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Abstract: Protein secondary structure prediction and high-throughput drug screen data mining are two
important applications in bioinformatics. The data is represented in sparse feature spaces and can be
unrepresentative of future data. There is certainly some noise in the data and there may be significant
noise. Supervised learners in this context will display their inherent bias toward certain solutions,
generally solutions that fit the training set well. In this paper, we first describe an ensemble approach
using subsampling that scales well with dataset size. A sufficient number of ensemble members using
subsamples of the data can yield a more accurate classifier than a single classifier using the entire dataset.
Experiments on several datasets demonstrate the effectiveness of the approach. We report results from

the KDD Cup 2001 drug discovery dataset in which our approach yields a higher weighted accuracy than the winning entry.
We then ex-tend our ensemble approach to create an over-generalized classifier for prediction by reducing the individual
subsample size. The ensemble strategy using small subsamples has the effect of averaging over a wider range of hypotheses.
We show that both protein secondary structure prediction and drug discovery prediction can be improved by the use of
over-generalization, specifically through the use of ensembles of small subsamples.
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1 Introduction

Bioinformatics is a rapidly expanding field involving a
significant contribution from the data mining community.
Many different problems are grouped into the general category
of bioinformatics, including protein secondary structure
prediction, drug discovery, DNA microarray analysis, gene
prediction and genome analysis [17]. In this paper, we focus on
two particular problems in which data mining can contribute:
drug discovery and protein secondary structure prediction. Both
of these fields demonstrate distinct characteristics as data
mining problems. They are both complex domains in which
noise in the form of incorrect class labels can effect a small to
medium number of examples. We will discuss the two areas
and then attempt to describe what we believe is the common thread
— the need for “over-generalization™ on the part of any learner.
Once we have described the overall concept we introduce a
subsampling technique that we believe demonstrates this
generalization. We also show that predictive accuracy can be
improved through the use of over- generalization.

1.1 Protein Secondary Structure Prediction

Proteins are a key component of life and central to our
understanding of cellular processes. A protein consists of a
linear chain of amino acids; each amino acid can be one of
twenty different types. The key nature of proteins is not their
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one-dimensional structure, but rather how they fold back on
them-selves. Proteins can take on several different
configurations and these are chemically important. Many
different forces act upon the protein chain in order to create
such folds, including ionic, hydrogen, van der Waals and
hydrophobic interactions [13]. Much of the process by which a
sequence of amino acids forms a more complex structure is not
completely understood. X-ray crystallography has been the
principal means of elucidating the structure of many proteins,

however it has been applied to only a small fraction of the total
number that can exist [13]. The process is difficult and
error-prone. However, if we wish to understand a cellular
process or perhaps design a drug to inhibit a protein-ligand
interaction we must first understand the secondary structure of
a protein. Presently structural prediction is most successful
when sufficiently similar homologs are known [17]. Homologs,
or similar protein chains, can be used to estimate the structure
of an un-visualized protein. When there are no close homologs
to a protein, the structural prediction can be very poor. New
protein sequences are constantly being discovered and often
comprise very different and distinct chains of amino acids.
Modern biochemistry can not yet fully describe the ways in
which a strand of amino acids may fold. Data mining
techniques can be used in an attempt to predict this structure.
The CASP contest [21] is one method of encouraging the
research community to focus on secondary structure prediction.
In the latest such contest (CASP-4), the winner was PSIPRED
[18]. The author used the PSI-BLAST [1] profiles for a set of
protein chains as training data for a neural network. The
network used a window of 15 amino acids within the protein
chains and an ensemble of four neural networks was built. Each
feature was the log likelihood of substitution of an amino acid.
Earlier work by some of the authors have attempted to
understand the process through which PSIPRED succeeded.
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We provide one such explanation here, both as a followup and
a new direction from earlier work.

