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Abstract
With the rapid development of science and technology, our society has
been in the big data era. In human activities, we produce a lot of data in
every second and every minute, what contain much information. Then,
how to select the useful information from those complicated data is a
significant issue. So the association rules mining, a technique of mining
patterns or associations between itemsets, comes into being. And this
technique aims to find some important associations in data to get useful
knowledge. Nowadays, most scholars at home and abroad focus on the
frequent pattern mining. However, it is undeniable that the rare pattern
mining also plays an important role in many areas, such as the medical,
financial, and scientific field. Comparing with frequent pattern mining,
studying rare pattern mining is more valuable, because it tends to find
unknown, unexpected, and more interesting rules. But the study of rare
pattern mining is little difficult because of the scarcity of data used for
verifying rules. In the frequent pattern mining, there are two general
algorithms of discovering frequent itemsets, i.e., Apriori, the earliest
algorithm which is proposed by R.Agrawal in 1994, and FP-Tree, the
improved algorithm which reduced the time complexity. And in rare
pattern mining, there are also two algorithms, Arima and Rarity, what
are similar to Apriori and FP-Tree algorithms, but they still exist some
problems, for example, Arima is time-consuming because of repeatedly
scanning the large database, and Rarity is space-consuming because of
the establishment of the full-combination tree. Therefore, based on the
Rarity algorithm, this report presents an improved method to efficiently
discover interesting association rules among rare itemsets and aims to
get a balance between time and space. It is a top-down strategy which
uses the graph structure to indicate all combinations of existing items,
defines pattern matrix to record itemsets, and combines the hash table to
accelerate calculation process. This method decreases both the time cost
and the space cost when comparing with Arima, and reduces the space
waste to solve the problem of Rarity, but its searching time of mining
rare itemsets is more than Rarity, and we verified the feasibility of this
algorithm only on abstract and small databases. Thus in the future, on
the one hand, we will continue improving our method to explore how to
decrease the searching time in the process and adjust the hash function
to optimize the space utilization. And on the other hand, we will apply
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our method to actual large databases, such as the clinical database of the
diabetic patients to mine association rules in diabetic complications.
Keywords: Rare itemsets, Association rules mining, Rare pattern mining,
Rarity algorithm, Support, Confidence, Interesting rate.
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Terminology
All the abbreviations and mathematical notation used in this report are
explained as follows.
Abbreviations
FP

Frequent Pattern

mRIs

minimal Rare Itemsets

Mathematical notation
Cmn

Combination formula, calculated as Cmn 
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1

Introduction
This is a rapidly developing society with the advanced technology and
information, thus, for humanity, the communication is much closer and
the life is much more convenient. This also means in this high-tech era,
there is a huge amount of data every day, every minute, and even every
second. And the proliferation of data hides much important information,
but the lack of ways to mine the hidden knowledge in the data leads to
the phenomenon of “rich data but poor knowledge”. Therefore, how to
mine the useful knowledge from intricate data has become the primary
issue to be solved.

1.1

Background
According to the book, Big Data Era, “big data” is not an exact concept,
but a possible way. Big data is something that people can do on a largescale basis, which can not be completed on the basis of small-scale data.
It is the source for people to get new insights and create new values, and
also serves to change the relationship between markets, organizations,
and government and citizen. Big data is a new type of capability, i.e., we
gain valuable products and services, or insights through the analysis of
massive amounts of data in an unprecedented manner. It is a challenge
to select useful information from these complex data.
So the data mining technology comes into being. It is the computational
process of discovering patterns in large database combining the artificial
intelligence, machine learning, statistics, and database. And the overall
goal of data mining is to extract information from a dataset and convert
them into an understandable structure for further use. In addition to the
original analysis steps, it also involves database, data management, data
processing, model, inference, interest, and complexity considerations,
and post-processing like structures discovery, visualization, and online
updates [1]. Thus, data mining is the analysis step of the "knowledge
discovery in databases" process, or KDD, which is also a buzzword and
is frequently applied to any form of the large-scale data or information
processing—collection, extraction, warehousing, analysis, and statistics,
as well as any application of the computer decision support system —
artificial intelligence, machine learning, and business intelligence. And
the knowledge discovery in databases process can be commonly defined
with the following stages, i.e., selection, pre-processing, transformation,
1
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data mining, and interpretation or evaluation. Before using data mining
algorithms, a target dataset must be assembled. As data mining can only
uncover patterns actually present in the data, the target dataset must be
large enough to contain these patterns while remaining concise enough
to be mined within an acceptable time limit. A common source for data
is a data mart or data warehouse. Pre-processing is essential to analyze
the multivariate datasets. And after the data cleaning, i.e., removing the
observations containing noise and those with missing data, those data
mining algorithms can be used.
There are six common tasks in data mining. First, exception detection —
identify unusual data records, and further investigate the wrong data.
Second, association rules learning — find relationships among variables,
such as market basket analysis. Third, clustering — distinguish the data
without knowing data type. Fourth, classification — promote the known
structure of new data to classify them, such as classifying an email as
"legitimate" or "spam". Fifth, regression — try to find a function that can
model the data with minimal errors. Sixth, summary — provide a more
compact representation of datasets, including generating visualizations
and reports [2]. Finally, if the learned patterns do not meet the desired
standards, it is necessary to re-evaluate and change the pre-processing
and data mining steps, and if the learned patterns do meet the desired
standards, it is the final step to interpret the learned patterns and turn
them into knowledge.

