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Capital markets, one of the pillars of the financial system, play a vital role in transferring the
excess funds of savers to investors who need funds in the medium and long term. Trust is
essential for the safe and effective operation of capital markets and for the healthy transfer
of resources from those who supply funds to those who request them. The capital market is
constantly regulated and supervised in order to ensure it functions and develops in a reliable,
transparent, efficient, stable, fair, and competitive environment and to protect the rights and

interests of investors.

Manipulation, which prevents the capital market from operating regularly within trust and
transparency norms, is an important issue that should be considered both for individual
investors who offer funds to the securities markets and for companies that request funds by
issuing stocks. This study examines the trade-based manipulations in Borsa Istanbul (BIST).
Data on stocks that were manipulated between 2010 and 2015 were used in BIST, and a
model consisting of supervised machine learning classification techniques and artificial
neural networks was proposed to detect trade-based manipulation from the daily data of
manipulated stocks. It has been shown that the proposed model is successful in detecting

trade-based manipulations in the stock market based on accuracy, sensitivity, and f1 scores.



Experimental results show that an f1 score of 0.86, a sensitivity of 0.87, and an accuracy of
0.89 in market manipulation detection were achieved.

With this study, the manipulation in the stock market, the biggest obstacle for investors to
make safe investments in the capital markets, will be minimized and the principles of
transparency and trust, essential for the formation and development of the capital market,
will be established. In addition, due to the success achieved in market manipulation
detection, our study will benefit regulators especially in detecting stock market

manipulation.

Keywords: Trade-based manipulation, machine learning, artificial neural networks,

securities market, stock market



OZET

MAKINE OGRENMESI YAKLASIMIYLA BORSA iSTANBUL’DA

ISLEM BAZLI MANIPULASYONLARIN TESPITi

Nurullah Celal USLU

Doktora, Bilgisayar Miihendisligi Boliimii
Damsman: Dr. Fuat AKAL

Haziran 2022, 137 sayfa

Finansal sistemin en temel unsurlarindan olan sermaye piyasalari, tasarruf sahiplerinin
ellerindeki fazla fonlarin orta ve uzun vadede fon ihtiyact olan yatirimcilara aktarilmasi
noktasinda ¢ok dnemli bir gérev yapmaktadir. Sermaye piyasalarinin giiven i¢inde ve etkin
calisabilmesinin ve kaynaklarin fon arz edenlerden fon talep edenlere saglikli bir sekilde
aktarilabilmesinin en 6nemli temellerinden birini yatirimcilarin piyasaya giiveninin tesis
edilmis olmasi olusturmaktadir. Sermaye piyasasinin guvenilir, seffaf, etkin, istikrarli, adil
ve rekabetci bir ortamda isleyisinin ve gelismesinin saglanmasi, yatirimcilarin hak ve
menfaatlerinin  korunmasi i¢in sermaye piyasast devamli diizenlenmekte ve
denetlenmektedir. Bu diizenleme ve denetleme faaliyetlerinin temel amaci, piyasalarda
seffaflig1 saglamak ve yatirimcilar1 korumak olup, piyasalarda zaman zaman gézlemlenen

kotd niyetli eylemleri 6nlemeye yoneliktir.

Sermaye piyasasimnin giiven ve seffaflik normlar1 kapsaminda diizenli bir sekilde faaliyet
gostermesine engel olan faaliyetlerden biri olan manipiilasyon, hem menkul kiymet

piyasalarina fon sunan bireysel yatirimcilar, hem de hisse senedi ihrac ederek fon talep eden



sirketler agisindan dikkate alinmasi gereken onemli bir konudur. Bu calisma, Borsa
Istanbul'da (BIST) gergeklestirilen islem bazli manipiilasyonlar1 incelemektedir. BIST da
2010 - 2015 yillar1 arasinda manipiilasyona ugramis hisse senetlerine iliskin veriler
kullanilmis olup, manipiile edilen hisse senetlerinin giinliik verilerinden islem-bazl
manipulasyonu tespit etmek icin denetimli makine 6grenmesi siniflandirma teknikleri ile
yapay sinir aglarindan olusan bir model Onerilmisitr. Calismanin sonucunda, oOnerilen
modelin dogruluk, duyarlilik ve F1 skor 6lgiim yontemlerine dayali olarak hisse senetleri
piyasasinda isleme dayali manipiilasyonlar tespit etmede basarili oldugu gosterilmistir.
Yapilan deneyler sonucunda manipiilasyon tespitinde 0,86 F1 skoruna, 0,87 duyarliliga ve

0,89 dogruluga ulasilmistir.

Bu ¢alisma ile, yatirimcilarin sermaye piyasalarinda giivenli yatirim yapmalarinin 6niindeki
en buyik engel olan borsadaki manipiilasyon en aza indirilerek, sermaye piyasasinin olusum
ve gelisiminin temeli olan seffaflik ve giiven ilkeleri olusturulacaktir. Ayrica, piyasa
maniplilasyon tespitinin yiiksek performans: nedeniyle calismamiz 6zellikle borsadaki

maniplilasyonu tespit etmede diizenleyicilere fayda saglayacaktir.

Anahtar kelimeler: Islem bazli manipiilasyon, makine 6grenmesi, yapay sinir aglari,

menkul kiymetler piyasasi, sermaye piyasasi
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1 INTRODUCTION

Capital and money markets are basic elements of the financial system and play a vital role
as indicators of countries’ economic development. Capital and money markets are also
named financial markets, and it is necessary to explain the market concept to understand the
concept of financial markets. The market involves buyers and sellers directly, agents or

communication tools, and is where exchange occurs [1].

The financial markets enable businesses to obtain short-, medium-, and long-term funding
and savings holders to achieve high gain [2]. Moreover, financial markets are used to transfer
funds between savers who spend less than their income (fund-supplying units such as
households, firms, and government) and those who want to spend more than their income
[3]. Therefore, financial markets play an important role in transferring the surplus funds of
savers to investors needing funds [4]. In addition, in meeting this need, financial markets
allow both the buyer and the seller to evaluate the information that influences the price in
terms of supply and demand [5]. Money markets involve the supply and demand of funds
over one Yyear or less, while capital markets involve the supply and demand of funds over

more than one year.

Money markets are where participants perform transactions in order to meet an urgent need
for funds [6]. In these markets, which generally involve short-term loans, those with surplus
savings and those in need of funds come together to transfer funds [7]. Capital market
participants, on the other hand, are quite different from those in the money market. Capital
markets involve long-term investments aimed at significantly increasing the investor's
wealth [6]. Hence, financial assets with a maturity longer than one year are regarded as a
part of the capital market [8]. Capital markets are divided into organized and unorganized
markets. Organized capital markets refer to stock exchanges that have a specific place and
working rules, where prices are determined under the most advanced competitive conditions
[9]. Unorganized markets, on the other hand, are securities markets that are not under an

institutional roof and do not need a central location with technological opportunities [10].

The main differences between capital markets and money markets can be summarized as
follows [11]:



e The maturity of funds transferred or traded in capital markets is long.

e The financial instruments used in fund transfers in capital markets are bought and
sold second hand. In other words, stocks and bonds offered to the public in capital
markets change hands between individuals.

e Risk and expected return rates are generally higher in capital markets, because the
financial instruments used in fund transfer are long term and their value and return

vary over time.

Financial markets ensure that the needs of both parties are met, the level of welfare increases,
and the economy progresses in this context by transferring funds from those that provide
funds to those that request them. In financial markets, an effective system is needed when
transferring these funds. As the efficiency of the financial system increases, the possibility
of achieving fund supply and fund demand at affordable prices also increases. The
manipulative transactions carried out to artificially change the price of capital market
instruments, especially stocks, make manipulation an increasingly important phenomenon
for investors trading. These malicious transactions, which are prohibited by laws and
regulations, disrupt the functioning of financial markets and cause investors who invest in
financial markets to turn to alternative markets [12]. Financial markets should be supervised
and regulated in order for investors operating in financial markets to transfer resources
mutually, for the financial system to fulfill its expected functions, and for the system to work

effectively.

Regulations are created by the state in various sectors of the economy, and the most
important of these concern the financial markets. The main reason for these regulations is to
ensure macroeconomic and microeconomic stability. In particular, the bankruptcy of large
banks, intermediary institutions, and insurance companies in financial markets may threaten
macroeconomic stability. In order to prevent systemic risks that will cause financial
institutions to suffer financial distress and affect the whole economy negatively, regulations
are formulated for the financial sector. States do not consider the financial sector as a whole;
they deal with institutions individually to ensure micro stability. Thus, the health of each
institution ensures the health of the entire sector. Another purpose is to ensure transparency
in markets and institutions and to protect investors, with regulations to prevent manipulation

taking precedence.



Manipulation based on the buying and selling of securities aims to create an emerging market
for the stock and to fix or stabilize the stock’s market price. Thus, manipulation provides
benefits to the relevant persons and institutions by maintaining the stock’s stable position in
the market and keeps its value above the market price [13]. The main aim of manipulation
is to direct investors to buy and sell a security via external interventions in the functioning
of the markets or to keep the price of the security at an artificial level. In other words, it is
the deliberate inhibition of the process by which supply and demand freely determine prices
in the securities markets. Investors who cannot properly evaluate their funds due to
misdirection lose, while those who engage in manipulative transactions by creating an
artificial price profit. Manipulation, which reduces market efficiency, harms public
confidence by victimizing individual investors [14] and damaging investors’ confidence in
the market, causing them to turn to alternative markets. In other words, savers want to be
sure that prices in the capital market in which they trade are generated under real supply and
demand conditions [15]. On the other hand, as it affects the liquidity of the market, it also

negatively affects the ability of companies to provide funds for commercial activities [16].

Not only are the financial markets adversely affected by this situation, but also the country's
economy. For this reason, the proper functioning of the capital market system as well as its
effectiveness and efficiency, and ensuring confidence among investors are very important
for economic progress. In order for the capital market to function well and to provide
confidence, the values of capital market instruments must be established under the market's
own free supply and demand conditions, without misleading external interventions. Thus,
the regulatory authorities implement measures to minimize or eliminate this loss of
confidence resulting from manipulation. The Capital Market Law, regulating the functioning
of capital markets in this country, aims to protect the rights and interests of investors by

ensuring the market functions and develops reliably.

1.1 Motivation and Background

Stock buying and selling activities in the securities market now take place through the
internet, with millions of transactions each day. Innovations in information technology
enable the detection of manipulative market transactions and the emergence of new and
inventive approaches. As a result of these developments, the quantity and types of

transactions that distort the market are growing. Manipulations were divided by Allen and



Gale into three types: information-based, motion-based, and trade-based. Information-based
manipulations provide the market with incorrect information, which can alter the value of
capital market instruments and mislead investors, as well as spreading false rumors.
Moreover, accurate information that needs to be declared is not shared with the public.
Likewise, motion-based manipulation is generally done to influence and differentiate the
expected real values in terms of stocks, and to change the market prices of the stocks and
thus the company value [17]. Trade-based manipulation involves transactions carried out by
buyers or sellers, those who manage accounts in order to produce a false or misleading
impression of the prices, price fluctuations, and the supply of and demand for capital market
instruments [18].

The main purpose of all manipulative attempts is to interfere with price mechanisms by
inhibiting the free interaction of supply and demand, to encourage investors to trade in a
security by deceiving them, and to keep the security price at an artificial level [5].
Manipulation, the most significant barrier to investors' safe participation in capital markets,
hinders fair stock prices and harms investors by attempting to deceive them. As a result,

stock market manipulation is rigorously monitored and manipulators face consequences.

Manipulation is a serious problem in the securities market and its detection is critical. As
trade-based manipulation often appears to be a legitimate stock market transaction, it is
difficult to detect [5]. Studies on a theoretical basis, such as researching information-based
manipulation, examining specific techniques, and comparisons in country and legal
dimensions, have received more attention in the literature; experimental studies, particularly
on the detection of trade-based manipulation, remain rare. The main reason for this is that
the transaction data needed to empirically evaluate the subject are kept confidential and
academics have only limited access to these data [19]. In the studies on trade-based
manipulations, those in which manipulation is detected are uncommon, and therein the
manipulation is generally determined by measuring variables such as the return, amount, and
volume of the stock during the manipulation period. The scarcity of studies on the detection

of trade-based manipulations, in particular, encouraged us to examine this topic.



1.2 Contribution of the Proposed Research

We used data on stocks that were manipulated between 2010 and 2015 in Borsa Istanbul
(BIST), and we employed supervised machine learning classification techniques and
artificial neural networks to detect trade-based manipulations from the daily trading data.
Our study varies from others in the manipulation literature as follows:

1. The vast majority of the work on detecting manipulation is theoretical, and overall
manipulation is assessed by assessing factors such as volatility, return, amount,
volume, and inventory turnover as a result of manipulation.

2. Studies on trade-based manipulation in this country mostly focus on closing price
manipulation. However, we focused on estimating and detecting whether there was
manipulation in the transactions of stocks that were manipulated between 2010 and
2015.

3. Unlike the majority of the research, we used real-time trading data of equities that
were manipulated in BIST.

4. Our manipulation explanatory factors differ from those employed in earlier studies.

5. We detected anomalies from the daily data of manipulated stocks by using artificial
neural networks with 6 supervised machine learning algorithms and two different

scaling methods.

In addition to investors, manipulative activities also have significant effects on the stock
market and the entire economy. Therefore, it is of great importance to identify manipulative
transactions in order to protect investors who offer funds to the markets, to ensure the
reliability of financial markets, and to eliminate such instability due to illegal activities.
However, because of the strategies used, constantly changing technical breakthroughs, and
legal gaps, it is extremely difficult to detect and prevent manipulative behavior in financial
markets [20]. The current study will reduce stock market manipulation, which is the most
significant barrier stopping investors from making safe investments in capital markets, and
will establish transparency and trust, which are the foundations of capital market formation
and development. Furthermore, because of the successful performance of market
manipulation detection, our research will be useful to regulators, particularly in detecting

stock market manipulation.



1.3 Organization of the Proposed Research

The remainder of the thesis is organized as follows: There are 6 chapters. In the first section
of the second chapter the markets where transactions are made in the BIST equity market,
the electronic trading platform (BISTECH) where transactions are made in the stock market,
the types of stock market trading systems, the stock market price determination mechanisms,

order types, trading methods, and circuit breakers are discussed.

The notion of manipulation is discussed in the second section of the second chapter, and
information regarding the different types of manipulation, notably trade-based manipulation,
is provided. Finally, patterns of manipulation related to trade-based manipulation types were
extracted.

A full examination of machine learning and its methodologies, classification and machine
learning algorithms used for it, and classification performance measurement criteria is given

in the third section of the second chapter.

The fourth section of the second chapter provides thorough information on the stages of

CRISP-DM methodology and data science methodology.

The third chapter reviews the literature and includes investigations on the detection of market

manipulation on a national and international scale.

The first section of the fourth chapter discusses BIST stock data, which is fed into artificial
neural networks and supervised machine learning classification algorithms. Moreover,

statistical information on the quantity of the data utilized and the fields of the data are shown.

The second section of the fourth chapter, which is the primary section, describes step by step
the proposed model, which is made up of supervised machine learning algorithms and

artificial neural networks.

The fifth chapter summarizes the research findings and compares the performance of the

trade-based manipulation detection models.



The findings obtained are analyzed in light of the theoretical knowledge explained in the
preceding sections in the sixth chapter, the last portion, and the methodologies utilized

during the experimental period are discussed.



2 BACKGROUND

The first section of this four-part chapter describes the operational principles and rules of the
BIST equity market. The idea of manipulation is discussed in the second part, and a full
examination of the types of manipulation in the capital market, specifically the types of
trade-based manipulation that is the topic of this thesis, is provided. The third section
investigates the machine learning algorithms and approaches utilized in classification in the
literature. The chapter concludes with descriptions of data science methodology and a full

investigation of CRISP-DM, a data science approach.

2.1 Borsa Istanbul Equity Market

Equity market is the general name for where the equities of companies in different sectors
that are quoted or not quoted on BIST and the securities related to them (preemption rights
coupon, exchange traded funds, warrants, certificates, etc.) are traded in various markets
established by the Borsa Istanbul Board of Directors (BISTBD) [21].

2.1.1 Markets

Trading on the equity market is carried out in the following markets.

e National Market: Companies that meet BIST quotation requirements are traded in
the National Market, which has been in operation since the establishment of BIST
[21].

e Collective Products Market: The Collective Products Market began to operate in
2009 and some securities previously traded in the National Market were switched to
this market. The following securities are traded here: securities investment trusts,
real estate investment trusts and venture capital stocks, exchange traded funds
participation certificates, and brokerage firm warrants and certificates [21].

e Second National Market: Small and medium-sized companies, which are the
dynamo of the economy; companies that are temporarily or permanently removed
from the National Market; and companies that cannot meet the quotation and trading
conditions applicable to the National Market are traded in the Second National
Market. The enterprises that meet the quotation conditions during the monitoring

carried out at regular intervals in the National Market can be included, and the
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enterprises that fail to meet the quotation conditions can be removed from the
National Market [21].

e Watchlist Companies Market: Some companies traded on Borsa Istanbul may see
extraordinary stock transactions from time to time, resulting in a failure to comply
with current regulations and not sufficiently informing the public in a timely manner.
The Watchlist Companies Market, established by a vote by the BISTBD on
November 26, 1996, is where stocks are monitored, investors are regularly updated
on time, and liquidity is offered to investors in the company. The aim of this
monitoring and assessment is to protect investors while preventing potential negative
risks [21].

2.1.2 Electronic Trading System

BIST, which is an important part of the vision of Istanbul International Financial Center,
continues to regularly invest in technology. It renews its hardware, system, and application
infrastructure to provide world-class performance and reliable service. Within the
framework of the cooperation with National Association of Securities Dealers Automated
Quotations (NASDAQ), all markets within Borsa Istanbul were moved to the new trading
platform, called Borsa Istanbul Technology (BISTECH), to create a single trading platform.
All BIST markets are run on the same platform from end to end.

With the launch of BISTECH, the order processing capacity of the exchange was maximized,
with up to 100,000 orders processed per second and the round trip delay reduced to
microseconds. Thanks to the globally known order entry and data dissemination protocols
accompanying BISTECH, local and international investors accessing the stock market
electronically have started to benefit from the high-performance and reliable service offered

by this system without incurring development costs [22].

2.1.3 Equity Market Trading Systems

There are basically two types of trading systems: order-based and quotation-based. Those
who trade in order-based systems send their orders to the trading system without the prices
being determined by market makers or the central mechanism or auction. Investors' orders
provide liquidity to the market and are met without any intermediaries. In order-based

systems, transactions are usually carried out via an auction. This auction, on the other hand,
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is carried out by voice call method as in the New York Stock Exchange or electronically as
in BIST. In quotation-based systems, market makers determine the buying and selling prices
and transactions are carried out at this price. Examples of these markets are the NASDAQ
and the London Stock Exchange Automated Quotation (SEAQ) system. The SEAQ system
is a trading platform that emerged with the first steps taken in London in the mid-1980s for

consolidation of equity markets in Europe [23].

2.1.3.1 Session

In general, trading in the markets takes place in sessions, defined as the period between the
start and end of the transactions. Securities traded on the stock exchange can be traded
between certain session hours every day. This is called a stock market session. The session
of all securities traded in the same market with the same trading method starts and ends at
the same time. In many stock exchanges in developed countries, transactions are carried out
in a single session. With the launch of BISTECH, a single session lasts the whole day, and
the new trading hours in BIST are 09:40-18:10 as of November 14, 2016 [24], [25].

2.1.3.2 Trading Amount

The number of securities bought and sold in a market in a certain period or session is defined
as the trading amount. Each trading day in the stock market, the amount is published on a
per security basis. When the amount of trading realized in different markets is summed
numerically, the total transactions on BIST on that day is revealed [26]. In the BIST equity
market, the amount of trading of equities is published for each session. In addition, the daily
trade amount for all markets is announced at the end of the day. Trade amount information

can be accessed instantly from data dissemination screens and the BIST daily bulletin.

2.1.3.3 Trading Volume

Trading volume refers to the amount found by multiplying the trade amount by the trade
price. The sum of the trading volumes of all equities constitutes the total trading volume of
the equity market [26]. The trading volume of all securities traded in the BIST Equity Market

is announced instantly via data dissemination screens.
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2.1.3.4 Trading Unit

Lot is a trading unit in the equity market. Trading unit refers to the minimum number or
value of any capital market instrument that can be traded with itself or its multiples. 1 lot is
equivalent to 1 equity or 1 TL nominal value share [26]. For example, in stocks where 1 lot
equity is equal to 1 equity (1 TL nominal), selling 1 equity means selling 1 lot of equities.
The BISTBD can change the value of the trading unit according to the characteristics of the

equities [23].

2.1.3.5 Weighted Average Price

The basis for the calculation of the base price to be applied in the next session is the weighted
average of the prices traded during the session. Before each session, the weighted average
price (WAP) is calculated for each equity, taking into account the previous session's tradings.
When calculating the WAPs of equities, the tradings carried out as a result of the normal lot
orders are taken into account [26]. Information such as WAP trading unit and trading amount

are announced by BIST via data dissemination screens and a daily bulletin.

2.1.4 Price Determination Mechanisms in Equity Markets

As in all markets in stock exchanges, prices in stock markets are set where the supply and
demand of market participants match and become tradings. During the transformation of
supply and demand orders into tradings, various price determination mechanisms are applied
according to the characteristics of the markets. The priority rules, which are used in the stock
markets when waiting for the order to turn into tradings, are among the most important rules

for price determination mechanisms [23].

2.1.4.1 Priority Rules

During the matching of buy and sell orders in the equity market, some rules determine which
buy order will be traded first in buy orders and which sell order will be traded first in sell
orders and the ordering of subsequent orders in this way. These rules are called price and
time priority rules. To execute orders, first the price priority rule is applied and then the time

priority rule.
e Price Priority Rules: According to the price priority rule, the order of priority is
from lowest price to highest price orders in sell orders, and from highest price to
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lowest price orders in buy orders. Accordingly, low-priced sell orders have the right
to be traded earlier than high-priced ones, and high-priced buy orders have the right
to be traded earlier than low-priced ones.

e Time Priority Rules: The time priority rule is applied only to orders with the same
price, and if there is price equality in the orders sent to the system, the order sent
earlier has priority for trading.

e Application of Priority Rules: Price and time priority rules are applied separately
to buy orders and to sell orders. Orders sent to the trading system according to these
rules are stored in electronic media called "order books". These orders are

automatically sorted according to priority rules [27].

An example of the application of priority rules is given below:

The orders sent to the trading system for a sample equity are listed below. The order of the
orders according to the price and time priority rules explained above is given in Table 2.1.
1. Quantity: 20 Lots, Price: 2.23, Sell Order (Check in Time: 10:00:00)

2. Quantity: 70 Lots, Price: 2.23, Sell Order (Check in Time: 10:00:03)

3. Quantity: 80 Lots, Price: 2.23, Sell Order (Check in Time: 10:00:04)

4. Quantity: 150 Lots, Price: 2.23, Sell Order (Check in Time: 10:00:04)

5. Quantity: 100 Lots, Price: 2.23, Buy Order (Check in Time: 10:00:00)

6. Quantity: 15 Lots, Price: 2.23, Buy Order (Check in Time: 10:00:01)

7. Quantity: 200 Lots, Price: 2.23, Buy Order (Check in Time: 10:00:02)

8. Quantity: 40 Lots, Price: 2.24, Buy Order (Check in Time: 10:00:03)

9. Quantity: 50 Lots, Price: 2.23, Buy Order (Check in Time: 10:00:04)

Table 2.1 Sequence of orders sent to the trading System

Buy — Lot | Buy - Price | Sell - Price | Sell - Lot
40 2.24 2.25 150
100 2.23 2.26 20
15 2.23 2.27 70
200 2.22 2.27 80
50 2.21
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As seen in Table 2.1, orders sent to the trading system for a sample equity are automatically
sorted first according to price priority and then according to time priority.

