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Abstract

Random Forest is a popular decision forest building
algorithm which focuses on generating diverse deci-
sion trees as the base classifiers. For high dimensional
data sets, Random Forest generally excels in generat-
ing diverse decision trees at the cost of less accurate
individual decision trees. To achieve higher prediction
accuracy, a decision forest needs both accurate and
diverse decision trees as the base classifiers. In this
paper we propose a novel decision forest algorithm
called Complement Random Forest that aims to gen-
erate accurate yet diverse decision trees when applied
on high dimensional data sets. We conduct an elab-
orate experimental analysis on seven publicly avail-
able data sets from UCI Machine Learning Reposi-
tory. The experimental results indicate the effective-
ness of our proposed technique.

Keywords: Decision Forest, High Dimensional Data
Set, Prediction Accuracy, Random Forest.

1 Introduction

Organizations all over the world are interested in
data collection. The collected data are generally ana-
lyzed for knowledge discovery and future prediction.
For example, an insurance company may collect
various data on their clients whom they already
know about; whether good or bad clients. From the
collected data the insurance company then discovers
knowledge/pattern which is used for the prediction
of potential future clients; whether good or bad. In
data mining this is also known as the classification
and prediction task (Tan, Steinbach & Kumar 2006).

Classification aims to generate a function (com-
monly known as a classifier) that maps the set of
non-class attributes {A1, A2, ..., Am} to a predefined
class attribute C (Tan et al. 2006), where a data set
D can be seen as a two dimensional table having
columns/attributes (i.e. {A1, A2, ..., Am} and C)
and rows/records i.e. D = {R1, R2, . . . Rn}. A class
attribute is the labeling attribute of a record Ri. For
example, Client Status can be the class attribute of
a Client data set where a record of the data set can
be labeled as good (which is a domain value of Client
Status) while another record can be labeled as bad.

A classifier is first built from a training data set
where records are labeled with the class attribute
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values such as good and bad, and then applied on
future/unseen records (for which the class attribute
values are not known) in order to predict their
class values. There are different types of classifiers
including Decision Trees (Breiman, Friedman, Ol-
shen & Stone 1985),(Quinlan 1993),(Quinlan 1996),
Bayesian Classifiers (Bishop 2008),(Mitchell 1997),
Artificial Neural Networks (Jain & Mao 1996),(Zhang
2000),(Zhang, Patuwo & Hu 1998) and Support Vec-
tor Machines (Burges 1998).

Typically an ensemble of classifiers is found to be
useful for unstable classifiers such as a decision tree
(Tan et al. 2006). A decision forest is an ensemble
of decision trees where an individual decision tree
acts as a base classifier and the classification is
performed by taking a vote based on the predictions
made by each decision tree of the decision forest
(Tan et al. 2006),(Polikar 2006),(Ho 1998),(Islam &
Giggins 2011).

A decision forest overcomes some of the short-
comings of a decision tree. For example, a single
decision tree discovers only one set of logic rules (i.e.
a pattern) from a data set while there can be many
other equally valid sets of logic rules (i.e. patterns)
in the data set. Different decision trees of a forest
generally extract different patterns. The pattern
extracted by a single tree may fail to correctly
predict/classify the class value of a record, but some
other patterns could correctly classify the record.
Therefore, the classification/prediction accuracy of
a single tree can be improved by using a decision
forest.

In order to achieve a higher ensemble accuracy
a decision forest needs to have both accurate and
diverse individual decision trees as base classifiers
(Polikar 2006),(Ho 1998). An accurate individual
decision tree can be obtained by applying a decision
tree algorithm such as CART (Breiman et al. 1985)
on a data set. However, we also need diversity
among the trees in a forest in order to achieve higher
accuracy. If the individual decision trees generate
similar classification results (i.e. no or low diversity),
there is no point of constructing a decision forest as
all trees will commit similar errors. Therefore, we
can not apply a decision tree algorithm many times
in order to get many trees of a forest.

There are many decision forest algo-
rithms (Breiman 1996),(Ho 1998),(Breiman
2001),(Rodriguez, Kuncheva & Alonso 2006),(Ye,
Wu, Huang, Ng & Li 2014). We briefly introduce
some of the algorithms and their limitations in
Section 2. It is clear that there is room for further
improvement in achieving a higher prediction and/or
classification accuracy of a forest through achieving
a higher individual accuracy of the trees and greater
diversity among the trees.
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In this paper we propose a decision forest algo-
rithm called Complement Random Forest (CRF)
that aims to build a set of diverse decision trees
with high individual accuracies in order to achieve
a high overall ensemble accuracy. Our proposed
technique first creates a number of new “good
attributes” (i.e. attributes with high classification
capacity) from the existing attributes and thereby
extends the attribute space of a data set D. The
attribute space extension is expected to improve
the classification accuracy of a decision tree ob-
tained from the extended data set DE . CRF next
randomly creates a number of data sets {D1

E , D2
E ,

. . .Dk
E} (commonly known as bootstrap sample

data sets (Breiman 1996),(Breiman 2001),(Han &
Kamber 2006)) from DE in order to eventually build
two decision trees T i

1 and T i
2 from each data set Di

E .
While both Di

E and DE have the same the number of
records, Di

E may contain duplicate records since it is
created by randomly picking the records (one by one)
from DE . Therefore, two randomly created data sets
Di

E and Dj
E are likely to be different to each other

contributing to the diversity of the decision trees.
That is, T i

1 and T i
2 (obtained from Di

E) are likely to

be different from T j
1 and T j

2 (obtained from Dj
E) due

to the difference between Di
E and Dj

E .
Moreover, since Di

E contains real records (i.e.
does not contain synthetic records created through
approaches such as interpolation (Chawla, Bowyer,
Hall & Kegelmeyer 2002)) and is extended with
good quality attributes the trees T i

1 and T i
2 that are

obtained from Di
E are expected to be of high quality.