1.2

Problem motivation
In all tasks above, the association rules learning has a great practical
significance, which is widely used in various fields, such as medicine,
finance, and security fields, and aims to mine some useful rules which
can show the hidden associations among itemsets. On the one hand, it
can help us to broaden our understanding of data and its features, and
on the other hand, it can implement the construction and application of
recommendation systems, like the shopping basket analysis, etc.
Association rule learning is a rule-based machine learning method for
discovering interesting relations between variables in large databases. It
is intended to identify strong rules discovered in databases using some
measures of interestingness [3]. Based on the concept of strong rules,
Rakesh Agrawal [4] introduced association rules for finding regularities
between products in large-scale transaction data recorded by point-of2
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sale systems in supermarkets. For example, the rule {onions, potatoes}→
{burger} found in the sales data of a supermarket would indicate that a
customer who bought onions and potatoes together is also likely to buy
hamburger meat. Such information can be used as the basis for decisions
about marketing activities, such as the promotional pricing or product
placement. Moreover, in contrast with sequence mining, association rule
learning typically does not consider the order of items either within a
transaction or across transactions.
The following points in the association rules mining need to be focused
on. 1) Fully understand the data. 2) The goal must be clear. 3) The data
preparation needs to be good. And data preparation will directly affect
the complexity of the problem and the achievement of goals. 4) Select
the appropriate threshold. And this depends on the user's estimation of
the target. If the value is too small, a lot of useless rules will be found.
But if the value is too large, it may be found. 5) Well understand those
association rules. Data mining tools can discover these association rules
that satisfy conditions, but they can not determine the actual meaning of
association rules. The understanding of the association rules needs to be
familiar with the business background, and the rich business experience
in turn has a enough understanding of the data. Among the discovered
association rules, there may be two articles subjectively regarded as not
having much relationship. Their association rules are highly supportive
and credible, and it is necessary to judge from various angles that this is
an accidental phenomenon according to the business knowledge and
experience, or there is inherent rationality. On the contrary, there may
be objects that are subjectively considered to be closely related, but the
results show that the correlation between them is not strong. Only with
a good understanding of the association rules, can one go to its dross,
take its essence, and give full play to the value of association rules.
Discovering the association rules goes through the following three steps.
1) Connect data for data preparation. 2) Given the thresholds, use those
algorithm provided by the data mining tool to discover the association
rules. 3) Visualize, understand and evaluate association rules.
Association rules learning can be divided to the frequent pattern mining
and rare pattern mining. And nowadays, more researchers pay their
attentions to the frequent pattern mining that mines the rules among
these itemsets occurring frequently. The frequent patterns are itemsets,
3
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subsequences, or substructures that appear in a data set with frequency
no less than a user-specified threshold. For example, a set of items, such
as milk and bread, that appear frequently together in a transaction data
set, is a frequent itemset [5]. A subsequence, such as buying a computer,
then a digital camera, and then a memory card, if it occurs frequently in
the shopping history database, it is the frequent sequential pattern. A
substructure can refer to different structural forms, such as subgraphs,
subtrees, or sublattices, which perhaps are combined with itemsets or
subsequences. If a substructure occurs frequently in a graph database, it
is called a frequent structural pattern. Finding frequent patterns plays
an essential role in mining associations, correlations, and many other
relationships in data. Moreover, it helps in data indexing, classification,
clustering, and other data mining tasks as well. Frequent pattern mining
is an important data mining task and a focused theme in data mining
research. Abundant literature has been dedicated to this research and
tremendous progress has been made, ranging from efficient and scalable
algorithms for the frequent itemset mining in transaction databases to
numerous research frontiers, like sequential pattern mining, structured
pattern mining, frequent pattern-based clustering, correlation mining,
and associative classification, as well as their broad applications. The
frequent pattern mining mainly includes two phases. The first phase is
to find all frequent itemsets from the data collection, which means that
the frequency of occurrence of a project group must reach a certain level
relative to all records in the large database. And the second phase is to
generate the association rules from these high-frequency project groups.
And the rule is generated by the high frequency k-project group of the
previous steps. Under the condition threshold of the minimum trust
degree, if the trust degree obtained by a rule satisfies the minimum trust
degree, the rule is called the association rule.
From the above introduction, we can see that association rule mining is
usually more suitable for the discrete values in the records. If the index
values in the original database are continuous data, the appropriate data
should be discretized before mining the association rules, i.e., actually
the value of a certain interval is corresponding to a certain value. The
discretization of data is an important link before data mining. Whether
the process of discretization is reasonable will directly affect the mining
results of association rules.

4
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However, rare association rules may be more useful than frequent ones,
because they represent the unknown and unexpected associations, while
many frequent association rules represent the known common sense or
useless noise. For instance, we may get a rule, like “Today's temperature
is 25 degrees” → “The sun will rise from the east tomorrow”, what is
useless. These association rules are not interesting, and can be totally
filtered.
Therefore, the problem I will solve in this thesis is to find an effective
method of mining interesting association rules in a large database, i.e.,
this report focus on methods of the rare pattern mining, instead of the
frequent pattern mining.

1.3

Application
At present, association rule mining technology has been widely used in
western financial industry enterprises, and it can successfully predict
bank customers’ demands. Once this information is obtained, banks can
improve their marketing. Nowadays, banks are developing new ways to
communicate with customers every day. Each bank bundles the product
information that the customers may be interested in for the users of the
ATM machine on its own ATM machine. If the database shows that a
customer with a high credit limit changes the address, the customer is
likely to buy a larger house recently, so it may require a higher credit
limit, a more advanced new credit card, or a housing improvement loan
that can be mailed through the credit card bill to the customer. When
customers call to consult, the database can help tel-sales representatives
powerfully. The sales representative's computer screen can describe the
characteristics of the customer, and it can also show what products the
customers will be interested in.
At the same time, some well-known e-commerce sites also benefit from
strong association rules mining. These electronic shopping websites use
rules in association rules to discover, and then set up bundles that users
want to buy together. And there are also some shopping websites that
use them to set up corresponding cross selling, that is, customers who
buy certain goods will see advertisements related to another commodity.
But in China, "massive data and lack of information" are the common
embarrassments faced by commercial banks after data concentration. At
present, most of the databases implemented in the financial industry can
only realize the low level functions such as data entry, inquiry, statistics
5
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and so on, but cannot find all kinds of useful information in the data,
such as the analysis of these data, finding the data patterns and features,
and then further discovering the financial and business interests of a
customer, the consumer group or the organization, and the changing
trends of the financial markets can be observed. It can be said that the
research and application of association rule mining in China is not very
extensive.
Because many application problems are much more complex than the
market purchase problems, a large number of studies have extended the
association rules from different angles, and integrates more factors into
the association rules mining methods to enrich the application field of
the association rules and broaden the scope of support for management
decision. For instance, considering class hierarchy relations among the
attributes, the temporal relations, the multiple table mining, and so on.
And in recent years, the research on association rules is mainly focused
on two aspects, that is, extending scope of the problem that the classical
association rules can solve and improve the efficiency and interest of the
classical association rules mining algorithm.

1.4

Overall aim
As mentioned above, this study also can be used in different domains,
for instance, in security, it can help us to find the abnormal or suspicious
behavior which is very useful but much less than normal behavior [6]; in
medicine, it can help us to predict the complications of some infrequent
diseases or decide clinical care [7-9]; and in market, it can help us to find
associations in the infrequent goods to implement the recommendation
system.
Here is a more specific instance in market. Each data lists many goods
purchased together, and there are some rarely bought goods, moreover,
our goal is to look for some reliable and useful associations among them
to help recommend, such as finding an association that is “Though the
grill is an unusual good for professional person, the carbon is most
likely bought with grill”, and then recommending the carbon to those
people who bought the grill.
Certainly, there already exists some methods of rare pattern mining. But
instead of general methods, this work wants to find a more efficient way
to collect rare patterns. In summary, the overall aim of this work is to
improve an existing algorithm of the rare itemsets mining and find an
6
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effective method of mining interesting association rules in these itemsets
occurring infrequently.

1.5

Concrete and verifiable goals
After introducing the background and overall aim, the improvement of
this work to be achieved can be divided into the following concrete and
verifiable goals. Before designing the framework and implementing our
method, the theoretical knowledge, including basic concepts in pattern
mining and existing algorithms, need to be learned.
Goal 1. Read some related papers about rare pattern mining to increase
my theoretical knowledge.
Goal 2. Understand the general method of rare pattern mining.
Goal 3. Propose our improved method of rare pattern mining, and then
design overall framework of this method.
Goal 4. Implement each module of our method.
Goal 5. Evaluate our method and compare its space and time complexity
with the Arima and Rarity algorithms.

