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Abstract

The Apriori algorithm is a level-wise algorithm designed to find
frequent itemsets. Various improvements called implementations were
made to improve efficiency. These are classified into five categories based
on how the algorithm processes data. Existing studies focus on the
comparison of the classical Apriori with a different implementation. With
dynamic itemset counting (DIC) under dataset partitioning algorithm and
transaction reduction under incremental update algorithm, a comparison
of the running time between algorithms from different categories might
not be accurate; thus, the time complexities in Big-O notation were solved.

Both algorithms had the same time complexity, O( ); thus, a comparison𝑛
2

of the running times was made. The running times were recorded a�er
processing three datasets of varying size and complexity. It was determined
that DIC is faster by 8434% while having the same accuracy. Both
algorithms slowed down at large and complex datasets; however, the DIC
was still faster.

Introduction. - An algorithm is a set of specific
rules or instructions typically executed in a
computer to solve problems or perform tasks. [1]
Different obstacles or tasks also come in different
ways on how to tackle them. Since various factors
can affect the outcome of an algorithm, it is essential
to know how efficiently they can perform a task.
Evaluating the time complexity of an algorithm is a
way to see how long an algorithm will run as a
function of the length of the input used.

This study focused on the Apriori algorithm, a
recognized level-wise algorithm commonly used for
Association Rule Mining (ARM). However, datasets
collected from transactions have significantly
increased in size compared to datasets ten years ago.
This created a dilemma for the Apriori algorithm, as
it repeatedly scans the whole transactional dataset,
which increases computational cost. This dilemma
has kept attracting researchers for years by
developing and applying different techniques to
improve its efficiency [2].

Several studies recommended methods to cope
with this dilemma, each having advantages and
drawbacks. Some of these methods reduced the
time consumed in itemset generation [3]. Another
technique reduced the memory space used,
simplified support counting, and the generation of
candidate itemsets via logical bitwise operations [4].
For more significant applications, algorithms that
can enhance the algorithm’s ability to scan and work
with large data sets and extract information from
the dataset are in high demand [2]. This led to a
more efficient Apriori Algorithm by minimizing the
number of dataset scans and limiting the input and

output costs [2].
Data Mining requires expertise as well as a

systematic approach. Both are especially lacking in
many small and medium-sized enterprises [5]. The
Apriori algorithm is an algorithm viable for SMEs
[6]. However, there are different implementations of
it, thus the need to determine which is faster in
processing datasets. Because there is a lack of
comparison between algorithm implementations on
how efficient and accurate they would be in
processing large datasets within a specified time. By
comparing the different algorithm
implementations, users will be able to identify
which Apriori algorithm implementation is best
suited for the size and complexity of their datasets.
Additionally, studies such as Castro et al. [7] have not
yet identified which Apriori implementations are
the best at handling datasets that vary in size and
complexity. As the Apriori algorithm can be used in
market basket analysis to determine the trend in
what the customers are purchasing [8], businesses
can use the Apriori algorithm to make better
decisions in the pricing of their products or product
bundles to improve sales. Due to better business
decisions, the customers and the business owners
alike would be able to save money.

The main limitation of the Apriori algorithm is
the costly wasting of time to hold vast numbers of
frequent candidate sets with frequent itemsets,
which causes the algorithm to scan the datasets
repeatedly [3]. According to Brin et al. [9], one of the
dynamic itemset counting (DIC)’s weaknesses would
be that it does not do well with homogenous data;
however, it improves when the order of transactions
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is randomized. However, the transaction reduction
implementation (TRI) tends to have several dataset
scans when processing the transactions [10]. Thus,
this research aims to know which of the two is faster
in processing datasets.

These implementations were selected because
they are two of the commonly used association
rules mining algorithms: DIC belongs to the Data
Set Partitioning Algorithm, and TRI belongs to
Incremental Update Algorithm [11]. The computed
time complexity would be used to know which is
more efficient by interpreting the algorithms of the
implementations. The time complexity is generally
an equation, which outputs the time it takes to
complete its tasks given the number of transactions
and the computer’s components. With this, both
algorithms can be compared, even with different
setup specifications. Additionally, researchers can
explain why one algorithm is faster than the other
using time complexities.

