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Abstract It has been demonstrated how random subspaces can be used to create a

Diversified Random Forest, which in turn can lead to better performance in terms of

predictive accuracy. Motivated by the fact that each subsforest is built using a set of

features that can overlap with those sets of features in other subforests, we hypoth-

esise that using Replicator Dynamics can perform a collective feature engineering,

by allowing subforests with better performance to grow and those with lower perfor-

mance to shrink. In this paper, we propose a new method to further improve the per-

formance of Diversified Random Forest using Replicator Dynamics which has been

used extensively in evolutionary game dynamics. A thorough experimental study on

15 real datasets showed favourable results, demonstrating the potential of the pro-

posed method. Some experiments reported a boost in predictive accuracy of over

10 % consistently, evidencing the effectiveness of the iterative feature engineering

achieved through the Replicator Dynamics procedure.

1 Introduction

Diversified Random Forest (DRF) [8] is an extension of Random Forest (RF) which

is an ensemble learning technique used for classification and regression. Ensemble

learning is a supervised machine learning paradigm where multiple models are used

to solve the same problem [23]. Since single classifier systems have limited predic-

tive performance [20, 23, 25, 29], ensemble classification was developed to over-

come this limitation [20, 23, 25], and thus boosting the accuracy of classification.

In such an ensemble, multiple classifiers are used. In its basic mechanism, majority
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voting is then used to determine the class label for unlabelled instances where each

classifier in the ensemble is asked to predict the class label of the instance being con-

sidered. Once all the classifiers have been queried, the class that receives the greatest

number of votes is returned as the final decision of the ensemble.

Boosting, bagging, and stacking are the three widely used and adopted ensem-

ble methods. Boosting is an incremental process of building a sequence of classi-

fiers, where each classifier has the incorrectly classified instances of the previous

one in the sequence emphasised. AdaBoost [11] is the representative of this class

of techniques. However, AdaBoost is prone to overfitting, due to the nature of the

process. The other class of ensemble approaches is the bootstrap aggregating (bag-

ging) [4]. Bagging involves building each classifier in the ensemble using a randomly

drawn bootstrap sample of the data, having each classifier giving an equal vote when

classifying unlabelled instances. Bagging is known to be more robust than boosting

against model overfitting. Random Forest (RF) is the main representative of bagging

[5]. Stacking (sometimes called stacked generalisation) extends the cross-validation

technique that partitions the dataset into a held-in data set and a held-out data set;

training the models on the held-in data; and then choosing whichever of those trained

models performs best on the held-out data. Instead of choosing among the models,

stacking combines them, thereby typically getting performance better than any sin-

gle one of the trained models [28]. It is worth noting that each of these three methods

diversify among the classifiers of the ensemble. Diversity plays an important role in

the success of the ensemble.

Since RF has been proved to be the state-of-the-art ensemble classification tech-

nique, and since it has been proven empirically that ensembles tend to yield better

results when there is a significant diversity among the models [1, 6, 18, 26], DRF

was developed as an extension of RF by injecting a new level of diversity [8]. An

observation in DRF has motivated the work proposed in this paper; that subforests

created in DRF can exhibit varying discriminative power according to the randomly

drawn subspace (more details about DRF is given later in the paper). We hypothesise

that if suforests with relatively better accuracy are allowed to grow, and those with

less accuracy can shrink, we can perform inherit feature engineering of the ensem-

ble in a collective manner. This is done by means of subforest growth and shrinking

that can be looked at as emphasising a set of features collectively over other sets.

This unique way of feature engineering allows for feature interactivity to take place,

thus providing a new method that favours feature co-existence in some subforests.

As such, this paper investigates how to further boost the performance of DRF by

using Replicator Dynamics that provides the mechanism for growing and shrinking

subforests.