Table 2.1 shows that on the buy side the highest priority order is the order of 40 lots at 2.24,
which has the highest price among the buy orders. This order ranks 4th in terms of sending
time among the orders on the buy side. However, since the order price is higher than the
prices of other buy orders, it is the highest priority order. Out of the buy orders with the same
price of 2.23, that with 100 lots has priority over that with 15 lots, since it was entered into

the system before. These three orders are followed by orders sent at lower prices.

On the sell side, the order with 150 lots at a price of 2.25, which is the lowest price among
the orders, has the highest priority on the sell side. While this order is followed by other
orders with a higher price, the order with a quantity of 70 out of two orders sent at 2.27 is
ahead of the order of 80 lots due to the time priority rule [26].

2.1.5 Order Types

There are 5 types of orders in the BIST stock market: normal orders, odd lot orders, special
orders, quotation orders, and short selling orders.
e Normal Orders: These are orders given as a trading unit and consist of exactly one
lot and its multiples. It can take the following forms [24], [28]:

1. Limit Orders: In these orders, price and quantity must be specified. The
unexecuted portion of the order is placed among the equity's pending
(passive) orders based on price and time priority ranking until it is traded in

the order book or until the expiration date [24], [28].
2. Fill and Kill Orders (FaK): This is the type of order that is entered by

specifying the price and quantity, and the part that is not executed after the

order is entered is automatically canceled [24], [28].

3. Market Orders: These are orders in which only the quantity and no price are
required. Such orders are matched with the best bid or ask in the order book
until the order quantity is met, at which point those leftover are removed (not
kept among pending orders) if no order is left on the opposite side. Market
orders placed during the call auction phase stay on the book until the

matching state, at which point they are executed. If a market order does not
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match, it is deleted and not transferred to the ongoing trading session. The
maximum order value per equity applies to market orders. The ever-last price
is used to compute the limit value. If there is no previous closing price, the
previous trade price is verified, and in the absence of both any reference price
established manually by BIST is checked; otherwise, the system does not
allow the market order until a trade occurs [24], [28].

Market to Limit Orders: These are orders in which just the quantity must be

stated, without the price, and can only match with the best bid or ask on the
order book. The remainder of the execution is converted into limit orders and
placed in the order book among pending (passive) orders with the latest
trading price (if the type of order is not FaK). Market to limit orders are
subject to the per-equity maximum order value limit, which is computed in
the same way as market orders [24], [28].

Conditional Orders: Certain conditions can be established for the activation

or execution of orders for various types of orders. There are four kinds of
conditional orders: quantity conditional orders, price conditional orders, time
conditional orders, and partial display conditional orders [24], [28].

e Quantity Conditional Order: Such orders are not executed if the entire

quantity contained in the order is not entirely matched at the given price
level. They would, however, be carried out if the entire quantity contained
in the request was matched [24], [28].

e Price Conditional Order: Such orders are activated or executed in the

order book only if the current price of a stock or the best bid and offer
price in the order book meets the price level indicated in the order [24],
[28].

e Time Conditional Order: These orders are activated at a preset point in

the session or entered to be valid during a specific point in the session (for
example, orders are valid at the session's opening/closing) [24], [28].

o Partial Display Conditional Order: Limit orders with the partial display

condition can be entered. When the quantity shown is executed for such
orders, the predefined quantity appears in the hidden area. The remainder
will be added to the order book as a new order based on price and time
priority. This continues until the full order has been matched, the time
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limit has expired, or the order has been cancelled. On June 27, 2016, the
equities market's order type went live. When entering or amending an
order, the displayed quantity must be at least 20% of the total quantity of
the order [24], [28].
Odd Lot Orders: For quantities less than one unit per stock, odd lot trading will take
place. Only the quantity is stated in these orders; the price is not specified and such
orders are traded at the price of the most recent normal order transaction if there is
an opposite order. Odd lot orders might be matched in whole or in part, a 0.3-unit
trade on ABCDE, for example. The price of the most recent trade performed on
ABCDE will be used for KE (odd lot) [24], [28].
Special Orders: These are orders that contain a sum that exceeds the equities-based
limits. They are traded on a different order book with different trading rules. The
BISTBD determines the characteristics of such orders, as well as the price
determination and trading rules applied to them [24], [28].
Quotation Orders: This is an order type that comprises limit price buy and sell
orders that can only be entered by market maker/liquidity provider members. This is
the buy and sell order that generates the quotation. A quotation order can be canceled
entirely or just on the buy or sell side [24], [28].
Short Selling Orders: A short sell order is used to sell unowned capital market
instruments. These are orders for short selling trades conducted in accordance with
Turkey Capital Markets Board (CMB) and BIST laws. The CMB and BIST laws

govern the pricing restrictions for certain types of order [24], [28].

2.1.6 Trading Methods

There are different methods for matching the buy and sell orders during the trading of

securities on the stock exchange. In the BIST Equity Market, securities are traded via the

electronic trading system, based on the price and time priority rule, according to "continuous

auction - multiple price", "continuous trading with market maker", or "single price" [25].

2.1.6.1 Continuous Auction — Multiple Price

The continuous auction method is used in the major stock exchanges of the world. Trading

orders that match each other during the session become tradings at that moment and price is

constantly set throughout the session [29]. Continuous trading, defined as “the method of
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matching the orders sent to the system for a capital market instrument at different price
levels in accordance with the priority and trading rules, continuously during the trading
periods determined by the exchange”, involves the transaction times determined by the
exchange for the orders transmitted to the system for a capital market instrument. It matches
different price levels continuously, in accordance with the priority and trading rules
throughout. It is also called the “Multi-Price Method” [30].

In the event that a buy (sell) order sent to the trading system is met with a suitable sell (buy)
order, it is called a "continuous auction”, when it is matched and processed without delay.
The most widely used method in order-based trading markets is the continuous auction
method, and it is possible to match the buy and sell orders sent to the system where this
method is used at different price levels during the session; thus, different trading prices can
be established within the same session. As soon as the orders are entered into the system,
those on the opposite side are checked by the system, and the transaction is executed when

the price of the entered order matches those of the pending orders on the other side [23].

Table 2.2 Continuous auction method order book recording

Buy — Lot | Buy - Price | Sell - Price | Sell - Lot
40 2.24 2.25 150
100 2.23 2.26 20
15 2.23 2.27 70
200 2.22 2.27 80
50 2.21

An example order book for the continuous trading method is seen in Table 2.2. On the left
of the table, buy orders are ranked from best to worst price, that is, from highest to lowest
price, and sell orders are ranked from lowest to highest price. The concepts of the best buying
price and best selling price should be clarified. When trading in financial markets, investors
want to trade at the best price. For transactions such as foreign exchange, commodities, and
stocks, high profit is targeted by buying at the lowest price and selling at the highest. The
buying and selling prices determined by the market for this profit target are called the best

buying price (ask) and the best selling price (bid).
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The numbers of buyers and sellers vary at each price level, and the trading will not take place
unless a sell order equal to (2.24) or better than the pending bid price (below 2.24) is
received. Likewise, the trade will not take place (above 2.25) unless there is a buy order
equal to or better than the pending ask price (2.25). Since the buy and sell order prices
pending in Table 2.2 do not match, the trading does not take place and the orders of both

parties are pending.

How the records in the order book change when two transactions take place in the sample
order book is shown in Table 2.2.
e When a sell order of 20 lots of price 2.24 is entered into the order book in Table 2,
the sell order will be executed without entering the waiting list (passive), since there
Is a buy order that can match this order. Thus, 20 lots of orders are met with a pending
order of 40 lots and 20 lots are traded.

Table 2.3 Order book recording after first trading

Buy - Lot | Buy - Price | Sell - Price | Sell - Lot
20 2.24 2.25 150
100 2.23 2.26 20
15 2.23 2.27 70
200 2.22 2.27 80
50 2.21

e After trading, pending orders in the order book are listed in Table 2.3, which shows
that 20 lots of the 40 lot pending order have been traded and the remaining 20 are
pending.

e When a new buy order for 200 lots of price 2.26 is received, the transaction will start
at that price level first, since there is a sell order at a price level (2.25) even lower
than the price of the buy order entered. That is, first, 150 lots will be traded at 2.25
(the price of the buy order is 2.26, but there is a pending order at 2.25); then there
will be a trade of 20 lots at 2.26. As a result, 150 lots will be traded at 2.25 and 20

lots at 2.26. Since the total amount traded is 170 lots, the remaining untraded 30 lots

17



from the 200 lot order will be entered in the order book at 2.26 on the buy side,
resulting in the pending orders in the order book as shown in Table 2.4.

Table 2.4 Order book recording after second trading

Buy - Lot | Buy - Price | Sell - Price | Sell — Lot
30 2.26 2.27 70
20 2.24 2.27 80
100 2.23
15 2.23
200 2.22
50 221

Thus, the ask price level has changed and the 30-lot buy order is placed at the top of the
priority list, as it is the best priced. On the sell side, since there are no orders left at 2.25 and
2.26, the order of 70 lots at 2.27, which has time priority among the remaining orders,

becomes the highest priority order [23], [27].

2.1.6.2 Continuous Trading with Market Maker

In this method, equities are traded by continuous auction. Unlike continuous auctions, a
market maker enters "quotation™ orders into the trading system, determines the price limits
to be traded, and sends a quantity of orders that can be traded other than quotation orders
and market orders to the trading system. In the securities traded with the continuous auction
method with a market maker, the price range in which the trading can take place for that
security is determined by a continuous double-sided quotation (price and quantity) by a
member appointed as the market maker [31]. In this way, the market maker contributes to
the formation of the market and the realization of tradings by placing quotation or buy and

sell orders on its own behalf [24].

Quotation orders are entered on both the buy and sell sides and determine the upper and
lower price limits at which the shares can be traded. While market makers determine the
price limits with the double-sided quotations they enter, they also offer certain amounts in

order to be able to trade. The aim here is to determine the price range of the security in which
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the transaction can take place in a healthier way and increase liquidity via the transaction
volume. Although there are various differences in the applications of continuous auctions
with a market maker in the world stock markets, the aim is to eliminate the drawbacks caused
by the transaction volume with the help of the market maker in the markets with less liquidity

in general [23].

2.1.6.3 Single Price

In the single price method orders are accepted without matching in the BIST Equity Market
trading system for a set period, and at the end of that period the price level that provides the
greatest number of transactions is calculated and all transactions are carried out at this level
[32].

In single price trading, orders are collected in a certain time interval; then they are converted
into tradings by matching the price that will result in the greatest trading activity. The
difference between this method and the continuous auction is that there is no matching in
buy and sell orders unless the moment of action occurs. The main purpose of this trading
method is to determine the price level at which the maximum trading activity can be
achieved. This price is also called the trading price.

The single price method involves two parts. First, buyers and sellers send their orders to the
market and orders accumulate without matching. A trading price is determined according to
the accumulated orders, that is, according to supply and demand. Second, orders that are
equal to or better than the trading price determined according to supply and demand become
trades. Table 2.5 is an example order table showing the orders sent to the market in the single
price method and their prices. In this example, 100 lot buy and 100 lot sell orders are sent to
each price level between 41 and 45. According to single price trading, the orders must be

matched at the price level at which the transaction will take place the most.
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Table 2.5 Single price order book and match price table

Price Buy Cumulative Cumulative | Sell Orders
45 100 100 500 100
44 100 200 400 100
43* 100 300 300 100
42 100 400 200 100
41 100 500 100 100

In the above example, 43 is the trading price. At this price, 300 lots are processed and, 300
are bought, and 300 are sold. At other prices in the table, the trades that can take place are

under 300 lots and are rejected according to the single price method.

2.1.7 Circuit Breaker System in the Equity Market

The automatic session stop system was abolished as of 30/11/2015 with the launch of
BISTECH, and the circuit breaker was introduced in its place. When trades in a capital
market instrument are carried out using the multiple price method, if the price change
calculated over a certain reference value reaches or exceeds the specified rates, the trades of
the relevant capital market instrument are temporarily suspended. After this temporary
suspension, the price can be determined by the single price method in the relevant capital

market instrument or a certain period can be expected before the trade takes place [31], [33].

2.2 Manipulations in the Stock Market

Manipulation prevents the capital market from operating within the norms of trust and
transparency. It is an important issue that should be taken into account both for individual
investors offering funds to the securities markets and for companies seeking funds by issuing
stocks. Major fluctuations and crises in the economies of countries where development and
deepening cannot be achieved in the capital markets are inevitable. During such periods,
capital markets are one of the most important resources for ensuring healthy and sustainable
growth. These markets need to be developed and deepened in order to achieve the highest
benefit for fund and fund demanders. This is only possible by attracting more investors into

the market and increasing market volume. On the other hand, investors' lack of confidence
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in the market prevents more investors from participating. In this context, we encounter

manipulation, one of the most important causes of distrust in the market [20].

Manipulation in capital markets comprises all actions attempting to shift the price
above/below the demand and supply balance occurring in the normal market equilibrium and
trading financial instruments at the determined price level. In other words, manipulation is
the general name for attempts to artificially change prices outside the supply—demand
balance and to ensure that the security is traded at this price. It includes all intentional actions
aimed at deceiving or defrauding traders by influencing or controlling the price levels of
financial instruments with market dynamics/unrealistic methods. For this reason,
manipulation disrupts the functioning and order of the market, resulting in a violation of free
competition conditions or defrauding investors [34]. Although manipulation has many
different meanings, the term is frequently encountered in the securities market. It can be
simply defined as artificial control of security prices or conducting artificial transactions to

give the impression that a stock is actively traded [35], [36].

Manipulation in the capital markets can also be defined as the tradings conducted in order to
give a misleading impression to investors or to create a misleading market regarding the
stocks traded in those markets [37]. In other words, it aims to deceive and defraud investors
by knowingly and willingly controlling capital market prices or artificially influencing prices
[38]. In short, it is the artificial control of securities prices. In normal market conditions, all
activities aimed at artificially raising, lowering, or maintaining the prices of capital market
instruments determined according to supply and demand at a certain level are considered
manipulation [39]. In other words, it is an illegal act in markets where supply and demand
are often lacking in breadth and depth. It often occurs when most investors do not have
enough information about the market structure and stocks and the market rules are unclear
[20].

In capital markets and stock exchanges, the direction of capital market instruments is
changed by buying transactions in violation of the public disclosure regulations and by false,
misleading, or insufficient explanations that affect the decisions of investors [40]. Trading
in bad faith in a way that harms the rights and interests of investors by giving the appearance
of an active market leads to the formation of artificial prices and markets [41]. Those

engaging in such manipulative trading causing stock price changes generate fake prices in
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the market and benefit while investors lose. Manipulation is defined as actions intended to
interfere with price mechanisms by inhibiting the free interaction of supply and demand,
trick individuals into trading a security, or keep the price of a security at artificial levels [42].
Manipulative activities damage the confidence of investors and have a devastating effect on

market efficiency [43].

The primary goal of capital market manipulation is to direct investors to buy or sell securities
or to keep the price of securities at an artificial level within the extent of external
interventions [37]. In other words, manipulation is all kinds of deliberate actions that aim to
deceive or mislead investors by artificially influencing and controlling the price of capital
market instruments. From this point of view, manipulation can also be described as an

important concept that includes more than one form of activity [44].

The Committee of European Securities Regulators (CESR) has listed three main actions in
market manipulation [45]:

« To act in cooperation by directly or indirectly fixing the buying or selling price of
the security or creating a dominant position regarding the supply or demand for a
financial instrument,

» Buying or selling financial instruments to influence the market closing price,

« Making a profit on securities by taking a prior position on a financial instrument and
expressing opinions through traditional or electronic media without considering the
public interest.

2.2.1 Manipulation Concept

Manipulation, according to the dictionary definition, means a game, intrigue, cheating,
deception, juggling, the activity of directing the market in line with one’s own interests by
spreading false and misleading news in the market [46]. According to the Turkish Language
Association, manipulation is defined as “changing or directing information by directing,
selecting, adding, and removing” [47]. Manipulation, which means deliberately tampering
with the prices of securities for gain [48], is a French criminal concept and is used in the
sense of manually designing or manipulating [5]. Originally, working a puppet with strings
tied to the fingers for manual guidance was an act of manipulation, but now spreading

inaccurate information using all kinds of written/visual/virtual channels and directing
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investors in a predetermined direction is also within the scope of manipulation [49]. If
manipulation is defined as deliberate interference with the market balance, the issues of
encouraging people to buy and selling, interfering with freely occurring supply and demand,
and making efforts to increase/decrease the prices of financial instruments to levels
incompatible with market dynamics are also included in the concept [42]. The word
manipulate is defined as using skillfully, managing skillfully, directing in line with one's

own purpose, and influencing [40].

Generally, in the markets of countries with deficient legal and institutional structures, a
suitable foundation is created for manipulative activities, and manipulations can be seen in
other market mechanisms in the economy as well as in securities markets [41]. Therefore, it
can occur in every field from the industrial sector to the agricultural sector, from the most
advanced financial investment instruments to futures [36]. Especially periods when there are
no rules regulating the market and the majority of savers do not have the necessary
knowledge and experience about financial markets and securities traded in the markets,
manipulative practices are more common [50]. According to Ozbay, manipulation can also
be defined as the transactions made with the intention of creating a false and misleading
impression or creating a misleading market for the securities traded in the markets. Based
on this definition, all activities aimed at artificially raising or lowering the market prices of

securities or keeping them at a certain level are manipulation [50].

A manipulative attempt to deliberately interfere with freely occurring supply and demand,
to encourage people to buy and sell, and to artificially bring the price of a security to a desired
level causes artificiality in the supply—demand and prices of the assets in the market [42]. In
this sense, although the real buying and selling transactions of a financially strong investor
in the market are not artificial, the effect of the transaction on the related asset to increase or

decrease the price is considered manipulative since it is artificial in nature [51].

Manipulation is not defined in either Capital Market Law No. 6362 (CML6362) or the
repealed Capital Market Law No. 2499 (CML2499). However, tradings that can be
considered manipulation are regulated as a type of crime in the relevant legislation. Namely,
in clause A of article 47 of the repealed CML2499, while it is counted as "crimes committed
in the form of obtaining an unfair advantage or eliminating a loss in a way that disrupts the

equality of opportunity among investors by using non-public information to gain benefit,
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which may affect the value of capital market instruments”; in Article 107 of CML6362, in
the section entitled capital market crimes, “buying or selling, placing orders, canceling
orders, changing orders or making account movements in order to create a false or
misleading impression regarding the prices, price changes, supply and demand of capital
market instruments” is considered market fraud [52]. As stated in the relevant articles of the
capital market legislation, legal regulations are in place to prevent manipulation in the capital
markets, and various fines and prison sentences are foreseen for those who engage in
manipulative practices. The main reason for the sanctions is the link between excessive
fluctuations in the capital markets that do not match the economic realities in the markets
and manipulative practices [53].

In order for an activity to be called manipulative, it must have some features, and some
possible signals indicating a transaction is manipulation are as follows [53]:
+ Interfering with price mechanisms by preventing the free interaction of supply and
demand,
» Inducing people to trade in a security by deceiving them,

» Actions designed to keep the price of the security at an artificial level.

Investors in the market think that the supply—demand balance in the market reflects the real
price level of the securities. Therefore, it can be inferred that investors act on the current
situation in their evaluations and analyses regarding the pricing of securities. However,
actions that are manipulative not only prevent investors’ forming expectations, but also cause
unfair losses. On the other hand, manipulators can gain excessive gains in transactions
carried out in the context of these possible signals. In fact, the main purpose of the
manipulator is to avoid a loss or make a profit by creating unusual price movements to the
disadvantage of investors unaware of the manipulative actions [20]. Therefore, they attempt
to manipulate the price of a security when they believe it will yield a profitable result [12].

The point to be considered in the determination of manipulative activities is not whether the
applied transaction is artificial or real, but whether there is a conscious intervention in the
supply—demand structure. For example, a market participant with financial strength for a
stock with no depth can lower or raise prices by controlling real buy and sell orders. This
method is not artificial. However, as the result of the buy and sell transactions is artificial,

in other words, the price balance is created artificially, the transactions have manipulative
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characteristics. From this, it can be deduced that since prices are created and controlled
artificially, manipulative features are added to trading transactions [20]. To sum up, the basic
features of manipulation can be listed as follows [54]:

« There is an element of intent in manipulative activities involving a conscious and
planned intervention in line with the purpose.

« In order to differentiate the equilibrium level of prices, the natural supply—demand
balance is interfered with and artificial markets are created that do not reflect
expectations.

* In this artificial market, it is aimed to deceive investors unaware of abnormal

developments in prices and manipulative activities.

2.2.2 Purpose of Manipulation

The main purpose of market manipulation is to force investors to trade by artificially raising
or lowering the prices of stocks or keeping them at a certain level [14] in order to gain high
profits in the securities markets [55]. Since the main goal is to influence prices, manipulative
activities are carried out in securities exchanges that allow every investor to trade, have an
unlimited investor mass, are constantly traded, and have sufficient trading volume [5]. The
aims of manipulative activities carried out in this context are as follows:

« For profitable sales, people or institutions with securities artificially increase or

reduce the prices of securities,
« Blocking a general market collapse by slowing or stopping a rapidly falling market,
« To eliminate speculative raids concentrating on a single security and fix the price

until it finds the normal market level of a newly issued security.

Basically, manipulative activities have three main purposes [41]. The first is to give the
appearance of an active market by conducting buying and selling transactions to increase the
stock prices and selling the portfolio at a more attractive price by attracting other investors
into the market. Disposing of the existing portfolio by artificially raising stock prices is the
simplest and most widely practiced manipulation method. The second purpose is to ensure
the continuity and stability of stock prices. In such tradings, it is aimed to create a stable
equilibrium in stock prices. This is generally applied in the mediation of public offerings.
The third and final purpose is to bring prices down. Generally, this can be done by people

who enter the market by short selling or take positions in futures markets [56].
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2.2.3 Various Concepts Confused with Manipulation

Although manipulation in the capital markets is not a criminal offense, various elements
have effects of the price formation processes on the market. These should not be confused
with manipulation; speculation and price stability operations include revealing, repo, and
reverse repo [57]. Manipulation is defined as artificially creating the prices in the markets
using various techniques, while speculation is generally the trading of buying or selling the
economic asset according to the predictions of the future price of the property, currency, or
security. Thus, speculation is a spontaneous result in the market, while manipulation is an

artificial and misleading action [58].

The concept of speculation is defined in the dictionary as “the activity of making a profit
from the price differences by buying the economic asset whose price is expected to rise based
on personal predictions or by selling the one whose price is expected to decrease” [59].
Speculation and manipulation are frequently confused in the finance literature [60], and the
most basic point separating them is that speculation is not a crime in terms of the laws,
regulations, and other practices [58]. However, manipulation that causes artificiality in
security prices through deliberately interference with the supply and demand of any security
is seen as a criminal action [12]. Speculation can be defined as the execution of buying and
selling of any product with the hope that its current price may change in the future [61]. In
other words, it is an effort to achieve an unguaranteed gain by assuming risk on the basis of
expectations formed after the current market structure is evaluated [60]. The expectations of
the speculators are to make a profit by buying if the price of the product decreases and by
selling if it increases. Such tradings based on buying and selling take place mostly in stock
exchanges and futures exchanges, which are more liquid than current markets and allow

sufficient volume in short-term positions and are where speculators operate [44].

There are some exceptions in price stability operations. These operations can be defined as
those that make price formation possible with a mechanism other than supply and demand
in the market and prevent the negative effects that may occur in the market affecting the
price [62]. However, these transactions are carried out with the aim of regulating the market
when supply and demand do not stabilize after the public offering and there are uncertainties

about price; therefore, since they aim to protect both the issuing institution and the investor,
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they fall outside the scope of criminal and legal liability arising from manipulation [57].
Repo is defined as the sale of securities with a commitment to re-buy, while reverse repo is
defined as the buying of securities with a commitment to sell back. Like price stability
transactions, repo and reverse repo are not manipulative transactions; they are considered in
compliance with legal regulations. Short selling should not be confused with manipulation
[20]. Short selling transactions take place within the scope of selling the unowned capital
market instruments in line with the commitment to buy/replace later or placing an order for
the sale [57].

2.2.4 Types of Manipulation

Stock trading transactions in the securities market are now carried out through the internet
and millions take place per day. The differentiation of manipulative actions in markets is due
to innovations in information technologies, as is the continuous emergence of new and
creative methods, and the number of transactions that disrupt the market is increasing day

by day with the development of information technologies.

