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Weighted random subspace method for high
dimensional data classification
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High dimensional data, especially those emerging from
genomics and proteomics studies, pose significant challenges
to traditional classification algorithms because the perfor-
mance of these algorithms may substantially deteriorate due
to high dimensionality and existence of many noisy features
in these data. To address these problems, pre-classification
feature selection and aggregating algorithms have been pro-
posed. However, most feature selection procedures either
fail to consider potential interactions among the features
or tend to over fit the data. The aggregating algorithms,
e.g. the bagging predictor, the boosting algorithm, the ran-
dom subspace method, and the Random Forests algorithm,
are promising in handling high dimensional data. However,
there is a lack of attention to optimal weight assignments to
individual classifiers and this has prevented these algorithms
from achieving better classification accuracy. In this article,
we formulate the weight assignment problem and propose a
heuristic optimization solution.

We have applied the proposed weight assignment proce-
dures to the random subspace method to develop a weighted
random subspace method. Several public gene expression
and mass spectrometry data sets at the Kent Ridge biomedi-
cal data repository have been analyzed by this novel method.
We have found that significant improvement over the com-
mon equal weight assignment scheme may be achieved by
our method.

Keywords and phrases: Classification, Aggregating al-
gorithm, Voting weight, Random subspace projection.

1. INTRODUCTION

With rapid improvement of computing power and inno-
vations in biological technology, huge amounts of biological
data can be produced, recorded, stored and shared rather
easily today. These data contain information that can be
used to gain biological insight and to make further deduc-
tions or predictions based on the knowledge acquired. For
the bioinformatics community, the microarray and mass
spectrometry technologies have drawn great attention be-
cause of their abilities to measure the expression levels of
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thousands of genes or proteins simultaneously. Such infor-
mation can be analyzed by statistical and data mining meth-
ods to identify disease related biomarkers and to understand
the mechanism of the underlying biological processes, e.g.
[5, 15]. However, the high dimensionality of genomics and
proteomics data and the existence of many noisy features
can substantially deteriorate the performance of many tra-
ditional classification algorithms. For example, the linear
discriminant analysis (LDA) and the quadratic discriminant
analysis (QDA) are not directly applicable because they re-
quire the number of features be less than the number of sam-
ples which is usually not the case for gene expression and
mass spectrometry data. The performances of the support
vector machine (SVM) and the k-nearest-neighbor classifier
(knn) also decay quickly with an increasing number of noisy
features despite their ability to handle a large number of
features. Therefore, various procedures have been proposed
to tackle these problems posed by high dimensional data,
including feature selection and individual classifier aggrega-
tion.

The pre-classification feature selection is commonly used
to directly reduce the number of features and only those
features likely to be differentially expressed among differ-
ent classes are selected for classification analysis. The fea-
ture selection methods fall into two categories, namely, the
filters and the wrappers, e.g. [8, 12]. The filter approach
evaluates the discriminant power of each feature individu-
ally. It neglects potential interactions among the features.
The wrapper approach selects the combination of features
that has the best performance on the training set, which
may cause over-fitting when the sample is small relative to
the number of features. In practice, although the feature
selection step helps to eliminate the noisy features, it also
likely eliminates potentially informative features from the
data. Therefore, the information in the original data may
not be fully utilized due to the removal of informative fea-
tures. In addition, feature selection increases the chance of
over-fitting by constructing a classifier on a small fraction
of features that may only have good performance on the
training set. Therefore, the feature selection approach does
not provide a satisfactory solution to the problems in high
dimensional data classification.

