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Abstract 
 
Understanding consumer buying behavior is compulsory in business. By understanding the purchasing behavior, a 
supermarket can effectively make decisions regarding many things, such as the placement of goods or carry out 
appropriate promotional activities. One of affected the consumer purchasing pattern is budget, the amount of the 
budget is undoubtedly related to the income of the consumer. This study aims to reveal changes in consumer 
purchasing patterns in three periods in one month, namely the first ten days in a month, the second 10 days, and the 
last ten days in a month. Thus, to answer these objectives, data mining is used with the Association Rules technique. 
The CRISP-DM method is used as a guide in the steps towards the data mining process. The results indicate that 
consumer purchase patterns are different in all three periods in one month. In the first ten days of the month, the 
association between instant noodles and chicken eggs is quite complicated. In the second 10 days, a new association 
appeared, namely cooking oil and broiler chicken, and on the third 10 days, only one association rule appeared. This 
study also provides a snapshot of another possibility related to the use of association rules. 
 
Keywords  
Market basket analysis, FP Growth, Transaction data, Association rule 
 
1. Introduction 
In recent times, the high quality of information available through internet technology has opened up the opportunity 
to develop and implement specific parts of management information systems, including fast development of 
methodologies such as data mining, data warehouse, and business analytics. Data mining involved in implementing 
a wide range of different methods of statistical and engineering to recognize unseen interaction from vast amounts of 
data. Using data mining techniques, it creates models that can assist in decision making. Data mining can reveal the 
patterns of a dataset that can be used to understand consumer behavior. Then used as decision-making as Kotler and 
Armstrong (2010) stressed that marketing information might be used to generate understanding from clients to make 
more robust marketing choices. 
 
Data mining can be combined with other applications such as CRM to produce benefits for the company. Rygielski 
et al. (2002) considered Customer Relationship Management (CRM) and Data Mining combination as an essential 
resource for securing substantial competitive benefits in recognizing profitable consumers, predicting future 
behavior as well as encouraging businesses to take strategic, knowledge-based decisions. 
 
Decision making and recognizing consumer behavior are important and difficult problems for companies to retain 
their competitiveness in the market. Technological advancement also enables businesses to address the customer 
needs better and wants. Data mining methods, perhaps the most promising method for analyzing large amounts of 
data, take to facilitate effectiveness in decision making. Data mining technology can be used effectively to identify 
trends and to automate the complex behavior of customer purchases for the purchasing of particular goods (Vahidi 
Roodpishi & Aghajan Nashtaei, 2015). 
 
Recognizing consumer behavior is essential because, in this situation, marketers must understand what motivates 
consumer purchasing decisions. By understanding how individuals decide on a product, marketers could perhaps 
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enclose the gaps in the market and recognize the goods that are needed as well as the outdated goods. To recognize 
the behavior of customers, marketers must create a superior customer experience to stimulate and attract buyers. 
Much research has shown that creating customer experience can influence customer decision-making and can be a 
competitive advantage for the company (Schmitt, 2010). In the retail business, understanding of consumer 
purchasing patterns is fundamental. Understanding the behavior patterns of consumers can be the basis in various 
decision making such as the placement of goods, services, promotional activities. Good retailers must have a 
package of personalized services that satisfies and is appropriate for consumers to be active and succeed in gaining a 
competitive advantage (Ha et al., 2002).  
 
Many factors affect consumer purchasing patterns, one of which, and perhaps the most influential is the budget 
owned by these consumers. Before making a purchase decision, customers will take their budget into account. 
Buyers go shopping as feasible and anticipate service, perhaps in the strangest times. It is the responsibility of the 
company to satisfy such needs by recognizing a purchase pattern and matching its service with the purchase time 
and frequency. (Radu,2019). To help marketers understand the consumer purchasing patterns behavior, we can use 
sensory marketing that consists of five senses which play roles to build the customer experience such as sound, taste, 
scent, touch, and sight (Hultén et al., 2009).  
 
The budget that is owned by consumers is very likely influenced by income. Income is usually obtained at the 
beginning of the month and slowly decreases at the end of the month. So there is a possibility that consumers' 
shopping patterns can change along with the current day of the month. Based on this, we can divide in one month 
into three parts, namely the first ten days, the second 10 days, and the last ten days in a month, to see if there is a 
change in shopping patterns from consumers.  
 
