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FinTech and Stock

Market Behaviors:
The Case of Borsa Istanbul
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ABSTRACT

This chapter examines the effects of high-frequency trading (HFT) and algorithmic
trading (AT) activities, which represent important technological developments in
financial markets in the past two decades, on Borsa Istanbul in terms of volatility.
To clarify stock market behaviors in terms of volatility, asymmetry, and risk return
after the BISTECH transition, the GIR-GARCH-in-Mean and I-GARCH models were
used. The dataset consists of the daily stock return series of the main and sub-sector
indexes of Borsa Istanbul, covering the period from October 24, 2012 to June 1,
2018. Although there are mixed results for the sub-indexes, it is observed that in the
post-BISTECH period, volatility increases significantly in the BIST 100 and BIST
30 indexes, where AT and HFT activities are used more frequently. In particular,
the duration of volatility returns to average after shock increases about seven times
for BIST 100 and about eight times for the BIST 30 in the post-BISTECH period.
Overall, the results indicate that AC and HFT activities may have disruptive effects
on financial markets.
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FinTech and Stock Market Behaviors
INTRODUCTION

In recent years, there has been a significant increase in both high-frequency trading
(HFT) and algorithmic trading (AT) activity in financial markets. Most of the
transaction volume in developed markets is created by HFT. Despite this rapid
increase in AT and HFT activities, our knowledge about their effects on financial
markets is limited. Some researchers say that these developments have benefits
like price discovery efficiency, while others note that they may lead to an increase
in volatility and adverse selection problems. Although these debates continue, this
technological transformation, which began in the U.S. in the 1990s, has spread
rapidly to developing countries in recent years. In parallel with these developments,
Borsa Istanbul and NASDAQ signed a strategic cooperation agreement in 2014.
The first stage of the “Technology Transformation Program” is called BISTECH,
a stock market transaction system that was put into operation in 2015, along with
Genium INET software and other technological components. The first stage of
BISTECH, which consists of many large-scale and years-long programs, was putinto
practice on November 30, 2015. Borsa Istanbul and NASDAQ announced that Borsa
Istanbul has started to use nine leading technologies, including transaction systems,
data distribution, index calculation, market surveillance, reporting, and pre- and
post-transaction risk management. With the BISTECH Project, Borsa Istanbul has
increased the number of orders processed from 4,000 messages to 100,000 messages
per second, and the transmission speed of orders has decreased from 1 millisecond to
100 microseconds with the FIX standard protocol. The second phase of the program,
the Futures and Options Market (VIOP), began operating on the BISTECH system
on March 6, 2017. According to policymakers, these transformations are expected
to lead to a reliable, high-performance, fast and multi-instrumental structure in the
VIOP. The VIOP, which complies with international standards in terms of technical
features, is becoming an international market where investors can use the existing
technological systems of foreign institutional investors, which operate by using a
similar technological infrastructure.

Although these technological innovations can provide advantages such as increased
liquidity, reduced transaction costs and increased competition, high-frequency
trading and algorithmic trading may have some negative effects on other market
participants. These effects could include the adverse selection problem, increased
trading volume and market volatility. Since the introduction of AT strategies, the
limit order submissions and cancellations as well as intraday price volatility have
increased in some markets (Hagstromer and Norden, 2013). AT might also increase
volatility because many algorithms are similar, and therefore their trades are highly
correlated, as suggested by Chaboud et al. (2014) and Kalejian and Mukerji (2016).
Another concern about HFT activities is that they may increase price movements
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in a stock market and thus disrupt stability in financial markets. Consequently,
understanding the effects of HFT on stock volatility can provide information on
controlling the activities of these traders.

According to Martinez and Rosu (2013), an increase in trading volume and
market volatility is desirable as long as HFT boosts the efficiency of market pricing
by using available information immediately. Brogaard et al. (2014) stress that the
main concern about HFT is the possibility of creating market instability, but there
is no evidence in their work regarding that point. In Brogaard’s 2010 and 2012
studies, no evidence is obtained that HFT increases market volatility. Jones (2013),
who reviews the theoretical and empirical literature, classifies the positive effects
generated by HFT, while also emphasizing that the negative effects of HFT could
not be determined in most of the prior studies. The author also adds that stock price
instability may negatively occur during periods of unexpected volatility. However,
Zhang (2010) finds some evidence that the stocks with higher HFT ratios increase
volatility. Biais and Woolley (2011) list the potential negative effects of HFT as
follows: (i) it may lead to manipulation in various forms; (ii) adverse selection can
arise because non-HFT traders are slower and less informed than HFT traders;
(iii) there can be imperfect competition resulting from the high fixed costs of the
infrastructure of the HFT; (iv) there could be an increase in systemic risk resulting
from HFT activities having similar strategies. Although there is more evidence in
the literature supporting the positive effects of HTF, the concerns mentioned above
have not yet been fully addressed.

