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Abstract

Mining uncertain data is challenging because uncertainty is usually represented
as real numbers which are infinite (cf. representing finite occurrence counts when
mining precise data). This means that they are not easy to store in a data structure.
Although there exist some data mining algorithms for handling uncertain data, these
algorithms become inefficient when the size of data becomes so big. Vertical data
mining algorithms have advantages in that they run fast and require low memory
space. Hence, for my M.Sc. thesis, I propose two vertical mining algorithms that
mine big uncertain data. Analytical and experimental evaluation results show that,
between these two MapReduce-based vertical mining algorithms, MR-UV-Eclat is

fast and scalable.
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Chapter 1

Introduction

As technologies advance, we are living in a world where many things are man-
aged by machines. As computers and digital devices generate increasing data, these
datasets are much easier to acquire than ever before. As suggested by Fayyad et al.
[EPS96], “across a wide variety of fields, data are being collected and accumulated
at a dramatic pace. There is an urgent need for a new generation of computational
theories and tools to assist humans in extracting useful information (knowledge) from
the rapidly growing volumes of digital data.” Data mining is a non-trivial extrac-
tion of previously unknown and potential useful relationships from data. It provides
many means to find patterns and knowledge from data. There are many data mining
methods. For instance, social mining is very widely [BCJ™17, [CL17, LJPC1§|. Data
mining is also being applied in the Internet of Things (IoT) data [FLST18, ISYZ™1§].
Among all different data mining approaches, association rule mining is a very im-
portant data mining task. Liu et al. [LHMO98| defined that association rule mining

finds all rules in the database that satisfy some user-specified minimum support and
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minimum confidence constraints.

At the very early stage, most associate mining algorithms only mine precise data.
Precise data are data that users are certain about the existence in transactions in
databases. If items are presented in current transactions, their existences are in a
form of integers. One of the earliest associate mining algorithms is Apriori algorithm
[ATS93] which was proposed by Agrawal and Srikant in 1994. This algorithm relies
on generate and test approaches. It first generates candidates and then verifies their
frequencies by doing database scans. Users are required to define a minimum support
threshold which is the least frequency. This number is being compared with support
values of all candidates and finally only itemsets which their frequencies are larger
than minimum threshold are kept in the frequent data sets. This process is repeated
until no frequent itemsets can be generated.

Two large drawbacks of the Apriori algorithm are the very large candidate gen-
erations and the many database scans. To overcome these drawbacks, Han et al.
[HPY0O] proposed a tree-based algorithm called FP-growth. This approach requires
two database scans. During the first database scan, it finds all frequent singletons.
At the second database scan, it generates a global FP-tree. The algorithm then re-
cursively builds up all different projection trees. Eventually, all frequent itemsets
are generated from these projection trees. This algorithm is fast because it reduces
database scans to two times and it can greatly reduce candidate generations as it only
generates candidates from very small subsets. However, this algorithm still has a risk
that data might not fit into the main memory and also this algorithm becomes less

efficient when there are so many leaves in trees. Thus, H-mine [PHL™01] and some
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vertical mining approaches [SHST00, [ZPOL97| are proposed to adjust some of these
issues.

So far, all those have been mentioned above relate to precise data. Still, there
exists uncertain data in many real life applications. As suggested by Sun et al.
[SCCCI10], “data managed in many emerging applications are often uncertain.” Un-
certain data are referred to as the existence of items in transactions that are not
certain. This means the form of these data is represented as probabilities of exis-
tences of items. Two challenges of uncertain data mining are the data size is larger
compared with precise data and data cannot easily fit into a data structure. Recall
that precise data is data that users are certain about the existence in transactions.
If an item is presented in a transaction, it shows as singular in a transaction. Oth-
erwise, it will not be present in the transaction. Thus, the size of data can be very
small. On the contrary, uncertain data are presented as the likelihood of existence in
transactions. These datasets are decimal numbers and so can be indefinite. Second,
the likely hoods of items can be different in transactions. This means even the same
items present in two or more transactions may have very different uncertain values.
Hence, these data cannot be packed into a small data structure. For example, if we
want to put them into a FP-tree, it may create many leaves. Great amount of precise
data mining algorithms have been extended to apply to mining uncertain data. Many
algorithms like CAP [NLHPO98|, U-Apriori [CKH07], UF-growth [LMBO08] and SOP-
tree [KD13] are proposed to handle different kind of data, they still lack efficiencies
when data size becomes big.

Data are easier to acquire than ever before because more and more Internet tech-
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nologies are being used in our life. “These data arise from the Internet (searches, social
networks, blogs, pictures), smartphones, scientific studies (genomics, brain imaging,
epidemiology, environmental research), businesses (customer records, transactions,
financial indicators), governments (population, healthcare, weather, automatic sen-
sors) and other sources” [Rosl4]. Zikopoulos et al. [ZED™12| defines three characters
of big data. They are Volume, Velocity and Variety. That means big data have high
volume, fast generation speed and so many resources. For example, 294 billion emails
sent every day and over 1 billion Google searches every dayE]. We are living in a
world with a flood of data but still we lack the knowledge and useful data relation-
ships that can be potentially refined from these big data. Hence, we are interested
in utilizing data mining technologies to find useful knowledge from data. However,
many of hardware architectures and data management techniques of today are not
sufficient to handle big data. As mentioned, big data have very high volume, fast
generation speed and many different data resources. Much of the existing hardware
has very limited hard drive spaces and insufficient memory. Furthermore, data can
be only centralized in one physical location. Thus, servers are quickly depleted of
hard disk space and have very slow data retrieval. For new hardware architectures to
handle big data, we require decentralizing the databases access and enable concurrent
processing on different servers. Limitations also exist in traditional data management
techniques. Many existing data technologies only allow a single process at a time in
only one physical machine. For example, for data retrieval, these technologies only
allow one search at a time. As a matter of fact, we should allow multiple searches in

different machines in order to speed up the overall efficiency. Cloud computing is an

"http://www.ibmbigdatahub.com/gallery/quick-facts-and-stats-big-data
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ideal architecture to use and also data management techniques should enable decen-
tralized database allocations and concurrent accesses. Currently, Hadoop, Spark and
Storm are among the three most popular big data tools. Still, there are not many

data mining algorithms adopted to big data technologies.

1.1 Thesis Statement

Motivated by the problems and solutions previously mentioned, my thesis state-
ment is as follows: I proposed a vertical mining approach that performs the following

tasks;

Retrieve frequent patterns from uncertain data

Conduct association rule mining in big data

Provide a scalable and fast vertical mining approach

e Save memory and speed up execution time as well as adapt spark big data

techniques

In this thesis, we adapt Spark technologies and make an improved version of Map-
Reduce approach of Apriori called MR-U-Apriori-impr. This algorithm improved
the overall efficiencies compared with the original Map-Reduce version. We then
describe our proposed mining approach called MR-UV-Eclat. This algorithm adopts
the approach of U-Eclat using Spark technologies. We also describe the Spark version

of U-VIPER called MR-U-VIPER. Performances compared on MR-U-Apriori-org,
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MR-U-Apriori-impr, MR-U-VIPER and MR-UV-Eclat are conducted. Experimental

results in Chapter 5 are displayed.

1.2 Problem Description and Thesis Contribution

Uncertain data are usually in the format of floating points and can have different
values even though they are in the same itemsets in different transactions. Thus,
they are not easy to fit into a data structure. For many existing mining algorithms
that mine uncertain data, they consume much memory and have very long execution
time. To make the case worse, when data become so big, these algorithms may have

out of memory issues. Based these issues, some logical questions to ask are:

1. Are there any more scalable data structures that can efficiently store uncertain

data?
2. Can we provide mining algorithms that can save memory?
3. Can we provide mining algorithms that efficiently handle big uncertain data?

4. Can we provide mining algorithms that improve overall performances when

dealing with big data

In response to these above questions, we explore different approaches. We find that
vertical mining models can fit the large data structure into main memory. Com-
pared with other mining models, vertical mining models can save much more memory.

At the same time, many existing Map-Reduce association-mining algorithms utilize
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Hadoop. Hadoop applications encounter so much I/O cost that leads to low perfor-
mances. Spark can boost up overall performance by putting some major processes in
memory. In this case, in order for a Spark algorithm to perform well, it is always a
good idea for the Spark algorithm to have low memory usage consumptions.

Hence, we propose two Map-Reduce vertical mining approaches using Spark tech-

niques. Our key contributions are:
1. Proposal of Map-Reduce version of Eclat algorithm on mining uncertain data
2. Proposal of Map-Reduce version of VIPER algorithm on mining uncertain data
3. Both of these algorithms utilize Spark techniques

4. Analytical and experimental evaluation of these algorithms

1.3 Thesis Organization

This thesis is organized as follows: Chapter 2 provides background and related
work. When talking about background, the first association mining algorithm, which
is Apriori algorithm, is demonstrated in detail. We then talk about two vertical
mining algorithms. They are VIPER and Eclat. These three algorithms are on precise
data. Specifically, we explain why vertical mining algorithms have great success
on mining precise data. We then describe uncertain data and three algorithms on
mining uncertain data. They are U-Apriori, U-VIPER and U-Eclat. Next, we outline
characteristics on big data. From that, we explain some challenges on mining big

data and describe existing technologies on mining big data.
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Chapter 3 is the main chapter for describing our main contributions for this thesis.
MR-UV-Eclat are adopted by UV-Eclat. We provides a detail example to explain the
algorithm. On describing the algorithm MR-UV-Eclat, we also introduce a data
structure called projection tree. This is used in MR-UV-Eclat. We also explain the
MR-UV-Eclat by providing a detailed example.

To make vertical mining complete, we also adopt Spark technologies in U-VIPER.
This called MR-U-VIPER. In Chapter 4, we first explain the MapReduce behaviors
in MR-U-VIPER and the memory saving techniques in MR-U-VIPER. After that,
details steps on MR-U-VIPER are provided. At the end of this chapter, we provide
a detail example for this algorithm.

In Chapter 5, we compare our two algorithms MR-UV-Eclat and MR-U-VIPER
with two varianets of MapReduce version of Apriori (namely, MR-Apriori-org and
MR-Apriori-impr). Analytical evaluation and experimental evaluation of our pro-
posed algorithm will be provided. All these evaluations are on comparisons of MR-
Apriori-org, MR-Apriori-impr, MR-U-VIPER and MR-~UV-Eclat.

Finally, in Chapter 6, we present conclusions of this thesis. Moreover, we also

suggest some future research directions.



