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Abstract

After our government released the licenses of telecommunication industry in 1996, the
oligopoly market dominated by Chunghwa Telecom has changed into the competitive
monopoly market. Generally average amount of transmission cost of enterprises is much
higher than individual customers. Therefore, the fastest way to increase the profit is to target
enterprise customers. However, expect the open information such as identification, address
and contracts, the other data like customer background and geographic variation is very
limited. Practically, most telecommunication providers develop a lost analysis model to
search for the lost signal. The model is based on transactions variation of the bills from the
consumption behavior data. To discover the potential lost of enterprise customers, the design
of analysis model can be based on the variation of telecommunication cost. This is because a
customer can apply services from two different suppliers in the beginning. In our research,
we focused on small-to-medium enterprise customers, collected relevant data and then
analyzed data by data mining technique. Specifically, we classified enterprise customers
using rule induction based on attributes such as biz type and transmission cost. The model is
suitable in diagnosing the potentially lost customer, In this way the provider service team can

understand the customer movements effectively and then increase the profits.

Keyword: Telecommunication cost , Data Mining , Rule Induction
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(3) J-Measure #& #

1 * 3 % F 3 (Mutual Information) éh a2 > 3+ 5 X T H 3R 307 fm 2
(Uncertainty > 2 #% (Entropy) )it 43 ¥ 8 % % o {2 pb 2 3 gl AR AR e & B3 !
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AY LY K R AT AY 2Y, &g &0 B s ehRdo uX, BY F
HLP BoX g s o PIGind B3 E N 4e(4) 0 (5) 0 (6)#rF

Gini(s)=P,(1-P,)+P, (1-P,) (4)

K.
Sy )
Ym
R.
Pomy ()
YI']
f /4 2§ (Classification And Regression Trees , CART)/# & i2 * Gini #%

I SN
’1121/47

BiEz RS- e ek Ul (Full Tree)ts » e g @ 7B ¥ ik fathiv ¥ » &
% 13 72 (Pruning Technique)% 2 #%;# (Bonsai Technique) > CART ;% & ;2 &_*
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vl

{
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A ebgng £ 5 (Node Error Rate) » # 2 8 4e(T)#77% -
X.
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Yz R RIEF LT

Ay i@ * IBU2 @ SPSS18 #:iE7Eag2is 3,28 7B E = HiE(Attributes)

\1

¢ 77 CA~TC~CC~CL~CM~CN~LOST % £ 22 = A P endp R HCE] - g ART R Z 2 B
GEAEY R HH00 L FEA R ETRE S B FFRILA S Recode £ AT
H-

BB R BN SHES R0 R REA AR AL 4ok 5 R .

305 % 2 HBRA A

CA TC CC CL CM CN LOST
4 3 4 1 1 3 1
5 5 5 4 5 4 0
1 1 3 2 3 4 0
5 5 4 5 4 1 0
3 3 4 3 3 5 0
2 1 1 1 1 3 1
1 1 1 1 1 3 1
2 5 4 2 4 4 0
5 2 2 3 4 3 0

CA~TC~CC~CL~CM~CNeagg iy * £ RH > N A8 1 &0 7 * &4 /1 1-100
FRE2FFFY EFA101-200 % 3 AT R £F 4 201-300 B E -4 AT

% 37420 301-400 B 05 A% % &30 43 401-500 % 7 -
LOST: 0 %7 % » 1 &7 & o

(1) # 7 BB KA SRR N B AR 2 R 2 2 3P o 245 D3R i

ol 9 53 p REnE & 2AeR] 10 W3 Hdpde & 6
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[ ==z
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#r=0.266
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BB 1 RS 2
fER] % n Rl % n
HxE  91.2365 o E 00 O
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3E=0.052
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s 95.8 23 s 218 7 s 86 & = 00 0
iEET 48 24 Aagy 6.4 32 JEgr 116 58 #ady 57.2 286
| H | E
CN CL
##:=0.018 i #:=0.011
<= |1 5 > 1|.5 1|5 54,2
Bif5 9 EfES 10 BRS 11 EiiEG 12
BEH] % n iEH] % n Al % n HER] % n
Ll 00 0 EE 952 25 HE 375 3 = 1000 50
M= 1000 8 L= 38 1 B g25 5 L 00 0
g 12 6 gy 52 26 g 16 8 4ar 10.0 50
| =
TC
r#%=0.008
5
BB 13 HiEG 14
] % n HEH] % n
L 00 O ®xE 1000 3
H= 1000 5 = 00 0O
ey 1.0 5 gy 0.6 3
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TR (b EE S

a0 20 40 G0 g0 100
| 1 ] ] 1

Ch=

CN=

558 T

CA=

TC

4]

T
0.0% 0.1% 0.2% 0.3%
R

(feesgy o LOST
Bl 10 AW AT REE & 200 5§

6 R R ECLRI B A 5 4

Par |
eS¢ TR EK
73 b= HorthEE
s 364 1 99.7%
= 1 134 99.3%
M E rtE 73.0% 27.0% 99.6%

REJ572£:CART
i By LOST

A4 P AeT
/* Node 1 */.
[F (CM !="1") THEN Node = 1 Prediction = 0 Probability = 0.912500
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/* Node 3 */.
[F (CM !="1") AND (CL = "1") THEN Node = 3

Prediction = 1 Probability = 0.535714

/* Node 5 */.

