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Abstract

Through in-depth analysis of the Spark big data platform and the Eclat al-
gorithm, this paper proposes a Spark-based Eclat algorithm (referred to as
SPEclat). To address the shortcomings of serial algorithms in processing large-
scale data, this method introduces improvements in multiple aspects: to reduce
the overhead incurred by candidate itemset support counting, the data storage
scheme is modified; data is partitioned by prefix and distributed to different
computing nodes, thereby compressing the search space and enabling parallel
computation. The algorithm is ultimately implemented by harnessing the ad-
vantages of the Spark cloud computing platform. Experimental results demon-
strate that the algorithm can efficiently process massive datasets and exhibits
favorable scalability in the face of large-scale data volume growth.
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Abstract: Through in-depth analysis of the Spark big data platform and the
Eclat algorithm, this paper proposes a Spark-based Eclat algorithm (SPEclat).
To address the shortcomings of serial algorithms when processing large-scale
data, this method introduces improvements in multiple aspects: it modifies
data storage structures to reduce the overhead from candidate itemset support
counting; it groups data by prefix and distributes it across different computing
nodes to compress the data search space and enable parallel computation. The
algorithm is ultimately implemented by leveraging the advantages of the Spark
cloud computing platform. Experiments demonstrate that the algorithm runs
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efficiently when processing massive datasets and exhibits good scalability in the
face of large-scale data growth.

Keywords: association rule mining; big data; Spark; projection tree; paral-
lelization

0 Introduction

Frequent pattern mining [1] is one of the important research directions in data
mining. In the past, numerous algorithms have been proposed for frequent
pattern mining, such as Apriori [2], FP-Growth [3], and Eclat [4]. The rapid
development of Internet technologies has accelerated the arrival of the big data
information age, bringing about increases in data volume and computational
difficulty that have rendered traditional data mining approaches unsustainable.
Today, to generate valuable information from large-scale datasets, algorithms
must perform repeated iterative computations on raw data, making data mining
exceptionally cumbersome. Distributed and parallel computing methods can
effectively solve the problems of storing and computing massive data volumes,
while also providing resource sharing, high transparency, cost-effectiveness, high
reliability, and great flexibility—making them the optimal strategy for processing
large datasets.

The MapReduce [5] framework based on Hadoop and the Spark cloud comput-
ing platform are the most commonly used distributed programming and com-
puting frameworks. In recent years, many scholars have parallelized traditional
algorithms using the MapReduce framework. Compared to the MapReduce
framework, the Spark programming framework represents a more refined and
advanced implementation of the MapReduce philosophy, making significant im-
provements upon issues such as excessive rigidity, I/O intensity, unsuitability
for constructing iterative algorithms, and low execution efficiency.

Regarding the parallelization of the Eclat algorithm, reference [9] proposed a
MapReduce-based parallel Eclat algorithm called PEclat (parallel Eclat). This
algorithm requires multiple iterations of Map/Reduce tasks, resulting in lower
performance. Reference [10] proposed a prefix-grouping-based parallel mining
algorithm called MREclat under the MapReduce framework. When counting
support for candidate k-itemsets, this algorithm calculates candidate itemset
support by intersecting transaction sequences corresponding to two frequent
itemsets used to generate the candidate itemset, which generates substantial
computational overhead that grows exponentially with data volume, affecting
the algorithm’ s practicality. Qiu H et al. were the first to implement par-
allelization of the Apriori algorithm on Spark [12] and proposed the YAFIM
algorithm, which uses horizontal data structures to mine frequent itemsets and
solves many problems encountered during parallel implementation of serial al-
gorithms on Spark. However, in the process of obtaining frequent itemsets,
it requires multiple traversals of the original dataset, wasting considerable time
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on repeatedly traversing unnecessary data, resulting in less than ideal algorithm
efficiency.

Eclat is a frequent itemset mining algorithm with good performance in practi-
cal applications. This paper proposes a Spark-based Eclat algorithm (SPEclat).
The basic idea is: a) transform the original dataset’ s horizontal structure into
a vertical structure and use BitSet to represent itemset transaction sequences,
aiming to improve frequent itemset generation methods and enhance computa-
tional efficiency; b) group data by prefix and distribute it to different comput-
ing nodes to achieve algorithm parallelization and fully utilize the multi-node,
high-performance characteristics of distributed computing environments. Ex-
perimental results show that SPEclat has good scalability and speedup, and is
more efficient than the MREclat algorithm proposed in reference [10].

1.1 Spark Parallel Computing Framework

Spark is currently one of the most active open-source projects for parallel pro-
gramming models in the big data domain. Due to its ability to perform rapid
calculations through memory-based processing and its features such as RDD
persistence and high fault tolerance, the Spark cloud computing platform has
become the most suitable tool for iterative computations on large-scale datasets.