1.6

Scope
Association rules learning has many different points that can be studied.
For instance, some researchers are dedicated to exploring new methods
of fining association rules, while some researchers are tend to apply the
old algorithms to solve new problems. Whether in the area of theory or
application, there are much more studies on the frequent pattern mining,
but as mentioned before, we think it is more valuable to research the
rare pattern mining than the frequent pattern mining. Moreover, when
reading the papers to learn the previous methods, we found that some
algorithms have limitations that affect the efficiency of association rules
mining, therefore, we want to find an improved method based on these
algorithms to effectively mine the rare patterns, i.e., based on an existing
method of the rare pattern mining, improve it so that we can take up
less memory and less time to reach the same goal.
As a result, we focus on presenting an improved theoretical method of
rare pattern mining to quickly and effectively mine real patterns. In the
study, due to the lack of practical data, I just use an abstract database to
7
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explain and verify our method. And the performance of our method is
evaluated through its space and time complexity. And in the future, our
method of this study should be generally valid for every real problem
above, such as finding complications of rare diseases in medicine data,
detecting abnormal behavior in finance data, and discovering shopping
patterns in market data.

1.7

Outline
The remainder of this report is constructed as follows. Chapter 2 gives
the related and detailed theoretical knowledge of this report, containing
the background introduction of this work, some conceptual knowledge
in pattern mining, such as some basic and extended terms in this work,
and some previous researches on the rare itemsets mining. Chapter 3
describes the methodology of this report, i.e., how to achieve these goals
which are set in Section 1.3. Chapter 4 specifically introduces the design
of our method, including the overall process and its execution results of
each step. Chapter 5 analyzes the final results of our algorithm through
comparing its space and time complexity with other algorithms. And
the last chapter gives the general conclusion of this report and discusses
the future work.

1.8

Contributions
TTZ provided the direction of this study. LX designed this method and
wrote this report. FS and LX reviewed and modified this report.
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2

Theory
Before introducing our work and method, here are some basic concepts
and important properties as follows which are used in this study. And I
also introduce some previous work in this research area of rare itemsets
mining to prepare for our study.

2.1

Association rules mining
Here is a reference to introduce association rules mining, and the table I
as follows is an example database of market transactions.
TABLE I.

AN EXAMPLE DATABASE OF MARKET TRANSACTIONS

TID

commodity

T1

bread, cream, milk, tea

T2

bread, cream, milk

T3

cake, milk

T4

milk, tea

T5

bread, cake, milk

T6

bread, tea

T7

beer, milk, tea

T8

bread, tea

T9

bread, cream, milk, tea

T10

bread, milk, tea

Any one thing can be seen as one item, i.e., there are 6 items — bread,
cream, milk, tea, cake, and beer. And these items occurred together are
called an itemset, i.e., there are 10 itemsets. The number of its elements
is called the length of this itemset, for example, there is an itemsets
T1={bread, cream, milk, tea}, and the length of T1 is 4.
In addition, an association rule can be defined as “X→Y”, where X and
Y are itemsets and their intersection is Ø. And association rules mining
aims to discover useful association rules among these itemsets in a large
9
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database. For example, if there is an association rule “bread→milk”, and
that means there is a relationship between bread and milk, which may
be that it is very possible to buy these two things together.

2.2

Basic concepts and properties
Let T={t1, t2, t3, ..., tn} be a set of all transactions in the database, I={i1, i2,
i3, ..., im} be a set of all items, and each transaction is a subset of I, i.e.,
tp={ij, ..., ik}(1≤p≤n, 1≤j, k≤m). Then, let X be an itemset which is a subset
of I, and if X has k items, it is called k-itemset.
Concept 1. The support of an itemset is the probability of it occurring in
the database. It is calculated in Eq. (1),
Support ( X ) 

Support _ count ( X )
 P( X )
N

(1)

where the molecule represents the number of X that occurring in the
database, i.e., Support_count(X)=|{ti|X⊆ti, ti∈T}|, then N represents the
number of all transactions in database. In the report, for easy calculation
and understanding, the support of an itemset is its occurrence number.
E.g., Support({bread, milk})=5/10=0.5.
Concept 2. If the support of an itemset is less than threshold min_support
which is predefined, it’s a rare itemset. Otherwise, it’s a frequent itemset.
Concept 3. The confidence is the probability of deriving Y by association
rule “X→Y” in the case that X has already happened, i.e., the possibility
of containing Y in the itemset that has X. It is calculated in Eq. (2).
Confidence ( X  Y ) 

Support _ count ( X  Y ) P ( XY )

Support _ count ( X )
P( X )

(2)

Concept 4. Since not all rules generated from the framework of supportconfidence are interesting, the interesting rate between X and Y is used to
improve its limitations [10]. It is calculated in Eq. (3).
IR( X  Y )  Confidence( X  Y )  Support (Y )

(3)

Besides above concepts, there are also two very significant properties in
discovering rare itemsets.
Property 1. A superset of the rare itemset is rare.
10
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Property 2. A subset of the frequent itemset is frequent.
Therefore, in our top-down method, when mining rare itemsets, we just
consider the subsets of rare itemsets as candidates, instead of calculating
the support and confidence of all subsets of frequent itemsets. And this
significantly reduces the amount of calculation and decreases the time of
mining.

2.3

Extended concepts and propositions
In the rare pattern mining, there are some extended concepts as follows
in order to conveniently mine. And relying on these concepts, there also
are some obvious propositions.
Concept 1. The frequent itemset which all proper supersets are rare is
called maximal frequent itemset, commonly abbreviated to MFI.
Concept 2. The rare itemset which all proper subsets are frequent is
called minimal rare itemset, commonly abbreviated to mRI.
Concept 3. The itemset that has no proper subset with the same support
is called (minimal or key) generator, i.e., Y  X , Support ( X )  Support (Y ) .
Concept 4. The itemset which support is 0, but all proper subsets are not
0 is called minimal zero generator, commonly abbreviated to mZG.
Proposition 1. All subsets of a generator are generators.
Proposition 2. All minimal rare itemsets are generators.
Proposition 3. An itemsets X is a generator, if and only if Support(X) ≠
mini∈X(Support(X\{i})).
Here is a small example database which contains 5 itemsets, {A, B, D, E},
{A, C}, {A, B, C, E}, {B, C, E}, and {A, B, C, E}. And the following Figure 1
intuitively describes which itemsets belong to MFI, mRI, generator, or
mZG.

11
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Fig. 1. The example figure of MFI, mRI, generator, and mZG.

