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Abstract—Random forests are a class of ensemble methods
for classiﬁcation and regression with randomizing mechanism
in bagging instances and selecting feature subspace. For high
dimensional data, the performance of random forests degenerates
because of the random sampling feature subspace for each node
in the construction of decision trees. To address the issue, in
this paper, we propose a new Principal Component Analysis and
Stratiﬁed Sampling based method, called PCA-SS, for feature
subspace selection in random forests with high dimensional data.
For each decision tree in the forests, we ﬁrstly create the training
data by bagging instances and partition the feature set into
several feature subsets. Principal Component Analysis (PCA) is
applied on each feature subset to obtain transformed features.
All the principal components are retained in order to preserve
the variability information of the data. Secondly, depending on a
certain principal components principle, the transformed features
are partitioned into informative and less informative parts. When
constructing each node of decision trees, a feature subspace
is selected by stratiﬁed sampling method from the two parts.
The PCA-SS based Random Forests algorithm, named PSRF,
ensures enough informative features for each tree node, and
it also increases the diversity between the trees to a certain
extent. Experimental results demonstrate that the proposed PSRF
signiﬁcantly improves the performance of random forests when
dealing with high dimensional data, compared with the state-ofthe-art random forests algorithms.

I. I NTRODUCTION
Random forests are a type of ensemble methods for classiﬁcation and regression that construct some identically randomized decision trees and make predictions by averaging the results from individual trees [1]. Random forests have developed
an excellent reputation in the statistics and machine learning
communities due to their high accuracy in various types of
data [2]. However, high dimensional data have become more
and more in the big data era as the ability to collect and
store vast amounts of data becomes easier and increasingly
common. In such situations, classical classiﬁcation algorithms
tend to become overwhelmed by the number of features and
fail to get satisfactory results. Although random forests still
can work, their performance cannot be comparable to theirs
in moderate dimensional data.
It is well known that for high dimensional data only a small
portion of features are truly informative [3]. However, random
forests use a simple random sampling method to select feature
subspace for each node when constructing each decision tree.
Consequently, the selected feature subspace may contain few,
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if any, informative features and many less informative or non
informative features. Thus, the decision tree inducted from
such feature subspace will degrade its performance, and further
inﬂuences the performance of random forests.
In this paper, to address the above issue, we propose a new
feature subspace selection method in random forests for high
dimensional data, which combines Principal Component Analysis technique (PCA) and Stratiﬁed Sampling method (SS)
together, named by PCA-SS. Principal Component Analysis
(PCA) is an unsupervised statistical technique that allows to
extract axes of maximum variation (principal components)
from the data [4]. Unlike the general usage of PCA, we
reserve all the principal components except for the one whose
magnitude is zero. That is to say, we keep all the information
of the data without losing any potentially useful information.
Stratiﬁed Sampling (SS) is a sampling method to introduce a
stratiﬁcation variable to divide the data into several subgroups
and then randomly sample from each subgroup according to
the ratio of target sample size to subgroup size, ensuring to
obtain the representative sample of the data [5]. Moreover, in
PCA-SS, it is exactly the principal component that serves as
the stratiﬁcation variable to divide the feature set. According
to a speciﬁed principal components principle, the features
transformed by PCA are divided into two parts, i.e. informative
and less informative parts. Then, a feature subspace is selected
through the stratiﬁed sampling method from these two parts
for each node of the decision tree. In the following sections,
we will describe the proposed PCA-SS for feature subspace
selection in details.
In summary, the proposed PCA-SS not only reserves all the
information from the original features, but also transforms the
features to the directions of maximum variation of the data.
Besides, PCA-SS selects the feature subspace in a stratiﬁed
sampling manner which guarantees the enough informative
features at any node of decision trees. Thus, the PCA-SS based
random forests algorithm, named PSRF, can deal with the high
dimensional data very well. Experimental results demonstrate
that the proposed PSRF enhances the performance of random
forests and outperforms other state-of-the-art random forests
algorithms when handling high dimensional data.
The rest of the paper is organized as follows. Section II
summarizes some related work. Section III reviews the original
random forests algorithm. Section IV introduces the proposed

4383

PCA-SS method and PSRF algorithm. Section V describes
experimental setups and reports comparison results in details.
Finally, Section VI concludes the paper.