This paper is organised as follows. First, an overview of DRF is presented in

Sect. 2. This is followed by Sect. 3 that presents a brief introduction to Replicator

Dynamics. Section 4 demonstrates how Replicator Dynamics can be utilised to boost

the performance of DRF. Experimental results demonstrating the superiority of the

proposed method is detailed in Sect. 5. In Sect. 6, we describe related work. The

paper is then concluded with a summary and pointers to future directions in Sect. 7.
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2 Diversified Random Forests: An Overview

As detailed in [8], creating an DRF proceeds as follows. First, from the training set,

we create a number of random subspaces. The number of subspaces is determined

by the following equation:

Subspaces = 𝛼 × Z (1)

where 𝛼 denotes the subspace factor such that 0 < 𝛼 ≤ 1, and Z is the size of DRF

to be created. Each subspace will contain a fixed randomized subset of the total

number of features and will correspond to a sub-forest. A projected training dataset

will be then created for each subspace and will be used to create the trees in the

corresponding sub-forest. The following equation calculates the number of trees in

each sub-forest:

Trees = Z
Subspaces

(2)

Next, a weight is assigned to each projected training dataset using the Absolute
Predictive Power (APP) given by Cuzzocrea et al. [7]. Given a dataset S, the APP is

defined by the following equation:

APP(S) = 1
|Att(S)|

×
∑

A∈Att(S)

I(S,A)
E(S)

(3)

where E(S) is the entropy of a given dataset S having K instances and I(S,A) is

the information gain of a given attribute A in a dataset S. E(S) is a measure of the

uncertainty in a random variable and is given by the following equation:

E(S) =
K∑

i=1
−pi(xi) log2 pi(xi) (4)

where xi refers to a generic instance of S and pi(xi) denotes the probability that the

instance xi occurs in S. I(S,A) is given by the following equation:

I(S,A) = E(S) −
∑

v∈Val(A)

(
|Sv|
|S|

)

E(Sv) (5)

where E(S) denotes the entropy of S, Val(A) denotes the set of possible values for A,

Sv refers to the subset of S for which A has the value v, and E(Sv) denotes the entropy

of Sv.
The weight given in Eq. 3 above will be inherited by the corresponding sub-forest

and will be used in the voting process. This means that the standard voting technique,

currently used in the standard RF, is going to be replaced by a weighted voting tech-

nique, in order to classify the instances in the testing dataset.
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3 Replicator Dynamics

Replicator Dynamics (RD) is a deterministic monotone non-linear and also non-

innovative game dynamic (older solutions are obsolete) used in evolutionary game

theory [16, 27]. It provides a convenient way to represent selection among a popula-

tion of diverse types. To illustrate how it works, assume that selection occurs between

periods after dividing time into discrete periods. The proportion of each type in the

next period is given by the replicator equation as a function of the type’s payoffs and

its current proportion in the population. Types that score above the average payoffs

increase in proportion, while types that score below the average payoffs decrease in

proportion. The amount of increase or decrease depends on a type’s proportion in

the current population and on it’s relative payoffs.

The most general continuous form is given by the differential equation

ẋi = xi[fi(x) − 𝜙(x)] (6)

such that

𝜙(x) =
n∑

j=1
xjfj(x) (7)

where xi is the proportion of type i in the population, x = (x1,… , xn) is the vector

of the distribution of types in the population, fi(x) is the fitness of type i (which is

dependent on the population), and 𝜙(x) is the average population fitness (given by

the weighted average of the fitness of the n types in the population).

In the next section, we shall see how to apply these equations in order to boost

the performance of an DRF. To the best of our knowledge, RD has never been used

before in ensemble learning.

4 Applying Replicator Dynamics to an DRF

As was detailed in Sect. 2, the population is n sub-forests where each sub-forest rep-

resents a type. The discrete periods mentioned in the previous section correspond

to loop iterations. At each iteration, the accuracy of the sub-forest being processed

is compared with the average accuracy of the entire DRF which is calculated as the

average accuracy of the sub-forests. If it is greater, then the size of the sub-forest

grows and if it less, the size shrinks.

