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(Al in FinTech:
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BIX (Week)

1

2

2021/09/28

2021/10/05

2021/10/12

2021/10/19

5 2021/10/26

2021/11/02

8272 % 48 (Syllabus) &

National Taipei University

HHA (Date) A (Subject/Topics)

SR ERBLa iR

(Introduction to Artificial Intelligence in Finance and Quantitative Analysis)

Al EREFHY: SRR RIFER

(Al in FinTech: Financial Services Innovation and Application)

HEOEBRRITRMEGE

(Investing Psychology and Behavioral Finance)

MBS E ST 7% (Event Studies in Finance)
HEESRER{LSTHERR

(Case Study on Al in Finance and Quantitative Analysis |)

M SRR (Finance Theory)



SRTE KR (Syllabus) T

)X (Week) HBEHH (Date) RAIZ (Subject/Topics)
7 2021/11/09 BHREEEIIFFE R (Data-Driven Finance)

8 2021/11/16 HAHERT (Midterm Project Report)

9 2021/11/23 ERIFTEZZ =R (Financial Econometrics)

10 2021/11/30 AL EE=MEERL (Al-First Finance)

11 2021/12/07 BREMBILATEERT

(Industry Practices of Al in Finance and Quantitative Analysis )

12 2021/12/14 EESHEB{LSTEZRARE 1

(Case Study on Al in Finance and Quantitative Analysis Il)



8272 % 48 (Syllabus) &

#B)x (Week) HBIH (Date) AZ (Subject/Topics)

13 2021/12/21 BAFEESREEREEZE(Deep Learning in Finance);
ME SRR {LEE (Reinforcement Learning in Finance)

14 2021/12/28 EHE3ZH (Algorithmic Trading);
B BEEE (Risk Management);

R o R AN RERF R E R

(Trading Bot and Event-Based Backtesting)
15 2022/01/04 HASK¥E 1 (Final Project Report 1)
16 2022/01/11 HASK¥E Il (Final Project Report I1)




Al in FinTech:
Financial Services
Innovation
and
Application



FinTech ABCD

lock Chain

loud Computing

Big ata




Decentralized Finance (DeFi)
Block Chain Financial Technology







Financial Technology
FinTech

“providing
financial services
by making use of

software and
modern technology”



Financial
Services




Financial Services

Source: http://www.crackitt.com/7-reasons-why-your-fintech-startup-needs-visual-marketing/



Al, Big Data, Cloud Computing
Evolution of Decision Support,
Business Intelligence, and Analytics

Al Cloud Computing Big Data
§ %
NN o & DM BI %,
© 2o <, S &, o, y 4/
» ()/ Q 'O/’ . \9 (7 X *e Lt /) (S
0' *e '\9/ /b /6\ 66 @ / % /O ¢ . o ‘e ov \@ é@
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o % S v o B % & 0,78 s S T G
— — >»—1970s —>»—1980s >»>»—1990s ——>—2000s ———>—2010s — — >

Decision Support Systems » Enterprise/Executive IS Business Intelligence ‘Big Data -

Source: Ramesh Sharda, Dursun Delen, and Efraim Turban (2017),
Business Intelligence, Analytics, and Data Science: A Managerial Perspective, 4th Edition, Pearson
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Al, ML, DL

4 Artificial Intelligence (Al) )
4 Machine Learning (ML) A
Supervised Unsupervised
Learning Learning
Deep Learning (DL)
RNN LSTM GRU
\ GAN )

Semi-supervised l Reinforcement

L Learning Learning )




Value Creation by Big Data Analytics

(Grover et al., 2018)

Strategy Leadership Trust d . Governance Support  Data-Driven Culture
Technological and Industry Context Moderating Factors Competitive Dynamics

Value
Manifestation

| Capability Building Process > Capability Realization Process >

Direct value from BDA Value Targets

| Value Creation

/ \ i Organization
BDA | Mechanisms i Performance
BDA Infrastructure Capabilities > Transparency and access | Impact
. ' » Discovery and | .
/ .pe . | :
Big Data Asset | A.b|I|ty ’Fo integrate, | experimentation | | Business roducts & -IO Functional Value
v" Analytics Portfolio disseminate, t » Prediction and optimization 1 | Processes t Services .
v Human Talent explore, and { > Customization and targeting ! mprovemen Innovation ¢ Symbolic Value
@alyze big data j i > Learning and crowdsourcing !
E » Continuous monitoring and | Consumer
| proactive adaptation i Exp,\e/Ir;Eecte &
Enhancement
‘ Learning by Doing (Coevolutionary Adaptation)
Investments --- Assets ------ Capabilities ------- Applications ----------- Targets ------- Impacts ---------- Value
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Architecture of Big Data Analytics

Big Data
Sources

\

* Internal
* External

* Multiple
formats

* Multiple
locations

* Multiple
applications

Raw

-
Data

Transformation

>

Big Data

Middleware

Extract

Data

Platforms & Tools

Transformed

>

Transform
Load

\ S

é Y

Data

Warehouse
A\ _J

|
rTraditional1
Format

CSV, Tables |

Big Data

7~

Hadoop
MapReduce
Pig
Hive
Jagl
Zookeeper
Hbase
Cassandra
Oozie
Avro
Mahout
Others

N\

Big Data
Analytics
Applications

Queries

Big Data

Analytics
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S EEEEEEEEN
** %

>

Exploratory“.

Analytical
Approach

‘IIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIII-..
EEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEENEEEEEEEEEEEEEESR

.

Explanatory..'

’0
Yappmsmmnnns®

Data Science and
Business Intelligence

-

1 Intelligence

(( Predictive Analytics and Data Mining \\
(Data Science)
Typical * Optimization, predictive modeling,
Techn‘ques fﬂw statistical m
and ® Structured,/unstructured data, many
Data Types types of sources, very large datasets
® What if__?
83:‘ st"i:fn’; © What's the optimal scenario for our business?
» What will happen next? What if these trends
N continue? Why Is this happening? /)
Business Intelligence E.
" Typical © Standard and ad hoc reporting, dashboards,
Techniques alerts, queries, details on demand
and ® Structured data, traditional sources,
Data Types manageable datasets
. Boamrans :Whutuppemdh't:tnrta‘?
1 Business , Questions | © How masy units sold

* Whare |a the problemT In which situationa? J

\J ’

~-----‘

Past .
Time

Future
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Data Science and
Business Intelligence

(= D \)
A Predictive ?B:lt;;ﬂg '::ge l))ata Mining "

Exploratory
Typical | o Optimization, predictive modeling.
Techniques forecasting, statistical analysis
and * Structured,/unstructured data, mary

Data Types types of sources, very large datasets
o What if._?

°°'“q"'°i N | o what's the optimal scenario for our business?
o What will n next? What if these trends

=\ continue? Why Is this happening? F

Past " Future
Time

Source: EMC Education Services, Data Science and Big Data Analytics: Discovering, Analyzing, Visualizing and Presenting Data, Wiley, 2015



Predictive Analytics
and Data Mining
(Data Science)

Structured/unstructured data, many types of sources,
very large datasets

Optimization, predictive modeling, forecasting statistical analysis

What if...?
What'’s the optimal scenario for our business?
What will happen next?
What if these trends countinue?
Why is this happening?

