1: Learned arbiter trees from the

number of processors or a uniform amount of data to
each learner. Since the amount of data affects the
quality of the learned concepts, it is more desirable
to evenly distribute the data so that the learners are
not biased at this stage. That is, slower learners should
not be penalized with less information and thus they
should be allocated more processors.

This raises the question of whether data should be
distributed at all; that is, should each learner have all
the data (i.e., coarse-all MSPL)? Obviously, if each
learning algorithm has the entire set of data, it would
be slower than when it has only a subset of the data.
It is also clear that the more data each learner has, the
more accurate the generated concepts will be. Thus,
there is a tradeoff between speed and quality. But in
problems with very large databases, we may have no
choice but to distribute subsets of the data. Another
question is what the data distribution is for the data
subsets. The subsets can be disjoint or overlapped
according to some scheme. We prefer disjoint sub-
sets because it allows the maximum degree of paral-
lelism. The classes represented in the subsets can be
distributed randomly, uniformly, or according to some
scheme. Since maintaining the same class distribution
in each subset as in the entire set does not create the
potential problem of missing classes in certain subsets,
it is our preferred distribution scheme.

Detailed Strategies for Coarse-subset
MSPL

The objective here is to improve prediction accuracy
and speed by exploring the diversity of multiple learn-
ing algorithms on data subsets through recta-learning.
This is achieved by a basic configuration which has sev-
eral different base learners and one recta-learner that
learns from the output of the base leaners. The meta-
learner may employ the same algorithm as one of the
base learners or a completely distinct algorithm. Each
of the base learners is provided with the entire training
set of raw data. However, the training set for the meta-
learner varies according to the strategies described be-
low, and is quite different than the data used in training
the base classifiers. Note that the meta~learner does
not aim at picking the "best" classifier generated by
the base learners; instead it tries to combine the clas-

MSPL approaches with three different learners

sifters. That is, the prediction accuracy of the overall
system is not limited to the most accurate base learner.
It is our intent to generate an overall system that out-
performs the underlying base learners. The strategies
discussed here are comparable to those for multistrat-
egy hypothesis boosting (MSHB) described in (Chan
& Stolfo 1993a).

There are in general two types of information the
recta-learner can combine: the learned base classifiers
and the predictions of the learned base classifiers. The
first type of information consists of concept descrip-
tions in the base classifiers (or concepts). Some com-
mon concept descriptions are represented in the form
of decision trees, rules, and networks. Since we are
aiming at diversity in the base learners, the learning al-
gorithms chosen usually have different representations
for their learned classifiers. Hence, in order to com-
bine the classifiers, we need to define a common repre-
sentation to which the different learned classifiers are
translated. However, it is difficult to define such a rep-
resentation to encapsulate all the representations with-
out losing a significant amount of information during
the translation process. For instance, it is very diffi-
cult to define a common representation to integrate the
discriminant functions and exemplars computed by a
nearest-neighbor learning algorithm with the tree com-
puted by a decision tree learning algorithm. Because of
this difficulty, one might define a uniform representa-
tion that limits the types of representation that can be
supported and hence the choice of learning algorithms.

An alternative strategy is to integrate the predic-
tions of the learned classifiers for the training set leav-
ing the internal organization of each classifier com-
pletely transparent. These predictions are hypothe-
sized classes present in the training data and can he
categorical or associated with some numeric measure
(e.g., probabilities, confidence values, and distances).
In this case, the problem of finding a common ground
is much less severe. For instance, classes with numeric
measures can be treated as categorical (by picking the
class with the highest value). Since any learner can be
employed in this case, we focus our work on combin-
ing predictions from the learned classifiers. Moreover,
since converting categorical predictions to ones with
numeric measures is undesirable or impossible, we con-
centrate on combining categorical predictions.
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We experimented with three types of meta.learning
strategies (combiner, arbiter, and hybrid) for combin-
ing predictions, which we discuss in the following sec-
tions. For pedagogical reasons, our discussion assumes
three base learners and one meta.learner.

