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Abstract 
This project explores the enhancement of Market Basket Analysis through the integration and 
use of the K-Means clustering algorithm, addressing the inefficiency of traditional association 
rule mining techniques on large data sets. Market Basket Analysis is a data mining technique 
which aims to help businesses understand customer purchase patterns and to uncover 
correlations between frequently purchased items in a transaction. However, association rule 
mining is very computationally expensive and to us has practical limitations when dealing 
with companies with an extensively large amount of transaction data.   

Our research has led us to propose a pre-processing step using the K-Means Clustering 
algorithm to combat the challenge of impractical association rule mining with large 
transactional data sets. Based on certain metrics, we can segment data into various clusters to 
filter out less meaningful information, thus reducing input size for the association rule mining 
process. We present a novel approach, using the revenue of each product and the revenue of 
the products purchased alongside it, clustering out the products belonging to the cluster which 
minimizes these values. We then compare our approach to previous work in this domain and 
the association rule baseline using a novel value formula. We conclude that our method 
shows a substantial improvement in regards to efficiency while also improving value 
generated across five different input sizes on our test dataset. 
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1. Introduction 
The main goals of a business are to make revenue and profit from producing and/or 

selling products and/or services. Customers who buy these products and services and thus are 
what determines whether a business struggles or flourishes. With many large companies such 
as Amazon, Microsoft, Apple and Tesla serving many customers, there are billions of 
transactions being handled worldwide every day. As a result, it can be very valuable for 
companies to focus on analyzing customers’ purchase patterns. Knowing what items 
customers buy together, can tell businesses what connections there are between certain 
products, which they can then take advantage of to try and increase their sales via marketing 
strategies, leveraging some items to sell others. Due to the vast amounts of data being worked 
with, learning these connections requires automated tools which can be used to help 
determine connections between products with ease. 

​ This is where we introduce Market Basket Analysis, a data mining technique that uses 
association rule mining to make connections [1] using the frequency of which multiple items 
are purchased together inside an individual transaction. This data can then help inform 
businesses to make better decisions with product placement and marketing and show them 
how they can increase their sales revenue with revised strategies.  

​ However, Association Rule Mining, the core of Market Basket Analysis, has a major 
challenge, efficiency. The goal of Association Rule Mining, known as the Association Rule 
Mining problem, is to find all supersets of differing items in transactions belonging to a given 
itemset that meet a minimum frequency, titled support. However, this means that Association 
Rule Mining algorithms often have to generate and check a large number of rules. In fact in 
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2004, Yang proved that there is no polynomial time algorithm which can solve the 
Association Rule Mining Problem. As a result, all accurate Association Rule Mining 
algorithms are highly inefficient to employ. This is a problem as with an expansive scale of 
retail data held by many large companies coupled with the inefficiencies seen in Association 
Rule Mining, there is a major practical issue when implementing Market Basket Analysis. 

​ ​ In this paper, we propose an approach which uses the K-Means Clustering 
algorithm along with Association Rule Mining to determine the rules and connections needed 
to identify customer’s behavior and purchase patterns. We use K-Means to filter out items 
which are unlikely to contribute to rules which are valuable to the business. This in turn 
means that the Association Rule Mining algorithm will be more efficient and scalable to 
handle large datasets more easily as the unneeded, invaluable data is being removed prior to 
its use by these expensive algorithms. Due to K-Means inefficiency, Lloyd’s Approximation 
algorithm is used. Lloyd’s algorithm clusters data points into groups represented by centroids 
[2]. The main difficulty is choosing what data to use to cluster the items. We discuss 2 
different approaches. The first is a previously proposed approach and the second is our own 
novel approach based upon a new method for calculating value.  Both approaches are 
compared to the baseline without K-Means in regard to value of rules generated and 
efficiency. The first approach focuses on clustering items based on frequency and price, and 
the second approach focuses on the revenue generated by each item and the items it is 
purchased with. The other difficulty with using the K-Means algorithm is determining the 
ideal k value to be used for implementation. We use both the Dunn Index and the elbow 
method to determine this. In the end, our novel approach proves very  promising as the 
execution time of running the program is drastically reduced compared to the baseline on 5 
different input sizes of a real world itemset while also achieving higher value top rules. Thus 
our approach proves to be more efficient, scalable and higher performing than previous 
approaches. 

In the following sections we will review literature related to previous works that need to be 
understood to have full comprehension of this paper. This includes Association Rule Mining, 
K Means Clustering, their algorithms and how K means can be used to reduce Association 
Rule Mining a;lgorithms computational expense. We then cover the methodology and 
rationale explaining our approach and experiments conducted. We will go over the basic 
system architecture of our implementation covering detailed sequence, activity and 
component diagrams before going into implementation specifics. We show our testing and 
evaluation methods and then wrap up with our results and conclusions of our experiments. 

2. Literature Review 
In this section we cover the Association Rule Mining problem as well as its time complexity. 
We introduce the importance of the Apriori algorithm, the details of its functionality and 
efficiency. We review the K-means clustering problem as first outlined by Lloyd and its 
computational expense. We detail Lloyd’s algorithm, an approximation of K-means and why 
it is so commonly used. We then finish with exploring the previous work done using 
clustering to filter out unimportant association rules. 
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2.1. Association Rule Mining 
The association rule mining problem was first proposed by Agrawal, Imielinski and Swami in 
1993. It can be formally defined as follows: Let  be a set of distinct 𝐼 = 𝐼

1
, 𝐼

2
, 𝐼

3
,  ...  ,  𝐼

𝑚

binary attributes called items.  Let  be a set of transactions with each transaction, , being 𝑇 𝑡
represented by an m dimensional binary vector.  if  was purchased in the 𝑡[𝑘] = 1 𝐼

𝑘

transaction , otherwise. Let  be a set of some of the items in  where a transaction 𝑡 𝑡[𝑘] = 0 𝑋 𝐼
 satisfies  if and only if for all items , . An association rule is defined as 𝑡 𝑋 𝐼

𝑘
 ϵ 𝑋 𝑡[𝑘] = 1

j where  for all items . An association rule is satisfied by a transaction 𝑋 ⇒ 𝐼 𝑗 ≠ 𝑘 𝐼
𝑘
 ϵ 𝑋 𝑡[𝑘] 

if and only if it satisfies  and . The support of an association rule is the number of 𝑋 𝑡[𝑗] = 1
transactions in  which satisfies it. Generate all association rules where  the superset of  𝑡 𝑋 ϵ 𝑆, 𝐼
and  belongs to all  that satisfies the given minimum support [3]. The association rule 𝐼

𝑗
𝐼

mining problem was proven by Yang in 2004 to be NP-Hard [4] meaning that no polynomial 
time algorithm can be created to solve the problem. Resulting in all Association rule mining 
algorithms being very inefficient. 

Apriori is an association rule mining algorithm given by Agrawal and Srikant in 1994 [5]. It 
is popular due its ease of implementation, scalability, efficiency and age. It is a relatively 
simple algorithm which produces results which are straightforward to interpret. Apriori is 
relatively efficient compared to other top performing Association rule mining algorithms 
across all input sizes. It was the first efficient Association rule mining algorithm created only 
one year after the association rule mining problem, allotting ample time for its study and 
testing. Apriori is given in the first two figures. Figure 1 outlines the Apriori algorithm’s 
main body while figure 2. describes the apriori-gen subfunction it uses. 

