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Abstract— Data mining is a field which is used to extract 

knowledge from data. Knowledge Discovery in Databases 

(KDD) is a process used to discover interesting or useful 

patterns and relationships in data, with an emphasis on large 

volume of observational databases. Contrast data mining is 

the mining of patterns and models contrasting two or more 

classes or conditions. The ability to distinguish, differentiate 

and contrast between different data sets is a key objective in 

data mining. Emerging patterns are sets of items whose 

frequency changes significantly from one dataset to another. 

HGEP strategy has higher accuracy than the NEP strategy. 

I. INTRODUCTION 

Contrasting involves the comparison of one kind/class of 

objects against another kind/class. These differences can 

provide useful insights on how, and perhaps also why, the 

objects differ. Contrast refers to compare or appraise in 

respect to differences. Sometimes it’s good to contrast what 

you like with something else. It makes you appreciate it 

even more. Given two or more datasets contrast patterns are 

patterns that describe significant differences between the 

given datasets. Contrast data mining can also be applied to 

many types of data, including vector data, transaction data, 

sequence data, graph data, image data and data cubes. 

II. LITERATURE REVIEW 

Emerging Patterns are those whose frequencies change 

significantly from one dataset to another. They represent 

strong contrast knowledge. It is the new type of knowledge 

pattern that describes significant changes (differences or 

trends) between two classes of data. In the last dozen years, 

significant progress on contrast data mining has been made. 

Following are the various types of Emerging Patterns which 

are proposed till now: 

A. ρ- Emerging Patterns (ρ- EP) 

Given two different classes of datasets D1 and D2, 

the growth rate of an itemset X from D1 to D2 is defined as  

 

 

 

 

                                                                                  (1.1) 

Emerging Patterns are those itemsets with large 

growth rates from D1 to D2. Given a growth rate threshold  

ρ > 1, an itemset X is said to be a ρ - Emerging Pattern (ρ- 

EP or simply EP) from a background dataset D1 to a target 

dataset D2 if GR (X)> =ρ. 
[4]

 

B. Jumping Emerging Patterns (JEP) 

The strength of an EP X is defined as 

    

                                                                               (1.2) 

 

A Jumping Emerging Pattern (JEP) from a 

background dataset D1 to a target dataset D2 is defined as 

an Emerging Pattern from D1 to D2 with the growth rate of 

∞. Note that for a JEP X, strength(X) = supp(X). 
[4]

 

C. Essential Jumping Emerging Patterns (EJEP) 

EJEPs are defined as minimal itemsets whose supports in 

one data class are zero but in another are above a given 

support threshold ξ. Given ξ > 0 as a minimum support 

threshold, an Essential Jumping Emerging Pattern (EJEP) 

from D1 to D2, is an itemset X that satisfies the following 

conditions: 
[4]

 

(1) supp D1(X) = 0 and supp D2 (X) > ξ, and 

(2) Any proper subset of X does not satisfy condition 1. 

Table. 1: Comparison Between Jep And Ejep 

Type supp(D1) supp(D2) GR Minimal 

JEP 0 > 0 1 NO 

EJEP 0 >


 1 YES 

D. Chi- Emerging Patterns (Chi-EP) 

We say that an itemset, X, is a Chi Emerging Pattern (Chi 

EP), if all the following conditions about X are true: 
[4]

 

(1) Supp(x) >= ξ, where ξ is a minimum support threshold;  

(2) GR(x) >= ρ, where ρ is a minimum growth rate 

threshold; 

(3) It has larger growth rate than its subsets; 

(4) It is highly correlated according to common statistical 

measures such as chi-square value. Length-1 itemsets, 

that satisfy the above three conditions, pass chi-square 

test directly. 

E. Noise Tolerant Emerging Patterns (NEP) 

According to different types of the training data, the 

strategies of the EPs can be divided into two categories, i.e., 

the EPs with the infinite growth rate and the EPs with the 

finite growth rate. 
[6]

 

 

Fig. 1: The illustration of all kinds of EPs. 

The EJEP strategy only cares about those itemsets 

with the infinite growth rate. It ignores those patterns which 
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have very large growth rates, although not infinite, i.e., the 

so called “noise”. However, the real-world data always 

contains noises and the NEP strategy considers noises and 

provides higher accuracy than the EJEP strategy. 
[6]

 

EJEPs allow noise tolerance in dataset D2. 

However, real-world data always contains noises in both 

dataset D1 and dataset D2. Both JEPs and EJEPs cannot 

capture those useful patterns whose support in dataset D1 is 

very small but not strictly zero; that is, they appear only 

several times due to random noises. Therefore the Noise-

tolerant EPs were proposed. 
[6]

 

F. High Growth-Rate Emerging Patterns (HGEP) 

Although the NEP strategy takes noise patterns into 

consideration, it still will miss some itemsets with a large 

growth rate, which may result in the low accuracy. 

