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Existing works show that the rotation forest algorithm has competitive performance in terms of classiﬁcation
accuracy for gene expression data. However, most existing works only focus on the classiﬁcation accuracy and
neglect the classiﬁcation costs. In this study, we propose a cost-sensitive rotation forest algorithm for gene
expression data classiﬁcation. Three classiﬁcation costs, namely misclassiﬁcation cost, test cost and rejection
cost, are embedded into the rotation forest algorithm. This extension of the rotation forest algorithm is named
as cost-sensitive rotation forest algorithm. Experimental results show that the cost-sensitive rotation forest
algorithms eﬀectively reduce the classiﬁcation cost and make the classiﬁcation result more reliable.

1. Introduction
The increasingly polluted environment makes the cancer become
the most common fatal disease world-widely for the current century
[1]. The fast development of the Internet and database management
technologies makes the automated cancer diagnosis possible [2]. In
bioinformatics, various data mining and machine learning techniques
are proposed to assist the cancer diagnosis in the molecular level [3–7].
With the discovery of the DNA microarray, biologists believe that the
classiﬁcation of gene expression data provides important information
in cancer diagnosis [8–13]. The current research of the gene expression
data classiﬁcation problem focuses on the classiﬁcation accuracy, the
generalization ability, the complexity and understandability of the
algorithm, the stability of the classiﬁers and etc. However, it is usually
diﬃcult for traditional classiﬁers to achieve high and stable classiﬁcation results due to the three diﬃculties of the gene expression data
classiﬁcation, namely high dimension, imbalanced noisy data and small
sample size [14]. Besides the classiﬁcation accuracy, considering
classiﬁcation cost is also desired for gene expression data classiﬁcation
problems [15]. In this work, we take the classiﬁcation cost into
consideration and introduce a series of cost-sensitive learning algorithms to overcome the diﬃculties of the gene expression data
classiﬁcation.
Machine learning techniques, such as neural networks [16–18] and
support vector machine [19], are widely used in gene expression data
classiﬁcation problems, medical diagnostic analysis, industrial data
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analysis and etc., because of the high classiﬁcation accuracy. Decision
tree (DT) is a conventional machine learning model, which generally
presents a tree structure, and can be rewritten by a set of ‘if-else’ rules.
Each branch of DT represents a class of sample with common
characteristics in the feature space. There are many extensions of the
DT algorithm, such as EG2, ID3, C4.5, CART and etc. [20].
Random forest (RF) [21] is an ensemble classiﬁer that consists of
multiple DTs through a random splitting of the feature space. The
rotation forest (RoF) is developed based on RF by assembling multiple
DTs [22]. It segments the feature space into subspaces, extracts the
most important features from each subset and repeats the process to
obtain the most distinguishable training dataset and basic classiﬁers
for diﬀerent feature subspaces. Recently, Hosseinzadeh and Eftekhari
[23] proposed a high performance RoF for imbalance data classiﬁcation by adding fuzzy C-mean clustering method into the RoF classiﬁcation process. Fang et al. [24] utilized two improved RoF algorithms to
classify highly imbalanced data. Experiments showed satisfactory
results on the most widely used imbalanced measure criterion AUC.
The classiﬁcation costs mainly consist of three types, namely
misclassiﬁcation cost, test cost and rejection cost [25]. Hybrid learning
methods extend the conventional classiﬁers by embedding new factors
into the algorithms [26,27]. By embedding the classiﬁcation cost into
the traditional classiﬁers, many cost-sensitive classiﬁcation models are
proposed [28]. Zidelmal et al. [29] embedded classiﬁcation cost into
the support vector machine (SVM) to classify the ECG beat and
achieved average accuracy of 97.2% with no rejection and 98.8% for
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Table 1
Average classification cost for lung dataset and ovarian dataset.
Dataset

Sample Number

30

60

90

120

150

180

210

240

270

300

lung

RoF
C-RoF

0.761
0.661

0.628
0.75

0.67
0.629

0.755
0.551

0.652
0.587

0.634
0.548

0.511
0.505

0.633
0.482

0.697
0.477

0.622
0.452

ovarian

RoF
C-RoF

1.68
1.13

1.61
0.84

1.51
0.82

1.31
0.78

1.3
0.69

1.26
0.62

1.32
0.57

1.15
0.568

1.06
0.57

1.01
0.562

Fig. 1. Average misclassiﬁcation cost in lung dataset.