However, the chances of introducing more correlated trees are
also increased since the features with large weights are likely
selected repeatedly.

II. R ELATED WORK

III. R ANDOM FORESTS

To address the high dimensional data issue in random
forests, numerous improved random forests algorithms have
been proposed. Rotation Forests algorithm (RoF) introduces
PCA technique into random forests in [6]. RoF randomly splits
the features into several subsets and then PCA is applied
to each subset which retains all the principal components.
After that, the features are rotated accordingly to form the
transformed features for the construction of decision trees
in the forests. However, the feature subspace for each node
is still selected through the random sampling method which
yet suffers the problem of insufﬁcient informative features
for learning in the tree node. Besides, as a common feature
extraction technique, there is another alternative usage of PCA
shown in [7]. Their ensembles are built using the principal
components calculated on the whole data. The ﬁrst classiﬁer
uses the ﬁrst S principal components. The second classiﬁer
uses the next S principal components and so on. Intuitively,
the approach leads to that the latter decision trees are inducted
from almost all less or non informative features which do not
perform well and further hurt the ensemble performance. In
addition, there is also some literature exposing PCA as an
inadequate method for feature extraction and dimensionality
reduction [8]. These kinds of algorithms only retain few
large principal components of PCA. As only few principal
components are retained, they all have the drawback that the
most relevant discriminatory components corresponding to the
small variance are possible to be discarded [9].
As a statistical sampling method, stratiﬁed sampling has
been also adopted in a large number of literature about the
random forests [10], [11], [12]. They mainly concentrate
on how to partition the features into several parts properly
based on different criteria. For example, Stratiﬁed Random
Forests algorithm (SRF) is proposed in [11]. SRF uses the
weight of Fisher Discriminant Projection [13] to divide the
feature set into two subsets, i.e. strong informative and weak
informative feature subsets. Similarly, a subspace selection
Random Forests algorithm (ssRF) is presented in [12], which
is based on a statistical criterion to partition the features into
three parts. Firstly, ssRF applies p-value to assess the feature
importance [14] on ﬁnding a cut-off between informative and
less informative feature subsets. Secondly, the set of informative features is then further partitioned into two subsets,
highly informative and informative feature subsets, using some
statistical measures, e.g. Spearman rank test [15] for regression
problem and χ2 statistic [16] for classiﬁcation problem. Moreover, there is another weighting features mechanism to replace
stratiﬁed sampling method [17], which adds different weights
to different features. The weights are calculated with respect
to the correlation between the features and the class target.
The resulting weights are treated as a probability by which
a feature will be selected for inclusion in a feature subspace.

