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A random forest algorithm based on similarity measure
and dynamic weighted voting
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Abstract: The random forest model is universal and easy to understand, which is often used for classification and prediction.
However, it uses non-selective integration and the majority rule to judge the final result, thus the difference between the
decision trees in the model is ignored and the prediction accuracy of the model is reduced. Taking into consideration these
defects, an improved random forest model based on confusion matrix (CM-RF) is proposed. The decision tree cluster is
selectively constructed by the similarity measure in the process of constructing the model, and the result is output by using the
dynamic weighted voting fusion method in the final voting session. Experiments show that the proposed CM-RF can reduce the

impact of low-performance decision trees on the output result, thus improving the accuracy and generalization ability of random

forest model.
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0 Introduction

The random forest algorithm is a hybrid model
proposed by Leo Breiman from the University of
California in 2001, which is also called the original

(2] The model can process

random forest model
discrete, continuous and mixed large data sets, has
the ability to efficiently estimate out-of-bag (OOB)
error and analyze feature importance. Especially, it
is diffcult for this model to over-fit. As a typical
representative of integrated learning algorithm,
random forest is widely used in pattern recognition,
text classification, product recommendation, etc. In
order to carry out data mining and analysis more
accurately and efficiently, people intend to optimize
the algorithm by improving the correct rate of the
output of random forest model.

Since the introduction of random forest, scholars
have carried out subsequent research and optimization
on this method. Kulkarni, et al. optimized the
random forest by dividing data dimension into two
parts, which improves the accuracy rate to some

]

extent” . Oshiro, et al. proved mathematically that

if a random forest selects different data sets for
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sample subset establishment during repeated
sampling, a higher accuracy rate can be obtained-™,
Jian, et al. applied variable eigenvectors to the
splitting of tree nodes, and the classification effect
was improved compared with the structured random
forest algorithm'. To some extent, Li, et al.
improved the classification accuracy of the model by
changing the number of training samples and not
putting samples back". Guo, et al. introduced the
histogram of oriented gradient (HOG) multi-feature

fusion method into random forests™

, and the results
show that the classification accuracy rate of weighted
random forest model is higher than that of the
general random forest algorithm and traditional

These

methods optimize the random forest from different

classification algorithm. above improved
aspects, but there is still room for improvement.

In this paper, at first, the decision trees in the
Then, the

decision trees in the random forest are clustered by

original random forest are screened.

similarity measure. Finally, the output of the
decision tree cluster is dynamically weighted, and the
results are fused and output. In the experimental

part, based on the actual desensitization data and the
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public dataset, comparing CM-RF with other
improved random forests and some common hybrid
models, it can be found that the proposed CM-RF

has higher accuracy.

1 Random forest

1.1 Overview of algorithm

The random forest algorithm model is a mixed
model composed of multiple decision trees {t(X.0,),
(X0, ,t(X,0,)}, where @, (i=1,2,+,k)
respresents independent random variables with the
same distribution. The result of the model is voted

by all decision trees in the random forest and the final

Training process

Sample —

subset-1 [“a|Decision
tree-1

OBdata-1 *

prediction output function is expressed as

k
T = argymaxZF(t(X,@,) = ;)

i=1

D

where T represents the random foresst model; X=R"
is the input vector; t(X,®;) is a single decision tree
model; Y represents the output space; y; is the input
vector category label, y;€Y={y,,y:,**sy,); and F
(°) is the indicator function. Eq. (1) shows that the
random forest model uses a simple voting strategy
obeying the majority rule to determine the final
result. The algorithm of flow chart constructed by
integrating all decision trees is shown in Fig. 1,

which represents the model construction process.
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Fig. 1

The specific implementation steps of the algorithm
are as follows:

1) Given the original data set, D= {(z;,y;) | x; €
X,y;, €Y}, the number of samples is M, and the
number of feature attributes is N. The bootstrap
aggregating method ( also called the Bagging
method)™ is used to randomly select M, (M, = M)
samples from the original data set to form a training
sample subset. The unselected data are included in a
test sample, also called OOB"™ data, for error
estimation;

