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ABSTRACT:

In this work, we systematically reviewed the research on machine learning's potential for predicting the
stock market and other financial markets. This literature review primarily focuses on the financial
markets and the different kinds of input utilized by the machines learning algorithms used to predict the
financial markets. For this, we combed over 138 papers published between 2000 and 2019. The primary
contributions of this review are (1) a thorough analysis of the data used for the prognostications
(including that of the markets and stock indices in the preconceptions and the 2173 exceptional relevant
factors used for share price predictions, which can include candlestick patterns, macro - economic factors,
and basic indicators) and (2) a thorough analysis of the machine learning techniques and variants used
for the predictions. Included as well is a bibliometric study of these journal papers, which ranks articles
according to how often they have been cited in other publications.
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1. INTRODUCTION light of this, it is reasonable to employ machine
learning and other kinds of artificial intelligence
to create accurate models for stock market
forecasting. Some published studies (Sedighi et
al,, 2019) claim that the complicated forecasting
models and algorithms they developed may
accurately predict stock market movements,
increasing the likelihood of financial gain for
investors (Armano et al., 2005). Forecasting the
stock market is a vital yet challenging task, and
this is well recognized in the world of finance.

The public's level of concern has skyrocketed
during the previous several decades (Badolia,
2016). Investors act on the market with the hopes
of generating a return over the duration of their
investment horizon, therefore it's not surprising
that everyday stock exchange transactions
contain assets worth billions of dollars
(Hoseinzade 2019). If a private or institutional
investor, for instance, could accurately forecast
the market's behavior, they may get a higher
return on their money while taking on less risk. In
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One cannot predict future price market
movements by evaluating past ones, according to
the efficient market hypothesis (EMH) presented
by Fama (1970). Example: the EMH classifies
market efficiency as either weak, moderate, or
strong (Atsalakis & Valavanis, 2009a). The
current stock price does not provide any new
information to a time series beyond that which is
already there in the prices, according to the idea
of weak-form market efficiency (Fama, 1970). For
this reason, the bare-bones form of EMH states
that technical analysis cannot generate a higher
return than a buy-and-hold strategy (Fama,
1965). Second, according to the semi strong EMH,
stock prices fully reflect all available public
information.

Semi-strong market efficiency holds that an
investor cannot consistently outperform the
market using publicly accessible information like
basic data. It follows that active management that
incorporates all available data may not
outperform passive management in terms of risk-
adjusted returns. In opposed to the semi strong
version of the EMH, the strong form of the EMH
asserts that insider information is already
reflected in stock prices. This means that no
investor, not even those who possess access to
confidential information, can consistently achieve
higher returns than the market (Fama, 1965).
Therefore, according to the extreme version of
the EMH, itis impossible to anticipate future stock
market returns (Timmermann 2004). To
illustrate how severe the strong form of the EMH
may be, even Eugene recognized that one would
not expect that insider knowledge (such as that of
business leaders) cannot be leveraged to achieve
higher expected profits.

As time goes on, more and more people begin to
question the efficient market theory, which claims
that asset values should accurately represent
fundamentals (Daniel et al, 1998). Market
anomalies that contradict the efficient market
hypothesis include overreaction and
underreaction in the financial markets, progress
in the near term followed by a reversal in the long
run, and getting out of control in asset prices
(Malkiel &  Mullainathan, 2005). Both
overreactions and underreactions are common,
according to the available studies. Institutional
investors may be able to offset the irregularities
brought about by less seasoned investors (Shiller,
2003). Yet, the inconsistencies can defy

explanation by a model predicated on the
underlying rationality of investors. Because of
this, Bond and Thaler (1990) developed
behavioral finance, which questions the idea of
perfectly rational investors by factoring in human
psychological biases including loss aversion,
overreaction, and overconfidence (Lo, 2004). For
a detailed account of how the efficient market
hypothesis came to be, read Lim and Brooks
(2011). Although market participants should be
aware of the possibility of market anomalies, it is
not surprising that many of them base their
predictions of future stock prices on knowledge of
past market prices, information specific to a
company (such as past earnings and profits), and
other variables. In addition, investors often think
that recent gains will continue, since past gains
can be a barometer of investor sentiment. It
seems reasonable to try to predict the stock
market using historical data given these
assumptions and the possibility of market
anomalies.