Manipulative activities that disrupt the order and structure of competition in the markets are
generally carried out in three ways [63]:
« Creating a suitable environment that will increase the prices by creating the belief
that there is or will be a rising market, and selling the stocks at high prices,
» Buying stocks at low prices by making an effort to keep prices in a downward trend
(In this approach, it is aimed to replace stocks at low prices in short selling
transactions),
» Keeping the price at a certain level with transactions aimed at ensuring that the stock

reaches its required value.

Two types of manipulation are mentioned in CML6362, which legally regulates
manipulation. The first is trade-based market fraud in paragraph 1 of Article 107 and
information-based market fraud in paragraph 2. In the academic literature, action-based
manipulation is also a type of manipulation. The common point of all three types is that the
functioning of the capital markets is negatively affected and the tradings must be conducted

with an intention [64]. Manipulations classified under three headings [63], especially action
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and information-based manipulation attempts, are fraudulent, considered illegal under the
Securities Exchange Act of 1934 [65].

2.2.4.1 Action-based Manipulation

Action-based manipulation is generally carried out to influence and differentiate the
expected real values in terms of stocks, and it is aimed to change the market prices of the
stocks and thus the company value [41]. The seizure of most of the publicly traded shares of
a security, the use of company shares by company employees for their own interests, and the
failure of intermediary institutions to fulfill customer orders in some cases are examples of
action-based manipulation [66]. Similarly, the type of manipulation that ensures that the
prices of the stocks traded in the market and the market values of the companies holding the
shares are formed outside the equilibrium price can be defined as action-based manipulation.
In the type of manipulation that aims to bring the stock prices and market value of the
company to the desired levels, anyone aiming to manipulate must have a strong portfolio

structure or cooperate with others having similar aims [20].

An example of action-based manipulation is a management that decides to close a profit-
making factory in order to decrease the stock price, then buys large amounts of stocks that
have fallen in price, and then reverses this decision [67]. In this example, short-term
positions are closed profitably by buying the stocks at a low price, and then gains can be
made in the following process by new negotiations or announcing the opening of a new
factory [68]. Another example of action-based manipulation is the manipulative actions by
the Harlem Railways at the beginning of 1863 [63]; at the beginning of 1863, the shares of
Harlem Railways, which were between $8 and $9, increased to $50 in the following periods.
In October 1863, the stocks rose from $50 to $75 when the New York Council decided to
build a streetcar system along Broadway for the Harlem Railroad. Thereupon, the members
of the council first sold their stocks short and then canceled this decision and put pressure
on the price to go down [12]. One last example of this type of manipulation was in 1901;
while the stocks of the American Cable Company were trading at $60, the company
management took a decision that shocked the entire market and closed one of its factories.
Subsequently, the value of the company's stock decreased to $40. The company executives

collected their share certificates at $40, and then announced that the closed workshop had
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started production again. Upon this, the company's stocks returned to their previous level
and the managers earned millions of dollars [63].

The basic behavior in action-based manipulation is to raise the takeover bid. Here, after the
manipulator buys the stocks of a company, he bids to transfer these stocks. This causes the
price of the company's stock to rise. Even after the prices rise, the manipulator makes a profit

by selling his stocks at this high price. Naturally, the bid price decreases after that [69].

2.2.4.2 Information-based Manipulation

Information-based manipulation includes activities such as giving false and misleading
information to investors or creating false rumors about the company in order to bring the
supply—demand balance in the market to the desired point [70]. As a result of such
manipulations, an artificial price and market are created depending on the changing of the
direction of prices with the created fluctuations [71] and an unfair advantage is provided.

In the information-based manipulation type, investors who have the power to affect the
prices of securities make statements that increase or decrease the price of the securities
within the scope of the price level determined before the manipulation. In the process
following the learning of the determined price, buying and selling transactions are carried
out. In information-based manipulation processes, there are investors who have information
on the gaining side and investors who do not have information or have incomplete
information on the losing side [17]. Investors consisting of individuals or groups that have
the power to affect the prices of securities with the information and data they have can be
summarized as follows [41]:
e Economy writers and correspondents of newspapers,
e Those who have the power to affect prices the most, issue bulletins about the state of
the market, and make purchases and sales transactions on their own and investment
companies' accounts,

e Officials who can access important information about the company.

Information-based manipulation is penalized according to both the CML6362 (Article
107/2) and the CML2499 (Article 47/1.A-3).
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Table 2.6 shows that there is no significant difference that could entail an intervention in
market mechanisms in the regulation of information-based manipulation in CML6362 or
CML24909.

Table 2.6 Information-based manipulation definitions

CML2499 Article 47/1.A-3 CML 6362 Article 107/2

Any natural person, authorized person of legal | Any person who provides or disseminates
entities, and those acting in concert that | information, spreads rumors, gives news or
provides information, news, and comments | prepares reports that are misleading, false, or
that are misleading, false, or deceiving and that | deceiving, with an aim to influence the value or
could influence the value of capital market | price of capital market instruments or investors'
instruments or fails to disclose information that | decisions shall be imprisoned from two to five
he/she should disclose shall be imprisoned | years and fined juridically up to five thousand
from two to five years and fined juridically | days.

from five thousand days up to ten thousand

days.

The expression "not disclosing the information they are obliged to disclose™ introduced in
CML6362 has been removed from the definition and it is not considered an information-

based manipulation crime [72].

The most typical example of information-based manipulation involves the applications
known as “transaction pools” that emerged in the USA in the 1920s. Here, investors form a
group and first buy stocks and then spread positive and misleading information about the
company, creating a pool to sell their stocks at a certain profit level [69]. Especially with the
development and spread of internet technology, examples of information-based
manipulation are media figures acting together with traders presenting untrue news about
the manipulated stock, leaving misleading messages on internet forums, and sending spam

e-mails encouraging the buying of stocks [19].

2.2.4.3 Trade-based Manipulation

In the trade-based manipulation, the changes in stock prices are provided by buy and sell

tradings. Unlike the other types of manipulation described above, in trade-based
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manipulative, activities aiming to differentiate the equilibrium price created in the market
are carried out only by trading transactions, without trying to change the value of companies
with stocks that are traded in the market or presenting false or incomplete information about
these stocks [73]. Unlike action-based manipulation, there is no need for a very strong
portfolio structure in trade-based manipulation, and markets can be manipulated with the
help of small-volume but continuous transactions. With this type of manipulation,
misleading market movements can be achieved by only buying and selling the stock,
regardless of the developments, data, and information that may affect the value of the stock
[20].

While trade-based manipulation is defined as behavior that consists of active transactions or
transaction orders and that gives or is likely to give an incorrect, misleading impression to
keep the price of one or more qualified investments at an artificial level [74] , it is also
defined as the transactions carried out in order to provide risk-free positive real return by
those who affect prices through large-scale trading [75]. Such manipulations are seen in
markets where information flow is not very healthy, the investor profile does not have much
information, the inspection mechanisms are insufficient, and there is asymmetric
information distribution [53]. Artificial price movements desired to be created by trade-
based manipulations can be achieved in three main ways [57]:
e Preparing an environment in which prices will rise with the impression that the
market will rise,
e Collecting stocks at low prices in order to create the impression of low prices in the
market,

e Keeping stock prices at a certain level to prevent them from rising or falling.

According to the definitions, the crime of trade-based manipulation had a specific goal in
mind, which was to create a false or misleading impression about the prices, price
fluctuations, and supply and demand of capital market instruments [76]. Trade-based
manipulation is a criminal offense in this country, according to paragraph 47/A-2 of
CML2499 and clause 107/1 of CML6362. It is a trade-based manipulation crime, according
to paragraph 47/A-2 of CML2499, to intentionally alter the supply and demand of capital
market instruments, to create the appearance of an active market, to hold their prices at the
same level, or to increase or reduce them. In contrast, according to CML6362 paragraph

107/1, those who buy or sell, give orders, cancel orders, change orders, or conduct account
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movements in order to create a false or misleading impression about the prices, price
changes, or supply and demand of capital market instruments commit the crime of
transactional manipulation. Furthermore, in this statute, the crime of trade-based

manipulation is called market fraud [12].

Tradings conducted in trade-based manipulations are formally legal. However, the actual
intention of those performing the transaction is different. By hiding their true intentions, they
try to influence the price and create an artificial market by buying or selling in the securities
markets [53]. Unlike other types of manipulation, no incorrect or incomplete information is
presented to the market in trade-based manipulations. Actions are taken to mislead the
market only by buying and selling securities [77]. Economic or psychological factors also
play a major role in the evaluation of the manipulative transactions. In particular, according
to behavioral finance theory, investors act according to the "herd" psychology and perform
transactions without analyzing financial information, being influenced by the decisions
made by other investors [5]. It is necessary to evaluate the techniques used in trade-based
manipulations according to each case and to investigate whether it is criminal. Moreover,
although these techniques can be legal on their own, they can be manipulations with

coordinated transactions [78].

2.2.5 Trade-based Manipulation Types

Trade-based manipulations can be used for many different techniques, as they are carried
out through legal transactions. Therefore, it is possible to use technological developments in
manipulative techniques. As a result, trade-based manipulations also occur in markets with
sophisticated and stringent control measures [70]. Manipulative tradings commonly used in
the stock market can be grouped under two main headings: unreal tradings and real tradings

[5]. Examples of real and unreal tradings are given in Table 2.7.

Table 2.7 Real and unreal tradings

Trade-based Manipulations Manipulative Tradings

Unreal Tradings e Matched Orders

e \Washed Sales
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Trade-based Manipulations Manipulative Tradings

Real Tradings e High Frequency

e Runs

e Frontrunning

e Short Selling

o Corners

e Capping / Pegging

e Marking the Open

e Marking the Close

e Parking and Warehousing

e Spoofing

e Pump and Dump

2.25.1 Unreal Trades

Unreal tradings do not create a real change in ownership. Such tradings are the most typical
trade-based manipulation. In fact, unreal tradings cause the most damage to the market and
form the starting point of manipulation response regulations. In US legal regulations
prohibiting initial manipulation, unreal tradings were seen as the types of market

manipulations that caused the most damage to the stock market [5].

2.25.1.1 Matched Orders

Matched orders, which occur when the buy and sell orders of the same security are entered
into the system simultaneously [79], are defined as orders that aim to mislead other investors
with misleading information about the demand or supply of a security [80]. Matched orders,
in which similar or reciprocal orders for the buying or selling of stocks are sent to the system
[81], consist of the activities of both parties. While the first party enters the buy order into
the system, the second party enters the same or a very similar sell order [82]. The
manipulator, who then places large volumes of purchase orders to increase the price of the
stock, cancels these orders and aims to make a profit by placing the orders they want fulfilled
[19]. Therefore, in this trading, an artificial trading volume is created, increasing the price
of the stock, and it is aimed to draw the attention of investors to these stocks [83]. For this

purpose, orders that are similar to each other in terms of time, price, and amount are sent to
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the system and an artificial activity and price movement is created in the market of the traded

stock, spreading misinformation among investors [5].

The main purpose here is to direct other investors in the market to buy the relevant stock by
creating an active impression about it. Accordingly, other investors who will buy this
security will cause the price to rise, which can be considered a selling opportunity for the
manipulator [20]. Tradings can take place between two different people or between two
separate accounts [36]. When the tradings take place between different accounts belonging

to the same person, “tradings that do not create a change in ownership” occur.

2.2.5.1.2 Washed Sales

Washed sales, the oldest and easiest manipulation technique in capital markets, is a type of
unreal trading that does not result in a change in ownership. It is also called "artificial or fake
sales”. The manipulator(s) conducts trades with high intensity and narrow frequency ranges
in order to create the impression that the trading volume of the stock has increased, to affect
the price and therefore to mislead other investors [20]. This method, also known as wash
trading, occurs as a result of the parties involved agreeing before executing the trading and
entering the orders of the same price and the same amount into the system simultaneously
[53]. The main purpose here is to increase the market trading volume by giving the stock an
active appearance [84]. In this trade, since there is no change in the ownership structure of
the relevant security, the trade consists of artificial sell orders that do not have a real
economic result [79]. Therefore, without changing the ownership or market risk of the
financial instrument, only the buying or selling of securities based on a confidential contract

takes place between the parties [12].

Such trades are artificial or fake sales conducted with the specific purpose of reducing tax
payments or manipulating balance sheet items. The basis of washing sales is to create a profit
opportunity or avoid loss by providing artificial price formation in connection with tax [56],
[85]. For example, if an investor fake sells his investment instruments to someone he trusts
and then buys them back, a wash sale is the result [41]. Manipulators can also create artificial
volatility in the stock by buying or selling the stocks themselves from time to time. For
example, a speculator who takes a long position on a stock or works to create a market for a

particular stock may attack other speculators with the price above the market value of a stock
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that he will sell and that his collaborator will buy. In this transaction, no change in ownership
takes place and the buyer is not exposed to any financial obligations to the seller through the
agreement. The aim is to bring about a movement in the stock with this sale transaction,

which is completely fictional [86].

Washing sales are frequently used in emerging markets due to the inadequacy of legal
regulations [58]. Regulators in the USA stated that investors who acted as both buyers and
sellers in the same trade gave false information signals to the stock and futures markets in
order to manipulate prices and they prohibited such behaviors [87]. In fact, the securities law
numbered 1934 prohibited such transactions aimed at deceiving unaware investors who
entered the market with the hope of making a quick profit by creating a misleading

transaction image [88].

2.25.2 Real Trades

In real trades some investors are involved in manipulation, while others are not. Although
the trades by investors not involved are essentially legal, transactions carried out by investors
misguided by the creation of an artificial supply and demand market for stocks by the
manipulators are considered manipulative [5]. In order to determine whether real trades are
manipulation or not, factors such as the timing and amount of trades and account movements

between traders should be taken into account [89].

2.2.5.2.1 High Frequency

High frequency orders are those placed in succession on the stock market, and the most basic
feature that distinguishes them from other stock orders is that they are given at constantly
rising or decreasing prices. By this method, it is aimed to create an artificial price with orders
that are small in quantity and by decreasing or increasing the price by one step [53]. By
ensuring that the stock price is above or below the last realized level, it is aimed to make the

closing price appear high or low in the same way [90].

2.2.5.2.2 Runs

In stock markets, it is common to create an active trading image for the stock by conducting

intense buying and selling transactions and to draw attention to the stock via its increasing
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trading volume [20]. Transactions carried out as runs in securities cover the intense buying
and selling activities of an investor in order to bring vitality to the stock market. The purpose
of the investor here is to attract the attention of other market participants to the relevant
stocks and to increase the stock prices by encouraging them to buy [5], [53]. It is known
informally as "tipping the scales” [62]. Next, the stocks in the portfolio are sold at the higher
price levels and, accordingly, abnormal returns are obtained [20]. Therefore, these investors,
who make manipulative buys by increasing the demand for stocks, gain by selling the stocks

they bought cheaply at a higher price after the increase in price and demand [19].

Manipulators can also carry out intensive selling transactions by agreeing with each other
regarding the stocks that they want to decrease the price of via the runs method. In this type
of transaction, the market price of the stock with increasing supply decreases and the
manipulators who buy again at the falling market price profit [12]. Runs transactions in
securities are legal in appearance. However, when they are examined, it is seen that there are
regular price increase or price decrease transactions. In order to determine whether such
transactions are for manipulation, the investor or the intermediary institution performing the

transaction should be examined and it should be investigated whether they are rational [91].

2.2.5.2.3 Frontrunning

This method aims to take advantage of the possible price effect by conducting a transaction
before the purchase and sale order, which may affect the market price of a market actor, is
transmitted to the stock market. These transactions can be carried out by investor institutions
or persons or institutions authorized to act by proxy on investor accounts [5]. In fact, in
CML, these transactions are not defined as manipulation crimes, but as market disruptors.
They are not intended to create a perception among other investors, but to make small profits
by using the order transaction information of large investors.

2.2.5.2.4 Short Selling

Short selling is based on the principle of “sell high first, then buy low”, without the investor
owning the security at the time of the sale. That is, it refers to the sale of a borrowed stock
by an investor. Then, in order to close this loan debt, the same stock must be bought [92]. In
other words, it is when the seller sells a security that he does not own with the expectation

that its price will decrease in the future, provided that it is replaced when the time comes
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[93]. In a short sale transaction, the price of the stock in question is expected to decrease.
Thus, those who want to sell short for manipulative purposes perform fictitious transactions
to reduce the stock price [53]. Short selling is not a manipulative transaction per se, but at
the time of the transaction, it can have manipulative effects due to the stock not being owned

yet.

2.2.5.2.5 Corners

In this technique, people who try to take control of a company's stocks use their dominance,
squeezing them into a corner and selling at a high price while fulfilling the obligations of
short-selling people [62]. It is also called “pressing” or “cornering” [41]. Investors, who
expect that the price of a security will decrease, need to close this debt by purchasing the
stock that they have borrowed when the time comes when the security with which they have
made a short sale transaction should be returned to the market. People who are aware of this
situation, by purchasing large amounts of the said capital market instrument, oblige those
who are required to fulfill their debts by restricting the supply (investors selling short) to

purchase the debt securities at a high price [53].

The corners technique is generally applied in short selling. In these transactions, investors
sell stocks that are not included in the portfolio, assuming that the stock prices exceed the
required levels and that the prices will decrease again in a short time. The manipulator, on
the other hand, takes advantage of this situation among investors and raises the prices
artificially. Seeing the volatility in the market, the investors turn to short selling to make a
profit, unaware of the existence of a manipulator in the market. However, the inflated prices
do not fall, contrary to what is believed; they are further increased by the manipulators and
the short-selling shares are bought by the manipulator. When manipulators take over a
significant portion of the stock, short-selling investors cannot close their positions by buying
low. Thus, the manipulators who control the price of the stock can corner short-selling
investors [20]. However, corners are not a manipulative technique on its own; it paves the

way for results from other manipulative transaction patterns.

2.2.5.2.6 Capping and Pegging

This is carried out by selling large amounts of securities in the stock market in order to keep

the market price below a certain level (capping) or buying in order to keep it above a certain
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level (pegging) [57]. The most basic feature of this type of transaction is to keep the price of
the stock in question at a certain level. Transactions conducted to keep the price of the
security at a certain level, if not disclosed to the public, are considered manipulative to keep
the price of such transactions at the level determined by the manipulator. These transactions
are essentially legal and since there is no remarkable price increase or decrease, keeping
prices constant at a certain level, they are very difficult to detect [5]. Although the actions
aimed at fixing the market price of the stock artificially affect the stock price created
according to the supply and demand in the market, the main goal is to fix the stock price at

a certain point, not to increase or decrease it [55].

2.2.5.2.7 Marking the Open and Marking the Close

The price levels formed within the scope of the orders given at the opening and closing of
the session have important effects on the buying and selling decisions of investors. In line
with the orders given, it is possible to determine the price dynamics that will occur in the
following processes of the session by controlling the trading volume and prices at the
opening of the session. Such activities, which aim to artificially manipulate prices in line
with session opening and closing, are manipulative [53]. The orders placed at the beginning
of the session and the executed transactions are important as they reflect the judgments of
the market participants regarding the events that took place between the sessions. The
transactions at the closing of the session represent a summary of the day. Thus, participants
who want to see the latest situation regarding the price level of the stock will look at the

closing price [39].

Determining the closing of the session is a manipulative activity that consists of entering a
buying or selling order or actively buying or selling in the last moments of the session to
artificially affect the closing price of a stock [35]. This technique can be summarized as
follows: most transactions conducted during the closing process are fictitious, usually small
transactions are performed, and the price of the stock is closed at lower or higher levels than
it would normally be [20]. In addition to the closing price, transactions that aim to determine
the direction of the session by influencing the trading volume or prices at the opening of the
session can also be used for manipulative purposes [53]. This strategy involves placing a
buying order at slightly higher prices or selling at lower prices to raise the price of the

security when the market opens [94].
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2.2.5.2.8 Parking and Warehousing

According to most of the definitions of stock storage transactions (warehousing - parking)
in the literature, this focuses on transactions to hide the real ownership of the security through
fictitious tradings [95]. The first of the two prominent methods is “warehousing”. It is
expressed as “the buying of a stock by an intermediary institution or investor in order to
transfer it to another” [5]. In other words, an intermediary institution or investor who wants
to hide his shareholding undertakes to buy back securities in the market, in accordance with
an agreement; someone else buys securities from the market, but then these securities are
bought by the committing party [53]. According to Goldwasser, the process of buying

securities by one party on behalf of another party is defined as warehousing [81].

In the second of the stock storage transactions, known as parking, intermediary persons or
institutions such as brokers/dealers first transfer the stocks to another broker/dealer or the
customer's account temporarily and then buy back these securities without loss [81]. In other
words, the securities owned by a brokerage house are temporarily transferred to the accounts
of another brokerage house or customers without any buy and sell transaction, and then
transferred to the real owner's account [53]. Unlike warehousing, the operation performed in
parking is not real. In this case, sell transactions are generally artificial; the seller's purpose
is to buy back the securities or to re-charge them to the firm's accounts at a later date [96].
Stock storage transactions are not a manipulative transaction on their own, but pave the way

for obtaining results from other manipulative transaction patterns.

2.2.5.2.9 Spoofing

Some investors may choose to affect the price of a stock by entering impracticable orders on
their order books, creating the impression that there is an imbalance between supply and
demand [80]. All orders entered with the aim of misleading are canceled by the software and
bots just before they are executed. Manipulators aim to make profit by taking advantage of
the changing price by placing the order they want to be realized, and such actions are called
spoofing. These orders are a form of manipulation in which a trader places fake buy and sell
orders that are not intended to be carried out by the market. This is often done through
software and bots to manipulate the market and asset prices by creating a false perception of

supply and demand. Market manipulation through false orders is illegal in Turkey, as in
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many other countries. Trade-based market fraud, which is defined as "purchasing and selling
capital market instruments, placing orders, canceling orders, changing orders, or carrying
out account movements™ in Article 107/1 of CML6362, also includes misleading orders.
According to the law, those who place misleading orders in the markets under the control of
the CMB are punished with imprisonment from three to five years and a judicial fine from
five thousand days to ten thousand days.

2.2.5.2.10 Pumping and Dumping

This involves the buying of a certain stock intensively in order to create a large demand for
itand then selling it at a high price [97]. A person or a collaborator buys or sells to artificially
raise or lower the price of a security. In order to raise the price of the security, large
investments and earnings are promised and other people are encouraged to invest in this
stock. When the price of the security reaches the determined target price, in order to
artificially lower the price of the security manipulators sell the securities they bought at low
prices in large quantities, causing investors outside the group to make a loss [98]. In other
words, in this manipulative attempt, firstly, a large buying position is obtained on the asset
and then market participants are persuaded and the long buying position is profitably closed
by purchasing the asset at high prices [99]. Then the manipulator, who continues to buy the
security at rising prices, creates a momentum in the relevant stock and can then make a profit

by selling his shares at these high prices [100].

2.2.5.3 Patterns of Manipulative Transactions

Although the trade-based manipulation types were defined in the previous section, it is not
possible to specify in a restrictive manner which transactions can be included in these
definitions. However, some of the transaction patterns that are agreed on theoretically and
that occur frequently in practice are given in Table 2.7. Not every transaction that is
compatible with manipulation types is always manipulative. Things to consider for a
transaction to be manipulative are as follows:

e To be used together with other types of transactions,

e Timing of transactions,

e Realization of the traded stock with a density proportional to the market depth,

e Creating groups of traders.
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A manipulation may occur depending on the combination of one or more of these factors
[53].

Transactions performed within the scope of trade-based manipulation generally have the
appearance of a legal stock market transaction, but they can cause manipulation when they
are carried out as part of the manipulation plan and when the necessary conditions are met.
The diversity of these movements is increasing with the development of information
technologies. Information technologies are also used to determine whether such acts are
manipulative or not. Trade-based manipulations can be detected, especially by

computational methods such as data mining and machine learning.

The manipulative transaction patterns according to national and international practices and
the types addressed are presented in Table 2.8 in order to inform investors about what kinds
of behaviors are involved in manipulation [5]. Short selling, corners, front running, and stock
storage transactions (parking and warehousing), which are trade-based manipulation types,

are not included in the table since they are not manipulative transactions on their own.

