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Abstract— One of the main challenges in data-intensive sectors like scientific research, data mining, and
machine learning is efficiently analyzing enormous datasets. A popular data structure in similarity search
algorithms to speed up the retrieval of closest neighbors is the N-List. In this paper, a high-performance
method for mining frequent item sets called EN-list is presented. It represents item sets using an N-list and
finds frequently recurring item sets directly using an aset-enumeration search tree. Specifically, it drastically
reduces the search field by applying the powerful pruning approach known as Children-Parent Equivalency
pruning. We conducted extensive experiments to compare En-list against three state-of-the-art algorithms:
Fin, PrePost, and DiffNodesets on four distinct real datasets. The experimental results show that EN-list is
always the fastest approach across all datasets. Furthermore, EN-list shows good memory consumption
performance, requiring less memory than DiffNodesets and PrePost methods and just slightly more than the
Fin approach.
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. INTRODUCTION

The effective analysis of massive datasets has emerged as a critical challenge in many fields, including
corporate analytics and scientific research, in the big data age. Conventional methods of data storage and
analysis are finding it difficult to handle the demands of handling such enormous volumes of data as it continues
to expand exponentially. Using N-List structures [2][8-10] is one well-known strategy that has surfaced to
address this issue. These structures offer a productive way to organize and retrieve data in large-scale
applications. Node-list [7], N-list [8], and Nodeset [4][6] are three distinct data structure types that have been
introduced in the last several years. Numerous effective techniques are created for mining frequent itemsets,
based on Node-list and N-list, respectively: PPV [7], PrePost+ [9], NAFCP [17], negFIN [4], NSFI [5], and
DiffNodeSets [21]. These algorithms are generally more effective than previous ones and have shown to be
highly successful. In order to encode a PPC-tree [8] node, N-list and Node-list require pre-order and post-order
codes, which are memory-intensive and cumbersome to mine frequently occurring itemsets. Deng & Lv then
suggest a unique structure called Nodeset, in which a node is just encoded with a preorder or post-order code.
Based on Nodeset, a mining algorithm known as the FIN method is recommended.

The FP-growth [14][19] strategy and the Apriori-like [1] method can be used to categorize most of the
previously described frequent item mining algorithms. The original and most basic technique for pattern growth
is the FP-growing algorithm, which was put forth by Han et al. [14]. The FP-tree structure that FP-growth uses
efficiently gathers all required itemset information and inhibits the development of candidate itemsets,
demonstrating its remarkable efficacy in mining large databases. The FP-growth approach stores databases in a
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highly compressed data structure known as the FP-tree (frequent itemset tree), and mines frequent itemsets
using a divide-and-conquer strategy based on partitioning. Similar to FP-growth [20], some research [14-17]
mines popular itemsets using the pattern growth approach.

One form of indexing strategy that is very useful for data retrieval and analysis is the N-List structure, which
allows data to be divided into manageable portions. Comparing this strategy to conventional linear search
techniques could result in better performance and less computational complexity [2]. But as datasets get bigger
and more intricate, there are additional obstacles to overcome in order to keep N-List structures functional and
efficient [10].

This paper's main goal is to investigate and suggest improvements to the N-List structure in order to boost its
scalability and performance even more for the analysis of big datasets. Through resolving current constraints
and expanding its functionalities, our goal is to furnish scholars and professionals with an enhanced and
effective instrument for data examination. We explore the many facets of EN-List structures in this work,
covering their fundamental ideas, benefits, and drawbacks. We also showcase our innovative innovations, which
improve the current framework and make it more capable of handling the requirements of contemporary large-
scale datasets.

1. FOUNDATIONAL IDEAS

The names and features of PPC-tree [8], N-list [8], PrePost [9], and DiffNodesets [18] are introduced in this
section.

A tree structure is the PPC-tree:

The dataset is scanned in order to produce a prefix tree known as the "PPC-tree structure.” PPC-nodes, which
are linked to specific selectors and have frequency data that counts the examples (selector sets) that flow
through them as they are added to the tree, comprise the PPC-tree. PPC-tree has the following definition:

1) The structure is made up of one "null” root and several item prefix sub-trees that are its children.

