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Fintech is Coming

[ ] “Silicon Valley is coming”
—JP Morgan Chase CEO Jamie
Dimon warned in his 2014 annual
letter to shareholders

The following presentation
will focus on the lending
segment of fintech
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. $5.3 B the Q1 in 2015
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Total investment in global fintech companies (Accenture)

67% increase over




Differences in Target Customers
Fintech Lending: Big Data Small Credit

Qualification

Traditional Banking: The enterprises or
individuals with long and good credit history

Traditional Banking: High and long term
(years). Used for investment, mortgage etc.

Fintech: Small and short term (months).

Used for daily consuming, supply chain

Fintech: Small-middle enterprise (SME) and finance of SME etc.

individuals without enough credit history.
(Unbanked or underserved consumers)

Info for Credit

Evaluation

Traditional Banking: Credit history (Credit
Score), cash flow records, account balance.

Risk Process Method

Traditional Banking: Partially automated

underwriting (time consuming and subjective)
Fintech: utilities bill payments, digital 9! 9 g )

footprints: social media behavior, platform
consuming, even location.

Fintech: Automated underwriting (quantitative
model based on multiple information sources,
quick and objective)

Differences in Financial Services

"Static" products in Traditional banking.

v Product Homogeneity;
v Always Long Term;
v Single Mode of Repayment;

v" Difficult to Be Diversified
Vo

"Dynamic" products in Fintech.

v "Lower" Cost to Serve;

v Improved Customer Experience;
v Advanced Analytics;

v Customer-centric Approach

v Operational Efficiency;
vio.
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Differences in Business Driven Methods

< Type - Type

Procedure Driven Data Driven
Traditional yd Objective .
Banking ‘ Objective Offer short-term, quicker, and Fintech

often cheaper loans to MSE and

Offer long-term loans to large individuals with poor and short

enterprises and individuals credit history by using varied

with long and good credit forms of both traditional and

history by manual nontraditional data to assess

underwriting consumer risk and determine

their creditworthiness

- -

 Feature . Feature
© High cost © Low cost
© Low efficiency High efficiency
© Poor customer experience Good customer experience
o Mismatch maturity and Leverage * Avoid mismatch maturity
risk and Leverage risk
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Fraud Detection-Prove You Are Yourself

Verifying identification across a
variety of external data sources:
authenticity of information (Gov.
data sources).
. A + Communication
Occupation

History (phone
Infomation calls , SMS)
f \\\ .
N\, '+ Location
t / Data

“via photos on ID
card vs. on-line
image

Searching for matches of
names, bank card
numbers, cell phone
numbers, ID numbers :
consistency of
information

" Facial Recognition:

Suspicious Fake Applicant?
Illegal Broker?

No ideal
e
Warning \;&‘J '

Comprehensive
Insights o “}’}

Customer Blg Data

Analyses

Efficient
Acquisition

Evaluate Credit Risk-Prove You Are Credible

Age, gender, marital
status, birthplace

Info e

Telecom
Info

School, major,
degree,
graduation date...

Consumption info

Call detail records

Number of credit cards.

PBOC credit report number of unclear loans,

s query records ...
residence...
Demographic (6]

Credit card level,
payment history,
property value,
insurance value

Asset &

Brand, model, year,
mileage, ownership,
public records...
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Customers’ Credit Profile Mining

Risk Level Payment Capacity
® Fraud Detection Model L
-Predict the fraud probability S [ ® Income prediction model
e ifi = -Predict applicant’s income level
® Credit Risk Model $EEmn ® Multiple asset sources

-Predict credit risk of applicants -MPF, assets(car, house)...

Financial Behavior
® Consumption Model 4y = » .
~Evaluate applicant’s purchasing power ,,: == ® Living pattern tracking

Social Behavior

® Wealth Management ® Social status connection
-Evaluate applicant’s current status of
possessing financial products and
insurance policies
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Model Development:
Traditional Techniques vs. Big Data

Judgment vs.
Scoring (Similarities)

Judgmental vs.
Scoring (Differences)

. Method Yes/no Vs scoring

+ Same Objéctﬁes ‘ model, machme learning

. Varlableg‘ traditional
credlt/demographlc vs. various
contmudus behawor records

. ;E Model Platf m: SQL vs.