Combiner strategy

In the combiner strategy, the predictions for the train-
ing set generated by a two-fold cross validation tech-
nique using the base learners form the basis of the
meta-learner’s training set (details in (Chan & Stolfo
1993a)). composition rule, which varies in dif ferent
schemes, determines the content of training examples
for the meta-learner. From these examples, the meta-
learner generates a meta-claasifier, that we call a com-
biner. In classifying an instance, the base classifiers
first generate their predictions. Based on the same
composition rule, a new instance is generated from the
predictions, which is then classified by the combiner.
The aim of this strategy is to coalesce the predictions
from the base classifiers by learning the relationship
between these predictions and the correct prediction.

We experimented with three schemes for the com-
position rule. First, three predictions, CI(x), C2(z),
and C3(z), for each example z in the original training
set of examples, E, are generated by three separate
classifiers, C1, C~, and Ca. These predicted classifica-
tions are used to form a new set of "meta-level training
instances," T, which is used as input to a learning al-
gorithm that computes a combiner. The manner in
which T is computed varies according to the schemes
as defined below. In the following definitions, class(z)
denotes the correct classification of example z as spec-
ified in training set E.

1. Return meta-level training instances with the cor-
rect classification and the predictions; i.e., T =
{(classCz),C,(z),C~(z),Ca(z)) I z ~ E}. This
scheme was also used by Wolpert (1992). (For fur-
ther reference, this scheme is denoted as reefs-class.)

2. Return meta-level training instances similar to those
in the first (meta-class) scheme with the addition of
the original attribute vectors in the training exam-
pies; i.e., T = {(class(z), Cl(z), C2( z ), Ca(z), attr-
vec(z)) I z 6 E}. (Henceforth, this scheme is de-
noted as reefs-class-attribute.)

3. Return meta-level training instances similar to
those in the reefs-class scheme except that each
prediction, C~(z), has m binary predictions,
C+,(z),...,Cd..(z), where m is the number of
classes. Each prediction, Ci~(z), is produced from
a binary classifier, which is trained on exam-
ples that are labeled with classes j and --j. In
other words, we are using more specialized base
classifiers and attempting to learn the correlation
between the binary predictions and the correct
prediction. For concreteness, T = {(class(z),

c2,(z),..., c2..(z), cs,(z),...,

cs.cz)) I z ̄  s}. (Henceforth, this scheme is de-
noted as meta-clasa-binary.)

These three schemes for the composition rule are de-
fined in the context of forming a training set for the
combiner. These composition rules are also used in a
similar manner during classification after a combiner
has been computed. Given a test instance whose clas-
sification is sought, we first compute the classifications
predicted by each of the base classifiers. The composi-
tion rule is then applied to generate a single meta-level
test instance, which is then classified by the combiner
to produce the final predicted class of the original test
instance.

Arbiter strategy

In the arbiter strategy, the training set for the meta-
learner is a subset of the training set for the base learn-
ers. That is, the meta-level training instances are a
particular distribution of the raw training set E. The
predictions of the learned base classifiers for the train-
ing set and a selection rule, which varies in different
schemes, determines which subset will constitute the
meta-learner’s training set. (This contrasts with the
combiner strategy which has the same number of ex-
amples for the base classifier as for the combiner. Also,
the reefs-level instances of the combiner strategy incor-
porate additional information than just the raw train-
ing data.) Based on this training set, the meta-leamer
generates a meta-classifier, in this case called an ar-
biter. In classifying an instance, the base classifiers
first generate their predictions. These predictions, to-
gether with the arbiter and a corresponding arbitration
rule, generate the final predictions. In this strategy one
learns to arbitrate among the potentially different pre-
dictions from the base classifiers, instead of learning
to coalesce the predictions as in the combiner strategy.
We first describe the schemes for the selection rule and
then those for the arbitration rule.

