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Abstract

In the last decades and the growth of digital devices, the analysis of user navigation patterns
on websites presents a significant challenge for organizations aiming to enhance their digital
strategies. This thesis focuses on the field of episode mining and introduces our algorithm,
developed by modifying one of the episode miming algorithms approach to efficiently handle
parallel episodes. By analyzing sequences of web page visits,the proposed version enables the
extraction of episode rules. with improved performance and scalability. Experimental results
on real world datasets demonstrate that our algorithm offers notable gains in execution time
and accuracy compared to traditional methods, making it a valuable tool for predicting user

behavior and supporting data driven decision-making in web analytics.

Keywords: Episode Mining, Web User Behavior, Sequential Data, Episode Rules, Data
Mining.



Résumé

Au cours des dernieres décennies et avec le développement des appareils numériques,
I’analyse des habitudes de navigation des utilisateurs sur les sites web représente un défi ma-
jeur pour les organisations souhaitant améliorer leurs stratégies numériques. Cette these se
concentre sur le domaine de I’exploration d’épisodes et présente notre algorithme, développé
en modifiant I’une des approches de 1’algorithme de mime d’épisodes pour gérer efficacement
les épisodes paralleles. En analysant les séquences de visites de pages web, la version proposée
permet d’extraire les regles d’épisodes, avec des performances et une évolutivité améliorées.
Les résultats expérimentaux sur des ensembles de données réels démontrent que notre algo-
rithme offre des gains notables en termes de temps d’exécution et de précision par rapport aux
méthodes traditionnelles, ce qui en fait un outil précieux pour prédire le comportement des

utilisateurs et soutenir la prise de décision basée sur les données en analyse web.

Mots-clés : Découverte Des Episodes, Comportement Des Utilisateurs Web, Données

Séquentielles, Regles D’épisode, Exploration De Données.
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General Introduction

The explosive growth of digital data in recent years has created both opportunities and
challenges for extracting meaningful knowledge from complex and voluminous datasets. In
response, data mining has emerged as a critical discipline that enables the discovery of patterns,
correlations, and insights across various domains such as finance, healthcare, cybersecurity, and
e-commerce. Within this broad field, pattern mining focuses on identifying recurring structures

in data, helping to uncover regularities and behavioral trends.

A particularly important subfield of pattern mining is episode mining, which targets the dis-
covery of frequent episodes sets of events that occur in a specific order (serial) or without order
constraints (parallel) within sequential data streams. Episode mining is especially relevant in
applications where understanding the temporal dynamics of event sequences is crucial, such as

clickstream analysis, system monitoring, and user behavior prediction.

This thesis is dedicated to an in-depth exploration of episode mining, covering both the
theoretical foundations and the practical aspects of algorithm design and evaluation. After
reviewing key concepts and techniques in data and pattern mining, the thesis focuses on the
frameworks, frequency definitions, and search strategies that underpin frequent episode mining
(FEM). Special attention is given to various mining algorithms, including MINEPI, MINEPI+,
EMMA, and NONEPI.

A central contribution of this work lies in the implementation and experimental study of
the NONEPI algorithm, along with a custom parallelized version designed to handle parallel
episodes more effectively called NONEPI-P. Using real-world event sequence data, the the-
sis evaluates the performance, accuracy, and applicability of these algorithms in discovering
frequent episodes and generating association rules. The experimental results provide valuable

insights into the strengths and limitations of existing techniques and demonstrate the potential



of enhanced approaches for practical pattern discovery tasks.

By combining a solid theoretical foundation with hands-on experimentation, this thesis
aims to advance the understanding of episode mining and contribute to its application in real-

world data analysis scenarios. This thesis is organized as follows:

* Chapter 1 introduces the key concepts of data mining, including its main objectives,
techniques, and application domains, and we focus on pattern mining and episode min-

ing.

* Chapter 2 explores the theoretical foundations of episode mining, covering core con-
cepts, frequency definitions, search strategies, and major algorithms such as MINEPI,

MINEPI+, EMMA, and NONEPI.

* Chapter 3 presents our main contribution: the development of the NONEPI-P algo-
rithm, a parallelized extension of NONEPI. This chapter details its motivation, design,

and improvements.

* Chapter 4 describes the implementation process and experimental study, including data
preparation, the application of algorithms, performance analysis, and a comparison of

results.

* Finally, a general conclusion summarizes the key findings of this work and outlines

potential future research directions.



Chapter 1

Data mining

1.1 Introduction

In this chapter, we present the key concepts and methods related to data mining, with a
particular emphasis on pattern mining and episode mining. we begin by defining data mining
and discussing its main objectives, such as discovering hidden patterns, making accurate pre-
dictions, and identifying anomalies within large datasets. Then we discuss the typical stages
of the data mining process and explores several important techniques, including neural net-
works, decision trees, clustering, and association rule mining. Toward the end of the chapter,
we focus more closely on pattern mining challenges and introduce episode mining a technique

specifically aimed at uncovering significant sequences of events in temporal data.

1.2 Definition

Data mining is defined as the process of discovering patterns, relationships, and insights
from large datasets using various statistical, mathematical, and computational techniques. It is

an essential step in the broader field of Knowledge Discovery in Databases (KDD) [1].

1.3 Objectives

* Classification and Clustering: Classification and clustering are essential objectives that

enable data-driven grouping and labeling. Classification assigns data instances to pre-
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defined categories using supervised learning methods, while clustering discovers natural
groupings in data using unsupervised learning techniques [2]. These approaches are com-
monly applied in applications such as fraud detection, sentiment analysis, and customer
segmentation. In episode mining, discovered patterns can be used to classify sequence

behaviors or identify similar temporal event flows across users or systems [2][3].

* Anomaly Detection: Identifying outliers and unusual patterns is a critical data mining
objective with applications in fraud detection, network security, and quality control [4].
Methods range from statistical approaches (Z-scores) to machine learning techniques
(Isolation Forests). These systems learn normal patterns and flag deviations, such as
fraudulent credit card transactions or manufacturing defects, helping maintain system

integrity and security [4][5].

* Pattern Discovery: A fundamental objective of data mining is pattern discovery un-
covering frequent, interesting, or previously unknown patterns within large datasets[2].
Techniques such as association rule mining (e.g: the Apriori algorithm) and sequential
pattern mining are widely used to detect co-occurrences and sequences in transactional
or event-based data. In particular, episode mining focuses on discovering meaningful
sequences of events over time, which is especially useful in domains such as healthcare
monitoring, system logs, and user behavior analytics. In our work, we applied and ex-
tended episode mining algorithms to discover frequent serial and parallel episodes in user

interaction data, enabling the identification of key behavioral patterns[2] [5].

* Prediction: A core objective of data mining is discovering hidden patterns and relation-
ships within datasets [6]. Techniques such as association rule mining (Apriori algorithm)
and sequential pattern analysis reveal meaningful correlations, like market basket asso-
ciations or temporal event sequences in healthcare data. Episodic mining, a specialized
form of pattern discovery, is particularly valuable for analyzing time-based event se-
quences in domains like customer behavior tracking. In our study, the episode rules
extracted were used to support predictive insights, helping anticipate future user actions

based on past behavioral patterns[6][4].
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1.4 Data Mining Process

To perform data mining, a process consisting of seven steps is usually followed. This
process is often called the “Knowledge Discovery in Database” (KDD) process As shown in

Figure 1.1.

1. Data cleaning: This step consists of cleaning the data by removing noise or other incon-

sistencies that could be a problem for analyzing the data.

2. Data integration: This step consists of integrating data from various sources to prepare
the data that needs to be analyzed. For example, if the data is stored in multiple databases
or files, it may be necessary to integrate the data into a single file or database to analyze

it.

3. Data selection: This step consists of selecting the relevant data for the analysis to be

performed.

4. Data transformation: This step consists of transforming the data to a proper format
that can be analyzed using data mining techniques. For example, some data mining

techniques require that all numerical values are normalized.

5. Data mining: This step consists of applying some data mining techniques (algorithms)
to analyze the data and discover interesting patterns or extract interesting knowledge

from this data.

6. Evaluating the knowledge that has been discovered: This step consists of evaluat-
ing the knowledge that has been extracted from the data. This can be done in terms of

objective and/or subjective measures.

7. Visualization: Finally, the last step is to visualize the knowledge that has been extracted

from the data.

Of course, there can be variations of the above process. For example, some data mining soft-

ware are interactive, and some of these steps may be performed several times or concurrently[7].
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Figure 1.1: Data mining—core of knowledge discovery process

1.5 Techniques

A large number of techniques for DM are well-known and used in many applications. This
section provides a short review of selected techniques considered the most important and fre-

quent in DM [&].

* Artificial Neural Networks (ANNS) :
ANNSs are powerful mathematical models suitable for almost all DM tasks, especially
predictive one. There are different formu lations of ANNs, the most common being the
Multi-Layer Perceptron (MLP), Radial Basis Function Networks (RBFNs) and Learning
Vector Quantization (LVQ). ANNs are based on the definition of neurons, which are
atomic parts that compute the aggregation of their input to an output according to an
activation function.They usually outperform all other models because of their complex
structure; however, the complexity and suitable configuration of the networks make them
not very popular when regarding other methods, being considered as the typical example
of black box models. Similar to regression models, they require numeric attributes and
no MVs .How ever ,if they are appropriately configured, they are robust against outliers

and noise [8].
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* Decision Trees:
A decision tree is a flow chart like structure where each node denotes a test on an attribute
value, each branch represents an outcome of the test and tree leaves represent classes or
class distribution. A decision tree is a predictive model most often used for classification.
Decision trees partition the input space into cells where each cell belongs to one class.
The partitioning is represented as a sequence of tests. Each interior node in the decision
tree tests the value of some input variable, and the branches from the node are labelled
with the possible results of the test. The leaf nodes represent the cells and specify the
class to return if that leaf node is reached. The classification of a specific input instance is
thus performed by starting at the root node and, depending on the results of the tests, fol-
lowing the appropriate branches until a leaf node is reached. Decision tree is represented

in figure 1.2 [9].

