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B
( Data Science )

Eirl BiS: (Data Collection)
Bkl #£575F (Data Store)

Eikl 4387 (Data Analytics)
Erl 236 (Data Presentation )




>

%*%fﬂig

( Source of Financial related Data

Traditional Data

- i (e.g., equity, fixed income, futures, options, and other derivatives),

Q

- {b2E (e.g., corporate financials, commercial transactions, and credit card purchases),

- B (e.g., trade, economic, employment, and payroll data),

Alternative Data Quiz

« {E A (e.g., credit card purchases, product reviews, internet search logs, and social media posts),

* POHIES (e.g., satellite imagery, shipping cargo information, and traffic patterns), and, in
particular,

o EAd 10T (e.g., data generated by  “smart”  buildings, where the building is providing a
steady stream of information)



Challenges (CFA) .

» In most 1nstances, the data must be sourced, cleansed, and organized before analysis
can occur. This process can be extremely difficult with alternative data owing to the
unstructured characteristics of the data involved, which are more often qualitative (e.g.,
texts, photos, and videos) than quantitative in nature.

 (J1ven the size and complexity of alternative datasets, traditional analytical methods
cannot always be used to interpret and evaluate these datasets. To address this
challenge, artificial intelligence and machine learning techniques have emerged that
support work on such large and complex sources of information.



NEE 77T
( Big Data Analytics )

MEmEEZEHRHE
ANTEE (artificial intelligence ) E2i#%25327%E (machine learning )

FERIR LT BRI -
B+3% (clustering) 734 ~ XA

Ak (association) 431 ~ Jr¥(classerfication)
BICEE (pattern recognition) -

HF (search) Ffig -
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Supervised Learning

4=+ BE AR T |« KR LR 40 1R
e Vector x: feature’ I\;E DT%*E\:I: TE¥EEM\I“\|E|EEI
input,or factor

o y: label or output

« Time period, Stock Universe
« S|ZR L training set ~ 80%

AIFHEE test set ~20% g ); 2 ;
. Cross validation Al
(x,vy)

(x,y)



2R B - S R

=3

1| 4R - Alll4R 1| 4R T8 Il 4R
B2l ) B | ZH Al B

5 5] >




/;T% R?%IE
Deep Learning
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Innovation Insurance Design
Health Insurance
Car Insurance
Industry Insurance
Emergency Insurance
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i i Data Analysis Service Chain """ §~ckor

Data Storage Database

Ultrasonic Sensors

Photoelectric Sensors
_Distance Measurement Sensors
' Inclination Sensors
Acceleration Senso
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UBI (usage-based insurance):  #lin - 2EEE - 1885
Pay as you drive
Pay how you drlve
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Insurtech Innovation Service
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Decentralized AloT Smart Micro-Insurance
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Etherisc:
Decentralized Insurance Platform

Products: Flight Delay Insurance

Developing: Hurricane Protection, Crypto Wallet Insurance,

Crop Insurance, Social Insurance...

“Parametric insurance could be the next killer app on Ethereum,”
Virgil Griffith.


https://vimeo.com/265265106/f1f970c68e
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5 /: ™\ from sklearn.metrics import accuracy_score
['\‘ T : yv_pred = rf.predict(X_test)
2 N e y_true = y_ test[ 'Crash_Type'].values
Accidents Data _14 S § ! : > accuracy score(y true, vy pred)
|V S > ©.88681592039800994
cm = confusion_matrix(y_test, v _ pred)
E— cm
Neural Network
4 array([[ 2, 14, 2],
N / [ 8, 2833, 14a],
L 2, 336, 192]1], dtype=int64)

from sklearn.model selection import cross_wal_score

accuracies = cross_wval_ score(estimator=rf,X=x_train,y=y_train[ 'Crash_Type ], cwv=1@)
print(accuracies)

accuracies.mean()

[ @.85128205 2.846153285 @.85512821 @.84871795 @.847A4359 @.85769221

Decision Trees @.85365854 @.8470437 ©.85218509 ©.84832905]

9.85076266236125883
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Features for Al Equity Models

Economic Technical Report Quantitative
(government data) | (corporate date) (financial market)

Government Bond spread, financial VIX, PC Ratio, SKEW,
GDP change, statements, MACD, Fund Flow,
Unemployment Rate ... RSI, EMA... historical volatility,...
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Technical Analysis

2 lg 73 A

FEEHE -
F o5 Technical Indicators

&3 [BHET Chart Pattern Recognition




R EHEx (Chart Recognition )
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Trend-Based Trading Strategies

R platform ‘

Trend Seg- - - -
mentation Vi
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Many more on Al Investment

TABLE 3 Performance metrics with the top 3 in bold.

. AR(%) SH.R SO.R MDD(%)
Seek fOr data' EW 23.07 1.00 1.00 1.76
® market sentiment views ARIVA 072 036 061 379
. . . . HW 13.03 0.34 0.36 6.16
® Satellite image/air analysis | wsmesva 3352 on o1 3ed
LSTM(SENTIC) 27.21 0.61 0.68 5.05
LSTM(USER) 24.82 0.64 0.68 4.61
ECM-LSTM(PSYCH) 45.51 0.74 0.82 3.45
ECM-LSTM(SENTIC) 35.45 0.66 0.73 2.89
ECM-LSTM(USER) 37.53 0.71 0.87 3.40
acI relcl
de [ / .(_:\\
I had a feellng $AAPL would go down ] but

Ref: F. Xing, E. Cambria, R. E. Welsch. Intelligent Asset Allocation with
Market Sentiment Views. IEEE Computational Intelligent Magazine. 2018



AL 1Bl I S G



2018 WEF Report: Risk on Al

* effects of Al on the labour market are significant globally
Al¥S 25 Eﬂﬂru%ﬁ_’]%%%%ﬁ?%&ﬁ’] EEREE - LHEH
PRI EK S5 L

* Introduces new ethical pitfalls and risks unintended bias

AEEREERMRBEE 7 — LMV ERGHERINMYER R
HBEETREMEINNERRSR

® Introduce new systemic risks and increase threat of contagion

AIEJ%Tﬁbs,n%mﬁ S B AT a4 15 E B - /i'ﬁ[liltrlzﬁ’]
IEBRLE

®* transformative effect on the glpbal financial system
AITR T g %tzﬂt@gt SRETESIUTE - %mt% AT =
T AREMIE SN ERBEGE




2018 WEF: Al Investment

* Investment managers are adapting customer experience and product
offerings Iin response to new competition

AfE IR S AL IE B0 B8 B Bl VU D == ETIRE R B E 1R T

* provide personal and targeted investment advice to mass-market customers 1n a
cost-effective manner o |
AT ERE U EB AN ZN S NR AR HEFPRRBEEATNS
FTEIERNIREE =

* Al s taking investment management responsibilities, delivering high-quality
service at a lower cost s . - S
AlLEFEFIEBRBZHNIREEIERES - UEENATNEHESE=1IHR

5

* Al-driven personalized portfolio management enables more tailored customer
experiences and better ivestment outcomes
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