1.1 Objectives  
The purpose of this study is to reveal the shopping patterns of consumers in retail business in three terms in one 
month. It is hoped that this research will contribute to decision making related to a similar industry. For this purpose, 
market basket analysis using association rules is one of the most popular methods. 
 
2. Literature Review  
In this study, a market basket analysis using the association rules will be conducted. Because in the retail market, 
most of the sales are made on compulsion. Market basket analysis provides insight as to what a consumer would 
have purchased if they had the idea. Market Basket Analysis (MBA) can indeed be used as an initial phase in 
determining the location and advertising of products within a retailer (Ünvan, 2020). Market Basket Analysis 
(MBA) is a collection of statistical association formulas that enables marketers to have better understand and, 
necessarily, meet the needs of customers through a focus on retail buying behavior. The MBA indicates what types 
of items most often appear together within transactions. 
 
The association rule approach is often used to perform a market basket analysis. Association rules are a data mining 
tool for exploring behaviors of frequent itemsets, such as goods in a retailer that are frequently purchased at about 
the same moment by a consumer. Association rules are chosen based on its ability to identify hidden patterns among 
significant numbers of data, primarily from transactional databases (Liao & Chang, 2016).  
 
The basic algorithm used for the association rules is the apriori algorithm developed by Agrawal and Srikant (1994). 
This algorithm works by scanning dataset, examines every possible rule, and afterward maintains only such rules 
which have Support and Confidence higher than the predetermined lowest value as the interesting ones. The apriori 
algorithm for constructing association rules for transactional data comprises of the two following steps. First is 
discovering all frequent itemsets in a transactional database that meet the requirements support, and second is 
generating association rules for frequent items that meet the minimum Confidence.  
  
Another algorithm for association rules is FP-growth. It is a well-known popular mining algorithm. It scans the 
database just twice and discovers all standard frequent itemsets efficiently, especially in comparison to the Apriori 
algorithm. FP-growth has three strengths. First, FP-growth condenses the entire database into a relatively small data 
structure (FP-tree), leading with only two times scanning the database. Second, it builds up a frequent pattern-
growth formula to avoid generating enormous candidate itemsets. Third, it produces the detail layers tree to explore 
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frequent itemsets, reducing computational complexity. Based on the experimental results, FP-growth is quicker than 
the Apriori algorithm and several methods of frequent mining items (Lin et al., 2011).  
 
According to Chauhan (2019), Support is for the standard popularity of a product. The Support for item A in 
scientific terms is the ratio of transactions containing A to the total transaction number. 
 

𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆 (𝐴𝐴) =  
(𝑇𝑇𝑆𝑆𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑆𝑆𝑇𝑇𝑆𝑆𝑇𝑇𝑇𝑇 𝑇𝑇𝑇𝑇𝑖𝑖𝑆𝑆𝑖𝑖𝑖𝑖𝑇𝑇𝑇𝑇𝑖𝑖 𝐴𝐴)

(𝑇𝑇𝑆𝑆𝑆𝑆𝑇𝑇𝑖𝑖 𝑆𝑆𝑆𝑆𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑆𝑆𝑇𝑇𝑆𝑆𝑇𝑇)
 

 
The closer of Support value to one, the better. It is mean that the item is frequently appear in the transaction. As 
Confidence, which is the likelihood that consumers bought both item A and item B. The total of transactions 
involving item A and item B is distributed by the number of transactions involving item B. 
 

𝐶𝐶𝑆𝑆𝑇𝑇𝐶𝐶𝑇𝑇𝐶𝐶𝐶𝐶𝑇𝑇𝑇𝑇𝐶𝐶 (𝐴𝐴 ⇒ 𝐵𝐵) =
(𝑇𝑇𝑆𝑆𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑆𝑆𝑇𝑇𝑆𝑆𝑇𝑇𝑇𝑇 𝑇𝑇𝑇𝑇𝑖𝑖𝑆𝑆𝑖𝑖𝑖𝑖𝑇𝑇𝑇𝑇𝑖𝑖 𝑏𝑏𝑆𝑆𝑆𝑆ℎ 𝐴𝐴 𝑇𝑇𝑇𝑇𝐶𝐶 𝐵𝐵)