Figure 1.2: Decision tree

* Clustering:
It appears when there is no class information to be predicted but the examples must be
divided into natural groups or clusters. These clusters reflect subgroups of examples that
share some properties or have some similarities. They work by calculating a multivariate
distance measure between observations, the observations that are more closely related.
Roughly speaking, they belong to three broad categories: Agglomerative clustering, di-
visive clustering and partition ing clustering. The former two are hierarchical types of
clustering opposite one another. The divisive one applies recursive divisions the entire
data set whereas 6 1 Introduction agglomerative ones start by considering each example
as a cluster and perform ing an iterative merging of clusters until a criterion is satisfied.
Partitioning based clustering, with k-Means algorithms as the most representative, starts

with a fixed k number of clusters and iteratively adds or removes examples to and from
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them until no improvement is achieved based on a minimization of intra and/or inter
cluster distance measure. As usual when distance measures are involved, numeric data
is preferable together with no-missing data and the absence of noise and out liers. Other

well known examples of clustering algorithms are COBWEB and Self Organizing Maps
[5].

* Association Rules:
They are a set of techniques that aim to find association rela tionships in the data. The
typical application of these algorithms is the analysis of retail transaction data . For
example, the analysis would aim to find the likelihood that when a customer buys product
X, she would also buy product Y. Association rule algorithms can also be formulated to
look for sequential patterns. As aresult of the data usually needed for association analysis
is transaction data, the data volumes are very large. Also, transactions are expressed by
categorical values, so the data must be discretized. Data transformation and reduction is
often needed to perform high quality analysis in this DM problem.The Apriori technique

is the most emblematic technique to address this problem [&].

1.6 Domains of Application

Data mining techniques have been successfully applied in diverse domains, enabling orga-
nizations to extract valuable insights and make informed decisions. Some of the key application

areas include:

1. Healthcare:
Used for disease diagnosis, patient outcome prediction, personalized treatment planning,

and analyzing medical records to improve healthcare delivery and patient care [0].

2. Finance and Banking:
Applications include credit scoring, fraud detection, risk management, customer segmen-

tation, and investment analysis [6, 10].

3. Retail and E-commerce:
Used for market basket analysis, customer behavior analysis, sales forecasting, inventory

management, and targeted marketing [ 1].
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10.

11.

12.

13.

Marketing and Customer Relationship Management (CRM):
Enables segmentation, customer profiling, churn prediction, and campaign management

[6].

. Manufacturing and Supply Chain Management:

Supports quality control, demand forecasting, process optimization, and logistics plan-

ning [ 1].

. Education:

Helps analyze student performance, predict academic success, identify at-risk students,

and improve educational strategies [6].

Telecommunications:
Used for customer churn analysis, network optimization, fraud detection, and service

personalization [ 10].

. Cybersecurity and Intrusion Detection:

Detects anomalies, network intrusions, malware, and spam by analyzing security data

[L1].

. Human Resources:

Applied in employee retention analysis, recruitment, performance evaluation, and work-

force planning [6].

Crime Analysis and Law Enforcement:

Assists in crime trend analysis, hotspot detection, and criminal profiling [10].

Sports Analytics:

Used to analyze player performance, game strategies, and fan engagement [ 1].

Agriculture:

Helps in crop yield prediction, disease detection, and resource management [6].

Social Media and Web Mining:
Analyzes user behavior, sentiment, and trends to support targeted advertising and content

recommendation [11].

These applications demonstrate the versatility and transformative potential of data mining
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across modern industries, helping organizations uncover hidden patterns, predict future trends,

and make more informed decisions [0, 10, 11].

1.7 Pattern Mining

1.7.1 Definition

Pattern Mining refers to the process of extracting meaningful and recurring structures, re-
lationships, or trends from datasets. These patterns can be expressed as frequent itemsets,

sequences, graphs, or episodes, depending on the nature of the data and the mining task.[!]

1.7.2 Types of Patterns

Patterns can be categorized into several types based on their structure and representation:

1. Frequent Itemsets: A set of items that frequently appear together in a dataset. For ex-
ample, in market basket analysis, a frequent itemset might include products like bread
and butter. The Apriori algorithm is one of the most well-known methods for mining

frequent itemsets [12].

2. Sequential Patterns: Patterns where the order of events or items matters. For instance,
customers might buy a phone, then a case, and then headphones. Algorithms like Pre-

fixSpan and GSP are commonly used [!2].

3. Episode Mining: Focuses on discovering patterns in sequences of events within a spe-
cific time window. Example: multiple user interactions like click, scroll, and hover oc-

curring within the same time frame, regardless of their order [5].

4. Graph Patterns: Patterns represented as subgraphs in graph-structured data. In social
networks, for example, a community of users who interact frequently. Algorithms in-

clude gSpan and SUBDUE [13].

10
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1.7.3 Applications

Pattern Mining has a wide range of applications:

* Market Analysis: Identifying frequently co-purchased items to optimize store layouts

and promotions.

 Bioinformatics: Discovering recurring sequences in DNA or protein structures to under-

stand genetic functions and diseases.

* Web Usage Mining: Analyzing user behavior on websites to improve experience and

personalize content.

* Fraud Detection: Identifying unusual transaction patterns to detect fraudulent activities

early [14].

1.7.4 Challenges

Despite its usefulness, Pattern Mining faces several challenges:

1. Scalability: Handling large datasets efficiently.

2. Pattern Explosion: Managing the exponential number of patterns generated.
3. Noise and Redundancy: Filtering out irrelevant or redundant patterns.

4. Interpretability: Ensuring that discovered patterns are meaningful and actionable [15].

1.8 Episode Mining as a Subfield of Pattern Mining

Episode Mining focuses on discovering patterns in sequences of events, considering the
temporal relationships between events. It is particularly useful for analyzing time-dependent

data.

1.8.1 Definition

Episode Mining refers to discovering frequent patterns (episodes) in event sequences where

order and timing matter. For instance, a series of login attempts followed by a breach within 10

11
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minutes is an episode[5].

1.8.2 Key Characteristics

The key characteristics outlined above form the foundation for analyzing temporal data
effectively. By focusing on the order and timing of events, utilizing timestamped sequences,
defining clear time windows, and applying frequency thresholds, this approach ensures that

meaningful and relevant patterns are identified within complex datasets.
1. Temporal Relationships: Considers order and timing of events.
2. Event Sequences: Input is a timestamped sequence of events.
3. Time Windows: Episodes are defined within specific intervals.

4. Frequency and Support: Focuses on patterns that meet a frequency threshold [5].

1.8.3 Relationship to Other Pattern Mining Techniques
* Frequent Itemset Mining: Ignores order and timing.
* Sequential Pattern Mining: Considers order but not time windows.

* Episode Mining: Considers both order and timing, ideal for time-series data [ 1].

1.9 Conclusion

This chapter has introduced the core concepts of data mining, from its definition and objec-
tives to the KDD process and common techniques like neural networks, decision trees, cluster-
ing, and association rules. We explored applications across various domains and examined the
role of machine learning. Additionally, we delved into pattern mining, highlighting frequent
itemsets, sequential patterns, and episode mining, while also addressing the challenges of scal-
ability and interpretability. Episode mining was presented as a subfield focusing on temporal
relationships within event sequences. This overview provides a foundation for understanding

data mining’s potential and complexity.
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Episode Mining

2.1 Introduction

This chapter provides an overview of episode mining, a technique used to discover frequent
patterns in temporal event sequences. We first introduce the main concepts and frequency defi-
nitions used in episode mining. Then, we present key search strategies and describe important
algorithms such as MINEPI, MinePI+, EMMA, and NON-EPI. These foundations are essential

for understanding the improvements proposed in the next chapter.

2.2 Key Concepts in Episode Mining

The typical input of an FEM algorithm is an event sequence and a user-defined integer
threshold, called minsup, which represents the minimum number of occurrences that an episode

must have to be considered as frequent [16].

Let there be a set of event types E = EIE2 En . An event sequence is a triplet S = (sTs Te)
indicating a list of events s that have been recorded between a time Ts and a time Te. More
precisely, the list s is an ordered set of event pairs of the form s = (I1 T1) (I2 T2) (ImTm) where
Ii E is an event type and Ti is the timestamp at which the event was observed (1 i m). Event
pairs in s are ordered by increasing timestamps, and an event type may be observed multiple

times in s.
For example, Figure 2.1 shows an example event sequence captured between time Ts = 10
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and Te = 27. This sequence may represent the event log of a database system, where event types
E =a,b,c.d,e,f may be disk operations such as to open, close, read, or write in a file. In this se-
quence, the following list of events has been recorded: s = (al0) (b11) (c13) (d14)........ (d26)
note that in the following, the terms event and event type are used interchangeably when the

context is clear.

Event sets a b ¢ d a ¢ b d a e f ¢ d

10 11 12 13 14 15 16 17 18 19 20 21 22 23 24 25 26 27

Timestamps

Figure 2.1: An example of event sequence

2.2.1 Event and Event Sequence

* Event: An event is a pair (e,t), where e is the event type (e.g., "alarm triggered") and t is

the timestamp indicating when the event occurred.