Aggregating algorithms have been proposed in recent
years for high dimensional data classification to overcome
over-fitting and improve prediction accuracy. These methods

http://www.intlpress.com/SII/


have enjoyed great popularity because of their good perfor-
mance. They include the bagging predictor [1], the boosting
algorithm [4], and the Random Forests algorithm [3]. They
share some common features such as the perturbation of the
original training set to reduce over-fitting and the aggrega-
tions of a large number of individual classifiers hoping that
the majority of the classifiers would make correct predic-
tions. Random Forests introduces the random feature selec-
tion step into the traditional tree classifier to further reduce
over-fitting and achieves better performance over the bag-
ging predictor. The boosting algorithm adaptively changes
the sampling probabilities in bootstrapping and the vot-
ing weights in aggregating according to the performance of
the individual classifiers on the training set. Since these ag-
gregating algorithms all use the tree classifier as the base
learner which can handle high dimensional data, they can
circumvent the feature selection step to make full use of
the information contained in all the features. The implicit
weight adjustment among individual classifiers through the
random feature selection mechanism in Random Forests and
the explicit weight assignment in the boosting algorithm
help to reduce the effects from the noisy features. However,
the bootstrap distorts the original distribution of the train-
ing samples and achieves improved performance only with
instable algorithms like the tree classifier [2]. Furthermore,
the weight adjustment procedures introduced in Random
Forests and the boosting algorithm do not consider the cor-
relations among individual classifiers, leaving room for im-
proved weight assignment scheme.

The random subspace method introduced by Ho (1998)
represents a distinct aggregating method that has a fun-
damentally different philosophy from the above aggregating
methods. The random subspace method originated from the
stochastic discriminant analysis [10, 11], which uses weak
classifiers that are not necessarily very accurate but gener-
alize well as base learner and achieves good prediction ac-
curacy by aggregating many different such individual clas-
sifiers. The random subspace method generates multiple in-
dividual classifiers by projecting the original feature space
into different subspaces. The projection from the high di-
mensional feature space into the low dimensional space can
avoid the problems caused by high dimensionality. And all
the information in the original data is maintained by ag-
gregating many individual classifiers based on different sub-
spaces. However, the original random subspace method did
not emphasize the importance of selecting a base learner
that should generalize well. Also, all individual classifiers
have equal weights so the existence of uninformative sub-
spaces would still deteriorate the performance of the aggre-
gated classifier.

To address the limitations of the current methods, we
consider alternative approaches for weight assignments in
this article. More specifically, we incorporate the correla-
tions among individual classifiers. As for individual classi-
fiers, we focus on the random subspace idea to generate indi-

vidual classifiers on the low dimensional subspaces. In con-
trast to perturbing the original samples, we believe that the
random projection into subspaces can keep the completeness
of the information in the original data. At the same time, it
can substantially reduce the feature number so that many
good traditional classifiers can be used as base learner. In
this article, we focus on SVM as our base learner because
it has good performance on low dimensional data and gen-
eralizes well, making the weights derived from the training
set have good performance on the test data.

The layout of this article is as follows: In the Methods sec-
tion, we discuss our proposed weight assignment schemes. In
the Experiments section we evaluate the performance of our
weight assignment procedures based on a number of gene ex-
pression and mass spectrometry data sets. We conclude this
article by discussing the base learner selection and weight
assignment issues.

2. METHOD

Individual classifiers are built by randomly projecting the
original data into subspaces and training proper base learner
on these subspaces to capture possible patterns that are
informative on classification. Because SVM with appropri-
ate kernels has the ability to classify sample with nonlinear
boundary and generalizes well, we use SVM here as the base
learner.

For high dimensional data, because most subspaces may
only contain noisy feature and individual classifiers devel-
oped from these subspaces are not informative, an equal
voting weight scheme may not be ideal. Intuitively, pat-
terns with better classification accuracy should be assigned
more weight. In the following, we discuss possible weight
assignment schemes. We first consider a simplified scenario
where all the individual classifiers are independent of each
other, and derive an optimal weight under this assumption
as shown in the following theorem.

