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Abstract

Time and space utilization for discovering interesting patterns from a database plays an important role in analyzing
information for major sectors like education, medicine, and e-business. Association rule mining (ARM) technique is used to
discover associations among the patterns from large volumes of data. In most ARM algorithms, rare and frequent itemsets
discovery is optimized by mining pruned databases stored in the main memory. However, in this case, any change in
requirements would necessitate re-scanning of the database. Weighted count tree (WC-Tree), and Single scan pattern tree
(SSP-Tree) store the database in the main memory without pruning. WC-Tree stores the entire transaction as a node in the
tree. However, if the weight is large, the actual information may be lost due to the precision error. In the current work, an
efficient data structure, Partial weighted count tree (PWC-Tree), is proposed to store the database as a complete and compact
structure in the main memory without losing the information. The work revealed that PWC-Tree construction is in O(n?) for
n transactions in the database. The experimental results show that, for a large dataset, the PWC-Tree is time as well as space-

efficient when compared with WC-Tree and SSP-Tree.
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1. Introduction

Data is generated by digital devices or users using the digital
devices in various sectors like healthcare, education,
government, online stores, and social media.l*®! The raw data
is processed to identify trends and change the dynamics of
decision-making based on those trends. Various data analytics
companies offer services to industries to make their way in
business.[l Data mining (DM) is one of the phases in the
process of data analytics which comprises several methods
and algorithms used to discover interesting patterns in
databases.®! Various techniques in data mining are used for
prediction and analysis in healthcare, weather forecast, and
business.?%1  Association rule mining (ARM) 1is an
unsupervised technique in DM to study the relationships
between the itemsets in a database that has attracted significant
attention among DM researchers.''l An itemset can be
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classified as either rare or frequent based on its occurrence in
the database. The interpretation of the relation between the
itemsets can assist in the discovery of precise knowledge about
the problem under consideration.

The application of frequent and rare itemset mining in
ARM span various fields and it is an intermediate step in the
analysis of data for various problems.['? Several algorithms
were implemented to discover the associations among itemsets,
and the efficiency of these algorithms depends on the data
structures that are used. Most algorithms require multiple
database scans to discover interesting patterns that incur
additional costs due to data transfer from secondary memory
to main memory.[*® In recent years few algorithms have been
proposed that scan the database only once to discover
interesting patterns.l**28 Apriori algorithm, the first algorithm
to implement the ARM technique scans the database multiple
times to discover frequent itemsets. Several algorithms were
proposed based on the Apriori algorithm which scans the
database multiple times to discover interesting patterns.*
Direct Hashing & Pruning algorithm utilizes a hash-based
technique to store the itemsets.**! Dynamic Itemset Counting
is a variation of the Apriori algorithm that scans the database
multiple times requiring more I/O operations and hence is not
cost-effective.?y Partition algorithm, a two-scan algorithm
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generates all potentially large itemsets by logically dividing
the database into mutually exclusive partitions.[?! Frequent
pattern tree, a non-candidate generation prefix tree structure
algorithm requires two scans of the database to mine frequent
itemsets.?? UF-tree and Transaction mapping algorithm are
variations of FP-tree which scan the database twice and use a
similar tree structure.[?3241