Researches that aim to predict the stock market
typically employ both fundamental analysis and
technical analysis (Lam, 2004). The same
information can be used to predict the
performance of a stock index, which is a group of
stocks from different companies, as well as
information on the competitive landscape, such as
economic growth, trade, exchange rates, or
interest rates, all of which are thought to have an
impact on the businesses included in the index.
The technical analysis method, on the other hand,
predicts future stock price movements based on
the examination of historical data, including both
stock prices and trading volumes (Lohrmann &
Luukka, 2019). Academics are drawn to these
methods because they provide fresh and useful
approaches to the age-old problem of forecasting
the behavior of the financial markets. Using
historical data is a cornerstone of the stock
market forecasting method. Each of the
aforementioned methods of analysis relies on
carefully placed data (variables) within a certain
time range.

Here, we conduct a thorough literature review of
financial paper aims to design, focusing on the
methodologies, data sources, and statistical and
machine learning methods that have been used in
the field. Therefore, the purpose of this work is to
advance knowledge in stock market forecasting
by conducting a systematic literature review. Our
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research questions were formulated beginning
with this point of view. First, what information
(variables, variable kinds, and time periods) is
used? secondly, what sorts of artificial
intelligence (AI) and machine learning (ML)
approaches were taken to analyze data and make
stock market predictions? After considering the
recommendations offered by Snyder (2019), we
conducted a thorough research study for this
investigation following the methods described by
Ahmad et al. (2018). (2013).

As a whole, 138 articles were located that ranged
in publication date from 2000 to 2019.
Furthermore, we utilized a number of standards
for acceptance and rejection. To further organize
the text, we did as follow: Section 2 provides a
high-level overview of the data (and their
attributes) and machine learning strategies used
in stock market forecasting. Some related studies
are discussed in Section 3. Section 4 provides a
brief overview of the research methods used in
this literature review. The results of the review
study are presented and discussed in Section 5.
Section 6 provides final thoughts on the article's
findings and evaluations.

2. GENERAL OVERVIEW OF THE STOCK
MARKET PREDICTION DATA AND MACHINE
LEARNING TECHNIQUES

2.1. Data sources

A number of elements, such as technical analysis,
financial variables, and economic determinants,
have been recognized as important in the
literature for understanding stock price changes.
Studies that employed a wide range of input data
to develop their stock market forecasts were done
since there is no agreement on which factors are
most important. As can be seen in Fig. 1, we
categorized all the input variables found in the
reviewed literature into four overarching groups
with several subdivisions. Technical indicators
are often employed as input variables in
prediction studies due to their significance in
offering buy and sell recommendations for
equities. We classified all technical indicators into
two groups: "basic technical indicators” and
"extra technical indicators." In Section 5.3, we
discuss the stock market indexes and factors that
have been the subject of previous research.
Successful stock market forecasting studies have
used fundamental technical indicators as input

data (Chun & Park, 2005); other studies have
adopted different technical indicators (Chang &
Wu, 2015).

Variables

Basic technical indicators

Technical Indicators
Other technical indicators

!
I

Economy performance

Interest rate and maney supply
— Macro-Economy m

»  Exchange rates

»  Commodities

——=  Stock information
Fundamental Indicators <|
+  Balance sheet & profit and loss

Main types Sub-types

Fig. 1. Variable categories for stock price and
return predictions [1]

Here, we divided things up into four categories:
commodities, economic performance, interest
rates, and money supply. To further refine stock
market predictions, fundamental indicator-
related variables have also garnered attention
(Barak et al., 2017). Such factors are divided into
two categories for the sake of discussion.

