
 

Improved FTWeightedHashT Apriori Algorithm 1 

on Big Data using Hadoop-MapReduce Model 2 

 3 
 4 
 5 6 
.7 
ABSTRACT 8 
 9 
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. We have reviewed over 100 papers related to this work that include 
enhancements be done to improve Apriori algorithm. 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 by employing the transaction filtering technique. The experiment 
of this work using different datasets manifest that the proposed algorithm is efficient and 
effective in term of execution time. 
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1. INTRODUCTION  14 
 15 
We swim in a sea of data and the level of the sea is increasing rapidly. So-seeming, we are 16 
actually living in the data age. Terabytes or petabytes of data pours into our computer 17 
networks, the World Wide Web (WWW), and various data storage devices every day from 18 
business, society, science and engineering, medicine, and almost every other aspect of daily 19 
life. This explosive growth of available data volume is a result of the computerization of our 20 
society and the fast development of powerful data collection and storage tools. Big data is 21 
the science of analyzing high volumes of diverse data in near-real time [1]. The 22 
computerization of our society has substantially enhanced our capabilities for both 23 
generating and collecting data from diverse sources. A tremendous amount of data has 24 
flooded almost every aspect of our lives. This explosive growth in stored or temporary data 25 
has generated an urgent need for new techniques and automated tools that can intelligently 26 
assist us in transforming the vast amounts of data into useful information and knowledge. 27 
This has led to the generation of a promising and brilliant frontier in computer science called 28 
data mining. Data Mining is the method to gain new models for data analysis in order to get 29 
benefits of business [2]. It is also a process of discovering unknown and useful information 30 
from large databases. Data mining methods involve seven common classes of data mining 31 
techniques according to function and application purpose: outlier detection, association rule 32 
mining (ARM), classification, clustering, regression, summarization, and mining time-series 33 
data. The need for data mining algorithms is to handle and process the massive data. Big 34 
Data algorithms analyze the huge amount of information, reveal the association rules, 35 
hidden patterns, trends and the other meaningful information. Among them, association rules 36 
is the most popular one. Many business enterprises accumulate large quantities of data from 37 



 

their day-to-day operations. For example, huge amounts of customer purchase data are 38 
collected daily at the checkout counters of grocery stores. Retailers are interested in 39 
analyzing the data to learn about the purchasing behavior of their customers. Such valuable 40 
information can be used to support a variety of business-related applications such as 41 
marketing promotions, inventory management, and customer relationship management. To 42 
address the aforementioned issues, association analysis comes in, which is useful for 43 
discovering interesting relationship hidden in a large datasets. The uncovered relationships 44 
can be represented in the form of association rules or sets of frequent items. 45 
Association Rule Mining (ARM) is the process of finding the co-occurrences between items 46 
in a given dataset and describing the association relationship among different items. There 47 
are many studies have been proposed for association rule mining on big data. The most 48 
used algorithm is Apriori. To address the drawbacks of Apriori, number of methods have 49 
proposed such as [3][4][5-15]. The common drawback in these algorithms is a delay in 50 
execution time. We have noted that the latest study [4] is efficient to improve the 51 
performance of Apriori on MapReduce implementation in term of time execution as well as 52 
memory utilization; it was designed by combining the benefits of weighted Apriori algorithm 53 
and Hash tree Apriori algorithm to get a hybrid Apriori algorithm called “WeightedHashT” 54 
whereas, the result that they have introduced is about 50 Mb of memory utilization and about 55 
9900 ms for execution time. With respect to their study, we consider that there is a delay on 56 
execution time especially when the data increasing exponentially. Increasing the volume of 57 
data with various types; structured, unstructured, and/or semi-structured needs to be 58 
processed in fast way by using different architecture than the existed ones. A distributed 59 
architecture is able to serve as an umbrella for many different systems. Hadoop is just one 60 
example of a framework that can bring together a broad array of tools and services such 61 
HDFS and MapReduce for splitting a given big task into small-tasks and running them in 62 
parallel way. Thus, the proposed work aims to improve the algorithm presented in [4] by 63 
reducing the complexity of time execution to get the best result in finding the frequent 64 
itemset on big data using Hadoop-MapReduce model. 65 
The proposed work is conducted with boundaries such that, we focused only in generating 66 
frequent itemset on big datasets, So generating association rules is not considered. 67 
Therefore, will not consider the measure confidence that used in Apriori algorithm.   68 
 69 
 70 
2. RELATED WORKS 71 
 72 
The most famous algorithm in ARM is Apriori which has been proposed in 1993 by Agrawal 73 
[16]. A number of Apriori based algorithms have been proposed to minimize the execution 74 
time, reduce the memory consumption, and to enhance the scalability [3][4][5-15][17-19]. 75 
  76 
Y. Xun et. Al. [17] designed a parallel frequent itemsets mining algorithm called FiDoop 77 
using the MapReduce programming model. To achieve compressed storage and avoid 78 
building conditional pattern bases, their proposed algorithm, FiDoop, incorporates the 79 
frequent items ultrametric tree, rather than conventional FP trees. In FiDoop, three 80 
MapReduce jobs are implemented to complete the mining task. In the crucial third 81 
MapReduce job, the mappers independently decompose itemsets, the reducers perform 82 
combination operations by constructing small ultrametric trees, and the actual mining of 83 
these trees separately. They implemented FiDoop on their in-house Hadoop cluster. They 84 
also developed a workload balance metric to measure load balancing across the cluster’s 85 
computing nodes. Their developed metric called FiDoop-HD, an extension of FiDoop, to 86 
speed up the mining performance for high-dimensional data analysis. The reason behind 87 
their proposed algorithm is to solve the scalability and load balancing challenges in the 88 
existing parallel mining algorithms for frequent itemsets. 89 
 90 