2) The item prefix sub-tree has five fields on each node: item-name, count, children-list, preorder, and post-
order. Its item-name property identifies the item of this node. Count keeps track of how many transactions were
made possible by the path segment that led to this node. All node's children are registered using the children-list.
The node's pre-order rank is called pre-order. Post-order refers to the node's post-order rank.

Algorithm 1: Build _PPC-tree (TDB, min-sup )

(1) Scan TDB once to find Fil, the set of frequent items.

(2) Sort Fil in descending sequence of support as L1.

(3) Create the root of a PPC-tree, Troot, and label it as “null”.

(4) For each transaction T in TDB do

(5) Remove all sporadic elements (FI) from T, and then arrange T as Tf in the order of L1. Let [p | P], where
p is the initial element and P is the rest of the list, represent the sorted frequent-item list in Trans.

(6) Call insert_tree([p | P], Troot).

(7) Scan the PPC-tree to generate the pre-order and post-order of each node by the pre-order traversal.

(8) Return Trand L1.

Let’s examine the following example.

Example 1. Let the transaction database, TDB, be represented by the information from the left two columns
of Table 1 and minimum support threshold is 0.4.

TABLE 1

A TRANSACTION DATABASE.
ID Items Ordered frequent items
1 a,ef a, e
2 a,b,cd b,cd a
3 b,c,d, h b,c,d
4 b,c,d, g b,c,d
5 b,cdfg b,c,d e
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0:7) {}
(1:1) a:l b:4 (3:6)
| |
(2:0) e:l c:4 (4:5)
|
d:4 (5:4)
(6:2) a:l e:l (7:3)

Fig. 1: The PPC-tree resulting from Example 1

The F1 = {a, b, c, d, e} is set by the frequent 1-itemsets. Fig. 1 displays a PPC-tree. The node with (4, 5)
indicates that the item name is c, the count is 4, and the pre-order is 4.

Optimizing N-List Structure:

A subset of references to the main dataset are contained in each of the several sub-lists that make up the N-
List structure. We suggest an approach to optimize the N-List structure based on features of particular datasets.
Using dimensionality reduction methods such as Principal Component Analysis (PCA) prior to N-List building,
for example, greatly improves search efficiency for high-dimensional datasets. On the other hand, dynamically
modifying the number of references in each sub-list according to changes in local density is successful for
datasets with different data distributions.

A decreased form of a PPC-node, known as an N-node, only keeps the PP-code and F1. Pre-order, which is
represented as (F1.pre.order, F2.post.order: count) F2. Post-order. The N-lists for each common item in
Example 1 are displayed in Fig. 2.

A selector's N-list is a list of all the N-nodes connected to it. The N-nodes are arranged in pre-order
increasing order.

By pre-order traversing the constructed PPC-tree, an N-node is created from each tree node visited and
appended to the end of the N-list of the selector registered by the tree node. Each unique selector results in an N-
list once the tree traverse is complete. There are no changes made to the N-nodes in N-lists because they were
added to the lists in ascending order of pre as the tree was being traversed.

b —» <(3,6):4>
¢ —» <(4,5):4>
d —» <(5,4):4>
a —» <(1,1):1>--<(6,2):1>
e —» <(2,0):1>---<(7,3):1>

Fig. 2: shows the N-lists of all frequent items in Example 1.

PrePost algorithm

PrePost mines frequently occurring item sets using a process akin to Apriori [1]. The following are the
primary processing phases of the PrePost algorithm:

1) Create a PPC-tree and list all of the frequently occurring 1-itemsets; 2) use the PPC-tree to create an N-list
for each frequently occurring 1-itemset; 3) search the PPC-tree for all frequently occurring 2-itemsets; and 4)
mine all frequently occurring k(> 2)-itemsets.

