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Outline
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•Artificial Intelligence
• Finance Big Data Analytics
•Deep Learning for 

Financial Applications



AI, Big Data, FinTech
• Financial Technology, FinTech (Spring 2017)

• Big Data Analytics in Finance
• Artificial Intelligence for Investment 

Analysis
• AI in Financial Application
• AI in Finance Big Data Analytics
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AIWISFIN 
AI Conversational Robo-Advisor
(人工智慧對話式理財機器人)

5
https://www.youtube.com/watch?v=sEhmyoTXmGk

First Place, InnoServe Awards 2018

https://www.youtube.com/watch?v=sEhmyoTXmGk


• 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.
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2018 The 23th International ICT 
Innovative Services Awards 

(InnoServe Awards 2018) 

https://innoserve.tca.org.tw/award.aspx

https://innoserve.tca.org.tw/award.aspx


2018 International ICT Innovative Services Awards 
(InnoServe Awards 2018) 

(2018第23屆大專校院資訊應用服務創新競賽)

7https://innoserve.tca.org.tw/award.aspx

https://innoserve.tca.org.tw/award.aspx
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The Rise of AI
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Source: DHL (2018), Artificial Intelligence in Logistics,  

http://www.globalhha.com/doclib/data/upload/doc_con/5e50c53c5bf67.pdf/

1.1  Origin & Definition of AI

Artificial intelligence (AI) is not new. The term was coined 

in 1956 by John McCarthy, a Stanford computer science 

professor who organized an academic conference on the 

topic at Dartmouth College in the summer of that year. 

The field of AI has gone through a series of boom-bust 

cycles since then, characterized by technological break-

throughs that stirred activity and excitement about the 

topic, followed by subsequent periods of disillusionment 

and disinterest known as 'AI Winters' as technical limita-

tions were discovered. As you can see in figure 1, today  

we are once again in an 'AI Spring'.

Artificial intelligence can be defined as human intelligence 

exhibited by machines; systems that approximate, mimic, 

replicate, automate, and eventually improve on human 

thinking. Throughout the past half-century a few key com-

ponents of AI were established as essential: the ability to 

perceive, understand, learn, problem solve, and reason. 

Countless working definitions of AI have been proposed 

over the years but the unifying thread in all of them is  

1 UNDERSTANDING ARTIFICIAL INTELLIGENCE

Understanding Arti!cial Intelligence 3

that computers with the right software can be used to 

solve the kind of problems that humans solve, interact 

with humans and the world as humans do, and create  

ideas like humans. In other words, while the mechanisms 

that give rise to AI are ‘artificial’, the intelligence to which 

AI is intended to approximate is indistinguishable from 

human intelligence. In the early days of the science, pro-

cessing inputs from the outside world required extensive 

programming, which limited early AI systems to a very 

narrow set of inputs and conditions. However since then, 

computer science has worked to advance the capability of 

AI-enabled computing systems.

Board games have long been a proving ground for AI 

research, as they typically involve a finite number of 

players, rules, objectives, and possible moves. This essen-

tially means that games – one by one, including checkers, 

backgammon, and even Jeopardy! to name a few – have 

been taken over by AI. Most famously, in 1997 IBM’s Deep 

Blue defeated Garry Kasparov, the then reigning world 

champion of chess. This trajectory persists with the ancient 

Chinese game of Go, and the defeat of reigning world 

champion Lee Sedol by DeepMind’s AlphaGo in March 2016.

Figure 1: An AI timeline; Source: Lavenda, D. / Marsden, P.

AI is born Focus on speci!c intelligence Focus on speci!c problems

The Turing Test
Dartmouth College conference
Information theory-digital signals
Symbolic reasoning

Expert systems & knowledge
Neural networks conceptualized
Optical character recognition
Speech recognition

Machine learning
Deep learning: pattern analysis & classification

Big data: large databases
Fast processors to crunch data

High-speed networks and connectivity

        AI Winter I AI Winter II

                    1964 
Eliza, the first chatbot 

is developed by Joseph 
Weizenbaum at MIT

1997
IBM's Deep Blue defeats 
Garry Kasparov, the world's 
reigning chess champion

Edward Feigenbaum  
develops the first  

Expert System,  
giving rebirth to AI

1975 – 1982

IBM's Watson Q&A machine wins Jeopardy! 
Apple integrates Siri, a personal voice  

assistant into the iPhone 

2011

2016
AlphaGo 
defeats Lee Sedol

1950 1960 1990 2010 2020

2000

19801970

2014
YouTube recognizes  
cats from videos

Dartmouth conference  
led by John McCarthy  

coins the term  
"artificial intelligence" 

1956

Real-world problems are complicated
   Facial recognition, translation 
   Combinatorial explosion

Limited computer processing power 
Limited database storage capacity

Limited network ability
Disappointing results: failure to achieve scale
Collapse of dedicated hardware vendors

THE RISE OF AI



Definition 
of 

Artificial Intelligence 
(A.I.) 
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Artificial Intelligence 

“… the science and 

engineering
of 

making 
intelligent machines” 

(John McCarthy, 1955)

11Source: https://digitalintelligencetoday.com/artificial-intelligence-defined-useful-list-of-popular-definitions-from-business-and-science/



Artificial Intelligence 

“… technology that 
thinks and acts 
like humans”

12Source: https://digitalintelligencetoday.com/artificial-intelligence-defined-useful-list-of-popular-definitions-from-business-and-science/



Artificial Intelligence 

“… intelligence
exhibited by machines

or software”
13Source: https://digitalintelligencetoday.com/artificial-intelligence-defined-useful-list-of-popular-definitions-from-business-and-science/



4 Approaches of AI

14

Thinking Humanly Thinking Rationally

Acting Humanly Acting Rationally

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



4 Approaches of AI

15

2.
Thinking Humanly: 

The Cognitive
Modeling Approach

3. 
Thinking Rationally:
The “Laws of Thought” 

Approach

1.
Acting Humanly:

The Turing Test 
Approach (1950)

4. 
Acting Rationally:

The Rational Agent 
Approach

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



AI 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

16Source: Stuart Russell and Peter Norvig (2020), Artificial Intelligence: A Modern Approach, 4th Edition, Pearson



NTCIR-9 Workshop, December 6-9, 2011, Tokyo, Japan

myday@mail.tku.edu.tw

Department of Information Management 
Tamkang University, Taiwan

Chun TuMin-Yuh Day

IMTKU Textual Entailment System for 
Recognizing Inference in Text 

at NTCIR-9 RITE

Tamkang
University

Tamkang University 2011

mailto:myday@mail.tku.edu.tw


IMTKU Textual Entailment System for 
Recognizing Inference in Text 

at NTCIR-10 RITE-2

Tamkang
University

myday@mail.tku.edu.tw
NTCIR-10 Conference, June 18-21, 2013, Tokyo, Japan

Department of Information Management 
Tamkang University, Taiwan

Chun Tu Hou-Cheng Vong Shih-Wei Wu Shih-Jhen HuangMin-Yuh Day

Tamkang University 2013

mailto:myday@mail.tku.edu.tw


Ya-Jung WangMin-Yuh Day Che-Wei Hsu

Huai-Wen Hsu

En-Chun Tu

IMTKU Textual Entailment System for 
Recognizing Inference in Text at NTCIR-11 RITE-VAL

2014

Yu-Hsuan TaiShang-Yu Wu Cheng-Chia Tsai
NTCIR-11 Conference, December 8-12, 2014, Tokyo, Japan

Tamkang University

Yu-An Lin



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

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

Min-Yuh Day Cheng-Chia Tsai Wei-Chun Chung Hsiu-Yuan Chang Yuan-Jie Tsai Jin-Kun Lin

Yue-Da Lin Wei-Ming Chen Yun-Da Tsai Cheng-Jhih Han Yi-Jing LinYu-Ming Guo

Tzu-Jui Sun

Yi-Heng Chiang Ching-Yuan Chien

Department of Information Management 
Tamkang University, Taiwan

Cheng-Hung Lee

Tamkang University

2016

Sagacity Technology

mailto:myday@mail.tku.edu.tw


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

myday@mail.tku.edu.tw
NTCIR-13 Conference, December 5-8, 2017, Tokyo, Japan

Department of Information Management 
Tamkang University, Taiwan

Tamkang University

Yue-Da Lin I-Hsuan HuangWanchu Huang Shi-Ya Zheng Tz-Rung Chen Min-Chun Kuo Yi-Jing Lin

2017

Min-Yuh Day Chao-Yu Chen

mailto:myday@mail.tku.edu.tw


IMTKU Emotional Dialogue System for 
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IMTKU Multi-Turn Dialogue System Evaluation 
at the NTCIR-15 DialEval-1 

Dialogue Quality and Nugget Detection
!"Zeals Co., Ltd. Tokyo, Japan

#"Information Management, Tamkang University, Taiwan
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Cheng-Jhe Chiang! Cheng-Han Chiu!Yu-Chen Huang!Zhao-Xian Gu! Yueh-Chia Wu!Mike Tian-Jian Jiang" Min-Yuh Day3Sheng-Ru Shaw!



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

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

24
Source: Zeng, Zhaohao, Sosuke Kato, Tetsuya Sakai, and Inho Kang (2020), “Overview of the NTCIR-15 Dialogue Evaluation (DialEval-1) Task”, 

Proceedings of NTCIR-15, 2020

2020



25

Transformer-based 
Models Selection 

BERT

RoBERTa

XLM-RoBERTa

Pre-trained Models Tokenization Tricks 

Discriminative 
Fine-tuning

One-cycle Policy

Fine-tuning Techniques

Optimization

Transfer 
Learning

DialEval-1

FinNum-2

Source: Jiang, Mike Tian-Jian, Shih-Hung Wu, Yi-Kun Chen, Zhao-Xian Gu, Cheng-Jhe Chiang, Yueh-Chia Wu, Yu-Chen Huang, Cheng-Han Chiu, Sheng-Ru Shaw,
and Min-Yuh Day (2020). "Fine-tuning techniques and data augmentation on transformer-based models for conversational texts and noisy user-generated content." In
2020 IEEE/ACM International Conference on Advances in Social Networks Analysis and Mining (ASONAM), pp. 919-925. IEEE, 2020.



IMTKU Emotional Dialogue 
System Architecture

26

Retrieval-Based 
Model

Generation-
Based Model

Emotion 
Classification

Model

Response
Ranking

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

431
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Short Text Conversation Task 
(STC-3)

Chinese Emotional Conversation 
Generation (CECG) Subtask

27Source: 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

28Source: https://waseda.app.box.com/v/STC3atNTCIR-14

https://waseda.app.box.com/v/STC3atNTCIR-14


Finance
Big Data 
Analytics
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FinTech ABCD
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AI

Block Chain

Cloud Computing

Big Data



AI, Big Data, Cloud Computing
Evolution of Decision Support, 

Business Intelligence, and Analytics

31

 Chapter 1  • An Overview of Business Intelligence, Analytics, and Data Science  39

Evolution of Computerized Decision Support  
to Analytics/Data Science

The timeline in Figure 1.8 shows the terminology used to describe analytics since the 
1970s. During the 1970s, the primary focus of information systems support for decision 
making focused on providing structured, periodic reports that a manager could use for 
decision making (or ignore them). Businesses began to create routine reports to inform 
decision makers (managers) about what had happened in the previous period (e.g., day, 
week, month, quarter). Although it was useful to know what had happened in the past, 
managers needed more than this: They needed a variety of reports at different levels 
of granularity to better understand and address changing needs and challenges of the 
business. These were usually called management information systems (MIS). In the early 
1970s, Scott-Morton first articulated the major concepts of DSS. He defined DSSs as “inter-
active computer-based systems, which help decision makers utilize data and models to 
solve unstructured problems” (Gorry and Scott-Morton, 1971). The following is another 
classic DSS definition, provided by Keen and Scott-Morton (1978):

Decision support systems couple the intellectual resources of individuals with the capabilities 
of the computer to improve the quality of decisions. It is a computer-based support system 
for management decision makers who deal with semistructured problems.

Note that the term decision support system, like management information system 
and several other terms in the field of IT, is a content-free expression (i.e., it means dif-
ferent things to different people). Therefore, there is no universally accepted definition 
of DSS.

During the early days of analytics, data was often obtained from the domain experts 
using manual processes (i.e., interviews and surveys) to build mathematical or knowledge-
based models to solve constrained optimization problems. The idea was to do the best 
with limited resources. Such decision support models were typically called operations 
research (OR). The problems that were too complex to solve optimally (using linear or 
nonlinear mathematical programming techniques) were tackled using heuristic methods 
such as simulation models. (We will introduce these as prescriptive analytics later in this 
chapter and in a bit more detail in Chapter 6.)

In the late 1970s and early 1980s, in addition to the mature OR models that were 
being used in many industries and government systems, a new and exciting line of mod-
els had emerged: rule-based expert systems. These systems promised to capture experts’ 
knowledge in a format that computers could process (via a collection of if–then–else rules 
or heuristics) so that these could be used for consultation much the same way that one 

1.3 
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Routine Reporting
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FIGURE 1.8 Evolution of  Decision Support, Business Intelligence, and Analytics.

M01_SHAR0543_04_GE_C01.indd   39 17/07/17   2:09 PM

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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Value Creation by Big Data Analytics
(Grover et al., 2018)

32
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Figure 3. Value Creation by Big Data Analytics
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Architecture of Big Data Analytics

33Source: Stephan Kudyba (2014), Big Data, Mining, and Analytics: Components of Strategic Decision Making, Auerbach Publications
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34Source: https://www.amazon.com/Business-Intelligence-Analytics-Data-Science/dp/0134633288

Business Intelligence, Analytics, and Data Science: 
A Managerial Perspective, 4th Edition, 

Ramesh Sharda, Dursun Delen, and Efraim Turban, 
Pearson, 2017. 

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


35Source: https://www.amazon.com/Data-Mining-Machine-Learning-Practitioners/dp/1118618041

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

Jared Dean, 
Wiley, 2014.

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


36Source: https://www.amazon.com/Network-Analysis-Applications-Lecture-Networks/dp/3319781952

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.

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


AI 2.0
a new generation of AI 

based on the 
novel information environment of 

major changes and 
the development of 

new goals.

37Yunhe Pan (2016),  "Heading toward artificial intelligence 2.0." Engineering 2, no. 4, 409-
413.



FinBrain: when Finance meets AI 2.0
(Zheng et al., 2019)

38
Source: Xiao-lin Zheng, Meng-ying Zhu, Qi-bing Li, Chao-chao Chen, and Yan-chao Tan (2019), "Finbrain: When finance meets AI 2.0." 

Frontiers of Information Technology & Electronic Engineering 20, no. 7, pp. 914-924



Technology-driven 
Financial Industry Development

Development 
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technology 

Main landscape Inclusive 
finance

Relationship 
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technology 
and finance
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Internet
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crowdfunding, and 
Internet insurance

Medium Technology-
driven change

Fintech 3.0 
(financial 
intelligence)
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Cloud 
Computing, 
Blockchain

Intelligent finance High Deep fusion

39
Source: Xiao-lin Zheng, Meng-ying Zhu, Qi-bing Li, Chao-chao Chen, and Yan-chao Tan (2019), "Finbrain: When finance meets AI 2.0." 