For growing and shrinking the sub-forest, two variations will be used. In the first

one, the size grows/shrinks by a fixed number as shown in the following equations:

treesToAdd = 𝛽 (8)

treesToRemove = 𝛾 (9)
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In the second variation, the sub-forest grows/shrinks by adding/removing a vari-

able number of trees according to the following equations:

treesToAdd = ⌊((subforestAccuracy(i) − DRFAccuracy) × numTrees)⌋ (10)

treesToRemove = ⌊((DRFAccuracy − subforestAccuracy(i)) × numTrees)⌋ (11)

where subforestAccuracy(i) refers to the accuracy of subforest(i) being processed,

and numTrees refers to the initial number of trees that was used to construct the sub-

forest (given by Eq. 2 above). The floor function maps a real number to the largest

previous integer. The DRFAccuracy refers to the average accuracy of the entire DRF

which can be calculated as follows:

DRFAccuracy = 1
Subspaces

Subspaces∑

i=1
subforestAccuracy(i) (12)

where the constant Subspaces is given by Eq. 1.

Figure 1 outlines the main steps involved in applying RD to a DRF to further

optimise its performance. As shown in the figure, RD is performed over DRF in an

iterative procedure. Thus, we can identify two main stages to the method proposed

in this paper: (1) building a DRF; and (2) applying RD a preset number of iterations.

The outcome is a number of subforests, each with potentially a different number of

trees than the number initially set when building the DRF in the first step.

Algorithm 1 illustrates how RD can be applied to a DRF to grow or shrink the

subs-forests. At each iteration, the average accuracy of all subforests is calculated

as well as the accuracy of each subforest. This process is used to determine those

subforests that have an above average accuracy to grow them further. On the other

hand, subforests that have accuracy below the calculated average are forced to shrink.

Fig. 1 Applying RD to an

DRF
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The process performs inherit collective feature engineering, as subforets that grow

have the features that collectively produce accurate trees.

Algorithm 1 Applying Replicator Dynamics to a DRF

{User Settings}

input DRF
input numberofIterations
{Process}

for i = 1 → numberofIterations do
for j = 1 → DRF.numberofSubforests() do

DRFAccuracy ← CalculateDRFAccuracy(DRF)

subforestAccuracy ← CalculateSubforestAccuracy(DRF.subforest(j))

if (subforestAccuracy > DRFAccuracy) then
Apply Eq. 8 or 10 to determine treestoAdd

AddTrees(DRF.subforest(j), treestoAdd)

else if (subforestAccuracy < DRFAccuracy) then
Apply Eq. 9 or 11 to determine treesToRemove

RemoveTrees(DRF.subforest(j), treestoRemove)

end if
end for

end for
{Output}

A new DRF with grown or shrunk sub-forests

5 Experimental Study

Several experiments were performed on 15 real datasets from the UCI repository [2].

All the DRFs created had an initial size of 500 trees.

We used 2 subspace factors of 2 and 4 %. According to Eq. 1, these factors pro-

duced DRFs with 10 and 20 sub-forests respectively. We used a random 70 % of the

features for each subspace, which has proved empirically to lead good performance

in the traditional version of DRF. By Eq. 2, each sub-forest contained 50 trees for

the DRF with 10 sub-forests, and 25 trees for the DRF with 20 sub-forests. For the

number of iterations (refer to Number of Iterations in Algorithm 1 above), we used

25, 50, 100, 150, and 1000 iterations. Table 1 lists the different experimental scenar-

ios that will be discussed in details later on in the paper. It is worth pointing out that

results reported in this section captured all the experiments that have been carried

out. However, due to space limitation, the results of each scenario are summarized

in a separate table, followed by a detailed table of winning solutions that represent

the significant difference in accuracy that has been achieved frequently.