 

D. Apiletti et. Al. [18] did a comparative analysis which reviewed Hadoop- and Spark-based 91 
scalable algorithms addressing the frequent itemset mining problem in the Big Data domain 92 
through both theoretical and experimental comparative analyses. The main contributions of 93 
their survey are the following: 1) A theoretical analysis of the algorithmic choices that have 94 
been proposed to address the itemset mining problem in the Big Data context by means of 95 
MapReduce, with the analysis of their expected impact on main memory usage, load 96 
balancing, and communication costs. 2) An extensive evaluation campaign to assess the 97 
reliability of our expectations. Precisely, we ran more than 300 experiments on 14 synthetic 98 
datasets and 2 real datasets to evaluate the execution time, load balancing, and 99 
communication costs of five state-of-the-art parallel itemset mining implementations. 3) The 100 
identification of strengths and weaknesses of the algorithms with respect to the input dataset 101 
features (e.g., data distribution, average transaction length, number of records), and specific 102 
parameter settings. 4) The discussion of promising open research directions for the 103 
parallelization of the itemset mining problem. 104 
 105 
S. Singh et. Al. [19] introduced six factors which affecting performance of MapReduce based 106 
Apriori on Hadoop cluster. They have investigated the factors that significantly affects the 107 
execution time of MapReduce based Apriori running on homogenous and heterogeneous 108 
Hadoop clusters. Factors are specific to both algorithmic and non-algorithmic improvements. 109 
Considered factors specific to algorithmic improvements are filtered transactions and data 110 
structures. The non-algorithmic include speculative execution, nodes with poor performance, 111 
data locality & distribution of data blocks, and parallelism control with input split size. They 112 
claimed that these factors are important that influence the performance. 113 
  114 
Singh et. Al. [3] has implemented the Apriori algorithm on MapReduce framework for the 115 
central structures hash tree, trie, and hash table trie and evaluated the execution time of 116 
Apriori algorithms for these data structures in MapReduce context. This study considers 117 
three data structures in Java to be used in MapReduce code. In sequential computing 118 
environment, trie outperformed hash tree experimentally as well as theoretically. Hash table 119 
trie theoretically accelerates the Apriori algorithm but experimentally could not success. In 120 
their experiment on Hadoop cluster, trie outperforms hash tree as usual but hash table trie is 121 
outstanding among the three data structures for both real-life and synthetic datasets. Their 122 
paper discussed the execution times of three algorithms on dataset T10I4D100K with 123 
minimum support of 0.02.  124 
 125 
However, Sumithra et. al. [4] have proposed hybrid Apriori association rule algorithm which 126 
combined the benefits of both hash tree and weighted Apriori algorithms “its tree-based 127 
hybrid approach“. In their proposed system, the selected synthetic data sets contain 128 
numerous numbers of transaction. From these transactions, it is needed to predict the items 129 
in the transactional dataset. For predicting the frequent items and association rules in the 130 
transactional dataset, it generally consume lot of memory storage and time. To overcome 131 
the problem, their new proposal computes the frequent pattern without the generation of 132 
candidate itemsets. Tree based mining approach is used to reduce the consumption of 133 
memory usage in the association rule prediction during reducing phase. It uses correlation-134 
based approaches to optimize the process. Their work conclude on implementation of new 135 
improved WeightedHashT Apriori algorithm which termed as hybrid algorithm in Hadoop–136 
MapReduce environment. In their proposed algorithm, they selected retail and mushroom 137 
datasets. 138 
 139 
3. PROPOSED WORK  140 
 141 
Although WeightedHashT succeeded in extracting frequent itemsets, it consumes more time 142 
to execute because of multi scans of dataset where the scanning process include frequent 143 