The Perfect Hashing and Pruning algorithm use a hash
table to discover the itemsets. It uses a recursive hashing
procedure similar to the Lexicographical Ordered tree.? Eclat
uses a non-conventional vertical representation to store the
input database. There are several variations in the algorithm
such as tidset and diffset to discover the frequent itemsets. ]
Pattern-Count tree algorithm is constructed in one database
scan from which a Lexicographically Ordered FP-Tree was
constructed to discover frequent itemsets.?1 A Pattern-tree is
constructed in a single scan by arranging the transaction items
in alphabetical order and then inserting them into the tree.l?81 A
compact and complete tree called as Weighted Count-Tree
stores the transaction items in the main memory and discovers
all closed frequent concepts. Each item in the transaction is
represented using a unique prime number. The product of these
prime numbers is stored in a single node of the tree i.e., each
node represents a transaction. The memory space used to store
the dataset in the main memory is reduced significantly in the
WC-Tree algorithm.? Single Scan-Frequent Itemset Mining
algorithm scans the database once to discover all frequent
itemsets. It uses a hash-based approach to store the powerset
of all transaction items with its count.'! An improved apriori
algorithm scans the database and creates a 0-1 matrix where
the row represents the transactions, and the column represents
the items in the transaction. 0 represents the absence of the
item and 1 represents its presence in the transaction.l'”]
ARIMA, a two-step algorithm, generates all frequent and
infrequent candidate itemsets.P% AfRIM algorithm is used to
mine rare itemsets using a top-down approach. The itemsets
are pruned based on anti-monotone property. The algorithm
considers itemsets with zero support count, the cases which
never occurred, as rare itemsets.®!’ ARANIM algorithm
classifies the itemsets as frequent, rare, and non-present
itemsets. The algorithm was used to identify suspicious
activities in the weblog.®? Rare Pattern Tree (RP-Tree) mining
was designed based on FP-Tree to discover rare itemsets based
on two support values, lower and upper.® A hyper-linked data
structure was implemented to mine rare itemsets from a sparse
database using two database scans.’¥¥ CARM algorithm
generates association rules in which there can be only one item
consequent, but more than one antecedent item.*! Postdiffset
algorithm, based on Diffset algorithm, discovers frequent
itemsets where the initial looping is based on tidsets process
and second looping is for obtaining the result diffset.*6:37]
Single Scan Pattern-Tree is constructed and restructured based
on the frequency of the itemsets. The header table stores the
itemsets and their support count in sorted order. The header
table is updated to maintain the sorted order and the tree is also
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restructured accordingly.l*”381 R-Eclat algorithm discovers rare
or infrequent itemsets from the database based on the Eclat
algorithm which uses a vertical representation of the
transaction database.%

Based on data dimensions, its size, and user-defined
thresholds, the space utilized to store and discover frequent
and/or rare itemsets can vary from a few kilobytes to a
situation where the main memory is insufficient. Further, the
time taken to discover the itemsets may also vary based on the
nature of the dataset. Motivated by the challenge of designing
an efficient algorithm to store the itemsets in the main memory
for discovering frequent and/or rare itemsets, a novel Partial
Weighted Count Tree (PWC-Tree) algorithm to store and
retrieve rare and frequent itemsets without information loss is
proposed in this article.

2. Methodology

PWC-Tree stores the entire database in the main memory in a
single database scan without information loss. The data
structure is designed to enable the efficient discovery of
frequent and rare itemsets from PWC-Tree even when the
support threshold is changed without any loss of information.
The algorithm uses the uniqueness of prime numbers to
represent the items in the transaction of the database, called
the weight of a transaction. Each item in the transaction is
mapped to a prime number and the product of these prime
numbers is considered the weight of the transaction. For
example, if there are 3 items in the transactions then, they are
mapped to the first three prime numbers 2, 3 and 5 respectively
and the weight of the transaction is calculated as 2 x 3 x 5 =
30. Also, given any weight, the item numbers can be retrieved
since the prime factors of the weight are always unique. For
example, if the weight of the transaction is 30 then, its prime
factors are 2, 3, 5 and corresponding item numbers are 1, 2 and
3.

2.1 Structure of a node in Partial Weighted Count Tree
Every node in PWC-Tree stores the Weight and the
corresponding count. There are two types of nodes in PWC-
Tree contains two types of nodes, NODE and REMNODE, to
store the transactions in the compact form. The structure of
NODE is shown in Fig. 1, which contains Weight, Count, Flag
to indicate the existence of REMNODE, a Next Pointer to the
sibling, or RMNODE based on Flag value, and a
Child Pointer to the child node. NODE will hold the
maximum possible weight and the remaining constituent
elements are stored in REMNODE pointed by Next Pointer
of the current node. The structure of REMNODE is shown in
Fig. 2 and it contains Partial Weight, Flag to indicate the
presence of REMNODE, and Next_Pointer to either sibling or
the next REMNODE.

