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Abstract

Intraday price reversals in two indices listed on Istanbul Stock Exchange (BIST) are examined:
BIST 30 Index and BIST Small Medium Enterprises and Industrial Index. The period of analysis
is from December 2, 2013 to June 28, 2019. I show that there exist intraday price reversals in
both indices. Observed days are defined as posi ve event days and nega ve event days with
the filter of ± 0.5%. If overnight returns are moving more than ± 0.5%, then I classify it as
a signal for an event, denoted as a filter. For the stocks of the following days of the nega ve
signal, there exist significant reversals in BIST 30 Index. On the other hand, on the following
days of the posi ve signal, there exist significant reversals in BIST SmallMediumEnterprises and
Industrial Index. The size of the signal is posi vely related to the significance of the reversal.
In other words, as the overnight gap becomes larger, the significance of the reversal becomes
larger. Therefore, it can be said that magnitude effect takes place. I also find a significant size
effect: the smaller the market capitaliza on of the firm, the larger the size of the reversal. As
a smaller firms index BIST Small Medium Enterprises and Industrial Index gives higher returns
than BIST 30 index on average. Profitable trading strategies can be established, however, the
profits from those ac vi es are reduced a er taking transac on costs into account.
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Sammendraget

Studiet undersøker intradag pris-reversering i to indekser notert på Istanbul Børs (BIST): BIST
30 Index og BIST Small Medium Enterprises and Industrial Index. Studiet gjøres i dsperioden
2. desember 2013 l 28. juni 2019. Jeg finner eksisterende intradag pris-reversering i begge
indekser. De observerte dagene er definert som posi ve hendelser eller nega ve hendelser,
filtrert ± 0.5%. Dersom over na en-avkastninger overs ger ± 0.5% klassifiseres det som et
signal på en hendelse, med betegnelsen filter. For aksjer med nega vt signal i kommende
dager, foreligger det signifikante reverseringer i BIST 30 Index. På den andre siden, i dager med
posi ve signaler eksisterer det signifikante reverseringer i BIST Small Medium Enterprises og
Industrial Index. Størrelsen på signalet er posi vt relatert l signifikansen på reverseringen.
Med andre ord, når over na en-gapet øker så øker signifikansnivået på reverseringen. Derfor
kan man si at det oppstår en omfangs-effekt. Videre finner jeg en signifikant størrelseseffekt:
jo mindre markedskapitaliseringen l selskapet er, jo større er størrelsen på reverseringen. Når
mindre selskaper, er avkastningen i gjennomsni høyere i BIST Small Medium Enterprises og
Industrial Index. De e kan være resultater av lønnsome trading-strategier. Avkastninger fra
denne typen strategi tar derimot ikke høyde for transaksjonskostnader.
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Introduc on

1 Introduc on
In this thesis, I examine intraday price reversals a er large price changes in the Turkish Stock
Exchange which is called Borsa Istanbul (BIST). Price reversal means an opposite movement
to an ongoing price movement (De Bondt and Thaler 1985). I will analyze two indices: BIST
30 Index (XU030) and BIST Small- Medium Enterprises and Industrial Index (XKOBI). BIST 30
Index consists of 30 biggest company stocks traded in Istanbul Stock Exchange (Is Investment
2020). BIST Small Medium Enterprises and Industrial Index (BIST SME) consists of Small and
Medium Enterprises and industrial companies traded in the Istanbul Stock Exchange (“KOBİ
Sanayi Endeksi” 2020). The reason I choose these two indices is to see the differences and
similari es of the market movements between large companies and smaller companies. I find
price reversals both in BIST SME and BIST 30 indices. Those reversals are significant on average
following a nega ve price gap in BIST 30 index and following a posi ve price gap in BIST SME
index. Addi onally, magnitudes of those price reversals increase as the price changes become
larger. Since smaller index gives higher returns, there exists a size effect. Profitable trading
strategies can be established in both indices.