In the first set of experiments, we used the first variation given by Eqs. 8 and 9

above. Here we chose 𝛽 = 𝛾 = 1, therefore, only 1 tree may be added/removed in

each iteration. A new experiment was performed on each of the 10 scenarios listed
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Table 1 Scenario reference table

Scenario# Number of sub-forests Number of trees per

sub-forest

Number of iterations

1 10 50 25

2 10 50 50

3 10 50 100

4 10 50 150

5 10 50 1000

6 20 25 25

7 20 25 50

8 20 25 100

9 20 25 150

10 20 25 1000

in Table 1. We then compared the performance of DRF before and after applying RD

to see if there is a performance gain and recorded the number of wins, losses, and ties

sorted by number of wins in descending order as shown in Table 2. As shown in the

table, the number of wins of the new DRF (after applying RD) exceeded the number

of losses in the majority of the scenarios. By wins we refer to the number of datasets

where the new DRF outperformed the initial DRF. In fact, with the exception of

scenario 2, the adoption of RD has consistently shown superiority. It is worth noting

that the number of iterations in this scenario is only 50. This suggests that the larger

number of iterations can results in a better performance. We argue that with the larger

number of iterations, the feature engineering process is stabilised.

Table 2 First experiments

set results
Scenario Wins Losses Ties

8 6 4 5

9 6 4 5

4 6 2 7

3 6 3 6

6 6 3 6

1 5 1 9

7 5 4 6

5 5 4 6

10 4 4 7

2 3 4 8
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Accuracy of the winning datasets is shown in Table 3. As demonstrated in the

table, the improvement in the accuracy after applying RD can be very significant (e.g.

in scenario 5, for the squash-unstored dataset, the accuracy was boosted from 61.1 to

77.7 %). This provides the evidence of the positive effect of the feature engineering

provided by the RD process.

In the second set of experiments and using again the first variation, performance

was compared with traditional RFs of identical size (500 trees). Table 4 shows the

results. Once again, the number of wins exceeded the number of losses in the major-

ity of the scenarios. In this experiment, scenario 10 that was experimented with 1000

iterations of RD has shown the best performance in terms of predictive accuracy.

This also confirms that feature engineering through RD requires a large number of

iterations to stabilise, as we argued in the first set of experiments.

Table 5 shows the accuracy of the winning datasets. As DRF has already improved

the performance of the ensemble, the results in this table show more datasets that

have had their accuracy boosted. It is important to note that the boost in the accuracy

is due to two factors: (1) the diversification achieved through random subspacing;

and (2) the feature engineering provided through RD.

The third and fourth set of experiments were performed using the second varia-

tion given by Eqs. 10 and 11 above where a fraction of the initial number of trees

in the sub-forest may be added or removed. Similar to Table 2, Table 6 compares

the performance of DRF with itself before and after applying RD. This represents

the typical implementation of the RD, where the subforest with a considerable over

average accuracy can grow with more than one tree in each iteration.

Table 7 shows the accuracy of the winning datasets. As demonstrated in the pre-

viously discussed experiments, the increase in accuracy is significant in some of the

datasets, suggesting the effectiveness of RD in the feature engineering process.

Likewise, Table 8 is similar to Table 4 where the DRFs (after applying RD) are

compared with traditional RFs of identical size. As was the case with the first and

second set of experiments, favourable results were achieved since, as demonstrated

in these tables, the number of wins exceeded the number of losses in the majority

of the scenarios. We also note that the two scenarios with the highest number of

iterations (1000 iterations) have demonstrated the best performance. This confirms

that a large number of iterations is required for the feature engineering to be effective,

as argued earlier in this experimental study.

Accuracy of the winning datasets is shown in Table 9. Significant boost in the

performance has been demonstrated as shown in the table.

