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Abstract

Given a variety of classifiers, one prevalent approach in classifier ensemble is to diversely combine classifier components,
i.e., diversity-based ensembles, and a lot of previous works show that these ensembles can improve classification accuracy.
Random forests are one of the most important ensembles. However, most random forests approaches with diversity-related
aspects focus on maximizing tree diversity while producing and training component trees. Alternatively, a novel cognitive-
inspired diversity-based random forests method, diversity-based random forests via sample weight learning (DRFS), is
proposed. Given numerous component trees from the original random forests, DRFS selects and combines tree classifiers
adaptively via diversity learning and sample weight learning. By designing a matrix for the data distribution creatively, a
unified optimization model is formulated to learn and select diverse trees, where tree weights are learned through a convex
quadratic programming problem with sample weights. Moreover, a self-training algorithm is proposed to solve the convex
optimization iteratively and learn sample weights automatically. Comparative experiments on 39 typical UCI classification
benchmarks and a variety of real-world text categorization benchmarks of our proposed method are conducted. Extensive
experiments show that our method outperforms the traditional methods. Our proposed DRFS method can select and combine

tree classifiers adaptively and improves the performance on a variety of classification tasks.

Keywords Diversity-based ensembles - Classifier ensemble - Random forests - Sample weight learning -

Convex quadratic programming

Introduction

There are many famous ensembles (e.g., random forests
[9], bagging [8], boosting [15, 16], stacking [47], and
neural network ensembles [19, 54]) and also many recent
ensemble methods [2, 4, 37, 38, 46], many of which have
been widely applied in numerous real-world intelligent
and cybernetics applications. Many research efforts have
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demonstrated that the random forests [9] are one of the
most important ensemble methods [1, 3, 5, 22, 31, 39].
Some previous researches show that the performance of a
classifier ensemble relies on not only the accuracy but also
the diversity of base classifiers [19, 24, 36, 53]. Generally
speaking, an ensemble of diverse classifiers can allow us
to get higher accuracy, which is often not achievable by
a single model. Consequently, how to diversely combine
classifiers plays an important role and becomes a main topic
in random forests, and other ensemble methods.

In general, the random forests method can exploit implicit
and explicit diversities together. This method combines the
“Bagging” idea for instance sampling with the implicit diver-
sity and the random selection of variables for feature selection
with the explicit diversity. As discussed before, the perfor-
mance of random forests always relies on not only the accu-
racy but also the diversity of component classifiers (decision
trees). In the literature, there are many research efforts con-
ducted for improving random forests with diversity-related
aspects, most of which focus on maximizing tree diversity
while producing and training component trees. For exam-
ple, Liu et al. [27, 28] proposed max-diverse ensembles
with probability averaging to maximizing tree diversity in
random forests. Later, they [29] proposed the coalescence
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method, which coalesces a number of points in the random-
half of the spectrum and was found to perform better than
any single operating point in the spectrum, with no necessity
of tuning to a specific level of randomness.

Obviously, on data with various noises, large categories
and a huge number of features, there are a lot of diverse char-
acteristics for trained component trees in random forests,
i.e., some trees will be much diverse from each other when
properly learned or selected. As we have known, there are
a variety of cognitive-inspired computation techniques in
the literature [21]. Alternatively, in this paper, we improve
random forests with diversity via ensemble pruning, as
ensemble of the partial available component trees may be
better than that of the whole [54]. Specifically, given numer-
ous component trees from the original random forests, we
want to diversely and adaptively select and combine tree
classifiers with cognitive-inspired diversity learning.

Moreover, in classifier ensemble, all existing diversity mea-
sures are calculated on the training set, which means the perfor-
mance of optimization heavily relies on the samples of the
training set besides the diversity learning itself [48, 50, 51].
In some related fields, researchers suggested that sample weight
learning is needed, where imperfections in the samples
might lead to bias and other departures between the samples
and the reference population. For example, AdaBoost [15] is
one of the most famous models for sample weight learning.

Consequently, given numerous component trees from the
original random forests, we propose a novel method, diversity-
based random forests with sample weight learning (DRFES),
which is inspired from cognitive, and diversely and adaptively
select and combine tree classifiers with diversity learning and
sample weight learning. DRFS uses an iterative learning algo-
rithm to solve the convex optimization and automatically
learn the sample weights iteratively. Each iteration of this
iterative learning algorithm consists of two main steps: (1)
Calculate tree weights by solving an optimization problem
with sample weights known and (2) update sample weights
with tree weights known. Specifically, in the first step, diver-
sity learning for tree weights with known sample weights is
converted into a unified convex quadratic programming opti-
mization model, by setting the sample distribution as a dia-
gonal matrix. In the second step, sample weights are updated
with a dynamically damped learning trick automatically. More-
over, a variety of experiments on UCI classification bench-
marks and real-world text categorization benchmarks show
that our proposed method has very promising performance.

The main contributions of this work can be summarized
as follows. Firstly, different from conventional random fo-
rests with diversity-related aspects for producing and training
diverse component trees, we propose diversity-based ran-
dom forests to select more diverse tree classifiers from the
original random forests in a totally new perspective, which
adaptively combine component trees via sample weight
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learning. Secondly, different from many conventional diversity-
based ensembles with optimization using heuristic rules,
our proposed DRFS method (diversity-based random forests
with sample weight learning) is formulated as a unified
optimization model within an iterative learning framework
for diversity learning and sample weight learning, where
diversity learning for tree weights is conducted by a convex
quadratic programming optimization procedure, and sample
weight learning for sample weights is performed by a
dynamically damped learning trick. Thirdly, different from
conventional ensemble methods with experiments on some
specific data sets, this paper presents numerous experiments
with a variety of typical data sets (with totally more than
50 classification data sets), including UCI classification
benchmarks and real-world text categorization benchmarks.
The rest of the paper is organized as follows.! Related
work is presented in “Related Work.” The DRFS model
is presented in “Methods,” and the (optimization) learning
procedure of DRFS is described in “DRFS Algorithm.” The
“Results” section shows extensive experiments, results, and
analyses. Final remarks are presented in “Conclusions.”

