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Abstract

The application of data mining techniques in online markets has gained significant
popularity due to the rapid growth of online businesses and growing customer demand,
resulting in the accumulation of transaction data on online platforms. While online
businesses face intense competition in reaching target customers, customer purchase
data can be analyzed to develop targeted promotional strategies that align with
customer needs. The generation of association rules from purchase data enables
businesses to effectively reach target customers and gain a competitive advantage. This
research focuses on analyzing the relationship between purchasing behavior and the
products ordered by customers on online platforms, using data mining techniques to
identify association rules using the Apriori algorithm under the SEMMA framework. The
researcher utilized a dataset comprising 97,780 rows and 51 columns collected during
2022-2023 from an online platform to analyze the relationship between 10 product
items from 10 rules. The results revealed that the strongest association rule was that
customers purchasing perfume on TikTok were also likely to purchase lipstick on TikTok,
with a confidence value of 0.80, indicating that 80% of customers who purchased
perfume also purchased lipstick. The rule had a support value of 0.12, indicating that
12% of all transactions included both products, and a confidence value of 0.80. This
study contributes to the development of knowledge in the application of data mining
techniques in the context of online marketplaces, particularly by employing the Apriori
algorithm to analyze associations among products that are frequently purchased
together by customers. The objective is to generate association rules that can be applied
to proactive marketing strategies. The findings reveal notable association patterns
between certain product categories, which can be utilized to develop promotional
campaigns that align with consumer behavior and enhance the competitive advantage
of online businesses in the digital era.

Keywords: Association Rules, Behavior Analysis, Data Mining
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Figure 1 Online Shopping Platform
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Table 1 Data Adjustments for Processing

Variable Platform Types of Variables Value of a Variable
Name_id Nominal Numeral 1-97,780
Perfume TikTok Numeral Not choosing to buy [0

(0]

Not choosing to buy [1]

Makeup TikTok Numeral Not choosing to buy [0]
Not choosing to buy [1]
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Table 1 (Cont.)

Variable Platform Types of Variables Value of a Variable

Cosmetics TikTok Numeral Not choosing to buy [0]
Not choosing to buy [1]

Lipstick TikTok Numeral Not choosing to buy [0]
Not choosing to buy [1]

TikTok Numeral Not choosing to buy [0]

Fashion clothing Not choosing to buy [1]
Reusable Water Shopee Numeral Not choosing to buy [0]
Bottles Not choosing to buy [1]
Skin Care Lazada Numeral Not choosing to buy [0]
Not choosing to buy [1]

Phone Accessories Lazada Numeral Not choosing to buy [0]
Not choosing to buy [1]

Fitness Clothing Lazada Numeral Not choosing to buy [0]
Not choosing to buy [1]

Fashion Accessories Lazada Numeral Not choosing to buy [0]
Not choosing to buy [1]

v v
a Ya v % o
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TP+TN
TP+ TN + FP + FN

Accuracy = (4)
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Table 2 Result of Association Rule Analysis

Rule Support  Confidence Lift Accuracy
Perfume TikTok -> Makeup_TikTok 0.15 0.75 1.2 0.80
Perfume_TikTok -> osmetics_TikTok 0.10 0.70 1.3 0.77
Perfume TikTok -> Lipstick TikTok 0.12 0.80 14 0.82
Perfume TikTok -> 0.08 0.65 1.5 0.74
Fashion_clothing TikTok
Fashion_clothing TikTok -> Lipstick TikTok 0.13 0.72 1.3 0.79
Fashion_clothing TikTok -> 0.14 0.78 1.2 0.81
Makeup_TikTok
Fashion_clothing_TikTok -> 0.09 0.68 1.3 0.76
Cosmetics_TikTok
Fashion_clothing Shopee -> 0.10 0.60 1.2 0.73
Reusable Water Bottles Shopee
Skin_Care_Lazada -> 0.12 0.65 1.4 0.78
Phone Accessories Lazada
Fashion Accessories Lazada -> 0.08 0.55 1.4 0.74

Fitness Clothing Lazada
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Comparison of Support, Confidence, and Accuracy for Association Rules

0.8r Support
mmm Confidence
l = Accuracy
00 * * * * l
S &) a o a o
& & & S s

Value
o o
rS @

o
N

o

) & @(_\

< < & &
?’\}Q Vi ‘éco, 7’ “Qc{_/ ,(\ “0&/ @\}Q Ve ) v'g\é, ’
3 ¢ & & & & & e
-+ & . N N KX & &
d & S o
7 S o e N < o S
- 7 7 7
d 40 %9 8 S F
(\‘é < & &F Qi'\ 2,0\0 <3
& ¥ & & & @ q&
X X > & Q O
Q“é\ & Q‘?’é P & &
© & o7 &®
S O Q7
N BN S
& @ “’(\\
((’b

Figure 3 Comparative Analysis Results
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  S u p p o r t   ( A ) =   จ ำ น ว น ช ุ ด ข ้ อ ม ู ล ท ี ่ ม ี   ( A )  จ ำ น ว น ช ุ ด ข ้ อ ม ู ล ท ั ้ ง ห ม ด  


   ( S ) = 𝜎  ( S )


  𝜎  ( S ) ≥ M i n s u p


  C o n f i d e n c e  ( A → B ) =   จ ำ น ว น   T r a n s a c t i o n   ท ี ่ ม ี   A   แ ล ะ   B  จ ำ น ว น   T r a n s a t i o n   ท ี ่ ม ี   A  


  L i f t    ( A → B ) =   S u p p o r t   ( A   ∪   B )  S u p o r t ( A )   ×   S u p p o r t   ( B )  


  A c c u r a c y =   T P   +   T N  T P   +   T N   +   F P   +   F N  