Frontiers of Information Technology & Electronic Engineering 20, no. 7, pp. 914-924
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Evolution of top keywords in 
“BD & BI” publications

2014 2015 2016 2017

• Management
• Text Mining
• Data Mining
• Data Science

• Big Data 
Analytics

• Social Media
• Business 
Analytics

• Information 
System

• Cloud 
Computing

• Data 
Warehouse

• Knowledge 
Management

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



41
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 BI Research

Technology Application

Impact Management

• Data Collection
• Data Storage
• Data Analytics
• Infrastructure

• Value Creation
• Individual Impact
• Organizational Impact
• Social Impact

• Business
• Medicate
• Supply Chain
• Engineering
• Services

• Adoption of BD/BI
• Cost Benefit
• Security/Privacy
• Human Resource
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Figure 3 Visualization of Major Keywords in „Big Data” Literature 
 

Figure 3. Word Cloud of Associated Key Words 

6. Evolution of Keywords and Topics 

The 10,637 BD publications covered a wide range of fields. To be more focused, we 
give a closer look at the 141 publications with both BD and BI as key words. Among 
these BD&BI publications, “Management” is the most frequent keyword, followed by 
“Big Data Analytics”, “Data Mining”, “Social Media” and “Information System”. 
Figure 4 shows the evolution of high-frequency keywords in chronological order. The 

Business Intelligence and Big Data analytics

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”

44Source: https://www.fintechweekly.com/fintech-definition



Financial 
Services

45



Financial Services

46Source: http://www.crackitt.com/7-reasons-why-your-fintech-startup-needs-visual-marketing/



FinTech: Financial Services Innovation

47Source: http://www3.weforum.org/docs/WEF_The_future__of_financial_services.pdf



FinTech: 
Financial Services Innovation

1. Payments
2. Insurance

3. Deposits & Lending
4. Capital Raising

5. Investment Management
6. Market Provisioning

48Source: http://www3.weforum.org/docs/WEF_The_future__of_financial_services.pdf



FinTech: Investment Management

49Source: http://www3.weforum.org/docs/WEF_The_future__of_financial_services.pdf

5



FinTech: Market Provisioning

50Source: http://www3.weforum.org/docs/WEF_The_future__of_financial_services.pdf
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The New Alpha: 30+ Startups Providing 
Alternative Data For Sophisticated Investors

51Source: https://www.cbinsights.com/blog/alternative-data-startups-market-map-company-list/



AI in
FinTech
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Robo-Advisors
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FinTech high-level classification

54

Lending Payments AnalyticsRobo
Advisors Others

Profile Advice Re-Balance Indexing

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



Wealthfront
Financial Planning & Robo-Investing for Millennials

55https://www.wealthfront.com/

https://www.wealthfront.com/


Betterment
Online Financial Advisor

56https://www.betterment.com/

https://www.betterment.com/


Financial Advisor FinTech Solutions

57Source: https://www.kitces.com/fintechmap

https://www.kitces.com/fintechmap


From Algorithmic Trading 
to Personal Finance Bots: 

41 Startups Bringing 

AI to Fintech
58Source: https://www.cbinsights.com/blog/artificial-intelligence-fintech-market-map-company-list/



From Algorithmic Trading To Personal Finance Bots: 
41 Startups Bringing AI To Fintech

59Source: https://www.cbinsights.com/blog/artificial-intelligence-fintech-market-map-company-list/

AI in Fintech



60Source: https://www.cbinsights.com/blog/artificial-intelligence-fintech-market-map-company-list/

Artificial Intelligence (AI) in Fintech



61Source: https://www.cbinsights.com/blog/artificial-intelligence-fintech-market-map-company-list/

Artificial Intelligence (AI) in Fintech



AI Humanoid 
Robo-Advisor
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AI Humanoid Robo-Advisor
for Multi-channel Conversational Commerce

63

AI Portfolio
Asset Allocation

AI Conversation
Dialog System

Multichannel
Platforms

Web
LINE

Facebook
Humanoid 

Robot



System Architecture of 
AI Humanoid Robo-Advisor

64

AI Humanoid 
Robo-advisor 



Conversational Model 
(LINE, FB Messenger)

65



Conversational Robo-Advisor
Multichannel UI/UX 

Robots

66

ALPHA 2 ZENBO



Deep Learning 
for 

Financial 
Applications
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AI, ML, DL

68Source: https://leonardoaraujosantos.gitbooks.io/artificial-inteligence/content/deep_learning.html

Artificial Intelligence (AI)

Machine Learning (ML)

Deep Learning (DL)
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Machine Learning + Deep Learning

69Source: Enrico Galimberti, http://blogs.teradata.com/data-points/tree-machine-learning-algorithms/
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Fig.  3.  Phases  of  the  stock  market  modeling  .  

Fig.  4.  Classifications  of  inputs.  

reviewed  use  structured  type  inputs,  for  which  processing  tech-  

niques  already  exist,  and  their  importance  has  been  extensively  

studied.  Most  recent  ones  allow  the  use  of  unstructured  informa-  

tion,  which  is  more  difficult  to  process  and  to  extract  useful  infor-  

mation.  Fig.  4  shows  a  proposed  taxonomy  for  the  inputs  used  to  

forecast  the  stock  market  in  the  analyzed  studies.  

3.1.  Structured  inputs  

The  structured  information  refers  to  data  groups  with  a  prede-  

fined  skeleton,  organized  in  tabular  form,  where  the  characteristics  

or  attributes  can  be  described  as  columns  of  a  table.  That  struc-  

ture  makes  information  more  accessible  to  navigate,  and  simple  or  

complex  searches  can  be  done  without  further  effort.  Most  arti-  

cles  use  this  type  of  information,  which  is  usually  open  and  ex-  

posed  through  API  programming  interfaces.  The  most  common  is  

the  time  series  of  historical  stock  prices,  which  can  be  used  di-  

rectly  by  different  computational  models.  

3.1.1.  Stock  values  

Given  the  technical  analysis  approach,  stock  prices  reflect  all  the  

information  required  to  understand  market  behavior.  In  this  way,  

the  important  thing  is  to  analyze  the  series  of  time  correspond-  

ing  to  the  prices.  Generally,  this  information  is  public  and  free  and  

can  be  downloaded  from  the  pages  of  the  stock  markets  (such  as  

Nasdaq  Kazem,  Sharifi,  Hussain,  Saberi,  &  Hussain  (2013)  ),  third  

parties  (such  as  Yahoo  Finance  Wen,  Yang,  Song,  &  Jia  (2010)  ).  Be-  

sides,  some  companies  like  Bloomberg  (  Ding,  Zhang,  Liu,  &  Duan,  

2015  )  provide  paid  services  with  more  information  related  to  stock  

prices.  

In  some  articles,  daily  stock  information  is  used,  which  consists  

of  the  opening  price  (OP),  closing  price  (CP),  the  maximum  (MAX)  

and  minimum  price  (MIN),  and  the  volume  (VOL)  of  transactions  

performed  Wang,  Liu,  Shang,  and  Wang  (2018)  Fischer  and  Krauss  

(2018)  Di  Persio and Honchar (2016)  .  Closing prices are  the most  

commonly  used  information,  but  the  volume  and  ranges  have  also  

shown  value  in  the  prediction.  Most  of  the  studies  employ  a  time-  

span  of  10  0  0  days,  that  can  be  handled  easily  for  most  of  the  ma-  

chine  learning  algorithms.  

In  addition,  there  are  other  studies  that  use  intraday  informa-  

tion  for  prediction  (  Huang  &  Li,  2017;  Tsantekidis  et  al.,  2017  ).  The  

most  fine-grained  intraday  information  is  the  bid-ask  price  for  a  

stock.  When  a  stock  is  being  traded  in  an  exchange,  there  are  buy-  

ers  and  sellers  interested  in  trading  that  stock.  Ask  price  is  the  

minimum  price  a  seller  is  willing  to  accept,  while  the  bid  price  

is  the  maximum  price  that  the  buyer  offers  to  pay  for  the  share.  

The  consolidation  of  all  these  prices  leads  to  an  enormous  number  

of  points  having  to  be  recorded  to  predict  the  intraday  price.  

3.1.2.  Technical  indicators  

Technical  indicators  have  been  useful  for  predicting  the  stock  

market.  These  have  been  increasing  in  sophistication,  and  are  al-  

ready  part  of  the  language  of  brokers.  Technical  indicators  can  

summarize  the  behavior  or  trends  in  the  time  series,  making  their  
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Table 15
Other financial applications.
Art. Subtopic Data set Period Feature set Method Performance criteria Env.
[47] Improving trading

decisions
S&P500, KOSPI, HSI,
and EuroStoxx50

1987–2017 200-days stock price Deep Q-Learning and
DMLP

Total profit,
Correlation

–

[193] Identifying Top
Sellers In
Underground
Economy

Forums data 2004–2013 Sentences and
keywords

Recursive neural
tensor networks

Precision, recall,
f-measure

–

[195] Predicting Social Ins.
Payment Behavior

Taiwan’s National
Pension Insurance

2008–2014 Insured’s id,
area-code, gender,
etc.

RNN Accuracy, total error Python

[199] Speedup 45 CME listed
commodity and FX
futures

1991–2014 Price data DNN – –

[200] Forecasting
Fundamentals

Stocks in NYSE,
NASDAQ or AMEX
exchanges

1970–2017 16 fundamental
features from balance
sheet

DMLP, LFM MSE, Compound
annual return, SR

–

[201] Predicting Bank
Telemarketing

Phone calls of bank
marketing data

2008–2010 16 finance-related
attributes

CNN Accuracy –

[202] Corporate
Performance
Prediction

22 pharmaceutical
companies data in US
stock market

2000–2015 11 financial and 4
patent indicator

RBM, DBN RMSE, profit –

Fig. 8. The histogram of publication count in topics.

First and foremost, we clustered the various topics within the
financial applications research and presented them in Fig. 8. A
quick glance at the figure shows us financial text mining and
algorithmic trading are the top two fields that the researchers
most worked on followed by risk assessment, sentiment analysis,
portfolio management and fraud detection, respectively. The re-
sults indicate most of the papers were published within the past
3 years implying the domain is very hot and actively studied.

When the papers were clustered by the DL model type as
presented in Fig. 9, we observe the dominance of RNN, DMLP
and CNN over the remaining models, which might be expected,
since these models are the most commonly preferred ones in
general DL implementations. Meanwhile, RNN is a general um-
brella model which has several versions including LSTM, GRU, etc.
Within the RNN choice, most of the models actually belonged
to LSTM, which is very popular in time series forecasting or
regression problems. It is also used quite often in algorithmic
trading. More than 70% of the RNN papers consisted of LSTM
models.

Meanwhile, DMLP generally fits well for classification prob-
lems; hence it is a common choice for most of the financial

application areas. However, since it is a natural extension of its
shallow counterpart MLP, it has a longer history than the other
DL models.

CNN started getting more attention lately since most of the
implementations appeared within the past 3 years. Careful anal-
ysis of CNN papers indicates that a recent trend of representing
financial data with a 2-D image view in order to utilize CNN
is growing. Hence CNN based models might overpass the other
models in the future. It actually passed DMLP for the past 3 years.

Furthermore, we attempted to provide more details about
associations between the DL models and the financial application
areas. Fig. 10 gives the distribution of the models for the research
areas through a model-topic heatmap. Since most of the papers
had multiple DL models, the amount of models is more than
the number of covered papers. The results indicate the broad
acceptance of RNN, DMLP and CNN models in almost all financial
application areas.

We also wanted to elaborate on the particular feature se-
lections for each financial application area to see if we could
spot any pattern. Fig. 11 gives the distribution of the features
for the research areas through a feature-topic heatmap. Unlike

Source: Ahmet Murat Ozbayoglu, Mehmet Ugur Gudelek, and Omer Berat Sezer (2020). "Deep learning for financial applications: A survey." 
Applied Soft Computing (2020): 106384.
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Fig. 9. The histogram of publication count in model types.

Fig. 10. Topic-model heatmap.

the model-topic heatmap, in this case, we saw a distinction
between the associations. Even though price data and technical
indicators have been very popular for most of the research areas
that are involved with time series forecasting, like algorithmic
trading, portfolio management, financial sentiment analysis and
financial text mining, the studies that had more significant spatial
characteristics like risk assessment and fraud detection did not
depend much on these temporal features. One other noteworthy
difference came up with the adaptation of text related features.
Highly text-based applications like financial sentiment analysis,
financial text mining, risk assessment and fraud detection pre-
ferred to use features like text (extracted from tweets, news or
financial data) and sentiments during their model development
and implementation. However, the temporal characteristics of
the financial time series data were also important for financial
sentiment analysis and financial text mining, since a significant
portion of these models were integrated into algorithmic trading
systems.

Fig. 12 elaborates on the distribution of the dataset types for
the research areas through a dataset-topic heatmap. If we analyze

the heatmap, we see similarities with the feature-topic associa-
tions. However, this time, we had three main clusters of dataset
types, the first one being the temporal datasets like Stock, Index,
ETF, Cryptocurrency, Forex and Commodity price datasets, and
the second one being the text-based datasets like News, Tweets,
Microblogs and Financial Reports, and the last one being the
datasets that had both numeric and textual components like Con-
sumer Data, Credit Data and Financial Reports from companies or
analysts. As far as the dataset vs. application area associations are
concerned, these three main clusters were distributed as follows:
Stock, Index, Cryptocurrency, ETF datasets were used almost in
every application area except Risk Assessment and Fraud Detec-
tion which had less of temporal properties. Meanwhile, Credit
Data, Financial Reports and Consumer Data were particularly
used by these two application areas, namely Risk Assessment
and Fraud Detection. Lastly, pure text based datasets like news,
tweets, microblogs were preferred by Financial Sentiment Analy-
sis and Financial Text Mining studies. However, as was the case in
the feature-topic associations, temporal datasets like stock, ETF,
Index price datasets were also used with these studies since some
of them were tied with algorithmic trading models.

6. Discussion and open issues

After reviewing all the publications based on the selected cri-
teria explained in the previous section, we wanted to provide our
findings of the current state-of-the-art situation. Our discussions
are categorized by the DL models and implementation topics.

6.1. Discussions on DL models

It is possible to claim that LSTM is the dominant DL model
that is preferred by most researchers, due to its well-established
structure for financial time series data forecasting. Most of the fi-
nancial implementations have time-varying data representations
requiring regression-type approaches which fits very well for
LSTM and its derivatives due to their easy adaptations to the
problems. As long as the temporal nature of the financial data
remains, LSTM and its related family models will maintain their
popularities.

Meanwhile, CNN based models started getting more traction
among researchers in the last two years. Unlike LSTM, CNN works
better for classification problems and is more suitable for either
non-time varying or static data representations. However, since
most financial data is time-varying, under normal circumstances,
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the model-topic heatmap, in this case, we saw a distinction
between the associations. Even though price data and technical
indicators have been very popular for most of the research areas
that are involved with time series forecasting, like algorithmic
trading, portfolio management, financial sentiment analysis and
financial text mining, the studies that had more significant spatial
characteristics like risk assessment and fraud detection did not
depend much on these temporal features. One other noteworthy
difference came up with the adaptation of text related features.
Highly text-based applications like financial sentiment analysis,
financial text mining, risk assessment and fraud detection pre-
ferred to use features like text (extracted from tweets, news or
financial data) and sentiments during their model development
and implementation. However, the temporal characteristics of
the financial time series data were also important for financial
sentiment analysis and financial text mining, since a significant
portion of these models were integrated into algorithmic trading
systems.

Fig. 12 elaborates on the distribution of the dataset types for
the research areas through a dataset-topic heatmap. If we analyze

the heatmap, we see similarities with the feature-topic associa-
tions. However, this time, we had three main clusters of dataset
types, the first one being the temporal datasets like Stock, Index,
ETF, Cryptocurrency, Forex and Commodity price datasets, and
the second one being the text-based datasets like News, Tweets,
Microblogs and Financial Reports, and the last one being the
datasets that had both numeric and textual components like Con-
sumer Data, Credit Data and Financial Reports from companies or
analysts. As far as the dataset vs. application area associations are
concerned, these three main clusters were distributed as follows:
Stock, Index, Cryptocurrency, ETF datasets were used almost in
every application area except Risk Assessment and Fraud Detec-
tion which had less of temporal properties. Meanwhile, Credit
Data, Financial Reports and Consumer Data were particularly
used by these two application areas, namely Risk Assessment
and Fraud Detection. Lastly, pure text based datasets like news,
tweets, microblogs were preferred by Financial Sentiment Analy-
sis and Financial Text Mining studies. However, as was the case in
the feature-topic associations, temporal datasets like stock, ETF,
Index price datasets were also used with these studies since some
of them were tied with algorithmic trading models.

6. Discussion and open issues

After reviewing all the publications based on the selected cri-
teria explained in the previous section, we wanted to provide our
findings of the current state-of-the-art situation. Our discussions
are categorized by the DL models and implementation topics.

6.1. Discussions on DL models

It is possible to claim that LSTM is the dominant DL model
that is preferred by most researchers, due to its well-established
structure for financial time series data forecasting. Most of the fi-
nancial implementations have time-varying data representations
requiring regression-type approaches which fits very well for
LSTM and its derivatives due to their easy adaptations to the
problems. As long as the temporal nature of the financial data
remains, LSTM and its related family models will maintain their
popularities.

Meanwhile, CNN based models started getting more traction
among researchers in the last two years. Unlike LSTM, CNN works
better for classification problems and is more suitable for either
non-time varying or static data representations. However, since
most financial data is time-varying, under normal circumstances,
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Fig. 11. Topic-feature heatmap.

Fig. 12. Topic-dataset heatmap.

CNN is not the natural choice for financial applications. However,
in some independent studies, the researchers performed an inno-
vative transformation of 1-D time-varying financial data into 2-D
mostly stationary image-like data to be able to utilize the power
of CNN through adaptive filtering and implicit dimensionality
reduction. This novel approach seems working remarkably well
in complex financial patterns regardless of the application area.
In the future, more examples of such implementations might be
more common; only time will tell.

Another model that has a rising interest is DRL based im-
plementations; in particular, the ones coupled with agent-based
modeling. Even though algorithmic trading is the most preferred
implementation area for such models, it is possible to develop the
working structures for any problem type.