2.2. Machine learning

Machine learning is predicated on the concept
that new knowledge may be gained from
previously collected data (Kubat, 2017, p. 1).
Supervised learning is the most common method
of machine learning training used for stock
market prediction applications. In Fig. 2, we see a
comprehensive depiction of the steps involved in
employing supervised learning to make
predictions about the stock market. Time series
data (such as stock price and/or return) and/or
pertinent information is selected as the first stage
(such as financial news). In a classification
problem, the target class is something you are
already familiar with or can easily anticipate. Pre-
processing is required for the supplementary
data, which includes cleaning it of any irrelevant
or extraneous details (such as identifiers). Then,
technical indicators can be derived from the core
time analysis, such as the close price information.
The cleansed data, that may include technical
indicators, undergoes scaling and dimension
reductions (namely feature selection, edge
detection, and feature construction) to get
significant variables and filter out unnecessary
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ones. Pre-processed data is commonly used to
make accurate predictions (Chen et al, 2019).
While this step is essential, it is portrayed as
optional in Fig. 2 since it is not only creator but
also subject-dependent. After gathering raw data,
the following step is to select a well-established
method for machine learning or create a whole
new one in order to forecast the target variable.

START

Historical stock pricel retums I
Technical indicalors q
j‘ * Data coll

Data pre-processing E

Training sample
Data splitting = Validation sample
l Testing sample

Fundamenta| variables Data cleaning

Financial news

Scaling leatures

Fitting model parameters.
Fitting model structure :“ . Maodel training ‘
Model validation - _i_ N

[ Optimizad structure
Oplimized parame lers

Model selection
v

Prediction of future values

Fig. 2. Stock market forecasting using
supervised learning workflow. [1]

As a means of accomplishing this, input data are
often divided into training data (used for really
building the classifier with a defined set of
parameters and structure), validation data (used
for actually assessing the performance of all
trained models and identifying the best model
structure and parameters), and test data. The
most basic kind of feature selection (i.e., filter
approaches) is included in data preparation since
it may be used irrespective of the learning
process. It might be linked to model training,
though, either by including the learning
computation performance into feature selection
(the integrated method) or by using the learning
algorithm's performance to carry out feature
selection (the wrapper technique) (Guyon &
Elisseeff, 2003). To illustrate the potential
connection between feature selection and model
training, a dashed line connects the training stage
to the pre-processing step. The next stage is
prediction, which may be carried out using either
the trained regression model or the taught
classification model.

Recently achieved success in applying deep
learning techniques to stock market forecasting
has re-elevated these techniques to the forefront.
Without depending on life experiences or

economic assumptions, deep learning is a type of
deep learning that could extract useful
characteristics from challenging and noisy data.
Stock market price and return forecasting has
seen widespread application of dnns (Singh &
Srivastava, 2017), including convolutional layers
and long bad memory networks (LSTM) (Fischer
& Krauss, 2018).

3. RELATED WORK

There has been a rise in the number of review
studies published across several disciplines,
including business and finance (Henrique et al,,
2019), computer science (Ahmad et al., 2018),
social science, medicine (Klemm et al., 2003), and
engineering (Ambreen et al, 2018). Financial
market forecasting models have received scant
attention in the literature. More than a hundred
publications were surveyed for their relevance to
the topic of stock market estimation techniques in
Atsalakis and Valavanis's 2009 review. (2009b).
This article examines the application of neural
networks and neuro-fuzzy systems. Rather et al.
(2017) conducted an analogous literature
analysis, this time focusing on the ways in which
mathematical models and Al were used to make
stock market predictions and investment
selections. Farias Nazario et al. conducted a
literature survey on the topic of stock market
forecasting with technical analysis indicators
(2017). They did a literature study on technical
analysis and provided recommendations for new
studies. An up-to-date survey of machine learning
techniques for stock market forecasting is
available in (Henrique et al., 2019).