Chapter 2

Background and Related Work

In this chapter, we provide background and related work to understand the thesis.
We start with definitions and tasks to accomplish in association mining. This leads to
presentations on three mining algorithms on precise data. They are Apriori algorithm
[AIS93] and two vertical mining algorithms which are VIPER [SHST00] and Eclat
[ZPOLO97]. By comparing these three algorithms, we conclude reasons why vertical
mining algorithms have advantages over other algorithms on mining precise data.
Next, we demonstrate algorithms on uncertain data. Specifically, we continue to
explain vertical mining on uncertain data. Hence, U-VIPER [LTBZ12] and UV-Eclat
[BCL12] are two main algorithms described. We then detail explain characters on big

data, its related technologies and data mining approaches on big data.
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2.1 Association Mining from Precise Data

Many people realize that identifying data relationships and data trends are impor-
tant for decision-making. It is also observed that many organizations store massive
data in database systems but these systems lack functionalities of searching for re-
currently occurring patterns and data trends. For instance, supermarkets store large
data on daily transactions. However, these data do not necessarily consist of items
bought together at the same point of time so that decision makers may miss valuable
data knowledge. As mentioned, association mining is an important task in data min-
ing and can help decision makers to identify data relationships. For instance, by using
association rule mining, Agrawal et al. [AIS93] indicates that “90% of transactions
that purchase bread and butter also purchase milk”. Klemettinen et al. [KMRT94]
state that “The propose of data mining is to facilitate understanding large amount
of data by discovering interesting regularities of exceptions” Agrawal et al. [AIS93]
gave the definition of association rule mining. Let I = {iy,ia, ..., i} be a set of
literals, called items. Let D be a set of transactions, where each transaction 7' is a set
of items such that T" C I. Associated with each transaction is a unique transaction
identifier (TID). We say that a transaction T' contains X (which a set of some items
in I) if X C T. An association rule is an implication of the form X — Y, where
X CILY CcI, and XNY = (. At the very beginning, data association mining
deals with are precise data. The present of items in transactions is either 1 or 0. This
indicates that the existence of items in transactions is either 100% or 0%. Three algo-
rithms are demonstrated in this section. They are Apriori [AIS93], VIPER [SHST00]

and Eclat [ZPOLIT].
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Table 2.1: Sample database 1
TID | Content

t {a, b, ¢, d, e}

to {b, c, e}

t3 {a, b, d, e}

ta {a, b, ¢, e}

ts {a, b, ¢, d}

tﬁ {b, C, d}

2.1.1 Horizontal Mining with the Apriori Algorithm

In 1994, Agrawal et al. [AS94] proposed the first association rule mining algorithm.
In this approach, it repeatedly generates next level candidates from the current level of
frequent itemsets and then verifies these candidates from data. This step is repeated

until there is no new candidate generated.
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{a} 4 {a} 4
{b} 6 {b} 6
{c} 5 {c} 5
{d} 4 {d} 4
{e} 4 {e} 4
(a) C1 (b) L
{a, b} 4 Pattern Sup Value
{a, ¢} 3 {a, b} 4
{a, d} 3 {a, c}
{a, e} 3 {a, d} 3
{b, ¢} 5 {a, e} 3
{b, d} 4 {b, c} 5
{b, e} 4 {b, d} 4
{c, d} 3 {b, e} 5
{c, e} 3 {c, d} 3
{d, e} 2 {c, e} 4
(C) 02 (d) L2
Pattern | Sup Value
{a,b,c} |3
{a, b, d} |3
{a, b, e} |3 {a,b,c} |3
{a, c,d} |2 {a, b,d} | 3
{a, c, e} |2 {a, b, e} | 3
{b, ¢, d} | 3 {b, c,d} | 3
{b,c,e} |3 {b,c,e} |3
(e) Cs (f) Ls

Figure 2.1: Apriori Algorithm Demonstration

Consider the sample database shown in Table and set the minimum support
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threshold to be 3. It first scans the database once to find all frequent singletons. In
Figure (a), the first level candidate is called C;. If support values of candidates are
less than the minimum support threshold, these items are removed. After the first
database scan, frequent singletons are verified. In the example, after removing the
infrequent candidates from C7, L; is generated. Then (5 is generated by doing self-
combination of L;. The algorithm then conducts the other database scan to calculate
the support value of each candidate in C5. After removing infrequent candidates from
Cy, we get Ly. This process is repeated to get C3 and L3. Note that when trying
generating Cy, we never consider any candidates. From L3, we should have generated
{a,b,c,d}, {a,b,c, e}, {a,b,d, e} and {b,c,d,e}. Nevertheless, we can eliminate them
before doing database scan as we can find subset of these candidates are infrequent.
For example, {a, ¢, d} is the subset of {a,b,c,d} and {a,c,d} is infrequent. This step
is called pruning.

Apriori algorithm is a well-known algorithm for association rule mining. However,
this algorithm suffers from two drawbacks. The first one is it generates many candi-
dates. This drawback can lead to very slow elapsed time and the system can be out

of memory easily. The second one is that it requires many database scans.

2.1.2 Vertical Mining with the VIPER Algorithm

Many existing association mining algorithms view data “horizontally”. Take super
market data as an example, each record represents a transaction and each transaction
contains purchased items. Many approaches can apply these data directly to perform

mining. However, these data can also be converted to vertical data. In the example
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of super market data, we can convert them from transaction view basic to itemset
view basic. The conversion of vertical data is demonstrated on Figure 2.2, Two
strengths of vertical mining algorithms are that (1) they only do database scan once;

and (2) they consume much less memory. Two algorithms are demonstrated in this

section. They are VIPER and Eclat.

TID Items

ah e d o

t1 {a, c} t1 [1]01/01]0

t2 {b} t2 |0 1]0]01]0

t3 {b, ¢} t3 (0] 1]1]01]0

t4 {a, ¢, ¢} t4 [1]0|1]0]1

5] {a, b, ¢} to | 1] 1]1]01]0
(a) Horizontal Data (b) Vertical Data

Figure 2.2: Vertical Data Conversion

Shenoy et al. [SHST00] proposed the VIPER algorithm. This algorithm performs
a database scan once. In precise data, the existence of an item in a transaction is
either 1 or 0. Hence, we can only convert all vertical data to be a bit-vector. In the
VIPER algorithm, each bit-vector of an item has the same size equal to the total
number of transactions. The value on each transaction for an item is either 1 or 0. 1
means the item exists in the transaction and 0 means the item does not exist in the
corresponding transaction. When trying to calculate the support value on a particular
pattern, the algorithm sums up the all values in the bit-vector to form the support
value. In order to form the next level of candidates, the algorithm intersects two bit-

vectors to form a new bit-vector. Note that in this case, we do not need to go back to
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the original database to do such operation. We still use the candidate generate and
test approach to get all frequent itemsets. The process will be terminated when no

new candidates can be generated.

Example 2.1.1. In this example, we still use the sample database in Table[2.1] The
minimum support is still 3. This has been demonstrated in Figure[2.3] The algorithm
first converts the database to vertical data. All data become bit-vectors. All support
values on all singletons are calculated by summing up all 1s in each bit vector. Only
candidates with a support value more than the minimum support threshold are kept
for forming the next level candidates. Note that all vectors of all frequent singletons
are kept in the memory to form other level of candidates. In level 2, each bit-vector
joins with other bit-vector to form level 2 bit-vectors. For example, bit-vectors @ and
? intersect by doing [101110] AND [111111] = [101110], so we get % = [101110].
After forming frequent level 2 bit-vectors, we utilize these bit vectors to join with
frequent singleton bit-vectors to form level 3 bit-vectors. For instance, bit-vectors
ab and @ intersect by doing [101110] AND [110111] = [100110], so we get abe —
[100110]. Note that we prune away acd and cde as they are infrequent. Finally, no

bit-vector can be generated in level 4. Hence, the process stops.
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a|blc|d]|e
tl 111111
t2 Oj1]1]071
t3 111]01]1
t4 1111101
t5 11111110
t6 0|1 1|10
Sup Value |4 |6 |54 |4

(a) Convert to Vertical Data

ab | ac|ad | ae | bc|bd|be|cd|cel|de
t1 1 1 |1 1 |1 1 1 1 [1 |1
t2 0O |0 ]O |O |1 |0 1 {0 |1 ]0
t3 1 0 |1 1 /0 |1 1 (0 |0 |1
t4 1 1 10 1 |1 |0 1 /0 |1 |0
th 1 1 |1 0 |1 1 0 1 |0 |0
t6 0O [0 |0 |O |1 1 0 1 [0 |0
Sup Value |4 |3 |3 |3 |5 |4 4 |3 |3 |2

(b) Candidate Level 2

abc | abd | abe | acd | ace | bed | bee
t1 1 1 1 1 1 1 1
t2 0 0 0 0 0 0 1
t3 0 1 1 0 0 0 0
t4 1 0 1 0 1 0 1
t5 1 1 0 1 0 1 0
t6 0 0 0 0 0 1 0
Sup Value | 3 3 3 2 2 3 3

(c) Candidate Level 3

Figure 2.3: VIPER Algorithm

VIPER algorithm has all data in bit-vectors. This greatly reduce memory con-
sumption. Also, this algorithm does not need to go back to the original database to

verify the candidates. Instead, it uses the simple operation bit-wise operation AND
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of two bit-vectors to form the new bit-vector. Hence, the execution time is very fast.
Still, VIPER algorithm cannot handle uncertain data. Hence, we will demonstrate

the extension of this algorithm U-VIPER.

2.1.3 Vertical Mining with the Eclat Algorithm

Zaki et al. [ZPOL97| proposed Eclat algorithm. Unlike the data format in VIPER
algorithm, the vertical data used in Eclat algorithm only keeps the transaction data
(transaction ID) that belongs to the item in the vector of the item. Hence, vectors
store lists of integers. On calculating frequencies of items, this algorithm counts the
number of transactions. On forming the next level of vectors of candidates, it does

the intersection of two vectors.

Example 2.1.2. We still use database Table in this case and set minimum
support threshold value as 3. Eclat algorithm converts original data into vertical data
that only store exist transaction IDs in each vector. The algorithm forms new itemsets
by intersecting vectors of current level with vectors of singletons. For example, we
can obtain the vector of abc by intersecting the vector ab with the vector . From
—_ —
figure 2.6, we can observe that abc = ab N ¢ = {1,3,4,5} N {1,2,4,5,6} = {1,4,5}.
In Figure (2.4 Figure [2.5] Figure they demonstrate how each level of itemsets
form. The formation of next level of itemsets is by searching prefix and suffix. In this
database, we know that the frequent singletons are {a, b, ¢, d,e}. For current itemset
ab, in order to form the next level of itemsets which have prefix of ab, the suffix
dataset are {c,d,e}. Hence, we can form level 3 candidates of {abc, abd,abe}. The

algorithm goes through each itemset in the current level and looks for their possible
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suffixes. New candidates are formed by intersecting prefix and suffix.

Root

[a (1,3,4,5)} [b (1,2,3,4,5,6)} [c (1,2,4,5,6)} [d (1,3,5,6)} [e (1,2,3,4)}

(a) Candidate level 1

Figure 2.4: (Eclat) Convert to Vertical Data

a (1,3,4,5)

[ab (1,3,4,5)} [ac (1,4,5)] [ad (1,3,5)] [ae (1,3,4)]

(a) Candidate level 2 for a

b (1,2,3,4,5,6) c (1,2,4,5,6)
(be (12456)] (bd (1,356)] [(be (1234)]  [(cd (156)] ce (1,2,4)
(b) Candidate level 2 for b (c) Candidate level 2 for ¢
d (1,3,5,6)
de (1,3)

(d) Candidate level 2 for d

Figure 2.5: (Eclat) Candidate level 2
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abc (1,45)]  [abd (1,35)]  [abe (1,3,4)]

(a) Candidate Level 3 for ab (b) Candidate level 3 for ac
be (1,2,4,5,6)

bed (1,5,6) bee (1,2,4)

(d) Candidate level 3 for bc

Figure 2.6: (Eclat) Candidate level 3

Eclat algorithm only contains transaction information in each vector. This can
save memory especially for the sparse database. Still, Eclat cannot handle uncertain

data. Hence, UV-Eclat is introduced.