Careful analyses of the reviews indicate in most of the papers
hybrid models are preferred over native models for better ac-
complishments. A lot of researchers configure the topologies and
network parameters for achieving higher performance. However,
there is also the danger of creating more complex hybrid models
that are not easy to build, and their interpretation also might be
difficult.

Through the performance evaluation results, it is possible to
claim that in general terms, DL models outperform ML coun-
terparts when working on the same problems. DL models also
have the advantage of being able to work on larger amount of
data. With the growing expansion of open-source DL libraries
and frameworks, DL model building and development process is
easier than ever.
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CNN is not the natural choice for financial applications. However,
in some independent studies, the researchers performed an inno-
vative transformation of 1-D time-varying financial data into 2-D
mostly stationary image-like data to be able to utilize the power
of CNN through adaptive filtering and implicit dimensionality
reduction. This novel approach seems working remarkably well
in complex financial patterns regardless of the application area.
In the future, more examples of such implementations might be
more common; only time will tell.

Another model that has a rising interest is DRL based im-
plementations; in particular, the ones coupled with agent-based
modeling. Even though algorithmic trading is the most preferred
implementation area for such models, it is possible to develop the
working structures for any problem type.

Careful analyses of the reviews indicate in most of the papers
hybrid models are preferred over native models for better ac-
complishments. A lot of researchers configure the topologies and
network parameters for achieving higher performance. However,
there is also the danger of creating more complex hybrid models
that are not easy to build, and their interpretation also might be
difficult.

Through the performance evaluation results, it is possible to
claim that in general terms, DL models outperform ML coun-
terparts when working on the same problems. DL models also
have the advantage of being able to work on larger amount of
data. With the growing expansion of open-source DL libraries
and frameworks, DL model building and development process is
easier than ever.
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Table 1
Algo-trading applications embedded with time series forecasting models.
Art. Data set Period Feature set Method Performance

criteria
Environment

[33] GarantiBank in BIST,
Turkey

2016 OCHLV, Spread,
Volatility,
Turnover, etc.

PLR, Graves LSTM MSE, RMSE, MAE,
RSE, Correlation
R-square

Spark

[34] CSI300, Nifty50, HSI,
Nikkei 225, S&P500, DJIA

2010–2016 OCHLV, Technical
Indicators

WT, Stacked
autoencoders,
LSTM

MAPE, Correlation
coefficient,
THEIL-U

–

[35] Chinese Stocks 2007–2017 OCHLV CNN + LSTM Annualized Return,
Mxm Retracement

Python

[36] 50 stocks from NYSE 2007–2016 Price data SFM MSE –
[37] The LOB of 5 stocks of

Finnish Stock Market
2010 FI-2010 dataset:

bid/ask and
volume

WMTR, MDA Accuracy,
Precision, Recall,
F1-Score

–

[38] 300 stocks from SZSE,
Commodity

2014–2015 Price data FDDR, DMLP+RL Profit, return, SR,
profit-loss curves

Keras

[39] S&P500 Index 1989–2005 Price data, Volume LSTM Return, STD, SR,
Accuracy

Python,
TensorFlow, Keras,
R, H2O

[40] Stock of National Bank
of Greece (ETE).

2009–2014 FTSE100, DJIA,
GDAX, NIKKEI225,
EUR/USD, Gold

GASVR, LSTM Return, volatility,
SR, Accuracy

Tensorflow

[41] Chinese stock-IF-IH-IC
contract

2016–2017 Decisions for price
change

MODRL+LSTM Profit and loss, SR –

[42] Singapore Stock Market
Index

2010–2017 OCHL of last 10
days of Index

DMLP RMSE, MAPE,
Profit, SR

–

[43] GBP/USD 2017 Price data Reinforcement
Learning + LSTM +
NES

SR, downside
deviation ratio,
total profit

Python, Keras,
Tensorflow

[44] Commodity, FX future,
ETF

1991–2014 Price Data DMLP SR, capability
ratio, return

C++, Python

[45] USD/GBP, S&P500,
FTSE100, oil, gold

2016 Price data AE + CNN SR, % volatility,
avg return/trans,
rate of return

H2O

[46] Bitcoin, Dash, Ripple,
Monero, Litecoin,
Dogecoin, Nxt, Namecoin

2014–2017 MA, BOLL, the
CRIX returns,
Euribor interest
rates, OCHLV

LSTM, RNN, DMLP Accuracy,
F1-measure

Python,
Tensorflow

[47] S&P500, KOSPI, HSI, and
EuroStoxx50

1987–2017 200-days stock
price

Deep Q-Learning,
DMLP

Total profit,
Correlation

–

[48] Stocks in the S&P500 1990–2015 Price data DMLP, GBT, RF Mean return,
MDD, Calmar ratio

H2O

[49] Fundamental and
Technical Data, Economic
Data

– Fundamental ,
technical and
market
information

CNN – –

3.8. Other deep structures

The DL models are not limited to the ones mentioned in
the previous subsections. Some of the other well-known struc-
tures that exist in the literature are Deep Reinforcement Learn-
ing (DRL), Generative Adversarial Networks (GANs), Capsule Net-
works, Deep Gaussian Processes (DGPs). Meanwhile, we have not
encountered any noteworthy academic or industrial publication
on financial applications using these models so far, with the
exception of DRL which started getting attention lately. However,
that does not imply that these models do not fit well with the
financial domain. On the contrary, they offer great potentials for
researchers and practitioners participating in finance and deep
learning community who are willing to go the extra mile to come
up with novel solutions.

Since research for model developments in DL is ongoing, new
structures keep on coming. However, the aforementioned models
and their variations currently cover almost all of the published
work. Next section will provide details about the implementation
areas along with the preferred DL models.

4. Financial applications

There are a lot of financial applications of soft computing in
the literature. DL has been studied in most of them, although,
some opportunities still exist in a number of fields.

Throughout this section, we categorized the implementation
areas and presented them in separate subsections. Besides, in
each subsection we tabulated the representative models, datasets,
features of the relevant studies in order to provide as much
information as possible in the limited space.

In addition, we tried to elaborate on the preferred model, data
and feature choices for each financial application area separately
in the subsections. Our focus was to identify the dominant mod-
els, features and data types that standout for each application
area and very briefly explain the reasons behind those particular
choices. To provide an overall snapshot view, we accumulated
the corresponding model, feature and dataset associations cou-
pled with the financial application areas within three separate
heatmaps (Figs. 10–12) that are presented in Section 5.
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Table 1
Algo-trading applications embedded with time series forecasting models.
Art. Data set Period Feature set Method Performance

criteria
Environment

[33] GarantiBank in BIST,
Turkey

2016 OCHLV, Spread,
Volatility,
Turnover, etc.

PLR, Graves LSTM MSE, RMSE, MAE,
RSE, Correlation
R-square

Spark

[34] CSI300, Nifty50, HSI,
Nikkei 225, S&P500, DJIA

2010–2016 OCHLV, Technical
Indicators

WT, Stacked
autoencoders,
LSTM

MAPE, Correlation
coefficient,
THEIL-U

–

[35] Chinese Stocks 2007–2017 OCHLV CNN + LSTM Annualized Return,
Mxm Retracement

Python

[36] 50 stocks from NYSE 2007–2016 Price data SFM MSE –
[37] The LOB of 5 stocks of

Finnish Stock Market
2010 FI-2010 dataset:

bid/ask and
volume

WMTR, MDA Accuracy,
Precision, Recall,
F1-Score

–

[38] 300 stocks from SZSE,
Commodity

2014–2015 Price data FDDR, DMLP+RL Profit, return, SR,
profit-loss curves

Keras

[39] S&P500 Index 1989–2005 Price data, Volume LSTM Return, STD, SR,
Accuracy

Python,
TensorFlow, Keras,
R, H2O

[40] Stock of National Bank
of Greece (ETE).

2009–2014 FTSE100, DJIA,
GDAX, NIKKEI225,
EUR/USD, Gold

GASVR, LSTM Return, volatility,
SR, Accuracy

Tensorflow

[41] Chinese stock-IF-IH-IC
contract

2016–2017 Decisions for price
change

MODRL+LSTM Profit and loss, SR –

[42] Singapore Stock Market
Index

2010–2017 OCHL of last 10
days of Index

DMLP RMSE, MAPE,
Profit, SR

–

[43] GBP/USD 2017 Price data Reinforcement
Learning + LSTM +
NES

SR, downside
deviation ratio,
total profit

Python, Keras,
Tensorflow

[44] Commodity, FX future,
ETF

1991–2014 Price Data DMLP SR, capability
ratio, return

C++, Python

[45] USD/GBP, S&P500,
FTSE100, oil, gold

2016 Price data AE + CNN SR, % volatility,
avg return/trans,
rate of return

H2O

[46] Bitcoin, Dash, Ripple,
Monero, Litecoin,
Dogecoin, Nxt, Namecoin

2014–2017 MA, BOLL, the
CRIX returns,
Euribor interest
rates, OCHLV

LSTM, RNN, DMLP Accuracy,
F1-measure

Python,
Tensorflow

[47] S&P500, KOSPI, HSI, and
EuroStoxx50

1987–2017 200-days stock
price

Deep Q-Learning,
DMLP

Total profit,
Correlation

–

[48] Stocks in the S&P500 1990–2015 Price data DMLP, GBT, RF Mean return,
MDD, Calmar ratio

H2O

[49] Fundamental and
Technical Data, Economic
Data

– Fundamental ,
technical and
market
information

CNN – –

3.8. Other deep structures

The DL models are not limited to the ones mentioned in
the previous subsections. Some of the other well-known struc-
tures that exist in the literature are Deep Reinforcement Learn-
ing (DRL), Generative Adversarial Networks (GANs), Capsule Net-
works, Deep Gaussian Processes (DGPs). Meanwhile, we have not
encountered any noteworthy academic or industrial publication
on financial applications using these models so far, with the
exception of DRL which started getting attention lately. However,
that does not imply that these models do not fit well with the
financial domain. On the contrary, they offer great potentials for
researchers and practitioners participating in finance and deep
learning community who are willing to go the extra mile to come
up with novel solutions.

Since research for model developments in DL is ongoing, new
structures keep on coming. However, the aforementioned models
and their variations currently cover almost all of the published
work. Next section will provide details about the implementation
areas along with the preferred DL models.

4. Financial applications

There are a lot of financial applications of soft computing in
the literature. DL has been studied in most of them, although,
some opportunities still exist in a number of fields.

Throughout this section, we categorized the implementation
areas and presented them in separate subsections. Besides, in
each subsection we tabulated the representative models, datasets,
features of the relevant studies in order to provide as much
information as possible in the limited space.

In addition, we tried to elaborate on the preferred model, data
and feature choices for each financial application area separately
in the subsections. Our focus was to identify the dominant mod-
els, features and data types that standout for each application
area and very briefly explain the reasons behind those particular
choices. To provide an overall snapshot view, we accumulated
the corresponding model, feature and dataset associations cou-
pled with the financial application areas within three separate
heatmaps (Figs. 10–12) that are presented in Section 5.
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Table 1
Algo-trading applications embedded with time series forecasting models.
Art. Data set Period Feature set Method Performance

criteria
Environment

[33] GarantiBank in BIST,
Turkey

2016 OCHLV, Spread,
Volatility,
Turnover, etc.

PLR, Graves LSTM MSE, RMSE, MAE,
RSE, Correlation
R-square

Spark

[34] CSI300, Nifty50, HSI,
Nikkei 225, S&P500, DJIA

2010–2016 OCHLV, Technical
Indicators

WT, Stacked
autoencoders,
LSTM

MAPE, Correlation
coefficient,
THEIL-U

–

[35] Chinese Stocks 2007–2017 OCHLV CNN + LSTM Annualized Return,
Mxm Retracement

Python

[36] 50 stocks from NYSE 2007–2016 Price data SFM MSE –
[37] The LOB of 5 stocks of

Finnish Stock Market
2010 FI-2010 dataset:

bid/ask and
volume

WMTR, MDA Accuracy,
Precision, Recall,
F1-Score

–

[38] 300 stocks from SZSE,
Commodity

2014–2015 Price data FDDR, DMLP+RL Profit, return, SR,
profit-loss curves

Keras

[39] S&P500 Index 1989–2005 Price data, Volume LSTM Return, STD, SR,
Accuracy

Python,
TensorFlow, Keras,
R, H2O

[40] Stock of National Bank
of Greece (ETE).

2009–2014 FTSE100, DJIA,
GDAX, NIKKEI225,
EUR/USD, Gold

GASVR, LSTM Return, volatility,
SR, Accuracy

Tensorflow

[41] Chinese stock-IF-IH-IC
contract

2016–2017 Decisions for price
change

MODRL+LSTM Profit and loss, SR –

[42] Singapore Stock Market
Index

2010–2017 OCHL of last 10
days of Index

DMLP RMSE, MAPE,
Profit, SR

–

[43] GBP/USD 2017 Price data Reinforcement
Learning + LSTM +
NES

SR, downside
deviation ratio,
total profit

Python, Keras,
Tensorflow

[44] Commodity, FX future,
ETF

1991–2014 Price Data DMLP SR, capability
ratio, return

C++, Python

[45] USD/GBP, S&P500,
FTSE100, oil, gold

2016 Price data AE + CNN SR, % volatility,
avg return/trans,
rate of return

H2O

[46] Bitcoin, Dash, Ripple,
Monero, Litecoin,
Dogecoin, Nxt, Namecoin

2014–2017 MA, BOLL, the
CRIX returns,
Euribor interest
rates, OCHLV

LSTM, RNN, DMLP Accuracy,
F1-measure

Python,
Tensorflow

[47] S&P500, KOSPI, HSI, and
EuroStoxx50

1987–2017 200-days stock
price

Deep Q-Learning,
DMLP

Total profit,
Correlation

–

[48] Stocks in the S&P500 1990–2015 Price data DMLP, GBT, RF Mean return,
MDD, Calmar ratio

H2O

[49] Fundamental and
Technical Data, Economic
Data

– Fundamental ,
technical and
market
information

CNN – –

3.8. Other deep structures

The DL models are not limited to the ones mentioned in
the previous subsections. Some of the other well-known struc-
tures that exist in the literature are Deep Reinforcement Learn-
ing (DRL), Generative Adversarial Networks (GANs), Capsule Net-
works, Deep Gaussian Processes (DGPs). Meanwhile, we have not
encountered any noteworthy academic or industrial publication
on financial applications using these models so far, with the
exception of DRL which started getting attention lately. However,
that does not imply that these models do not fit well with the
financial domain. On the contrary, they offer great potentials for
researchers and practitioners participating in finance and deep
learning community who are willing to go the extra mile to come
up with novel solutions.

Since research for model developments in DL is ongoing, new
structures keep on coming. However, the aforementioned models
and their variations currently cover almost all of the published
work. Next section will provide details about the implementation
areas along with the preferred DL models.

4. Financial applications

There are a lot of financial applications of soft computing in
the literature. DL has been studied in most of them, although,
some opportunities still exist in a number of fields.

Throughout this section, we categorized the implementation
areas and presented them in separate subsections. Besides, in
each subsection we tabulated the representative models, datasets,
features of the relevant studies in order to provide as much
information as possible in the limited space.

In addition, we tried to elaborate on the preferred model, data
and feature choices for each financial application area separately
in the subsections. Our focus was to identify the dominant mod-
els, features and data types that standout for each application
area and very briefly explain the reasons behind those particular
choices. To provide an overall snapshot view, we accumulated
the corresponding model, feature and dataset associations cou-
pled with the financial application areas within three separate
heatmaps (Figs. 10–12) that are presented in Section 5.