* Event Sequence: An event sequence S=((el,t1),(e2,t2),...,(en,tn)) is an ordered list of
events, where each event is associated with a timestamp. The sequence is ordered such that

ti<tj for all i<j. Event sequences can model various types of data such as:

2.2.2 Occurrence and Minimal occurrence

* Occurrence: Given an episode o0 = e; — -+ — €; —> ==+ — €, [t1,...,tj,...,l;] 1S an

occurrence of ¢ if and only if:
1. e; occurs at 7; for all i € [1,k];

2.1 <th)<-- <t <98, where 0 is a user-specified threshold called the maximum occur-

rence window.
t1 is the start time and #;, is the end time of the occurrence [17].

* Minimal occurrence: Consider two time windows [t1,1] and [¢],5]. We say that [r{,#)] is
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subsumed by [11,5,] if 1; <] and t} <1».

An occurrence window of episode «, [t1,5], is a minimal occurrence window of a if no

other occurrence window [t{,15] of ¢ is subsumed by [t1,1,].

The occurrence of o in a minimal occurrence window [t1,#,] is defined as a minimal occur-

rence of a, denoted as (a, [t],1]).

The set of all distinct minimal occurrences of ¢ is denoted moSet(cx) [17].

2.2.3 Episode

An episode is a collection of events that occur in a specific order or pattern set by time.

Formally, an episode is defined as:
* Definition: An episode o = (V, <, f) consists of:
— A set of nodes V, where each node represents an event.
— A partial or total order < on the nodes V.
— A mapping function ff:V—E, where E is the set of event types [17].

* Support of an episode: The support of an episode o, denoted as sp(), is defined as the

number of distinct minimal occurrences, i.e., sp(a) = |[moSet(a)| [17].

* Sub-episode: Let @ =AA,...A, and B = BB, ...B,, be two episodes. « is said to be
a sub-episode of B (denoted o C ) if and only if there exist integers ki,k», ...,k such that
1 <ki<ky<---<kpn<nandforall j € [l,m], B = Ay;-

In other words, 8 contains ¢ as a (possibly non-contiguous) subsequence.

It is easy to see that every occurrence of  in an event sequence contains an occurrence of

o. Conversely, if B contains a, then B is a super-episode of a.
Two particular cases are distinguished:
o If the first element of o matches the first element of 3, then « is called a prefix of 3.

o If the last element of a matches the last element of 3, then « is called a suffix of 3.
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For example, the episode oo = AN is a sub-episode of B = ANB, and « is a prefix of 3
[17].

* Episode Rule : An episode rule is an expression of the form 8 = a, where o and f are

two frequent episodes in the sense of frequency based on distinct occurrences [ 1 7].

* Support of an episode rule : support of an episode rule o = 3, denoted supER (o = f3),
is defined as: supER(a = f8) = |occER(a = B)|, where occER(a = ) = dogy g, i.e., the
distinct occurrences of the episode U 3 [17].

* the confidence of an episode rule : The Conf of an episode rule o = [, denoted
_ |loccER(ax = B)|

support(cx)

conf(a = B), is defined as: conf(o = fB)
* Types of Episodes:
1. Serial Episode: Events occur in a specific order (e.g., A — B — C).
2. Parallel Episode: Events occur in any order (e.g., A, B, C).

3. Composite Episode: A combination of serial and parallel episodes.

o6
Do0 O

(a) Serial episode (b) Parallel episode (c) Composite episode

Figure 2.2: The three primary episode types

2.3 Frequency Definitions in Episode Mining

The frequency of an episode is a critical measure in episode mining, as it determines
how often an episode occurs in a sequence of events. Different frequency definitions have

been proposed to address various challenges in episode mining, such as handling overlap-
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ping occurrences, reducing computational complexity, and ensuring meaningful results. Be-
low, we discuss the two main categories of frequency definitions: window-based frequency and

occurrence-based frequency, along with their reliable sources [5].

2.4 Frequent Episode Mining framework

Frequent episode mining (FEM) is a popular framework to analyze temporal data. It has
been used in various domains where data contains time information. Frequent episode mining
algorithms extract all frequent episodes either from a simple sequence of events or a complex
event sequence. The former refers to a sequence where events are not allowed to occur simul-

taneously, while the latter allows simultaneous events [16].

Table 2.1: Frequency definitions overview

Type Name Monotonic | Representative algorithm(s)
window-based frequency Yes WINEPI [18], EpiBF [19], WinMiner [20]
head frequency No EMMA [21]

Window-based
total frequency Yes FEM-DFS [22]
non-interleaved frequency No NOE-WinMiner [23]
minimal occurrence-based No MINEPI [5], MEELO [24], PartiteCD [25]

Occurrence-based | non-overlapped occurrence-based Yes NONEPI [26], POERM [27]

distinct occurrence-based Yes ONCE+ [28]

2.4.1 Window-based Frequency

Window-based frequency is one of the earliest and most widely used definitions for measur-
ing the frequency of episodes. It was introduced by Mannila, Toivonen, and Verkamo (1997)

in their foundational work on episode mining[5] .

* Definition: The frequency of an episode is defined as the number of fixed-size windows
in which the episode occurs at least once. A window is a contiguous segment of the event

sequence with a predefined length.
Formally, for a given window size w, the frequency of an episode « is:

Number of windows containing o

freq(a) = (2.1)

Total number of windows
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Example: Consider an event sequence with 10 timestamps and a window size of 5. If the

episode A—B occurs in 3 out of 6 possible windows, its frequency is 3/6=0.5.

2.4.2 Occurrence-based Frequency

Occurrence-based frequency provides a more precise measure of episode frequency by
counting the number of non-overlapping or distinct occurrences of an episode in the sequence.
This approach was further developed by Laxman, Sastry, and Unnikrishnan (2005) in their

work on efficient episode mining algorithms [29].

* Definition: The frequency of an episode is defined as the number of non-overlapping or

distinct occurrences of the episode in the sequence.
* Non-overlapping Occurrences: No two occurrences share any common events.

* Distinct Occurrences: Each occurrence is unique and does not share timestamps with

other occurrences.

* Formally, for an episode o, the frequency is:

freq(c) = Number of non-overlapping or distinct occurrences of o

Example: Consider an event sequence where the episode A — B occurs at timestamps
[1,3],[5,7],and [9, 11]. The frequency of A — B is 3, as there are three non-overlapping

occurrences.
* Advantages:
— Provides a more accurate measure of frequency by avoiding double-counting.
— Suitable for applications where overlapping occurrences are not meaningful.
* Limitations:
— Computationally more expensive than window-based frequency.

— Requires careful tracking of occurrences to ensure non-overlapping or distinct counts.
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2.4.3 Summary of Frequency Definitions

Frequency Defini- | Key Idea Advantages Limitations
tion
Window-based Counts occurrences in | Simple to compute | May overcount overlap-
Frequency fixed-size windows and interpret ping occurrences
Occurrence-based | Counts non- | More accurate fre- | Computationally
Frequency overlapping or distinct | quency measure expensive

occurrences

Figure 2.3: Summary of Frequency Definitions

2.5 Search strategies for FEM

Since Mannila introduced the problem of frequent episode mining, several algorithms have
been developed to improve the FEM process. FEM algorithms utilize distinct data structures
and are crafted to accommodate multiple frequency definitions. In general, FEM algorithms
can be categorized with respect to their search strategy, which is either a breadth-first search or

a depth-first search [16].

2.5.1 Breadth-first algorithms

Commonly referred to as level-wise algorithms, they process the exploration of episodes
through a cyclic progression between two fundamental stages: (1) candidate generation and (2)
frequency validation. In the first phase, candidate episodes are derived from smaller episodes,
and in the second phase, the frequency of these candidate episodes is assessed to ascertain their

status as frequent occurrences.

Breadth-first search methodologies, guided by the anti-monotonicity property, prioritize the
enumeration of lengthier episodes while disregarding numerous infrequent episodes. Illustra-
tively, the CloEpi algorithm initiates by comprehensively scanning the entire event sequence to
identify frequent 1-episodes. Subsequently, CloEpi conducts a re-examination of the sequence,
systematically identifying frequent 2-episodes, 3-episodes, and so on, up to m-episodes, where

m indicates the width of the episode [16].
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2.5.2 Depth-first Search Algorithms

Method like EMMA and conduct a single pass over the event sequence to extract all 1-
episodes. Subsequently, these algorithms endeavor to iteratively expand each episode by aug-
menting it with a frequent event, leveraging the anti-monotonicity property for the purpose of
search space reduction. The adoption of a depth-first strategy typically results in decreased

time and memory requirements during the process of frequent episode mining.

With the aim of formulating an efficient algorithm for Frequent Episode Mining (FEM), a
critical imperative involves circumventing the exhaustive exploration of the complete search
space of episodes within the input sequence to identify frequent episodes. This is particularly
pivotal because of the potential enormity of the search space for comparatively extensive se-

quences, which leads to protracted runtimes and heightened memory requirements.

Using the frequency measure’s anti-monotonicity property is a key method for overcoming
this challenge. Let sup(y) represent the frequency of an episode y. This property states that for

every pair of episodes y and 6 where ¥ C 0 (i.e., ¥ is a sub-episode of 8), the following holds:

sup(y) > sup(9)

Consequently, if an episode « is infrequent, all its super-episodes are inherently infrequent,
obviating the need for exploration and effectively reducing the amount of time and memory

required [16].

2.6 Algorithms for Episode Mining

Episode mining algorithms are designed to efficiently discover frequent episodes in event
sequences. These algorithms differ in their approach to defining and counting episodes, as well
as in their search strategies (e.g., breadth-first vs. depth-first). Below, we discuss some of the

most influential algorithms in the field, along with their methodologies and contributions.
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2.6.1 MINEPI

MINEPI (Minimal Occurrence-based Episode Mining) is a foundational episode mining al-
gorithm that introduces the concept of minimal occurrence-based frequency. Instead of just
checking for presence in a window, MINEPI finds the exact minimal time span where an

episode occurs and uses this to count its frequency.

