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Abstract— The amount of information generated in social media channels or economical/business transactions exceeds the 

usual bounds of static databases and is in continuous growing. In this work, we propose a frequent itemset mining method 

using sliding windows capable of extracting tendencies from continuous data flows. For that aim, we develop this method 

using Big Data technologies, in particular, using the Association rule and apriori algorithm distributing the computation 

along several clusters and thus improving the algorithm speed. The experimentation carried out shows the capability of our 

proposal and its scalability when massive amounts of data coming from streams are taken into account. 

I. INTRODUCTION 

Nowadays, there are many techniques to obtain information from data and they are related to Data Mining. Two important 

factors distinguish the type of technique we have to use the type of data we have and the kind of information we want to 

obtain. Recently, tendency analysis is a must due to the need of constant updated information on economic fluctuations, 

social media tendencies, etc. In this area, the extraction of frequent items has proved useful, but the continuous change of 

data and their enormous volume complicate their extraction with classic techniques. Big Data has arisen as a new framework 

to store and process large amounts of data enabling the distribution of computations among several clusters. New techniques 

appear in order to store and process data such as non-structured storage frameworks as No SQL databases, which allow the 

programmer to abstract the complexity of data management in large clusters.  

An example of this is the HDFS platform. The main paradigm behind the Big Data used for distributed programming is 

known as Map-Reduce and is available in platforms such as Hadoop or Spark. The libraries in these two platforms are getting 

larger in recent years thanks to the fast deployment of suitable extensions of existent algorithms within the Data Mining and 

Machine Learning communities. However, some of these implementations are not direct extensions, since we have to deal 

with the peculiarity of the algorithms and the data structures they employ. This is for instance the case of structures like trees 

which perform very efficiently in the non-distributive case and not so well along several clusters (we recommend reading the 

analysis made in). 

In frequent itemset mining, several sequential approaches have been traditionally used such as the Apriori (or some of its 

advanced versions like Apriori-TID), ECLAT, or FP-growth algorithms to extract frequent co-occurrence of items in a 

database. But these algorithms cannot be used for continuous data flows, where time plays an essential role. The sub-field in 

charge of this is known as Streaming analysis. Several approaches have been developed for frequent itemset extraction in 

data streams, but sometimes their processing capacity is exceeded when data comes from social media or marketing 

fluctuations. Existent algorithms for stream mining sometimes fail when the volume of data contained in a temporal window 

cannot be processed due to a memory-overflow. At this respect, distributed algorithms are capable of processing the data by 

mapping them into different clusters of computation. In particular, Big Data implementations enable to handle with these 

types of problems, allowing not only their processing but also providing redundancy mechanisms to prevent the data loss 

without having data inconsistency. However, as far as we are concerned, there are no available Big Data implementations for 

frequent itemset stream mining till the moment. 

In the light of these observations, this paper presents a new proposal to discover tendencies using frequent itemset mining in 

continuous stream data. For that, we have reviewed and analyzed existent algorithms, and we propose an improved Big Data 

version using the Spark Streaming library of the FIMOTS (Frequent Itemset Mining over Time-sensitive Streams) algorithm 

developed in [9]. It is worthwhile to stress that the proposed algorithm is not a straightforward extension of the existent 

FIMOTS. This is because it lays on a tree structure which increments complexity if we handle it in a distributed way. Instead, 

we have considered a different configuration in order to manage with the necessary information. The conducted experiments 

show that the new distributive proposal solves the limitations of sequential FIMOTS approach when massive streaming data 

are considered, outperforming the original one in all the cases analyzed and scaling very well in very large data streams. 
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II. LITERATURE REVIEW 

Efficiently Mining Maximal Frequent Item sets 

Karam Gouda,Mohammed J. Zaki 

We present GenMax, a backtracking search-based algorithm for mining maximal frequent itemsets. GenMax uses a number 

of optimizations to prune the search space. It uses a novel technique called progressive focusing to perform maximality 

checking, and diffset propagation to perform fast frequency computation. Systematic experimental comparison with previous 

work indicates that different methods have varying strengths and weaknesses based on dataset characteristics. We found 

GenMax to be a highly efficient method to mine the exact set of maximal patterns. 

Discovering Frequent Closed Itemsets for Association Rules 

Nicolas Pasquieryves Bastiderafik Taouillotfi Lakhal 

In this paper, we address the problem of finding frequent itemsets in a database. Using the closed itemset lattice framework, 

we show that this problem can be reduced to the problem of finding frequent closed itemsets. Based on this statement, we can 

construct efficient data mining algorithms by limiting the search space to the closed itemset lattice rather than the subset 

lattice. Moreover, we show that the set of all frequent closed itemsets suffices to determine a reduced set of association rules, 

thus addressing another important data mining problem: limiting the number of rules produced without information loss.We 

propose a new algorithm, called A-Close, using a closure mechanism to find frequent closed itemsets. We realized 

experiments to compare our approach to the commonly used frequent itemset search approach. Those experiments showed 

that our approach is very valuable for dense and/or correlated data that represent an important part of existing databases. 