2.2 Association Rule Mining from Uncertain Data

There exists many uncertain databases (UDB). For instance, Budhia et al. [BCL12]
stated “uncertainty in the UDB can be caused by our limited perception or under-
standing of reality, inherited measurement inaccuracies, inappropriate sampling fre-
quencies of sensors, wireless transmission errors, and network latencies”. Chui et al.
[CKHO7|] provided problem definitions on uncertain data mining. Given a possible
world W; and an itemset X, let us define P(W;) be the probability of world P; and
S(X,W;) be the support count of X in world W;. Furthermore, we use T; ; to denote

the set of items that the j-th transaction, i.e., ¢;, contains in the world W;, then
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P(W;) and the expected support expSup(X) of X are given by the following formula:

Wi
expSup(X ZP ) x S(X, W;) (2.1)

where W is the set of possible worlds derived from an uncertain dataset UDB, and

pov) = I1(IT - TLa-A00). (22)

J=1 “uaely; y&T;,

Computing expSup(X) according to Equation requires enumerating all possible
worlds and finding the support count of X in each world. This is computationally
infeasible since there are 2™ possible worlds where m is the total number of items
that occur in all transactions of D. Fortunately, if items within X are independent,

then
|D|

expSup(X Z H P, (x (2.3)

j=1 zeX

Thus, expSup(X) can be computed by a single scan through the dataset UDB. The
above model determines that the calculation processing of association rule mining in
uncertain data is different than mining precise data.

Uncertain data are represented as decimal data, this nature indicates that the
size of database can be very large. These proposed algorithms may encounter a
problem that all data cannot fit into main memory. Especially, when the number
of transactions becomes large, we have to store data in hard disks and use very
different technologies to handle these data. Chui et al. [CKOS8] proposed the U-Apriori

algorithm that relies on the candidate generate-and-test paradigm for mining. Leung
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et al. [LMBOS] proposed a tree-base algorithm, called UFP-growth, which uses a
tree structure called UF-tree to mine uncertain data. In the next two section, two

algorithms are demonstrated. They are U-VIPER and UV-Eclat.

2.2.1 U-VIPER Algorithm

Leung et al. [LTBZ12] proposed the U-VIPER algorithm. This approach first
converts the database to vertical data. Take a small database as an example. Sup-
pose the input data is in the format {TID: Item:value ...}. Suppose we have three

transactions:

TID | content

t a:0.9, b:0.8, ¢:0.9
t2 a:0.1

t3 b:0.2

Figure 2.7: Sample Database

We can use the rule

. P(x,t) ifret
i} = {0 if v ¢t (24)

to transfer the database into

TID | a b c
t1 0910809
ta 0110 0
ts 0 0210

Figure 2.8: Vertical Data (U-VIPER)

Let minsup = 1. We compute the frequency of each item by the following equation:

expSup(x) =|| & ||= 37l = > P(a, t) (2.5)

i
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and obtain expSup(a) = 0.940.1+0=1, expSup(b) = 0.840+0.2=1, expSup(c) =
0.940+40 = 0.9 < 1 (pruned). Then, we generate 2-candidate itemsets by all frequent
items to obtain the candidate ab. We can then @ N b to get %, the value of each

transaction can be calculated by
expSup(zy,t;) = expSup(x,t;) X expSup(y,t;) (2.6)

Consequently, we obtain (ab: 0.72, 0, 0). This process is continued until no more

candidates can be generated. See Algorithm 1 (U-VIPER).

Algorithm 1 U-VIPER

1: Transform the probabilistic dataset of the form {( ¢;, { x:P(x,t;) ) |x € ¢;}} into
vertical format with 7’ such that the i-th element in 2 is either P(x,t;) when x
€ t; or 0 when x ¢ t,.

2: For each domain item x, compute expSup(x) as a Lj-norm.

3: Ly = { (xtexpSup(x))|expSup(x) > minsup}; k = 2.

4: Cy = {(xy:expSup(xy)) | expSup(xy) can be computed as a dot product of 7
and 7 }.

5. while C}, # @ do

6: Ly, = { (:expSup(«)) | (azexpSup(a)) € C and expSup (a) > minsup}; k =
k+ 1.

7: Cr = {(By:expSup(By)) | (B:expSup(f) € Lu—1), (y:expSup(y)) € Cy, and
expSup(fy) can be computed as a dot product of 5 and 7}

8: end while

9: Return U; L;.

The advantage of this algorithm is that all vertical vectors are small in size. The
operation is very simple as it only requires intersections of vectors to acquire new
vectors. However, this algorithm is still needed to adopt to big data technologies as

this algorithm can be only executed in a single machine.
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2.2.2 UV-Eclat Algorithm

Budhia et al.[BCLI12] proposed UV-Eclat algorithm. The vector representation is
different than the one in U-VIPER. We only keep IDs for transactions that contain

the item. The transformation of vertical data is shown below:

a b c
t109 t208 t109
15:0.1 | 25:0.2

Figure 2.9: Vertical Data(UV-Eclat)

Let minsup = 1. We compute frequency of each item by the following equation:

)

capSup(z) =I| ¥ |1= il = 3 Pa.t) (2.7

and obtain expSup(a) = 0.940.1=1, expSup(b) = 0.84+0.2=1, expSup(c) = 0.9 < 1
(pruned). Then, we generate 2-candidate itemsets by all frequent items to get the
candidate ab. The formation of new vector is different than U-VIPER, it is formed
by following rules: atidset(axy)={(t;: expSup(ax,t;) x P(y,t;)) | (t;:expSup(ax,t;))
€ atidset(ax) A (t;:P(y,t;)) €atidset(y)}.we can get (ab: 0.72, 0, 0), this process
continues until no more candidates can be generated. See Algorithm 2 (UV-Eclat).
UV-Eclat only keeps transaction data to which that item belongs. Hence, it
keeps a small amount of data. However, this algorithm still needs to adopt big data

technologies to mine big data.
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Algorithm 2 UV-Eclat

1: Transform the probabilistic dataset of the form {( ¢;, { x:P(x,t;) ) |x € ¢;}} into
vertical format with @ such that the i-th element in 2 in P(x,t;)

2: For each domain item x, compute expSup(x) as a Lj-norm.

3: Ly = { (xtexpSup(x))|expSup(x) > minsup}; k = 2.

4: Cy = {(xy:expSup(xy)) | expSup(xy) can be computed as a dot product of 7
and 7/ }.

5: while C}, # @ do

6: Ly, = { (:expSup(a)) | (azexpSup(a)) € Cy and expSup («) > minsup}; k =
k + 1.

7: Cr = {(By:expSup(By)) | (B:expSup(S) € Lu—1), (y:expSup(y)) € Cy, and
expSup(fy) can be computed as a dot product of F and ?}

8: end while

9: Return U; L;.

2.3 Association Rule Mining from Big Data

We are living in the era of big data. More and more software systems are be-
ing used in our lives and businesses that generate a lot of data day by day. Thus,
this creates both opportunities and challenges. As we acquire more and more data,
data mining methods can be applied to provide more accurate results so that vast
useful data relationships can be found. Three main challenges defined by Zikopoulos
et al. |[ZEDT12] are volume, velocity, and variety. Let first talk about variety, one
reason databases become so big is database integration. This means that there are
many diverse data resources forming many database varieties. Hence, this requires
prepossessing steps. Velocity of big data referred as generation speed of data is very
fast. The database system requires having very fast speed to process data. Volume
of big data means that big data has a very big volume. In order to process big data,
database servers are required to have more steps to process data, much more compu-
tation power and memories. Traditional database methods that can be run by one

physical server will no longer be sufficient to process big data. MapReduce is a data
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process technology that original raw data will be partitioned into different blocks and
delivered to different servers with a mapping schema like (key, value). Mapped data
will be shuffled to the specific node by their keys and end up with the format of (key,
list of values). The reduce phase of this process will run operations such aggressions,

summarizations or filtering and then return outputs in each node concurrently.

2.3.1 Mining from Precise Big Data

Hadoop is the most widely used MapReduce technology. This is implemented
through Hadoop Distributed File System (HDFS). Many data mining algorithms (e.g.,
[YLF10, LLHT2, LZHS12, [LMJI16, ISSAT16]) have been proposed that use Hadoop
technology. Still, as Hadoop has to communicate with 1/O disks every time through
MapReduce processes, this is much slower than consuming data resources from shared
memory. Spark is claimed to have 10 times the speed faster than Hadoop as it uses
Resilient Distributed Dataset (RDD) [ZCD™12]. On mining precise big data, YAFIM
[QGYH14] is the first Apriori-based algorithm of using Spark. This algorithm has
two phases. Phase 1 of YAFIM is to load the original database into RDD. It then
uses MapReduce to get L;. In Phase 2, YAFIM loads L) into RDD and then
generates C. The algorithm searches the RDD referred to in the original database
to generate Ly. The pseudocode is shown Algorithms 3 (Phase 1 of YAFIM) and 4
(Phase 2 of YAFIM). YAFIM greatly improves the speed but this algorithm cannot

handle uncertain data.

Algorithm 3 Phase 1 of YAFIM
1: Load database to RDD
2: Map items from each transaction using flatMap
3: Compute frequency of each singletons by reduceByKey
4: Output items that are larger than minsup
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Algorithm 4 Phase 2 of YAFIM

: Load L;_; to RDD

Load database to RDD

Generate C},

Read through database

Map each itemset from C}, found transaction by flatMap
Compute frequency of each itemset by reduceBykey
Output to Ly for those are larger than minsup

2.3.2 Mining from Uncertain Big Data

On mining uncertain big data, Leung et al. [LMJ14] proposed a new algorithm
that has adopted the big data technologies to mine uncertain data. It first conducts
a database scan and then maps each item as the key and its uncertain value to be the
value of the mapped record. In reduce phase, the process matches item keys and sum
up all frequency of singletons. In the second MapReduce phase, the algorithm groups
all transactions by frequent singletons and then delivers all mapped data to different
nodes. In the reduce phase, all different nodes build projection sub trees to mine data
concurrently. This approach is sufficient provided that all of the project trees fit into
local memory. However, when mining big data, it is likely that projected trees cannot
fit into local memory. Also, in the second MapReduce phase, as each projection
tree requires all related data to singletons, it ends up having many duplicates of

transaction data so that the overall data size becomes huge.

2.4 Summary

In this chapter, we explained association mining in precise data and in uncertain
data. We observed that vertical mining (a) achieve great success in reducing memory

consumption when mining precise data and (b) have great advantages in reducing
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overall main memory in mining uncertain data. Big data provides challenges in
data mining. Some current solutions in solving big data issues on data mining are
demonstrated. From these solutions, we found that saving on memory consumptions
is very important when designing data mining algorithms on big data. As vertical
mining algorithms achieve great success in both mining precise data and uncertain

data, we would like to extend vertical mining to mine big data.



