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ABSTRACT 8 
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With the increase of globalization and evolution of Information Technology, a massive 
amount of data are being generated therefore. Data is expanding dramatically right before 
our very eyes and it happens to do so at a terrible rate. This trend of explosion of data into 
Big Data brings forward enormous challenges disguised as incredible business 
opportunities. The challenge here is that traditional tools are poorly equipped to deal with the 
scale and complexity of much of this data. That’s where Hadoop comes in. Hadoop is used 
because it provides cheap and reliable storage and tools for analyzing structured, 
unstructured, and semi-structured information. This explosive growth in stored or temporary 
data has generated an urgent need for new techniques and automated tools that can 
intelligently assist us in transforming the vast amounts of data into useful information and 
knowledge. This has led to the generation of a promising and brilliant frontier in computer 
science called data mining. Data Mining is the method to gain new models for data analysis 
in order to get benefits of business. Association rule mining is one of the momentous fields in 
data mining for generate frequent itemsets and correlations. Frequent itemset mining plays 
an important role in association rule mining. So-seeming, Mining frequent itemset on big 
datasets is almost being the most important problem on data mining. Apriori is the best-
known basic algorithm for frequent itemset mining. Due to the drawbacks of Apriori 
algorithm, many improvements were done to make Apriori better, efficient and faster. 
Weighted based Apriori and Hash Tree based Apriori are the most significant improvements. 
One of the recent papers integrated the weight concept of weighted Apriori and Hash tree 
construction concept of Hash Tree Apriori to produce a hybrid Apriori algorithm named 
WeightedHashT. In this study, we- aim to propose a new approach to improve 
WeightedHashT Apriori algorithm on big data using Hadoop-MapReduce model. The place 
and duration of study had been done in Sana’a – Yemen between March 2017 and January 
2018. We have reviewed over 100 papers related to our work that include enhancements be 
done to improve Apriori algorithm. This study used Retail, Mushroom, and T10I4D100K 
datasets to prove the success of the proposed algorithm. The experimental results indicate 
that the proposed algorithm has best results for frequent itemset mining in term of execution 
time. We got 2170 ms whereas time execution of WeightedHashT got 9900 ms. The test is 
performed on Hadoop cluster consisting of 16 nodes. The present work can be upgraded to 
higher configuration so that data can be distributed to more number of nodes which will 
return with better results. A significant performance improvement is possible by introducing a 
loop-aware scheduler and main-memory cashing. These predictors need further work and 
investigation. 
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1. INTRODUCTION  15 