2.2 Construction of Partial Weighted Count Tree
PWC-Tree is constructed in one database scan and the
procedure is shown in algorithm 1. The steps to construct the
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tree are as follows:

1. Read items from the transaction, one at a time, and map
every item number of the transaction to a corresponding
prime number.

2. If the tree is empty, find the weight of the transaction.
If the weight is lesser than the limit (INT MAX), create
a NODE with the flag ‘n’, the associated weight, count
as 1, and attach it to the child of the root. If the weight
is greater, create a NODE with flag = r’ and
REMNODE:s attached to it, then attach the NODE to
the child of the root.

3. [If the tree is not empty, start traversing from the child
of the root and traverse the tree based on the following
cases until the transaction is inserted.

a. If the traversed node’s value is equal to the transaction
weight, increment the count of the traversed node by a
value of 1.

b. If the transaction’s weight is divisible by the traversed
node’s value, move to the child of the traversed node,
unless it is NULL. If the child of the traversed node is
NULL, remove all common factors between parent and
transaction, create a node similar to step 2, and add this
created node as the child of the traversed node.

c. If the traversed node’s value is divisible by the
transaction’s weight, create a node similar to step 2 and
add this as the parent of the traversed node. Move all
the siblings of the traversed node whose values are not
divisible by the transaction’s weight as the siblings of
the created node. Remove the factors that are common
to the parent and child from the child node.

d. If transaction weight and traversed node’s value is not
divisible, move to the right of the traversed node unless
it is NULL. If it is NULL, create a node similar to step
2 and add it to the right of the traversed node.

Child_Pointer

Weight Count Flag

Next_Pointer

Fig. 1 Structure of NODE with Weight, Count, Flag,
Child Pointer and Next Pointer.

Partial_Weight Flag — pe——— Next Pointer

Fig. 2 Structure of REMNODE with Partial Weight, Flag, and
Next Pointer.

2.3 Mining itemsets from Partial Weighted Count Tree

The itemsets from the PWC-Tree are discovered using the
following steps:
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1. Create a Hash Table to store the itemsets along with its
support.

2. For each node in the tree generate the constituent
primes of the traversed node and a subset for this is
generated. If the node is a child node, then perform a
join operation with a subset generated from constituent
primes of the parent node.

3. Add the constituent primes of each subset, hash this
sum using the hash and add them to the respective
position in the Hash Table.

4. Ifthe value is already present in the hash table, then add
the count in the hash table with the count of the
traversed node. Otherwise, insert the value to the hash
table initializing its count to the count of the traversed
node.

5. Once all the nodes are traversed, traverse through the
hash table and display all the table entries whose count
is between the threshold value set by the user.

2.4 Illustration of the Partial Weighted Count tree

Table 1 shows a sample database with 8 transactions and the
transactions’ corresponding weight. PWC-Tree is constructed
for the sample database in Table 1 and is shown in Fig. 3. Here,
the data type for storing the weight is assumed to be unsigned
nt.

Table 1. Sample Database with transactions' Weight.

TID Transaction items Weight of Transaction

1 1,2 2>3=6

2 1,3 2>5=10

3 3,4 5x7=35

4 4 7

5 1,2,3 2>3>5=30
2>3>5>313>317>331=

6 1,2,3,65,66,67
98,52,64,530
253>5>269>71>277>281>283=

7 1,2,3,57,58,59,60,61

3,57,58,59,60,6 4,81,74,29,30,40,870

2>3>5>293>307>311=

8 1,2,3,62,63,64

T 83,92,42,830

At the beginning of the algorithm, the first transaction is
read, and its corresponding Weight is calculated. It is then
inserted as the first child of the root node and the support count
is set to 1. In the next step, the second transaction is read, and
its Weight is calculated, Since the Weights are not divisible, it
is inserted as a sibling node of the first transaction. The
insertion of the third transaction is similar to the second
transaction. The fourth transaction is inserted as the parent of
the third transaction because Weight (T4) divides Weight (T3).
The common factor {4} is removed from the Weight of
transaction 4 and the support of the node is incremented to 2
before inserting transaction 4. Transaction 3 is attached as the
child of transaction 4 and the support count is retained as 1.
Similarly, the remaining nodes are inserted into the tree after
checking for the divisibility conditions between the Weight of
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transactions as mentioned in the steps. ({itemset:
Support_count}! represents the combination itemset and its
support count in the database. The itemsets, frequent and rare,
discovered from PWC-Tree shown in Fig. 3 with support
thresholds mingre = 20% and mingeq = 50% are:

1. Frequent: {{1:6},{2:5},{3:6},{1,2:5},{1,3:5}}

2. Rare:{4:2}

e

T1 ReMNODE
L,

6:5 ,| 72 10:1
Y
54 51 p—_—

/" 79523 1

1 I

y - —L
32842151:1 20193023:1 27479761:1

Fig. 3 Partial Weighted Count Tree for the transactions in Table
1.

3. Results and discussion

3.1 Datasets used

For the experimental evaluation of algorithms, five commonly
employed secondary datasets are used to discover frequent and
rare itemsets. These datasets are downloaded from the
Sequential Pattern Mining Framework repository, and their
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description is given in Table 2.9 #Tp,,,, gives the number of
items in the dataset, #D7ansaciion gives the number of
transactions in the dataset, and Avg.length is the average
number of items in a transaction in the dataset.

Table 2. Description of the datasets.

Dataset #T items H#DTransaction Avg. length Type
Skin 11 245057 4 Real
Mushroom 119 8124 23 Real
KDDcup99 135 927393 16 Real
Connect 129 67557 43 Real
Chess 75 3196 37 Real

3.2 Running environment

The algorithms are implemented in C++ and executed on a
computer with Ubuntu 18.04.5 LTS x64 operating system,
8GB RAM, and an Intel Core 15 at 3GHz processor.

3.3 Results

The execution performance of PWC-Tree is compared with
WC-Tree and SSP-Tree, the algorithms that store the complete
database in the main memory using a single database scan.
SSP-Tree is one of the recent algorithms that was proved to be
efficient when compared to other state-of-the-art algorithms in
the same area. PWC-Tree and WC-Tree belong to the same
family of algorithms in which the transactions are represented
using Weights in the node. WC-Tree stores smaller Weights in
a smaller capacity node and larger numbers are represented as
the quotient of the number and the largest value that can be
represented in the algorithm. The algorithms are executed by
varying the data dimension and size.
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Fig. 4 Execution time for constructing SSP-Tree, WC-Tree, and PWC-Tree for datasets (a) Chess, (b) Connect, (c) Mushroom, and

(d) KDDCup99.
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Chess Dataset
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Fig. 5 Execution time for constructing and discovering itemsets from SSP-Tree, WC-Tree, and PWC-Tree for datasets (a) Chess, (b)

Connect, (¢) Mushroom, and (d) KDDCup99.

3.3.1 Execution results by varying data dimension

The experiment is conducted to understand the behavior of
WC-Tree, PWC-Tree, and SSP-Tree, for time and space
efficiencies, by varying the number of items in the transaction
from 4 to 14. While experimenting only rare itemsets are
discovered by setting the threshold values of minre and mingeq
to 0 and 100 respectively. The algorithms were executed on all
datasets except the Skin dataset since it has only four items per
transaction and the minimum dimension considered is 4.
While SSP-Tree and PWC-Tree algorithms are executed on all
other datasets, the WC-Tree algorithm is executed only on
Chess, Connect, KDDCup99, and Mushroom datasets due to
the limitation of storing large weights in the tree.

Fig. 4 shows the time taken to construct PWC-Tree, WC-
Tree, and SSP-Tree. It is observed that WC-Tree is efficient
when compared to PWC-Tree and SSP-Tree in terms of tree
construction time but after a certain number of items in the
transaction, WC-Tree cannot store the items in the node due to
its limitation to store the weight of the transaction that is
greater than the size of the datatype used during
implementation. The construction time of the SSP-Tree
increases exponentially with the increase in the number of
items per transaction due to restructuring of the tree before
inserting each transaction.