1.2 Drug Discovery

The second problem we consider within this paper is drug
discovery. This is an challenging field that encompasses both
protein secondary structure prediction and many other difficult
steps. For this paper, we consider only one small aspect of the
entire process — prediction of drug-like activity of a
com-pound based on its structure. We use a simplified
description of a molecule and attempt to predict if the molecule
will exhibit drug-like behavior in a high-throughput screening.
Drug discovery encompasses understanding cellular processes,
predicting protein structures, and estimating interactions
between a molecule and the normal biological molecular
targets [12]. Chemists and biologists would ideally like to fully
understand the pathways involved in a disease and from this
knowledge develop a molecule (or several molecules) that can
interact with the disease agents to neutralize them [12].
However, many complex interactions are occurring at the
cellular level that makes the full rational drug design process
extremely difficult. Modern pharmaceutical companies pursue
methods that attempt to circumvent some of these problems
through the use of high-throughput screening. Since we do not
have full knowledge of the physical and electrostatic forces
governing complex inter-actions of proteins, enzymes and
ligands, we can instead try to test many available compounds
for a desired response. This is the so-called lead finding stage
of drug discovery. Modern testing technology has developed to
the point that this process can be automated. Many compounds
can be quickly tested and leads can be identified from these
results. These leads can be analyzed more closely and
structurally similar compounds can be investigated for
potentially higher efficacy. Data mining within drug discovery
involves predicting if a compound is likely to demonstrate
drug-like activity in the presence of a given disease (or simply
a given chemical target). High-throughput screens result in a
large amount of data for analysis. Ideally, in silico screening of
compounds could re-place the need for HTS in identifying
leads. Current data mining techniques can not only be used to
predict an untested com-pound’s activity but also can identify
inconsistent and potentially incorrect HTS results. We use data
mining tools to predict the activity of a molecule based on
solely on it’s structural characteristics. Much work in drug
discovery involves the hypothesis that compounds with similar
structure are likely to exhibit similar pharmacological activity
[241, [7]. We use the simple bit-string fingerprint representation
of a compound’s structure [11], [28]. The atom-pair
fingerprints were generated by Tri-pos, Inc.

2 Background
2.1 Ensembles

An ensemble of classifiers is a set of classifiers whose
individual decisions are combined in some way to classify new
examples [14]. Many popular meta-leaming techniques in
computer science can be conveniently described within this

frame-work. An ensemble consists of a set of possibly different
classifier types. The output of each classifier is combined in
one of many different ways in order to reach a final
classification. This definition is broad, however it encompasses
many different popular techniques within the same framework,
including bagging [4] and boosting [16]. The approach
introduced within this paper is similar in spirit to bagging [4].
Bagging, or bootstrap aggregation, generates many bootstrap
samples of a dataset, using sampling with re-placement. Each
sample is the size of the training set, although it will contain
multiple copies of some examples and not include others. For
sufficiently large datasets, it can be easily shown that these
samples will contain approximately 63.2% of the unique
examples from the original dataset [2]. The sample is then used
to construct a model to be used by the classifier. The overall
bagged classifier (ensemble) is the aggregation of each
individual classifier. The outputs are combined via majority
vote, a common and reasonable approach when using
ensembles. Breiman also introduced the notion of Rvotes [6],
which is an ensemble of classifiers similar to bagging.
However, Rvoting uses subsamples that are much smaller than
the full size of the training set. Results in [6] indicate the
approach is not always as effective as bagging. Empirical
evaluations of ensembles show that they often out-perform
individual classifiers. Several requirements are generally
considered necessary:

1) Ensemble members must be diverse.

2) Ensemble members must be reasonably accurate.

Diversity in ensembles is a crucial requirement.
Dietterich [14] argues this can be seen as the averaging of
many different consistent hypotheses within the same region of
hypothesis space. Statistics and common sense tell us that with
no other knowledge, taking the average of the possible
estimates for a value yields a reasonable approximation to the
value. Specifically, this averaging tends to reduce the variance
introduced by individual models [20]. This argument also
indicates the rationale behind the requirement that ensemble
members must be reasonably accurate. Otherwise we include
many outliers or inconsistent hypotheses in the averaging
operation, thus in-creasing the variance of the averaged
hypothesis. The use of diversity in classification is an important
issue within our approach; we propose generating many diverse
classifiers.

2.2 Subsampling and Scalability

Subsampling is a popular technique for data reduction in
data mining and machine learning. Many different approaches
are possible and statistical bounds on worst-case error can be
used to determine a worst-case subsample size. On the other
hand a purely empirical method would require plotting an error
curve using increasingly larger subsample sizes until a plateau
in error is seen [26]. The progressive sampling technique
addresses the determination of sample size. However
progressive sampling requires results from prior iterations
thereby creating a serial learning approach. Single subsamples,
in either the empirical or theoretical approach, are often widely
varying in classification accuracy depending on the particular
random subsample. For instance, the accuracy from successive
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subsamples of size 50% can widely vary from subsample to
subsample. Ensemble methods are successful at averaging
classification results from the ensemble members. This is the
strategy used by bagging [4]. Many diverse classifiers can be
generated and the over-all ensemble is in some sense an
average of the representative region of hypothesis space.