Fig. 3. Overall classiﬁcation accuracy in lung dataset.

Fig. 2. Average misclassiﬁcation cost in ovarian dataset.

Fig. 4. Overall classiﬁcation accuracy in ovarian dataset.

the minimal classiﬁcation cost. Gomes et al. [30] introduced a costsensitive minimal learning machine for pattern classiﬁcation. Lomax
et al. [31] conducted a survey for cost-sensitive DT algorithms. The
survey included 50 algorithms which almost covered all cost-sensitive
DT algorithms that have been developed in recent years. Lu et al. [32]
integrated the classiﬁcation costs into the extreme learning machine
(ELM) to improve the classiﬁcation accuracy of the ELM. Wang et al.
[33] proposed a Cost-sensitive boosting algorithm for imbalanced
multi-instance datasets.
This paper proposes a cost-sensitive RoF algorithm for the classi-

ﬁcation and cost-sensitive issues of imbalanced gene expression data.
First, we introduce the three main cost-sensitive factors into the gene
expression data classiﬁcation problem. Then, we embed the misclassiﬁcation cost into the DT to improve the classiﬁcation accuracy and
reduce the misclassiﬁcation cost of DT. Last, we embed the three
factors into the RoF to form three cost-sensitive RoF algorithms.
Experimental results show that the proposed three cost-sensitive RoF
algorithms signiﬁcantly reduce the average classiﬁcation cost with
guaranteed classiﬁcation accuracy rates. We list the major contributions of our work as follows:

Table 2
Classification accuracy for lung dataset and ovarian dataset.
Dataset

Sample Number

30

60

90

120

150

180

210

240

270

300

lung

RoF
C-RoF

0.591
0.498

0.625
0.538

0.698
0.573

0.655
0.608

0.821
0.693

0.83
0.782

0.848
0.72

0.856
0.755

0.878
0.738

0.86
0.8

ovarian

RoF
C-RoF

0.641
0.639

0.654
0.64

0.657
0.642

0.738
0.662

0.763
0.725

0.825
0.781

0.801
0.779

0.792
0.769

0.849
0.838

0.865
0.848
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Table 3
Average misclassification cost in lung dataset and ovarian dataset.
Dataset

Sample Number

30

60

90

120

150

180

210

240

270

300

lung

C & T-RoF
C-RoF

0.789
0.603

0.655
0.783

0.615
0.645

0.75
0.574

0.692
0.547

0.663
0.494

0.508
0.466

0.591
0.516

0.74
0.49

0.657
0.485

ovarian

C & T-RoF
C-RoF

1.6
1.41

1.61
1.218

1.514
1.124

1.32
1.098

1.312
1.045

1.23
0.971

1.322
0.875

1.175
0.864

1.154
0.825

1.01
0.789

Fig. 5. Average misclassiﬁcation cost in lung dataset.

Fig. 7. The rejection domain and average misclassiﬁcation cost.

Fig. 6. Average misclassiﬁcation cost in ovarian dataset.

•

•

Extending the conventional RoF algorithm by considering
costs. To address the high classiﬁcation cost issue in gene expression data classiﬁcation problems, we embed three diﬀerent classiﬁcation costs into the conventional RoF algorithm. The costsensitive extension of the RoF algorithm provides a new option for
gene expression data classiﬁcation problem, as well as broads the
application scope of the RoF.

•
272

Minimizing the classiﬁcation cost. Experimental results show
that the proposing cost-sensitive RoF has the minimal classiﬁcation
cost, comparing with existing approaches such as support vector
machine (SVM) and extreme learning machines (ELMs).
Signiﬁcant impacts on other related classiﬁcation problems. The successful extension of the RoF may impact the
literature to encourage the development of other similar cost-
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Table 4
Experimental results of different RoF algorithms.
Data

