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Abstract

Association rule mining techniques can generate a large volume of sequential data when
implemented on transactional databases. Extracting insights from a large set of association
rules has been found to be a challenging process. When examining a ruleset, the fundamental
question is how to summarise and represent meaningful mined knowledge efficiently. Many
algorithms and strategies have been developed to address issue of knowledge extraction;
however, the effectiveness of this process can be limited by the data structures. A better data
structure can sufficiently affect the speed of the knowledge extraction process. This paper
proposes a novel data structure, called the Trie of rules, for storing a ruleset that is generated
by association rule mining. The resulting data structure is a prefix-tree graph structure made
of pre-mined rules. This graph stores the rules as paths within the prefix-tree in a way that
similar rules overlay each other. Each node in the tree represents a rule where a consequent
is this node, and an antecedent is a path from this node to the root of the tree. The evaluation
showed that the proposed representation technique shows significant value. It compresses a
ruleset with no data loss and benefits in terms of time for basic operations such as searching
for a specific rule, which is the base for many knowledge discovery methods. Moreover,
our method demonstrated a significant improvement in graph traversal time compared to
traditional data structures.

Keywords Data mining - Association rule mining - Trie of rules - Knowledge extraction -
Data representation

1 Introduction

Modern organizations produce, gather, and store substantial volumes of data with the intention
of using it to make strategic decisions. The level of complexity in making these decisions
can often be exasperated by the depth of understanding required to interpret relationships
within the data. Retailers are a typical example, as they utilize regular sequences or patterns in
their customer transactions in order to make marketing or supply chain management strategic
decisions.
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Association Rule Mining (ARM) is a data mining technique that extracts frequent pat-
terns and relationships among items in a dataset. The process of ARM involves obtaining the
dataset, applying an appropriate frequent item mining algorithm to it, and extracting asso-
ciation rules from the frequent itemsets generated by the algorithm. These association rules
are stored in a data structure called a ruleset, which can be very large and computationally
expensive to process. The data structure used for a ruleset is critical, as it determines the
efficiency and effectiveness of knowledge extraction methods that are based on traversing
the ruleset (Alasow et al, 2020; Bui-Thi et al., 2020; Li & Wu, 2014).

Formally, a rule can be described as an implication A — C where A is the antecedent,
and C is the consequent, A and C are sets of items from I = iy, i2, ..., i;, where ANC = {.
Each rule is derived from a database D = 11, 1, ..., t;, where each transaction ¢; is a set of
items from /.

A rule is usually described by ARM metrics (Geng & Hamilton, 2006; Wu et al., 2010;
Luna et al., 2018) such as Support and Confidence, which play a crucial role in knowledge
extraction. Support is the proportion of transactions in the database containing both the
antecedent and the consequent, while Confidence measures the proportion of transactions
containing the antecedent that also contain the consequent (Agrawal et al, 1993; Bayardo &
Agrawal, 1999).

Association rule mining algorithms were introduced by Agrawal et al (1993) to identify
the buying patterns of retail customers. These techniques are based on the exploration of
frequently occurring sequences in large-scale databases and have since been widely used in
many application areas such as customer behavior analysis, software engineering, medical
diagnostics, visual analytics, etc. (Yazgana & Kusakci, 2016; Shaukat Dar & Zaheer, 2015;
Ghafari & Tjortjis, 2019; Liu & Shen, 2016; Masa & Rauch, 2024). Generally, the output of
an ARM algorithm is a list of rules or association ruleset portrayed in a text-based manner,
requiring further analysis.

The major difference between an association rule and a frequent sequence should be
emphasized because it is vital for the future explanation of the proposed methodology. A
frequent sequence is a list of items that appears as an output of an ARM algorithm. An
association rule is a structure made from the frequent sequence by splitting this sequence
into an antecedent and consequent. For example, a frequent sequence (a, b, ¢, d) is mined
with an ARM algorithm; rules such as (a, b) — (¢, d) or (c,d) — (a, b) can be constructed
using this sequence, where the antecedent and consequent can be any valid combination of
items from the sequence. Each rule is derived from the same frequent sequence, so a single
frequent sequence can give rise to various association rules without the need for representing
the same frequent itemset with multiple sequences. As a result of that difference, evaluation
metrics applied to association rules cannot be used for frequent sequences (Agrawal et al,
1993; Brin et al., 1997). The only exception is Support (Agrawal et al, 1993); it reflects the
frequency of all items together in a rule or a sequence.

While a considerable amount of attention has been directed toward data structures for
[frequent sequence sets in the context of ARM (Bodon & Rényai, 2003; Grahne & Zhu, 2003;
Coenen et al., 2004), there has been limited focus on identifying a suitable data structure that
enables both storage of sets of association rules and the efficient extraction of knowledge.
As ARM continues to remain a popular field of study, identifying a data structure that can
effectively store and represent association rules would improve current knowledge extraction
in state-of-the-art approaches.