Moreover, ensemble methods like bagging are parallel in nature.

Each bag can be generated and a model can be constructed in
parallel. Bagging is not a scalable approach to data mining
since each individual bag is the size of the full training set.
Therefore, we would like to combine the use of subsampling
with the averaging (and generalization) of ensembles. Some of
the authors previously addressed the inadequacy of using small
bags in a protein secondary structure prediction problem [9].
They concluded that choosing random, disjoint partitions of a
dataset creates ensembles that are as accurate as using the same
size subsamples (with or without replacement). Generating
bags of very large datasets are believed to potentially create
overly similar models, thus hurting the overall ensemble.
Below we intend to address this issue and describe some
empirically determined heuristics for determining appropriate
parameters for subsampling.

3 Approach

Protein secondary structure prediction and drug discovery
data mining are both difficult problems in bioinformatics. They
have several common features with respect to data mining.
First, the data comes from very noisy environments. Protein
structures are not always completely correct and thus a training
set of structures may consist of possibly inconsistent results.,
High throughput screening is a very noisy environment in
which the actual measurement of activity can be disturbed by
contaminants and environmental conditions. Noisy data is
nothing new to the data mining community, however the total
problem space is sufficiently large and the number of labeled
examples is sufficiently small that noise can be a significant
problem. Another common difficulty in both structure
prediction and drug discovery involves the violation of the iid
assumption. This assumption is that each example is
independently and identically distributed. Machine learning
uses this reasonable assumption as the basis for creating
generalized models from a set of examples. Otherwise, a
classifier using these models is constructed to predict properties
for which nothing is known or can be inferred. However, the
independence assumption is generally weak for both protein
structure prediction and drug discovery. Protein secondary
structure prediction is necessarily limited to those proteins that
have been investigated and submitted to structural analysis.
Predictions are desired for proteins that may be significantly
different in structure, for example new and novel sequences.
Drug discovery also involves this issue — candidate
compounds may be screened because they are likely to be
successful or because they are the most plentiful in supply. For
instance, the Diversity set of compounds from the National
Cancer Institute is composed of diverse chemical
representatives, however the set of choices was necessarily

restricted to those for which there was a sufficient supply [25].
Classifier generalization is the ability of a classifier to make
reasonable predictions beyond the data it has already seen. If a
classifier simply memorizes the existing pattemns, then nothing
can be said about new examples. Thus all classifiers generalize
to some extent. We propose the use of “over-generalization”, or
generalizing the classifier response as broadly as possible to
avoid the hazards inherent to these two domains. This principle
is used in bagging [4]; we introduce a similar technique for
over-generalization in a scalable framework. In particular,
Dietterich [15] observed that bagging with C4.5 generates very
accurate classifiers, yet the classifiers are not very diverse (as
compared to boosting or randomized C4.5). By using less data
(through small subsamples) we expect to create less accurate
individual classifiers {19]. The addition of C4.5, an unstable
learner, yields an ensemble of weak, diverse classifiers.
Stability in a classifier can be achieved through averaging over
many individual instances [5]. Since we increase the diversity
of the group of classifiers, we expect more classifiers to be
needed to achieve stability in the ensemble. Therefore, we
expect that an ensemble of subsamples can produce a stable
and accurate composite classifier. Breiman’s bagging and
Rvote schemes are the two extremes in ensembles of
subsamples. This technique is also similar to the work