Fig. 5 shows the total time taken to construct and mine
from WC-Tree, SSP-Tree, and PWC-Tree. WC-Tree performs
better than PWC-Tree and SSP-Tree only when the number of
items in the transaction is limited. PWC-Tree is found to be
time-efficient as the number of items increases in the dataset.
Fig. 6 shows the memory allocated in bytes to store the dataset
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in WC-Tree, SSP-Tree, and PWC-Tree respectively. It can be
observed that PWC-Tree utilizes a lesser amount of memory
when compared with the amount of memory utilized by WC-
Tree and SSP-Tree.

3.3.2 Execution results by varying data size

The experiments are conducted by considering the dimensions
of the datasets such that WC-Tree stores the weight of the
transaction without losing the information. WC-Tree, SSP-
Tree, and PWC-Tree are executed on all datasets.

Fig. 7 shows the time taken for the construction of WC,
SSP, and PWC trees. WC- Tree is 79% more efficient when
compared to PWC-Tree and SSP-Tree in terms of tree
construction provided there is a limited number of items per
transaction. PWC-Tree shows 88% better performance when
compared with SSP-Tree during the tree construction.

Fig. 8 shows the total time taken for the construction and
mining of WC-Tree, SSP-Tree, and PWC-Tree. During the
discovery of frequent and rare itemsets by setting mingeq
threshold to 20% and min;e to 10%, it is found that PWC-
Tree is 28% more time-efficient than WC-Tree as the
redundant subset generation is avoided by storing the common
factors in the parent node. But SSP-Tree is 68% more efficient
than the PWC tree because the itemsets in the nodes of the
SSP-Tree are already sorted before insertion and hence all the
nodes need not be visited if the itemsets’ support does not
satisfy the user-defined support threshold. Whereas in PWC-
Tree all nodes must be visited to check the support of each
itemset.
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Fig. 6 Space utilization in main memory to store the dataset using SSP-Tree, WC-Tree, and PWC-Tree for datasets (a) Chess, (b)
Connect, (¢) KDDCup99, and (d) Mushroom.
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Fig. 9 shows the memory consumed for the construction of
WC-Tree, SSP-Tree, and PWC-Tree respectively in terms of
bytes. PWC-Tree is found to be 10% more space-efficient than
WC-Tree and 86% more space-efficient than SSP-Tree.

The results show that, for a dataset containing transactions
with smaller weights, the WC-Tree algorithm would be
preferable. SSP-Tree is more suitable if the dataset is small
and the number of itemsets to be discovered is less. But if the
dataset size and the number of itemsets to be discovered are
large then, PWC-Tree is the best choice.

4. Discussion

PWC-Tree algorithm is a compact and complete
representation of the entire database in the main memory. It is
compared against the existing WC-Tree?® and SSP-Treel®!
algorithms that store the whole database in the main memory
in a single database scan. The algorithms are executed on
different datasets mentioned in Table 1 and the experimental
results are recorded based on varying dimensions and sizes of
the datasets. Several interesting features related to time and
space efficiency are observed and discussed in this section.
The number of itemsets per transaction is varied during the
tree construction and the result in Fig. 4 shows that WC-Tree
is 79% more time-efficient than PWC-Tree during tree
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construction, provided the Weight of the transaction is a small
number. If the Weight of the transaction is a large number, then
it exceeds the capacity of the node in WC-Tree and the
information is lost while retrieving the original information
from the Weight. PWC-Tree uses REMNODE to store the
partial weight of the transaction if the weight is too large,
hence preserving the information. The construction of PWC-
Tree outperforms SSP-Tree construction, and it is found to be
70% more time-efficient than the SSP-Tree algorithm. SSP-
Tree is restructured during the insertion of every transaction
into the tree based on the support of the itemset which is a
time-consuming process. In PWC-Tree, the transactions are
inserted without restructuring the tree making it time-efficient
to store the dataset for further processing.