Average classification accuracy

Leukemia
Breast
CNS
Heart
Colon

Average misclassification cost

RoF

C-RoF

C & T-RoF

C & R-RoF

RoF

C-RoF

C & T-RoF

C & R-RoF

0.889
0.927
0.919
0.823
0.893

0.896
0.867
0.896
0.817
0.847

0.893
0.857
0.825
0.793
0.840

0.886
0.863
0.875
0.786
0.836

0.214
0.363
0.253
0.624
0.348

0.195
0.322
0.216
0.582
0.289

0.148
0.252
0.207
0.513
0.308

0.168
0.237
0.133
0.451
0.256

Table 5
Experimental results comparing C & R-RoF with existing algorithms.
Data

Overall classification accuracy

ALL
Breast
CNS
Heart
Colon

Average misclassification cost

C & R-RoF

ELM

SVM

CS-ELM

C & R-RoF

ELM

SVM

CS-ELM

0.865
0.863
0.875
0.786
0.836

0.876
0.746
0.887
0.743
0.895

0.853
0.784
0.903
0.795
0.872

0.811
0.728
0.837
0.625
0.825

0.207
0.237
0.133
0.451
0.256

0.447
0.756
0.554
1.054
0.401

0.857
0.908
0.734
0.947
0.618

0.376
0.652
0.256
0.683
0.279

arg min∑ P(j|x )⋅C (i , j ),

sensitive classiﬁers. From the literature, we see more cost-sensitive
classiﬁers are developing in progress and applied to various
imbalance dataset problems.

j

The class label with the lowest cost is chosen as the ﬁnal category,
which minimizesR(i|x ) = ∑j P(j|x )⋅C (i , j ).
For multi-classiﬁcation problems, the scenario is similar. Suppose x
satisﬁes the condition P(p|x) =1-P(n|x). Regular classiﬁer classiﬁes x
into class p if P(p|x) > P(n|x). This result can be altered if the costsensitive factors are taken into consideration.
Considering the case that P(p|x) =0.4, P(n|x) =0.6, C(p,n) =1 and
P(n,p) =3, the misclassiﬁcation cost can be expressed as:

2. A cost-sensitive rotation forest algorithm for gene
expression data classiﬁcation
The classiﬁcation cost can be generally divided into three types:
misclassiﬁcation cost, test cost and rejection cost. In this study, we
introduce all three diﬀerent costs and embed them into the RoF to
improve the classiﬁer on the aspect of balancing between classiﬁcation
accuracy and classiﬁcation cost.

R(p|x ) = ∑j P(j|x )⋅C (p , j ) = p(n|x )⋅C (p , n ) = 0.6
R(n|x ) = ∑j P(j|x )⋅C (n, j ) = p(p|x )⋅C (n, p) = 1.2

2.1. Misclassiﬁcation cost

2.2. Test cost
Test cost refers to the expenses of obtaining attribute values. For
each test (including property test, measurement test and feature test),
there is a corresponding test cost. Test cost is usually used in
cooperating with the misclassiﬁcation cost. In modern cost-sensitive
classiﬁer design [20,25,34,35], the splitting attribute is always required
to be chosen based on minimizing the sum of misclassiﬁcation cost and
test costs.
Embedding only misclassiﬁcation cost into the classiﬁers may result
in classiﬁcation accuracy decrement because of the imbalanced splitting of the original dataset. A concrete example can be found in Section
3.1. By considering the combination of misclassiﬁcation cost and test
cost, the splitting attribute is selected by the minimal summation of the
test cost and the misclassiﬁcation cost. The tradeoﬀs between the
misclassiﬁcation cost and test cost can be balanced. For the detailed
explanation of the relationship between the misclassiﬁcation cost and
test cost, readers may refer to the work in Ref. [25].

(1)

where C00(True Positive, TP) and C11(True Negative, TN) represent
the cost value of correct classiﬁcation. C01(False Positive, FP) and
C10(False Negative, FN) represent the misclassiﬁcation costs. We
denote C[j] as the expected cost of jth class sample:
k

C [j ] =

∑ C[i, j ],
i =1

(4)

the sample x is classiﬁed into class p, according to the principle of
minimum total cost. The probability of P(p|x) is 0.25, by considering
the misclassiﬁcation cost. Compared with the traditional classiﬁcation
method based on accuracy, the embedding of misclassiﬁcation cost
changes the classiﬁcation boundary which alters the ﬁnal classiﬁcation
results.