 

Figure 1. The Apriori algorithm 
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Figure 2. apriori-gen 

The Apriori Algorithm takes and 𝐿
1

= 𝑙𝑎𝑟𝑔𝑒 1 − 𝑖𝑡𝑒𝑚𝑠𝑒𝑡𝑠 

as input and returns all supersets of which contain at least 𝐷 =  𝑡ℎ𝑒 𝑠𝑒𝑡 𝑜𝑓 𝑡𝑟𝑎𝑛𝑠𝑎𝑐𝑡𝑖𝑜𝑛𝑠 𝐿
1

2 items and meet the minimum support threshold. The  taken as input is 𝑙𝑎𝑟𝑔𝑒 1 − 𝑖𝑡𝑒𝑚𝑠𝑒𝑡𝑠
a set where each element is set containing only an element from the set of all distinct items 
belonging to a transaction in . More formally, this can be described as if and only if 𝐷  {𝐼} ϵ 𝐿

1

 and .  In lines 5 and 6, the apriori algorithm ∃𝑞, 𝑡
𝑞
 ϵ 𝐷 | 𝐼  ϵ 𝑡

𝑞
∀𝑘, 𝑘 ϵ 𝐿

1
−  {𝐼} ,  {𝐼} ≠  𝑘

loops through all candidates in  which are subsets of a given transaction. Candidates, 𝐿
𝑘

represented by ,  are the superset of all items in  whose subsets all meet the minimum 𝐶
𝑘

𝐿
1

support.  Line 7 adds 1 to the support value of these candidates. Lines 4 and 8 contain the 
bounds of a loop that repeats this process for all transactions in . In line 9, all candidates 𝐷
which meet a minimum support value are copied into  In line 3 new candidates are 𝐿

𝑘
.

generated using the apriori-gen function from . In lines 2 and 10 k is iterated until 𝐿
𝑘−1

, i.e. none of the candidates generated by apriori-gen in a pass meet the minimum 𝐿
𝑘−1

= 0

support value. Lines 1 and 11 represent the aforementioned input and output respectively. 

Apriori-gen takes , the set of all candidates containing exactly  distinct items, 𝐿
𝑘−1

𝑘 − 1

which meet the minimum support. It returns , the set of all candidates containing exactly  𝐶
𝑘

𝑘

distinct items whose subsets all meet the minimum support.  Lines 1-4 generate all sets of  𝑘
items where 2 different sets from  share their first  items and add them to . Lines 𝐿

𝑘−1
𝑘 − 2 𝐶

𝑘

5-8 iterate through all  item subsets of all c belonging to  and check if they belong to 𝑘 − 1 𝐶
𝑘

 and thus meet the minimum support. If any do not,  is removed from . Line 9 returns 𝐿
𝑘−1

𝑐 𝐶
𝑘
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. The Apriori algorithm has a worst case time complexity of  due to the power set 𝐶
𝑘

𝑂(2𝑚)

 representing the maximum total number of candidates that could exist. 2𝑚−1

2.2. K-Means Clustering 
In 1957, Lloyd outlined Lloyd’s algorithm which takes in an input of data points, a number of 
centroids,  and returns  centroids.  Each centroid represents the mean of a cluster where the 𝑘 𝑘
sum of squared distances between points within a cluster and their centroid is approximated 
to a local minima [6]. This algorithm laid the foundation for the k means clustering problem. 
The k means clustering problem can be formally defined as given a set of data points,  and a 𝑆
number of clusters, , find  subsets,  of  such that each  belongs to exactly one  𝑘 𝑘 𝑄 𝑆 𝑥 ϵ 𝑆 𝑞 ϵ 𝑄
and  is the mean of all  belonging to  for each . Assign each  to a  such that the 𝑝

𝑘
𝑥 𝑞

𝑘
𝑞

𝑘
𝑥 𝑞

𝑘

sum of euclidean distances between  and  over all is minimized. The K- means 𝑥 𝑝
𝑘

𝑥 ϵ 𝑆 

problem proven to be NP-Hard even given a fixed number of dimensions by Mahajan, 
Nimbhorkar and Varadarajan in 2009 [7]. However, Inaba, Katoh and Imai proved that 
K-means can be solved in polynomial time given both a fixed number of dimensions and the 
number of clusters K. Precisely, it can be solved in  where d is the number of  𝑂(𝑛𝑑𝑘+1)
dimensions [8]. 

In practice, Lloyd’s algorithm is often used for clustering due to its simplicity and 
consistency in converging to approximate solutions of the K-means problem quickly. Lloyd’s 
algorithm was proved by Hartigan and Wong in 1979 to have a time complexity of  𝑂(𝑛𝑘𝑑𝑖)
where  is the number of data points to be clustered,  is the number of clusters,  is the 𝑛 𝑘 𝑑
number of dimensions and  is the number of iterations before convergence [9]. If  and  are 𝑖 𝑘 𝑑
constants the time complexity can be trivially reduced to . Pseudocode of Lloyd’s 𝑂(𝑛𝑖)
algorithm with a fixed number of clusters and dimensions is given in figure 3. Lloyd’s 
algorithm takes input of  as the number of clusters to be generated,  as the number of 𝑘 𝑑
dimensions that represent the data and  as the set of all data points to be clustered where 𝑋
each data point is represented by a  dimensional vector. It returns , the set of centroids 𝑑 𝐶
where the sum of squares distances between each point and its nearest centroid as measured 
by Euclidean distance has converged to a local minima. In lines 2 and 3, each centroid is set 
equal to a unique random data point in . Lines 5 and 6 assign each point in  to their nearest 𝑋 𝑋
centroid. Lines 7 and 8 recompute the centroids as the means of the points assigned to them. 
The last two steps are repeated until the algorithm converges via the loop in line 4. At this 
point  can no longer improve and is returned as the algorithm’s output. 𝐶
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Figure 3. Lloyd’s algorithm 

Lu and Zhou have proved that Lloyd's algorithm converges to an exponentially small error 
after  iterations. Therefore, Lloyd’s algorithm can be modified to stop upon reaching a 𝑙𝑜𝑔(𝑛)
threshold of  iterations while maintaining a minimal reduction in its performance [10]. 𝑙𝑜𝑔(𝑛)
This can be done by replacing line 4 in figure 3 with “While C has not yet converged and less 
than log|X| iterations of this loop have occurred”. Consequently,  meaning that this 𝑖 ≤ 𝑙𝑜𝑔𝑛
variant of Lloyd’s algorithms worst case time complexity is . 𝑂(𝑛𝑙𝑜𝑔𝑛)

2.3. Reducing Association Rule Mining computation time using K 
means clustering 
In 2021 Kanhere, et al. proposed a novel approach which aims to reduce the computational 
expense of Association rule mining algorithms by first performing k-means clustering to find 
and remove data that is unlikely to contribute to any association rules found by association 
rule mining. This was done by calculating the frequency of each distinct item contained 
within the set of transactions, i.e. how many association rules it appears in as well as their 
average prices. K-means clustering is then performed on the set of distinct items using 
frequency and average price as dimensions with . They tested this method on the 𝑘 = 4
Glantus database, where one cluster was found to populate approximately 93% of the data. 
Data points belonging to that centroid had very low frequency values. They were all removed 
from the set of transactions with association rule mining being performed on the resulting set. 
This was compared to the traditional method of running association rule mining directly on 
the initial dataset. They found that their execution time decreased while maintaining all of 
their generated association rules [11]. 
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3. Methodology 
In this section we detail exactly what problem this paper aims to solve as well as its 
importance. We demonstrate how we aim to build and improve upon previous works and 
approaches done in this subject area. We specify our novel value formula and why it is an 
accurate depiction of the problem and useful for solving it. We also outline our project's 
scope and objectives. We conclude with the tools and frameworks we used to accomplish this 
research and the justifications for their uses. 