 16 

We swim in a sea of data and the level of the sea is increasing rapidly. So-seeming, we are 17 
actually living in the data age. Terabytes or petabytes of data pours into our computer 18 
networks, the World Wide Web (WWW), and various data storage devices every day from 19 
business, society, science and engineering, medicine, and almost every other aspect of daily 20 
life. This explosive growth of available data volume is a result of the computerization of our 21 
society and the fast development of powerful data collection and storage tools. The science 22 
of analyzing high volumes of diverse data in near-real time is termed as Big Data [7]. The 23 
computerization of our society has substantially enhanced our capabilities for both 24 
generating and collecting data from diverse sources. A tremendous amount of data has 25 
flooded almost every aspect of our lives. This explosive growth in stored or temporary data 26 
has generated an urgent need for new techniques and automated tools that can intelligently 27 
assist us in transforming the vast amounts of data into useful information and knowledge. 28 
This has led to the generation of a promising and brilliant frontier in computer science called 29 
data mining. Data Mining is the method to gain new models for data analysis in order to get 30 
benefits of business [4]. Data Mining is also a process of discovering unknown and useful 31 
information from large databases. Data mining methods involve seven common classes of 32 
data mining techniques according to function and application purpose: outlier detection, 33 
association rule mining ARM, classification, clustering, Regression, summarization, and 34 
mining time-series data. Among them, the most popular one is association rule mining ARM, 35 
which is the process to finding the correlations between items in a given dataset and 36 
describe the association relationship among different attributes.  37 
As mentioned above Association Rule Mining (ARM) is the process of finding the 38 
correlations between items in a given dataset and describing the association relationship 39 
among different attributes. There are many studies have been proposed for association rule 40 
mining on big data. The most used algorithm is Apriori. To address the drawbacks of Apriori, 41 
number of methods have proposed such as [5] [6] [8- 18]. The common drawback in these 42 
algorithms is a delay in execution time. We have noted that the latest study [6] is efficient to 43 
improve the performance of Apriori in term of time execution as well as memory utilization; it 44 
was designed by combining the benefits of weighted Apriori algorithm and Hash tree Apriori 45 
algorithm to get a hybrid Apriori algorithm called “WeightedHashT” whereas, the result that 46 
they have introduced is about 50 Mb of memory utilization and about 9900 ms for execution 47 
time. With respect to their study, we consider that there is a delay on execution time 48 
especially when the data increasing exponentially. Increasing the volume of data with 49 
various types; structured, unstructured, and/or semi-structured needs to be processed in fast 50 
way by using different architecture than the existed ones. A distributed architecture is able to 51 
serve as an umbrella for many different systems. Hadoop is just one example of a 52 
framework that can bring together a broad array of tools and services such HDFS and 53 
MapReduce for splitting a given big task into small-tasks and running them in parallel way. 54 
Thus, the proposed work aims to improve the algorithm presented in [6] by reducing the 55 
complexity of time execution and/or memory utilization to get the best result in finding the 56 
frequent itemset on big data using Hadoop-MapReduce model. 57 
The proposed work is conducted with boundaries such that, we focused only in generating 58 
frequent itemset on big datasets, So generating association rules is not considered. 59 
Therefore, will not consider the measure confidence that used in Apriori algorithm.   60 
 61 

2. PROPOSED WORK / EXPERIMENTAL DETAILS / METHODOLOGY  62 

 63 

The most famous algorithm is Apriori which has been proposed in 1993 by Agrawal [22]. A 64 
number of Apriori based algorithms have been proposed to minimize the execution time, 65 
reduce the memory consumption, and to enhance the scalability [5] [6] [8-18]. However, [5] 66 
[6] are the most recent ones. 67 
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[5] Has implemented the Apriori algorithm on MapReduce framework for the central 68 
structures hash tree, trie, and hash table trie and evaluated the execution time of Apriori 69 
algorithms for these data structures in MapReduce context. This study considers three data 70 
structures in Java to be used in MapReduce code. They said “Trie outperforms hash tree 71 
experimentally as well as theoretically in sequential computing environment. Initially hash 72 
table trie is not a successful in experiments. But trie performs well than hash tree. But hash 73 
table trie gives best results in suitable experimental setup and for both real and synthetic 74 
datasets.” This paper discusses the execution times of three algorithms on dataset 75 
T10I4D100K with minimum support of 0.02. The results of their proposed work was 1124s 76 
when the chunk size is 100K. However, the authors in [6] have proposed hybrid Apriori 77 
association rule Algorithm which combined the benefits of both hash tree and weighted 78 
Apriori Algorithms “its tree- based hybrid approach“. In their proposed system, the selected 79 
synthetic data sets contain numerous numbers of transaction. From these transactions, Frist, 80 
it is needed to predict the items in the transactional dataset. For predicting the frequent items 81 
and association rules in the transactional dataset, it generally consume lot of memory 82 
storage and time. To overcome the problem, their new proposal computes the frequent 83 
pattern without the generation of candidate itemsets. Tree based mining approach is used to 84 
reduce the consumption of memory usage in the association rule prediction during reducing 85 
phase. It uses correlation-based approaches to optimize the process. This work concludes 86 
on implantation a new ‘’ improved weighted hash tree Apriori Algorithm ‘’ which is being 87 
termed as hybrid Algorithm in a Hadoop – MapReduce environment and obtained results 88 
using a retail dataset and mushroom dataset. The result of this work made sure that the 89 
proposed approach works well in term of time as well as memory. The present work is based 90 
on the algorithms mentioned in [5, 6]. 91 
This research work aims to improve WeightedHashT [6] Apriori algorithm. Although 92 
WeightedHashT succeeded in extracting frequent itemsets, it consumes more time to 93 
execute because of dataset multi scans where the scanning process include frequent and 94 
infrequent itemsets. To address this problem, we proposed a novel approach named 95 
“FTWeightedHashT”. The framework (Figures 1-2) of the proposed algorithm works as 96 
follows: a given dataset will be processed in parallel way in Hadoop cluster with n nodes. 97 
Part (A) in Figures 1-2 show the different phases of the proposed algorithm for ith node. At 98 
the first step, the entire dataset will be stored in a Hadoop. JobTracker will partition the 99 
dataset into n small parts ( 1,  2, …,   ). TaskTracker will assign each part    (i=1,2,..n) to 100 