When a forest building algorithm (such as SysFor
(Islam & Giggins 2011)) builds trees from a single
data set D then the trees can be overly attached to
D, resulting in an over fitting problem. Whereas,
trees built from different bootstrap sample data sets
are expected to overcome this over fitting problem.

Before building the trees T i
1 and T i

2 from Di
E ,

CRF first divides the attributes of Di
E into two

groups: good attributes and bad attributes. It then
randomly selects half of the (total number of) good
attributes and half of the bad attributes to form a
new set of attributes Si

1. Using the remaining good
attributes and bad attributes it then creates the sec-
ond set of attributes Si

2. Si
1 and Si

2 are two mutually
exclusive sets of attributes. A random sub-spacing
is then applied on Si

1 in such a way so that we have
proportionate number of good and bad attributes in
the subspace Si′

1 ⊂ Si
1. Similarly another subspace

Si′
2 is created from Si

2. Note that, each subspace is
thus mutually exclusive and guaranteed to contain
some good attributes.

Two decision trees T i
1 and T i

2 are then built from
Di

E using two mutually exclusive sets of attributes Si′
1

and Si′
2 , respectively. Since T i

1 and T i
2 are built from

mutually exclusive sets of attributes they are com-
pletely different, contributing further to the diversity
of the trees. The use of the random subspaces Si′

1

and Si′
2 have advantages over Si

1 and Si
2 in promoting

diversity among the trees, especially when we build
many trees from a number of bootstrap samples.
Moreover, the presence of good attributes in both
subspaces contribute to achieve higher individual
accuracy for both T i

1 and T i
2.

The remainder of this paper is organized as fol-
lows: In Section 2 we discuss the main motivation of
the study. Section 3 presents the proposed technique.

Section 4 discusses the experimental results. Finally,
we offer some concluding remarks in Section 5.

2 Motivation

The accuracy of a decision forest typically depends
on both individual tree accuracy and diversity among
the decision trees (Polikar 2006),(Ho 1998). Di-
versity among the decision trees helps defusing the
classification/prediction errors encountered by a sin-
gle decision tree. The Random Forest algorithm
(Breiman 2001) applies the Random Subspace algo-
rithm (Ho 1998) on the bootstrap samples D′ = {D1,
D2, . . .DT } (Breiman 1996),(Breiman 2001),(Han &
Kamber 2006) of a training data set D. A bootstrap
sample Di is generated by randomly selecting the
records from D where the total number of records
in Di typically remains the same as in D. Each
record Ri from D has equal probability of being se-
lected in Di. A record Ri from D can be chosen
multiple times in a bootstrap sample. It is reported
(Han & Kamber 2006) that on an average 63.2% of
the unique records from D are generally selected in a
bootstrap sample. The Random Subspace algorithm
as explained below is then applied on each bootstrap
sample Di (i = 1, 2, . . . , T ) in order to generate |T |
number of trees for the forest, where a tree Ti is built
from a bootstrap sample Di.

The Random Subspace algorithm (Ho 1998) ran-
domly draws a subset of attributes (also called sub-
space) f from the entire attribute space A. While
drawing the subspace it does not ensure the presence
of good attributes in the subspace. A decision tree
is then built on the data set using only the subspace
f . The individual tree accuracy and the diversity
among the decision trees heavily depend on the size
of f (i.e. |f |). If f is sufficiently small then the chance
of having the same attributes in different subspaces
is low. Thus, the trees in a forest tend to become
more diverse. However, a sufficiently small f may not
guaranty the presence of adequate number of good at-
tributes, which may decrease individual tree accuracy.
On the other hand, big |f |may increase the individual
tree accuracies but is likely to sacrifice high diversity.

The number of attributes in f is commonly chosen
to be int(log2 |A|) + 1 (Breiman 2001). If we have a
high dimensional data set consisting of 100 attributes
(i.e. |A| = 100) then the number of attributes in a
randomly selected subspace is int(log2 100) + 1 = 7.
While building a decision tree, the test attribute of a
node of the tree is then selected from the set of the
7 attributes. We argue that the small subset (only
7) of the original attributes may not contain any (or
sufficient number of) good attributes, resulting in a
low individual tree accuracy.

As a solution, the authors (Ye et al. 2014) applied
the stratified sampling method to select the attributes
in a subspace. The key idea behind the stratified sam-
pling is to divide the attributes (A) into two groups.
One group will contain the good attributes AG and
the other group will contain the bad attributes AB .
The attributes having the informativeness capacity
higher than the average informativeness capacity are
considered (Ye et al. 2014) to be the set of good at-
tributes AG and all other attributes are considered
to be the bad attributes AB . Then, the attributes
for f are selected randomly from each group in pro-
portion to the size of the groups. Unlike the Random
Subspace algorithm (Ho 1998) the stratified sampling
method (Ye et al. 2014) guarantees the presence of
some good attributes in a subspace.