Table 2.8 Trade-based manipulative Patterns

Manipulative Transaction Patterns

Transaction Type

Wash sales e Acting together of persons who will benefit from the rise or fall of

the security price.

Matched orders e Giving buy and sell orders at the same time or at close time
intervals continuously during the session.

e Matching of orders placed by himself (from buyer position to seller
position or from seller position to buyer position).

e Execution of transactions that do not cause any change in the
ownership of the stock.

e These orders and transactions occupy an important place in the

total transactions of the person and in the total transaction volume.

Runs e Transactions carried out by those who concentrate on securities

cause significant changes in the price and value of securities.

Marking the open e Performing transactions intensively at the beginning of the session.

Marking the close e Performing transactions intensively at the end of the session.
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Manipulative Transaction Patterns
Transaction Type

High frequency e Orders placed and executed transactions coincide in a very short
part of the session.

e It causes an adverse change in the price of the stock.

Pump and dump e Buying by one or more people acting together to artificially raise
the price of a security.
¢ Selling by one or more people acting together to artificially lower

the price of a security.

Capping/pegging e Conducting transactions to sell the stock in order to keep the
market price below a certain level (capping) or to buy it in order to

keep it above a certain level (pegging).

Spoofing ¢ Giving orders to change the pending best buy and best sell price in
the stock's queue.

e Giving buy and sell orders to change the composition of the stock’s
buy and sell orders.

e Cancellation of these orders before they are executed.

2.3 Machine Learning and Classification

Today, with the rapid changes and advances in computer technology, millions of items of
data are produced per second by real and legal persons. At the same time, with the
development of technology, storing and accessing data have become both easier and less
costly. Data have started to be considered as valuable as financing, and giant companies that
provide services in the electronic environment do not charge their users for any service they
provide. Behind this free provision lies the desire to accumulate a large amount of data.
Therefore, these companies can make strategic decisions and forward-looking predictions if
they expand their customer portfolios and gain more data. It is not possible to manually
analyze the huge amount of data and make predictions for the future, and so machine
learning, based on the philosophy of learning from data, comes to the fore in analyzing data.
In addition, machine learning methods are used to classify big data and predict the classes
of new data according to the classified data. Therefore, classification and machine learning

approaches are closely related.
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2.3.1 Machine Learning

The terms machine learning and artificial intelligence were first coined in 1950 by Turing in
his article "Computing Machinery and Intelligence”, in which he questioned whether
machines can think. Many researchers and academics have developed areas that can bring
different learning to machines for this problem [101]. Although the terms artificial
intelligence and machine learning are often used interchangeably, artificial intelligence is
actually a system that has the ability to make choices. Its main purpose is to ensure success,
while machine learning, in contrast, finds the most useful result, in other words, reveals the
intended value. Even if it is used to find the determined benefit to be maximized, machine
learning methods do not take action on their own. Machine learning methods are thus
regarded as part of artificial intelligence [102].

Machine learning allows computers to learn by creating mathematical models with different
algorithms from data (numerical, text, visual, etc.). In other words, it is the use of statistical
methods and the computing power of a computer to extract complex patterns from certain
data and make rational decisions [103]. It is based on the development of computer
algorithms transforming data into understandable actions [104]. The area is built on three
basic pillars: accessible data, statistical methods, and developing fast computational power
[105]. Patgiri et al. (2020) define machine learning as logical analysis that can work on large
datasets [106]. Mitchell defines machine learning as follows: the success of performing a
task increases as the amount of experience a computer program gains while performing it
increases [107]. According to Ogucu, machine learning is an artificial intelligence field that
allows the system to create a model by learning from its past experiences and make a
prediction about the situations it will encounter in the future. It can be ensured that the
computer can make decisions and produce solutions to related problems by using the models
they have created with the help of a model developed using the data at hand and the new
data they encounter in the future [108].

Figure 2.1 shows the working scheme of machine learning, where X is an input vector as data
and y is an output that is appropriate according to the input. In this system, the y = f(x)
function is a model whose definition is prepared according to certain situations. With the x
inputs and y outputs defined for the system, machine learning creates a model to make the

most accurate inferences. From the model created using the input and output values, z output
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values are obtained according to the inputs to be tested. These output values are compared
with the actual output values [109].
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Figure 2.1 Machine learning working schema

The main difference between machine learning and other algorithms is that the machine can
adapt to the new situation by using past experience or sample data in an environment where
the programmer does not have to predict every situation and does not give all the results
[110]. A machine learning algorithm finds the parameter values that will optimize the
predetermined performance metrics to fulfill the determined purpose [111].

The fact that big data can be obtained and created more easily with today's systems makes
the hypothesis generation and testing processes quicker than with traditional methods. To
prove a mathematical theorem by traditional methods, the auxiliary propositions must be
proven meticulously and this requires a deep mathematical background. Machine learning
methods also enable this [112]. Machine learning has been applied in various areas in recent
years, and there has been an increase in academic studies using it in bioinformatics,
biochemistry, medicine, meteorology, economic sciences, robotics, aquaculture, food safety,

and climatology.
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2.3.2 Machine Learning Methods

The situation of the problem and the dataset are considered while choosing a machine
learning approach. There are three types of machine learning: supervised, unsupervised, and

semi-supervised.

2.3.2.1 Supervised Learning

Supervised learning includes the training process. There are training data with input and
output information. It is aimed to get meaningful results by introducing these training data
into the system by the person who applies it. During the learning process, known data with
input and output information are introduced into the system as input. After the training
process with these inputs and results given to the machine, predictions are made for data that
have never been shown before using this learned information [113], [114]. In the evaluation
of a problem, the data are divided into two: training and testing data. With supervised
learning, a random selection is made from the available data for problem solving and,
according to the selection, some training data are selected as the other part of the test data.
A learning model is created by selecting and applying an algorithm that produces the most
appropriate solutions from supervised learning methods for the part selected as the training
data. This model is only adjusted for the training data. Next, the test data in the other part
are used with the obtained model to measure the accuracy of the system’s predictions.

According to this accuracy, the system is also applied to the new test data [115].

In supervised learning, the problem is considered a classification problem and it is used for
predictions and recognition involving the test set by using the model created by the trained
system [116]. Supervised learning models are generally divided into regression and
classification models depending on whether the dependent variable is continuous or
categorical [117]. However, some resources supervised learning models, i.e., regression
(prediction), classification (mathematical), hierarchical, layered etc., separate it into
different models. Supervised learning is generally used in classification problems [118],
[119]. Classification methods will be used in this thesis. The most frequently used supervised
learning algorithms are decision tree classifier (DTC), logistic regression (LR), k-nearest
neighborhood (KNN), random forest (RF), naive Bayes (NB), support vector machine
(SVM), and artificial neural networks (ANN).
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2.3.2.2 Unsupervised Learning

In unsupervised learning, unlike in supervised learning, the system does not need a
supervisor to perform the learning process. Only inputs are given to the system regardless of
outputs. The algorithms are used to create a model that will enable the relationships between
the samples entered into the system to be found [112]. The unsupervised system does not
have any information about the output and, as the name suggests, it consists of observations
with input variables without any controller. Only observations with input variables are given
to the system [120]. The system learns by itself without using a controller and tries to find
the relationship between the input variables. The aim is to collect samples with similar
characteristics among the observations in the same cluster [121]. Unsupervised learning is
used especially for clustering and dimensional reduction of relevant data in the big data
structure [122]. After examining the product purchasing behavior of customers in a market,
the assigning of those with similar shopping habits to the same group, updating of the stocks
of their products, and arranging of the shelves in accordance with them are examples of

unsupervised learning [111].

2.3.2.3 Semi-supervised Learning

This has partially been created to include the features of supervised learning and
unsupervised learning. Most of the training data are unlabeled as in unsupervised learning.
However, some are labeled. In order to make the best inference, the system tries to
understand the structure by making predictions using all labeled and unlabeled data [113].
The amount of unlabeled data is usually greater than the amount of labeled data. Since it is
difficult to label all unlabeled data, semi-supervised learning can be considered a practical
solution [123].

2.3.3 Classification

Classification is the process of finding the classes of unlabeled data, that is, the unknown
classes when the classes of the data we have are known [124]. While each element produced
as output during classification is named a class, the algorithm used to solve the classification
problem is called a classifier [125]. The purpose of classification is to ensure that the models
created using data with certain classes have high accuracy on samples whose classes are not
known and which have not been compared before by the system [126]. The algorithms used

classify the data for the problem in accordance with their attributes. It is aimed to predict
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which class the new data will belong to when trained by separating them according to
information such as type, condition, and class [127]. Classification methods are used in many
problems such as credit approval, industrial quality controls, disease diagnosis, picture
recognition, weather forecasting, separating necessary or unnecessary e-mails, and
separating data according to languages [128]. The aim is to create a model to predict future
customer behavior by classifying database records into predefined classes according to
certain criteria [129]. Classification consists of two steps: the learning step, in which the
model is created, and the classification step, in which the model is used to predict the

unknown classes of the given data [130].

2.3.3.1 Classification with Machine Learning

In machine learning terminology, classification is a type of supervised learning [131] and is
one of the best known. It is used to add a data group whose classes are not known to a data
group with certain classes [132]. There are many algorithms used for classification among
machine learning algorithms, the best known of which NB, LR, SVM, KNN, DTC, RF, and
ANN. A classifier, i.e., a classification model, is a mapping from samples to predicted
classes [125]. The classifying of data with machine learning consists of two steps. The first
Is to introduce a model suitable for the datasets. The model in question is implemented using
the attributes of the records in the database. In order to establish this model, some of the data
are randomly selected and used as training data. The rest are used as test data. Afterwards, a
classification model is obtained by applying an algorithm to the training data. In the second
step, classification rules are determined from the test data. These rules are tested this time
by applying them to the test data. If the accuracy obtained by testing is accepted, this model
is applied to other data [133].

2.3.3.1.1 Naive Bayes

Classifiers based on Bayesian methods in machine learning calculate an observed probability
for each class based on variable values, namely features, by using the training data and then
use these observed probabilities in estimating the classes in the labeled test data. Thomas
Bayes, an 18th century mathematician, came up with Bayes' theorem, which laid the
foundation for Bayesian methods. The basis of this classification is Bayes' theorem, in which
the data of the classified sample objects are used and the probability of an object of unknown

class belonging to the determined classes is calculated. In other words, in this algorithm, in
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which the existence of an attribute in a particular class is assumed not to be related to the
existence of any other attribute, the probability about which class new data belongs to is
calculated by using the already classified data. This is a clear, understandable, and specific
method based on natural tools for solving complex problems and is used especially when
there are independent attributes and the database is important. This model is used in many
different areas such as sentiment analysis, recommendation systems, spam filtering, text

mining, and diagnosis of diseases.

NB is widely used because it is an easy, fast to implement, high classification performance
algorithm. The NB algorithm can even outperform sophisticated classification methods in
some cases. When the algorithm encounters data whose class is unknown, it calculates this
value for each class and includes the data in the class with the highest probability value

[134]. Bayes theorem;

P(B\A) P(4)
P(B)

P(A\B) = (2.1)

According to Bayes' theorem, let A and B be events. P(A) is the probability of event A
happening, and P(B) is the probability of event B happening.

e P(A), P(B) : probabilities of events A and B,

e P(A\B) : The probability of event A happening when event B occurs,

e P(B\A) : The probability of event B happening when event A occurs.

Bayesian classifiers have the advantages of speed, convenience, and high accuracy, as well
as some disadvantages. For example, these classifiers do not consider relationships between
features (fever, cough, etc.). In real life, some features are related to each other. Another
disadvantage is that all features are considered equally important. Moreover, they do not

work on datasets with a continuous class label [134].

2.3.3.1.2 Logistic Regression

LR is one of the most popular classification algorithms in supervised learning. It is frequently
used in medical and social sciences research due to its possibilities and ease of use [135].

LR estimates the output of a categorical dependent variable. Therefore, the result must be a
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categorical value. “Yes” or “N0” can be 0 or 1, “True” or “False”, but instead of giving the
exact value as 0 and 1, it gives probability values between 0 and 1. LR is very similar to
linear regression except for the type of output (dependent variable) to be predicted. While
linear regression is used to solve regression problems, LR is used to solve classification
problems [136].

One of the most important differences between LR and linear regression is that the dependent
variable in LR is categorical [137]. LR analysis gives successful results in classification
studies [138]. There are three important differences between LR and linear regression
analysis methods:

1. While the dependent variable to be estimated in linear regression takes continuous
values, in LR the dependent variable takes discrete values.

2. While attempts are made to estimate the value of the dependent variable in linear
regression, in LR the aim is to estimate the probability of realization of one of the
values that the dependent variable can take.

3. In linear regression, the condition for the independent variable to show multiple
normal distribution is sought, while in LR analysis there are no prerequisites for the
distribution of the variables [139].

The value of the LR must be between 0 and 1 and cannot go beyond this limit, thus creating
a curve shaped like an "S", called the sigmoid function or the logistic function. The sigmoid
function is used to map predicted values to probabilities and in Figure 2.2 it is seen that the
it maps any real value to another value in the range of 0 and 1. In LR, the concept of threshold
value is used, which defines the probability of 0 or 1. Values above the threshold value are

close to 1 and those below it are close to O.
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Figure 2.2 Logistics function curve (Sigmoid) [136]

2.3.3.1.3 Support Vector Machine

SVM is a powerful supervised learning algorithm devised by Cortes and Vapnik in 1995 for
solving high-dimensional problems. It is mostly used in classification and regression
processes of binary or multi-class data [140]. The algorithm finds the most appropriate
function to classify examples belonging to two different classes through learning [115]. This
method is based on statistical learning theory. With this algorithm, a hyperplane that is
equidistant from the classes is created and the classes are separated thanks to this plane [141].
The learning curves closest to the plane used for classifying are called support vectors. The
two closest border lines to this created hyperplane form and thus the hyperplane remains in
the middle [134]. Figure 2.3 shows two class hyperplanes and their support vectors separated
using a SVM.

When each input represented by x; belonging to the D feature in the SVM is defined as
belonging to one of the classes yi=-1 or yi= +1, all of the inputs are shown in equation (2.2),
and this helps to find the linear hyperplane that will optimally separate the different classes

from each other.

{x,y}li=1,..ny €ERP (2.2)

In equation (2.3), the weight vector is denoted by w and the constant value b.
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wx + b (2.3)

These boundary lines created are called margins. With the SVM, classes are separated by
changing the position of these border lines and increasing or decreasing their widths.
Although the SVM is mostly used to classify data with binary classes, it is sometimes used

to classify data with more classes.

As seen in Figure 2.3, H separating the two classes is w for the hyperplane. x + b = 0, while

the support vectors H; and Hoareand . x+b=-1and .x+b=1.

The margin width, which represents the distance between the support vectors, is expressed
as 2/w. The smaller the w value, the more the margin width will increase; otherwise it will
decrease. Since the purpose of the SVM algorithm is to obtain the largest margin value, it

tries to minimize the w value [142].

X, A Support Vectors H1 H
N wx+b=1

Class 2

Class 1

\ 4

X1

Figure 2.3 Hyperplane, margin, and support vectors in a two-class dataset

This method is generally used in cases in which the data can be linearly decomposed, but it
can also be applied when there are data that cannot be separated linearly, since it is possible
to make the data linearly separable by means of kernel functions such as on a sigmoid,
polynomial, linear, and radial basis [143]. In other words, a larger size is applied for
nonlinear datasets using kernel functions [144].
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2.3.3.1.4 K-Nearest Neighborhood

The KNN algorithm was first introduced by Fix and Hodges in 1951. This algorithm has
been frequently used to solve non-parametric classification and regression problems, and it
is based on distance calculation [145]. It is based on the logic that the closest data to each
other belong to the same class. The aim is to classify the new incoming data by making use
of the previously classified data. It is a learning-based algorithm that applies the model
learned from the training data. Data whose class is not known are called 'test’, while

previously classified data are called 'education’ [146].

In the algorithm, k is an integer expressing the number of neighbors, and the distance of the
new sample whose class is to be determined from the features to be used in the classification
to k of the samples in the database, whose class is already known, is checked. The K number
Is also a parameter that indicates how many classes the data will be divided into and it is a
number that must be entered into the algorithm before classification. For example, when
determining the class of an object whose class is unknown for k = 3, the 3 objects with known
class closest to this object are taken, and the neighbor selection of the KNN algorithm is
shown in Figure 2.4. In other words, in order to determine the class of the incoming data, its
distance from other data is calculated. To calculate this distance, the Manhattan, Minkowski,
Jaccard, or Euclidean distance is used. Since k = 3 is chosen in our example, the closest 3 of
the measured distances are selected. If 2 of them are in the X class and one is in the Y class,

the class of the new incoming data is X.
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Figure 2.4 Selection of the three closest neighbors to the sample to be classified using the
KNN algorithm

Different methods produce different results for distances. Moreover, although the most
commonly used formula is Euclidean, it may be necessary to use different distance
measurements for different types of data.

e Euclidean distance: It determines the straight line distance, that is, the distance
between two points, in a plane with many points. It is the most widely used method.

dp,q) = |X7-1(pj — q))* (2.4)

e Manhattan distance: It is the distance between a pair of points measured at 90

degree angles along the axes.

d,q) = Xj=1lp; — qjl (2.5)

e Minkowski distance: It is used to calculate the distance depending on a certain
number of variables. If 2 is written instead of x in the equation below, it is equal to

Euclidean distance, and if 1 is written, it is equal to Manhattan distance.

d(p,q) = Qs Ipj — ;1" (2.6)
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2.3.3.1.5 Decision Tree Classifier

DTC is one of the most commonly used supervised machine learning algorithms in
classification problems and it is also used in regression problems. It is quite easy to configure
and understand compared to other classification algorithms. DTCs are frequently used
because they are reliable and simple, have low computational complexity, and can work with
high-dimensional datasets with both continuous and discrete variables [134]. In the
literature, the different decision tree algorithms depending on the tree formation methods
and data diversity [147] include AID, CHAID, CART, ID3, C4.5, C5.0, MARS, E-CHAID,
SLIQ, SPRINT, and QUEST. They differ from each other by the paths followed in the
selection of root, node, and branching criteria. The first decision tree-based algorithm is the
AID algorithm developed by Morgan and Sonquist in the early 1970s. It is based on the best
estimation and finding the independent variable with the strongest correlation. The CHAID
algorithm, which is based on statistics, was developed by G. V. Kass in 1980 for
classification and regression processes. A decision tree algorithm named ID3 was developed
by J. Ross Quinlan in 1986. He released C4.5, an advanced version, and the C5.0 algorithm,
which is faster, uses less memory, and creates more precise rules than C4.5, to eliminate the
deficiencies of the ID3 algorithm in 1993 [148].

Decision trees have decision nodes and leaf nodes. While decision nodes are used to make
decisions, classifications, or predictions in the dataset, leaf nodes store the decisions made
[149]. The tree consists of roots, branches, and leaves. The root and internal nodes represent
properties, the branches represent values that properties can have, and each leaf node is
considered a class. Each branch is connected to the upper root. The number of nodes is
important for classification performance, because large trees (with a large number of nodes)
work slowly, while small trees are not successful in classification despite working fast [150].
Decision trees are among the most popular machine learning algorithms considering their
intelligibility and simplicity, and since it is a type of supervised learning, it works in two
stages: creation of a model from the data we have, which we call learning, and determination

of the class by testing the test data on the model.

In the decision tree given in Figure 2.5, the decision about whether the football match will

be played is based on the weather information. If the weather is cloudy, the match will be
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played; if it is rainy, the decision is made according to the wind; and if the weather is sunny,

according to the air temperature.
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Figure 2.5 Decision tree example

2.3.3.1.6 Random Forest

RF, proposed by Breiman and Cutler, is a machine learning algorithm that aggregates
predictions from many decision trees into different subsets of data. It is one of the most
widely used ensemble classification algorithms and consists of multiple trees using randomly
generated samples from existing situations. To classify a sample, an input vector is given to
each tree in the forest and a result is obtained for each tree [142]. Ensemble classification
methods try to classify new data by using the results produced by more than one classifier
[151]. The RF algorithm chooses the class that gets the most votes from the given results
[152].

This method is very successful in presenting correct generalizations and giving close results
in estimations, because it includes optimized features of ensemble methods and random
sampling. In Figure 2.6, the components of the RF component method consisting of n
decision trees are shown. Accordingly, a classification result comes from each tree for the
dataset to be classified, and each tree "votes" for the classification estimate in question. The

class with the most votes out of all trees in the forest is the final result.

55



Data Set

1" tree

1% prediction L 2" prediction L .se n" prediction L

A 4

»  most voted '.L

\ 4
final class

[

Figure 2.6 Random forest method components

This method can give better results in unbalanced datasets. Therefore, it can solve
memorization situations. It works more effectively in large datasets and gives better results
than other algorithms in datasets with missing observations. It makes the model more
generalizable. In addition, as the number of trees increases, it becomes very difficult to

examine RF trees [153].

2.3.3.1.7 Artificial Neural Network

The first information about ANNs was presented by William James in 1890. The first ANN
model was developed by Warren McCulloch and Walter Pitts in 1943 and expresses the
mathematical model of a nerve cell. After a pause in ANN research, it started to gain
momentum again in the 1980s. In the same years, Hopfield showed that ANNs can be used
to solve problems in many areas difficult to solve using computer programming. With the
developments in computer technologies, ANNSs have started to become more useful by being
integrated into many systems used in daily life since the 1990s. The ANN obtains
information by learning. It can produce new information from the information it has learned.
Thanks to its ability to explore, it can respond to external influences similar to human
behavior [153]. Generally, models created with ANN are used in time series analysis,

optimization, classification, association or nonlinear system modeling [154].
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The ANN is an improved information processing technique that imitates the behavior of the
human brain and nervous system [155]. In other words, it is a computer system that takes
the situations people encounter in real life as an example, creates situations that they do not
encounter by multiplying these examples, and provides new capabilities with the situations
it creates [156]. In addition, ANN is a machine learning method that can produce results by
interpreting the situations that it has never encountered or the situations that it has learned
incompletely [153]. The concept of learning for biological systems is through the
connections between nerve cells. People update these links using outside information. The
concept of learning in ANNSs is achieved through the connection of events with results [157].

ANN is a concept produced from the features of the human brain; therefore, examining the
structure and working logic of neurons provides a better understanding of ANNs. Biological
neural networks are made up of millions of interconnected neurons. Neurons are the building
blocks of the nervous system and they consist of dendrites, soma (cell body), and axons.
Dendrites in neurons are structures that receive and carry signals and provide neural
transmission. Axons are responsible for transmitting these signals to other neurons. The
point where axons and dendrites meet is called the synapse. The general structure of a neuron

is shown in Figure 2.7.
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Figure 2.7 General structure of the neuron [158]

As in biological neural networks, the basic processing elements in ANNs are called neurons,
artificial nerve cells, or nodes. ANNSs consist of computational units called artificial neurons

and the connections between these neurons. Each neuron in the network takes several input
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values to produce an output value. In these networks, each input of neurons, namely

connections, has coefficients called weights [159].
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The dendrites in the biological nerve cell correspond to the activation functions in the ANN,

the cell bodies to aggregation functions, the axon terminals to the output layer, and the

synapses to the weights. As seen in Figure 2.8, the simplest artificial neuron consists of 5

main components: inputs, weights, summation function, activation function, and output.

The equivalents of the biological nervous system elements in the ANN are presented in Table

2.9. The biological nervous system is divided into parts and each element is given its

equivalent in the ANN.

Table 2.9 Equivalents of biological nervous system elements in artificial neural network

Biological Artificial Neural
Nervous System Networks
Neuron Processor element
Dendrite Summation function
Cell body Activation function
Axons Artificial neuron output
Synapses Weights
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When we examine Figure 2.8 closely, the inputs are denoted by the symbol Xi and each of

these inputs is multiplied by the weight (Wi) as shown in equation (2.7) and summed with

the threshold value (b) of the activation function. The value generated as a consequence of

the sum function is sent via a linear or nonlinear differentiable activation function to

determine the processing element's output (yi).

zi = Xit,(WiX; + b) (2.7)

As seen in Figure 2.8, an artificial neuron consists of five main components: inputs, weights,

summation (combination) function, activation function, and output [153].