In this section, we brieﬂy review the random forests framework. The more comprehensive review of the random forests
methodology can refer [1] and [18].
Random forests were originally proposed by Breiman in
2001 [1], inspired by the previous work of the feature selection technique [19], random subspace method [20], and the
approach of random split selection [21].
Generally, random forests are built by combining several
decision trees, each of which is trained in isolation. To be
speciﬁc, the random forests algorithm is usually described as
follows: Given a data set D = {(Xi , Yi ), Xi ∈ RD , Yi ∈
Y}N
i=1 , where Xi is one instance with D dimensional features
and Yi is the target, Y ∈ {1, 2, . . . , C} with C being the
number of classes. N is the number of training instances.
1) Use bagging [22] to draw M bootstrap data sets
{D1 , D2 , . . . , DM } from the training data D, where M
is the number of trees in the forests.
2) For each data set Dm (m = 1, 2, . . . , M ), a decision
tree is built using the Classiﬁcation And Regression Tree
algorithm (CART) [23]. At each node of the decision
tree, randomly sample a subspace of p features (p < D)
from D features, and compute all possible split points
based on the selected subspace of p features. The best
split (e.g., the largest Gini impurity decrease) is utilized
to partition the data and grow the tree. The procedure is
applied recursively until the stopping criteria are satisﬁed,
i.e., all data are pure with respect to the class; there
are identical values for each feature; or the number of
instances remaining in the node is less than a predeﬁned
threshold.
3) Combine the M decision trees into a random forests ensemble, and make the classiﬁcation decision in a majority
vote manner.
The performance of random forests is dependent on the
performance of each decision tree and the diversity between
the decision trees in the forests. Breiman formulates the
generalization error (err) of random forests classiﬁer [1],
which is bounded by
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ρ̄(1 − s2 )
,
(1)
s2
where ρ̄ is the average correlation between the decision trees
and s is the average strength of the decision trees. Thus, the
random forests algorithm with excellent generalization performance has two properties: high accuracy of each decision tree
and low correlation (high diversity) between the decision trees.
Speciﬁcally, Breiman employs two randomization procedures
in random forests to achieve the diversity [1]. One is the
training instances bagging for each individual tree, the other
is the randomly selected subspace of features for splitting at
each node within a tree.
err ≤
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IV. T HE PROPOSED PCA-SS BASED RANDOM FORESTS
ALGORITHM

In this section, we ﬁrstly analyze the drawback of random
sampling method for feature subspace in original random
forests. Secondly, we introduce the proposed PCA-SS method
for feature subspace in random forests for high dimensional
data. Finally, we describe the proposed PCA-SS based random
forests algorithm (PSRF).
A. The Drawback of Random Sampling Method
As described above, when the number of possible features
is huge and the percentage of truly informative features is
small, one problem of the feature subspace selected by random
sampling method arises.
Suppose that there are D features in the data and only H
features are informative for the classiﬁcation purpose. The
remaining D − H features are non informative. Then, at any
node of the decision tree, p features are selected by resampling
randomly and uniformly to form the feature subspace. The
probability P of forming a subspace of p features (p > 1)
without any informative features is given by
P=

p
CD−H
p
CD

p
H
H
1
D ) . . . (1 − D − D − D )
p
1
1
−D
) . . . (1 − D
−D
)
p

(1 −
(1

H
≈ 1−
D
=

.

(2)

In high dimensional data, we know that D  H, and therefore
(2) is close to 1. That is to say, there is a high probability that
a feature subspace created by the simple random sampling
method will not contain any informative features. As a result,
the performance of the base decision trees will degrade and
further affect the average strength of decision trees. According
to (1), it will reduce the performance of random forests.
In order to address the issue, we modify the selection of
feature subspace from two aspects in this paper. One alteration
is on feature transformation aspect, the other alteration is on
stratiﬁed sampling aspect. Combing them together not only
enhances the strength of the individual decision trees, but also
increases the diversity between the decision trees.
B. Principal Components Analysis (PCA) Method
PCA is a common feature extraction technique which
produces new extracted features from the original features
[4]. Thus, it can be regarded as a procedure of the feature
transformation. Given the training data D = {(Xi , Yi ), Xi ∈
RD , Yi ∈ Y}N
i=1 whose feature set is F , ﬁrstly, the bootstrap technique is carried out to draw a data set Dm (m =
1, 2, . . . , M ) with the same feature set F . Secondly, for each
data set Dm , F is randomly split into L subsets denoted by
(l)
Dm (l = 1, 2, . . . , L) with the feature subset F (l) (L is a
parameter of the algorithm). The L subsets may be disjoint
or intersecting. To maximize the chance for high diversity, we
choose disjoint subsets. To be simpliﬁed, suppose that L is a
(l)
factor of D so that each subset Dm contains F (l) = D/L
(l)
features. Finally, the PCA is applied to each subset Dm .