Evaluating the time complexity of an algorithm
is a way to see how long an algorithm will run as a
function of the length of the input used. It can be
written in many ways, such as an algebraic
expression. However, the most common type of
expressing the time complexity of an algorithm is
through Big O notation to represent the worst-case
analysis which uses the worst performance of any
input of a given size to summarize its performance
[12].

The Big O notation was utilized in this study in
generating the time complexities of both
implementations. The Big O notation is the most
common metric for solving time complexity, and it
uses the steps needed to complete a task to generate
its execution time. It is denoted by the notation of
O(n), where O is the order of growth and n is the
length of the input. It expresses the run time of an
algorithm in terms of how quickly it grows relative
to the input ‘n’ by defining the N number of
operations that are done in it.

This study may serve as a reference for future
researchers that wish to develop an improved
implementation for the algorithm. The methods
can also become a basis for those who want to
compare other implementations of the Apriori
algorithm. The results from this study may provide
information in serving as a comparison to an
improved algorithm that focuses on the data
processing speed.

Methods. - The study aims to determine which
of the two algorithms to be tested would be faster
and more accurate. The procedures to be used in this
study could serve as a basis for how other researchers
would test other algorithms under the Apriori
algorithm. To compare the algorithms, the time
complexity of both codes was calculated using Big-O
notation which represents the upper bound of the
running time of an algorithm.

To give support on which of the two algorithms
is faster, both algorithms were tested by gathering
the time it takes for both algorithms to run in three
different datasets. The factors that were kept constant
are the number of background tasks and the
hardware of the computer to be used since CPU and
memory speed and utilization are the factors that
greatly affect the performance of a computer [13].
Calculation of the accuracy of the algorithms on
different datasets and the running of tabs aside from

the ones needed for the data gathering were
recommended by the study of Tank [14].

The hardware used for data gathering was one (1)
desktop computer with the following specifications:
A desktop computer with Ryzen 5 3600 (Base clock:
3.6 GHz, Boost Clock: 4.2GHz), 16 GB DDR4 RAM,
and a Sapphire Pulse RX 5500 XT GPU. The two (2)
data sets to be used were sourced from Kaggle and
one (1) from the UCI Machine Learning Repository.
The datasets contain different numbers of
transactions and unique items. A customer
transaction dataset containing the items bought by
the customers, a spambase dataset containing spam
and non-spam emails, and a mall customer
segmentation dataset that contains customer
information.

The Python source codes for the different
implementations were gathered from GitHub and
were modified to output the execution time of the
algorithms and the frequency of frequent itemsets.

For data collection, the process has three
trials for each of the three (3) datasets which were
used in previous research by Delos Arcos &
Hernández [2] and Saabith et al. [15]. Each trial
measured the amount of time it takes an
implementation to process the entire data set.
Additionally, the Process Hacker 2 application will be
used to make sure that the CPU and GPU utilization
rate is constant all throughout the data gathering
process. The codes to be used were checked and
verified by our consultant, Dr. Rosslin Robles.

The data gathering process was conducted in the
residences of the researchers as it is the most
accessible place to put a desktop without any hassle
or permit needed to utilize it. The codes for the
algorithms (transaction reduction implementation
and dynamic itemset counting implementation) were
taken from GitHub. The code was set up in Python
and had a runtime counter added to it. The data sets
used were sourced from Kaggle, which contained
different amounts of transactions and unique items.

Sourcing and Checking of Algorithms and
Implementing the Time Library. Algorithms were first
searched in GitHub. Since Python is the language
used by the researchers, the search filter only caters
to Python codes. A�er narrowing it down to a couple
of codes, the researchers chose an algorithm then
tested them out to see if the algorithm had any
errors. If the tested algorithm has no errors, that
would be the code to be used for data gathering. For
both algorithms to output the time of each run, the
time library needs to be implemented. To
implement this, the snippet “import time” was added
at the start of the code so that the code would have
access to the said library. A�er implementing the
time function in the codes of the algorithms, the
implemented codes were checked by an external
consultant, Doctor Rosslin Robles. If the codes are to
be judged by our consultant as ready for data
gathering, the said algorithms would be used for data
gathering.

