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Abstract—A standard data set is useful to empirically eval-
uate classification rules learning algorithms. However, there
is still no standard data set which is common enough for
various situations. Data sets from the real world are limited
to specific applications. The sizes of attributes, the rules and
samples of the real data are fixed. A data generator is proposed
here to produce synthetic data set which can be as big as
the experiments demand. The size of attributes, rules, and
samples of the synthetic data sets can be easily changed to meet
the demands of evaluation on different learning algorithms.
In the generator, related attributes are created at first. And
then, rules are created based on the attributes. Samples are
produced following the rules. Three decision tree algorithms are
evaluated used synthetic data sets produced by the proposed
data generator.
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I. INTRODUCTION

The recent improvement of both hardware and software
of computer systems has greatly enhanced the ability of
machine computing. Automatic data analysis and decision
support become more and more important in our life, econ-
omy, social and so on. There is a strong market demand for
efficient and valuable algorithms and systems to give people
concise conclusions or advice from a big data set [1], [2],
[3].

Decision trees, clustering methods, deep learning neural
works, statistical and visualization tools are popular tech-
niques used in automatic data analysis or data mining.
Among them, decision tree algorithms learn classification
rules from an input data set. The output rules tell people the
relationship between feature attributes and targets. Decision
trees are easy to visualize, therefore, people can understand
how the rules are produced. When the final decision is made
by human, this is an important virtue than other learning
methods such as deep learning.

In practice, the value of learning machines lies on how ac-
curate and how fast they can generate rules or knowledge to
guide a system. This makes fundamental research in learning
algorithms inherently empirical [4]. Therefore, researchers
carry out extensive experimental studies to evaluate the
performance of learning algorithms [5]. However, real world
data is not controlled by researchers, for example, the data
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size is limited. The related feature attributes are also uncon-
trollable. Synthetic data sets are useful in these empirical
studies, as they offer a controlled environment used by
learning algorithm to evaluate the classifiers [6]. Besides,
synthetic data set can be easily access. Therefore, synthetic
data sets can be used with real world data sets to derive
rigorous results for performance of learning algorithms.
There are a few researches in the field of synthetic data
generation for the evaluation on classification algorithms.
One is a data generator using five rules [7]. This work
demonstrates synthetic data for a person database in which
each person has the nine attributes given in Table 1. Five
classification functions of increasing complexity that used
the above attributes are also developed to classify people
into different groups. According to these functions, a training
set and a test set are generated for every experiment. Owing
to lack of a classification benchmark, researchers used the
above synthetic database to evaluate their algorithms [8].
However, since the amount of the attributes and the amount
of the inherent rules or functions are fixed, there are limi-
tations. Another work proposed a framework for generating
synthetic data for multi-label learning [9]. It uses nine inputs
of features, target labels, number of instance, radius of small
hyperspheres and noise to generate synthetic data. However,
this framework does not meet researchers’ demand on the
choice of the inherent rules generation. In this paper, we
propose a novel rule-driven framework to generate synthetic
data set for the evaluation on classification algorithms.

II. RULE-DRIVEN SYNTHETIC DATA GENERATOR

The main idea of rule-driven synthetic data generator is to
produce specified number of rules according to the specified
attributes at first. And then, the generator produces specified
amount of samples in compliance with the randomly gener-
ated rules.

A classical sample set of playing tennis is shown in Table
I. A decision tree produced by the ID3 algorithm from
samples of playing tennis in Table I is shown in Figure 1.
Table II shows all the rules derived during the generation
procedure of the ID3 decision tree algorithm.

From Table II, we can see that five rules are found by
the algorithm. However, all these five rules do not consider
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the temperature, which is an important factor for human to
decide whether he or she will play tennis. Apparently, if the
weather is too hot, nobody will go to play tennis even if
it’s sunny and the humidity is normal. Notice that there is
no sample whose outlook is sunny, humidity is normal and
temperature is hot in Table I. In fact, we can find two rules
about temperature using the rule exhaustion decision tree
algorithm [10]. These two rules are shown in Table III. This
demonstrates that if an attribute has not been considered by

the rule set, the rule set is not complete or the attribute is not e yes ne ves
necessary. Here, we does not consider that any attribute is
not necessary when it is used to generate synthetic samples. Figure 1. The ID3 decision tree of playing tennis.
Table I Table 1T
SAMPLES OF PLAYING TENNIS. RULES FOUND BY ID3 FOR PLAYING TENNIS.
day | Outlook | Temperature | Humidity | Wind | play (tennis) Attribute Value Attribute Value | Target Value
1 sunny hot high weak no Outlook  overcast play yes
2 sunny hot high strong no Outlook sunny Humidity high play no
3 overcast hot high weak yes Outlook sunny Humidity  normal play yes
4 rain mild high weak yes Outlook rain Wind weak play yes
5 rain cool normal weak yes Outlook rain Wind strong | play no
6 rain cool normal strong no
7 overcast cool normal strong yes
8 sunny mild high weak no

