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4. Ng# Hl0lE

¥ Ao A= UCI Machine Learning Reposi-
toryoll A A& 3}= Churn Data Set& AF&3FA
(Bache and Lichman, 2013). ¢] ®H°]E &= 21749
EQow FAH don olFEal 1A FA
(Retention) 9} ©]&(Churn)ell w8k % 5000712] &l
FE7F glom v Y2l fA] a7 o] 85%0]
I Ag FH 2 ojgdaue] 15% vy dlo]
Fglolt}. Churn Data Set9] £/ <Table 1>
2}

L)
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<Table 1> Attributes of Churn Data Set

Input Attributes

Name Description
STA | The 50 states and Washington D.C.
Account length : integer-valued variable for how
ACL )
long account has been active.
AC Area code : categorical variable.
PN Phone number.
P International Plan : dichotomous categorical
having yes or no value.
Voice Mail Plan : dichotomous categorical
VMP ) )
variable having yes or no value.
Number of voice mail messages :
NVM | . )
integer-valued variable.
Total day minutes : continuous variable for
TDM | number of minutes customer has used the
service during the day.
TDC | Total day calls : integer-valued variable
DG Total day charge : continuous variable based on
previous two variables.
Total evening minutes : continuous variable for
TEM | minutes customer has used the service during
the evening.
TEC |Total evening calls : integer-valued variable.
Total evening charge : continuous variable
TEG . )
based on previous two variables.
Total night minutes : continuous variable for
TNM | storing minutes the customer has used the
service during the night.
TNC | Total night calls : integer-valued variable.
™NG Total night charge : continuous variable based
on previous two variables.
Total international minutes : continuous variable
TIM for minutes customer has used service to make
international calls.
TIC Total international calls : integer—valued variable.
Total international charge : continuous variable
TIG ) )
based on previous two variables.
NCSC Number of calls fo customer service
integer-valued variable.
Target Attribute
Name Description
OFF An indication of whether or not that customer

churned.
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dlole J&E vEs GARA fAu7 8%4293  BFE 4 9, Lee and Leet= Hybrid Model &
M), elga 15% (70771 = T4 A 500071 <] TZ3E WY ozA Whole Data Approach®t
7= Fo A 3000715 Samplingdle] Training Segmented Data Approach®] F 7H4] H<HE A

(8}%8) DataZ, 100071E Sampling3}o] Test(E
2~E$) Data® AHE-ska, YA 1000719] gla2==
do] HE HATES =435}7] Y3 Evaluation
7}8) Data® AR&3stith

7 WA dAlA = B E o

1-1:1

(%

o

18 Jto= 4

% Training Data=5-8 ©]g&3170-8 Oversampling
Sko] -2 217 502%6(15007Y), o] ezl 5096(15007H)
2 7Y FY2 7ol 78S o]F Training Datas
W=ttt Sampling #3& <Figure 1>3 7t}
o] gk Sampling 2r4-S 108 3tef 10-fold Cross

ValidationS =33}%1

5000 Records

Retention 85%
(4293 Records)

Random Sampling
(Ratio of 85:15)

Random Sampling
(Ratio of 85:15)

Imbalanced Churn 15%
Training Data (707 Records)
Test Data
3000 Reten 85% Random Sampling
Records (Ratio of 85:15) Reten 85% 1000
Records

Churn 15% Churn 15%

Oversampling
(Ratio of 50:50)
Balanced
Training Data .
Evaluation Data
3000
Records

Reten 50%

Reten 85% 1000

Records

«Churn 50% Churn 15%

<Figure 1> Sampling Process of this Research
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Hybrid Model AH3-¢] 222 shke] 4% 3
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shiel mae e W o

of

A& tHLee and Lee, 2006).