Inputs: Information from the outside world or the preceding layer to an artificial
neuron is sent as input to the artificial neuron.

Weights: The relevance of the information entering an artificial cell and its effect on
the neuron is indicated by the weights. The weights (w1, W2, ws, ..., wi) are
coefficients that determine the effect of the inputs received by the artificial nerve on
the nerve.

Summation Function: This function calculates the net input by multiplying the
input values by the weight values and adding them to the threshold value (bias). The
sum function is shown in equation (6.9), and the output value y; is calculated by
passing the value obtained as a result of this function through a linear or nonlinear
differentiable activation function. This is shown in equation (2.8).

vi =f(z) = fE(WiX; + b)) (2.8)

Activation Function: The activation function creates net input values in the desired
range and transmits them to the output. Depending on the activation function used,
the output value is usually between [-1,1] or [0,1] and is usually a nonlinear function.
The use of nonlinear activation functions enabled the application of ANNSs to
complex and very different problems. The most commonly used activation functions,
sigmoid, are shown in equation (2.9) and hyperbolic tangent is shown in equation
(2.10). The most widely used of these functions is the sigmoid function, which
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converts the inputs it receives into a real number in the range of 0 and 1. Therefore,
it can be easily used in ANNs that should give positive results. Although the
hyperbolic tangent function is similar to the sigmoid function, the outputs of this

function are between -1 and 1.

1

f(z) = = (2.9)
fz) = S (2.10)

e Output: It is the value obtained by applying the activation function.

ANNs are composed of many artificial nerve cells connected to each other. Today, many
ANN models suitable for use in different fields and for specific purposes have been
developed, and the most common use among these network structures is multi-layer feed-
forward ANNs (multilayer perceptron - (MLP)). In MLP networks, neurons are organized
in layers and there are basically three layers: input, output, and hidden. The input layer is the
first and provides information about the problem to be solved to the neural network. The
neurons of the hidden layer are not connected to the outside world. They simply receive and
send signals to and from the input layer. The output layer is the final layer, and it is
responsible for transmitting data to the outside world. The hidden layers are positioned

between the input layer and the output layer.
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Figure 2.9 Multilayer feed-forward neural network

Figure 2.9 below shows a simple neural network model with input and output layers and one
hidden layer. The neural network in this example consists of an input layer with 9 dependent
variables, a hidden layer with 3 neurons, and an output layer with 2 categories. The o sign
indicates that the sigmoid function is used as the activation function. In addition, Wik shows
the weights between the input layer and the hidden layer, while Wi shows the weights

between the hidden layer and the output layer.

There is no restriction on how many hidden layers there will be in the neural network or how
many neurons there will be in each layer. Depending on the designed architecture, it is
possible to increase the number of hidden layers and neurons in the hidden layers. In this
case, the training time of the model will increase since the complexity of ANNs will increase
as the number of layers and neurons increases. The neural network model can be improved

by finding the number of hidden layers and the number of neurons by trial and error.



2.3.3.2 Classification Performance Measurement Criteria

Different performance criteria are used to examine the success rate of models created using
classification algorithms, that is, which model can achieve more accurate results. Although
there are many performance metrics, most used for classification problems are based on the
confusion matrix. Firstly, the confusion matrix is introduced and then information about the

performance criteria in question is given.

2.3.3.2.1 Editing Dataset

When classifying with machine learning, the dataset is divided into three parts: training,
validation, and testing. The training set is used to train the model; the test set to verify
whether the model established during the training phase works efficiently with another
labeled dataset, in other words, to measure model performance; and the validation set to
improve the models to perform efficiently on data not encountered before. It is used to train
and test under different conditions. The data in the test set are separated from those in the
validation set with the feature of not being seen by the system before [160]. In scientific
studies, for the training, validation, and test sets, the division rates are 70% - 15% - 15% and
80% - 10% - 10%.

2.3.3.2.2 Evaluation of Model Performance

Model performance measures are commonly regarded as the success of a model developed
for classification, yet this figure is insufficient to determine the model's quality. A confusion
matrix is frequently used to reveal the performance of the created model [161].

2.3.3.2.3 Model Performance Evaluation Criteria

In the error matrix, there are real situations and situations that reflect the predictions of
classification algorithms. Therefore, the error matrix contains the correct and incorrectly
predicted values, allowing the performance of classification algorithms to be evaluated, and
the rows of the matrix contain the actual class values and the columns the predicted class

values. The confusion matrix in question is shown in Table 2.10.
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Table 2.10 Confusion Matrix

PREDICTION
ACTUAL Positive Negative
Positive True Positive (TP) | False Negative (FN)

Negative | False Positive (FP) | True Negative (TIN)

e TP: It represents the positive data that the algorithm predicts correctly. (something
that actually exists)

e TN: It represents the negative data that the algorithm predicts correctly. (something
that does not actually exist)

e FP: It indicates that an item of data that is actually negative is predicted as positive
by the algorithm. That is, there is a misclassification of the negative sample. (you
have something that does not really exist)

e FN: It indicates that an item of data that is actually positive is predicted as negative
by the algorithm. That is, there is a misclassification of the positive sample. (nothing

that actually exists)

In order for the classification performance to be high, it is desirable to increase the TP and
TN regions of the confusion matrix and to decrease the FP and FN regions. Accuracy,
precision, sensitivity, recall, and f1 score metrics created to measure the performance of

classification algorithms using the error matrix are given in the following sections.

e Accuracy: The accuracy rate is obtained by dividing the correctly classified samples
by the total number of samples. The accuracy rate formula is given in (2.11) and this
rate is used to evaluate the performance of classification algorithms. However, it is
not appropriate to evaluate the performance of classification algorithms based on
accuracy only in cases in which the dataset is unevenly distributed. For example, in
a model developed to predict whether a stock has been manipulated, if the number
of days on which manipulation occurs in the sample dataset is only a small part of
the dataset, such as 5%, even if a random guess is made it is possible to predict with
95% success that there is no manipulation in the stock in question. In such cases,

high accuracy does not mean high performance.
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TP+TN

_ TP+IN (2.11)
TP+TN+FP+FN

accuracy =

Precision: It is used to measure the algorithm's success in classifying negative
samples. Therefore, the significance ratio is obtained by dividing the true negative
value by the total number of negative samples, and the significance ratio formula is
given in (2.12).

TN
TN+ FP

precision = (2.12)

Sensitivity: It measures the rate of correct prediction of the total positive predicted
samples. It is obtained by dividing the correctly classified positive samples by the
total number of positively predicted samples, and the sensitivity calculation formula
IS given in (2.13).

TP
TP+ FP

sensitivity = (2.13)

Recall: It measures the efficiency of the algorithm in predicting positive samples.
The sensitivity is calculated by dividing the correctly predicted positive samples by

the total positive samples, and the sensitivity calculation formula is given in (2.14).

TP
TP+ FN

recall = (2.14)

F1 Score: Generally, when the sensitivity rate is increased, the recall rate decreases,
that is, the sensitivity rate is waived in order to increase the recall rate. Therefore,
there is a balance between the two odds, and in order to find this balance, the f1 score,
in which the sensitivity ratio and recall ratio are comprehensively addressed, is used
[162]. In this context, the f1 score is calculated as the harmonic mean of sensitivity

and recall metrics, and the f1 score calculation formula is given in (2.15).

fl — 24 sensitivity * recall (2.15)

sensitivity+ recall
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2.4 Data Science Methodology

Machine learning is closely related to data mining. The cross-industry standard process
model for data mining (CRISP-DM), which Shearer introduced to extract valuable
information from large amounts of data with data mining, is among the most widely accepted
[163]. The CRISP-DM process model is also used in different fields of study, and this
process model is followed in problems solved using machine learning. In our study, the
CRISP-DM process model was followed in the same way. The model is presented in Figure
2.10. It is very important to perform the steps mentioned here in order to successfully solve

the problem within the targeted time.

Business Data

Y

Data Understanding

Data Preparation

Business

Understanding Deployment

X

A

Modelling

A

Evaluation

Figure 2.10 Phases of CRISP — DM diagram [163].

Leading data mining users such as DaimlerChrysler AG, SPSS, NCR, and OHRA need a
standardized approach to help industries transform their problems into data mining tasks,
recommend appropriate data transformations and data mining techniques, evaluate the
effectiveness of results, and report experiences. It was developed by a consortium of

providers [164]. The model was developed on the basis of knowledge discovery methods in
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databases followed in previous studies. Many widely used data mining tools such as Weka,
RapidMiner, IBM SPSS Modeler, and StatSoft Statistica are based on this process [165].

The CRISP-DM process model attempts to reduce the cost, reliability, reproducibility,
manageability, and to increase the speed of large data mining operations [164]. It consists of
six stages: defining the problem, understanding the data, preparing the data, modeling,

evaluating and selecting the model, and putting the model into practice [166].

2.4.1 Business Understanding

Understanding what the problem involves is the first and most important step in data mining.
The focus is on understanding the goals and requirements of the project in accordance with
the business's point of view, and then a pioneering plan is prepared in order to achieve the
goals by defining the goals and requirements as a data mining problem [167]. These include
a problem concerning agriculture, e.g., estimating the wheat harvest of Turkey in the coming
year; a problem for a textile company, e.g., determining which customers have complaints
in advance; a problem in the telecom field, e.g., predicting which customer will switch to a

competitor; or a problem in the marketing field, e.g., which ad to show to which customer.

The first requirement for success in data mining studies is to clearly define the purpose of
the application. The purpose should be problem-focused and expressed in a clear and concise
language, and how to measure the success levels of the results obtained should be defined
[168]. In addition, estimations regarding the costs incurred in the case of wrong estimations

and the benefits to be gained from correct estimations should be included at this stage [169].

2.4.2 Data Understanding

The data understanding stage, which is the next step, involves collection of data suitable for
the problem. In general, it is very important to define the problem correctly before this step
because a common mistake is to process all the data unnecessarily. Data can be obtained in
two ways: from existing databases or by survey, discussion, or measurement. By examining
the data more closely, missing, noisy, and dirty items are detected. Afterwards, additions are
made to the dataset according to need. Again, compliance with the criteria of accuracy,
completeness, consistency, timeliness, credibility, added value, interpretability, and

accessibility is checked in order to solve problems with the data and increase their quality
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[149]. There is a very close relationship between understanding the business and
understanding the data, and this stage includes activities to achieve various purposes such as
recognizing problems related to data quality, getting first impressions about the data,
identifying interesting sub-series, or developing hypotheses to extract the information
hidden in datasets [167].

A good understanding of the available data is required before the model is set up. Before
analysis of the dataset, some simple descriptive statistical calculations can give a preliminary
idea about the data and graphs that can be obtained from them. All these processes provide
preliminary information about which analyses should be performed during the data

preprocessing [149].

2.4.3 Data Preparation

After obtaining and understanding the data, the next step is to make the data usable in mining.
The data preparation phase covers all the operations from the initial raw data to the final
dataset to be used in modeling. This is likely to be done more than once and not in a
predetermined order. It consists of collecting, valuing, combining and cleaning, selecting,
and transforming [167]. There is no pre-determined pattern; some preprocesses such as data
filtering, transformation, and data reduction are required. The operation to be performed
differs from data to data. It is possible to both create and define the dataset to be used for

modeling.

The purpose of data preparation is to create a dataset that can be an input for the data mining
algorithm. Problems during the establishment of the model may require returning to this
stage and reviewing the data preparation. Hence, the steps must be carried out meticulously.
The minimum subset of the selected data needs to be evaluated, considering the relevant
attributes and the appropriate time period [170]. These processes, also considered
preparation of the data before data mining, especially aim to remove corrupt values in the

database and inconsistencies between the data [171].

Data preparation usually accounts for 70-80% of the data mining process. Decisions such as
not including data with some missing parts in the system or completing the missing parts of

the data, and what kind of method will be followed during this completion are made at this
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stage. A simple data conversion, such as converting birth dates to age, or operations such as
extracting the person's information such as province and district in the address field are

example operations performed at this stage [172].

2.4.3.1 Data Selection

Data selection is choosing the data thought necessary for the defined problem and the data
sources from which these data will be obtained. Apart from the organization's own data
sources, external sources can also be used [169]. Our goal is to select a subset of all available
data to work with. It is more tempting to select all data, but this is not always appropriate.

2.4.3.2 Data Cleaning

Inconsistent and incorrect data in the database are called noisy data. In some applications,
the data to be analyzed do not have the desired properties. For example, incomplete data and
inconsistent data created by inappropriate data may be encountered [133]. In the data
cleaning phase many techniques are used, such as correctly completing the missing data and
reducing the noise by determining the extreme values. Missing data can have negative effects
such as reducing the precision of the analysis result, and creating complexity in the
calculation of gaps due to missing values [173]. In general, there are two operations to clean
the data. First of all, since each dataset may contain data with inconsistent or incorrect
information, these data are removed from the dataset. The other process is to discard the data
known as missing values. Different values cannot always be measured. These data should
be eliminated if the missing values have no effect on the outcome. If missing data add more
significance to the dataset, the missing values can be given the feature's average value, the
dataset's most repeating value, or the missing values can be incorporated into the dataset
through regression [121].

To clean the noise in the data:
e Records with missing values can be discarded,
e Lost values can be replaced with a fixed value,
e The average of the other data can be calculated and this value can be written instead
of the missing data,
e The average is calculated using all the data of the variable and this value can be used

instead of the missing value,
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e Instead of all the data of the variable, only the mean of the variable of the samples
belonging to a class can be calculated and used instead of the missing value,
e The missing value can be estimated by estimating according to the data and can be

used instead of the missing value [115].

2.4.3.3 Data Integration

During the creation of the data warehouses where the data are stored, integration of the data
under the same roof is applied to not disturb the integrity between the data obtained from
different sources. Consistency is ensured by matching all available data sources according
to their characteristics and aggregation levels for data integration. Data integration is applied
for keeping the same data in different formats at the stage of bringing together the data

recorded in more than one information source owned by the institution [171].

The increase in data capacities increases the size of data warehouses and the access of stored
data. Although it increases the process of accessing data provided by different users, it can
cause some problems [174]. Combining data includes activities such as bringing together
multiple tables containing information about the same object and collecting them into a
single table, integrating more than one record by summarizing the data, and obtaining new
records, especially in the case of multiple data sources. However, every data source will
contain potential problems such as missing and inaccurate values. Combining data from
multiple sources will cause new quality problems such as the same term having different
meanings, using different terms for the same input, differentiating units and measurements,
and using different descriptors [133]. For example, in a database used by two different users,
the "IDNumber™" attribute may be registered in two different ways as ID_No and IDNo. This

inaccuracy can affect all data mining processes and causes some errors.

2.4.3.4 Data Reduction

Today, as a result of increasing memory capacities and much easier access to data,
redundancy is a problem. Heaps of data whose storage is necessary/unnecessary at very large
scales cause inefficient data analysis studies. If databases are included in studies without this
data pollution being purified, the accuracy of the results is in doubt [175]. To overcome these
problems, various data reduction methods have been developed [130]. They are applied to

obtain an unreduced sample of the dataset with a smaller volume. Thus, more effective
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results can be obtained by applying data mining techniques to the reduced data set obtained
[176]. For example, let's say we have an attribute that keeps students' grades. Data from
source A can give students grades such as A, B+, B, C+, C, D+, D, and F. If the data are
taken from source B, they include grades such as 66, 45, and 90 obtained by students. What
should be done in this situation? Since they both belong to the same attribute, it would not
make sense to keep these data in two separate attributes. It is imperative that this different
format of data be properly reduced to a single format. By using the most widely used
solution, it is necessary to find the degree equivalent of the actual grades received by the
students, and to express the grades of all students in degrees and to consolidate the data from
sources A and B.

2.4.3.5 Data Transformation

Data transformation involves transforming data into different values or scales in accordance
with a defined function to obtain healthier results or to be compatible with the algorithms
used [130]. It is the process of transforming the data into forms suitable for data mining by

preserving its content according to the model to be used [177].

When transforming data into a format suitable for data mining, concatenation, normalization,
and variable creation are often used. Concatenation means summarizing or combining data.
For example, data can be combined to find the values of the daily total transactions regarding
the transactions realized during the day in the stock market. In the variable creation method,
it is aimed to create new variables by using the original variables. For example, in the present
study, the trading volume of a stock is calculated by multiplying the transaction amount by
the price at which the transaction takes place. Another example is that in time series models,
variables change over time, and a new variable is produced by taking the differences of the
values of a variable corresponding to a certain time interval and the next time interval. Such
transformations are very important in terms of benefiting from knowledge discovery in data
mining. In normalization, in some cases, there is a huge difference between the numerical
values of the features in the datasets. In these cases, which occur in datasets, it may result
that the features with high numerical value have more effect on the target variable than the
features with smaller numerical values. In order to prevent this imbalance, scaling operations

are applied.
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2.4.3.5.1 Min - Max Scaling

Also called minimum-maximum normalization, this is the process of rescaling one or more
features to a range of 0 to 1. That is, after the normalization process, the maximum value of
the data contained in the relevant attribute will be 1 and the minimum value will be 0. This
method is based on the principle of determining the largest and smallest numerical value in
the data and transforming the others accordingly. The change relation in question is

expressed as follows:

X* — X—Xmin

- Xmax—Xmin (216)

Here X* represents the transformed values, X is the observation values, Xmin is the smallest

observation value and Xmax is the largest observation value [115].

2.4.3.5.2 Standard Scaling

This method, one of the most widely used for data transformation, involves the scaling of
one or more features so that their mean values are 0 and their standard deviation values are
1. Thus, all observation units in the dataset receive values between -1 and 1. In the
standardization process, it is assumed that the data have a Gaussian distribution. Although
there is no obligation for the data to have this distribution, the standardization process is
more effective for the data with it. In the transformation of these values, a relation is given

as follows:

x- =2 (2.17)

Here X* represents the transformed values, X represents the observation values, U represents
the arithmetic mean of the observation values, and S represents the standard deviation of the

observation values [115].

2.4.4 Modeling

At this stage, all the analyses such as choosing the modeling technique and adjusting the

parameters of these models to optimal values are included. Finding the most suitable model
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for the defined problem is possible by establishing and testing as many models as possible
[167]. Since there are multiple techniques that can be used in data mining, it is not possible
to decide in advance which is the most appropriate. Therefore, the phase of model creation
is an iterative process by applying different techniques until the model thought to be the best
Is established. In other words, the proper model and technique for analyzing the relationship
between the variables in the dataset are determined at this step. More than one model should
be constructed, more than one technique should be tried, and the best result should be tried
in order to gain high efficiency from the dataset. When no model is considered adequate, the
process is repeated after identifying any potential issues. The results are summarized and the
superiorities of the developed models are provided at the end of this stage. If necessary, the
model parameters are tweaked, and the process is repeated until the optimal model is found

with high certainty.

2.45 Evaluation

Before the model is deployed, the model creation process should be carefully reviewed,
evaluated in detail before proceeding to the implementation phase, and examined as to
whether it achieves business objectives. At this stage, one or more models have been
obtained and it is reviewed for the last time whether the model is sufficient for the current
business objective. As a result of this step, actions that have been overlooked or that need to
be repeated, if any, will be carried out and documented. For example, a system that
recommends products to customers is expected to increase sales as a result of recommending
the right product to the right customer, and how much the newly developed system provides

in sales is measured. For this, experimental groups or different test techniques can be used.

In the model evaluation phase, it is tested to what extent the strategy created from the very
beginning of the work achieves the determined targets. This is done using model
performance criteria. Accuracy, sensitivity, specificity, precision, and f1 score are some of
the criteria types [149]. After evaluating the results and reviewing the process, a decision
will be made either to switch to productization to complete the data mining process or to

iterate further or even go back to the very beginning of the data mining process.
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2.4.6 Deployment

The models created are generally not the last stage of data mining projects. Although the
purpose of modeling is to transform data into information, the information obtained should
be organized and presented in a way that benefits the business. This involves turning the
model into a form that the customer can use. The key steps are creation of the distribution
plan, monitoring and maintenance of the plan, preparation of the final report, and finally the
review of the project. The steps to be followed within these 6 stages are summarized in Table
2.11 [166].

Table 2.11 Steps followed within the CRISP-DM stages

Business e Setting business goals
Understanding e  Assess the situation
¢ Identifying data mining targets

e Creating a plan

Data e Data collection
Understanding e Identification of data
e Researching the data

o Verification of data quality

Data e Selection of data
Preparation e Cleaning the data
e Integration of data
e Data reduction

e Transformation of data

Modelling e Selection of modeling technique
e Creation of models

e Evaluation of models

Evaluation e Evaluation of results
e Process review

e Determining the next steps

Deployment o Distribution plan
e Plan monitoring and maintenance

e Preparation of the final report

e Review of the process
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3 RELATED WORK

In the literature, there are numerous research on stock manipulation. Allen and Gale's
research is the first to be published on this topic. Allen and Gale proved that a speculator
who does not know the stock's future worth can earn from trading (buying and selling) by
posing as a knowledgeable investor [63]. Jarrow developed an experimental model, claiming
that it is impossible to argue about manipulation in the previous market if stock market
players perform transactions in lockstep with one another [75]. In another theoretical study
examining stock price manipulation, Allen and Gorton examined whether an uninformed
investor could make a profit by buying a stock and then selling it at a higher price. They
concluded that if the selling investor has less information than the buying investor, this
causes an asymmetry in prices and creates a profitable manipulation opportunity [17]. In
another theoretical study, Kumar and Seppi examined trade-based manipulation in futures
markets. According to their study, manipulators who agreed with knowledgeable investors
could make profits by taking a position in the futures contract and then trading in the spot
market, but these profits decreased to zero with an increase in the number of manipulators
[178].

Felixson and Pelli used a regression model to look at closing price manipulations in the
Finnish stock market 15 minutes before and 15 minutes after the close of exchange-traded
securities and found that it existed [179]. Stock price manipulations in the Chinese secondary
market were investigated by Feng et al. They discovered that while a substantial change in
stock prices isn't enough to show the presence of manipulation, a quick drop in the price and
volume of the stock in issue invariably implies market manipulation [180]. Kucukkocaoglu
examined whether the stock returns showed any manipulative activity towards closing, based
on the intraday returns of 33 companies for the 2000-2002-time period. As a result of their
regression analysis, they observed that the investors who traded through stock exchange
representatives engaged in manipulative activities to determine the closing price. On the
other hand, the main reason underlying the manipulative attempt of the agent who conducted
the buy and sell transaction is showing the daily performance of the representative to the
customer and increasing the potential profit of the customer [66]. Khwaja and Mian
examined the characteristics of stock price manipulation in the Pakistan Karachi Stock

Exchange for the period December 1998 to August 2001; they concluded that brokers trading
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on their behalf by pumping and dumping generate at least 50% - 90% higher abnormal
cumulative returns than brokers trading on behalf of other investors [98].

Between January 1990 and October 2001, Aggarwal and Wu examined 142 examples of
stock market manipulation in the United States. They discovered that illiquid equities are
more likely to be manipulated, and that manipulation raises the liquidity, volatility, and
return of the stock. They also discovered that a rise in stock price during the manipulation
phase was followed by a drop afterward [181]. In BIST, Aktas and Doganay looked into
trade-based manipulations. They stated that the manipulated stocks had increased transaction
volume, return, and liquidity during the manipulation period, but that these values had
dropped following the manipulation [182]. Koyuncugil proposed an early warning system
(EWS) for securities markets that is based on fuzzy data mining and incorporates statistical
learning perspectives. This EWS has three stages and is similar to the processes used in stock
exchange markets. The system proposed by Koyuncugil includes the sequential
determination of the shares according to their order, with a manipulative action by which the
intermediaries may cause manipulation by the investors by performing the specified trading

transactions [183].