The extensive experimental study discussed in this section has demonstrated the

effectiveness of the Replicator Dynamics in collective feature engineering. As sub-

forests that contain subspaces with high discriminative power features can grow–so

that their contributions to the vote also grow. On the other hand, subforests that con-

tain subspaces with low discriminative power features can shrink, and potentially

disappear.



A Replicator Dynamics Approach to Collective Feature . . . 33

Table 3 First experiments set winning datasets accuracy

Scenario Dataset Accuracy before (%) Accuracy after (%)

8 Squash-unstored 61.11 77.78

Vote 96.62 97.30

Vehicle 72.92 74.65

Eucalyptus 23.60 29.60

Audit 96.76 96.91

Soybean 77.59 78.88

9 Squash-unstored 61.11 77.78

Vehicle 72.57 73.96

Eucalyptus 280 28.80

Sonar 00.00 01.41

Audit 96.62 97.06

Soybean 73.71 85.78

4 Squash-unstored 61.11 72.22

Squash-stored 44.44 50.00

White clover 61.90 66.67

Vehicle 72.57 72.92

Eucalyptus 20.80 26.40

Credit 77.94 78.82

3 Squash-unstored 61.11 66.67

Glass 10.96 12.33

Diabetes 74.33 74.71

Vehicle 70.83 72.57

Eucalyptus 18.00 24.00

Sonar 00.00 01.41

6 Squash-unstored 61.11 66.67

Diabetes 73.56 75.10

Vehicle 72.22 73.26

Eucalyptus 22.00 26.40

Credit 75.29 76.18

Audit 96.47 96.76

1 Diabetes 72.41 73.18

Vehicle 73.61 75.00

Eucalyptus 21.20 26.40

Credit 75.29 76.18

Soybean 73.71 76.29

7 Squash-unstored 61.11 66.66

Diabetes 73.56 73.95

Vehicle 73.26 73.61

Eucalyptus 28.00 29.20

Audit 97.06 97.21

(continued)
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Table 3 (continued)

Scenario Dataset Accuracy before (%) Accuracy after (%)

5 Squash-unstored 50.00 61.11

White clover 61.90 66.67

Vehicle 72.92 73.26

Eucalyptus 17.20 24.00

Soybean 73.28 75.43

10 Pasture 33.33 41.67

Squash-unstored 61.11 72.22

Eucalyptus 23.60 30.40

Soybean 77.15 79.74

2 Squash-unstored 55.56 61.11

Eucalyptus 21.60 24.00

Credit 74.12 76.18

Table 4 Second experiments

set results
Scenario Wins Losses Ties

10 9 4 2

1 8 4 3

6 8 4 3

7 8 4 3

3 8 5 2

9 8 4 3

4 7 4 4

2 6 4 5

8 6 6 3

5 5 6 4

6 Related Work

Random Forest has proved to be the state-of-the-art classification technique when

compared with other methods in a recent large scale experimental study [10]. Previ-

ous work to enhance its performance has been also reported recently in [9]. However,

feature engineering through an evolutionary method like Replicator Dynamics has

not been attempted.

As aforementioned, RD has been used extensively in the domain of evolutionary

game theory [13–16, 21, 24, 27]. To a lesser extent, however, it was also used in

other domains. In medicine, [19] used RD to analyse fMRI data of the human brain.

In mathematical ecology, [3] used RD to describe the interaction of two populations

over time. In mathematical biology, [17] used RD in the study of permanence, i.e., the

study of the long-term survival of each species in a set of populations. Multi-agent
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Table 5 Second experiments set winning datasets accuracy

Scenario Dataset Accuracy classic RF (%) Accuracy DRF (%)