Contribution. In this paper, we present a novel use of the prefix-tree for storing a ruleset,
rather than a frequent sequence set, which is its typical use case. It is essential to emphasize
that the primary focus of our work is the representation of the association ruleset obtained
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from the mining process. We do not delve into the details of the mining process itself, but
rather concentrate on enhancing the efficiency and effectiveness of knowledge extraction
methods that rely on traversing the ruleset. Our contributions include:

1. Trie of Rules Data Structure Development: The paper introduces the Trie of Rules data
structure as a novel approach for efficiently storing and manipulating association rules.
This data structure aims to enhance the efficiency and comprehensibility of rule-based
systems by providing a highly optimized data structure.

2. Enhancing ruleset traversal time efficiency: Our exploration of the Trie of Rules data
structure in contrast to conventional approaches such as storing rules in pandas DataFrame
or NumPy array highlights the pivotal role of specialized data structures in optimizing
rule management. This analysis illuminates how adopting tailored data structures can
substantially diminish time complexity in knowledge discovery tasks, thus facilitating
expedited and more efficient extraction of insights from association rules.

3. Confidence Calculation for Compound Consequents: the Trie of Rules data struc-
ture introduces a novel property that has the potential to significantly enhance further
exploration of knowledge and increase speed efficiency when querying the ruleset: the
ability to calculate Confidence for rules with compound consequents directly from the
graph structure. This unique feature not only streamlines the process of evaluating com-
plex rules but also facilitates faster traversal and exploration of the ruleset, ultimately
improving the efficiency of knowledge extraction in association rule mining

Paper structure The remainder of this paper is structured as follows: Section 2 provides
a comprehensive review of existing literature, focusing on the data structures employed for
storing transactions, frequent sequences, and association rules, along with their respective
advantages and limitations. Section 3 delves into our methodology, offering algorithmic
descriptions and an illustrative example to elucidate its workings. In Section 4, we present the
results of our evaluation methodology, including comparisons with existing popular solutions.
Finally, Section 5 concludes the paper by summarizing key findings and outlining potential
avenues for future research. Six detailed algorithms referenced in the main part of the paper
are presented in the Appendix.

2 Related works

In Association Rule Mining, the efficient storage and retrieval of both transactional data
and association rules are crucial for successful knowledge extraction and decision-making
processes. To address this need, various data structures and algorithms have been proposed
for storing transactions and association rules. The following sections explore prominent data
structures tailored for each purpose. The first subsection focuses on data structures for storing
transactions, while the second subsection delves into data structures specifically designed for
storing association rules.

2.1 Data structures for storing transactions

In the domain of Association Rule Mining, efficient storage and retrieval of transactional
data are essential for identifying frequent itemsets, which serve as the basis for generating
association rules. Various data structures have been proposed and employed for this purpose,
each offering unique advantages and limitations. Here, we explore several prominent data
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structures and algorithms tailored for storing transactions in ARM, highlighting their distinct
characteristics and applicability.

2.1.1 Linked lists or vertical database

Zaki et al. proposed parallel algorithms for the discovery of association rules, utilizing a
vertical database layout (Zaki et al., 1997). This layout organizes transactions such that
each item is followed by its transaction ID list (TID-List), containing the list of transaction
identifiers containing that item. While efficient for support-based frequent set mining tasks,
this data structure is not explicitly designed for managing association rules or incorporating
additional metrics beyond Support.

Liu et al. proposed an improved association rules mining method utilizing a trifurcate
linked list storage structure for the directed itemsets graph (Liu et al., 2012). This structure
organizes data related to frequent itemsets, such as item names, TID-Lists, and Support
numbers, to enhance the efficiency of the mining algorithm. However, its focus remains on
organizing data for mining frequent itemsets rather than managing association rules directly.

2.1.2 Trees

Coenen et al. proposed the utilization of T-Trees and P-Trees as data structures for storing
itemsets in the context of ARM (Coenen et al., 2004). These structures, although not directly
employed for storing association rules themselves, play a crucial role in efficiently managing
the itemsets necessary for generating association rules. T-Trees and P-Trees are optimized
for storing and managing frequent itemsets and are particularly effective in conjunction with
ARM metrics such as Support. However, their application is limited solely to the mining
process, as they do not manage actual rules or utilize metrics such as Confidence.

Vu and Alaghband introduced the FEM algorithm, which primarily focuses on mining fre-
quent patterns from transactional databases (Vu & Alaghband, 2011). The algorithm utilizes
the FP-tree data structure for mining frequent patterns and TID-Lists for storing transactions.
While the FEM algorithm efficiently discovers frequent itemsets and patterns in transac-
tional data, it does not explicitly store association rules and metrics such as Confidence or
Lift. Instead, its focus remains on mining frequent itemsets rather than managing association
rules.

Shabtay et al. proposed the guided FP-Growth algorithm, incorporating two main data
structures to optimize the mining process (Shabtay et al., 2021). These structures, namely
the FP-Tree and TIS-Tree (Targeted Item-Set Tree), enable the algorithm to efficiently mine
multitude-targeted item-sets and class association rules in imbalanced data. While the guided
FP-Growth algorithm focuses on mining specific item-sets of interest, it does not directly
store association rule mining (ARM) metrics beyond Support. Instead, it prioritizes the opti-
mization of the mining process to extract valuable insights from transactional data efficiently.

