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(Data Science)

&kl Hi%S: (Data Collection)

=Rl 2% (Data Store)

& 4787 (Data Analytics )
Zkl 238 (Data Presentation )
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(Source of Financial related
Data)

Traditional Data

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

- {22£ (e.g., corporate financials, commercial transactions, and credit card
purchases),

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

Alternative Data

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

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

- WA loT (e.g., data generated by “smart” buildings, where the building is
providing a steady stream of information)



Challenges (CFA)

- In most instances, 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.

« Given 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.
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REHE AT
(Big Data Analytics)

HABRETFTEREE
AT EE (artificial intelligence ) EZf#:253227E (machine learning )

FEFAR LA NV E IR
B3 (clustering) 7047 ~ XA
B (association) 43T ~ 43¥8E(classerfication)

X% (pattern recognition) -
= (search) EHiffy
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Approach: Statistical Learning (AR | ks T

Theory il A B H OB RTROBRLR ; thisk
Problems: Classification, ﬁ(mﬁ'ﬁgg;ﬁ g%ﬁg{%ﬁﬁ%ﬂz
Regression, Pattern RigpmEe T —iy. B ﬁﬁ@ﬁj\m’jﬂg

Recognition, Anomaly Detection,

Ranking,... B FEEIE (regression) , k-th it

#87E  (k-th nearest neighbor method

) , XEEMEHE (supportvector
machine) , 5% (Kkernel method

), FEMREHEES (artificial neural
network ) =4,

Frameworks: Supervised,
unsupervised,...

Methods: Decision Trees, Kernel
Method, Support Vector
Machine, Artificial Neural

Networks, HMM,... HAMBA [HREENEE



a2 E LU EENEE RN
Supervised Learning

A=+ B AE T KE A KQ4HE R
e Vector x: feature’ I\‘;[_\) I:I-I_%TE:IZ TE\$$ ,‘\I,\\El]l_:‘tn
input,or factor

« y: label or output

« Time period, Stock Universe
« JIIAREE training set ~ 80%

 HIZHEE test set ~20% (x,y)
(x,y)

(x,y)
(x,y)

e Cross validation
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Decision Tree K-means Clustering, Factor Analysis
Discriminant Analysis Model-based Clustering, Collaborative Filtering,

Density-based Clustering Content-based Filtering,
Artificial Neural Network

[l Bt P 3 BT B 3 AT
Frequent Pattern Tree Linear Regression,
Multiple Regression
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Deep Learning
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layers
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A | %b Aﬁ @a%: 2006 August US Housing Boom

Quant Tech + Al Traditional Robo Advisor

US Equity

China Equity

Japan Equity
EEM Equity

Global Equity
Gov Bond
HYG Bond

EEM Bond

Cash
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« 2015 WEF THHI&RiRH SR L ANEMER R R IR T 26, 2R 32 Bl 52 8k
REVTEFHERBRZE

« McKinsey Global Institute #2785
« 2025 loT HRHEE#E 3.9k ~ 1.1 JLE&
o P& — IR A B LR B A

« Accenture 2017 (The Risk of InsurTech) | #4, 2EiEE =A%
SRl odrfeH, ELAIFIloTHHEARAZ 5 8 T79%
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Innovation Insurance Design
Health Insurance

Car Insurance
Industry Insurance
Emergency Insurance
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Ultrasonic Sensors
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CAR0:998 = (car (09934 1] f car 0.95
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motorcycle 0.71
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X

e
< / N from sklearn.metrics import accuracy_score
N . 4 y_pred = rf.predict(X_test)
N P y_true = y test['Crash_Type'].values
Accidents Data ) X P < -
/ b 2 accuracy_score true red
‘i . > y_ (y_ > Y_P )
- ©.88681592039800994
=N >
cm = confusion_matrix(y_test, y pred)
_’ m
Newural Network
array([[ o, 14, o],
N \\ / [ ©, 2833, 14],
\ [ e, 3236, 19]], dtype=intea)
from sklearn.model_selection import cross_val_score
accuracies = cross_val_score(estimator=rf,X=X_train,y=y_ train[ 'Crash_Type'],cv=10)
print(accuracies)
accuracies.mean()
[ ©.85128205 ©.84615385 ©.85512821 ©.84871795 ©.8474359 ©.85769231
Decision Trees ©.85365854 ©.8470437 ©.85218509 ©.84832905]
J

©.85076266336125883
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E¥E7% (Chart Recognition)
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2018 WEF Report: Risk on Al

effects of Al on the labour market are significant globally
Al¥1 55 E)J73FE%E_@%%E%@X%%7%5@—1@55%&%% - LEEH
PR ESK S5 1

introduces new ethical pitfalls and risks unintended bias

AEREERMIRBEST L —EipEfRei EE MY E R R
HEETREMENNBRARE

introduce new systemic risks and increase threat of contagion
%Ef@?ﬁba,n%mﬁ S AR 24 14 [ bs ’]Ii'ﬂmijfi&ﬁﬁ
&= B X

transformative effecton the global financial system
AROIEEH SR ERERETE YR E - TMAFNERE
TR APREMIRS MR EREEE S




2018 WEF: Al Investment

Investment managers are adapting customer experience and product

offerings in response to new competition on o
AlfE TR B 4 3E BEZ0 1898 ol B Bl BV Uz O E B B IR AR B E 527512 1

provide personal and targeted investment advice to mass-market
customers in a cost-effective manner

AT ERBE LB AN mNA AR TS E PR HEEATS
T MIIREER

Al is taking investment management responsibilities, delivering high-
quality service at a lower cost ‘ o
AlEREEBRBSHIREEERE  UEEIAANERSE SR

%5

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