10 Pasture 41.67 41.67

Squash-unstored 61.11 72.22

Diabetes 73.56 74.71

Vehicle 72.92 73.96

Eucalyptus 21.20 30.40

Sonar 00.00 01.41

Credit 75.88 76.76

Audit 96.32 96.91

Soybean 75.86 79.74

1 Pasture 41.67 41.67

Breast-cancer 72.16 75.26

Vehicle 72.92 75.00

Eucalyptus 21.20 26.40

Sonar 00.00 01.41

Credit 75.88 76.18

Audit 96.32 96.76

Soybean 75.86 76.29

6 Pasture 41.67 41.67

Squash-unstored 61.11 66.67

Diabetes 73.56 75.09

Vehicle 72.92 73.26

Eucalyptus 21.20 26.40

Credit 75.88 76.18

Audit 96.32 96.76

Soybean 75.86 76.29

7 Pasture 41.67 41.67

Squash-unstored 61.11 66.67

Breast-cancer 72.16 74.23

Diabetes 73.56 73.95

Vehicle 72.92 73.61

Eucalyptus 21.20 29.20

Credit 75.88 76.47

Audit 96.32 97.21

3 Pasture 41.67 41.67

Squash-unstored 61.11 66.67

Diabetes 73.56 74.71

Eucalyptus 21.20 24.00

Sonar 00.00 01.41

Credit 75.88 76.76

Audit 96.32 97.06

Soybean 75.86 77.15

(continued)
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Table 5 (continued)

Scenario Dataset Accuracy classic RF (%) Accuracy DRF (%)

9 Pasture 41.67 41.67

Squash-unstored 61.11 77.78

breast-cancer 72.16 74.23

Vehicle 72.92 73.96

Eucalyptus 21.20 28.80

Sonar 00.00 01.41

Audit 96.32 97.06

Soybean 75.86 85.78

4 Pasture 41.67 41.67

Squash-unstored 61.11 72.22

Breast-cancer 72.16 75.26

Eucalyptus 21.20 26.40

Credit 75.88 78.82

Audit 96.32 96.91

Soybean 75.86 78.02

2 Pasture 41.67 41.67

Breast-cancer 72.16 74.23

Eucalyptus 21.20 24.00

Credit 75.88 76.18

Audit 96.32 97.06

Soybean 75.86 78.02

8 Pasture 41.67 41.67

Squash-unstored 61.11 77.78

Vehicle 72.92 74.65

Eucalyptus 21.20 29.60

Audit 96.32 96.91

Soybean 75.86 78.88

5 Pasture 41.67 41.67

Breast-cancer 72.16 74.23

Vehicle 72.92 73.26

Eucalyptus 21.20 24.00

Audit 96.32 97.21

learning was another domain of RD [12]. Finally, in social networks, [22] used RD

to understand the origin of social norms and dominant behavioral and cultural trends

in social networks.
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Table 6 Third experiments set results

Scenario Wins Losses Ties

4 6 3 6

2 4 2 9

7 4 2 9

10 4 2 9

5 4 3 8

1 4 5 6

6 3 3 9

9 3 3 9

3 3 3 9

8 2 3 10

Table 7 Third experiments set winning datasets accuracy

Scenario Dataset Accuracy before (%) Accuracy after (%)

4 Squash-unstored 66.67 77.78

Squash-stored 50.00 55.56

Vote 96.62 97.30

Vehicle 70.83 72.92

Eucalyptus 20.00 34.00

Soybean 72.41 73.28

2 Squash-unstored 61.11 77.78

Vehicle 72.22 73.26

Eucalyptus 24.80 28.40

Soybean 72.41 75.00

7 Diabetes 73.18 74.33

Vehicle 71.87 72.92

Eucalyptus 22.80 25.20

Audit 96.76 96.91

10 Squash-unstored 55.56 66.67

Eucalyptus 24.40 26.80

Audit 96.62 96.76

Soybean 77.59 86.21

5 Squash-unstored 61.11 66.67

White clover 61.90 66.67

Eucalyptus 17.60 27.20

Soybean 77.59 79.74

(continued)
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Table 7 (continued)

Scenario Dataset Accuracy before (%) Accuracy after (%)