18



Profile of a Data Scientist

 Quantitative
e mathematics or statistics
* Technical

* software engineering,
machine learning,
and programming skills

* Skeptical mind-set and critical thinking
e Curious and creative

e Communicative and collaborative

19



Data Scientist Profile

Quantitative

Communicative
and

Source: EMC Education Services, Data Science and Big Data Analytics: Discovering, Analyzing, Visualizing and Presenting Data, Wiley, 2015
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Framework for BD and Bl Research

¢ Data Collection
* Data Storage
* Data Analytics
* Infrastructure

A Technology Application

* Value Creation

* Individual Impact
* Organizational Impact
O Social Impact

e Management

* Business

* Medicate

* Supply Chain
* Engineering
* Services

» Adoption of BD/BI
* Cost Benefit

* Security/Privacy

* Human Resource

/

Source: Ting-Peng Liang and Yu-Hsi Liu (2018), "Research Landscape of Business Intelligence and Big Data analytics: A bibliometrics study”,

Expert Systems with Applications, Volume 111, 30, 2018, pp. 2-10
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Business Intelligence and Big Data analytics

dynamic capaBilities
firm, performance
competmve advantage

knowledge manageméht * 2EHEn
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cloud cc & ' fg“““’"ﬁ":f 3 " cepresion’ bigidata
V. e [ it - K Ut.ll
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PP emiology
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‘dmﬂi‘wqtms & gir.n?,

olnfe‘nc% cdis @ *

e \ cm&en

dlstrlbute&orgputmg( X
parallel ™
spark compltation

parallel.m:ut‘l'nge&I & & .,. .. » iheime’s disea.se
eatureigelecti 4 rogression
% S e o ‘diagnosis 'sthiﬁcﬁy e
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regulagization @ genegxpression
variable selection .

Source: Ting-Peng Liang and Yu-Hsi Liu (2018), "Research Landscape of Business Intelligence and Big Data analytics: A bibliometrics study”,
Expert Systems with Applications, Volume 111, 30, 2018, pp. 2-10
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FinBrain: when Finance meets Al 2.0

(Zheng et al.. 2019)

Wealth Smart customer

Risk manaagement ™ Business securit ) Blockchain
9 y service

management

e T o e s

TR NI et s

Financial
Intelligence
: Combinatorial : : e Face Speech
Algorithms - optimization recognition recognition
and models : :
Machine B Reinforcement Transfer Knowledge
learning P 9 learning learning graph
=
Financial
big data

Business platform (electricity | Government agencies (social security, Einancial institutions

Media websites : : g : . ety
: supplier, payment, financial |civil affairs, public security, industry and :
forums.... management ... ) commerce, taxation, court ...) (bank, insurance ...)

Source: Xiao-lin Zheng, Meng-ying Zhu, Qi-bing Li, Chao-chao Chen, and Yan-chao Tan (2019), "Finbrain: When finance meets Al 2.0."
Frontiers of Information Technology & Electronic Engineering 20, no. 7, pp. 914-924
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Technology-driven
Financial Industry Development

Development | Driving Main landscape |Inclusive | Relationship

stage technology finance between
technology
and finance

Fintech 1.0 Computer Credit card, ATM, Low Technology as a

(financial IT) and CRMS tool

Fintech 2.0 Mobile Marketplace Medium Technology-

(Internet finance) Internet lending, third-party driven change

payment,

crowdfunding, and
Internet insurance

Fintech 3.0 Al, Big Data, Intelligent finance High Deep fusion
(financial Cloud
intelligence) Computing,

Blockchain



Deep learning for financial applications

- 20.0
-17.5
15.0
12.5
10.0
7.5
5.0
2.5
0.0
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sisAjeue
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Topic-Model Heatmap

=z = 2O Z
Z = o =2
RBGC

DMLP
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Deep learning for financial applications:
Topic-Feature Heatmap

price data -

technical indicator

index data

market characteristics
fundamental

market microstructure data
sentiment

text

news

company/personal financial data
macroeconomic data

risk measuring features
blockchain/cryptocurrency specific features
human inputs

35

Cll [ IGINIMIEDIIE © © © m © O N~ ©® N O Ul

P NP B ONPFEF O W

N
=

risk assessment -F=RN=JNCINN]

O O NN UL O N O WON O O O

fraud detection

IUIIANEREGEINENIE © © © © VN © W © © N © © N &

=
o

asset pricing and
derivatives market

O 0O o0 O KrHr OFrHr OO W uwvuo-®r

cryptocurrency and

O OO O OO O F P O OO M~ N

blockchain studies

financial sentiment

analysis

financial text mining LN I=I=R«RNN

-35

- 30
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Deep learning for financial applications

Topic-Dataset Heatmap

Stock Data
Index/ETF Data -
Cryptocurrency

35

Forex Data
Commodity Data

Options Data
Transaction Data

News Text

Tweet/microblog

Credit Data
Financial Reports

Consumer Data
Macroeconomic Data
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|elpueuly JaYylo
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10 |ediaJloayl

Buruiw 3xa] |eldueUly

sisAjeue
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Al 2.0

a new generation of Al
based on the
novel information environment of
major changes and
the development of

new goals.



FinBrain: when Finance meets Al 2.0

(Zheng et al., 2019)

Wealth Smart customer

Risk manaagement ™ Business securit ) Blockchain
9 y service

management

e T o e s

TR NI et s

Financial
Intelligence
: Combinatorial : : e Face Speech
Algorithms - optimization recognition recognition
and models : :
Machine B Reinforcement Transfer Knowledge
learning P 9 learning learning graph
=
Financial
big data

Business platform (electricity | Government agencies (social security, Einancial institutions

Media websites : : g : . ety
: supplier, payment, financial |civil affairs, public security, industry and :
forums.... management ... ) commerce, taxation, court ...) (bank, insurance ...)

Source: Xiao-lin Zheng, Meng-ying Zhu, Qi-bing Li, Chao-chao Chen, and Yan-chao Tan (2019), "Finbrain: When finance meets Al 2.0."
Frontiers of Information Technology & Electronic Engineering 20, no. 7, pp. 914-924
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Technology-driven
Financial Industry Development

Development | Driving Main landscape |Inclusive | Relationship

stage technology finance between
technology
and finance

Fintech 1.0 Computer Credit card, ATM, Low Technology as a

(financial IT) and CRMS tool

Fintech 2.0 Mobile Marketplace Medium Technology-

(Internet finance) Internet lending, third-party driven change

payment,

crowdfunding, and
Internet insurance

Fintech 3.0 Al, Big Data, Intelligent finance High Deep fusion
(financial Cloud
intelligence) Computing,

Blockchain



Al-driven Marketing

(Ma and Sun, 2020)
Interactive & .. Real-time C.ustomer-
.. Personalization . journey
media-rich automation
focus
Industry Trends
gom mm mEmm mEE EE EE EE EE EE EE EE EE EE EE EE EE S EE EE S S EE EE S S EE B S E . . . \
{ Marketm '
: - Engagement :
I I
I I
I I
I Recommendation Attrlbutlon |
I |
\

-— e - e e e - T e e S S S S D D S D D D D D D e e B e e e e e

Marketing Actions 1

[ Al & Machine Learning

Source: Liye Ma and Baohong Sun (2020), "Machine learning and Al in marketing — Connecting computing power to human insights." International Journal
of Research in Marketing, 37, no. 3, 481-504.
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Machine Learning in Marketing Research

Unstructured data

o Text

* Image

* Audio

* Video
Consumer tracking /
trajectory data

Data

Network data
Hybrid data

Consumer-purchase
journey
Decision-support
capabilities
Marhet-stuucture

Issue

analysis

Source: Liye Ma and Baohong Sun (2020), "Machine learning and Al in marketing — Connecting computing power to human insights." International Journal
of Research in Marketing, 37, no. 3, 481-504.

