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[Abstract]

Despite the efforts of financial authorities in conducting the direct management and supervision of collection
agents and bond-collecting guideline, the illegal and unfair collection of debts still exist. To effectively prevent
such illegal and unfair debt collection activities, we need a method for strengthening the monitoring of illegal
collection activities even with little manpower using technologies such as unstructured data machine learning.
In this study, we propose a classification model for illegal debt collection that combine machine learning
such as Support Vector Machine (SVM) with a rule-based technique that obtains the collection transcript
of loan companies and converts them into text data to identify illegal activities. Moreover, the study also
compares how accurate identification was made in accordance with the machine learning algorithm. The study
shows that a case of using the combination of the rule-based illegal rules and machine learning for classification
has higher accuracy than the classification model of the previous study that applied only machine learning.
This study is the first attempt to classify illegalities by combining rule-based illegal detection rules with machine
learning. If further research will be conducted to improve the model's completeness, it will greatly contribute

in preventing consumer damage from illegal debt collection activities.

» Key words: Illegal Debt Collection, Machine Learning, Classification Machine Learning, Text Mining,
Document classification, Support Vector Machine
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I. Introduction
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Table 1. Results of the report of damage by the illegal
private financial reporting center (daily average)
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II. Preliminaries
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2. Theoretical Background
1) Keyword Embedding
719e= HAE X809 Q35 &S %1—51_79'% L}t
el oﬁﬁ—f— o 719= omﬂ% ¥
<]
(o]

EE SVM, RF C’J‘%OﬂL tf dfs /\}9—0}_1_ CNN 8k5 A
o= Word2VecE ARSI

o tf-idf

7IAE S aPdollA Z17te] 719 Es A BRE Y
EX(feature)22 ARGHTE. T2tA stUe] FAE 717
S5 S5 HE 2 wighelr] Yoliiie 2 719 Es HE
Ul o4 ARIo] Hish Adaghe 2 wigksh= Aol e
sict. Al t-idfe 719E9 A4 Ul BIE({f : term
frequency)?t 7I19=7t EAske A9 RlE(df

document frequency)g ©[-&5t] AXIE]H, offf Al
ot ALt HRE B 7P HEst FEiE UEUeIT
(t: 719 &, d: 4 &A1, D AA 24 AY)

tfidf(t,d, D) = tf(t,d) < idf (t,D) =

r>~1
2

.- A2 A 5
to] A U =& Xlog( =

A

5!
%

t

» Word2Vec
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Fig. 1. Example of meaning relations among Word2Vec

key words
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3) Machine Learning model
« SVM (Support Vector Machine)
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Fig. 3. SVM (Support Vector machine)
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Fig. 5. Random Forest algorithm application example
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Fig. 6. CNN models example for document classification

III. Classification Model for Illegal Debt

Collection

1. Proposed classification model and structure
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Fig 7. Classification model for illegal debt collection
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2. Data Organization and Preprocessing
1) Data Organization
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Table 3. Rule pattern example
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Table 9. SVM-Uni performance

Learning Precision Recall Accuracy
Algorithm (1) ) (3) (4) (5)
SVM-Uni-1 | 87.95 | 86.79 | 91.25 | 82.14 87.50
SVM-Uni-2 | 89.74 | 8276 | 8750 | 85.71 86.76
SVM-Uni-3 | 86.75 | 84.91 | 90.00 | 80.36 86.03
Table 10. SVM-Tri performance
Learning Precision Recall Accuracy
Algorithm (1) ) (3) (4) (5)
SVM-Tri-1 | 75.96 | 96.88 | 98.75 | 53.36 80.88
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g o MaSICE [Table 11, 1212 BHHE 4]
S ST HAE oPlEg gyoz NEd Aol
[Table 51 Amstof Leplgic,

Table 11. RF-Uni identification result
LRI | o N FP | FN | TP
Algorithm
. 20 38
RF-Uni-1 es“madtortsh',é (Rule20+ | 18 | 7 | 73
max depth : RF:18)
timators : 30 32
RF-Uni-2 es'mzorsh',é (Rulei20 +| 24 | 4 | 76
max depth - RF:12)
timators : 50 30
RF-Uni-3 | °> "o 0% 22| (Rule20 +| 26 | 5 | 75
max depth - RF:10)

Table 12. RF-Tri identification result

LRI | e ™ FP | FN | TP
Algorithm

timators : 10 26

RF-Tri-1 rensax jeoti', 1| Rule20+ | 30 1|79
ph - RF:6)
. , 24

RF-Tri-2 | estimators = 10. 1 o o0 | 32 | 2 | 78
max depth : 15 RF:4)

91o] 51§ A [Table 6]9) B} x| EZ AF85to] 4
S84 212 R ofef [Table 13, 149} Zck

o

Table 13. RF-Uni performance

Learning Precision Recall Accuracy
Algorithm (1) ) (3) (4) (5)
RF-Uni-1 | 80.22 | 84.44 91.25 67.86 81.62
RF-Uni-2 | 76.00 | 88.89 95.00 57.14 79.41
RF-Uni-3 74.26 85.71 93.75 53.57 77.21
Table 14. RF-Tri performance
Learning Precision Recall Accuracy
Algorithm (1) ) (3) (4) (5)
RF-Tri-1 72.48 96.30 98.75 46.43 77.21
RF-Tri-2 | 70.91 92.31 97.50 42.86 75.00
4) CNN