In 2022, credit cards alone accounted for an estimated 678 billion transactions globally. That 
is equal to approximately 21,510 transactions every second [12]. The amount of transactional 
data being produced has reached a size which is far too large to manually analyze for many 
businesses. As a result, businesses have started taking an automated approach, namely 
Market Basket Analysis which harnesses Association Rule Mining to find interesting 
connections which data analysts can leverage for business advantages. The issue with using 
Association Rule Mining to solve this issue of analyzing great purchase volume is 
Association Rule Mining itself is very inefficient. It is an NP-Hard problem and thus all 
algorithms solving it are very slow. Apriori for instance, a popular algorithm which was one 
of the first to solve this problem has a worst case time complexity of O( ) where m is the 2𝑚

number of distinct items contained within the set of transactions. Therefore, in the worst case 
a business selling only 1000 unique products would need to make at least  operations to 21000

calculate all Association rules meeting the minimum support using Apriori. On an average 
modern processor in 2024 which is 1-3.8 GHz [13], this would take over  years. While a 10284

worst case scenario is unlikely to occur, execution is still usually very costly causing many 
serious practical limitations to running association rule mining algorithms on market basket 
analysis.  

In 2021 Kanhere, et al. proposed a method which aims to reduce time complexity by using 
clustering to filter out data unlikely to contribute to Association rules prior to using 
Association rule mining due to having low average prices, frequency of purchase and thus 
low revenue. Clustering groups similar items together, so this approach filters out the cluster 
containing the group containing low revenue generating items. However, this method only 
marginally reduced execution time and was solely designed to work for a specific dataset 
[11]. Additionally, how insightful a data analyst finds a given association rule is subjective 
and highly dependent upon circumstantial information which cannot be objectively 
deciphered. For instance, the insightfulness of an association rule is entirely dependent upon 
a data analyst being previously unaware of the connection. Consequently, metrics measuring 
insightfulness in Market Basket Analysis can only be estimates and are often based upon 
several assumptions. For example, the support metric used by the Apriori Algorithm relies 
entirely upon the assumption that the insightfulness of a connection is proportional to its 
frequency.  

Due to the uncertainty pertaining to how valuable a given association rule is to a business, it 
makes sense to instead determine how valuable it could be. The application of Market Basket 
Analysis is typically to leverage an association rule in some way that makes it more likely for 
customers that purchase one item in a basket, to also purchase the others. For instance, if a 



10 

connection between Root Beer and apples is found, placing them physically nearby in a store 
makes it more likely for a given customer who travels to the section to buy one of the items, 
to also see the other and thus buy it. Therefore, the value of a connection can be defined as 
the increase in company revenue brought by the association between items in a Market 
Basket. Since this association is typically only leveraged when a customer buys one item in a 
Market Basket, the maximum revenue generated by a purchase due to the association can be 
estimated as the average revenue generated per purchase of each item in the Market Basket 
aside from the item originally sought out by the customer. Therefore, the maximum possible 
revenue generated overall by the association can be estimated as the sum of the average 
revenue per purchase of every other item in the Market Basket given each individual item 
purchased in the Market Basket, across all individual items purchased in the Market Basket. 

Formally, this can defined as given , calculate  where for each ,  𝐼
𝑗ϵ𝐼
∑((

𝑘ϵ𝐼|𝑘≠𝑗
∑ 𝑖

𝑘
𝑟/𝑖

𝑘
𝑝) × 𝑖

𝑗
𝑝) 𝑖 ϵ 𝐼 𝑖𝑟

represents the total revenue generated in purchases containing item  and  represents the 𝑖 𝑖𝑝

total number of units of  purchased in the dataset. This is the method we use to calculate the 𝑖
value of an association rule in this paper. An example, outlining the steps for calculating the 
value is outlined in figure 4. 
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Figure 4. Association value estimation example 

As a result, in this paper we propose a general approach which is applicable to all datasets of 
a particular format, aiming to vastly reduce execution time while generating more valuable 
Association rules. Precisely, we design and implement an algorithm which takes in any 
transactional database as input, uses K means to filter out items which are unlikely to 
contribute to any valuable association rules and uses the Apriori Algorithm to generate these 
rules. Our objectives for this algorithm are as follows: 

1.​ The generation of more valuable top 100 association rules as ranked by support 
compared to using the Apriori Algorithm by itself on the same datasets across 
different databases and input sizes. 

2.​ A vastly lower execution time compared to using the Apriori Algorithm by itself on 
the same datasets across different support levels and input sizes. 
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In objective 1 we use support to determine the top 100 rules since that is what the apriori 
algorithm itself uses and it makes the results consistent across different support values given 
to the apriori algorithm. We consider only the top 100 as the top rules are typically the ones 
which researchers analyze. Depending on the dataset and the support value given, rules 
generated by Apriori can scale beyond the thousands at which point it is impractical to 
analyze them all. This also ensures relevance of the results among large support values where 
not many rules are generated. 

Programming associated with this project was completed using the Java programming 
language version 19 and its standard library in the September 2023 Eclipse Integrated 
Development Environment for Java Developers. This project was developed from the ground 
up without the help of external libraries to grant as much flexibility and customizability in 
our implementation as possible. This customizability and flexibility allowed us to easily 
modify Lloyd’s algorithm to increase our algorithm’s efficiency as outlined in the Literature 
Review section. Due to development of the project from scratch, any programming language 
with reasonably efficient implementation speed would suffice. We chose Java as it is 
relatively simple to use and the programming language which we were most familiar with at 
the time. JFrame, a container which supports the creation of graphical interface components 
such as buttons, text fields and cartesian graphs was used. It is included in Java’s standard 
library and was used to plot the clusterization of items for understanding and testing 
purposes. It was used due to its ease of use and availability from being in Java’s standard 
library. Version 19 of Java specifically was used due to its feature richness and support of 
Java Development Kit 19 in Eclipse, which newer versions of Java does not support. Eclipse 
was used due to its familiarity, reliability, ease of use and effective debugging tools. It is very 
familiar to us, being the Integrated Development Environment which we have the most 
experience using. Eclipse is very reliable due to it being very well tested and receiving many 
updates, it was released in 2001 [14] and has had 35 released versions which have been tested 
by over 6 million active users as of October 2023 [15] [16]. Eclipse is extremely easy to use 
and is consequently often used by those who are inexperienced with programming. Eclipse 
also gives detailed feedback of errors and marks the lines of which they occur, allowing them 
to be solved more easily and efficiently. The September 2023 version Eclipse was also used 
due its reliability and feature richness as a result of being the latest released version of 
Eclipse at the time. All experiments were conducted using a personal computer using an 
Intel(R) Core(TM) i5-10400F CPU with a 2.90GHz processor on the Windows 10 operating 
system. 