CRPIT Volume 168 - Data Mining and Analytics 2015

90



However, we realize that if a data set D contains a
low number of good attributes (i.e. |AG| is low) and
high number of bad attributes then the stratified sam-
pling method also encounters a low number of good
attributes in a subspace f . Let us assume that there
are 10 good attributes and 90 bad attributes in a data
set D. Since there are altogether 100 attributes the
size of f would be int(log2 100) + 1 = 7. The pro-
portionate number of the good attributes would be
(7×10)
100 = 0.7 ≈ 1 and bad attributes would be 6. The

presence of just one good attribute in the pool of 7
attributes can decrease the individual tree accuracy.
Additionally, since there are altogether 10 good at-
tributes and every subspace is having only one good
attribute, at least 2 trees in every 11 trees will have
the same attribute at the root node. Therefore, the
trees in a forest may have low diversity.

We believe that an eventual solution to this prob-
lem can be increasing the number of the good at-
tributes through a space extension approach. A re-
cent study (Amasyali & Ersoy 2014) demonstrated
that decision forest building algorithms such as Bag-
ging (Breiman 1996), Random Subspace (Ho 1998),
Random Forest (Breiman 2001), and Rotation Forest
(Rodriguez et al. 2006) achieve higher prediction ac-
curacy when applied on extended attribute space.

A space extension technique (Amasyali & Ersoy
2014) works as follows. Any attribute pair say Ai and
Aj is randomly selected from A = {A1, A2, . . . Am}
and combined using the difference operator (i.e. by
subtracting the values of Aj from the values of Ai)
to form a new attribute A′k = Ai − Aj . This pro-
cess iterates |A| times and thus |A| new attributes
Arnd = {A′1, A′2, . . . A′m} are generated. Finally, the
newly generated attribute space is added to the orig-
inal attribute space to form the extended attribute
space AE = A ∪ Arnd. The Average Individual Ac-
curacy (AIA) of the decision trees in a forest built
by Bagging, Random Subspace and Random Forest
slightly increases when they use an extended space
data set compared to the original data set (Amasyali
& Ersoy 2014).

However, we argue that a limitation of the tech-
nique (Amasyali & Ersoy 2014) is the random selec-
tion of the pair of attributes Ai and Aj for the at-
tribute space extension. If two different attributes
are randomly selected the chance of creating a good
attribute is not as high as it would be in the case
where attributes are selected and combined system-
atically.

We present an empirical analysis in Table 1 and
Table 2. The gain ratio (i.e. the classification capac-
ity of an attribute) (Quinlan 1993),(Quinlan 1996)
values of the original categorical attributes of the
Car Evaluation data set (UCI Machine Learning
Repository n.d.) are presented in Table 1. The gain
ratio of each attribute pair is then presented in Ta-
ble 2. Since there are six original attributes we get
6C2 = 15 new attributes (i.e. attribute pairs). For
a new attribute pair, all values belonging to the at-
tributes are concatenated. Therefore, the domain of
a new attribute A′k (that combines two original at-
tributes Ai and Aj) is |Ai| × |Aj |, where |Ai| is the
domain size of Ai. It is clear from Table 2 that if the
new attributes are randomly picked then we may miss
the attributes with the best gain ratio values.

A recent attribute extension technique (Adnan, Is-
lam & Kwan 2014) handles this problem by selecting
the attribute pairs that have the high gain ratio val-
ues. It empirically demonstrates that the addition
of the best (according to the gain ratio values) |A|/2

Table 1: Gain Ratio of all original attributes for the
Car Evaluation data set

Attribute Name Gain Ratio

buying 0.0482
maint 0.0369
doors 0.0022
persons 0.1386
lug boot 0.0189
safety 0.1654

Table 2: Gain Ratio of all newly generated attributes
for the Car Evaluation data set

Attribute Name Gain Ratio

buying maint 0.0685
buying doors 0.0254
buying persons 0.0907
buying lug boot 0.0370
buying safety 0.1047
maint doors 0.0196
maint persons 0.0838
maint lug boot 0.0294
maint safety 0.0963
doors persons 0.0635
doors lug boot 0.0119
doors safety 0.0752
persons lug boot 0.0803
persons safety 0.1666
lug boot safety 0.1038

new attributes with |A| original attributes results in
increased accuracy for a single decision tree. Follow-
ing the technique (Adnan et al. 2014), three new at-
tributes (as shown in Table 3) are selected from the
attributes shown in Table 2.

Table 3: Selection of attributes
Attribute Name Gain Ratio

maint safety 0.0963
persons safety 0.1666
lug boot safety 0.1038

However, we argue that the technique (Adnan
et al. 2014) may suffer from a lack of variation in
the set of new attributes. For example, all three new
attributes in Table 3 have been generated from the
original attribute safety, which has the highest gain
ratio value in Table 1. Thus, the set of the best |A|/2
new attributes is likely to be strongly influenced by
a few original attributes with high gain ratio value.
The multiple appearance of very few attributes in the
form of new attributes may cause a drop in diversity
among the trees.