2.1.3 Items graphs
Koh et al. presented the Items Graph, a data structure constructed based on interactions

between items in the dataset (Koh et al., 2010). Each node in the graph represents an item, and
the edges between nodes indicate the strength of interactions or Support of the itemsets. Yen
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and Chen discussed a Graph-Based Approach for Discovering Various Types of Association
Rules (Yen & Chen, 2001). Both papers highlight how graphs are fundamental data structures
to represent relationships between items and patterns in the dataset. The algorithms construct
an association graph where each node represents an item, and edges between nodes indicate
associations based on their co-occurrence in transactions. After constructing the association
graph, the algorithm traverses it to generate all large itemsets. Furthermore, the graph may
capture hierarchical relationships between items or concepts. While effective for itemset-
based analysis, these structures are limited to support-based tasks and do not directly handle
association rule storage or metrics.

2.1.4 Summary

While these data structures and algorithms excel in efficiently storing and managing transac-
tional data for ARM, their limitations in terms of handling association rules and incorporating
additional metrics beyond Support must be stated. They primarily serve the purpose of min-
ing frequent itemsets and patterns, laying the groundwork for subsequent rule generation
and knowledge extraction phases of ARM. Understanding their strengths and weaknesses
is crucial for selecting the most suitable approach for a given ARM task. The key differen-
tiator of our work lies in addressing these limitations through an approach that targets the
efficient storage and manipulation of association rules, distinct from transactions or frequent
sequences.

2.2 Data structures for storing association rules

In the domain of Association Rule Mining (ARM), efficient storage and retrieval of associa-
tion rules are essential for knowledge extraction and subsequent decision-making processes.
Various data structures and algorithms have been proposed and utilized for storing associ-
ation rules, each with its own set of advantages and limitations. Here, we explore several
prominent data structures and algorithms tailored for storing association rules, highlighting
their distinct characteristics and applicability.

2.2.1 Data structures in Rand python

Hahsler, Griin, and Hornik discussed the R arules package, a computational environment for
mining association rules and frequent itemsets (Hahsler et al., 2005). The package utilizes
well-designed DataFrame structures to efficiently store association rules, including classes
such as transactions, TID-Lists, itemsets, and rules, providing a unified interface for working
with sets of itemsets or rules.

Stancin and Jovic provided an overview of free Python libraries for data mining and big
data analysis (Stancin & Jovic, 2019). While the paper mentions various data structures such
as lists, arrays, dictionaries, and DataFrames for storing association rules, it emphasizes the
use of pandas, a popular library for handling tabular data structures, including DataFrames.

Hahsler introduced ARULESPY, a Python package for exploring association rules and
frequent itemsets (Hahsler, 2023). It provides functionalities to convert data into pandas
DataFrames for efficient processing and analysis. In a related paper, Hahsler discussed group-
ing association rules using Lift (Hahsler, 2016). While the specific data structure used to store
the ruleset is not mentioned, the authors highlighted the challenges of dealing with large
sets of association rules and the computational complexity involved in clustering strategies.
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Given that the ARULESPY library is based on pandas DataFrames, it can be inferred that
DataFrames are a common choice for knowledge discovery methods in ARM.

2.2.2 Rules graphs

De Padua et al. conducted an analysis on community detection and clustering algorithms for
post-processing association rules (De Padua et al., 2018). While the exact method for storing
association rules is not specified, the paper discusses constructing a similarity matrix between
nodes to facilitate clustering and community detection techniques. This method involves
representing each rule as a node and constructing a graph where each node represents a rule,
enabling clustering and community detection based on rule similarity. However, this approach
is limited to specific clustering tasks and does not provide insights into the efficiency of the
underlying data structure.

Jin et al. proposed the use of a graph data structure in their Bundle Graph Convolutional
Network (BGCN) model for multi-behavior recommendation (Jin et al., 2020). The authors
construct a heterogeneous graph G = (V, E) where nodes represent users, bundles, and
items, and edges capture interactions such as user-bundle, user-item, and bundle-item inter-
actions. This approach allows for the modeling of intricate relationships between users, items,
and bundles, facilitating the extraction of valuable association rules for bundle recommenda-
tions. However, this approach requires additional domain knowledge about users and more
comprehensive data, which may limit its application.

2.2.3 Rules

Berrado and Runger discussed the use of metarules to organize and group discovered asso-
ciation rules (Berrado & Runger, 2007). Although the paper proposes storing metarules as a
graph, focusing on organizing and grouping association rules, it does not explicitly discuss
the efficiency of the data structure used for storage.

Bui-Thi et al. introduced MoMAC, a multi-objective optimization approach for combining
multiple association rules into an interpretable classification model (Bui-Thi et al., 2022). In
this approach, association rules are stored in a rule list data structure, providing an ordered
set of rules. While efficient for classifier size and prediction accuracy optimization, it pri-
marily focuses on rule combination rather than the storage and representation of individual
association rules.