a subset of attributes be, the target attribute is always the
9 sunny cool normal weak yes same, it means that the subset of attributes has no relations
with the target attribute. Therefore, for attribute i in the
rule set, there must be at least A; rules which cover all
11 sunny mild normal strong yes the A; values of attribute i and all the A, values of the
target attribute n. This also means that there should be at
least max(Az, As, ..., Ap,_1, A,) rules to make the rule set
13 | overcast hot normal weak yes complete. And it is vice versa. If no matter what values of
the target attribute being considered, a subset of attributes
is always the same value, it means that the relation between
the target attribute and the subset of attributes is not clear.
For example, no matter what color a cat is, it is our good
friend if it can catch mice. Therefore, for the same value of
a subset of attributes of different rules in the rule set, the
values of the target attribute must be different.

10 rain mild normal weak yes

12 | overcast mild high strong yes

14 rain mild high strong no

The format of the synthetic sample set produced by the
generator is shown in Table IV. The data of Table IV
corresponds to the data in Table I. The format of the rule
set produced by the generator is shown in Table V.

A. Generating attributes

A set of different attributes of size N should be input Table I
.. RULES FOUND BY RULE EXHAUSTION DECISION TREE FOR PLAYING
by users, and it is expressed as [A1, As, ..., A,], A; means TENNIS
that the attribute i has A; discrete values. The last attribute
is always the target attribute. This tuple needs to be input
by users. The size of the tuple depends on applications. Outlook  sunny | Temperature  hot | play  no
However, there are some limitations when users try to
select attribute. Noticed that if no matter what values of

Outlook  sunny | Temperature cool | play yes
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Table IV
FORMAT OF THE SAMPLE SETS IN TABLE 1.

day | Outlook | Temperature | Humidity | Wind | play tennis
1 0 0 0 0 0
2 0 0 0 1 0
3 1 0 0 1 1
4 2 1 0 0 1
5 2 2 1 0 1
6 2 2 1 1 0
7 1 2 1 1 1
8 0 1 0 0 0
9 0 2 1 0 1
10 2 1 1 0 1
11 0 1 1 1 1
12 1 1 0 1 1
13 1 0 1 0 1
14 2 1 0 1 0
Table V
FORMAT OF THE RULE SET IN TABLE 2.

Attribute | Value | Attribute | Value | Target | Value

1 1 0 0 5 1

1 0 3 0 5 0

1 0 3 1 5 1

1 2 4 0 5 1

1 2 4 1 5 0

B. Generating rules

When the attributes are assigned, M rules are generated
according to the attributes. But there are some rules which
are in conflict. For example, let the first rule be that if
attribute i is 0, the target attribute is 1; Let the second rule be
that if attribute i is O, the target attribute is 0. Apparently, the
two rules are in conflict. One strategy to solve this problem
is that rules are create randomly, but before using them, a
thorough check is carried on the whole rule set from the
first to the last, and those rules which are in conflict with
the former rules will be removed. Besides, when generating
rules, if a rule needs to consider all the related attributes
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to determine the label of the target attribute, this rule is
meaningless, because this rule merely corresponds to a
sample. Generally, if rule A uses fewer attributes than rule
B, rule A is better than rule B. Of course, there should not be
a rule which considers no attributes but classifies the target
attribute directly.

C. Generating samples

Finally, K samples are produced in compliance with the
M rules. There are two ways to generate sample. The first
way is the sequential way, samples are produced sequentially
from the first rule to the last rule. The second way is the
random way, samples are produced using rules in a random
order. Since the synthetic data is produced sequentially by
the engine rules and a front part of them are used as the
training data. The training data used for learning rules can
only cover a part of the entire data, the sequential way can
not provide samples produced from the latter engine rules.

D. Relations between attribute and rule

From the above analysis, we can induce that there are
some relationships between the size M of the rule set and
the size of value sets of the attributes [Aq, As, ..., A,,]. First,
no rules can consider all the related attributes. Second, for
attribute i in the rule set, there must be at least A: rules
which cover all the Ai values of attribute i and these Ai
rules can cover all the An values of the target attribute
n. Finally, no rules should be in conflict. According to the
above principles, we have the following formulas.

n—1 n-—1
M<> ] 4

i=1 k=1,k#i

M > mp+np

mp = argmax(4;,i =1,2,...n—1)
np = argmin(4;,i1=1,2,...n—1)

However, since some rules are in conflict, the amount of
compliance rules is much smaller.

III. EXPERIMENTAL RESULTS OF THE EVALUATION ON
THE PRECISION OF DECISION TREE ALGORITHMS

Experiments were carried out on a PC with Intel Pentium
1.50 GHz CPU and Windows XP operating system using
Matlab 7.4.0.