The reason behind the feature partition can be explained
from two sides. One is to reduce the dimension of each data
set Dm for PCA calculation, the other is to involve randomness
(l)
into subset Dm to avoid similar results of PCA from the
entire data set. The feature transformation procedure further
increases the diversity of different trees beyond the diversity
introduced by bootstrap technique.
In the following, we brieﬂy introduce the procedure of PCA.
(l)
Given the subset Dm with the dimension N ×F (l) whose rows
represent instances and columns represent features, ﬁrst of all,
we calculate the mean of the subset by
1 
x̄ =
x,
(3)
N
(l)
x∈Dm

(l)

where x is an instance (row vector) of subset Dm . Then, we
compute the covariance matrix as follows:

1
(x − x̄)T (x − x̄),
(4)
Σ=
N −1
(l)
x∈Dm

(l)

where Σ is exactly the covariance matrix of subset Dm . After
that, we can compute the eigenvectors {u} and eigenvalues
{λ} of the Σ. The eigenvectors are also called the principal
components. There are many ready-made algorithms to compute the eigenvectors and eigenvalues of a matrix effectively
and efﬁciently [24], [25], [26]. Through stacking the eigenvectors in columns in the decreasing order of the corresponding
eigenvalues, we obtain the transformation matrix U . The
transformed subset is


(l)
Dm(l) = Dm
U.

(5)

Note that we reserve all the principal components due to the
fact that some principal components may contain the discriminatory information for classiﬁcation, though their eigenvalues
may be small [9]. That is to say, unlike other usage of PCA,
we do not lose any information of the data.
The above procedure is also applied to all the other subsets,

for each decision
ﬁnally, we get the transformed data set Dm
tree. Generally, decision trees are constructed by virtue of
doing recursive splitting of data with splits based on a single
feature. So by transforming the data to directions of maximum
variation of the covariance matrix, it will be easier to make
decision boundaries between the class distributions and further
enhance the performance.
C. Stratiﬁed Sampling (SS) Method
As stated above, the key of the stratiﬁed sampling method is
the criterion to partition the set into several subgroups. In this
paper, we choose the principal components principle as the
criterion. To be speciﬁc, it is the cumulative ratio of eigenvalues that divide the transformed feature set into informative
and less informative parts. Note that principal components
(eigenvectors) and eigenvalues have the correspondence of
one to one. Generally, assuming λ1 , λ2 , . . . , λF (l) are the
eigenvalues of the covariance matrix Σ which have been
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Algorithm 1 PSRF algorithm
1:
2:
3:
4:
5:
6:
7:
8:
9:
10:
11:
12:
13:
14:
15:
16:
17:
18:
19:
20:

21:

selected

Input: Training data D, number of trees M > 0, number
of feature subsets L > 0, the ratio R.
Output: The class label of the test instance xt .
for m = 1, 2, . . . , M do
Use bagging to generate data set Dm
Split feature set F of Dm into L subsets.
for each feature subset F (l) (l = 1, 2, . . . , L) do
Apply PCA to obtain transformed data using (3),
(4) and (5).
Divide the features into A1 and A2 parts according
to the ratio R using (6).
end for

Obtain the transformed data Dm
and two ﬁnal feature
sets A1 and A2
while not satisfying the stop condition do
Select feature subspace in a stratiﬁed sampling
manner from A1 and A2 using (7) and (8).
Compute all the possible splits based on the selected feature subspace
Choose the split which achieves the largest Gini
impurity decrease to split the data and grow the tree.
Go to line 11 for recursively growing the tree
// The stopping condition is the same as Breiman’s
random forests algorithm which is presented in Section III.
end while
//One of the decision trees in the forests is constructed
completely.
end for
Transform the features of xt and compute the estimate
label through the majority vote from the trees in the
random forests.
Return: The class label of xt