4. Basic System Architecture 
Diagrams (e.g., UML diagrams) depicting system components and their interactions.   

This chapter is to explore the architectural framework and design of our implemented system 
of Market Basket Analysis. To get an overall layout or structure of the whole system with 
components and interactions, there are 3 main diagrams to illustrate this architecture.  
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4.1. Sequence Diagram 
The sequence diagram (Figure 5-7) illustrates the interaction of the different components and 
methods of the system during the execution of Market Basket Analysis. The sequence of 
events are listed, starting from the input of data to output of association rules. 

 

Figure 5. Part 1 of Sequence Diagram (preprocessing) 
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Figure 6. Part 2 of Sequence Diagram (k-means) 
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Figure 7. Part 3 of Sequence Diagram (Apriori Algorithm) 

Each box at the top of the diagram represents the methods (and class) of this program, and the 
diagram conveys the interactions between the methods and each other. Although separated into parts, 
the full sequence diagram of figures 5-7 can be described in the following way: 
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-​ The dataset is given to processTransactions from the main to process the data. Once 
processing is done, arrays of itemset data will be sent to main. 

-​ With the arrays with itemset data, it goes to createKMeansData, to turn the raw data into a 
format suitable for the KMeans. The data returned to main would be the headers needed for 
KMeans such as: average price, frequency, quantity purchased, revenue of item and revenue 
of products purchased alongside each distinct item. 

-​ With this suitable format for KMeans, we now begin the actual class program to implement 
KMeans. 

-​ Iterate through a loop from the number of clusters starting at 2 and iterating till 10. The data 
points and number of clusters are given to the algo method. 

-​ From the algo method, points are given to selectRandomCentroids and in return, the random 
points centroids. 

-​ Then we go through a loop to check how many iterations are completed (in this case, our max 
number of iterations to complete is 100) 

-​ If there is no convergence and the maximum number of iterations has not been reached, then 
do the following: 

-​ Assign the points to the nearest centroid by giving the points and cluster data to 
assignPointsToNearestCentroid method. 

-​ With the new points and centroids, recompute new ones as the assigned mean of 
points. 

-​ Check if there is convergence to break the loop and stop the KMeans algorithm 
-​ The previous step is essentially Lloyd’s algorithm, and this results in new clusters to be used 

back in processing. This is given after the maximum number of iteration and maximum 
number of clusters to test has been reached 

-​ The program will then proceed to plot the results on a graph as an elbow, as per the elbow 
method. 

-​ For each iteration, the clusters and points are given to findDunnIndex to calculate the dunn 
index value for each iteration. 

-​ The K-Means result that has the highest dunn index is returned and selected as the best result 
with the best cluster. 

-​ The itemset and ordering of items will be given to processTransactions to remove the items 
that need to be removed. 

-​ With the new list of transactions, we call loadData to process and load the data in as a 
HashSet to be used for the Apriori algorithm. 

-​ The apriori method is called with the given list of transactions and a minimum support value 
as specified. 

-​ From the apriori method, it gets the frequent itemsets as a list of candidates with distinct 
items. 

-​ Then we have a loop that will iterate until the new generate candidate list is not empty 
-​ First, generate the candidates. 
-​ Prune the candidate set to get the potential support. 
-​ Process the candidate set and remove the ones that do not meet minimum support 

threshold. 
-​ Once the new generate candidate list is not empty, we return the list of candidates that 

contains at least 2 items (these must meet minimum support threshold) 
-​ Finally, the association rules are then generated. 
-​ End the program 

This is a detailed description of how the program is implemented and how the methods (and class) of 
the program are interacting with one another. 
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4.2. Activity Diagram 
The activity diagram (figure 8) shows a dynamic overview of the system’s workflow depicting a 
sequence of activities carried out during the Market Basket Analysis process. It shows a clear 
understanding of the process carried out for the implementation from start to finish such as setting the 
parameters and running the K-Means algorithm to setting up and running the Apriori algorithm to 
generate the result and ending the program.  

 

  

Figure 8. Activity Diagram 

Figure 8 shows step by step process on how the implementation is done.  
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1.​ From the start point (the black circle), the transactional raw data is first preprocessed. This 
also includes readying the K-Means algorithm with a formatable dataset 

2.​ We need to determine the best number of clusters for the K-Mean clustering, so the number of 
clusters is first set to 2, and i set to 1, where i is the current iteration. 

3.​ Select a random amount of centroids. 
4.​ Assign points to the nearest centroid.  
5.​ Recompute the centroids as the mean of points assigned. This will effectively make the points 

in the clusters closer and compact as the centroids will be closer. 
6.​ Then, check for if the convergence is ended (i.e. check if there's no significant change 

between the centroids and the points) and if we are still below the maximum number of 
iterations needed being 1000. 

7.​ If it is the case, then increase i, the current number of iterations by 1, and repeat steps 4 and 5, 
and check for step 6 again. 

8.​ If it is not the case, then check for the number of clusters being less than the max number of 
clusters we wish to test for being 10. 

9.​ If it is the case, increase the number of clusters by 1, and repeat steps 3-6. 
10.​ If it is not the case, then we must choose the cluster that has the maximum dunn index(i.e best 

clusters) 
11.​ Remove the items from the bottom left most cluster. This is done because it is assumed to be 

the worst cluster. 
12.​ Choose and create a candidate set by the list of distinct items in the transaction list 
13.​ Check if this new candidate list is empty. 
14.​ If it is not, then remove the candidates that do not meet the minimum support. 
15.​ And generate new candidates from the previous list with an additional candidate and check if 

the new list is empty. 
16.​ If the current list is empty, then return all candidates that contains at least 2 items 
17.​ End 

This explains the steps and how the flow of the program works as visualized by the activity diagram. 
Steps 2-9 is the K-Means algorithm portion while steps 12-16 is the Apriori algorithm portion. Steps 
10 and 11 are used to gain the best K-Means result and remove the worst cluster in that run, which 
will then be used for Apriori. The reason why at the end we return the candidates with at least 2 items 
is because it would be depicted as a transaction, and we wish to generate association rules based on 
the multiple items in the transaction to find the connection.  

4.3. Component Diagram 
 

The component diagram (figure 9) provides a high level system structure overview. It 
showcases the primary components of the system and their interconnections which highlights 
the modular nature.  
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Figure 9. Component Diagram 

This is a simple diagram that features the interactions happening with each component. Each 
component is listed with the methods that they are implemented with. 

-​ From the start, the MainComponent initializes and interacts with all the other components 
(with the exception of File I/O). 

-​ Apriori, KMeans, and DataProcessing have their own respective methods used for 
implementation. 

-​ The Main component initializes the Apriori, KMeans and DataProcessing components. 
-​ The DataProcessing depends on File I/O to retrieve and write data. 
-​ It is then brought towards the KMeans algorithm to process and set the data ready to run and 

gain results.  
-​ It is then branched to the GUI component to where the several KMeans runs and clusters will 

be displayed, to get a visualization of the clusters, to then get the best result and cluster based 
on the elbow method.  

-​ After the KMeans is done, it is then carried to the Apriori component where it is highly 
dependent. 

-​ After the Apriori is done, then it goes to File I/O where it will write the data into another file 
that contains the association rules and transaction list. 

This is a more definitive view on how the various components are interacting with one another. 