2) Based on the selected subset of training
samples, the decision tree is constructed by the
decision tree generation algorithm such as C4. 5%,
CARTM, etc., and N, (N, << N) feature attributes
are used for complete splitting of the internal nodes
without pruning, finally a decision tree is generate;

3) Repeating the above steps 1) and 2) for a total

of k times, k decision trees are constructed to form a
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Flow diagram of random forest algorithm

random forest model;

4) Using the test sample to test the random forest
model, k decision trees generate k prediction results,
and the final prediction results are calculated by a

voting strategy obeying the majority rule.
1.2 Analysis of algorithm

As mentioned above, the random forest algorithm
consists of three main steps. Firstly, a large number
of decision trees are constructed. Secondly, these
decision trees are integrated to form a random forest
model. Finally, the input samples are voted and the
prediction results are output.

For the random forest model, it usually adopts
non-selective integration methods in the decision tree
integration process, that is, all the constructed k
decision trees are selected to form the random forest
model. But when the training sample contains too

much noise data, there may be too many noise trees
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in the process of constructing a decision tree. Since
the random forest model integrates all decision trees,
the robustness of the model will be affected by these
which  will the

addition, outputting

prediction
the

the rule that the minority is

noise trees, reduce

accuracy. In when
prediction results,
subject to the majority is applied to the voting

strategy. Although this voting strategy is simple and

2 CM-RF model

Aiming at the shortcomings of random forest

model in decision tree integration and predition

the

classification by selectivly structuring decision trees

accuracy, it is optimized based on binary

with similarity measure and dynamic weighted voting

effective, it does not consider the difference in method. The basic block diagram of the optimization
performance between the decision trees, which process is shown in Fig.2 and the specific
reduces the prediction accuracy of the model. implementation method is given below.
Dynamic weighted voting
Decision Decision tree
tree-1 cluster-1 Result-1
Decision Optimal addition | | yecision tree 4_-
tree-2 Similarity measure cluster-2 Result-2 Output
. function
Decision Decision tree Resul
tree-k cluster-m csult-m
Fig.2 Basic block diagram of model optimization based on similarity measure and dynamic weighted voting
a(,”»"/[ air’:’\/[
o e . i fn
2.1 Random forest optimization based on Cou = L{m a""’M} . 3
. . . fr m
similarity measure It can be seen from the conclusion of Ref. [14 ] that
The binary classification is one of the most the row vector of the confusion matrix represents the

common classification prediction methods in reality.
Its output space is Y= 1{y,,y,}, where y, means
positive samples and y; means negative samples. The

(5] of the training

error estimation confusion matrix
data corresponding to the ith decision tree t(X,0,) in
the random forest model {t (X, 0,),:(X,0,), -,

t(X,0,)} is recorded as

i i
Ay Ay
C[ - ’

i i
agp A,

(2

where a, and aj, are the numbers that decision tree
t(X,0;) can correctly identify class samples y, and
ys3 ay and a’, indicates the numbers of class samples
vy, and y; that are misjudged as y; and y,.

that the
samples is M, and dividing C; by M, the meaning of

Assuming total number of training

each element in the matrix becomes its corresponding

number of proportions, and then the confusion

matrix after the transformation is recorded as

0,

Im

Cap™ —al™)? 4 (@M — a™)* + @)

tendency of each predication result given when

classifying the y-type sampes, which defines a

measure of correlation between the decision trees and
describes the degree of similarity between them.
Firstly, the C,y is transformed into [al,” &M a)
ap™ .

sampled by the Bagging method is still M,

Since the size of each training sub set
the
confusion matrix deformed by % decision trees is

combined into a measure matrix, which is recorded as

1/M 1/M 1/M 1/M
a//} a fn a fr (2
2/M 2/M 2/M 2/M
azp a fn a fr Ay
Crr = . . . . 4
k/M k/M k/M k/M
Ay am aip (2

