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This research was conducted at PT. United Rope. The porpuse of this study was 

to test and analyze the influence of Product Quality, Distribution Channels and 

Personal Selling on polythene Rope Customer Loyalty at PT.United Rope. There 

is a decrease in customer loyalty caused by customer loyalty. The approach of 

this reseach is based on a quantitive approach. The population in this study 

amounted to 217 customers. The sampling technique used was simple random 

sampling. The number of samples in this study were 144 customers. The results 

of calculation of hypothesis testing partially Product Quality has a positive and 

significant effect on Polythene Rope Customer Loyalty at PT. United Rope. 

Partially Distribution Channels have a positive and significant effect on 

Polythene Rope customer loyalty at PT, United Rope. Partially Personal Selling 

has a positive and significant effect on Polythene Rope Customer Loyalty at PT. 

United Rope. Simultaneously Product Quality, Distribution Channels and 

Personal Selling have a positive and significant effect on Polythene Rope 

Costumer Loyalty at PT. United Rope. The coefficient of determination test result 

obtained am adjusted R Square value of 0.42, in dependent variable, namely 

customer loyalty, can be expalined by the variation of the idependent variabels, 

while the remaining 58% is explained by other variables not examined in this 

study, such as quality, brand awareness, service and others. 
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1. Introduction 

 

Bakery Shop is a bakery that provides several variants of cake, bread, and beverage menus which are 

certainly in demand by the public. However, the management at the bakery shop is unable to regulate the 

availability of bakery products based on the ones most often ordered by customers and still markets 

products that are not in demand, so there are often products that are not sold and cause the shop to lose 

money. (Andi Pribadi, Max Nur Alam, 2017). The bakery shop has sales transaction data, but it is only 

stored as an archive and is not used properly, while from this data the shop can obtain information which is 

a solution to problems in the bakery shop. Therefore, the right strategy is needed to increase sales of the 

menu at the Bakery Shop to get the maximum profit (Desak Made Dwi Utama Putra, 2017). Sales 

transaction data can be processed to find customer purchasing patterns by utilizing data mining (Setyawan, 

2018). Data mining is the process of analyzing data, where through this process, it can find hidden 

information in large amounts of data in running a business (Larose, 2005). 

The K-Means algorithm is one of the algorithms in the clustering technique, which is the division of 

data into groups so that data that has similarities are grouped into one class and those that are different are 

grouped in another class (Mardalius, 2017). K-Means clustering can group products into the most and least 

sales groups to find out which items are in demand and which are not (Metisen & Sari, 2015). FP-Growth 

algorithm is one of the algorithms in the association technique which is the development of the Apriori 

algorithm. FP-Growth is used to select the data set that appears most frequently in a dataset (Samuel, 2008). 

This algorithm uses a tree concept called the FP-Tree to find the frequency of item sets so that execution in 

the FP-Growth algorithm is faster than Apriori algorithm (Erwin, 2009). The application of the FP-Growth 

algorithm can be used to get recommendations for sellers (retailers) in providing sales packages for 

consumers (Abdullah, 2018). 

Product recommendations with association rules using the Apriori or Fp-Growth algorithm are less 

accurate for large datasets. So it is necessary to group with K-Means so that the data is divided into smaller 
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data groups (Nurlelasari, 2017). Therefore, to increase profits at the bakery shop, a combination of the K-

Means Clustering algorithm and the FP-Growth algorithm is carried out. K-Means clustering is used to 

group bakery product sales data and is followed by the Fp-Growth algorithm to find patterns of association 

between each cluster. Based on the best-selling products (best sellers), you can find recommendations for 

making package menus from the best-selling products (Abdullah, 2018). This menu package 

recommendation is expected to be an input for the store in implementing the recommended menu package 

sales strategy and the best-selling bakery products continue to be reproduced and products that are no 

longer in demand are no longer marketed. 

 

2. Related Research 

Kurniawan, Gata, & Wiyana (2018), apply the FP-Growth algorithm in extracting itemset patterns 

with large data to get recommendations for facial skin care products and help determine the position of 

products on sales shelves. 

Lestari (2015), applies the use of the FP-Tree to determine the frequency of the itemset and FP-Growth 

to find the relationship between drugs that consumers often buy. 

Syukra, Hidayat, Fauzi (2019), apply the K-Medoids algorithm to cluster sales data into smaller data 

segments and implement FP-Growth in each cluster to provide more accurate product recommendations to 

customers. 

Kusrini (2015), performs grouping to determine the minimum stock with the K-Means algorithm on 

supermarket retail data to minimize losses. 

Adriyendi (2016), compared the K-Means and Fuzzy C-Means algorithms on food production data and 

found K-Means computation time was faster than Fuzzy C-Means. 