(Ma and Sun, 2020)

Usage
* Introduction and value
. . d trati
Machine Learning cmonstration
* From periphery to core
Methods * Method extension

(

Boundary delineation

Theory

Prediction

Feature extraction
Descriptive interpretation
Causal interpretation
Prescriptive analysis
Estimation and optimization

Injecting human insights
Balancing theory- and data-
driven perspectives
Theoretical implications of
machine learning methods
Theoretical implications of Al
adoption
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Artificial Intelligence in Marketing

(Verma et al., 2021)

log({frequency)

M

marketing

commerce

D M data minng

| antificial inteilgence |

sales AI
decision trees
neural networks
b decision support sysiems marketng strategy
customer satisfaction s -
ancle fuzzy sets
\female profitabdity
cluster analysis
P -y n
decision theory mal forestry strategic planning
[—adut
customer refationship management  *
¢ ndustry
data sets mathematical models
soclal marketing,
methodology -
surveys
classfers
adolescent
mining "I‘Jt’\iﬂ’ﬂms
decision support system” acvertizing
3 rough set theory
data mining methods
008 ann o1

optmzation

decision making leaming systems

social networking (onine) BD

forecasing

genetic BDJC_H':T'T'IS M L

eamng agonthms
. '
2gortnms  support vector machines

nw

classincation (of informabon) D L

4 )

seniment analyss

human

DIQ Cati v
QR machine eaming

eCconomx .’.nq social effects

SOCal meca

artincial neural network deep learming

marketing campaign | deep neural nﬁ?.ar;'ﬁ;s
nfuence manmzahons

\_ compiex networks Yy

ﬂ.ll an
year

Source: Sanjeev Verma, Rohit Sharma, Subhamay Deb, and Debojit Maitra (2021),. "Artificial intelligence in marketing: Systematic review and future
research direction." International Journal of Information Management Data Insights (2021): 100002.
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Value Creation by Big Data Analytics

(Grover et al., 2018)

Strategy Leadership Trust d . Governance Support  Data-Driven Culture
Technological and Industry Context Moderating Factors Competitive Dynamics

Value
Manifestation

| Capability Building Process > Capability Realization Process >

Direct value from BDA Value Targets

| Value Creation

/ \ i Organization
BDA | Mechanisms i Performance
BDA Infrastructure Capabilities > Transparency and access | Impact
. ' » Discovery and | .
/ .pe . | :
Big Data Asset | A.b|I|ty ’Fo integrate, | experimentation | | Business roducts & -IO Functional Value
v" Analytics Portfolio disseminate, t » Prediction and optimization 1 | Processes t Services .
v Human Talent explore, and { > Customization and targeting ! mprovemen Innovation ¢ Symbolic Value
@alyze big data j i > Learning and crowdsourcing !
E » Continuous monitoring and | Consumer
| proactive adaptation i Exp,\e/Ir;Eecte &
Enhancement
‘ Learning by Doing (Coevolutionary Adaptation)
Investments --- Assets ------ Capabilities ------- Applications ----------- Targets ------- Impacts ---------- Value
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Evolution of top keywords in
“BD & BI” publications

* Management * Big Data * Cloud * Knowledge
* Text Mining Analytics Computing Management
e Data Mining * Social Media * Data
* Data Science * Business Warehouse
Analytics
* Information
System

Source: Ting-Peng Liang and Yu-Hsi Liu (2018), "Research Landscape of Business Intelligence and Big Data analytics: A bibliometrics study”,
Expert Systems with Applications, Volume 111, 30, 2018, pp. 2-10
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Framework for BD and Bl Research

/° Data Collection W
* Data Storage

* Data Analytics
* Infrastructure

* Business
* Medicate
* Supply Chain

* Engineering
* Services

X Technology Application

« Management

» Adoption of BD/BI
 Cost Benefit

* Security/Privacy
L * Human Resource

* Value Creation
* Individual Impact
* Organizational Impact

O Social Impact J

/

Source: Ting-Peng Liang and Yu-Hsi Liu (2018), "Research Landscape of Business Intelligence and Big Data analytics: A bibliometrics study”,
Expert Systems with Applications, Volume 111, 30, 2018, pp. 2-10
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Business Intelligence and Big Data analytics

dynamic capaBilities
firm, performance
competmve advantage
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Expert Systems with Applications, Volume 111, 30, 2018, pp. 2-10



Deep learning for
financial applications:

A survey
Applied Soft Computing (2020)



Financial
time series forecasting with
deep learning:
A systematic literature review:
2005-2019
Applied Soft Computing (2020)



Deep learning for financial applications:
Topics

B All-years count
B Last-3-years count

Publication Count

9.
c
O’?oc,
207 2,
L.
9}} Z&Q” 7%
L. XS
S 2
O’ .
& ’bt? /0&
%, %
Q: 54
/0&

Topic Name
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Publication Count

Deep learning for financial applications:
Deep Learning Models

‘l II II II 1.
%, % T

60 -
B All-years count

B Last-3-years count
50+

40

30+

20+

10+

Mo % N

Model Type



Deep learning for financial applications
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Deep learning for financial applications:
Topic-Feature Heatmap

price data -

technical indicator

index data

market characteristics
fundamental

market microstructure data
sentiment

text

news

company/personal financial data
macroeconomic data

risk measuring features
blockchain/cryptocurrency specific features
human inputs

35
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Deep learning for financial applications

Topic-Dataset Heatmap

Stock Data
Index/ETF Data -
Cryptocurrency

35

Forex Data
Commodity Data

Options Data
Transaction Data

News Text

Tweet/microblog

Credit Data
Financial Reports

Consumer Data
Macroeconomic Data
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Deep learning for financial applications:

Algo-trading applications embedded with time series forecasting models

Feature set

Art. Data set Period Method Performance Environment
criteria
[33] GarantiBank in BIST, 2016 OCHLYV, Spread, PLR, Graves LSTM MSE, RMSE, MAE, Spark
Turkey Volatility, RSE, Correlation
Turnover, etc. R-square
[34] CSI300, Nifty50, HSI, 2010-2016 OCHLYV, Technical WT, Stacked MAPE, Correlation -
Nikkei 225, S&P500, DJIA Indicators autoencoders, coefficient,
LSTM THEIL-U
[35] Chinese Stocks 2007-2017 OCHLV CNN + LSTM Annualized Return, Python
Mxm Retracement
[36] 50 stocks from NYSE 2007-2016 Price data SFM MSE -
[37] The LOB of 5 stocks of 2010 FI-2010 dataset: WMTR, MDA Accuracy, -
Finnish Stock Market bid/ask and Precision, Recall,
volume F1-Score
[38] 300 stocks from SZSE, 2014-2015 Price data FDDR, DMLP+RL Profit, return, SR, Keras
Commodity profit-loss curves
[39] S&P500 Index 1989-2005 Price data, Volume LSTM Return, STD, SR, Python,
Accuracy TensorFlow, Keras,
R, H20
[40] Stock of National Bank 2009-2014 FTSE100, DJIA, GASVR, LSTM Return, volatility, Tensorflow
of Greece (ETE). GDAX, NIKKEI225, SR, Accuracy
EUR/USD, Gold
[41] Chinese stock-IF-IH-IC 2016-2017 Decisions for price MODRL+LSTM Profit and loss, SR -
contract change
[42] Singapore Stock Market 2010-2017 OCHL of last 10 DMLP RMSE, MAPE, -
Index days of Index Profit, SR
[43] GBP/USD 2017 Price data Reinforcement SR, downside Python, Keras,
Learning + LSTM + deviation ratio, Tensorflow
NES total profit
[44] Commodity, FX future, 1991-2014 Price Data DMLP SR, capability C++, Python
ETF ratio, return
[45] USD/GBP, S&P500, 2016 Price data AE + CNN SR, % volatility, H20