A bibliographic study of 57 selected pieces of
research is presented, discussing the most cited
works, authors, and co-citation rates. In their
extensive study and review of the research on
stock market prediction, Gandhmal and Kumar
(2019) drew from more than fifty research. They
effectively classified the studies by their
prediction methods, year of publication,
performance standards, and analysis software. In
addition, Shah et al. provided a summary analysis
and classification of models used to forecast the
stock market (2019). Some recent evaluations
have tried to cover more of the literature on the
subject. Bustos and Pomares-(2020) Quimbaya's
comprehensive review of stock market prediction
techniques include 52 publications during 2014-
2018. This article provides a summary of recent
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developments in machine learning techniques,
including deep learning, text mining, and
ensemble approaches. During the same time
period, Jiang (2021) examined deep learning
models that have been employed to make
predictions about the stock market. Some
potential directions for further study were also
discussed, along with a brief overview of the data
and data processing methods used. By looking at
30 articles from scholarly journals and
conferences, Kumar et al. (2021) conduct a
comprehensive landscape analysis of the machine
learning algorithms, quality measures, datasets,
and publications utilized in stock market
prediction research.

M'* r—— [ 0 e
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= Review protocel Marual & aulomatated search " Operate wih databases

Data exiraction <4——————— Research themes <—— Study selection

F Genoral & specific data (ROs) I Identification of research | Fitoring

— Proanayss " Addross research gaals " Inclusian & exchusion criteria

Data synthesis. Review — END

L

l: Quanttatve! quaitatve analysis Reporting

Presenting resufts

Fig. 3. The literature review process [1]

4. RESEARCH METHODOLOGY
4.1. Planning

Doing a systematic literature examination
requires specifying the review procedure in order
to gather primary studies and reduce bias (such
as biasness) in our study (i.e., the entire strategy).
Since  Kitchenham's method has been
demonstrated to be beneficial in earlier
evaluations, we applied it (2004). Includes
methods for conducting the preliminary research
and conducting the actual review. Together, we
came up with a plan for our systematic literature
search research, which we carried out according
to the procedure depicted in Fig. 3.

N NG —

l s;:lt'::j':::’\:: lDomlIn knowledge

Initial alat @ o aoree
Snowballing

l Forward & backward ‘

I l\etrievec;ank:les ‘
N | v
Final set @% %

Fig. 4. The mechanism of the search
operation.[1]

4.2. Search strategy

Finding the best publications that directly
address these issues was the primary objective of
the search technique. This review study's
literature searches were conducted in two
distinct periods. We started by doing a "manual
search," or selecting the first set of items to read
from a set of results. We utilized this first set of
articles to kick off a snowball effect, following
Wohlin's methodology (2014). Second, we used a
technique very similar to that proposed by
Kitchenham and Brereton and conducted a
"automated search"” for other relevant
publications (2013). This strategy involved
identifying the specific scientific databases to
query and then developing a set of overarching
search terms to be used in those queries.
Therefore, Fig. The search process is shown in
detail in 4.

4.3. Search queries

The importance of our study is emphasized by the
search queries we have specified. To come up
with a working definition, we drew from our prior
knowledge and experience in the subject, as well
as the titles, keywords, and abstracts we found
throughout our manual search. We opted to
analyze the two terms separately since we
discovered that the relevant literature used either
"prediction” or "forecasting” in their definitions.
It is common knowledge that a query including
the phrases "Stock price" and "Stock return”
would provide predictive or forecasting results
for just one of the terms. The phrase "Machine
Learning" was selected as the final term of the
specified inquiry since the relied-upon articles
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are expected to be based in forecasting models
that employ the use of machine learning
techniques. However, it was found that when "AI"
was used alone, without "Machine Learning," a
more comprehensive set of publications on the
topic was generated. Queries executed against
various data sources to allow automated
searching.

4.4. Inclusion and exclusion criteria, and study
selection

Following rigorous inclusion and exclusion
criteria, we selected the articles most relevant to
our study. Articles that were presented at
conferences, were never published, or were
included in a report, thesis, or book were not
included. One of the reasons we read the story
was because we could get the whole thing online.
Articles published in language other than English
were also discarded.