(𝑇𝑇𝑆𝑆𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑆𝑆𝑇𝑇𝑆𝑆𝑇𝑇𝑇𝑇 𝑇𝑇𝑇𝑇𝑖𝑖𝑆𝑆𝑖𝑖𝑖𝑖𝑇𝑇𝑇𝑇𝑖𝑖 𝑆𝑆𝑇𝑇𝑖𝑖𝑜𝑜 𝐴𝐴)
 

 
So, the likelihood a consumer purchase both item A and item B together is the Lift value times higher than a 
possibility when buying alone. 

o Lift (A => B) = 1 means that there is no correlation within the itemset. 
o Lift (A => B) > 1 means that there is a positive correlation within the itemset, i.e., products in the itemset, 

A, and B, are more likely to be bought together. 
o Lift (A => B) < 1 means that there is a negative correlation within the itemset, i.e., products in itemset, A, 

and B, are unlikely to be bought together. 
 
Association rule-based algorithms are described as a two-step approach; the first step is Frequent Itemset creation, 
which includes all frequent Items as given in the minimum Support registered. The second step is creating the rule 
according to minimum of confidence level. 
 
From the literature that can be studied, generally, the data used in Association Rule is transaction data. Like the 
research conducted by Setiabudi et al. (2011), the market basket analysis methodology has been applied in the X 
minimarkets. A search for the Apriori algorithm frequents items that regularly appear in the archive and pairs of 
items in a single transaction. Frequently chosen items should include a pair of items that surpass the minimum 
support. Frequent products, after processing, exceeding the required support yield association rules. The findings of 
the tests indicate that the framework will collect details about what kinds of products consumers often buy at the 
same time, in compliance with the Association rules about hybrid measurements.  
 
Susac and Has (2015) tries to evaluate objective measures like Support, Confidence, and Lift with a subjective 
method based on the assortment of human intelligence to recover exciting rules from a dataset acquired from a big 
Croatian retail store. The categorized rules of association were used to enhance extraction rule efficiency. Ozc¸alıcı 
(2017) Genetic algorithm is utilized to select the critical components. 252645 advertisements are evaluated for this 
objective. There are 139 added features for each advertisement promotion. Different models are analyzed using 5, 
10, 15, and 20 components of genetic algorithms. The highest execution projection for the off-sample 
experimentation is 65.67 percent. Kurniawan (2018) estimate transaction data purchasers shopping basket on the 
transaction data of Business Centre (BC) UIN Malang store. The result shows that the Confidence value median of 
46.69% from the Support percentage of 1.78% and the generated rules are 30 rules.  
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3. Methods  
To increase the rate of success in developing data mining tasks, scientists and experts have put in place a range of 
methodologies (workflows or simple, stage-by-stage procedures). The Cross-Industry Standard Data Mining Process 
(CRISP-DM) was developed by a European group of companies in the early nineties as an appropriate data mining 
process (Sharda et al., 2018). Even though members in the development of CRISP-DM were interested in particular 
hardware and software, the methodology was proposed independently of any particular device. It was designed in 
such a way as to be conceptual, one that could be used independently of almost any particular tool or type of data 
(North, 2012). The process consists of six steps or phases: 
 
Phase 1. Business Understanding. A reliable business summary of the research that will be conducted will assist in 
addressing the situation in responding to management's need for new information. In this study, the business that 
was observed was retail that had long been operating in Bandung. One of the biggest supermarkets in Bandung, with 
quite several branches in the city. This supermarket is one of the local supermarkets that must compete with foreign 
supermarkets such as Carrefour. Competitive advantage is significant to be able to survive amid increasingly fierce 
retail competition. 
 
Phase 2. Data Understanding. The primary purpose of data mining is to understand data from multiple reputable 
sources in the sense of corporation recognition. Numerous vital points must be considered throughout the identifying 
and collection step of the data. To fully understand the most necessary details, the researcher must be clear about the 
context of the dataset. The data used in this study is transaction data in January. More than 32,000 transaction data 
consisting of 24 attributes are available for study. The 24 attributes of existing data consist of transaction status, 
transaction date, time, store, PLU, PLU Description, Quantity, Gross, Net, Busdate, Post Number, Transaction 
number, article code, division code, category code, category description, sub-category, class code, class description, 
subclass, subclass description. Of these attributes that will be used in this study is PLU Description, which is a 
description of the items purchased, based on the transaction number. The contraction number will be divided into 
three terms in one month, namely the first ten days, the second 10 days, and the last ten days. 
 