Calculation of the Time Complexity of the Algorithms.
The time complexity of the algorithms was solved
using the method of Vaz et al. [16]. This study made
use of the Big-O notation for the time complexity as
it is used to get the upper bound or the worst-case
scenario for the running time of the algorithms. The
algorithm was evaluated line-by-line by assigning
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values such as 1, x, , log n, etc. to each line or loop.𝑥
2

The lines of code were grouped by the function they
are under. A�er assigning the values of each line and
loop of the code, it was grouped according to which
function they are a part of. The sums of each were
solved, this resulted in an algebraic expression. A�er
getting the sums of each group, it was all combined
to get the time complexity of the algorithm. In
identifying the time complexity of the algorithm
using Big-O notation, the resulting algebraic
expression’s term with the highest power was
identified. Then, by disregarding the coefficient of
the mentioned term, that was the time complexity of
the algorithm. For example, the resulting algebraic

expression is , which means that the6𝑥
2

+ 2𝑥 + 1

time complexity of the algorithm is O( ).𝑛
2

Cleaning of the Data Sets. A�er opening the excel
file, the researchers need to determine what data the
algorithms could process. The data that was not
determined to be processed by the algorithm, such as
the personal information of people, were removed.
Data that is usually determined to be removed are
labels. Then, proceed to the other excel files and
repeat the process. Then, the cleaned excel files and
algorithms were checked by the previously
mentioned external consultant.

Preparation of Parameters and Execution of
Algorithms. Three trials were performed for each
algorithm and the average running time of the three
trials were computed. To ensure that the results were
not affected by other factors, unrelated background
tasks were closed. This action kept the CPU and RAM
utilization available for use constant. Dataset number
1 was processed using the TRI and DIC for three
trials, followed by datasets 2 and 3. A�er every run,
the runtime and rules were recorded into an excel
file.

Calculating the Accuracy of the Algorithms. The
output a�er every run, excluding the processing
time, was noted. Then, the frequency of each itemset
in the dataset was identified. From this, the
confidence levels of each rule were calculated. The
highest confidence value that was calculated will be
the accuracy of the algorithm for that run. The three
runs’ accuracies will then be averaged.

Data Analysis. A�er all the values were recorded
to an Excel sheet, the analysis of data took place. The
first process was to analyze the time complexities of
the transaction reduction and dynamic itemset
counting algorithms. This portion of the study is a
modified version of Delos Arcos and Hernandez [2]
and Tank [14] methods, wherein the mean of the
three trials of each algorithm will first be solved. The
mean values of the TRI and DIC were then used to
solve the percentage of performance difference.
Lastly, the processed values were graphed. For
accuracy, the confidence levels of each rule or output
were first determined. The highest confidence value
out of all the rules is the accuracy of the algorithm
for that run. Except for the worst-case analysis, these
steps were done on Microso� Excel as all the tools
needed for the computations are present in said
application. The worst-case analysis measures the
resources required by the algorithm given the input
size n. Examples of the resources are the algorithm's
running time and the memory used to run the

algorithm.
Computation of parameters from the raw data. This

is done so that the succeeding step of the data
analysis would be easier to do. The mean of the 3
trials was solved using the equation:

𝑉1+𝑉2+𝑉3

3

where V1, V2, and V3 are the values of 3 trials

and divided by 3. Then, the percentage of
performance difference of the algorithms in the 3
datasets were solved using the equation:

𝐴𝐷 =
1

𝑉𝐷

𝐴𝑇 =
1

𝑉𝑇

 |
𝐴𝐷

𝐴𝑇
| − 1( ) ×  100

where VT is the average run time by the

transaction reduction algorithm, while VD is the

average run time by the dynamic itemset counting

algorithm, and AT and AD are the reciprocals of VT

and VD, respectively.

The accuracy of each was solved using the

equation:

σ 𝑋∪𝑌( )

σ 𝑋( )

where (X) is the frequency an itemset, X, appears

in the dataset, while (XY) is the frequency itemset Y

appears in the same transaction as itemset X. Then,

the confidence of each of the rules was to be

multiplied by 100 so that it would be presented in

percent form.

Safety Procedure. Safety precautions during the
data gathering process were observed to avoid
possible harm. The researchers have identified three
hazards: electrical outlets, ungrounded components,
and spending too much time in front of a computer.
To mitigate the identified hazards, having water near
the outlets was strictly avoided as well as tampering
with the hardware, unless knowledgeable enough of
the surroundings and components. Breaks were also
taken from time to time to prevent asthenopia or eye
strains.