2.2.4 Others

Liand Wu presented a multi-tier granule mining approach for the interpretation of association
rules (Li & Wu, 2014). This approach utilizes a multi-tier structure to represent association
rules, consisting of sets of granules at different tiers and association mappings that illustrate
relationships between these granules. While effective for generating granules and interpreting
association rules, it does not explicitly store the original association rules, focusing instead
on representing them in terms of granules.

Jentner and Keim discussed visualization and visual analytic techniques for patterns (Jent-
ner & Keim, 2019). While various visualization approaches were explored, including matrix
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representation, graph-based representation, and Fp-tree representation, the underlying data
structures used for storing association rules were not analyzed.

Bui-Thi et al. proposed a methodology for clustering association rules to build beliefs and
discover unexpected patterns (Bui-Thi et al., 2020). The study utilizes numerical feature vec-
tors to represent association rules, capturing both semantic and lexical relationships between
patterns. While this methodology enhances rule clustering, it requires domain knowledge
information about items, limiting its application. Additionally, it only allows one application
- clustering - as it does not store any ARM metrics or relationships between rules described
by a correlation matrix of feature vectors.

Moahmmed et al. introduced a methodology for clustering association rules in big datasets
using Hadoop MapReduce (Moahmmed et al., 2021). Although the document focuses on the
methodology, algorithms, and performance evaluation, it does not explicitly mention the
data structure used to store association rules. Common practices suggest that association
rules in MapReduce frameworks are stored in key-value pairs or structured formats suitable
for distributed computing environments like Hadoop MapReduce.

2.2.5 Summary

In summary, the field of data structures for storing association rules is not extensively explored
compared to data structures for storing transactional data. While some methodologies focus
on clustering association rules or utilizing multi-tier structures for interpretation, there is a
lack of research on efficient data structures specifically tailored for storing and representing
association rules. Most existing approaches either focus on rule combination or use generic
data structures like DataFrames without optimizing for the unique characteristics of associ-
ation rules. However, the development of specialized data structures explicitly designed for
association rules is imperative. Such structures have the potential to significantly enhance
speed, memory efficiency, and uncover implicitly hidden insights. Moreover, a structure that
reveals and utilizes the unique structure of association rules can facilitate knowledge extrac-
tion and open the field for new methods in the realm of ARM. Further research is needed to
develop specialized data structures that enhance the efficiency and effectiveness of knowledge
extraction methods in a set of association rules.

3 Methodology
3.1 Trie of rules

Prefix-trees are popular in Association Rule Mining, particularly the FP-tree data structure,
which is commonly used for storing frequent sequences and is known for its compactness
and efficiency in traversal (Bodon & Roényai, 2003; Han et al., 2004; Grahne & Zhu, 2003;
Shahbazi & Gryz, 2022). However, prefix-trees have not been extensively explored as a
data structure for storing association rules along with their metrics. Therefore, in this study,
we propose a novel use of prefix-trees, also known as tries (Crochemore & Lecroq, 2009),
called the "Trie of Rules", for representing a set of association rules that can serve as a
viable alternative to a regular DataFrame. Our proposed data structure takes the form of a
graph containing all rules and associated metric values. This structure avoids redundancy
while also increasing the traverse speed. It is suitable for various graph-based knowledge
extraction methods and visualizations, as well as for efficient storage and retrieval of rules.

To ensure that logically equivalent rules are stored consistently in the Trie of Rules, we
preprocess the rules by sorting the items within the antecedent and consequent according to
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their frequency in the frequent set before inserting them into the Trie. This approach ensures
that rules such as @ — b and ab — ¢, as well as a — b and ba — c, are treated identically
and stored on the same path in the Trie.

The methodology for using the Trie of Rules can be explained through a three-step pro-
cess (see Appendix for detailed algorithms):

1. Step 1: Apply an ARM algorithm on a transactional dataset to acquire a list of frequent
sequences (dictionary of the form {list of items : Support}) and a ruleset (list of Rule
objects - Algorithm 2).

2. Step 2: Preprocess the ruleset by sorting the items within the antecedent and consequent
of each rule based on their frequency in the set of frequent sequences. Using Algorithm 1,
create a Trie from the ruleset and frequent set from the previous step to form a trie object.
This algorithm builds a trie (Algorithm 4) using the list of frequent sequences from Step 1.
Each node (Algorithm 3) in the trie represents a rule. The rule is a path from the root to
a desired node, where a consequent is the last node in the path, and an antecedent is all
the previous nodes in the same path before the desired node (see Fig. 1).

3. Step 3: Label each node with the Support, Confidence, and other metrics relating to the
corresponding rule (see Fig. 1) using Algorithm 6.

Algorithm 1 Creating a Trie from ruleset.

Description: This function creates a Trie data structure from a given set of rules and their corresponding
frequent sequences.

1: function CREATE_TRIE(rule_set, frequent_sequences) — Trie > rule_set is a list of rule objects,
[frequent_sequences is a dictionary with sequences of items as keys and their associated Support values

2:  trie < TRIE() > Initialize an empty trie

3. for each rule in rule_set do

4: trie.insert_rule(rule, frequent_sequences) > Insert the rule into the trie

5:  end for

6:  for each child in trie.root.children do

7: trie.extend_node(child, frequent_sequences) > Calculate metrics starting the recursive traversal

from the root node children, using the frequent sequences
8:  end for
9:  return trie
10: end function

To retrieve a certain rule, use Algorithm 7, Searching a Rule in the Trie.