D1
,
D
p2 = p − p 1 ,
p1 = p ×

(7)
(8)

where D1 is the number of features in A1 , p1 and p2 are the
number of samples from the two parts A1 and A2 respectively.
These samples are then merged to form a feature subspace for
tree construction. We specify p must contain at least one from
each part. In this way, we can guarantee that the subspace
at any node contains both informative and less informative
features, therefore assuring a qualiﬁed tree.
D. PCA-SS Based Random Forests Algorithm (PSRF)
In this part, we summarize the above PCA-SS based random
forests algorithm (PSRF) in a pseudo-code format in Algorithm 1.
The proposed PSRF algorithm combines PCA and stratiﬁed
sampling method together. It improves the performance of
random forests from two aspects. Firstly, PCA transforms the
original features to a new feature space, which makes the
classiﬁcation easier. Secondly, stratiﬁed sampling ensures the
feature subspace for each node contains enough informative
features to learn, which accounts for the promotion in the
performance especially for high dimensional data. Moreover,
from a perspective of the generalization error bound in (1),
PCA and stratiﬁed sampling methods not only increase the
strength of base decision trees but also increase the diversity
between the decision trees. Thus, the proposed PSRF can provide more accurate results than conventional and other variants
of random forests algorithms, which will be demonstrated in
the following section.
V. E XPERIMENTS

sorted in a decrease order, we deﬁne a cumulative ratio R
of eigenvalues:
r
j=1 λj
(6)
R = F (l) .
j=1 λj
The cumulative ratio R represents that we retain the 100R%
of the variance in the data if the former r eigenvalues are
retained. R is also a parameter of the algorithm.
Therefore, according
to the cumulative ratio R, for the

(l)
transformed subset Dm , we assign the former r eigenvalues
corresponding features to the informative part A1 and the
latter F (l) − r eigenvalues corresponding features to the less
informative part
A2 . The above procedure is also applied to

(l)
other subset Dm to get the ﬁnal A1 and A2 parts.
The stratiﬁed sampling of a subspace with p features can
now be accomplished by selecting individual features at random from the two parts. The features are selected in proportion
to the relative sizes of the two parts. That is, we randomly
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We implement the proposed PSRF algorithm in Python referring to the scikit-learn package [27]. As for the comparison
random forests algorithms, besides the original random forests,
we also compare the proposed algorithm with other improved
random forests algorithms for high dimensional data. The
comparison algorithms are listed as follows:

TABLE I
D ETAILED INFORMATION OF THE BENCHMARK DATA SETS
Dataset
Glass 1
Vehicle 1
Image 1
Madelon 1
ColonTumor 2
CentralNervousSystem
Arcene 1
Amazon 1
OvarianCancer 2
BreastCancer 2
1
2

2

Instances
214
946
2310
2600
62
60
200
1500
253
97

UCI data sets.
Biomedical data sets.
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Features
10
18
19
500
2000
7129
10000
10000
15154
24481

Classes
7
4
2
2
2
2
2
50
2
2

TABLE II
C LASSIFICATION ACCURACY (ACC%) OF DIFFERENT RANDOM FORESTS ALGORITHMS ON DIFFERENT DATA SETS
Dataset
Glass 1
Vehicle 1
Image-segmentation 1
Madelon 2
ColonTumor 2
CentralNervousSystem
Arcene 3
Amazon 3
OvatianCancer 3
BreastCancer 3
Mean
1
2
3