5. Implementation 
Implementing both the K-Means clustering algorithm as well as the Apriori algorithm was 
carried out using Java. The goal for this project and research was to create a more effective 
version of the K-Means algorithm and Apriori algorithm to implement beside Market Basket 



20 

Analysis. Although Python contains libraries such as pandas and scikit- learn to implement 
machine learning techniques and algorithms, we needed to create the implementation from 
scratch so language was based on comfortability. For overcomplicated algorithms and 
programs, Java was more reasonable as it was faster than Python in terms of execution speed, 
performance capability and is very scalable when dealing with large datasets. In this section, 
there will be an in depth detail on the 3 main steps of implementing our algorithm: 
preprocessing, K-Means algorithm, and Apriori algorithm. 

5.1. Preprocessing 

Preprocessing the datasets was a vital part of our implementation so we can process each data 
header and information as shown in the datasets used in testing, and then can further go from 
there without experiencing issues. Table 1 displays what a transaction looked like for 1 
customer where each row represents a transaction record, with each column representing a 
different transaction attribute. This data is a part of one of the original datasets used for this 
implementation. Refer to Appendix B for insight to the dataset. 

 

Number Date Custome
r_ID 

Transaction_I
D 

SKU
_Cat
egor
y 

SKU Quantity Sales_Amou
nt 

1 2/1/2016 2547 1 X52 0EM7L 
 

1 3.13 
 

2 2/1/2016 822 2 2ML 
 

68BRQ 
 

1 5.46 
 

3 2/1/2016 3686 3 0H2 
 

CZUZX 
 

1 6.35 
 

4 2/1/2016 3719 4 0H2 
 

549KK 
 

1 5.59 
 

5 2/1/2016 9200 5 0H2 
 

K8EHH 
 

1 6.88 
 

6 2/1/2016 5010 6 JPI 
 

GVBRC 
 

1 10.77 
 

7 2/1/2016 1666 7 XG4 
 

AHAE7 
 

1 3.65 
 

8 2/1/2016 1666 7 FEW 
 

AHZNS 
 

1 8.21 
 

9 2/1/2016 1253 8 0H2 
 

9STQJ 
 

1 8.25 
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10 2/1/2016 5541 9 N5F 
 

7IE9S 
 

1 8.18 
 

11 2/1/2016 5541 9 H8O 
 

M15RG 
 

1 6.35 
 

12 2/1/2016 7548 10 N8U 
 

UNJKW 
 

1 2.11 
 

13 2/1/2016 7548 10 JR5 
 

KWDJZ 
 

1 5.38 
 

14 2/1/2016 6865 11 I4Y 8ETY5 
 

1 8.04 
 

15 2/1/2016 6044 12 N8U EMJ1S 
 

1 3.62 
 

16 2/1/2016 6044 12 X52 
 

CRK31 1 3.96 

 

Table 1. Example of Itemset 1 

After the dataset has been preprocessed with the respectful headers as indicated in the first 
row of the dataset, we then create the data used for the K-Means algorithm. 

5.2. K-Means Algorithm 

The K-Means algorithm is the important aspect of the implementation as this is where the 
data is processed into to deliver our results for connections in Market Basket Analysis. To run 
and implement the K-Means algorithm, we must first prepare the data information. This is 
how our method that we are using transforms raw transaction data into a format for K-Means: 

1.​ Take several parameters including the array for transaction numbers, data, and indices 
for the specific columns or data headers in the data array. The information is 
aggregated based on transaction numbers 

2.​ For each transaction in the inputted data, check if the main K-Means data array 
contains the transaction number. 

3.​ If it does contain the transaction number, update the existing entry with the quantity 
and price for the respective fields (2 headers from the preprocessed data). Then the 
average price of the items bought alongside the current item will be calculated. 

4.​ If it does not contain the transaction number, then create a new entry in the K-Means 
data array containing the fields: transaction number, item count, total price, total 
quantity (4 headers from the processed data) 

5.​ After all the data has been processed, the average price per item and the average price 
of all items bought alongside is calculated for each transaction. 
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This will result in an array that is suited for clustering using the K-Means algorithm where 
each entry represents a unique transaction with aggregated information about the items 
purchased and their prices. 

Implementing and running the K-Means to obtain the results require multiple runs as the 
main focus are the clusters. Running the K-Means with one number of clusters can have 
significantly varying results from running the K-Means with another number of clusters, 
higher or lower. To determine the best cluster ranges, the K-Means algorithm is run from 2 to 
9 clusters to which the inertia is calculated for each set of clusters. The elbow method is then 
employed to situate the different results on a graph to determine the most ideal number of 
clusters needed for the K-Means algorithm. The code snippet below shows the 
implementation of the K-Mean algorithm. 

public static void algo (int c [][][],int numofClusters, double values[][], int numofPoints, int 
nearestCentroidopt[][],  double interClusterDistance[], int r, boolean dunn, int dimensions, double 
minInertia[]){​
​ int nearestCentroid[]=new int[numofPoints];​
      for(int p=0;p<r;p++){​
​ ​ double [][] centroids = new double [numofClusters][dimensions];​
​ ​ selectRandomCentroids(centroids,numofClusters,dimensions,values,numofPoints);​
​ ​ double distance[]= new double [numofClusters];​
​ ​ int distanceCount[]= new int [numofClusters];​
​ ​ long inertia=0;​
​ ​ double centroid[][][]= new double[numofClusters][1000][dimensions];​
​ ​ boolean isdone=false;​
​ ​ int q=0;​
​ ​ ​ ​
​ ​ while(isdone==false && q<1000){​
​ ​ ​ inertia=assignPointsToNearestCentroid( inertia,  numofClusters, numofPoints, 
dimensions, nearestCentroid, centroids,values);​
​ ​ ​ computeNewCentroids(numofClusters, dimensions, numofPoints, 
nearestCentroid, values, centroids);​
​ ​ ​ ​ ​ ​ ​
​ ​ ​ for (int j=0;j<numofClusters;j++)​
​ ​ ​ {​ ​
                        for (int k=0;k<dimensions;k++) ​
​ ​ ​ ​ ​ ​ centroid[j][q][k]=centroids[j][k];​
​ ​ ​ }​
​ ​ ​ isdone=stopKMeans(q,centroid,numofClusters, dimensions);​
​ ​ ​ q++;​
​ ​ }​
​ ​ if(minInertia[numofClusters]>inertia||p==0)​
​ ​ ​ minInertia[numofClusters]=inertia;​
​ ​ for (int i=0;i<numofPoints;i++)​
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​ ​ ​ c[numofClusters][p][i]=nearestCentroid[i];​
​ }​
} 

 

This implementation works in the following steps: 

1.​ Randomly select initial centroids to be used for the clusters 
2.​ For each point, find the nearest centroid for each point and respectfully assign the 

point to the cluster 
3.​ Next, update the centroids in each cluster to be the mean of the points in each cluster 
4.​ Repeat the previous 2 steps until there is no significant change for the centroids 

between iterations or a maximum number of iterations have been reached 

After the algorithm finishes or the maximum number of iterations have been reached, the 
final centroids and assignments of points to clusters are stored as a result. This algorithm is 
run several times from 2 clusters to 9 clusters. After every run has been completed the 
implementation uses the Dunn index as a means to select the result with the highest dunn 
value (Refer to Appendix A to understand more about the code). This means after the 
K-means algorithm has been run on the different cluster number ranges with the result stored, 
determined by the Dunn index there will be one result with the best clustering. Refer to 
Appendix A for better understanding of the implementation of the Dunn index. 