Therefore High Growth-rate EP (HGEP) strategy was 

proposed to improve the disadvantage of the NEP strategy. 
[6]

 High Growth-Rate Emerging Pattern (HGEP), which can 

improve the accuracy of a classifier. 
[6]

 An itemset X is an 

HGEP for dataset D2 from dataset D1 to dataset D2, if X 

satisfies one of the following two conditions: where δ1 and 

δ2 are the support thresholds of the dataset D1 and D2. 

Condition 1: 

1.1 0 < suppD1(X) ≦ δ1 and suppD2(X) ≧ δ2, 

Where δ1<<δ2. 

1.2 GR (propersubset(X)) < GR(X). 

Condition 2: 

2.1 suppD1(X) = 0 and suppD2(X)>=δ2. 

2.2 Any proper subset of X does not satisfy 

Condition. 

They have the following properties: 
[6]

 

EP ⊇ JEP ⊇ EJEP 

NEP ⊇ EJEP and HGEP ⊇ EJEP 

 

Fig. 2: The relationships between various EPs. 

III. CONTRAST PATTERN TREE STRUCTURE BASED (CP- 

TREE) ALGORITHM 

Inspired by the FP-tree [33], the CP-tree data structure is 

used for EP mining for the first time. 
[2]

 A CP-tree registers 

the counts in both the positive and negative class. An 

example CP-tree is illustrated in Figure 3 from dataset Table 

2. It is also referred as P-tree. 

Table. 2: an example dataset with two classes 

ID 

 
Class Label 

Itemsets 

 
Itemsets (ordered by)   

1 D1 {a, c, d, e} {e, a, c, d} 

2 D1 {a} {a} 

3 D1 {b, e} {e, b} 

4 D1 {b, c, d, e} {e, b, c, d} 

5 D2 {a, b} {a, b} 

6 D2 {c, e} {e, c} 

7 D2 {a, b, c, d} {a, b, c, d} 

8 D2 {d, e} {e, d} 

Because every training instance is sorted by its 

support ratio (the order is denoted as Á) between both 

classes when inserting into the CP-tree, items with high 

ratios, which are more likely to appear in an SJEP, are closer 

to the root. 

The map from a path in the CP-tree to an itemset is 

a one-to-one mapping. 
[2]

 Using the predefined order Á, we 

can produce the complete set of paths (itemsets) 

systematically through depth-first searches of the CP-tree. 

 

Fig. 3: Original CP-Tree for example dataset. 

Unlike the FP-growth algorithm that performs 

frequent pattern mining from leaf to root and must create 

many conditional FP-trees during the process, the CP-tree 

based algorithm searches the CP-tree depth first from root 

and performs node merge technique along with the search. 
[2].

 

Table. 3: Cp-Tree V/S Fp-Tree 

Sr. 

No. 
CP-Tree FP-Tree 

1 
Registers count in both 

positive and negative class 

FP-tree has only one 

count for an item 

2 

It does not require node-

links because we traverse it 

depth-first from the root 

(Less memory needed) 

FP-tree has node-links 

to facilitate tree 

traversal 

3 

It uses support-ratio-

descending order to sort 

items 

FP-tree uses support 

descending Order 

4 

The items inside any node 

are ordered and the items 

between parents and 

children are also ordered. 

FP-tree does not have 

such explicit 

requirements of the 

order on items 

Now we explain the reason behind the need for 

calling merge tree(T1, T2) during the mining process. One 

itemset can contribute to the counts of a number of patterns 

by 1. 
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Fig. 4: Modified CP-Tree after merging nodes. 

Note that e   a   b   c   d. Consider the left-

most branch of the CP-tree shown in Figure 2, which 

corresponds to the first instance of the dataset shown in 

Table 4.3, {e, a, c, d}. It can contribute to 15 patterns. We 

can partition these itemsets into three groups: 
[4]

 

 Group 1 includes the prefix of {e, a, c, d}: {e}, {e, a}, 

{e, a, c}, {e, a, c, d}. 

 Group 2 include the prefix of some suffix of {e, a, c, 

d}: {a}, {a, c} and {a, c, d} (these 3 patterns are {a, c, 

d}'s prefix); {c} and {c, d} (these 2 patterns are {c, 

d}'s prefix); {d} (it is {dg}'s prefix);  

 Group 3 includes 5 itemsets: {e, a, d}, {e, c}, {e, c, d}, 

{e, d} and {a, d}. 