The purpose of this thesis is to detect market anomalies such as price reversals, price momen-
tums, size effect in the Turkish Stock Exchange, and to test if those anomalies can be exploited
in order to build profitable trading strategies. Another aim is to establish and benefit from
these trading strategies. I aim to test overreac on in two Turkish Stock Exchange indices and
see the similari es and differences. Yet another purpose of this thesis is to see if BIST 30 and
BIST SME indices comply with the empirical results from previous studies regarding intraday
price reversals.

Intraday price reversals and other anomalies I examine are a part of a bigger discussion be-
tween classical finance theory and behavioral finance theory. Star ng frommean variance the-
ory, classical finance ignored behavioral aspects of investment decisions and the human logic
behind the financial investment decisions (Fromlet 2001). A er presen ng the assump ons of
those two disciplines I provide a deeper review of studies on overreac on hypothesis. Overre-
ac on, as a behavioral term, is used to describe investors’ dras c reac ons to the news coming
to the market (De Bondt and Thaler 1985). In fact, if a bad news is treated as a worse news and
a good news is treated as a be er news in the market, then it can be said that overreac on
takes place.
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A er reviewing overreac on hyptothesis, another phenomenon related to overreac on, “price
reversals”, is going to be reviewed in detail. How is the price reversal related to the overreac-
on? If overreac on takes place in the market, sooner or later it is going to be “corrected”

by the market. Price reversals are the symptoms of overreac on as it can be seen as a “cor-
rec on” movement to an overreac on in the market (De Bondt and Thaler 1985). Large price
movements, either posi ve or nega ve, are supposed to be overreac on if those movements
are reversed a erwards. Thus, price reversals which are seen in the market might be a sign of
the overreac on.

Star ng from classical finance and behavioral finance comparison and going deeper in the over-
reac on and the price reversals phenomena, the main subject of this thesis can be introduced:
intraday price reversals. I use very high frequency data to track intraday price movements:
second by second ck data. There is plenty of research regarding the intraday price reversals
by using the historical ck data. The results from interna onal markets are presented and re-
viewed in detail, below. It is going to be checked if this thesis provides similar results with the
previous literature on intraday price reversals. The hardest thing with analyzing intraday price
reversals is that it is quite sophis cated work to sort out the high frequency data and retrieve
an analyzable sequence of the data. Methods used in the previous literature on the intraday
price reversals are benefited and referred properly within this thesis.

An opposite term to the price reversals is the price momentums phenomenon. If a price move-
ment is followed by a movement with the same direc on, it is called price momentum (Je-
gadeesh and Titman 1993). The literature on the price momentums and the intraday price
momentums are presented and detailed below. It is covered in this thesis also whether or not
the price momentums exist in Istanbul Stock Exchange.

A er introducing two opposite movements: price reversals and price momentums, it might
be useful for the readers to get familiar with the terms such as the magnitude and size effect.
Magnitude is themeasurement of the pricemovements. A er tracing whether or not any price
reversals or price momentums take place in the subject indices, themagnitudes of thesemove-
ments are going to be presented and the magnitudes of the indices are going to be compared.
It will be testedwhether or not a larger overnight gap results in amore significant price reversal
or momentum. If this is the case, it can be said that there exists a magnitude effect (Fabozzi
et al. 1995). In addi on to this, a comparison between BIST 30 and BIST SME is going to be
executed at the end of the all analyses. This comparison might give us clues of whether or not
size effect takes place between those two indices. Size effect suggests higher return and higher
risk for smaller firms (Banz 1981) which is going to be tested as well.

In general, price reversals are related to the efficient market hypothesis as these movements
violate the hypothesis’ assump ons. Efficient capital markets can be defined as the capital
markets where all the informa on about the assets is reflected in their prices at any moment
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(Fama 1970). There are three forms of the efficiency: weak form, semi-strong form and strong
form. The weak form requires only that historical price data is publicly available. The semi-
strong form of efficiency, on the other hand, means that there are public announcements of
share splits, annual or quarterly reports, addi onal security issues, etc. If there are no privi-
leged groups or persons among investors who might privately access inside informa on, then
a strong form of efficiency occurs. If a capital market fulfills those condi ons, it can be consid-
ered an efficient capital market (Fama 1970). In such markets, prices follow a randomwalk and
it is hard to beat the market as an investor. Fama (1970) shows that the US financial market is
efficient in all levels. The intraday price reversals I find in the Turkish Stock Exchange breach
the assump ons of the efficient market hypothesis. If the market was efficient, intraday price
reversals would not exist.

