
  
Abstract—In recent years, data mining becomes to efficient tools 

to analysis data, and is, still a hot issue in academia. In numerous 
data mining methods, decision tree has several advantages over 
other data mining methods and are popular in many business 
intelligent systems. Decision tree is mainly applied to predict, and 
have a broad range of applications. Previous decision tree methods 
can only be applied to data with categorical labels, however, 
nowadays, the Big Data era is coming; more and more data were 
generated with different label types. For example, data label with 
distance concept or data label with hierarchical structure. To remedy 
the research gap, in this study, we proposed a novel classifier which 
takes account both of concept hierarchy and distance labels when 
constructing a decision tree and aim to improve the classification 
precision and the classification accuracy. 
 

Index Terms—Classification; Decision tree; Hierarchical class 
label; Distance class label  
 

I. INTRODUCTION 
N recent years, data mining become efficient tools to 
analysis data, and is a hot issue in the academia. Data 

mining is an analysis step of the knowledge discovery in 
databases process (KDD), the most important is, DM is a 
technology for extracted valuable and meaningful hidden 
information in a huge database, and analysis the data to 
summarize the structure of model. 

With the development of data mining techniques, several 
major kinds of data mining methods, including association 
rule [1][2], cluster analysis [3][4], classification [5][6][7], 
decision trees [8][9], neural networks [10][11][12], genetic 
algorithms [13], and support vector machines [12], has been 
proposed. 

Within these methods, decision tree is so popular cause it 
has several advantages over other data mining methods, 
including readability – can generate the rules that easy to 
understand and explained, can handle continuous or 
categorical data, can be used to visually and explicitly 
represent decisions and decision making, have 
well-organized, and can handle noisy data [14][15][16]. 

Decision tree is mainly applied to predict, and have a broad 
range of applications [17]. 

A decision tree contains two basic elements: nodes and 
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branches. A node contains the records, we recursively find 
the most appropriated attribute to split the node until we 
reach the predefined stop criteria. In a tree structure, the end 
node we call leave nodes, and we further choose and attaché a 
class label to each according leave node. The branches 
represent conjunctions of features that lead to those sub 
nodes. Fig. 1. is an example of a general decision tree, the 
oval graphic is split with an attribute. 

 
Fig. 1. Example of a general decision tree. 

 
However, with the popularity of wireless networks and 

mobile devices, nowadays is the Big Data era, more and more 
data were generated every day and everywhere, and variety 
of data types and label types are appeared. For example, 
classification label itself may have a concept of class, 
numeric attributes, the concept of distance, and so on. 
Previous methods usually assume that the label for the 
category attribute with flat structure, this assumption cannot 
reflect the real world situation. We need to consider more 
factors impact the result and the effectiveness of decision 
tree. 

With above limitations, Yen-Liang Chen 2009[18] and 
H.W. Hu 2011[19] separately proposed the decision tree 
algorithm that considered the concept hierarchy and the 
concept of distance of labels. However, we found there still 
have certain limiting, following further described in the next 
example. 

Assume we have a set of label { London, Paris, Lyon, 
Bruxelles }, two leaf nodes v1 and v2, and we want to predict 
where is traveler’s destination, data distribution is shown in 
Fig. 2. 
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Fig. 2. Example of construction a DT in Hierarchical-Label Classifier. 
 
If we use C4.5 algorithm, the entropy and accuracy of two 

nodes is same, but if we consider the concept hierarchy of 
labels, use Hierarchical-Label Classifier [18], v1 can be 
classified with “Europe”, and v2 can be classified with 
“France”. Consider the concept hierarchy of labels let data 
more centralized, and the accuracy of two nodes is increase, 
but the precision is lost.  

Another example shown in Fig. 3, if we use C4.5 algorithm, 
the entropy and accuracy of two nodes is same, but if we 
consider the concept of distance of labels, use Table I and 
Distance-Label Classifier [19], v1 can be classified with 
“Paris”, and v2 can be classified with “Bruxelles”. If we also 
consider the concept hierarchy of labels, in this example, 
three place looks very near in distance, but if we build a class 
label tree based on language, we can see Paris and Bruxelles 
is more near in Fig. 4. 

 

 
Fig. 3. Example of construction a DT in Distance-Label Classifier. 

 
TABLE I: THE EXAMPLE OF DISTANCE MATRIX. 

Distance (km) London Paris Bruxelles 
London 0 453 365 
Paris 453 0 305 

Bruxelles 365 305 0 

 

 
Fig. 4. Example of a classified with build a class label tree based on 

language. 
 