Results and Discussion. - The researchers first
identified the number of transactions for each
dataset which were gathered from their respective
repositories. The number of transactions [4] and the
number of distinct items [14] of the algorithms were
also gathered. The number of distinct items was
available on the respective repositories of the
datasets and verified using the remove duplicates
option in Microso� Excel. Lastly, the average
transaction length was calculated by determining the
average number of characters per transaction.

Table 1 shows that D1 consists of the lengthiest
transactions, while D3 has the shortest transactions.
Additionally, D3 is the largest dataset while having
the most number of distinct items. This means that
D3 is the most diverse or randomized data among
the three datasets. Then, D2 has the lowest amount
of transactions and distinct items. D2 is also a small
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dataset, according to the definition of Althnian et al.
[17] of a small data set having 18 to 1030 transactions.
However, dataset sizes are not explicitly defined [17],
thus the two other datasets will be defined relative to
D2 or the small dataset. As shown in Table 1, D3 has
the most number of transactions and therefore, the
largest dataset. Since D1’s transaction count is in
between the smallest and largest dataset of this study,
it is the medium-sized dataset. This means that D1
(Groceries) is the most complex dataset among the
three, while D3 (Spambase) is the least complex.
Then, D2 (Mall Customer) is the least randomized
dataset, while D3 (Spambase) is the most randomized
dataset used in this study.

Table 1. The table shows the properties of the datasets used
in the study.

Data Set Number of
Transactions

Distinct
Items

Average
Length of

Transactions
Length

(number of
characters)

D1
(Groceries)

43,349 169 10.548

D2 (Mall
Customer)

800.00 102 2.798

D3 (Spam
Base)

266,858 4499 1.617

In Table 2, D3 resulted in the highest percentage
of performance difference among the two
algorithms. As D3 is the most randomized data
among the three datasets, it coincides with the
findings of Brin et al. [9] that dynamic itemset
counting’s performance improves when the
transactions are randomized. Out of the three
parameters from Table 1, the running time of
transaction reduction was greatly affected by the
average transaction length of the dataset, as it had the
highest running time in D1.

Table 2. The table shows the average processing times of
transaction reduction and dynamic itemset counting on
three data sets

Data
Set

Transaction
Reduction
(seconds)

Dynamic
Itemset

Counting
(seconds)

Percentage of
Performance

Difference (average
running time of

DIC vs. TRI)

D1 1165.51032 36.99194 3051%

D2 0.62623 0.06089 929%

D3 755.92940 3.52844 21324%

Fig. 1 shows the comparison in the percentage of
performance difference of the two algorithms’
average running times in the different datasets. The
average percentage of performance difference of
both algorithms is 8434 percent for the three datasets
derived where D3 has the highest percentage of
performance difference, and D2 resulted in the
lowest difference in average processing time of both

algorithms. So, the dynamic itemset counting
implementation has an advantage on large and less
complex data sets but gradually loses it on smaller
and more complex data sets.

Figure 1. The bar graph shows the percentage of
performance difference in each dataset.

Additionally, the accuracy of both
implementations in all three datasets were the same,
as well. In D1 (Groceries) both algorithms achieved
84.89%, 89.29% accuracy in D2 (Mall Customers), and
87.73% accuracy in D3 (Spambase).

Table 3. The table shows the summary of the accuracy of
transaction reduction and dynamic itemset counting on
three datasets.

Data Set Transaction
Reduction (%)

Dynamic Itemset
Counting

(%)

D1 84.89 84.89

D2 89.29 89.29

D3 87.73 87.73

As both algorithms have a time complexity of O

( ), this means that the efficiency of both algorithms𝑛
2

is the same. Thus, the processing times of both
algorithms should be close. However, the transaction
reduction implementation (TRI) had an average
processing time of 640.5 seconds on all three
datasets, while the dynamic itemset counting (DIC)
had an average processing time of 13.5 seconds. This
means that the DIC and TRI have an average
percentage of performance difference (PPD) of 8434%
across all three datasets.

The performance of the two algorithms had
some discrepancies in varying dataset sizes and
complexities. In D1 (Groceries), there was a 3051%
percentage of performance difference (PPD), 928%
PPD in D2 (Mall Customers), and 21324% PPD in D3
(Spambase). This is supported by the study of Brin et
al. [9], which stated that DIC’s weakness is that it does
not do well with homogenous data; however, it
improves when the order of transaction is
randomized. percentage of performance difference.