3 Our Technique

In order to address the issues discussed in Section 2
and achieve high prediction accuracy, we now pro-
pose a decision forest algorithm called Complement
Random Forest (CRF) that has the following four
steps (also see Algorithm 1).

Step 1 : Extend the attribute space.

FOR i=1 to |T |/2: /* |T | is the number of
trees*/
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Step 2 : Generate a bootstrap sample data set.
Step 3 : Create mutually exclusive subsets of

attributes.
Step 4 : Build two trees from the sample data

set.
END FOR.

Step 1 :Extend the attribute space. It
is evident from the literature that the attribute space
extension improves the classification/prediction
accuracy of a decision tree classifier (Amasyali &
Ersoy 2014),(Adnan et al. 2014). However, if we
extend the space randomly (Amasyali & Ersoy 2014)
then we may not get the good attributes (new) in
the extended space. This may not help building
accurate classifiers. Moreover, if we only pick the
best attributes (Adnan et al. 2014) then the extended
space can be overly dominated by a few original good
attributes reducing the diversity among the extended
attributes. The space extension technique (Adnan
et al. 2014) was originally proposed for a decision
tree and not for forest.

Therefore, in this study we extend the attribute
space by adding |A|/2 new attributes. We select
a set of diverse, but good attributes as shown in
Algorithm 1. The reason for extending the space by
adding |A|/2 new attributes is the previous exper-
imental analyses (Amasyali & Ersoy 2014),(Adnan
et al. 2014),(Adnan & Islam 2014) that indicate a
greater accuracy improvement through the |A|/2
extension than |A| (or 2× |A| or 3× |A|) extension.

We first generate new attributes by combining
every pair of original attributes. Thus, we get a set
of candidate attributes AC , where the size of the
set |AC | = |A|C2. The obvious process of combining
categorical attributes is the concatenation of the
categorical values. On the other hand, for numerical
attributes many different possible approaches for
concatenation exist such as addition, subtraction, di-
vision, and multiplication (Amasyali & Ersoy 2014).
We use the subtraction operator as it appears to be
the most effective one (Amasyali & Ersoy 2014).

The attribute space is then extended by adding
|A|/2 newly generated attributes. First we calculate
the gain ratio (Quinlan 1993),(Quinlan 1996) of
all attributes (original and newly generated), and
compute the average gain ratio (avg GR O) of the
original attributes. All new attributes A′k ∈ AC that
have gain ratio values higher than avg GR O are
then stored in a set A′C and sorted in the descending
order of their gain ratio values.

The attributes from A′C are selected and added
in the set AE one by one, in such a way so that
no two (new) attributes in AE have any common
original attribute/s. That is, the attribute A′k ∈ A′C
with the maximum gain ratio is first included in
AE and removed from A′C . Then another attribute
A′l ∈ A′C is selected and added in AE , where A′l has
the highest gain ratio among the attributes in A′C
and none of the original attributes in A′l is the same
as any original attribute in A′k. The inclusion of
attributes in AE continues until either all possible
attributes from A′C are added in AE or |AE | > |A|/2.

If |AE | < |A|/2 even after adding all possible
attributes then the attribute A′m ∈ A′C having the
highest gain ratio among the attributes in A′C is
added in AE even if A′m has original attribute/s
that are same as the original attribute/s of any
attribute A′k ∈ AE . Once A′m is added in AE it
is removed from A′C . This process continues until
either |A′C | < 1 or |AE | > |A|/2. Finally AE is added

Table 4: All newly generated attributes with Gain
Ratio greater than avg GR O

Attribute Name Gain Ratio

persons safety 0.1666
buying safety 0.1047
lug boot safety 0.1038
maint safety 0.0963
buying persons 0.0907
maint persons 0.0838
persons lug boot 0.0803
doors safety 0.0752
buying maint 0.0685

with A and thereby an extended space data set DE
is created.

We now illustrate the step with examples. The
avg GR O value (for the original attributes of the
Car Evaluation dataset) is calculated from Table 1
as 0.0683. Therefore, the new attributes that have
the gain ratio values greater than 0.0683 are selected
in A′C as shown in Table 4. The new attribute
person safety (which is a combination of two original
attributes person and safety) has the highest gain
ratio 0.1666 and therefore is included in AE . Since
all remaining attributes except buying maint have
either the original attribute safety or the original
attribute person, buying maint is added in AE as the
second attribute. We still need one more attribute to
include in AE (since |A| = 6 and |A|2 = 3) and there
is no other attribute with unique original attribute
pair. Therefore, we select buying safety as the third
attribute to be included in AE . Finally, an extended
space data set DE is created having nine (6 + 3 = 9)
non-class attributes A ∪ AE , and the class attribute
C. Note that the number of records in DE and D
are exactly the same (i.e. |DE | = |D|), but each
record in DE has |A ∪ AE | attributes instead of |A|
attributes.

Step 2 : Generate a bootstrap sample data
set. The steps from Step 2 to Step 4 are iterative
(see Algorithm 1). For the i-th iteration, we create a
bootstrap sample data set Di

E (Han & Kamber 2006)
from the extended space data set (DE). Each record
in Di

E is selected randomly from DE . |Di
E | is equal

to |DE |. However, Di
E may contain duplicate records.