But none of them have took both of these two concepts into 

account, this study proposed a novel classifier which take 
account both of concept hierarchy and distance labels, which 
aimed to improve the classification precision and the 
classification accuracy. We organized past study into Table 
II. 

 
TABLE II: A CATEGORY OF RESEARCH TOPICS. 

A categories of 
research topics Entropy Distance 

Non-hierarchical 
Structure (Flat) ID3, C4.5, C5.0 2011 

H.W. Hu, C.C. Wu 

Hierarchical 
Structure 

2009 
Yen-Liang Chen, 
Hsiao-Wei Hu, 
Kwei Tang 

Proposed method 

 
The organization of this paper is as follows. Section 1 

describes the background, motivation of the research, and the 
research purposes. In section 2 contains problem definitions 
and terminologies that needed for later sections. In section 3, 
we extend the algorithms, introduces the proposed algorithm. 
Final conclusions and comments for future research are 
provided in section 4. 

 

II. PROBLEM DEFINITION 
In this section, we will define some terminologies that 

needed for later sections.  

A. Decision Tree 
Let the decision tree DT = (V, E), where V is a set of nodes 

and E is a set of branches. V={vb| b=1, …, m}, where vb is a 
node in DT contains a set of instances, corresponds to a 
decision made on an attribute. A node with no proper 
descendant is called a leaf, a terminal, or a label. All other 
nodes (except the root) are called internal nodes. 

B. Attribute 
Let A={ar| r=1,…,s} be a set of attributes, where ar is an 

attribute. Let r
bv  be represented the node vb with an attribute 

ar. Degree( r
bv ) is the number of branch of node vb with a test 

attribute ar . For more specifically, we can see the example 
show in Fig. 7. 

Paris 

Bruxelles French 

London 

English 
Language 
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Fig. 7. Example of a decision tree. 

  

C. Hierarchical Class Label Tree(CLT) 
A Hierarchical Class Label Tree, CLT, is a tree structured 

that has a root label covers all the scope of class concept in 
the application domain. The scope of class concept of a 
parent label node will cover those of its child label nodes. 
For example, assume we have a hierarchical class label 
shown in Fig. 8, <Europe> is a parent label node that covers 
the concepts of both of its child label nodes, <London> and 
<Paris>. 

 

 
Fig. 8. A CLT. 

  
Let CLT ={Li| i = 1, …, h} ,where Li denote the set of 

labels in ith level of concept labels in CLT, and h denotes the 
number of the levels in CLT. Here, L1 is the most abstract 
level, and L2, L3, …, Lh are the other levels.  

We further define Li = {L(i,j) | i=1,...,h and j=1,…,mi}, 
where L(i, j) means the jth concept label at level i. L(1, 1) is the 
only one greatest concept label of CLT, mi is the number of 
concept labels at level i, and | CLT | is the number of nodes in 
CLT. 

L = {Li| i = 1, …, h} 
L1= {L(1,1)} 
L2= { L(2, 1) , L(2, 2) ,…, L(2, m2 ) } 
L3= { L(3, 1), L(3, 2) ,…, L(3, m3 ) } 
…………………………………… 
Li= { L(i, 1), L(i, 2) ,…, L(i, mi ) } 
……………………………………  
Lh= { L(h, 1), L(h, 2) ,…, L(h, mh ) } 
 Let L(i+1, y) ⊂ L(i, x) represent that L(i, x) is the parent label 

node of L(i+1, y) in CLT.  
We can obtain the following information from Fig. 9. 
 

 
Fig. 9. A CLT and label definition. 

 

D. Partial Hierarchical Class Label Tree (PHT) 
Let PHTb be the smallest sub-tree structure in CLT that can 

cover the labels of all data in node vb ∈ DT. We call PHTb is 
the partial hierarchical class label tree of node vb.  

For example, if all the labels of data in v1 ∈ {<Taipei>, 
<Tokyo>}, than we can obtain a partial hierarchical tree of 
node v1, PHT1 ⊆  CLT, shown in Fig. 10. 

 

 
Fig. 10. PHT1 : the label structure of node v1. 

 
For another example, if all the labels of data in v2 ∈ 

{<Taipei>, <Paris>}, than we can obtain another partial 
hierarchical tree of node v1, PHT2 ⊆  CLT, shown in Fig. 11. 

 

 
Fig. 11. PHT2 : the label structure of node v2. 