Deep learning for financial applications:
Algo-trading applications embedded with time series forecasting models
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Table 2
Classification (buy–sell signal, or trend detection) based algo-trading models.
Art. Data set Period Feature set Method Performance

criteria
Environment

[51] Stocks in Dow30 1997–2017 RSI DMLP with genetic
algorithm

Annualized return Spark MLlib, Java

[52] SPY ETF, 10 stocks from
S&P500

2014–2016 Price data FFNN Cumulative gain MatConvNet,
Matlab

[53] Dow30 stocks 2012–2016 Close data and
several technical
indicators

LSTM Accuracy Python, Keras,
Tensorflow, TALIB

[54] High-frequency record of
all orders

2014–2017 Price data, record
of all orders,
transactions

LSTM Accuracy –

[55] Nasdaq Nordic (Kesko
Oyj, Outokumpu Oyj,
Sampo, Rautaruukki,
Wartsila Oyj)

2010 Price and volume
data in LOB

LSTM Precision, Recall,
F1-score, Cohen’s
k

–

[56] 17 ETFs 2000–2016 Price data,
technical
indicators

CNN Accuracy, MSE,
Profit, AUROC

Keras, Tensorflow

[57] Stocks in Dow30 and 9
Top Volume ETFs

1997–2017 Price data,
technical
indicators

CNN with feature
imaging

Recall, precision,
F1-score,
annualized return

Python, Keras,
Tensorflow, Java

[58] FTSE100 2000–2017 Price data CAE TR, SR, MDD,
mean return

–

[59] Nasdaq Nordic (Kesko
Oyj, Outokumpu Oyj,
Sampo, Rautaruukki,
Wartsila Oyj)

2010 Price, Volume
data, 10 orders of
the LOB

CNN Precision, Recall,
F1-score, Cohen’s
k

Theano, Scikit
learn, Python

[60] Borsa Istanbul 100
Stocks

2011–2015 75 technical
indicators and
OCHLV

CNN Accuracy Keras

[61] ETFs and Dow30 1997–2007 Price data CNN with feature
imaging

Annualized return Keras, Tensorflow

[62] 8 experimental assets
from bond/derivative
market

– Asset prices data RL, DMLP, Genetic
Algorithm

Learning and
genetic algorithm
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
state, trades,
buy/sell orders,
order deletions

CNN Accuracy, kappa Caffe

[65] Cryptocurrencies, Bitcoin 2014–2017 Price data CNN, RNN, LSTM Accumulative
portfolio value,
MDD, SR

–

Also, the readers should note that there were some overlaps
between different implementation areas for some papers. There
were two main reasons for that: In some papers, multiple prob-
lems were addressed separately, for e.g. text mining was studied
for feature extraction, then algorithmic trading was implemented.
For some other cases, the paper might fit directly into multiple
implementation areas due to the survey structure, for e.g. cryp-
tocurrency portfolio management. In such cases we included the
papers in all of the relevant subsections creating some overlaps.

Some of the existing study areas can be grouped as follows:

4.1. Algorithmic trading

Algorithmic trading (or Algo-trading) is defined as buy–sell
decisions made solely by algorithmic models. These decisions can
be based on some simple rules, mathematical models, optimized
processes, or as in the case of machine/deep learning, highly com-
plex function approximation techniques. With the introduction of
electronic online trading platforms and frameworks, algorithmic
trading took over the finance industry in the last two decades.

As a result, Algo-trading models based on DL also started getting
attention.

Most of the Algo-trading applications are coupled with price
prediction models for market timing purposes. As a result, a
majority of the price or trend forecasting models that trigger
buy–sell signals based on their prediction are also considered as
Algo-trading systems. However, there are also some studies that
propose stand-alone Algo-trading models focused on the dynam-
ics of the transaction itself by optimizing trading parameters such
as bid–ask spread, analysis of limit order book, position-sizing,
etc. High Frequency Trading (HFT) researchers are particularly
interested in this area. Hence, DL models also started appearing
in HFT studies.

Before diving into the DL implementations, it would be bene-
ficial to briefly mention about the existing ML surveys on Algo-
trading. Hu et al. [75] reviewed the implementations of various
EAs on Algorithmic Trading Models. Since financial time series
forecasting is highly coupled with algorithmic trading, there are
a number of ML survey papers focused on Algo-trading models
based on forecasting. The interested readers can refer to [1] for
more information.
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Table 3
Stand-alone and/or other algorithmic models.
Art. Data set Period Feature set Method Performance

criteria
Environment

[66] DAX, FTSE100, call/put
options

1991–1998 Price data Markov model,
RNN

Ewa-measure, iv,
daily profits’ mean
and std

–

[67] Taiwan Stock Index
Futures, Mini Index
Futures

2012–2014 Price data to
image

Visualization
method + CNN

Accumulated
profits,accuracy

–

[68] Energy-Sector/
Company-Centric Tweets
in S&P500

2015–2016 Text and Price
data

LSTM, RNN, GRU Return, SR,
precision, recall,
accuracy

Python, Tweepy
API

[69] CME FIX message 2016 Limit order book,
time-stamp, price
data

RNN Precision, recall,
F1-measure

Python,
TensorFlow, R

[70] Taiwan stock index
futures (TAIFEX)

2017 Price data Agent based RL
with CNN
pre-trained

Accuracy –

[71] Stocks from S&P500 2010–2016 OCHLV DCNL PCC, DTW, VWL Pytorch
[72] News from NowNews,

AppleDaily, LTN,
MoneyDJ for 18 stocks

2013–2014 Text, Sentiment DMLP Return Python,
Tensorflow

[73] 489 stocks from S&P500
and NASDAQ-100

2014–2015 Limit Order Book Spatial neural
network

Cross entropy
error

NVIDIA’s cuDNN

[74] Experimental dataset – Price data DRL with CNN,
LSTM, GRU, DMLP

Mean profit Python

As far as the DL research is concerned, Tables 1, 2, and 3
present the past and current status of algo-trading studies based
on DL models. The papers are distributed to these tables as
follows: Table 1 has the particular algorithmic trading implemen-
tations that are embedded with time series forecasting models,
whereas Table 2 is focused on classification based (buy–sell Sig-
nal, or Trend Detection) algo-trading models. Finally, Table 3
presents stand-alone studies or other algorithmic trading mod-
els (pairs trading, arbitrage, etc.) that do not fit into the above
categorization criteria.

Most of the Algo-trading studies were concentrated on the
prediction of stock or index prices. Meanwhile, LSTM was the
most preferred DL model in these implementations. In [33], mar-
ket microstructures based trade indicators were used as the input
into RNN with Graves LSTM to perform the price prediction for
algorithmic stock trading. Bao et al. [34] used technical indicators
as the input into Wavelet Transforms (WT), LSTM and Stacked
Autoencoders (SAEs) for the forecasting of stock prices. In [35],
CNN and LSTM model structures were implemented together
(CNN was used for stock selection, LSTM was used for price
prediction).

Using a different model, Zhang et al. [36] proposed a novel
State Frequency Memory (SFM) recurrent network for stock price
prediction with multiple frequency trading patterns and achieved
better prediction and trading performances. In an HFT trad-
ing system, Tran et al. [37] developed a DL model that im-
plements price change forecasting through mid-price prediction
using high-frequency limit order book data with tensor represen-
tation. In [38], the authors used Fuzzy Deep Direct Reinforcement
Learning (FDDR) for stock price prediction and trading signal
generation.

For index prediction, the following studies are noteworthy.
In [39], the price prediction of S&P500 index using LSTM was
implemented. Mourelatos et al. [40] compared the performance
of LSTM and GA with a SVR (GASVR) for Greek Stock Exchange
Index prediction. Si et al. [41] implemented Chinese intraday
futures market trading model with DRL and LSTM. Yong et al. [42]
used DMLP method and Open,Close,High, Low (OCHL) of the time
series index data to predict Singapore Stock Market index data.

Forex or cryptocurrency trading was implemented in some
studies. In [43], agent inspired trading using deep (recurrent)
reinforcement learning and LSTM was implemented and tested
on the trading of GBP/USD. In [44], DMLP was implemented for
the prediction of commodities and FX trading prices. Korczak
et al. [45] implemented a forex trading (GBP/PLN) model using
several different input parameters on a multi-agent-based trading
environment. One of the agents used CNN for prediction and
outperformed all other models.

On the cryptocurrency side, Spilak et al. [46] used several cryp-
tocurrencies to construct a dynamic portfolio using LSTM, RNN,
DMLP methods. In a versatile study, Jeong et al. [47] combined
deep Q-learning and DMLP to implement price forecasting and
they intended to solve three separate problems: Increasing profit
in a market, prediction of the number of shares to trade, and
preventing overfitting with insufficient financial data.

In [51], technical analysis indicator’s (Relative Strength Index
(RSI)) buy & sell limits were optimized with GA which was used
for buy–sell signals. After optimization, DMLP was also used for
function approximation. In [52], the authors combined deep Fully
Connected Neural Network (FNN) with a selective trade strategy
unit to predict the next price. In [53], the crossover and Moving
Average Convergence and Divergence (MACD) signals were used
to predict the trend of the Dow 30 stocks’ prices. Sirignano
et al. [54] proposed a novel method that used limit order book
flow and history information for the determination of the stock
movements using LSTM model. Tsantekidis et al. [55] also used
limit order book time series data and LSTM method for the trend
prediction.

Several studies focused on utilizing CNN based models due
to their success in image classification problems. However, in
order to do that, the financial input data needed to be trans-
formed into images which required some creative preprocessing.
Gudelek et al. [56] converted time series of price data to 2-
dimensional images using technical analysis and classified them
with deep CNN. Similarly, Sezer et al. [57] also proposed a novel
technique that converts financial time series data that consisted
of technical analysis indicator outputs to 2-dimensional images
and classified these images using CNN to determine the trading
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Table 4
Credit scoring or classification studies.
Art. Data set Period Feature set Method Performance

criteria
Env.

[77] The XR 14 CDS contracts 2016 Recovery rate,
spreads, sector
and region

DBN+RBM AUROC, FN, FP,
Accuracy

WEKA

[78] German, Japanese credit
datasets

– Personal financial
variables

SVM + DBN Weighted-
accuracy, TP,
TN

–

[79] Credit data from Kaggle – Personal financial
variables

DMLP Accuracy, TP, TN,
G-mean

–

[80] Australian, German
credit data

– Personal financial
variables

GP + AE as
Boosted DMLP

FP Python,
Scikit-learn

[81] German, Australian
credit dataset

– Personal financial
variables

DCNN, DMLP Accuracy,
False/Missed alarm

–

[82] Consumer credit data
from Chinese finance
company

– Relief algorithm
chose the 50 most
important features

CNN + Relief AUROC, K-s
statistic, Accuracy

Keras

[83] Credit approval dataset
by UCI Machine Learning
repo

– UCI credit
approval dataset

Rectifier, Tanh,
Maxout DL

– AWS EC2, H2O, R

Table 5
Financial distress, bankruptcy, bank risk, mortgage risk, crisis forecasting studies.
Art. Data set Period Feature set Method Performance

criteria
Env.

[84] 966 french firms – Financial ratios RBM+SVM Precision, Recall –
[85] 883 BHC from EDGAR 2006–2017 Tokens, weighted

sentiment polarity,
leverage and ROA

CNN, LSTM, SVM,
RF

Accuracy,
Precision, Recall,
F1-score

Keras, Python,
Scikit-learn

[86] The event data set for
large European banks,
news articles from
Reuters

2007–2014 Word, sentence DMLP +NLP
preprocess

Relative
usefulness,
F1-score

–

[87] Event dataset on
European banks, news
from Reuters

2007–2014 Text, sentence Sentence vector +
DFFN

Usefulness,
F1-score, AUROC

–

[88] News from Reuters,
fundamental data

2007–2014 Financial ratios
and news text

doc2vec + NN Relative usefulness Doc2vec

[89] Macro/Micro economic
variables, Bank charac-
teristics/performance
variables from BHC

1976–2017 Macro economic
variables and bank
performances

CGAN, MVN, MV-t,
LSTM, VAR,
FE-QAR

RMSE, Log
likelihood, Loan
loss rate

–

[90] Financial statements of
French companies

2002–2006 Financial ratios DBN Recall, Precision,
F1-score, FP, FN

–

[91] Stock returns of
American publicly-traded
companies from CRSP

2001–2011 Price data DBN Accuracy Python, Theano

[92] Financial statements of
several companies from
Japanese stock market

2002–2016 Financial ratios CNN F1-score, AUROC –

[93] Mortgage dataset with
local and national
economic factors

1995–2014 Mortgage related
features

DMLP Negative average
log-likelihood

AWS

[94] Mortgage data from
Norwegian financial
service group, DNB

2012–2016 Personal financial
variables

CNN Accuracy,
Sensitivity,
Specificity, AUROC

–

[95] Private brokerage
company’s real data of
risky transactions

– 250 features:
order details, etc.

CNN, LSTM F1-Score Keras, Tensorflow

[96] Several datasets
combined to create a
new one

1996–2017 Index data,
10-year Bond
yield, exchange
rates,

Logit, CART, RF,
SVM, NN,
XGBoost, DMLP

AUROC, KS,
G-mean, likelihood
ratio, DP, BA, WBA

R

(majority) instances, finally they used an ensemble of DMLPs
combining each subspace model. In [80], credit scoring was per-
formed using a SAE network and GP model to create credit

assessment rules in order to generate good or bad credit cases.
In another study, Neagoe et al. [81] classified credit scores using
various DMLP and deep CNN networks. In a different study [82],
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Table 4
Credit scoring or classification studies.
Art. Data set Period Feature set Method Performance

criteria
Env.

[77] The XR 14 CDS contracts 2016 Recovery rate,
spreads, sector
and region

DBN+RBM AUROC, FN, FP,
Accuracy

WEKA

[78] German, Japanese credit
datasets

– Personal financial
variables

SVM + DBN Weighted-
accuracy, TP,
TN

–

[79] Credit data from Kaggle – Personal financial
variables

DMLP Accuracy, TP, TN,
G-mean

–

[80] Australian, German
credit data

– Personal financial
variables

GP + AE as
Boosted DMLP

FP Python,
Scikit-learn

[81] German, Australian
credit dataset

– Personal financial
variables

DCNN, DMLP Accuracy,
False/Missed alarm

–

[82] Consumer credit data
from Chinese finance
company

– Relief algorithm
chose the 50 most
important features

CNN + Relief AUROC, K-s
statistic, Accuracy

Keras

[83] Credit approval dataset
by UCI Machine Learning
repo

– UCI credit
approval dataset

Rectifier, Tanh,
Maxout DL

– AWS EC2, H2O, R

Table 5
Financial distress, bankruptcy, bank risk, mortgage risk, crisis forecasting studies.
Art. Data set Period Feature set Method Performance

criteria
Env.

[84] 966 french firms – Financial ratios RBM+SVM Precision, Recall –
[85] 883 BHC from EDGAR 2006–2017 Tokens, weighted

sentiment polarity,
leverage and ROA

CNN, LSTM, SVM,
RF

Accuracy,
Precision, Recall,
F1-score

Keras, Python,
Scikit-learn

[86] The event data set for
large European banks,
news articles from
Reuters

2007–2014 Word, sentence DMLP +NLP
preprocess

Relative
usefulness,
F1-score

–

[87] Event dataset on
European banks, news
from Reuters

2007–2014 Text, sentence Sentence vector +
DFFN

Usefulness,
F1-score, AUROC

–

[88] News from Reuters,
fundamental data

2007–2014 Financial ratios
and news text

doc2vec + NN Relative usefulness Doc2vec

[89] Macro/Micro economic
variables, Bank charac-
teristics/performance
variables from BHC

1976–2017 Macro economic
variables and bank
performances

CGAN, MVN, MV-t,
LSTM, VAR,
FE-QAR

RMSE, Log
likelihood, Loan
loss rate

–

[90] Financial statements of
French companies

2002–2006 Financial ratios DBN Recall, Precision,
F1-score, FP, FN

–

[91] Stock returns of
American publicly-traded
companies from CRSP

2001–2011 Price data DBN Accuracy Python, Theano

[92] Financial statements of
several companies from
Japanese stock market

2002–2016 Financial ratios CNN F1-score, AUROC –

[93] Mortgage dataset with
local and national
economic factors

1995–2014 Mortgage related
features

DMLP Negative average
log-likelihood

AWS

[94] Mortgage data from
Norwegian financial
service group, DNB

2012–2016 Personal financial
variables

CNN Accuracy,
Sensitivity,
Specificity, AUROC

–

[95] Private brokerage
company’s real data of
risky transactions

– 250 features:
order details, etc.

CNN, LSTM F1-Score Keras, Tensorflow

[96] Several datasets
combined to create a
new one

1996–2017 Index data,
10-year Bond
yield, exchange
rates,

Logit, CART, RF,
SVM, NN,
XGBoost, DMLP

AUROC, KS,
G-mean, likelihood
ratio, DP, BA, WBA

R

(majority) instances, finally they used an ensemble of DMLPs
combining each subspace model. In [80], credit scoring was per-
formed using a SAE network and GP model to create credit

assessment rules in order to generate good or bad credit cases.
In another study, Neagoe et al. [81] classified credit scores using
various DMLP and deep CNN networks. In a different study [82],
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Table 6
Fraud detection studies.
Art. Data set Period Feature set Method Performance

criteria
Env.

[114] Debit card transactions
by a local Indonesia
bank

2016–2017 Financial
transaction
amount on several
time periods

CNN,
Stacked-LSTM,
CNN-LSTM

AUROC –

[115] Credit card transactions
from retail banking

2017 Transaction
variables and
several derived
features

LSTM, GRU Accuracy Keras

[116] Card purchases’
transactions

2014–2015 Probability of
fraud per
currency/origin
country, other
fraud related
features

DMLP AUROC –

[117] Transactions made with
credit cards by European
cardholders

2013 Personal financial
variables to PCA

DMLP, RF Recall, Precision,
Accuracy

–

[118] Credit-card transactions 2015 Transaction and
bank features

LSTM AUROC Keras, Scikit-learn

[119] Databases of foreign
trade of the Secretariat
of Federal Revenue of
Brazil

2014 8 Features:
Foreign Trade, Tax,
Transactions,
Employees,
Invoices, etc

AE MSE H2O, R

[120] Chamber of Deputies
open data, Companies
data from Secretariat of
Federal Revenue of Brazil

2009–2017 21 features:
Brazilian State
expense, party
name, Type of
expense, etc.