We experimented with two schemes for the selection
rule, which chooses training examples for an arbiter. In
essence the schemes select examples that are confusing
to the three base classifiers, from which an arbiter is
learned. Based on three predictions, Cl(Z), C2(z), 
C3(z), for each example z in a set of training examples,
E, each scheme generates a set of training examples,
T (C_ E), for the arbiter. The two versions of this
selection rule implemented and reported here include:

1. Return instances with predictions that disagree; i.e.,
T = Td -- {z ¯ E I (C~(z) c2(z))v(c2(z) 
C3(z))}. Thus, instances with conflicting predic-
tions are used to train the arbiter. However, in-
stances with predictions that agree but are incor-
rect are not included. (We refer to this scheme as
reefs, different.)

2. Return instances with predictions that disagree, Td,
as in the first case (reefs-different), but also in-
stances with predictions that agree but are incor-
rect; i.e, T = Td U~, where ~ = {z ¯ E I (CI(Z) "-
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C2(z) - C3(z))A(class(x) Ct(x))}. No te th at we
compose both cases of instances that are incorrectly
classified or are in disagreement. (Henceforth, we
refer to this case as recta-different-incorrect.)
The arbiters are trained by some learning algorithm

on the particular distinguished distributions of train-
ing data and are use(] in generating predictions. During
the classification of an instance, y, the learned arbiter,
A, and the corresponding arbitration rule, produce a
final prediction based on the three predictions, CI(y),
c2(y), and C3(y), from the three base ela iflers 
the arbiter’s own prediction, A(y). The following ar-
bitration rule applies to both schemes for the selection
rule described above.
¯ Return the simple vote of the base and arbiter’s

predictions, breaking ties in favor of the at-
biter’s prediction; i.e., if there are no ties, re-
turn vote( Cl (y), C2(y), C3(y), A(y) otherwise re-
turn A(y).

Hybrid strategy

We integrate the combiner and arbiter strategies in the
hybrid strategy. Given the predictions of the base clas-
sifters on the original training set, a selection rule picks
examples from the training set as in the arbiter strat-
egy. However, the training set for the meta-learner is
generated by a composition rule applied to the distri-
bution of training data (a subset of E) as defined in the
combiner strategy. Thus, the hybrid strategy attempts
to improve the arbiter strategy by correcting the pre-
dictions of the "confused" examples. It does so by
using the combiner strategy to coalesce the predicted
classifications of instances in disagreement by the base
classifiers, instead of purely arbitrating among them.
A learning algorithm then generates a meta-classifier
from this training set. When a test instance is classi-
fied, the base classifiers first generate their predictions.
These predictions are then composed to form a recta-
level instance for the learned meta-classifier using the
same composition rule. The meta-classifier then pro-
duces the final prediction.

We experimented with two combinations of compo-
sition and selection rules, though any combination of
the rules is possible:

1. Select examples that have different predictions from
the base classifiers and the predictions, together
with the correct classes and attribute vectors from
the training set for the meta-learner. This inte-
grates the recta-different and recta-class-attribute
schemes. (Henceforth, we refer to this scheme as
meta-different-class-attribute. )

2. Select examples that have different or incorrect pre-
dictions from the base classifiers and the predictions,
together with the correct classes and attribute vec-
tors form the training set for the meta-learner. This
integrates the recta-different-incorrect and meta-
class-attribute schemes. (Henceforth, denoted as
meta-different-incorrect-class-attribute. )
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We discussed three general meta-learning strategies
(combiner, arbiter, and hybrid) for multistrategy paral-
lel learning. The combiner strategy aims at coalescing
predictions from the constituent classifiers, whereas the
arbiter strategy arbitrates among them. In addition,
the training set for the combiner strategy includes ex-
amples derived from the entire original training set,
whereas the one for the arbiter includes only exam-
pies chosen by a selection rule from the original set.
That is, the training set for the arbiter strategy is
usually smaller than the one for the combiner strat-
egy and hence contains less information. The hybrid
strategy is intended to augment this deficiency in the
arbiter strategy by coalescing the predictions from the
selected examples. We postulate that the combiner
strategy would still be the most effective one due to
the larger amount of information available and the co-
alescing process.