 
More specifically, PHTb = {Li,j | i=1,...,h and j=1,…,mi} 

be the set of concept labels, where PHTb ⊆ CLT . Then 
further define H(PHTb) means the number of the levels in 
PHTb, and |PHTb| as the number of all concept labels in 
PHTb. PHTb defines the same relationships as in CLT, L(i+1, y) 
⊂ L(i, x) , means all scope of concept labels of L (i+1, y) are 

covered by those of L(i, x). Let 
b

iL  denote the ith level of 

concept labels in label structure PHTb and 
b
im  denote the 

number of concept labels at level i in PHTb.  
By the given hierarchical class label CLT shown in Figure 

8, we can obtain a label structure PHT1 of a node v1 from 
Table VIII, shown in Figure 12. 
 

TABLE VIII: ASSUME WE HAVE SOME TUPLES OF CUSTOMERS’ 
PREFERENCE WITHIN A NODE V1 

ID Gender Age Marriage Income Preference 
(Class label) 

1 M <20 No Low Taipei (L3,1 ) 
2 M <20 Yes Low Taipei (L3,1 ) 
3 M 20-45 Yes Middle Tokyo (L3,2 ) 
4 M >45 Yes High Paris (L3,6 ) 
 

 
Fig. 12. PHL1 : the label structure of node v1. 

E. Distance 
The “distance” in this study is contains the concrete 

distance and the abstract distance, such as the actual location, 
the relationship of people to each other. The definition of 
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distance is based on domain expert or calculate. For example, 
we can take some main city which belongs a continent, as the 
node, then compute the barycenter, to denote the continent. 

Let ,

i

p qD
 denote the distance between Li,p and Lk,q at ith level, 

where p < q, and ( , ) ( , ){ }i p i q iL L L⊂
. 

We normalize the distance between 0~1, and present as a 
square matrix of distance. The definition and example show 
in Table IX. and X. 

 
TABLE IX: THE DEFINITION OF DISTANCE MATRIX 

Definition 
of 

distance 
L(3, 1) L(3, 2) L(3, 3) L(3, 4) L(3, 5) L(3, 6) 

L(3, 1) 0 3
1,2D  3

1,3D  3
1,4D  3

1,5D  3
1,6D  

L(3, 2) 
3
1,2D  0 3

2,3D  3
2,4D  3

2,5D  3
2,6D  

L(3, 3) 
3
1,3D  3

2,3D  0 3
3,4D  3

3,5D  3
3,6D  

L(3, 4) 
3
1,4D  3

2,4D  3
3,4D  0 3

4,5D  3
4,6D  

L(3, 5) 
3
1,5D  3

2,5D  3
3,5D  3

4,5D  0 3
5,6D  

L(3, 6) 
3
1,6D  3

2,6D  3
3,6D  3

4,6D  3
5,6D  0 

 
TABLE X: THE EXAMPLE OF DISTANCE MATRIX. 

Distance 
(km) Taipei Tokyo New 

York Chicago London Paris 

Taipei 0 2099 12512 11979 9774 9818 

Tokyo 2099 0 10838 10130 9558 9709 
New 
York 12512 10838 0 1144 5560 5828 

Chicago 11979 10130 1144 0 6347 6645 

London 9774 9558 5560 6347 0 342 

Paris 9818 9709 5828 6645 342 0 

F. Training data set 
Let DS be the training data set , and |DS| denotes the 

number of records in DS. Let DS (vb) be the data associated 
with node vb and |DS (vb)| be the number of data records 
associated with the current node vb. Let |DS (b, i,  j)| be the 
number of records in node vb whose labels are in L(i, j). 

III. METHODOLOGY 
The design of a decision tree classifier must following 

three tasks: (1) the selection of a node splitting rule, (2) the 
decision as to which nodes are leaf node, (3) the assignment 
of each leaf node to a class label [7]. The main steps of the 
Hierarchy-Distance Label Classifier (HDLC) algorithm 
follows the standard framework of classical DT methods, are 
outlined as follows: 

1. HDLC (Training Set DS); 
2. initialize tree T and put all records of DS in the root; 
3. while (some leaf vb in T is non-STOP node); 
4. test if no more splits should be done from node vb; 
5. if yes, mark vb as a STOP node, determine its 

interval and exit; 
6. for each attribute ar of vb , do 

evaluate the goodness of splitting node vb with 
attribute ar; 

7. get the best split for it and let abest be the best split 
attribute; 

8. partition the node according to attribute abest; 
9. endwhle; and 
10. return T. 

A. Attribute selection measure 
An attribute selection measure is to measure which 

attribute is the most discriminatory to split a current node. 
Let G(vb, ar) denote the goodness of splitting node vb with 

attribute ar, then evaluate the following formula: 

  

| ( ) |( , ) ( )
| ( ) |

c
b r c

for all c b

D vG v a G v
D v

= •∑  (1) 

Note vc as a child node obtained by spiliting vb through 
test attribute ar. Our goal is to compute G(vb,ar), which 
requires that we first obtain the goodness value for each 
descendant node vc , denote by G(vc). In this study, we define 
G(vc) based on following factors. 