In the experiments, we used the proposed generator to
produce synthetic sample sets and rules in order to compare
algorithms. We compared the classical ID3 algorithm [11]
with the information energy decision tree (IET) [12] and the
rule exhaustion decision tree (RDT) [10] of our recent work.
Table VI, Table VII and Table VIII show the results about
the classification precision.

Two attribute sets were used. The first set of 15 attributes
was as follows,
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12,3,2,3,2,3,2,3,2,2,3,2,3,3,2].

The second set of 20 attributes was as follows,

12,3,2,3,2,3,2,3,2,2,3,2,3,3,3,2,2,3,2,2].

And the amount of rules equaled to the amount of
attributes in all the experiments. Testing accuracy was used
to measure the precision, accuracy = correct/total. Each
sample set was divided into a training set and a testing set.
In order to evaluate learning algorithms’ ability to learn rules
from a small and incomplete data set, both the random way
and the sequential way to generate data were used. The
results are shown in Table VI, Table VII and Table VIII.
Each figure in a table corresponds to the statistics over 100
trials.

From the tables, we can see that the results of the
algorithms are all above 96%, when the data is accessed
randomly and the data size is above 10 times as the amount
of the rules. On the other hand, when the data is accessed
sequentially, the precision drops seriously. It’s because that
the training data can’t cover some latter rules. However, for
sequential data, the precision rate of the rule exhaustion de-
cision tree is obviously better than ID3 and the information
energy decision tree (IET), while IET is better than ID3.

Table VI
THE ACCURACY OF ID3 OR THE RULE EXHAUSTION DECISION TREE
WHILE 25% OF THE SAMPLES ARE USED AS TRAINING SAMPLES. THE
UNIT IS PERCENTAGE.”RND’ MEANS "'RANDOM’ HERE.

Rules data Algorithm Data size
Amount N | access 10*N 100*N  1000*N
15 rnd RDT 79416 96913  99.877
rnd D3 81.336 97.732 99910
rnd IET 80.814 97.254  99.594
20 rnd RDT 81.720  96.149  99.758
rnd D3 82953 96.835  99.823
rnd IET 83.113  96.124  99.461
15 no rnd RDT 64.584 69.962  68.593
no rnd D3 61.212 67.533  66.263
no rnd IET 62.442  67.333  66.305
20 no rnd RDT 65.013  71.333  71.604
no rnd D3 65.400 68.984  70.760
no rnd IET 66.060 69.589  70.903

IV. CONCLUSION

A novel framework for generating synthetic data set
is proposed for evaluation on classification rules learning
algorithms. Researchers can apply the framework to produce
experimental data sets on machine learning. The features of
data set can be modified by researchers, such as, the data
size, the amount of related attributes, the value set of the
attributes, and the amount of rules. Relations among the
rules and attributes when generating synthetic data have
also been investigated. Three decision tree algorithms are
evaluated using synthetic data generated under the proposed
framework.
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Table VII
THE ACCURACY OF ID3 OR THE RULE EXHAUSTION DECISION TREE
WHILE 50% OF THE SAMPLES ARE USED AS TRAINING SAMPLES. THE
UNIT IS PERCENTAGE.”RND’ MEANS "'RANDOM’ HERE.

Rules data Algorithm Data size
Amount N | access 10*N 100*N  1000*N
15 rnd RDT 86.307 98.529  99.961
rnd 1D3 88.720 98.972  99.974
rnd IET 88.373  98.596  99.737
20 rnd RDT 87.210  97.991 99.895
rnd D3 88.580  98.501 99.934
rnd IET 87.800 97.776  99.664
15 no rnd RDT 70.880 76.536  78.260
no rnd 1D3 69.253  75.063 74.229
no rnd IET 70.187  75.239 74.022
20 no rnd RDT 74.840  79.500  78.478
no rnd ID3 74.180 75989  76.892
no rnd IET 74.150  78.114  77.656

Table VIII

THE ACCURACY OF ID3 OR THE RULE EXHAUSTION DECISION TREE
WHILE 75% OF THE SAMPLES ARE USED AS TRAINING SAMPLES. THE
UNIT IS PERCENTAGE.’RND’ MEANS 'RANDOM’ HERE.

Rules data Algorithm Data size
Amount N | access 10*N 100*N  1000*N
15 rnd RDT 90.026  99.179 99.978
rnd ID3 92.211  99.459 99.990
rnd IET 91.053  99.061 99.758
20 rnd RDT 89.320 98.786 99.936
rnd 1D3 91.260  98.980 99.965
rnd IET 90.340  98.336 99.717
15 no rnd RDT 76.289  83.477 84.951
no rnd 1D3 77.237 81419 82.183
no rnd IET 77.763  83.061 83.113
20 no rnd RDT 78.960  83.440 83.292
no rnd 1ID3 77760  83.522 81.403
no rnd IET 78.440  83.694 82.404
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