The misclassiﬁcation cost is the penalty value for misclassiﬁcation
and extended by the misclassiﬁcation rate. In real-world applications,
the misclassiﬁcation cost determines the penalty factor in the classiﬁers.
Suppose that a degree-k square matrix deﬁnes a dataset with k
classes of samples. Then, the cost matrix Cij represents the misclassiﬁcation cost of the ith class sample that is misclassiﬁed into the jth
class. All diagonal values of Cij are set to zeros. For example, in a binary
classiﬁcation problem, the misclassiﬁcation cost matrix C is written as:

⎡c c ⎤
C = ⎢ c00 c01⎥ ,
⎣ 10 11 ⎦

(3)

(2)

The misclassiﬁcation cost matrix C =[0,3;5,0] means that the cost of
misclassifying the ﬁrst class as the second class is 3 and the cost of
misclassifying the second class as the ﬁrst class is 5.
In the classiﬁcation process, samples are always classiﬁed into the
class of the lowest risk class by Bayesian decision theory:
273
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I (t ) = 2 × P(t ) × (1 − P(t )),

2.3. Rejection Cost

where P(t) indicates the number of positive sample at node t.
The DT chooses the child node whose ‘impurity’ decreases the
fastest to determine the split direction in t:

In real-world classiﬁcation process, it is possible that the possibilities of a certain sample belonging to multiple classes are close. In this
case, the misclassiﬁcation risk increases without considering the
rejection cost and the rejection strategies [26]. For each sample testing
we set a threshold value δ to control the ‘reject’ operation. Similar to
the misclassiﬁcation cost calculation, the total cost is minimized by
optimization. For an arbitrary sample t, if t satisﬁes:

ΔI (t ) = I (t ) − qI (tL ) − (1 − q )I (tR ),

IC (t ) =

i ∈ [c1, ⋯cn], i ≠ s.

ΔIC (t ) = IC (t ) − qIC (tL ) − (1 − q )IC (tR ).

ICFA =

(7)

weight (i ) = Cost (i )

(14)

N
.
n
∑ j =1 Cost (j )Nj

(15)

C4.5_cs also uses information gains as evaluation standards. The
leaf nodes are formed diﬀerently because of the sample weights. We
calculate the weight of each leaf node as:

Pweight (i ) =
(8)

weight (i ) × Ni
.
n
∑ j =1 weight (j )Nj

(16)

In summary, the C4.5_cs algorithm improves the classiﬁcation
accuracy of the classes with higher misclassiﬁcation costs.

2.4. Embedding misclassiﬁcation cost and test cost into DT

2.5. Cost-sensitive RoFs

The conventional DT algorithm [34] focuses on the classiﬁcation
accuracy optimization, which easily leads to over-ﬁtting for multi-class
classiﬁcation. In DT, each ‘if-else’ branch is formed by choosing a
splitting attribute in the dataset which splits the dataset into two
subsets. While the misclassiﬁcation cost and test cost are nonnegligible, we have to choose the splitting attributes that minimize
the misclassiﬁcation cost and embed the cost-sensitivity into DT.
The EG2 algorithm [36] employs both the information gain and
testing cost factors. The information gain is represented by information
cost function (ICF). Assuming that A is the splitting attribute, the
information cost of A is:

2Gain(A) − 1
. (0 ≤ ω ≤ 1),
(CA + 1)ω

2ΔIC (A) − 1
(0 ≤ ω ≤ 1).
(CA + 1)ω

Cost-Sensitive C4.5 (C4.5_cs) algorithm [39] introduces the
weights of the samples to make the DT cost-sensitive. Weight is deﬁned
by combining the sample value and the classiﬁcation cost. Samples
with higher weights have higher inﬂuence values in the classiﬁcation
process comparing with the remaining samples.
Assume that there are N training sets T with n classes, Cost(j)
represents the classiﬁcation cost of class j. The weights of samples can
be calculated as follows:

where i , j ∈ {0, n , p}.

ICFA =

(13)

By combining Equations from Eq. (9) to Eq. (13), we have:

The variable tx represents the ﬁnal class label.
In summary, for a given test sample ty, and a combined costs
matrix C = {C (p , n ), C (n, p), C (0, n ), C (0, p )}, where c(p , n ) and c(n , p)
represent the misclassiﬁcation costs; c(o , n ) and c(o , p) represent the
rejection cost. According to the principle of risk minimization, the ﬁnal
class label of ty is:

⎧
⎫
⎪
⎪
ty = argmin{R(i|t )} = argmin⎨∑ P(j|x )⋅C (i , j )⎬ ,
⎪
⎪
i
i
⎩ j
⎭

(12)

By replacing ΔI in formula (11) with Ic in formula Eq. (12), we
have:

(6)

