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A TRANSFORMATIONAL VISION

DOING
BUSINESS
AS

Striving for digital transformation and innovation that
improves the lives of individuals, progresses the Singapore
financial sector, and contributes to the global financial agenda
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WAR IS 90%
INFORMATION

Napoleon Bonaparte




Why the hype today?
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Source: www.domo.com



What is financial services going to look like?

Data is the new curreney

Insight Is the new store of value

Slide 6 of 40
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The 5Vs of Data

Smart Data @
O

Big Data



The 5Vs of Data

Smart Data
Actions
Insights
Big Data



How do we move from Big Data to Smart Data?

Which should come first,
business objectives or data?

Al = =

Business

Objectives Data



You never lead with the data,
and you never lead 'with the
technology.

Youlead with the problem!

Anthony Scriffignano
Chief Data Scientist, Dun & Bradstreet




How do we move from Big Data to Smart Data?

Start with the BUSINESS OBJECTIVES

Business
Understanding

Data

SIS Understanding

Data

Evaluation Preparation

Modelling




How do we move from Big Data to Smart Data?

Enforcing data QUALITY

T'VE BEEN GIVING YOU |- I SAID
THEA gi';'(p? Lw,rguu‘gve INCORRECT DATA FOR ; WHAT?  THE DATA
ME IS CORRECT? YEARS. THIS IS THE FIRST| : 15 TOTALLY
TIME YOUVE ASKED. ACCURATE.

(

Dilbert com DilbertCartoonist@gmail.com

57-4 ©2014 Scott Adams, Inc. Dwt
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How do we move from Big Data to Smart Data?

Using suitable METHODS

Data

Labels

Algorithm
family

Supervised

|

Semi-supervised

Unsupervised



How do we move from Big Data to Smart Data?

Checking for ACCURACY

Threshold

TP/TN
TP/TN

TP/TN

710 | %20 | 730

Number of
samples



How do we move from Big Data to Smart Data?

Achieving GENERALISABILITY

Historical Data Live Data
Trommg (80% Testing (20%)
Build (“Train”) Test (“Validate”) Operationalise |

Model Model Model |




How do we move from Big Data to Smart Data?

Ensuring INTERPRETABILITY

@® Easily understood. Who is the audience?¢ What
Is their level of tfechnical expertisee Do they
understand the modele

@ Yield simple and direct
insights. Do the results make
sensee

@ Serve the business objective.
Does the model answer the
problem statemente
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How do | approach the smart use of datae

7 Habits of the New Paradigm

D Know the question you are trying to
answer

D Understand the data inside out

D Be aware of limitations in the data,
algorithms, conclusions

Find the right algorithm for the job.
Complexity may not be better

¥

Data-driven insights

B Be skeptical. Question the data, assumptions, results
D Automate to free up time to contextualise the results

Experiment. Don’'t be afraid of trying and failing, and
trying again. Go for a “fail-fast” approach



What are the pitfallse

Pitfalls to Avoid

D Lack of project management

D Perceiving data as tfechnology projects

B Over interpretation/extrapolation of results

Absence of culture for converting insights
iINnto actionable outcomes




Where are you on your digital journey?

collecting, storing and using your daftae
using data to drive insights and decision-makinge

making analysis repeatable and shareable?

Slide 21 of 40



What is learning?

“Learning is any process
by which a system
improves performance
over experience.”

Herbert Alexander Simon

Winner of 1975 Turing Award & 1978
Nobel Prize in EConomics

Slide 22 of 40



What is machine learning?

Computer programmes that automatically improve
their performance through experience (datq)

Subfield of artificial intelligence

Building blocks

Slide 23 of 40



What is natural language processing?

0 Named entity recognition

G Automatic question answering

’ Sentiment analysis

Slide 24 of 40



Why machine learning & natural language processing?