2 Ongnally found
g 3 Afer titering

Included in the final set
%
Scopus

Fig. 5. Databases and the corresponding

IEEE Xplore Web of Science
number of articles in each stage. [1]

200 300

100

Science Direct

4.5. Data extraction

Our decision to summarize just certain pieces of
data/qualitative characteristics was guided by
this  literature review's aims. Relevant
information was found and extracted based on
the predefined attributes after reviewing each
item in its full. For additional analysis, the
information was placed into a Microsoft Excel
spreadsheet. Note that several attributes were
further separated (using extra columns) to
accommodate all required data. When everything
was added together, we came up with a total of 79
separate characteristics.

Variables come in many forms, the most common
of which are addendum, macro - economic
variables, fundamental measurement items, and
others. As a result, we gathered information on
data elements referenced in the literature as
being wuseful for predicting stock market
performance. To learn this, we assigned each
study a number of "1" if a certain feature

(predefined, as specific as feasible, such as "basic
moving average (5 periods)") was used, and a
value of "0" otherwise. When there was
insufficient data to reliably differentiate between
several possible configurations of a characteristic
used in a study, the number of configurations was
utilized instead.

4.6. Data synthesis

The purpose of this literature review is to analyse
and summarize the data presented in the chosen
articles in order to provide answers to the study's
research questions. To do this, we employed both
a descriptive analysis of the statistical data and a
thematic synthesis of a primary analysis. The
information within was subjected to both
descriptive and analytical scrutiny.

5. RESULTS OF THE LITERATURE REVIEW

Results from our comparative analysis are
presented below, considering the
aforementioned research foci. Extraction of data
from this primary research (138 in total) was
used to conduct the analysis. Three reviews'
findings are presented and discussed in terms of
(1) bibliographical information, (2) data and their
quality, and (3) machine learning algorithms that
were developed or deployed.

-]

Article count

3
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‘
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Fig. 6. Number of included articles by year [1]
5.1. A review of bibliographic information

For each of the issues brought up in the pilot
research, we conducted a bibliographic analysis
and present a case study below. Thereafter, the
selected articles are broken down by year,
journal, most-used words, and citation count.
First, we give a brief overview of the research that
inspired our inquiry.
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5.1.1. Overview of extracted data

To compile this overview, we combed through 52
academic journals spanning 20 years and
extracted 138 primary papers.

5.1.2. Publications by yea

Figure 6 depicts the total series of papers
produced over the years. Most of the studies
found here were recent articles, making this topic
set extremely relevant. There will have been more
than half as many publications in 2015 and 2019
than there were in the prior 15 years combined.
The number of studies using machine learning to
predict the stock market looks to be growing atan
exponential rate.

Expen Systems with Applcations | 42
Applied Solt Computing Jounal e
Soft Computing 6

Neurocomputing 6

Decision Support Systems 6

KnowledgeBased Systems. 5
Neural Computing and Apphcations.
International Journal of Forecasting {

Journal

n
4

Information Sciences 4
IEEE Access 4

Computers and Operations Research 3
Apphed Intelligence { 3

10 20 30 40
Journal count

Fig. 7. Article counts by most relevant
journals [1]

5.1.3. Publications by journal

Figure 7 displays the most pertinent journals to
the research. All told, 52 journals had items
selected for inclusion. We only show the 16
magazines (out of 138 total) that have multiple
articles from our dataset. According to this metric,
Expert Systems with Implications is the gold
standard for stock market forecasting articles.
Nearly 31% of the reviewed articles fall into this
category. Journals such as Applied Soft
Technology, Soft Data processing, Direct learning
model, Management Information Systems, and
Assumptions About the world account for around
22% of the total. This study breaks down which
periodicals have included the biggest articles on
using machine learning to predict the stock
market.

5.1.4. Variation of keywords

The inclusion of a list of keywords in a scientific
paper is crucial since it makes the content
searchable and facilitates its easy accessibility to
other academics. Here we can observe the 20
most often used author keywords in Fig. 8. The
fact that some of the most popular search phrases

are available in both their singular and plural
forms (such as "CNN architecture” and "neural
networks") implies that using both forms might
improve the efficiency with which you find
relevant items.