Deep
Autoencoders

MSE, RMSE H2O, R

[121] Real-world data for
automobile insurance
company labeled as
fradulent

– Car, insurance and
accident related
features

DMLP + LDA TP, FP, Accuracy,
Precision, F1-score

–

[122] Transactions from a
giant online payment
platform

2006 Personal financial
variables

GBDT+DMLP AUROC –

[123] Financial transactions – Transaction data LSTM t-SNE –
[124] Empirical data from

Greek firms
– – DQL Revenue Torch

4.3.1. Model, feature and dataset selections for fraud detection
Fraud Detection, more or less, has similar domain character-

istics when compared with Risk Assessment, hence the corre-
sponding model, feature and dataset selections were also highly
correlated. As a result, the underlying dynamics that are valid for
Risk Assessment are also applicable to Fraud Detection. Maybe,
the only notable difference we can mention was the preferrence
of the consumer data as the most preferred dataset instead of the
credit data for Fraud Detection.

Full distribution of models, features and datasets used by the
fraud detection implementations are presented in Figs. 10–12.

4.4. Portfolio management

Portfolio Management is the process of choosing various assets
within the portfolio for a predetermined period. As seen in other
financial applications, slightly different versions of this problem
exist, even though the underlying motivation is the same. In
general, Portfolio Management covers the following closely re-
lated areas: Portfolio Optimization, Portfolio Selection, Portfolio
Allocation. Sometimes, these terms are used interchangeably. Li
et al. [125] reviewed the online portfolio selection studies using
various rule-based or ML models.

Portfolio Management is actually an optimization problem,
identifying the best possible course-of-action for selecting the

best-performing assets for a given period. As a result, there are a
lot of EA models that were developed for this purpose. Metaxiotis
et al. [126] surveyed the MOEAs implemented solely on the
portfolio optimization problem. However, some DL researchers
managed to configure it as a learning model and obtained supe-
rior performances. Since Robo-advisory for portfolio management
is on the rise, these DL implementations have the potential to
have a far greater impact on the financial industry in the near
future. Table 7 presents the portfolio management DL models and
summarizes their achievements.

There are a number of stock selection implementations.
Takeuchi et al. [127] classified the stocks in two classes, low
momentum and high momentum depending on their expected
return. They used a deep RBM encoder-classifier network and
achieved high returns. Similarly, in [128], stocks were evaluated
against their benchmark index to classify if they would outper-
form or underperform using DMLP, then based on the predictions,
adjusted the portfolio allocation weights for the stocks for en-
hanced indexing. In [129], an ML framework including DMLP was
constructed and the stock selection problem was implemented.

Portfolio selection and smart indexing were the main focuses
of [130] and [131] using AE and LSTM networks. Lin et al. [132]
used the Elman network for optimal portfolio selection by pre-
dicting the stock returns for t+1 and then constructing the opti-
mum portfolio according to the returns. Meanwhile, Maknickiene
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Table 7
Portfolio management studies.
Art. Data set Period Feature set Method Performance

criteria
Env.

[65] Cryptocurrencies, Bitcoin 2014–2017 Price data CNN, RNN, LSTM Accumulative
portfolio value,
MDD, SR

–

[127] Stocks from NYSE,
AMEX, NASDAQ

1965–2009 Price data Autoencoder +
RBM

Accuracy,
confusion matrix

–

[128] 20 stocks from S&P500 2012–2015 Technical
indicators

DMLP Accuracy Python, Scikit
Learn, Keras,
Theano

[129] Chinese stock data 2012–2013 Technical,
fundamental data

Logistic
Regression, RF,
DMLP

AUC, accuracy,
precision, recall,
f1, tpr, fpr

Keras, Tensorflow,
Python, Scikit
learn

[130] Top 5 companies in
S&P500

– Price data and
Financial ratios

LSTM,
Auto-encoding,
Smart indexing

CAGR –

[131] IBB biotechnology index,
stocks

2012–2016 Price data Auto-encoding,
Calibrating,
Validating,
Verifying

Returns –

[132] Taiwans stock market – Price data Elman RNN MSE, return –
[133] FOREX (EUR/USD, etc.),

Gold
2013 Price data Evolino RNN Return Python

[134] Stocks in NYSE, AMEX,
NASDAQ, TAQ intraday
trade

1993–2017 Price, 15 firm
characteristics

LSTM+DMLP Monthly return, SR Python,Keras,
Tensorflow in
AWS

[135] S&P500 1985–2006 monthly and daily
log-returns

DBN+MLP Validation, Test
Error

Theano, Python,
Matlab

[136] 10 stocks in S&P500 1997–2016 OCHLV, Price data RNN, LSTM, GRU Accuracy, Monthly
return

Keras, Tensorflow

[137] Analyst reports on the
TSE and Osaka Exchange

2016–2018 Text LSTM, CNN,
Bi-LSTM

Accuracy, R2 R, Python, MeCab

[138] Stocks from
Chinese/American stock
market

2015–2018 OCHLV,
Fundamental data

DDPG, PPO SR, MDD –

[139] Hedge fund monthly
return data

1996–2015 Return, SR, STD,
Skewness,
Kurtosis, Omega
ratio, Fund alpha

DMLP Sharpe ratio,
Annual return,
Cum. return

–

[140] 12 most-volumed
cryptocurrency

2015–2016 Price data CNN + RL SR, portfolio value,
MDD

–

et al. [141] used Evolino RNN for portfolio selection and re-
turn prediction accordingly. The selected portfolio components
(stocks) were orthogonal in nature.

In [134], through predicting the next month’s return, top to
be performed portfolios were constructed and good monthly
returns were achieved with LSTM and LSTM-DMLP combined DL
models. Similarly, Batres et al. [135] combined DBN and MLP for
constructing a stock portfolio by predicting each stock’s monthly
log-return and choosing the only stocks that were expected to
perform better than the performance of the median stock. Lee
et al. [136] compared 3 RNN models (S-RNN, LSTM, GRU) for stock
price prediction and then constructed a threshold-based portfolio
with selecting the stocks according to the predictions. With a dif-
ferent approach, Iwasaki et al. [137] used the analyst reports for
sentiment analyses through text mining and word embeddings
and used the sentiment features as inputs to Deep Feedforward
Neural Network (DFNN) model for the stock price prediction.
After that, different portfolio selections were implemented based
on the projected stock returns.

DRL was selected as the main DL model for [138]. Liang
et al. [138] used DRL for portfolio allocation by adjusting the
stocks weights using various RL models. Chen et al. [139] com-
pared different ML models (including DFFN) for hedge fund return
prediction and hedge fund selection. DL and RF models had the
best performance.

Cryptocurrency portfolio management also started getting at-
tention from DL researchers. In [140], portfolio management (al-
location and adjustment of weights) was implemented by CNN
and DRL on selected cryptocurrencies. Similarly, Jiang et al. [65]
implemented cryptocurrency portfolio management (allocation)
based on 3 different proposed models, namely RNN, LSTM and
CNN.

4.4.1. Model, feature and dataset selections for portfolio manage-
ment

In some ways, portfolio management can be considered simi-
lar to algorithmic trading except the corresponding timeframes
are very different. Algorithmic trading is implemented in rel-
atively shorter durations, i.e. milliseconds to hours or days at
most, meanwhile the typical timeframes for portfolio manage-
ment are in the order of days, months or years. However, when
we compare the models, features and datasets that were used for
algorithmic trading studies, we saw, more or less, a very simi-
lar pattern for portfolio management. Meanwhile, even though
spatial properties or features were almost nonexistent for algo-
rithmic trading models, there were a few spatial features and
datasets that were used for portfolio management studies. Since
most portfolio managers rely on analyst reports for their alloca-
tion decisions, it is logical that some DL models also use similar
features or datasets for training.
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Table 8
Asset pricing and derivatives market studies.
Art. Der. type Data set Period Feature set Method Performance

criteria
Env.

[137] Asset
pricing

Analyst reports on
the TSE and Osaka
Exchange

2016–2018 Text LSTM, CNN,
Bi-LSTM

Accuracy, R2 R, Python, MeCab

[142] Options Simulated a range of
call option prices

– Price data, option
strike/maturity,
dividend/risk free
rates, volatility

DMLP RMSE, the average
percentage pricing
error

Tensorflow

[143] Futures,
Options

TAIEX Options 2017 OCHLV, fundamental
analysis, option price

DMLP, DMLP with
Black scholes

RMSE, MAE, MAPE –

[144] Equity
returns

Returns in NYSE,
AMEX, NASDAQ

1975–2017 57 firm
characteristics

Fama–French
n-factor model DL

R2,RMSE Tensorflow

Full distribution of models, features and datasets used by the
portfolio management implementations are presented in
Figs. 10–12.

4.5. Asset pricing and derivatives market (options, futures, forward
contracts)

Accurate pricing or valuation of an asset is a fundamental
study area in finance. There are a vast number of ML models
developed for banks, corporates, real estate, derivative prod-
ucts, etc. However, DL has not been applied to this particular
field and there are some possible implementation areas that
DL models can assist the asset pricing researchers or valuation
experts. There were only a handful of studies that we were able
to pinpoint within the DL and finance community. There are vast
opportunities in this field for future studies and publications.

Meanwhile, financial models based on derivative products is
quite common. Options pricing, hedging strategy development,
financial engineering with options, futures, forward contracts are
among some of the studies that can benefit from developing
DL models. Some recent studies indicate that researchers started
showing interest in DL models that can provide solutions to this
complex and challenging field. Table 8 summarizes these studies
with their intended purposes.

Iwasaki et al. [137] used a DFNN model and the analyst reports
for sentiment analyses to predict the stock prices. Different port-
folio selection approaches were implemented after the prediction
of the stock prices. Culkin et al. [142] proposed a novel method
that used DMLP model to predict option prices by comparing their
results with Black & Scholes option pricing formula. Similarly, Hsu
et al. [143] proposed a novel method that predicted TAIEX option
prices using bid–ask spreads and Black & Scholes option price
model parameters with 3-layer DMLP. In [144], characteristic fea-
tures such as Asset growth, Industry momentum, Market equity,
Market Beta, etc. were used as inputs to a Fama–French n-factor
model DL to predict US equity returns in National Association
of Securities Dealers Automated Quotations (NASDAQ), Ameri-
can Stock Exchange (AMEX), New York Stock Exchange (NYSE)
indices.

4.5.1. Model, feature and dataset selections for derivatives market
There are a lot of options studies with machine learning,

mostly pricing and volatility estimation research. Meanwhile,
when compared with the other areas of finance, this area can
still be considered mostly untouched, since it did not attract
the researchers from a wider perspective. The other derivative
products are even more scarce compared to the options. The
trend still continues for the deep learning era.

There might be several reasons behind this scarcity of pub-
lications for derivative products: Lack of openly available his-
toric data, the implicit ambiguity using the implied volatility for

options pricing, the price irregularities at the tail-ends for the
options, too many possibilities for complex formations result-
ing in too many potential features to consider, etc. Hence the
intrinsic dynamics are quite complex in the derivatives market.
Even though not many academic papers are published, one might
think the financial institutions and their quantitative strategy
development departments might be working on these products
without publishing their results. This is probably a valid concern,
meanwhile these firms may be reluctant to openly publish their
models to the public for business protection, so it might not be
possible to find openly accessible studies on this topic as easy
as the other financial application areas. However, this is an ex-
citing area with tremendous opportunities for professionals and
researchers, but the readers should carefully assess the rewards
and risks associated with the model development using these
highly volatile and often complex products.

Full distribution of models, features and datasets used by the
derivatives market implementations are presented in Figs. 10–12.

4.6. Cryptocurrency and blockchain studies

In the last few years, cryptocurrencies have been very pop-
ular due to their incredible price gain and loss within short
periods. Even though price forecasting dominates the area of
interest, some other studies also exist, such as cryptocurrency
Algo-trading models.

Meanwhile, Blockchain is a new technology that provides a
distributed decentralized ledger system that fits well with the
cryptocurrency world. As a matter of fact, cryptocurrency and
blockchain are highly coupled, even though blockchain technol-
ogy has a much wider span for various implementation possibil-
ities that need to be studied. It is still in its early development
phase, hence there is a lot of hype in its potentials.

Some DL models have already appeared about cryptocurrency
studies, mostly price prediction or trading systems. However, still
there is a lack of studies for blockchain research within the DL
community. Given the attention that the underlying technology
has attracted, there is a great chance that some new studies will
start appearing in the near future. Table 9 tabulates the studies
for the cryptocurrency and blockchain research.

Chen et al. [145] proposed a blockchain transaction trace-
ability algorithm using Takagi–Sugeno fuzzy cognitive map and
3-layer DMLP. Bitcoin data (Hash value, bitcoin address, pub-
lic/private key, digital signature, etc.) was used as the dataset. Nan
et al. [146] proposed a method for bitcoin mixing detection that
consisted of different stages: Constructing the Bitcoin transaction
graph, implementing node embedding, detecting outliers through
AE. Lopes et al. [147] combined the opinion market and price pre-
diction for cryptocurrency trading. Text mining combined with 2
models, CNN and LSTM were used to extract the opinion. Bitcoin,
Litecoin, StockTwits were used as the dataset. Open,Close,High,
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Table 9
Cryptocurrency and blockchain studies.
Art. Data set Period Feature set Method Performance

criteria
Env.

[46] Bitcoin, Dash, Ripple,
Monero, Litecoin,
Dogecoin, Nxt, Namecoin

2014–2017 MA, BOLL, the
CRIX daily returns,
Euribor interest
rates, OCHLV of
EURO/UK,
EURO/USD, US/JPY

LSTM, RNN, DMLP Accuracy,
F1-measure

Python,
Tensorflow

[65] Cryptocurrencies, Bitcoin 2014–2017 Price data CNN Accumulative
portfolio value,
MDD, SR

–

[140] 12 most-volumed
cryptocurrency

2015–2016 Price data CNN + RL SR, portfolio value,
MDD

[145] Bitcoin data 2010–2017 Hash value,
bitcoin address,
public/private key,
digital signature,
etc.

Takagi–Sugeno
Fuzzy cognitive
maps

Analytical
hierarchy process

–

[146] Bitcoin data 2012, 2013, 2016 TransactionId,
input/output
Addresses,
timestamp

Graph embedding
using heuristic,
laplacian
eigen-map, deep
AE

F1-score –

[147] Bitcoin, Litecoin,
StockTwits

2015–2018 OCHLV, technical
indicators,
sentiment analysis

CNN, LSTM, State
Frequency Model

MSE Keras, Tensorflow

[148] Bitcoin 2013–2016 Price data Bayesian
optimized RNN,
LSTM

Sensitivity,
specificity,
precision,
accuracy, RMSE

Keras, Python,
Hyperas

Low, Volume (OCHLV) of prices, technical indicators, and sen-
timent analysis were used as the feature set. In another study,
Jiang et al. [65] presented a financial-model-free RL framework
for the Cryptocurrency portfolio management that was based on
3 different proposed models, basic RNN, LSTM and CNN. In [140],
portfolio management was implemented by CNN and DRL on 12
most-volumed cryptocurrencies. Bitcoin, Ethereum, Bitcoin Cash
and Digital Cash were used as the dataset. In addition, Spilak
et al. [46] used 8 cryptocurrencies (Bitcoin, Dash, Ripple, Mon-
ero, Litecoin, Dogecoin, Nxt, Namecoin) to construct a dynamic
portfolio using LSTM, RNN, DMLP methods. McNally et al. [148]
compared Bayesian optimized RNN, LSTM and Autoregressive
Integrated Moving Average (ARIMA) to predict the bitcoin price
direction. Sensitivity, specificity, precision, accuracy, Root Mean
Square Error (RMSE) were used as the performance metrics.

4.6.1. Model, feature and dataset selections for cryptocurrency and
blockchain studies

Since most of the cryptocurrency studies were focused on
cryptocurrency price forecasting or trading systems, the choice
of models and features are similar to the algotrading selections.
Meanwhile in some studies ( [145] and [146]) cryptocurrency
specific features were selected. Also, for the datasets, the price
data of the most popular cryptocurrency coins were used.

Full distribution of models, features and datasets used by the
cryptocurrency implementations are presented in Figs. 10–12.