Phase 3. Data Preparation. The data preparation aims to examine the data available for mining and analysis, as 
indicated in the previous section. Available data is organized by items purchased. For example, on January 1, an 
item was sold as many as four items and recorded as transaction number 35131. So that in several lines can have the 
same transaction number but have different items. This situation happens because, in the same transaction number, 
there are many different purchases of goods. The structure of presenting raw data like this becomes a challenge in 
the data preparation step. Transaction number attribute and PLU description are taken then pivot in such a way as to 
produce a new table with items purchased as attributes as shown in Table 1. 
 

Table 1. Example of The Dataset 

 
 
As presented in Table 1, data is arranged based on transaction number, the products purchased by consumers 
become attributes. At first, the number of attributes is vast; given the limited computing resources, only products 
purchased more than 100 products in a month will be used. So that the total number of data is 10.608, and the total 
number of attributes to be processed is 93 attributes, ranging from Baby Pakcoy to local egg. 
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Phase 4. Model Building. The various models generated during the model creation process are also evaluated and 
examined. Despite a thorough understanding of the technical application of data mining, an exploration and 
evaluation approach should be implemented to obtain the "correct" approach in a specific way for some specific 
purpose. In this study, the method used is the association rule. The data processing uses RapidMiner with the FP 
Growth operator. RapidMiner is a data mining program that is quite widely used because users do not have to be 
able to code. RapidMiner uses operator boxes that are connected in such a way as to process data. According to 
RapidMiner documentation, The FP-Growth algorithm is an efficient algorithm for frequently calculating co-
occurring items in a transaction database. FP-tree data structure can be efficiently created, compressing the data so 
much that, in many cases, even large databases will fit into the main memory. As explained previously, association 
rules are then formed and studied. 
 
Phase 5. Testing and Evaluation. The accepted model is verified and reviewed for validity and consistency. This 
stage tests how well and to what extent the proposed model or template suits the objectives and goals. An alternative 
is to test a model that is part of a real-world system if funds and budgets are available. The adaptation of this step to 
the association rule is to look at different measurement results. Generally, what is seen is Support and Confidence, 
but other measurements will also be considered in this study, such as Lifts and other measurements. 
 
The sixth step is deployment will not be discussed in this paper because this step is mostly done by the client, not by 
the researcher. 
 
4. Results and Discussion  
The association rules method in this study uses FP Growth. After the data is imported into RapidMiner, then it is 
called using the Retrieve operator. Furthermore, the Select Attributes operator is used to select which attributes will 
be processed, as shown in Figure 1. 

 
Figure 1. Process in RapidMiner 

 
The Multiply operator is used to distribute data to three paths, as shown in Figure 1. Next, the three example range 
filter operators are used to divide data by date into the first ten days, the second 10 days, and the last ten days. So 
that data can be processed using FP Growth, the data must first be changed to Binominal. Therefore, the Numerical 
to Binominal operator is used so that the form of data is no longer the numbers 1 and 0 but becomes True and False. 
Then each path uses the FP Growth operator with the same parameters. At first, the minimum Support was used as 
the lower limit, but after it was processed, association rules could not appear even though the minimum Confidence 
had been reduced by 50%. Therefore, the minimum support parameter in FP Growth is changed to the frequency 
with a minimum frequency of 100. In the operator association rules, the parameter used in each operator is minimum 
Confidence of 50%. After all, settings are ready; the process in Figure 1 is then run. With a simple method like that, 
we get three results for each term in one month as desired. 
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Table 2. Frequent Itemsets First 10 Days 

 
 
In the first ten days, the frequency can be seen in Table 2, with Support is sorted from biggest to lowest. The table 
shown is only part of the whole table, but we can see that the highest Support is 19.2% for domestic egg items. The 
first product pair to appear in Table 2 is Indomie GR SPC Sauce with Indomie Ayam Bawang. Support value for this 
product pair is 0.053. 

Table 3. Frequent Itemsets 2nd 10 Days 

 
 
In the second 10 days, the frequency can be seen in Table 3. The three items with top Support are still the same, and 
the difference starts to be seen in the next item. While item 2 that first appeared was the same, namely Indomie GR 
SPC Saus (instant noodle) with item 1 being Indomie Ayam Bawang (instant noodle). 
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Table 4. Frequent Itemsets Last 10 Days   

 
 

 
In the last ten days, the frequency can be seen in Table 4. Just as before the three items with top Support are still the 
same, the difference starts to be seen in the next item. While item 2 that first appeared was Indomie Ayam Bawang 
(instant noodle) with item 1 being Indomie GR SPC Sauce (instant noodle), which was slightly different from the 
previous Table 3. 