Related Work

As described above, diversity should be a necessary condition
for high generalization ability of classifier ensemble. Simi-
larly, diversely generating and combining diverse classifiers
play an important role in random forests. However, it is still
a grand challenge to improve random forests by diversity
explicitly. In this section, we will first review some typical
diversity-based ensemble methods with ensemble pruning,
and then survey a variety of approaches for random forests
with diversity-related aspects.

Diversity-Based Ensembles

Numerous diversity-based ensembles have also been pro-
posed, most of which are related to ensemble prun-
ing.? Marginneantu et al. [32] proposed a Kappa pruning

IParts of this work previously appeared in [48, 49]. Here, we focus on
random forests, propose an improve random forests method (diversity-
based random forests), clarify the optimization model, improve the
learning procedure, and add a variety of experiments.

ZFrom the view of ensemble pruning, Tsoumakas et al. presented a tax-
onomy of ensemble pruning methods, i.e., ranking based, clus-
tering based, optimization based, and other categories [45]. Zhou
divided related methods into three categories: ordering-based pruning,
clustering-based pruning, and optimization-based pruning approaches
[53]. More specifically, optimization-based pruning methods formu-
late the ensemble pruning problem as an optimization problem that
aims to find the subset of available component classifiers which maxi-
mizes or minimizes an objective related to the generalization ability of
the final ensemble, which is also the focus of our paper.
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approach for maximizing the pairwise diversity among the
selected component classifiers. Martinez et al. presented an
experimental comparison and analysis of ensemble prun-
ing methods based on ordered aggregation, one of which
sorts component classifiers by diversity and selects the top
20—-40% classifiers for combining [33]. Li et al. [26] tried
to present a theoretical study on the effectiveness of diver-
sity on the generalization performance of voting in the
PAC-learning framework for classifier ensemble. Following
this analysis, they also proposed the diversity regularized
ensemble pruning method. Trawinski et al. [44] used genetic
algorithm (GA) to search the best classifier subset by a lin-
ear combination of accuracy and diversity. Lu et al. [30]
proposed an ensemble pruning method with a heuristic opti-
mization by considering both accuracy and diversity. Yin
et al. [49, 50] also proposed a heuristic learning approach
with diversity and sparsity to learn classifiers’ weights and
combine multiple classifiers. The major problem with the
methods above is that when it comes to optimizing some
criteria of the selected subset, they all resort to greedy or
heuristic search and may get stuck in a local optima.

To get a solution more closer to the global optima, several
ensemble pruning methods with mathematical programming
optimization have been proposed. One typical work is con-
ducted by Zhang et al. [52]. They proposed a semi-definite
programming (SDP) approach, which formulates the ensem-
ble pruning problem as a quadratic integer programming
problem and solves it by a semi-definite programming solu-
tion technique. In their method, the size of the selected sub-
set after pruning should be known in advance. Yin et al. [51]
proposed a convex ensemble learning method which learns
classifier weights that have the optimal accuracy-diversity
trade-off.

However, most of diversity-based ensembles are related to
ensemble pruning with “Bagging,” but without “random
forests.”

Diversity-Based Random Forests

Random forests [9] are a typical method for ensemble learning.
They generate a multitude of decision trees based on boot-
strapped samples of the training data and output the class
that is the mode of the classes output by individual trees.
For each node of a component tree, m variables are ran-
domly chosen and the best split based on these m variables is
calculated based on the bootstrapped data. Conventionally,
m is set to /u, where u stands for the number of variables.
Each decision tree results in a classification label and is set
to cast a weighted vote for classification, and random forests
finally return the class that received the most votes.

As various theoretical and empirical studies show [1,
6], random forests are fast and easy to be implemented,
produce highly accurate predictions, and can handle a very

large number of input variables without overfitting. In fact,
they are considered to be one of the most accurate general-
purpose learning techniques available in the literature.

For diversity-based random forests, most efforts have
been conducted for maximizing the tree diversity while
producing and training component trees. For example,
rotation forests [42] improve the diversity and accuracy
within component classifiers by using a combination of
covariate sub-sampling and PCA-based rotation of covariate
axes. Conditional inference forests [20] use conditional
inference trees instead of regular classification trees, where
a conditional inference tree firstly picks the best variable
based on statistical testing and then picks the best split
within this variable, while a regular classification tree picks
the best split among all available variables which can
lead to biased selection for variables with more categories.
Conditional inference forests were found to be less biased
than the original random forests in assessing the variable
importance. Oblique random forests [35] use oblique splits
instead of orthogonal splits during the test process. The
main difference between these two splits is that the oblique
split is based on a combination of variables while an
orthogonal split is based on a single variable. Oblique
random forests empirically outperform the original random
forests in numerical and spectral data [35].

Similarly, Robnik-Sikonja investigated some possibilities
to increase strength or decrease correlation of individual
trees in the forest and used several attribute evaluation
measures to improve random forests [41]. Bernard et al.
proposed dynamic random forests with an adaptive tree
induction procedure [5]. Their method utilizes resampling
of the training data and wants to guide the tree induction
so that each tree will complement as much as possible the
existing trees in the ensemble.