With the measure matrix, the 1.2 measure is used
to describe the similarity between different decision
trees, and Cgr can be calculated by L2 measure
definition. The corresponding measure matrix L is a
symmetric matrix whose main diagonal elements are
all 0 and is k X k.

relationship between the elements of L and Cgg is

its size The corresponding

i=j,
1<i#j <k

i/M i/M /M2
—afp )+ (ay” —an)7,
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Then normalization is performed as

Im

lm,,,,-j - 1) (6)

max

where [m; represents the element in L, [, =

max(/;), and subscripts 7 and j represent the
positions of the element in L. The smaller the value
in lm,. ; ., the stronger the similarity between the two

decision trees, otherwise the weaker.

2.2 Random forest optimization based on
optimal addition

Before using the similarity measure to selectively

integrate decision trees, in order to reduce the
negative impact of noise trees on the model, the noise

trees are eliminated as much as possible based on the

DTree-1
Selection DTree-1
oberation end
° Min(error - DTree-1
: estimate) DTree-1 DTree-2
:
. RF-1 DTree-1

principle of optimal addition. The method is shown
in Fig. 3. The decision tree in the figure is referred as
DTree, which is described as follows.

Assuming that the decision tree t is constructed,
firstly, a decision tree with the smallest OOB error
estimate is selected, and then the decision tree is
combined with the remaining t — 1 decision trees to
their

random forest sub-models and

0O0B

calculated. The sub-model with the smallest error

form t—1

respective error measure estimates are
continues the next round of screening. Repeated
iterations are performed. Eventually, t random forest
sub-models are formed and their corresponding OOB
error estimates are obtained, and the sub-model with
the smallest OOB error estimate is taken as the initial

model.

Selection
operation end

DTree-1
DTree-2

DTree-1
DTree-1

Min(error

estimate) e *

DTree-k

RF-2 oo RF-k

Min(error \ N
estimate)

Y Abandon mod
RF

Fig. 3 Schematic diagram of a decision tree selection process based on principle of optimal addition

2.3 Decision tree cluster partitioning method
based on similarity measure

In order to build decision tree clusters with large
difference for the construction of random forest, we
divide the decision tree set into subsets by using the
optimal addition. The decision trees with strong

correlation are taken as a decision tree cluster
whereas these with weak correlation are included into
different decision tree clusters. The specific
implementation steps of the algorithm are as follows.

1) Given the training set D, k decision trees are
constructed by the Bagging method and the decision
tree generation algorithm, then the confusion matrix
C;/y of each tree is obtained;

2) m decision trees are selected from k decision
trees by optimal addition to form an initial random

forest model;

3) Calculating the correlation measure matrix
according to Egs. (4) —(6), setting similar threshold
threshold b,

relationship between the elements a and b and Im; in

a and distinct and comparing the
correlation measure matrix Cgr, the division of the
decision tree cluster is determined. The division rules
are as follows:

@ I Im,.;<<a, decision trees i and j are combined
and recorded as combinable decision tree cluster T,, =
{tist;);

@ I im,.; =b, decision trees i and j are recorded
{ti st } H

® For two combinable decision tree clusters T,,
and T, , if T,y N T,; 7@, they are merged;

@ When a <<Im,, ; <b, it can be seen that the

decision trees i and j are between the related and

as uncombinable set T,, =

uncorrelated relationship, thus the division needs to

be determined according to the existing T,, and T.,.
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There are two cases:

Case 1 When a<<lIm,, ; <<b as well as there being
a combinable decision tree cluster T,, = {t;,t,} and a
uncombinable set T, = {z,, ¢, }, the decision tree j
cannot be added to T, ;

Case 2 When a<<I/m,,; <<b as well as there being
= {t;,t,) and

T,. = {t:s t, }, combination can only be made on

combinable decision tree clusters T,,

condition that both lm,.,; and lm, , are less than 0.
2.4 Dynamic weighted voting