1 Squash-unstored 55.56 61.11

Squash-stored 50.00 55.56

Eucalyptus 19.20 19.60

Audit 96.03 97.06

6 Squash-unstored 61.11 66.67

Eucalyptus 22.80 24.00

Audit 96.32 96.76

9 Squash-unstored 61.11 66.67

Eucalyptus 19.60 24.00

Audit 96.62 96.76

3 Squash-unstored 50.00 55.56

Eucalyptus 16.40 16.80

Soybean 78.02 80.17

8 Eucalyptus 22.00 27.20

Audit 96.32 96.91

Table 8 Fourth experiments

set results
Scenario Wins Losses Ties

5 7 3 5

10 7 5 3

9 6 4 5

1 5 6 4

2 5 6 4

3 5 7 3

4 5 7 3

6 4 3 8

7 4 5 6

8 4 5 6

7 Conclusion and Future Work

We have demonstrated in this paper how to apply Replicator Dynamics (RD) to boost

the performance Diversified Random Forest (DRF). DRF is built using random sub-

spacing with each subspace used to construct a subforest. DRF was used to impose

diversity in Random Forests. Noting that subspaces may vary in their discriminative

power, we applied RD to perform collective feature engineering, allowing stronger

subspaces to grow and weaker ones to shrink, and potentially disappear.

As was demonstrated in Tables 2, 4, 6, and 8, favourable results were obtained

demonstrating the potential of the proposed method. In our experiments, we have
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Table 9 Fourth experiments set winning datasets accuracy

Scenario Dataset Accuracy classic RF (%) Accuracy DRF (%)

5 Pasture 41.67 41.67

Squash-unstored 61.11 66.67

Vehicle 72.92 73.26

Eucalyptus 21.20 27.20

Credit 75.88 76.47

Audit 96.32 96.91

Soybean 75.86 79.74

10 Pasture 41.67 41.67

Squash-unstored 61.11 66.67

Breast-cancer 61.11 75.26

Diabetes 73.56 73.95

Eucalyptus 21.20 26.80

Audit 96.32 96.76

Soybean 75.86 86.21

9 Squash-unstored 61.11 66.67

Breast-cancer 72.16 74.23

Car 61.90 62.58

Eucalyptus 21.20 24.00

Audit 96.32 96.76

Soybean 75.86 76.72

1 Breast-cancer 72.16 76.29

Diabetes 73.56 74.71

Car 61.90 64.28

Vehicle 72.92 73.61

Audit 96.32 97.06

2 Squash-unstored 61.11 77.78

Breast-cancer 72.16 76.29

Vehicle 72.92 73.26

Eucalyptus 21.20 28.40

Audit 96.32 96.91

3 Breast-cancer 72.16 73.19

Diabetes 73.56 73.95

Sonar 00.00 01.41

Audit 96.32 97.06

Soybean 75.86 80.17

4 Squash-unstored 61.11 77.78

Eucalyptus 20.00 34.00

Sonar 00.00 01.41

Credit 75.88 76.47

Audit 96.32 97.20

(continued)
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Table 9 (continued)

Scenario Dataset Accuracy classic RF (%) Accuracy DRF (%)

6 Squash-unstored 61.11 66.67

Breast-cancer 72.16 73.19

Eucalyptus 21.20 24.00

Audit 96.32 96.76

7 Diabetes 73.56 74.33

Eucalyptus 21.20 25.20

Credit 75.88 76.76

Audit 96.32 96.91

8 Squash-unstored 61.11 66.67

Eucalyptus 21.20 27.20

Audit 96.32 96.91

Soybean 75.86 76.72

used a subspace factor of 2 and 4 %, a size of 500 trees for the DRF to be created,

and 70 % of the features in each subspace.

In the future, we will attempt different values for these parameters. We envisage

to apply the proposed method on higher dimensional datasets. RD has also the poten-

tial to address the concept drift problem in data stream ensembles, as growing and

shrinking can take place according to the drifted concept.
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