The efficient capital markets hypothesis has been challenged by a huge number of scholars, aca-
demic papers etc. such that a new approach called behavioral finance came to the scene. As a
discipline challenging tradi onal finance, behavioral finance refuses the assump on of that in-
dividuals are ra onal. In fact, people are not ra onal but “normal” according to Statman (2017).
“Normal” implies neither ra onality nor irra onality for the investors. Another main founda-
on undermined by the behavioral finance is mean-variance por olio theory. According to

classical finance theory, investors’ only purpose on the market is to build high expected return,
low variance por olios. In other words, investor should diversify the assets while at the same
me maximize the discounted expected return (Markowitz 1952). Below, the components of

the mean variance theory is presented to show that there does not exist any behavioral aspect
in the formulas.

Let 𝑌 be a por olio with the assets of 𝑦1, 𝑦2, ..., 𝑦𝑁 . Let the weight of 𝑦1 in the por olio be
𝑤1 and 𝑦2 be 𝑤2 and so on, then the expected value of por olio Y is shown as:

𝐸(𝑌 ) = 𝑤1𝐸(𝑦1) + 𝑤2𝐸(𝑦2) + ... + 𝑤𝑁𝐸(𝑦𝑁)

𝐸(𝑌 ) = ∑ 𝑤𝑖𝐸(𝑦𝑖)

and variance of por olio Y can be defined as:

𝑉 𝑎𝑟(𝑌 ) = 𝑤2
1𝜎2

1 + 𝑤2
2𝜎2

2 + ... + 𝑤2
𝑁𝜎2

𝑁 + 2𝑤1𝑤2𝜎1𝜎2𝜌1,2 + 2𝑤1𝑤3𝜎1𝜎3𝜌1,3 + ...

+2𝑤1𝑤𝑁𝜎1𝜎𝑁𝜌1,𝑁 + 2𝑤2𝑤3𝜎2𝜎3𝜌2,3 + ... + 2𝑤2𝑤𝑁𝜎2𝜎𝑁𝜌2,𝑁 + ...

+2𝑤𝑁−1𝑤𝑁𝜎𝑁−1𝜎𝑁𝜌𝑁−1,𝑁

𝑉 𝑎𝑟(𝑌 ) = ∑ 𝑤2
𝑖 𝜎2

𝑖 + ∑ 𝑤𝑖𝑤𝑗𝐶𝑜𝑣(𝑌𝑖, 𝑌𝑗)

where 𝜌 is the correla on between the assets. Under Expected Return - Variance of Returns
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model the op mal asset alloca on is foundbymaximiza on of𝐸(𝑌 ) given a constant𝑉 𝑎𝑟(𝑌 ),
or minimiza on of 𝑉 𝑎𝑟(𝑌 ) given a constant 𝐸(𝑌 ) (Markowitz 1952).

Markowitz shows how the correla on between the assets is important to reduce the risk of
por olio. Correla on shows the level of fluctua ng together for two assets. Correla on values
differ between −1.0 and 1.0. A correla on coefficient of 1.0 represents a perfectly posi ve
linear rela onship between two variables. This means two assets move in the same direc on
with the same propor on. A correla on coefficient of −1.0, on the other hand, represents a
perfectly nega ve linear rela onship where two assets move in totally opposite direc ons with
equal propor ons. A correla on coefficient of 0 shows no rela onship between the assets, any
data from one asset shall not provide any informa on about the other asset.

These correla ons help us to form a high expected return low variance por olio in classical fi-
nance. “The efficient fron er”, defined below, shows that classical finance does not take behav-
ioral aspects into account when forming profitable por olios. Behavioral finance, on the other
hand, has an alterna ve approach to forming investment por olios by taking “non-ra onal”
investor behaviors into account (Chen 2016).

