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Abstract
Because random forests are generated with random selection of attributes and use samples
that are drawn by boostraping, they are good for data sets that have relatively many attributes
and small number of training instances. In this paper an efficient procedure that considers the
property of data set having many attributes with relatively small number of attributes in
arrhythmia is investigated to predict cardiac arrhythmia is shown. Even though several
research results have been published already to find better prediction accuracy based on
other methods, a new and better result has been found with the suggested method.
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1. Introduction
Effective data mining in various application areas attracted many researchers ’
attention [1-3], and decision tree based methods are one of the most used data mining
methods, because of their understandability and fast building property of the trees.
Decision tree induction algorithms divide a training data set based on some branching
criteria during tree building process, so the performance of trained decision trees is
more heavily dependent on the training data sets than other data mining algorithms, for
example, such as neural networks [4]. In order to avoid this property, we may prepare
several samples based on sampling with replacement, and generate decision trees from
the samples. Random forests [5] are based on such method called boostraping [6], and
multiple of decision trees are generated with limited random selection on attributes, and
do no pruning. The time complexity to generate a decision tree without pruning is less
than the number of attributes multiplied by O(n log n) where n is the number of training
instances, since decision tree grows up to the number of attributes at most, and we may
need sorting for continuous attributes at each level of the tree. Hence, tree generation
time is relatively fast in random forests. The performance of random forests is known to
be good for the cases like small training data set size and some possible errors in the
data set.
We are interested in finding some better data mining model for the data set called
‘arrhythmia’. The main concern is to predict presence or absence of cardiac arrhythmia
accurately. There are some previous researches for the data set. Because the data set
contains relatively many attributes than the number of instances, researchers focused on
effective attribute selection methods. Pappa, et al., [7] used genetic algorithm to select
appropriate attributes. Genetic algorithm needs proper fitness function so that we need
good domain knowledge to set the fitness fuction. Cohen and Ruppin [8] used game
theory-based algorithm called contribution selection algorithm (CSA) to select features.
They transformed the data set into binary classification problem to make the data set to
be solvable by using their algorithm. But, because the original data set consists of 16
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classes, we need some ensemble method for us to use the result. Random forests do not have
any limitation in the number of classes.
In Section 2, we present our method in detail, and Section 3 we show the result of
experiment. Finally Section 4 provides some conclusions.

2. The Method
Assume that N is the number of instances in a training data set. In order to build a
tree, we generate a training data set by doing sampling with replacement N times. So,
identical instances can be sampled several times in the sampled data. We use this new
sampled data to generate a tree. Statistically, 63.2% of instances are sampled in average
from the original training data set, and the sampling method is called bootstrap method
[9].
In the bootstrap method each instance in the training data set is sampled with the
probability of 1/N. So the probability of not being selected is 1- 1/N. Therefore, if we
repeat the sampling with replacement process N times, the probability of not being
selected is (1 - 1/N) N. If N is large, this probability is similar to e -1 = 0.368. So the
probability of not being selected in the bootstrap method is 36.8%. In other words,
36.8% of the instances in the training set are not selected in average in the bootstrap
method.
After training data set is made, we can generate decision trees without pruning.
Decision tree generation method of random forests consider yet unselected attributes in
each subtree of the tree, and the number of attributes is limited to some predefined
number, and, moreover, the attributes are chosen randomly. The predefined number of
attributes may be set by the default value suggested by Breiman [10]. The number can
be the first integer less than log 2A + 1, or square root of A and may be half and double
of the number, where A is the number of attributes. But we should be careful for the
number, because different number can generate different result, so that we should
consider the property of target data set in setting the number. Because the data set
contains relatively large number of attributes which is 280, we will consider it
increasingly from default value.
Another factor that affects the accuracy of random forests is the number of decision
trees in the forests. We may generate exhaustively, if we have enough time. Because the
data set will be generated random sampling with replacement and the sampling will be
performed N times, we will generate the trees as multiples of N to reflect the sampling
method. We will follow the following procedure to generate random forests.
Procedure:
Begin
1. C := square root of |A| where |A| is the number of attributes;
2. Repeat
3. For t = {T | N, N*2}
4. Generate random forests with parameters C & t where C is the number of attributes to
pick randomly and t is the number of tree in the forests
5. End For;
6. C := C*2;
7. Until C <
|A|; End.
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3. Experiment
Experiments were run using a data set called ‘ arrhythmia ’ in UCI machine learning
repository [11]. The arrhythmia data set was prepared to distinguish between the
presence and absence of cardiac arrhythmia. The number of instances in the data set is
452, and the number of attributes is 280. There is one class attribute which has 16
different values. Class 1 represents 'normal' ECG, and classes 2 to 15 represents
different classes of arrhythmia, and class 16 represents unclassified ones. The number
of instances for each class is in Table 1.
Table 1. The Number of Instances for each Class
Class

Number of instances

1

245

2

44

3

15

4

15

5

13

6

25

7

3

8

2

9

9

10

50

11

0

12

0

13

0

14

4

15

5

16

22

Total

452

So, the data set has unbalanced class distribution. Especially there are no instances of class
11, 12, and 13. Figure 1 shows the class distribution graphically. In the figure x axis represents
class label, and y axis represents the number of instances.
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Figure 1. Class Distribution
Inthe experiment 10-fold cross validation was used. Random forests in weka were
used for the experiment. Weka is a data mining package written in java [12]. The
following Table 2 shows the accuracy based on the number of attributes to consider and
multitude of trees. The number of trees is 407, and 814. The number of attributes to pick
to generate tree in the forests is 16, 32, 64, 128, and 256. So, total of 10 different
random forests were made.
Table 2. The Accuracy of Random Forests for each Number of Attributes to
pick Randomly and Different Number of Trees
No. of trees
407

No. of attr.