Forecasting

Keywords

Fig. 8. Top authors and keywords used most
frequently to count articles. [1]

Region

Asia

Europe

North Americs
South Americ

R R Y

Market

Fig. 9. Frequency by market. [1]
5.2. Markets, indices, and stocks

This paper's forecasting attempts centre on
distribution of wealth and income on securities
exchanges and standards that measure the
quality of a selection of individual stocks.
Examples of stock indices include the Standard &
Poor's 500, which tracks the value of 500 of
America's largest publicly traded companies
(including "Apple Inc."). Research articles
representing 26 separate markets and a single
EU-wide index were used in this analysis. The
number of pieces that discussed markets or
specific stocks is seen in Figure 9. Only four of the
world's seven main regions are represented in
our data: Asia, Europe, North America, and South
America. Sorry to apologize, Antarctica goes
without saying, but neither Africa nor Australia
are mentioned. Only one book makes specific
mention of Canada, suggesting that the entirety of
North America is considered to be inside the
United States. Furthermore, South America is
represented entirely by Brazil. However, Asia's 16
distinct markets make it the largest cluster in our
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analysis. Europe is represented by its European
Union and its seven individual markets. North
America, with a total of 63 insureds in the
literature, clearly ranks second among the areas,
i.e. behind Asia, which has 119 occurrences. This
is despite the fact that the United States is the
most widely covered market overall. Only twelve
references to Europe and seven to South America
can be found in the literature on stock market
forecasting. Figure 10 shows the frequency with
which various exchanges and indices were
mentioned, as well as the marketplaces in which
they were employed, throughout our research.
There are 45 distinct exchanges and indexes in
the studied literature (see Appendix for a
comprehensive list with full names and markets).

M»‘f:‘z * L4
ol . @ o ® 0o 200 -

R
o & &

Fig. 10. Frequency of exchanges/indices (by
market). [1]
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Fig. 11. Frequency of indices by market
capitalization. [1]

A total of 22 indices are included in this
comparison, the most prominent of which are the
four U.S. indices assessed in the study
publications. The value of the Dow Jones
Industrial Index is $7.252 quadrillion dollars,
while the value of the NYSE Composite Index is
$30.21 billion dollars. None of the European or
Asian markets that were analyzed are above the

range's ceiling. The size of the market is
compared to how often markets are discussed in
books and other media. The Pearson correlation
is 0.545, and the Spearman rank correlation is
0.503, indicating a moderate positive association
between the number of occasions these
indices/exchanges are referenced in academic
publications and their total market capitalization.

Since this is the case, it would appear that
academic studies pay more attention to the major
stock markets than they do to the smaller ones.
However, this isn't true of all markets. Istanbul
Stock Exchange (BIST 100) is mentioned just six
times despite being one of the smaller exchanges
with yearly revenue of $46.2 billion. However,
despite being one of the largest stock exchanges
considered here with a market capitalization
comparable to 3.625% of USD, the London Stock
Exchange's principal stocks market earns just one
mention. However, it is also evident that the
largest stock market is not always the one that has
been studied the most. The S&P 500 [USA] is cited
eight times as often as the NYSE Composite Index
[USA], even though the former is the more
generally watched indicator of the North
American stock market. 4 Although the TAIEX
(Taiwan) is quoted nearly twice as often as the
SSE Composite Index (China), the latter is the
most often cited Asian index.

You'll find a comprehensive breakdown of all the
stocks that had a role in our research here,
whether as input to a stock market prediction
model or as the final target of that model's
predictions. The North American stock market
accounts for a disproportionately large share of
the global total, followed by the Asian stock
market. European and South American stocks
were also the subject of research in the scholarly
literature. By these measures, it is evident that
North American stocks (50.8%, excluding
"Ceased to Exist") are more widely discussed in
the academic literature than their Asian
counterparts (42.2%).
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Fig. 15. All stocks vs the Top 41 stocks by
index/exchange, GICS sector and region [1]

