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Outline

* Artificial Intelligence
* Finance Big Data Analytics

* Deep Learning for
Financial Applications



Al, Big Data, FinTech

* Financial Technology, FinTech (spring 2017)

* Big Data Analytics in Finance

 Artificial Intelligence for Investment
Analysis

* Al in Financial Application
* Al in Finance Big Data Analytics



AIWISFIN
Al Conversational Robo-Advisor
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First Place, InnoServe Awards 2018
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2018 The 23t International ICT
Innovative Services Awards
(InnoServe Awards 2018)

InnoSjerve
Annual ICT application competition held for
university and college students

The largest and the most significant contest in
Taiwan.

More than ten thousand teachers and
students from over one hundred universities

and colleges have participated in the Contest.

https://innoserve.tca.org.tw/award.aspx
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2018 International ICT Innovative Services Awards
(InnoServe Awards 2018)
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The Rise of Al

Al is born Focus on specific intelligence Focus on specific problems

* The Turing Test * Expert systems & knowledge Machine learning

 Information theory-digital signals e Optical character recognition Big data: large databases
¢ Symbolic reasoning * Speech recognition Fast processors to crunch data
High-speed networks and connectivity

L]
» Dartmouth College conference * Neural networks conceptualized Deep learning: pattern analysis & classification e
L]
L]

Dartmouth conference Edward Feigenbaum
led by John McCarthy develops the first :
L. coms the tern: ~ Expert System, IBM's Watson Q&A machine wins Jeopardy! ® 2016
artificial intelligence giving rebirth to Al Apple integrates Siri, a personal voice ° AlphaGo
1956 . 1975 - 1982 . assistant into the iPhone defeats Lee Sedol
2011 ¢ 2014
YouTube recognizes
2000 cats from videos
S I i I I I I I I N
1950 1960 1970 1980 1990 2010 2020
(
° :
1964 i 1997
Eliza, the first chatbot ~ § i IBM's Deep Blue defeats .
is developed by Joseph i i Garry Kasparoy, the world's
Weizenbaum at MIT ¢ ¢ reigning chess champion

Limited computer processing power ¢ Real-world problems are complicated
Limited database storage capacity e © Facial recognition, translation » Disappointing results: failure to achieve scale
Limited network ability © Combinatorial explosion ¢ Collapse of dedicated hardware vendors

Al Winter | Al Winter Il




Definition
of
Artificial Intelligence
(A.l.)



Artificial Intelligence

“ .. the science and

engineering
of
making

intelligent machines”
(John McCarthy, 1955)



Artificial Intelligence

“... technology that
thinks and acts
like humans”



Artificial Intelligence

“... intelligence
exhibited by machines
or software”



4 Approaches of Al

Thinking Humanly

Thinking Rationally

Acting Humanly

Acting Rationally

Source: Stuart Russell and Peter Norvig (2020), Artificial Intelligence: A Modern Approach, 4th Edition, Pearson
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4 Approaches of Al

2 hinki . ionall
Thinking Humanly: Thinking Rationally:
. The “Laws of Thought”
The Cognitive Approach
Modeling Approach
1. 4.
Acting Humanly: Acting Rationally:
The Turing Test The Rational Agent
Approach (1950) ApprOaCh

Source: Stuart Russell and Peter Norvig (2020), Artificial Intelligence: A Modern Approach, 4th Edition, Pearson
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Al Acting Humanly:

The Turing Test Approach
(Alan Turing, 1950)

Knowledge Representation
Automated Reasoning

Machine Learning (ML)

—Deep Learning (DL)

Computer Vision (Image, Video)
Natural Language Processing (NLP)
Robotics

Source: Stuart Russell and Peter Norvig (2020), Artificial Intelligence: A Modern Approach, 4th Edition, Pearson
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Tamkang University
VX b= R 2011
IMTKU Textual Entailment System for

Recognizing Inference in Text
at NTCIR-9 RITE

Department of Information Management
Tamkang University, Taiwan

Min-Yuh Day Chun Tu
myday@mail.tku.edu.tw

NTCIR-9 Workshop, December 6-9, 2011, Tokyo, Japan
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Tamkang University
VX b= R 2013
IMTKU Textual Entailment System for