 

and infrequent itemsets. To address this problem, we proposed a novel approach named 144 
“FTWeightedHashT” (Filtered Transaction Weighted Hash Tree). The framework (Figures 1-145 
2) of the proposed algorithm works as follows: A given dataset will be processed in parallel 146 
way in Hadoop cluster with n nodes. Figure 1 shows the different phases of the proposed 147 
algorithm for ith node. At the first step, the entire dataset will be stored in HDFS. JobTracker 148 

will partition the dataset into n small parts (ܲ1, ܲ2, …, ܲ݊). TaskTracker will assign each part 149 
ܲ݅ (i=1,2,..n) to ith node. At the second step, each partition ܲ݅ (i=1,2,..n), will be scanned (i.e. 150 

first scan) to compute the frequency of itemsets (denoted by ݅ܲܨ).The obtained ݅ܲܨ is used 151 
to compute the weight of itemsets (denoted by ܹܲ݅) for transaction filtering as the third step. 152 
The way of calculating ܹܲ݅ is similar to [4]. Transaction filtering was first used in a 153 
sequential implementation of Apriori by Christian Borgelt [20]. if T is a transaction of dataset; 154 
then, a filtered transaction of T is the itemsets obtained by removing infrequent itemsets from 155 
transaction T. Transaction filtering is sufficient to determine all the frequent itemsets [21]. We 156 
apply (at the present work) transaction filtering in efficient parallel implementation of Apriori 157 
using Hadoop-MapReduce model. The transaction filtering phase is used to scan the 158 
partition ܲ݅ at the ith node to determine all frequent itemsets. In fourth step, the obtained 159 

frequent itemset will be stored in a file called “FT file” to be scanned instead of scanning the 160 
whole partition of dataset. This will address the main drawback of the consumed time 161 
calculated by the hybrid WeightedHashT algorithm [4] (i.e. wasting time on scanning both 162 
frequent and infrequent itemsets). After that, the tree is constructed by getting the frequent 163 
itemsets from the FT file and mapping it to a path of fixed order in the tree (i.e. Second scan) 164 
as fifth step. These steps will be repeated until all transactions in ith node are covered to get 165 