Among the combiner schemes, the recta-class-
attribute scheme provides more information (the ad-
dition of attribute vectors) than the recta-class scheme
in the combiner training set. The recta-class-binary
scheme provides more precise information for the meta-
learner because more specialized base classifiers are
used. Among the arbiter schemes, the recta-different-
incorrect scheme includes more examples in the arbiter
training set than the recta-different scheme. Similar
observations can be made for corresponding schemes
in the hybrid strategy.

Experiments

Four inductive learning algorithms were used in our
experiments. We obtained ID3 (Quinlan 1986) and
CART (Breiman et al. 1984) as part of the IND
package from NASA Ames Research Center; both
algorithms compute decision trees. WPEBLS is
the weighted version of PEBLS (Cost & Salzberg
1993), which is a nearest-neighbor learning Mgorithm.
BAYES is a Bayesian classifier that is based on com-
puting conditional probabilities (frequency distribu-
tions), which is described in (Clark & Niblett 1987).
The latter two algorithms were reimplemented in C.

The base-learners are first trained on the data sub-
sets and the whole training set is then classified by
the learned base-classifiers. Since the base-learners are
trained on only part of the whole training set, clas-
sifying the rest of the set mimics the behavior of the
learned classifiers when unseen instances are classified.
That is, the meta-learner is partially trained on pre-
dictions of unseen instances in the training set. The
base-classifiers’ predictions on the training set are used
in constructing the training set for the meta-learner.
To focus our attention on the effectiveness of meta-
learning on disjoint subsets, we ran the meta-learner
and base learners serially. That is, no arbiter trees
were generated.

We performed experiments on the different schemes
for the combiner, arbiter, and hybrid strategies. Dif-



Base learners: ID3, CARfr & WPEBLS

Meta-learner
Scheme BAYES ID3 CART WPEBLS
m-c 53.1 51.8 51.8 53.8
m-c-" 58.0+ 50.8 48.5 49.1
m-c-b 52.8 52.4 52.2 52.2
m-d 55.2+ 54.4+ 54.1+ 54.3+
m-d-i 55.2-{- 53.7 54.5-{- 54.1+
m-d-c--, 55.5+ 54.9+ 54.4+ 54.3+
m-d-i-e-" 55.0 54.1+ 54.1+ 54.0+
m=c-w 56.5+ 54.7+ 51.8 53.4

vote
freq

1 54.7+
[ 51.9

I "i- better than the 3 base classifiers (sub~e~s)
[ * better than all 4 classifiers (sub6ets)

Base learners: BAY,S, ID3 & CART

Meta-learner
Scheme BAYES ID3 CART WPEBLS
m=c 57.9 53.8 54.5 54.9
m=e-a 58.8 54.5 50.9 52.2
m-c-b 57.9 57.4 57.2 54.8
m-d 59.5 58.8 58.5 58.1
m-d-i 59.0 58.6 58.5 58.4
m-d-e-a 59.1 58.8 58.6 58.6
m-d-i.-e-a 58.9 58.8 58.6 58.9
m-c-w 58.0 55.8 53.0 53.6