5.1 Whole Data Approach

A oy o2 2d

EollA &8l AHgate Y E.E/H <Figure 2>
S} 2ol ] 74 #F&ol stk

W1 Types 29 A7} 29 B AAe] 7|55
gt fFgelth dE 50, JAHERUT 7Y
o &4 ABE T T, 2 AHE SAET
o7 AFANAY BdS FE5= H$o

W2 Type W1 TypeA ® 5 7)¢] Bdlo] 24
Ao g FeE= Zlo] oy, Bdl A7} ®El B
Wiol 23HE o] = FRolth dE o, dFAl
BAE 5 wo) £ AAS EAE AT
W] F2E 4 ¢ag S (Genetic Algorithm)
= ol&ate] FMst= Adpolth

W3 Type2 Ed AE 35t A2 3 (Solu-
tion) S 24 BY ¢Ho & Algats frdolth &
e ol HA7E mEl Al ARE-E o] ofH | E
(= slE2) AFEsta, 29 Be= o9 doly A
Aot 1 HEEE HES) AHESt] HE HE &
Zohe Aolth d & 50, AEAATS] a7t 2l
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W 1 Type W 2 Type W 3 Type W 4 Type

Solution Solution

Model B Model B Model B Combine
[ ResultA ResultB ResultC
Model A —
Model A Model A
Model A Model B Model C
Data Data Data Data

<Figure 2> Whole Data Approach of Hybrid Model

of A% Hg ExaE ol SERDEER R E S T
s g ded, A HAE 49 dHolHE £4¢
5.2 Segmented Data Approach S0 whet #eahe Aol F A= L3St 7
H(Clustering Technique)¥} 22 24 7|HE
o] FEHL 4 vlolElE E &3 Fo 7 B ARgste] w&ak= lolth A WAle A= FE
v he B9 S oItk A% e ¢ al% Al Qelol dlg BA7kel 9l 44 (Domain
g o] 7t Bdo] E&3t 5 S3tet-Lf shA Knowledge)ol 23l 43§ €t}
oriovfol] whet <Figure 3>¢F o] 27 F §3 < w8 HolHE AHEstE ] Hybrid
= = g rh Modelel A= a9 R 25 H doj7l sl&S& &7
S 1 Type
c‘é’ D1 Model A Solution A
3
Data ,C_DD, D2 Model B Solution B
Q
g' D3 Model C Solution C
S 2 Type
¥ D1 Model A ResultA
E
Data g D2 ModelB  ResultB  Compbine  Solution
)
S D3 ModelC  ResultC

<Figure 3> Segmented Data Approach of Hybrid Model
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6.1 SVM Model@| MH|

SVM Model®] AAel|A]= Az &arg]
AH&-3Fe] SVM Model 9] pH 2o o] -$-8H=
Sate] HdY o A shetuEt & s}
5-fold Cross Validationg o]-&3}o] H# 9] C &

Fa9.00 o] ol g5to] SVM #41% Sl
c v @l 247 2, 271 W) Y347} 1

o]uj 9] Training Data

Aoz geston,

l tH‘G& AFES 944%°1

6.2 ANN Model2| MA|

ANN Model= 24939 =29 /|55 A5 10
AR At} A3 2 ST AN S
At 249 w=9] Ji47) 149 W] Training Data
o] AFEo] AY =doH MNE AFE AFE
o] WolAi Aol i) e euwse
MEE 142 AA 8T Training Dataol] 3k 4
-2 94.0%°] At

6.3 Hybrid SVM Model?| T+Z

B Aol A sl Hybrid SVM Model2 o}

2] F 7 B4 gAstelof gtk A, Hybrid
SVM Model®] ®17+%=(Sensitivity : “FA'E “FA’

o Zshs HlE)E B d Hloly JEoR Sy
3k SVM Model®] R17FEe] $=0] ofof 3l
S, Hybrid SVM Model®] E-¢] =(Specificity : ‘©]
2 ol E o Fohe vlE)E T E Eﬂ ole] H&

o2 8453 SVM Model 9] Eo]% 9] F5=0] H o]
of gt} o] - 7HA] HAjo] A Hrhd }Oﬂ*ﬂﬂl
AA AFES Eobd slolth & AT A= SVM
ModelZ} ANN Model®] A3 F3to] <Figure 4>