Recognizing Inference in Text
at NTCIR-10 RITE-2

Department of Information Management
Tamkang University, Taiwan

Min-Yuh Day Chun Tu Hou-Cheng Vong  Shih-Wei Wu  Shih-Jhen Huang
myday@mail.tku.edu.tw
NTCIR-10 Conference, June 18-21, 2013, Tokyo, Japan
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IMTKU Textual Entailment System for
Recognizing Inference in Text at NTCIR-11 RITE VAL

Tamkang University 20 14
y gz

Min-Yuh Day  Ya-Jung Wang Che-Wei Hsu En-Chun Tu

Huai-Wen Hsu Yu-An Lin Shang-YuWu  yy- Hsuan Ta| Cheng-Chia Tsai
NTCIR-11 Conference, December 8-12, 2014, Tokyo, Japan



NTCIR 20 1 6

IMTKU Question Answering System for
World History Exams at NTCIR-12 QA Lab2

Department of Information Management
Tamkang University, Taiwan
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Min-Yuh Day Cheng Chla Tsai Wei-Chun Chung Hsiu-Yuan Chang Tzu Jui Sun Yuan- Jle Tsai Jin-Kun Lin Cheng-Hung Lee

Sagacity Technolog

’ i N
Yu-Ming Guo Yue-Da Lin Wei-Ming Chen Yun-Da Tsai Cheng- Jhlh Han Y| -Jing Lin Yi-Heng Chiang Ching-Yuan Chien

myday@mail.tku.edu.tw
NTCIR-12 Conference, June 7-10, 2016, Tokyo, Japan
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NTCIR 2017 % o o

IMTKU Question Answering System for
World History Exams at NTCIR-13 QALab-3

Department of Information Management
Tamkang University, Taiwan

Min-Yuh Day  Chao-Yu Chen
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i
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e
e
S
1

Wanchu Huang  Shi-Ya Zheng I-Hsuan Huang Rung C

myday@mail.tku.edu.tw
NTCIR-13 Conference, December 5-8, 2017, Tokyo, Japan
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Min-Chun Kuo Yue-Da Lin Yi-Jing Lin
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IMTKU Emotional Dialogue System for
Short Text Conversation at NTCIR-14 STC-3
(CECG) Task

Department of Information Management
Tamkang University, Taiwan

yal = S
Min-Yuh Day  Chi-Sheng Hung  Yi-Jun Xie Jhih-Yi Chen Yu-Ling Kuo Jian-Ting Lin

myday@mail.tku.edu.tw
NTCIR-14 Conference, June 10-13, 2019, Tokyo, Japan
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NTCIR 20 20

IMTKU Multi-Turn Dialogue System Evaluation
at the NTCIR-15 DialEval-1
Dialogue Quality and Nugget Detection

1Zeals Co., Ltd. Tokyo, Japan
2 Information Management, Tamkang University, Taiwan
3 Information Management, National Taipei University, Taiwan

29%¢

Mike Tian-Jian Jiang' ~ Zhao-Xian Gu2 Cheng-Jhe Chiang?  Yyeh-Chia Wu2 Yu -Chen Huang? Cheng-Han Chiu2 Sheng-Ru Shaw2  Min-Yuh Day3

NTCIR-15 Conference, December 8-11, 2020, Tokyo, Japan



2020 NTCIR-15 Dialogue Evaluation (DialEval-1) Task
Dialogue Quality (DQ) and Nugget Detection (ND)

Chinese Dialogue Quality (S-score) Results (7eng et al., 2020)

Run Mean RSNOD | Run Mean NMD
: IMTKU-run2 0.1918 ; |{ IMTKU-run2 0.1254
. IMTKU-runl 0.1964 i | IMTKU-run0 0.1284
.. IMTKU-rung 01977;|{IMTKU-runl 0.1290 _
TUAT-run0 0.2053 | TUAT-run0 0.1322
NKUST-runl 0.2057 | NKUST-runl 0.1363
BL-1stm 0.2088 | TUA1-runl 0.1397
WUST-run0 0.2131 | BL-popularity 0.1442
RSLNV-run0 0.2141 | BL-Istm 0.1455
BL-popularity 0.2288 | RSLNV-run0 0.1483
TUA1-runl 0.2302 | WUST-run0 0.1540
NKUST-run0 0.2653 | NKUST-run0 0.2289
BL-uniform 0.2811 | BL-uniform 0.2497