Mean-variance principles derived the formula on of an efficient fron er from which the in-
vestor could form a por olio represen ng individual risk and return choices of the investor.
One of the most important considera ons under this theory is that one should evaluate an as-
set’s co-movement with other assets as well as the mean and the varia on of the asset itself.
Taking co-movements and counter-movements of the assets into account reduces risk level at
the same expected return level compared to ignoring these interac ons between these assets
(Elton and Gruber 1997).

One can easily realize from the formula above that nega ve correla ons in the por olio vari-
ance equa on reduces the variance. Reducing variancemeans reducing risk. That is why assets
with nega ve correla ons will be preferable to add to the por olio.

As one can see from the mean-variance formulas above, there is no social aspect included in
the equa on. The only considera on is to add nega vely correlated assets to decrease the risk.
The purpose of pu ng all these equa ons related to themean-variance theorem in our analysis
is to show that those formulas do not include social factors an investor might be affected by.
On the other hand, behavioral finance adds factors like social status or social responsibility into
the construc on of an ideal por olio. The individual’s weak self-control breaches ideal savings
and spending according to the behavioral perspec ve (Statman 2017). The most important
deduc on behavioral finance reaches is that markets are not efficient in the sense that it fully
reflects the value of assets. Those philosophical debates are important to demonstrate the
framework of this thesis.

Many studies are challenging the efficient market hypothesis. Narayan and Zheng (2010) cap-
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ture market anomalies in the Chinese stock market in terms of firm size, the book-to-market
ra o, the turnover rate except for momentum. Al-Khazali and Mirzaei (2017) present calendar
anomalies in eight Dow Jones Islamic Indices. Chan et al. (2020) present market anomalies
a er presiden al elec ons. They examine the first 100 days of a newly-elected president and
document that there exist investment and profitability anomalies in that period. Diaz-Ruiz, Her-
rerias, and Vasquez (2020) find three types of anomalies out of 19 tested in the Mexican stock
market. The robust anomalies are listed as momentum, idiosyncra c vola lity, and the lo ery
effect.

Kahneman and Tversky (1977) study decision-making mechanisms which show that people
overreact to unexpected news. De Bondt and Thaler (1985), in a breakthrough study, examine
if the overreac on exists in financial markets and open a pave for analyses regarding overreac-
on phenomenon in the finance literature. De Bondt and Thaler (1985) apply this phenomenon

in New York Stock Exchange to see if a similar behavior exists among the investors. They exam-
ine two different types of por olios. “Loser por olio” is a por olio in which past excess returns
have been nega ve, while the “winner por olio” has given posi ve excess returns in the past.
As a result, loser por olio outperforms winner por olio. Their study implies a substan al weak
form of inefficiency in the capital markets. They show overreac on in the long-run for up to 5
years. However, I will examine high-frequency intraday data and see if the overreac on is cor-
rectedwithinminutes rather than years. When individuals contemplate their forecast, they are
prone to overweight the recent informa on (De Bondt and Thaler 1985). As a result, today’s
price of the assets does not reflect the real value of the assets, and investors should follow a
contrarian strategy, according to De Bondt and Thaler (1985). The results from my study also
suggest that a contrarian strategy would be profitable to follow in BIST 30 and BIST SME indices
but in intraday basis rather than years basis.

Overreac on has been studied widely within many markets including Spain (Alonso and Ru-
bio 1990), South Africa (Page and Way 1992), Brazil (Costa 1994), New Zealand (Bowman and
Iverson 1998), Hong Kong (Fung 1999), Australia (Gaunt 2000), Greece (Antoniou, Galario s,
and Spyrou 2005) and Germany (Lobe and Rieks 2011). All of those studies detect overreac-
on except for Gaunt (2000) on the Australian market. I also detect overreac ons in both BIST