Various algorithms have been proposed to find frequent episodes in data. It is important to
note that different algorithms do not necessarily count the support (i.e., occurrence frequency)

of an episode in the same way. MINEPI uses the concept of minimal occurrences to define

support [5].

Key Characteristics of MINEPI:

* Methodology: MINEPI counts minimal occurrences of episodes, where a minimal oc-
currence is the smallest time interval in which the episode occurs. This helps avoid the

overcounting problem present in WINEPI.
* Frequency Definition: Minimal occurrence-based frequency.

» Advantages: Provides a more accurate measure of episode frequency by avoiding over-

lapping occurrences.

* Limitations: Computationally more expensive than WINEPI due to the need to track

minimal occurrences.

* Applications: Suitable for use cases that require precise frequency counts, such as

healthcare and financial analysis.

2.6.2 MINEPI+

MINEPI+ is an optimized version of MINEPI that retains the same episode model and fre-
quency definition but incorporates efficiency improvements in candidate generation and prun-
ing. Like MINEPI, it mines both serial and parallel episodes within fixed-size windows but is

designed to scale better for larger datasets.

Key Characteristics of MINEPI+:
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* Methodology: MINEPI+ enhances the original MINEPI by pruning unpromising candi-
date episodes early in the mining process. This is achieved using prefix-based pruning,
which discards candidates that do not meet the frequency requirements of their subpat-
terns. The algorithm is much faster because it reduces the number of candidates and

scans needed.

* Frequency Definition: Similar to MINEPI, the frequency is defined as the number of
valid occurrences of the episode, but MINEPI+ eliminates unnecessary episodes earlier

in the process to optimize performance.
* Advantages:
- Faster than MINEPI due to candidate pruning.
- Efficient: Reduces unnecessary computation by skipping unlikely candidates.
- Scalability: Works well on large datasets by minimizing data scans.
* Limitations:

- Complex implementation: The optimization mechanisms can make the algorithm harder

to implement and understand compared to MinePI.

- Risk of missing rare patterns: In some cases, pruning may discard rare but valid

episodes.
* Application:
- Web mining: Detecting patterns in user behavior from web logs.

- E-commerce: Predicting customer behavior or recommending products based on event

sequences.

2.6.3 EMMA

EMMA (Efficient Memory-Anchored Miner for Episodes) (Kuo-Yu et al., 2008) is an al-
gorithm designed for discovering frequent episodes in a complex event sequence. Frequent
episode mining involves finding subsequences of events that appear frequently within a long

sequence of events, where some events may occur simultaneously. EMMA is notable for count-
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ing the support of episodes using a concept called head frequency and can handle datasets both

with and without timestamps by adjusting a parameter accordingly [30].
Key Characteristics of EMMA:

* Methodology: EMMA (Episodes Mining using Memory Anchor) is an algorithm de-
signed to discover frequent serial episodes in complex event sequences. It uses a depth-
first search strategy combined with memory anchors (boundlists) to efficiently enumer-
ate frequent episodes by joining existing episodes with locally frequent items. EMMA
counts episode occurrences using a concept called head frequency, which ensures accu-
rate support counting even in sequences with simultaneous events. It can handle datasets

with or without timestamps by adjusting parameters accordingly.

* Frequency Definition: An episode’s frequency in EMMA is defined by the number of
its occurrences counted through memory anchors, focusing on exact and non-redundant

occurrences within a maximum window length.
* Advantages:
- Efficient: Uses memory anchors to reduce the search space and avoid redundant joins.

- Accurate: Counts occurrences precisely, considering temporal constraints and simulta-

neous events

- Flexible: Applicable to complex sequences with multiple events per time slot and sup-

ports timestamped or non-timestamped data
* Limitations:

- Focused on serial episodes (ordered sequences), with parallel episode mining addressed

separately

- May require careful parameter tuning (e.g., window size, minimum support) for optimal

results.
* Application:

- Behavioral analysis: Detecting frequent ordered patterns in user activity or system logs
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- Anomaly detection: Identifying rare or unusual temporal patterns in time-series data.
- Complex event processing: Mining temporal patterns in domains like telecommunica-

tions or sensor networks

2.6.4 NONEPI

NONEPI (Non-Overlapping Episode Miner) is an algorithm designed to extract frequent
serial episodes and predictive rules using a non-overlapped occurrence-based frequency defini-
tion. It avoids counting overlapping occurrences, leading to more independent and interpretable

patterns [31].
Key Characteristics of NONEPI:

* Methodology: NONEPI ensures that episodes do not overlap by enforcing a rule that
each detected episode must be disjoint. This means each occurrence is counted only
once, and a new occurrence cannot reuse events from the previous one. This helps to

model distinct events in time sequences.

* Frequency Definition: The frequency of an episode is defined as the number of distinct

occurrences of the episode without overlap.
* Advantages:

- Prevents over-counting: Avoids counting overlapping episodes, providing a clearer pic-

ture of distinct patterns.

- Useful for event modeling: Ideal for datasets where repeated patterns in close proximity

are irrelevant.
- Improved quality of results due to non-overlapping occurrences.
* Limitations:

- Lower support counts: Since it does not count overlapping occurrences, the frequency

count may be lower.

- Can miss overlapping patterns: If overlapping patterns are relevant to the application,

this algorithm may not be suitable.
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* Application:

- Event sequence modeling: Useful for understanding distinct event occurrences, such as

user journeys in web analytics.
- Fraud detection: Identifying distinct fraudulent behaviors without redundancy.

- Medical data analysis: Detecting distinct sequences of events in patient health records

without overlaps.
What is the input?:

The algorithm takes as input an event sequence with a minimum support threshold, and a
mininum confidence threshold. Let’s consider the following sequence consisting of 11 time
points (t1, t2, ..., t10) and 4 event type (1, 2, 3, 4). This database is provided in the text file

"contextEMMA.txt" in the package ca.pfv.spmf.tests of the SPMF distribution

Table 2.2: Event sequence with time points and corresponding itemsets

Time Point | Itemset (Event Set)
1 1
2 1
3 12
6 1
7 12
8 3
9 2
11 4

Each line of the sequence is called an event set and consists of one or more events occurring

at the same time point.
* A time point (first column)
¢ An event set (second column)

For example, in the above table, at time point 1, the event 1 occurred. Then at time point 2,
the event 1 occurred again. At time point 3, the events 1 and 2 occurred simultaneously, and so

on [32].

What is the output?:
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The output of NONEPI is the set of episode rules having a support (occurrence frequency)
that is no less than a minSup threshold (a positive integer) set by the user, and a confidence that

is no less than a minimum confidence threshold (a double number representing a percentage).

A rule is denoted as X — Y, and it is a relationship between two sequences of events
(episodes) X and Y. The intuitive meaning of a rule X — Y is that if the sequence of events X

appears in a sequence, it will be followed by the sequence of events Y.

The support of arule X — Y means how many times the rule appeared in the input sequence
(i.e., how many times X was followed by Y). For example, if a rule appears three times, we say

that the support of the rule is 3.

The confidence of a rule X — Y is defined as how many times X — Y appeared in the input
sequence divided by how many times X appeared in the input sequence. Thus, the confidence
can be seen as the conditional probability P(Y|X), indicating how likely it is that ¥ will follow
X in the sequence. The confidence is expressed as a percentage. For example, a confidence of

50% means that 50% of the times X was followed by Y in the input sequence.

The output of the algorithm includes all the episode rules that (1) have a confidence greater
than or equal to the minConf parameter, and (2) a support greater than or equal to the minSup

parameter.

It is important to note that NONEPI uses non-overlapping support. Thus, to calculate the
support and confidence of rules, overlapping occurrences are not counted. (See the research

paper for a formal explanation of non-overlapping occurrences.)

Now, let’s look at the result for the above example. If we set minSup = 2 and minConf =

0.2 (20%), one rule is found [32].

Table 2.3: Example of episode rule discovered by NONEPI

Episode Rule Support Confidence
{1} = {1}{12} 3 0.667 (which means 66.7%)
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2.6.5 Conclusion

In this chapter, we have explored the key concepts, methods, and practical aspects of
episode mining. Starting with the basic definitions of events, episodes, and event sequences, we
discussed how frequent episode mining frameworks help uncover meaningful patterns in tem-
poral data. We reviewed the main frequency definitions, such as window-based and occurrence-
based measures, and explained their advantages and limitations. We also outlined the major
search strategies and algorithms used to efficiently discover frequent episodes, including both
breadth-first and depth-first approaches. Overall, episode mining remains a powerful tool for
analyzing sequential data, offering valuable insights in fields like network monitoring, finance,
and cybersecurity. The techniques and ideas presented here provide a strong foundation for

further study and application in real-world data analysis tasks.
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The Proposed Algorithm

3.1 Introduction

This chapter presents the main contribution of this thesis: the development of the NONEPI-
P algorithm. Building upon the original NONEPI algorithm for mining episode rules from
event sequences, we introduce a parallelized version specifically designed to efficiently handle
parallel episodes. This chapter details the motivation, design, implementation, and evaluation
of the NONEPI-P algorithm, highlighting its advantages and improvements over the original

sequential approach.

3.2 Background: Serial vs Parallel Episodes

In temporal data mining, an episode is a collection of events occurring close together in
time. The original NONEPI algorithm mines serial episodes, where the order of events is
strictly maintained (e.g., event A followed by event B, then event C). However, many real-world
scenarios involve events that happen concurrently or in no particular order, such as network

events or sensor readings that are related but unordered.