ith node. At the second step, each partition    (i=1,2,..n), will be scanned (i.e. first scan) to 101 

compute the frequency of itemsets (denoted by    ).The obtained     is used to compute 102 
the weight of itemsets (denoted by    ) for transaction filtering as the third step. The way of 103 

calculating     is similar to [6] (explained in Chapter 2). Using transaction filtering is 104 
sufficient to determine all the frequent itemsets. In other words, if T is a transaction of 105 
dataset; then, a filtered transaction of T is the itemsets obtained by removing infrequent 106 
itemsets from transaction T (as pruning step). However, transaction filtering was first used in 107 
a sequential implementation of Apriori by Christian Borgelt [30]. We apply (at the present 108 
work) transaction filtering in efficient parallel implementation of Apriori using Hadoop-109 

MapReduce model. The proposed Transaction filtering phase used to scan the partition    at 110 
the ith node to determine all frequent itemsets. In fourth step, the obtained frequent itemset 111 
will be stored in a file called “FT file” to be scanned instead of scanning the whole partition of 112 
dataset. This will address the main drawback of the consumed time calculated by the hybrid 113 
WeightedHashT algorithm [6] (i.e. wasting time on scanning both frequent and infrequent 114 
itemsets). After that, the tree is constructed by getting the frequent itemsets from the FT file 115 
and mapping it to a path of fixed order in the tree (i.e. Second scan) as fifth step. These 116 
steps will be repeated until all transactions in ith node are covered to get the frequent 117 
itemset for the partition    and return back the result to the JobTracker. Certainly, Hadoop 118 
will process all the above steps for all nodes in a parallel way and combine the discovered 119 
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frequent itemsets from each node and return the final result back to the application as shown 120 
in Figure 2. 121 
 122 

2.1 Design the Proposed FTWeightedHashT Apriori Algorithm  123 

FTWeightedHashT Apriori algorithm contains three main phases: Item Prediction phase, 124 
Filtration phase, and Tree Construction phase (see Figure 3). In the first phase, the 125 
algorithm scans the dataset for counting the frequencies of the itemsets. At the second 126 
phase, the algorithm calculate the weight of itemsets then filters the itemsets by removing 127 
infrequent itemsets (i.e. itemsets with wsupport less than the minimum wsupport value).The 128 
last phase contains two sub-phases namely relevancy computation and reachability 129 
verification. These sub-phases depicts for constructing frequent tree with direct and indirect 130 
relationship using a matrix. The relevancy computation is the process of predicting the 131 
relationship between the nodes in the tree which means the itemsets in the frequent itemset 132 
tree. The reachability verification refers to the ability to reach the end point of the transaction 133 
of each itemset in the tree. We notice that only two passes over the dataset to obtain the 134 
frequent itemsets are required (one scan for frequency of itemsets and the other scan to 135 
build the tree of frequent itemsets) rather than the algorithm in [6] which take three passes. 136 
 137 
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Figure 1: Framework of the Proposed FTWeightedHashT Algorithm 
for ith node Part(A) 