30 and BIST SME indices. Alonso and Rubio (1990) use the same methodology with De Bondt
and Thaler (1985) and conclude that the “loser por olio” outperforms the “winner por olio”
by 24.5% in the Spanish capital market. The results are robust to size adjustments. Page and
Way (1992) examine Johannesburg Stock Exchange and find that the “loser por olio” performs
about 20% be er than the “winner por olio” three years a er the construc on of the por o-
lios. Costa (1994) examines Brazilian StockMarket for the period of 1970 and 1989 and detects
price reversals in two years period. Bowman and Iverson (1998) examine periods following
large price changes in New Zealand Stock Market. They find overreac on especially in case of
nega ve changes in the price. However, the results are not robust to risk, size and seasonal-
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ity. Fung (1999) examines overreac on in the Hong Kong stock market. The “loser por olio”
performs 9.9% be er than the “winner por olio” in one year according to their analysis. Ad-
di onally, buying the “loser por olio” and shor ng the “winner por olio” is possible in the
Hong Kong futures market, strengthening the overreac on. Gaunt (2000) states that there ex-
ist price reversals in the Australian equity market; however, it disappears when buy and hold
strategy is applied. Besides that, the “loser por olio” is comprised of small company stocks,
which causes a lack of liquidity, making it harder to exploit profitability opportuni es. Previous
two pieces of research show no significant price reversals in the Australian market. Brailsford
(1992) examinesmonthly data between 1958 and 1987 and reaches that price reversals are not
significant in the Australian stock market, so the overreac on theory does not hold. Similarly,
Allen and Prince (1995) present that the contrarian strategy would not work in the Australian
market based on the data between 1974 and 1991. Antoniou, Galario s, and Spyrou (2005)
examine the Athens Stock Exchange. Weekly data for the period of January 1990 and August
2000 is used in their analysis, and significant reversals are detected. Contrarian profits are
greater within the smaller firms than the larger firms, according to their study. Lobe and Rieks
(2011) study the German stock market between 1988 and 2007 and finds strong evidence of
price reversals regardless of firm size. However, transac on costs terminate profitability op-
portuni es. Besides, Lobe and Rieks (2011) states that there exists no evidence for viola on of
market efficiency on the Frankfurt Stock Exchange.

Most of those studies prove overreac on in the long-term. I analyze intraday price reversals
to see if the theory holds in the short-term. There are many studies researching intraday price
reversals in the stock markets and the futures markets. Previously, Atkins and Dyl (1990) show
price reversals on daily prices. They examine New York Stock Exchange (NYSE) stocks for Jan-
uary 1975 and December 1984. Within this period, 300 trading days are selected randomly to
eliminate biases caused by daily or monthly pa erns. On average, a drama c fall in prices is
corrected on the following day in their analysis. This effect is stronger when the price gap is
nega ve. These results comply with the analysis by De Bondt and Thaler (1985). I find similar
results in BIST 30. However, BIST SME gives a stronger overreac on in posi ve events. Sim-
ilarly, Fabozzi et al. (1995) demonstrate a significant intraday price reversal movement a er
a large price change more significant for nega ve ini al prices. They examine the New York
Stock Exchange and American Stock Exchange data for the year 1989. There are two different
filters they use: “large filter” and “small filter”. Large overnight gaps are detected by large filter
and smaller overnight gaps are captured by small filter. They define large filter as between
3-13 mes bigger in size compared to small filter. In my thesis, I use several filters but only
one of them is presented in this thesis: 0.5%. Other filters are either too small to call it a
large price change or too large to retrieve a significant sample. There is a deeper discussion
about the filter choices below. Fung, Mok, and Lam (2000) find intraday price reversals in the
S&P 500 and Hang Seng Index Futures contract in Hong Kong. They use ck price data of the
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S&P 500 Futures between 1 September 1993 and 25 June 1996 and ck price data of the Hang
Seng Index Futures star ng from 18 March 1993 to 30 December 1996. They use filter sizes of
±0.1%,±0.2%,±0.3%,±0.4%,±0.5% for S&P500 Futures and±0.1%,±0.15%,±0.2%,
±0.25%, ±0.3% for Hang Seng Index Futures. The price reversals‘ magnitude is shown to be
related to the ini al price changes in both studies by Fabozzi et al. (1995) and Fung, Mok, and
Lam (2000). There are comments on the magnitude effect in this thesis as well. Based on the
significance level, I find a similar result as Fabozzi et al. (1995) and Fung, Mok, and Lam (2000)
among others: As the size of the overnight price gap increases, the significance of the rever-
sals increases. Overnight price gap means the difference between the value of the previous
trading day’s closing price and today’s opening price. The study by Fung, Mok, and Lam (2000)
is extended by Fung and Lam (2004) and they demonstrate that price reversals are so strong
that the effect is carried to the next day in Hang Seng Index Futures. Addi onally, they claim
that trading strategies based on those anomalies are profitable even a er transac on costs,
execu on me lag, risk adjustment, and bid-ask spreads are taken into account. They examine
ck price data star ng from 18 March 1993 to 29 December 2000. The large price decreases