2.1 Weight assignment for the independent
case

Theorem 2.1 (Optimal weight assignment for the indepen-
dent case). Suppose we have n independent individual classi-
fiers to classify the samples with the classification error rates
e1, e2, . . . , en respectively. If these classifiers have voting
weights q1, q2, . . . , qn respectively where q1+q2+· · ·+qn = 1,
the error rate for the aggregated classifier is

∑
Q

[ ∏
qi∈Q

ei

∏
qj∈Qc

(1 − ej)
]
,

where Q is any subset of {q1, q2, . . . , qn} that satisfies∑
q∈Q q > 1/2, and Qc is the complement of Q. The weight

assignments qk = 1
Const log 1−ek

ek
, where Const =

∑n
k=1 ×

log 1−ek

ek
to make the qk sum up to 1, achieve the minimal

error rate.
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Proof. Without loss of generality, we suppose e1 ≤ e2 ≤
· · · ≤ en. Note that for any subset of {q1, q2, . . . , qn}
whose sum is greater than 1/2, its complement has sum
less than 1/2. Therefore, there are a total of 2n−1 subsets
with sum greater than 1/2. So to minimize the error rate
for the aggregated classifier, we only need to make sure
that out of the possible 2n subsets, we assign the weights
such that the 2n−1 subsets Qs with the smallest values of∏

qi∈Q ei

∏
qj∈Qc(1 − ej) satisfy

∑
q∈Q q > 1

2 . This is equiv-
alent to the following condition: given any two subsets P
and Q, if∏

qi∈P

ei

∏
qj∈P c

(1 − ej) ≥
∏

qi∈Q

ei

∏
qj∈Qc

(1 − ej),

then
∑

q∈P ≤
∑

q∈Q q. Taking the logarithm of the last
equation, we obtain:

∑
qi∈P\Q

log
1 − ei

ei
≤

∑
qj∈Q\P

log
1 − ej

ej
.

Thus, if we let qk = log 1−ek

ek
for k = 1, 2, . . . , n, we ob-

tain
∑

q∈P\Q q ≤
∑

q∈Q\P q, which can be used to deduce
that

∑
q∈P q ≤

∑
q∈Q q. Therefore the weight assignment

achieves the minimal error rate.
The above theorem gives the exact weight for each in-

dividual classifier according to its performance to achieve
the best aggregated accuracy. For individual weak classifiers
with error rate 1/2, no weight will be assigned to them and
for classifiers with error rate 0, all weight will be assigned
to it, which is intuitively true.

We observe that the weights given in the above theo-
rem are exactly the same as the heuristic weights used in
the boosting algorithm. Thus, our results suggest that if we
assume that all the individual classifiers are independent,
the boosting algorithm gives the optimal aggregating accu-
racy.

2.2 Weight assignment for the dependent
case

Under our current random subspace sampling scheme,
especially when the subspace dimension is large, it is very
possible that there are overlaps of the features used in con-
structing individual classifiers on different subspaces. Fur-
thermore, the original features may already have strong cor-
relations among them. Thus, some of the individual classi-
fiers based on the selected subspaces can show correlated
classification results. Therefore, there are likely complicated
correlations among the individual classifiers and the in-
dependence assumption discussed in the previous subsec-
tion usually does not hold. A weight assignment mechanism
should incorporate information about the potential compli-
cated correlations among individual classifiers in the ensem-
ble of individual classifiers.

We first formally formulate the problem. Suppose there
are k weak classifiers Xi, where i = 1, . . . , k. Each Xi takes
on two possible values, 1 with probability ei, which rep-
resents misclassification, and 0 otherwise. Our objective is
to find a weight assignment wi for each classifier, satisfying
wi ≥ 0 and

∑k
i=1 wi = 1, such that the aggregated error rate

e = P{
∑k

i=1 wiXi > 1/2} is minimized. If the joint distribu-
tion of (X1, . . . , Xk) is known, the distribution of

∑k
i=1 wiXi

in terms of the wi can in principle be derived and the opti-
mal weight assignment that minimizes the probability that a
sample is misclassified may be identified. However, the joint
distribution is often unknown and this optimization problem
does not lead to easy numerical solutions.