However, as described before, ensemble pruning is a com-
mon strategy for diversity-based ensembles. Consequently,
pruning the original random forests can also improve the
diversity and accuracy. Additionally, some previous works
showed that beyond certain number of trees, adding more
trees in random forests does not improve accuracy [53].
Research efforts should be carried out in this direction to
limit the number of trees in random forests and to find the
optimal subset of random forests, while very few works of
ensemble pruning for random forests have been conducted
in the literature.

Moreover, most existing diversity measures are evaluated
on the validation set without considering data noise of given
samples. Here, we focus on random forests with diversity
learning and sample weighting and propose an improved
random forests method, i.e., diversity-based random forests
(DRFS). The DRFS model learns to combine decision
trees in random forests by considering both accuracy and
diversity adaptively.
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Methods

As mentioned before, by designing a diagonal matrix for
the sample distribution, the DRFS method is formulated as
a unified optimization model within an iterative learning
framework, where diversity learning for tree weights is
optimized with a convex quadratic programming problem,
and sample weight learning for sample weights is performed
by a dynamically damped learning trick. In the following,
the DRFS model with a unified optimization formulation
is described in detail in this section (“Methods”), and the
iterative learning framework (a self-training algorithm) is
presented in the next section (“DRFS Algorithm”).

Notations

Let the training data set be Tr = {(x1, y1), (x2, ¥2), ...,
(xn, yn)}, where y; is the output of the sample x;, and
all the outputs are in C classes {21, £22, ..., £2¢}. The base
classifiers H = {hy, h», ..., hp} of ensemble are trained on
the training set, and an output of a base classifier 4; on
sample x; is 4 (x;). Given each base classifier  ;, together
with its weight w ;, we define the vector of classifier weights
as w = [wy, wp, ..., wr |, where ZI/.“ZI wj=1,w; >0.In
this paper, we focus on the linear combination of classifiers.
By taking a weighted vote among the base classifiers and
choosing the class label receives the largest weighted vote,
the ensemble H classifies sample x; as H (x;).

Moreover, instead of the original output, the oracle output
O of random forests is used for the optimization. Let the
number of sample sets be N and the number of component
trees L. O isa N x L matrix, and element

O Tk =y
Oij ‘{—1 W) % 1

Optimization Model

As an ensemble approach, random forests can be improved
by pruning component trees. Specially, for weighted-vote
random forests, the improvement is equivalent to a
mathematical optimization problem with tree weights.
Define tree weights vector w = [wy, wWa, ..., w ], where
ZJL.W j = 1,w; > 0. Traditionally, in diversity-based
random forests, w is learned by

argmingloss(O, w) — Adiv(O, w)
0,17 Wopt = 1,1 > 0. )

Wopt

Y

S.I. Wopt

where [oss() is the loss function of the classification error,
div() is the diversity of the ensemble, and A is the balance
parameter.
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Simply, given the average accuracy P = %IIEMO
and the pairwise diversity matrix D, (e.g., disagreement
diversity measure [25]), loss() and div() can be calculated
by

loss(O,w) = —Pw
div(0,w) = w! Dw 3)

Instead of the traditional average accuracy P =
ﬁ (1510 + 1L41). Note that there is a linear relationship
between P and P, ie, P = 2P — %lel. Here, to simplify
calculation, P is chosen. Consequently, by combining the
above formulations, the criterion (in Eq. 2) changes to

Wopt = ArgmMiny — awl Dw — Pw

s.t. Wopt = 0,17 Wopt = 1,4 > 0. 4)

The ensemble can be optimized by solving Eq. 4. Such
convex optimization is called as quadratic programming
problem with diversity (QPD). As we know, the perfor-
mance of QPD is always different along with different
validation sets. Considering the influence of the training set,
this diversity-based random forests method is changed to
DREFS by expanding Eq. 4 as

Wopr = Argming — awl Dow —Pow

s.t. Wopt = 0,17 Wopt = 1,4 > 0. (5)
where §2 is a parameter of the data distribution (sample
weights), and actually these sample weights are used to
select the validation set from the training set automatically.

To simplify calculation and keep the optimization as a
convex problem, we set £2 as a N x N diagonal matrix, and
diag($2); = $2;; stands for the sample weight x;, where
diag($2); = 0, le\,deiag(.Q) = 1. Thus, P and Dy,
can be calculated by

Po = 15,,020
1
Diis.e = 5 (1ex = 0720) (©)
Consequently,the optimization function (in Eq. 5) can be
simplified to a convex quadratic programming problem with
a given 2.

DRFS Algorithm

In general, it is difficult to find the solution for the
optimization in Eq. 5 when both w and £2 are unknown.
However, with known 2, the optimization is simplified to
a quadratic programming problem. That is to say, given
sample weights (with known £2), tree weights in random
forests can be easily learned by this convex quadratic
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programming optimization procedure. Given tree weights
(with known w), sample weights can be conveniently
learned by a dynamically damped trick. Thus, we propose
an iterative learning algorithm (a self-training algorithm) for
DRFS which is shown in Algorithm 1.3

In summary, there are three important steps in this
self-training algorithm, i.e., initialization for parameters
and weights, weight updating for classifiers, and weight
updating for samples, which are sequentially presented
in the following subsections in detail. At last, we also
empirically analyze the convergence performance of this
iterative learning algorithm.

Note that in order to avoid overfitting, in our iterative learn-
ing algorithm, the final learned results will be selected as
the sample weights and the classifier weights at the " iter-
ation where the learned classifier ensemble has the minimal
classification error on the validation set. Basically speaking,
it may be more rational to use a new validation set in this
training algorithm if there are additional data available.