are being related to excess pessimism in this paper, and it is claimed that the prices rebound
when this pessimis c view disappears. A similar result is found in my thesis, as BIST 30 index
price is corrected a er a nega ve overnight gap, which is a signal of overreac on and extreme
pessimism. Grant, Wolf, and Yu (2005) examine S&P 500 futures for 15 years and show sig-
nificant reversals within trading days. Note that those returns disappear a er the transac on
costs. They examine intraday ck prices from November 1987 to September 2002. Day of
the week analysis is applied in this paper, and it is found that the con nua on of the opening
movements dominates Mondays, which is the opposite direc on compared to the other trad-
ing days. Interes ngly, the strength of the reversal movement is higher in posi ve price gap
event days in the work of Grant, Wolf, and Yu (2005) unlike Fabozzi et al. (1995) and Fung, Mok,
and Lam (2000). Parikakis and Syriopoulos (2008) detect overreac on and profitable opportu-
ni es in foreign exchange markets. They compare the currencies of two developed countries
with those of two developing countries. Using euro as the base currency, developing country
currencies the Turkish lira and the Brazilian real overreact while developed country currency
the US dollar overreacts, but another developed country currency the Bri sh pound underre-
acts. Nevertheless, profitable trading strategies can be founded in all thesemarkets based on a
contrarian approach. I detect intraday price reversals and profitable trading strategies in both
indices I observe. If transac on costs and bid-ask spreads are taken into account, those profits
are reduced significantly.

Fung, Lam, and Lam (2010) prove the existence of intraday price reversals in the Asian index
futures market a er a drama c change in the US market and that the profitability holds even
a er the transac on costs. According to the paper, those reversals are not caused by ra onal
reasons like risk, spread, or liquidity. As a support to the behavioral approach, they observe a
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magnitude effect. Klößner, Becker, and Friedmann (2012) review the effects of good news and
bad news on the stock markets and present significant overreac on to bad news. Kudryavt-
sev (2013) examines 30 stocks for the period from 2 January 2002 to 30 September 2011. He
reveals the existence of the next-day stock price reversals following end-of-the-day price move-
ments in the Dow Jones Industrial Index and detects profitability opportuni es. Recently, Chu,
Gu, and Zhou (2019) examine the Shanghai Composite Index from 04/04/2015 to 12/31/2015.
They detect a significant Intraday reversal in the market. However, transac on costs sweep the
profitable investment opportuni es. Cingöz (2020) studies the Turkish Stock Exchange from 2
February 2007 to 2 February 2020 and finds that overreac on exists but disappears within min-
utes in The Istanbul Stock Exchange Na onal 100 Index. He reveals a magnitude effect in those
reversals. Similar to Cingöz (2020), I find a magnitude effect in both BIST 30 and BIST SME.

Studies on intraday price reversals show that a contrarian strategy is useful to exploit the finan-
cial markets as price reversals occur during the trading day. On the other hand, some studies
promote the opposite strategy: rela ve strength strategy (Jegadeesh and Titman 1993). Rela-
ve strength strategy means inves ng in the past winner por olios with the expecta on of a

be er performance compared to the past losers. Contrarian strategy assumes that past loser
por olios are going to give be er returns than the past winners, while a rela ve strength strat-
egy assumes that “winner por olios” will perform be er. Therefore, such a strategy requires
to buy a winner por olio and sell loser por olio.