Chapter 3

MapReduce-Based Vertical Mining
with MR-UV-Eclat

Recall from Chapter 2 that advantages of vertical mining algorithms are scanning
the original database only once and consuming very low resources. However, these
algorithms cannot handle big data. On the other hand, YAFIM is very efficient
in processing big data but cannot deal with uncertain data. Also, many big data
algorithms have difficulties allocating balanced data. In order to resolve these issues
and combine all these advantages from these algorithms, we propose MapReduce

based UV-Eclat algorithm called MR-UV-Eclat.

3.1 Overview

MR-UV-Eclat is MapReduce version of UV-Eclat. For this conversion, we first
need to understand how to create MapReduce behaviors in UV-Eclat. In this section,
we first explain observations and approaches to accomplish these MapReduce behav-

iors. We then explain key steps in this algorithm. Finally, we provide an example to

28
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further explain this algorithm.

3.2 MapReduce Behaviors

Recall that UV-Eclat only scans the original database once, it converts original
data to vertical data. UV-Eclat only keeps track of items that exist in transactions.
For example, let vector d be (d, (1, 0.7), (3, 0.7), (5, 0.6), (6, 0.6)), in order to form a
new itemset, it requires doing intersection between two vectors. For the operation of
doing intersections in UV-Eclat, only entries that have the same transactionIDs are
kept and multiplied each other. For example, let us have two vectors (a, (1, 0.1), (2,
0.2), (3, 0.3)) and (b, (1, 0.2), (2, 0.3)). For forming the vector ab, we intersect vector
@ with vector b. we climinate (3, 0.3) in vector @ as it can not find any transaction
ID match in vector b. As the result, we have (ab, (1, 0.1%0.2), (2, 0.2¥0.3)). We
observe that there are two key matching behaviors here. First, the item key needs to
be matched. For example, in order to generate vector a7), we have to change vector @
and vector b the item keys to be ab so that they match. Second, the transaction IDs
have to be matched. Hence, in MR-UV-Eclat, the key of the mapped record becomes
“item|transactionID”. In this case, it can enable reduce phase to map not only the
item keys but also transactionIDs. Hence, this algorithm first convert original data
to be the format in (item|transactionID, value). In reduce phase, it collects data with
the same key of “item|transactionID” and does the multiplication.

Suppose we have frequent singletons of {a, b, ¢, d, e}, we want to generate level 3
candidates from ab. It is to find the last entry of b and then base on the position of
b presented in {a, b, ¢, d, e}, we find the subset of {c, d, e}. The level 3 candidates
generated from ab are formed by doing concatenation of ab with one of {c, d, e}. As

a result, we get candidates of {abc, abd, abe}. We observe that the key matching
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process of the MapReduce behavior in MR-UV-Eclat is in transaction level. For the
transaction of (a, b, ¢), the level 3 candidate generated by ab is only abc. In this case,
we could have generated less candidates if we can generate candidates based on the
information provided by each transaction.

Agarwal et al. [AAPOI] proposed the tree projection algorithm for the generation
of frequent itemsets. This algorithm first reads the original database and then builds
the lexicographic tree structure. In addition to building the lexicographic tree, each
node also contains potential suffix items for the next level candidate generations.
Figure |3.1]illustrates tree project of transaction abcd. This tree structure is in lexico-
graphic order and each level of nodes are only generated or expended when the level
of itemsets is being mined. For example, when mining the very first level, it tries
to generate singletons from the root node. It generates items of a, b, ¢, d. Also when
reading the transaction abed, it stores {b,c,d} as potential suffix set in node a. In
node b, it stores {c, d} as potential suffix set. In node ¢, it generates {d} as potential
suffix set. In node d, the suffix set of node d is empty. Each node is examined by
calculating the frequency and then comparing with minimum support threshold. The
nodes that are infrequent are removed from the tree. Only frequent nodes continue
to expend for next level’s examinations. One of the main advantage of this algorithm
is that it can reduce candidate generation range. The other advantage is that the
tree expansion is controllable so that only one level of expansion for each level of
mining. This algorithm serves data mining in precise data. In order to apply this
algorithm to mine uncertain data, it requires additional storage to store uncertain
value for each node and uncertain values for all their potential suffix items. This
becomes really disordered as we not only keep track of all uncertain values but also

their corresponding transactionIDs.
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{a,b, c, d}
Null
a b [ d
{b, c, d} {c, d} {d} {
ab ac ad bc bd c;;i
?{ {d) 0 {d} {}
abc abd acd bcd
/{d} 0 0 &
abcd

{

Figure 3.1: Tree-Projection

We borrow ideas of the tree projection algorithm and integrate this tree structure
into MR-UV-Eclat. As we try to match item key and transaction ID when doing
the reduce operation, the map key needs to contain item key and transaction ID. In
addition, we need to store the support value on the corresponding an item and the
specific transaction, this value is stored in the mapped key. Hence, the format of a
key is like “itemKey|transactionID|supportValue”. What should store in the value of
the mapped record?” We borrow the idea of the tree project structure. Each mapped
record represent a node in a tree structure and each tree structure only represents a

transaction. Thus, the value of each mapped record contains potential suffix items.
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Unlike the original tree project structure, each suffix item not only contains the
singleton but also its support value in the corresponding transaction. There is a
remap process in each mining process. The remap process is as follow: (1) Form
a new key by concatenating the item key with each suffix item, (2) multiply the
support value with each of uncertain value of each suffix item. Figure illustrates
this MapReduce version of the tree-projection structure. We assume the transaction
is in lexicographic order. This original data are converted to 4 nodes. For example, for
the first node, the item key is a and the transaction ID is 1. In addition, the support
value is 0.8. Hence, the mapped key is “a|1|0.8”. The potential suffix singletons with
their support values are stored in the mapped value in the mapped record. In the
case of node a, this value is (b:0.8, ¢:0.7, d:0.6). Notice node d has empty set in the
mapped value. This is because no item is after item d. In order to generate the next
level of candidates, this algorithm concatenates the item key with each of suffix items.
The support value for the new candidate in the current transaction is calculated by
multiplying the support value with the uncertain value of the suffix item. In the
case of node a, it generated 3 nodes for next level because there are 3 suffix items
in the mapped value. They are ab, ac and ad. The corresponding support values are
0.8%0.8=0.64, 0.8%0.7=0.56 and 0.8%0.6=0.48. The suffix items for the each node are
items after the visited item. For example, the suffix items for ab are (c:0.7, d:0.6).
The suffix items for ac are (d:0.6) and the suffix items for ad are ().

Now the question we should ask is how to calculate the total frequency of the
itemset. Through the remap process, we expand each node to generate candidates
and calculate their support values for specific transactions. In order to calculate
the final support values for the candidates, we require the other remap process. We

observe that each mapped key contains the itemset key, transaction ID and its support
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TID | Content

1 a:0.8, b:0.8, ¢:0.7, d:0.6

<~

Level 1 mapping

al1]0.8 b|1]0.8 c|1]0.7 d|1]0.6
(b:0.8, ¢:0.7, d:0.6) (c:0.8, d:0.6) (d:0.6) 0
@ Level 2 mapping
ab|1]0.64 ac|1]0.56 ad|1|0.48 bd|1]0.48 bc|1]0.64 cd|1]0.42
(c:0.7,d:0.6) || (d:0.6) 0 0 (d:0.6) 0
@ Level 3 Mapping
abc|1]0.45 abd|1]0.38 acd|1]0.34 bed|1]0.38
(d:0.6) 0 0 0

Figure 3.2: MapReduce Tree Projection

value. To get the final support value, we need to sum up these values with the same
itemset key. This means that we need one more MapReduce process to conduct this
calculation. First of all, we need to build up the other RDD which is in the format of
(itemsetKey, supportValue). We can get all these from the mapped key from RDD

that we just created before then calculate the final support value in the reduce process.

3.3 Detailed Implementation

MR-UV-Eclat reads the original database and then converts this data to vertical

data. Frequent itemsets are generated and collected by each iteration following can-
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didate node expansion and frequency verifications. In this section, implementations
on vertical data conversion, candidate node expansion and frequency verifications are

explained in detail. Finally, steps are outlined with an example.

3.3.1 Conversion to Vertical Data

MR-UV-Eclat first reads each transaction of the original database. When reading
each transaction, it constructs tree projection for the first level. Each node becomes
the mapped data. As this is for the level 1 data, the tree is only expanded to 1
level below “NULL” node. The value of each mapped record contains potential suffix
items for the other level of expansion. After the expansion is done, the next operation
is frequency examination. This operation is achieved through the other MapReduce
operation. First, the algorithm goes over each mapped key, put the item key as a new
key, and support value as the new value. In the reduce phase, it sums up the frequency
in all transactions. The final support values are compared with the minimum support

threshold. Only frequent items are kept in L and L,,.

3.3.2 Tree-Expansion and Examination

After vertical data conversion, each node is free to expand. From the mapped
key, we extract the current itemset, transaction ID and support value. The value
of the mapped record is potential suffix nodes, each of them being potential suffix
singletons with its support value in the current transaction. The purpose of tree
expansion is to concatenate the current itemset with each suffix node in the list. This
new formed candidate is then verified by a pruning process with the input of L, ;. If
this candidate passes the examination of the pruning process, the new support value

is then calculated by multiplying the current support value with the support value
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Algorithm 5 MR-UV-Eclat Convert to Vertical Data

1: function CONVERT_TO_VERTICAL(D, minsup, L)
2 Load D in RDD

3 for each transaction t in D do

4: num_tran = number of transactions

5: tranID = transaction ID

6 initial list tranLst

7 for each item i in t do

8

9

ik = item key

: sup = support value
10: Add (ik,sup) to tranLst
11: end for
12: len = size of tranlst
13: for each item i in tranLst do
14: p = position of i in tranLst
15: ik = item key
16: sup = support value
17: for each item i in Ist between (p+1, len) do
18: initial list suffixList
19: Add i to suffixList
20: end for
21: form key “ik|tranID|sup” and assign to prefixKey
22: map (prefixKey, suffixList)
23: end for
24: end for > This form D,
25: for each (prefixKey, suffixList) m in D, do
26: ik = m.itemKey
27: sup = m.SupportValue
28: map (ik, sup)
29: end for
30: Reduce (key, list of support value) — (key, sum of support value) > This

form C}

31: for each (k, sup) in C; do
32: if sup > minsup then
33: assign k to Ly
34: end if

35: end for
36: L=LUlIL,
37: end function
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in that suffix node in the list. The new candidate, the current transaction ID and
the new support value together form the new mapped key. The new value of the
mapped record is the rest of suffix nodes after the current visited suffix node. After
this tree expansion, all new candidate vectors are generated. We still need to utilize
the MapReduce operation to conduct frequency examination. First, through the map
process, we extract the candidate itemset and its support value from the mapped
records formed previously. Second, through the reduce process, the algorithm sums
up all support value and form the final output format of (itemset, calculated support
value). The current support value is compared with minimum support threshold.
Only records that are larger than the minimum support threshold are kept. These

data are then kept in L,,.