Algorithm 1 Iterative learning algorithm for DRFS.

Input:
Tr: the training set. |Tr| = N
H={hy, hy, ..., h}: the base classifier set, |H| = L.
M pairwise diversity method.
Output:
w: the classifier weights.
Parameter:
T: the max epoch.
£2;: a diagonal matrix, and diag(£2;); is the weight
of
sample x; used to calculate w on the " iteration.
£2/": a diagonal matrix, and diag(£2;"); is the updated
weight of sample x; on the 7 iteration.
¢;: the ensemble error rate on the 7'" iteration.
B a parameter that B; € [0, 1], and B; > Br41.
Procedure:
1: Setdiag($21); = 1/N.
2:Fort=1,2,..,T;
3: Use Egs. 5 and 6 to calculate w.
4: Calculate ¢; by wand T'r.

5: Use ¢ to calculate updated weight £2;°.
6: 82,41 = ﬁtgt* + (I — B)$2,
7: End

3Here, the optimization problem with w and £2 in an iterative learning
framework is similar to an EM (expectation-maximization) procedure.
We also initially used the EM algorithm in our method, and the results
were not encouraged compared with this iterative learning algorithm.
However, how to adaptively design, improve, and use a variant of EM
algorithm for our DRFS method is a near future topic.

Initialization for Parameters and Weights

In the iterative learning algorithm, firstly given the
validation set* Tr and base classifiers H for optimization,
assign the pairwise diversity D. Then, set the max epoch T
as a stop constraint, and £2; = 1/N for each sample x;,
where N is the number of samples in T'r.

Weight Updating for Classifiers

In each iteration, given samples with known weights 2,
we first use Eqs. 5 and 6 to calculate and update the
base classifier weights vector w. As described above, this
optimization can be solved as a typical convex quadratic
programming problem. Then, samples of training set 7r are
classified with w, and the ensemble classification error rate
€; is calculated.

Weight Updating for Samples

Updating the sample weights 2,41 is a key process in
DRES. In the iterative learning algorithm, we assume the
sample weights £2;11 have a relationship with £2; and use
a dynamically damped trick, i.e., the damped factor 8; €
[0, 1T and B; < Bi41. We set §; at the " iteration as

1
Br = T )
Then, we use the following equation to update sample

weights for the (r + 1) iteration,
Q1= P27 + (1 — B1)S2 )]

where £2; and 2 are the original and new sample weights
at the " iteration respectively.

Here, we use hinge loss to update £2;. The hinge
loss is a loss function used to train classifiers in
conventional machine learning methods. It is used for
“maximum-margin” classification, especially for support
vector machines. Given the weights w; of each base
classifier & ;, the margin m; of the sample x; is calculated by

L
m; = Z w; — Z w,-:ijO,-j (9)
hj(xi)=yi hj(xi)#yi Jj=1
Thus, DRFS updates £2; by
diag(Qp); = V& = 10
fag($2,); { 0 otherwise (10)

where Ne¢, is the number of samples which are wrongly
classified by ensemble with weight w in iteration ¢.

“4In our experiments, this validation set is bootstrapped from the initial
training set, and is used as the new training set for learning sample
weights and classifier weights in the iterative learning algorithm for
DREFS.
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3 2 1
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1 1
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T T T T
Fig.1 Loss of DRFS with different T’
Empirical Analysis for Convergence the objective function is not guaranteed to decrease in stage
3 (Weight Updating for Samples) in Algorithm 1. However,
At each iteration, with L parameters (component classi-  we find our algorithm can usually achieve good perfor-
fiers), this iterative learning algorithm calculates the diver- ~ mance after a number of iterations. We empirically investi-
sity of each classifier pair (totally with L(L — 1)/2 times),  gate the convergence performance of this algorithm with the
solves a quadratic programming problem (O(L?)), and  parameter T for DRFS. Results of DRFS on some typical
updates sample weights (O (N)). Consequently, with N data ~ UCI classification data sets are shown in Fig. 1. Experimen-
samples, the time complexity for each iterationis O(NL*>+  tal data and setting can be referred to the descriptions in
L?). The space complexity for the whole iterative learning ~ “Experimental Setup.”
algorithm is just O(NL + L?), where O(NL) is for storing As shown in Fig. 1, the ensemble performance (loss)
classifiers’ outputs and O (L?) is for ensemble diversity. tends to be converge (e.g., “artificial”) or exhibits slight
Similar to many iterative learning algorithms, conver-  fluctuations (e.g., “allbp” and “splice”) after several
gence of the proposed algorithm is not guaranteed because  iterations. As a result, we just set 7 = 20 in the following
Table 1 Information of UCI
classification data sets Data set Instances  Attributes Classes  Data set Instances  Attributes  Classes
Allbp 3772 29 3 iris 150 4 3
Anneal 858 38 4 kr-vs-kp 3196 17 2
Artificial 5109 7 10 labor 57 16 2
Audiology 226 69 24 led24 3200 24 10
Auto-mpg 398 7 3 led7 3200 10
Autos 205 25 6 machine 209 7
Balloons 76 4 2 page-blocks 5473 10 5
Breast-w 699 9 2 sick 3772 29 2
Bridges2 108 11 7 sickeuthyroid 3163 24 2
Chess 3196 36 2 sonar 208 60 2
Colic 368 22 2 splice 3190 60 3
Credit-a 690 15 2 tic-tac-toe 958 9 2
Diabetes 768 8 2 vehicle 846 18 4
Echocardiogram 132 8 3 vote 435 16 2
German 1000 24 2 vowel 990 12 11
Heart-c 303 13 2 wave21 5000 21 3
Hepatitis 155 19 2 wave40 5000 40 3
House-votes-84 435 16 2 wine 178 13 3
Hypothyroid 3163 24 2
Imageseg 2310 19 7
Ionosphere 351 34 2
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experiments. Note that the iterative learning algorithm could
be terminated when the error rate ¢, = 0 (e.g., “wave40”).
In such a case, DRFS is degenerated into QDP.