2.4

Previous research on pattern mining
In 1994, Agrawal and Srikant proposed the Apriori algorithm using a
bottom-up strategy to search frequent itemsets in the database with the
easy understanding and low data requirements, but it generates a large
number of candidate subsets and needs to repeatedly scan database [11].
And then, Jiawei Han, Jian Pei, and Yiwen Yin developed the FP-growth
algorithm based on FP-Tree, i.e., a novel frequent pattern tree structure,
which only scans database twice and avoids generating lots of candidate
sets [12].
In 2007, Laszlo Szathmary et al. described a general method to mine the
rare itemsets, which is divided into frequent itemset part traversal and
rare itemset listing using Arima algorithm [13]. Then, Luigi Troiano et al.
Proposed the Rarity algorithm, which is more efficient than Arima, for
finding rare patterns in 2009 [14]. Later, Sadhasivam et al. presented an
automatic approach to set the support threshold of mining rare itemsets
to find an appropriate support threshold in 2011 [15]. And recently,
Saeed Piri et al. Created adjusted_support, the new evaluation indicator
named, to search the rare patterns without over-generating rules, and
applied it to association rules of diabetic complications [16].
However, there are some limitations in the above researches. (1) Those
algorithms used in most studies need to scan the database multiple
times in order to evaluate the support of candidate itemsets, which is
12
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time-consuming and very inefficient. (2) Rarity algorithm reduces the
scanning number to two, yet it uses the tree structure containing all
possible combinations of all items. If types of items are many, the tree
will be too big to store in the memory, resulting in failure of mining. (3)
Their work are just finding the rare itemsets, and not continued mining
interesting association rules among rare itemsets.
To solve these problems, this paper uses graph structure to indicate all
possible combinations of items, defines pattern matrix to record every
itemset and its Support_count in the database, and combines hash table
to accelerate calculation of support and efficiently mine all rare itemsets,
and then quickly find interesting association rules via computing the
interesting rate. It is a top-down approach which obviously reduced the
time consumption and the space waste. But this method still has some
deficiencies. Its time of searching rare itemsets is less than others while
it is more than Rarity algorithm.

13
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3

Methodology
Before designing our method of discovering rare itemsets, we introduce
some previous algorithms for better understanding. First, we start from
algorithms of frequent pattern mining, and then introduce two methods,
Arima and Rarity, based on the understanding of Apriori and FP-Tree.
And these methodology can help us to understand our method in this
report step by step.

3.1

Methodology of achieving goals
To achieve goal 1—read some related papers about rare pattern mining
to increase my theoretical knowledge, I downloaded and read about 20
journal and conference papers from Google Scholar and other websites
which are given in the end of this report. Before reading papers of rare
pattern mining, I firstly read papers to know what the “pattern mining”
is and what it is used for. After the initial understanding, I knew some
applications of pattern mining, such as the DNA sequence analysis,
exception detection [17], the market basket analysis, and the diabetic
complications analysis. Then, I read some theoretical papers to know
some methods of patterns mining, and in these methods, I focused on
the following four methods — Apriori and FP-Tree algorithms used for
frequent pattern mining, and Arima and Rarity algorithms used for rare
pattern mining. I especially studied the Rarity algorithm and proposed
our method based on it.
To achieve goal 2 — understand the general method of rare pattern
mining, I started from the methods of frequent pattern mining. Firstly, I
studied Apriori algorithm which is proposed by Agrawal and Srikant in
1994, which is an algorithm for frequent itemset mining and association
rule learning in transaction databases, and proceeds by identifying the
frequent individual items in the database and extending them to larger
and larger itemsets as long as those itemsets appear sufficiently often in
the database. And then, I learned its improved method, i.e., the FP-Tree
algorithm. It is an more efficient algorithm for finding frequent patterns
in transaction databases because avoiding generating many candidate
sets based on the compact tree structure. On the basis of understanding
of frequent pattern mining, I studied Arima and Rarity algorithms. The
Arima is similar to the Apriori while the Rarity is similar to the FP-Tree,
and also, the Rarity is an more efficient algorithm than the Arima. The
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Apriori and Arima algorithms need to repeatedly scan the database, and
if the database is too large, these two methods may be extremely timeconsuming. But the FP-Tree and Rarity algorithms greatly shorten time
of mining frequent and rare items based on the tree structure. However,
there is a limitation in the tree structure, i.e., it sacrifices the space for
the time, so for a large database, the tree will be too big to store in the
memory of computer. Therefore, in this report, I presented an improved
method to reach the balance according to my understanding of these
methods.
To achieve goal 3 — propose our improved method of rare pattern
mining, and then design overall framework of this method, I compared
some methods of rare pattern mining to find a fast algorithm, i.e., the
Rarity algorithm. And then, I analyzed the limitations of this algorithm,
i.e., the full combination tree of all items is too large to store in the
memory which causes the fail of patterns mining. So relying on Rarity, I
used the graph and hash table structure, instead of the tree structure, to
store each itemset and its support. After the preliminary idea, I designed
the general framework of this work which contains two main parts, i.e.,
mine rare itemsets and discover interesting association rules.
To achieve goal 4 — implement each module of our method, I divided
each part into more specific steps. The first part has four steps, i.e., draw
directed graph, generate pattern matrix, construct hash table, and mine
rare itemsets. And according to these rare itemsets, the second part has
three steps, i.e., consider itemset “Y”, generate all rare patterns, and
calculate the interesting rate. And I applied our method to an abstract
database to verify the feasibility of this method.
To achieve goal 5—evaluate our method and compare its space and time
complexity with the Arima and Rarity algorithms, I calculated time and
space complexity of Arima, Rarity, and our method, and then compare
them to evaluate our approach.

3.2

Previous algorithms
Early in the 1994, the Apriori algorithm was presented to mine frequent
association rule among itemsets. But with the increase of data, the time
cost of this method also increases a lot. Then, the FP-Tree algorithm was
introduced to improve this limitation. When the rare pattern mining is
becoming more and more important, the Arima and Rarity algorithms,
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which are similar to the principle of Apriori and FP-Tree, were created
to mine the rare itemsets.

3.2.1 Apriori algorithm
The Apriori algorithm process is divided into two steps. The first step is
to iteratively retrieve all frequent itemsets, which support is not lower
than the threshold set by the user, in the transaction database. And the
second step uses frequent itemsets to construct rules that meet the user's
minimum trust.
First, find the frequent 1-itemset, denoted as L1, then use L1 to generate
the candidate set C2 and determine the item in C2 to tap out L2, which is
the frequent 2-itemset. And continue this process until more frequent kitemsets can not be found out. To find the set of all frequent k-itemsets
Lk, the candidate set of k-itemsets Ck is generated by concatenating Lk-1
(a set of all frequent (k-1)-itemsets) with itself. Let I1 and I2 be members
of Lk-1, and Ii[j] represent the j-th item in i-th itemset. And suppose the
Apriori sorts items in the transaction or itemset in lexicographic order,
i.e., for the (k-1)-itemset Ii, Ii[1]＜Ii[2]＜...＜Ii[k-1]. Connect Lk-1 to itself,
and we consider I1 and I2 as connectable, if (I1[1]=I2[1])&&(I1[2]=I2[2])&
&...&&(I1[k-2]=I2[k-2])&&(I1[k-1]<I2[k-1]), and the result of connecting I1
and I2 is {I1[1], I1[2], ..., I1[k-1], I2[k-1]}. Ck is a superset of Lk, that is, the
members of CK may not be frequent. Through scanning all transactions,
the count of each candidate in the CK is calculated to determine whether
it is smaller than the minimum support_count, and if not, the candidate is
considered to be frequent. In order to compress Ck, the property 2 can be
utilized — a subset of the frequent itemset is frequent. Conversely, if a
subset of one candidate is not frequent, this candidate is certainly not
frequent, so it can be removed from the CK.
The following steps show the execution process of the Apriori algorithm.
Suppose here is an small example database which has 4 transactions,
respectively represented as {I1, I3, I4}, {I2, I3, I5}, {I1, I2, I3, I5}, and {I2, I5},
and define the min_support as 2.
1) Scan the database, and calculate the support_count of each candidate
to get the table C1.
itemset