CNN 9hA A5t 71AIsYS 718 tha] 1A 7]
Y= It AEAAE convolutiong 0]-85to] st551]
O, tri-gramoi| tiet 5242 o8SHA] oottt lﬂl

1 CNN9] 3% small dataseto]] tholiA+= mteto]g] &
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of Wt g5 Ato|7F IX] ¢17] o, AMHe] S5 &
s uj2] =% metule gog wAA T shastnt A
H 9 de5wA Aaks [Table 15, 16]aF 2ttt
Table 15. CNN-Uni identification result
Learning
Slger TN FP FN TP
R 39 (Rule:20+
CNN-Uni CNN:19) 17 3 77
Table 16. CNN-Uni performance
Learning Precision Recall Accuracy
Algorithm (1) ) (3) (4) (5)
CNN-Uni 81.9 92.86 96.25 69.64 85.29

3. Comparison of the Machine Learning Best
Algorithm Performances
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AFSIR| = IFA|TE, tri-gramg A-88 A2 uni-
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27 dE7HEeg ZloR Helch

4. Results of Performance Analysis Targeting
Randomly Extracted Data
HAE HolBE tigez 4% = gt
SVMe] 50l 7MY £ 9 SHIstt. mepd & Ao
e B o] BJAE §702 AR 4
S

olg] A=l sl 2HdE Al A
SR i

r>~|
=2

of, H50] HelulelE Heslol ] H5S Hole 7f o e oo BEEAE A A
X]A o] nlelulelE AQes 1 Hol= 2 N - -
2ze ¥ Eﬁﬂfuﬂl S [Tabl 1070128]01] e R PRSI SR N e
BLA= LT able s = = = =
(i cee= AgEttoz FEet Ao sl 242 AAISIT. A
A gk 8070, B 56712 AE ElAE HloES oz
gk 5074, 2% 50719] glolEE& £Xe] F&E5t= A
Table 17. Classification of the machine learning Sy
ASHGHAH O 71—71— 74 o 3 W A7}o
best algorithm E 10g o} D:] 4 Oﬂ E‘Ho ”\_’}.'E E‘L}Jl
o B2 Tohl ds R ol Eofth
earning
e TN FP FN TP
SVM Best 4+6 s(\F;:Alezf,)O 10 7 73 Table 19. Results of applying SVM (Best) to the
® R |. 0 classification model
RF Best ute: 18 7 73
+ RF:18) Number of
39 (Rule:20 £ . TN FP FN TP
CNN Best , 17 3 77 xtractions
* CNN:19) 41 (Rule:16+
sample_1 SVM:25) 9 3 47
Table 18. Machine learning best algorithm performance sample_2 415(\5{|\‘j|!§:12)0+ 9 3 47
Learning Precision Recall Accuracy sample_3 425(\5;!;:51)% 8 4 46
Algorithm (1) ) (3) (4) (5) 7 (Ruie118+
SVM Best | 87.95 | 8679 | 91.25 | 82.14 | 87.50 sample_4 SVM:23) 9 4 46
RF Best 80.22 84.44 91.25 67.86 81.62 cemle 40 (Rule:19+ 10 3 47
CNN Best | 8191 | 92.86 | 9625 | 69.64 | 8529 - 405\;"";211)6
: +
sample_6 s(v|\l/J|:§4) 10 5 45
Ihe] 7IAES 22 5 g SHA SVMY| s sample_7 415(\51[;;!3:31)& 9 3 47
o] 7MY =52 &g & Qo 22]a CNN9| 4% A 42 (Rule:20+
_ _ ° _ sample_8 SVM:22 8 5 45
ST ZuoAt W H5e Holx UL Suioly Sz
- - ule-
= 20 5o BYg U 4 9k o= CNNo| | sample? SVM:25) 8 | 4 | %
SVMo]| ]l 7HA]= o]l £~& QJR|qF SVMe| 4L sample_10 415(\$|\l;||!§;11)7+ 9 4 46
atzjole] 548 53] ONN 4 %ﬂ} ket 45g Holk
. average 411 8.9 3.8 46.2
A% EAfstArt. 12]1 SVMe] 8 AlZto] CNNOJ




102  Journal of The Korea Society of Computer and Information

Table 20. Results of the performance analysis of
applying SVM (Best) to the classification model

Machine Precision Recall

. Accuracy

Learning

Algorithm | (1) ¥ 3 (@ )

SVM Best | 83.85 91.54 92.40 82.20 87.30
tflolEo]

[Table 19, 20] AaH= 103]9] A9 ABZ 2
oj5t A58 Auto]oy, [Table 21, 22] Zub= E20do]

A 2HAE PAL Aoshn R A Aol
Table 21. Classification results of applying only

machine learning SVM (Best)
(excluding illegality detection rule)

Sxractions | ™ | PP | A
sample_1 39 11 3 47
sample_2 36 14 3 47
sample_3 39 11 4 46
sample_4 38 12 4 46
sample_b 38 12 3 47
sample_6 38 12 5 45
sample_7 37 13 3 47
sample_8 39 11 5 45
sample_9 38 12 4 46
sample_10 37 13 4 46

average 37.9 121 3.8 46.2

Table 22. Classification performance that applied
only machine learning SVM (Best)
(excluding illegality detection rule)

Machine Precision Recall

. Accuracy
Learning
Algorithm | (1) ¥ 3 (@ )
SVM Best | 79.25 90.89 92.40 75.80 84.10

[Table 20, 22Joll4 UER}= e 297% HAl0]
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V. Conclusions
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