If f (t ) > δ , the sample is processed with regular procedures;
otherwise, the sample must be processed by rejection test before the
regular classiﬁcation steps. We use a binary classiﬁcation example to
explain the steps of rejection test:
For a sample t, if P(n|t) - P(p|t) > δ, the label of t is n. If P(n|t) P(p|t) < -δ, the label of t is p. If |P(n|t) - P(p|t)| < δ, the rejection
strategy is executed.
The above statements can be rewritten as:

⎧ n , P ( n| t ) − P ( p | t ) > δ
⎪
tx = ⎨ p , P(n|t ) − P(p|t ) < − δ .
⎪ 0, |P(n|t ) − P(p|t )| < δ
⎩

∑ Cijp(i /t )p(j /t ).
i, j

where i ∈ [c1, ⋯cn] and i ≠ s . The rejection function is deﬁned as:

f (t ) = P(s|t ) − max {P(i|t )},

(11)

where q represents the sample proportion of the left sub-node. The
misclassiﬁcation cost is:

(5)

P(s|t ) > max {P(i|t )},

(10)

RoFs are ensemble classiﬁers based on DTs. After embedding
classiﬁcation costs into the DT, we form the cost-sensitive RoF using
the cost-sensitive DTs as base classiﬁers. Since there are diﬀerent types
of cost-sensitive DTs, we propose three approaches for cost-sensitive
RoF construction:

•
•
•

A misclassiﬁcation cost embedded RoF (C-RoF) classiﬁer is constructed based on the C4.5_cs.
A misclassiﬁcation and test costs embedded RoF (C & T-RoF)
classiﬁer is constructed based on the EG2.
A misclassiﬁcation and rejection costs embedded RoF (C & R-RoF)
classiﬁer is constructed based on C-RoF.

(9)
The purpose of listing three approaches is to show a progressive
cost-reduction process of the RoF algorithm and compare the results of
embedding diﬀerent cost factors. As shown in the experimental results
in Section 3, the C & R-RoF achieves the best performance with
minimal classiﬁcation cost and competitive classiﬁcation accuracy.
Both C-RoF and C & T-RoF reduce the classiﬁcation cost, whereas the
classiﬁcation accuracy drops.
The detailed steps of constructing the proposing cost-sensitive RoF
algorithms are presented as follows:

where Gain(A) represents the information gain. CA represents test cost
of attributes, which is determined based on experience or an expert
system. Parameter ω is used to adjust the size of the information cost
and the inﬂuence level of the test cost.
The EG2 algorithm is modiﬁed according to the principle of CART
to include both misclassiﬁcation cost and test cost. The CART decision
tree usually measures the ‘impurity’ of nodes as the standard of
choosing splitting attributes. If all data nodes come from the same
class, then the ‘impurity’ is 0. If the classes are evenly distributed on
data nodes, then the ‘impurity’ of nodes is big. In CART, we use the
Gini coeﬃcient [37,38] to indicate the ‘impurity’:

(1) Divide original feature space into K disjoint subspaces.

274
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misclassiﬁcation cost and the test cost into account during the
classiﬁcation process.

(2) Get bootstrap dataset using the Bagging method [40,41].
(3) Take principal component analysis (PCA) for every feature subset
sample and retain all Eigen-values. Calculate the rotation matrix
according to the deﬁnition in conventional RoF.
(4) Transform the training samples using rotation matrix.
(5) Choose three types of cost-sensitive DTs as the base classiﬁer and
form the three types cost-sensitive RoFs.

3.3. Experimental results for C & R-RoF
The experiment applies the C & R-RoF method on the lung dataset
ﬁrst, and then expands it to other datasets. According to the suggested
setting in Ref. [26], we set the rejection cost to C(0,1)=C(0,−1)=0.2. We
gradually increase the value of rejection threshold δ (from 0 to 0.5) and
set the step length to be 0.01.
From Fig. 7, we can see that the average misclassiﬁcation cost is
minimized when the rejection threshold δ=0.07. The cost-sensitive RoF
eﬀectively reduces the misclassiﬁcation costs and shows competitive
classiﬁcation accuracy (Table 4).
We also compare the average classiﬁcation accuracy and the
misclassiﬁcation cost of the ﬁnal product C & R-RoF with other existing
classiﬁers. In Table 5, we compare the C & R-RoF with ELM, SVM and
cost-sensitive ELM [32]. The results show that the C & R-RoF produces
the minimal misclassiﬁcation cost with competitive overall classiﬁcation accuracy rates.