5.3. Variables for stock and index prediction

In all, this study incorporates the findings from
2173 individual parts and 138 different scholarly
papers. Variables were sorted using the
categories Technical Indicator, Macro-Economy,
Core Indicator, and Other. In the context of
economic variables of time series data, such as
stock prices, a technical indicator is a pecuniary
component. The relative performance index
(RSI), moving averages, probabilistic oscillators,
etc., are all examples of additional, on average

greater complex technical indicators beyond the
closing, open, high, and low prices and volume.
The "Macro-Economy" group of variables has
several potentially fascinating clusters. Data on
economic performance includes things like gross
domestic product (GDP) and rate of interest and
money supply things like treasury bill rates and
other variables tracking the flow of cash;
exchange rate things like the US dollar and the
Euro; and commodity things like gold and crude
oil. Variables linked to financial models (such beta
in the capital asset pricing model (CAPM) or
excess return) coexist with those related to
machine learning since the "Other" category does
not further identify the variables it contains. Bag
of words, linear regression line, etc. Figure 16
shows the frequency with which each variable
appears in each group.
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Fig. 16. Number of variables by sub-type [1]

5.3.1. Technical indicator variables

The basic technical indicators contain 140
different variables that are direct reflections of
crucial price and volume data from stock markets.
A few examples of such variables include the open
price, the tonnage traded at that price, the
maximum and minimum prices (the highest and
lowest prices at which a stock was moved within
a certain time period), and the close price (the last
recorded price at which a stock was purchased on
a given trading day). It's clear that there are a few
primary factors that are used far more often than
the others. These contain the open and close
prices, high and low prices, and volume for a
certain time period, with a latency of 1. For
accurate forecasting, it's best to use variables like
the amount of trades that have lower lag values,
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shorter time durations, and more easily available
information.

5.3.2. Macro-economic variables
Exchange rates

Across the papers we looked at, we found 53
unique factors associated with different pairs of
currencies. Including the US dollar, these
exchange rates feature a total of 12 distinct
currencies: 11 single currencies and 1 basket of
currencies. Dollar Index measures the greenback
vs a group of six other currencies (Euro, Japanese
Yen, British Pound Sterling, Swiss Frangc,
Canadian Dollar, and Swedish Krona).

ﬁ‘@ffﬁa@j}j&}{if“ L%’ik%ﬁﬁ&%fﬁffkf
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Fig. 17. Top 30 technical indicators. [1]
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Fig. 18. Exchange rates. [1]

Count

Commodities

Metals of high value and energy sources like
natural gas and oil are part of this category. The
United States Industrial Index, the most widely
used index or ETF, reflects 56.6% of them (ETFs).
Commodity futures trading accounts for 36.4% of
all trading, only behind the more common
practice of utilizing commodity prices (5.9%).
After doing this investigation, we can say with
confidence that oil production is the most often
referenced commodity, coming 20 times (42.6%
of the time). In addition, 14 references (29.8%)
can be found in the literature on stock market

forecasting that involve gold. We looked at the
literature on stock market forecasting and found
that three criteria were frequently mentioned.
Percentage movements in crude oil, metal, and
gold with a 1-period lag are shown below.

Economic performance

This group of macroeconomic indicators includes
98 separate variables that may be broken down
into roughly five categories. The following five
main economic indicators are taken into account:
(1) "National Productivity," Second, the "Trade";
third, "Revenue & Invest," which includes private
and government revenue as well as capital
inflows and government expenditures; fourth, the
"Labor Market;" and fifth, the "Sector"
performance of selected economic sectors. The
"Labor Market" subcategory is the youngest of the
group, with only two variables (2.0%). At least
twice among the articles we analyzed did this set
of factors appear. It has been repeatedly proved
that just a small subset of variables is really used
in a large number of articles across all journals.

5.3.3. Other variables

There are two more sets of varying factors to
consider in addition to those already presented.
The first one is a data warehouse for a stock
market prediction model, where stocks and
market parameters are stored. Companies such as
(Microsoft, ExxonMobil, General Electric, ]&],
P&G) are examples. To predict the performance of
the 10 largest stocks in the KOSPI 200 and the
S&P 500, respectively, Baek and Kim (2018)
employ a methodologically similar strategy.
However, other studies have only used market
indices, not index components or other large-cap
shares, as their data source. Additionally,
standard technical markers and returns from six
major equity markets were also included.