We propose to formulate this problem from an alternative
perspective that can be solved easily and has some statis-
tical justifications. Because the aggregated classifier can be
viewed as a random variable in the above paragraph and we
can cast our goal as to minimize both its bias (from 0) and
variance. The expectation of the square loss E(

∑k
i=1 wiXi)2

can be written as (E(
∑k

i=1 wiXi))2+Var(
∑k

i=1 wiXi), which
is the sum of the squared bias and variance. By minimizing
this objective function, we simultaneously control the bias
and variance and the aggregated classifier can be expected
to achieve good performance. The objective function is a
quadratic form of the wis and can be easily solved. To sum-
marize, our goal is to find the wi:

min

{
k∑

i=1

(EX2
i )w2

i + 2
∑

1≤i<j≤k

(EXiXj)wiwj

}

subject to:

k∑
i=1

wi = 1,

wi ≥ 0 for i = 1, . . . , k.

In this simplified problem, only pair-wise correlations be-
tween individual classifiers are needed. The joint distribu-
tion of pair-wise weak classifiers can be estimated using the
classification result on the training set. Actually, if we let a
denote the number of samples both the classifiers Xi and Xj

make correct classification, b denote the number of samples
where both classifiers are wrong, c and d denote the number
of samples where the two classifiers have opposite results,
we have P̂{Xi = 0, Xj = 0} = a

n , P̂{Xi = 1, Xj = 1} = b
n ,

P̂{Xi = 0, Xj = 1} = c
n , and P̂{Xi = 1, Xj = 0} = d

n ,
where n is the total number of samples. Therefore EXiXj

can be calculated as b
n . By solving the above quadratic pro-

gramming problem, we may obtain better weight assign-
ment than the equal weight assignment. In the following
experiments, we used the “quadprog” package in the R soft-
ware to solve the above quadratic programming problem. Its
“solve.QP” function implements the dual method of Gold-
farb and Idnani for solving quadratic programming prob-
lems of the form min− bT x+1/2xT Ax with the constraints
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CT x ≥ x0. We can easily reformat our problem in the ma-
trix notation and use “quadprog” to obtain better weights
for our aggregated classifier.

3. EXPERIMENTS AND RESULTS

To assess the performance of the proposed weighting
schemes, we have conducted several experiments on the two-
class classification problem using the data sets obtained
from the Kent Ridge Bio-medical Data Set Repository. Four
data sets are used here: the leukemia gene expression data,
the breast cancer gene expression data, the lung cancer
gene expression data, and the ovarian cancer protein mass
spectrometry data. The number of the features in these
four data sets ranges from several thousands to dozens of
thousands. These four data sets are selected out of the
repository because they are all two-class classification prob-
lems and they have a relatively large number of training
samples and somewhat balanced distribution between the
two classes. The details about these data sets are as fol-
lows.

The leukemia data set was originally used in [6] as an ex-
ample of the generic approach to cancer classification based
on gene expression profiles measured from DNA microar-
rays. The training set consists of 38 bone marrow samples
(27 ALL and 11 AML) with over 7,129 probes from 6,817
human genes. The test set is also provided, with 20 ALL and
14 AML cases. The breast cancer data was from [14] that
identifies a gene expression signature to accurately predict
breast cancer status. In this data set, 78 (34/44)1 train-
ing samples and 19 (12/7) test samples were collected and
24,481 genes were measured in the microarray. The lung can-
cer data used in [7] has 32 (16/16) training samples and 149
(15/134) test samples with each sample measured on 12,533
genes. The ovarian cancer data in [13] is the only protein
expression data. There are 253 (162/91) samples without
explicit separation into the training and the test sets. Each
sample contains the relative amplitude of the intensities at
15,154 detected mass/charge (m/z) identity. The character-
istics of these data sets are summarized in Table 1.

In the following experiments, SVM is selected as the base
learner of the random subspace method. We used the “svm”
function in R package “e1071” to train our classifier. The di-
mension of the randomly selected subspace is set to be 10.
We generate 1500 individual learners in total and plot the
error rate as we vary the number of individual learners used
for aggregation. The choice of number of individual learn-
ers and subspace dimension are heuristic. There are sev-
eral considerations in these choices. First we want to have
enough base learners so that error rates converge to a sta-
ble level. Second, it is very time consuming to generate SVM
base learners and solve the weight assignment quadratic pro-
gramming problem. We tried several choices of the number
1The number before the slash denotes the number of case samples and
the number after the slash denotes the number of control samples.