5.3. Apriori Algorithm 

Taking our best cluster result, there will be multiple clusters with data points, with each point 
having a low inertia (low distance to the centroid). With the points within the cluster being 
more compacted as they are closer to the centroid means the Apriori algorithm can be 
implemented for a more focused analysis to discover the frequent itemsets and association 
rules. This way, we can use our support metric to decide whether certain clusters should be 
kept or not due to the points within each cluster having similar characteristics or in this case, 
support value. Below is the code snippet for how the Apriori implementation is done. 

public Map<Set<String>, Integer> apriori(Set<Set<String>> transactions, int minSup) {​
        Map<Set<String>, Integer> freqItems = new HashMap<>();​
        Map<Set<String>, Integer> minusOne = frequentItemsets(transactions, minSup);​
        freqItems.putAll(minusOne);​
        for (int k = 2; !minusOne.isEmpty(); k++) {​
            Set<Set<String>> ck = generateCandidates(minusOne.keySet(), k);​
            Set<Set<String>> freqCands = pruning(ck, minusOne.keySet());​
            Map<Set<String>, Integer> lk = getAboveMinSup(freqCands, transactions, 
minSup);​
            freqItems.putAll(lk);​
            minusOne = lk;​
        }​
        return freqItems;​



24 

    } 

 

This implementation works in the following way:  

1.​ A set of transactions is taken as the input where each transaction is a set of items. 
2.​ The frequent itemsets are found by the method identifying the itemsets that occur 

frequently in the transaction if there appears a minimum number of transactions 
specified by the minimum support value. 

3.​ Candidate itemsets of size k based on itemsets found in the previous itemsets. 
4.​ The candidate itemsets are then pruned to remove any infrequent subset. 
5.​ Determines the frequency of the itemsets by checking for minimum support value.  
6.​ These are new frequent itemsets found, so this adds to the total frequent itemsets 

found. 
7.​ Steps 3 to 6 are repeated until no new itemsets can be found. 

The pruning step is a vital part of the Apriori algorithm as this is how the algorithm can 
deduce itemsets that are important or not important to keep based on frequency. Below is the 
code snippet for the pruning step to check if an itemset is considered frequent. 

public Set<Set<String>> pruning(Set<Set<String>> cK, Set<Set<String>> lk1) {​
        Set<Set<String>> freq = new HashSet<>();​
        for (Set<String> Cand : cK) {​
            boolean isfreq = true;​
            for (String can : Cand) {​
                Set<String> sub = new HashSet<>(Cand);​
                sub.remove(can);​
                if (!lk1.contains(sub)) {​
                    isfreq = false;​
                    break;​
                }​
            }​
            if (isfreq) freq.add(Cand);​
        }​
        return freq;​
    } 

 

After the Apriori algorithm finishes, what we are expecting is a map of frequent itemsets with 
their support values. From this map, we are able to generate our association rules. With the 
association rules, businesses will be able to understand the relationship between items and 
find the connections they need regarding customer behavior to make better business 
decisions. 
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6. Testing and Evaluation 

In the section we detail the items set used for our experiments. We discuss why we chose it 
and challenges faced with it. We talk about the approaches being compared in our 
experiments and our rationale for our own novel approach. Finally, we detail our experiments 
and provide justification for how they are run. 

We tested our implementation using a dataset sourced from Kaggle, a platform used by over 
17 million people for Artificial Intelligence related discussions, competitions, code and 
dataset sharing and collaboration [17]. The itemset is a database of 32 000 transactions taken 
from an international retail store chain between 2010 and 2016 [18]. It lists every individual 
item contained in each purchase on an individual line. Each line lists a unique transaction 
number pertaining to the purchase that the item on that line was bought in. All items 
belonging to the same purchase are contained in sequential lines This transactional itemset 
was chosen for experimentation as it is an easily accessible real-world database containing 
every item purchased in each transaction as well as their quantities and prices. This allowed 
us to use item revenue as part of our clustering approach and to measure the value of 
association rules generated. A challenge of this dataset is that the item names given were the 
SKU codes. While this did allow us the certainty that no differing items were categorized 
under the same name, it also obscured what connections were actually being made as we do 
not know what any of the items actually are. 

We compared apriori without k-means to our own approaches using k-means based upon 
efficiency and value of rules generated. In order to fairly compare the approaches, our same 
implementation of apriori was used for all of them. We experimented, using the metrics 
provided by Kanhere et al. 's as well as our own. Kanhere et al. ‘s approach clusters all 
distinct items based upon their frequency and price. This was done to remove the bottom 
leftmost cluster which aims to contain the items with the least revenue. Our approach clusters 
all distinct items based upon revenue and revenue of items purchased alongside. This aims to 
capture the total revenue the item generated, not only including its revenue itself, but also the 
revenue of the items that may have been purchased because of this item. The hypothesis of 
this approach is that items are at least partially responsible for the revenue generated by items 
purchased with them. This follows the inherent logic of association rule mining, which is that 
one item commonly being purchased by another means that the sale of one of the items is 
causing the sale of the other. Once again we filtered out the bottom leftmost cluster in an 
attempt to remove the items which generate the least revenue and thus are likely the least 
valuable to the business. 

Some preprocessing was done in the implementation. This was done to allow the program to 
work with any itemset that has the required information. The raw data from the dataset is in a 
CSV file, so it was simple to handle and all was needed was to assign the various columns to 
different columns in an array. Where in the row each needed part of the data was given to the 
function preprocessing the data for the assigning to be done effectively. The next part of the 
preprocessing step was to loop through all the given transactions and list every distinct item 
while adding up several metrics used by the approaches. These metrics are frequency, 
quantity, average price, revenue and revenue of items purchased alongside. This prepared the 
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data to be fed into k means with the item names still attached to the data so that the 
transactions could be processed again afterwards to remove the items to be filtered out. 

We tested and compared the three approaches using the first 2000, 4000, 6000, 8000 and 
10000 lines from the dataset where one line represents one distinct item from each 
transaction. This was done to effectively grant multiple itemsets to test as well as to directly 
compare how the approaches performed given differing amounts of data. We started at 2000 
since less lines being used would result in less than 100 rules being generated which would 
not allow us to properly conduct our experiments. Also, a lower sample size can cause much 
more variation in the data due a small sample size. The upper bound was kept below the full 
dataset in order to minimize the time required to run the experiments as apriori’s execution 
time increases exponentially as the number of lines increases. This also reduced the 
likelihood of any biases making the data unreliable due to only using a specific sample size. 
Any number of clusters between 2 and 10 may be generated depending on the itemset and 
how much of it is used. The number of clusters is determined using the sum of squared 
euclidean distances between each point and their nearest centroid at the termination of 
Lloyd’s algorithm with respect to the number of clusters. The number of clusters where the 
change in slope between the previous and next number of clusters is the greatest is called the 
elbow. The elbow is then compared to the elbow-1 and the elbow+1 using the dunn index 
with the number of clusters with the largest dunn index being chosen. Lloyd’s algorithm was 
run 100 times for each cluster size with only the clustering with the highest sum of squared 
euclidean distances and dunn indices being chosen to get as close to the ideal solution of the 
k-means clustering problem as possible. We used the formula outlined in the methodology 

section (  ) to evaluate the effectiveness of various approaches as well 
𝑗ϵ𝐼
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𝑘
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𝑘
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𝑗
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as execution time in seconds to evaluate their efficiency. Execution time was measured using 
a timer within the program. This allowed us to track the time accurately down to the 
millisecond as well as to deal with an issue with JFrame. JFrame may execute a program any 
number of times sequentially. While we can terminate manually execution after one iteration, 
tracking the execution time of a single iteration necessitates the use of a timer. A separate 
program based upon our value formula was used to calculate the value of the top 100 rules. 
This program calculated the value of each item based upon the entire dataset even when only 
part of it was used in the calculations. This allowed our experiments to evaluate the necessity 
of using the entire database with this method compared to using a subsection of it which may 
contain all the data needed and further reduce computation time. However, due to sample size 
constraints this is an area which requires further research beyond the scope of this paper. 

