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Dynamic clustering analysis based on the EM algorithm and mixture models

JIN Xiangyang' ,ZHANG Huimin?, WANG Yuhan®,LIN Jianhua®**

(1. Fujian Branch of China National Tobacco Corporation, Fuzhou 350003, China; 2. Zhangzhou Branch of Fujian Provincial Tobacco
Corporation, Zhangzhou 363000, China; 3. School of Mathematical Sciences, Xiamen University, Xiamen 361005, China)

Abstract : [Objective] It employs the EM algorithm and Gaussian mixture models for dynamic data clustering,as well as focuses on
2022 sales data of tobacco brands from Zhangzhou Tobacco Company, Fujian, to uncover data patterns. [ Methods] In this study, we
use the EM algorithm with Gaussian mixture models for parameter estimation and dynamic clustering. We apply statistical software
to implement the algorithm on sales data. The process involves initializing parameters, applying EM for refinement, and clustering
based on probability distributions, as well as adheres to statistical principles for accurate, impartial results. [ Results] Our findings
demonstrate that the new algorithm, combining the EM algorithm with Gaussian mixture models. effectively estimates probability
model parameters. This approach achieves precise multiple clustering of tobacco brands,and reveals detailed category characteristics
and offering comprehensive decision support. It accurately calculates each brand’s probability distribution across categories,as well as
provides a robust basis for tailoring market strategies and optimizing product portfolios. The method’s adherence to statistical
principles ensures classification accuracy and impartiality. Recognizing the business environment’s complexity, the approach allows
flexible category adjustments to adapt to market changes, thus enhancing its practicality. In the study, we derive mathematical
formulas for parameter updates and improve the algorithm’s precision in problem-solving. Simulations and empirical analyses validate
the method’s superior performance with mixed distribution data and showcases its potential in real-world applications. It significantly

enhances the understanding of market dynamics.and supports sales strategy formulation with data-driven insights. The research not
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only advances fields of mixed distribution models and data classification but also aids in the digital and intelligent transformation of
related industries. By introducing brand probability distributions,it adds flexibility and practicality to data analysis, thus becoming a
crucial tool for enterprises to thrive in competitive markets. Finally, the method’s ability to adapt to market changes provides nuanced
insights and positions it as a valuable asset for businesses seeking to optimize their strategies. [Conclusions] This study proposes an
efficient data parameter estimation and dynamic classification method based on mixture Gaussian distributions and the EM algorithm.
It offers in-depth insights into brand categories and comprehensive decision support through precise data analyses. The flexibility of
the method and its adaptability to market changes allow it to meet diverse client needs practically. The proposed research contributes
new perspectives to mixed distribution models and data classification, and supports the digital and intelligent upgrading of industries.

By emphasizing brand probability distributions, it enhances data analysis’s flexibility and practicality, and becomes a key tool for

businesses to excel in competitive markets,
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Tab.1 One dimensional dynamic clustering results of mixed Gaussian distribution
Wik 532K RALIR
P1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1
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P5 5 5 5 5 5 5 5 5 5 5 5 5 5 5 5 5 5 5 5 5
2 WA RIS R
Tab. 2 One dimensional quadratic dynamic clustering results of mixed Gaussian distribution
IS R
P1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1
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P3 3 3 3 3 3 3 3 3 3 3 3 3 4 3 3 3 3
P4 4 4 4 4 4 4 4 4 4 4 4 4 4 4 4 4 4 4 4 3 3 3
P5 5 5) 5 5 5) 5 ) 5 5 5 5 5 5 5 5 5 5 5 5 5)
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Tab. 3 Confusion matrix of Gaussian distribution

one-dimensional dynamic clustering
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Tab. 4 High-dimensional dynamic clustering results of mixed Gaussian distribution
WItR S RILEIR
Pl 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1
P2 2 2 2 2 2 2 2 2 2 3 2 2 2 2 2 2 2 2 2 2
P3 3 3 3 3 3 3 3 3 3 3 2 3 3 3 3 3 3 3 3 3
P4 3 4 4 3 4 4 4 3 3 4 4 5 4 4 4 4 4 4 3 4
P5 5 5 4 5 5 5 5 5 5 5 5 5 5 5 5 5 5 5 5 5
5 RAEW A E Y RS AL
Tab. 5 High-dimensional quadratic olynamic clustering results of mixed Gaussian distribution
WItR S R
Pl 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1
P2 2 2 2 2 2 2 2 2 2 3 2 2 2 2 2 2 2 2 2 2
P3 3 3 3 3 3 3 33 3 3 2 3 3 3 3 3 3 3 3 3 3 3 3 3 3
P4 4 4 4 4 4 4 4 4 4 4 4 4 4 4 4
P5 5 5 4 5 5 5 5 5 5 5 5 5 5 B) ) 5 5 5 5 )

# 6 T LRI S S RAIRVE TR

Tab. 6 Confusion matrix of Gaussian distribution

high-dimensional dynamic clustering

P

R
1 11 111 v \%
1 20 0 0 0 0
11 0 19 1 0 0
111 0 1 19 0 0
v 0 0 5 14 1
\% 0 0 0 1 19
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Tab. 7 Clustering results

Macro-Averaged Macro-Averaged

A fF A

s ceuracy Precision F, Score
—H4EEIE 0.950 0 0.988 2 0.972 4
Y4B 0.910 0 0.955 7 0.916 0
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3.3 B#A Gaussian 9 S AT
3.3.1 —#ifER