As an opposite term to the price reversal, the phenomenon that an asset price movement is
going to be followed by a movement in the same direc on is named price momentum. There
exist plenty of literature regarding price momentums. Jegadeesh and Titman (1993) follow a
rela ve strength strategy for a three to twelve-month holding period by selling loser stocks and
buying winner stocks. They find abnormal returns by this strategy over the next six months to
a year. Rouwenhorst (1998) examines twelve countries from 1980 to 1995 and concludes that
past winner por olios outperform past losers in all twelve markets. This momentum lasts for
around a year on average. Price momentum is stronger as the firms become smaller. Chui,
Titman, and Wei (2000) examine eight Asian markets and document that price momentums
take place in all markets but Japan. Price momentum is found more significant for firms with
smaller market capitaliza on, lower book-to-market ra os, and higher turnover ra os. John
M . Griffin , Xiuqing Ji (2003) examine a global por olio and detect momentum profits. Those
profits are robust to both good and bad economic states but reversed over one to five-year
horizons.

Intraday price momentum for the stocks is examined for the first me by Gao et al. (2018).
They use S&P 500 Exchange Traded Fund data between 1993 and 2013. Price momentums are
detected between the first thirtyminutes and the last thirtyminutes returns in themarket. This
predictability is both economically and sta s cally significant and stronger in special event days,
for example, on recession days and major macroeconomic news release days. Recently those
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momentum pa erns are found in the Chinese stock index futures by Li et al. (2019). The first
hour of the trading day can predict the last hour according to their study. The momentums are
stronger in cases of high volume, vola lity, and investor a en on. According to Li et al. (2019),
those results are robust to other futures, periods, and the sign of first trading-session returns,
etc.
I will examine which one of those two pa erns holds on the Istanbul Stock Exchange, either
intraday price reversals or intraday pricemomentums. There is another possibility that prices in
the market follow a random walk and cannot be predicted. This probability is also examined in
this study. If any pa ern cannot be detected following event days, it can be said that the prices
follow a random walk in BIST 30 and BIST SME (Ibe 2013). If a nega ve event day ends with a
more nega ve return at the end of the trading sessions, one can talk about price momentums.
Similarly, in BIST 30 or BIST SME, a nega ve event day ends with a posi ve return, one can talk
about price reversals. If a posi ve event day ends with larger posi ve returns within a trading
day, one can talk about price momentums. If a posi ve event day ends up with a nega ve
return, one can talk about price reversals. All three cases (price momentum, price reversal,
random walk) are going to be examined individually for each type of events and indices.

Lastly, the size effect is going to be examined in BIST 30 and BIST SME. It is expected that smaller
firm stocks tend to give higher returns than larger firm stocks (Banz 1981). I am going to ex-
amine if this theory holds for BIST SME and BIST 30. Note that BIST 30 is more than 100 mes
larger than BIST SME. I am going to refer BIST SME as a smaller firm index and BIST 30 as a
larger firm index while these comparisons.
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2 Data and Method
I have used historical ck data of the BIST 30 Index (XU030) and BIST Small Medium Enterprises
and Industrial Index (XKOBI) from the Istanbul Stock Exchange (Borsa Istanbul). The data is high-
frequency data and consists of every second of the trading days within the period of analysis.
BIST 30 index consists of 30 stocks selected from the stocks presented in Borsa Istanbul. The
stocks in BIST 30 are selected based on two criteria: free-float market value and daily average
traded value (Is Investment 2020). The process is as follows: “If there is any stock which is in
the first place in both lists, it is assigned to the first place in the final list. If there is no stock
which is in the first place in both lists, it is examined whether there is any stock in the first two
places. These steps are repeated un l a stock which will be assigned to the first place in the
final list is found. A er finding the stock to be assigned to the first place in the final list, the
above steps are repeated for the succeeding places. If two stocks are eligible to be placed in the
first ‘n’ places in both lists, then the one with the higher market value is assigned to the upper
rank in the final list” (Is Investment 2020). The index is constantly reviewed and updated every
third month. BIST Small Medium Enterprises and Industrial Index (which is going to be referred
to as BIST SME for the rest of this paper) consists of stocks of Small Medium Enterprises and
Industrial companies traded in Borsa Istanbul. The cons tu on of BIST SME is on December
2, 2013, so I start my analysis on that day. The data goes un l June 28, 2019. The reason
I choose these two indices is to compare an index with larger companies and an index with
small medium enterprises. Note that BIST 30 consists of mostly the largest companies’ stocks
in the Istanbul Stock Exchange. On May 5, 2019, the total Weighted Free Float Market Value
of BIST 30 was 172,680,000,000 Turkish Lira (TL), and that of BIST KOBI was 978,817,767.6 TL
(Borsa Istanbul 2020). This means more than 100 mes difference in size for these two indices.
It seems more than enough to see the size effect on the analysis. Among 1398 trading days,
312 days are recorded as posi ve event days, and 102 days are recorded as nega ve event days
for BIST SME. On the other hand, among 1398 trading days, BIST 30 has 252 posi ve event days
and 133 nega ve event days. S&P 500 daily data is downloaded from Yahoo Finance (2020).