24



Transformer-based
Models Selection

BERT

RoBERTa

XLM-RoBERTa

Pre-trained Models

Fine-tuning Techniques

FiInNum-2
DialEval-1
Discriminative
Transfer Fine-tuning
Learning

--------- ® | One-cycle Policy

Optimization

Tokenization Tricks



IMTKU Emotional Dialogue
System Architecture

3

Emotion
Classification
Model

NTCIR-14 Conference, June 10-13, 2019, Tokyo, Japan 26



NTCIR

Short Text Conversation Task
(STC-3)
Chinese Emotional Conversation
Generation (CECG) Subtask

http://coai.cs.tsinghua.edu.cn/hml/challenge.html



http://coai.cs.tsinghua.edu.cn/hml/challenge.html

NTCIR Short Text Conversation
STC-1, STC-2, STC-3
 Japanese |Chinese |Englsh |

NTCIR-12 STC-1 Twitter, Weibo,
22 active Retrieval Retrieval
participants Single-turn,
NTCIR-13 STC-2 Yahoo! News, Weibo, Non
27 active Retrieval+ Retrieval+ task-oriented
participants Generation Generation B

NTCIR-14 STC-3 Weibo,
Generation
Chinese Emotional Conversation for given
Generation (CECG) subtask emotion
categories - Multi-turn,
| | ] task-oriented
Dialogue Quality (DQ) and Nugget Weibo+English translations, (helpdesk)

Detection (ND) subtasks distribution estimation for -
subjective annotations

https://waseda.app.box.com/v/ISTC3atNTCIR-14
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Finance
Big Data
Analytics




FinTech ABCD

lock Chain

loud Computing

Big ata




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

Al Cloud Computing Big Data
Q \Y;
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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 31



Value Creation by Big Data Analytics

(Grover et al., 2018)

Value
Manifestation

Strategy Leadership Trust
Technological and Industry Context

Moderating Factors

Governance Support
Competitive Dynamics

Data-Driven Culture

Capability Realization Process

| Capability Building Process >

Direct value from BDA

-

BDA Infrastructure

v' Big Data Asset
v Analytics Portfolio

v" Human Talent

Ability to integrate,
-' disseminate,
explore, and

@alyze bigdata j

BDA N

Capabilities

Y Y

1

Investments --- Assets -----

YV V V V

Fm——————————————

| Value Creation

Mechanisms
Transparency and access
Discovery and
experimentation
Prediction and optimization
Customization and targeting
Learning and crowdsourcing
Continuous monitoring and
proactive adaptation

Business
Processes
Improvement

Market

Organization
Performance

Products &

Innovation

Consumer
Experience &

Enhancement

Value Targets

Services

Impact

-IO Functional Value

¢ Symbolic Value

‘ Learning by Doing (Coevolutionary Adaptation)

-+ Capabilities

_______ Applications

32



Architecture of Big Data Analytics

Big Data
Sources

N\

* Internal
* External

* Multiple
formats

* Multiple
locations

* Multiple
applications

Raw
Data

Transformation

Big Data

Middleware

y

>

Extract
Transform
Load

Big Data

Transformedi
Data

>

Data
Warehouse

Traditional
Format
CSV, Tables

7~

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

N

Platforms & Tools

Big Data
Analytics

Big Data
Analytics
Applications

Queries

Reports

33



Business Intelligence, Analytics, and Data Science:
A Managerial Perspective, 4th Edition,
Ramesh Sharda, Dursun Delen, and Efraim Turban,
Pearson, 2017.

BUSINESS
INTELLIGENCE,
ANALYTICS, @
AND DATA
SCIENCE

A Managenas

Ramesh Sharda
Dursun Delon
Efraim Turban

P

Source: https://www.amazon.com/Business-Intelligence-Analytics-Data-Science/dp/0134633288
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https://www.amazon.com/Business-Intelligence-Analytics-Data-Science/dp/0134633288

Big Data, Data Mining, and Machine Learning: Value Creation for
Business Leaders and Practitioners,

Jared Dean,

Wiley, 2014.

moMACHINE
LEARNING

Value Creation for Business Leaders
and Practitioners

Jared Dean SN

Source: https://www.amazon.com/Data-Mining-Machine-Learning-Practitioners/dp/1118618041



https://www.amazon.com/Data-Mining-Machine-Learning-Practitioners/dp/1118618041

Social Network Based Big Data Analysis and Applications,
Lecture Notes in Social Networks,
Mehmet Kaya, Jalal Kawash, Suheil Khoury, Min-Yuh Day,
Springer International Publishing, 2018.