3.2 Anillustrative example

Let’s consider an example from a simple dataset to illustrate the advantages of using the Trie
of rules approach.

1. Step 1: In the first step, a ruleset is obtained through an ARM algorithm applied to the
dataset. The process of acquiring this ruleset is user-specific and falls outside the scope
of this work. The ARM algorithm yields a list of frequent sequences and a set of rules
(see Table 1).

2. Step 2: The list of rules serves as the source dataset for creating a Trie of rules (see
Algorithm 1). The trie is initialized with a root node (Null), followed by the insertion of
rules (see Algorithm 5) from Table 1 into the trie, one by one. In this example, the first
rule inserted is (f, ¢, a — m, p). The items of the rule are inserted into the trie as nodes.
Figure. 2(a) shows the trie after the first rule has been fully traversed. Subsequently, the
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Rule

Antecedent

Consequ/eyx

o Node m contains Support, Confidence, Lift values of
rule: f,c,a—=m

Fig. 1 The structure of a rule in a Trie of rules

second rule (f — b) is inserted into the trie. Note that the element f has occurred
before, as seen in the trie created thus far. Therefore, instead of creating a new branch,
the second rule overlays the existing trie and creates an additional branch only when the
b item occurs. After traversing the second rule, the trie appears as shown in Fig. 2(b).
The last rule to be inserted is (¢ — b). Since this rule differs from others in terms of its
first item, a new branch is created from the root. Finally, after traversing all the rules, the
trie appears as shown in Fig. 2(c).

It is important to note that while a rule, for example, ( f, ¢, a — m, p) is inserted into the
trie, it is treated similarly to a frequent sequence for the purpose of traversal. This means
that the antecedent (f, ¢, a) and the consequent (m, p) are sorted individually based on
their frequency and then concatenated for insertion. Therefore, it appears in the trie as a
sequence but maintains the distinction of being a rule due to the individual sorting and
concatenation process. This approach ensures that the rules are correctly represented and
stored within the Trie structure.

Table 1 Ruleset and frequent

Ruleset Frequent sequences
sequences No Rule No Frequent sequence Support

1 f,c,a—m,p 1 f,c,a,m,p 0.1

2 f—b 2 f,c,a, m 0.15

3 c—b 3 f,c,a 0.2
4 f,c 0.25
5 f,b 0.2
7 c,b 0.2
6 f 0.5
8 c 0.3
9 b 0.25
10 a 0.2
11 m 0.15
12 p 0.1
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(©)

Fig.2 Step 2 process. The Trie of rules after: the first (a), second (b), and third (c) rules are inserted

3. Step 3: Each node in the Trie of rules is extended with metrics such as Support, Confi-
dence, and any others corresponding to the rule that the node represents (see Algorithm 6).
Refer to Fig. 3 for illustration.

3.3 Confidence for compound consequents

Luxenburger (1991) and Kryszkiewicz (2002) discussed the Confidence Transitivity Prop-
erty, which allows for the calculation of Confidence for compound consequents. This property
states that the Confidence of a compound-consequent rule can be calculated as the multiplica-
tion of Confidence values of the nodes in the consequent. The following equations illustrate
this property:

_ Sup@bc.d)
Conf(a,b— c,d) = Sup(a, b) v
_ Sup(a, b, ¢)
Conf(a,b—)c)_m (2)
_ Supla.b.cud)
Conf(a,b,c - d) = Sup(a, b, c) v

To prove the point, (1) can be derived by combining (2) and (3).

Node a stores ARM metrics of a rule:

f,c = a

Fig.3 Step 3. ARM metrics of node a
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Sup(a, b, ¢) o Sup(a, b, c,d)
Sup(a, b) Sup(a, b, c)
_ Sup(a, b, c,d)
" Sup(a, b)
= Conf(a,b — ¢, d) 4)

Conf(a,b — ¢) x Conf(a,b,c — d) =

Our structure naturally employs this rule for calculating the Confidence of compound
consequents, allowing faster retrieval through the dataset. In a Trie of rules, each node shows
Confidence only for a rule with a single-item consequent; however, the proposed represen-
tation model can be used to derive the value of Confidence for more complex rules directly
from the graph. This calculation is shown in Algorithm 7, specifically in line 17. Figure 4
illustrates this concept.

This feature is possible because of the specifics of a Trie of rules. In order to calculate
Confidence of a rule, two values are used: Support of the antecedent and Support of the
entire rule. As mentioned, the Trie of rules is based on the prefix-tree structure. Hence, every
path starting from the root is unique because identical sequences will overlay each other
in one path. Consequently, when picking a node and observing a Support value in it, one
can be sure that this value represents true Support for the sequence equal to the path to this
node. Therefore, the calculation of Confidence does not require any information from other
branches. All this allows us to multiply Confidence values for a sequence of nodes, which
further allows us to evaluate rules with compound consequents in a Trie of rules.