Store 

getting      &mapping 

extract 

Clean Dataset= 

TransactionFiltering( )   

Tree generation for all transactions in 

FT file for partition Pi 

Given Dataset 

Partitioning Dataset into n parts 

( , , …, )   

 

Hadoop 
( , , …, ) 

Store 

FT file 

  for Pi (i=1…n)  

 

 

UNDER PEER REVIEW



 

 173 
 174 
 175 
 176 
 177 
 178 
 179 
 180 
 181 
 182 
 183 
 184 
 185 
 186 
 187 
 188 
 189 
 190 
 191 
 192 
 193 
 194 
 195 
 196 
 197 
 198 
 199 
 200 
 201 
 202 
 203 
 204 
 205 
 206 
 207 
 208 
 209 
 210 
 211 
 212 
 213 
 214 
 215 
 216 
 217 
 218 
 219 
 220 
 221 
 222 
 223 
 224 

Node 1 Node i Node n 

Frequent itemsets for 

  

Result = 

 

Frequent itemsets 

for   

Frequent itemsets for 

  

Figure 2: Framework of the Proposed FTWeightedHashT Algorithm for final result 
Part(B) 

…
.. 

…
.. 

…
.. 

…
.. 

…
.. 

…
.. 

 

 
 

Pahse-1: Item Prediction  

Pahse-2: Dataset Filtration using 

wsupport 

Frequent Itemsets Retrieval 

Figure 3: Flow Diagram of the Proposed Algorithm 

Relevancy Computation 

Reachability Verification 

 

UNDER PEER REVIEW



 

The proposed algorithm mines the transactional dataset which is considered to be the data 225 
for distribution. The algorithm uses weighted support (wsupport) measure instead of using 226 
support count measure. The diagram above `depicts the way of representing the logic of the 227 
algorithm formation. It iterates for specific number of times till no new frequent itemset is 228 
found. The algorithm is defined as map tasks to be executed on the distributed data which is 229 
available on various clusters of Hadoop nodes. Then the results are combined using reduce 230 
task as shown in Figure 2. 231 
 232 

2.2 Pseudo Code of the Proposed FTWeightedHashT Apriori Algorithm  233 

The phases presented in the flow diagram of Figure 3 are implemented in Java programming 234 
language as given in Figure 4 that is the Pseudo code of the proposed algorithm. The 235 
algorithm has a transactional dataset as input and it produces frequent itemsets as output. 236 
 237 
 238 
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 241 
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Input:  D = { , , …, } where  is the partition of transactional dataset  

Output: Frequent Itemsets 

FTWeightedHashT Apriori Algorithm 

BEGIN 

          D = Read_TransactionalDataset (D); 

           = ∅ ; 

          = ∅ ; 

       //Phase-1: Compute Frequency for  

       For t = 1 … n Then // n = Number of Transactions 

              or  =1…   hen 

                   =  . Indexof ( );  

                  =  ; 

             End For           

      End For t 

        // Phase-2: Transaction Filtering for  

            = Cal_Weight ( . ) ; 

            If (  < wsupp) then 

                 . Remove ( ); 

            End  f 

// Phase-3: Tree Construction 

Tree = generateTree ( ); 

For t = 1 … n Then // n = Number of Transactions 

    If .contains( ) then                // Phase-3.1: Relevence Computation 

          For each combination (denoted as CT) of  

          Generate pattern CT U RT with  >= min ( ) ; 

    Else for each ∈                     // Phase-3.2: Reachability Verification 

         Header of Tree { 

              Generate pattern CT=  U RT with   >= .  