FTSE100, oil, gold

avg return/trans,
rate of return
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Deep learning for financial applications:

Algo-trading applications embedded with time series forecasting models

Data set

Feature set

Art. Period Method Performance Environment
criteria
[46] Bitcoin, Dash, Ripple, 2014-2017 MA, BOLL, the LSTM, RNN, DMLP Accuracy, Python,
Monero, Litecoin, CRIX returns, F1-measure Tensorflow
Dogecoin, Nxt, Namecoin Euribor interest
rates, OCHLV
[47] S&P500, KOSPI, HSI, and 1987-2017 200-days stock Deep Q-Learning, Total profit, -
EuroStoxx50 price DMLP Correlation
[48] Stocks in the S&P500 1990-2015 Price data DMLP, GBT, RF Mean return, H20
MDD, Calmar ratio
[49] Fundamental and - Fundamental , CNN - -
Technical Data, Economic technical and
Data market
information
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Deep learning for financial applications:

Classification (buy-sell signal, or trend detection) based algo-trading models

Art. Data set Period Feature set Method Performance Environment
criteria
[51] Stocks in Dow30 1997-2017 RSI DMLP with genetic Annualized return Spark MLIib, Java
algorithm
[52] SPY ETF, 10 stocks from 2014-2016 Price data FFNN Cumulative gain MatConvNet,
S&P500 Matlab
[53] Dow30 stocks 2012-2016 Close data and LSTM Accuracy Python, Keras,
several technical Tensorflow, TALIB
indicators
[54] High-frequency record of 2014-2017 Price data, record LSTM Accuracy -
all orders of all orders,
transactions
[55] Nasdaq Nordic (Kesko 2010 Price and volume LSTM Precision, Recall, -
Oyj, Outokumpu Oyj, data in LOB F1-score, Cohen’s
Sampo, Rautaruukki, k
Wartsila Oyj)
[56] 17 ETFs 2000-2016 Price data, CNN Accuracy, MSE, Keras, Tensorflow
technical Profit, AUROC
indicators
[57] Stocks in Dow30 and 9 1997-2017 Price data, CNN with feature Recall, precision, Python, Keras,
Top Volume ETFs technical imaging F1-score, Tensorflow, Java
indicators annualized return
[58] FTSE100 2000-2017 Price data CAE TR, SR, MDD, -
mean return
[59] Nasdaq Nordic (Kesko 2010 Price, Volume CNN Precision, Recall, Theano, Scikit
Oyj, Outokumpu Oyj, data, 10 orders of F1-score, Cohen’s learn, Python
Sampo, Rautaruukki, the LOB k
Wartsila Oyj)
[60] Borsa Istanbul 100 2011-2015 75 technical CNN Accuracy Keras
Stocks indicators and
OCHLV
[61] ETFs and Dow30 1997-2007 Price data CNN with feature Annualized return Keras, Tensorflow
imaging
[62] 8 experimental assets - Asset prices data RL, DMLP, Genetic Learning and -
from bond/derivative Algorithm genetic algorithm
market error
[63] 10 stocks from S&P500 - Stock Prices TDNN, RNN, PNN Missed -
opportunities,
false alarms ratio
[64] London Stock Exchange 2007-2008 Limit order book CNN Accuracy, kappa Caffe
state, trades,
buy/sell orders,
order deletions
[65] Cryptocurrencies, Bitcoin 2014-2017 Price data CNN, RNN, LSTM Accumulative -
portfolio value,
MDD, SR
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Deep learning for financial applications:

Stand-alone and/or other algorithmic models

Art. Data set Period Feature set Method Performance Environment
criteria
[66] DAX, FTSE100, call/put 1991-1998 Price data Markov model, Ewa-measure, iv, -
options RNN daily profits’ mean
and std
[67] Taiwan Stock Index 2012-2014 Price data to Visualization Accumulated -
Futures, Mini Index image method + CNN profits,accuracy
Futures
[68] Energy-Sector/ 2015-2016 Text and Price LSTM, RNN, GRU Return, SR, Python, Tweepy
Company-Centric Tweets data precision, recall, API
in S&P500 accuracy
[69] CME FIX message 2016 Limit order book, RNN Precision, recall, Python,
time-stamp, price F1-measure TensorFlow, R
data
[70] Taiwan stock index 2017 Price data Agent based RL Accuracy -
futures (TAIFEX) with CNN
pre-trained
[71] Stocks from S&P500 2010-2016 OCHLV DCNL PCC, DTW, VWL Pytorch
[72] News from NowNews, 2013-2014 Text, Sentiment DMLP Return Python,
AppleDaily, LTN, Tensorflow
MoneyD]J for 18 stocks
[73] 489 stocks from S&P500 2014-2015 Limit Order Book Spatial neural Cross entropy NVIDIA’s cuDNN
and NASDAQ-100 network error
[74] Experimental dataset - Price data DRL with CNN, Mean profit Python

LSTM, GRU, DMLP
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Deep learning for financial applications:

Credit scoring or classification studies

Art. Data set Period Feature set Method Performance Env.
criteria
[77] The XR 14 CDS contracts 2016 Recovery rate, DBN+RBM AUROC, FN, FP, WEKA
spreads, sector Accuracy
and region
[78] German, Japanese credit - Personal financial SVM + DBN Weighted- -
datasets variables accuracy, TP,
TN
[79] Credit data from Kaggle - Personal financial DMLP Accuracy, TP, TN, -
variables G-mean
[80] Australian, German - Personal financial GP + AE as FP Python,
credit data variables Boosted DMLP Scikit-learn
[81] German, Australian - Personal financial DCNN, DMLP Accuracy, -
credit dataset variables False/Missed alarm
[82] Consumer credit data - Relief algorithm CNN + Relief AUROC, K-s Keras
from Chinese finance chose the 50 most statistic, Accuracy
company important features
[83] Credit approval dataset - UCI credit Rectifier, Tanh, - AWS EC2, H20, R

by UCI Machine Learning
repo

approval dataset

Maxout DL
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Deep learning for financial applications:

Financial distress, bankruptcy, bank risk, mortgage risk, crisis forecasting studies.

Period

Feature set

Art. Data set Method Performance Env.

criteria

[84] 966 french firms - Financial ratios RBM+SVM Precision, Recall -

[85] 883 BHC from EDGAR 2006-2017 Tokens, weighted CNN, LSTM, SVM, Accuracy, Keras, Python,
sentiment polarity, RF Precision, Recall, Scikit-learn
leverage and ROA F1-score

[86] The event data set for 2007-2014 Word, sentence DMLP +NLP Relative -

large European banks, preprocess usefulness,
news articles from F1-score
Reuters
[87] Event dataset on 2007-2014 Text, sentence Sentence vector + Usefulness, -
European banks, news DFFN F1-score, AUROC
from Reuters

[88] News from Reuters, 2007-2014 Financial ratios doc2vec + NN Relative usefulness Doc2vec

fundamental data and news text

[89] Macro/Micro economic 1976-2017 Macro economic CGAN, MVN, MV-t, RMSE, Log -

variables, Bank charac- variables and bank LSTM, VAR, likelihood, Loan
teristics/performance performances FE-QAR loss rate
variables from BHC
[90] Financial statements of 2002-2006 Financial ratios DBN Recall, Precision, -
French companies F1-score, FP, FN
[91] Stock returns of 2001-2011 Price data DBN Accuracy Python, Theano
American publicly-traded
companies from CRSP