However, this rule is limited to Confidence calculation. For other metrics, different meth-
ods need to be employed, which we consider as future work.

The next section presents an evaluation of the proposed data structure.

4 Evaluation

The evaluation of the proposed data structure is crucial for assessing its effectiveness in
advancing knowledge discovery methods. In this section, we perform the following analyses:

e Analysis of search time for finding a rule in a ruleset.
e Assessment of how search time varies with different ruleset sizes.
e Evaluation of the memory efficiency of the data structure.

As many knowledge extraction algorithms involve traversing a dataset and searching for
certain rules, improving the speed of these functions can enhance the efficiency of related
tasks. To benchmark the performance of the Trie of Rules data structure, we compare it with

Conf: 0.7 Conf: 0.6
L J\ J
Y RS

Antecedent Compound
Consequent

Y

Rulea,b — c,d
Conf(a,b— ¢,d) =0.70.6 = 0.42

Fig.4 A rule with a compound consequent
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two widely used alternatives: the Pandas DataFrame and NumPy. These comparisons allow
us to assess the effectiveness and efficiency of our proposed approach for storing association
rules.

All experiments were conducted on the same machine within the same environment. The
machine used was a MacBook Air (2019) with a 1.6 GHz dual-core Intel Core i5 processor, 8
GB of LPDDR3 RAM, a 256 GB SSD, and macOS Sonoma (version 14.5). The experiments
were conducted within the JupyterLab environment, using Python 3.11, pandas version 2.1.4,
and NumPy version 1.26.2.

4.1 Pandas dataframe

The pandas library provides the DataFrame data structure (The Pandas development team,
2024; Wes McKinney, 2010), designed for two-dimensional tabular data handling, akin to
spreadsheets or SQL tables. Internally, pandas uses hash tables for indexing, enabling fast
lookups and efficient data operations. With hash table indexing, pandas ensures swift data
retrieval based on labels or position, facilitating operations such as filtering, aggregation,
and transformation. This makes it a popular choice for storing association rules, as modern

(Confidence Threshold = 0.1)
Size of Ruleset
4524 2210 1370 895 643 469 361 289

L

(Confidence Threshold = 0.01)
Size of Ruleset

8812 3916 2194 1350 922 634 468 362
L

\ \ | ) ) | \ 1.0 4
—— Pandas DataFrame — Pandas DataFrame
1.50 A — Numpy — Ngmpy
- Trie of Rules = 081 Trie of Rules
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£ 1.00 1 [
5 o
o i ©
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2 0501 g
v [
> Z 0.2
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0.00 0.0
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Fig.5 Evaluation of average search time for rules in data structures created with different support and confi-
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Python libraries for Association Rule Mining often default to pandas DataFrame for rule
storage.

4.2 NumPy

NumPy (Harris et al., 2020) provides Support for large, multi-dimensional arrays and matri-
ces, along with a collection of mathematical functions to operate on these arrays.

NumPy’s ndarray (n-dimensional array) allows for efficient storage and manipulation of
large datasets with its Support for multiple dimensions and various data types. It provides a
versatile and efficient foundation for numerical computation and data manipulation tasks in
Python.

The ndarray can serves as a data structure for storing association rules in a 2D matrix
format with columns representing antecedent, consequent, Support, and Confidence.

4.3 Experiment on grocery dataset

To assess the proposed data structure, we utilized a grocery dataset sourced from the "arules"
package within the R Project for Statistical Computing (Hahsler et al., 2006). This dataset,
originally introduced in the context of association rule mining, comprises transactional data
collected from a local grocery outlet over a one-month period. With a total of 9,834 transac-
tions and 169 unique items, this dataset provides a rich source of information for studying
market basket analysis and deriving meaningful insights into consumer buying patterns.

Experiments were conducted to examine the average search time for finding a rule in a
ruleset constructed with different pairs of Support and Confidence thresholds. All generated
rules were used to construct the data structures. Using Algorithm 7, which finds a rule
and returns its metrics, all the rules were searched. This operation is commonly needed in
knowledge discovery methods and for typical user queries to retrieve rule metrics. As shown
in Fig. 5, the average search time was compared across various Confidence and Support
values, demonstrating how the size of the ruleset affects the search time. A range of 100
different minimum Support thresholds between 0.003 and 0.0135, along with four different
Confidence values: 0.01, 0.1, 0.2, and 0.3, was chosen to cover a broad spectrum of ruleset
sizes, ensuring both sparse and dense rulesets were included in the analysis.
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Fig.6 Search time analysis and comparative statistics for Trie of Rules, Pandas DataFrame, and NumPy
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Table2 Summary of evaluation on grocery dataset (1,752 rules, minimum support = 0.005, minimum Confi-
dence =0.1)

Trie of rules Pandas dataframe NumPy
Total traversal time (sec) 0.00287 1.361 0.320
Average search time (us) 1.63 770 183
Size (megabytes) 0.917 1.996 0.0564

Based on this analysis, a minimum Support threshold of 0.005 and a Confidence threshold
of 0.1 were selected for a more detailed evaluation. These values provided a balance between
having a manageable number of rules and sufficient Confidence for meaningful insights.
The specific values allowed for generating a comprehensive set of rules while avoiding the
extreme cases of very sparse or excessively dense rulesets. The ARM algorithm generated
1,001 frequent sequences and 1,752 association rules. All generated rules were used for the
Trie of Rules.

