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Abstract

With the continuous development of Internet finance, the identification of borrowers’ default risk
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of peer-to-peer (P2P) lending has attracted the attention of financial institutions, and with the im-
plementation of Internet finance rectification measures, the amount of loan defaults has been de-
creasing. Therefore, under the environment of decreasing historical default data in P2P lending,
default warning analysis based on unbalanced data is particularly important. In this paper, based
on BSL unbalanced sample sampling algorithm, K-means clustering algorithm is used to reduce
the complexity of sampling time, and random forest is used to compare with other machine learn-
ing classification algorithms. At the same time, text analysis of loan description and loan title is
added. Finally, a peer-to-peer lending default warning model based on random forest is estab-
lished to identify P2P loan default risk of unbalanced data. It not only meets the needs of high effi-
ciency and high recognition rate, but also meets the practical needs of incremental learning, and
provides certain supervision guidance for peer-to-peer lending platform.
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Figure 1. Research ideas and technology line
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Table 1. The continuous variables of default warning model
=1 OBEYMERAESRTE

Fitigs BRIl IR NS EReilfSE
Mean 58,627.9 11.9 43 15
Std 32,614 5.4 9 0.64
Min 97.18 3 24 9.2
Max 950,000 36 66 21
AR5 REL 0.56 0.48 0.21 0.04

e 1, XTSRS R A ESE AR 5, B F RPN, Bl A 8O EHL 15
AN 5 A5 SR FARAL 7 R, B AT BN SR . Hh RN R AT IX TRy 24 £~66 &, ¥
Hy 43 %, RYITHAT P2P sk N EZONREEREA . 25 WI[B15F NIR Ak @il, IEaIVIR 5 A 2
FXS T LR N, AR SO SRN S BRS IEZEAT AT o

Table 2. The discrete variables of default warning model
2 EAMEERSHAETE

Git A gson  pmams mw saOdEn TN gy i e
e BHRE GRS REHERA B L SMERE ERA TR
Unique 22 6 7 2 2 27 5 6 4
Top %ol ol BB % P FIEA AR R 6-12 1%t 54FDLE
Freq 6125 11,949 4634 11,001 10,093 1856 9156 5223 8636
=
EE%)\\ 0.50 0.004 0.61 0.08 0.16 0.85 0.24 0.56 0.28
it REAE MEAR BEAE o e e ey EEASE BERAR EAE
febr LR W52 prepgg RN ERMEIREL Con ot memr g SRR
Unique 2 5 5 6 8 4 7 2 3
AR 2R 1 AR, , . ‘

4] - = S s E
I s TG LT S T L L Yo
Freq 11,475 8237 10,743 8123 9056 5599 8203 8414 11,480
(=N
;J;;)\\ 0.04 0.31 0.11 0.32 0.25 0.53 0.32 0.30 0.04

N 2, T RAEEE, WATFZERRE AR X TAERNFEAT KR, 20 50% M fE RN
MEATW AN . H, ST A AR MR, 17 24% ISR RATH LR o [,
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X-E(X)
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4.3. EWIHRELERIH
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T2 (i=0,12,,k oRERME i #8), BN 4:1, KI5 HHHDBEEREAR S CELAREA S) 5N E T T
AREARIRGRE B, BATR kB B0E N 10, BT — AN D EEREEA S L Bl i+ s, IR A4
FEA S AR A S BCE, SRR T K2 R K 2], WRZEEA ORI AR A i, A FRA TR FR A
Ao T RIS H A L FAEA R 5 DBERFEAR N kLB, MRIRAETHR N EATHE, R&EA1E
i BSL RAFIRECA A% FFr A S LA, IR AR S IR FEA R, BT IR T, -
ASOIRAE SRR AN FREI A, 2 T2 0003 k (B0 10.