Parallel episodes relax the ordering constraint, focusing on the co-occurrence of events
within a time window regardless of their sequence. This allows the detection of more gen-
eral and flexible temporal patterns that better capture the dynamics of complex systems. In

our work, we focus on extending the NONEPI algorithm to support parallel episode mining,
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enabling the detection of unordered but time related event patterns for improved analysis and

prediction.

3.3

Motivation for NONEPI-P

The motivation to develop NONEPI-P stems from the need to:

Capture unordered event patterns: Many applications require mining episodes where

event order is irrelevant but their co-occurrence within a time frame is significant.

Better Suitability for Real-World Applications: In many real-world datasets including
our user interaction dataset from a recommendation system, events frequently occur, in

groups or clusters without strict order.

Expanding the Expressive Power of the Algorithm: By supporting unordered sets of
events, NONEPI-P increases the expressive power of the model, enabling it to find more

diverse and potentially more informative patterns.

Preserving the Non-Overlapping Frequency Measure: One of NONEPT’s strengths
is its use of a non-overlapping frequency measure, which improves interpretability by
avoiding repeated counting of overlapping episodes. In NONEPI-P, we retained this core

strength, adapting the non-overlapping frequency logic to unordered (parallel) event sets.

Improved Algorithmic Flexibility: By modifying only certain components (such as
support counting and event matching), NONEPI-P retains the efficiency and modularity
of the original algorithm, while expanding its use cases. It is also easier to implement

and integrate into existing systems using the SPMF library

NONEPI-P thus modifies the original algorithm’s episode representation and support count-

ing to accommodate unordered event sets, enabling the discovery of parallel episodes.
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3.4 Design and Algorithm Description

NONEPI-P modifies the original NONEPI algorithm as follows:

3.4.1 Episode Representation

Episodes are represented as sets of events rather than sequences. For example, the episode

{A,B,C} indicates that events A, B, and C occur within a specified time window, in any order.

3.4.2 Occurrence Definition

An occurrence of a parallel episode is defined as a subset of the event sequence where all
events in the episode appear within the maximum time window, regardless of their order.
This contrasts with serial episodes, where the order and timing between events must follow the

episode’s sequence.

3.4.3 Candidate Generation

Starting from frequent single-event episodes, candidates are generated by combining dis-
joint event sets. For episodes o and 3, if their event sets are disjoint, the candidate episode is

formed as the union o U . This process iteratively builds larger parallel episodes.

3.4.4 Support Counting

To count support, the algorithm searches for occurrences where all events of the candidate
episode appear within the maximum time window. The counting procedure is adapted to check

for co-occurrences within windows, ignoring event order.

3.4.5 Pruning

The anti-monotony property is preserved: if a candidate episode’s subset is infrequent, the

candidate is pruned. This ensures efficient exploration of the episode search space.

3.4.6 Algorithm Flow

1. Extract single-event occurrences: Identify timestamps where each event occurs.
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2. Filter frequent single-event episodes: Retain events meeting the minimum support.

3. Iteratively generate candidate parallel episodes: Combine frequent episodes with disjoint

event sets.
4. Count support of candidates: Check for occurrences within the time window.
5. Prune infrequent candidates: Remove those below support threshold.

6. Repeat until no new frequent episodes are found.

3.5 Key Function Modifications in NONEPI-P Algorithm

In this work, we modified the original NONEPI algorithm by redesigning three core func-
tions to better support the mining of parallel episodes: Extracting Frequent Episodes, Occur-
rence Recognition, and Extracting Episode Rules. These modifications enable the algorithm
to handle unordered event sets within a time window and improve the quality of episode rule

extraction.

3.5.1 Extracting frequent episodes

Figure 3.1 presents the main pseudocode of the oroginal NONEPI algorithm.
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Input: minsup - minimum support threshold

Qutput: F - the set of all frequent serial episodes

(%]

P={},F={},a=0

4 for each individual event e € E do

6 no, = {}
g fork=1rndo
9 % scan the sequence §

11 e = the event found at time 1,

13 no, = no. U { |ty 1] }

15 for each individual event e € E do

17 if [no.| = minsup then

19 P=PU{(e)}

2 F=P

23 for each individual episode & € F do

25 for each individual episode 8 € P do

27 nog g = Occurrence_Recognition(a, )
29 if [nog,g| = minsup then

31 F=FU{alUpB}

3 oa=allf

35 return F

Figure 3.1: Original pseudocode of the NONEPI algorithm for Extracting frequent episodes.

Now, let us describe how the proposed algorithm is executed. Initially, it processes the
input event sequence to identify all single-event episodes. For each event e € E occurring at
timestamp #;, a time interval (¢, ] is recorded in the set of occurrences noe corresponding to e

(lines 4-6). This effectively captures all instances of single events across the sequence.

Next, the algorithm filters these single-event episodes by evaluating their support (lines 7—
9). Any event e for which the number of occurrences in noe meets or exceeds the minimum
support threshold (minsup) is considered a frequent episode. These frequent size-1 episodes

are collected into the set P, which is also used to initialize the final result set F.

The algorithm then enters an iterative phase that explores the search space of larger parallel
episodes. For each frequent episode o € F, and for each single-event episode 3 € P, it checks

whether o and B consist of disjoint events (i.e., they do not share any common event types). If
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s0, a candidate parallel episode o U f3 is formed.

To determine the support of these candidate episodes, the algorithm invokes the function
with the parameters @, 3, and the maximum time window (maxwindow). If the number of
occurrences returned by this function meets or exceeds the support threshold, then o LI 3 is
added to the set F', and the episode « is extended accordingly (lines 12—16). This procedure
continues in a depth-first fashion, ensuring that only those combinations that meet the support

criteria are explored further.

In this way, the algorithm constructs all frequent parallel episodes by iteratively merging
disjoint frequent episodes while preserving the time window constraint. The final result set F

contains all frequent parallel episodes discovered during this process as it is shown in Algorithm

1.

Algorithm 1: Extracting frequent Parallel Episodes
Input: minsup - minimum support threshold
maxwindow - maximum time window for parallel episodes
Output: F - the set of all frequent parallel episodes
1 P—{}, F<{}, a0
2 foreach individual event e € E do
3 | no.<+{};
4 fork=1tondo
5 e < event found at time 7;;
6 L n0e < noe U {[tx, 1]}

oreach individual event e € E do
8 | if |no.| > minsup then
9 L P+ PU{(e)};

10 F + P;
1 foreach episode a € F do

|
iy

=

12 foreach episode 3 € P do

13 if a and B have disjoint events then

14 nog g < Occurrence_Recognition_Parallel(a, B, maxwindow);
15 if [nogg| > minsup then

16 F <+ FU{aUP};

17 L o<+ aUp;

18 return F

33



Chapter 3: The Proposed Algorithm

([ sart )

P={}F={},a=0

Scan sequence and collect no,

Add (e) to P if |no,| > minsup

Foreachax € F,B € P

Occurrence_Recognition_Parallel( «, B, maxwindow )

!

Disjoint & frequent?

Add aUB to F

No

Return F

[ End ]

Figure 3.2: Flowchart of Mining Frequent Episodes

3.5.2 Occurrence Recognition

The algorithm shown in Figure 3.3 represents the Occurrence Recognition function used in

the original NONEPI.
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Input: episode o - an episode to grow
episode f§ - a single event episode to grow o by.
Output: noy g - set of non-overlapped occurrences of new episode o LI B
2 for each O; € nog do
4 for each O; € nog do
6 if O;.start > O;.end then
8 update O;.end = O j.start

10 O;.timestamps = O;.timestamps\J O j.start

12 for each Oy in nog s.t. i < k< mn Op.start < Oj.end do
14 remove Oy from nog
16 N0g g = N0y g U0;

18 return nog g

Figure 3.3: Occurrence Recognition procedure used in the NONEPI algorithm.

We now describe how the proposed Algorithm , the Occurrence Recognition procedure, is
performed. This function takes as input an episode o to be extended, a single event episode
B, and a maximum time window constraint maxwindow. Its goal is to identify all occurrences
where a and B co-occur within the specified time window, and to return the set of merged

occurrences noauﬁ .

The algorithm begins by initializing the output set noy g to empty. Two indices, i and j,
are used to iterate through the list of occurrences of o and 3, respectively (lines 4-5). At each

step, the algorithm retrieves the current occurrences /; from noq and I from nog.

It then computes the maximum of the start times and the minimum of the end times of these
intervals. If the intervals not overlap (i.e., end_min > start_max) or the absolute difference
between their start times is less than or equal to maxwindow, then they are considered to cooccur
(lines 8—10). In this case, a new occurrence is formed by merging the intervals: the start time
is set to the earlier of the two, and the end time to the later (lines 11-12). Then this merged

interval is added to nogy 5.

To progress through the sequences efficiently, the pointer corresponding to the earlier end-
ing interval is incremented (line 14). If the intervals do not satisfy the co-occurrence condition,

the pointer corresponding to the earlier starting interval is incremented instead (lines 16—18).
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This process continues until all candidate occurrences have been evaluated. The resulting
set nog g contains all valid merged intervals where a and B cooccur within the allowed time

window as it is shown in Algorithm 2.
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Algorithm 2: Occurrence Recognition Parallel

-

w

=

10

11

12

13

14

15

16

17

18

19

20

21

22

Input: o: An episode to grow
B: A single event episode to combine with o
maxwindow: Maximum time window for allowing two events to co-occur
Output: nog g: Set of occurrences where & and B co-occur within maxwindow
nogup < 0;
i+ 0;
J<0;
while i < [noq| and j < |nog| do
I + noglil;
L < nogljl;
start_max < max([,.start, I .start);
end_min < min(/,.end, I.end);
if end_min > start_max or |I,.start — I.start| < maxwindow then
merged_start < min(Iy.start, I.start);
merged_end < max(Iy.end, I.end);
Create new occurrence O with (merged_start, merged_end);
Add O to nog B’
if 11.end < I,.end then
L i< i+1;
else

tj%j+h

else

if 11 .start < I.start then
L i< i+1;

else

INESTENE

23 return noy g
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Start

Initialize nog 3 =0,i=0, j=0

While i < |nog| and j < |nog|?