vote [ 585freq 57.1

Base learners: BAYESt ID3 & WPEBLS Base learners:. BAYES, CART & WPEBLS

Meta~learner Meta-ieaxner
Scheme BAYES ID3 CART WPEBLS Scheme BAYES ID3 CART WPEBLS
m-c 54.7 53.8 53.4 56.5 m-c 55.7 54.0 53.1 54.9
m-Co" 59.7 53.0 49.0 50.3 m*c-a 59.3 53.0 49.7 49.8
m-c-b 57.4 54.8 54.9 54.4 m-c-b 55.3 52.4 53.9 54.3
m-d 58.0 57.6 57.2 57.5 m-d 57.2 55.8 56.8 56.6
m-d-i 57.9 57.4 57.5 57.4 m-d-i 57.0 56:5 56.6 56.3
m-d-c-" 57.8 57.8 57.6 57.7 m-d-c-a 57.3 56.9 56.8 56.7
m-d-i-c-a 58.0 57.8 57.6 57.5 m-d-i-e-" 57.0 56.4 55.4 56,5
m-c-w 59.4 56.8 53.6 53.4 m=c-w 59.2 55.3 53.4 55.2

vote 57.8 vote 57.2
freq 54.0 freq 54.0

Table 1: Summary of Secondary Structure Prediction Accuracy (%)

ferent combinations of three base and one meta-learner
were explored on the two data sets and the results are
presented in Tables 1 and 2. Each table has four subta-
hies and each subtable presents results from a different
combination of base learners. The first column of a
subtable denotes the different schemes and the next
four columns denote the four different meta-learners.
The names of meta-learning schemes are abbreviated
in the tables: m-c represents meta-class, m-c-a repre-
sents recta-class-attribute, and so on. Results for the
two data sets with single-strategy classifiers are dis-
played in Table 3. In addition, we experimented with
a windowing scheme used in Zhang et al.’s (1992) work,
which is specific to the SS data. This scheme is similar
to the meta-class scheme described above. However, in
addition to the three predictions present in one train-
ing example for the meta-learner, the guesses on either
side of the three predictions in the sequence (windows)
are also present in the example. We denote this scheme
as raeta-class-wmdow (or m-c-w in thetables).

Furthermore, two non-meta-learning approaches
were applied for comparison. Vote is a simple voting
scheme applied to the predictions from the base classi-
tiers. Freq predicts the most frequent correct class with
respect to a combination of predictions in the training
set2. That is, for a given combination of predictions
(me combinations for m classes and c classifiers), frcq
predicts the most frequent correct class in the training
data.

Results

There are three ways to analyze the results. First, we
consider whether the employment of a meta-learner ira-

2 Freq was suggested by Wolpert (personal
communication).

proves accuracy with respect to the underlying three
base classifiers learned on a subset. (The presence of
an improvement is denoted by a ’+’ in the tables.)
For the SJ data, improvements were almost always
achieved when the combinations of base learners are
ID3-CART-WPEBLS (an improvement from 94. I% up
to 96.2%) and BAYES-CART-WPEBLS (from 95.7%
up to 97.2%), regardless of the meta-learners and
strategies. For the SS data, when the combination of
base-learners is ID3-CART-WPEBLS, more than half
of the meta-learner/strategy combinations achieved
higher accuracy than any of the base learners (an im-
provement from 53.9% up to 58.0%).

Second, we examine whether the use of meta-
learning achieves higher accuracy than the most ac-
curate classifier learned from a subset (BAYES in this
case). (The presence of an improvement is denoted 
a ’*’ in the tables.) For the SJ data, the meta-class-
attribute strategy with BAYES as the meta~learner al-
ways attained higher accuracy (an improvement from
95.7% up to 97.2%)I regardless of the base learners and
strategies. For the SS data, all the results did not out-
perform BAYES as a single base learner.

Third, we study whether the use of meta-learning
achieves higher accuracy than the most accurate clas-
sifter learned from the full training set (BAYES in this
case). (The presence of an improvement is denoted
by a ’!’ in the tables.) For the SJ data, meta-class-
attribute strategy with BAYES as the meta-learner al-
most always attained higher accuracy (from 96.4% up
to 97.2%), regardless of the base learners and strate-
gies. For the SS data, all the results did not outperform
BAYES.