7. Results 
In the section, we discuss the experimental results, comparing the baseline to both of our 
approaches. We first outlined the approaches before comparing the execution time and 
providing theories, which explain the results. We then do the same with the values generated. 
Finally, we discuss the meaning of the results, and what we believe they mean for the future 
of this approach. 
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In our experiments, we compare the baseline approach using only apriori with approaches 
augmented with k means. The first of these approaches clusters data based upon frequency 
and average price, and attempts to cluster data into different categories of revenue as 
proposed by Kahere et al. The second approach is our novel approach which clusters based 
upon revenue generated and revenue generated by other items in the same purchases in order 
to try to remove data which is least valuable to the business. Both methods remove the 
bottom left most cluster, which is seen as the least valuable as it has the lowest values in its 
dimensions. Figures 10 and 11 outline the execution time and maximum possible value 
generated with respect to the lines used for each approach. 

 

Figure 10. Execution time for each approach 
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Figure 11. Maximum values generated for top 100 rules 

Expectedly approach 2 had a much lower execution time than the baseline approach without 
k-means, which has its time complexity, increasing exponentially as the size of the itemset 
grew compared to approach 2 which had a much lower increase relative to the size of the 
itemset. Surprisingly, however, approach one had an extremely variable time complexity. For 
the 20,000 40,000 and 60,000 input sizes approach 2 had an extremely similar execution time 
to approach 1. When reaching 80,000, approach 1’s execution time increased dramatically, 
surpassing that of the baseline. At 10,000 it decreased, dropping below the baseline but still 
much higher than approach 1. The likely explanation for this is fairly simple. The amount of 
data being clustered out by the clustering part of approach one is likely extremely variable. 
This is likely due to the Dunn index approach, which may find there to be  as many as nine 
clusters with more clusters, likely leading to less data being in each cluster. Consequently, 
less data is in the bottom left cluster being filtered out, and thus more is being sent to Apriori 
which is very computationally expensive. This can even cause this approach to take longer 
than the baseline, since it also has to do calculations for the K means even if no data is 
clustered out. As for why this issue doesn’t affect approach 1, it is likely because of the 
dimensions chosen, that the data is distributed in a way that will lead to lots of data always 
being in the bottom left most cluster either through the data being dense in that area or being 
distinctly in general leading to a fixed number of clusters. 

Our hypothesis leading into this experiment was that the value generated by approach 2 
would exceed the other methods. While approach 2 on average is marginally better 
performing, all algorithms perform approximately the same. The most surprising part, 
however, is that the results are consistent across all input sizes. This means that roughly the 
same value is generated from the transaction rules given only a 20,000 input size as is from a 
100,000 input size. Explanation for this could be that even though the rules generated in the 
top 100 mostly changed, the new rules do not tend to actually have any more value as the 
input size increases. This could be because besides the top few rules, which are very valuable. 
There are a lot of rules with very similar values. Much more research needs to be done into 
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this phenomenon particularly with other itemsets and top X metrics to see if this holds 
consistently true. The reasoning for variation could be due to the occasional presence of three 
item rules, which inflate value since the value formula sums over all three items, instead of 
just two of them, which can lead to large increases in the overall value. The missing data for 
some of approach one is due to less than 100 rules being generated in those cases, this is 
another issue with approach 1 that is not seen by approach 2. 

Overall, our novel proposed approach vastly outperforms the baseline in terms of execution 
while also marginally exceeding it in terms of value generated across all input sizes on our 
sample itemset. Compared to the previously proposed dimensions, but by Kanhere et al. Our 
approach is much more consistent and reliable while maintaining the same best results. Our 
approach yields promising returns as being a potential future method used in place of the 
current base line, to lower computational expense to a manageable level for associational 
mining on large scale itemsets, while not losing any of the quality of results. More research 
and experiments will need to be conducted on different itemsets before the true usefulness of 
this approach is deciphered. 

8. Conclusion 
In this paper, we present an approach to improve the efficiency and effectiveness of Market 
Basket Analysis for large datasets through the implementation of K-Means Clustering for 
Association Rule Mining. Our novel approach is using K-Means Clustering to process the 
raw data of an itemset into clusters based upon revenue and revenue of items purchased 
alongside. We then apply the Apriori Algorithm to filter out any low value itemsets clusters 
to generate the Association Rules needed to uncover connections between items in 
customers’ transactions. Our approach has proven very effective through much better 
efficiency while also improving value generated by top rules compared to the baseline and 
previous methods across various input sizes.  

8.1. Key Findings 

Our findings from our testing suggests that implementing the K-Means clustering reduced the 
computational load for the Apriori algorithm association rule mining. By segmenting the 
transactional data into clusters into clusters and filtering out the less meaningful or significant 
clusters, a more manageable dataset has been created without compromising the integrity and 
usefulness of the final association rules generated by the implemented Apriori algorithm.  

Since this algorithm is a non-deterministic problem, there is no one single outcome or 
solution for an input. This was proven by the K-Means algorithm generating different results 
based on different numbers of clusters. Furthermore, the result when executing the K-Means 
algorithm for one number of clusters varied as the clusters could either have high or low 
inertia depending on the dataset given and the number of centroid presented as it can have a 
random amount per iteration, meaning the generated association rules could vary as a result. 
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8.2. Contributions 

This project contributes to data mining to provide a scalable solution particularly for large 
companies with large volumes of transactional data. Integrating clustering techniques with 
Market Basket Analysis has overcome the limitations foreseen by Association Rule Mining 
and similar algorithms such as costs and efficiency.  

Two approaches were used when testing the implementation with K-Means and Apriori, 
focusing on 2 different criteria; frequency and price, and revenue generated. With several 
different tests and runs, it was concluded that the second approach that handles and focuses 
on revenue is more promising than the first approach that deals with the frequency and price 
of  items. During observation, the second approach has a much more consistent reduced 
execution time by a drastic margin and attains slightly better results produced without 
optimizing K-Means clustering. This would conclude that even without K-Means clustering 
optimization, the approach still kept the results intact while also reducing time when 
analyzing the data which makes it a more promising solution. 

8.3. Future Work 

For the future, there can be several potential improvements that can be made to boost the 
effectiveness of our approach for Market Basket Analysis integration. Testing on varieties of 
datasets that includes larger transactional data to showcase and validate the effectiveness and 
performance of the approach across multiple domains and datasets. While K-Means 
clustering has proven to be an effective approach to cluster the data into useful and insightful 
groups of data, it will be good to explore and experiment forms of clustering algorithms and 
methodologies such as mean shift clustering and hierarchical clustering among others. The 
result and outcome could also be influenced by varying the parameters in the K-Means 
clustering as well as experimenting with different metrics for the possibility of a more refined 
outcome and association rules that are better suited for the dataset. 