Furthermore, almost all the studies discussed in the literature analyze developed
markets. HFT and AC activities are a relatively new phenomenon for emerging
markets. The relevant literature does not say anything about the effects of HFT and
AC in those countries that have different economic and market foundations. Despite
the fact that the studies on developed markets are generally presented as evidence of
the advantages of HFT and AC, the impact of these activities on emerging markets
may be quite different. Therefore, more evidence is needed on developing countries
in order to understand the effects of HFT and AT activities more clearly. According
to our observations on Turkey, which is an emerging market, stock market volatility
has increased in the BIST 30 (the 30 largest companies listed on Borsa Istanbul)
and BIST 100 indexes (the 100 largest companies listed on Borsa Istanbul), as well
as some specific stocks after the transition to the BISTECH system. Abnormal
movements, especially in the stock prices of companies in the BIST 30, which
have had relatively low volatility levels for years, were observed during this period.
Most traders and analysts say that these movements are largely caused by the newly
introduced algorithms. All these observations make us skeptical concerning some
findings in the literature. For this reason, this study is based on the idea that the
technological developments that occurred in Borsa Istanbul may also have had some
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disruptive effects. In this sense, the study analyzes how stock market behaviors
were affected by the introduction of HFT and AT transactions in Borsa Istanbul.
More specifically, it focuses on comparing volatility, risk, return and asymmetry
behaviors before and after the implementation of BISTECH. Unlike in other studies,
a long-term and macro perspective is preferred. The risk, return and asymmetry
issues have not been examined before by taking into account HFT in Borsa Istanbul.
Therefore, this study allows for a deeper understanding of the effects of HFT on
the stock market of a developing country, and a comparison of the results obtained
from this developing country with developed countries.

In order toreveal how stock market behaviors changed in the post-BISTECH period,
we use daily price data for the main and 15 sub-sector indexes in Borsa Istanbul.
The dataset covers the period from October 24, 2012 to June 1, 2018. The study
uses the GJR-GARCH-in-Mean approach to model further empirical investigation of
volatility. GJR-GARCH-in-Mean makes it possible to simultaneously capture both
the risk premium and asymmetry. In addition, we check the GJR-GARCH-in-Mean
model’s findings on volatility using the -GARCH method.

Our results suggest that the impact of volatility of the previous period on current
volatility increases for most of the indexes in the post-BISTECH period. The
I-GARCH model does not reveal that the effects of shocks on volatility have changed
significantly, but the GIR-GARCH-in-Mean model shows that there are significant
changes in the impact of sudden shocks on volatility for sub-indexes in the post-
BISTECH period. Also, the existence of asymmetries for mostindexes is determined
in both periods. We observe that the risk return relationship has changed for most
indexes in the post-BISTECH. The findings on BIST 100 and BIST 30 show us that
volatility increases significantly in these indexes for the post-BISTECH period. In
particular, the duration of volatility returns to average after shock increases about
7 times for BIST 100 and about 8 times for BIST 30 after the BISTECH transition.

Although the findings from the GJIR-GARCH-in-Mean model do not allow for
a definite judgment, the volatility of the BIST 30 and BIST Banks indexes, which
are considered to be more intensive in HFT and AT activities, seems to increase.
However, the results are not very generalizable and need to be supported by further
research. This study is designed as follows: Section Il reviews the literature on HFT
and AT activities in stock markets. Section III identifies the model and data. Section
IV deals with the model estimates and the last section is the conclusion.
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BACKGROUND ON HIGH-FREQUENCY
TRADING AND ALGORITHMIC TRADING

Empirical studies on AT and HFT discuss their effects on different dimensions such
as price discovery, adverse selection, price spreads, market quality, liquidity and the
volatility of asset prices. In addition, most of these studies focus on the short-term
consequences of AT and HFT, and the two concepts are often used interchangeably.
However, HFT and AT are different concepts. AT is defined as “the use of computer
algorithms to automatically make trading decisions, submit orders, and manage
those orders after submission” (Hendershott and Riordan, 2009). Both HFT and
AT use automatic decision mechanisms generated by computers, but these two
concepts are different from one another in terms of the duration of the positions.
Positions are preserved for a very short time in HFT and are usually closed at the
end of the day. There is no such a restriction for AT, and so HFT is actually a type
of AT (Brogaard, 2010). For this reason, the studies examining the effects of AT
and HFT in the literature are categorized separately. In the last part of this section,
the findings on studies that analyze the effects of AT and HFT on stock market and
price volatility are evaluated.