Results

In this section, DRFS is firstly compared with some
existing ensemble methods on the UCI data sets for
general classification tasks. Moreover, experiments with the
proposed method are performed on a specific topic, i.e., text
categorization. Extensive experimental results show that
our proposed method outperforms several state-of-the-art
ensemble methods.

Experiments on UCI Data Sets

To verify the effectiveness of the proposed algorithms, 39
typical data sets from UCI machine learning repository [14]
are used. More information for the data sets is presented in
Table 1.

Experimental Setup

In our method, there are two algorithms that are used,
i.e., quadratic programming problem with diversity (QPD,
Eq. 4) and DRFS (Eq. 5). Our proposed method is compared
with some conventional ensemble methods (including
diversity-based ensembles), e.g., random forests (RF)
[9], Gasen [54],° forward ordering (FO) [33], backward
ordering (BO) [33], genetic algorithm with diversity (GA-
div) [44], and semi-definite programming (SDP) [52]. In
QPD, DRFS, the ordering algorithms, GA-div, and SDP,
the disagreement (dis) is chosen to measure the ensemble
diversity. In the ordering algorithms and SDP, about 21% of
classifiers are selected. In genetic algorithm—based methods
(Gasen and GA-div), the selecting threshold is set to the
default value 1/L, where L stands for the number of
classifiers. In QPD and DRFS, . = 1.25. All ensemble
methods select a subset of component classifiers (trees)
on the validation set, which is bootstrapped from the
training set. In the experiments, 10-fold cross validation is
performed on each data set, and each ensemble contains 301
tree base classifiers.

Experimental Results

The experimental results are shown in Table 2. The last
rows present the counts of wins, ties, and losses [13], where
W/T/L means that DRFS wins, ties, and loses on #W, #T,

and #L data sets, respectively. Moreover, we assign ranks

Shttp://lamda.nju.edu.cn/code_GASEN.ashx

to evaluate the methods’ performance on each data set [7].
Here, mark the best method as rank 1, and the worse the
larger. The average rank is calculated for each method. In
addition, the highest classification accuracy rate for each
data set is highlighted in italics in Table 2.

As shown in Table 2, firstly, for ensembles with
genetic algorithms, Gasen (rank 3.5) performs a little
worse than random forests (rank 3.4), while by adding a
regularization term about diversity to expand the fitness
function, GA-div (rank 3.3) ranks the same as RF.
These results show that diversity-based ensembles by
optimizing both accuracy and diversity are much more
effective than the ones by optimizing with accuracy only.
Secondly, QPD ranks 4.7 and performs a little worse
than RF. This pure-diversity—based selection method has
a weak connection between the diversity measure and
the ensemble performance. Our proposed method, DRFS,
has a more impressive performance considering both
ensemble diversity and sample weights. Specifically, DRFS
ranks 3.0, and wins random forests on 12 data sets. It
performs the best on “allbp,” “anneal,” “audiology,” “auto-
mpg,” “chess,” “german,” “heart-c,” “imageseg,” “kr-vs-kp,”
“sickeuthyroid,” “sonar,” “tic-tac-toe,” “vote,” and “wine”
data sets. By selecting the validation set (calculating the
sample weights) carefully and adaptively, DRFS has the
minimum rank and outperforms Gasen and SDP.

In summary, our methods achieve the best performance
in most cases with enough training data for learning
base classifiers, classifier weights, and sample weights.
Consequentially, our methods obtain the best rank (3.0)
and good win-tie-lose performance among all compared
ensembles.

9% <

ELINT3

Experiments with Parameters A

In order to illustrate how to select the control parameter A of
diversity regularization (in Eq. 5) in DRFS, we also analyze
experimental results on the validation set.® When setting
and testing different values of A, DRFS is performed with
301 base classifiers generated by random forests.

To observe the influence of parameter A, DRFS is
performed with different values of A.” The results of the
average ranks of random forests and 20 DRFS ensembles
with different A on all 39 data sets are shown in Fig. 2. When
A is about equal to 1.25, DRFS gets the minimum average
rank. DRFS has a similarly competitive performance for A €
[1, 10] and ranks higher (1.76-2.26) than random forests

SNote that in these experiments with parameters, the used validation
set is the same as the validation set in Algorithm 1, and all other
experimental conditions are the same as the ones in “Experimental
Setup.”

"Totally, there are 20 DRFS ensembles with 20 different values A by
1/»=1{0,0.1,..., 1,2, ..., 10}.
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Table 2 Comparison of the classification accuracy rates (average + standard deviation) of DRFS with state-of-the-art ensemble methods (%),
where the highest classification accuracy rate for each data set is highlighted in italics, and the W/T/L row summarizes the comparison of DRFS
against other ensembles, and the rank row presents the average rank over all data sets