To facilitate the mining process, PrePost represents the search space with a set-enumeration tree. Starting
with the set of objects I = (il, i2,..., im) where il < i2<...<im, one can construct a set-enumeration tree. the
formation of the tree's root initially. Next, m child nodes of the root are created, each of which represents and
registers m 1-itemsets. Third, for a node representing itemset "ijs i-1," the (m - js) child nodes of the node
representing itemsets “ijs+1lijsi-1...ij1," “ijs+2ijsi-1...ij1," “imiijs-1...ij1," and registering ijs+1, ijs+2,
respectively, are formed. To construct the set-enumeration tree, the third phase is performed once every leaf
node has generated. Think about Example 1 for a minute. The set-enumeration tree for finding common itemsets
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is displayed in Fig. 3. The node in the lower left corner of Figure 3 illustrates the itemset "bceaf" and registers
item b.

oot
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e d c b
r d c b c b C b

| >~ | Li b b

tl: b b b

b
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Fig. 3. A set-enumeration tree example.

DiffNodesets algorithm

A new and improved itemset representation has been created for frequent itemset mining. We present a
successful method for mining frequent itemsets based on the DiffNodesets structure: DiffNodesets. Sometimes,
DiffNodesets can achieve great efficiency by just enumerating frequently occurring itemsets without creating
candidates. In other scenarios, to find frequently occurring itemsets, DiffNodesets employs a hybrid search
strategy combined with a set enumeration tree.

Three sections make up the DiffNodesets framework, and they are organized chronologically.

Building the PPC-tree and listing all commonly occurring 1-itemsets and their matching Node sets is the
initial stage.

Searching the PPC tree for all frequently occurring 2-itemsets and related DiffNodesets is the second phase.

Mining all frequent k(>2)-itemsets is the third stage. Node sets employ two ways to improve mining
efficiency: set-enumeration trees and superset equivalence characteristics.

The set-enumeration tree seen in Fig. 3 serves as the search space for Example 1. Fig. 3's bottom left node
registers item b and displays the itemset (eadch).

2. Algorithm (Algorithm for diffNodesets)

A minimal support (min-sup) and a transaction database (TDB) are the inputs.

The set of all frequent itemsets, or Fi, is the output.

23 Call bulld PPC-tree (TDB, min-sup) to construct the PPC-tree and find Fil.
3 Fi+— Fi U Fil;

47 Traverse the PPC-tree with pre-order, For each node W in the PPC-tree do
3 !—‘Lppenﬂ (N.pre-order, W.count) to the Nodeset of item N. item-name;

(

(

(

(

(

(

(7 For each 2-itemset ixiy do
() If ixiy.support < min-sup =|TDE|, then
(N Fi? «— FI 1 {imiy};
{10y Endif

{11y Endfor

(12 Fi+ Fi U Fil;
(13) For each frequent itemset, 1zt in F2 do

(14) create a tree's root, Ret] and label it by isit;

(13) Generate its DifftNodesets (Rat, {i|1eF1, i> iz}, @}
(16) Endfor

(17) Eeturn Fi;

I11.  EN-LIST THE PROPOSED METHOD

Our efficient locally optimum rule discovery approach, called EN-list, is described in this section. With EN-
list, we can find the best rule for every training example. Like many other state-of-the-art algorithms, EN-list
borrows certain ideas from association rule learning. Because PPC-trees and N-lists work well for summarizing
counts of conjunctive expressions, we use them in particular. Originally, a novel technique called PrePost was
used to efficiently extract common itemsets from a transaction dataset using a data structure called N-lists.

We extend the N-list structure to tabular datasets with attributes Ai, i 1,...,m and to classification problems
where the last attribute Am acts as the nominal class attribute by using selectors as features. Furthermore, we
assume that the initial m 1 predictive attributes Ai, (i m) are nominal, which implies that numerical attributes
may be null (empty) or discretized beforehand.
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The following parts cover the adaptation of N-lists (Section 2.2) and PPC-trees (Section 2.1) to a
categorization scenario.

In Algorithm 3, the EN-list pseudo-code is shown. The necessary PrePost operations in steps (1) through (4)
are the same as the steps in the EN-list that produce the frequent 1-itemsets, frequent 2-itemsets, and their N-list.
Operation NL_intersection() generates N-lists of (k + 1)-itemsets by intersecting N-lists of k-itemsets.