The first one is the number of levels of a partial hierarchy 
tree H(PHTc). A smaller number of levels in PHTc represents 
a better distribution of node vc and consequently have higher 
classifying ability for the future data. 

The second factor is the average sub-tree fitness, which is 
used to measure how suitably the distances at the node fit into 
a set of predefined ranges. Differences of the past, we 
calculated separately in each layer of the CLT. 

1 1( ) [ ]
( ) - ( )c i

c c

avg fitness v w
NodeDis v H entropy v

− = + ×
 (2) 

First we compute the distances between the records of 
node vc and labels, take the average minimum distances. Our 
goal is let predicted labels and actual labels as close as 
possible, the degree(vc) to be more smaller, and the records 
of vc more centralized. 

( , )
( )

( ) min ( , ( ))
c c

c i j cy d D v
NodeDis v Dis L L d

∀
∀ ∈

 
=  

 
∑  (3) 

However, the minimum distance is not necessarily good. 
For example, the forecast of tourist destination: passengers 
want to go to Beijing, the classification results are not far off 
Shanghai, but transfer to Shanghai may need to spend more 
time or journey costs. Therefore, we not only consider the 
distances of each layer of CLT, but also compute the 
H-entropy , which is the hierarchical-entropy value of a node, 
can help measure the appropriateness of a node with respect 
to the given class hierarchical tree. 

( , ) 2 ( , )
1

( ) ( log ), where ( ) 2
imh

c i j i j c
i e j

Hentropy v p p e h H P
= =

= − = − +∑∑
 (4) 

Note that p (i,j) is the probability that an arbitrary tuple in 
D(vc) belongs to concept label L(i,j), and p(i,j) can be formulate 
as 

( , , )
( , )

| |
| ( ) |

c i j
i j

c

D
p

D v
=

 (5) 
After we compute the NodeDis(vc) and H-entropy(vc),we 

final multiply each layer weight, let as much records of vc as 
possible concentration, increase the correct rate and accuracy 
of the classification, and get the best classification results. 

2( 1) , where 1
( 1)iw h i i

h h
= − + × >

−  (6) 
Let wi be the wight of level Li in tree CLT. Since Li is the 

root label of CLT, the weight of Li is set to w1 = 0. Assume w1, 
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w2, w3, … , wh is an arithmetic sequence and 1
1

h

i
i

w
=

=∑
. 

Our goal is to select the attribute with the highest G(vb, ar) 
value, which is chosen as the next test attribute for the current 
node. In Fig. 13, the ChooseAttribute function finds the most 
appropriate attribute to split. 

B. Stop criteria 
(1) If the entire set of attributes has been used in path 

from root down to vb, then vb is a stop node. 
(2) If percent(vb, majority) > ζM, then vb is a stop node, 

where ζM is a given threshold. 
(3) If |DS(vb)|/|DS| < ζDS, a given threshold, then vb is a 

stop node. 
(4) If G( vb, ar ) of all unused attributes is no more then 0, 

then we also treat vb as a stop node. 

C. Label assigement 
The function getLabel, shown in Fig. 14, provides an 

automatic way to exteact a proper concept label from the 
hierarchical tree to label a leaf node. Each concept label of a 
leaf node vb has three vital indices: 

(1) Accuracy: Let acc(L(i,j)) be the prediction accuracy of 
a leaf node with label L(i,j) 

( , , )
( , )

| |
( )

| ( ) |
c i j

i j
c

DS
acc L

DS v
=

 (7) 
(2) Precision: the degree of precision of a leaf node with 

label L(i,j) 
( , )( ) log ( 1)i j hpre L i= +  (8) 

(3) Score: the Score(L(i,j)) is used to indicate how well a 
concept label will be able to label a leaf node. 

( , ) ( , ) ( , )( ) ( ) ( )i j i j i jScore L acc L pre L= ×  (9) 

IV. CONCLUSION 
With the popularity of wireless networks and mobile 

devices, variety of data types and label types are appeared. 
Traditional algorithms of decision tree classification usually 
assume that the label for the category attribute with flat 
structure, this assumption cannot reflect the real world 
situation. This study proposed a novel classifier which also 
considered concept hierarchy and distance of labels, aimed to 
improve the classification precision and the classification 
accuracy.  

This study can be extended in variety ways. We can 
compare the efficiency of traditional algorithms, such as ID3 
and C4.5, HLC, DLC, and our work – HDLC. We also can 
apply it to tourism industry, performing tourism forecasting. 
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