3.3.3 Illustrative Example

The algorithm first converts the original database to a vertical data. L; and L
store frequent singletons. Tree expansion and examination operations are being called
until the size of current level of frequent itemset is smaller than 1.

Let us illustrate this algorithm in the following example. We will still use the
sample database in Table 3.1 Let minimum threshold equal 3 and the algorithm is

executed in a master-worker structure. There are three machines, one master and

Table 3.1: Sample database 2
TID | content
a:0.9, b:0.9, d:0.7, e:1.0
b:0.8, ¢:0.8, e:1.0
a:0.9, b:0.9, d:0.7, e:1.0
a:0.9, b:0.9, ¢:0.7, e:1.0
a:0.8, b:0.8, ¢:0.7, d:0.6, e:1.0
b:0.8, ¢:0.7, d:0.6

OO | W N+~
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Algorithm 6 MR-UV-Eclat Tree Expansion and Examination

1: function TREE_EXPANSION_EXAMINATION(D,,, minsup, L;_1)

2 for each item i in D, do

3 ik = i.key.itemSet

4: sup = i.key.supportValue
5: tranID = i.key.TransactionlD
6
7
8
9

suffixList = i.value

for each item v in suffixList do
suf = v.item
p = position of v in suffixList

10: len = size of suffixList

11: sv = v.SupportValue

12: prefixKey = ik + “”7 4 suf

13: if pruning(prefixKey, L;_;) then

14: new_sup = sup * sv

15: initial newList

16: for each item v2 in suffixList between (p+1, len) do
17: add v2 to newSuffixList

18: end for

19: form key new_prefixKey of “prefixKey|tranID|sup”
20: map (new_prefixKey, newSuffixList)

21: end if

22: end for

23: end for > This form new D,
24: for each item 1 in D, do

25: ik = i.key.itemSet

26: val = i.key.SuportValue

27 map (ik, val)

28: end for

29: Reduce (ik,list of Support Value) to (ik, sum of Support Values) > This form
Ck
30: for each item (k, sup) in C} do

31: if sup > minsup then
32: add k to Ly
33: end if

34: end for
35: L=LUL,;
36: end function
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Algorithm 7 MR-UV-Eclat Main

1: function MAIN(D, minsup)
2 k=1

3 Initial L, Ly

4: D, = CONVERT_TO_VERTICAL(D, minsup, L;)
5: while size of L;, > 1 do
6 k++

7 D, = TREE_EXPANSION_EXAMINATION(D,, minsup, Ly_1)
8 end while

9: end function

two workers. The master machine reads the original database and delivers these
data to workers. Each worker reads transactions and build them into tree-projection
structures. Each node has the key format of “item|transactionID|supportValue”. The
value of each node has other items in lexicographic order. For example, Worker 1
machine read the transaction with the transaction ID obtaining the value is {a:0.9,
b:0.9, d:0.7, e:1.0}. It converts this value to (a|1]|0.9, (b:0.9, d:0.7, e:1.0)), (b|1]0.9,
(d:0.7, e:1.0)), (d|1]0.7, (e:1.0)) and (e|1|1.0, ()). This process results RDD called
D,. This is used in the tree expansion. After this mapping phase is done, the other
mapping phase is executed to extract itemsets and support values from the previous
mapped records. The function looks like (itemset|transactionID|supportValue, value)
— (itemset, supportValue). In the case of item a, (a|1|0.9, (b:0.9, d:0.7, e:1.0)) — (a,
0.9), (al3|0.9, (b:0.9, d:0.7, e:1.0)) — (a, 0.9), (a|4|0.9, (b:0.9, ¢:0.7, e:1.0)) — (a, 0.9),
(al5]0.8, (b:0.8, ¢:0.7, d:0.6, e:1.0)) — (a, 0.8). In reduce phase, it becomes (a, (0.9,
0.9, 0.9, 0.8)) — (a, 0.940.9+0.94-0.8) — (a, 3.5). As 3.5 is larger than minimum
threshold 3, item a is kept in L; and L. Other items are put through the similar
process as we deal with the item a. As a result, we get L={a, b, e} and L;={a, b,

e}. This is illustrated in Figure .
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Master
TID | content
1 a:0.9, b:0.9, d:0.7, e:1.0
2 b:0.8, c:0.8, e:1.0
3 a:0.9, b:0.9, d:0.7, e:1.0
4 a:0.9, b:0.9, ¢:0.7, e:1.0
5 a:0.8, b:0.8, ¢:0.7, d:0.6, e:1.0
6 b:0.8, c:0.7, d:0.6
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orker 1 ‘Worker 2
W<a|1|09(b09 d:0.7, e:1.0)), (b2[0.8,(c:0.8, e:1.0)),
(b]1]0.9,(d:0.7, e:1.0)), (c[2/0.8,(e:1.0)),
(d[1]0.7,(e:1.0)), (e|2[1.0,()),
{e[1]1.0,()), (al4]0.9,(b:0.9, ¢:0.7, e:1.0)),
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\%uie /@06
Master

L:{a’» b, 6}7 L]_:{CL, b, e}

Figure 3.3: MR-UV-Eclat:Convert to Vertical data

Now that we have Li={a, b, e}, the size is larger than 1. We can generate level 2
candidates. The set of these candidates are generated by expanding nodes that are
in D,. During the tree expansion, the algorithm goes through each node to try to join

the current itemset with each of the singletons and multiply the support value of the
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current itemset with the support value of the current visited singleton in the value
list. For example, for the node (a|1]0.9, (b:0.9, d:0.7, e:1.0)), we first extract item a,
support value of 0.9 and transaction ID 1 from the key “a|1]/0.9”. This algorithm
then goes through the list of (b:0.9, d:0.7, e:1.0). It first reads singleton (b:0.9). By
combining the current itemset {a} and the singleton {b}, we get the new itemset key
ab. During the pruning step, ab can be sub-divided into items a and b, both a and
b are in L,. Hence, item key ab passes the pruning test. For calculating the support
value, we simply multiply the support value of a, which is 0.9 and the support value
of b, which is 0.9. We get the support value of 0.81. For forming the new value for
the new mapped record, we simply grab the singletons after item b in the list and
at the same time we evaluate the list and remove singletons that are not in L;. As
the result, we get (e:1.0). Finally, if we combine everything together, we get the
new mapped record, (ab|1]|0.81, (e:1.0)). This process described above goes through
singletons {d} and {e} in the list. The new itemset ad is pruned away as d is not
in L;. We still form the other new mapped record which is (ae|1]0.9, ()). After
this remap process, the other map phase conducts. The algorithm goes through each
node to extract the itemset and support value from the key. As a result, new mapped
records contain itemsets as keys and their support values as values. We then apply
for reduce operations and get the final support value for each generated candidates.
Only frequent candidates are kept in Ly and L. At the end of this process, we have
Ly={ab, ae, be} and L={a, b, e, ab, ae, be}.
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Figure 3.4: MR-UV-Eclat:Tree Expansion and Examination at level 2

As L, has more than 1 itemset, the tree expansion and examination process con-
tinue. The only candidate is abe. The algorithm then starts the pruning process.
itemset abe can have subsets of ab, ae, and be. They all belong to L,. Hence, itemset

abe passes the pruning test. In the remap process, we get (abe, 0.81), (abe, 0.81) and
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(abe, 0.64). In the reduce phase, we have the input of (abe, (0.81, 0.81, 0.64)). In the
reduce function, we calculate the frequency by doing the following (abe, (0.81, 0.81,
0.81, 0.64)) — (abe, 0.8140.81+0.8140.64) — (abe, 3.07). As 3.07 is larger than
minimum support threshold, the itemset abe is frequent. We have Lz={abe} and L

= {a, b, e, ab, ae, be, abe}. Asin Ls, there is only one itemset and so the algorithm

stops.
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(ab1]0.81,(e:1.0)), (be|2(0.80,()),
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Reduce

Reduce

Workers 1 and 2
(abe,(3.07)),

Reduce

Master
L={a,b, e, ab, ae, be, abe}, Lz={abe}

Figure 3.5: MR-UV-Eclat:Tree Expansion and Examination at level 3



Chapter 3: MapReduce-Based Vertical Mining with MR-UV-Eclat 43

3.4 Summary

In this chapter, we proposed MR-UV-Eclat algorithm. As MR-UV-Eclat is adopted
from UV-Eclat, we explained logics on how to convert behaviors in UV-Eclat to
MapReduce behaviors. We observed that when two vectors are intersected they be-
come a new vector. One thing the two have vectors in common is that final key is
the combination of the two old keys. Hence, by replacing the old keys with the new
key for both vectors in the map phase, they can be grouped in the reduce phase.
To increase the parallelism, each worker node only deal with one candidate in each
transaction. Fach mapped value is a projection tree. A detailed example illustrated

the algorithm.



Chapter 4

MapReduce-Based Vertical Mining
with MR-U-VIPER

There are two major algorithms for vertical mining. In the previous chapter, we
applied spark technologies in UV-Eclat to become our proposed algorithm called MR-
UV-Eclat. To make it completed, we also propose Spark version of U-VIPER called
MR-U-VIPER.

4.1 Overview

In order to extend U-VIPER algorithm to adopt the big data technology Spark
and to make this algorithm efficient, two puzzles are needed to be solved. First, we
need to know how to apply MapReduce behaviors in a U-VIPER algorithm. Second,
we need to reduce over all memory consumption in order to improve performance
of the algorithm. For the next two section, we will explain how to solve these two

puzzles in detail. After that, detail steps and an example are provided.

44
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4.2 Map-Reduce Behaviors

One of the main task for MR-U-VIPER is to extend U-VIPER algorithm to adopt
the big data technology Spark. We first need to create MapReduce behaviors for U-
VIPER. Once the MapReduce codes are complied, all these complied resources are
delivered to different servers. Codes are executed on all worker nodes independently.
The master server reads input files and then maps each record to be the format of
(key, value). The mapped data are sent to buffers called shuffles. All worker nodes
pick up different mapped data from shuffles and store them locally. All worker nodes
then group mapped data that have the same key into datasets. In this process,
all servers bring their mapped data to shuffles again. They then exchange mapped
data with shuffles to acquire the grouped dataset. Eventually, the reduce method
implement operations (aggregation, summarization etc.) and produce final outputs.
The process on converting vertical data in U-VIPER can be written as a map phase.
For the map data, we need to make the key to be an item, and the value to be
the vector array. In order to form new candidates, the U-VIPER algorithm requires
vectors of the current level to intersect with vectors of the frequent singletons. In this
case, vectors of the current level are actually the prefix dataset. Vectors of singletons
are the suffix dataset. The newly formed vectors become the new prefix dataset for
the next intersection operation. For example, vector @ is intersected with vector
? to form vector a?. We observe that the key a becomes the key ab and the key b
becomes the key ab. Also suppose we have all frequent singletons of {a, b, ¢, d}, the
prefix a can be formed with {b, ¢, d}. Hence, keys of ab, ac,ad and ae are formed.
To form vectors %, at, c?l and aé, vector @ needs to duplicate four times and each
duplicated key of a becomes one of ab, ac, ad and ae. In addition, vectors of b, ¢, d and

e becomes vectors of ab, ac, ad and ae. In sum, the mapping phase for this example is
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as follows: (a, vectorl) — (ab, vectorl), (ac, vectorl), (ad, vectorl), (ae, vectorl), (b,
vector2) — (ab, vector2), (c, vectord) — (ac, vector3), (d, vectord) — (ad, vectord),
(e, vectorb) — (ae, vectorb). Thus, in reduce phase, the program can find matching
pairs to form the new vectors. In reduce phase, {(ab, vectorl), (ab, vector2)} — (ab,
vectorl * vector2), {(ac, vectorl), (ac, vector3)} — (ac, vectorl * vector3), {(ad,
vectorl), (ad, vectord)} — (ad, vectorl * vectord), {(ae, vectorl), (ae, vector5)} —

(ae, vectorl * vectorb).