Hendershott et al. (2011) assess the impact of algorithmic trading on market
quality and especially on liquidity for NYSE stocks, using I'V regressions and data
from February 2001 to December 2005. They find that algorithmic trading improves
liquidity for large-cap stocks. Statistically significant results cannot be obtained
for small-cap stocks. Furthermore, AT narrows spreads, while also reducing price
discovery and adverse selection. Hendershott and Riordan (2013) focus on the role
of algorithmic traders on the liquidity supply and demand by using data from a total
of 13 days, between January 1 and January 18, 2008, for 30 Deutscher Aktien Index
stocks. Their findings are based on probit regression estimations. They conclude that
algorithmic traders are likely to reduce liquidity volatility, as they provide liquidity
when it is expensive, and algorithmic traders consume liquidity when it is cheap.
Chaboud et al. (2014) examine the impact of algorithmic trading on price discovery
for three currency pairs: euro-dollar, dollar-yen and euro-yen in the global foreign
exchange market by using a structural VAR model and Granger causality tests.
Using the three major currencies, and HFT data from 2003-2007, the authors find
that AT reduces arbitrage opportunities and high-frequency excess volatility, thus
improving price efficiency. However, high correlations between different traders’
AT strategies lead to excess volatility. Frino et al. (2017a) investigate the effect of
earnings announcements on trading activities. Their dataset is obtained from the
Australian Securities Exchange (ASX) for the period October 27, 2008 to October
23, 2009. The authors calculate cumulative average returns and cumulative adjusted
average returns to study asymmetries. They also use the (vector autoregressive
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model) VAR model to examine the relationship between AT and non-AT volume
balances and returns. Analyses were conducted for both algorithmic and non-
algorithmic trades in the periods immediately before and after corporate earnings
announcements. As a result, they state that the algorithms react more quickly and
accurately than non-algorithmic traders and thus increase market efficiency. Frino
et al. (2017b) examine the effect of algorithmic trading on market liquidity during
the high information asymmetry periods for Borsa Italiana. Their dataset covers
the period from August 2, 2009 to November 20, 2012 for 35 FTSE MIB stocks.
They first calculate different proxies for AT, then provide summary statistics and
use the regression method. The authors highlight that market depth decreases and
bid-ask spreads widen in the pre-AT period, while bid-ask spreads do not change
and market depth does not decrease in the post-AT period. As a result, it is noted
that AT increases market liquidity during periods of high information asymmetry.

Brogaard et al. (2014) focus on the impact of HFT trading, as well as price
discovery and price efficiency during days of high permananent volatility. The authors
analyze 120 randomly selected stocks for 2008 and 2009 listed on NASDAQ and
the NYSE. Their estimations are based on correlation analysis and the state space
model. The findings of the study indicate that HTFs generally reduce temporary
pricing errors while facilitating price efficiency. Despite the debate on whether
HFTs may lead to market instability, there is no direct evidence in the study that
HFTs contribute to market instability. In another study investigating the effects
of high-frequency trading on the foreign exchange market, Manahov et al. (2014)
analyze the effects of HTF in terms of technical analysis and market efficiency.
They perform AR-GARCH model and K nearest neighbor model based on Strongly
Typed Genetic Programming (STGP), using data from August 27, 2012 at 10 pm
(GMT) to February 12, 2013 at 10:59 am (GMT). The authors, working with the
currency pairs EUR/USD, USD/JIPY, GBP/USD, AUD/USD, USD/CHF and USD/
CAD, conclude that HFT improves market efficiency, and it is important in the price
discovery process in terms of increasing information and reducing pricing errors.
Aitken et al. (2015) examine the relationship between HFT and end-of-day price
dislocation in 22 stock markets, including in Australia, Canada, China (Shanghai
and Shenzhen), Germany, Hong Kong, India (Bombay and the National Stock
Exchange of India), Japan, Korea (KOSDAQ and Korea Stock Exchange), Malaysia,
New Zealand, Norway, Singapore, South Korea, Sweden, Switzerland, Taiwan, the
U.K. and the U.S. (NASDAQ and NYSE) for the January 2003—June 2011 period.
According to their panel data estimations, they suggest that the presence of HFT
reduces the frequency and severity of end-of-day price dislocation. Conrad et al.
(2015) investigate the relationship between high-frequency quotation and the behavior
of stock prices for the 2009—2011 period in the U.S., and for the 300 largest stocks
on the Tokyo Stock Exchange. They design unconditional tests to provide cross-
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sectional evidence and use a reduced VAR model for different market types. They
emphasize that the presence of high-frequency quotes reduces trading costs while
improving liquidity and price efficiency. Jain et al. (2016) examine whether high-
frequency quoting and trading (HFQ) increases systemic risks for 150 stocks on the
Tokyo Stock Exchange. The Arrowhead high-speed trading platform was introduced
in Tokyo on January 2010. The sample is divided into two sub-samples, covering
the pre- and post-Arrowhead periods. The authors test the impact of the Arrowhead
platform by using multiple regression models after they calculate systemic risk
through the value at risk (VaR) and ACoVaR methods. It is observed that liquidity
improves after the introduction of the Arrowhead high-speed trading platform.
However, this platform increases shock propagation risk and quote-stuffing risk.
The Arrowhead platform leads to systemic risk based on two different measures
in study. Baron et al. (2017), meanwhile, use data on the 25 largest Swedish stocks
from January 4, 2010 to December 30, 2014, focusing on the role of competition
among high-frequency traders. They estimate regression models using ordinary
least squares (OLS) and probit regressions. The study shows that faster HFT firms
earn more trading revenues than others. Moreover, the faster HFTs capture more
trading opportunities and obtain more risk-adjusted revenues.