9} gro dZnde A st} o] Rdle A 54
A} 2713k Hybrid Model®] 38 14 S1 Typeel
2:3}= Hybrid Model©] T},

ANN_I Discii2  goinien
Imbalanced
Data L ®
Discri_1
Balanced SVM_B Final
Data Solution

<Figure 4> Structure of Hybrid SVM Model

(RSN

<Figure 4>¢] %ol 3= 7 71| dolg 3
‘Tmbalanced Data’®} ‘Balanced Data’+= <Figure 1>
9] Sampling 2ol 2ste] AAdE Aotk <Figure
4> A|A1¥ Hybrid Model®] 15344 2 o =314
& o 2k

B33 dlo|E Fgtoz srate] ANNI Model
3} SVM_I Model & 951, w38 dolE] {gow
&k53519] SVM_B Model& WHETh 98 glm=0
A SVML_Ie] “f-A'%, SVM_B% “F-A'% o=
7Y, 5-& SVM_Ie] ‘o]&F® SVM BE ‘o|&
2 o3 ¥ 3= Discri_l Modelol Al W w&k
o= dFHAe] P} HF vt AHHrh
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1 9] HAEE QW WEo R 5ol X9
Ht} Discri_l Modelol A @9 Wako 2 235 2
FEF ANNLI Model®] o541 & o] &34 54
JAPAA L] 73S o]-8-8F] Discri_2 Modelol
A HFE 7 249 2 15<9] Hybrid SVM
Modeloll 238t 7}7Fo] Model® €& <Table

2>9 2t

o

<Table 2> The Roles of Individual Models

Basic Models

ANN_I | ANN Model trained by imbalanced data.

SVM_I | SVM Model trained by imbalanced data.

SVM_B | SVM Model trained by balanced data.

Discrimination Models

It discriminates the path of prediction process, i.e.,
Discri_1 | @ for final solution and @ for further analysis, by
comparing the results of SVM_| and SVM_B.

On the records coming from the path @, it
determines the final solution by applying the
discrimination rules obtained from decision tree
model.

Discri_2

6.4 Basic Models

Ao A AL23LE 3709 Basic Model 3
ANN_B Model®] Test Datacll i3t 452 <Table
3>3} 2+t}. ANN_B Model th& Zdlz}o] A5
v g flate] A ow EIAIZT

<Table 3> Performance of Basic Models
on Test Data (%)

114 0 2 SVM Model©] 4 %E°] ANN Model
o] AFEHT Holwth SVM_IZF SVM_BET} 4
gou, WIS} SolwoE A% 1
L& SVM IV} =9 5ol
SVM_B7} =484t ojef et A5 EOE A 6.3@
13+ Hybrid SVM Model®] F 7H4] &-2]&
S 2ol AAs3iTh 5, Hybrid SVM Model 2]
“ SVM_BY

=

6.5 Discrimination Models

Hybrid SVM Modelel 21¢{A Discrimination
(FH) Model2] &2 SVM_I2} SVM_B9] o =
A& F8skal, SVMLISH ANN_I®] o &4 & Bl
sto] HE g AT Aolth & dAFelA=
-3} 7-2 314 © 2 Discrimination Model 2 A
At

Discri_1 Model:> SVM_I9] SVM_B®] o545
Sl mE2A <Table 4>9F 22 12l 4]
39t} <Figure 4>¢] Hybrid SVM Model i 4|
SVMLISt SVM_B7} 9 8HA 53 75-oll= @
H ek o g e o] 1 gro] HF 2 A Hr

<Table 4> Rules of Discri_1 Model

IF SVM_I result = Retention
AND SVM_B result = Retention,
THEN Final Solution = Retention