As both algorithms have the same accuracy in
determining the frequent itemset, this means that
both algorithms have the same reliability level in the
association rules they output. However, the classical
Apriori has been tested to have an accuracy of
between 98% [18] to 99% [19]. The decrease in
accuracy can be attributed to the support value set by
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the researchers, 5, which has been stated by Tank [14]
to be one of the factors that affect the accuracy of the
Apriori algorithm and its implementations.

Even though both algorithms have the same

time complexity of O ( ), their processing speeds𝑛
2

have a large gap. This may be due to the fact that the
Big-O notation is only used to weigh the computing
cost of an algorithm in the worst-case scenario.
Studies such as Delos Arcos & Hernandez [2] have
opted to use an algebraic equation approach in
determining the time complexity equations of
algorithms. This is done so that every factor such as
the number of loops, argument, and equation will be
taken into consideration in the time complexity. The
Big-O notation is only a good option in algorithms
which have a small number of loops, as the Big-O
notation does not take into account the number of
loops, arguments, and equations. It only takes into
account the value of the highest level loop of the
entire algorithm. Other formats of describing an
algorithm’s time complexity may be used as the
Big-O notation only evaluates algorithms in the
worst-case scenario.

As DIC had a shorter average running time than
TRI in all datasets, this means that DIC is more
efficient in processing data. DIC had an advantage,
especially in D3 (Spambase dataset). This may be
because its transaction reduction implementation
(TRI) tends to have more steps in scanning and data
generation, which increases its processing time. This
is supported by the study of Zymbler [4], which
stated that DIC has good potential in parallelization.
This means that on setups with multi-core CPUs or
GPUs, DIC can take advantage of the extra cores to
boost its performance. Additionally, the additional
scans that TRI does when processing transactions
increases its processing times [10]. Setups with
multi-core CPUs or GPUs may want to use the DIC in
processing data as it will significantly make
processing faster. However, a different integrated
development environment (IDE) can also be used
other than PyCharm community version 2020.2.1 as
PyCharm does not fully utilize the computer's
available computing resources.

The biggest factor which affects the processing
speed of DIC lies in the average length of
transactions in the dataset, followed by its size or the
number of transactions, and then the number of
distinct items in the dataset. Thus, DIC thrives in
datasets which have short transaction lengths and are
more randomized such as the D3 (Spambase). This is
supported by the study of Brin et al. [9], which stated
that DIC’s weakness is that it does not do well with
homogenous data; however, it improves when the
order of transaction is randomized. Additional
variations in dataset sizes and complexities should be
tested, especially in large datasets with lengthy and
homogenous transactions, to determine if the
advantage of DIC in randomized data will outweigh
its disadvantage in large datasets with lengthy
transactions.

Limitations. The limitation of this research
study is the time complexity format used as the
Big-O notation only evaluates algorithms in the
worst case scenario. Another is the IDE (Integrated
Development Environment) used, which is
PyCharm. PyCharm does not fully utilize all the
computing resources available to make processing
faster. There is also a lack of variation in the datasets
used. Lastly, the method of measuring the accuracy

of the algorithm as the highest confidence value is
not a good representation of the accuracy of the
algorithms.

Conclusion. - The results showed that the
dynamic itemset counting implementation was able
to determine the frequent itemsets with the same
accuracy, but faster than the transaction reduction
implementation.

Recommendations. - It is recommended by the
researchers to use algebraic equations over the Big-O
notation to express the time complexity of the
algorithms as it would be a more comprehensive
representation of the algorithm. Additionally, the
Integrated Development Environment (IDE) to be
used will be different, as PyCharm Community
Edition 2020.2.1 does not utilize all the available
resources, such as the CPU and GPU. Another
method to measure the accuracy of the algorithm
that may be used as the highest confidence value of
the output, or rules, is not a good representation of
the accuracy of the algorithm. Other variations in
dataset sizes and complexities may also be used to
identify if an algorithm has an undiscovered pattern
in processing data. Lastly, researchers may also opt to
compare other commonly used implementations of
the Apriori algorithm to determine which
implementation is the best for different dataset sizes
and complexities.
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