
* Corresponding author: Sheel Shalini

Copyright © 2024 Author(s) retain the copyright of this article. This article is published under the terms of the Creative Commons Attribution Liscense 4.0. 

Discovering temporal frequent patterns: An optimized approach 

Sheel Shalini * and Sweta Kumari 

Department of Computer Science and Engineering, Birla Institute of Technology Mesra, Patna, India. 

International Journal of Science and Research Archive, 2024, 12(02), 1273–1278 

Publication history: Received on 30 March 2024; revised on 23 July 2024; accepted on 26 July 2024 

Article DOI: https://doi.org/10.30574/ijsra.2024.12.2.1366 

Abstract 

Temporal frequent pattern mining is a critical area of data mining that focuses on identifying recurring set of events 
over time. Traditional methods often face challenges related to scalability, data complexity, and noise, necessitating the 
development of optimized approaches. This survey reviews the existing literature on temporal frequent pattern mining, 
highlights the limitations of traditional techniques, and presents recent advancements in optimized methods. The paper 
also discusses future directions and applications across various domains. 
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1. Introduction

Temporal association rule mining is a data mining technique [1] that discovers association rules within a specified time 
period. Temporal association rules are of the form: (𝑋 → 𝑌)𝑇𝑃  where, X and Y are items and TP is specified time period. 
The rules generated by mining a temporal database is valuable for identifying time-dependent associations between 
items [2] and for making decisions. The abundance of temporal data has spurred researchers to uncover various types 
of time-variant patterns and regularities hidden within these databases. 

Frequent pattern mining plays a vital role in temporal association rule mining as frequent patterns identified within 
temporal databases serve as the basis for generating temporal association rules. Temporal frequent pattern mining is 
first step in temporal association rule mining[3].  

Temporal frequent patterns involve sequences of events that occur frequently within a given time frame. These patterns 
can help predict future events, detect anomalies, and provide a deeper understanding of temporal relationships in data. 
For instance, in retail, discovering that certain products are frequently bought together during specific seasons can 
inform inventory and marketing strategies. 

Temporal frequent pattern mining involves extracting patterns from time-ordered data, which can reveal valuable 
insights for decision-making in areas such as finance[4], healthcare[5], retail[6], and more. Traditional techniques, such 
as Apriori [7] and FP-Growth [8] based algorithms for temporal frequent pattern mining often struggle with the volume 
and complexity of temporal data. This survey aims to provide an overview of optimized approaches that address these 
challenges, enhancing the efficiency and scalability of pattern discovery. 
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1.1. Challenges in Temporal Pattern Mining 

Effective temporal pattern mining must address these challenges by leveraging advanced techniques such as scalable 
data structures, parallel processing, and robust statistical methods to manage data volume and unravel the intricate 
patterns hidden within complex temporal datasets. 

 Data Volume and Complexity: Temporal data can be vast and intricate, requiring algorithms to handle 
large-scale processing efficiently. Temporal pattern mining involves analyzing time-ordered data to 
discover patterns that describe the temporal relationships between events. This field faces significant 
challenges related to the volume often contain millions or billions of time-stamped events especially in 
fields like finance, healthcare, and telecommunications. and complexity of the data. Handling, storing, and 
processing such large volumes of data require substantial computational resources and efficient algorithms 
to ensure timely analysis. 

 Time Constraints: Temporal patterns are sensitive to the time window considered. Patterns may vary 
significantly based on the chosen time window necessitating methods that can adapt to varying time 
frames.  

 Scalability: Traditional algorithms may not scale well with increasing data size and complexity. Algorithms 
must scale to accommodate increasing data sizes without significant performance degradation. 

 Noise and Incomplete Data: Large temporal data often contains noise and missing values, complicating 
pattern discovery. 

2. Optimized Approaches 

Optimized approaches are used in various fields and applications to achieve better performance, efficiency, and 
effectiveness. Optimization helps in utilizing resources (time, memory, computational power, etc.) more efficiently. This 
is crucial in environments with limited resources, such as embedded systems or mobile devices. By optimizing processes 
or systems, costs associated with energy consumption, materials, and labor can be reduced. Optimized approaches often 
lead to faster and more responsive systems. 

2.1. Parallel and Distributed Computing 

Parallel and distributed computing techniques are helpful for addressing the challenges in temporal pattern mining, 
where the goal is to discover meaningful patterns from time-stamped data. Employing techniques such as parallel 
computing is essential to effectively manage the heightened time and space complexities by distributing the workload 
across multiple processors [9]. These computing paradigms are specifically utilized in: 

 Handling Large-scale Data: Temporal pattern mining often involves large volumes of time-series data, 
which can be distributed across multiple machines or processed concurrently on multicore processors. 
Parallel computing allows for efficient handling of these large datasets by dividing the workload among 
multiple computing units. 