 

3. Research Method  

Dataset

Cleaning

Normalization Data 

Transformation Data

K-Means Clustering

FP-Growth

Recommended Best Seller Package Menu

Preprocessing

 
Fig 1. Research Framework 

 

Figure 1 represents the research framework in this study. The online dataset is taken from retail sales 

recap at bakery stores. Then preprocessing is carried out first to remove null and double data (cleaning 

data), improve the table structure (normalization), and perform data transformation so that it can be 

processed in weka 3.8. Furthermore, the k-means clustering algorithm is implemented to get groups of 

product packages from each cluster and continues to implement the fp-growth algorithm to obtain 

recommendations based on the linkages between product items purchased simultaneously. 

3.1   K-Means Clustering Algorithm 

K-Means is one of the clustering algorithms where the algorithm is useful for grouping datasets into 

several classes/groups. The concept of K-Means is data that has similarities grouped in one class and 

differently grouped in another class (Mardalius, 2017). To calculate the distance from the data to the center 

of the cluster, the Euclidean formula is used: 
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                                                                      =                       (1) 

Description:  

d = distance,  

j = number  centoid or data 

C = centroid, 

X = data 

3.2   Fp-Growth Algorithm 

The Fp-Growth algorithm is developed from the Apriori algorithm. The a priori algorithm requires a 

long computation time in the process because it uses the concept of candidate generation in determining 

frequent itemset, while the Fp-Growth algorithm uses the concept of tree formation in searching for itemset 

frequencies which makes this algorithm work faster (Syukra, Hidayat & Fauzi, 2019). 

                            Support(X,Y) =  x 100 %                              (2)             

                                      Confidence(X→Y) =                                 (3)    

                                             Lift =                                  (4) 

3.3   Dataset  

In this study using a sales dataset at a bakery shop from 2018 to 2019 with a total of 6017 data records. 

The data were obtained from an online dataset sourced from Kaggle. 

4. Discussion 

 

This study uses bakery shop sales transaction data with 1578 of 6017 data records for 2 years. The 

bakery shop sales data has attributes for Transaction Code, Transaction Time, Item Code, Item Name, and 

Price. This data will be processed to determine menu package recommendations to improve sales strategies. 

In table 1 is a dataset of bakery shop sales. 
Table 1.  

Bakery Shop Sales Data 

No 

Item 

Code 

Transaction Time 

Item Name Transaction Code Price Date/Month/Year Day 

1 1112 20/03/2018 Tuesday Bread 1001 8000 

2 1118 20/03/2018 Tuesday Coffee 1001 15000 

3 1126 20/03/2018 Tuesday Mineral water 1001 5000 

4 1115 20/03/2018 Tuesday Jam 1001 15000 

5 1138 20/03/2018 Tuesday Cake 1001 45000 

6 1148 20/03/2018 Tuesday Brownies 1001 35000 

7 1116 20/03/2018 Tuesday Cookies 1001 30000 

8 1145 20/03/2018 Tuesday Sandwich 1001 14000 

9 1122 20/03/2018 Tuesday Tea 1001 10000 

10 1129 20/03/2018 Tuesday Juice 1001 10000 

… … … … … … … 

6017 1119 20/03/2019 Wednesday Pastry 1578 16000 

 

Table 2.  
Determination Number of Clusters Based on SSE 

Cluster SSE value Difference  

2 107,027  

3 76,582 30,445 

4 55,442 21,14 

 

Determining the number of k (clusters) that will be used in the study is to take the largest SSE 

difference value. In table 2, it can be seen that the biggest difference in SSE values is at K = 3. So, the 

amount of data in this study is divided into 3 clusters. Menu grouping using 3 variables is Transaction Code, 
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Item Code, Day, Price. Table 3 and Table 4 are the results of grouping product items. Cluster0 produces 1750 

product items with the dominant item purchased is hotdog on Sundays with a price range of Rp. 10,000, 

Cluster1  produces 2582 product items with the dominant item purchased is garlic breadstick on Sundays with 

a price range of Rp. 18,000, Cluster2  produces 1685 product items with the dominant item purchased is milk 

on Monday with a price range of Rp. 15,000. 
Table 3. 

 Sales Data Cluster Ratio 

Cluster 0f Instance Ratio% 

Cluster0 1750 33% 

Cluster1 2582 39% 

Cluster2 1685 28% 

Table 4. 
General Sales Data Cluster Model 

Attribute 
Full Data Cluster0 Cluster1 Cluster2 

6017 1750 2582 1685 

Transaction Code 1021 1015 1033 1012 

Item Code 1151 1125 1147 1123 

Day Sunday Sunday Sunday Monday 

Price 15000 10000 18000 15000 

 

The process of applying the fp-growth algorithm to recommend bakery package menus begins with the 

formation of an fp-tree to determine frequent itemset from sales transaction data. Table 5 shows the results of 

the data that meet the minimum support for each cluster. Furthermore, the generate fp-tree in each cluster. 

Figure 2 is the generate fp-tree Cluster0, Figure 3 is the generate fp-tree Cluster1 and Figure 4 is the generate 

fp-tree Cluster2, where each cluster takes 5 transactions as a sample to be presented in this paper. 
Table 5.  