4.2.1 In-Memory Consumption

In either map or reduce phase, Hadoop stores data in hard drives. This incurs
much I/O cost. To improve the performance, Spark introduces the data structure
called Resilient Distributed Datasets (RDD). This data structure allows in memory
reference and computation. Thus, it speeds up the MapReduce process. However,
the effect of RDD fades when data cannot fit into the main memory. In this case,
RDD has to push some data into hard disk for the temporary storage. When the data
are needed for the program, RDD has to bring these data to memory for use. This
means that the program has to either delete a portion of unused data in memory or
push the unused data into hard disk storage again. Hence, the best way to improve
the overall performance in Spark programming is to lower memory consumption when
designing the algorithm. U-VIPER converts original database to vertical data. Unlike
UV-Eclat, each vector in U-VIPER has the same size, which is the total number of
transactions. Uncertain data are usually in decimal format. This requires using
the data type of double or float. This means each item value is at least 32 bits
(float). However, as the number of transactions dramatically increase, the size of

overall dataset becomes very big. For instance, suppose the original database has
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10,000 transactions and there are 1,000 items. In order to create vertical dataset for
the U-VIPER algorithm, it requires at 320,000,000 bits. In many cases, users may
want only 2 decimal places. For example, for value of 0.234, we can round it up to
be 0.23. Hence, we do not need the precision of data types like double and float.
If we multiply 100 with these values, these values become all integers. In this case,
the range of these values is between 0 and 100, we can squeeze these values to be
the format of byte. The data size of byte is 8 bits. Take the dataset we mentioned
before, we can reduce the data size from 320,000,000 bits to be 80,000,000 bits. For
MR-U-VIPER, we convert the original database to vertical data that have many byte
values. Thus, the over all data size can be reduced and fit more data into the main

memory.

4.3 Detailed Implementation

Our proposed MR-U-VIPER will first convert the original database into vertical
data. It will apply frequency counts for each vector. Infrequent vectors are filtered
in these mapped vertical data. L; is formed and kept in the main memory. These
vertical data are then duplicated and generated to have two sets of data. One set is
for prefix data and the other set is for suffix data. In order to form frequent itemsets
in each level, the algorithm will do the following. (1) Form new candidate prefix
data. (2) Form new candidate suffix data. (3) Union prefix and suffix data and then
conduct a frequency count. In the following sections, we will detail the main steps

for this algorithm. At the end, summarized steps are provided.
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4.3.1 Conversion to Vertical Data

When reading the original database, if the item is present in the transaction, the
value of the item will present inside the vector of the item. If the item is not present
in the transaction, it will show 0 in the stated position of the vector of the item.
As the result of the first map phase, vertical data are formed. These vertical data
are also mapped data that have the format of (key: item, vector). This vector is
an array with the total size of the number of transactions. To calculate the support
value of an item, sum up each value of the vector. Only mapped records with support
value larger than minimum support threshold are kept in the mapped dataset. These
mapped dataset is then duplicated into two copies. One is for prefix mapped dataset.
The other one is for suffix mapped dataset. The prefix dataset and suffix dataset
are then changed to form the next level of candidate dataset. We called this process

remap.

4.3.2 Formation of the Prefix Data

The remap phase of prefix data is to form one of the combined values of the next
candidates. It accepts two parameters which are L, and the current frequent itemsets.
The algorithm goes through each mapped record and finds the diffset. Note that L,
is an ordered list. The algorithm only finds the last entry of the current mapped
itemsets and then find the position this entry in the ;. The diffset is between the
next item of this entry until the end of L;. Each mapped itemset will be combined
with its own diffset to form new keys. To do the concatenation insert one of the
diffset at the end of the current key. For example, if there are 3 items in the diffset,
there will be 3 keys created. The new mapped records are formed by combining the

new key with the vector to which the original mapped itemset belong to. In between,
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Algorithm 8 MR-U-VIPER Convert to Vertical Data

1: function CONVERT_TO_VERTICAL(D, minsup, num_item, L)
2 Load D in RDD

3 for each transaction t in D do

4: Initial itemVal[num_item]|

5: for each item i in t do

6 itemVal[i] = val

7 end for

8 for each item i in itemVal do

9: map (i, itemVal[i])

10: end for

11: end for

12:

13: Reduce (key, list of value) — > (key, vector)

14: > This form D,
15:

16: for each (k, v) in D, do

17: sum up all value in v and assign the result to r
18: if r < minsup then

19: remove (k, v) in D,
20: else
21: assign k to Ly
22: end if
23: end for
24:

25: end function

each newly formed will apply the pruning process with the help of referencing the

current frequent itemsets.

4.3.3 Formation of the Suffix Data

The remap phase of suffix data is to ensure the suffix value joined with the prefix
candidates created in the process of forming the new prefix data. For example, we
have a prefix mapped record of (key:ab, vectorl) and a suffix mapped record of (key:c,

vector2). In order to form itemset abc, we need to make sure these mapped record of
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Algorithm 9 MR-U-VIPER form Prefix Dataset
function FORM_PREFIX(DP;_1, L1, Ly_1)
load DP,_; to RDD

1:
2
3
4 for each (k,v) in DP;_; do

5: Find last entry of k and assign the position to 1

6 Assign last position of L; tor

7 get a subset in L1 between position 1 to position r
8 assign to subset to S

9

10: for each 1in S do

11: create new key that concatenate v with k (like k_v)

12: get new key of nk

13: map (nk, v)

14: end for

15: end for > This result in DP,

16: end function

ab and c are joined. The only way for them to be joined in the MapReduce process is
to make them have the same key. Hence, we made (key: ab, vectorl) to be (key:abc,
vectorl) and (key:c, vector2) to be (key:abc, vector2). In the reduce phase, as these
two new mapped records have the same key, they can form a new record that is
(key:abe, vectorl * vector2). When trying to form L, to Cj in suffix data, (key:c,
vector2) may be already replaced by (key:ac, vector2) and (key:bc, vector2). In this
case, we first find the diffset. First of all, we need to find the boundary. We have
the right boundary to be the position of the second last entry of the current itemset.
The left boundary is the first position of L;. We acquire a new key by inserting each
of diffset in front of the current itemset. For example, suppose L; is {a, b, ¢, d, e},
for the current suffix dataset of (key:ac, vector2) and (key:bc, vector2). The second
last entry for the key ac is a. The position for a in L; is 0. Hence, we get an empty
diffset. The record (key:ac, vector2) is discard as it can not create new level of suffix

candidates. For the record (key:bc, vector2). The second last entry is b. The position
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of bin L; is 1. So the diffset is {a}. We then insert a in the front of be, so the new

mapped record is (key:abc, vector2).

Algorithm 10 MR-U-VIPER form Suffix DataSet
function FORM_SUFFIX(DSy_1, L1, Li_1)
load DS),_; to RDD

1:
2
3
4 for each (k,v) in DSk, do

5: Find the second last entry of k and assign the position to r
6 Find the first entry of k and assign the position to 1

7 get a subset in L; between position 1 to position r

8 assign to subset to S

9

10: for each 1iin S do

11: create new key that concatenate v with k (like v k)

12: get new key of nk

13: map (nk, v)

14: end for

15: end for > This result in DS},

16: end function

4.3.4 Union and Reduce Phase

Once formations of prefix dataset and suffix dataset are done, there will be a
matching pair for each of keys in prefix and suffix. In order to continue the reduce
operation, we can union both the prefix and suffix datasets into one dataset. We can
then conduct the reduce operation. In a reduce operation, the algorithm groups two
mapped record in a single mapped record of (key, vectorl * vector2). The multipli-
cation of two vectors is done by multiplying each value of the same position of each
vector. As a result, we have outputs in the format of (key, vector3). In order to
compute frequency, the algorithm goes through each of these records again and then
calculates the support value. This will create the other dataset with keys and their

support value. Only itemsets with their support values are more than the minimum
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support value are kept and they become frequent itemsets L. The reduced dataset

becomes the prefix data set for the next level candidate formations.

4.3.5 Illustrative Example

There is still a main function to control all of the steps described above. This main
function controls all flows. The algorithm receives the input file and then loads the file
to RDD. It then does the vertical data conversion. This dataset is then duplicated to
two datasets. One is for prefix data and the other is for suffix data. The prefix dataset
and the suffix dataset are then remapped for the next level candidate datasets. They
are then union to one set of data. This becomes the new prefix dataset. Through
the reduce step, each duplicated key becomes a unique key with its calculated vector.
Frequency verifications are then applied. Only frequent data are mapped to the final
prefix data. L; is generated. These steps of prefix formation, suffix formation and

union and reduce step are repeated until the size of Ly is only 1 or 0.

Example 4.3.1. In order to provide a clear view for the algorithm, we present an
example to illustrate the steps and the detail for this algorithm. Suppose we use a
master-worker server structure. There are two worker nodes, which are Workers 1
and 2. The master server executes operations in the main function. Worker servers
execute other sub-routines such as prefix formation, suffix formations and so on.
Observed from Figure , the master receives the input and also minsup (in this
case it is 3). Through the map phase, each item with its value become (key:item,
(tid,value *100)). Items that are not in the transaction are mapped to (key:item,
(tid, 0)). In the reduce phase, the list of values with the same key become (key:item,
vector). This vector is an ordered array with each entry of value by the order to

transaction ID. The first row of the table contains all keys, and each column is the
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Algorithm 11 MR-U-VIPER

1:
2
3
4:
5:
6
7
8
9

10:
11:
12:
13:
14:
15:
16:
17:
18:
19:
20:
21:
22:
23:
24:
25:
26:
27:
28:
29:
30:
31:
32:

function MAIN(D,minsup)

k=1
Initial L, Ly, Ly
Get total number of items from D and assign it to num_item
D, = CONVERT_TO_VERTICAL(D, minsup, num_item, L)
duplicate D, to DP; and DS,
L=LUlIL
Ly =14
while size of L, > 1 do
k++
DP, = FORM_PREFIX(DP;_1, Ly, Ly_1)
DSy = FORM_SUFFIX(DSk_1, L1, Lx_1)
DP, = DP, U DS
function REDUCE_TO_VECTOR(D P, minsup)
for each (key, list of vectors) in DPy do
initial vector3
initial freq = 0,1 =0
for each v1, v2 in list of vectors do
vector3[i] = v1*v2
freq += vector3[i]
1++
end for
if freq >= minsup then
map (key,vector3)
end if
end for
end function

Ly, = frequency count of DP;
L=LUL,
end while

33: end function

vector with corresponded key. Through MapReduce steps, all data are distributed

to each workers. In this case, Worker 1 contains vectors of a,c and e and Worker 2

contains vectors of b and d. Each worker conducts the frequency count operation. For

example, to calculate the frequency count of ¢, we can do (0+80+0+70+70+470)/100
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= 2. We get that the frequency of c is less than minsup of 3. The vector of c is
removed from Worker 1. As the result of the frequency count operation, we delete
vectors of ¢ and d. We get Ly = {a,b,e}, Ly={a,b,e} and L={a,b,e}. This vertical
data are duplicated to two datasets, prefix and suffix. They are also stored in Workers

1 and 2.
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Master
TID | content
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4 a:0.9, b:0.9, ¢:0.7, e:1.0
5 a:0.8, b:0.8, ¢:0.7, d:0.6, e:1.0
6 b:0.8, c:0.7, d:0.6
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Worker 1 Worker 2
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0 80 | 100 80 | O
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L, = {a,be}, Ly = {a,be}, L = {a,b,e}
a b e a b e
90 | 90 | 100 90 | 90 | 100
0 80 | 100 0 80 | 100
90 | 90 | 100 90 | 90 | 100
90 | 90 | 100 90 | 90 | 100
80 | 80 | 100 80 | 80 | 100
0 80 | O 0 80 | O
prefix dataset suffix dataset

Figure 4.1: MR-U-VIPER:Convert to Vertical Data

Prefix data are stored partially in both Workers 1 and 2. In order to conduct the

remap phase, these two servers are required to exchange data through shuffle buffers.