Lecture Notes in Sodial Networks

Mehmet Kaya - Jalal Kawash
Suheil Khoury - Min-Yuh Day Editors

Social Network
Based Big Data

Analysis and
Applications

@ Springer

Source: https://www.amazon.com/Network-Analysis-Applications-Lecture-Networks/dp/3319781952

36


https://www.amazon.com/Network-Analysis-Applications-Lecture-Networks/dp/3319781952

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 management @ Business security :
management service

e T o e s

Blockchain

RN NI v sesn

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

Business platform (electricity | Government agencies (social security, § . S ancial instititions

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

38



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

39



Evolution of top keywords in
“BD & BI” publications

 Management <Big Data * Cloud * Knowledge
* Text Mining Analytics Computing Management
« 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



Framework for BD and Bl Research

g Data Collection » Business h
» Data Storage » Medicate
« Data Analytics » Supply Chain
* Infrastructure * Engineering
* Services
N Application /
4 Management N

 Adoption of BD/BI

» Cost Benefit
 Security/Privacy

* Human Resource/

* Value Creation
* Individual Impact
» Organizational Impact
..* Social Impact

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



Business Intelligence and Big Data analytics

dynamic capa'ﬁilities
firm, performance
competitive advantage
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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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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/



FinTech: Financial Services Innova

folg

Crypto P2P FX .
Currenc . S
Y Sharing  Autonomous e
Emerging Payment Rails Economy  Vehicles 1%
N
Insurance Disaggregation Ve
Mobile Money Digital hA
N Distribution Securitization \
A N and Hedge A
< 2N Funds \
; Integrated Mobile “ Internet of Advanced \ !
! Billing Payments \ Things Sensors \\ o
/ Connected Insurance ; Jali
Cashless World 8 \ S Specialized
N Wearable P o , Products
Artificial Streamlined R Computers Bis % \
! Intelligence / Payments N 2| /
I Machine Machine . e & / \ 8
! Leamning Readable News . / \--mTTs - h '

[+)] = Strat Role). -~ ! Virtual o
£ Streamlined Smarter, Faster o e \ ' Technologies e
g /nlralslluclule Machines . 3 \ P2P Lending 1‘ 1‘ '%

D \ Social Sentiment =~~~ i \  Mobile ; D,
g ' e ) Alternative | 30 \ 7
" ig Data ; o
o ~  Market Information 5 Lending 1 Shifting i R0
E'- Platforms ! \  Customer | =
] New ] Atematve | Preferences ! S
) Market Platforms \ Adjudication ! h 2
Automated Data . - In Third- ~
2 I Collection & Analysis famd Reduced, ===s o Part -
" Y Algorithms Intermediation v ) e
‘ Cloud- ‘ Vo £
1 \ 1
! Virt
Automation of _ Computing  capability \ irtual Exchanges | I ]
- -~ Sharin \ & Smart Contracts ,
High-Value , Process g ;
Activities e H | ’
' Externalisation i )
' Crowdfunding I /
Automated Advice & Open ﬁ'ource i/ /
Mandgemers Alternative Due Customer  +
Empowered Diigance Empowerment,”
’
Investors 4 4
Social
Trading
Retail Algorithmic _ _{ ____-----~
Trading
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FinTech:

Financial Services Innovation

1. Payments
2. Insurance
3. Deposits & Lending
4. Capital Raising
5. Investment Management
6. Market Provisioning



FinTech: Investment Management

TS Market Information
Platforms

New
Market Platforms
Automated Data

' Advanced
l Collection & Analysis Algorithms
'. Cloud-
Automation of Computing Capablllty
High-Value ,~ g Prcens Sharing
Activities » )
- Externalisation
\
\
Automated Advice & Open Source
Management T
Empowered
Investors
Social
Trading