In the end, our proposed approach has proven to generate better value and much better 
efficiency compared to previous methods. More research should be done into our value 
function and its validity as well as ensuring the practical usefulness in different use cases and 
business contexts. Of course, being a new area of research, there are still many improvements 
that could be made to achieve even greater results. 
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Appendices 

Appendix A 
The code below demonstrates how the K-Means algorithm is run for each number of clusters 
between 2 and 10 (inclusive). 

for (int numofClusters=2; numofClusters<10;numofClusters++)​
​ ​ {​
​ ​ ​ double[] interClusterDistance= new double [100];​
​ ​ ​ algo (c,numofClusters, values,  numofPoints, nearestCentroidopt,  
interClusterDistance,r,false,dimensions,inertia);​ ​
​ ​ ​ int mindis=0;​
​ ​ ​ for (int y=1;y<100;y++)​
​ ​ ​ {​
​ ​ ​ ​ if(interClusterDistance[y]<interClusterDistance[mindis])​
​ ​ ​ ​ mindis=y;​
​ ​ ​ }​
​ ​ ​ System.out.println("Number of clusters: "+numofClusters +"  
Inertia: "+inertia[numofClusters]);​
​ ​ } 

 

The code calls and executes the K-Means algorithm with the current number of clusters and 
calculates the inertia. This is done until convergence has reached and the maximum number 
of iterations have been reached 

The code below shows how the Dunn index is calculated for the results and how the best one 
is selected. 

int elbow=3;​
​ ​ for (int i=4;i<15;i++)​
​ ​ {​
​ ​ ​
if((inertia[i]-inertia[i-1])/(inertia[i+1]-inertia[i])>(inertia[elbow]-inertia[elbow-1])/(inertia[
elbow+1]-inertia[elbow]))​
​ ​ ​ elbow=i;​
​ ​ }​
​ ​ System.out.println("elbow: "+elbow);​
​
​ ​ double maxDunn[]=new double[3];​
​ ​ ​
​ ​ for (int j=elbow-1;j<elbow+2;j++)​
​ ​ {​
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​ ​ ​ for(int i=0;i<r;i++)​
​ ​ ​ {​
​ ​ ​ ​ double 
dunn=findDunnIndex(c[j][i],values,dimensions,numofPoints,j);​
​ ​ ​ ​ //System.out.println(j+ ":::"+dunn);​
​ ​ ​ ​ if(dunn>maxDunn[j-elbow+1])​
​ ​ ​ ​ {​
​ ​ ​ ​ ​ maxDunn[j-elbow+1]=dunn;​
​ ​ ​ ​ ​ ​ for(int k=0;k<numofPoints;k++)​
​ ​ ​ ​ ​ ​ {​
​ ​ ​ ​ ​ ​ ​ nearestCentroidopt[j][k]=c[j][i][k];​
​ ​ ​ ​ ​ ​ }​
​ ​ ​ ​ }​
​ ​ ​ }​
​ ​ }​
​ ​ ​ ​
​ ​ int bestnumofClusters=elbow-1;​
​ ​ System.out.println(elbow-1 + " " +maxDunn[0]);​
​ ​ for(int i=elbow;i<elbow+2;i++)​
​ ​ {​
​ ​ ​ System.out.println(i + " " +maxDunn[i-elbow+1]);​
​ ​ ​ if(maxDunn[i-elbow+1]>maxDunn[bestnumofClusters-elbow+1])​
​ ​ ​ ​ bestnumofClusters=i;​
​ ​ }​
​ ​ elbow=bestnumofClusters; 

 

The elbow is set to 3, which states this is the elbow on the graph, and the result close to or 
next to this elbow is chosen at the best. We check the inertia of each result and find the dunn 
index respectively. The program tracks what result currently has the best dunn index value 
and the nearest centroid is updated as well. When the best dunn index has been found, then 
that will also be our best number of clusters needed as run by the K-Means, so the elbow or 
our best choice is the number of clusters obtained from the best result. 

The code below is an implementation of the Dunn index. 

public static double findDunnIndex(int nearestCentroid[],double values[][],int 
dimensions,int numofPoints,int numofClusters)​
{​
​ double maxInterClusterDistance=0;​
​ double minIntraClusterDistance=0;​
​ double dunnIndex=0;​
​ double distance[]=new double [numofClusters];​
​ double distanceCount[]=new double [numofClusters];​
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​ double raDistance[][]=new double [numofClusters][numofClusters];​
​ double raDistanceCount[][]=new double [numofClusters][numofClusters];​
​ for (int i=0;i<numofPoints-1;i++)​
​ {​
​ ​ for (int j=i+1;j<numofPoints;j++)​
​ ​ {​
​ ​ ​ double apart=0;​
​ ​ ​ for (int k=0;k<dimensions;k++)​
​ ​ ​ ​ apart+=(values[i][k]-values[j][k])*(values[i][k]-values[j][k]);​
​ ​ ​ if(nearestCentroid[i]==nearestCentroid[j])​
​ ​ ​ {​
​ ​ ​ ​ distance[nearestCentroid[i]]+=Math.sqrt(apart);​
​ ​ ​ ​ distanceCount[nearestCentroid[i]]++;​
​ ​ ​ }​
​ ​ ​ else​
​ ​ ​ {​
​ ​ ​ ​
raDistance[nearestCentroid[i]][nearestCentroid[j]]+=Math.sqrt(apart);​
​ ​ ​ ​ raDistanceCount[nearestCentroid[i]][nearestCentroid[j]]++;​
​ ​ ​ }​
​ ​ ​ ​ ​
​ ​ }​
​ }​
​ ​
​ minIntraClusterDistance=(distance[0]/distanceCount[0]);​
​ maxInterClusterDistance=(raDistance[0][1]/raDistanceCount[0][1]);​
​ for (int i=1;i<numofClusters;i++)​
​ {​
​ ​ if (distance[i]/distanceCount[i]>minIntraClusterDistance)​
​ ​ ​ minIntraClusterDistance=(distance[i]/distanceCount[i]);​
​ ​ for (int j=i+1;j<numofClusters;j++)​
​ ​ {​
​ ​ ​ if(raDistance[i][j]/raDistanceCount[i][j]<maxInterClusterDistance)​
​ ​ ​ ​
maxInterClusterDistance=(raDistance[i][j]/raDistanceCount[i][j]);​
​ ​ }​
​ }​
​ ​
​ //System.out.println(numofClusters+": "+maxIntraClusterDistance+": 
"+minInterClusterDistance);​
​ ​
​ dunnIndex =maxInterClusterDistance/minIntraClusterDistance;​
​ return dunnIndex;​
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​
} 

 
This is how the dunn index is found to gain the best result. The Dunn index is a metric to 
evaluate the quality of a cluster. It is defined as the smallest distance between observations in 
different clusters and largest intra cluster distance. Formally it is calculated as the inter cluster 
distance divided by the intracluster distance. 
 
The method iterates through each pair of points and calculates the euclidean distance. If the 
points belong to the same cluster, the points are added to the distance array. If the points do 
not belong to the same cluster, they are added to the raDistance array. After iteration, the 
average distance between the points in the same cluster and the average distance between 
points in different clusters are calculated. The minimum intra-cluster and maximum 
inter-cluster distances are then found. 

Appendix B 
Below is the dataset used for this project and research, with the starting data to the end data 
records. 
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This dataset has approximately 131,706 transactions, with appropriate headers and columns 
used for the Market Basket Analysis data mining integration. 
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