2

RF (%)
76.73
74.95
97.79
71.38
78.81
61.67
79.50
63.67
98.82
60.67

RoF (%)
77.12
76.25
98.09
76.15
80.95
63.33
81.09
68.40
99.00
63.00

SRF (%)
77.18
75.04
97.96
74.11
83.57
66.67
82.40
66.07
99.40
66.33

ssRF (%)
77.51
75.53
98.14
80.46
82.38
68.33
81.52
67.67
99.52
67.56

PSRF (%)
79.02
77.50
98.26
88.35
85.48
71.67
85.55
70.13
99.93
71.89

76.40

78.33

78.87

79.86

83.07

Low dimensional data
Moderate dimensional data
High dimensional data

1) Rotation forests algorithm (RoF) [6]: PCA with random
sampling feature subspace.
2) Stratiﬁed random forests algorithm (SRF) [11]: stratiﬁed
sampling feature subspace without PCA.
3) Subspace selection random forests algorithm (ssRF) [12]:
feature subspace sampled from subgroups divided by
statistical measures in a stratiﬁed manner.
4) Random forests algorithm (RF) [1]: the original random
forests.
Besides, in order to quantitatively evaluate the performance,
we use the metric of classiﬁcation accuracy (ACC).
A. Data Sets
A series of experiments are conducted on various data sets in
Table I, including 6 UCI data sets [28] and 4 biomedical data
sets from I 2 R repository [29], remarked in superscript 1 and
2 respectively. Particularly, the biomedical data sets usually
have high dimensional features and only a small number of
instances. These data sets are ranked by the number of features
from small to large. The table can be divided into three parts.
The upper part includes three low dimensional data sets with
binary and multi-class classiﬁcation. The middle part includes
three moderate dimensional data sets with binary classiﬁcation.
The bottom part includes four high dimensional data sets
with binary and multi-class classiﬁcation. In summary, these
data sets are representative to test the performance of random
forests from various aspects.
B. Experimental Setup
As PCA is deﬁned for numeric features, discrete features
should be converted to numeric ones for RoF and PSRF
algorithms. The one-of-K or one-hot encoding is a common
implementation in machine learning algorithms which replaces
each categorical feature by K binary features encoded numerically as 0 and 1, where K is the number of possible categories
of the feature. This encoding uniﬁes all the inputs so that PCA
can be carried out on any subsets of features.
As for the number of the decision trees M in the forests, we
all set M = 100 for the above 5 algorithms. Besides, the size

√
of a feature subspace for each node is set to p = D for all
the algorithms. With respect to the number of feature subsets
L in RoF and PSRF, we ﬁx the number of features in each
feature subset F (l) = 50 rather than ﬁx L directly. The ratio R
in PSRF is set to R = 0.8. With respect to SRF, we employ
the average weights of Fisher discriminant projection to be
the stratiﬁcation threshold as in [11]. With regard to ssRF, we
keep the same parameters in [12], for example, the feature
importance is computed over 30 times of random forests and
a signiﬁcance level of 0.05 is set to be the threshold for pvalues.
Finally, for each data set, a 10 times 10-fold cross validation
is carried out to reduce the inﬂuence of randomness.
C. Comparisons of Classiﬁcation Accuracy
Table II reports the detailed results of the proposed PSRF
and the other random forests algorithms. The highest accuracy
on each data set is in boldface. Besides, the mean accuracy
on all data sets is also summarized at the bottom. It can be
seen that PSRF achieves higher classiﬁcation accuracy on all
the data sets compared with RF, RoF, SRF and ssRF. The
mean accuracy of PSRF (83.07%) is also higher than RF
(76.40%), RoF (78.33%), SRF (78.87%) and ssRF (79.86%).
Four Wilcoxon signed ranked tests [30] on accuracy, i.e. PSRF
vs RF, RoF, SRF and ssRF respectively, all reject the null
hypothesis of equal performance at a p-value less than 0.01.
Thus, PSRF achieves signiﬁcantly better performance than
other random forests algorithms.
To be speciﬁc, on the top three low dimensional data
sets, all the random forests algorithms obtain the comparable
accuracy. The reason is that almost all the features in the
low dimensional data set are informative, thus, the random
sampling feature subspace method of the original random
forests can handle these kinds of data set well. Therefore,
the technique of PCA and stratiﬁed sampling will not provide
signiﬁcant promotion in the accuracy.
In the following seven moderate and high dimensional data
sets, we can note that the performance of the original RF
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Fig. 1. Classiﬁcation accuracy (ACC%) of PSRF with different R and M for various data sets (F (l) = 50)
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Fig. 2. Classiﬁcation accuracy (ACC%) of PSRF with different F (l) and M for various data sets (R = 0.8)