presented in [19] in which very weak models are generated
randomly. Many such weak models result in an overall accurate
classifier. We empirically investigate a middle-ground in this
work, in which the classifiers can be made successively weaker
by reducing the subsample size. We determine some heuristics
to choose subsample size and the number of ensemble
mem-bers. We  also investigate the ability of
over-generalization in each classifier of an ensemble to more
accurately predict the non-homologous structures seen within
the protein secondary structure prediction dataset. Several key
decisions must be made with regard to the ensemble of
subsamples algorithm. Random subsampling of the dataset can
be done with or without replacement. Subsampling with
replacement is often used due to its simpler implementation and
simpler statistical math [23]. When using ensembles of
subsamples for over-generalization, we wish to find a small
subset of data that can both be representative and minimal.
Therefore sampling with replacement would reduce the number
of unique representatives within the reduced training set, which
could handicap the learner’s ability. We examined the results
from subsampling with replacement on four modest-sized
datasets and found the classification accuracies tended to be
lower. We believe that the need for coverage in the training
dataset is too important to allow a replicated example to take
the place of a potentially important representative example. The
bagging technique does not face this problem, since many large
bootstrap samples are taken. Minimizing the size of the
subsample dictates the use of a no-replacement subsampling
strategy. Another key factor in the ensemble of subsamples
approach is the combination strategy for the ensemble.
Ensembles are combined using many different schemes,
including majority voting, weighted voting based on accuracy
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estimates and meta-learning over classifier output. Majority
voting is often used and is generally a good choice [22].
Therefore we chose a simple majority vote method, both for the
simplicity and scalability of the approach. The implementation
of an ensemble of subsamples is straightforward and requires
only two parameters: the size of each subsample and the total
number of subsamples taken. We restrict the subsample size to
the range of [5%; 50%] of the size of the original training set
for experimentation. We find that the larger sample sizes
produce better classifiers than smaller ones. The total number
of subsampled sets taken is described below. One key
contribution of this paper is the correlation between the
subsample size and the number of subsamples.

3.1 Ensemble Task Size

An important design parameter in any ensemble of
classifiers is the number of ensemble members. In the context
of subsampling, we must decide on the number of independent
subsampled sets to create. We can simply choose a range of
numbers (e.g., 1-20 subsamples) and evaluate the different
ensembles. However, we find that normalizing the number of
subsamples taken relative to the subsampling size creates an
easier and more accurate comparison between ensembles using
different sub-sampling percentages. We do this by defining two
measures of task size, which are related to the number of
examples used in learning. We first define the size of an
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Fig. 1. 10-fold results on the page-block dataset. Results are average
accuracy across the folds
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g. 3. 10-fold results on the pendigits dataset. Results are average
accuracy across the folds. [pendigits]
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individual learning task, LTS. The LTS is the number of
examples required for learning, as a fraction of the total dataset
size. The size of the total dataset is used as the normalizing
factor. A single learner using the entire dataset for learning
would have an LTS of 1.
LTS= num_examples 1)
total dataset size

The overall complexity of the ensemble can be measured
as the Ensemble Task Size (ETS). With the use of subsampling,
each learner is given a reduced number of examples from
which to learn. Therefore individual learning tasks are reduced
in complexity. However, we would like to capture the notion
that the ensemble as a whole may have an increased overall
learning task size. The learning can be done in parallel,
therefore the ETS does not necessarily indicate longer training
time. The ETS is simply derived from the LTS as seen in
Equation 2. Two illustrative examples are included below.

ETS = i LTS , (2

Consider first the simple data partitioning strategy of
random disjoint partitioning. A dataset is simply split into four
equal-sized partitions of 1/4™ size of the full dataset. Each
learner in this simple ensemble would individually have a
learning task size (LTS) of 0.25. The computed ETS for this
example is 1.0, reflecting the fact that the problem as a whole
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Fig. 2. 10-fold results on the satimage dataset. Results are average
accuracy across the folds
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Fig. 4. 10-fold results on the letter dataset. Results are average
accuracy Across the folds. [Letter]
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has not been enlarged or decreased. Next, consider bagging as
an ensemble strategy. Each ensemble member is given a bag, or
subsample (with replacement) of size equivalent to 100% of the
dataset. Therefore each ensemble member has an LTS of 1:0.
Thus we do not reduce the size of any individual learner’s task.
Additionally, the total Ensemble Task Size (ETS) is ETS = 4 x
1.0 or 4.0. This larger value for the ETS represents the fact that
we are in some sense increasing the total number of examples
learned (across ensemble members) and clearly indicates the
scalability problems inherent to bagging. The ETS measures
the complexity of the ensemble in terms of the number of
examples in the original dataset. Therefore we can directly
compare ensembles of subsamples with different subsample
sizes. In addition, we have a direct method of comparing the
various subsamples with the well-known bagging approach.