In general, meta-class-attribute is the more effec-
tive scheme and BAYES is the more successful meta-
learner. Therefore, it reinforces our conjecture that
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Base learners- ID3, CART h WPEBLS

Met aMearner
Scheme BAYES ID3 CART WPEBLS
m-c 95.1+ 95.0+ 95.0+ 71.5
m-c-~ 96.2+* 94.8+ 94.8+ 95.0+
m-c-b 95.8+* 96.1+* 95.6+ 75.5
m°d 95.1+ 95.0+ 95.1+ 95.1+
m-d-i 95.1+ 95.1+ 95.1+ 95.1+
m-d-c-a 95.1+ 95.0+ 95.1+ 95.1+
m-d-i-c-a 95.1+ 95.1+ 95.1+ 95.1+

vote
freq

I 95.1+* I +betterthanthe3baseclatmiflers(subsets)
95.6+* * better than all 4 cla~iflers (lubaetl)

! better than all 4 classifiers (full net)

Base learners: BAYES, ID3 & CART

Met ~-learner
Scheme BAYES ID3 CART WPEBLS
m-c 94.5 95.9+* 95.5 73.7
m-c-a 96.7+*! 96.1+* 95.5 95.1
m-c-b 95.5 95.6 95.0 76.0
m-d 95.0 95.0 95.0 95.0
m-d-i 95.0 94.5 94.5 95.0
m-d-c-a 95.0 95.0 95.0 94.8
m-d-i-c°a 95.0 94.8 94.8 94.8

vote

I 95.0freq 95.8+*

Base learners: BAYESr ID3 & WPEBLS Base learners: BAYESr CART & WPEBLS

Meta-learner Met a-learner
Scheme BAYES ID3 CART WPEBLS Scheme BAYES ID3 CART WPEBLS
m-c 95~8+* 95.5 95.1 72.7 m-c 96.7+*! 95.9+* 96.1+* 72.4
m-c-a 97.0+*! 95.5 95.1 95.6 m-c-a 97.2+*! 95.9+* 95.9+* 95.8+*
m-c-b 96.2+* 95.1 95.0 76,5 m-c-b 95.9+* 94.8 95.6 93.6
m-d 95.9+* 95.9+* 95.9+* 95.5 m-d 96.9+*! 96.9+*! 96.9+*! 96.7+*!
m-d-i 95.9+* 95.9+* 95.9+* 95.9+* m-d-i 96.9+*! 96.9+*! 96,6+*! 96.7+*!
m-d-c-a 95.9+* 95.9+* 95.9+* 95.5+* m-d-c-a 96.9+*! 96.9+*! 96.9+*! 96.7+*!
m-d-i-c-a 95.9+* 95.8+* 95.8+* 95.8+* m-d-i-c-a 96.9+*! 96.7+*~. 96.7+*~. 96.7+*!

Vote 95.9+* vote 96.9+*!
freq 95.3 ~eq 96.7+*!

Table 2: Summary of Splice Junction Prediction Accuracy (%)

I Data set/Al~orithm I BAYES I ID3 [ CART [ WPEBLS ]
Secondary Structure (SS) (full set) 62.1 55.4 50.8 48.1
Average of 3 subsets 60.2 53.9 49.5 47.2
Splice Junction (S J) (full set) 96.4 93.9 94.8 94.4
Averal~e of 3 subsets 95.7 88.9 94.1 93.4

Table 3: Single-strategy Prediction Accuracy (%)

coalescing results are more effective than arbitrating
among them and predictions alone may not be enough
for meta-learning. Compared to results obtained from
the MSttB framework (Chan & Stolfo 1993a), smaller
improvements were observed here. This is mainly due
to the smaller amount of information presented to the
base learners. Surprisingly, the hybrid schemes did not
improve the arbiter strategies. Also, Zhang’s (1992)
recta-class-window strategy for the SS data did not im-
prove accuracy with the base and meta-learners used
here. He uses a neural net, and different Bayesian and
exemplar-based learners.