the frequent itemset for the partition ܲ݅ and return back the result to the JobTracker. 166 
Certainly, Hadoop will process all the above steps for all nodes in a parallel way and 167 
combine the discovered frequent itemsets from each node and return the final result back to 168 
the application as shown in Figure 2. 169 
 170 
 171 
3.1 Design of Proposed FTWeightedHashT Apriori Algorithm  172 
 173 
FTWeightedHashT Apriori algorithm contains three main phases: Item Prediction phase, 174 
Filtration phase, and Tree Construction phase (see Figure 3). In the first phase, the 175 
algorithm scans the dataset for counting the frequencies of the itemsets.  At the second 176 
phase, the algorithm calculates the weight of itemsets by giving a transaction a particular 177 
importance/weight where weight is the relevance of the itemset with other itemsets while 178 
considering overall unique transactions; then filters the itemsets by removing infrequent 179 
itemsets (i.e. itemsets with wsupport less than the minimum wsupport value). The last phase 180 
contains two sub-phases namely relevancy computation and reachability verification. These 181 
sub-phases depicts for constructing frequent tree with direct and indirect relationship. The 182 
relevancy computation (direct relationship) is the process of predicting the relationship 183 
between the nodes in the tree which means the itemsets in the frequent itemset tree. The 184 
reachability verification (indirect relationship) refers to the ability to reach the end point of the 185 
transaction of each itemset in the tree. More explanation of tree generation is in the next 186 
subsection.  187 
 188 
 189 
 190 
 191 
 192 
 193 
 194 
 195 

Node i  for Pi (i=1…n)  

Store 

Given Dataset 

Partitioning Dataset into n 
parts (P1, P2 ,…, Pn)   

Hadoop 
(Node1, Node2 , …,Node n ) 



 

 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 
 225 
 226 
 227 
 228 
 229 
 230 
 231 
 232 
 233 
 234 
 235 
 236 
 237 
 238 
 239 
 240 
 241 
 242 
 243 
 244 
 245 
 246 
 247 
 248 

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 

… …

……

… …

Pahse-1: Item Prediction  

Pahse-2: Dataset Filtration using 
wsupport 



 

 249 
 250 
 251 
 252 
 253 
 254 
 255 
 256 
 257 
 258 
 259 
 260 
 261 
 262 
 263 
 264 
 265 
 266 
 267 
 268 
 269 
 270 
 271 
 272 
 273 
 274 
 275 
 276 
 277 
 278 
 279 
 280 
 281 
The proposed algorithm mines the transactional dataset which is considered to be the data 282 
for distribution. The algorithm uses weighted support (wsupport) measure instead of using 283 
support count measure. The diagram above `depicts the way of representing the logic of the 284 
algorithm formation. It iterates for specific number of times till no new frequent itemset is 285 
found. The algorithm is defined as map tasks to be executed on the distributed data which is 286 
available on various nodes of Hadoop cluster. Then the results are combined using reduce 287 
task as shown in Figure 2. 288 
 289 
 290 
3.2 Pseudo Code of the Proposed FTWeightedHashT Apriori Algorithm  291 
 292 
The phases presented in the flow diagram of Figure 3 are implemented in Java programming 293 
language as given in Figure 4 that is the Pseudo code of the proposed algorithm. The 294 
algorithm has a transactional dataset as input and it produces frequent itemsets as output. 295 
We illustrate the phases of the algorithm as follows: 296 
 297 
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 299 
 300 
 301 

(1)…………………. 
 

(2)……..…………. 
(3)……..…………. 
 

 
(4)……...…..…. 
 

(5)………....……….. 
 

(6)…….…….……………… 
 

(7)……….…..…………….. 
 

(8)………..…….……. 
 

(9)

Input:  D = { , , …, } where  is the partition of transactional dataset  
Output: Frequent Itemsets 
FTWeightedHashT Apriori Algorithm 
BEGIN 
 ;D = Read_TransactionalDataset (D)ࢀ         
           = ∅ ; 
          = ∅ ; 
       //Phase-1: Compute Frequency for  
       For t = 1 … n Then // n = Number of Transactions 
 or ݅=1…݉ ࢚henࡲ             
                   =  . Indexof ( );  
                  =  ; 
             End For ݅         