Step 3 : Create mutually exclusive subsets
of attributes. We calculate the gain ratio of each
attribute in the bootstrap sample data set Di

E .
The average gain ratio avg GR E is calculated.
The attributes are then divided into two mutually
exclusive groups: group of the “good attributes” AG
(AG ⊂ A ∪ AE) and group of the “bad attributes”
AB (AB ⊂ A ∪ AE). Any attribute having a gain
ratio greater than or equal to avg GR E belongs to
AG and other attributes belong to AB .

Step 4 : Build two trees from the bootstrap
sample data set. The set of good attributes AG
is divided into two equal size (mutually exclusive)
subsets AG1 and AG2 (AG1 ∪ AG2 = AG), where the
attributes in AG1 and AG2 are randomly selected.
Similarly, the set of bad attributes AB is also divided
into two equal sized subsets AB1 and AB2.

Two mutually exclusive subsets of attributes S1
and S2 are now created combining AG1 ∪ AB1 and
AG2 ∪AB2, respectively (see Step 4 of Algorithm 1).
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A random sub-spacing (Ho 1998) is then applied
on S1 in such a way so that we have proportionate
number of good and bad attributes in the subspace
S′1, where the total number of attributes in the
subspace is int(log2|S1|) + 1. Similarly another
subspace S′2 is created from S2. Each subspace is
guaranteed to contain good attributes since in the
subspace we take proportionate number of good
and bad attributes from S1 or S2. Note that the
original random subspace algorithm (Ho 1998) does
not take the proportionate number of good and bad
attributes.

Two decision trees T i
1 and T i

2 are built from Di
E

using the attribute sets S′1 and S′2, respectively. Note
that T i

1 and T i
2 are completely diverse since S′1 and

S′2 are mutually exclusive subsets. The sub-spacing
further increases the diversity of the trees obtained
from different bootstrap sample data sets. Moreover,
due to the presence of good attributes in both subsets
both T i

1 and T i
2 are expected to have high individual

accuracy. The extension of the attribute space in
Step 1 also contributes to have greater number of
good attributes in Di

E resulting in trees with high
individual accuracy. Therefore, for each bootstrap
sample data set we get a pair of diverse but accurate
decision trees.

Step 2, Step 3 and Step 4 are iterative. Step 2
produces different bootstrap sample data sets over
different iterations contributing to the diversity
of the decision trees without causing a drop of
individual accuracy since a bootstrap sample data
set consists of real (not synthetic) records. Although
it is highly likely to have different sets of good
attributes from different bootstrap sample data sets,
there is a possibility of having similar (or same) set of
good attributes AG from different bootstrap sample
data sets. However, the random selection of subsets
AG1 and AG2 is expected to overcome the problem
and produce diverse decision trees. Moreover, the
application of the random subspace algorithm is
expected to further ensure diversity among the trees.

The individual accuracy of the trees is promoted
by Step 1 where we inject a number of newly
generated good attributes. Moreover, in Step 4
the attribute space is divided into good and bad
attributes in order to ensure the presence of good
attributes in each subspace. Unlike the Stratified
Random Forest algorithm (Ye et al. 2014), the set
of good attributes are selected from the bootstrap
sample data set Di

E (instead of from the original
data set D or DE) for which the pair of trees T i

1

and T i
2 are built. Had the set of good attributes

been selected from DE and applied on Di
E then

there would not be any guarantee that the set of
good attributes obtained from DE were also the set
of good attributes for Di

E . Hence, we get the most
specific set of good attributes for Di

E which increases
the possibility of a high individual tree accuracy and
diversity among the trees.

4 Experimental Results

We conduct the experimentation on seven (7) well
known data sets that are publicly available from
the UCI Machine Learning Repository (UCI Machine
Learning Repository n.d.). The data sets used in the
experimentation are listed in TableTable 5. For ex-
ample, the Chess data set has zero numerical and 36
categorical attributes, 3196 records and the domain
size of the class attribute is 2.

Algorithm 1: Complement Random Forest

Input : The Training Data Set D. Number of
trees T .

Output: Complement Random Forest (C RF ).

Required
C RF ← φ;

end
begin

Step 1:
AC ← produce Candidate Attributes (D,
A);
/* A is the set of attributes in D*/
G ← compute Gain Ratio (D, AC , A);
A′C ← get Good Attributes (G, AC , A);
AE ← get Extended Space (A, A′C , G);
DE ← extend Data Set (D, AE);

end

for i← 1 to T/2 do
D i

E ← φ;
Step 2:

for j ← 1 to |DE | do
curr rec ← random record(DE);
Di

E ← Di
E ∪ curr rec;

end
end
Step 3:

AG ← get Good Attributes (Di
E);

AB ← get Bad Attributes (Di
E);

end
Step 4:

AG1, AG2 ← split Attributes(AG);
AB1, AB2 ← split Attributes(AB);
S1 ← AG1 ∪ AB1; S2 ← AG2 ∪ AB2;
S′1 ← random Subspace(S1);
S′2 ← random Subspace(S2);
T i
1 ← build Tree (Di