4.7. Financial sentiment analysis and behavioral finance

One of the most important components of behavioral finance
is emotion or investor sentiment. Lately, advancements in text
mining techniques opened up the possibilities for successful sen-
timent extraction through social media feeds. There is a growing
interest in Financial Sentiment Analysis, especially for trend fore-
casting and Algo-trading model development. Kearney et al. [149]
surveyed ML-based financial sentiment analysis studies that use

textual data. Nowadays there is broad interest in the sentiment
analysis for financial forecasting research using DL models. Ta-
ble 10 provides information about the sentiment analysis stud-
ies that are focused on financial forecasting and based on text
mining.

In [150], technical analysis (MACD, Moving Average (MA),
Directional Movement Index (DMI), Exponential Moving Average
(EMA), Triple Exponential Moving Average (TEMA), Momentum,
RSI, Commodity Channel Index (CCI), Stochastic Oscillator, Price
of Change (ROC)) and sentiment analysis (using social media)
were used to predict the price of stocks. Shi et al. [151] pro-
posed a method that visually interpreted text-based DL models
in predicting the stock price movements. They used the finan-
cial news from Reuters and Bloomberg. In [152], text mining
and word embeddings were used to extract information from
the financial news from Reuters and Bloomberg to predict the
stock price movements. In addition, in [153], the prices of index
data and emotional data from text posts were used to predict
the stock opening price of the next day. Wang [154] performed
classification and stock price prediction using text and price data.
Das et al. [155] used Twitter sentiment data and stock price data
to predict the prices of Google, Microsoft and Apple stocks. Prosky
et al. [156] performed sentiment, mood prediction using news
from Reuters and used these sentiments for price prediction.
Li et al. [157] used sentiment classification (neutral, positive,
negative) for the stock open or close price prediction with LSTM
(various models). They compared their results with SVM and
achieved higher overall performance. Iwasaki et al. [137] used an-
alyst reports for sentiment analysis through text mining and word
embeddings. They used the sentiment features as inputs to DFNN
model for price prediction. Finally, different portfolio selections
were implemented based on the projected stock returns.

In a different study, Huang et al. [158] used several models
including Hidden Markov Model (HMM), DMLP and CNN using
Twitter moods along with the financial price data for prediction of
the next day’s move (up or down). CNN achieved the best result.
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Table 10
Financial sentiment studies coupled with text mining for forecasting.
Art. Data set Period Feature set Method Performance

criteria
Env.

[137] Analyst reports on the
TSE and Osaka Exchange

2016–2018 Text LSTM, CNN,
Bi-LSTM

Accuracy, R2 R, Python, MeCab

[150] Sina Weibo, Stock
market records

2012–2015 Technical
indicators,
sentences

DRSE F1-score,
precision, recall,
accuracy, AUROC

Python

[151] News from Reuters and
Bloomberg for S&P500
stocks

2006–2015 Financial news,
price data

DeepClue Accuracy Dynet software

[152] News from Reuters and
Bloomberg, Historical
stock security data

2006–2013 News, price data DMLP Accuracy –

[153] SCI prices 2008–2015 OCHL of change
rate, price

Emotional Analysis
+ LSTM

MSE –

[154] SCI prices 2013–2016 Text data and
Price data

LSTM Accuracy,
F1-Measure

Python, Keras

[155] Stocks of Google,
Microsoft and Apple

2016–2017 Twitter sentiment
and stock prices

RNN – Spark,
Flume,Twitter API,

[156] 30 DJIA stocks, S&P500,
DJI, news from Reuters

2002–2016 Price data and
features from
news articles

LSTM, NN, CNN
and word2vec

Accuracy VADER

[157] Stocks of CSI300 index,
OCHLV of CSI300 index

2009–2014 Sentiment Posts,
Price data

Naive Bayes +
LSTM

Precision, Recall,
F1-score, Accuracy

Python, Keras

[158] S&P500, NYSE
Composite, DJIA,
NASDAQ Composite

2009–2011 Twitter moods,
index data

DNN, CNN Error rate Keras, Theano

Even though financial sentiment is highly coupled with text
mining, we decided to represent those two topics in different
subsections. The main reason for such a choice is not only the ex-
istence of some financial sentiment studies which do not directly
depend on financial textual data (like [158]) but also the existence
of some financial text mining studies that are not automatically
used for sentiment analysis which will be covered in Section 4.8.

4.7.1. Model, feature and dataset selections for financial sentiment
analysis

Financial sentiment analysis is mostly used along with fi-
nancial text mining and algotrading models. As a result, the
model choices were highly correlated with the aforementioned
financial application areas. Meanwhile, even though the model
choices were highly similar, there were significant differences
in the feature and dataset choices. For the features, text re-
lated ones such as extracted text from various sources like mi-
croblogs, news, reports dominated the studies. Also some papers
directly used the sentiment feature extracted through APIs. The
rest of the used features were similar to the algotrading features,
like price data and technical indicators. For the datasets, news
and tweet/microblog repositories were the most popular choices.
However, stock and index datasets were also used. There were
also some studies that used financial reports as their data sources.

Full distribution of models, features and datasets used by the
financial sentiment analysis implementations are presented in
Figs. 10–12.

4.8. Financial text mining

With the rapid spreading of social media and real-time stream-
ing news/tweets, instant text-based information retrieval became
available for financial model development. As a result, finan-
cial text mining studies became very popular in recent years.
Even though some of these studies are directly interested in
the sentiment analysis through crowdsourcing, there are a lot of
implementations that are interested in the content retrieval of

news, financial statements, disclosures, etc. through analyzing the
text context. There are a few ML surveys focused on text mining
and news analytics. Among the noteworthy studies of such, Mitra
et al. [159] edited a book on news analytics in finance, whereas
Li et al. [160], Loughran et al. [161], Kumar et al. [162] surveyed
the studies of textual analysis of financial documents, news and
corporate disclosures. It is worth to mention that there are also
some studies [163,164] of text mining for financial prediction
models.

Previous section was focused on DL models using sentiment
analysis specifically tailored for the financial forecasting imple-
mentations, whereas this section will include DL studies that
have text Mining without Sentiment Analysis for Forecasting
(Table 11), financial sentiment analysis coupled with text mining
without forecasting intent (Table 12) and finally other text mining
implementations (Table 13), respectively.

Huynh et al. [165] used the financial news from Reuters,
Bloomberg and stock prices data to predict the stock move-
ments in the future. In [166], different event-types on Chinese
companies are classified based on a novel event-type pattern
classification algorithm. Besides, the stock prices were predicted
using additional inputs. Kraus et al. [167] implemented LSTM
with transfer learning using text mining through financial news
and stock market data. Dang et al. [168] used Stock2Vec and Two-
stream GRU (TGRU) models to generate the input data from the
financial news and stock prices for classification.

In [169], events were detected from Reuters and Bloomberg
news through text mining. The extracted information was used
for price prediction and stock trading with the CNN model. Vargas
et al. [170] used text mining and price prediction together for
intraday directional movement estimation. Akita et al. [171] im-
plemented a method that used text mining and price prediction
together for forecasting prices. Verma et al. [172] combined news
data with financial data to classify the stock price movement. Bari
et al. [68] used text mining for extracting information from the
tweets and news. In the method, time series models were used for
stock trade signal generation. In [173], a method that performed
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Table 11
Text mining studies without sentiment analysis for forecasting.
Art. Data set Period Feature set Method Performance

criteria
Env.

[68] Energy-Sector/
Company-Centric Tweets
in S&P500

2015–2016 Text and Price
data

RNN, KNN, SVR,
LinR

Return, SR,
precision, recall,
accuracy

Python, Tweepy
API

[165] News from Reuters,
Bloomberg

2006–2013 Financial news,
price data

Bi-GRU Accuracy Python, Keras

[166] News from Sina.com,
ACE2005 Chinese corpus

2012–2016 A set of news text Their unique
algorithm

Precision, Recall,
F1-score

–

[167] CDAX stock market data 2010–2013 Financial news,
stock market data

LSTM MSE, RMSE, MAE,
Accuracy, AUC

TensorFlow,
Theano, Python,
Scikit-Learn

[168] Apple, Airbus, Amazon
news from Reuters,
Bloomberg, S&P500 stock
prices

2006–2013 Price data, news,
technical
indicators

TGRU, stock2vec Accuracy,
precision, AUROC

Keras, Python

[169] S&P500 Index, 15 stocks
in S&P500

2006–2013 News from
Reuters and
Bloomberg

CNN Accuracy, MCC –

[170] S&P500 index news from
Reuters

2006–2013 Financial news
titles, Technical
indicators

SI-RCNN (LSTM +
CNN)

Accuracy –

[171] 10 stocks in Nikkei 225
and news

2001–2008 Textual
information and
Stock prices

Paragraph Vector
+ LSTM

Profit –

[172] NIFTY50 Index, NIFTY
Bank/Auto/IT/Energy
Index, News

2013–2017 Index data, news LSTM MCC, Accuracy –

[173] Price data, index data,
news, social media data

2015 Price data, news
from articles and
social media

Coupled matrix
and tensor

Accuracy, MCC Jieba

[174] HS300 2015–2017 Social media
news, price data

RNN-Boost with
LDA

Accuracy, MAE,
MAPE, RMSE

Python,
Scikit-learn

[175] News and Chinese stock
data

2014–2017 Selected words in
a news

HAN Accuracy, Annual
return

–

[176] News, stock prices from
Hong Kong Stock
Exchange

2001 Price data and
TF-IDF from news

ELM, DLR, PCA,
BELM, KELM, NN

Accuracy Matlab

[177] TWSE index, 4 stocks in
TWSE

2001–2017 Technical
indicators, Price
data, News

CNN + LSTM RMSE, Profit Keras, Python,
TALIB

[178] Stock of Tsugami
Corporation

2013 Price data LSTM RMSE Keras, Tensorflow

[179] News, Nikkei Stock
Average and 10-Nikkei
companies

1999–2008 news, MACD RNN, RBM+DBN Accuracy, P-value –

[180] ISMIS 2017 Data Mining
Competition dataset

– Expert identifier,
classes

LSTM + GRU +
FFNN

Accuracy –

[181] Reuters, Bloomberg
News, S&P500 price

2006–2013 News and
sentences

LSTM Accuracy –

[182] APPL from S&P500 and
news from Reuters

2011–2017 Input news,
OCHLV, Technical
indicators

CNN + LSTM,
CNN+SVM

Accuracy, F1-score Tensorflow

[183] Nikkei225, S&P500, news
from Reuters and
Bloomberg

2001–2013 Stock price data
and news

DGM Accuracy, MCC,
%profit

–

[184] Stocks from S&P500 2006–2013 Text (news) and
Price data

LAR+News,
RF+News

MAPE, RMSE –

information fusion from news and social media sources was
proposed to predict the trend of the stocks.

In [174], social media news were used to predict the index
price and the index direction with RNN-Boost through Latent
Dirichlet Allocation (LDA) features. Hu et al. [175] proposed a
novel method that used text mining techniques and Hybrid At-
tention Networks based on the financial news for forecasting
the trend of stocks. Li et al. [176] implemented intraday stock

price direction classification using the financial news and stocks
prices. In [177], financial news data and word embedding with
Word2vec were implemented to create the inputs for Recurrent
CNN (RCNN) to predict the stock price.

Minami et al. [178] proposed a method that predicted the
stock price with corporate action event information and macro-
economic index data using LSTM. In [179], a novel method that
used a combination of RBM, DBN and word embeddings to create
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Table 11
Text mining studies without sentiment analysis for forecasting.
Art. Data set Period Feature set Method Performance

criteria
Env.

[68] Energy-Sector/
Company-Centric Tweets
in S&P500

2015–2016 Text and Price
data

RNN, KNN, SVR,
LinR

Return, SR,
precision, recall,
accuracy

Python, Tweepy
API

[165] News from Reuters,
Bloomberg

2006–2013 Financial news,
price data

Bi-GRU Accuracy Python, Keras

[166] News from Sina.com,
ACE2005 Chinese corpus

2012–2016 A set of news text Their unique
algorithm

Precision, Recall,
F1-score

–

[167] CDAX stock market data 2010–2013 Financial news,
stock market data

LSTM MSE, RMSE, MAE,
Accuracy, AUC

TensorFlow,
Theano, Python,
Scikit-Learn

[168] Apple, Airbus, Amazon
news from Reuters,
Bloomberg, S&P500 stock
prices

2006–2013 Price data, news,
technical
indicators

TGRU, stock2vec Accuracy,
precision, AUROC

Keras, Python

[169] S&P500 Index, 15 stocks
in S&P500

2006–2013 News from
Reuters and
Bloomberg

CNN Accuracy, MCC –

[170] S&P500 index news from
Reuters

2006–2013 Financial news
titles, Technical
indicators

SI-RCNN (LSTM +
CNN)

Accuracy –

[171] 10 stocks in Nikkei 225
and news

2001–2008 Textual
information and
Stock prices

Paragraph Vector
+ LSTM

Profit –

[172] NIFTY50 Index, NIFTY
Bank/Auto/IT/Energy
Index, News

2013–2017 Index data, news LSTM MCC, Accuracy –

[173] Price data, index data,
news, social media data

2015 Price data, news
from articles and
social media

Coupled matrix
and tensor

Accuracy, MCC Jieba

[174] HS300 2015–2017 Social media
news, price data

RNN-Boost with
LDA

Accuracy, MAE,
MAPE, RMSE

Python,
Scikit-learn

[175] News and Chinese stock
data

2014–2017 Selected words in
a news

HAN Accuracy, Annual
return

–

[176] News, stock prices from
Hong Kong Stock
Exchange

2001 Price data and
TF-IDF from news

ELM, DLR, PCA,
BELM, KELM, NN

Accuracy Matlab

[177] TWSE index, 4 stocks in
TWSE

2001–2017 Technical
indicators, Price
data, News

CNN + LSTM RMSE, Profit Keras, Python,
TALIB

[178] Stock of Tsugami
Corporation

2013 Price data LSTM RMSE Keras, Tensorflow

[179] News, Nikkei Stock
Average and 10-Nikkei
companies

1999–2008 news, MACD RNN, RBM+DBN Accuracy, P-value –

[180] ISMIS 2017 Data Mining
Competition dataset

– Expert identifier,
classes

LSTM + GRU +
FFNN

Accuracy –

[181] Reuters, Bloomberg
News, S&P500 price

2006–2013 News and
sentences

LSTM Accuracy –

[182] APPL from S&P500 and
news from Reuters

2011–2017 Input news,
OCHLV, Technical
indicators

CNN + LSTM,
CNN+SVM

Accuracy, F1-score Tensorflow

[183] Nikkei225, S&P500, news
from Reuters and
Bloomberg

2001–2013 Stock price data
and news

DGM Accuracy, MCC,
%profit

–

[184] Stocks from S&P500 2006–2013 Text (news) and
Price data

LAR+News,
RF+News

MAPE, RMSE –

information fusion from news and social media sources was
proposed to predict the trend of the stocks.

In [174], social media news were used to predict the index
price and the index direction with RNN-Boost through Latent
Dirichlet Allocation (LDA) features. Hu et al. [175] proposed a
novel method that used text mining techniques and Hybrid At-
tention Networks based on the financial news for forecasting
the trend of stocks. Li et al. [176] implemented intraday stock

price direction classification using the financial news and stocks
prices. In [177], financial news data and word embedding with
Word2vec were implemented to create the inputs for Recurrent
CNN (RCNN) to predict the stock price.