E d F t
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 339 
As aforementioned, the proposed algorithm consists of three phases. in the first phase, the 340 
algorithm scans the dataset for counting the frequency of itemsets. Here, we used a function 341 
named indexof() to obtain the frequency of each itemset in a particular partition of dataset. 342 
Whereas the second phase is to calculate the weight of itemsets by cal_weight() function, 343 
and then filters the items by removing the infrequent items. Here all itemsets that satisfy the 344 
wsupport measure are decided as frequent itemsets. The last phase is the tree construction. 345 
The tree is constructed by generatetree() function. We followed [4] for building the tree. The 346 
tree is built by getting the filtered items. The nodes are corresponding to itemsets and having 347 
a counter for each node. it reads one transaction at a time and mapping it to a path of fixed 348 
order. Paths can overlap when transactions are sharing items with the same prefix, if so; 349 
then counters are incremented. 350 
4. IMPLEMENTATION AND EXPERMINTAL DETAILS  351 

To take advantage of the parallel processing that the Hadoop provides, we need to submit 352 
our query as a MapReduce Job on Hadoop cluster. A job is configured using a Driver class. 353 



 

A driver class is defined with a Mapper class and a Reducer class of MapReduce 354 
framework. Also input/output directory in HDFS, and other problem specific parameters are 355 
specified in driver class. To implement Apriori algorithm on MapReduce framework we have 356 
to split it into two independent sub-problems corresponding to map and reduce tasks. Each 357 
mapper processes a chunk of input datasets and generates local candidates with local 358 
weighted support count. Each reducer receives local candidates and sums up the local count 359 
to generate frequent itemsets. All the mappers and reducers execute in parallel across 360 
different nodes of cluster but final result cannot be obtained until all reduce tasks are not 361 
completed. Apriori is an iterative algorithm so we have to submit job each time a new 362 
iteration starts. 363 

The proposed FTWeightedHashT Apriori algorithm is implemented over Hadoop distributed 364 
data processing platform as MapReduce model that reflects the phases of the approach: 365 
Item Prediction phase, Transaction Filtering phase, and Tree Construction phase. The 366 
overall results of the implementation is to increase the performance of Apriori in term of 367 
execution time. The implementation of the proposed Apriori algorithm using Hadoop-368 
MapReduce involves the following steps: 369 

Step1: All data preprocessing is performed on a given dataset using MapReduce paradigm. 370 
It is used as text files directories into NameNode then uploaded to HDFS which divides the 371 
input text files into data blocks of size 64MB. The HDFS stores the metadata of each block in 372 
the NameNode and all the data blocks in the DataNodes.  373 

Step2: Running the proposed FTWeightedHashT Apriori algorithm over Hadoop to generate 374 
the frequent itemset.. The result is stored in a directory called “output” on HDFS. 375 
 376 
4.1 Dataset Description 377 
The improved algorithm is tested with retail, mushroom datasets which have been taken from 378 
UCI data repository. Retail itemset is having 176324 transactions, 16470 items and with a size 379 
of 4153 KB. Mushroom data is with 8124 instances, 22 attributes and with a size of 558 KB.  380 
 381 
 4.2 Environment Setup 382 
The experiment is carried out in a machine with Intel core i5-G570 with 2.40GHz and RAM of 383 
12GB.VirtualBox workstation is installed. Most of Literature works have used 2 VMs, one VM 384 
for Hadoop and the other VM for Eclipse. However, the present work has used only 1 VM for 385 
both Hadoop and Eclipse. The VM is used for Hadoop 2.6.0 – cdh 5.10.0 setup and Eclipse 386 
3.3.2 with the configuration of 167GB SSD hard disk and 8192 MB base memory. RedHat 387 
64-bit is installed in it. Virtual machine are created using VirtalBox workstation 7.1.3. 388 
Cloudera-quickstart-vm-5.10.0-0 is the platform which the Hadoop and Eclipse work in. 389 
 390 
4.3 Hadoop Setup 391 
This section describes the experimental environment for testing our proposed approach. We 392 
implement the proposed FTWeightedHashT Apriori algorithm using Java programming 393 
language. The experimental environment is built on a MapReduce cluster with 4 nodes. One 394 
of these nodes is configured as Hadoop Master or as the NameNode which controls the data 395 
distribution over the Hadoop cluster and the other nodes acting as DataNodes. 396 
HDFS splits dataset into 64 MB chunks each presented as a map task and then distribute 397 
them among workers with 3 replications by default, the input split includes location 398 
information for the next block. HDFS stores replicas of each data block to ensure both 399 
reliability, availability, and performance. 400 
Split is a logical division of the input data while block is said to be a physical division of data. 401 
HDFS default block size is default split size if input split is not specified in the code. Split is 402 