[92] Financial statements of 2002-2016 Financial ratios CNN F1-score, AUROC -

several companies from
Japanese stock market
[93] Mortgage dataset with 1995-2014 Mortgage related DMLP Negative average AWS
local and national features log-likelihood
economic factors
[94] Mortgage data from 2012-2016 Personal financial CNN Accuracy, -
Norwegian financial variables Sensitivity,
service group, DNB Specificity, AUROC
[95] Private brokerage - 250 features: CNN, LSTM F1-Score Keras, Tensorflow
company’s real data of order details, etc.
risky transactions
[96] Several datasets 1996-2017 Index data, Logit, CART, RF, AUROC, KS, R

combined to create a
new one

10-year Bond
yield, exchange
rates,

SVM, NN,
XGBoost, DMLP

G-mean, likelihood
ratio, DP, BA, WBA
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Deep learning for financial applications:

Fraud detection studies

Art. Data set Period Feature set Method Performance Env.
criteria
[114] Debit card transactions 2016-2017 Financial CNN, AUROC -
by a local Indonesia transaction Stacked-LSTM,
bank amount on several CNN-LSTM
time periods
[115] Credit card transactions 2017 Transaction LSTM, GRU Accuracy Keras
from retail banking variables and
several derived
features
[116] Card purchases’ 2014-2015 Probability of DMLP AUROC -
transactions fraud per
currency/origin
country, other
fraud related
features
[117] Transactions made with 2013 Personal financial DMLP, RF Recall, Precision, -
credit cards by European variables to PCA Accuracy
cardholders
[118] Credit-card transactions 2015 Transaction and LSTM AUROC Keras, Scikit-learn
bank features
[119] Databases of foreign 2014 8 Features: AE MSE H20, R
trade of the Secretariat Foreign Trade, Tax,
of Federal Revenue of Transactions,
Brazil Employees,
Invoices, etc
[120] Chamber of Deputies 2009-2017 21 features: Deep MSE, RMSE H20, R
open data, Companies Brazilian State Autoencoders
data from Secretariat of expense, party
Federal Revenue of Brazil name, Type of
expense, etc.
[121] Real-world data for - Car, insurance and DMLP + LDA TP, FP, Accuracy, -
automobile insurance accident related Precision, F1-score
company labeled as features
fradulent
[122] Transactions from a 2006 Personal financial GBDT+DMLP AUROC -
giant online payment variables
platform
[123] Financial transactions - Transaction data LSTM t-SNE -
[124] Empirical data from - - DQL Revenue Torch

Greek firms
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Deep learning for financial applications:
Portfolio management studies

Art. Data set Period Feature set Method Performance Env.
criteria
[65] Cryptocurrencies, Bitcoin 2014-2017 Price data CNN, RNN, LSTM Accumulative -
portfolio value,
MDD, SR
[127] Stocks from NYSE, 1965-2009 Price data Autoencoder + Accuracy, -
AMEX, NASDAQ RBM confusion matrix
[128] 20 stocks from S&P500 2012-2015 Technical DMLP Accuracy Python, Scikit
indicators Learn, Keras,
Theano
[129] Chinese stock data 2012-2013 Technical, Logistic AUC, accuracy, Keras, Tensorflow,
fundamental data Regression, RF, precision, recall, Python, Scikit
DMLP f1, tpr, fpr learn
[130] Top 5 companies in - Price data and LSTM, CAGR -
S&P500 Financial ratios Auto-encoding,
Smart indexing
[131] IBB biotechnology index, 2012-2016 Price data Auto-encoding, Returns -
stocks Calibrating,
Validating,
Verifying
[132] Taiwans stock market - Price data Elman RNN MSE, return -
[133] FOREX (EUR/USD, etc.), 2013 Price data Evolino RNN Return Python
Gold
[134] Stocks in NYSE, AMEX, 1993-2017 Price, 15 firm LSTM+DMLP Monthly return, SR Python,Keras,
NASDAQ, TAQ intraday characteristics Tensorflow in
trade AWS
[135] S&P500 1985-2006 monthly and daily DBN+MLP Validation, Test Theano, Python,
log-returns Error Matlab
[136] 10 stocks in S&P500 1997-2016 OCHLV, Price data RNN, LSTM, GRU Accuracy, Monthly Keras, Tensorflow
return
[137] Analyst reports on the 2016-2018 Text LSTM, CNN, Accuracy, R? R, Python, MeCab
TSE and Osaka Exchange Bi-LSTM
[138] Stocks from 2015-2018 OCHLYV, DDPG, PPO SR, MDD -
Chinese/American stock Fundamental data
market
[139] Hedge fund monthly 1996-2015 Return, SR, STD, DMLP Sharpe ratio, -
return data Skewness, Annual return,
Kurtosis, Omega Cum. return
ratio, Fund alpha
[140] 12 most-volumed 2015-2016 Price data CNN + RL SR, portfolio value, -

cryptocurrency

MDD
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Deep learning for financial applications:
Asset pricing and derivatives market studies

Art. Der. type Data set Period Feature set Method Performance Env.
criteria
[137] Asset Analyst reports on 2016-2018 Text LSTM, CNN, Accuracy, R? R, Python, MeCab
pricing the TSE and Osaka Bi-LSTM
Exchange
[142] Options Simulated a range of - Price data, option DMLP RMSE, the average Tensorflow
call option prices strike/maturity, percentage pricing
dividend/risk free error
rates, volatility
[143] Futures, TAIEX Options 2017 OCHLV, fundamental DMLP, DMLP with RMSE, MAE, MAPE -
Options analysis, option price Black scholes
[144] Equity Returns in NYSE, 1975-2017 57 firm Fama-French R? RMSE Tensorflow
returns AMEX, NASDAQ characteristics n-factor model DL
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Deep learning for financial applications:

Cryptocurrency and blockchain studies

Art. Data set Period Feature set Method Performance Env.
criteria
[46] Bitcoin, Dash, Ripple, 2014-2017 MA, BOLL, the LSTM, RNN, DMLP Accuracy, Python,
Monero, Litecoin, CRIX daily returns, F1-measure Tensorflow
Dogecoin, Nxt, Namecoin Euribor interest
rates, OCHLV of
EURO/UK,
EURO/USD, US/JPY
[65] Cryptocurrencies, Bitcoin 2014-2017 Price data CNN Accumulative -
portfolio value,
MDD, SR
[140] 12 most-volumed 2015-2016 Price data CNN + RL SR, portfolio value,
cryptocurrency MDD
[145] Bitcoin data 2010-2017 Hash value, Takagi-Sugeno Analytical -
bitcoin address, Fuzzy cognitive hierarchy process
public/private key, maps
digital signature,
etc.
[146] Bitcoin data 2012, 2013, 2016 Transactionld, Graph embedding Fl-score -
input/output using heuristic,
Addresses, laplacian
timestamp eigen-map, deep
AE
[147] Bitcoin, Litecoin, 2015-2018 OCHLYV, technical CNN, LSTM, State MSE Keras, Tensorflow
StockTwits indicators, Frequency Model
sentiment analysis
[148] Bitcoin 2013-2016 Price data Bayesian Sensitivity, Keras, Python,
optimized RNN, specificity, Hyperas
LSTM precision,

accuracy, RMSE
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Deep learning for financial applications:

Financial sentiment studies coupled with text mining for forecasting

Art. Data set Period Feature set Method Performance Env.
criteria
[137] Analyst reports on the 2016-2018 Text LSTM, CNN, Accuracy, R? R, Python, MeCab
TSE and Osaka Exchange Bi-LSTM
[150] Sina Weibo, Stock 2012-2015 Technical DRSE Fl1-score, Python
market records indicators, precision, recall,
sentences accuracy, AUROC
[151] News from Reuters and 2006-2015 Financial news, DeepClue Accuracy Dynet software
Bloomberg for S&P500 price data
stocks
[152] News from Reuters and 2006-2013 News, price data DMLP Accuracy -
Bloomberg, Historical
stock security data
[153] SCI prices 2008-2015 OCHL of change Emotional Analysis MSE -
rate, price + LSTM
[154] SCI prices 2013-2016 Text data and LSTM Accuracy, Python, Keras
Price data F1-Measure
[155] Stocks of Google, 2016-2017 Twitter sentiment RNN - Spark,
Microsoft and Apple and stock prices Flume,Twitter API,
[156] 30 DJIA stocks, S&P500, 2002-2016 Price data and LSTM, NN, CNN Accuracy VADER
DJI, news from Reuters features from and word2vec
news articles
[157] Stocks of CSI300 index, 2009-2014 Sentiment Posts, Naive Bayes + Precision, Recall, Python, Keras
OCHLV of CSI300 index Price data LSTM F1-score, Accuracy
[158] S&P500, NYSE 2009-2011 Twitter moods, DNN, CNN Error rate Keras, Theano

Composite, DJIA,
NASDAQ Composite

index data
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Deep learning for financial applications:

Text mining studies without sentiment analysis for forecasting

Art. Data set Period Feature set Method Performance Env.
criteria
[68] Energy-Sector/ 2015-2016 Text and Price RNN, KNN, SVR, Return, SR, Python, Tweepy
Company-Centric Tweets data LinR precision, recall, API
in S&P500 accuracy
[165] News from Reuters, 2006-2013 Financial news, Bi-GRU Accuracy Python, Keras
Bloomberg price data
[166] News from Sina.com, 2012-2016 A set of news text Their unique Precision, Recall, -
ACE2005 Chinese corpus algorithm F1-score
[167] CDAX stock market data 2010-2013 Financial news, LSTM MSE, RMSE, MAE, TensorFlow,
stock market data Accuracy, AUC Theano, Python,
Scikit-Learn
[168] Apple, Airbus, Amazon 2006-2013 Price data, news, TGRU, stock2vec Accuracy, Keras, Python
news from Reuters, technical precision, AUROC
Bloomberg, S&P500 stock indicators
prices
[169] S&P500 Index, 15 stocks 2006-2013 News from CNN Accuracy, MCC -
in S&P500 Reuters and
Bloomberg
[170] S&P500 index news from 2006-2013 Financial news SI-RCNN (LSTM + Accuracy -
Reuters titles, Technical CNN)
indicators
[171] 10 stocks in Nikkei 225 2001-2008 Textual Paragraph Vector Profit -
and news information and + LSTM
Stock prices
[172] NIFTY50 Index, NIFTY 2013-2017 Index data, news LSTM MCC, Accuracy -
Bank/Auto/IT/Energy
Index, News
[173] Price data, index data, 2015 Price data, news Coupled matrix Accuracy, MCC Jieba
news, social media data from articles and and tensor
social media
[174] HS300 2015-2017 Social media RNN-Boost with Accuracy, MAE, Python,

news, price data

LDA

MAPE, RMSE

Scikit-learn
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Deep learning for financial applications:

Text mining studies without sentiment analysis for forecasting

Art. Data set Period Feature set Method Performance Env.
criteria
[175] News and Chinese stock 2014-2017 Selected words in HAN Accuracy, Annual -
data a news return
[176] News, stock prices from 2001 Price data and ELM, DLR, PCA, Accuracy Matlab
Hong Kong Stock TF-IDF from news BELM, KELM, NN
Exchange
[177] TWSE index, 4 stocks in 2001-2017 Technical CNN + LSTM RMSE, Profit Keras, Python,
TWSE indicators, Price TALIB
data, News
[178] Stock of Tsugami 2013 Price data LSTM RMSE Keras, Tensorflow
Corporation
[179] News, Nikkei Stock 1999-2008 news, MACD RNN, RBM+DBN Accuracy, P-value -
Average and 10-Nikkei
companies
[180] ISMIS 2017 Data Mining - Expert identifier, LSTM + GRU + Accuracy -
Competition dataset classes FFNN
[181] Reuters, Bloomberg 2006-2013 News and LSTM Accuracy -
News, S&P500 price sentences
[182] APPL from S&P500 and 2011-2017 Input news, CNN + LSTM, Accuracy, F1-score Tensorflow
news from Reuters OCHLYV, Technical CNN+SVM
indicators
[183] Nikkei225, S&P500, news 2001-2013 Stock price data DGM Accuracy, MCC, -
from Reuters and and news %profit
Bloomberg
[184] Stocks from S&P500 2006-2013 Text (news) and LAR+News, MAPE, RMSE -
Price data RF+News
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Deep learning for financial applications:

Financial sentiment studies coupled with text mining without forecasting

Period

Feature set

Art. Data set Method Performance Env.
criteria
[85] 883 BHC from EDGAR 2006-2017 Tokens, weighted CNN, LSTM, SVM, Accuracy, Keras, Python,
sentiment polarity, Random Forest Precision, Recall, Scikit-learn
leverage and ROA F1-score
[185] SemEval-2017 dataset, 2017 Sentiments in Ensemble SVR, Cosine similarity Python, Keras,
financial text, news, Tweets, News CNN, LSTM, GRU score, agreement Scikit Learn
stock market data headlines score, class score
[186] Financial news from 2006-2015 Word vector, Targeted Cumulative -
Reuters Lexical and dependency tree abnormal return
Contextual input LSTM
[187] Stock sentiment analysis 2015 StockTwits LSTM, Doc2Vec, Accuracy, -
from StockTwits messages CNN precision, recall,
f-measure, AUC
[188] Sina Weibo, Stock 2012-2015 Technical DRSE F1-score, Python
market records indicators, precision, recall,
sentences accuracy, AUROC
[189] News from NowNews, 2013-2014 Text, Sentiment LSTM, CNN Return Python,
AppleDaily, LTN, Tensorflow
MoneyD] for 18 stocks
[190] StockTwits 2008-2016 Sentences, CNN, LSTM, GRU MCC, WSURT Keras, Tensorflow
StockTwits
messages
[191] Financial statements of - Sentences, text DMLP Precision, recall, -
Japan companies f-score
[192] Twitter posts, news - Sentences, text Deep-FASP Accuracy, MSE, R? -
headlines
[193] Forums data 2004-2013 Sentences and Recursive neural Precision, recall, -
keywords tensor networks f-measure
[194] News from Financial - Sentiment of news SVR, Bidirectional Cosine similarity Python, Scikit

Times related US stocks

headlines

LSTM

Learn, Keras,
Tensorflow
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Deep learning for financial applications:
Other text mining studies

Art. Data set Period Feature set Method Performance Env.
criteria
[72] News from NowNews, 2013-2014 Text, Sentiment DMLP Return Python,
AppleDaily, LTN, Tensorflow
MoneyD] for 18 stocks
[86] The event data set for 2007-2014 Word, sentence DMLP +NLP Relative -
large European banks, preprocess usefulness,
news articles from F1-score
Reuters
[87] Event dataset on 2007-2014 Text, sentence Sentence vector + Usefulness, -
European banks, news DFFN F1-score, AUROC
from Reuters
[88] News from Reuters, 2007-2014 Financial ratios doc2vec + NN Relative usefulness Doc2vec
fundamental data and news text
[121] Real-world data for - Car, insurance and DMLP + LDA TP, FP, Accuracy, -
automobile insurance accident related Precision, F1-score
company labeled as features
fradulent
[123] Financial transactions - Transaction data LSTM t-SNE -
[195] Taiwan’s National 2008-2014 Insured’s id, RNN Accuracy, total Python
Pension Insurance area-code, gender, error
etc.
[196] StockTwits 2015-2016 Sentences, Doc2vec, CNN Accuracy, Python,
StockTwits precision, recall, Tensorflow
messages f-measure, AUC
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Deep learning for financial applications:
Other theoretical or conceptual studies