support_count
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I1

2

I2

3

I3

3

I4

1

I5

2

2) Compare the support_count of each candidate with the min_support to
generate the frequent 1-itemsets L1.
itemset

support_count

I1

2

I2

3

I3

3

I5

2

3) Generate the candidate set C2 based on L1.
itemset
I1, I2
I1, I3
I1, I5
I2, I3
I2, I5
I3, I5

4) Scan the database, and calculate the support_count of each candidate.
itemset

support_count

I1, I2

1

I1, I3

2
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I1, I5

1

I2, I3

2

I2, I5

3

I3, I5

2

5) Compare the support_count of each candidate with the min_support to
generate the frequent 2-itemsets L2.
itemset

support_count

I1, I3

2

I2, I3

2

I2, I5

3

I3, I5

2

6) Generate the candidate set C3 based on L2.
itemset
I2, I3, I5

7) Compare the support_count of each candidate with the min_support to
generate the frequent 3-itemsets L3.
itemset

support_count

I2, I3, I5

2

8) Stop the Apriori algorithm.
From the execution process, it is obvious that Apriori is time-consuming
because it needs to scan the entire database at every level Lk. Therefore,
the FP-Tree algorithm solves this problem.

3.2.2 FP-Tree algorithm
The FP-Tree algorithm introduces a data structure, which has 3 parts, to
temporarily store data. The first part is a head table, which records the
number of occurrences of all frequent 1-itemsets, sorted in descending
order of number. The second part is FP-Tree, which maps the original
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dataset to a tree structure in memory. And the third part is the node list.
Every frequent 1-itemset in the head table is the head of a node list, and
it points to the position of this frequent 1-itemset in the FP-Tree, which
facilitates the search and update of links between the head table and the
FP-Tree.
The following steps explain the whole process of the FP-Tree algorithm.
Suppose here is an example database which contains 10 transactions, {A,
B, C, E, F, O}, {A, C, G}, {E, I}, {A, C, D, E, G}, {A, C, E, G, L}, {E, J}, {A, B,
C, E, F, P}, {A, C, D}, {A, C, E, G, M}, and {A, C, E, G, N}, and define the
min_support as 2.
1) Scan the database to get the count of all frequent 1-itemset. And then
delete the items which support is lower than the threshold, put frequent
1-itemset into the head table, and sort them in descending order of the
support. The head table of example is as follows.
A: 8
C: 8
E: 8
G: 5
B: 2
D: 2
F: 2

2) Scan the database to deduct all rare 1-itemset in the original database,
and sort them in descending order of the support. And the reordered
database is as follows.
A, C, E, B, F
A, C, G
E
A, C, E, G, D
A, C, E, G
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E
A, C, E, B, F
A, C, D
A, C, E, G
A, C, E, G

3) With the head table and the reordered database, the FP-Tree can be
constructed. When creating the tree, read the sorted data and insert it to
the FP-Tree according to its sorted order, i.e., the item which is in the
front of other items is the ancestor node. If there is a shared ancestor, the
corresponding count of this public ancestor node is incremented by one.
Then, after inserting, if a new node appears, the node corresponding to
the head table will link to this new node through the node list. And the
establishment of the FP-Tree is completed until all the data is inserted
into the tree. The following Figure 2 shows the complete FP-Tree of the
example database.

Fig. 2. The complete FP-Tree of the example database.

4) After getting the FP-Tree, we start from the bottom of the head table.
For every item in the head table, we need to find its conditional pattern
base, i.e., the sub-tree of the FP-Tree corresponding to the node we want
to mine as the leaf node. And relying on the sub-tree, we set the count of
each node in the sub-tree as the count of this leaf node, and then delete
the node which count is less than support to mine all frequent itemsets.
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For example, start from the node F, and since F has only one node in the
FP-Tree, the candidate has only one path, i.e., {A: 8, C: 8, E: 6, B: 2, F: 2}.
Then, set all counts of the ancestor nodes to the count of the leaf node,
i.e., the sub-tree is {A: 2, C: 2, E: 2, B: 2, F: 2}. In general, the conditional
pattern base does not contain leaf nodes, so the final conditional pattern
base of F is as follows.

And via this conditional pattern base, we can easily get the frequent 2itemsets of F are {A: 2, F: 2}, {C: 2, F: 2}, {E: 2, F: 2}, and {B: 2, F: 2}. Merge
recursively these 2-itemsets, the frequent 3-itemsets are {A: 2, C: 2, F: 2},
{A: 2, E: 2, F: 2}, and so on. And the frequent 5-itemsets is {A: 2, C: 2, E: 2,
B: 2, F: 2}.

3.2.3 Arima algorithm
The above two methods are used for mining frequent itemsets, while the
Arima algorithm focus on mining rare itemsets. This method is divided
into two main parts, i.e., use the MRG-Exp algorithm to find mRIs based
on the original database and the threshold min_support, and use Arima
to find all rare itemsets.
The following steps describe the entire process of the Arima algorithm.
Suppose here is an example database which contains 5 transactions, {A,
B, D, E}, {A, C}, {A, B, C, E}, {B, C, E}, and {A, B, C, E}, and define the
min_support as 3.
1) Scan the database to get the pre_support of all candidate generators of
1-itemset CG1, i.e., mini∈X (Support(X\{i})). And according to Proposition 3
and the support of them, we can get the rare and frequent generators of
1-itemset, i.e., RG1 and FG1. Then, generate the candidate generators of
2-itemset CG2 based on FG1, and scan the database to get the pre_support.
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Continue until the candidate generator list is empty. And the Figure 3 as
follows describes the process of finding all rare generators.

Fig. 3. The process of finding all rare generators.

2) Start from the smallest mRIs, i.e., {D}. And its supersets of 2-itemsets
are generated and stored in the candidate list C2. Non-zero itemsets are
copied to R2, and for each rare itemset in R2, all possible supersets are
generated. If a candidate has a mZG subset, this candidate will be a zero
itemset. Possible non-zero candidates are stored in C3, and the mRIs of
3-itemsets are added into C3. Continue until the candidate and rare list
are empty to restore all rare itemsets. And the following Figure 4 shows
the process of restoring all rare itemsets.