A compressed frequent itemset tree is built using the Building Pattern Tree() procedure, which does not
create the sub-tree rooted at a node's child node. The letter Nod stands for the current node of the set-
enumeration tree. You can use the NCad_set objects to extend Node Nod. Actually, NCad_set is used to build
the child nodes of Nod. FP_parent refers to the frequently produced itemsets on the parent of Nod. To extend
Nod, go through each item in NCad_items in step (4). The first item in FP1 is referred to as FP1[1] in Step (6).
In Step (7), FP is an itemset, where i is the first item and Nod.itemset is the remaining items. In step (8), the N-
list of FP is produced. As seen in Steps (9) and (10), if the support of FP equals the support of Nod.itemset, then
merely i is entered into Nod.equivalent_items without generating the node representing FP. The Children-Parent
Equivalence pruning approach consists on identifying the items that are used to construct the child nodes of
Nodi and putting them in Next_NCad_ items for future extension. Find every item set that is frequently used in
Nod using the steps (17-24). To extend the Nod, steps (26) and (27) keep calling its child nodes recursively.
These frequently occurring item sets are stored by FIT_Nod in lines (28) and (29) for use in the process of
building Nod's child nodes later on. The child nodes of Nod are extended further in lines (30) through (34) by
repeatedly using Constructing _Pattern_Tree ().

Algomithm 3: ElN-list Mathod
Input: A tranzaction databaze TDE and 2 mimimuwm support .
Cnatpart: Fi, the zet of all frequent itemsats.
(1) Scan TDB to obtain Fil, the set of all fraquent 1-itemeat
(2) Call Build _PPC-tree (TDB, min-zup } to constroct the PPC-fres
(3} Scan the PPC-trea to generate the MN-hsts of fraquent 1-1temast;
(3} Bean the PPC-trea to obtain Fil| the set of all frequant 2-itemest;
(4 For each 1zt (e Fi), generate M-lLst;
(%) Fi+Fil;
(6) For each frequent itamzet denotad 2= oy, mFil do
(7} Create the root of 2 tree, ENTxy, and label 1t with sy,
(2) Bulldnz Pattern Trea(FFTxy, {1|1eFil, 1> ix}, mum-zup);
(%) Fatom Fi;
Procedure Constructing_Pattern_Tree (MNod, MCad_sst FP_parent)
(1) Mod equivalent_items «— &
(23 Mod childnedes «— &;
(3) Mext_NCad_ zsf +— O
{4) For each 1 MCad_set do
(31 X1 +— Nod.itemset;
(6) 32— 301 — 301 last item) T §1};
(T FP + X U{i};
(8) FP EM-list «— 31 EXN-list / 302 E-list;
(9 FP_support «— X1 mupport - ¥ (E ¢ FP.EN-1li=t) E count;
(10 If FP.zuppeort = X1 zupport than
(11) Mod equivalent_items «— MNod equivalant rtems 17 {i};
(12) Elz2 if FP support = [TDE| *mum-sup, then
{13) Crazte noda Modi;
(14) Modi label + 1;
(15) MNodi ttemset «— FP,
(16) MNod childnodes «— MNod.childnodes T {Modi};
(17) Next_MNCad_ set «— Next NCad_ zet U {1};
(13) Endif
(1%) Endif
(20 Endfor
(21) If Mod aquivalent_itams £ @ than
221 F5 «— the zat of all subsets of Wod eguivalent stems;
231 FPSat+— {A | A=Nodlabel T A A cFE};
(24) If FP_parant = &, then
(23) FIT Mod «— FPSat;
(26) Elza
(2T)FIT Mod + {FF | FP =FF1 UFF1, (FFl= @  FP1 £ FPSat) and (FP2 = €@  FP2 ¢ FP_parent};
(28) Endif
(2% Fi+ Fi U FIT Mod;
{30) Endif
(31} If Mod childnodes £ & then
(32) For each MNod: € Ned.childnodes do
(33) Constructing Pattern_Tree(INodi, {j |j e Next_WCad_ sat, j =1}, FIT Med);
(34) Endfor
(35) Elza ratum;
{36) Endif
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IV. EXPERIMENTAL RESULTS