Rare itemsets are discovered from PWC-Tree, WC-Tree,
and SSP-Tree by setting the mingeq threshold to 100% and
MiNgare to 0%. It is found that PWC-Tree is 30% more time-
efficient than WC-Tree and 64% more time-efficient than
SSP-Tree respectively. WC-Tree stores redundant Weights in
the parent and child node whereas, PWC-Tree removes the
common factor from the child node and stores it in the parent
node. Hence during the discovery of the itemsets redundant
subsets are not generated. PWC-Tree outperforms SSP-Tree
because the maximum number of nodes to be visited during
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Fig. 9 Space utilized to store the entire dataset in main memory using SSP-Tree, WC-Tree, and PWC-Tree for datasets (a) Chess, (b)

Connect, (¢) KDDCup99, (d) Mushroom, and (e) Skin.

the discovery of itemsets in PWC-Tree is n, where n is the
number of transactions in the dataset. Whereas in SSP-Tree,
each item is stored as a node in the tree hence the traversal
time is always greater than n. WC-Tree performs better than
PWC-Tree and SSP-Tree if both construction and mining time
are considered together. Therefore, WC-Tree can be a good
choice only if the Weight of the transaction is within the range
of the datatype used to store the Weight. When the dataset is
large then PWC-Tree can be employed for efficient discovery
of the itemsets without losing the original information.
PWC-Tree is found to be 9% more space-efficient than WC-
Tree and 86% more space-efficient than SSP-Tree respectively.
WC-Tree consumes a few extra bytes when compared to
PWC-Tree because it stores redundant data in child nodes.
SSP-Tree stores each item in the transaction as a nodef*
whereas PWC-Tree stores the weight of the items in a node
which reduces the construction of additional nodes
significantly.

Additionally, the results attained by varying the number of
transactions in the dataset are analyzed. The analysis revealed
that WC- Tree is 79% more efficient when compared to PWC-
Tree and SSP-Tree in terms of tree construction. PWC-Tree
shows 88% better performance when compared with SSP-Tree
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during the tree construction. During the discovery of frequent
and rare itemsets, it is found that PWC-Tree is 28% more time-
efficient than WC-Tree. But SSP-Tree is 68% more efficient
than the PWC tree because the itemsets in the nodes of the
SSP-Tree are already sorted before insertion and hence all the
nodes need not be visited if the itemsets’ support does not
satisfy the user-defined support threshold. Whereas in PWC-
Tree all nodes must be visited to check the support of each
itemset. PWC-Tree is found to be 10% more space-efficient
than WC-Tree and 86% more space-efficient than SSP-Tree.
PWC-Tree is more suitable for a large dataset with a low
support threshold whereas SSP-Tree is suitable for a small
dataset with a high threshold to discover the itemsets. A
detailed comparison of percentage improvement for PWC
against WC and SSP tree is given in Table 3.

4.1 Theoretical analysis

The PWC-Tree and WC-Tree are constructed for a transaction
database with n transactions containing i unique itemsets and
if the tree is skewed then, the time required to insert a node is
in O (n) and to construct the tree is in O (n?). Whereas SSP-
Tree is in O (n X 1) to insert a node and to construct the tree it
is in O (n%i). The memory allocated for PWC-Tree is ((n X y)

Eng. Sci., 2022, 20, 284-295 | 291



Research article

Engineered Science

Table 3. Comparison of percentage improvement for the PWC, WC, and SSP Trees.