When we look at the effects of AC and HFT on volatility, mixed and contradictory
results are observed in the literature. Gsell (2008), one of the earliest studies
investigating the effects of algorithmic trading on markets, focuses on price
formation and price volatility through the simulation approach. The study implies
that low latency leads to lower market volatility, and large volumes to execute by
the algorithmic trader negatively affect market prices. Zhang (2010), examining
the effects of high-frequency trading on stock price volatility and price discovery
in the U.S. capital market, generally provides evidence on the potentially harmful
effects of HFT. He estimates a fixed-effect model by using quarterly data containing
391,013 firm-quarter observations from 1985Q1 to 2009Q2. He finds a positive
correlation between HFT and stock price volatility. This positive correlation is
larger for stocks with high institutional holdings and for those among the top 3,000
stocks in market capitalization. When HFT volume is high, stock prices overreact to
news about firm fundamentals. Therefore, it is suggested that HFT is weak when it
comes to transferring information about firm fundamentals to asset prices. Brogaard
(2010) analyzes the impact of high-frequency traders on the U.S. equity market.
The dataset covers 2008 and 2009 years, as well as the period from February 22,
2010 to February 26, 2010 for 120 stocks. The findings, which come from OLS
regressions and ordered logit regressions, point to HFTs contributing to the price
discovery process and providing the best bid and offer quotes. In the study, it is also
stated that HFTs do not increase volatility but in fact can reduce it. On days when
volatility is high, HFT trading levels show little change. Kirilenko et al. (2011),
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examining the effects of HTFs in the Flash Crash event in E-mini S&P 500 stock
index futures on May 6, 2010, emphasize that HFTs accelerated downward price
movements during the Flash Crash. The regression estimates are based on data from
May 3, 2010 through May 6, 2010. The authors also state that HFTs did not trigger
the Flash Crash but increased market volatility. In another study analyzing whether
algorithmic trading activities increase volatility, Groth (2011) presents evidence
that algorithmic traders do not increase volatility more than normal traders in the
stock market. The high-frequency dataset, which covers October 8, 2007 to October
12, 2007, used in study is obtained from the German Frankfurt Stock Exchange.
The evidence is based on OLS regression and Two-Stage Least-Squares Regression
(2SLS). In addition, it is argued that algorithmic trading participation does not
increase volatility, and that algorithmic traders do not lead to a decrease in liquidity
during periods of high volatility. Liu (2012) uses the difference-in-difference-in-
differences (DDD) approach and data from 2006 and 2008 to investigate the impact
of high-frequency trading on stock volatility in the Swedish stock market. According
to the findings of the study, HFT reduces intraday volatility in the normal market
environment. The removal of HFT activity leads to increased stock volatility for
liquid stocks. Hagstromer and Norden (2013) use data on 30 Swedish large-cap stocks
traded on the NASDAQ-OMX Stockholm and analyze only two months of data,
from August 2011 and February 2012. The authors use the event study, as well as
some descriptive statistics. They conclude that market-making HFTs take 63—72%
of trading volume and 81-86% of limit order traffic. Moreover, market-making
HFTs have lower latency and reduce intraday price volatility. Scholtus et al. (2014)
assess the importance of speed for HTF strategies in responding to macroeconomic
news. Their regression is based on data from the highly liquid S&P 500 ETF traded
on NASDAQ from January 6, 2009 to December 12, 2011. The authors conclude
that a delay of 300 milliseconds reduces the returns of trading strategies based on
macroeconomic news. Moreover, this effect is greater on days with high volatility.
The study also suggests that in the minute after the arrival of macroeconomic news,
the best quota trading volume and depth increase, but algorithmic trading activities
increase the volatility and reduce overall depth. Boehmer et al. (2015) analyze data
from 42 stock markets for the 2001-2011 period to examine the effects of algorithmic
trading on liquidity, short-term volatility and information efficiency. They use panel
regressions and the instrumental variable (IV) approach. The findings show that
AT improves liquidity and information efficiency, while also increasing volatility.
The authors note, however, that this increase in volatility is not due to the faster
price discovery or increased AT activity during periods of high volatility, as is often
emphasized in previous studies. In addition, AT systematically affects the liquidity
and volatility of small and low-priced stocks. Kalejian and Mukerji (2016) focus on
the effects of high-frequency algorithmic trading on long-term volatility and non-AT
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investors. Their data includes 200 of the most frequently traded companies in the
S&P 500 during the period from May 1, 1985 to May 31, 2012. Their estimations
are based on a general spatial two-stage least squares model. The authors emphasize
that HFT increases the volatility resulting from news, as well as volatility spillovers
between industries. Since the introduction of AT, the variance and covariance of
return volatility has increased in most industries. Hasbrouck (2018) focuses on the
impact of high-frequency quoting on short-term volatility in bids and offers in U.S.
equity market. The study uses a linear fixed effects panel regression model and U.S.
equity data for April 2011. It indicates that bids and offers are more volatile than
implied in the long term.