Our experimental findings highlight the usefulness of EN-List structures that have been tailored for particular
kinds of datasets. We used five genuine datasets for the tests, which were commonly used in previous studies on
frequent itemset mining to assess the performance of different algorithms. These datasets were downloaded
using the FIMI repository (http://fimi.ua.ac.be). The pumsb dataset contains census data. The mushroom dataset
contains features from a wide variety of mushroom species. The chess and pumsb datasets are from different
stages of the game. The accidents dataset contains information about vehicle accidents. The kosarak dataset
contains the clickstream data from an online news portal. Table 2 displays the attributes of these datasets,
including the average transaction length (#Avg.Length) and the total number of items (#ltems), transactions
(#Trans), and total number of items (#ltems). Adaptive sublist sizing and dimensionality reduction result in
significant improvements in query response times. Utilizing distributed memory systems has exceptional
scalability, making it possible to process queries on large datasets quickly. The hybrid architecture strategy
balances memory utilization and query efficiency with promising outcomes. Moreover, the integrated data
mining framework shows improved efficiency in supporting tasks and query processing.

TABLE 2
CHARACTERISTICS OF EXPERIMENTAL DATASETS.

Dataset #Items #Transaction #Avg, Length
Mnshroom 119 8124 23
Chess 13 3196 37
Kosarak 41.270 990,002 8.1
pumsl 2113 48044 74

We have contrasted the Java programming language implementations of the Fin, DiffNodesets, and EN-list
algorithms. The Windows 10 operating system powers each node.

A comparison of the duration

Figs. 4, 5, 6, and 7 give the experimental results regarding the running times of the comparative algorithms
EN-list, Fin, PrePost, and DiffNodesets with respect to the datasets that are displayed in Table 2. In these
Figures, the overall execution time is represented by the Y axis, and the minimal sum value is indicated by the X
axis. Based on the study results, we looked at their characteristics. Almost invariably, the recommended
algorithm, as illustrated in the figures, guarantees the optimal execution time efficiency. In contrast, the Fin
algorithm frequently exhibits subpar running time performance. The EN-list algorithm creates the PPC tree
structure to extract all possibly frequent item sets.

Because building the PPC tree takes a long time, the EN-list repost approach is faster than the Fin algorithm
with a large min sup. But with a small min sup, EN-list is usually faster than Prepost, DiffNodesets, and Fin.
When the threshold is dropped from 25% to 5%, EN-list performs significantly better than Fin, PrePost, and
DiffNodesets techniques for the mushroom data set shown in Figure 4. All algorithms in Fig. 5 for the chess
dataset exhibit a comparable running time efficiency up until the min sup criterion > 25%. Fin, PrePost, and
DiffNodeset datasets in Fig. 6 are often inferior to Kosarak datasets with all min sup (10 - 30%). The execution
time performance of the Fin algorithm and the PrePost Algorithm are both displayed. For the Pumsb datasets in
Fig. 7, EN-list runtimes are often faster than Fin, PrePost, and DiffNodesets, especially at low thresholds.

The post algorithm shows running time performance like the Fin method up to the min sup criterion of 1%.

In this sense, the suggested algorithm is better than the others.

EN-list PrePost DiffNodesets Fin
0.14

0.12

0.1
0.08
0.06

Runtime (sec.)

0.04
0.02

25 20 15 10 5

Minimum support (%)
Fig. 4. Running time on the mushroom dataset
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Fig. 5. Running time on the Chess dataset
=@ EN-list PrePost DiffNodesets Fin
9
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Fig. 6. Running time on the Kosarak dataset
=@ EN-list PrePost DiffNodesets Fin
60
S
2 40
[=)]
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£ 20 /
=
o

0 g———
70 65 60 55 50
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Fig. 7. Running time on the pumsb dataset

Usage of memory

The datasets in Table 2 are subjected to memory consumption tests in this part, much like in running time
experiments, where test parameter settings are the same as in previous running time experiments. Figs. 8, 9, 10,
and 11 display the memory utilization results from the experiment. Fig. 8 illustrates the memory required to
store the user input data for the Fin, PrePost, DiffNodesets, and EN-list algorithms on the mushroom datasets.
Mushroom is a relatively small dataset, and the RAM requirements of Prepost and DiffNodesets are likewise
modest. The Prepost approach still requires a large amount of RAM to mine frequently occurring itemsets, even
with a lower threshold.