Figure 6(a) demonstrates the results of searching all rules in each data structure, with a
summary of the results provided in Table 2. The average search time for the Trie of Rules
was 1.63 microseconds, significantly lower than that of Pandas DataFrame, which was 770
microseconds, and NumPy, which was 183 microseconds. The total time taken to search all
rules was 0.00287 seconds for the Trie of Rules, 1.361 seconds for Pandas DataFrame, and
0.320 seconds for NumPy.

Pairwise t-tests confirmed the significance of these differences (Fig. 6(b)). The null hypoth-
esis, stating that the difference in search times between the Trie of Rules and each of the other
data structures is zero, was rejected with a p-value < 0.05, indicating that the differences are
statistically significant.

The Trie of Rules utilizes a compact representation. The number of nodes is always
approximately equal to the number of rules as indicated by Fig. 7(a). The number of internal
nodes and leaves grows linearly with the total number of items in all rules, as shown in
Fig. 7(b).
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Fig.7 Analysis of node count relative to ruleset size and total item count
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Table 3 Summary of evaluation on retail dataset (381,912 rules, minimum support = 0.02, minimum confi-
dence =0.2)

Trie of rules Pandas dataframe NumPy
Total traversal time (sec) 9.4 27,766 18,675
Average search time (ms) 0.024 72 48.9
Size (megabytes) 188 452 12

4.4 Experiment on retail dataset

To further evaluate the scalability of the proposed data structure, a larger dataset was used.
The Retail dataset (Chen, 2015) contains information related to online retail customers,
capturing their transactional behavior over a given period. It consists of approximately 18,000
transactions and 3,600 different items. A minimum Support threshold of 0.002 and a minimum
Confidence threshold of 0.2 were chosen, resulting in 45,362 frequent sequences and 381,912
association rules. These thresholds were selected to produce a larger set of rules, which is
ideal for thoroughly examining the effectiveness and efficiency of the Trie of Rules data
structure. The summary of the evaluation is presented in Table 3.

Traversing through all rules in the Trie of Rules took 9.4 seconds with an average time
of 24 microseconds. For NumPy, the total time was 5 hours with an average time of 48.9
milliseconds, while for Pandas DataFrame, it took more than 7 hours to traverse through the
whole dataset with an average time of 72 milliseconds.

The Trie of Rules boasted impressive space efficiency, as evidenced by its compact rep-
resentation. The tree has a height of 9, comprising 248,864 leaf nodes and 141,053 internal
nodes, occupying 188 megabytes of memory. Meanwhile, NumPy and DataFrame both con-
tained 381,912 rows, with NumPy consuming only 12 megabytes of memory and DataFrame
452 megabytes. These results underscore the Trie of Rules’ capacity for space optimization,
further emphasizing its suitability for handling large-scale datasets.

On this larger dataset, the time to create a Trie of Rules was also measured. As shown in
Fig. 8, the creation time is linearly dependent on the size of the ruleset. The plot indicates that
the slope is approximately 0.4 seconds per 100,000 rules. This linear relationship suggests
that the Trie of Rules scales efficiently with increasing ruleset sizes, maintaining a predictable
and manageable increase in creation time as the number of rules grows. This characteristic
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of the ruleset 144
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is particularly advantageous for large-scale datasets, ensuring that the structure can be built
within a reasonable timeframe even as the dataset size expands.

In conclusion, the Trie of Rules outperforms both Pandas DataFrame and NumPy in
terms of search time and space efficiency across different datasets. This faster search time
can be attributed to the Trie of Rules naturally clustering rules, narrowing the search space
with each additional item as it traverses deeper into the tree. Its structural efficiency and
fast traversal make it a promising candidate for efficiently handling large-scale datasets.
Moreover, its unique properties, such as a breadth-first search strategy and optimized space
usage, contribute to its effectiveness in knowledge extraction tasks.

5 Conclusion and future work

Association rule mining is a popular method used for knowledge discovery in various fields.
However, little attention has been given to the data structure used to store the resulting
ruleset. In this paper, we proposed the Trie of Rules data structure for storing association
rules, aiming to facilitate efficiency in further knowledge extraction by increasing the speed
of traversal through a dataset and providing a graph representation of rules, allowing the use
of graph-based knowledge extraction methods.

The Trie of Rules organizes rules into a prefix-tree graph structure, enabling faster traversal
through the ruleset and reducing the time complexity of knowledge discovery methods.
Comparing this method with existing methods such as storing rules as a plain table or hash-
tables Supported data frames showed superior efficiency in terms of traversal time. This
novel data structure provides a valuable tool for knowledge extraction and has the potential to
contribute to the development of more efficient and effective approaches for rule exploration
and visualization.

Further investigation is needed to determine the optimal order in which items should be
placed in the Trie, considering factors such as their Support or other relevant parameters. This
optimization could lead to better performance and scalability of the data structure. Addition-
ally, exploring the possible use of the Trie of Rules data structure for visualization purposes
of association rules could enhance the interpretability of ARM results. Visualizations can
provide insights into the relationships between items and help users understand complex
patterns more intuitively.