Datasets RF GASEN GA-DIV FO BO QDP SDP DRFS
Allbp 97.69+0.31 97.67£0.30 97.67£0.30 97.46+0.35 97.67£0.45 97.83£0.66 97.56+0.48 97.83+0.70
Anneal 99.65+0.78 99.65+0.78 99.65+0.78 99.4240.82 99.30£0.98 99.53£0.81 99.4240.82 99.65+0.78
Artific. 61.44+1.46 61.40£1.65 61.34+1.62 61.07+1.80 60.56+1.50 60.78£1.46 61.46%+1.18 60.89+2.08
Audio. 75.38+£19.84  74.51£19.03  75.81£18.66  74.07+19.74  72.33%£1835 75.72%£19.04 75.81£18.99  77.12+18.63
Auto-m. 86.68+5.65 86.42+5.94 86.93+5.24 84.67+4.16 85.92+6.49 86.17+4.32 85.92+5.57 87.67+£5.12
Autos 80.95£10.29  82.38+9.27 81.90+9.73 80.48+9.90 82.38+8.71 80.95+9.78 80.95£10.53  81.90+9.47
Balloons  78.75£10.29  78.75£10.29  78.75£10.29  78.75+10.29  76.25%+13.76  67.50£20.58  80.00£10.54  78.75+10.29
Breast-w  96.8512.41 97.00£2.18 96.71£2.61 96.71+2.61 96.71£2.34 96.57£2.63 96.85+2.41 96.99+2.47
Bridges2 ~ 70.30£7.26 69.39£7.48 72.12+6.36 63.94+7.48 68.48+4.56 65.76£7.15 67.58+6.23 71.06£6.08
Chess 98.75+0.36 98.81£0.29 98.81+£0.53 98.40+0.40 98.81+£0.44 99.12£0.35 98.72+0.43 99.25+0.34
Colic 85.64+£7.39 86.19+6.38 85.92+7.58 85.09+6.48 86.19+6.63 85.64+8.23 85.66£7.83 84.82+7.83
Credit-a 86.96+5.34 86.81+£5.53 87.10£5.44 87.54+4.94 86.96+4.58 87.83£5.43 87.10£5.44 87.54+£5.17
Diabetes ~ 76.4513.06 76.05£2.52 76.57£2.78 75.53+3.41 76.45+3.41 76.05+3.35 76.45+3.50 76.06+3.16
Echoca. 71.17£19.28  71.17£19.28  69.74£19.78  69.74+19.78  69.74+17.34  69.74%£17.34  69.74£19.78  71.17£16.76
German 76.40+5.32 76.50£5.10 76.60+4.99 75.30£6.52 75.90+6.21 76.60+6.92 76.50+5.34 77.10£5.26
Heart-c 80.97£6.91 80.97+7.26 80.97£6.91 80.30£5.61 81.64+£7.13 79.33+6.63 80.33£6.75 81.67+7.07
Hepatit. 80.68+£8.57 81.93+7.48 81.31£7.80 83.81+9.85 83.81£8.92 81.93£13.64  80.68+9.98 82.56£11.71
House-v.  96.08+3.24 95.85£3.19 96.08+3.24 95.59+3.02 96.82+3.07 95.88£2.97 95.85+3.19 96.56+3.07
Hypoth. 99.97+0.10 99.97£0.10 99.97+0.10 99.56+0.22 100.00+0.00  99.7840.21 99.78+0.26 99.84+0.17
Images. 97.92+0.81 97.79£0.85 97.92+0.81 97.97+£0.79 97.84+0.79 97.84+0.76 97.88+0.97 98.05+0.68
Ionosph.  93.72+5.69 93.72£5.69 93.44+£5.57 92.87+6.21 94.01£5.30 94.01£4.76 93.44+5.57 92.87+6.36
Iris 95.33+£5.49 95.33£5.49 95.33+5.49 94.67+5.26 96.67£3.51 94.67£5.26 94.67+5.26 94.67+5.26
kr-vs-kp  82.10%1.85 82.10+1.85 82.04+1.78 82.13+1.96 81.85£1.95 82.01£1.48 82.19£1.98 82.29+1.73
Labor 95.00£8.05 95.00£8.05 95.00+8.05 93.33£11.65 90.00£14.05  93.33+£8.61 95.00+8.05 93.33+8.61
Led24 72.78+2.09 73.03%2.13 72.97+1.96 71.53+£1.93 72.91£2.16 72.09+2.47 72.00£1.97 72.16%2.51
Led7 73.91£2.10 73.63£2.02 73.84+2.12 73.69+1.90 72.16£1.88 73.09+2.14 73.94+1.99 73.56+1.81
Machine  91.384+4.93 91.38+4.93 91.38+£4.93 90.40+5.57 90.40+6.01 91.86£5.54 91.86+4.54 91.38+3.77
Pageblo.  97.5040.71 97.48+0.73 97.50£0.71 97.46+0.76 97.44+0.83 97.39£0.74 97.5240.68 97.37£0.67
Sick 98.41£0.56 98.46+0.60 98.44+£0.59 97.69+0.88 98.54+0.50 98.52+0.59 98.28+0.42 98.49+0.53
Sickeut. 97.88+0.76 97.88+0.77 97.88+0.77 96.87+0.95 97.91£0.82 97.91£0.87 97.53+0.81 97.9840.60
Sonar 84.1417.45 84.61£7.02 83.66£7.49 82.23+5.44 82.71£7.12 83.661+8.43 84.14+£6.35 85.09%5.71
Splice 96.14+0.99 96.21£0.93 96.18+0.83 95.55+1.05 95.27£0.82 96.24+0.75 96.4340.90 96.27+0.89
Tic-tac. 95.30+3.21 94.57£3.16 95.19+£3.13 91.76%3.51 95.40£2.84 97.07£2.47 93.3242.62 97.49+1.99
Vehicle 75.62+4.68 75.28+4.17 75.38%+4.71 77.06£6.16 75.39+4.41 75.394£5.72 75.97+5.92 75.40£4.85
Vote 96.56+2.44 96.56+2.44 96.56+2.44 95.88+2.56 96.31£2.70 96.08+2.18 96.33+2.65 96.56+2.44
Vowel 97.58+2.14 97.47£1.86 97.47£2.34 97.17£2.60 96.67£2.48 97.27£2.24 97.68%+1.72 97.37+£2.34
Wave21 85.42£1.75 85.44+1.68 85.44+£1.71 84.66+1.84 85.50£2.02 85.24+1.68 85.40£1.43 85.30£1.68
Wave40 85.88+1.89 85.76£2.37 85.72+1.81 85.08+2.24 84.58+1.86 85.52+2.02 85.48+2.08 85.52+1.48
Wine 97.78+2.87 97.78£2.87 97.78£2.87 98.33+2.68 97.78+£2.87 98.33£2.68 98.33+2.68 98.33+2.68
WI/T/L 12/21/6 10/23/6 912317 19/18/2 16/18/5 11/26/2 12/21/6 -