MAIN FOCUS OF THE CHAPTER
Econometric Models

The Gjr-Garch model developed by Glosten et al. (1993) captures volatility asymmetry
with an additional leverage parameter. The model, which only considers negative
shocks, can be seen in Equation (1):

ol =w+ac + AL }gf_l + 607 ()

g,1<0

In this equation, if €, < 0, the indicator function A1 { =1; otherwise, it is

5r<n}
0. The effect of negative shocks or positive shocks is therefore determined.

In the literature on volatility, the expected return of stocks depends on their
volatility. A riskier investor, therefore, will endure higher risk for higher returns.
Engle et al. (1987) developed the GARCH-in-Mean model to test this phenomenon.

The model can be explained with the help of the following Equations (2) and (3):

r;zu—i-éaf—i-at, a, =0, € 2)

0% =w+ 02, + o’ 3)

t—1

In Equation (2), the parameters v and ¢ are constant, and the parameter § is
called the risk premium. The positive parameter § indicates a linear relationship
between expected return and risk. Furthermore, the significance of the § coefficient
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is also considered to be the reason for the autocorrelation observed among past
observations of the return series. The reason for the negative relationship between
risk and return is that investors see the future as riskier than the present (Alexander,
2001).

This study uses the GIR-GARCH-in-Mean approach to model a further empirical
investigation of volatility. In order to capture both the risk premium and asymmetry
simultaneously, we combine the two models by integrating the risk premium parameter
in the mean equation. The GJR-GARCH-in-Mean (p,q) model can be represented
by the following equation as presented by Hamzaoui and Regaieg (2016):

r,=u+ b0 +a, )

ol =w+ag | +Al }5371 + 607, 5)

{5r71<0

In addition, we can calculate the half-life of volatility, which measures the
persistence of volatility in the GJIR-GARCH-in-Mean model. It can be calculated
in the model with the following equation (Alexander, 2008):

2 _ w

(6)
1—

1

When analyzing the financial time series with ARCH models, the sum of the
coefficients o and (3, depending on the number of observations, does not provide
the stability condition of these models. For such cases, Engle and Bollerslev (1986)
developed the Integrated GARCH model to provide the stability of the process. The
following model was developed to get rid of the effect caused by permanent
autocorrelation in the absolute value of the yield series (Rachev, 2007, p. 302):

o’ =w+ae  + (1 — oz) ol (7)