The foundation of Spark’ s ability to perform memory-based computations lies
in its abstraction of in-memory data as Resilient Distributed Datasets (RDDs).
RDD is a parallel data structure based on distributed memory that can store user
data in memory, control partitioning to achieve data distribution, and possesses
dataflow characteristics: automatic fault tolerance, location-aware scheduling,
and scalability. Spark also provides rich built-in operations for RDDs, imple-
menting not only conventional map and reduce functions but also more com-
prehensive operators such as foreach, groupBy, and join. These operators can
transform one RDD into another through specific operations, which is the fun-
damental mechanism of Spark’ s memory-based computing. However, Spark’ s
most important feature is the persistence operation for RDDs. Persisting data in
memory eliminates the need for repeated loading into memory or storage to disk
for data that requires multiple iterations, greatly accelerating data processing
speed. Therefore, the Spark programming framework is particularly suitable for
implementing iterative frequent itemset mining algorithms, and parallelization
yields substantial performance improvements.

1.2 Frequent Pattern Mining Algorithms

1) Apriori Algorithm: Apriori [2] uses a level-wise complete search itera-
tive algorithm that leverages the anti-monotonicity property of itemsets—based
on the principle that “if an itemset is infrequent, all its supersets are also in-
frequent” —to generate candidate itemsets through join and prune operations,
thereby compressing the number of candidate itemsets. This algorithm requires
multiple traversals of the original dataset and repeatedly searches through some
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redundant transactions in the original dataset without eliminating them, result-
ing in increased I/O consumption and reduced computational efficiency.

2) Eclat Algorithm: Eclat [4] is a frequent itemset mining algorithm based on
vertical data structures (item name; set of transaction identifiers containing the
item, Tidset). Using vertical data representation avoids repeated traversals of
the original dataset. Itemset support counting is simply the length of the TidSet.
Based on concept lattice theory, the algorithm partitions the search space using
prefix equivalence relations, generates candidate itemsets through unions of two
itemsets meeting certain conditions, and calculates support through intersection
of corresponding TidSets to obtain frequent itemsets.

The Eclat algorithm stores and processes data using vertical structures, requir-
ing preprocessing of data organization. The original data is saved in RDDs in the
form (Tid, Items), where Items represents all items contained in the transaction.
In the map phase, all items in each transaction and their corresponding transac-
tion identifiers form key-value pairs. In the reduce phase, transaction identifiers
corresponding to each item are merged. Items with transaction identifier counts
exceeding the minimum support threshold become frequent 1-itemsets, and the
item along with its transaction sequence are stored.

The Eclat algorithm’ s bottom-up search approach is similar to Apriori, but
due to different data storage structures, Eclat does not require repeated dataset
traversal. However, when calculating candidate itemset support, if the TidSet
size is massive, the intersection operation on TidSets consumes substantial time,
affecting algorithm efficiency. This paper makes the following improvements: 1)
use BitSet to represent transaction sequences, simplifying support counting to
bitwise AND operations on corresponding BitSets; 2) group data by prefix and
distribute it to different computing nodes to achieve parallel computation.

2 SPEclat Algorithm Based on Spark

The SPEclat algorithm proposed in this paper is a Spark-based implementation
of Eclat. The algorithm consists of three steps: a) read data from HDFS, modify
data storage structures, filter to obtain frequent 1-itemsets, and store results as
RDDs in the memory of cluster nodes; b) iteratively partition frequent itemsets
according to identical prefixes; c) in each computing node, generate frequent
(k+1)-itemsets from frequent k-itemsets in a bottom-up manner until no more
frequent itemsets are produced. In the first phase, this paper uses BitSet to
store transaction sequences and replaces transaction set intersection operations
with BitSet AND operations to accelerate frequent itemset generation. The
second phase distributes obtained data to different computing nodes by prefix.
The third phase uses an improved Eclat algorithm on each computing node to
solve for all frequent itemsets in its corresponding partition.
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2.1 Phase One

First, data stored in HDFS is directly read and saved as Spark RDDs. Map
tasks read the data and process it line by line, where each transaction consists
of a Tid and all items contained in that transaction. Since the Eclat algorithm
stores and processes data using vertical structures, preprocessing of data organi-
zation is necessary. The original data is saved in RDDs in the form (Tid, Items).
In the map phase, key-value pairs are formed from all items in each transaction
and their corresponding transaction identifiers. In the reduce phase, transaction
identifiers corresponding to each item are aggregated. Items with transaction
identifier counts exceeding the minimum support threshold are filtered to pro-
duce frequent 1-itemsets.