Dataset Operation Varying Data Dimension Varying Data Size
Tree
Construction WC (25%) < PWC < SSP (80%) WC (63%) < PWC < SSP (82%)
Construction +
Chess Mi:in'g WC (8%)>  PWC <SSP (34%) WC (10%)> PWC <SSP (0.9%)
Memory WC (9%) > PWC <SSP (90%)  WC (13%)>  PWC <SSP (92%)
Tree
construction V€ (65%) < PWC <SSP (89%) WC (56%)<  PWC < SSP (91%)
Construction +
Connect Mining WC (10%) > PWC <SSP (78%)  WC (20%)>  PWC <SSP (70%)
Memory WC (13%) > PWC <SSP (80%) WC (12%) > PWC <SSP (83%)
Tree
construction V€ (88%) < PWC <SSP (36%) WC (83%)<  PWC < SSP (47%)
Construction +
Mushroom Mining WC (40%) < PWC <SSP (16%)  WC (16%)<  PWC <SSP (25%)
Memory WC (6%) > PWC <SSP (72%) WC (4%) > PWC <SSP (80%)
Tree . WC (80%) < PWC < SSP (86% WC (81%) < PWC < SSP (88%
Construction
Construction +
KDDCup99 Mining WC (76%) < PWC <SSP (85%)  WC (73%)<  PWC <SSP (87%)
emory 0) > < 0 0) > < 0
M WC (5%) PWC SSP (88%) WC (6%) PWC SSP (90%)
Tree
Construction NA NA NA WC (86%) <  PWC < SSP (78%)
; Construction +
Skin Mining NA NA NA WC (85%)<  PWC <SSP (78%)
Memory NA NA NA WC (9%) > PWC <SSP (70%)

+ (m % z)) bytes, where n is the number of transactions, m is
the total number of remaining nodes utilized, and y and z are
the sizes of a node, and REMNODE in the tree respectively.
The memory allocated for SSP-Tree is (n xs xi) bytes, where
11s the number of items in the transaction and s is the size of a
node in the tree. It can be noted that m is always less than i
since each m contains the product of multiple items. Hence,
PWC-Tree is more space-efficient than SSP-Tree. WC-Tree
consumes (n X p) + (1 x q) where 1 is the total number of Large
nodes in the tree and p and q are the size of the node and Large
node in the tree respectively. Since the common factors are
stored in the parent node, the requirement of REMNODE is
minimized in PWC-Tree. Also, the size of the Large node is
greater than the size of REMNODE which reduces the amount
of space utilized by PWC-Tree, and hence, PWC-Tree is more
efficient than WC-Tree.

The application of frequent and rare itemset mining in
ARM span various fields and it works as an intermediate step
in the analysis of data for various problems. In the business
sector, it is used to analyze the customer decision behavior
while buying commodities. The analysis reveals the popularity
of the commodities bought together which can be promoted to
the customers. In the field of medicine, analysis can be made
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on the frequently or rarely occurring symptoms and their
combinations to predict the disease at an early stage. Analysis
of large databases can be expedited by storing the entire
database in the main memory in PWC-Tree in a compact form
hence facilitating efficient mining of rare and frequent
itemsets.

5. Conclusion

The PWC-Tree algorithm proposed in this paper is designed
to store the entire database in a complete and compact form in
the main memory without information loss. The algorithm can
be scaled up to any size and dimension without the loss of
actual information. It can be implemented in the industries and
sectors that demand real-time data analysis and requires
algorithms that are both space-efficient and time-efficient
without the cost of information loss.

The results obtained from the experiments conducted show
that PWC-Tree performs better when a user-defined threshold
is set low on large databases with high dimensions. Whereas
WC-Tree loses actual information when executed on such
databases and SSP-Tree requires more time to restructure itself
before inserting the new transaction. Hence, it is proved that
the PWC-Tree algorithm can be executed on large datasets
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with high dimensions to prepare it for analysis and
corresponding visual representation. However, if the dataset is
dense and the number of items is huge then it will require
multiple REMNODE nodes to represent the product of large
prime numbers. SSP-Tree performs better than PWC-Tree in
situations where the user-defined minimum frequent threshold
is set high and the itemsets to be discovered are less in number.
Nevertheless, from the experimental results it can be
concluded that, for a large dataset, the PWC-Tree algorithm is
both space and time-efficient algorithm when compared with
WC-Tree and SSP-Tree algorithms.

In future work, a compact data structure can be developed
to overcome the limitations of the Partial Weighted Count Tree
that supports a large number of items in the database. An
algorithm may be designed to mine the itemsets such that once
the itemset is found to be frequent, the subset generation of the
items from the remaining nodes that contain these itemsets is
avoided.
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