Art. SubTopic IsTimeSeries? Data set Period Feature set Method
[197] Analysis of AE, SVD Yes Selected stocks from the 2012-2014 Price data AE, SVD
IBB index and stock of
Amgen Inc.
[198] Fraud Detection in No Risk Management |/ - - DRL
Banking Fraud Detection
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Deep

learning for financial applications:
Other financial applications

Subtopic

Art. Data set Period Feature set Method Performance criteria Env.
[47] Improving trading S&P500, KOSPI, HSI, 1987-2017  200-days stock price Deep Q-Learning and Total profit, -
decisions and EuroStoxx50 DMLP Correlation
[193] Identifying Top Forums data 2004-2013 Sentences and Recursive neural Precision, recall, -
Sellers In keywords tensor networks f-measure
Underground
Economy
[195] Predicting Social Ins. Taiwan’s National 2008-2014 Insured’s id, RNN Accuracy, total error Python
Payment Behavior Pension Insurance area-code, gender,
etc.
[199] Speedup 45 CME listed 1991-2014 Price data DNN - -
commodity and FX
futures
[200] Forecasting Stocks in NYSE, 1970-2017 16 fundamental DMLP, LFM MSE, Compound -
Fundamentals NASDAQ or AMEX features from balance annual return, SR
exchanges sheet
[201]  Predicting Bank Phone calls of bank 2008-2010 16 finance-related CNN Accuracy -
Telemarketing marketing data attributes
[202] Corporate 22 pharmaceutical 2000-2015 11 financial and 4 RBM, DBN RMSE, profit -
Performance companies data in US patent indicator
Prediction stock market
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Financial time series forecasting with deep
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Stock price forecasting using only

raw time series data

Art. Data set Period Feature set Lag Horizon Method Performance criteria Env.
[80] 38 stocks in KOSPI  2010-2014 Lagged stock 50 min 5 min DNN NMSE, RMSE, MAE, -
returns MI
[81] China stock 1990-2015 OCHLV 30d 3d LSTM Accuracy Theano, Keras
market, 3049
Stocks
[82] Daily returns of 2001-2016 OCHLV - 1d LSTM RMSE, MAE Python, Theano
‘BRD’ stock in
Romanian Market
[83] 297 listed 2012-2013 OCHLV 2d 1d LSTM, SRNN, GRU  MAD, MAPE Keras
companies of CSE
[84] 5 stock in NSE 1997-2016 OCHLV, Price data, 200d 1.10d LSTM, RNN, CNN, MAPE -
turnover and MLP
number of trades.
[85] Stocks of Infosys, 2014 Price data - - RNN, LSTM and Accuracy -
TCS and CIPLA CNN
from NSE
[86] 10 stocks in 1997-2016 OCHLV, Price data 36 m 1m RNN, LSTM, GRU Accuracy, Monthly Keras,
S&P500 return Tensorflow
[87] Stocks data from 2011-2016 OCHLV 1d 1d DBN MSE, norm-RMSE, -
S&P500 MAE
[88] High-frequency 2017 Price data - 1 min DNN, ELM, RBF RMSE, MAPE, Matlab
transaction data of Accuracy
the CSI300 futures
[89] Stocks in the 1990-2015 Price data 240 d 1d DNN, GBT, RF Mean return, MDD, H20
S&P500 Calmar ratio
[90] ACI Worldwide, 2006-2010 Daily closing 17 d 1d RNN, ANN RMSE -
Staples, and prices
Seagate in
NASDAQ
[91] Chinese Stocks 2007-2017 OCHLV 30d 1.5d CNN + LSTM Annualized Return, Python
Mxm Retracement
[92] 20 stocks in 2010-2015 Price data - - AE + LSTM Weekly Returns -
S&P500
[93] S&P500 1985-2006 Monthly and daily * 1d DBN+MLP Validation, Test Error ~ Theano, Python,
log-returns Matlab
[94] 12 stocks from SSE  2000-2017 OCHLV 60 d 1.7d DWNN MSE Tensorflow
Composite Index
[95] 50 stocks from 2007-2016 Price data - 1d, 3 d, SFM MSE -
NYSE 5d
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Stock price forecasting using various data

Art. Data set Period Feature set Lag Horizon Method Performance criteria Env.
[96] Japan Index 1990-2016 25 Fundamental 10d 1d DNN Correlation, Accuracy, Tensorflow
constituents from Features MSE
WorldScope
[97] Return of S&P500 1926-2016 Fundamental - 1s DNN MSPE Tensorflow
Features:
[98] U.S. low-level 1959-2008 GDP, - - DNN R? -
disaggregated Unemployment
macroeconomic rate, Inventories,
time series etc.
[99] CDAX stock 2010-2013 Financial news, 20d 1d LSTM MSE, RMSE, MAE, TensorFlow,
market data stock market data Accuracy, AUC Theano, Python,
Scikit-Learn
[100]  Stock of Tsugami 2013 Price data - - LSTM RMSE Keras,
Corporation Tensorflow
[101]  Stocks in China’s 2006-2007 11 technical - 1d LSTM AR, IR, IC -
A-share indicators
[102] SCI prices 2008-2015 OCHL of change 7d - EmotionalAnalysis ~ MSE -
rate, price + LSTM
[103] 10 stocks in 2001-2008 Textual 10 d - Paragraph Vector Profit -
Nikkei 225 and information and + LSTM
news Stock prices
[104]  TKC stock in NYSE ~ 1999-2006 Technical 50 d 1d RNN Profit, MSE Java
and QQQQ ETF indicators, Price (Jordan-Elman)
[105] 10 Stocks in NYSE - Price data, 20 min 1 min LSTM, MLP RMSE -
Technical
indicators
[106] 42 stocks in 2016 OCHLYV, Technical 242 min 1 min GAN (LSTM, CNN) RMSRE, DPA, GAN-F, -
China’s SSE Indicators GAN-D
[107]  Google's daily 2004-2015 OCHLV, Technical 20 d 1d (2D)2 PCA + DNN  SMAPE, PCD, MAPE, R, Matlab
stock data indicators RMSE, HR, TR, R?
[108] GarantiBank in 2016 OCHLYV, Volatility, - - PLR, Graves LSTM MSE, RMSE, MAE, Spark
BIST, Turkey etc. RSE, R?
[109]  Stocks in NYSE, 1993-2017 Price, 15 firm 80 d 1d LSTM-+MLP Monthly return, SR Python,Keras,
AMEX, NASDAQ, characteristics Tensorflow in
TAQ intraday trade AWS
[110]  Private brokerage - 250 features: - - CNN, LSTM F1-Score Keras,
company’s real order details, etc. Tensorflow
data of risky
transactions
[111]  Fundamental and - Fundamental , - - CNN - -
Technical Data, technical and
Economic Data market
information
[112] The LOB of 5 2010 FI-2010 dataset: - * WMTR, MDA Accuracy, Precision, -
stocks of Finnish bid/ask and Recall, F1-Score
Stock Market volume
[113]  Returns in NYSE, 1975-2017 57 firm * - Fama-French R%, RMSE Tensorflow
AMEX, NASDAQ characteristics n-factor model DL
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Stock Market Movement Forecast:
Phases of the stock market modeling