Table 1. Characteristics of the high dimensional data sets

Data set Training Set Test set Features
Case Control Case Control

Leukemia 27 11 20 14 7129
Breast Cancer 34 44 12 7 24481
Lung Cancer 16 16 15 134 12533
Ovarian Cancer 253 (162/91) 15154

Figure 1. Comparison of different weight assignment
procedures with SVM as the base learner. The solid line shows

the result of equal weighting, the dotted line for assuming
independence, and the dashed line for considering correlation.

of base learners, 1500 ∼ 2000 is a reasonable choice. As for
the subspace dimension, the error rate is not very sensitive
to it. We selected a small number 10 in hope that the se-
lected subspaces don’t overlap in features. In the discussion
section, we will discuss further on this topic. The prediction
error rate is based on the test set error rate if there exists
one test set and the mean error rate of 10 iterations of ran-
domly splitting the original data set into the training and
the test sets if no independent test set exists.

In the experiments, we compare the performances of the
three weight assignment procedures we discussed above,
which are equal weight assignments, optimal assignments
for the independent case and weight assignments consider-
ing correlations among the individual classifiers.

As observed from Figure 1, our proposed weight assign-
ment procedure incorporating correlations has significant
improvement over equal weight assignment except for the
lung cancer data set when all classifiers have low error rate.
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4. DISCUSSION

In this article, we have formulated the weight assign-
ment problems in the aggregating algorithms and proposed
weighting schemes both under the independent and depen-
dent situations. Our experiments confirmed the improve-
ment of our weight assignment procedures in terms of pre-
diction accuracy.

To explore the outcome of applying the proposed weight
assignment procedures to over-fitting base learners, we
apply the weight assignment procedures to the Random
Forests algorithm to check if we can improve its perfor-
mance. We extracted the individual trees from the Random
Forests algorithm and assigned weights to them according
to our developed procedure to compare with equal weight
assignment. Thus, we used exactly the same set of underly-
ing trees but with different weights. The results are shown
in Figure 2. We observe that the weighted Random Forests
method outperform Random Forests with equal weight on
the leukemia data and the ovarian cancer data. However, the
results on the breast cancer data and lung cancer data show
a similar error rate or even a little bit worse for the weighted
method. We investigated the cause of the degradation and
found that it was caused by the over-fitting of tree classifiers.
The tree classifier is too over-fitting to have consistent per-
formance on the training set and the test set. The trees that
were assigned large weights because of good performances

Figure 2. Comparison of different weight assignment
procedures with tree classifier as the base learner. The solid
line shows the result of equal weight assignment and the

dashed line for considering correlations.

on the training set tended to have ordinary performances
or sometimes poor performances on the test set. The effect
of wrongly assigned weights to poorly performed classifier is
substantial, which can result in the degraded performance
of the weighted Random Forests method.

The problem exposed by inconsistent individual classi-
fiers reminds us of the risk to use re-substitution error es-
timate on the training set to determine the weights of in-
dividual classifiers. We would suggest the introduction of
an independent validation set if there are enough samples
available. The performance of weak classifiers on the val-
idation set should be used to determine the weight. Most
of the time, due to the limited number of samples, a cross
validation error estimate on the training set can be used.