3. Results and analyses
We test all three cost-sensitive RoF algorithms on seven diﬀerent
gene expression datasets, namely lung, ovarian, acute lymphocytic
leukemia (ALL), mixed lineage leukemia (MLL), breast, central nervous
system (CNS) and colon with diﬀerent focuses. In the experiment for
the C-RoF, we focus on the average misclassiﬁcation cost and overall
accuracy comparison between C-RoF and conventional RoF. The C-RoF
algorithm signiﬁcantly reduces the misclassiﬁcation cost but loses the
overall classiﬁcation accuracy. For C & T-RoF, both misclassiﬁcation
cost and test cost are embedded into the RoF to balance the tradeoﬀ
between misclassiﬁcation cost reduction and classiﬁcation accuracy. In
the last experiment, we focus on ﬁnding the most appropriate rejection
threshold. The objective of ﬁnding such a threshold is to catch the same
level of classiﬁcation accuracy as the original RoF with reduced
misclassiﬁcation cost.

4. Conclusion
This work has embedded the misclassiﬁcation and test costs into
the DT, and proposed three cost-sensitive RoF algorithms for gene
expression data classiﬁcation. The experimental results have shown
that the C & R-RoF algorithm reduces the classiﬁcation cost signiﬁcantly. Moreover, the three cost-sensitive RoF algorithms improve the
conventional RoF algorithm for dealing with linearly inseparable data.
Although the overall classiﬁcation accuracy is improved little, the
classiﬁcation accuracy for the minority class might be improved due to
the embedding of classiﬁcation costs into the RoF. The overall
classiﬁcation accuracy measure rises if we add diﬀerent weights to
true negative classiﬁcation and true positive classiﬁcation [44].
Our future works include the study of integrating the cost-sensitive
factors into other strong classiﬁers. For example, the ELM [45] is
currently a popular learning method because of its fast learning speed.
Our recent works show that the ELM eﬀectively classiﬁes the gene
expression data with high accuracy rates [46,47]. We will integrate
cost-sensitive factors into ELM to further improve the ELM's classiﬁcation stability in the near future.

3.1. Experimental results for C-RoF
In this experiment, we apply C-RoF to two datasets, namely the
lung dataset and the ovarian dataset, where lung dataset has 181
samples with two diﬀerent classes of the division 31:150. The ovarian
dataset have 253 samples with two classes, in which 192 samples are
labeled as 0 and the rest 61 samples are labeled as 1. The proportion is
3:1. The test result is evaluated by calculating the average cost taken by
each classiﬁer.
The average misclassiﬁcation costs are shown in Table 1 and also
depicted in Figs. 1 and 2. The overall classiﬁcation accuracy rates are
shown in Table 2 and also depicted in Figs. 3 and 4. All tests are
repeated 30 times to obtain the average misclassiﬁcation cost and
classiﬁcation accuracy.
By comparing Fig. 1 with Fig. 2, it shows that the average
misclassiﬁcation cost decreases signiﬁcantly by using C-RoF.
However, the overall classiﬁcation accuracy of C-RoF drops after
comparing Fig. 3 with 4. The decrement of the classiﬁcation accuracy
is due to the lack of density problem from an imbalanced data point of
view when the C-RoF method chooses diﬀerent splitting attributes
[42]. The C-RoF method prefers splitting with attributes in low-cost
direction, which alters the original way of splitting the dataset.
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3.2. Experimental results for C & T-RoF
In C & T-RoF, not only the misclassiﬁcation cost is embedded into
the RoF algorithm, but the test cost is also embedded. In this
experiment, we calculate the test cost for each attribute. The splitting
attribute is selected by the minimal summation of the test cost and the
misclassiﬁcation cost.
According to Formula (9), we set parameterω to 0, and increase it
gradually by 0.05 untilω=1. Diﬀerentω values correspond to diﬀerent
information cost functions. The misclassiﬁcation costs can be calculated by the minimal value of ω which is obtained by the Out-of-Bag
method [43]. For the simplicity of computation, we use the same ω
value for all base DT classiﬁers of the same dataset. After crossvalidating, we set ω1 =0.6, ω2 =0.8.
The average misclassiﬁcation costs are shown in Table 3 and also
depicted in Figs. 5 and 6. Comparing C & T-RoF with C-RoF, the
tradeoﬀs between the misclassiﬁcation cost and classiﬁcation accuracy
are further balanced, since the fundamental DT classiﬁer takes both the
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