Appendix A Algorithms

Algorithm 2 Rule object definition with constructor procedure.

class Rule:
attributes:
- antecedent: list[str] > Sequence of items in the rule antecedent
- consequent: list[str] > Sequence of items in the rule consequent
- metrics: dictionary([str, float] > Dictionary to store metrics

procedure RULE():
self.antecedent < []
self.consequent < []
self.metrics < {’Support’: None, ’Confidence’: None }
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Algorithm 3 Trie node structure with constructor procedure.
1: class TrieNode:

2: attributes:

3: - children: dictionary[str, TrieNode] > dictionary of child nodes (item name : node)
4: - predecessor: TrieNode > The parent node
5: - value: str > Name of the item associated with the node
6: - metrics: dictionary([str, float] > Dictionary to store metrics
7:

8: procedure TRIENODE(predecessor, value):

9: self.children < {} > Initially, no children; dictionary is empty
10: self.predecessor < predecessor

11: self.value < value

12: self.metrics <— {’Support’: None, ’Confidence’: None }

Algorithm 4 Trie structure with constructor procedure.
1: class Trie:

2 attributes:

3 - root: TrieNode > Represents the root node of the trie
4 - item_frequency: dictionary[str, int] > Frequency of individual items
S: methods:

6 - insert_rule(self, rule): void > Inserts a new rule into the trie
7 - search_rule(self, rule): Rule or None > Searches for a rule in the trie
8 - extend_node(self, node, frequent_sequences): void > Extend nodes with ARM metrics
9:

10: procedure TRIE():

11: self.-root <— TRIENODE(predecessor=None, value=None)

12: self.root.metrics < {’Support’: 1.0, ’Confidence’: 1.0 }

13: self.item_frequency < {}

Algorithm 5 Inserting a rule in the Trie - Trie class method.

Description: This procedure inserts a rule into a Trie object after sorting the antecedent and consequent items
based on their frequency.

1: procedure TRIE.INSERT_RULE(self, rule, frequent_sequences)

> Sort the antecedent items by their frequency (descending)
sorted_antecedent <« sort(rule.antecedent, A(x, y) — self.item_frequency[x] >
self.item_frequency[y])

2: current_node < self.root

3: > Update item frequencies
4:  for each item in rule.antecedent + rule.consequent do > Concatenate two lists
5: if item not in self.item_frequency then

6: self.item_frequency[item] <— frequent_sequences[item]

7: end if

8:  end for

9:

10:

11: > Sort the consequent items by their frequency (descending)

12 sorted_consequent <« sort(rule.consequent, M(x, y) — self.item_frequency[x] >
self.item_frequency[y])

13: rule_itemlist <— sorted_antecedent + sorted_consequent > Concatenate two lists

14: for each item in rule_itemlist do

15: if item not in current_node.children then

16: current_node.children[item] <— TRIENODE(predecessor = current_node, value = item)

17: end if

18: current_node < current_node.children[item]

19:  end for

20: end procedure
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Algorithm 6 Extend Trie with ARM metrics - Trie class method.
Description: This procedure adds Support and Confidence metrics to the node and its children recursively.
1: procedure TRIE.EXTEND_NODE(self, node, frequent_sequences) > frequent_sequences is a dictionary
with sequences of items as keys and their associated Support values
item_list < []
current_node <— node
while current_node # self.root do
item_list < item_list + current_node.value > Append items in the path to the root to the list
current_node < current_node.predecessor
end while
node.metrics|’Support’] < frequent_sequences|item_list] > Set Support metric from the frequent
sequences
9: > Calculate Confidence for the node:
10:  node.metrics[’Confidence’] <— node.metrics[’Support’] / node.predecessor.metrics[’Support’]
11:  for each child in node.children do
12: self.extend_node(child, frequent_sequences) > Recursively traverse child nodes
13:  end for
14: end procedure

AR

Algorithm 7 Searching a rule in the Trie - Trie class method.

Description: This function searches for a rule in the Trie and returns its metrics if found.
1: function TRIE.SEARCH_RULE(self, rule)

2:  current_node < self.root

3:  sorted_antecedent <« sort(rule.antecedent, A(x, y) — self.item_frequency|x] >
self.item_frequency[y])

4:  sorted_consequent <« sort(rule.consequent, A(x, y) — self.item_frequency[x] >
self.item_frequency[y])

5 for each item in sorted_antecedent do

6: if item not in current_node.children then

7 return None > Rule not found

8 end if

9: current_node < current_node.children[item]

10:  end for

11: rule_confidence < 1.0

12: for each item in sorted_consequent do

13: if item not in current_node.children then

14: return None > Rule not found

15: end if

16: current_node < current_node.children[item]

17: rule_confidence < rule_confidence x current_node.metrics[’Confidence’]

18:  end for

191 rule.metrics <— {’Support’: current_node.metrics[’Support’],’Confidence’: rule_confidence}
20:  return rule.metrics
21: end function
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