E , S′1);
T i
2 ← build Tree (Di

E , S′2);
C RF ← C RF ∪ T i

1 ∪ T i
2;

end
end
returnC RF ;

end

Table 5: Description of the data sets

Non-class Attributes
Data Set
Name

Num. Cat. No. of
Records

No. of
Classes

Breast Cancer 33 00 194 2
Chess 00 36 3196 2
Ionosphere 34 00 351 2
Libras
Movement

90 00 324 15

Lung Cancer 56 00 27 2
Soybean 00 35 47 4
Statlog
Vehicle

18 00 846 4
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4.1 Experimental Setup

Some data sets contain missing values in them. We
first remove the records with missing value/s before
any experimentation. We also remove any identifier
attributes such as Transaction ID from the data
sets. For every decision forest building algorithm
we consistently use the following setting. We gen-
erate 100 trees since it is considered to be large
enough to ensure convergence of the ensemble effect
(Geurts, Ernst & Wehenkel 2006). Majority voting
(Polikar 2006) is used for classification. In majority
voting, the class value predicted by the majority
number of trees of an ensemble is considered to be
the final prediction of the ensemble. The minimum
number of records in a leaf is 2. All trees are fully
grown and are not pruned to avoid the pruning effect
on the experimentation.

The experimentation is conducted by a machine
with Intel(R) 3.4 GHz processor and 4GB Main
Memory (RAM) running under 64-bit Windows 8
Operating System. All the results reported in this
paper are obtained using 10-fold-cross-validation (10-
CV) (Islam & Giggins 2011) for every data set. All
the prediction accuracies (Ensemble Accuracy and
Average Individual Accuracy) reported in this paper
are in percentage. The best results are emphasized
through bold-face. In the rest of this paper, we call
Regular Random Forest (Breiman 2001) as RRF,
Stratified Random Forest (Ye et al. 2014) as SRF
and the proposed Complement Random Forest as
CRF.

4.2 Results

We now present some experimental results to justify
the usefulness of the basic components of the pro-
posed CRF. For this extensive experimentation we
select five data sets shown in Table 6. The results
also demonstrate the effectiveness of CRF compared
to two high quality existing techniques called RRF
and SRF.

A recent extension technique (Adnan et al. 2014)
(let us call it RET ) suggests that the extension of the
attribute space by adding the best |A|/2 attributes
(according to Gain Ratio) with |A| original attributes
results in increased accuracy for a single decision
tree. We argue that the Average Individual Accu-
racy (AIA) of the trees obtained by RRF can also
improve if RRF is applied on an extended space data
set.

Therefore, in Table 6 we present the average indi-
vidual accuracy of the trees obtained by RRF, RRF
on RET (i.e. RRF on the data sets extended by
RET), and SRF. The AIA of the trees clearly in-
creases when RRF is applied on the RET extended
data sets. In fact the AIA of the trees obtained from
RRF on RET (75.44%) is better than the AIA of the
RRF (69.95%) and SRF (71.60%) trees.

However, Table 7 shows that the ensemble accu-
racy of RRF decreases when RRF is applied on the
RET extended data sets. In fact the ensemble accu-
racy of RRF on RET (84.59%) is worse than RRF
(87.13%) or SRF (87.33%). We next explore the rea-
sons for the drop of the ensemble accuracy of RRF on
RET although the AIA of the trees increases.

Following our discussion in Section 2 we realize
that the prediction/classification accuracy of an en-
semble depends on the individual accuracy of the
trees and the diversity among the trees (Polikar
2006),(Ho 1998). Since the individual accuracy of the
trees obtained by RRF on RET is high (see Table 6)

Table 6: Average Individual Accuracy

Data Set
Name

RRF RRF on
RET

SRF

Breast Cancer 68.1646 70.6163 68.9749
Chess 68.3558 71.2596 75.4006
Ionosphere 87.8490 89.1183 87.3205
Lung Cancer 56.8335 75.8612 57.6390
Soybean 68.5637 70.3251 68.6773

Average 69.9533 75.4361 71.6025

Table 7: Ensemble Accuracy

Data Set
Name

RRF RRF on
RET

SRF

Breast Cancer 78.8780 80.9850 80.5480
Chess 95.0570 72.0050 94.9670
Ionosphere 93.7310 92.8650 93.1610
Lung Cancer 68.8890 83.8890 68.8890
Soybean 99.0910 93.1820 99.0910

Average 87.1292 84.5852 87.3312

while the ensemble accuracy is low (see Table 7) we
explore the diversity among the trees in Table 8.

Following an approach taken in the literature
(Amasyali & Ersoy 2014) we compute the average di-
versity among the trees by first computing the Kappa
(K) value of a single tree Ti with the ensemble of the
trees except the single tree Ti. Kappa estimates the
diversity between two trees Ti and Tj . The combined
prediction of the ensemble (computed through ma-
jority voting) can be seen as another single tree Tj .
Then Kappa can be computed between Ti and the
virtual Tj as shown in Equation 1, where Pr(a) is the
probability of the observed agreement between two
classifiers Ti and Tj , and Pr(e) is the probability of
the random agreement between Ti and Tj .