4 Results

We begin by demonstrating the accuracy of small
subsamples on several commonly-used machine learning
datasets from the UCI Machine Learning Repository [3]. The
datasets chosen were page block, pendigits, satimage and letter.
The letter dataset was the largest with 20,000 examples. A
ten-fold cross-validation was performed for each combination
of sub-sample size and ETS. The accuracy reported is the mean

accuracy across the 10 folds. We use C4.5R8 [27] as the learner.

Table I shows the performance on these reference datasets
using C4.5 and small subsamples. Figures 1-4 show accuracy
results for these datasets. The choice of using 25% subsamples
and an ETS of 5 was observed to be the most accurate. A
one-tailed paired-difference t-test was performed between the
folds using C4.5 and the small subsamples at the 95%
confidence level. In each of the reference datasets, the
improvement in accuracy was statistically significant as noted
in the table.

Table 1 UCI Repository Results. 1 denotes Statistical Significance

Dataset C4.5 Subsampling 25%, ETS=5 t value
page 96.95 97.28% 290

satimage 86.51 89.08% 9.11

pendigits 96.33 97.52% 5.69
letter 88.08 90.44% 9.76

We next demonstrate our ensemble of small subsamples
approach on both a protein secondary structure prediction
problem and two drug discovery problems. We again use the
C4.5R8 [27] decision tree learner for experiments. Several of
the problems use existing training and testing sets; we use
ten-fold cross-validation where no such training and testing sets
exist. Additionally, we examine the protein secondary structure
prediction dataset using both a ten-fold cross-validation on the
training set and later using the provided test set. The MAO
(Monoamine Oxidase) inhibitor dataset used in this paper was
originally used in [7] for drug activity prediction. It consists of
a diverse set of compounds manually selected from the Abbott
Laboratories stock of potential drugs. These compounds are
represented in a fingerprint format, known as an atom-pair
fingerprint and were generated by Tripos, Inc. All pairs of atom
types are considered, and for each pair of atom types (for
example, nitrogen and carbon) the smallest number of bonds

between each N-C pair are calculated. A 10 bit feature
represents these distances as either existing or not within the
molecule. This process is done for all atom type pairs,
generating a bit string of 1200 features (120 pairs of atom types,
each pair having 10 bits). The dataset consists of the atom-pair
fingerprint and the classification. Each compound was
determined to be active or inactive in a particular assay-based
on the measured inhibition of MAO.The KDD Cup 2001
contest consisted, in part, of predicting the activity of
compounds binding to thrombin. The representation of the
compounds is in an unknown bit-string format, consisting of
139,351 features (bits). Compounds are classified as either
active or inactive much like the MAO dataset. There were only
1,909 training examples and only 42 active examples. The test
set consisted of 634 compounds. The winner from the KDD
Cup 2001 contest detailed his approach in [10]. Surprisingly, he
was able to use only four particular features (bits) in his final
classifier. We will use the same four-feature dataset from [10].
Accuracies for this contest problem are reported as weighted
accuracies, which is the average accuracy computed from the
individual class accuracies. The winner was able to achieve a
68.44% weighted accuracy using a Bayesian network [10]. The
protein secondary structure prediction dataset is de-scribed in
[18] as the training and testing sets (“train and test set one”™)
used to develop and validate the neural network that won the
CASP-3 secondary structure prediction contest. It consists of a
set of 1,219 protein chains. The proteins are submitted to
PSI-BLAST [1] and a scoring matrix representing the
log-likelihood of each of the amino acids being substituted is
returned. This matrix for the protein is split into windows of 15
amino acids and each window is used as an example, together
with the protein structure (helix, strand or coil). In addition, an
N/C terminus bit is added for amino acid. The training set
consists of 209,529 examples of dimension 315, representing
1,156 protein chains. The test set (used in the second set of
experiments) consisted of 17,731 examples representing 63
protein chains. We analyze the effects of ensembles of
subsamples on classification accuracy within the two
bioinformatics domains described above. We use the MAO
dataset and the Jones training set for our first experiments.
Figures 5 and 6 show the average 10-fold classification
accuracy as both the subsample size and the number of
subsamples vary. Recall that the ensemble task size is the
number of subsamples (normalized by the size of the
subsample). The general trend in both graphs is that the
accuracy tends to stabilize at approximately an ETS of 2 to 4.
At this point, we see that increasing the subsample size leads to
higher accuracies. For the MAO dataset, only the 50%
subsample size performs consistently better than the baseline
C4.5. Table II shows the ten-fold results for both the baseline
C4.5 and the best performing subsample for the MAO dataset.
This result is statistically significant in a paired-difference t-test
between fold results using a one-tailed test at the 90%
confidence level. However, even in the cases in which the
improvements are not statistically significant, the classification
accuracy on drug activity prediction can still be considered
biologically significant. In the Jones training dataset, all but
one of the subsamples perform better than the baseline C4.5,
with statistical significance. An important observation from
these graphs is that in both cases the accuracy improved with
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larger subsample size. Also, an ensemble in which each learner
used at most 50% of the full training data is more accurate than
a single model built using the entire dataset. Next we examined
the effect of subsampling on the thrombin dataset. Figure 7
shows the test set weighted accuracy as the subsample size and
ETS vary. We see that the 10% subsamples approach is much
lower in accuracy than the baseline C4.5 method. Both the 25%
and 50% subsample approaches yield higher accuracies than
the baseline. In fact, the weighted accuracy using 50%
subsamples with an ETS of both 2 and 3 was 68.55%. The
KDD Cup 2001 winning weighted accuracy was 68.44%.
Therefore the subsampling approach using 4 features was able
to outperform the winning KDD Cup entry.

