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Customer Classification Method for Household Appliances Industries
with a Large Number of Incomplete Data
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Some customer data of manufacturing industries have a large number of incomplete data set due to the
customer’s infrequent purchasing behavior and the limitation of customer profile data gathered from sales
representatives. So that, most sophisticated data analysis methods may not be applied directly. This paper
proposes a heuristic data analysis method to classify customers in household appliances industries. The
proposed PD (percent of difference) method can be used for the discriminant analysis of incomplete
customer data with simple mathematical calculations. The method is composed of variable distribution
estimation step, PD measure and cluster score evaluation steps, variable impact construction step, and
segment assignment step. A real example is also presented.

Keywords: customer relationship management, incomplete data, household appliances industries, percent
of difference (pd) method, classification, discriminant analysis
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variables

customer profile

private information: resident registration number, address, phone number, name, scholarship, job, hobby, etc.
income information: income level, dwelling type, living space, etc.

family information: martiage, number of children, age of children, joint breadwinner, etc.

purchasing record model, time, place, etc.

information of holdings | maker, model, number of holdings etc.

service record

model, failure type, failure time, service satisfaction, etc.
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Figure 1. Customer proportion according to the number of purchasing product types.
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Figure 2. Proposed customer segmentation procedure.
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Table 6. Accuracy of the proposed method and the decision tree method with MLE
missing rate of each variable
data set 0% 20% 40%
PD DT(MLE) PD DT(MLE) PD DT(MLE)
data set 1 0.96 0.93 0.93 0.81 0.90 0.69
data set 2 0.93 0.96 0.89 0.81 0.79 0.67

PD: proposed method, DT(MLE): decision tree method with MLE
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Figure 4. Result of preliminary clustering.

Table 7. Result of clustering and distribution of the level of TV, refrigerator and washing machine

cluster C, C, C, C, Cs; Cs C; Cy Cy

level of TV HP/P P HP/P G/B G/B HP/P HP/P G/B G/B

level of refrigerator HP/P P G/B P/G G/B HP/P G/B HP/P G/B
level of washing machine HP/P HP/P G/B G/B HP/P G/B HP/P HP/P G/B

HP: High Premium, P: Premium, G: General, B: Basic
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Table 8. Result of variable selection
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4.4 Segment ¥ZFHA

AR cluster score@} <Table 10> 9] variable impactS- ©]-8-3}
o 2309ke] o] AT A4S 971 9] segmentol] 242} Edst
Aot gt A3} segment 19 11.7%, segment 201 = 12.0%,
segment 39| = 6.3%, segment 49| 12.5%, segment 59| = 9.0%,
segment 6Ol = 4.4%, segment 790 9.7%, segment 8= 6.18%,
segment 99| = 28.2%2] 1174 0] TFE ) B3l 7} segment 2
SAE EAT A <Table 11>3} 22 o] 5] Fof7} 7h53}
1, segment'd & Ao g 5435 281 9l5-o] I Qi

class

variables

age
customer profile

income level: a function of estimated income, price of house, and living space(principal component analysis is used.)

rice-cooker, and microwave oven

. purchasing home theater or dishwasher
purchasing record ]
the number of purchasing products

time elapsed after last purchasing

levels of refrigerator, washing machine, TV, gas range, vacaum cleaner, VIR, Kimchi refrigerator, air conditioner,

active time: time elapsed after first purchasing - time elapsed after last purchasing

Table 9. Cluster score according to TV level and income

cluster C, C, Cs, C, Cs Cs oy Cyg Cy
1 0.00 0.00 0.00 0.71 0.67 0.00 0.00 0.83 1.00
TV Jevel 2 0.00 0.72 0.00 0.95 1.00 0.00 0.00 0.81 0.61
3 0.72 0.65 1.00 0.00 0.00 0.95 0.99 0.00 0.00
4 1.00 0.00 0.24 0.00 0.00 0.38 0.28 0.00 0.00
1 0.00 0.28 0.52 1.00 0.95 0.55 0.64 0.86 0.88
. 2 0.00 0.55 0.86 1.00 0.75 0.63 0.56 0.65 0.70
income
3 1.00 0.50 0.25 0.00 0.20 0.44 0.50 0.33 0.10
4 1.00 0.50 0.19 0.00 0.25 0.21 0.64 0.55 0.13
Table 10. Variable impact
variables ('1/,) VI(V,) variables (/) VI(V,) variables ('1/7,) VI(V,)
refrigerator 3.33 dishwasher 3.24 home theater 3.00
washing machine 2.73 vV 2.40 gas range 1.23
vacuum cleaner 0.96 VIR 0.88 Kimchi refrigerator 0.87
air conditioner 0.86 rice cooker 0.84 microwave oven 0.69
time elapsed after last purchasing 0.63 age 0.53 active time 0.46
the number of purchasing products 0.38 income level 0.29
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Table 11. Segment naming and characteristics

EEEBLE
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19 7708 S 28 5 91 A 09l 77k 3hs 2t
=5 4%7} iEﬁ &5 ‘E} xﬂoLh o] R
° F 7o H]

SR PR RME
= A|QFataL o5 283
AR AHE AT Al9FeE W2 PD(percent of difference)

segment naming segment characteristics
. . Customers in the 40th and 50th with high income level purchasing
1 High premium customers .
expensive goods
5 Household electrical appliances focused high | Relatively frequent purchasers with a preference for high standard household
premium customers electrical appliances compared to other electrical equipments
. . . Relatively frequent purchasers with a preference for high standard TVs
3 Digital electrical equipment focused customers . .
compared to other electrical equipments
4 Occasional buyer(1) Sporadic purchasers of relative large and expensive electrical equipment
5 Occasional buyer(2) Sporadic purchasers buying expensive washing machines
. . Frequent purchasers of small electrical equipment such as rice cooker,
6 Loyal small electrical equipment buyer .
vacuum cleaner, microwave oven, etc
Mostly customers in the 30th purchasing standard electrical equipment with
7 Joint breadwinning pattern customers a preference for comfortable and convenient goods like TV and washing
machine
Household electrical equipment focused
8 . qup " Customers in the 40th and 50th living mainly in provincial areas
housewifely customers
9 Basics focused customers Purchasing mainly inexpensive goods with average frequency

Table 12. Simulation result

segments assigned with the proposed method

C, C, C; C, Cs Cg Cq Cg Cy

C, .65 15 .02 .00 .01 .05 .09 .03 .00

C, .07 .69 .02 .02 .04 .04 .10 .02 .00

C; .03 .04 .36 .06 .01 .17 .22 .02 .10

pre-determined C, .01 .20 .05 .36 .07 A1 .06 .06 .09
segments from Cs .03 13 .02 .04 .38 .01 .20 .07 13
clustering step | 13 21 07 06 00 43 06 02 03
C, .10 .10 .06 .00 .05 .03 .61 .02 .03

Cs .20 .24 .01 .04 .08 .06 .02 .30 .06

Cy .01 .04 .10 14 .07 .06 .05 .03 .50
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