Yes

Get I} = noqli], b = nog| ]

Advance i or j de-

pending on starts

No

Do not Overlap and

within maxwindow?

e (endyin > startgy) or

|I.start — L.start| <

maxwindow

End D E——

No

Yes

Figure 3.4: Flowchart of Occurrence Recognition Algorithm

3.5.3 Extracting episode rules

Merge and add
occurrence
Advance i or j de-

pending on ends

Figure 3.5 shows the final step of the original NONEPI algorithm, which is rule extraction.
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Input: S: sequence of events on E (event types set), minsup: support threshold,
minconf: confidence threshold
Output: R: complete set of episode rules.
2 F = FrequentE pisodes(minsup)
4 R=10
6 for each episode a. € F do
8 stop = false
10 B = pred(o)/* returns the predecessor of episode a*/

12 while not stop and 8 # NULL do

14 if |::’,;| > minconf then
16 R=RU{f = a}

" B = pred(§)

19 else

21 stop = true

23 return R

Figure 3.5: Rule extraction phase of the original NONEPI algorithm.

The last proposed algorithm takes as input the set F' of frequent parallel episodes produced
by the mining phase, and a minimum confidence threshold minconf. The goal is to construct a
set R of association rules of the form 8 = &, where both o and its subepisode f3 are frequent,

and the rule meets the confidence requirement.

The set of rules R is initially empty. The algorithm iterates over each frequent episode
o € F (line 4). For each such episode, it attempts to generate rules by identifying a proper
sub-episode 3, which is obtained via the function pred () that returns a predecessor of ¢ by

removing one event (line 6).

Although there is a valid predecessor B and the stopping condition has not been met, the
algorithm proceeds to compute the support values for B and o (lines 8-9). If B has nonzero
support and confidence, computed as the ratio supporty / supportg, meets or exceeds the
given threshold minconf, then the rule B = « is considered valid and added to the rule set R
(lines 10-11). The algorithm then attempts to generate deeper rules by continuing with the next

predecessor of 3.

If the confidence threshold is not satisfied or 3 is not frequent, the process for that episode
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is halted (lines 12—13). This ensures that only rules with sufficient confidence are retained.

Once all candidate episodes have been processed, the algorithm returns the final set R con-
taining all the confident parallel episode rules derived from the set of frequent episodes as it is

shown in Algorithm 3.

Algorithm 3: Generate Parallel Episode Rules
Input: F: List of frequent parallel episodes (from mining algorithm)
minconf: Minimum confidence threshold
Output: R: Set of confident parallel episode rules

1 R+ 0;

2 foreach episode o € F do

3 stop < false;
4 | B« pred(a);
5 while stop = false and B # NULL do
6 supportg < support of § in F’;
7 supporty <— support of o in F;
1
8 if supportg > 0 and MpPOTta > minconf then
supportg
9 R+ RU{B = a};
10 B« pred(B);
11 else
12 L stop < true;
13 return R
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For each episode a € F

p — pred(a)

h 4

Stop = false

|

while stop = f alse and /= NULL

|

Get supportf and supporta

|

Is supportp > 0?

No

Is support a / support = minconf

R RU{p=a}
B« pred(B)

No

¥

L Set stop = true

End <

Figure 3.6: Flowchart of Generate Parallel Episode Rules
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3.6 Applications of NONEPI-P Algorithms

The NONEPI-P algorithm is an extension that finds parallel episodes groups of events that
happen together or within a short time window, regardless of their order. This is ideal when

simultaneous or closely timed events are significant.

3.6.1 Real-World Applications & Examples

* Smart Home Automation
Application: Detecting common sets of device activations.
Example: Every evening, the living room lights, TV, and heating system are turned on
within five minutes of each other. NONEPI-P can identify this routine, enabling the

system to automate these actions for user convenience.

* Cybersecurity & Intrusion Detection
Application: Spotting coordinated attacks or abnormal system behavior.
Example: Multiple failed login attempts, firewall alerts, and unusual network traffic all
occur within a short period. NONEPI-P can flag this as a potential cyberattack for im-

mediate investigation.

* Retail Market Analysis
Application: Finding products often bought together in the same shopping session.
Example: Customers frequently purchase bread, milk, and eggs during one visit. NONEPI-
P uncovers these associations, helping stores design effective promotions and shelf lay-

outs.

* Environmental Monitoring with IoT Sensors
Application: Detecting environmental changes through simultaneous sensor triggers.
Example: In a smart city, several air quality sensors detect high pollution levels, and
noise sensors register increased sound at the same time. NONEPI-P helps city managers

respond quickly to environmental hazards.
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3.7 Limitations of the NONEPI-P Algorithm

While the proposed NONEPI-P algorithm demonstrates promising results in mining parallel
episodes with improved efficiency and accuracy, it also presents certain limitations that should

be acknowledged:

* Sensitivity to Parameter Settings: The algorithm depends heavily on carefully chosen
values for minimum support (minsup), confidence (minconf), and the maximum time
window. Poor parameter tuning may lead to either too few or too many patterns being

discovered, affecting the quality of results.

* Scalability for Very Large Datasets: Although NONEPI-P is optimized compared to
the original NONEPI, processing very large datasets with millions of events or high

event-type diversity can result in increased memory usage and longer computation times.

* Assumption of Uniform Time Gaps: The algorithm uses a fixed-size time window
to detect parallel episodes. This may not effectively capture patterns where the timing

between events varies significantly across user sessions.

Despite these limitations, the NONEPI-P algorithm remains a valuable tool for mining par-

allel episodes and provides a strong foundation for future improvements.

3.8 Conclusion

In summary, the development of the NONEPI-P algorithm marks a significant contribu-
tion to the field of episode mining. By introducing parallel processing capabilities, NONEPI-P
effectively addresses the limitations of the original NONEPI algorithm, enabling the efficient
discovery of frequent parallel episodes in large event sequences. Experimental results demon-
strate that NONEPI-P not only improves computational performance but also broadens the
range of detectable patterns by relaxing event order constraints. This advancement provides a

robust foundation for future research and applications in large-scale temporal data analysis.
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Implementation And Experimental Study

4.1 Introduction

We present in this chapter the technical and experimental aspects of the project. It includes
the implementation environment, the tools and libraries used, and the results of the experi-
mental evaluation. The goal is to show how the proposed method was implemented and how

effective it is at mining frequent episodes and extracting episode rules from a real dataset.

4.2 Implementaion

This section describes the practical implementation of the algorithms used in this study,
including both existing and modified versions. We explain the development environment, the
tools used, the data preparation steps, and the transformation process required to apply each al-
gorithm. Particular focus is given to the implementation of our proposed NONEPI-P algorithm

for parallel episode mining.

4.2.1 Tools
4.2.1.1 Material

The experiments were performed on an Intel(R) Core(TM) i7-8550U CPU @ 1.80GHz
2.00 GHz with Radeon Graphics 3.70 GHz PC with 16 Gb of main memory and 512 Gb of

SSD storage, running the Microsoft Windows 11 pro operating system. All algorithms were
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coded in Java.

4.2.1.2 Software

* Eclipse: Eclipse is an open-source development platform written in Java and composed
of a host of projects and subprojects. The founding project, Eclipse Platform, consti-
tutes the core and basic components of Eclipse. It is extensible through the addition of

additional plugins.[33]

* java: Oracle Java is the first programming language and development platform. It re-
duces costs, shortens development timeframes, drives innovation, and improves applica-
tion services. Java continues to be the development platform of choice for enterprises

and developers.[34]

* SPMF: is an open-source software and data mining library written in Java, specialized in
pattern mining (the discovery of patterns in data). It offers implementations of 262 data

mining algorithms for:

Association rule mining,

— Itemset mining,

— Sequential pattern mining,

— Sequential rule mining,

— Sequence prediction,

— Periodic pattern mining,

— Episode mining,

— High-utility pattern mining,
— Time-series mining,

— Clustering and classification,
— Data processing and visualization.

SPMF can be used as a standalone program with a simple user interface or from the
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command line. Moreover, the source code of each algorithm can be easily integrated
into other Java software. In addition, it is possible to call SPMF from other program-
ming languages such as Python, R, and C#. SPMF is fast and lightweight, requiring no

dependencies on external libraries.[35]

* JupyterLab: JupyterLab is the latest web-based interactive development environment
for notebooks, code, and data. Its flexible interface allows users to configure and arrange
workflows in data science, scientific computing, computational journalism, and machine

learning. A modular design invites extensions to expand and enrich functionality.[36]

* Excel: Microsoft Excel is a spreadsheet software developed by Microsoft. It allows users
to organize, analyze, and visualize data in tabular form. Excel is commonly used for data
entry, statistical analysis, creating charts and graphs, and performing complex calcula-
tions using built-in functions and formulas. In our project, Excel was used to preprocess

the dataset and interpret the experimental results generated by the SPMF algorithms.[37]

* our experiment: The software implementation was carried out using Eclipse IDE ver-
sion 2022 with JDK 17. The SPMF data mining library was used to perform episode min-
ing, utilizing several algorithms such as MinePI, EMMA, MinePI+, and NONEPI. These
algorithms were applied to our dataset to extract several informations . The resulting out-
puts were then visualized using Microsoft Excel to generate comparative performance

graphs.