We also compare the performance of the Random Forests
algorithm and the weighted random subspace method. The
subspace dimension in the random subspace method and
the size of the randomly selected subset (“mtry”) in the
Random Forests algorithm are both set to be 10. Totally,
2,000 weak classifiers are generated. From the results shown
in Figure 3, we observe that the random subspace space
method is competitive to the Random Forests algorithm.
The random subspace method has improved performance
over Random Forests on the leukemia data and the ovar-
ian data but is slightly worse on the breast cancer data and
the lung cancer data. It appears that weighted random sub-
space method does not uniformly outperform the Random

Figure 3. Comparison of the Random Forests algorithm and
the weighted random subspace method. The solid line shows
the results of the weighted random subspace method and the

dashed line is for the Random Forests algorithm.
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Forests algorithm. On one hand, data characteristics may
be one factor that affect method performance. For example,
the boundary shape of different classes. A good choice of
kernel for SVM and careful tuning of the gamma parame-
ter may adapt it to various data characters. We used the
radial kernel and default value for gamma here. We did not
fully explore all the possible choices because it is not our
main focus here. There is a R package “caret” that devel-
oped a uniform front end to many classification and regres-
sion models. You can easily tune your parameters using this
package to have improved performance. On the other hand,
note that there are about 10, 000 features for each data set
and about 1050 possible subspaces if using a subspace di-
mension 10. Among them, we only randomly selected 2,000
subspaces to construct our classifier. The Random Forests
method possibly uses more features in constructing the final
classifier with the same number of weak classifiers because it
searches a new subspace for the best feature in each split and
a fully developed tree can be very deep. From our past ex-
perience, the performance of the random subspace method
would have significant improvement whenever a new pat-
tern is identified in a new weak classifier. And the error rate
usually does not change even when some poorly performed
weak classifiers are incorporated because of the weight as-
signment procedure. It can be explained as follows: Assign-
ing 0 weight to the newly generated weak classifier can at
least retain the aggregated error rate of the original ensem-
ble of weak classifiers. And the optimal weights determined
by our weight assignment procedure should outperform the
assignment giving 0 weight to the new weak classifier. Some-
times, the random subspace method may have a slightly
increased error rate when certain new weak classifiers are
incorporated. This is due to the inconsistent performance of
the new weak classifier between the training set and the test
set, resulting in more weight being incorrectly assigned to
it. Since SVM generalizes well, the chance of this happen-
ing is small and the effect is limited. Therefore, the random
subspace method has not reached its best performance with
a small number of weak classifiers. But the Random Forests
algorithm cannot guarantee its performance not being dete-
riorated by newly generated noisy trees.

As to the subspace dimension, our initial setting of a
larger dimension (50) and fewer weak classifiers (500) did
not result in a good performance of the weighted random
subspace method. A large subspace dimension might have
too many noisy features included that degrade the perfor-
mances of the weak classifiers. Having too few weak classi-
fiers would result in less chances to select any important pat-
tern. The performance was improved only after we reduced
the subspace dimension to 10 and increased the number of
weak classifiers to 2,000. We expect that the performance
of the random subspace method can be further improved
if we have more weak classifiers included in the aggregated
classifier.

In the above experiments, we used fixed subspace dimen-
sion size for the random subspace method. However, the size

of the informative subspaces of the features is unknown in
practice and needs to be tuned to have good performance.
In addition, the underlying patterns may consist of differ-
ent numbers of features. Ideally, we hope that all the weak
classifiers are built on the selected subspaces that exactly
capture those patterns. But in implementation, we may not
be able to capture a pattern if the chosen subspace dimen-
sion is smaller than the true one or includes noisy features if
the chosen subspace dimension is larger than the true one.
In practice, we may want to vary the subspace dimensions
in deriving the optimal classifier. For example, we can set
the subspace dimension to be random to include subspaces
of different dimensions. But the introduction of randomness
may also induce a large number of uninformative weak clas-
sifiers.

All the above suggestions put a lot of requirement on
computation speed for high dimensional data. High perfor-
mance parallel computation may be a solution. It is espe-
cially suitable for aggregating algorithm. The R package
“nws” can provide coordination and parallel execution fa-
cilities, which may be helpful for further improvement of
the speed of weighted random subspace method.

5. CONCLUSION

In summary, we have proposed a weighted random sub-
space method for high dimensional data classification prob-
lems. We have also demonstrated the good performance
of this method through the application to several widely-
studied data sets.
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