K =
Pr(a)− Pr(e)

1− Pr(e)
(1)

Once Kappa of every single tree Ti is computed we
then compute the Average Individual Kappa (AIK)
for an ensemble of trees as shown in Table 8. The
higher the Kappa value, the lower the diversity. When
RRF is applied on RET the diversity among the trees
decreases (see Table 8) as Kappa increases from 0.40
to 0.52. We therefore realize that the decrease of di-
versity causes the decrease of ensemble accuracy as
shown in Table 7.

Step 2, Step 3 and Step 4 (see Algorithm 1) of
CRF aim to increase the diversity among the trees
and the average individual accuracy of the trees as
discussed in Section 3. In order to examine whether
the steps really increase the diversity and individual

Table 8: Average Individual Kappa

Data Set
Name

RRF RRF on
RET

SRF

Breast Cancer 0.0944 0.2632 0.1414
Chess 0.4863 0.5548 0.5838
Ionosphere 0.7823 0.8341 0.7688
Lung Cancer 0.0650 0.3740 0.0750
Soybean 0.5714 0.5914 0.5732

Average 0.3999 0.5235 0.4285
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Table 11: Comparison of Ensemble Accuracies among RRF, SRF, CRF, CRF-Boosting, SysFor, MDMT and
C4.5
Data Set Name RRF SRF CRF SysFor MDMT CS4 C4.5

Breast Cancer 78.8780 80.5480 80.9840 77.8260 70.5480 72.7460 70.5480
Chess 95.0570 94.9670 95.1820 96.0010 95.9700 95.9700 95.9700
Ionosphere 93.7310 93.1610 93.7400 92.8730 88.8890 92.0160 92.0160
Libras Movement 76.1100 78.8880 83.6120 73.0560 68.0560 76.1090 49.4430
Lung Cancer 68.8890 68.8890 87.7780 73.8890 88.8890 68.8890
Soybean 99.0910 99.0910 100.0000 81.5910 93.1820 91.5910 72.2730
Statlog Vehicle 74.1430 73.8970 76.5230 71.9060 67.5250 72.8500 65.9610

Average 83.6999 84.2059 88.2599 83.1631 79.7227 84.3101 73.5857

Table 9: Performance of CRF ′ on RET
Data Set
Name

EA AIA Kappa

Breast Cancer 80.0220 70.2911 0.2287
Chess 78.4540 72.2406 0.5103
Ionosphere 92.8660 89.1062 0.8286
Lung Cancer 83.8890 76.8501 0.3760
Soybean 98.1820 71.6705 0.6053

Average 86.6826 76.0317 0.5098

accuracy resulting in an increased ensemble accuracy
we now implement Step 2, Step 3 and Step 4 of Al-
gorithm 1 and call it CRF ′. We then apply CRF ′

on the RET extended data sets. Table 9 presents
the ensemble accuracy, average individual accuracy
and Kappa for the CRF ′ on RET. From Table 9
and Table 6 we can see that average individual accu-
racy of trees obtained from CRF ′ on RET (76.03%)
is higher than RRF on RET (75.44%). Moreover,
the average individual Kappa of the trees obtained
from CRF ′ on RET (0.51) is lower than RRF on
RET (0.52) meaning that the CRF ′ on RET trees
are more diverse than the RRF on RET trees (see Ta-
ble 9 and Table 8). Finally from Table 9 and Table 7
we get the ensemble accuracy of the CRF ′ on RET
trees (86.68%) is higher than the RRF on RET trees
(84.59%). Therefore, these results justify the steps of
Algorithm 1 suggesting that the steps increase the di-
versity among the trees, average individual accuracy
of the trees and ensemble accuracy of the ensemble.

We argue that the ensemble accuracy of RRF on
RET (84.59%) is worse than RRF (87.13%) as shown
in Table 7) due to the decrease of the diversity among
the trees obtained from RRF on RET compared to the
trees obtained from RRF as shown in Table 8. The
diversity of the trees obtained from RRF on RET
decreases from the diversity of RRF due to the at-
tribute space extension according to the RET (Adnan
et al. 2014). As discussed in Section 2, the attribute
space extension (Adnan et al. 2014) causes the repe-
tition of the same original attributes (see Table 1 and
Table 2) again and again in the extended space result-
ing in a decrease in diversity among the trees. Again
the ensemble accuracy of CRF ′ on RET is worse than
RRF (and also SRF) due to the same reason.

Therefore, our proposed attribute space extension
technique (as presented in Step 1 of Section 3) aims
to increase diversity among the trees. We now imple-
ment the complete CRF (i.e. all steps of Algorithm 1)
and apply it on all seven (7) data sets as shown in Ta-
ble 5.

CRF uses the bagging approach to generate boot-
strap sample data sets (see Step 2 of Algorithm 1).
We realize that CRF could also use a boosting ap-

Table 10: Comparison of Ensemble Accuracies be-
tween CRF and CRF-Boosting

Data Set Name CRF CRF-
Boosting

Breast Cancer 80.9840 79.9320
Chess 95.1820 95.1790
Ionosphere 93.7400 94.0250
Libras Movement 83.6120 81.3880
Lung Cancer 87.7780 88.8890
Soybean 100.0000 100.0000
Statlog Vehicle 76.5230 73.3100

Average 88.2599 86.8176

proach (Bernard, Adam & Heutte 2012) to create
sample data sets. Therefore, for a comparison pur-
pose we also implement a modified CRF where in Step
2 we use a boosting approach (Bernard et al. 2012) to
create sample data sets. We call this modified CRF
as CRF-Boosting.