Minami et al. [178] proposed a method that predicted the
stock price with corporate action event information and macro-
economic index data using LSTM. In [179], a novel method that
used a combination of RBM, DBN and word embeddings to create
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Table 11
Text mining studies without sentiment analysis for forecasting.
Art. Data set Period Feature set Method Performance

criteria
Env.
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in S&P500

2015–2016 Text and Price
data

RNN, KNN, SVR,
LinR

Return, SR,
precision, recall,
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Python, Tweepy
API

[165] News from Reuters,
Bloomberg

2006–2013 Financial news,
price data

Bi-GRU Accuracy Python, Keras

[166] News from Sina.com,
ACE2005 Chinese corpus

2012–2016 A set of news text Their unique
algorithm

Precision, Recall,
F1-score

–

[167] CDAX stock market data 2010–2013 Financial news,
stock market data

LSTM MSE, RMSE, MAE,
Accuracy, AUC

TensorFlow,
Theano, Python,
Scikit-Learn

[168] Apple, Airbus, Amazon
news from Reuters,
Bloomberg, S&P500 stock
prices

2006–2013 Price data, news,
technical
indicators

TGRU, stock2vec Accuracy,
precision, AUROC

Keras, Python

[169] S&P500 Index, 15 stocks
in S&P500

2006–2013 News from
Reuters and
Bloomberg

CNN Accuracy, MCC –

[170] S&P500 index news from
Reuters

2006–2013 Financial news
titles, Technical
indicators

SI-RCNN (LSTM +
CNN)

Accuracy –

[171] 10 stocks in Nikkei 225
and news

2001–2008 Textual
information and
Stock prices

Paragraph Vector
+ LSTM

Profit –

[172] NIFTY50 Index, NIFTY
Bank/Auto/IT/Energy
Index, News

2013–2017 Index data, news LSTM MCC, Accuracy –

[173] Price data, index data,
news, social media data

2015 Price data, news
from articles and
social media

Coupled matrix
and tensor

Accuracy, MCC Jieba

[174] HS300 2015–2017 Social media
news, price data

RNN-Boost with
LDA

Accuracy, MAE,
MAPE, RMSE

Python,
Scikit-learn

[175] News and Chinese stock
data

2014–2017 Selected words in
a news

HAN Accuracy, Annual
return

–

[176] News, stock prices from
Hong Kong Stock
Exchange

2001 Price data and
TF-IDF from news

ELM, DLR, PCA,
BELM, KELM, NN

Accuracy Matlab

[177] TWSE index, 4 stocks in
TWSE

2001–2017 Technical
indicators, Price
data, News

CNN + LSTM RMSE, Profit Keras, Python,
TALIB

[178] Stock of Tsugami
Corporation

2013 Price data LSTM RMSE Keras, Tensorflow

[179] News, Nikkei Stock
Average and 10-Nikkei
companies

1999–2008 news, MACD RNN, RBM+DBN Accuracy, P-value –

[180] ISMIS 2017 Data Mining
Competition dataset

– Expert identifier,
classes

LSTM + GRU +
FFNN

Accuracy –

[181] Reuters, Bloomberg
News, S&P500 price

2006–2013 News and
sentences

LSTM Accuracy –

[182] APPL from S&P500 and
news from Reuters

2011–2017 Input news,
OCHLV, Technical
indicators

CNN + LSTM,
CNN+SVM

Accuracy, F1-score Tensorflow

[183] Nikkei225, S&P500, news
from Reuters and
Bloomberg

2001–2013 Stock price data
and news

DGM Accuracy, MCC,
%profit

–

[184] Stocks from S&P500 2006–2013 Text (news) and
Price data

LAR+News,
RF+News

MAPE, RMSE –

information fusion from news and social media sources was
proposed to predict the trend of the stocks.

In [174], social media news were used to predict the index
price and the index direction with RNN-Boost through Latent
Dirichlet Allocation (LDA) features. Hu et al. [175] proposed a
novel method that used text mining techniques and Hybrid At-
tention Networks based on the financial news for forecasting
the trend of stocks. Li et al. [176] implemented intraday stock

price direction classification using the financial news and stocks
prices. In [177], financial news data and word embedding with
Word2vec were implemented to create the inputs for Recurrent
CNN (RCNN) to predict the stock price.

Minami et al. [178] proposed a method that predicted the
stock price with corporate action event information and macro-
economic index data using LSTM. In [179], a novel method that
used a combination of RBM, DBN and word embeddings to create
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Table 12
Financial sentiment studies coupled with text mining without forecasting.
Art. Data set Period Feature set Method Performance

criteria
Env.

[85] 883 BHC from EDGAR 2006–2017 Tokens, weighted
sentiment polarity,
leverage and ROA

CNN, LSTM, SVM,
Random Forest

Accuracy,
Precision, Recall,
F1-score

Keras, Python,
Scikit-learn

[185] SemEval-2017 dataset,
financial text, news,
stock market data

2017 Sentiments in
Tweets, News
headlines

Ensemble SVR,
CNN, LSTM, GRU

Cosine similarity
score, agreement
score, class score

Python, Keras,
Scikit Learn

[186] Financial news from
Reuters

2006–2015 Word vector,
Lexical and
Contextual input

Targeted
dependency tree
LSTM

Cumulative
abnormal return

–

[187] Stock sentiment analysis
from StockTwits

2015 StockTwits
messages

LSTM, Doc2Vec,
CNN

Accuracy,
precision, recall,
f-measure, AUC

–

[188] Sina Weibo, Stock
market records

2012–2015 Technical
indicators,
sentences

DRSE F1-score,
precision, recall,
accuracy, AUROC

Python

[189] News from NowNews,
AppleDaily, LTN,
MoneyDJ for 18 stocks

2013–2014 Text, Sentiment LSTM, CNN Return Python,
Tensorflow

[190] StockTwits 2008–2016 Sentences,
StockTwits
messages

CNN, LSTM, GRU MCC, WSURT Keras, Tensorflow

[191] Financial statements of
Japan companies

– Sentences, text DMLP Precision, recall,
f-score

–

[192] Twitter posts, news
headlines

– Sentences, text Deep-FASP Accuracy, MSE, R2 –

[193] Forums data 2004–2013 Sentences and
keywords

Recursive neural
tensor networks

Precision, recall,
f-measure

–

[194] News from Financial
Times related US stocks

– Sentiment of news
headlines

SVR, Bidirectional
LSTM

Cosine similarity Python, Scikit
Learn, Keras,
Tensorflow

Table 13
Other text mining studies.
Art. Data set Period Feature set Method Performance

criteria
Env.

[72] News from NowNews,
AppleDaily, LTN,
MoneyDJ for 18 stocks

2013–2014 Text, Sentiment DMLP Return Python,
Tensorflow

[86] The event data set for
large European banks,
news articles from
Reuters

2007–2014 Word, sentence DMLP +NLP
preprocess

Relative
usefulness,
F1-score

–

[87] Event dataset on
European banks, news
from Reuters

2007–2014 Text, sentence Sentence vector +
DFFN

Usefulness,
F1-score, AUROC

–

[88] News from Reuters,
fundamental data

2007–2014 Financial ratios
and news text

doc2vec + NN Relative usefulness Doc2vec

[121] Real-world data for
automobile insurance
company labeled as
fradulent

– Car, insurance and
accident related
features

DMLP + LDA TP, FP, Accuracy,
Precision, F1-score

–

[123] Financial transactions – Transaction data LSTM t-SNE –
[195] Taiwan’s National

Pension Insurance
2008–2014 Insured’s id,

area-code, gender,
etc.

RNN Accuracy, total
error

Python

[196] StockTwits 2015–2016 Sentences,
StockTwits
messages

Doc2vec, CNN Accuracy,
precision, recall,
f-measure, AUC

Python,
Tensorflow

word vectors for RNN-RBM-DBN network was proposed to pre-
dict the stock prices. Buczkowski et al. [180] proposed a novel
method that used expert recommendations, ensemble of GRU and
LSTM for prediction of the prices.

In [181] a novel method that used character-based neural
language model using financial news and LSTM was proposed. Liu

et al. [182] proposed a method that used word embeddings with
word2Vec, technical analysis features and stock prices for price
prediction. In [183], Deep Neural Generative Model (DGM) with
news articles using Paragraph Vector algorithm was used for cre-
ation of the input vector to predict the stock prices. In [184], the
stock price data and word embeddings were used for stock price
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[85] 883 BHC from EDGAR 2006–2017 Tokens, weighted
sentiment polarity,
leverage and ROA

CNN, LSTM, SVM,
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stock market data
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headlines

Ensemble SVR,
CNN, LSTM, GRU

Cosine similarity
score, agreement
score, class score

Python, Keras,
Scikit Learn

[186] Financial news from
Reuters

2006–2015 Word vector,
Lexical and
Contextual input

Targeted
dependency tree
LSTM

Cumulative
abnormal return

–

[187] Stock sentiment analysis
from StockTwits

2015 StockTwits
messages

LSTM, Doc2Vec,
CNN

Accuracy,
precision, recall,
f-measure, AUC

–

[188] Sina Weibo, Stock
market records

2012–2015 Technical
indicators,
sentences

DRSE F1-score,
precision, recall,
accuracy, AUROC

Python

[189] News from NowNews,
AppleDaily, LTN,
MoneyDJ for 18 stocks

2013–2014 Text, Sentiment LSTM, CNN Return Python,
Tensorflow

[190] StockTwits 2008–2016 Sentences,
StockTwits
messages

CNN, LSTM, GRU MCC, WSURT Keras, Tensorflow

[191] Financial statements of
Japan companies

– Sentences, text DMLP Precision, recall,
f-score

–

[192] Twitter posts, news
headlines

– Sentences, text Deep-FASP Accuracy, MSE, R2 –

[193] Forums data 2004–2013 Sentences and
keywords

Recursive neural
tensor networks

Precision, recall,
f-measure

–

[194] News from Financial
Times related US stocks

– Sentiment of news
headlines

SVR, Bidirectional
LSTM

Cosine similarity Python, Scikit
Learn, Keras,
Tensorflow
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[72] News from NowNews,
AppleDaily, LTN,
MoneyDJ for 18 stocks

2013–2014 Text, Sentiment DMLP Return Python,
Tensorflow

[86] The event data set for
large European banks,
news articles from
Reuters

2007–2014 Word, sentence DMLP +NLP
preprocess

Relative
usefulness,
F1-score

–

[87] Event dataset on
European banks, news
from Reuters

2007–2014 Text, sentence Sentence vector +
DFFN

Usefulness,
F1-score, AUROC

–

[88] News from Reuters,
fundamental data

2007–2014 Financial ratios
and news text

doc2vec + NN Relative usefulness Doc2vec

[121] Real-world data for
automobile insurance
company labeled as
fradulent

– Car, insurance and
accident related
features

DMLP + LDA TP, FP, Accuracy,
Precision, F1-score

–

[123] Financial transactions – Transaction data LSTM t-SNE –
[195] Taiwan’s National

Pension Insurance
2008–2014 Insured’s id,

area-code, gender,
etc.

RNN Accuracy, total
error

Python

[196] StockTwits 2015–2016 Sentences,
StockTwits
messages

Doc2vec, CNN Accuracy,
precision, recall,
f-measure, AUC

Python,
Tensorflow

word vectors for RNN-RBM-DBN network was proposed to pre-
dict the stock prices. Buczkowski et al. [180] proposed a novel
method that used expert recommendations, ensemble of GRU and
LSTM for prediction of the prices.

In [181] a novel method that used character-based neural
language model using financial news and LSTM was proposed. Liu

et al. [182] proposed a method that used word embeddings with
word2Vec, technical analysis features and stock prices for price
prediction. In [183], Deep Neural Generative Model (DGM) with
news articles using Paragraph Vector algorithm was used for cre-
ation of the input vector to predict the stock prices. In [184], the
stock price data and word embeddings were used for stock price

Deep learning for financial applications:
Other text mining studies
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Table 14
Other - theoretical or conceptual studies.
Art. SubTopic IsTimeSeries? Data set Period Feature set Method
[197] Analysis of AE, SVD Yes Selected stocks from the

IBB index and stock of
Amgen Inc.

2012–2014 Price data AE, SVD

[198] Fraud Detection in
Banking

No Risk Management /
Fraud Detection

– – DRL

prediction. The results showed that the extracted information
from embedding news improves the performance.

Rawte et al. [85] tried to solve three separate problems using
CNN, LSTM, SVM, RF: Bank risk classification, sentiment analy-
sis and Return on Assets (ROA) regression. Akhtar et al. [185]
compared CNN, LSTM and GRU based DL models against MLP
for financial sentiment analysis. Chang et al. [186] implemented
the estimation of information content polarity (negative/positive
effect) with text mining, word vector, lexical, contextual input
and various LSTM models. They used the financial news from
Reuters.

Jangid et al. [187] proposed a novel method that is a com-
bination of LSTM and CNN for word embedding and sentiment
analysis using Bidirectional LSTM (Bi-LSTM) for aspect extraction.
The proposed method used multichannel CNN for financial sen-
timent analysis. Shijia et al. [188] used an attention-based LSTM
for the financial sentiment analysis using news headlines and mi-
croblog messages. Sohangir et al. [189] used LSTM, doc2vec, CNN
and stock market opinions posted in StockTwits for sentiment
analysis. Mahmoudi et al. [190] extracted tweets from StockTwits
to identify the user sentiment. In the evaluation approach, they
also used emojis for the sentiment analysis. Kitamori et al. [191]
extracted the sentiments from financial news and used DMLP to
classify positive and negative news.

In [192], the sentiment/aspect prediction was implemented
using an ensemble of LSTM, CNN and GRU networks. In a different
study, Li et al. [193] proposed a DL based sentiment analysis
method using RNN to identify the top sellers in the underground
economy. Moore et al. [194] used text mining techniques for
sentiment analysis from the financial news.

In [195], individual social security payment types (paid, un-
paid, repaid, transferred) were classified and predicted using
LSTM, HMM and SVM. Sohangir et al. [196] used two neural
network models (doc2Vec, CNN) to find the top authors in Stock-
Twits messages and to classify the authors as expert or non-
expert for author classification purposes.

In [123], the character sequences in financial transactions and
the responses from the other side was used to detect if the
transaction was fraud or not with LSTM. Wang et al. [121] used
text mining and DMLP models to detect automobile insurance
fraud.

In [86], the news semantics were extracted by the word se-
quence learning, bank stress was determined and classified with
the associated events. Day et al. [72] used financial sentiment
analysis using text mining and DMLP for stock algorithmic trad-
ing.

Cerchiello et al. [88] used the fundamental data and text
mining from the financial news (Reuters) to classify the bank
distress. In [87], the bank distress was identified by extracting the
data from the financial news through text mining. The proposed
method used DFNN on semantic sentence vectors to classify if
there was an event or not.

4.8.1. Model, feature and dataset selections for financial text mining
Financial text mining is highly correlated with financial senti-

ment analysis. So, most of the highlights described for financial
sentiment analysis are also valid for financial text mining. Full
distribution of models, features and datasets used by the financial
text mining implementations are presented in Figs. 10–12.

4.9. Theoretical or conceptual studies

There were a number of research papers that were either
focused on the theoretical concepts of finance or the conceptual
designs without model implementation phases; however they
still provided valuable information, so we decided to include
them in our survey. In Table 14, these studies were tabulated
according to their topic of interest.

In [197], the connection between deep AEs and Singular Value
Decomposition (SVD) were discussed and compared using stocks
from iShares Nasdaq Biotechnology ETF (IBB) index and the stock
of Amgen Inc. Bouchti et al. [198] explained the details of DRL
and mentioned that DRL could be used for fraud detection/risk
management in banking.

4.10. Other financial applications

Finally, there were some research papers which did not fit into
any of the previously covered topics. Their data set and intended
output were different than most of the other studies focused
in this survey. These studies include social security payment
classification, bank telemarketing success prediction, hardware
solutions for faster financial transaction processing, etc. There
were some anomaly detection implementations like tax evasion,
money laundering that could have been included in this group;
however we decided to cover them in a different subsection,
fraud detection. Table 15 shows all these aforementioned studies
with their differences.

Dixon et al. [199] used Intel Xeon Phi to speedup the price
movement direction prediction problem using DFFN. The main
contribution of the study was the increase in the speed of pro-
cessing. Alberg et al. [200] used several company financials data
(fundamental data) and price together to predict the next period’s
company financials data. Kim et al. [201] used CNN for predicting
the success of bank telemarketing. In their study, they used the
phone calls of the bank marketing data and 16 finance-related
attributes. Lee et al. [202] used technical indicators and patent
information to estimate the revenue and profit for the corporates
using RBM based DBN, FFNN and Support Vector Regressor (SVR).

Ying et al. [195] classified and predicted individual social
security payment types (paid, unpaid, repaid, transferred) using
LSTM, HMM and SVM. Li et al. [193] proposed a deep learning-
based sentiment analysis method to identify the top sellers in
the underground economy. Jeong et al. [47] combined deep Q-
learning and deep NN to implement a model to solve three
separate problems: Increasing profit in a market, prediction of
the number of shares to trade, and preventing overfitting with
insufficient financial data.

5. Current snaphot of DL research for financial applications

For the survey, we reviewed 144 papers from various financial
application areas. Each paper is analyzed according to its topic,
publication type, problem type, method, dataset, feature set and
performance criteria. Due to space limitations, we will only pro-
vide the general summary statistics indicating the current state
of the DL for finance research.
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Table 15
Other financial applications.
Art. Subtopic Data set Period Feature set Method Performance criteria Env.
[47] Improving trading

decisions
S&P500, KOSPI, HSI,
and EuroStoxx50

1987–2017 200-days stock price Deep Q-Learning and
DMLP

Total profit,
Correlation

–

[193] Identifying Top
Sellers In
Underground
Economy

Forums data 2004–2013 Sentences and
keywords

Recursive neural
tensor networks

Precision, recall,
f-measure

–

[195] Predicting Social Ins.
Payment Behavior

Taiwan’s National
Pension Insurance

2008–2014 Insured’s id,
area-code, gender,
etc.