Rank 3.4 35 33 6.0 4.7 4.7 4.1 3.0

(4.73). DRFS ranks 3.70 for 1/
poorly (7.23-13.03) when A € [0.1,0.5]. It seems that
the optimization based on trade-off between diversity and
accuracy performs better than the one based on single, and
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the diversity regularization is a little more important than the
classification accuracy and in learning classifiers’ weights
for ensembles. As a result, we set A = 1.25 in the above
comparison experiments.
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14 T T T T T T T T T Table 3 Text categorization benchmark data sets
Data set Source Documents Words Classes

fbis TREC 2463 2000 17

lals TREC 3204 13472 6

o la2s TREC 3075 13472 6
8 oh0  OHSUMED 1003 3182 10
% ohl0 OHSUMED 918 3012 10
0 ohl5 OHSUMED 1050 3238 10
< oh5  OHSUMED 913 3100 10
ohscal OHSUMED 11162 11465 10
re0 Reuters 1504 2886 13
rel Reuters 1657 3758 25

trll TREC 414 6429 9

0 - - : : : : } : : trl2 TREC 313 5804 8

0 1 2 3 4 5 6 7 8 9 10

A\ tr21 TREC 336 7902 6

tr23 TREC 204 5832 6

Fig.2 Comparison of the average ranks of DRFS with different A 31 TREC 927 10128 7
trd1 TREC 878 7454 10
Failed Case Analysis trd5 TREC 690 8261 10
wap WebACE 1560 8460 20

As shown in Table 2, there is a small part of data sets '8 Reuters 9032 (6487 tm, 2545 tst) 24329 8
on which DRFS’s performance is slightly worse than the 152 Reuters 10710 (7715 trn, 2995 tst) 24329 52

original random forests.

Data sets in the failed cases always have very few
samples and/or attributes, e.g., “iris” with 150 samples and
4 attributes and “labor” with 57 samples and 16 attributes
(see Table 1). It is essentially difficult to train diverse and
efficient base classifiers on such data sets where the existing
data itself cannot reflect some diversity, and it is also
challenging to learn and select diverse classifiers with few
samples. We argue that our DRFS methods should improve
the performance on such data sets, which is also a near
future issue of our work.

Experiments with Text Categorization

We also evaluate the performance of DRFS on another real
application—text categorization. There are a variety of tech-
niques for text categorization [23, 43]. In the experiments,
DRES is compared against some representative methods,
such as multinomial naive Bayesian, J48, support vector
machines, and random forests.

The detailed characteristics of the various document
collections used in our experiments are available in [18].8
Moreover, to demonstrate the effectiveness of DRFS on the
larger data set, we also compare all methods on the Reuters-
21578 data set. The original Reuters-21578 data set with the

8 http://sourceforge.net/projects/weka/files/datasets/text-datasets/1 9M
classTextWc.zip

standard “Mod Apte” train/test split is available in [12].° As
the goal of our work is to consider single-label data sets, we
do the experiments on two general subsets (i.e., 18 and r52)
[10] of the Reuters-21578 data set. Here, r8 has 8 categories
and is split to 6487 training and 2545 test documents. r52
has 52 categories, and is split to 7715 training and 2995 test
documents. More information for the data sets is presented
in Table 3.

Experimental Setup

The experiments compare DRFS with some typical meth-
ods, e.g., multinomial naive Bayes (MNB) [34], J48 [40],
support vector machines (SVM) [11], and random forests
(RF). Both multinomial naive Bayes and J48 classifier are
generated by WEKA [17],'0 and random forests classifier is
generated by Matlab toolbox.!! For each method, all param-
eters are set by default. In SVM, the Gaussian kernel is used,
and the best ¢ and g parameters are selected by cross val-
idation from ¢ = 273,274, ...,2%, ¢ = 272,274, ... 2. In
DRFS, A = 1.25.

In the experiments, 10-fold cross validation is performed
on each data set except r8 and r10. For r8 and r10, we use the

9http://prdownloads.sourceforge.net/weka/reuters21578-ModApte. tar.
bz2?download

Ohttp://www.cs.waikato.ac.nz/ml/weka/

Mhttps://code.google.com/p/randomforest-matlab/
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standard “Mod Apte” train/test split, and just run 10 times
to evaluate the performance. Moreover, we also assign win-
tie-lose and ranks to evaluate the methods’ performance on
each data set.

Experimental Results

The experimental results are shown in Table 4, where the
highest classification accuracy rate for each data set is
highlighted in italics.