              Construct CT’s conditional Frequent TreeCT; 

              If TreeCT!= 0 then 

              RT = CT; 

              Repeat; 

         } 

    RT = CT; 

    End IF 

End For t 

End algorithm 

Figure 4: Pseudo Code of the Proposed Algorithm 
 

UNDER PEER REVIEW



 

3. RESULTS AND DISCUSSION 276 

 277 

This section will provide a description of datasets used in our experiments, Environment 278 
setup, and the results of our proposed algorithm. 279 
 280 

3.1 Dataset Description  281 

The improved algorithm is tested with retail, mushroom datasets. One more dataset 282 
T10I4100K is also experimented. Retail itemset is having 176324 transactions, 16470 items 283 
and with a size of 4153 KB. Mushroom data is with 8124 instances, 22 attributes and with a 284 
size of 558 KB. T10I4D100K dataset which is generated by IBM generator consists of 285 
100000 transactions, 4 attributes and with a size of 3928 KB. 286 
 287 

 3.2 Environment Setup 288 

The experiment is carried out in a machine with Intel core i5-G570 with 2.40GHz and RAM of 289 
12GB.VirtualBox workstation is installed. Most of Literature works have used 2 VMs, one VM 290 
for Hadoop and the other VM for Eclipse. However, the present work has used only 1 VM for 291 
both Hadoop and Eclipse. The VM is used for Hadoop 2.6.0 – cdh 5.10.0 setup and Eclipse 292 
3.3.2 with the configuration of 167GB SSD hard disk and 8192 MB base memory. RedHat 293 
64-bit is installed in it. Virtual machine are created using VirtalBox workstation 7.1.3. 294 
Cloudera-quickstart-vm-5.10.0-0 is the platform which the Hadoop and Eclipse work in. 295 
 296 

3.3 Results 297 

In the following, we will compare the efficiency between FTWeightedHashT, WeightedHashT 298 
[6], and HashTableTrie [5]. In Table 1, we are interested in the number of scans, number of 299 
iterations, and execution time. The comparison is done for the three algorithms. Compared 300 
with former algorithms, the time consumed for FTWeightedHashT is 2170 ms, the number of 301 
scans are 2, while the number of iterations are 4. Thus, the execution time for 302 
FTWeightedHashT is much less than WeightedHashT and HashTableTrie as shown in 303 
Figure 5. 304 
 305 
Table 1. Comparative Study of the proposed algorithm with other algorithms 306 
 307 

Algorithm Execution Time 
(ms) 

No. of Scans No. of Iteration 

HashTableTrie 
WeightedHashT 
FTWeightedHashT 

29300 
9900 
2170 

Unknown 
3 
2 

5 
4 
4 

 308 
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 314 
 315 
 316 
 317 
 318 
 319 
 320 
 321 
 322 

 

 
Fig. 5. Execution time Comparison for the proposed algorithm with other algorithms  
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4. CONCLUSION 323 

 324 

Re-designing data mining algorithms on MapReduce paradigm to analyze and mine big data 325 
is the new movement in research. So we proposed a novel approach called 326 
“FTWeightedHashT” Apriori algorithm for extracting frequent patterns. In our experiment on 327 
Hadoop cluster, various comparison charts are given to analyzed the performance and it is 328 
made sure that the presented work is the best in term of time and space where the proposed 329 
algorithm obligates the process to read only the frequent itemsets from FT file instead of 330 
reading in each iteration from the dataset which contains both frequent and infrequent ones. 331 
Further possible study could be done in order to improve and enhance of the Hadoop-based 332 
Apriori. One can apply the existing idea with auto-multi minimum support because for many 333 
datasets it is difficult to choose the value of minimum support. Too small values may cause 334 
rule explosion, and too large values may cause rare item deadlock. Thus, implement auto-335 
multi minimum support expected to give better result. Another thing is that we can apply the 336 
proposed algorithm to be run on Spark instead of MapReduce. Because of main memory 337 
cashing mechanism that Spark has, it will give better results absolutely 338 
 339 
 340 
 341 
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