5.4. Machine learning: a review

The major reason we conducted this literature
study was to provide a comprehensive evaluation
of the existing machine learning-based stock
market forecast algorithms. Each prediction
model in our database of reviewed articles was
classified as either a regressed prediction, a
classification forecasting, or a clustering
prediction. The majority of the studies included in
the graph are regression analyses. Despite their
progress, clustering models still only account for
around 1.4% of all scholarship, whereas studies
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focused on categorization account for over 44%.
(Only two researches).

6. STUDY LIMITATIONS

We looked at the two main types of machine
learning, supervised and unsupervised. While
statistical forecasting methods such as ARIMA
and GARCH were briefly discussed in a few
studies (maybe as alternatives to the proposed
technique), they were not the focus of our
investigation. MCDM approaches, which are
predominant on profit planning but not in the
realm of addiction, were not incorporated into
our research. Finally, our focus on machine
learning meant that we couldn't investigate a
wide range of other soft-computing techniques,
such as those employed in regression analysis. It
is possible that pertinent research presented at
conferences or written in peer-reviewed
symposia or technical reports was overlooked
because our search was limited to papers
published in academic journals. It's possible that
we missed some relevant articles because of the
terms we used in our searches.

7. DISCUSSION AND CONCLUSIONS

In this research, we do a comprehensive literature
assessment of stock market prediction articles
that make use of machine learning. We looked at
138 publications from 2000-2019 published in
academic journals. Highly cited papers, keyword
distribution by year, and other insights were
uncovered by analysing the collected data. The
next step was an in-depth investigation of the
financial data sets and their accompanying
independent and dependent variables described
in the literature review. The data analysis of
markets, indices, and stocks showed that U.S.
indices and stocks, especially the S&P 500 index,
were the most studied. However, Asia was the
most researched continent overall. In particular,
the combination of Taiwan, China, and South
Korea was weighed more heavily than the United
States. Consequently, it should come as no
surprise that the TAIEX (Taiwan) was the second
most researched index in our analysis. We also
discovered a modest link between the size of a
stock index's market capitalization and the
number of times that index was discussed in the
literature, suggesting that larger indices are more
often covered. When looking at specific equities,

articles focused mainly on those related to the
healthcare industry, the IT sector, and the
discretionary spending sector of the economy. In
addition, we analyzed 2173 distinct variables
found in the primary sources.

Technical Indicator has the most variables (1348)
of any category. We discovered that technical
indicators accounted for the biggest percentage of
all variables, on average about 80%, notably for
lower dimensional data with less than 20
variables. However, there was a trend for "Macro-
Economy" and "Fundamental Indicator"”
particular variables to make up a bigger
proportion of the total set of variables as the
collection grew larger. In our analysis, we found
that studies with more than 500 variables tended
to employ the bag of words method of text mining,
in which pertinent keywords are selected from
data such as financial news or tweets. Based on
our research, we found that the ANN, the SVM,
and fuzzy theory were the most popular machine
learning-based prediction models for stock
market forecasting. This result differs slightly
from the data offered by Henrique et al. (2019), as
they had not published on fuzzy theory-based
approaches prior to this study. Moreover, we
found that deep learning approaches have been
widely discussed in the previous three years, as
evidenced by the presence of 15 papers on the
topic in the last year alone. In addition, the recent
decade has seen a marked increase on the use of
methods grounded in fuzzy set theory. When
trying to enhance the parameter optimization of
machine learning algorithms, GAs were also
widely employed. In the field of feature
extraction, principal component analysis (PCA)
and the wavelet transform were the two most
often used techniques. Based on a meta-analysis
of previous studies, we know that deep learning's
meteoric surge in popularity will continue well
into 2021. The new study finds that all deep
learning-based articles have used enhanced LSTM
models to predict stock market variables. This
research demonstrates that LSTM networks are
superior to other types of deep learning (such as
CNNs and RNNs), yielding more accurate
predictions.
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