 Parallel Algorithms: Algorithms for temporal pattern mining, such as sequence mining or frequent 
pattern mining, can be parallelized to improve efficiency[10]. For example, algorithms like PTP utilizes 
multithreading on a frequent temporal pattern tree where each branch is processed in parallel. It can be 
adapted to run concurrently on subsets of data or time intervals, speeding up the discovery of temporal 
patterns. 

 Distributed Frameworks: Distributed computing frameworks like Apache Spark or Hadoop provide tools 
and libraries that facilitate the implementation of temporal pattern mining algorithms across clusters of 
machines. These frameworks enable data partitioning, parallel execution of tasks, and fault tolerance, 
which are critical for handling large-scale temporal data effectively. Distributed computing frameworks 
offer built-in fault tolerance mechanisms, which ensure that temporal pattern mining tasks can continue 
execution even if some nodes in the cluster fail. Distributed Hierarchical Pattern Graph TPM (DHPG-TPM) 
that supports large-scale TPM using the leading distributed platform Apache Spark [11].  

By distributing the workload across multiple nodes or processors, parallel and distributed computing architectures can 
achieve significant speedups compared to single-machine processing. This is particularly beneficial for iterative 
algorithms used in temporal pattern mining. 
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2.2. Advanced Data Structures 

In temporal frequent pattern mining, where the goal is to discover patterns that occur frequently over time, advanced 
data structures play a crucial role in efficiently storing and accessing temporal data. There are various advanced data 
structures for temporal pattern mining. Each of these advanced data structures offers unique advantages for managing 
and analyzing temporal data in the context of frequent pattern mining. Their selection depends on specific requirements 
such as the type of temporal data, the frequency of patterns being mined, and the efficiency needed for querying and 
updating operations. Integrating these structures with appropriate algorithms [12] for pattern mining can significantly 
enhance the effectiveness and performance of temporal frequent pattern mining systems. 

Here are some advanced data structures commonly used for optimization: 

 Interval Trees: Interval trees are useful for storing and querying intervals, which are prevalent in 
temporal data where events or patterns occur over time intervals [13]. They facilitate efficient retrieval of 
intervals that overlap with a given query interval, which is essential for tasks like finding frequent patterns 
that occur within specific time spans. 

 Segment Trees: Segment trees are versatile for querying and updating intervals or segments of data. They 
can be adapted to handle temporal data by storing intervals or timestamps, supporting operations like 
range queries (e.g., finding frequent patterns within a range of timestamps) and updates (e.g., adding new 
temporal events) [14][15]. 

 Suffix Trees and Suffix Arrays: They facilitate efficient pattern matching over time sequences, helping to 
identify recurring patterns or sequences of events that occur frequently within specified time intervals 
[16]. 

 Trie Structures: Tries (prefix trees) are useful for storing and retrieving sequences of elements efficiently 
[17]. In temporal frequent pattern mining, tries can be employed to store temporal sequences (e.g., 
sequences of events over time) and facilitate operations such as identifying frequent subsequences or 
patterns. 

 Compressed Data Structures: These structures aim to reduce memory usage and improve query 
performance by compressing data while maintaining efficient access [18]. In temporal frequent pattern 
mining, compressed data structures can be applied to store and query large volumes of temporal data, 
supporting tasks such as identifying frequent patterns or trends over time efficiently [19]. 

2.3. Dynamic Time Windows 

Dynamic Time Windowing is a crucial concept in temporal data mining, especially for tasks like frequent pattern mining 
where patterns must be discovered within specific time intervals. This approach addresses the challenge of analyzing 
time-varying data streams or sequences where patterns may evolve over time. In temporal frequent pattern mining, the 
concept of a dynamic time window refers to a sliding or variable-sized window that moves over the timeline of events 
or transactions. This dynamic window allows the mining algorithm to focus on patterns that occur within a specific time 
frame or interval, adjusting as new data arrives or as patterns change over time [20]. 

Several techniques have been developed to implement Dynamic Time Windowing effectively: 

 Sliding Windows: A fixed-size window slides over the data stream or sequence at regular intervals. This 
approach is straightforward but may not adapt well to varying data densities or event frequencies [21]. 

 Variable-sized Windows: The size of the window adjusts dynamically based on criteria such as event 
frequency, data density, or pattern characteristics. This flexibility allows for more precise pattern detection 
[22]. 

 Incremental Updating: As new data arrives, algorithms update the window position and size 
incrementally, ensuring continuous pattern discovery without reprocessing entire data sets [23]. 