In this model, parameters o and p satisfy the condition that a + = 1, and the
process is stable.
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Data Description

The daily stock return series are used to analyze the effects of AT and HFT activities
on stock market volatility. The data covers the period from October 24, 2012 to
June 1, 2018 and includes 15 sub-sector indexes, as well as the BIST 100 and
BIST 30 indexes. These sub-sectors are BIST Bank; BIST Basic Materials; BIST
Chem., Petrol, Plastic; BIST Corporate Governance; BIST Electricity; BIST Food,
Beverage; BIST Hold. and Investment; BIST Technology; BIST Insurance; BIST
Leasing, Factoring; BIST Metal Products, Mach.; BIST Real Estate; BIST Sports;
BIST W. and Retail Trade and BIST Wood, Paper, Printing. All data was obtained
from Datastream. The analyses are carried out by dividing the period into two sub-
periods, before and after the BISTECH transition.
The stock return series are calculated as follows:

R =B —InkF | ®)

where R, represents the stock returnattime ¢ ,and In indicates the natural logarithm.

P is the stock market index at time ¢, and P_ is the stock market index at time
t — 1. According to this formula for computing the returns, the prices of the stocks
and indexes are adjusted by the stock exchange for corporate events such as dividends
and share capital increases.

SOLUTIONS AND RECOMMENDATIONS

In this section, we present the estimates for the GJR-GARCH-in-Mean model and
I-GARCH model with the Gauss distribution, the Student’s t-distribution and the
Generalized Error Distribution (GED). The estimates of the GIR-GARCH-in-Mean
model and I-GARCH model of Borsa Istanbul’s main and sub-indexes are given in
Table 1 through Table 17. The tables show estimates for the periods before and after
the BISTECH transition. The ARCH-LM statistics in the tables help us to determine
whether the returns series contain the ARCH effect. The values in the tables show the
ARCH-LM statistic and probability values. The probability values for the ARCH-LM
statistics indicate that there are no ARCH effects in most of the estimated models
before and after BISTECH transition. Thus, the variance equations are correctly
specified in most of our models. We also investigated the autocorrelation in our
models. Lag(5) values in the tables represent weighted Ljung-Box test statistics on
standardized residuals until the 5th lag. Insignificant Ljung-Box statistics show that
there is no autocorrelation of the standardized residuals. The model comparison
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is done by evaluating the Akaike (AIC), Bayesian (BIC) and Hannan-Quinn (HQ)
information criteria. The lowest values for the AIC, BIC and HQ statistics represent
the best model. As a result, when the information criteria and residuals tests are
examined, there are at least one appropriate estimated model for each sub-sector.

According to the AIC, BIC and HQ criteria, the normal distribution is the most
appropriate distribution for all estimated models regardless of model type and period.
Therefore, the findings of the normal distribution are used when interpreting the
results. However, in the models where the diagnostic tests for the normal distribution
estimates are not consistent, the second-best model is preferred according to the
information criteria. In addition, the -GARCH model is better than the GIR-GARCH-
in-Mean model for modeling volatility in the pre-BISTECH period; however, the
I-GARCH model for the BIST Basic Materials and BIST Real Estate indexes has
autocorrelation and an ARCH effect. The results of the GJR-GARCH-in-Mean
model are interpreted for these indexes. In the post-BISTECH period, the GIR-
GARCH-in-Mean model is the best fit model for the BIST 100; BIST 30; BIST
Bank; BIST Chem., Petrol, Plastic; BIST Corporate Governance; BIST Hold. and
Investment; BIST Metal Products, Mach.; BIST Sports; BIST W. and Retail Trade;
BIST Technology and BIST Insurance indexes.

The o parameter shows the effect of unexpected shocks to the return series on
volatility. This parameter appears to be insignificant for the BIST 100 and BIST 30
in the GJR-GARCH-in-Mean model pre- and post-BISTECH. Thus, itis not possible
to argue for the impact of sudden shocks on the volatility of the main indexes. When
the other sub-sectors are examined, unexpected shocks have a significant impact on
the volatility of BIST Chem., Petrol, Plastic; BIST Electricity; BIST Food, Beverage;
BIST Leasing, Factoring; BIST Metal Products, Mach.; BIST Real Estate and BIST
W. and Retail Trade indexes for post-BISTECH period, while they are insignificant
in the pre-BISTECH period. On the other hand, the BIST Technology; and BIST
Wood, Paper, Printing indexes are insignificant in the post-BISTECH period. The
sudden shocks have a significant impact for BIST Insurance and BIST Sports in
both periods.