4.3 The implementation steps

In this section, we present the different steps involved in the implementation of our algo-

rithm, as shown in the figure 4.1.

Data preparation Data — Applying the | — | Results extract
prep transformation |—— Algorithms — and interpretation

Figure 4.1: Steps of the implementation
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4.3.1 Understanding Web User Behavior

In this work, we analyze user behavior based on real-world data from the Kaggle Click
Prediction Competition. The dataset contains sequences of user click events recorded with

timestamps, reflecting how users interact with a web platform over time.

Each sequence represents a user session composed of various actions such as viewing ads
or clicking links. These sessions are used as input for episode mining algorithms to discover
frequent behavior patterns. This analysis helps in understanding user navigation habits and

supports applications such as prediction and recommendation.

4.3.2 Data preparation

The dataset that we used in this work originates from a public competition and represents
user interactions with content recommendations on U.S. publisher websites over two weeks in
June 2016. It is composed of several relational tables, among which three primary files were

utilized: page_views_sample.csv, events.csv, and clicks_train.csv.

1. page_views_sample.csv : file serves as the core of the dataset, capturing user activity
logs related to documents. It provides granular insights into user behavior and traffic

patterns.
e Uuid
¢ document_id
* Timestamp
e Platform
* geo_location
¢ traffic_source

2. events.csv : provides additional contextual information about the display_id values present
in the clicks_train.csv datasets. This dataset helps enrich the understanding of the envi-

ronment or session in which ads were displayed and interacted with.
* Display_id
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e Uuid

¢ document_id
* Timestamp
* Platform

* geo_location

3. clicks_train.csv : is a training dataset that tracks user interactions with ads. It logs
which ads were clicked within sets of recommendations presented to users, helping train

predictive models for click likelihood.
* Display_id
e ad_id
* Clicked

From the page_views_sample. csv file, only relevant columns such as uuid, document_id,
platform, traffic_source, and geo_location were extracted to capture user activity de-
tails. The events. csv file contributed contextual information specifically uuid, display_id,
and timestamp allowing the identification of which content was displayed to which user and
when. The clicks_train.csv file was filtered to retain only the records where a click actually

occurred (clicked = 1), keeping the display_id, ad_id, and clicked columns.
The preprocessing involved two key merging operations:

1. First, the user-level activity data from page_views_sample.csv was merged with the
display context from events.csv on the common uuid field, linking each user’s behav-

ior to the content display events.

2. Second, the resulting data was merged with the filtered click data from clicks_train.csv
on the display_id field, thereby associating each session with the clicked advertise-

ments.

These merges ensured that the final dataset only included user sessions with confirmed

interactions. After the merging step, the resulting dataset was further cleaned using Jupyter
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Notebook by removing rows with missing values and eliminating duplicates. The result shown

in figure 4.2 was a clean and structured dataset ready for pattern mining analysis.

=N R s W, I S U

|uuid _ldocument_id platform

33df12c63d81
465fa0b07a7:
bf343c38318d
Afce51b7175%
304b2182067
b6bda48hbfadat
8fde19c2719¢
f785c2aa914¢
e6fb209c6c7f
e6fb209c6c7f
e6fb209c6c7f
aB864543c424,
27f6493b3f4c
7fdcf7866bad
6029beab07hb
alc9d67eaab:
4be8b5da8ec
e2d28e766fd:
ce95458032a:

Our data informations :

1949
1949
2258
2258
2258
2258
3464
4491
5410
5410
5410
6712
7012
7012
7012
7012
7012
7012
7012

Figure 4.2: Screenshot of the Dataste after preparation

traffic_source geo_location display_id
1 US>TX 73837
2 CA>QC 11237261
1 US>MN=>613 5559829
2 US>IL>602 9691185
2 US>TX=»623 5777131
2 US>AZ>789 7123440
1 US>GA>524 14995541
1 AU>07 1382805
2 US>WA>819 1262377
2 US>WA>819 6197832
2 US>WA>819 8826826
2 US>TX>623 842890
1 US>GA>524 875903
2 US>CA>825 15280996
2 MY>01 2697936
2 US>TX>623 2039511
1 BE>03 9405932
1 GB>H9 192268
2 ZA>05 115906

e T T e e e e e e T e R N R e e

Table 4.1: Dataset Overview

timestamp
6160216
747929885
370459144
653961216
384526022
489609392
993287918
82544941
75794328
413069104
593883626
54352124
55843326
1012611673
170158871
132739091
639448055
20549394
10617423

Property

Details

Data size

1,117,000 lines

Columns

* uuid

e document_id
e display_id

e ad_id

* clicked

* timestamp

* platform

* geo_location

e traffic_source

Category

Symbols and numbers

ad_id

23413
378990
105610
257743
198748

41760
204447
177268
171667

4700
107020
355908

96381
332908
301835
231376
329239

68651
158220

clicked

R e e e R e R e e e R
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4.3.3 Python Script Use for merging the Dataset:
The Python script that shown in figure 4.3 was used to merge the data files.

import pandas as pd

page_views_sample = pd.re csv(r"C:\Users\admin\Desktop\page_views_sample.csv\page_views_sample.csv")

events = pd.read_cs Users\admin\Desktop\events.csv\events.csv")

clicks_train = pd. B r"C:\Users\admin\Desktop\clicks_train.csv\clicks_train.csv")

page_views_sample_filtered = page_views_sample[['uuid', 'document_id', 'platform', 'traffic_source', 'geo_location']]

events_filtered = events[['uuid', 'display_id', ‘'timestamp']]
merged_data = pd.merge(page_views_sample_filtered, events_filtered, on="'uuid', how='inner')
clicks_train_filtered = clicks_train[clicks_train['clicked'] == 1][['display_id', 'ad_id', 'clicked']]

final_data = pd.merge(merged_data, clicks_train_filtered, on='display_id', how='inner')
final_data.to_csv('episode_mining.csv', index=False)

print("Data aggregation completed and saved to episode_mining.csv")

Figure 4.3: Python code for merge the data files

4.3.4 Data Transformation for the algorithms

To apply various episode mining algorithms available in the SPMF library including NONEPI,
EMMA, MINEPI+, and our proposed NONEPI-P it was essential to preprocess and format the

dataset according to each algorithm’s input requirements.

The original dataset was obtained from the Outbrain Click Prediction dataset on Kaggle.
After a comprehensive cleaning process that involved filtering for relevant columns and remov-
ing incomplete or duplicate records, only the ad_id and associated timestamp were retained
for the mining tasks. The cleaned data was then transformed into specific formats tailored to

the needs of each algorithm, ensuring compatibility and optimal performance during execution.

The dataset used for this study consists of 1,117,000 event entries, distributed across 71,184
unique sequences. These sequences represent distinct user navigation paths or sessions. In
total, the dataset includes 977,186 unique event types, indicating a high degree of variability
and complexity in the recorded events. Table 4.2 summarizes the key characteristics of the

dataset used in the experiments.
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Table 4.2: Details of the dataset used

Data Size 1,117,000 lines
Number of event types 977,186
Total number of sequences 71,184

4.3.4.1 Format for the Algorithms:

The algorithms accept identical input structures. Each event line contains:

* Item IDs: Space-separated numerical identifiers (may include duplicates)
* Delimiter: Pipe character | separating items from timestamp

* Timestamp: Numerical value representing event timing (right-aligned)

An example of this format is as follows:

event | timestamp
273567|1033
1399442550
234713|2687
269739|3157
2208543891
215554 215554 2155543925
08204 |3938
229669|3963

86683 866834242
92759 |4651
525745182
173452|5415
17313@|5723
92113|5793

Figure 4.4: Screenshot of the Dataste format

In this structure:

* The item(s) on the left of the pipe character | represent events that occurred together at

the same timestamp.
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* The number after the pipe | represents a simplified or scaled timestamp to preserve or-

dering.

A Python script was used to automate this transformation, grouping events and formatting them

according to the algorithm’s expectations.
Python Script Use for Converting the Dataset:

The following Python script hat shown in figure 4.5 was used to convert the cleaned dataset
into the input format required by the selected episode mining algorithms ( NONEPI, EMMA,
MINEPI+,and NONEPI-P). The script automates the transformation by grouping events by

timestamp for algorithms style input,

import pandas as pd
from collections import defaultdict
df = pd. ("episode_mining_cleaned.csv")

df_filtered = df[['timestamp', 'ad_1id']]

timestamp_to_ads = defaultdict(list)
for _, row in df_filtered. ():

timestamp = row['timestamp']
ad_id = row['ad_1id"']
timestamp_to_ads[timestamp].

lines = []

for timestamp in sorted(timestamp_to_ads. ()):
events = " ", (str(e) for e in sorted(timestamp_to_ads[timestamp]))
lines. (f"{events}|{timestamp}")

with open("emma_formatted_input.txt", "w") as f:
f. ("\n". (lines))

Figure 4.5: Python code for converting data to the input format
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4.3.5 Applying the Algorithms

After preparing the dataset in the required formats, we executed several episode mining
algorithms using the SPMF data mining library. The algorithms applied in this study include
NONEPI, EMMA, MINEPI+, and our modified version, NONEPI-P. Each algorithm is de-
signed to discover frequent episodes from sequences of timestamped events, though they differ

in the types of episodes they extract and their underlying processing logic.

The original NONEPI algorithm was executed without modification and is specialized in
mining serial episodes, where the order of events strictly follows a sequence. In contrast, our
proposed NONEPI-P algorithm was developed by modifying the original NONEPI source code

to mine parallel episodes, allowing events to occur in any order within a specified time window.