TE— 4N I TP AR B 5 17— B ok A7 407, BRI
BORAERES9 156X 1, Rl o° BIRIIA T BEE 5 — 28K

SRR REA SRR A 722 0 X, = 5o AT

PETAL B X R REAR I S (X)) HREA AR IE 2. (il
IR A Gaussian 43 A3 X R ) 5Bk, 5 BB ECH
100,15 B ZHUHTHERA o = 0.000 0,442, = 0. 000 0,
25 = 0.000 04z, = 0. 000 0415 = 0. 000 0365 = 0. 967 9,
o =0.967 9,62 = 0. 967 9,67 = 0. 967 9,67 = 0. 967 9;
P =0.2419,p, =0.126 9,p3 =0.243 3, p, = 0. 233 1,
ps = 0.136 5.
3.3.2 E4ER

TE = AEE T T B BUTT A7 50 3647 3 B » BV 4k
156 X 12,0 Fl o® BRI UR 1 15 B 0 B — 250 19 55
— R B E AR ATy 22, p WIRI IR A S5 A T
25 BB L. AR B S EASTTEE RR

11 = (—0.058 2,0.008 6, —0.003 3, —0. 047 8,

0.005 8, —0.053 8, —0.016 2, — 0. 005 4,
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0.001 2,0. 008 2, —0. 033 6,

gy = (—0.085 7,0,012 7, —0. 004 0, —0. 014 3,
—0.070 8,0.011 9, —0.082 9, —0.029 9,
—0.010 9,0. 000 2,0.010 1, — 0. 044 7),

ws = (—0.102 5,0.019 1, — 0. 007 8, —0.019 9,
—0.086 7,0.017 3, —0.102 4, — 0. 045 0,
—0.017 1, —0.003 0,0. 011 7, —0. 049 3),

g1 = (—0.128 3,0.123 5, —0. 054 1, —0. 130 6,
—0.096 6,0.008 2, —0.136 6, — 0. 047 8,
0. 029 3,0. 020 6,0. 085 7, — 0. 014 8),

us = (0.605 5, —0.230 0,0. 092 7,0. 245 2,
0.501 1, —0. 082 3,0. 620 0,0. 233 3,0. 021 3,
—0.022 1, —0.162 0,0. 229 4);

& = (0.799 6,0. 963 6,0. 957 5,0. 959 4,0. 831 6,
0.971 7,0. 836 0,0. 975 4,0. 972 4,0. 975 9,
0. 965 8,0. 877 8)+

& = (0. 743 0,0. 955 2,0. 945 8,0, 947 7,0. 790 1,
0.979 4,0. 785 2,0. 980 5,0. 966 9,0. 975 2,
0.961 1,0. 856 8)»

& = (0. 716 2,0. 956 5,0. 937 8,0. 945 9,0. 764 6,
0. 987 4,0. 758 7,0. 986 4,0. 960 2,0. 972 1,
0.958 0,0. 851 1)+

& = (0.679 2,1.137 1,0. 954 5,1. 120 5,0. 729 8,
0. 988 3,0.723 1,0. 988 6,1. 150 7,1. 110 2,
1.084 7,0.891 1),

& = (1.969 5,0. 755 5,1. 113 9,0. 802 9,1. 843 9,
0.857 4,1.723 7,0. 808 5,0. 743 7,0. 748 3,
0.813 6,1.496 6);

P =0.2388,p, = 0.124 4, p; = 0.239 2, p, —

0.237 7, ps = 0.155 4.
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Tab. 8 One-dimensional quadratic dynamic clustering results of tobacco company sales data based on mixed Gaussian distribution

I EEES AR
P1 4222244111242 423424444442344
P2 4 4 445 4254444444444
P3 4232242231445 323223521344445 42522243414
P4 444444444 4444244444444 2 4444244444444 4444
P5 443444444444 44444444 444444444
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Tab. 9 One-dimensional quadratic dynamic clustering results of tobacco company sales data based on mixed Gaussian

distribution (excluding some data points)

(L CRIES RAL
P1 11113441131 143444445154
P2 5555515555555555
P3 5331533553131441453113444
P4 5555554555555 1455451451455515554545455555505
P5 54455555555 44555555555554454
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Tab. 10  One-dimensional quadratic dynamic clustering results of tobacco company sales data based on mixed Gaussian

distribution (divided into two categories)

(L CRIES R
P1 1111111111111 11111111111111T1T1T71T1F1:/1
1111111111111 111111111111111111171
1111111111111 111111111111111111T171
11711111111
P2 2 2 2 2 2 2 2 2 22222222222 2 2 2
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Tab. 11  High-dimensional quadratic dynamic clustering results of tobacco company sales data based on mixed Gaussian distribution
iAo AL
Pl 3434333555 433334333333333333
P2 333553553334333334
P3 33533534554455351451153333334333343343
P4 3433433333333553333513543435433431433343444
P5 3455344333443 3333344344331334
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Tab. 12 High-dimensional quadratic dynamic clustering results of tobacco company sales data based on mixed Gaussian
distribution (excluding some data points)
Wik P
Pl 145451144511 15141111511
P2 1 41555 444411414 4
P3 1551454445545 111145555 141
P4 1411411114 1145511515515444 4544144541
P5 1451441144455 41 1144144555554
H13 MMHA AR IR A M I B RSB R A R ER =20
Tab. 13 High-dimensional quadratic dynamic clustering results of tobacco company sales data based on mixed Gaussian
distribution (divided into three categories)
WL 432 R
P1 1 1111111111111 1111111111111111111
1 1111111111111 11111111111111T1T1T1T1:1
1 1111111111111 11111111T1T1T1T1:1
P2 1 1111111111111 11111111111111111T1:1
1
P3 1111111111 1111111111111
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