Fig. 4. The process of restoring all rare itemsets.
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3.2.4 Rarity algorithm
The Rarity algorithm identifies the longest rare itemsets on the top, and
moves downwards the power set lattice cutting itemsets resulting as not
rare. It only develops only those itemsets that are confirmed to be rare.
So this is an efficient top-down strategy.
The following steps describe the entire process of the Rarity algorithm.
Suppose here is an example database which contains 5 transactions, {A,
B, D, E}, {A, C}, {A, B, C, E}, {B, C, E}, and {A, B, C, E}, and define the
min_support as 3.
1) Scan the original database to generate a full-combination tree to store
itemsets and their support. The Figure 5 is the full-combination tree of
the example database.

Fig. 5. The full-combination tree of the example database.

2) Start from the longest candidates C(lm), i.e., C(4). Calculate the support,
if it is larger than threshold min_support, move this itemset into the veto
list V(l), otherwise, move it into the rare list R(l). Move (l-1)-itemsets into
C(l-1). Then, scan V(l) to compare every known frequent itemset fj with
the itemset gk in C(h), where h is smaller than l, to get their intersection.
And consider all itemsets in this intersection as frequent, and then move
them into the frequent list. Then, the rest itemsets are added into C. This
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algorithm stops when considering 1-itemset. And the following Figure 6
shows the whole changing of veto and rare list during the algorithm.

Fig. 6. The whole changing of the veto and rare list in the Rarity algorithm.

3.3

Evaluation
The Apriori and FP-Tree algorithms are the methods of frequent pattern
mining, but the Arima and Rarity algorithms, which are used for mining
rare itemsets, are derived from them.
Although the Arima algorithm provides a way to mine rare association
rules, it has many limitations. 1) If there exist few rare itemsets, they will
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probably be on the top of the lattice, thus a bottom-up approach can be
not so efficient. 2) Some rare itemsets which support are 0 are not in the
database. 3) It is very time-consuming because the database is scanned
once per level during the execution of the algorithm in order to evaluate
the support.
The Rarity algorithm uses top-down strategy to avoid the first limitation,
and only scans the original database twice to save time. But it needs to
store a full-combination tree in the memory, which is space-consuming,
and reconstruct this tree when updating the original database, which is
also time-consuming.
In summary, we retain the advantages of the Rarity algorithm, and use
the graph structure, instead of the tree structure, to design the improved
method of rare pattern mining in this report.
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4

Design
This work is divided into two main parts. The first part is to mine rare
itemsets in the database, which has four steps. And the second part is to
discover interesting association rules based on results of the first part,
which has three steps. The following Figure 7 shows the whole process
of this study.

Fig. 7. The whole process graph of this study.

4.1

Database
Assume that there is an abstract database with ten transactions, and
each transaction is identified by its tid and composed of some items, as
shown in Table II. “A”, “B”, “C”, “D”, and “E” represent types of the
item. And each transaction is an itemset which is occurred together and
can be repeated.
TABLE II.

THE EXAMPLE DATABASE

tid

itemset

1

A, B, C

2

C, E

3

A, C

4

A, E
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4.2

5

B, C

6

A, B, C, E

7

A, B, C

8

A, B, D, E

9

B, D, E

10

C, E

Mine rare itemsets
Based on the above abstract database, our goal of this part is to mine all
rare itemsets which support is less than min_support predefined as three
(including three). And this part has four steps as follows.

4.2.1 Draw directed graph
Consider each type of items as a node, i.e., there are five nodes relying
on the database, and every itemset indicates there is a path among these
item nodes, e.g., the first itemset {A, B, C} means these three nodes are
directly connected. And then, the directed graph of the database can be
drawn as Figure 8.

Fig. 8. The directed graph of example database.

4.2.2 Generate pattern matrix
After drawing the directed graph, the next step is to generate the pattern
matrix of this database and convert each itemset into a decimal number.
Firstly, construct the metavector and support_count vector of all itemsets,
and then merge these two vectors into pattern matrix, and convert it into
decimal pattern matrix.
Definition 1. Let xi represent the metavector of the i-th itemset, and xij
mean whether the j-th item is in the i-th itemset or not, and if it is, xij=1,
otherwise, xij=0. For example, the metavector of the itemset {A, B, C} is [1,
1, 1, 0, 0], i.e., x1=[1, 1, 1, 0, 0].
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Definition 2. Let s be the support_count vector of itemsets. It is a column
vector, and each element means occurrence number of its corresponding
itemset. In our case, s=[2, 2, 1, 1, 1, 1, 1, 1]T.
Definition 3. The pattern matrix is defined as the matrix which consists of
each metavector and the support_count vector, i.e., P-matrix=[[xi], s]. And
the pattern matrix of example database is shown as follows.
1
0
1
1
P  matrix 
0
1
1
0

1
0
0
0
1
1
1
1

1
1
1
0
1
1
0
0

0
0
0
0
0
0
1
1

0
1
0
1
0
1
1
1

2
2
1
1
1
1
1
1

Definition 4. Treat every metavector as a binary number, then convert it
into corresponding decimal number. And we define it as decimal pattern
matrix. For example, the metavector of the itemset {A, B, C} is [1, 1, 1, 0, 0]
and its support_count is 2, so the first row of this pattern matrix is [1, 1, 1,
0, 0, 2], and convert it to the decimal vector [28, 2]. The decimal pattern
matrix is shown as follows.
28 2
5

2

20 1
( P  matrix ) decimal 

17

1

12 1
29 1
27 1
11 1

4.2.3 Construct hash table
After generating the decimal pattern matrix, we use an appropriate hash
function to store the decimal pattern matrix in the hash table for the quick
search. In most case, the filling factor α is the number of item types, e.g.,
our hash function is f(key)=key%5. And we use zipper the method to deal
with conflicts. Then the hash table can be constructed as Figure 9. In this
table, we have the decimal number and support_count of each itemset.
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Fig. 9. The constructed hash table of storing itemsets.