. Appllcatlon Scenario:
traditional risk decision vs.
~across whole credit cycle

b SR

+ Empirical methods
+  Evaluate Cred|t R|sk 4

. Make Decusuon
— e

13

Variables Used in the Model:
Traditional Model vs. Big Data Model
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Model Development:
Traditional Approaches vs. Big Data

Type Traditional Big Data
Approaches
Method Regular Data Crawler, Third-
Protocol party providers
Traditional: galculation Scale Small, limited  Large, diversity
and storage in one e e Struct — Em——
place. m—— = Structure imple omplicate

Big Data: distributed

ETL Process  Light workload Heavy workload

calculation and storade. SN
i Data N
- -=-—__ Collection ™
= \
\
1
1
]
’
’
’
,/

’
’
_+~ Traditional: regular cycle
+ Big Data: fast iteration

Traditional: single
+ Big Data: multiple

15
7 i, = ndeniing R
¥Target Customer ? VAnti-Fraud ? vIncrease/decrease
Managing v'Product/promotion ? ‘/AFfPIFOVe ornot? credit line ?
Decision vInterest Ratﬁ/ fees? vPricing ? vrepricing ?
Premium/ Other fees?  petermine initial vCollection and
credit line ? recovery ?
Credit Cycle
Riskbased pricing oo ___Behaviorisk scoring
S . model ¥Behavior income scoring vBig data lost contact info.
coring vRespond Propensity vBig Qata pu_rchasing recovery rules/scoring
Model scoring behavior scoring vBig data collection scoring
v Anti-Attrition scoring ¥ Big data anti-fraud vBig data behavior profit
scorin .
¥Activation scoring J scoring
16
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020 Mode of Personal Finance

Acquiring tons of potential
borrowers through a point of

sales scenario. Assigning credit lines to
people using big data
. o _eno techniques. The whole data
Lenders collect a variety of Acquisition . iy
llection and decision
data to better support the co .
- E fully automated
decision of acquisition process 1s !
and origination which only takes few minutes.
Feedback

According to
borrowers’ credit and
purchase/payment

history, lenders offer Retain Transaction

rewards and deals in

order to satisfy and R Borrowers can leverage their
retain borrowers credit while shopping online.
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Case 1.Credit Score Model for Consumption
(POS-point of sales)

Four-Level Scoring System for Application

Workflow Challenges

Fraud Detection Fr_a\_ud . Fraud Score
Identification

Verification Waive for
Efficiency erification Scorg

Credit Approval Application Credit
Underwriting Efficiency Score

Assigning Credit Reasonable
Lines redit Granting

Case 1.Credit Score Model for Consumption

Example of Big Data Applicaiton Risk Models for Consumption

18-<21 21-<25 25-<30 30-<40 40-<50 50-High

Incomplete
Age B | 4 5
Marital Status Single Married ~ Divorced Other Incomplete

___

# of - 4 —High Incomplete

Bopendants |18 |15 |55 0 5]
Residential Own Rent CICIS] Company Incomplete
Status

Time mobile # 1-<3 3-<6 6-<10 10-<15 15-High Incomplete

registered i 20 | 25 | 30 ] % [ 40

Occupation Prof/ Ret Skilled  Office Staff ~ Unskilled ~ Self-Emp Others  Incomplete

5- <25 25 <5 5-<8 8 -High Incomplete

Distance bet.
Applicant location/
branch

3 ngh Incomplete

<30 30_<50 50 <80 80_High Incomplete

Time spend on
complete Application

Home Address
Fuzzy Matching

20
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Case 1:Application Credit Score Model

Model Performance: Traditional model VS Big data model

ROC Curve Traditional :<— Sgggrétki]%:
Model | |
Bad Accts | Cut-off line Good Accts

00%  200%  400%  60.0%  80.0%  100.0%
%High 2 25%
= " 1 1 i i
—®—Big data model Traditional model g§ 100 120 140 160 180 200 220 240 260 280 300
KS Curve < Big Data | Good / bad _, 1