Discussion and Concluding Remarks

The two data sets chosen represent two different kinds
of data sets: one is difficult to learn (SS with 50+%
accuracy) and the other is easy to learn (SJ with
90+% accuracy). Our experiments indicate that some
of our meta-leaxning strategies improve accuracy in
the SJ data and are more effective than the non-
meta-learning strategies. However, in the SS data,
both meta-learning and non-meta-learning strategies
are roughly the same. This can be attributed to the
quality of predictions from the base classifiers for the
two data sets as described in (Chan & Stolfo 1993a).
The high percentage of having one or none correct out
of three predictions in the SS data set might greatly
hinder the ability of meta-learning to work. One possi-
ble solution is to increase the number of base classifiers
to lower the percentage of having one or none correct

predictions.
Unlike Wolpert (1992) and Zhang et al.’s (1992) 

ports, we present results from all the combinations of
presented strategies, base learners, and meta-learners.
We have shown that improvements can be achieved
consistently with a combination of a meta-learner and
collection of base learners across various strategies in
both data sets. Similarly, better results were achieved
for various combinations of different strategies and
meta-learners across all base learners in the SJ data
set. Improvements on the already high accuracy ob-
tained from the base learners in the SJ data set reflects
the viability of the meta-learning approach.

As mentioned in the previous section, the combiner
schemes generally performed more effectively than the
arbiter or hybrid schemes. This suggests that coa-
lescing the results is more beneficial than arbitrating
among them. In addition, the training set for the com-
biner strategy includes examples derived from the en-
tire original training set, whereas the one for the ar-
biter or hybrid strategy includes only examples chosen
by a selection rule from the original set. That is, the
training set for the arbiter or hybrid strategy is usu-
ally smaller than the one for the combiner strategy and
hence contains less information. (This lack of informa-
tion may not be exhibited in larger learning tasks with
massive amounts of data.)

Among the combiner schemes, the recta-class-
attribute scheme performed more effectively than the
others. This might be due to the additional informa-
tion (attribute vectors) present in the training exam-
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ples, suggesting that information from the predictions
alone is not sufficient to achieve higher prediction ac-
curacy. To our surprise, the meta-class-binary scheme
did not perform more effectively than the meta-class
scheme. We postulated that more specialized binary
classifiers would provide more precise information for
the meta-learner. However, this was not exhibited in
our experimental results.

We also postulated that a probabilistic ]earner like
BAYES would be a more effective meta-learner due to
the relatively low regularity in t]ae training data for
meta-learners. Our empirical results indeed show that
BAYES is a more effective meta-learuer.

We ran the the meta-learner and base learners se-
rially to concentrate our investigation on the viability
of meta-learning over disjoint subsets. The prediction
accuracy results indicate the effectiveness of our meta-
learning approach. Although we have no relevant tim-
ing results of a parallel implementation at this point, it
is easy to see that speed can be improved when the base
learners are trained on the disjoint training data sub-
sets in parallel. Since the training data are distributed
in disjoint subsets, each parallel process (a learning al-
gorithm) applied to each subset need not to communi-
cate with any other process. There are no overheads to
pay in communicating or synchronizing while the learn-
ing algorithms are computing. (However, communica-
tion and synchronization are still needed for each algo-
rithm, which has multiple parallel learning processes.)
Compared to meta-learning over the full data set us-
ing multiple strategies (Chan & Stolfo 1993a), meta-
learning over subsets degraded accuracy only slightly.
That is, we can increase learning speed, and pay only
a modest decrease in accuracy.

In summary, we tested our approach of multistrategy
parallel learning by meta-learning and preliminary re-
sults are encouraging. We empirically identified strate-
gies and learning algorithms that are more effective at
the meta-level. More experiments will be conducted
to ensure our results obtained so far are statistically
significant. We are also exploring new meta-learning
strategies. The work presented here is a step toward
our goal of building a parallel and distributed system
that can learn from large amounts of data efficiently
and accurately.
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