The least amount of memory is used by the EN-list method for each minute period (5%, 10%, 15%, 20%,
25%). The EN-Ilist and DiffNodesets techniques demand less memory than the Prepost algorithm when the min
sup is lower. The memory utilization resulting from the EN-list, Fin, PrePost, and DiffNodesets of the chess
datasets is shown in Fig. 9. The performance of the Prepost algorithm drastically deteriorates as the threshold
falls below 15%. The EN-list technique guarantees the best possible memory use for the threshold settings and
dataset that are supplied. The memory results for the EN-list, Fin, PrePost, and DiffNodesets algorithms for the
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Kosarak datasets are shown in Fig. 10. Out of all of them, the EN-list method offers the most dependable and
effective memory performance. Prepost encounters memory overflow at almost every threshold value. Fig. 11
displays the memory required for the EN-list, Fin, PrePost, and DiffNodesets algorithms on the pumsb datasets.
Furthermore, the EN-list method has the most efficient and reliable memory performance out of all of the
alternatives. Post encounters memory overflow with respect to the entire threshold value. The PPC tree is a
special kind of tree structure that the PrePost algorithm uses. There are usually more transactions than nodes in
the PPC tree when using the N list structure, which is what the Postal Algorithm employs. Therefore, the EN-list
approach usually requires less memory than the Fin, PrePost, and DiffNodesets algorithms. These experiments
show that the best technique for mining common itemsets is EN-list, which requires the least amount of memory
for all min sup.

W EN-list M PrePost B DiffNodesets Fin
6
z
=4
[=]
£
@
£
e 2
©
=
0
25 20 15 10 5
Minimum Support (%)
Fig. 8. Memory consumption on the mushroom dataset
m EN-list B PrePost m DiffNodesets Fin
100 _
S 80
g 60
£
L8}
= 40
=
g N J-I J.‘
o - emm— J.'
35 30 25 20 15
Minimum Support (%)
Fig. 9. Memory consumption on the Chees dataset
| EN-list o PrePost m DiffNodesets Fin
150
s
= 100
Q
E
4]
=
= 50
®
* | ) @)
0
1 0.8 0.6 0.4 02

Minimum support (%)

Fig. 10. Memory consumption on the Kosarak dataset
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EN-list PrePost DiffNodesets Fin
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Fig. 11. Memory consumption on the pumsb dataset

Discussion
The provided method algorithm has successfully achieved the main goals of this work, as shown in the
aforementioned parts. Results of Runtime and Memory use demonstrate that all methods are similarly efficient
in terms of running time up until a significant min-sup threshold. However, as the threshold is lowered, multiple
empirical performance evaluation results showed that improvements to the EN-list algorithm make it far more
efficient than Fin, PrePost, and DiffNodesets algorithms. One of the primary objectives has been completed. The
second objective of this study is to mine common itemsets mining results from large data sets using all min-sup.

V. CONCLUSIONS

In this research, we introduced the EN-Ilist algorithm, a novel method for mining frequent itemsets based on
N-lists. The paper begins by describing the N-list, Prepost algorithms in detail. Second, is the PPC-tree (pre-post
coding tree). The N-list was finally described using four databases. Fin, PrePost, and DiffNodesets algorithms
with all min-sup are slower than the modified approach. Our technique divides the transaction database into
executable chunks so that it may find frequently occurring item sets in each chunk. The suggested approach
demonstrated that it used less memory than the Fin, PrePost, and DiffNodesets algorithms. The integration of
advanced techniques such as distributed memory systems and hybrid architectures showcases substantial
improvements in query efficiency. Moreover, the integration of other data mining tasks within the framework
highlights its potential for comprehensive large dataset analysis. Future work involves exploring more intricate
hybrid architectures, investigating novel dimensionality reduction techniques, and extending the framework to
incorporate emerging data types and analysis paradigms.
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