We check the robustness of the GIR-GARCH-in-Mean model estimates by running
the I-GARCH model. The results of the two models are substantially different from
each other, especially for the pre-BISTECH period. The I-GARCH model predicts that
the o parameter is statistically significant in all models in the pre- and post-BISTECH
period except for the BIST Hold. and Investment and BIST Insurance indexes. The
impact of unexpected shocks on volatility for these indexes is statistically significant
just for the post-BISTECH period. The I-GARCH model does not reveal that the
effects of shocks on volatility have changed significantly. However, the results of
both models are evaluated together; our findings for the alpha parameter based on
the estimates of the GJR-GARCH-in-Mean model and I-GARCH model provide
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inconclusive evidence that the effects of sudden shocks on volatility have become
more evident for most of the sub-indexes in the post-BISTECH period.

The f parameter shows the effect of the volatility of a previous period on current
volatility. The beta parameter is statistically significant for all estimated models
regardless of model type, period and distribution. These findings suggest that the
current volatility is largely explained by the volatility of the previous period. After
the BISTECH transition, the effect of the volatility of the previous period on current
volatility decreased for the sub-sectors BIST Electricity; BIST Food, Beverage;
BIST Insurance; BIST Leasing, Factoring and BIST Real Estate, while it increased
for the other sub-sectors.

Our examination of the presence of asymmetries reveals that they exist before
and after the BISTECH transition in both of the main indexes, BIST 100 and BIST
30. The positive sign of the A parameter indicates that negative shocks increase
volatility more than positive shocks. This effect is visible in both indexes. The effect
of negative shocks on volatility increases for both the BIST 100 and BIST 30 after
the BISTECH transition. As for the sub-indexes, we find that the BIST Banks; BIST
Basic Materials; BIST Corporate Governance; BIST Electricity; BIST Technology;
BIST Metal Products, Mach.; BIST W. and Retail Trade; BIST Chem., Petrol, Plastic;
BIST Hold. and Investment; BIST Food, Beverage; BIST Leasing, Factoring and
BIST Real Estate indexes have significant asymmetrical effects in the pre-BISTECH
period. The A parameter has a positive sign for these indexes, which suggests that
negative shocks have a greater impact on volatility than positive shocks. However,
the asymmetries disappear for the BIST Chem., Petrol, Plastic; BIST Hold. and
Investment and BIST Food, Beverage indexes after the BISTECH transition.
Furthermore, the asymmetry parameter returns to negative for the BIST Leasing,
Factoring and BIST Real Estate indexes. The asymmetries emerge with a positive
sign for the BIST Wood, Paper, Printing index in the post-BISTECH period. Lastly,
there are no asymmetries in the BIST Insurance index in both periods, while negative
and significant asymmetry parameters are observed in the BIST Sports index.

The & parameter, which shows the relationship between risk and return, is
statistically insignificant for most indexes in both periods. The relationship between
risk and return is significant only for the BIST 100 and BIST 30 indexes in the
pre-BISTECH period, but the sign of the parameter for these indexes is negative
as opposed to what is expected. The parameter turns out to be insignificant for the
BIST 30 index in the post-BISTECH period. The negative sign of the parameter
suggests that returns are decreasing, while risk increases for main indexes in both
periods. In addition, the risk and return relationship is only positive and significant
for the BIST Technology; BIST Insurance and BIST Metal Products, Mach. Indexes,
while it is negative and significant for BIST Chem., Petrol, Plastic; BIST Leasing;
Factoring and BIST W. and Retail Trade in the post-BISTECH period.
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Finally, we present the half-life of volatility values, which show the duration of
volatility’s return to its average after a shock. The increase in this value suggests
that the effects of shocks on volatility have become more permanent. The duration
of volatility’s return to its average after a shock lasts about 11 days for BIST 100
and BIST 30 in the pre-BISTECH period. This rises to 75 days for BIST 100 and
85 days for BIST 30 in the post-BISTECH period. Therefore, it can be understood
that the effect of shocks on the volatility of BIST 100 and BIST 30 becomes more
persistent in the post-BISTECH period. In the other sub-indexes, mixed results are
obtained again the duration of volatility’s return to its average after the BISTECH
transition increases dramatically for most of the indexes of BIST Banks; BIST Chem.,
Petroleum and Plastic; BIST Corporate Governance; BIST Hold. and Investment;
BIST Sports and BIST W. and Retail Trade, while it declines in the majority of
other indexes.