Akyol and Michayluk investigated closing price manipulation using data from 2005 stocks
on BIST. According to their study, the last trading returns in both the morning and afternoon
trading sessions were high, but the returns in the second session were twice as large as those
obtained in the first session, and this was caused by closing price manipulation [184]. Huang
et al. looked into stock price manipulation on the Taiwan Stock Exchange. They look at the
manipulated stocks' attributes as well as their effects on market quality. Their findings
revealed that stock prices rose during the manipulation period, followed by a price reversal.
Furthermore, during the manipulation phase, manipulated equities show greater return
continuance and stock price volatility when trading volume is high. Stock manipulation can
result in market inefficiencies, abnormally high trading volume and volatility, a reduction in

market depth, and a negative influence on market quality [185].

Using data from 2005, Mongkolnavin and Tirapat discovered closing price manipulations in
the Thai stock market. They claimed that association rules, one of the data mining
methodologies, was utilized to detect tampering [186]. Many stock exchange manipulation

instances, Palshikar and Apte discovered, featured coordination between groups of traders
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who trade heavily among themselves. They used graph clustering algorithms to detect
collusion sets, and unsupervised learning algorithms, unlike other methods, were capable of
separating legitimate stock market trading activities from fraudulent ones [187]. In terms of
trade-based manipulation, Kamisli employed logistic regression and discriminant analysis
to measure the use of financial ratios, which influence investors in their stock selection
decisions, as an indicator. Financial ratios were developed utilizing data from trade-based
manipulations at the Istanbul Stock Exchange between 1996 and 2005 for their study. The
independent variables were these financial ratios, and the dependent variable was
dichotomously coded as "0" or "1" depending on the trade-based manipulation's realization
case [55]. Ogut et al. evaluated the performance of multivariate statistical techniques and
data mining techniques in detecting stock price manipulations, finding that the latter were
more suited [137].

Comerton-Forde and Putnins analyzed 184 closing price manipulation cases that were the
subject of lawsuits in the USA and Canada between January 1997 and January 2009, by
creating an index measuring profitability and the intensity of closing price manipulation by
the authors. According to their study, in the event of manipulation strong evidence is
obtained regarding large increases in end-of-day returns, yield reversal, trading activity, and
price differences between trading, but it has been observed that manipulation has a negative
effect on price accuracy [188]. Firm size, price/earnings ratio, information transparency,
stock liquidity, and corporate partnership structure, according to Roodposhti et al., are useful
variables in determining price manipulation of Tehran Stock Exchange companies [189].
When determining trade-based manipulations, Diaz et al. used data mining techniques to
uncover stock price manipulations, taking into account both intraday trading prices and
closing prices [74]. Over the course of a year, Sun et al. looked at the full transaction records
of over 100 stocks. A stock trading network was developed to characterize the relationships
between investors, and they discovered that the values of various attributes calculated for
the nodes in the trading networks differed between manipulated and non-manipulated stocks
[190].

Altinbas investigated the closing price manipulation processes in BIST using least squares
regression and obtained statistically significant findings regarding the existence of closing
price manipulation [90]. Using an unsupervised data mining method termed peer group

analysis, Kim and Sohn suggested a method for detecting suspected stock price
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manipulations. By comparing the actions of study subjects to the behaviors of peers and
measuring behavioral deviations, this form of analysis can discover anomalous behaviors in
participants. This method has the advantage of detecting local outliers that would otherwise
go undetected in the overall population [191]. Cao et al. studied coupled behavior analysis
and demonstrated how to model and detect anomalous group-based trading behaviors using
a coupled hidden markov model (CHMM). They suggested that buys, sells, and trades are
inextricably linked and should therefore be analyzed collectively for anomaly detection.
They suggested a CHMM-based model and analysis approach for aberrant linked trading
behaviors [192]. Song et al. proposed a generic coupled behavior analysis approach for
detecting group-based manipulation by capturing more complete couplings, which improved
on the prior study. In terms of detecting aberrant collaborative manipulations, the
experimental findings demonstrated that their suggested framework outperformed the
CHMM-based technique [193]. To detect aberrant group-based trading activities, Song and
Cao suggested a graph-based methodology. Without aggregating the behavioral data, the
proposed framework represents the connected behaviors in a graph perspective. The
proposed framework outperforms the CHMM-based technique in real-world stock market
data, according to experimental results [194]. To classify whether a stock is manipulated
according to specific key variables, Murugesan and Thoppan proposed a model based on
discriminant analysis. In this model, first the linear classification function was used and it
was seen that this function was not successful, and then the second order classification
function that was more successful was used to categorize a stock as manipulated or non-
manipulated [195].

Qui and Zhang examined the effect of insider trading on short selling restrictions, which is
among the trade-based manipulation strategies. In their study, it was basically investigated
how short selling restrictions affect stock price manipulation. According to the findings
obtained, short selling restrictions increase manipulative activities in stock markets, and
insiders can also make profits by taking short selling positions based on the information they
have and change the direction of stock prices. In addition, it was concluded that short selling
restrictions reduce the volatility of stock prices [196]. Imisiker and Tas analyzed the
manipulation susceptibility levels of companies within the scope of trade-based
manipulation cases in BIST for the period 1998-2006, using the panel probit regression
method. Based on their results, they concluded that companies with lower market

capitalization and free float ratio and higher leverage ratio are more prone to price
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manipulation of stocks [100]. Lee et al. found that 0.81% of the total orders were matched
orders in the study they carried out using intraday orders and transaction data on personal
accounts for the period of November 2001 to February 2002 in the Korean stock market.
The returns and volatility of these stocks are high and they concluded that the market value
is lower. In addition, it was observed that more matched orders were placed after the market
opened and shortly before the market closed, and they found that investors following the
matched order strategy achieved an extra 67 - 83 basis points more return in less than 45
minutes [80].

To identify suspicious transactions related to stock market manipulation, Golmohammadi et
al. used supervised learning systems. With a f1 score of 53 %, sensitivity of 89 %, and
specificity of 83 %, the naive bayes algorithm beat other learning approaches, according to
their findings [197]. Gerace et al. looked at 40 manipulation cases in the Hong Kong Stock
Market from 1996 to 2009, and used regression analysis to see if manipulators could
influence the price and profitability of the stock exchange. According to their findings, an
increase in market prices during manipulation times was discovered [14]. Imisiker and Tas
investigated the profitability of wash sales, which is among the trade-based manipulation
types, in BIST for the period 2003-2006. As a result of their research, it was determined that
a significant amount of investors performed wash sales transactions and profit was obtained
from these transactions, which constitute 30% of the total transactions [198]. For 15 equities,
Kong and Wang looked at the consequences of manipulation using orders that were matched
for price, volume, stock turnover rate, and liquidity on the China Stock Exchange. They
discovered that the price, turnover, transaction volume, and volatility of the stocks were
higher during the manipulation period, and that the price, turnover, transaction volume, and

volatility of the stocks were lower following the manipulation period [199].

Kadioglu investigated the closing price manipulation with 102 stock data for the period of
November 2006 to May 2012 regarding intraday return and volatility structures in BIST; he
observed that the volatility was high at the opening of the session and showed significant
decreases in the first 15-minute returns, and towards the close of the session both the returns
and the volatility in the morning session decreased and he detected manipulative activities
to increase the closing price [72]. Ozcomak and Gunduz investigated the relationship
between the closing prices of 234 companies traded in the stock market on BIST in 2011

and the transaction volumes. They stated that stocks with high volatility in closing prices
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and trading volumes may be prone to speculation and manipulation [200]. Comerton-Forde
and Putnins analyzed 184 closing price manipulations and the validity of closing price
manipulations for the period January 1997 to January 2009 in the USA and Canada, and they
concluded that 1% of the closing prices were manipulated. In addition, they found that stocks
with high asymmetric information level and stocks with medium-low liquidity level were

the most likely to be manipulated [201].

Golmohammadi and Zaiane focused on methods for detecting contextual outliers in time
series, which can be used to spot securities fraud. They developed a prediction-based strategy
for detecting contextual anomalies in complex time series that isn't well represented by
deterministic models. When compared to kNN and random walk approaches,
Golmohammadi and Zaiane's algorithm improves recall from 7 % to 33 % while preserving
precision [202]. Huang and Cheng looked at stock price manipulation in Taiwanese stock
markets, as well as manipulated stock patterns and market repercussions. A pump-and-dump
trading technique and stabilization operations were used in the majority of incidents of
manipulation. Pump-and-dump manipulations result in strong transient price impacts,
heightened volatility, big trade volumes, short-term price continuation, and long-term price
reversals during the manipulation period. As a result, their impact on market efficiency is
enormous. In stabilizing circumstances, manipulation has no influence on market
performance except that price drops and abnormal returns are considerably lower in the post-
manipulation period than in the pre-manipulation period [203]. In their study analyzing the
effects of bulk sales and purchases on stock prices for the 2004-2012 period on the Mumbai
Stock Exchange of India and the National Stock Exchange of India, Chaturvedula et al.
stated that approximately 80.5% of the investigations for the 2004-2008 period were related
to market fraud [204]. Imisiker et al. used intraday transaction data from BIST from 2003 to
2006 to investigate pump-and-dump manipulation. They discovered that a significant
percentage of the trades executed by the brokers were based on the pump-and-dump

manipulation, and that the brokers, although rare, made large profits from this trade [205].

Leangaraun et al. looked into pump-and-dump and spoof trading tactics, developing
mathematical models based on level 2 data, which included all of the information from level
1 data as well as buy/sell orders. They created feed-forward neural network models using
level 1 data (excluding order cancellation data), which investors may access more easily as

input. The algorithm was able to detect pump-and-dump actions with an accuracy rate of
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88.28 percent, but it was unable to accurately reproduce spoof trading behaviors, according
to their findings [206]. Martinez-Miranda et al. studied the core behaviors of fraudulent
traders using a reinforcement learning framework within Markov decision processes, with
the goal of discovering what motivated those behaviors [207]. Examining the effects of
trade-based manipulation cases in BIST between 2005 and 2013 on returns, volatility, and
trading volume, Ok found that stock returns, volatility, and trading volume increased during
the manipulation period compared to before and after manipulation [62]. Zhang et al. used
machine learning algorithms to detect stock price manipulation in China in order to increase
market fairness and transparency. Using data provided by the China Securities Regulatory
Commission, they calculated the difference in stocks between manipulated and ordinary time
periods based on daily returns, trading volume, stock price volatility, and market value
(CSRC). In their study, they used them as explanatory variables. They employed a single
model, the support vector machine (SVM), and an ensemble model, the random forest, for
detection (RF). The classification accuracy, sensitivity, and specificity tests of the SVM were
compared to those of the RF. As a result, they discovered that both methods are highly
accurate, with RF outperforming SVM. The influence of daily return and market value on

detection is likewise stronger than those of other explanatory variables [208].

Using data from the CSRC, Li et al. applied supervised machine learning algorithms to detect
market manipulations. Trained machine learning systems successfully recognized stock
market manipulations from provided daily transaction data, but they performed badly when
fed tick data, according to the results obtained for accuracy, specificity, sensitivity, and area
under the curve (AUC). Out-of-sample evaluation was not used in their tests, which is why
their accuracy (0.99) scores were so high [209]. Over the course of a year, Sun et al. analyzed
transaction data from 8 manipulated stocks and 42 non-manipulated equities to uncover
distinct trading tendencies. The manipulated stocks showed higher numbers of traders
dealing in the same pairs on repeated days with high deviations from random networks,
according to correlations between trading frequency and trading activity [210]. Gemici et al.
investigated 273 trade-based manipulation cases in BIST in the period of 2001-2014. In the
multiple logistic regression analysis performed by considering the period before the
manipulation, the period of manipulation, and the period after the manipulation, the variables
daily return, transaction volume, volatility, and stock turnover rate were used, and it was
determined that daily return and volatility had a greater effect on manipulation [211]. Using

data from the Indian stock market, Thoppan et al. investigated the accuracy of various
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classification techniques for detecting market manipulation. The data contained price,
volume, and volatility statistics for a variety of equities. Techniques including discriminant
analysis, a composite model based on artificial neural network — genetic algorithm, and SVM
were employed to categorize equities into manipulated and non-manipulated categories. The

SVM-based technique has the highest classification accuracy of the three techniques [212].

Pump and dump trading, quotation stuffing, and spoof trading are all examples of anomalous
stock price manipulations that Abbas et al. proposed a model for identifying. They utilized
an unsupervised learning technique, in which input data were empirically deconstructed and
anomalies were detected using kernel density estimation-based clustering [213]. For
detecting aberrant trading behaviors caused by stock price manipulations, Leangarun et al.
used generative adversarial networks. The neural networks were not trained using
manipulation cases. Instead, they trained them using real data, while simulated manipulation
cases were only utilized for testing. Trading data from Thailand's Stock Exchange was used
to test the detecting system. It detected pump-and-dump adjustments in unobserved market

data with a 68.1 percent accuracy [214].

Based on transaction data, Shi et al. developed a generic technique to detect colluding
traders. They looked into network cliques and discovered that while trading manipulated
stocks, the quantity and weight of cliques is higher than when dealing non-manipulated
equities. They proposed a strategy based on the weight of cliques to detect colluding traders
[215]. To solve the irregular trade behavior identification problem in the stock market, Tran
and Tran used three graph Laplacian-based semi-supervised ranking techniques. The un-
normalized and symmetric normalized graphs, according to their findings, Random walk
approaches were surpassed by Laplacian-based semi-supervised ranking methods. Semi-
supervised ranking algorithm based on Laplacian [216]. By merging trade-based attributes
acquired from trading records with typical properties of the list businesses, Quili et al.
suggested an unique RNN-EL framework for identifying stock price manipulation
operations. To perform empirical studies, they built a special dataset containing labeled
samples with trading data and characteristic information based on prosecuted manipulation
cases provided by the CSRC. The experimental results reveal that their proposed strategy
outperforms state-of-the-art methodologies in identifying stock price manipulation by an
average of 29.8% in terms of AUC value [217].
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To identify and detect market manipulation, Sridhar et al. recommended utilizing an
ensemble neural network. The Securities and Exchange Board of India provided affidavit
information, which was used to create a daily trade dataset from the Bombay Stock Exchange
website. The ensemble neural network model was tested with and without trainable sub-
model layers using the daily trading dataset. The accuracy of the model with trainable
submodel layers was 91%, while the model without trainable submodel layers was 96%
[218]. Uslu and Akal devised a machine learning technique based on supervised machine
learning classification models to detect trade-based manipulation from daily data of
manipulated stocks. The data for the study was obtained from 22 instances of BIST
manipulation between 2010 and 2015. In their study, supervised machine learning
approaches were found to be successful at identifying trade-based manipulations in trading
networks based on the measuring methods of accuracy, sensitivity, and f1 score. The
proposed model has a f1 score of 91 percent, 95 percent sensitivity, and 93 percent accuracy
when it comes to detecting market manipulation [37]. Youssef investigated the use of
machine learning techniques to detect trade manipulations. To extract features from actual
manipulation data, the continuous wavelet transform was utilized, while principal
component analysis and factor analysis were used to reduce dimensionality. Following those
steps, machine learning classifiers were trained and tested. It was discovered in this study
that employing the continuous wavelet transform, it is possible to increase model accuracy

while also drastically enhancing precision. Simultaneously, recall values fell little [219].

To construct stock market manipulation detection models, Liu et al. used machine-learning
approaches. To compare the detecting abilities of SVM and a logistic model, they built a
training set and a test set by integrating manually collected CSRC punishment cases from
2014 to 2016 with financial information from listed corporations. To boost the detection
effectiveness of the algorithms, they integrated market sentiment indicators acquired from
analyst rating reports, financial news, and Guba comments into their indicator collection.
According to the data, the new indicators result in a significant marginal gain in model
accuracy [220]. According to Leangarun et al. (2021), unsupervised learning was utilized to
train deep neural networks for detecting stock price manipulation in order to discover
unknown and previously unnoticed manipulation. It was excellent for detecting new or

undiscovered manipulation kinds [221].
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4 THE PROPOSED STOCK MARKET MANIPULATION
DETECTION FRAMEWORK

4.1 Data Set

The dataset used in this study consists of stock trading transactions conducted in BIST
between 2010 and 2015. It was obtained from the CMB Information Systems database, and
the personal data of the investors were anonymized.

The kinds of orders that can be used on a stock exchange, as well as the sequence in which
the matching process takes place, are the most important factors. In BIST, as in practically
every other exchange, an electronic order book is used. Customers' buy and sell orders for
market instruments are sent to the order book on a regular basis. Orders can take the form of

a new order, a change to an existing order, or a cancellation.

Call auction and continuous auction procedures are used to complete the order matching
process. Throughout the dataset, buy and sell orders are collected around 09:00 every day
and forwarded to the order book for 30 minutes, after which a single price for each
instrument is calculated using the call auction approach. In a call auction, the price is fixed
at a level that allows the most volume to be exchanged. A continuous auction session runs
from 09:45 to 17:00 or until 17:30, after the call auction session. Buy and sell orders are
performed in a continuous auction based on price and time priority. The primary distinction
between a call and a continuous auction is that in the latter investors can trade at any time
the market is open. A new buy order is combined with the pending sell order with the lowest
selling price and the longest duration in the continuous auction market. A new sell order is
paired with a pending buy order that has the highest sale price and longest term. A trade is

started and a buy-sell transaction is completed through the order matching process.

The order matching process initiates trades and a new trade takes place. In a Level 3 (L3)
type trading book, stock trading transactions are ordered according to time and stock. Some
of the attributes in the trading book are as follows:

e Stock name,

e Date and time of the transaction,
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e ID of the transaction (a unique number for each transaction generated by an
algorithm),

e Amount and volume of the transaction,

¢ Initiator of the transaction (whether it is an active attribute of the transaction),

e Information about whether the price of the transaction is higher than, lower than, or
equal to the previous transaction price,

e Unique identification numbers that identify the buyer and seller.

Table 4.1 contains the summary of stock trading transactions in BIST from 2010 to 2015.
The total number of transactions between 2010 and 2015 was 970,316,932, the average
number of transactions was 161,719,489, and the total transaction data size was
approximately 161 GB. The maximum number of transactions took place in 2011, the

number of transactions was 199,560,506 and the number of stocks was 385.

Table 4.1 Information on transactions performed in 2010 - 2015

Year Number of Number of
Transaction Rows | Traded Stocks
2010 160.355.935 354
2011 199.560.506 385
2012 153.849.588 428
2013 154.139.091 443
2014 159.894.074 449
2015 142.517.738 441

The number of transactions shown in Table 4.1 is for all of the stocks traded in 2010-2015,
and we focused only on the transactions related to the stocks manipulated during this period.
In the bulletins published weekly by the CMB, there is information about the manipulation
and non-manipulation periods of the manipulated stocks. These bulletins were examined for
the specified period, and a new dataset was created by separating only the transactions of the
manipulated stocks from the large dataset. The bulletins showed that the number of stocks
subjected to manipulation was 75 days, the average manipulation period was 66 days, the
longest manipulation period was 103 days, and the shortest manipulation period was 5 days.
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Table 4.2 contains information about the transactions of stocks that were manipulated in
BIST between 2010 and 2015. The highest number of manipulative transactions was carried
out in 2011, with 17,860,780 transactions. The total number of manipulative transactions in

this period was 51,916,018, and the total transaction data size was approximately 5.23 GB.

Table 4.2 Manipulative transactions performed in 2010 — 2015

Year Number of Number of
Transaction Rows | Traded Stocks

2010 10.438.540 17

2011 17.860.780 25

2012 6.821.272 11 I
2013 7.710.280 19 I
2014 6.875.908 18

2015 2.209.238 7

We picked 20 stocks with the highest manipulation period. We anonymously named them
Stockl to Stock20. They were exposed to 22 cases of manipulation in total during given
period. Table 4.3 shows the number of days the stocks were manipulated for, the start and
end dates of the manipulation, and the number of manipulation cases. According to Table
4.3, the longest manipulation was 280 days, while the shortest was 71 days. While Stock 1
and Stock 3 were manipulated twice during the manipulation period, there was 1
manipulation case each when the other 18 stocks were manipulated.

Table 4.3 Manipulated stocks

Stock | Manipulation | Start date of | End date of Number of
period (days) | manipulation | manipulation | manipulation cases

Stockl 155 2011-10-03 2011-11-24 2
2013-11-05 2014-04-21

Stock2 82 2013-01-15 2013-05-10 1

Stock3 280 2012-03-28 2012-10-23 2
2013-02-04 2013-08-15

Stock4 140 2012-09-27 2013-04-16 1

Stockb 71 2013-09-16 2013-12-30 1
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Table 4.4 contains information about the transactions of the stocks that were manipulated
(20 selected stocks) in BIST between 2010 and 2015. The highest number of manipulative
transactions was carried out in 2011, with 4,210,548 transactions, and the number of

manipulated stocks was 6. The total number of manipulative transactions in this period was

Stock | Manipulation | Start date of | End date of Number of
period (days) | manipulation | manipulation manlpulatlon cases |

Stock6 74 2013-02-22 2013-06-07

Stock7 115 2010-11-23 2011-05-02 1

Stock8 188 2010-06-01 2011-03-01 1

Stock9 101 2013-01-03 2013-05-27 1

Stock10 150 2012-04-18 2012-11-23 1

Stock11 172 2014-09-09 2015-05-15 1 I

Stock12 74 2010-09-06 2010-12-27 1 I

Stock13 111 2015-04-15 2015-11-24 1 I

Stock14 115 2012-12-20 2013-06-03 1

Stock15 134 2014-11-28 2015-06-11 1

Stock16 99 2010-12-29 2011-05-16 1

Stock17 143 2010-09-16 2011-04-11 1

Stock18 134 2011-06-24 2012-01-05 1 I

Stock19 209 2010-05-14 2011-03-16 1 I

Stock20 124 2012-10-30 2013-04-22 1

16,870,752, and the total transaction data size was approximately 1.82 GB.

Table 4.4 Selected manipulative stocks

Year Number of Number of
Transaction Rows Traded Stocks
2010 2.994.698 6
2011 4.210.548 6
2012 2.252.472 6
2013 4.145.316 8
2014 1.918.114 3
2015 1.349.604 3
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4.2 The Proposed Model

Manipulative activities have significant effects on investors, financial markets, and,
accordingly, the entire economy. The people who suffer because of manipulation most
severely due to the techniques used and various malfunctions in the legal regulations are
investors who play a major role in the financing of companies by supplying funds to the
stock markets. While the manipulators, who create unusual price movements to the
disadvantage of investors who are unaware of the existence of manipulative actions, gain
excessive profits, investors incur losses. In general, although the markets of countries with
legal and institutional deficiencies are subject to manipulation, manipulations take place in
the securities markets during periods of bad economic performance. Trade-based
manipulations, also the subject of this thesis, are different from other types. This type consist
of legal transactions aiming to differentiate the equilibrium price in the market by performing
only buying and selling transactions, without trying to change the value of the companies
with the stocks traded in the market or presenting false or incomplete information to the
market. As a result, manually detecting these modifications is becoming increasingly
difficult. Although research has been conducted to detect trade-based stock market
manipulations, with the advancement of technology, manipulation tools have become
increasingly diverse, and effective detection methods remain a challenge. Data mining,
machine learning, and deep learning technologies have been used successfully in recent
years to detect trade-based manipulations. We used a machine learning technique and
suggested a stock market manipulation detection model comprising supervised machine
learning classification models for detecting trade-based manipulations in BIST between
2010 and 2015. DTC, LR, KNN, RF, NB, SVM, and ANN are among the supervised

machine learning classification algorithms used in the model.