Data-sourcing Data Pre-Processing Modelling Evaluation
Blogs Word2vec
TF-IDF Deep Learning WM
Social Network
Accurac
- Notural Language Graph Models Ensemble i
Processing E>
Unstructured Inputs Decision Tree Fuzzy F-Measure
Economic Indicators ANN Genetic Algorithms
pCA Return
Market Information Rough Sets
Order Reduction

&

Technical Indicators

Structured Inputs
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3 Machine Learning Algorithms
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Machine Learning (ML)

Meaningful
Compression

Structure Image

i o Customer Retention
Discovery Classification

Big data Dimensionality Feature Idenity Fraud

isualistai : Classification Diagnostics
Visualistaion Reduction Elicitation Detection 8

Advertising Popularity
Prediction

Learning Learning Weather
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Prediction
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Systems
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Machine Learning Models

Deep Learning Kernel

Ensemble

Association rules

Decision tree Dimensionality reduction

Regression Analysis

Clustering

Bayesian Instance based
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Machine Learning (ML) / Deep Learning (DL)

-

Machine
Learning
(ML)

o

Supervised
Learning

L

Unsupervised
Learning

|

1

Reinforcement
Learning

|

Decision Tree
L Classifiers ]

Linear
~ Classifiers

Rule-based
\ Classifiers )

i Probabilistic 1

~ Classifiers
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Machine Learning Tasks and Methods

Machine Learning
2
w
< e SR EEEEEE G \
= ) ) i Semi-supervised Learning ) ] ‘ : i ) > :
Supervised Learning 5 Transfer Learning ' | UnsupervisedLearning | |  ActiveLeaning || RemforcementLearning

Classical: Recent Development: Classical: Recent Development: - Multi-armed bandit

- K-Nearest Neighbors - Ensemble Method - Clustering - Topic Models - Dynamic Programming

- Naive Bayes B Rand.om Forest - K-means - Representation Learning  ~ Sarsa

_ - Gradient Boosted - Hierarchical AutoE. q 1 .
- Support Vector Machine T - Autofincoder - Q-learning
et = PIEREAN - Word Embedding T

= s . = - n-St 1 Diffe
"8 Decision Tree XGBoost - Dimensionality Reduction: - Network Embedding n-otep “empora erence
_8 - Artificial Neural - Probabilistic Graphical -PCA - Deep Q Network
—
g Network Model -SVD ;

- Deep Neural Network - Factor Analysis
- Convolutional Neural
Networks
- Recurrent Neural
Networks

Note: Several entries in the diagram, e.g. word embedding or multi-armed bandit, refer to specific problem formulations for which a collection of methods exist.

: Tasks that take input data as given D: Tasks that involve interactive data acquisition Dashed border: methods not elaborated in paper text

Bold type: highlights recent developments

Source: Liye Ma and Baohong Sun (2020), "Machine learning and Al in marketing — Connecting computing power to human insights." International Journal
of Research in Marketing, 37, no. 3, 481-504.
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FinTech
Innovation



Paolo Sironi (2016)

FinTech Innovation:

From Robo-Advisors to Goal Based Investing and Gamification,
Wiley

Wiley Finance Series /

-;m 'y

Finlect
Innovation

From Robo-Advisors to Goal Based
Investing and Gamification

Source: https://www.amazon.com/FinTech-Innovation-Robo-Advisors-Investing-Gamification/dp/1119226988
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John M. Jordan (2012),

Information, Technology, and Innovation:

Resources for Growth in a Connected World,
Wiley

JOHN M. JORDAN

Information,

Technology,

~Innovation

Resources for Growth in a Connected World
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Everett M. Rogers (2003),

Diffusion of Innovations,
5th Edition, Free Press

DIFFUSION
INOVATION
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Money and Financial History

 Why is a printed piece of paper worth anything?

* How can a coin be worth more or even less than
the number stamped on it?

* Why is digital money real money?

* How can money be worth more or less than it
was yesterday?
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Exchange



Barter



Barter
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Barter
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Money
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Gold Bullion Coin
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Gold Bullion Coin

Source: http://www.wpclipart.com/money/coins/American_buffalo_gold_bullion_coin_back.jpg.html
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Coin US Penny
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Gold Bricks







Bitcoin (BTC)

Source: https://wpclipart.com/money/coins/bitcoin/bitcoin_gold.jpg.html
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Ethereum (ETH)

N4



Tether (USDT)

Sourceshttps://ethereum.org/en/stablecoins/
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https://ethereum.org/en/stablecoins/

USDC

*USDc is probably
the most famous
fiat-backed stablecoin.

*Its value is
roughly a dollar
and it’s backed by
Circle and Coinbase.

Source: https://ethereum.org/en/stablecoins/
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https://ethereum.org/en/stablecoins/

Dai

*Dai is probably
the most famous
decentralized stablecoin.

*|ts value is
roughly a dollar
and it’s accepted widely
across dapps

https://ethereum.org/en/stablecoins/
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https://ethereum.org/en/stablecoins/

Financial
Services




Financial Services

Credit Card
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Financial Services




Treasure
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Safe

Source: http://www.wpclipart.com/money/safe/steel_safe.png.html
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Currency Exchange







F|nTech




Financial Technology
FinTech

“providing
financial services
by making use of

software and
modern technology”



Financial
Services




Financial Services

Source: http://www.crackitt.com/7-reasons-why-your-fintech-startup-needs-visual-marketing/



Financial Revolution with Fintech

A financial services revolution

Consumer Trends
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1. Simplification 2. Transparency 3. Analytics 4. Reduced Friction




FinTech: Financial Services Innova
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FinTech:

Financial Services Innovation

1. Payments
2. Insurance
3. Deposits & Lending
4. Capital Raising
5. Investment Management
6. Market Provisioning
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FinTech: Financial Services Innovation

21

5 Payments

gIFIRE
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FinTech: Payment
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1 FinTech: Payment
Cashless World
Emerging Payment Rails
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FinTech: Insurance
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2 FinTech: Insurance
Insurance Disaggregation
Connected Insurance
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FinTech: Deposits & Lending
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3 FinTech: Deposits & Lending
Alternative Lending
Shifting Customer Preferences

o | | muims |
N
Aiﬁﬂfﬁiﬁ SE(hEL (Alternative Adjudication) + E&]
ternative =
" Lending Ltz ~ P2P
/i EEmTiE e emmmn e« Aoy 4=ehomm
Shifting Cudtoric ERERIT 2.0 « SYTEIFS : API ~ {TEIRAT

Preferences (L

E%KE : FugleSi[R%21E

115



FinTech: Capital Raising
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4 FinTech: Capital Raising
Crowdfunding
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FinTech: Investment Management
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5 FinTech: Investment Management
Empowered Investors
Process Externalization
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FinTech: Market Provisioning
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FinTech: Market Provisioning
Smarter, Faster Machines
New Market Platforms
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Decentralized
Finance
(DeFi)

Block Chain FinTech




Decentralized Finance (DeFi)

* A global, open alternative to the current financial system.
* Products that let you borrow, save, invest, trade, and more.

* Based on open-source technology that anyone can program
with.
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Traditional Finance
Centralized Finance (CeFi)

 Some people aren't granted access to set up a bank account or use financial
services.

* Lack of access to financial services can prevent people from being employable.
* Financial services can block you from g