CONCLUSION

Technological developments are one of the most fundamental factors affecting
market conditions today. These innovations integrating into the financial system
can change its functioning. High-frequency trading and algorithmic trading, which
are relatively new developments in financial markets, have significant effects on
several market indicators such as liquidity, competition, price efficiency, market
quality and volatility. However, the direction and magnitude of these effects is not
yet fully known. The studies freshly emerging in this field usually examine markets
in developed countries. Therefore, this study examines the effects of these two new
technological processes on volatility by taking into account asymmetry, and risk
and return for Borsa Istanbul. Unlike in other studies, a more general and long-term
approach is preferred. To this end, the behaviors of the main and sub-sector indexes
of Borsa Istanbul are examined and compared for the periods before and after the
transition to the BISTECH system, which made HFT and AT activities possible. In
this framework, data covering November 14, 2012 to June 7, 2018 is analyzed by
using the GJR-GARCH-in-Mean and I-GARCH models.

Although the findings of the study do not give a definite conclusion in terms of
understanding the effects of HFT and AT on volatility, it has demonstrated that, in
general, there has been an increase in the volatility of some important indexes in the
post-BISTECH period. Thus, evaluating the findings of the indexes that HTF and AT
activities are more intense may be more informative. The companies included in the
BIST 30 and BIST Banks indexes carry considerable weight within the composition
of Borsa Istanbul. Furthermore, more than 50% of the shares of the companies in
these two indexes are held by foreign and institutional investors. From this point, it
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can be assumed that the behaviors of these two indexes are more determinative in
terms of understanding the effects of HFT and AT on the volatility of Borsa Istanbul.
The findings show us that volatility increases significantly in these indexes for the
post-BISTECH period. In particular, the duration of volatility returns to average
after shock increases about 7 times for BIST 100 and about 8 times for BIST 30 after
BISTECH transition. We also show that the impact of the volatility of the previous
period on current volatility increases in the post-BISTECH period. Our results on
volatility are in parallel with the results of studies examining developed country
examples, including those of Zhang (2010), Kirilenko et al. (2011), Scholtus et al.
(2014), Boehmer et al. (2015), Kalejian and Mukerji (2016), and Hasbrouck (2018).
However, our findings do not provide sufficient evidence to argue that HFT and AT
activities definitely increase volatility. Therefore, the results should be interpreted
with caution, and this indirect implication that HFT and AT activities increase
volatility needs to be supported by further investigation.

Consequently, and although innovations in financial technologies are important
for market development, these developments can have significant disruptive effects
on financial markets. Once a market function changes, it takes time for all market
participants to adapt to this change. The markets may be very uncertain and fragile
during these transition periods. HFT and AC activities can create potential negative
externalities for other market participants, and thus it is likely that traditional
investors couldin particular be harmed. Therefore, regulatory authorities must closely
monitor the technological developments in financial markets and design appropriate
safeguarding mechanisms against the potential disruptive effects. Even though it is
stated in the literature that HFT and AT activities contribute positively to market
efficiency in the short term, the long-term consequences of these technologies are
still uncertain.

This research can be improved in several ways. First, analyses can be repeated
by selecting the companies with higher levels of HFT and AT activities. In addition,
future research could focus on intraday volatility using high-frequency data. On the
other hand, future studies, from a comparative perspective, could examine the effects
of HFT and AT activities on market participants who are using and not using AT
and HFT activities. These interrogations will help us to understand the effects of
HFT and AT on developing country markets in a deeper way.
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KEY TERMS AND DEFINITIONS

Adverse Selection: Adverse selection is a problem created by asymmetric
information. When sellers and buyers do not have same information level before
the transaction in the market, the adverse selection problem arises.

Algorithmic Trading: Algorithmic trading is a system producing automated
trading orders based on certain rules which use mathematical formulas run by
computers.

BISTECH: BISTECH is a technological infrastructure that allows algorithmic
trading and high-frequency trading operations in Borsa Istanbul.

Borsa Istanbul: Borsalstanbul is an institution that provides storage and exchange
services for Turkish and foreign-funded banks operating in Turkey’s capital market.

Half-Life Volatility: Half-life volatility is a measurement that calculates the
duration of volatility’s return to its average after a shock.

High-Frequency Trading: High-frequency trading is an automated trading
platform that transacts a large number of orders in fractions of a second.

Volatility: The fluctuation of the price of a security or the market in a short
period of time. The price of a high-volatility security is characterized by rapid and
extreme changes.
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