The boosting approach (Bernard et al. 2012) used
in CRF-Boosting computes the weight of each origi-
nal record in order to prepare the next sample data
set. If the weight of a record is high then the chance
of the record being included in the next sample data
set is also high. The weight of a record is computed
using all the trees built so far.

Let us assume that we have five sample data sets
and thereby five trees. We now need to compute
the weights of the records to prepare the sixth sam-
ple data set. Suppose one tree predicts the class
value of a record Ri correctly and the remaining four
trees predict it incorrectly then the weight of Ri is
Wi = 1 − 1

5 = 0.8. Similarly if four trees predict it

correctly then Wi = 1− 4
5 = 0.2.

Table 10 shows that in five out of seven data
sets CRF achieves a higher ensemble accuracy than
CRF-Boosting. The average ensemble accuracy (over
all data sets) of CRF (88.26%) is also higher than
CRF-Boosting (86.82%). A possible reason can be the
fact that the boosting approach is likely to create low
quality sample data sets (especially towards the end)
where majority of the records are difficult to classify.
As a result the trees obtained from these low quality
sample data sets are also supposed to have low indi-
vidual accuracy. The use of these trees through the
majority voting in predicting future records is likely
to cause low ensemble accuracy.

Therefore, in this study we only compare CRF
(not CRF-Boosting) with several decision forests al-
gorithms. For a comprehensive analysis, we imple-
ment several recent forest building algorithms namely
SRF (Ye et al. 2014), RRF (Breiman 2001), Sys-
For (Islam & Giggins 2011), MDMT (Hu, Li, Wang,
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Daggard & Shi 2006), CS4 (Li & Liu 2003), and
a well known decision tree algorithm called C4.5
(Quinlan 1993),(Quinlan 1996). The accuracy of
C4.5 (Quinlan 1993),(Quinlan 1996) can be seen as a
benchmark. Table 11 shows that the average (over all
data sets) ensemble accuracy of CRF (88.26%) is con-
siderably higher than RRF (83.70%), SRF (84.21%),
SysFor (83.16%), MDMT (79.72%), CS4 (84.31%)
and the benchmark algorithm C4.5 (73.59%). It is
interesting to see that even the average ensemble ac-
curacy of CRF-Boosting (86.82%) is higher than all
other existing techniques.

As CRF is considered as a subsequent improve-
ment of SRF and RRF, we now compare the tree
structures of RRF, SRF and CRF in Table 12 and
Table 13 where we present the average number of
leaf nodes and average depth of the trees, respec-
tively. Table 12 suggests that CRF has less num-
ber of leaf nodes (14) than RRF (17.58) and SRF
(18.08). This indicates that the number of rules gen-
erated from CRF is less than RRF and SRF. Also, the
depth of trees generated by CRF (5.26) is less than
that of RRF (6.00) and SRF (6.16) (see Table 13).
This implies that the rules generated from CRF are
more concise, and thus more preferable (Geng &
Hamilton 2006).

Table 12: Average Number of Leaf Nodes

Data Set
Name

RRF SRF CRF

Breast Cancer 13.59 13.32 13.11
Chess 20.81 24.38 9.46
Ionosphere 12.13 12.30 11.01
Libras
Movement

50.81 50.46 42.90

Lung Cancer 3.63 3.52 3.31
Soybean 4.52 4.48 4.21
Statlog Vehicle 75.10 73.66 74.38

Average 17.58 18.08 14.00

Table 13: Average Depth of Decision Tree

Data Set
Name

RRF SRF CRF

Breast Cancer 6.67 6.54 6.66
Chess 7.58 8.71 3.42
Ionosphere 6.39 6.48 6.42
Libras
Movement

11.01 10.98 11.33

Lung Cancer 2.48 2.41 2.18
Soybean 1.85 1.84 1.52
Statlog Vehicle 14.37 14.30 14.40

Average 6.00 6.16 5.26

5 Conclusion

We present a novel decision forest algorithm that aims
to produce decision trees with high average individual
accuracies and diversity. We experimentally analyse
the importance of individual accuracy and diversity.
The usefulness of various components of the proposed
technique is analyzed and evaluated logically and ex-
perimentally. The proposed technique achieves bet-
ter average ensemble accuracy (over seven publicly
available data sets) than six existing techniques. It

also achieves higher ensemble accuracy than all ex-
isting techniques in five out of seven data sets. The
average ensemble accuracy of the proposed technique
(88.26%) is significantly higher than the accuracy of a
well known single tree algorithm called C4.5 (73.59%).
The trees produced by the proposed technique are
also compact in the sense that they have lower num-
ber of logic rules and shallower depth compared to
some existing techniques.

There are many applications (such as medical di-
agnosis) where even a slight improvement in accuracy
is highly desirable. They are happy to accept a high
time complexity to build a classifier. Unlike many real
time applications, they do not need to build classifiers
frequently. However, it is always useful to reduce the
time complexity. While we understand that all data
sets (such as many bioinformatic data sets) are not
always huge, we often get huge data sets these days.
Therefore, our future research plan is to explore the
usefulness of parallel processing to reduce the time
complexity of the proposed technique, and thereby
evaluate and increase its scalability.
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