2.4. Pattern Pruning Techniques 

Pattern pruning techniques in temporal frequent pattern mining are essential for improving the efficiency and 
effectiveness of pattern discovery algorithms. These techniques focus on reducing the search space by eliminating 
irrelevant or redundant patterns, thereby enhancing the scalability and interpretability of mining results. In temporal 
data mining, especially in scenarios involving sequences of events with timestamps, the volume of potential patterns 
can be immense. Pattern pruning techniques aim to mitigate this issue by selectively removing patterns that do not meet 
certain criteria or are less relevant to the analysis task [20]. This process is crucial for reducing computational 
complexity, improving interpretability, enhancing pattern quality, etc. 
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Several techniques are used to prune patterns in temporal frequent pattern mining: 

 Minimum Support Thresholding: This is a fundamental pruning technique where patterns that do not 
meet a minimum support threshold (i.e., frequency of occurrence) are discarded. For temporal patterns, 
this threshold can be adjusted dynamically based on time intervals or event frequencies [20]. 

 Pattern Growth Pruning: In algorithms like FP-Growth for temporal data, patterns are grown 
incrementally [24]. Pruning can occur during the growth process by discarding candidate patterns early if 
they do not contribute significantly to frequent pattern discovery. 

 Temporal Constraints: Pruning based on temporal constraints such as maximum gap between events or 
minimum duration of patterns helps refine the discovered patterns to adhere more closely to temporal 
characteristics of interest[25]. 

 Interestingness Measures: Applying measures such as lift, confidence, or novelty to assess the 
significance of patterns and pruning those that do not meet certain interestingness criteria [26]. 

3. Recent Advancements in Temporal Frequent Pattern Mining 

Recent advancements in temporal pattern mining have introduced various innovative techniques and frameworks and 
significantly improved the ability to analyze and extract meaningful patterns from time-dependent data. Key 
developments include: 

 Temporal Network Analysis: Advances in mining temporal networks have enabled better understanding 
of dynamic systems, such as social interactions and communication patterns, by identifying temporal 
motifs and centrality measures [27]. 

 Extended Lists Algorithm: A faster algorithm for mining frequent temporal patterns has been developed, 
significantly outperforming existing methods. This approach uses extended lists to enhance efficiency, 
making it particularly effective on both real-life and random data [28]. 

 Temporal Inter-object Pattern Mining: This method focuses on identifying patterns between different 
objects over time in multivariate time series. It provides more informative results by incorporating explicit 
temporal information, which is crucial for applications like stock market analysis and healthcare 
monitoring[29]. 

 Shapelet-based Approaches: Shapelet-based methods identify characteristic subsequences (shapelets) 
in time series data that are critical for understanding temporal patterns. These approaches enhance the 
interpretability and accuracy of the mined patterns, which is beneficial for domains like medical diagnosis 
and climate science [29]. 

 Generative Adversarial Networks (GANs): The application of GANs in temporal pattern mining has 
shown promise, particularly in handling multivariate time series. GANs help address the divergence of 
subsequences from the original data, thereby improving the quality of the discovered patterns [28]. 

 IoT and Sensor Data: The proliferation of IoT devices has led to the development of efficient and 
distributed temporal pattern mining algorithms to handle the massive influx of time-series data from 
sensors [30]. 

 Deep Learning Techniques: The incorporation of deep learning has improved the extraction of complex 
temporal patterns, allowing for more accurate predictions and anomaly detection in various domains [31]. 

4. Future Research in Temporal Frequent Pattern Mining 

Future research in temporal frequent pattern mining is poised to explore several promising directions, driven by the 
increasing complexity of time-series data and the growing demand for real-time, interpretable, and actionable insights. 
Some future direction for temporal frequent pattern mining are: 

 A hybrid model Combining traditional pattern mining techniques with deep learning models, such as 
recurrent neural networks (RNNs) and long short-term memory (LSTM) networks, to capture complex 
temporal dependencies. 

 Creating algorithms can adapt to changes in the data distribution over time, ensuring that the mined 
patterns remain relevant and accurate. 

 Developing algorithms for real-time analysis of streaming data for enabling immediate insights and 
decision-making in dynamic environments. 

 Combining multiple optimized techniques, such as integrating machine learning with advanced data 
structures, for enhanced performance. 
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5. Conclusion 

Temporal frequent pattern mining is a vital technique for uncovering valuable insights from time-ordered data. While 
traditional methods have laid the groundwork, optimized approaches are essential for addressing the challenges posed 
by large-scale, complex, and noisy datasets. By leveraging parallel computing, advanced data structures, dynamic time 
windows, and integrating machine learning, these optimized methods significantly enhance the efficiency and accuracy 
of temporal pattern discovery. Continued research and development in this area will unlock new opportunities and 
applications across various domains.  
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