Retail Algorithmic _
Trading
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FinTech: Market Provisioning

/

/
/ Intglglq"r:ted Mobile 3 \
o 9 Payments 3
/ \
£ Cashless World
I
Artificial Streamlined
" Intelligence / Payments
I Machine Machine ;
I

. /
: Learning Readable News A /
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g, Streamlined Smarter, Faster of % ata °
E Infrastructure Machines
o \ =
6 \ Social Sentiment -
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> 1Y Big Data
e ~ Market Information
o Platforms
) New
=< Market Platforms
% \ Automated Data Advanced
: Collection & Analysis Algorithms
'l Cloud-
Automation of _ _ - RERIPLEG Capapllity
High-Value ,~ TN . Process Sharing
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: Externalisation

\
\
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The New Alpha: 30+ Startups Providing
Alternative Data For Sophisticated Investors

Alternative Data Sources

/ SATELLITEDATA \
O Orbital Insight

WEB/APP/SOCIAL MEDIADATA

yipiteas - S7pARK  App Autis

DATA

IR urthecast

PLANET
LABS

WINDWARD /

LOCAL PRICES

\_ 3
/

\

- Spire Fysecerry  @Dataminr  JATASIFT
a’“‘“'rg earthdata

Ursa Created By

S

‘ ) fli%trics

WEATHER DATA

Q @ UNDERSTORY

acLima. &\w THE CLIMATE
N

CORPORATION

&5 CBinsiGHTS

/ ALTERNATIVEDATA \
MONETIZERS/AGGREGATORS

-

)
f/; Eagle Alpha

[1 QUANTON DATA

a Sentieo

PREMISE
. )

/

CREDIT CARD
TRANSACTIONS

parnest

b

~/\ SECOND MEASURE

\_ 2RGEaN

'S

ynext. iy
data

@8 ENVESTNET
’ YODLEE

/

2

s,

ﬂ)CATION/FOOT TRAFFIC\

FOURSQUARE
@ placemeter

7)) airage
The power of where and when

STREETL|GHTDATA
\_ Placed. )
\

ALTERNATIVE CREDIT

@ 7t

o
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Al In
FinTech




Robo-Advisors




FinTech high-level classification

Lending

.

Profile

Payments

J

Source: Paolo Sironi (2016), “FinTech Innovation: From Robo-Advisors to Goal Based Investing and Gamification”, Wiley. 24
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Wealthfront

Financial Planning & Robo-Investing for Millennials

\\‘ Plan ~ Invest Borrow Expertise ~ LOGIN GET STARTED

WEALTHFRONT //

Meet your
financial copilot

v
We’'ll build a free financial plan for the life you want ¥
and automate your investments at a low cost.
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From Algorithmic Trading To Personal Finance Bots:
41 Startups Bringing Al To Fintech

Al in Fintech
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Artificial Intelligence (Al) in Fintech

General Purpose/ Predictive Analytics
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Al Humanoid
Robo-Advisor



Al Humanoid Robo-Advisor
for Multi-channel Conversational Commerce

Multichannel
Platforms
Web
LINE

Facebook

Al Portfolio
Asset Allocation

Al Conversation
Dialog System
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System Architecture of
Al Humanoid Robo-Advisor
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Conversational Model
(LINE, FB Messenger)
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Conversational Robo-Advisor
Multichannel Ul/UX

Robots
ALPHA 2 ZENBO

ALPHA 2

66



Deep Learning
for
Financial
Applications



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 )




Machine Learning + Deep Learning
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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
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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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
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Deep learning for financial applications:
Deep Learning Models
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Deep learning for financial applications
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Deep learning for financial applications:
Topic-Feature Heatmap

price data- 35 10 -35
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Deep learning for financial applications
Topic-Dataset Heatmap
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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
[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 OCHLV, 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] 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

Feature set

Art. Data set Period 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

Data set

Art. 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

Art. Subtopic 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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raw time series data

Stock price forecasting using only

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 10d - 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 PCA + DNN  SMAPE, PCD, MAPE, R, Matlab
stock data indicators RMSE, HR, TR, R2
[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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Summary

* Artificial Intelligence
* Finance Big Data Analytics

* Deep Learning for
Financial Applications
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