 

said to be user defined and its size can be controlled in the MapReduce program. One split 403 
can be mapping to multiple blocks and there may be multiple split of one block. The number 404 
of splits specify the number of map tasks (Mapper). Hence the number of mappers depends 405 
on file size and the block size. Block size is fixed as 64 MB here, but file size varies as per 406 
the input dataset.  407 
 408 
 409 
5. RESULTS AND DISCUSSION 410 
 411 
Here, we summarize and discuss the results of the experiments that are conducted. We use 412 
Retail and Mushroom datasets. We evaluate the performance of the improved 413 
FTWeightedHashT Apriori algorithm with respect to the execution time of the former work 414 
[4]. We notice that only two passes over the dataset to obtain the frequent itemsets are 415 
required (one scan for frequency of itemsets and the other scan to build the tree of frequent 416 
itemsets) rather than the algorithm in [4] which take three passes (one scan for frequency of 417 
itemsets, one scan to build the tree, and one scan to obtain the frequent itemsets). 418 
 419 
5.1 Investigation of Execution Time for FTWeightedHashT (Retail dataset) 420 
We measure the execution time by execute the improved FTWeightedHashT Apriori 421 
algorithm on Retail dataset with wsupport 0.3 and run on 4 nodes. The time consumed in 422 
WeightedHashT was 9900 milliseconds while in the proposed algorithm is 2170 423 
milliseconds.  We get improved results about 60% with comparison to WeightedHashT 424 
because of employing transaction filtering technique.    Figure 5 depicts the execution time 425 
with Retail dataset. 426 
 427 
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 429 
 430 
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 447 
 448 
 449 
 450 
5.2 Investigation of Execution Time for FTWeightedHashT (Mushroom dataset) 451 
 452 
As described in Retail dataset, we also measure the execution time with Mushroom dataset 453 
and get improved results about 65% compared to WeightedHashT. The time consumed in 454 

Figure 5: Execution time Comparison with Retail dataset 

 



 

WeightedHashT was 10200 ms while in the proposed algorithm is 2458 ms. Figure 6 455 
explains the execution time with Mushroom dataset. 456 
 457 
 458 
 459 
 460 
 461 
 462 
 463 
 464 
 465 
 466 
 467 
 468 
 469 
 470 
 471 
 472 
 473 
 474 
 475 
 476 
 477 
 478 
 479 
 480 
 481 
6. CONCLUSION 482 
 483 
Re-designing data mining algorithms on MapReduce paradigm to analyze and mine big data 484 
is the new movement in research. So we proposed a novel approach called 485 
“FTWeightedHashT” Apriori algorithm for extracting frequent patterns. In our experiment on 486 
Hadoop cluster, various comparison charts are given to analyzed the performance and it is 487 
made sure that the presented work is the best in term of time execution where the proposed 488 
algorithm obligates the process to read only the frequent itemsets from FT file instead of 489 
reading in each iteration from the dataset which contains both frequent and infrequent ones. 490 
Further possible study could be done in order to improve and enhance of the Hadoop-based 491 
Apriori. One can apply the existing idea with auto-multi minimum support because for many 492 
datasets it is difficult to choose the value of minimum support. Too small values may cause 493 
rule explosion, and too large values may cause rare item deadlock. Thus, implement auto-494 
multi minimum support expected to give better result. Another thing is that we can apply the 495 
proposed algorithm to be run on Spark instead of MapReduce. Because of main memory 496 
cashing mechanism that Spark has, it will give better results absolutely. 497 
 498 
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