IF SVM_I result = Churn

132 XsSHEAT AM198 25 20134 6¢

Sensitivity Specificity Accuracy AND SVM_B result = Churn,
THEN Final Solution = Churn
ANN_I 97.4 65.5 92.8
IF SVM_I result # SVM_B result,
ANN_B 91.3 756 89.0 THEN Proceed to the path @
SVM_I 97.0 73.0 93.6
A 76 %09 7 o] Nz A el5a 7ol @9 3
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ko 2 A% o] Discri_2 Modelo] & A&

AXA At QW BEFo R WEgH flﬂlE‘éoﬂ o
A=, AHAA U REE ALgete] HE e
ZAA38th Training Datadll thdk ANN_I9] o=
j]% geEztoz 7t gHre] olg o s HExzh
= AAsto] AAAUT RES F5Eelth
Discri_2 Model®] 722 <Table 5>} 2t}

_I_:

<Table 5> Rules of Discri_2 Model

IF ANN_I output value < 0.285,

THEN Final Solution = Retention
IF ANN_I output value > 0.285,
THEN Final Solution = Chum

o] =

<Table 5>0l AA= > = F2 2] Threshold
Y 02855 = AFellA] ARg-gk dlofElel 43}
o] =FE Frolth E Aol A A
Hybrid SVM Model®] T-%©]#] <Table 5>¢l4] A
Al A 22 54 Threshold #ke] oFy7] vzl

o] Threshold 7t th4 dlolEel wte} AntEA|

= 2~
g 4 9l

6.6 Hybrid SVM Model@| Test Data0i| CHSt
M=
oo

24 % Hybrid SVM Model® SVM_I, SVM_B
Model®] Test Datadll tigt 452 <Table 6><}
2l B At A s SamplingS 10 ko] 10-fold
Cross Validations 335022 107] Fold9]
A7t AA = ek

<Table 6>l 4] ®Zo] Hybrid SVM Model 2|

A5 E0°] SVML_IY SVM_B Model®] #%& 1.t}
s e =1 I A i b e GRS I e B i e
dq, & UPREE SVM IS 302, Boky
SVM_BY] 702 A} s HA4 o] Y=gl
Hybrid SVM Modele] t+& F+ 2dH ) 943k
2 ROC(Receiver Operating Characteristic) =41
_oqﬁ/Hoic ol—/\ E]'ROC o]

A

A

aLx] o ‘1 =

R A

<Table 6> Performance on Test Data (%)

SVM_I SVM_B Hybrid SVM

Fold | Sensitivity | Specificity | Accuracy | Sensitivity | Specificity | Accuracy | Sensitivity | Specificity | Accuracy
1 98.36 66.66 93.80 93.45 73.61 90.60 98.00 7150 94.20
2 91.13 71.32 88.30 91.83 74.82 89.40 95.00 72.00 91.70
3 98.12 74.82 94.70 93.20 78.23 91.00 97.00 77.60 94.10
4 97.79 78.10 95.10 94.20 83.21 92.70 98.20 81.00 95.80
5 98.26 77.37 95.40 95.48 82.48 93.70 98.40 7740 95.50
6 96.92 73.77 94.10 93.28 82.78 92.00 96.60 81.20 94.70
7 96.26 73.42 93.00 92.99 7342 90.20 97.70 72.00 94.00
8 97.75 75.48 94.30 92.54 76.12 90.00 97.40 78.70 94.50
9 98.23 71.52 94.20 91.75 73.50 89.00 97.50 74.80 94.10
10 97.26 67.72 92.60 92.99 77.80 90.60 96.80 74.70 93.30

Avg 97.01 73.02 93.55 93.17 77.60 90.92 97.26 76.09 94.19
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ANN_I
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Data
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Data -