Table 5. Association Rules First 10 Days 

 
 
After going through the FP Growth operator, the association rules can be formed. Table 5 presents the association 
rules that were formed in the first ten days. The support score obtained for each association rules is quite low, 
ranging from 0.011 to 0.053. Support shows how often relationships between items appear (Agrawal et al., 1993). 
Although Support is often used as an evaluation measurement for association rules, Support has a weakness. This 
measurement is vulnerable to rare item problem. (Rage & Krishna Reddy, 2009). Another measure that can be seen 
is the Lift (Brin et al., 1997)., where if the Lift is more significant than one, then every Y item purchased, then item 
X is also purchased. Unlike Support, Lift is not affected by rare item problems (Hahsler, 2020). However, Lift is 
susceptible to noise in small databases; fortunately, in this study, the data used is quite large (35131 transaction 
data). Conviction measures the implication strength of the rule from statistical independence (Brijs et al., 2003). 
Also, it can be interpreted as the ratio of the expected frequency that the event occurs without the b. Conviction is 
another measure proposed to tackle some of the weaknesses of Confidence and lift. Unlike Lift, Conviction is 
sensitive to rule direction. Like Lift, conviction values far from 1 indicate interesting rules (Azevedo & Jorge, 2007). 
In an association rule framework, Confidence is a standard measure; Confidence ranges from 0 to 1 with the closer 
to 1, the better. 
 

Premises Conclusion Support Confidence Lift Conviction
INDOMIE AYAMSPPCS INDOMIE GR SPC SAUS 0.011874 0.55263158 5.698711 2.018527
TELUR ,A NEGERI TBG, INDOMIE AYAM BAWANG INDOMIE GR SPC SAUS 0.022053 0.54545455 5.624702 1.986655
INDOMIE GR SPC SAUS INDOMIE AYAM BAWANG 0.052587 0.54227405 5.101126 1.952468
SYR BWG PUTIH CURAH TELUR ,A NEGERI TBG 0.011026 0.58208955 3.036653 1.934175
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Therefore, the association rules that were formed in the first ten days are quite good. Support is small, but 
Confidence is sufficient, while Lift and Conviction show that the association formed is quite interesting. It seems 
that the weakness of Support is seen in this study, this might be due to the large number of transactions.  
 

 
Figure 2. FP Tree First 10 Days 

FP Tree in Figure 2 created using the Lift as a minimum criterion and formed four rules. Rule 1 refers to the 
association of Telur Ayam (Chicken Eggs), Indomie GR SPC Saus (instant noodle) with Indomie Ayam Bawang 
(instant noodle). Rule 2 is an association between Indomie GR SPC Saus and Indomie Ayam Bawang, and both are 
instant noodles from the same manufacturer. Rule 3 is Indomie Ayam Bawang, Chicken Egg with Indomie GR SPC 
Saus. Rule 4 is Indomie Ayam SPPCS with Indomie GR SPC Saus. In general, this shows that many consumers 
purchase Indomie variant with the favorite variant is Indomie GR SPC, Indomie Ayam Bawang, and Indomie Ayam 
SPPC, and most of the time, they purchased it along with Chicken Eggs. One of the favorite dishes in Indonesia is 
instant noodles that are cooked with boiled eggs; uniquely, it was also revealed by this association. Perhaps 
association rules can also reveal the favorite dish in a society.  
 
In Table 6, for the second 10 days in the dataset, a high Lift score is there in the Filma Pouch 2000 ml with Ayam 
Broiler Utuh (whole broilers chicken). Overall, the measurements obtained, reveal similar value, including small 
Support score range between 0.012 to 0.045. While the Confidence could reach 62.3% with Conviction, which is 
above one and the Lift score, which is also quite far from 1, this shows that there is an interesting association in the 
data, even though the Support score is low. 