Table 2: MAO AFP 10 fold cross-validation comparison.

Baseline C4.5 50% subsample ETS=4.5
87.88 87.88
86.67 86.67
82.42 85.45
84.76 85.37
82.93 84.76
84.76 84.15
86.59 86.59
86.59 8598
87.20 87.20
84.76 87.20

Finally, we explore the use of over-generalization in two
of the datasets. In the case of the MAO dataset, we use a
modified version of the fingerprint. This fingerprint still uses
the atom-pair concept, however rather than storing the
existence of an atom pair at a particular bond length we also

MAO-AFP
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Fig. 5. 10-fold results on the MAO afp dataset. Results are
average accuracy across the folds.[MAO-AFP]
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Fig. 6. 10-fold results on Jones training set. Results are
average accuracy across the folds. (jones training set]

include the count of the number of such bonds. Therefore
instead of 1200 bits in the representation, we have 1200
integers. This different fingerprint significantly expands the
size of the feature space and therefore spreads the existing
compounds out in this feature space. We expect it to be more
difficult to predict activity as a result. Over-generalization
should be important in this context to capture the general
relationships among the compounds. We can directly test the
over-generalization ability of our ensemble on the Jones dataset
by using the training set and the test set, which consists of
non-homologous chains. Predicting the structure of
non-homologous chains is very difficult for a classifier. We
believe that by creating overly-generalized classifiers we can
capture some of the large-scale patterns in the data. Figures 8
and 9 show the over-generalization tests on the protein
secondary structure prediction and drug discovery datasets.

In both cases, we see the opposite effect as compared to
the results from the previous experiment — the smaller
subsample size actually increases performance. The
non-homologous protein chains require a more general model
of protein secondary structure in order to estimate the structural
differences on such widely different and unseen examples.
Likewise for the drug discovery dataset we see that by the use
of the atom-fingerprint count representation we are creating a
much larger feature space, requiring a much more generalized
classifier. Table 3 shows the results for both baseline C4.5 and
for 25% subsamples with an ETS of 5. The improvement on the
MAO dataset using subsampling, in this case, is statistically
significant using a one-tailed paired-difference t-test at the 95%
confidence level. Thus, in both cases we force the classifiers to
over-generalize and therefore provide better generalization on
unseen instances. Generalization occurs in a scalable fashion by
taking many small subsamples of the dataset.