When {e, a, c, d} is inserted into CP-tree initially, 

only the counts of {e}, {e, a}, {e, a, c}, {e, a, c, d} are 

registered correctly. Note that they are all the prefixes of {e, 

a, c, d}, which belong to the Group 1. Let R denote the root 

of CP-tree, T2 = R, and T1 = R.next[i], where R.items[i] = 

e. 
[4]

 After calling merge tree(T1; T2), that is, merging the 

subtree R. next[i] with R, <a, c, d> is merged to the paths 

from the root. So the counts of {a}, {a, c} and {a, c, d} ({a, 

c, d}'s prefix) will become correct when merging 

recursively. Similarly, the counts of {d} and {d, e} ({d, e}'s 

prefix), and the counts of {e} ({e}'s prefix) will be correct 

later on. These itemsets belongs to the Group 2. For those 

itemsets in the Group 3, we use {e, d} as an example to 

illustrate the idea. Not only {e, a, c, d}, but also {e, b, c, d} 

and {e, d} contribute the count of {e, d}. By merging the 

subtrees of R.e.a, R.e.b and R.e.c into R.e, we accumulate 

all the counts of d, hence deriving the correct count for {e, 

d}. 
[4]

 

The left sub-tree is merged with right sub-tree in 

final tree. Here, the counts will be summed together. 

Basically, the process merges all the nodes of ST into 

corresponding parts of R.
[5]

 Let then examine both counts of 

R.e(3 : 2) and find that itemset {e} is not an EJEP. We 

perform depth-first search on the CP-tree. After calling 

merge(M;N), where M is N.a's subtree, we examine N and 

and that itemset {e, a}(1 : 0) (1 and 0 are two counts in D1 

and D2, respectively) is not an EJEP. Because both counts 

are smaller than the threshold, we do not go down this 

branch further looking for EJEPs. Instead, we turn to the 

next item in N and merge N.b's subtree with N. The search 

is done recursively and the complete set of EJEPs can be 

generated, that is {e, b} (2 : 0), {a, b}(0 : 2) and {e, c, d}(2 : 

0).  

The study of performance of the HGEP strategy 

under the input datasets from the UCI Machine Learning 

Repository: (www.ics.uci.edu/~mlearn/MLRepository.html) 

The comparison of the accuracy between our HGEP strategy 

and the NEP strategy is shown in Table II. It is observed that 

HGEP strategy provides the higher accuracy than the NEP 

strategy or the accuracy of the HGEP strategy is still very 

close to that of the NEP strategy. Therefore, the average 

accuracy of our HGEP strategy is still better than that of the 

NEP strategy. 

Table. 4: A Comparison Of Accuracy 

Case Dataset NEP HGEP 

1 australian 67.00 80.99 

2 diabetes 63.33 64.99 

3 glass2 61.66 61.66 

4 heart 71.66 86.66 

5 monk1-bin 78.33 81.66 

6 monk3-local 71.66 76.66 

7 mux6 48.33 60.00 

8 parity5+5 76.66 73.33 

9 pima 44.99 61.66 

10 sonar 61.66 66.66 

11 vehicle 71.66 71.66 

12 waveform-21 56.67 56.67 

13 waveform-40 76.66 68.33 

 Average 65.02 70.07 

In the following cases, the random noises were 

added to three datasets and observe how the accuracy is 

affected by the percentage of the increasing noises between 

HGEP strategy and the NEP strategy. 

 

Fig. 5: The effect of increasing noises on dataset diabetes. 

 

Fig. 6: The effect of increasing noises on dataset mux6. 

In Fig. 5 and Fig. 6, the comparison is given, when 

the diabetes and mux6 as the input datasets, respectively. 

From both figures, it is clear that the accuracy of our HGEP 

strategy is better than that of the NEP strategy. 

http://www.ics.uci.edu/~mlearn/MLRepository.html
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IV. OPEN CHALLENGES AND CURRENT PROBLEMS 

 To assess the quality of contrast patterns, particularly 

for cases where the underlying datasets are of a 

complex type, such as a graph. 

 To incorporate domain knowledge to guide the 

discovery of contrast patterns to use domain 

knowledge to understand the semantics of the mined 

contrast patterns, such as causation effects. 

 To determine that it is feasible and desirable to 

discover highly expressive contrast patterns, such as 

patterns defined by first order logic formulae. 

V. CONCLUSION 

This paper provides study of Emerging Patterns in the field 

of data mining and Knowledge Discovery in Databases 

(KDD). Specifically, it has investigated the following 

problems: (1) how to define various kinds of Emerging 

Patterns that provide insightful knowledge and are useful for 

classification; (2) how to mine those useful Emerging 

Patterns.  

Based on the comparison with the NEP strategy by 

using several real microarray datasets, we have shown that 

the accuracy of our HGEP strategy is higher than that of the 

NEP strategy. 
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