As shown in Table 4, firstly, among four typical methods
(J48, MNB, SVM, and RF), the best rank corresponds to
RF (rank 3.2), followed by SVM (rank 3.4), MNB (rank
4.3), and J48 (rank 5.5). On most data sets, RF achieves
the best classification accuracy rate, and is slightly worse
than SVM on “fbis,” “rel,” “trl1,” “tr21,” “tr41,” “wap,”
“r8,” and “r52” data sets. These results show that RF is a
powerful technique for text categorization. Moreover, DRFS
ranks 1.8, and is 1.4 higher than random forests (3.2) for the
average classification precision. On most data sets, DRFS
achieves a 1-4% higher classification accuracy rate than
RF, except on “lals,” “la2s,” “wap,” “r8,” and “r52.” That
is to say, in TC, our proposed method, DRFS, can utilize

diversity in component trees and select a proper subset of
trees in RF for ensemble. Specifically, by selecting training
sets (calculating the sample weights) carefully, DRFS
has the minimum rank and largest average classification
accuracy rate and outperforms J48, MNB, SVM, and RF. In
most cases, DRFS achieves the best performance when there
are enough training data for learning component trees, tree
weights, and sample weights. Consequently, our methods
obtain the best rank (1.8) in all experimental approaches.

Similarly, on text categorization data sets, our proposed
approach has more advantages than several typical methods,
and our method achieves the best performance (ranks and
win-tie-lose).

Conclusions

Random forests are widely used as an effective method to
improve accuracy of various component trees, which have a
variety of applications in pattern recognition, data mining,
and intelligent cybernetics. By improving random forests
via ensemble pruning, we propose a generic optimization
framework for ensembling diverse components in random

Table 4 Comparison of classification accuracy rates (average =+ standard deviation) of DRFS with typical methods for text categorization (%),
where the highest classification accuracy rate for each data set is highlighted in italics, the W/T/L row summarizes the comparison of DRFS
against other algorithm, and the rank row presents the average rank over all data sets

Data sets J48 MNB SVM RF GA-Div DRFS

Fbis 72.03 £ 2.07 77.30 £ 1.84 82.79 £ 1.07 82.74 £ 1.17 82.62 £0.72 83.35+1.20
lals 75.56 + 1.93 87.45 +0.51 87.83 £ 1.11 88.08 £+ 1.61 88.11 +2.88 88.05 £ 1.55
la2s 76.33 £+ 1.66 88.78 +£1.03 88.85+1.17 88.93 £ 1.60 89.00 £ 1.10 88.80 £ 1.60
oh0 81.05 £4.99 88.43 £+ 3.09 85.14 £2.85 88.03 £2.66 88.24 £2.95 88.03 £ 2.66
ohl10 68.38 £ 3.06 78.00 £ 3.80 76.29 + 4.54 80.95 £ 6.79 81.24 +4.50 81.14 £ 6.79
ohl5 72.39 £5.08 82.04 £ 1.81 76.88 + 3.74 80.49 £+ 5.08 80.85 £ 4.40 81.04 £5.10
oh5 80.71 £5.13 87.47 +£3.01 85.84 +4.68 87.58 £2.74 87.69 £ 4.54 89.32 +2.74
ohscal 70.23 £5.10 73.99 £ 1.14 76.63 £+ 1.49 80.87 £ 1.21 80.83 £ 1.61 80.93 + 3.21
re0 70.68 + 1.96 76.87 £ 4.32 81.25+4.30 81.32 £5.30 81.39 £5.23 81.52+5.26
rel 7743 £4.43 79.05 £ 6.16 81.83 +£4.23 81.81 £5.86 82.29 £3.76 82.35 +£5.86
trll 77.06 &+ 3.24 84.07 £ 3.07 87.20 £ 1.58 84.53 £2.87 84.53 £1.35 8841 +2.87
tr12 79.21 £ 4.05 81.76 +7.43 85.93 +£4.02 87.19 £5.33 87.81 £2.31 87.84 £ 5.33
tr21 77.95 +£17.25 60.09 £ 6.01 86.00 +4.21 85.31 £4.53 85.87 £5.12 86.28 = 4.46
tr23 92.68 +5.17 69.07 £9.13 83.34 + 4.66 83.89 £ 8.54 83.89 £+ 8.89 86.30 £ 8.54
31 93.53 £ 1.37 95.04 £1.35 97.09 £+ 0.82 97.19 £2.52 97.19 £ 1.17 97.52 +£2.52
trd1 92.03 £2.67 93.97 +£2.94 94.76 + 1.69 92.94 +2.35 92.94 £+ 1.85 93.96 £2.35
trd5 91.01 £1.50 82.46 +3.78 89.28 +£4.36 90.29 +4.51 90.29 £ 1.45 92.75 £4.51
wap 65.38 +2.58 79.94 £ 3.94 84.49 + 1.98 8271 £2.15 82.86 £2.12 81.23 £2.15
r8 88.84 £ 0.00 94.38 £+ 0.00 93.59 £+ 0.00 93.40 £ 0.11 93.34 +£0.25 94.53 +0.33
r52 80.87 £ 0.00 83.74 £ 0.00 87.15 + 0.00 82.70 £0.12 82.74 £0.21 84.51 £0.25
W/T/L(DRFS) 19/1/1 16/3/2 16/1/4 16/3/2 14/2/5 —

Rank 55 43 34 32 2.6 1.8
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forests, which takes into account both ensemble diversity
and sample weights. We also design an iterative learning
algorithm for DRFS, where the optimization problem is
simplified as a convex quadratic programming problem at
each iteration.

In the experiments, DRFS is compared with not only
conventional ensemble methods, e.g., original random
forests and SDP, on a variety of 39 UCI benchmark data
sets but also some typical methods for a real classification
application (text categorization), e.g., J48, multinomial
naive Bayes, support vector machines, and random forests.
All experimental results show that our proposed method
achieves very encouraging results.
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