814

to pick randomly
16

71.6814%

71.2389%

32

73.8938%

74.3363%

64

76.5487%

76.7699%

128

75.6637%

75.4425%

256

75.4425%

75.4425%

Random forests(64, 814) has the accuracy 76.7699%, and this is the best accuracy
according to literature survey [7]. Single tree by C4.5 [13] achieved the accuracy
64%~70%. Figure 2-14 shows ROC curve for each class. In the figures left figure shows
ROC of the first random forests, say RF1, which have parameters (16, 407) and right
figure shows the ROC of the best random forests, say RF6, which has accuracy of
76.7699%. The weighted average of ROC area of RF1 and RF6 is 0.893 and 0.9
respectively.
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Figure 2. ROC of Class 1 for RF1 (left) and RF6 (right)
Area under ROC of class 1 is 0.9006 and 0.9093 for RF1 and RF6 respectively. Note that
the number of instances of class 1 is 245. Class 1 is majority class of the data set. The total
number of instances is 452.

Figure 3. ROC of Class 2 for RF1(left) and RF6(right)
Area under ROC of class 2 is 0.9337 and 0.9246 for RF1 and RF6 respectively. So, ROC
of RF6 is slightly worse than that of RF1. Note that the number of instances of class 2 is 44.
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Figure 4. ROC of Class 3 for RF (left) and RF6(right)
Area under ROC of class 3 is 0.9862 and 0.9908 for RF1 and RF6 respectively. Note that
the number of instances of class 3 is 15.

Figure 5. ROC of Class 4 for RF1(left) and RF6(right)
Area under ROC of class 4 is 0.9912 and 0.9915 for RF1 and RF6 respectively. Note that
the number of instances of class 4 is 15.
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Figure 6. ROC of Class 5 for RF1(left) and RF6(right)
Area under ROC of class 5 is 0.9169 and 0.9744 for RF1 and RF6 respectively. Note that
the number of instances of class 5 is 13.

Figure 7. ROC of Class 6 for RF1(left) and RF6(right)
Area under ROC of class 6 is 0.9556 and 0.9627 for RF1 and RF6 respectively. Note that
the number of instances of class 6 is 25.
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Figure 8. ROC of Class 7 for RF1(left) and RF6(right)
Area under ROC of class 7 is 0.1258 and 0.2751 for RF1 and RF6 respectively. Note that
the number of instances of class 7 is 3.

Figure 9. ROC of Class 8 for RF1(left) and RF6(right)
Area under ROC of class 8 is 0.395 and 0.4167 for RF1 and RF6 respectively. Note that
the number of instances of class 8 is 2.
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Figure 10. ROC of Class 9 for RF1(left) and RF6(right)
Area under ROC of class 9 is 0.9997 and 0.9985 for RF1 and RF6 respectively. Note that
the number of instances of class 9 is 9.

Figure 11. ROC of Class 10 for RF1(left) and RF6(right)
Area under ROC of class 10 is 0.9455 and 0.9383 for RF1 and RF6 respectively. The
ROC of RF6 is slightly worse than that of RF1. Note that the number of instances of class
10 is 50.
For class 11, 12, 13, area under ROC is not available, because there are no instances.
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Figure 12. ROC of Class 14 for RF1(left) and RF6(right)
Area under ROC of class 14 is 0.6599 and 0.7614 for RF1 and RF6 respectively. Note that
the number of instances of class 14 is 4.

Figure 13. ROC of Class 15 for RF1(left) and RF6(right)
Area under ROC of class 15 is 0.9233 and 0.811 for RF1 and RF6 respectively. The ROC
of RF1 is better than that of RF6. Note that the number of instances of class 15 is 5.
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Figure 14. ROC of Class 16 for RF1(left) and RF6(right)
Area under ROC of class 16 is 0.5353 and 0.5629 for RF1 and RF6 respectively. Note that the
number of instances of class 16 is 22.

4. Conclusions
Random forests are good for data of some insufficient information and irrelevant
attributes. Constructing random forests generally does not need much computing
resources, because post processing like pruning is net performed, unless the forests
consist of tremendous number of trees.
Therefore, because we believe that ‘arrhythmia’ data set has many attributes and not
large number of instances, we want to find some best predictive accuracy with random
forests to predict presence or absence of cardiac arrhythmia. Even though several
researches were done using other data mining methods to find better classification
accuracy for the data set, we have found that we could find some better results. An
effective method considering the properties of the data set is suggested to find the result.
The experiments supported us by providing a good result in prediction accuracy.
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