The traditional Eclat algorithm stores transactions in the form (ItemSet, Tid-
Set). However, when calculating candidate itemset support, massive data vol-
umes result in large TidSets, and intersection operations on TidSets consume
substantial time, affecting algorithm efficiency. To address this problem, the
SPEclat algorithm changes the data storage method by storing data as (ItemSet,
BitSet), enabling support counting through BitSet AND operations instead of
set intersection, thereby avoiding large data volume operations.

The primary task of Phase One is to obtain frequent 1-itemsets by splitting items
in transactions to form (Tid, Items) key-value pairs, aggregating transaction
identifiers containing each item using the transaction item as the key to form
(ItemSet, BitSet) key-value pairs, and finally filtering itemset key-value pairs
with support greater than the minimum threshold to obtain frequent 1-itemsets.
The pseudocode for this algorithm is shown in Algorithm 1.

Algorithm 1: Obtaining Frequent 1-Itemsets

For each transaction t(Tid,Items) in T
flatMap(line,t)
Foreach item I in t
out (I,Tid)
ReduceByKey (I,Tid)
while(Item I in partition)
BitSet+=Tid
filter( |BitSet| >=support)
L1+=(I,BitSet)

The storage structure conversion is illustrated in Figure 1 [Figure 1: see original
paper]. In the converted storage structure, the value indicates whether contains
, with 1 if it does and 0 otherwise. At this point, to calculate the occurrence
count of a k-itemset in the entire dataset, one only needs to perform AND
operations on the BitSets corresponding to these k items in the stored data.
The operation result is the transaction identifiers containing this k-itemset, and
counting yields its occurrence frequency.
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2.2 Phase Two

This phase primarily implements partitioning of frequent itemsets by prefix.
Using the generation and partitioning of frequent 2-itemsets as an example, first,
frequent 1-itemsets are intersected pairwise to obtain 2-item candidates. Then,
the corresponding two BitSets are ANDed, and the newly generated BitSet is
counted to obtain frequent 2-itemsets. Frequent 2-itemsets are stored in the
form (items, BitSet) and distributed to different computing nodes according to
their first-item prefix.

Since BitSet AND operations can be completed in constant time, the overhead
for frequent itemset generation is minimal. The pseudocode for data partitioning
is shown in Algorithm 2.

Algorithm 2: Partitioning Data by Prefix

Read L(2) from RDD
map (items,BitSet)

get the profix p from items

out(p, (items, BitSet))
ReduceByKey(p, (items,BitSet))

get all from items

Eclat(

out (frequent Itemset with profix p)
)

To mine frequent itemsets in parallel using the SPEclat algorithm on each node,
iterative map/reduce tasks are required, where the map() method implements
data partitioning and the reduce phase implements the improved Eclat algo-
rithm. The partition process must be rewritten between mapper and reducer to
ensure that columns corresponding to prefixes belonging to the same group are
partitioned to the same computing node.

2.3 Phase Three

In this phase, itemsets with identical prefixes are processed in parallel across
computing nodes in a bottom-up iterative manner, generating frequent (k+1)-
itemsets from frequent k-itemsets. In each node, itemsets assigned to that node
are self-joined to generate candidate k-itemsets, followed by support counting.

Since data has already been converted to (ItemSet, BitSet) format in the pre-
vious step, BitSet AND operations can be used to count candidate itemset
support using two self-joined frequent itemsets in the same node. After the
AND operation, the transaction sequence containing the candidate itemset is
obtained. This process uses fast BitSet AND operations instead of set intersec-
tion operations, saving substantial time. The generated BitSet is then counted
to determine if the value exceeds minimum support. If it does, the key-value
pair of candidate itemset and corresponding BitSet is stored.
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The generated frequent (k+1)-itemsets are then repartitioned, and the SPEclat
algorithm is called iteratively to mine frequent itemsets until no more frequent
itemsets are generated. Algorithm 3 shows the pseudocode for the algorithm
used in Phase Three.

Algorithm 3: Generating Frequent (k41)-Itemsets

Read L(k) from RDD
for each 1li in L(k)
for each 1j in L(k)
ItemSet=(1i[1],1i[2],1i[3] --1i[k-1],1i[k],1j[k])
BitSet = 1i.BitSet 1j.BitSet
if ( |BitSet| >=support)
L(k+1)+=(ItemSet,BitSet)

2.4 Time Complexity Analysis

This section verifies the data scalability of SPEclat by comparing its computa-
tional efficiency with the MREclat algorithm across different datasets. SPEclat
represents the first implementation of the Eclat algorithm on Spark, while MRE-
clat is a classic MapReduce-based implementation of Eclat with superior effi-
ciency compared to other similar algorithms. Therefore, these two algorithms
are compared to validate SPEclat’ s data scalability.