An Efficient Algorithm For Mining Frequent Closed Itemsets 

Jian Pei, Jiawei Han and Runying Mao 

Association mining may often derive an undesirably large set of frequent itemsets and association rules. Recent studies have 

proposed an interesting alternative: mining frequent closed itemsets and their corresponding rules, which has the same power 

as association mining but substantially reduces the number of rules to be presented. In this paper, we propose an efficient 

algorithm, CLOSET, for mining closed itemsets, with the development of three techniques:  applying a compressed, frequent 

pattern tree FP-tree structure for mining closed itemsets without candidate generation, developing a single pre x path 

compression technique to identify frequent closed itemsets quickly, and exploring a partition-based projection mechanism for 

scalable mining in large databases. Our performance study shows that CLOSET is efficient and scalable over large databases, 

and is faster than the previously proposed methods. 

Hierarchical Document Clustering Using Frequent Itemsets 

Benjamin C.M. Fung, Ke Wang and Martin Ester 

A major challenge in document clustering is the extremely high dimensionality. For example, the vocabulary for a document 

set can easily be thousands of words. On the other hand, each document often contains a small fraction of words in the 

vocabulary. These features require special handlings. Another requirement is hierarchical clustering where clustered 

documents can be browsed according to the increasing specificity of topics. In this paper, we propose to use the notion of 

frequent itemsets, which comes from association rule mining, for document clustering. The intuition of our clustering 

criterion is that each cluster is identified by some common words, called frequent itemsets, for the documents in the cluster. 

Frequent itemsets are also used to produce a hierarchical topic tree for clusters. By focusing on frequent items, the 

dimensionality of the document set is drastically reduced. We show that this method outperforms best existing methods in 

terms of both clustering accuracy and scalability. 

Finding Recent Frequent Itemsets Adaptively Over Online Data Streams 

Joong Hyuk Chang, Won Suk Lee 

A data stream is a massive unbounded sequence of data elements continuously generated at a rapid rate. Consequently, the 

knowledge embedded in a data stream is more likely to be changed as time goes by. Identifying the recent change of a data 

stream, specially for an online data stream, can provide valuable information for the analysis of the data stream. In addition, 

monitoring the continuous variation of a data stream enables to find the gradual change of embedded knowledge. However, 
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most of mining algorithms over a data stream do not differentiate the information of recently generated transactions from the 

obsolete information of old transactions which may be no longer useful or possibly invalid at present. This paper proposes a 

data mining method for finding recent frequent itemsets adaptively over an online data stream. The effect of old transactions 

on the mining result of the data steam is diminished by decaying the old occurrences of each itemset as time goes by. 

Furthermore, several optimization techniques are devised to minimize processing time as well as main memory usage. 

Finally, the proposed method is analyzed by a series of experiments. 

III. PROPOSED WORK 

1. The System implementing a distributed version of the FIMoTS algorithm is made, where this approach outperforms the 

rest of approaches using sliding windows.  

2. The original FIMoTS algorithm is mainly iterative and performs recurrent updates over the tree structure, but in 

distributive platforms, it is advisable to keep the communication among clusters as low as possible.  

3. However, the maintenance of the tree structure needs direct communication with all the clusters. making it as efficient as 

possible. 

Advantages 

1. High performance and accuracy. 

2. Data flow is passed well. 

3. Time Consuming. 

3.1 Dataset Collection 

A dataset (or data set) is a collection of data, usually presented in tabular form. Each column represents a particular variable. 

Each row corresponds to a given member of the dataset in question. It lists values for each of the variables, such as height 

and weight of an object. Each value is known as a datum. 

We have chosen to use a publicly-available frequent itemset which contains a relatively small number of inputs and cases. 

The data is arranged in such a way that will allow those trained in medical disciplines to easily draw parallels between 

familiar statistical and novel ML techniques. Additionally, the compact dataset enables short computational times on almost 

all modern computers. 

3.2 Pre-Processing 

The sklearn preprocessing package provides several common utility functions and transformer classes to change raw feature 

vectors into a representation that is more suitable for the downstream estimators. 

3.3 Implement the Model 

The implementation model represents how a system (application, service, interface, etc.) works. It is often described with 

system diagrams and pseudocode to be later translated into real code. It is shaped by technical, organizations, and business 

constraints. Here we use Association rule and Apriori algorithm. 

Association rule mining is a procedure which is meant to find frequent patterns, correlations, associations, or causal 

structures from data sets found in various kinds of databases such as relational databases, transactional databases, and other 

forms of data repositories. 

When we go grocery shopping, we often have a standard list of things to buy. Each shopper has a distinctive list, depending 

on one’s needs and preferences. A housewife might buy healthy ingredients for a family dinner, while a bachelor might buy 

beer and chips. Understanding these buying patterns can help to increase sales in several ways. If there is a pair of items, X 

and Y, which are frequently bought together: 

 Both X and Y can be placed on the same shelf, so that buyers of one item would be prompted to buy the other. 