4.2.4 Mine rare itemsets
Use a candidate list C to collect all possibly rare itemsets and a frequent
list F to gather all known frequent itemsets, and they are organized by
levels, i.e., C(l) and F(l) only refer to itemsets which length is l. In
addition, use a rare list R to store actual rare itemsets after computing.
And the pseudocode of this algorithm is as follows.
Pseudocode of the Algorithm
01: initialize list C(l), F(l), and R(l)
02: for each itemset ti in the database D, do
03:

add ti into C(l)

04:

add ti-path into the directed graph DG (store)

05:

generate the pattern matrix PM of ti

06:

add decimal number of ti into the hash table HT (store)

07: for l=max length(ti)...0, do
08:
09:
10:
11:

if C(l)≠∅ , then
for each candidate ci in C(l), do
if ci-path is in DG, then
find pi-paths (length=l+1 and ci∈pi) in DG

12:

calculate support(ci) from v(ci)=v(ci)+v(pi)

13:

if support(ci)＞min_support, then
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14:

remove ci from C(l)

15:

add ci into F(l)

16:

else

17:

add ci into R(l)

18:

s=all subsets (length=l-1) of ci

19:

f=s∩F(l), c=s-f

20:

add f into F(l-1)

21:

add c into C(l-1)

Step 1. According to length of each itemset, separately put them into C(l),
and compute the support from the longest itemsets. In our case, begin
with C(4), i.e., {A, B, C, E} and {A, B, D, E}.
Step 2. Compute the support of every itemset in C(l) to compare with the
threshold. And if it is greater than min_support, it’s frequent and moved
into F(l), otherwise, it's rare and moved into R(l). For instance, support of
the itemset {A, B, C, E} is 1 which is less than 3, so it’s rare and moved to
R(4).
Step 3. Relying on the Property 2, every subset of F is frequent, so only
consider all subsets of R as the candidates. Get the intersection of F(l)
and all subsets of C(l) which length is l-1, and put it into F(l-1). Add the
rest itemsets into C(l-1).
In order to understand better, following Figure 10 shows all lists in the
overall process, and Figure 11 shows a specific process of generating the
list C at the second level.

30

Interesting Association Rules Mining Based on Improved Rarity Algorithm
Lan Xiang
2018-06-25

Fig. 10. The lists changing in the overall process.
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Fig. 11. Process of generating 1-itemset candidates at the 2nd level.

The calculation of support does not need to repeatedly scan original
database so that it greatly saves much time. Obviously, each support of
the itemset is from itself and its (l+1)-superset, so use a vector V to
represent the contribution of supersets of a itemset to its support at
different level, and different path has different contribution. Define lm as
maximum level of itemsets, li as the level of this itemset, and ls as the
level of its superset, then the degree of contribution is 1/(ls-li)!, and the
support can be calculated in Eq. (4).
lm

v(ls )
l s li (l s  li )!

Support (i )  

(4)

Here is an example of calculating the support of {B, D}.
Firstly, find 3-node paths containing node B and D from the directed
graph because its support is contributed by itself and it 3-superset. There
are two paths which are A → B → D and B → D → E, i.e., VBD=VBD(l=2)+
VABD+VBDE, and continue searching until l=4. And in the end, VBD=VBD(l=2)
+ VABD(l=3)+VABDE(l=4)+VBDE(l=3)+VABDE(l=4).
Secondly, directly find support of the contribution itemsets in the hash
table based on their metavector. For instance, the metavector of ABDE is
(1, 1, 0, 1, 1), and its decimal number is 27, so its support is 1, i.e., v(4)=1.
Finally, calculate the vector of BD to get its support.
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4.3

Rare itemsets
After the above process, we find all rare itemsets. In our case, the rare 4itemset list is {ABCE, ABDE}, the rare 3-itemset list is {ABC, ABD, ABE,
ACE, ADE, BCE, BDE}, the rare 2-itemset list is {AD, AE, BD, BE, CE, DE},
and the rare 1-itemset list is {D}.

4.4

Discover interesting association rules
In this part, the support means the probability of item occurring in the
database to be consistent with confidence. The goal is to find association
rules which confidence are higher than 0.5.

4.4.1 Consider itemset “Y”
In this report, our aim is to find more interesting association rules, that
means these rules with low support and high confidence, so we choose
rare itemsets to generate associations rules.
According to the association rule from “X→Y”, obviously, just consider
itemsets which length are less than l as “Y”. In our study, there are 14
itemsets that can be considered as “Y”, i.e., “D”, “DE”, “CE”, “BE”,
“BD”, “AE”, “AD”, “BDE”, “BCE”, “ADE”, “ACE”, “ABE”, “ABD”, and
“ABC”.
4.4.2

Generate all rare patterns
Relying on the Property 1, the itemset “XY” is in the rare list. So just
generate the rare association rules based on all rare itemsets, that is, we
do not consider frequent itemsets, for example, the rule “C→AD” can be
omitted. Therefore, the table III shows all rare patterns generated by our
method.
TABLE III.

rare patterns

ALL GENERATED RARE PATTERNS

A→D

B→D

E→D

AB→D

AE→D

BE→D

ABE→D

A→DE

B→DE

AB→DE

A→CE

B→CE

AB→CE

A→BE

C→BE

D→BE

AC→BE

AD→BE

A→BD

E→BD

AE→BD

B→AE

C→AE

D→AE
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BC→AE

BD→AE

B→AD

E→AD

BE→AD

A→BDE

A→BCE

B→ADE

B→ACE

C→ABE

D→ABE

E→ABD

E→ABC

4.4.3

Calculate the interesting rate
Rely on these association rules to calculate their confidence and combine
the support to compute interesting rate of each pattern. Then, choose these
patterns with high confidence and interesting rate. For example, calculate
the rule “A→D”. First, the support of {D} is 2, and the confidence of this
rule is 0.17, then the interesting rate of “A→D” is -0.03, so it is an useless
rule, and can be deleted.
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5

Results
After the above process is completely executed, we can get results of all
patterns showing in Table IV.
TABLE IV.

Y

D

DE

CE

BE

THE RESULT OF ALL PATTERNS

pattern

confidence

interesting
rate

A→D

0.17

-0.03

B→D

0.33

0.13

E→D

0.33

0.13

AB→D

0.25

0.05

AE→D

0.33

0.13

BE→D

0.67

0.47

ABE→D

0.5

0.3

A→DE

0.17

-0.03

B→DE

0.33

0.13

AB→DE

0.25

0.05

A→CE

0.17

-0.13

B→CE

0.17

-0.13

AB→CE

0.25

-0.05

A→BE

0.33

0.03

C→BE

0.14

-0.16

D→BE

1

0.7

AC→BE

0.25

-0.05

AD→BE

1

0.7
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A→BD

0.17

-0.03

E→BD

0.33

0.13

AE→BD

0.33

0.13

B→AE

0.33

0.03

C→AE

0.14

-0.16

D→AE

0.5

0.2

BC→AE

0.25

-0.05

BD→AE

0.5

0.2

B→AD

0.17

0.07

E→AD

0.17

0.07

BE→AD

0.33

0.03

BDE

A→BDE

0.17

-0.03

BCE

A→BCE

0.17

0.07

ADE

B→ADE

0.17

0.07

ACE

B→ACE

0.17

0.07

C→ABE

0.14

-0.06

D→ABE

0.5

0.3

ABD

E→ABD

0.17

0.07

ABC

E→ABC

0.17

-0.13

BD

AE

AD

ABE

5.1

Select the interesting association rules
We can see from the table II that some association rules have the low
confidence and interesting rate, so we consider the confidence threshold as
0.5, i.e., we choose these patterns which confidence are higher than 0.5 as
our final results.
There are three association rules that meet conditions, i.e., “BE→D”, “D
→BE”, and “AD→BE”. But according to their interesting rate, these two
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rules, “D→BE” and “AD→BE”, are more interesting. Furthermore, the
item “AD” contains “D”, so the pattern “AD →BE” contains “D → BE”.
Therefore, we think the most interesting rule is “D→BE”, which means
although “D” is a rare item, “BE” is likely to appear with “D”. More
specifically, if “D” is an infrequent commodity, customers who bought it
will possibly buy “BE”; or if “D” is an uncommon disease, patients who
suffered it will possibly have the complication “BE”.