RNN Accuracy, total error Python

[199] Speedup 45 CME listed
commodity and FX
futures

1991–2014 Price data DNN – –

[200] Forecasting
Fundamentals

Stocks in NYSE,
NASDAQ or AMEX
exchanges

1970–2017 16 fundamental
features from balance
sheet

DMLP, LFM MSE, Compound
annual return, SR

–

[201] Predicting Bank
Telemarketing

Phone calls of bank
marketing data

2008–2010 16 finance-related
attributes

CNN Accuracy –

[202] Corporate
Performance
Prediction

22 pharmaceutical
companies data in US
stock market

2000–2015 11 financial and 4
patent indicator

RBM, DBN RMSE, profit –

Fig. 8. The histogram of publication count in topics.

First and foremost, we clustered the various topics within the
financial applications research and presented them in Fig. 8. A
quick glance at the figure shows us financial text mining and
algorithmic trading are the top two fields that the researchers
most worked on followed by risk assessment, sentiment analysis,
portfolio management and fraud detection, respectively. The re-
sults indicate most of the papers were published within the past
3 years implying the domain is very hot and actively studied.

When the papers were clustered by the DL model type as
presented in Fig. 9, we observe the dominance of RNN, DMLP
and CNN over the remaining models, which might be expected,
since these models are the most commonly preferred ones in
general DL implementations. Meanwhile, RNN is a general um-
brella model which has several versions including LSTM, GRU, etc.
Within the RNN choice, most of the models actually belonged
to LSTM, which is very popular in time series forecasting or
regression problems. It is also used quite often in algorithmic
trading. More than 70% of the RNN papers consisted of LSTM
models.

Meanwhile, DMLP generally fits well for classification prob-
lems; hence it is a common choice for most of the financial

application areas. However, since it is a natural extension of its
shallow counterpart MLP, it has a longer history than the other
DL models.

CNN started getting more attention lately since most of the
implementations appeared within the past 3 years. Careful anal-
ysis of CNN papers indicates that a recent trend of representing
financial data with a 2-D image view in order to utilize CNN
is growing. Hence CNN based models might overpass the other
models in the future. It actually passed DMLP for the past 3 years.

Furthermore, we attempted to provide more details about
associations between the DL models and the financial application
areas. Fig. 10 gives the distribution of the models for the research
areas through a model-topic heatmap. Since most of the papers
had multiple DL models, the amount of models is more than
the number of covered papers. The results indicate the broad
acceptance of RNN, DMLP and CNN models in almost all financial
application areas.

We also wanted to elaborate on the particular feature se-
lections for each financial application area to see if we could
spot any pattern. Fig. 11 gives the distribution of the features
for the research areas through a feature-topic heatmap. Unlike
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Fig. 7. Topic-model heatmap.

In addition to DMLP, CNN is also a popular choice for
classification-type financial time series forecasting implementa-
tions. Most of these studies appeared within the last 3 years. As
mentioned before, to convert time-varying sequential data into a
more stationary classifiable form, some preprocessing might be
necessary. Even though some 1-D representations exist, the 2-
D implementation for CNN is more common, mostly inherited
through image recognition applications of CNN from computer
vision implementations. In some studies [188,189,193,199,219],
innovative transformations of financial time series data into an
image-like representation have been adapted, and impressive
performances have been achieved. As a result, CNN might in-
crease its share of interest for financial time series forecasting
in the next few years.

As one final note, Fig. 13 shows which frameworks and plat-
forms the researchers and developers used while implementing
their work. We tried our best to extract this information from the
papers. However, we must keep in mind that not every publica-
tion provided their development environment. Also, most papers
did not give details, preventing us from a more thorough compar-
ison chart, i.e, some researchers claimed they used Python, but
no further information was given, while some others mentioned
the use of Keras or TensorFlow, providing more details. Also,
within the ‘‘Other’’ section, the usage of Pytorch has increased
in the last year or so, even though it is not visible from the
chart. Regardless, Python-related tools were the most influential
technologies behind the implementations covered in this survey.

6. Discussion and open issues

From an application perspective, even though financial time
series forecasting has a relatively narrow focus, i.e., the imple-
mentations were mainly based on price or trend prediction, de-
pending on the underlying DL model, very different and versatile
models exist in the literature. We must remember that even

Fig. 8. The histogram of publication count in years.

though financial time series forecasting is a subset of time-series
studies, due to the embedded profit-making expectations from
successful prediction models, some differences exist, such that
higher prediction accuracy sometimes might not reflect a prof-
itable model. Hence, the risk and reward structure must also be
taken into consideration. At this point, we will try to elaborate on
our observations about these differences in various model designs
and implementations.

6.1. DL models for financial time series forecasting

According to the publication statistics, LSTM was the preferred
choice of most researchers for financial time series forecasting.
LSTM and its variations utilized time-varying data with feedback
embedded representations, resulting in higher performances for
time series prediction implementations. Because most financial
data, one way or another, included time-dependent components,
LSTM was the natural choice in financial time series forecasting
problems. Meanwhile, LSTM is a special DL model derived from a
more general classifier family, namely RNN.

Careful analysis of Fig. 11 illustrates the dominance of RNNs
(which mainly consist of LSTM). As a matter of fact, more than
half of the published papers on time series forecasting fall into
the RNN model category. Regardless of its problem type, price,
or trend prediction, the ordinal nature of the data represen-
tation forced researchers to consider RNN, GRU, and LSTM as
viable preferences for their model choices. Hence, RNN models
were chosen, at least for benchmarking, in many studies for
performance comparison with other developed models.

Meanwhile, other models were also used for time series fore-
casting problems. Among those, DMLP had the most interest due
to the market dominance of its shallow cousin (MLP) and its wide
acceptance and long history within ML society. However, there is
a fundamental difference in how DMLP- and RNN-based models
were used for financial time series prediction problems.

DMLP fits well for both regression and classification problems.
However, in general, data order independence must be preserved
to better utilize the internal working dynamics of such networks,
even though some adjustments can be made through the learning
algorithm configuration. In most cases, either trend components
of the data need to be removed from the underlying time series or
some data transformations might be needed so that the resulting
data becomes stationary. Regardless, some careful preprocessing
might be necessary for a DMLP model to be successful. In contrast,
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Table 1
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

returns
50 min 5 min DNN NMSE, RMSE, MAE,

MI
–

[81] China stock
market, 3049
Stocks

1990–2015 OCHLV 30 d 3 d LSTM Accuracy Theano, Keras

[82] Daily returns of
‘BRD’ stock in
Romanian Market

2001–2016 OCHLV – 1 d LSTM RMSE, MAE Python, Theano

[83] 297 listed
companies of CSE

2012–2013 OCHLV 2 d 1 d LSTM, SRNN, GRU MAD, MAPE Keras

[84] 5 stock in NSE 1997–2016 OCHLV, Price data,
turnover and
number of trades.

200 d 1..10 d LSTM, RNN, CNN,
MLP

MAPE –

[85] Stocks of Infosys,
TCS and CIPLA
from NSE

2014 Price data – – RNN, LSTM and
CNN

Accuracy –

[86] 10 stocks in
S&P500

1997–2016 OCHLV, Price data 36 m 1 m RNN, LSTM, GRU Accuracy, Monthly
return

Keras,
Tensorflow

[87] Stocks data from
S&P500

2011–2016 OCHLV 1 d 1 d DBN MSE, norm-RMSE,
MAE

–

[88] High-frequency
transaction data of
the CSI300 futures

2017 Price data – 1 min DNN, ELM, RBF RMSE, MAPE,
Accuracy

Matlab

[89] Stocks in the
S&P500

1990–2015 Price data 240 d 1 d DNN, GBT, RF Mean return, MDD,
Calmar ratio

H2O

[90] ACI Worldwide,
Staples, and
Seagate in
NASDAQ

2006–2010 Daily closing
prices

17 d 1 d RNN, ANN RMSE –

[91] Chinese Stocks 2007–2017 OCHLV 30 d 1..5 d CNN + LSTM Annualized Return,
Mxm Retracement

Python

[92] 20 stocks in
S&P500

2010–2015 Price data – – AE + LSTM Weekly Returns –

[93] S&P500 1985–2006 Monthly and daily
log-returns

* 1 d DBN+MLP Validation, Test Error Theano, Python,
Matlab

[94] 12 stocks from SSE
Composite Index

2000–2017 OCHLV 60 d 1..7 d DWNN MSE Tensorflow

[95] 50 stocks from
NYSE

2007–2016 Price data – 1d, 3 d,
5 d

SFM MSE –

In another group of studies, some researchers again focused
on LSTM-based models. However, their input parameters came
from various sources including raw price data, technical and/or
fundamental analysis, macroeconomic data, financial statements,
news, and investor sentiment. Table 2 summarizes these stock
price forecasting papers. In Table 2, different methods/models
are also listed based on five sub-groups: DNN model; LSTM and
RNN models; multiple and hybrid models; CNN model; and novel
methods.

DNN models were used in some stock price forecasting pa-
pers within this group. In Abe et al. [96], a DNN model and 25
fundamental features were used for prediction of Japan Index
constituents. Feng et al. [97] also used fundamental features and
a DNN model for prediction. A DNN model and macro economic
data, such as GDP, unemployment rate, and inventories, were
used by the authors of [98] for the prediction of U.S. low-level
disaggregated macroeconomic time series.

LSTM and RNNmodels were chosen in some studies. Kraus and
Feuerriegel [99] implemented LSTM with transfer learning using
text mining through financial news and stock market data. Sim-
ilarly, Minami et al. [100] used LSTM to predict stock’s next day
price using corporate action events and macro-economic index.
Zhang and Tan [101] implemented DeepStockRanker, an LSTM-
based model for stock ranking using 11 technical indicators. In
Zhuge et al. [102], the authors used the price time series and
emotional data from text posts to predict the opening stock price
of the next day with an LSTM network. Akita et al. [103] used
textual information and stock prices through Paragraph Vector +
LSTM for forecasting prices and the comparisons were provided

with different classifiers. Ozbayoglu [104] used technical indica-
tors along with stock data on a Jordan–Elman network for price
prediction.

There were also multiple and hybrid models that used mostly
technical analysis features as their inputs to the DL model. Several
technical indicators were fed into LSTM and MLP networks in
Khare et al. [105] for intraday price prediction. Recently, Zhou
et al. [106] used a GAN for minimizing Forecast error loss and Di-
rection prediction loss (GAN-FD) model for stock price prediction
and compared their model performances against ARIMA, ANN and
Support Vector Machine (SVM). Singh et al. [107] used several
technical indicator features and time series data with Principal
Component Analysis (PCA) for dimensionality reduction cascaded
with a DNN (2-layer FFNN) for stock price prediction. Karaoglu
et al. [108] used market microstructure-based trade indicators
as inputs into an RNN with Graves LSTM detecting the buy–
sell pressure of movements in the Istanbul Stock Exchange Index
(BIST) to perform price prediction for intelligent stock trading. In
Zhou et al. [109], next month’s return was predicted, and next-to-
be-performed portfolios were constructed. Good monthly returns
were achieved with LSTM and LSTM-MLP models.

Meanwhile, in some papers, CNN models were preferred.
Abroyan et al. [110] used 250 features, including order details,
for the prediction of a private brokerage company’s real data of
risky transactions. They used CNN and LSTM for stock price fore-
casting. The authors of [111] used a CNN model and fundamental,
technical, and market data for prediction.

Novel methods were also developed in some studies. In Tran
et al. [112], with the FI-2010 dataset, bid/ask and volume were
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Table 2
Stock price forecasting using various data.
Art. Data set Period Feature set Lag Horizon Method Performance criteria Env.
[96] Japan Index

constituents from
WorldScope

1990–2016 25 Fundamental
Features

10 d 1 d DNN Correlation, Accuracy,
MSE

Tensorflow

[97] Return of S&P500 1926–2016 Fundamental
Features:

– 1 s DNN MSPE Tensorflow

[98] U.S. low-level
disaggregated
macroeconomic
time series

1959–2008 GDP,
Unemployment
rate, Inventories,
etc.

– – DNN R2 –

[99] CDAX stock
market data

2010–2013 Financial news,
stock market data

20 d 1 d LSTM MSE, RMSE, MAE,
Accuracy, AUC

TensorFlow,
Theano, Python,
Scikit-Learn

[100] Stock of Tsugami
Corporation

2013 Price data – – LSTM RMSE Keras,
Tensorflow

[101] Stocks in China’s
A-share

2006–2007 11 technical
indicators

– 1 d LSTM AR, IR, IC –

[102] SCI prices 2008–2015 OCHL of change
rate, price

7 d – EmotionalAnalysis
+ LSTM

MSE –

[103] 10 stocks in
Nikkei 225 and
news

2001–2008 Textual
information and
Stock prices

10 d – Paragraph Vector
+ LSTM

Profit –

[104] TKC stock in NYSE
and QQQQ ETF

1999–2006 Technical
indicators, Price

50 d 1 d RNN
(Jordan–Elman)

Profit, MSE Java

[105] 10 Stocks in NYSE – Price data,
Technical
indicators

20 min 1 min LSTM, MLP RMSE –

[106] 42 stocks in
China’s SSE

2016 OCHLV, Technical
Indicators

242 min 1 min GAN (LSTM, CNN) RMSRE, DPA, GAN-F,
GAN-D

–

[107] Google’s daily
stock data

2004–2015 OCHLV, Technical
indicators

20 d 1 d (2D)2 PCA + DNN SMAPE, PCD, MAPE,
RMSE, HR, TR, R2

R, Matlab

[108] GarantiBank in
BIST, Turkey

2016 OCHLV, Volatility,
etc.

– – PLR, Graves LSTM MSE, RMSE, MAE,
RSE, R2

Spark

[109] Stocks in NYSE,
AMEX, NASDAQ,
TAQ intraday trade

1993–2017 Price, 15 firm
characteristics

80 d 1 d LSTM+MLP Monthly return, SR Python,Keras,
Tensorflow in
AWS

[110] Private brokerage
company’s real
data of risky
transactions

– 250 features:
order details, etc.

– – CNN, LSTM F1-Score Keras,
Tensorflow

[111] Fundamental and
Technical Data,
Economic Data

– Fundamental ,
technical and
market
information

– – CNN – –

[112] The LOB of 5
stocks of Finnish
Stock Market

2010 FI-2010 dataset:
bid/ask and
volume

– * WMTR, MDA Accuracy, Precision,
Recall, F1-Score

–

[113] Returns in NYSE,
AMEX, NASDAQ

1975–2017 57 firm
characteristics

* – Fama–French
n-factor model DL

R2, RMSE Tensorflow

used as the feature set for forecasting. In the study, they pro-
posed Weighted Multichannel Time-series Regression (WMTR),
and Multilinear Discriminant Analysis (MDA). Feng et al. [113]
used 57 characteristic features, including Market equity, Mar-
ket Beta, Industry momentum, and Asset growth, as inputs to
a Fama–French n-factor DL for predicting monthly US equity
returns in New York Stock Exchange (NYSE), American Stock
Exchange (AMEX), or NASDAQ.

A number of research papers have also used text mining tech-
niques for feature extraction but used non-LSTM models for stock
price prediction. Table 3 summarizes the stock price forecasting
papers that used text mining techniques. In Table 3, different
methods/models are clustered into three sub-groups: CNN and
LSTM models; GRU, LSTM, and RNN models; and novel methods.

CNN and LSTM models were adapted in some of the papers.
In Ding et al. [114], events were detected from Reuters and
Bloomberg news through text mining, and that information was
used for price prediction and stock trading through the CNN
model. Vargas et al. [115] used text mining on S&P500 index
news from Reuters through an LSTM+CNN hybrid model for
price prediction and intraday directional movement estimation
together. Lee et al. [116] used financial news data and imple-
mented word embedding with Word2vec along with MA and

stochastic oscillator to create inputs for a Recurrent CNN (RCNN)
for stock price prediction. Iwasaki et al. [117] also used sentiment
analyses through text mining and word embeddings from analyst
reports and used sentiment features as inputs to a DFNN model
for stock price prediction. Then, different portfolio selections
were implemented based on the projected stock returns.

GRU, LSTM, and RNN models were preferred in the next group
of papers. Das et al. [118] implemented sentiment analysis on
Twitter posts along with stock data for price forecasting using an
RNN. Similarly, the authors of [119] used sentiment classification
(neutral, positive, and negative) for opening or closing stock
price prediction with various LSTM models. They compared their
results with SVM and achieved higher overall performance. In
Zhongshengz et al. [120], text and price data were used for the
prediction of SSE Composite Index (SCI) prices.

Novel approaches were reported in some papers. Nascimento
et al. [121] used word embeddings for extracting information
from web pages and then combined it with stock price data
for stock price prediction. They compared the Autoregressive
(AR) model and RF with and without news. The results showed
embedding news information improved the performance. Han
et al. [122] used financial news and the ACE2005 Chinese cor-
pus. Different event types of Chinese companies were classified
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