becomes worse, and the advantages of the PCA and stratiﬁed
sampling technique are shown. RoF, SRF, ssRF and PSRF all
obtain higher classiﬁcation accuracy compared with RF, and
among them PSRF achieves the highest accuracy. Speciﬁcally,
the remarkable promotions are indicated on the CentralNervousSystem and BreastCancer data sets, whose accuracies are
improved up to 10% by PSRF comparing to RF. Moreover,
comparing SRF with ssRF which are two kinds of stratiﬁed
sampling algorithms using different subgroup partition criteria,
we ﬁnd that they obtain the similar results. The phenomenon
indicates that different criteria to partition the feature into
several subsets cannot supply more improvements beyond
what the stratiﬁed sampling method can provide. That is to
say, it is necessary to transform the original features to a new
feature space for a further improvement in random forests. The
performance of the algorithm RoF and PSRF have proven the
above point about the usefulness of the feature transformation.
In summary, as shown in Table II, for high dimensional
data sets, RoF with a single PCA technique improves the
performance, and SRF as well as ssRF with a single stratiﬁed
sampling technique also improve the performance. Therefore,
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it is natural that PSRF improves the performance one step
further due to the fact that PSRF combines the beneﬁts of
PCA to transform features and stratiﬁed sampling to obtain
representative feature subspace.
D. Cross-test for Parameter Settings
In addition, there are several parameters in PSRF, such as
the number of the decision trees M , the number of feature
subsets L, the size of the feature subspace p and the ratio
R. Generally, the size of the feature subspace p has been
analyzed a√lot in the literature, thus we choose the default
value p = D in [1]. As for the remaining three parameters,
we conduct a series of experiments to evaluate the inﬂuence of
parameters on the PSRF algorithm. As illustrated in subsection
V-B, we use the parameter F (l) in place of L. Thus, two pairs
of parameters are cross-tested. The ﬁrst pair is the cumulative
ratio R and the number of trees M , and the second pair is
the number of features in each subset F (l) and the number of
trees M .
We select three representative data sets which are composed
of low, moderate and high dimensional data sets, i.e. Vehicle,
CentralNervousSystem and Arcene data sets. We test R among
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{0.3, 0.5, 0.7, 0.8, 0.9}, F (l) among {10, 50, 100, 500, 1000}
and M among {100 , 101 , 102 , 103 }.
The results are shown in Fig. 1 and 2. We ﬁnd that the
accuracy increases gradually tending to a stable value as
the number of trees M increases in Fig. 1-2. As for the
ratio R which is the criterion to partition the feature set
into informative and less informative parts, we ﬁnd that the
accuracy ﬁrst goes up and then goes down as the ratio R
increases. It can be easily explained through recalling the
procedure of stratiﬁed sampling in PSRF. The ratio R will
affect the number of features in A1 as well as A2 , and further
inﬂuence the following stratiﬁed sampling procedure. If R is
small, the informative subset is small which leads to a feature
subspace with insufﬁcient informative features, so the accuracy
is low. If R is large, the feature subspace may ignore the
discriminatory information contained in the less informative
subset. Therefore, the ratio R plays a trade-off between the
informative and less informative parts. Fig. 1 indicates that
the best ratio R is 0.8, which is the same as our parameter
settings in the subsection V-B. Moreover, Fig. 2 indicates that
the accuracy almost keeps the same as F (l) changes. That is
to say, PSRF is not sensitive to the parameter F (l) .
VI. C ONCLUSIONS
In this paper, we propose a novel feature subspace selection method in random forests for high dimensional data,
namely Principal Components Analysis and Stratiﬁed Sampling method (PCA-SS), and a corresponding PCA-SS based
random forests algorithm called PSRF. PSRF combines the
advantages of PCA and stratiﬁed sampling method. PCA
transforms the original features to a new feature space and
stratiﬁed sampling ensures the feature subspace for each node
contains enough informative features. In summary, PSRF not
only increases the strength of base decision trees but also
increases the diversity between the decision trees. Empirically, the performance of PSRF on several benchmark data
sets demonstrates that PSRF outperforms other state-of-theart random forests algorithms for high dimensional data.
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