 Promotional discounts could be applied to just one out of the two items. 

 Advertisements on X could be targeted at buyers who purchase Y. 
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 X and Y could be combined into a new product, such as having Y in flavors of X. 

3.3.1 Support.  

This says how popular an itemset is, as measured by the proportion of transactions in which an itemset appears. In Table 1 

below, the support of {apple} is 4 out of 8, or 50%. Itemsets can also contain multiple items. For instance, the support of 

{apple, beer, rice} is 2 out of 8, or 25%. 

If you discover that sales of items beyond a certain proportion tend to have a significant impact on your profits, you might 

consider using that proportion as your support threshold. You may then identify itemsets with support values above this 

threshold as significant itemsets. 

3.3.2 Confidence.  

This says how likely item Y is purchased when item X is purchased, expressed as {X -> Y}. This is measured by the 

proportion of transactions with item X, in which item Y also appears. In Table 1, the confidence of {apple -> beer} is 3 out 

of 4, or 75%. 

One drawback of the confidence measure is that it might misrepresent the importance of an association. This is because it 

only accounts for how popular apples are, but not beers. If beers are also very popular in general, there will be a higher 

chance that a transaction containing apples will also contain beers, thus inflating the confidence measure. To account for the 

base popularity of both constituent items, we use a third measure called lift. 

3.3.3 Lift.  

This says how likely item Y is purchased when item X is purchased, while controlling for how popular item Y is. In Table 1, 

the lift of {apple -> beer} is 1,which implies no association between items. A lift value greater than 1 means that item Y 

is likely to be bought if item X is bought, while a value less than 1 means that item Y is unlikely to be bought if item X is 

bought. 

We use a dataset on grocery transactions from the arules R library. It contains actual transactions at a grocery outlet over 30 

days. The network graph below shows associations between selected items. Larger circles imply higher support, while red 

circles imply higher lift: Associations between selected items. Visualized using the arulesViz R library. 

Several purchase patterns can be observed. For example: 

1. The most popular transaction was of pip and tropical fruits 

2. Another popular transaction was of onions and other vegetables 

3. If someone buys meat spreads, he is likely to have bought yogurt as well 

4. Relatively many people buy sausage along with sliced cheese 

5. If someone buys tea, he is likely to have bought fruit as well, possibly inspiring the production of fruit-

flavored tea 

Recall that one drawback of the confidence measure is that it tends to misrepresent the importance of an association. To 

demonstrate this, we go back to the main dataset to pick 3 association rules containing beer: 

The {beer -> soda} rule has the highest confidence at 20%. However, both beer and soda appear frequently across all 

transactions (see Table 3), so their association could simply be a fluke. This is confirmed by the lift value of {beer -> soda}, 

which is 1, implying no association between beer and soda. 

On the other hand, the {beer -> male cosmetics} rule has a low confidence, due to few purchases of male cosmetics in 

general. However, whenever someone does buy male cosmetics, he is very likely to buy beer as well, as inferred from a high 

lift value of 2.6. The converse is true for {beer -> berries}. With a lift value below 1, we may conclude that if someone buys 

berries, he would likely be averse to beer. 

3.3.4 Evaluation 

Model evaluation aims to estimate the generalization accuracy of a model on future (unseen/out-of-sample) data. In this 

model precision, support, accuracy and confusion matrics are used to evaluate the fake news 
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IV. IMPLEMENTATION 

Select the dataset: 

1. Auto Mobile 

2. Candies 

3. Computer Accessories 

4. Food 

5. Mobile Accessories 

 

V. CONCLUSION AND FUTURE WORK 

The developed proposal is intended to enable the tendency analysis in massive amounts of data coming from data streams. 

This is extremely useful in areas where the amount of generated information exceeds the usual bounds of static databases and 

is in continuous movement. These are the cases of social media (Twitter, LinkedIn, Instagram, etc.) or economical/business 

analysis. 

In this work, we focus in frequent itemset mining for finding the most relevant tendencies in data taking into account their 

appear-ance. We have revised the existent algorithms in frequent itemset mining taking into account both perspectives: 

massive data and data coming from streams. The best to our knowledge, there is no approach for frequent itemset mining 

taking into accounts both premises. 

We have therefore developed an algorithm capable of extract-ing frequent itemsets in continuous flows of data by using the 

MapReduce framework and the Association rule and Apriori algorithm. The experiments carried out show that, as it was 

expected, our proposal outperforms the non-distributed version of the algorithm, and moreover, some experiments which 

could not be finished by the original FIMOTS can now are executed. It is worth to note that our approach can be executed 

over variable windows length and support thresholds that change during the algorithm execution without initializing neither 
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the Frequent Itemset Tree nor the Bounds list LTBs. This is extremely useful in real streaming data where it is not known 

apriori the quantity of new data coming in each moment. 

In future works, we plan to apply the developed algorithm for social media analysis in real time and extend it to consider 

association rule mining in order to study the co-occurrences of frequent items in data streams. 
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