56 Chapter 4: MapReduce-Based Vertical Mining with MR-U-VIPER

Each worker also receives L; and L. Each worker utilizes L; and each vector to form
mapped data. For example, for mapped data (a, (90, 0, 90, 90, 80, 0)), we know the
position of @ in L; is 0. In this case, we need subset of {b, e} to form new keys. As
the result, we have new mapped data of ab and ae. The new mapped data become
(ab, (90, 0, 90, 90, 80, 0)) and (ae, (90, 0, 90, 90, 80, 0)). In the process of prefix

formation, we also apply the pruning process by using Ly.
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Workers 1 and 2
L, = {a‘7b7e}7 Lk: = {a‘7b»e}7
L = {ab,e}
a b e
90 | 90 | 100
0 80 | 100
90 | 90 | 100
90 | 90 | 100
80 | 80 | 100
0 80 | 0
Shuffle Shuffle
‘Worker 1 Worker 2
Ly = {a"bae}z L, = {a7b7e}7
Ly = {a,b,e} Ly = {a7bve}
a e b
90 | 100 90
0 100 80
90 | 100 90
90 | 100 90
80 | 100 80
0 0 80
remap remap
Worker 1 Worker 2
ab | ae be
90 | 90 90
0 0 80
90 | 90 90
90 | 90 90
80 | 80 80
0 0 80
Shuffle Shuffle

Figure 4.2: MR-U-VIPER:Prefix Formation at Level 2

Workers 1 and 2
ab | ae | be
90 | 90 | 90
0 0 80
90 | 90 | 90
90 | 90 | 90
80 | 80 | 80
0 0 80

Suffix data are also store partially in both Workers 1 and 2 nodes. The process

is similar to the process of prefix formation but the way of forming the new key is

different. In prefix formation, we know that the key a can generate new keys of ab
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and ae as a is the prefix of ab and ae. The record of e is removed in the server as e
is no any prefix of level 2 candidate keys. However, in suffix formation, a is removed
from the dataset as a is not any suffix of level 2 candidate keys. The key e generates
two new keys of ae and be. As the result, (e, (100, 100, 100, 100, 100, 0)) becomes
(ae, (100, 100, 100, 100, 100, 0)) and (be, (100, 100, 100, 100, 100, 0)).
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Workers 1 and 2
L, = {a‘7b7e}7 Lk: = {a‘7b»e}7
L = {ab,e}
a b e
90 | 90 | 100
0 80 | 100
90 | 90 | 100
90 | 90 | 100
80 | 80 | 100
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‘Worker 1 Worker 2
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90 | 100 | 100
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80 | 100 | 100
80 | O 0

Figure 4.3: MR-U-VIPER:Suffix Formation at Level 2

Now we have new candidates of the prefix dataset and suffix dataset that we need

to combine to form the next candidate dataset. This is through a union operation.

The reduce operation is to make a unique dataset. For example, for the key ae, we
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have two mapped records. They are (ae, (90, 0, 90, 90, 80, 0)) and (ae, (100, 100,
100, 100, 100, 0)). As in the input of reduce phase, these become (ae, [(90, 0, 90,
90, 80, 0), (100, 100, 100, 100, 100, 0)]). To calculate the real vector for the key
ae, it basically calculates the product of the two vectors. Hence, it becomes (ae,
(90*100*0.01, 0*100*0.01, 90*100*0.01, 90*100*0.01, 80*100*0.01, 0*0*0.01)) = (ae,
(90, 0, 90, 90, 80, 0)). The frequency count operation leads to the result Lp={ab,
ae, be}. The result of union and reduce operations becomes the prefix dataset. This

algorithm continue until the level 3, in which case we get only one itemset, abe.



Chapter 4: MapReduce-Based Vertical Mining with MR-U-VIPER

‘Workers 1 and 2

ab | ae | be ab | ae be
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90 | 90 | 90 | 100 | 90 | 100
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81 90 | 90 90 100 100
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64 80 | 80 80 100 100
0 0 0 80 0 0

prefix dataset suffix dataset

Figure 4.4: MR-U-VIPER: Union and Reduce phases at Level 2
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4.3.6 Summary

In this chapter, we proposed the MR-U-VIPER algorithm that is adopted from
U-VIPER. To better explain the algorithm, we identified behaviors that can use
MapReduce approaches using U-VIPER. We observed that the bit-vector operations
can be converted to MapReduce behaviors. With in-memory saving technique, all
supported values are converted to 8-bit integers. The actual algorithm creates prefix
mappings and suffix mappings. It then takes the union of the two mapping datasets
to form one set of mapped data. In reduce phase, mapped data with the same keys
are grouped and summed up the value in each position to form a new bit-vector. In
the other reduce phase, each vector is summed up the value in each position. The

final value becomes the support. A detailed example is illustrated the algorithm.
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Evaluation

In this chapter, we evaluate our proposed algorithms analytically and experimen-
tally. For analytical evaluation, we analyzed the memory usage for all algorithms
we proposed and two more algorithms. We compared two other map-reduce Apriori-
based algorithms. These two algorithms are MR-U-Apriori-org and MR-U-Apriori-
impr. They are both the map-reduce version of U-Apriori. These two algorithms are
briefly explained in next few sections.

For experimental evaluation, we compare these four algorithms for run time with
different sized of data and a different minimum threshold. In addition, we also com-

pare performances of our proposed algorithms with U-VIPER and UV-Eclat.

5.1 MR-U-Apriori-org and MR-U-Apriori-impr

In order to compare our proposed algorithms, we show U-Apriori converted to
Map-reduce versions. For evaluations, we show two map-reduce versions of U-Apriori.

They are MR-~U-Apriori-org and MR-U-Apriori-impr.

63
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5.1.1 MR-U-Apriori-org

The original U-Apriori utilize a candidates generate and test approach to find
frequent itemsets from uncertain data. It bases on the current level of frequent
itemsets and generates the next level of candidates. It then reads through each
transaction and generate the local set of candidates. Only candidates that match
the global sets of candidates are kept from the testing stage. It then reads the
database again and return only frequent candidates. For converting this algorithm
to map-reduce algorithm, each slave server grasps a piece of the original data. The
master data generates the global candidates and then deliver to each slave server.
Each worker node generates the local candidates from the transactions and then finds
matches to global candidates. The matched candidates are mapped into a format
of (itemset, value). In the reduce phase, mapped records with the same keys are

collected and then added up to one value.

5.1.2 MR-U-Apriori-impr

MR-U-Apriori-org utilizes the current level of frequent itemsets to generate next
level of candidates. This is a very expensive process as not only it is very time
consuming to generate global candidates but also it takes much memory to store and
pass to each worker server. It is simple enough to generate local candidates when
reading each transaction and then have the additional check by having the pruning

step to filter itemsets that are not frequent in the current level.
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5.2 Analytical Evaluation

In this M.Sc. thesis, four algorithms are compared for evaluation. They are MR-
U-Apriori-org, MR-U-Apriori-improv, MR-U-VIPER and MR-UV-Eclat. As all these
algorithms execute in Spark, we need to explain some important aspects in Spark.
Spark mainly handles big data and enable in-memory computation. This explains
why Spark is 10 times faster than Hadoop. Most of in-memory computations happen
in map and reduce processes. Each worker server fetches data either from its local
hard disk or from shuffles and then builds RDD into memory. If the RDD cannot fit
into memory, it will store them in temporary hard disk storage and bring them to
main memory again when room is available in main memory. In this memory usage
evaluation, we need to look at the process on each algorithm that consumes the most
memory usage. Specifically, we count how many nodes each algorithm creates for its
peak time (the time that the algorithm consumes the most memory). We find out that
the peak time for each algorithm is the mapping process on generating candidates.
For these four algorithms, they generates candidates in lexicographic tree order. For
this evaluation, we use the worst-case scenario approach to exam memory usage.
We assume all transactions contain the total number of items and these items are all
frequent. We specify ¢ as the total number of items, [ as the current level of candidates.
Let us look at MR-U-Apriori-org. The algorithm needs to generate global candidates
and local candidates. In our case, we assume each transaction has all items. Thus,
there will be two sets of global candidates. If we want to generate candidates on 1
level, MR-U-Apriori-org reads each transaction and then generates the lexicographic
tree until the 1 level. For instance, when reading transaction {a, b, ¢, d} and we want
to generate level 3 (I=3) candidates. In this case, we first need to generate level 2

candidates and then generate level 3 candidates based on level 2 candidates. Suppose
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that t is the total number of frequent singletons, and [ is the level of candidates to

be generated. Total nodes MR-U-Apriori-org for mapping phase is:

> t—j+1—(i—1)x2 (5.1)

j=1 i=1
For MR-U-Apriori-improv, it only generates local candidates, and thus total nodes

MR-U-Apriori-improv is:

§:§:t—j+1—z—1» (5.2)

For MR-U-VIPER, it is based on the current level of itemsets to generate the next
level itemset. In addition, each vector contains the number of total transactions, and
we let this number be totalTrans. Hence, the total nodes of MR-U-VIPER is:

t

Z(t —14+1—(i—1)) x totalTrans (5.3)

i=1
For MR-UV-Eclat, it bases on the current level of itemsets to generate the next

level candidates. Hence, the total nodes of MR-UV-Eclat is:

t

d(t—14+1-(i—1) (5.4)

i=1

From equations , , and , MR-U-VIPER is observed to be very
sensitive to the size of total transactions. As the data size increases, the amount
of nodes the algorithm carried dramatically increases. MR-UV-Eclat has the least
amount of nodes carried. In the average case, the number of local combinations is
less than global combinations as the number of items is usually more than the global

number of items. Hence, the memory consumption is even much less in MR-UV-Eclat
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than MR-U-VIPER.