5.2

Compare with other methods
If there is a large database D, the number of itemsets in D is n, and the
number of item types in D is m, then the calculation and proof of each
method are as follows.

5.2.1 Arima method
The Arima algorithm splits the mining process to two main parts. The
first part is to find mRIs, i.e., minimal rare itemsets, which is rare but all
proper subsets are frequent. It’s a borderline of separating the frequent
itemsets from the rare. And according to the proposition—each minimal
rare itemset is a generator which has no proper subsets with the same
support, exclude every itemset that is not a generator. Then based on the
mRIs, the second part is to restore all rare itemsets, which starts from
the smallest mRIs and consider the supersets of known rare itemset as
candidates to calculate their support. So the Arima algorithm is a bottomup approach which may be not so efficient if few rare itemsets exist on
the top of the lattice. What’s worse, the database needs to be scanned at
every level during the execution of this algorithm in order to calculate
the support. Thus for the Arima, its space complexity is O(n), and its time
complexity is O(n).

5.2.2 Rarity method
The Rarity algorithm is contrary to the Arima algorithm. It begins with
the longest rare itemset to move downwards and only develops those
which are confirmed to be rare. This algorithm firstly construct a fullcombination tree to store every possible itemsets and its support, i.e, the
nodes at first level is an empty set, the nodes at second level is all items,
the nodes at the third level is all binary combinations of items, and so on.
And then relying on this tree, just find its parent node when calculating
the support of an itemset. This tree is a symmetrical tree, and that means
the sum of nodes from level 1 to level m/2 is equal to it from level m/2 to
level m. The nodes number of level 1 is 1, the nodes number of level 2 is
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Cm2 , and the nodes number of level m/2 is Cmm / 2 . Thus for the Rarity, its

space complexity is O(m!), and its time complexity is O(m).

5.2.3 Our method
Our algorithm uses the graph structure, instead of the tree structure, to
only store each existing itemset and its support, instead of all possible
itemsets. And in order to reduce the searching time, we add hash table
to accelerate finding the support of this itemset’s supersets. And when
calculating the support of an itemset, we need to traverse this graph to
check if this itemset and its supersets are the paths in the directed graph,
and then, find their support from the hash table. Thus for our method, its
space complexity is O(m), and its time complexity is O(m+m2).

5.2.4 Comparison
From the explanation above, the result table of comparing our method
with the Arima and Rarity methods is shown in table V as follows. And
the complexity is not for the whole process, but for one time. The Arima
and Rarity algorithms stop at finding all rare itemsets, and do not mine
the association rules based on these rare itemsets, therefore, we can not
compare their whole time and space complexity.
TABLE V.

THE COMPARISON WITH OTHER METHODS

Method

Space Complexity

Time Complexity

Arima

On 

On 

Rarity

Om!

Om 

Our method

Om 

O m  m2





(Note that n is much lager than m)

Arima starts from the bottom, and considers all the supersets of frequent
itemsets as candidates, but Rarity and our method start from the bottom,
and consider all the subsets of rare itemsets as candidates. It is obvious
that the supersets of frequent itemsets are much more than the subsets
of rare itemsets, so the whole time complexity of Arima is more than it
of Rarity and our method.

5.3

Evaluate our method
Obviously, comparing with the Arima method, the method proposed in
this paper has a great improvement in the space and time complexity.
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And comparing with the Rarity algorithm, although it increases the
searching time, it will save much memory to solve the biggest memory
problem of Rarity algorithm.
What’s more, if adding or deleting one type of item, the cost of Rarity
algorithm is huge because of rebuilding the tree of full combination, but
it’s easier for our method to modify records in the directed graph and
hash table.
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6

Conclusions
In order to mine unknown and useful association rules, this report relies
on the Rarity algorithm to propose an improved method of interesting
associations rules mining. This method uses paths in a directed graph to
represent itemsets in the database, generates a pattern matrix, and stores
the corresponding support of each itemset in the hash table. Our results
show some advantages as follows. (1)Its mining time and storage space
reduce a lot while comparing with the Arima algorithm. (2)It solves the
serious problem of the Rarity algorithm, i.e., its full combination tree is
too large to store in the memory. (3)It’s very easy to add and delete item
types in the database.

6.1

Goals completion
In the process of completing this report, I divided our whole task into
five concrete small goals, and in this section, I will separately describe
our goals completion.
For goal 1, i.e., read some related papers about rare pattern mining to
increase my theoretical knowledge, I finished reading papers about the
theory and application of pattern mining. The specific thesis topics can
be found in References, and the brief introduction of some papers can be
found in Section 3, Chapter 2.
For goal 2, i.e., understand the general method of rare pattern mining, I
finished studying the Apriori and FP-Tree algorithms at first, and then I
focused on researching the Arima and Rarity algorithms which are very
helpful to this report. The basic principle explanation of the Arima and
Rarity can be read in Section 2, Chapter 5.
For goal 3, i.e., propose our improved method of rare pattern mining,
and then design overall framework of this method, after discovering the
limitations of the Arima and Rarity algorithms, i.e., time-consuming and
space-consuming, I finished designing overall framework of our method
to improve. The overall framework figure of this method can be found
in Chapter 4.
For goal 4, i.e., implement each module of our method, I extended each
specific steps on the basis of the overall framework and finished writing
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the pseudocode of rare itemsets mining step to implement our method.
The algorithm pseudocode can be read in Section 2, Chapter 4.
For goal 5, i.e., evaluate our method and compare its space and time
complexity with the Arima and Rarity algorithms, I finished calculating
the time and space complexity of Arima, Rarity, and our method. The
comparison table can be found in Section 2, Chapter 5.

6.2

Future work
In the future, we will focus on these aspects as follows. First, apply our
method to actual large databases. For example, use our method to mine
association rules of diabetic complications based on the clinical data of
diabetic patients. Second, keep improving our method. It’s obvious that
our searching time increases when comparing with the Rarity algorithm,
so we need to explore how to decrease the searching time in the process.
Third, adjust the α value of our hash function f to optimize the space
utilization. In a large database, the different α value has different space
occupancy, which leads to the performance of our method, so we need
to compare different α values to find an optimal one as much as possible.

6.3

Ethical discussion
This research aims to find useful associations from complicated data of
this word. The purpose is to help human to use these helpful knowledge
in these association rules. For example, help diabetic patients to predict
their possible complications, detect exceptions of the device to timely fix,
and so on. However, some people may use association rules mining to
mine someone’s social relationships or predict his behavior, leading to
invade the privacy of others. So the desensitization of some data may be
necessary.
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