Certain values must be assumed to express algorithm time complexity in math-
ematical formulas. Assuming the original dataset contains T transactions, N
computing nodes, and t represents the number of frequent 1-itemsets, the orig-
inal algorithm’ s time complexity is O(t> + T/N x a?). The improved SPEclat
algorithm’ s time complexity is .

3 Experiments and Analysis

The distributed computing platform for experiments consists of nine computers,
with the master node configured as an i7 3770 processor, 4GB memory, and 1TB
hard disk. Computing nodes are configured with Pentium e2140 processors, 1GB
memory, and 250GB hard disks. The Spark cluster environment parameters are
as follows: Ubuntu 14.04; Hadoop version 2.4.0; Spark version 1.6.1.

To verify the correctness of the SPEclat algorithm, its processing results were
compared with MREclat on the T10I4D100K, Pumsb_ star, and chess datasets,
with experiments showing consistent results between both algorithms.

3.1 Speedup Test

To verify whether the SPEclat algorithm is scalable and capable of processing
big data, three datasets of sizes 10 GB, 20 GB, and 30 GB with 80 items were
artificially generated for subsequent experiments.
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Speedup refers to the ratio of time consumed by the same task running on
single-processor versus multi-processor systems, serving as an effective metric
for measuring parallelization performance. To evaluate the algorithm’ s par-
allelization performance, the algorithm was run on the above datasets with 4,
6, and 8 nodes respectively. The experimental results are shown in Figure 2
[Figure 2: see original paper|. For clear comparison, linear speedup is included.

The experimental results indicate that SPEclat achieves significant performance
improvements over MREclat, with performance gains increasing as data volume
grows. As shown in Figure 3 [Figure 3: see original paper], for the same dataset,
the algorithm’ s speedup increases with the number of nodes. Since increased
node count gradually increases time consumption for inter-node communication
and data transfer, the increasing trend is close to linear but shows some gap from
linear speedup, with the gap widening as nodes increase. Comparing speedups
across different datasets, larger datasets exhibit speedup closer to linear because
computational time accounts for a larger proportion of total time consumption
in larger datasets compared to smaller ones. The experiments demonstrate that
SPEclat possesses certain scalability.

3.2 Data Scalability Test

To further verify the algorithm’ s data scalability, multiple comparative ex-
periments were conducted between SPEclat and MREclat. Public benchmark
datasets T10I4D100K, Pumsb_ star, and chess were used to ensure experimental
objectivity. To ensure result correctness, values in the figures represent averages
from 10 algorithm runs.

During scalability measurement, the number of nodes was set to eight, and test
data was replicated to 2x, 3%, 4x, 5x, and 6x the original dataset size. Multi-
ple experiments measured the data scalability of both parallel algorithms. The
results are shown in Figure 4 Figure 4: see original paper~(c), where the x-axis
represents replication multiples of the data and the y-axis represents program
execution time. The figures show that for continuously growing data volumes,
MREclat’ s execution time grows approximately linearly, while SPEclat’ s com-
putation time grows more slowly, essentially remaining horizontal. Moreover,
SPEclat consumes far less time than MREclat, completing computational tasks
at approximately 20 times the rate of MREclat.

This is because SPEclat employs memory-based computing, enabling rapid mul-
tiple iterations on datasets in memory and eliminating substantial I/O opera-
tions. Simultaneously, when counting support for candidate itemsets, changing
the data storage structure enables fast BitSet AND operations to replace set
intersection operations, optimizing the support counting method and improv-
ing computational efficiency. Compared to MREclat, SPEclat’ s performance
improvements become increasingly significant as data volume grows.
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3.3 Node Scalability Test

To verify SPEclat’ s node scalability, experiments were conducted using public
benchmark datasets T10I4D100K, Pumsb_ star, and chess. The cluster node
count was adjusted to 4, 6, and 8 while keeping dataset sizes constant, and
SPEclat execution times were recorded. The results are shown in Figure 5 Figure
5: see original paper, (b), and (c), where the x-axis represents the number of
nodes in the cluster and the y-axis represents time consumption. Analysis of the
three experimental figures shows that as cluster node count increases, SPEclat’
s time consumption decreases approximately linearly, demonstrating that the
algorithm possesses good node scalability.

4 Conclusion

This paper proposes SPEclat, a Spark-based frequent itemset mining algorithm.
Addressing massive data generated in the information age, this paper improves
the original serial Eclat algorithm and parallelizes it on the Spark platform, fully
leveraging Spark’ s memory-based and iterative computation-friendly character-
istics to achieve breakthrough performance for mining massive data and solving
problems encountered in parallelization such as data partitioning and extensive
cross-computations during frequent itemset generation. Experiments using both
artificial and public datasets demonstrate that these algorithmic improvements
are effective, with algorithm performance becoming increasingly prominent as
data volume continues to grow.
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