Separation |
60.0 53.6 Model I 1
e Bad Accts I Cut-off line Good Accts
30.0 I
oo 65%
00 N '
R B B B i 15%
 etioumei omomime 100 120 140 160 180 200 220 240 260 280 300
SCORE o
Case 1:Application Credit Score Model
Approval Strategies : Revenue & Risk
22
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Case 1:Application Credit Score Model

Simplified Example of Initial Credit Line

Income Score

Low Medium High

Credit Score

. Minimum credit ~ Minimum credit
Low Decline

line line
. Minimum credit Regular credit Regular credit
Medium . . .
line line line

Regular credit
line

Approval Rate Bad Debt Rate Revenue (A) Credit Loss per Year (B) profit Lift

High credit line High credit line

High

F(# app,60%, line, 4% ) | =# appx60%x4%x10000x100%=480 min /

F(# app., 60%, line, 2% ) | =# appx60%x2%x8000x100%=200 min 28%) ml?

Big Data R 557 I
) _ _ ev. 55% | vs
F(# app, 85%)line, 4% ) =# appx85%x4%x8000x100%=600 min Loss 25%

23

Case 2 : Lending Strategy based on scoring

O Lending Product : Cash Loan Tenor : 12 mon. Sales Channel : off-line
O New Score Model Implement : March, 2016
O Cut-off Strategy : Cut-Off score band, add-on differentiate manual
verification, credit line
O Performance : one year outcome period , approval rate, bad rate,
underwriting cost, time-spend on underwriting
Improve Underwriting efficiency , reduce operating cost by automatically
declining E score band around 3,600 app per mon., operating cost $80 per app.,
in sum, reduce operating cost in 3.5 million.
Cut-Off Strategy

40% 31% 32% 15%

s o @
g 30% 8% e - §

S . $10%
B 20% 12% -— 3

= -—— 9% [
< 10% « 2% -z g5%
3 19— 2 15% &

e 0% i 0%
5] A 8 C D E

"

o Score Band

(]

£

w

—e—Shares Of Total Application ~ —e—Score BadRate

24

12



08/05/2017

Case 2 : Lending Strategy based on scoring

Improve approval by rules-based differentiation critical in each score band,
which can increase 1% approval rate and reduce 1% account bad rate

simultaneously

The strategy simulation is using champion vs. challenge groups in the manual
underwriting process to see the impact on approval rate and bad rate.

Approval Rate
55% 51%

%45n/ \44%
; ” 48% 39% 30%
3 40% 43% .

5 35% 39% \ - 38%
£ 30% 28%
25% 31%
A B C D Total
Score Band

—e—Champion Group

Bad Debt Rate by Accts
14%
15%

9 8% /
10% %

4% 2

5
5% 19 2% 6% 0% o
L 5%
0% 3% .
0, 0
1% B c D E  Total
Score Band

—e—Score BadRate ~ —e—After Bad Debt Rate by Accts

Case 2

25

Lending Strategy based on scoring

In addition, to assign credit line based on the theory of lower risk band with
higher credit line assigned, to ensure the final total outstanding weighted more
one low risk account. The score-based line assignment strategy will reduce 2%

bad rate finally.

Credit Lines
20 73

61 o
w 52
g 60 .
2 40 2 .
5 48 47 9
g B a (a0 44
S 20 N

N\
0 Yo 0
A B C D E Total
Score Band

—e—Before Credit Lines  —e=After Credit Lines

Bad Debt Rate by Amounts

Bad Debt Rate by Amounts
15% 13%

10% 8% /
6%
9 4% A 6% .
S el 2% ~

— 3% N e
o T1%T¥2% N 0% 4y
A B c D E  Total

Score Band

—e—Before Bad Debt Rate by Amounts
—e—After Bad Debt Rate by Amounts

26
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The Direction of Integrating Big
Data into Fintech

Technology Driven

« Guarantee the diversity of
Decision Data;

» Enhance advanced technique Business Driven
in data architecture, mining,

modeling;

» Optimize algorithms and
analysis methodology and nhance the application of
techniques whole cycle in Risk Control

Models and Strategy;

» Expand business application
scenarios by various loan
products/customer profile, etc.

28
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