Fold SVM_I SVM_B Hybrid SVM Prediction Accur
1 0.8252 0.8353 0.8477 Retention Churn acy
2 0.8123 0.8333 0.8351 Retention |  94.65 5.35

SVM._| 90.76
3 0.8648 0.8572 0.8725 Chumn 33.80 66.20
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2 | syM.B 88.25
5 0.8782 0.8898 0.8788 5 Chum 33.00 67.00
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Churn Churn Churn

<Figure 5> Hybrid SVM Model for Customer Churn Prediction
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Abstract

A Hybrid SVM C(lassifier for Imbalanced Data Sets

Jae Sik Lee” - Jong Gu Kwon™

We call a data set in which the number of records belonging to a certain class far outnumbers
the number of records belonging to the other class, ‘imbalanced data set’. Most of the classification
techniques perform poorly on imbalanced data sets. When we evaluate the performance of a certain
classification technique, we need to measure not only ‘accuracy’ but also ‘sensitivity’ and ‘specificity’.
In a customer churn prediction problem, ‘retention’ records account for the majority class, and ‘churn’
records account for the minority class. Sensitivity measures the proportion of actual retentions which
are correctly identified as such. Specificity measures the proportion of churns which are correctly
identified as such. The poor performance of the classification techniques on imbalanced data sets is
due to the low value of specificity.

Many previous researches on imbalanced data sets employed ‘oversampling’ technique where
members of the minority class are sampled more than those of the majority class in order to make
a relatively balanced data set. When a classification model is constructed using this oversampled balanced
data set, specificity can be improved but sensitivity will be decreased.

In this research, we developed a hybrid model of support vector machine (SVM), artificial neural
network (ANN) and decision tree, that improves specificity while maintaining sensitivity. We named
this hybrid model ‘hybrid SVM model.” The process of construction and prediction of our hybrid SVM
model is as follows.

By oversampling from the original imbalanced data set, a balanced data set is prepared. SVM_1
model and ANN I model are constructed using the imbalanced data set, and SVM_B model is
constructed using the balanced data set. SVM I model is superior in sensitivity and SVM_B model
is superior in specificity. For a record on which both SVM I model and SVM_B model make the
same prediction, that prediction becomes the final solution. If they make different prediction, the final
solution is determined by the discrimination rules obtained by ANN and decision tree. For a record

on which SVM I model and SVM_B model make different predictions, a decision tree model is

*  Corresponding Author: Jae Sik Lee
Dept. of e-Business, School of Business Administration, Ajou University
San 5, Wonchun-Dong, Youngtong-Gu, Suwon 443-749, Korea
Tel: +82-31-219-2719, Fax: +82-31-219-1616, E-mail: leejsk@ajou.ac.kr
** Dept. of Management Information Systems, Graduate School, Ajou University
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constructed using ANN I output value as input and actual retention or churn as target. We obtained
the following two discrimination rules: ‘IF ANN I output value <0.285, THEN Final Solution =
Retention’ and ‘IF ANN_I output value =0.285, THEN Final Solution = Churn.” The threshold 0.285
is the value optimized for the data used in this research. The result we present in this research is the structure
or framework of our hybrid SVM model, not a specific threshold value such as 0.285. Therefore, the threshold
value in the above discrimination rules can be changed to any value depending on the data.

In order to evaluate the performance of our hybrid SVM model, we used the ‘churn data set’
in UCI Machine Learning Repository, that consists of 85% retention customers and 15% churn customers.
Accuracy of the hybrid SVM model is 91.08% that is better than that of SVM_I model or SVM_B
model. The points worth noticing here are its sensitivity, 95.02%, and specificity, 69.24%. The sensitivity
of SVM I model is 94.65%, and the specificity of SVM_ B model is 67.00%. Therefore the hybrid
SVM model developed in this research improves the specificity of SVM_ B model while maintaining
the sensitivity of SVM I model.

Key Words : Data Mining, Imbalanced Data Set, SVM, Hybrid Model
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