IF (CM !="1") AND (CL ="1") AND ((CCCA="1" OR CA ="4") OR (CA !="3"
AND CA !="2") AND ((TC="1" OR TC = "38") OR (TC !="2" AND TC != "4")
AND  ((CC NOT MISSING AND (CC <=1.5)) OR CC IS MISSING AND ((CM = "2"
OR CM = "5") OR (CM !="4" AND CM !="3") AND (CN NOT MISSING AND (CN
<=1.5)))))))

THEN Node = 5 Prediction = 1 Probability = 0. 958333

/* Node 6 */.

IF (CM !="1") AND (CL ="1") AND (((CA="3"ORCA="2")OR(CA!="1"
AND CA !="4") AND ((TC ="2" OR TC = "4") OR (TC !="1" AND TC !="3")
AND  ((CC NOT MISSING AND (CC > 1.5)) OR CC IS MISSING AND ((CM ="4" OR
(M ="3") OR (CM !="2" AND CM != "5") AND (CN IS MISSING OR (CN >
1.5)))))))

THEN Node = 6 Prediction = 0 Probability = 0. 781250

/¥ Node 9 */.

IF (CM !="1") AND (CL ="1") AND (((CA="3" ORCA="2") OR (CA !="1"

AND CA !="4") AND ((TC ="2" OR TC = "4") OR (TC !="1" AND TC !="3")

AND ~ ((CC NOT MISSING ~ AND (CC > 1.5)) OR CC IS MISSING ~ AND ((CM = "4" OR

CM="3")O0R(CM !="2" AND CM!="5") AND (CNISMISSING OR(CN>1.5)))))))
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AND  (C(CN NOT MISSING ~ AND (CN<=1.5)) OR CN ISMISSING AND (TC="1")))

THEN Node = 9 Prediction = 1 Probability = 1.000000

/* Node 10 */.

IF (CM !="1") AND (CL ="1") AND (((CA ="3" ORCA="2") OR (CA !="1"

AND CA !="4") AND ((TC ="2" OR TC = "4") OR (TC !="1" AND TC !="3")

AND  ((CC NOT MISSING ~ AND (CC > 1.5)) OR CC IS MISSING ~AND ((CM = "4" OR

CM="3")O0R(CM !="2" AND CM!="5") AND (CNISMISSING OR(CN>1.5)))))))
AND  (C(CN NOT MISSING ~ AND (CN>1.5)) OR CN ISMISSING AND (TC!="1")))

THEN Node = 10 Prediction = 0 Probability = 0.961538

/* Node 4 */.
I[F (CM !="1") AND (CL !="1")

THEN Node = 4 Prediction = 0 Probability = 0. 985465

/* Node T */.
IF (CM !="1") AND (CL !="1") AND (CM ="2")

THEN Node = 7 Prediction = 0 Probability = 0.913793

/¥ Node 11 */,
[F(CM!="1") AND (CL!="1") AND (CM="2") AND (((CL="3")OR (CL !=
"5" AND CL !="4" AND CL !="2") AND (CA ="4")))

THEN Node = 11 Prediction = 1 Probability = 0.625000

/* Node 13 */.
I[F (CM!="1") AND (CL!="1") AND (CM="2") AND (((CL="3") OR (CL !=
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"5" AND CL !="4" AND CL !="2") AND (CA="4"))) AND (((TC="3") OR
(TC 1="5") AND ((CC NOT MISSING AND (CC <=3.5)) OR CC IS MISSING  AND
(CN IS MISSING OR (CN <= "4")))))

THEN Node = 13 Prediction = 1 Probability = 1.000000

/* Node 14 */.

IF(CM!="1") AND (CL!="1") AND (CM="2") AND (((CL="3") OR (CL !=
"5" AND CL !="4" AND CL !="2") AND (CA="4"))) AND (((TC="5") OR
(TC !="3") AND ((CC NOT MISSING AND (CC > 3.5)) OR CC IS MISSING  AND
(CN NOT MISSING AND (CN > "4")))))

THEN Node = 14 Prediction = 0 Probability = 1.000000

/* Node 12 */.
[F(CM!="1") AND (CL!'="1") AND (CM="2") AND (((CL="5" ORCL="4"
OR CL="2")OR (CL !="3") AND (CA !="4")))

THEN Node = 12 Prediction = 0 Probability = 1.000000

/* Node 8 */.

[F (CM !="1") AND (CL !="1") AND (CM != "2")

THEN Node = 8 Prediction = 0 Probability = 1.000000

/* Node 2 */.

[F (CM = "1") THEN Node = 2 Prediction = 1 Probability = 1.000000
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HEM | ERCEEME
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F 8- ACM ~ CL Pl 4 57 £

Pl
BT TR
# = BHothEER
& 353 12 96.7%
P 5 130 96.3%
R E I 71.6% 28.4% 96.6%

flesHs: LOST
24 CL, CM

A2 RBP4

/* Node 5 */.

[F (CM !="1") AND (CL ="1") AND (CM !="4" AND CM !="5" AND CM !=
n 3" )

THEN Node = 5 Prediction = 1 Probability = 0. 714286

/* Node 6 */.
I[F (CM !="1") AND (CL ="1") AND (CM ="4" OR CM ="5" OR CM = "3")

THEN Node = 6 Prediction = 0 Probability = 1.000000
/% Node 4 */.

[F (CM !="1") AND (CL !="1")

THEN Node = 4 Prediction = 0 Probability = 0. 985465

/* Node 2 */.

IF (CM ="1")

THEN

Node = 2 Prediction = 1  Probability = 1.000000
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