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Abstract

Purpose: Given the rapid growth of e-commerce and the importance of customer behavior analysis in improving sales, this
study aims to present a data mining model based on fuzzy clustering. The necessity of this research arises from the need of
organizations to identify behavioral patterns and enhance the effectiveness of sales strategies.

Methodology: This study employs the CRISP data mining methodology. The process includes data preprocessing,
normalization, clustering using the K-Means algorithm, and feature selection via the Fuzzy C-Means algorithm. The dataset
is extracted from the UCI repository and contains behavioral attributes of online shoppers.

Findings: The results showed that the proposed model achieved 96.70% accuracy, outperforming other algorithms.
Evaluation metrics included accuracy, classification error, precision, recall, and F-measure. Influential features in customer
purchasing behavior were identified and categorized.

Originality/Value: The innovation of this study lies in combining K-Means and FCM algorithms within the CRISP

framework to analyze customer behavior. The model is generalizable to other datasets and can be used to optimize marketing
and sales decisions.
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Figure 1- Data mining steps based on the Crisp methodology.
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Table 1. Davis-Bouldin index values for different numbers of clusters.
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Figure 2- Method of applying kmeans to a data set.
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Figure 3- Data preprocessing.
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Figure 4- Result of clustering data.
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Table 2- Davis-Bouldin index for optimal cluster count in K-Means.

Attribute Cluster_ 0 Cluster_) Cluster_Y Cluster_¥
February 0.002 0.017 0.041 0.002
March 0.097 0.169 0.167 0.118
May 0.150 0.282 0.358 0.239
October 0.041 0.040 0.012 0.071
June 0.031 0.022 0.036 0.021
July 0.043 0.036 0.036 0.031
August 0.036 0.033 0.022 0.046
November 0.440 0.220 0.196 0.291
September 0.032 0.036 0.010 0.049
December 0.129 0.145 0.121 0.133
... VisitorType 0.966 0.837 0.954 0.853
... VisitorType 0.032 0.156 0.030 0.142
... VisitorType 0.002 0.007 0.016 0.004

— Weekend 0727 0.767 0.835 0.752
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Figure 5- Graph resulting from data clustering.
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Table 3. Occurrence of different states for groups.

ok st ey NS

8l S Class=Yes Class=No
Class=Yes TP FN
Class=No  FP TN

O S NSy Bl sl WIS o L1 sd e L;J.gM@Lbﬂﬂ.é}@Lbﬂw%Y a4 bools codd dims el pr 5

el 0 0315 L8 (il oo by xa confusion metrix 4 oS Y Jgdo= )3 o dds s

o) AS o dloee | (Auaies K JS S5 Hlae cpl AL 0 Accuracy Hlae (Gduatws ‘p-"i)}-@‘ S 2D e sl sl DA
Iy s slone el 0goet 5 alayly (sl 0dd (Gauats wys a5 Laosls asgams JS 51 doys dior oS ol groye ol edims Gl lae

TP +TH (\)

A RACY = .
CCURAC TP+TN+FP+FN

el 3l s dhanes las jlre ey ST a4 g ST D Lsd 4l b oS Lins (6 polis 0y Segs TN 5 TP s 5

Q—lﬁrs) S il s 5t s (ablS cp 2) Jho ol Sl o S AL e dccuracy jlas Sy ds aasly ol LT e S

ER = FN + FP —\_ g4 (Y)
“TP+FP+FN+TN couracy.

ol (AT Conw 3 (il 0kl 0315 S 42w (3] 4 Ay diewd yos 5 45 Laaions bl Ol 3l aS das e HLiS 1y (g ys Precision (sl ylas

Dl 0 Sl Ly dtnd 53 oy 2 )50 @505 Gl T gy 2 45 B3 00 GLAS 63)lge JS  am g L) T atas (Guatans 035 Joke 4
doloes 1 azws o (gl b s el 45T poeio ol b el pl 3 i il sl sl o3y LiS 5 adaly )3 Hlme )l avsloes 05

N

e v)

precision = ——,
TP + FP

Sdoaind C33 55l a4 oGl ol (GUuaions L yd 4 ciowd O 0 ate OB (Sla atws ooled s 51 4T catans K (g Recall jlns
Wl 0l o33 LS 5 adasly 55 slme ol deslne 0o a0 GLAS T sy p b Sla 50l JS a5 L 1y atws
TP

recall] = —. ()
TP + FN

5o Lulul Precision jlas a5 Jb- 53 das oo LS T atews 3105 3lus 4 4 5 L | Ay 4wy obS Recall jlas o8 Sl pl a5 |16 4SS
Solns S5 5l Frmeasure jlns oS slazsl Ay s (5 5 4 il n Oles 4 4 45 o O S0k 5 Ll g atud ndis S35 5
Precision 5 Recall Jlas 35 5 S 2 gl 1y (6l 0% Cuad] g5 aS 555 oo o3linal (63515055 3 ":’Tu" Cewdas Precision 3 Recall

g o |y sme ) slos 0300 ) el 1 b6 oS 0 S




oo (S oK D g o jwo Sangt gy S Ayl / Slal 5 "

Yip ()
F— MESURE — ———
YIP + FN + FP

FCM |, gussaibsl Jusl> CONFUSION s 5le =¥ Jou>
Table 4. CONFUSION matrix resulting from classification with FCM.
class precision true 0.39084277952612284  true -0.3964618229174476

97.92% 27 1271 pred. -0.3964618229174476
84.13% 106 20 pred. 0.39084277952612284
79.70% 98.45% class recall

class precision  true 0.39084277952612284  true -0.3964618229174476
accuracy: 96.70%
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Table 5. Comparison with other algorithms.

Model Accuracy Classification Error Model Building Time
Decision tree 87.28% 12.72% 1.941 s

Naive bayes 84.42% 15.58% 1.182s

Generalized linear model ~ 87.97% 12.03% 1.316s

Our model 96.70% 3.30% 1.0s
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Figure 7- Comparison of error percentage.
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