5.3 Experimental Evaluation

In this section, we discuss the experimental evaluation of our proposed algorithms.
Still, we compare our proposed algorithms MR-U-VIPER and MR-UV-Eclat with the
other two algorithms, which are MR-U-Apriori-org and MR-U-Ariori-impr. Also there
are two other experiments. One is to compare performance between MR-U-VIPER
and U-VIPER. The other is to compare performance between UV-Eclat. All mining
algorithms will have the same mining results.

We use IBM synthetic dataset [AS94] to test these algorithms. Specifically, we
test in different sizes of datasets and in different minimum support threshold. There
are two kind of datasets: (80_90) and (10-100). These numbers represent the range
of existential probability in the datasets. For instance, (80-90) all itemsets will have
support value of 0.8 to 0.9. Similarly, (10_100) all itemsets will have support value of
0.1 to 1.0. The size of datasets is between 1000 transactions to 100k transactions. In
addition, when doing experiments of comparing performances of MR-U-VIPER, U-
VIPER, MR-UV-Eclat and U-Eclat, use mushroom data that have 8124 transactions
and other set of real life data which have 1000556 transactions.

All of these experiments were run on Xeon 6 core 2.1 GHz machine with 20 GB
of ram. All algorithms are executed in Linux virtual machines on a master-slave
structure environment, with 1 master node and 2 worker nodes. The master node
has 2 cores and 6 GB of rams. Each worker node has one core and 4 GB of ram. To
test scalability, the setting of Spark is an in-memory computation. This means that

if data structure cannot fit into main memory, the execution will be crashed.
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Figure 5.1: Experimental result on 1000 Transactions on 10-100 (Experiment [5.3.1

Experiment 5.3.1. From this experiment, the test data is 1000 transactions and
(10-100). The experiment result is shown in Figure 5.1 MR-U-VIPER is observed to
have the better performance than MR-U-Apriori but has worse performance than MR-
U-Apriori and MR-UV-Eclat when the minimum support threshold is really small.
Since the data size is small, the amount of nodes MR-U-VIPER goes through are less
than MR-U-Apriori-org. The amounts of nodes MR-U-Apriori and MR-~-UV-Eclat
still are less than MR-U-VIPER and MR-U-Apriori-org. As the minimum support
threshold increases, all algorithms carry fewer nodes. However, the performance of

MR-U-VIPER is still dragged as it is affected by the number of transactions.

Experiment 5.3.2. For this experiment, MR-U-VIPER fails on the first few low
minimum thresholds, hence, Figure does not show the result for MR-U-VIPER.
The data size is 10000 and is on (80-90). This data set is still sparse data. Only when
the minimum support threshold is set to extremely low, the data set is considered

to be dense. All these algorithms carry a significant amount of nodes when the data
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Figure 5.2: Experimental result on 10000 Transactions on 8090 (Experiment [5.3.2

set is dense. In this case, when the minimum support becomes 5, MR-UV-Eclat
is observed to have the best performance. MR-U-Apriori has the worst when the
minimum support threshold becomes really low. As the minimum support threshold

increases, the difference in performance between all algorithms becomes less.

Experiment 5.3.3. As the data size becomes 100000, even though it is on (10-100).
MR-U-Apriori-org still fails because data cannot fit into memory. Observed from
Figure [5.3] the strength of MR-UV-Eclat becomes more obvious. If the minimum
support threshold becomes less than 25, MR-UV-Eclat is observed to have much a
better performance than MR-U-Apriori. This indicates that MR-UV-Eclat is fast and

scalable when data sets are large in size and dense.

Experiment 5.3.4. This experiment is for testing the performance on each algorithm
when running on data sets of different sizes. All data sets are on (80_90). The data
size range is between 1000 and 10000. The minimum support threshold is set to 1%.
Observed form Figure [5.4, MR-U-VIPER is sensitive to data size. As the data size
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Figure 5.3: Experimental result on 100000 Transactions on 10_100 (Experiment |5.3.3)

goes up, performance of MR-U-VIPER decreases.

Experiment 5.3.5. The test data for this experiment are mushroom data (50-60).
The data size is 8124 transactions. MR-U-VIPER outperforms U-VIPER two times
most of cases. This is because U-VIPER is executed only by one machine and MR-U-
VIPER is executed by 3 servers; (1 master server and 2 worker servers). As minSup
increases, the difference of elapsed time is not two times. In MR-U-VIPER, data
are needed to deliver to all worker servers for executions independently. This incurs
communication time. When the data size is large, the communication time is less
significant. However, when the data size is small, the communication time dominates
the major execution time. Thus, the effect of running in multiple machines fade as
data size becomes small. The execution time in U-VIPER is not as twice as the

execution time in MR-U-VIPER.

Experiment 5.3.6. Kosarak data have the largest data size among all our test data.
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Figure 5.4: Experimental result on Different Size of Data on 8090 (Experiment |5.3.4)
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Figure 5.5: Experimental result on Mushroom Data in VIPER Algorithms (Experi-
ment [5.3.5))

Compared with the last experiment, MR-UV-Eclat outperforms UV-Eclat in all cases.
The performance of UV-Eclat is slow as the data size is very large, thus can no longer

be efficient if the algorithm is executed by one machine.
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Figure 5.6: Experimental result on kosarak Data in Eclat Algorithms (Experi-
ment [5.3.6))

For the experimental evaluation, we compared the performance of our proposed
algorithms MR-U-VIPER and MR-UV-Eclat with two other map-reduce algorithms:
MR-U-Apriori-org and MR-U-Apriori-impr. MR-U-VIPER is not scalable and fast
as it has the most visits of nodes. MR-UV-Eclat is the fastest and most scalable as it

consumes the least amount of memory. This is in line with our analytic evaluation.

5.4 Summary

In this chapter, we evaluated our proposed algorithms, analytically and experi-
mentally. We compared them with two other algorithms; MR-Apriori-org and MR-
Apriori-impr. In analytical evaluations, we evaluated memory consumption. We
observed that the MR-U-VIPER algorithm is very sensitive to data size. As the size
of data increased, the memory consumption on MR-U-VIPER drastically increased.

MR-UV-Eclat consumed the least amount of memory among all algorithms. In ex-
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perimental evaluation, we experimented all four algorithms. MR-U-VIPER, again,
has the worst performance over all in the sense it took the longest runtime. The
reason is large amount of memory it consumed. We also observed that MR-UV-Eclat
has the best performance (i.e., took the shortest runtime) especially when the data
were dense. Hence, we concluded that MR-UV-Eclat is a fast and scalable association

mining algorithm that mines big uncertain data.
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Conclusions and Future Work

6.1 Conclusions

As we are living in a world full of data but lacking of data relationships. By uti-
lizing frequent pattern mining we can provide an important mean to find knowledge
through data. Still, frequent pattern mining is a challenging task. First of all, many
existing algorithms on frequent pattern mining can only handle precise data. Second
of all, traditional technologies are not efficient in processing big data. Third of all,
there still lacks for big uncertain data mining algorithms that are scalable and con-
sume low memory. These motivate us to search big uncertain data mining algorithms
that are fast and scalable.

In my M.Sc. thesis, we proposed MR-UV-Eclat algorithm. As MR-UV-Eclat is
adopted from UV-Eclat, we still need to explain the logic of how to convert behaviors
in UV-Eclat to MapReduce behaviors. We observed that two vectors can be inter-
sected to become a new vector. One thing the two vectors have in common is that
the final key is the combination of the two old keys. Hence, by replacing the olds

key with the new key for both vectors in the map phase, they can be grouped in

74
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the reduce phase. To increase the parallelism, each worker node only deals with one
candidate in each transaction. Each mapped value is a projection tree.

We also adopted Spark technologies in U-VIPER to make MR-U-VIPER. We
identified behaviors that can use MapReduce approaches in U-VIPER. We observed
that the bit-vector operations can be converted to MapReduce behaviors. On memory
saving technique, all support values are converted to 8-bit integers. In the actual
algorithm, it creates prefix mappings and suffix mappings. Two mapping data points
are union to become one mapping data. In reduce phase, each mapped data with the
same keys are grouped and summed up each position to form a new bit-vector. In
the other reduce phase, each vector is summed up the value in each position. The
final value becomes the support.

We evaluated our proposed algorithms analytically and experimentally. We com-
pared them with two other algorithms which are MR-Apriori-org and MR-Apriori-
impr. In analytical evaluations, we evaluate memory consumption. We observed
that the MR-U-VIPER algorithm is very sensitive to data size. As the size of data
increases, the memory consumption on MR-U-VIPER drastically increases. MR-UV-
Eclat consumes the least memory of all algorithms. In experimental evaluations, we
experimented with all four algorithms in run time. MR-U-VIPER, again, has the
worst performance over all. The reason is the large amount of memory it consumes.
We also observed that MR-UV-Eclat has the best performance especially when the
data is dense. Hence, MR-UV-Eclat is a fast and scalable association mining algo-
rithm for mining big uncertain data.

Recall from Section 1.2, we asked four questions about uncertain data mining in

big data. In this thesis, we provided answers to all of them:

1. Are there any more scalable data structures that can efficiently store uncertain
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data? In MR-UV-Eclat, we propose using tree projection structure to store a

transaction. It is very flexible to go through each level of candidates.

2. Can we provide mining algorithms that can save memory? In MR-UV-Eclat,
each worker node only deal with one part of a tree projection structure, and

the memory consumption is very low.

3. Can we provide mining algorithms that efficiently handle big uncertain data?
As MR-UV-Eclat has low memory consumptions and high parallelism, it can

efficiently handle big uncertain data.

4. Can we provide mining algorithms that improve overall performances when deal-
ing with big data? Compared with MR~Apriori-org, MR-Apriori-impr and MR-
U-VIPER, MR-UV-Eclat improves the overall performance.

In conclusion, we successfully developed the algorithm of MR-UV-Eclat. From
both analytic evaluations and experimental evaluations, MR-UV-Eclat shows low
memory consumptions and excellent run time. It can handle big uncertain data

really well. It is a fast and scalable mining algorithm.

6.2 Future Work

For MR-UV-Eclat, the current solution reaches one level at a time from projection-
tree structure. If we can find the maximum number of items in the transactions and
compute the upper bound of the final level of frequent itemsets, we can compute the
upper bound all these candidates at a level until the last level can be fit into memory.
For example, we find out that the maximum number of items in a transaction for a

dataset is 6. We can assume that the maximum frequent level is 6. If the current
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level is 3, we can level the process to generate candidates of levels 4, 5 and 6. In this
case, we can save 3 MapReduce cycles.

There are some improvements needed in MR-U-VIPER. First of all, in order to
reduce the memory consumption pressure, we suggest sub-dividing the vector. For
example, if the number of transactions is 10000, we can sub-divide the vector into
two parts that with each having a size of 5000. In this case, these two parts can
be executed in two different servers simultaneously. Second of all, we also find the
mapped keys can consume large sections of memory. For example, if we have a
mapped key that has 10 items in it, the key will require 10 integers in size. To further
reduce the memory, we can assign a global ID for each mapped key. In this case, it

only requires an integer.
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