Automatically adapts and
customises to individual
users

Discovers new knowledge
from large datasets

Mimics humans and
replaces certain
monotonous tasks

Develops systems that are
too difficult or expensive to
construct manually

Slide 25 of 40



The data value chain

Prepare
« Whatdatado <+« Where dowe - How do we - How do we
| need? store ite know if it is turn insights
« Where do | « Who can valuablee info acfione
find ite access ite « How do we « How do we
e Inwhatformat + Who cleans exfract insights visualise data
can | getite and validates from ite and present
it2 -  What tools insightse
can we use - How do we
for the best distribute
analysis? insightse
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MAS: Some projects in progress

Predictive
analytics
T
Supervisory
Dashboard
Risk
analytics
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MAS: Some projects in progress (cont'd)

E—g

|dentification
of suspicious
activity

Eg
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The journey ahead...

y

Transparency

e How fo deal with
algorithms that
are hard o
explaine

Accountability

e Who is
responsible for
algorithmically-
driven
outcomese

Privacy &
Consent

e How to analyse
granular data
while preserving
anonymity¢

Slide 29 of 40
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Becoming

Customer

Centric

’ "”i - Insurance

- - Avutomated
1 Insurance
Pe‘rsonallsed 3’60 =i | Claims

| CUSiom_.e»rf_ 'i—f Can Al automate
*“ How can real-time on- : ;
Real-time insights

~ claims, shortening
demand- data © Fi i i
from devices ' ~ turnaround times, and
U agents have more -~ data be consolidated .
reimaaqining the lowering cost of
el meaningiul for insurer to better
nderwriting process overheads?
e i discussions? understand their

customers?

Individualization Real-time data Infrastructure Operations



As insurance becomes Individualized...

Financial Exclusion?

The ability to accurately model the
FLOODRE flood risk of each property requires
—— some thought and management

Using real-time on-demand data...

360-view of Customer

Automated Insurance Claims

Will underwriting be dependent on digital
footprints?

AVIVA

Aviva — Ask it Never
No-Questions Home Insurance

Are insurers able to collect good quality
360 data?

i fitbit.

Are the indicators captured by
wearables truly predictors of health?

Is the Al reliable? Explainable?
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SupTech Mission

Empower MAS with the latest
Artificial Intelligence and Data
Analytics capability to enhance
current supervision and to address

Share Suptech knowledge and
experience with global regulators,
and collaborate to shape the
technological landscape to
support a better global financial
supervision.



COOPERATION

Fostering collaborations
Understanding Risks
Create conducive environment for innovation

Increased use of data
Innovation, AIDA
Investment into Tech

New insurance propositions
Improvements to Operations
Improvements to Distribution



GUIDANCE

With data, there are
infinite possibilities of
what we can do. But
should we?¢

Do we agree that there
certain lines that should not

Do we understand
be crossed?

how decisions are
made?¢ Who bears the
responsibility and risks
of these decisionse

To what extent should we
give explanations for

RANSPARENCY
data-driven decisions?e T

FEAT Guidance Al Guidance

General all-purpose Regulated Activities
Industry-led Industry-led
Technical



AIDA GRANT

Promote the adoption and
integration of Al and DA in Fls

Lower Order

Data Data
Collection Preparation

'\‘{'

Knowledge

Objectives

Database Data Mining Data

Visualisation

Development Data

Platform
Development

Management § Descriptive

Analytics

Techniques

Higher Order

Strategy &

LEiFe Decision Making

Arificial Intelligence
Machine Learning
Prescriptive Analytics
Predictive Analytics
Deep Learning / Neural Networks
Natural Language Processing /
Text Analytics

50% CO-FUNDING,
UP TO SSTM

1) Direct manpower expenses
2) Professional services
3) Hard/Software

4) Equipment and IP

Demonstrate adoption of Al & DA to
achieve business objectives

Demonstrate consideration of
workforce impact
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Proactive Detection of Financial

Misconduct
MAS SUPTECh hCIS Iransactions J\Aonﬁof]f}g % Anti-money
pqﬂnered Willlh Laundering
mqny FlS 'l'O dO Industry-wide Stress-testing
Fd> g?;s °n granIqr Policy Research

Automated Compliance Reporting
i B




SUPTECH DEVELOPMENTS

Enhanced In-house Capability Dialogues with Insurers

Straight through Encourage Innovation and use of AIDA
processing systems

Regular

Reporting Engage players to understand pain

— Alerts and =
Sharepoint r m \ Augmenfed pOlntS
documents § Intelligence

Adhoc A e b Collectively figure out ways that
surveys upporie Y hew . .
y ?@52 v Solving e MAS can help, possibly in areas of

e data sharing
difficult
ISSUES

Pilots

Automate regulatory reporting, prevent
duplication

Facilitate Innovation

Get industry players to come
together, support

Collection of new data for
experimentation, without shaking up
the whole industry



1% FINTECH

vov | FESTIVAL Industry Problem Statements

18 INSURTECH PROBLEM STATEMENTS




Thank you!