Experiments have shown that our model is suitable for detecting trade-based manipulations,
and when our model is evaluated in terms of performance metrics, we achieved high
accuracy, sensitivity, and f1 scores. We used a methodology similar to CRISP-DM. We
made some changes to CRISP-DM, and these changes and the equivalents of CRISP-DM

steps in our model are shown in Table 4.5.
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Table 4.5 Correspondence of CRISP-DM steps in our model

CRISP-DM Proposed Model

1. Business understanding

2. Data understanding

3. Data preparation

3.1 Data selection

3.2 Data cleaning Preprocessing

3.3 Data integration

3.5 Data transformation
e Concatenation

e Variable creation

3.5 Data transformation Scaling

e Scaling
3.4 Data reduction Feature Engineering
4. Modelling Training
5. Evaluation Evaluation
6. Deployment Prediction

As can be seen in Table 4.5 and Figure 4.1, our model consists of 6 stages: preprocessing,
scaling, training, evaluation, feature engineering, and estimation. According to Table 4.5,
the steps related to our method can be summarized as follows:

e Preprocessing: By defining the problem, merging and variable creation processes
were carried out from the steps of understanding, preparing, selecting, cleaning,
integrating, and transforming the data.

e Scaling: Normalization (scaling) was conducted from the data transformation
processes, and the data were converted into appropriate forms by preserving their
content according to the model to be used.

e Training: This is the model creation phase, and our model was trained using DTC,
LR, KNN, RF, NB, SVM, and ANN.

e Feature engineering: Data reduction was carried out and some unnecessary features

in the datasets were removed.
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e Evaluation: This is the evaluation phase of the model, and the building model
process was reviewed and it was evaluated whether the model was successful in
detecting manipulation.

e Prediction: The model was chosen and put into use, and reporting of the success
rates (accuracy, clarity, precision, sensitivity, f1 score) in detecting trade-based

manipulations was ensured.
These steps that make up our methodology were applied in detecting trade-based

manipulations in the stock market, which is the subject of the study and they are explained

in detail below.

89



Data from
Batch Processes|

Data Store

1
Y. ——
: Preprocessing | 3

A J A T Y |
! | : Training |
| Labellin !
[ 9 : N Scaled Train | - I
i > Data[l..2] | Learning ]
I : || Algorithms :
| Cleaning |
! N - _____ &
- |
| : Modlels
| . IfData i | [1..14]
[ ransformation | 4 5
A I I I - N PP FpPE . 3
[ : Evaluation : Feature !
I Feature i Engineering !
I Generation : | !
| X |
| - - | Scaled Vialidation | |
i Train/Validate/ I scaled Daily Data[1..2] i Feature Engineeringf—
! Test I Traif/Validation ! !
i Splitting : _ T— [

r
[
i
[
[
[
[
[
[
i
A\

rarn
Validate/Test
Data

|
|
|
|
|
|
|
|
Data I
|
|
|
|
|
|
|
|
|

!

: i
I ine | I
! Secaling . ! Models [1..14] i F1
I I ! I stivi
[ Scaling f Scaled Daily ! X i S,'t,',' Predicted
I I Test Data ! I . Output
I ! | Precision

I I

Accuracy

Figure 4.1 Architectural diagram of the proposed model
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4.2.1 Algorithm

The pseudocode for the data transformation preprocessing, training, evaluation, feature

engineering, and prediction procedures is provided below.

Pseudocode of the model

1. Input D: original level 3 dataset

2 N: number of the stock

3. DSPV: defined success point value (dynamic)

4 Output O: binary number indicating whether trade based manipulation exists and

subsets of calculated performance metrics (accuracy, F1, sensitivity, specificity,

and recall)
5. preprocess D (preparing, selecting, cleaning, integrating, transforming D)
6. scale D
7. obtain train data, validation data and test data from step 6
8. while (N >0) do
9. N--
10. implement training step \\ to obtain models by using train data (training)
11. test the models with validation data \\ obtain f1 scores related to models
12. do feature engineering \\ obtain better f1 scores related to models
13. f1 = max([F1_scores])
14. \\ evaluation
15. if (f1 > DSPV) then \\ feature set is determined
16. Decide final model engines
17. \\ prediction
18. test the models with test data \\ obtain f1 scores related to models
19. f1 = max([F1_scores])
20. select the model \\ the model of f1 is maximum
21. calculate performance metrics \\ accuracy, f1, sensitivity and recall
22. else
23. \\ feature engineering
24. implement feature engineering step \\ obtain optimum feature subset
25. goto step 10
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26.  end while
27.  Output subset of calculated performance metrics \\ for each stock

4.2.2 Preprocessing

The transactions carried out at this stage include important steps to be taken before our model
is established. These steps consist of defining the problem, understanding the data, and
preparing the data (selecting, cleaning, integrating, and transforming it).

4.2.2.1 Business Understanding

Manipulation, that is, market fraud, involves changing the prices and the market as desired
by fraudulent methods, and to try to divert the market from its natural course and reality. In
other words, manipulation is the process of deliberately trying to change the market prices
of an asset, which is formed by real supply and demand, and to create an artificial,
misleading, and deceptive market. Although there are different types of manipulation, trade-
based manipulations consist only of activities aimed at misleading the market with trading
transactions, artificially influencing the supply and demand of capital market instruments,
creating the impression of an active market presence, and keeping prices at the same level.
It causes changes in the market price via buying and selling transactions in order to increase
or decrease it [41].

In this thesis, the problem of detecting trade-based manipulations in BIST with a machine
learning approach and revealing the factors affecting the manipulation is handled with a
holistic approach.

4.2.2.2 Data Understanding

The first thing when developing a model for solving a problem is to obtain data. Our L3
dataset on stock trading transactions in BIST between 2010 and 2015 includes all details of
the transactions. It includes the stock name, the date and time of the transaction, the identity
of the transaction, the amount and volume of the transaction, and unique identification
numbers that identify the buyer and seller. With the acquisition of the dataset, the data are
examined in general, and the attributes occurring when a trading transaction takes place are

interpreted.
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4.2.2.3 Data Preparation

This phase includes obtaining the data and making them suitable for the machine learning
algorithms that we will use in modeling after the understanding phase. It covers all
operations from the raw data we obtained at the beginning until we receive the final dataset
to be used in modeling. The consecutive steps during the preparation of the data are selecting,

cleaning, integrating, and transforming the data.

4.2.2.3.1 Data Selection

We collected data from the CMB Information Systems database. The L3 dataset we obtained
includes stock transactions that took place in BIST between 2010 and 2015. We picked 20
of the manipulated stocks with the highest manipulated period and conducted our study with

a subset of the large dataset.

4.2.2.3.2 Data Cleaning

In this phase, it is aimed to improve data quality by identifying and correcting inconsistencies
and errors (invalid data, incorrectly entered data, duplicate data). Since our dataset consists
of real transaction data that took place in BIST, data cleaning is not needed, but there are
repeated records of some transactions. Each transaction record is kept with unique identity
information and these repeated records are identified according to their identification

numbers and removed.

4.2.2.3.3 Data Integration

Data obtained from different sources and having similar characteristics or related data are
combined. Since our dataset was created from a single data source, this step did not need to

be applied.

4.2.2.3.4 Data Transformation

This involves the conversion of the available data into a format suitable for modeling, and
the types generally used are merging, scaling, and variable creation. We performed variable
creation and merging from data transformation types in the preprocessing step, and scaling

for our dataset in the next step (scaling).
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Creating variables: Our dataset is ordered according to the stock name and the date
of the transaction, and contains many attributes of the transaction data. These
attributes include the name of the stock, the date of the transaction, the unique
identification numbers of the buyer and the seller, the amount and volume
information of the transaction, and whether the buyer or the seller initiated the
transaction. The stocks in our dataset were manipulated between 2010 and 2015, and
the dates of the manipulations are included in the weekly bulletins published by the
CMB. Since the dataset does not include an attribute on which dates the stocks were
manipulated, a new feature called manipulation was defined. The date range in which
each stock was manipulated was obtained from the weekly bulletins, and the
manipulation attribute was filled with 1 in the period when the manipulation took
place, and 0 in the period when the manipulation did not occur.

Merging: The details of the merging operations we performed on our dataset are as
follows:

o Inthe L3 dataset obtained, the transactions regarding the stock are ordered
according to the stock name and the date and time of the transaction, and the
transactions take place in the order of microseconds. Whether there is
manipulation in a transaction is decided not only according to a transaction
that has taken place, but also by evaluating all transactions related to the stock
in question via a holistic approach. While detecting manipulation, CMB
experts use this approach and make their evaluations on a daily basis by
converting transactions that take place in the order of microseconds into daily
transactions. Based on this approach, we obtained a new dataset by
transforming the dataset into daily operations. The attributes in the dataset
obtained and their explanations are given in Table 4.6, and a few examples
of the attributes are as follows:

= trading volume (daily total trading volume),

= amount of transactions (total amount of transactions per day),

= number of buyers (total number of traders making daily purchases)

= number of sellers (total number of traders who make sales

transactions per day)
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Table 4.6 Attributes and descriptions of the dataset generated on a daily basis

Feature

Description

Weighted average price

The weighted average price formed from the beginning of the day at

the end of each transaction

Maximum price

Maximum price of the transaction during the period

Minimum price

Minimum price of the transaction during the period

Volume

The amount of stock in each transaction

Volatility

The natural logarithm of the maximum price and the minimum price

during the period

Number of transactions

Number of transactions during the period

Number of buy

transactions

Number of buying transactions during the period

Number of sell

transactions

Number of selling transactions during the period

Number of price

increasing transactions

Number of transactions for which the price is higher than the previous

transaction price

Volume of price

increasing transactions

Volume of the stock in transactions for which the price is higher than

the previous transaction price

Number of price

decreasing transactions

Number of transactions for which the price is lower than the previous

transaction price

Volume of price

decreasing transactions

Volume of the stock in transaction for which the price is lower than the

previous transaction price

Number of transactions

without effect on price

Number of the transactions for which the price is equal to the previous

transaction price

Volume of transactons

without effect on price

Volume of the stock in transaction for which the price is equal to the

previous transaction price

Number of active buying

transactions

Number of buying transactions for which match the selling transactions

pending in passive buying

Volume of active buying

transactions

Volume of the stock in transaction of in the form of active buying

Number of active selling

transactions

Number of selling transactions for which match the buying transactions

pending in passive selling

Volume of active selling

transactions

Volume of the stock in transactions of in the form of active selling

Number of buyers

Total number of traders of buying transaction
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Feature Description

Number of sellers Total number of traders of selling transaction

This indicates whether manipulation was detected by the administrative

Manipulation (manip) | authority in the stock market in the period: manipulated period ( = 1),

non-manipulated period (= 0)

o Our new dataset is a time series ordered by stock name and date of
transaction. We conducted an exploratory analysis on the dataset. The
number of non-manipulative transactions is approximately 4 times the
number of manipulative ones. In the literature, this is called the imbalanced
data problem. Since we propose a learning-based model, this problem may
affect the performance of our model. To avoid this, as seen in [137], we
adjusted our dataset to be non-manipulated period, manipulated period, and
non-manipulated period on the basis of stocks. Thus, for each capital market
instrument, the number of manipulative transactions and non-manipulative
transactions were adjusted to be 1:2.

o Before modeling with machine learning, we divided our dataset into three
parts: training, validation, and test data. For this separation, we did not
separate the dataset in chronological order. i) We divided our dataset, ordered
by stock and time, into two datasets according to their manipulation values
(0 = manipulation, 1 = no manipulation). ii) We separated both of these
datasets separately as 70% training, 15% validation, and 15% test data. iii)
We obtained 2 training datasets, 2 validation datasets, and 2 test datasets. One
of the training, validation, and testing datasets includes manipulative
operations (manipulation = 1), while the others have non-manipulative
operations (manipulation = 0). All of the datasets we obtained are sorted by
stock and date, and the manipulative training dataset and non-manipulative
training dataset, the manipulative validation dataset and the non-manipulative
validation dataset, and finally the manipulative test dataset and the non-
manipulative test dataset will be ordered according to the stock and time.
Thus, the 70% training, 15% validation, and 15% test data we obtained at the
end became the output of the preprocessing phase.
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4.2.3 Scaling

Scaling is performed in order to put the numerical features in the dataset into a certain order.
The large imbalances among the features in the datasets may result in the large-valued
features having a greater effect on the target variable. If there are very large numerical
differences between the features in the datasets, the scaling operations performed contribute
positively to the performance of the model. In other words, scaling operations are performed
to bring all attributes to the same position in order to prevent numerical attributes in a dataset
from getting ahead of other attributes during the training phase. Generally, scaling is applied

in 2 ways, min-max and standard.

Min-max scaling, or minimum-maximum normalization, is the scaling of the features to a
range of 0-1 and after this the maximum value of the data contained in the features is 1 and
the minimum value is 0. Standard scaling is used more widely and is a statistical data
transformation technique. By scaling the mean values of the features to be 0 and the standard
deviation values to be 1, all values in the dataset will have a minimum value of -1 and a

maximum value of 1.

The training, validation, and test datasets we received as input from the preprocessing phase
were scaled by both methods at this stage. The outputs of this phase are 2 scaled training, 2
validation, and 2 test data, as shown in Figure 4.1. The test data are set aside to be used in

testing the model at the prediction stage and will be input to the prediction stage.

4.2.4 Training

A large part of machine learning is training. In this stage, a model is formed for the solution
of the machine learning problem by running a supervised machine learning algorithm on a
dataset. The machine learning algorithm learns using the inputs and outputs of the training
dataset; in other words, the model is formed. There are two main elements in the model
formed by the completion of the learning phase: the weight and constant values of the

attributes.

y=mx*xx+b (4.1)
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Let the y line specified in equation (4.1) be our model to be created with the machine learning
approach. Here, let x be the input value, m be the slope of the y line, b be the value that cuts
the y line, and y be our output value. The values learned (trained) with the machine learning
approach are m and b values. There is no other way to affect the position of the line, because

the other variables are just our input x and our output y.

The dataset we used has many features and the effects of each on the manipulation variable
are different. These effects are expressed as in equation (6.18) with the weights and constant
values above for each feature. With the model created, an equation of (4.1) for each attribute
will be obtained. In other words, we are trying to determine the weights and fixed values of
the features with the model developed by the machine learning approach. The determined
weights and fixed values build our model. Since we have more than one attribute, the weight
and constant variables (w, b) are vectors. In addition, the success of the model is closely
related to the machine learning algorithm used and the quality of the training dataset.

Fourteen different models were built after running DTC, LR, KNN, RF, NB, SVM, and ANN
on 2 training datasets scaled with min-max and standard, which we received as input from
the scaling during the training. Details of these models and the training phase are given in
Figure 4.2.

Scaled Train Data

Minmax Scaled Standard Scaled
Train Data Train Data
: Training
|
I | Learning Algorithms
|
|
|
i DTC LR i KNN ' RF NB SVM ANN
|
i
|
|

Models[1.]14]
A4 v A4 v v A4 v v v v v v v

Model Engines

Figure 4.2 Details of building models
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4.25 Evaluation

The performances of 14 machine learning models, which are the input of the evaluation
stage, developed to detect trade-based manipulations taking place in BIST, are evaluated.
Although the main purpose is to detect manipulations in the stock market, we used the f1
score, the most appropriate metric, since we also want an accurate classification for the non-

manipulation period.

In machine learning studies, there are many features in the datasets and the effects of each
feature on the output value differ. Some of the features in the datasets have a negative effect
on the output value or no positive effect. Thus, removing the features that have effects can
increase the model’s performance. These processes are explained in the next section, they
are expressed as feature engineering, and it is decided which features will be included in our
models. As shown in Figure 4.1, the evaluation phase is completed by the feature engineering
phase and then the training phase.

We obtained the f1 score values of the models by testing 14 machine learning models, the
output of the training phase, which is also the input of this phase, and 2 scaled validation
data (15% of our dataset), which is another input. We performed feature engineering to
improve the f1 score values of our models. After the feature engineering, the training phase
was performed again and we obtained 14 new machine learning models. We achieved new
f1 scores by testing these models with revalidation data. We continued feature engineering
and training until we got the best f1 scores for our models. After that, this stage was
completed and the attributes of our models were determined. As the output of this stage and
the input of the prediction stage, 14 machine learning models were built and their attributes

were determined.

4.2.6 Feature Engineering

In the machine learning literature, feature engineering involves removing the features that
have no effect or a negative effect on the output variable, instead of using all the features in
the dataset. By applying feature engineering, we determined the features that have no or
negative effect on the manipulation output variable and thus increased the performance of

our models by removing these features. These operations are valid for supervised machine
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learning algorithms other than ANN, and feature selection is performed automatically in the
ANN algorithm.
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Figure 4.3 Effects of attributes

The effects of the attributes in the dataset on the manipulation output variable are shown in
Figure 4.3. It is clear that the weighted average price, minimum price, and maximum price

are the 3 most important attributes for trade-based manipulation detection.

It is important here is to determine which features other than these 3 should be selected for
our models detecting manipulation. To select the other features, we repeated the evaluation,
feature engineering, and training stages. The actions we perform at these stages are as

follows:
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1. The f1 scores obtained by testing the machine learning algorithms with the validation
data were evaluated. Next, feature engineering was carried out by trial and error until
the best f1 score was obtained.

2. After the evaluation, feature engineering was carried out, and the features that were
not effective in detecting manipulation were determined by trial and error and
removed.

3. After the feature engineering phase, some features were removed from the dataset,

and the training phase was performed again to build new models.

After the evaluation, feature engineering and training stages were carried out repeatedly and
the features to be found in our models were determined. Next, it was determined by trial and
error that the first 12 features shown in Figure 4.3 were the most important features for the
manipulation output variable. Accordingly, the attributes to be included in the models
created for the detection of trade-based manipulations are as follows: weighted average
price, minimum price, maximum price, volume of active selling transactions, volume of
without effect transactions in price, volume, volume of price decreasing transactions, volume
of price increasing transactions, volume of active buying transactions, number of price

decreasing transactions, volatility, and number of price increasing transactions.

4.2.7 Prediction

We explained the working principle of the proposed model in order to detect the trade-based
manipulations in BIST between 2010 and 2015. Our proposed model predicts whether the
transaction it receives as input is manipulative. The processes performed consecutively at
this stage are given below:
1. As aresult of running 7 supervised machine learning classification algorithms on 2
different datasets scaled according to min-max and standard, we have 14 models.
These models are the output of the evaluation phase and the input of the prediction
phase and they have been tested with the scaled test data set aside during the scaling
phase.
2. Our test data, like other training and validation data, are sorted by stock and date and
testing is done on a per stock basis.
3. The f1 scores of each model were obtained in the test processes performed on the

basis of stocks. In this case, there are 14 scores for each stock.
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4. The f1 scores obtained for a stock are shown in Table 4.7. There are 2 different scores

for each model. For example, the DTC_mm model is built by running the DTC on
the dataset scaled according to min-max, and DTC_s model is built by running it on
the dataset scaled according to standard. As a result of testing the DTC_mm and

DTC_s models with test data, f1_1 and f1_2 score values were obtained.

Table 4.7 F1 score list based on stocks

Model Scaling F1 Score
List Method List |
1. DTC_mm Minmax F1.1 I
2.DTC s Standard F1.2 I
3.LR_mm Minmax F13 I
4.LR s Standard F1 4
5. KNN_mm Minmax F1 5
6. KNN_s Standard F1 6
7. RF_mm Minmax F1 7
8.RF_s Standard F18 I
9. NB_mm Minmax F19 I
10. NB_s Standard F1 10
11. SVM_mm Minmax F1 11
12. SVM s Standard F1 12
13. ANN_mm Minmax F1 13
14. ANN_s Standard F1 14

5. Our proposed model selects the model with the highest value from the f1 score list

obtained on a per stock basis. Thus, the model with the best f1 value is selected for
each stock. These selected models are listed in Table 4.7 and may consist of different
supervised machine learning algorithms.

As the output of this phase, we get a value of 0 or 1 to show whether there is daily
trade-based manipulation on a stock basis. An output value of 0 indicates that there
is no manipulation in the stock in question, while 1 indicates that manipulation has
taken place. In addition, the performance metric values (f1, sensitivity, specificity,
precision, recall, and accuracy) of the selected model are presented with the output

value.
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4.2.8 Program Output

It is important to find solutions to the problems encountered while developing applications
in machine learning. Thus, it is necessary to determine the environment and programming
language in which the applications will be developed. The open source language Python is
used in most studies on machine learning. An interface was developed using Python. Python
is used on the Anaconda platform, an integrated platform prepared for those using Python or
R for application development in areas such as data science and machine learning, and
includes many ready-made packages. In addition to libraries that are frequently used in data
science, machine learning, and artificial intelligence studies, this platform also includes

development tools such as Spyder and Jupiter Notebook. Spyder was used herein.

The interface shows to what extent the proposed model can detect manipulations in the

selected stock visually and numerically (Figure 4.4).
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The explanations of the program output shown in Figure 4.4 are as follows, consecutively:

1.
2.

Selection of the stock.
Information about the training, validation, and test datasets for the selected stock.
a. Number of manipulative and non-manipulative transactions in the training
dataset.
b. Number of manipulative and non-manipulative transactions in the validation
dataset.
c. Number of manipulative and non-manipulative transactions in the test
dataset.
Drawing the daily volume—price graph of the selected stock.
a. The days of trade-based manipulations are shown with red dots.
b. There is a sudden increase or decrease in the trading volume and price on the
days when the manipulation takes place (dots with red dots).
It is a summary of the prediction phase, and the f1 values obtained as a result of
testing the 14 models obtained after the evaluation phase with the test data are shown.
A confusion matrix example is given for the model chosen according to the model
proposed in the prediction phase. The confusion matrices for the proposed model
obtained are included in the appendix at the end of the thesis.
It shows the performance metrics of the selected model according to the model

proposed in the prediction phase.
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5 EXPERIMENTAL ANALYSIS

Our model consists of DTC, LR, KNN, RF, NB, SVM, and ANN. Transactions subject to
trade-based manipulations in 2010-2015 were used as the dataset, which was obtained raw
from the CMB Information Systems database. We used a methodology similar to CRISP-
DM consisting of 6 steps. The preprocessing step includes the operations we perform on the
dataset. The processes of defining the problem and understanding, preparing, selecting,
cleaning, integrating, and transforming the data are performed in this step. In the scaling
stage, the values of the numerical features in the dataset were scaled to a certain value range
to prevent the features with higher numerical values in the dataset from gaining superiority
over other features in the modeling stage. The training phase is the modeling phase and
models are built for solving the defined problem. The evaluation and feature engineering
stages are related. In the evaluation stage, the f1 scores are obtained by testing the model
with the validation data and then these scores are evaluated. The prediction phase is where
the approach of our proposed model is explained and it is the last step of our methodology.
In this step, the final version of the models obtained in the evaluation phase is tested with
the test data and a binary number (0 or 1) is output. If the output values are 0, there is no
manipulation; if it is 1, manipulation has taken place. At this stage, performance metrics for
our proposed model are presented by comparing the obtained 0 and 1 output numbers with

the actual 0 and 1 output numbers in our dataset.