Frequency Itemset of each cluster (Min.Supp = 20%) 

Cluster0 Cluster1 Cluster2 

Item Code Frequency Support 
Item 

Code 
Frequency Support 

Item 

Code 
Frequency Support 

1112 168 57,14 % 1141 237 43,01 % 1115 218 73,15 % 

1123 88 29,93 % 1147 298 54,08 % 1116 150 50,33 % 

1125 177 60,2 % 1151 266 48,27 % 1123 231 77,52 % 

1115 156 53,06 % 1138 176 31,94 % 1118 130 43,62 % 

1116 117 39,8 % 1145 196 35,57 % 1126 174 58,39 % 

… … … … … … … … … 

1122 114 38,78 % 1135 128 23,23 % 1122 106 35,57 % 

1126 128 43,54 % 1152 111 20,14 % 1125 137 45,97 % 

1129 92 31,3 % 1148 217 39,38 % 1126 174 58,39 % 

Null

Mineral Water: 3 Hotdog: 1 Milk : 1

Hotdog: 1

Mineral Water: 1

Tartine: 1

Farm House: 1

 
Fig 2. Generate FP-Tree Cluster0 
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Null

Cake : 2

Brownies : 1

Sandwich : 1

Sandwich : 1

Sandwich : 3

Garlic Bredstick :3

Pancake : 2

Cake : 1

Cake : 1

Brownies : 1

 
Fig 3. Generate FP-Tree Cluster1 

Null

Bread : 3

Scandinavian: 1

Hot Chocolate: 1

Jam : 1

Cookies : 1

Tea : 1

Jam : 2

Hot Chocolate : 2

Pastry : 1

Cookies : 1

Mineral Water : 1

Hot dog : 1

Coffee : 1

Mineral Water : 1

Hot dog : 1

Juice : 1

Cookies : 1

Doughnut : 1

Milk : 1

Coffee : 1

Pastry : 1Mineral Water : 1

Tea : 1

Pastry : 1

Doughnut : 1

Bread : 1

Jam : 1

Milk : 1

Bread : 1

Mineral water : 1

Jam : 1

Hotdog : 1

Tartine : 1

Hot chocolate: 1

Medialuna : 1

Coffee : 1

Milk : 1

Juice :  1

 
Fig 4. Generate FP-Tree  Cluster2 

In table 6, the results of the association rule obtained in each cluster meet minimum support of 20% and 

minimum confidence of 60% with lift > 1. Where in Cluster0 4 rules are formed, Cluster1 6 rules and Cluster2 

3 rules with an average the confidence value of each itemset is above 70% for the bakery products that are 

most often purchased simultaneously. The results of the analysis show the product itemset that so that the 

results of this association rule from each cluster can be used as a recommendation to create a menu package. 

 
Table 6.   

Results of the Association Rules for Each Cluster (Min. Supp = 20% ; Min. Conf = 60%) 

Amount C The Results of Each Cluster Rules Confidence Lift Support 

Cluster0 Hotdog, Pancake  Milk, Garlic Breadstick 

Garlic Breadstick, Hotdog  Chicken Sand, Pancake 

Garlic Breadstick, Pancake  Chicken Sand, Hotdog 

Garlic Breadstick, Hotdog  Milk, Pancake 

0,92 

0,92 

0,92 

0,85 

1,25 

1,5 

1,34 

1,39 

0,2 

0,2 

0,2 

0,2 

Cluster1 Hotdog, Pancake  Milk, Garlic Breadstick 

Garlic Breadstick, Hotdog  Chicken Sand, Pancake 

Garlic Breadstick, Pancake  Chicken Sand, Hotdog 

Garlic Breadstick, Hotdog  Milk, Pancake 

Hotdog, Pancake  Chicken Sand, Garlic Breadstick 

Pancake, Chicken Sand  Garlic Breadstick, Hotdog 

0,92 

0,92 

0,92 

0,85 

0,85 

0,79 

1,25 

1,5 

1,34 

1,39 

1,16 

1,53 

0,2 

0,2 

0,2 

0,2 

0,2 

0,2 
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Amount C The Results of Each Cluster Rules Confidence Lift Support 

Cluster2 Hotdog, Pancake  Milk, Garlic Breadstick 

Garlic Breadstick, Hotdog  Milk, Pancake 

Garlic Breadstick, Pastry  Milk 

0,92 

0,85 

0,79 

1,25 

1,39 

1,34 

0,2 

0,2 

0,2 

 

5. Conclusion  

 

The resulting menu package recommendations in cluster0 and cluster1 with a combination of 4 itemsets, 

namely that most customers who buy hotdogs and pancakes will definitely buy milk and garlic breadstick 

with a confidence of 92% and a lift value of 1.25. Then, customers who buy garlic breadsticks and hot dogs 

will also buy chicken sand and pancakes with a confidence of 92% and a lift value of 1.5. In cluster2 , 

customers who buy garlic breadstick and pastry will definitely buy milk with a confidence of 79% and a lift 

value of 1.34. 
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