By calculating the prediction accuracy values of
decision trees in the decision tree clusters divided by
similarity measure, the average of the prediction
accuracy values of all decision trees in the cluster is
taken as the prediction accuracy values of the cluster.
Assuming that the prediction accuracies of the ith
decision tree cluster, the optimal decision tree cluster
and the worst decision tree cluster are p;,, pmx and
Dmin s

decision tree cluster composed of n decision trees in

respectively, the voting weight of the ith

the random forest model can be calculated by

100 Do — Pi.
Wz :J k ;pi/exp<pmax7pmin

1, P = b
7

|

The dynamic adjustment of the weighting function

in the above formula is based on the different

prediction accuracy values of decision tree clusters in

the random forest model. The higher the prediction
accuracy, the larger the voting weight possessed by
the decision tree cluster, Assuming that m decision
tree clusters in random forest are constructed, the

prediction output function is expressed as

T = argymaxZW,»F(t;(X,@k) =), (&

3 Experiments

3.1 Experimental data

In order to verify the validity of the proposed CM-
RF algorithm, an empirical analysis was performed
using desensitized credit data of a commercial bank
(data time ranges from February 2016 to July 2017).
Table 1 gives the specific content of A-Dataset and B-

> loan

Dataset.  According to the customers
information that whether the customers have overdue
loans (in monthly), the customers are divided into
two categories, namely normal customers and default
customers. The CM-RF algorithm will validate the
model performance by predicting whether the
customers will default in the next three months (a
default occurs in any of the next three months, which
is considered a default). At the same time, in order
to better illustrate the generalization ability of the
model, the experiments are also carried out using the
German credit dataset (G-Dataset) and sonar dataset

(S-Dataset) in UCI’s public dataset.

Table 1 Experimental data set
Dataset Total number Positive/negtive Number of attributes Lable

A-Dataset 30 000 21 924/8 076 22 normal/default

B-Dataset 20 000 16 364/3 636 22 normal/default

G-Dataset 1 000 371/629 20 normal/default

S-Dataset 208 111/97 60 metal/rock

Firstly, credit data are a common type of s — x(i,5) — min({t(/z 57)) ’ 9)

unbalanced data that need to be dealt with for ! max(x(k,;)) — min(x(k,j))
balancing prior to modeling analysis. When the

Bagging method is used to randomly extract the
training sample subset to construct the decision tree,
the ratio of the normal sample to the default sample
is 1.5 3 1, so as to achieve the purpose of balancing
the data samples. Secondly, the data set needs to be
normalized using Eq. (9) before modeling, and then
all attribute values are converted into the values
between [0,1].

The sample number of the data set is n, where
x(i,j) represents the jth attribute value in the ith
sample; x (k,j), £ € [ 1, n] represents the jth
attribute of all the samples.

3.2 Evaluation criteria

Three metrics are selected as criteria for evaluating

the model, including the model prediction average
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accuracy(A,,.), the first type error rate(ry,, ) and the
second type error rate(rerrz ), where Perr, indicates that
the proportion of the positive sample being misjudged
as negative samples, and Ferr, indicates that the
proportion of the negative sample being misjudged as
positive samples’™. According to the definition of
confusion matrix in Eq. (2), the three metrics are

calculated by

a, +a
Ape = 2 = s (10)
e at/) + afn + (lf/; + Ay
ar
P = — 21—, an
! Ay +aﬁx
a
Verr, — i- (12)
- Ay +af/)

3.3 Experimental results and analysis

In the course of the experiment, the CM-RF model
was implemented based on the PyCharm development
platform using the Python language. In order to
compare experiment results, the gradient boosted
decision tree (GBDT)M and random forest model
based on integrated non-return random sampling
(SWR-RF)' were also implemented. In order to
better evaluate the performance of the CM-RF
model, the experimental model also includes random
( RF)O™, ( LROY™,
convolutional neural network (CNN)™ and the
random subset SVM model (RS-SVM),

In the experiment, the number of initial decision

forest logistic regression

trees to construct the random forest model is 1 000.
The functions in the hybrid model based on SVM
algorithm are Lin, Poly and radial basis function
(RBF), and the number of member classifiers is
15592 The correct rate of output on the four data

sets are shown in Tables 2—5.