5 Conclusion

The ensemble of small subsamples approach is a scalable,
distributed learning method. The major difficulty involved in
subsampling, namely classifier instability, is mitigated using
the ensemble approach. The approach is scalable, since no
single learner is required to use the entire training set. We
empirically show through a series of experiments that the use
of 25% subsamples and an ensemble task size of 4 can exceed
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Fig. 7. Thrombin (KDD Cup 2001) test set evaluation.
[Thrombin Test Set 4 Features]

the performance of C4.5 using the entire training set on three



http://www.cqvip.com

£ OO0 http://www.cqvip.com|

+ 1470« A & B ¥ #® 2002 £ 11 A
jones
87 B — .. TestSet Evaluation
86 — 70
N - ——— . B -
§>. 85 % ~ baseline > 65 -—-baseline
£ - ~50% 8 | - 33%
; é 84 - [ ~DReL E 60 ‘ ‘+9°/o
$<83 ~10% e 5%
T oe2 ! 55 |
81 - 50 . ‘
1 2 3 4 3 1 2 3 4 5

Ensemble Task Size
Fig. 8. 10-fold cross-validation results on MAO AFPC dataset.
Results Are average accuracy across the folds

datasets from the bioinformatics domain. An ensemble of sub-
samples can even exceed the winning classification accuracy
on the KDD Cup 2001 drug discovery dataset.

TABLE 3 MAO AFPC 10 fold cross-validation comparison.

Baseline C4.5 25%subsample ETS=5
84.85 87.27
86.67 86.67
83.64 84.85
83.54 84.76
82.93 82.93
79.27 85.37
85.98 87.20
85.98 85.98
85.37 87.20
86.59 87.20

As mentioned earlier in the paper, some of the authors
have previously examined the use of “small bags” within the
protein secondary structure prediction problem [9]. The small
bag approach was compared with creating disjoint partitions of
equal size. For the same size partitions, they found that using
disjoint partitions was as good or better than the small bagging
approach. This paper, in part, extends this work by showing
that with a sufficiently large number of small bags subsampled
without replication, the performance increases. An important
consideration for using this approach as opposed to disjoint
partitions is the overall number of subsamples required (the
Ensemble Task Size or ETS). Generally the performance of the
ensemble does not improve over the baseline C4.5 performance
until the ETS value is larger than 1.0. This is equivalent to
using a total amount of data greater than the original dataset.
However, the key advantage to the subsampling approach is
that no single classifier is required to use this amount of data.
With an appropriate implementation in a parallel or distributed
learning environment, the additional storage overhead is
minimal. The ensemble approach is only practical in a
distributed environment in which the maximum serial learning
task time is the time required to learn over a subsample of the
total data or perhaps for very large datasets that cannot fit in a
single main memory.

One particular concern within the biological problem
domains is the adequacy of a decision tree learner such as C4.5
[8]. Decision trees often consider partitioning of data by
choosing a single feature at each split in the tree. In both the
representation of a protein chain from amino acids and the
structural characteristics of a molecule, we expect the
relationships and interdependence of multiple features to be a
key descriptive aspect. As a result, more sophisticated
algorithms such as neural networks may be more appropriate.

Ensemble Task Size

Fig. 9. Jones test set evaluation. [jones Test Set Evaluation]

For example, a simple feed-forward back-propagation neural
network with 75 hidden units produces a per chain accuracy of
72.51% on the Jones test set. The highest accuracy using our
subsampling ensemble approach within this paper is 67.67%
using 7% subsample sizes. The existence of significant feature
dependence is likely the reason for the large improvement gains
that are seen in both experiments on the protein prediction
dataset. We believe that C4.5 cannot adequately capture these
correlations, although the use of ensemble techniques
significantly improves the accuracy. Further work on this
problem will require classifiers capable of integrating multiple
features in the same decision point (i.e. a non axis-parallel
decision surface). Many of the classifiers capable of such
consideration are extremely expensive in computation time for
large datasets and many features. We believe that the use of
subsampling is one method of utilizing these more
sophisticated algorithms in this large-scale domain.
Over-generalization in learning from the protein structure and
drug discovery fields is an important issue. The inherent noise
and violation of independence assumptions indicate that
over-generalization is a useful technique. We describe a
method of using an ensemble of small subsamples as a solution
to the over-generalization requirement. Choosing smaller
subsamples of data leads to more diverse classifiers, which in
combination with the ensemble approach tends to average the
hypotheses. Averaging over more potential hypotheses leads to
a more general hypothesis overall, with respect to a particular
training set. This more general hypothesis is precisely what is
needed for the difficult biological domains considered. We
demonstrate that this over-generalization technique can lead to
classification accuracy gains in both drug discovery and protein
secondary structure prediction.
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