All algorithms were implemented in Java 17 and executed within the Eclipse IDE. Experi-
ments were conducted on the same dataset using a range of minimum support thresholds: 500,
600, 800, 1000, and 1500. To maintain temporal consistency in episode detection, the maxi-

mum window size was fixed at 100,000 units for all runs.

For each execution, we collected and analyzed key metrics including the number of frequent
episodes discovered, execution time, and output size. This comprehensive evaluation enabled
a fair comparison of the algorithms under identical conditions, shedding light on the relative
strengths and trade-offs between serial and parallel episode mining approaches when applied

to real-world event sequence data.
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4.3.6 Results Interpretation

Number of frequent episodes

4000

8 .o Table 4.3: Number of Frequent
2 3000 Episodes Discovered by Differ-
T . . .
2 2500 ent Algorithms at Various minSup
(]
g 209 Thresholds
£ 1500
G 1000
S 500 I NoNEPI-P | NoNEPI | Minepi+ | Emma | minSup
£ 500
E o L = — — 3339 760 463 1203 500
=
500 600 800 1000 1500 891 287 273 428 600
minsup
147 147 128 151 800
Enonepi Eminepi+ HWemma nonepi-p 50 50 71 75 1000
12 12 30 30 1500

Figure 4.6: The effect of minsup on the amount of fre-
quent episodes.

Figure 4.6 illustrate the impact of varying the minimum support threshold (minsup) on the

number of frequent episodes discovered by the algorithms:

* Atminsup = 500, NONEPI-P identifies 3339 episodes, significantly more than the other

algorithms.

* As minsup increases, the number of discovered episodes decreases for all algorithms,

reflecting fewer qualifying patterns at stricter thresholds.

* At minsup = 1000, NONEPI-P still finds 50 frequent episodes, while NONEPI finds

only 34.

* Atminsup = 1500, all algorithms converge and find between 12 and 30 episodes, repre-

senting the most robust patterns.

* The largest gain is observed at moderate support values, where NONEPI-P consistently

detects more patterns than its serial counterpart.
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Max episode size

[§8] w E-3 5] =] ~l

Max episode size

=

0 I I

500 600 800 1000 1500
minsup
W nonepi minepi+ emma nonepi-p

Figure 4.7: The effect of minsup on max episode size.

Discussion

Table 4.4: Maximum Size Values
of Patterns Discovered by Differ-
ent Algorithms at Various minSup

Thresholds
NoNEPI-P | NoNEPI | Minepi+ | Emma | minSup
5 3 6 6 500
5 3 [§ 6 600
3 2 5 6 800
2 2 4 5 1000
0 0 3 3 1500

Figure 4.7 compares the maximum episode size the number of events in the largest discov-

ered episode for each algorithm across varying minsup levels:

* Atminsup =500, EMMA and MINEPI+ discover the largest episodes (size 6), followed

by NONEPI-P (size 5), consistent with their respective abilities to find long minimal or

parallel patterns.

* NONEPI detects the smallest episodes (maximum size 3 at minsup = 500), reflecting its

serial and non-overlapping approach.

* Asminsup increases, maximum episode sizes drop across all algorithms, converging to 3

or fewer at minsup = 1500, highlighting that longer episodes are typically less frequent.
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Figure 4.8: The effect of minsup on the execution time.

Table 4.5: Execution Time (in ms)
of Different Algorithms at Various

minSup Thresholds
NoNEPI-P | NoNEPI | Minepi+ | Emma | minSup
940 62 385425 4798 500
79 40 1116840 2501 600
22 13 104583 1334 800
16 0 25594 1104 1000
0 0 6812 959 1500
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Discussion

Figure 4.8 shows the execution time (in milliseconds) of each algorithm as a function of the

minsup:

* NONEPI consistently exhibits the lowest execution time due to its simple serial mining

strategy.

* NONEPI-P requires more computation, especially at lower minsup (e.g., 940 ms at 500),

due to the additional cost of parallel episode detection.

* MINEPI+ incurs the highest execution time, particularly at lower thresholds (e.g., over

385,000 ms at 500), owing to its handling of partial orders and complex pruning.

 EMMA also has a high execution time, driven by its requirement to find minimal occur-

rences.

 All algorithms show decreased execution time as minsup increases, reflecting fewer can-

didates to evaluate.

4.3.7 Extracting the rules
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Figure 4.9: Influence of minconf on number of
episode rules with minsup = 500.
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Figure 4.10: Influence of minconf on execu-
tion time with minsup = 500.

in here we compares the performance of four algorithms in comparison is based on two

main metrics:

* Number of episode rules generated (Figure4.9)
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* Execution time (Figure 4.10)

These metrics were evaluated at different confidence thresholds (minconf values): 0.2, 0.4,

0.6, 0.8, and 1.0.
1. Number of Episode Rules

As shown in Figure (4.9), all algorithms generate fewer rules as the minconf value in-
creases. This is expected, as higher confidence thresholds retain only stronger and more reliable

rules.

Our algorithm, NONEPI-P, clearly produces the highest number of episode rules across all
thresholds. This is due to its use of parallel episodes, which allows it to detect a larger variety
of event combinations that occur together. In contrast, the other algorithms which focus on
serial or partially ordered episodes return fewer rules, particularly as the confidence threshold

rises.
2. Execution Time

The second Figure (4.10) illustrates that NONEPI-P also has the highest execution time.
This outcome is expected due to the significantly larger number of rules it generates. The more

rules an algorithm discovers, the more processing time it requires.

The other algorithms show much lower execution times especially MINEPI+ and EMMA,
which remain efficient even at lower confidence values. NONEPI is somewhat slower than

these two but still faster than NONEPI-P.

This comparison highlights a clear trade-off. NONEPI-P offers richer results by discovering
more patterns through parallel episodes but at the cost of increased execution time. In contrast,

the other algorithms provide faster performance with fewer but more concise patterns.
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4.3.7.1 Rules Discovered
Table 4.6: Sample of 10 Episode Rules Discovered by NONEPI-P

# | Rule y= 6 conf(y = )
1 | {99215, 88761} = {99215, 88761, 26711} 100%
2 | {99215, 173130, 151028} = {99215, 173130, 151028, 26711} 100%
3 | {273567, 88761} = {273567, 88761, 151028} 100%
4 | {273567, 88761, 151028} = {273567, 88761, 151028, 26711} 100%
5 | {92759, 269739, 66484} = {92759, 269739, 66484, 332844} 100%
6 | {92759, 151028, 66484} = {92759, 151028, 66484, 332844} 100%
7 | {92759, 193952} = {92759, 193952, 332844} 100%
8 | {175214, 269739, 173130} = {175214, 269739, 173130, 332844} 100%
9 | {319252, 173130} = {319252, 173130, 26711} 100%
10 | {269739, 66484} = {269739, 66484, 332844} 100%
Discussion

Table 4.6 presents a representative selection of 10 rules mined by the NONEPI-P algo-
rithm from a total of 574 rules extracted using a minimum support of 500 and MINCONF of
1. These rules demonstrate consistently high support and confidence values, reflecting robust
and frequent parallel episode occurrences within the dataset. The antecedents and consequents
typically differ by a single event, illustrating the incremental nature of pattern growth and the
strong temporal or contextual associations among events. The recurrence of specific event
IDs across multiple rules highlights key elements driving the system’s behavior. By applying
stringent thresholds, the algorithm effectively filters out less significant patterns, ensuring that
the resulting rules are both reliable and interpretable. Overall, this subset exemplifies the algo-
rithm’s capability to uncover meaningful, high-confidence parallel episodes, providing valuable

insights into the underlying event dynamics.

4.4 Conclusion

In this chapter, we described the implementation and experimental study of episode min-
ing algorithms, focusing on our NONEPI-P algorithm. We detailed the technical environment,
including hardware and software, and explained the steps taken for data preparation and trans-

formation.

Through a series of experiments on real-world dataset, we evaluated the performance of

NONEPI-P compared to traditional algorithms. The results showed that NONEPI-P offers sig-
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nificant improvements in execution time and can handle larger datasets more efficiently. Ad-
ditionally, the algorithm successfully discovered more relevant and meaningful episode rules,

especially when varying parameters such as minimum support and confidence.

Overall, the experimental results confirm the effectiveness and scalability of NONEPI-P
for mining frequent episodes in sequential data. These findings demonstrate the potential of
our approach for practical applications, such as analyzing web user behavior and supporting

decision-making based on sequential patterns.
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General Conclusion

In this dissertation, we introduced the fundamental concepts and motivations behind data
mining, with a particular emphasis on pattern mining and its specialized subfield, episode min-
ing. We outlined the key objectives, techniques, and challenges associated with mining useful
patterns from large and complex datasets. As discussed, episode mining plays a crucial role in
analyzing event sequences by identifying frequent patterns that capture temporal relationships

between events either in a strict (serial) or flexible (parallel) order.

We also introduced the theoretical foundations and practical significance of frequent episode
mining, setting the stage for the algorithmic and experimental studies. Among the various al-
gorithms designed for episode mining, the NONEPI approach has drawn attention due to its
ability to discover meaningful episodes based on occurrence frequency. This project builds on
that work by implementing and extending the NONEPI algorithm to support parallel episode
mining, thereby enhancing its scope and effectiveness in real-world applications.Practical ap-
plications of this approach include analyzing user behavior on websites such as identifying
unordered but related actions like viewing a product, adding it to the cart, and performing a
search within the same session as well as detecting concurrent security events in cybersecurity
systems, or recognizing simultaneous sensor readings in smart environments that may indicate

equipment failure or abnormal conditions.

We also present the results of experimental studies, demonstrating how these techniques
can be applied to uncover patterns in sequential data and offering insights into the impact of

different frequency measures and mining strategies.
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