Table 2 Comparison of prediction results based on A-dataset

Number of

Model base classifiers kernel  Awe( %) e € %) Ferr, ( %)
LR 83.71 15. 82 17. 26
CNN 86. 12 12. 44 14.02
GBDT 85. 10 13. 80 16. 21
RF 1 000 84.76 14.78 15.71
SWR-RF 1 000 86. 79 12.87 13.65
CM-RF 97 387.94 13.54 10. 79

Lin 85.13 15.05 14. 44
RS-SVM 15 Poly 86.95 11. 40 14. 96

RBF 86. 77 11. 31 13.07

Table 3 Comparison of prediction results based on B-dataset

Model b::z::fl’irs kernel  Awe (%) rery (%) reer, (%)
LR 84. 39 13.89 16. 22
CNN 88.32 10. 08 12.13
GBDT 86. 88 12. 24 14.77
RF 1 000 85.55 14.03 14.97
SWR-RF 1 000 88.93 10. 47 12.25
CM-RF 988 89. 16 9.84 11.90

Lin 88. 10 11. 34 12. 46
RS-SVM 15 Poly 87.05 11. 67 13.41

RBF 88.39 10. 61 12.29

Table 4 Comparison of prediction results based on G-dataset

Model bajeu::::ifirs kernel A (%) Ter 2] Perr, ( %)
LR 85. 31 13.22 15.61
CNN 89. 32 10. 11 11.04
GBDT 88. 40 10. 85 12. 81
RF 1 000 86.91 12.78 13.49
SWR-RF 1 000 88.97 10.12 11. 95
CM-RF 962 90. 41 8. 81 10. 02

Lin 89.70 9.71 10. 97
RS-SVM 15 Poly 88.96 10.52 11.70

RBF 91.07 8.72 10. 65

Table S Comparison of classification results based on S-dataset

Number of

Model bace clascifiors kernel  Awe (%) Ty (Y0 rem, (V0D
LR 85.89  13.58  14.90
CNN 89. 04 9.75 11. 97
GBDT 88.51  10.71  12.08
RF 1000 87.40  12.11 13.07
SWR-RF 1000 89. 42 9.83 10. 92
CM-RF 981 91.03 9.93 8. 40

Lin 89. 10 10. 37 11.73
RS-SVM 15 Poly 89.56 9.96 11.03

RBF 88.07 11. 20 12.57

The above tables give the experimental results of

different models on the prediction and two-
classification problem. According to the experimental
results, the following conclusions can be drawn.

(1) The accuracy of the hybrid model is generally
better than that of the single classifier model;

(2) Compared with the original random forest
model, the CM-RF algorithm has improved the
accuracy of result;

(3) The CM-RF model proposed in this paper
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achieves the best results on A-Dataset, B-Dataset and
S-Dataset. The optimal sub results are obtained on
G-Dataset, and the result is slightly lower than the
RS-SVM hybrid model with kernel function RBF,
which shows the effectiveness of the improved

random forest algorithm based on confusion matrix.

4 Conclusion

In this paper, we achieves good results that non-
selective integration decision trees of the random
forest model are optimized and improved according to
the voting strategy that is subject to the majority
rule. It can be seen from the experimental
comparison that the CM-RF model is optimized, the
scale of the original random forest model is reduced,
and the influence of the noise tree on the model is
eliminated, so that the output accuracy of themodel
is improved. Based on different types of data, the
optimization model CM-RF proposed in this paper can
achieve higher accuracy, which is an effective model
for data mining and analysis. Subsequent research
will focus on the optimization and enhancement of the
CM-RF model based on extremely unbalanced data.

The CM-RF model is optimized on the basis of the
original random forest model, which increases the
time complexity of the algorithm to a certain extent.
The original random forest time complexity is
O(M(mnlog.n)), where M is the number of decision
trees in the random forest, m is the number of
sample attributes and n is the number of samples.
CM-RF increases time complexity using the optimal
addition principle. The time complexity of the CM-
RF model is O(M’ Gmnlog,n)).
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