N TR T BSL RAMMANEE N T P2P A XS TN KIVERE, AT SElEAT BSL RFFRT, HUAL
TEBEIALR), SCHEFEEILSVYM), BEHLEEEE T (SGD), #iZ N FEM# (GBDT), DI fi(Bayes), #hi
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Table 3. The comparison of different algorithms before BSL sampling
2 3. BSL MR AR A LI RTEE

ot L HABREE A B % LR FLE IEAT I ]
LR 0.94 0.51 0.66 0.46s
SVM 0.92 0.29 0.44 8.48s
SGD 0.93 0.48 0.62 0.41s
GBDT 0.95 0.61 0.72 5.45s
Bayes 0.92 0.33 0.47 0.12s
DT 0.94 0.61 0.66 0.20s
KNN 0.935 0.52 0.63 3.70s
RF 0.96 0.64 0.76 0.65s

RS ORI, BEHUARMEE X iz de, R . SRR A Bl R BRI FLEDLLSE
AR B EAT T 1 4G

SOBAR[O]FT IR (1) BSL RAESL L, HWRMBO N RMER, MR RE R, HEEFEAR AN
m, FPESE AT SRR I, A SR FI[16] 00 A, MRIEE I REP A KRR 77 AR R
AN 1L %, X FERIEAT BSL RAE, KR RIECIZ N REEER, KRR TR RE.

Table 4. The comparison of bsl sampling and local BAL sampling
& 4. BSL K5 /580 BSL RAESLH T EL

L RERASE SRAERT [ RF HE L2 [m R
4x )5 BSL SKAE 759 2h 0.71
FRJEHI &3 BSL KAE 667 11 min 0.82

4R, [FRREENRE BSL RFE, EREBLAREARNEEITE, HT2RMEMBRFEN K HE
WEME, 1MREREGANERRREARRED, R RE BSL RFFAE RIS AR R D> T 25
BSL KA, (HA] LA SR FHELIARZE B A B2, H KR B2 BRI R A0 B, DR SO i) BSL SRR
AFRRFER KRG 1) BSL 36K AE

Table 5. The comparison of different algorithms after local BSL sampling
F 5. [H#B BSL RHEERREEELLxItE

i HERIE BAbRE AR R HLRRR FLE BATI IR
LR 0.90 0.42 0.58 0.80s
SVM 0.87 0.27 0.43 15.9s
SGD 0.89 0.51 0.64 1.02s
GBDT 0.95 0.80 0.85 9.62s
Bayes 0.89 0.43 0.57 0.62s
DT 0.95 0.75 0.76 0.69s
KNN 0.91 0.56 0.69 11.4s
RF 0.96 0.82 0.87 13s
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BEXTT KNN 509, BT R RE I AR O — B0 RIS L8R 10 A B R 2 &, metxd 15T
BARMEE, a0 GBDT. DT RF, ARS8 A B AR RFHREEROR, X2 B3 T AR W Bk
WAL E RRE, T BSL RARHE N B B L — e 2R Bk 7 SMOTE BBy K K30 FAsER)
V) R, AT E 25 R AR B P I R (S 4SS 20 ) 7 (] 249 31 B R AR BE )4

A SCARYE AR AN [T N SCAS AR AL BE AL B3 20 FE AR 1A R I AR, IONTRUAE SR bl s 8 3k 1 3 R 91 SO AR
FRIHAE . F T 5 ST AR BE AR R fE R N — TR SRR, ELABALRE R o, 3R IS (53 (5 B EA
B, FEBRS, F TR N — AR r A S A RS A TR T (5 b R R 4
W, XIS BA —w P E T, R e B ) 1 B AR SR AR UL EE mT DA A KA 5 796 1) SCAR ) AH
U, P15 word2vec BHATRERIMCAL . A Sefd ] Python A SCSCA 7By T B jieba XF 74 51 SCARBEAT 43
], AR G KA 11 38 25 B 1] o F0 B AT PR B B0 00 B R R B AR, ) dd A A ) 19 1] ) =
THELR,  SEARAE 2 (3) Hak 1] 9 A1 ) B AR AR X AR ALARE , TS SOARABBURE , 3 21 3Chm AR 3k ik o
BREFRAR o

F2 T R A3 IR FH 2 5% AR AL EE AT WMD S35 H 5 H SR I N SCARRABL RS [ 858, 48 J= 38 BSL KAt
HATREARIMT, HX ORI 1) RF BLAHAT H 4738 X, R ZAHLE . WMD BIETHE H RIS
AARALFE 5 AR SCARAR RS AT b, 25 Rk 6 s

Table 6. The comparison of different algorithms of text similarity

6. FRIXAMRILEREXLL

SCARFIAEE SV 44 B KRR RF 3R RF ({38 20 br % 1 [l 2
AREEARUE 721 0.962 0.74
WDM 744 0.954 0.84
7 667 0.96 0.82

I EER I, N T SCARMALBERAE S, 3 R OFE ARSI A it s, EX TRz AL R Sk
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