In this section, the performances of the models are presented in tables, both on the basis of
stocks and the average values of the performance metrics for the whole dataset. As described
in the previous section, we obtained two different f1 scores, that is, two different models,
since the models obtained in the evaluation phase were tested with two different test datasets
on a stock basis. Using the approach in our model, the tables in this section present the model
with the best f1 score per stock. The performance metrics (f1 score, precision, sensitivity,
specificity, accuracy) of the model are shown on a per stock basis. In addition, the
performance metrics with the highest values on a column basis are shown in bold, while
those with the lowest values are shown in italics and underlined. The last column contains
the data scaling method used while building the model. In the last line, the average
performance metric values are shown in red, considering all the stocks in the model's dataset.
At the end of this section, f1 is compared between our model and the supervised machine
learning models DTC, LR, KNN, RF, NB, SVM, and ANN.
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Table 5.1 shows the performance metrics obtained by testing the trained model using the
DTC. The values obtained by testing all stocks in the dataset with the model built using only
the DTC are as follows:

* F1 score: 0.70

* Precision: 0.65

* Sensitivity: 0.79

* Specificity: 0.74

* Accuracy: 0.75

Table 5.1 Test results for the model created using the DTC algorithm

Stock F1 | Precision | Sensitivity | Specificity | Accuracy | Feature I

Name | Score Scaling
Stockl 0.83 0.88 0.78 0.79 0.78 Standard l
Stock2 0.71 0.66 0.76 0.80 0.78 Standard l
Stock3 0.76 0.76 0.76 0.88 0.84 Standard
Stock4 0.76 0.65 0.90 0.76 0.80 Standard
Stock5 0.55 0.38 1.00 0.17 0.45 MinMax
Stock6 0.78 0.75 0.81 0.86 0.84 Standard
Stock7 0.64 0.66 0.62 0.84 0.76 Standard
Stock8 0.78 0.76 0.81 0.87 0.85 Standard
Stock9 0.72 0.76 0.69 0.89 0.82 Standard
Stock10 | 0.68 0.62 0.76 0.77 0.76 Standard
Stock1l | 0.68 0.52 1.00 0.52 0.68 MinMax
Stock12 | 0.61 0.54 0.70 0.71 0.70 Standard
Stock13 | 0.61 0.61 0.61 0.80 0.73 Standard
Stock14 | 0.65 0.60 0.71 0.76 0.74 MinMax
Stock15 | 0.59 0.53 0.66 0.70 0.68 Standard
Stock16 | 0.70 0.63 0.80 0.77 0.77 Standard
Stock17 | 0.80 0.76 0.86 0.86 0.86 Standard
Stock18 | 0.75 0.71 0.78 0.84 0.82 MinMax
Stock19 | 0.82 0.88 0.76 0.95 0.88 Standard
Stock20 | 0.59 0.42 1.00 0.32 0.54 MinMax
Avg 0.70 0.65 0.79 0.74 0.75

The data scaling column in Table 5.1 shows that standard scaling is chosen 15 times and
minmax scaling 5 times, showing that standard scaling is more appropriate for this model.
The highest f1 score value is 0.83, the highest accuracy value is 0.88, the lowest f1 score

value is 0.55, and the lowest accuracy value is 0.45.
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Table 5.2 shows the performance metrics obtained by testing the trained model using the
LR. The values obtained by testing all stocks in the dataset with the model built using only
the LR are as follows:

* F1 score: 0.82

* Precision: 0.85

* Sensitivity: 0.83

* Specificity: 0.89

* Accuracy: 0.87

Table 5.2 Test results for the model created using the LR algorithm

Stock F1 | Precision | Sensitivity | Specificity | Accuracy | Feature I

Name | Score Scaling
Stockl | 0.91 0.91 0.91 0.96 0.94 Standard l
Stock2 | 0.76 0.76 0.76 0.88 0.84 Standard l
Stock3 | 0.80 0.90 0.71 0.96 0.88 Standard l
Stock4 | 091 | 0.84 1.00 0.90 093 | Minmax ||
Stock5 | 0.68 0.90 0.55 0.97 0.83 Standard l
Stock6 0.95 1.00 0.90 1.00 0.96 Standard
Stock7 0.88 1.00 0.79 1.00 0.93 Standard
Stock8 | 0.94 0.88 1.00 0.94 0.95 Minmax
Stock9 | 0.80 0.94 0.69 0.98 0.88 Standard
Stock10 | 0.83 0.90 0.76 0.96 0.89 Standard
Stock1l | 0.52 0.35 1.00 0.04 0.37 Minmax
Stock12 | 0.77 0.85 0.70 0.94 0.86 Standard
Stock13 | 0.92 0.85 1.00 0.91 0.94 Standard
Stock14 | 0.95 0.91 1.00 0.95 0.96 Minmax
Stock15 | 0.82 0.70 1.00 0.78 0.85 Minmax
Stock16 | 0.57 1.00 0.40 1.00 0.80 Standard
Stock17 | 0.91 0.87 0.95 0.93 0.93 Standard
Stock18 | 0.90 0.82 1.00 0.89 0.92 Minmax
Stock19 | 0.87 0.90 0.85 0.95 0.91 Standard
Stock20 | 0.66 0.76 0.59 0.90 0.80 Standard
Avg 0.82 0.85 0.83 0.89 0.87

The data scaling column in Table 5.2 shows that standard scaling is chosen 14 times and
minmax scaling 6 times, showing that standard scaling is more appropriate for this model.
The highest f1 score value is 0.86, the highest accuracy value is 0.90, the lowest f1 score

value is 0.42, and the lowest accuracy value is 0.47.
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Table 5.3 shows the performance metrics obtained by testing the trained model using the
KNN. The values obtained by testing all stocks in the dataset with the model built using only
the KNN are as follows:

* F1 score: 0.69

* Precision: 0.67

* Sensitivity: 0.76

* Specificity: 0.76

* Accuracy: 0.76

Table 5.3 Test results for the model created using the KNN algorithm

Stock F1 | Precision | Sensitivity | Specificity | Accuracy | Feature I

Name | Score Scaling
Stockl | 0.78 0.94 0.66 0.98 0.87 Standard l
Stock2 | 050 | 0.37 0.76 0.32 047 | MinMax |
Stock3 | 0.67 0.65 0.69 0.82 0.77 Standard l
Stock4 | 0.68 0.70 0.66 0.86 0.79 MinMax l
Stock5 | 0.66 0.61 0.72 0.77 0.75 Standard l
Stock6 0.84 1.00 0.72 1.00 0.90 Standard
Stock7 | 0.65 0.73 0.58 0.89 0.79 Standard
Stock8 | 0.72 0.70 0.75 0.84 0.80 Standard
Stock9 | 0.83 0.80 0.86 0.89 0.88 MinMax
Stock10 | 0.70 0.77 0.65 0.90 0.82 Standard
Stock1l | 0.66 0.52 0.91 0.57 0.68 MinMax
Stock12 | 0.66 0.51 0.94 0.56 0.68 MinMax
Stock13 | 0.69 0.54 0.94 0.60 0.71 MinMax
Stock14 | 0.71 0.71 0.71 0.85 0.80 MinMax
Stock15 | 0.42 0.37 0.50 0.57 0.54 MinMax
Stock16 | 0.77 0.75 0.80 0.87 0.84 Standard
Stock17 | 0.86 0.83 0.90 0.91 0.90 Standard
Stock18 | 0.78 0.92 0.68 0.97 0.87 MinMax
Stock19 | 0.73 0.58 1.00 0.63 0.75 MinMax
Stock20 | 0.51 0.39 0.71 0.44 0.53 MinMax
Avg 0.69 0.67 0.76 0.76 0.76

The data scaling column in Table 5.3 shows that standard scaling is chosen 9 times and
minmax scaling 11 times, showing that minmax scaling is more appropriate for this model.
The highest f1 score value is 0.86, the highest accuracy value is 0.90, the lowest f1 score

value is 0.42, and the lowest accuracy value is 0.47.
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Table 5.4 shows the performance metrics obtained by testing the trained model using the RF.
The values obtained by testing all stocks in the dataset with the model built using only the
RF are as follows:

* F1 score: 0.70

* Precision: 0.93

* Sensitivity: 0.58

* Specificity: 0.97

* Accuracy: 0.83

Table 5.4 Test results for the model created using the RF algorithm

Stock F1 | Precision | Sensitivity | Specificity | Accuracy | Feature I

Name | Score Scaling
Stockl | 0.62 | 1.00 0.45 1.00 0.81 | Standard |
Stock2 | 0.81 | 1.00 0.69 1.00 0.89 | Standard |
Stock3 0.83 1.00 0.71 1.00 0.90 Standard l
Stock4 0.80 1.00 0.66 1.00 0.88 Standard l
Stockb 0.66 1.00 0.50 1.00 0.83 Standard l
Stock6 0.90 1.00 0.81 1.00 0.93 Standard
Stock7 0.68 1.00 0.51 1.00 0.83 Standard
Stock8 0.89 1.00 0.81 1.00 0.93 Standard
Stock9 0.64 1.00 0.47 1.00 0.82 Minmax
Stock10 | 0.63 1.00 0.46 1.00 0.82 Standard
Stock1l | 0.34 0.36 0.33 0.70 0.57 Standard
Stock12 | 0.71 0.90 0.58 0.97 0.84 Standard
Stock13 | 0.84 0.93 0.77 0.97 0.90 Standard
Stock14 | 0.64 1.00 0.47 1.00 0.82 Standard
Stock15 | 0.66 1.00 0.50 1.00 0.82 Standard
Stock16 | 0.57 1.00 0.40 1.00 0.80 Standard
Stockl7 | 0.84 1.00 0.72 1.00 0.90 Standard
Stock18 | 0.70 0.80 0.63 0.92 0.82 Minmax
Stock19 | 0.63 0.60 0.66 0.78 0.74 Minmax
Stock20 | 0.60 1.00 0.43 1.00 0.81 Standard
Avg 0.70 0.93 0.58 0.97 0.83

The data scaling column in Table 5.4 shows that standard scaling is chosen 17 times and
minmax scaling 3 times, showing that standard scaling is more appropriate for this model.
The highest f1 score value is 0.89, the highest accuracy value is 0.93, the lowest f1 score

value is 0.34, and the lowest accuracy value is 0.57.
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Table 5.5 shows the performance metrics obtained by testing the trained model using the
NB. The values obtained by testing all stocks in the dataset with the model built using only
the NB are as follows:

* F1 score: 0.85

* Precision: 0.87

* Sensitivity: 0.84

* Specificity: 0.93

* Accuracy: 0.90

Table 5.5 Test results for the model created using the NB algorithm

Stock F1 | Precision | Sensitivity | Specificity | Accuracy | Feature I

Name | Score Scaling
Stockl | 0.88 0.84 0.91 0.91 0.91 Standard |
Stock2 | 0.66 | 0.72 0.61 0.88 078 | Standard |
Stock3 | 0.90 [ 0.82 1.00 0.89 092 | Standard ||
Stock4 0.89 1.00 0.80 1.00 0.93 Standard |
Stock5 0.83 1.00 0.72 1.00 0.90 Standard |
Stock6 0.90 1.00 0.81 1.00 0.93 Standard
Stock7 | 0.81 0.88 0.75 0.95 0.88 Standard
Stock8 0.89 1.00 0.81 1.00 0.93 Standard
Stock9 | 0.73 0.73 0.73 0.87 0.82 Standard
Stock10 | 0.90 0.88 0.92 0.94 0.93 Standard
Stock1l | 0.82 0.70 1.00 0.78 0.85 Standard
Stock12 | 0.94 0.94 0.94 0.97 0.96 Standard
Stock13 | 0.82 0.87 0.77 0.94 0.88 Standard
Stock14 | 0.90 0.86 0.95 0.93 0.93 Minmax
Stock15 | 0.92 0.85 1.00 0.91 0.94 Minmax
Stock16 | 0.83 0.81 0.86 0.90 0.88 Standard
Stock17 | 0.91 0.84 1.00 0.91 0.93 Standard
Stock18 | 0.81 1.00 0.68 1.00 0.89 Standard
Stock19 | 0.90 0.90 0.90 0.95 0.93 Standard
Stock20 | 0.72 0.75 0.68 0.89 0.82 Standard
Avg 0.85 0.87 0.84 0.93 0.90

The data scaling column in Table 5.5 shows that standard scaling is chosen 18 times and
minmax scaling twice, showing that standard scaling is more appropriate for this model. The
highest f1 score value is 0.94, the highest accuracy value is 0.96, the lowest f1 score value

is 0.66, and the lowest accuracy value is 0.78.
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Table 5.6 shows the performance metrics obtained by testing the trained model using the
SVM. The values obtained by testing all stocks in the dataset with the model built using only
the SVM are as follows:

* F1 score: 0.70

* Precision: 0.93

* Sensitivity: 0.58

* Specificity: 0.97

* Accuracy: 0.83

Table 5.6 Test results for the model created using the SVM algorithm

Stock F1 | Precision | Sensitivity | Specificity | Accuracy | Feature
Name | Score Scaling
StocklL | 0.96 | 0.92 1.00 0.95 097 | Minmax ||
Stock2 | 0.88 0.91 0.84 0.96 0.92 Standard l
Stock3 | 0.88 0.79 1.00 0.87 0.91 Minmax l
Stock4 | 0.95 0.95 0.95 0.98 0.96 Standard l
Stocks | 0.78 | 0.64 1.00 0.71 0.81 | Minmax ||
Stock6 | 0.85 0.90 0.81 0.95 0.90 Standard
Stock7 | 0.93 0.90 0.96 0.95 0.95 Minmax
Stock8 0.96 1.00 0.93 1.00 0.97 Minmax
Stock9 | 0.81 0.85 0.78 0.93 0.88 Minmax
Stock10 | 0.96 0.92 1.00 0.96 0.97 Minmax
Stock1l | 0.77 0.63 1.00 0.70 0.80 Minmax
Stock12 | 0.75 0.60 1.00 0.68 0.78 Minmax
Stock13 | 0.66 0.61 0.72 0.77 0.75 Standard
Stock14 | 0.92 1.00 0.85 1.00 0.95 Minmax
Stock15 | 0.73 1.00 0.58 1.00 0.85 Minmax
Stock16 | 0.78 0.65 1.00 0.73 0.82 Minmax
Stockl17 | 0.86 0.75 1.00 0.84 0.89 Minmax
Stock18 | 0.77 1.00 0.63 1.00 0.87 Minmax
Stock19 | 0.95 0.91 1.00 0.95 0.96 Minmax
Stock20 | 0.87 0.78 1.00 0.86 0.90 Minmax

Avg 0.85 0.84 0.90 0.89 0.89

The data scaling column in Table 5.6 shows that standard scaling is chosen 4 times and
minmax scaling 16 times, showing that minmax scaling is more appropriate for this model.
The highest f1 score value is 0.96, the highest accuracy value is 0.97, the lowest f1 score

value is 0.66, and the lowest accuracy value is 0.75.
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Table 5.7 shows the performance metrics obtained by testing the trained model using the
ANN. The values obtained by testing all stocks in the dataset with the model built using only
the ANN are as follows:

* F1 score: 0.86

* Precision: 0.86

* Sensitivity: 0.87

* Specificity: 0.91

* Accuracy: 0.89

Table 5.7 Test results for the model created using the ANN algorithm

Stock F1 | Precision | Sensitivity | Specificity | Accuracy | Feature I

Name | Score Scaling
Stockl | 0.96 0.96 0.96 0.98 0.97 Standard l
Stock2 | 0.80 0.83 0.77 0.92 0.87 Standard l
Stock3 | 0.87 0.88 0.86 0.94 0.91 Standard l
Stock4 | 093 | 087 1.00 0.93 095 | Minmax ||
Stock5 | 0.81 0.93 0.72 0.97 0.89 Standard l
Stock6 | 0.90 1.00 0.82 1.00 0.94 Standard
Stock7 | 0.88 0.87 0.90 0.93 0.92 Standard
Stock8 | 0.97 1.00 0.94 1.00 0.98 Standard
Stock9 | 0.80 0.74 0.87 0.84 0.85 Minmax
Stock10 | 0.91 0.86 0.96 0.92 0.94 Standard
Stock1l | 0.59 0.41 1.00 0.26 0.51 Minmax
Stock12 | 0.80 0.92 0.71 0.97 0.88 Standard
Stock13 | 0.88 0.78 1.00 0.86 0.91 Standard
Stock14 | 0.98 0.95 1.00 0.98 0.98 Minmax
Stock15 | 0.86 1.00 0.75 1.00 0.91 Standard
Stock16 | 0.74 0.83 0.67 0.93 0.84 Standard
Stockl7 | 0.96 0.92 1.00 0.95 0.97 Standard
Stock18 | 0.90 0.83 1.00 0.89 0.93 Minmax
Stock19 | 0.84 0.82 0.86 0.90 0.89 Standard
Stock20 | 0.74 0.84 0.66 0.94 0.84 Standard

Avg 0.86 0.86 0.87 0.91 0.89

The data scaling column in Table 5.7 shows that standard scaling is chosen 4 times and
minmax scaling 16 times, showing that minmax scaling is more appropriate for this model.
The highest f1 score value is 0.97, the highest accuracy value is 0.98, the lowest f1 score

value is 0.59, and the lowest accuracy value is 0.51.
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When we evaluate the tables presented so far in this section together, the average f1 scores
obtained by testing the various machine learning models with test data are as follows: 0.70
with DTC, 0.82 with LR, 0.69 with KNN, 0.70 with RF, 0.85 with NB, 0.85 with SVM, and
0.86 with ANN. Thus, the most successful result for these models can be obtained with ANN
and the most unsuccessful result with KNN.

As explained in the previous section, our model consists of the supervised machine learning
models DTC, LR, KNN, RF, NB, SVM, and ANN, and which of these models our model
will include varies on a stock basis. In other words, while testing on a stock basis, each of
these models is tested with test data and different f1 scores are obtained. Our model selects
the model with the best f1 score. The performance metrics of our model are listed in Table
5.8.

Table 5.8 Test results for the purposed model

Stock | Model F1 | Precision | Sensitivity | Specificity | Accuracy | Feature
Name Name | Score Scaling
Stockl | ANN 0.96 0.96 0.96 0.98 0.97 Standard
Stock2 | SVM 0.88 0.91 0.84 0.96 0.92 Standard
Stock3 NB 0.90 0.82 1.00 0.89 0.92 Standard
Stock4d | SVM 0.95 0.95 0.95 0.98 0.96 Standard
Stock5 NB 0.83 1.00 0.72 1.00 0.90 Standard
Stocké LR 0.95 1.00 0.90 1.00 0.96 Standard
Stock7 | SVM 0.93 0.90 0.96 0.95 0.95 Minmax
Stock8 | ANN 0.97 1.00 0.94 1.00 0.98 Standard
Stock9 | KNN 0.83 0.80 0.86 0.89 0.88 Minmax
Stock10 | SVM 0.96 0.92 1.00 0.96 0.97 Minmax
Stock11 NB 0.82 0.70 1.00 0.78 0.85 Standard
Stock12 NB 0.94 0.94 0.94 0.97 0.96 Standard
Stock13 LR 0.92 0.85 1.00 0.91 0.94 Standard
Stock14 | ANN 0.98 0.95 1.00 0.98 0.98 Minmax
Stock15 NB 0.92 0.85 1.00 0.91 0.94 Minmax
Stock16 NB 0.83 0.81 0.86 0.90 0.88 Standard
Stockl7 | ANN 0.96 0.92 1.00 0.95 0.97 Standard
Stock18 | ANN 0.90 0.83 1.00 0.89 0.93 Minmax
Stock19 | SVM 0.95 0.91 1.00 0.95 0.96 Minmax
Stock20 | SVM 0.87 0.78 1.00 0.86 0.90 Minmax

Avg 0.91 0.89 0.94 0.93 0.93

The values obtained by testing all stocks in the dataset with the model built using the

proposed model are as follows:
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* F1 score: 0.91

* Precision: 0.89
* Sensitivity: 0.94
* Specificity: 0.93
* Accuracy: 0.93

The data scaling column in Table 5.8 reveals that standard scaling was chosen 12 times and
minmax scaling 8 times among the data scaling methods used. The highest f1 score value is
0.98, the highest accuracy value is 0.98, the lowest f1 score value is 0.82, and the lowest
accuracy value is 0.85. The proposed model selected the ANN model 5 times, the SVM
model 6 times, the NB model 6 times, the LR model twice, and the KNN model once, and
the RF and DTC models were never selected. Therefore, it is clear that the ANN, SVM, NB,
and LR models are better than the others for detecting anomalies from daily trading data for
the manipulated stocks.

Table 5.9 shows the performance metrics for manipulation detection of all models described
so far. According to the f1 scores, the order of performance in detecting market manipulation
is KNN, DTC, RF, LR, NB, SVM, ANN, and our model in ascending order. The f1 score of
our model is 5% greater than that of the closest ANN and 21% greater than that of the farthest
KNN. Likewise, the accuracy of our model is 3% greater than that of the NB closest to it
and 18% larger than that of the farthest DTC. The ANN, SVM, NB, and LR models have
very high performance in detecting trade-based manipulation. The f1 score of the ANN is
1% greater than that of the nearest SVM and 14% greater than that of the farthest DTC. The
f1 score of SVM is 16% larger than that of the farthest KNN and has the same values as NB.
The f1 score of NB is 16% greater than that of the farthest KNN. The f1 score of LR is 12%
greater than that of the nearest DTC and RF and 13% greater than that of the farthest KNN.
The f1 score values of DTC and RF are equal to each other and 1% greater than that of KNN.
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Table 5.9 Comparison of the performance of the models

Model Name | F1 Score | Precision | Sensitivity | Specificity | Accuracy

DTC 0.70 0.65 0.79 0.74 0.75

LR 0.82 0.85 0.83 0.89 0.87
KNN 0.69 0.67 0.76 0.76 0.76

RF 0.70 0.93 0.58 0.97 0.83

NB 0.85 0.87 0.84 0.93 0.90
SVM 0.85 0.84 0.90 0.89 0.89
ANN 0.86 0.86 0.87 0.91 0.89
Our Model 0.91 0.89 0.95 0.93 0.93

Figure 5.1 compares the supervised machine learning models to detect the daily trading data
of the manipulated stock used in trade-based manipulation detection, with f1 score values of
82% and above for ANN, LR, NB, and SVM. They perform exceptionally in terms of
precision and accuracy of the performance indexes. Furthermore, Figure 5.1 clearly indicates
that ANN, LR, NB, and SVM are better than DTC, RF, and KNN for market manipulation

detection.
100%
90%
80%
70%
60% m F1 Score
50% m Precision
| Sensitivity
40% m Specificity
30% B Accuracy
20%
10%
0%
DT KNN RF LR NB SVM Our
Model

Figure 5.1 Trade-based manipulation detection performance of machine learning models
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Moreover, our model has a higher f1 score than ANN, LR, NB, and SVM for detecting trade-
based manipulation from the daily data. The experimental results showed that supervised
machine learning models are suitable for daily trading data and have high market
manipulation detection performance such as 86% f1 score, 90% sensitivity, and 90%
accuracy for some supervised machine learning models. As a result of testing the daily
trading data with these algorithms, the f1 scores obtained by the models were KNN 69%,
DTC 70%, RF 70%, LR 82%, NB 85%, SVM 85%, ANN 86%, and our model 91%.
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6 CONCLUSIONS

In this research, trade-based manipulations carried out in the capital market were examined.
Our model consisted of supervised machine learning classification models to detect
manipulations that took place in BIST between 2010 and 2015. We trained our model using
daily trading data of manipulated stocks. The experimental results showed that it performed

well in detecting anomalies from daily trading data.

Our research differs from the studies on manipulation in the literature in the following ways.
First of all, studies on this subject in the literature are mostly theoretical and detect general
manipulation by measuring variables such as volatility, return, quantity, volume, and stock
turnover rate. These values of a manipulated capital market instrument are compared
between the manipulative period and the non-manipulative period. The focus of our study is
to predict whether manipulation has occurred or not. In order to determine manipulation, we
calculated a wide variety of parameters for each stock on a daily basis. These parameters
were not limited to return, amount, and volume data. After detailed analysis of the price
formation rules in the stock markets, we searched for more suitable parameters to detect
trade-based manipulations and included them in our model. For the reasons explained above,
in addition to daily volume, amount, and return data, the effects of the transactions on the
price, and whether the transactions are active or passive were also included. Thus, whether
a transaction increases the price, decreases the price, or occurs at the previous price; number,
volume, and quantities of transactions; and whether buying or selling is an active or passive
transaction were the inputs of our model. Since the main focus of the manipulation in the
stock market is the intraday price changes and the effects of the transactions on the price, it
is important to use of the features of the price effect for the performance of the model.
Secondly, while most of the studies on manipulation use synthetic data, we used transaction
data from BIST between 2010 and 2015. Thirdly, while the features in the dataset used in
other studies are quite limited, our dataset includes all the features related to the transaction
data in BIST. Finally, our explanatory variables for stock market manipulation differ from

those reported in other studies.

We proposed a new model with a machine learning approach for detecting anomalies from
the daily data from manipulated stocks in BIST. The model consists of 7 different supervised

machine learning classification algorithms. We increased the performance of our model by
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using two different scaling methods. We obtained two different training datasets, test and
validation, through two different types of scaling, and we created the model by selecting the
algorithm with the highest performance. Our model is suitable for detecting manipulations
in daily trading data and has high detection performance with 91% f1 score, 95% sensitivity,

and 93% accuracy.

Because of this strong performance, our work will aid regulators, particularly in detecting
stock market manipulations. As a result of this research, stock market manipulations, the
most significant barrier to investors making safe investments in the capital markets, can be
reduced. Thus, transparency and trust, which are the foundations of capital market formation
and development, will be established. Furthermore, it is critical to perform large studies in
the future to study investor behavior patterns, since this will provide fresh insights into
manipulation mechanisms from the perspective of trading behavior. Such insights would
allow far faster detection of trade-based manipulations in the exchange than is currently
attainable with the extant tools. This will make it easier to improve BIST's online

surveillance systems.
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APPENDICES

Appendix 1 — Confusion matrix for the proposed model
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