Table 6. Association Rules 2nd 10 Days 
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Figure 3. FP Tree 2nd 10 Days 

 
In Figure 3, using the minimum elevator as a criterion, FP Tree with four rules is obtained. Rule 1 is Indomie Ayam 
Bawang, Telur Ayam with Indomie GR SPC Saus. Rule 2 is Indomie GR SPC Saus with Indomie Ayam Bawang. 
Rule 3 is Indomie GR SPC Saus, Telur Ayam, with Indomie Ayam Bawang. Rule 4 is a Filma Pouch 2000 ml 
(cooking oil) with Ayam Broiler Utuh (whole broiler chicken). There is a difference in the establishment of a rule 
association in the second 10 days, the rule association between instant noodles and chicken eggs persists. However, 
a new association emerges, namely cooking oil with the whole broiler chicken. 
 
The last ten days from the dataset can be seen in Table 7, where there are only one premise and conclusion 
relationship. The Support score is also small as before, but the Lift is higher than one and Conviction is also greater 
than 1. Confidence is 51.4%, but LaPlace is close to 1, this shows that there are interesting associations in the data. 
 

Table 7. Association Rules Last 10 Days 

 

 
Figure 4. FP Tree Last 10 Days 
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Figure 4 shows the FP Tree with the minimum criteria is Lift. Only 1 rule was formed in the last ten days, namely 
Telur Ayam, Indomie Ayam Bawang with Indomie GR SPC Saus. The chicken egg association with instant noodles 
is still there even though this time is not as complicated as before 
 
5. Conclusion 
Companies engaged in retail business must be able to understand their consumer behavior. This study tries to reveal 
changes in consumer behavior patterns when shopping at supermarkets. The transaction is divided into three terms 
in one month. The division into 3 periods is done because the decision of consumers to buy products depends on the 
budget. Transaction data are taken from a local retail company that is which is very famous locally thus the number 
of goods and the number of transactions is quite large. The dataset is prepared in such a way and then processed 
using the data mining method, namely Association rules using RapidMiner. FP Growth technique was chosen in this 
study by considering various advantages such as processing speed. Results show a low Support score at all three 
time periods in one month. The low value of Support may occur because of the very large number of transactions. 
As explained earlier that the data used is transaction data from a very well-known hypermarket. Hypermarkets 
provide a variety of products, local and imported. This causes the number of transactions per day to be very high, 
thus submerging the number of items purchased simultaneously. However, other association rules measurements 
such as Lift and Conviction shows that there is an interesting relationship in the data. This association is also 
supported by a satisfactory Confidence score. 
 
The results of the association rules show that in the three-period tested, and there are changes in the purchase 
patterns of consumers. In the first ten days, the association between instant noodles and eggs was revealed. So that 
in the first ten days, the placement of the two items will be better when close together. Promotion between the two 
products is also possible, or promotion between one variant of instant noodles and other instant noodles that are 
often bought together.  
 
In the second 10 days, the association between instant noodles and eggs is still present but a bit simpler. In this 
period, what is interesting is the emergence of the association of cooking oil with broiler chickens with a very high 
Lift score. Therefore, in the second 10 days of the month, it is possible to place those pair close enough between 
cooking oil and broiler chicken. Also, it is possible to conduct the promotion of the two items in the form of a 
bundle, package, or other. In the last ten days of the month, only one association was formed, namely one variant of 
instant noodles and chicken eggs with another variant of instant noodles.  
 
It seems that the pattern of the association of instant noodles with chicken eggs looks complicated at the beginning 
of the month and becomes simpler at the end of the month. The difference in purchasing patterns in these three 
periods from the complex to the simple pattern, shows that indeed the budget is one of the factors in making 
decisions when buying. The first ten days the consumer still has a flexible budget, while the last ten days the 
consumer budget is running low.  
 
This study also shows that the company can divide one operational month into three different periods which 
management can arrange the placement of goods or carry out promotional activities. Besides, another interesting 
finding is the possibility of association rules in this dataset that can reveal favorite foods in a community. This 
finding can be used as a basis for further research or decision making in business. 
 
This study only uses data for one month, and at the beginning of the year, it is possible in other months the pattern 
can change. Also, the attributes used are only products with more than 100 transactions a month. This limitation is 
due to the limited computational resources owned by researchers. Thus, there may be patterns that are not revealed 
but turned out to be very interesting to explore. Future research can be done using data in different months, 
especially in the month of Ramadhan (Fasting), where the consumption patterns of the community will change 
drastically compared to the regular month. 
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