To cons tute a sample of event days with large overnight gaps, I find overnight returns first.
Overnight returns are found as follows:

𝑂𝑅𝑖 = 𝑃𝑖,0 − 𝑃𝑖−1,𝑐
𝑃𝑖−1,𝑐

where 𝑂𝑅𝑖 stands for Overnight Return on trading day 𝑖, 𝑃𝑖,0 represents opening price on
trading day 𝑖, 𝑃𝑖−1,𝑐 represents closing price of the previous trading day (𝑖 − 1).
So, to define event days I use the filter as follows:

𝑂𝑅𝑖 ≥ 0.005 → posi ve event
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𝑂𝑅𝑖 ≤ −0.005 → nega ve event

I will use 0.5% opening gap as my filter to define event days. It means that if the difference
between opening price and previous day’s closing price of an index is larger than 0.5% or lower
than −0.5%, then that day counts as one of our event days.

Fung, Mok, and Lam (2000) use filter sizes of ±0.1%, ±0.2%, ±0.3%, ±0.4%, ±0.5% for
S&P 500 Futures and ±0.1%, ±0.15%, ±0.2%, ±0.25%, ±0.3% for Hang Seng Index Fu-
tures. Grant, Wolf, and Yu (2005), on the other hand, use the filter of ±0.2% for the S&P 500
futures and add that they use other filters but because they all have similar results only the
filter of ±0.2% is demonstrated in the study. I use the filter of ±0.5% because both BIST 30
and BIST SME are more vola le than S&P 500. For the period of December 2, 2013 and June
28, 2019, coefficient of varia on of BIST SME is 0.223 on daily prices while that of S&P 500 is
0.149. On the other hand, Coefficient of varia on of BIST 30 is a li le larger than that of S&P
500, 0.156. I use filters of ±0.2%, ±0.3% and ±0.4% as well but because they give similar
results but lower significance, I depict only the filter of ±0.5% in this study. Other filter re-
sults can be provided upon request. This filter is applied to the overnight returns and among
1398 market days I detect 385 event days for BIST 30 and 414 event days for BIST SME. These
numbers are large enough to have a significant sample. At the end of this paper, ±0.3% filter
is presented as a robustness test and it provides a proof for the magnitude effect.

Cumula ve returns are calculated as follows:

𝐶𝑅𝑖,𝑡 = 𝑃𝑖,𝑡 − 𝑃𝑖,0
𝑃𝑖,0

Where 𝐶𝑅𝑖,𝑡 represents cumula ve returns on day 𝑖 and 𝑡 minutes a er opening, 𝑃𝑖,𝑡 repre-
sents the price on day 𝑖 and 𝑡 minutes a er opening and 𝑃𝑖,0 represents the opening price on
day 𝑖.
Average cumula ve returns can be found by the following formula:

𝐴𝐶𝑅𝑡 = ∑ 𝐶𝑅𝑖,𝑡
𝑛

where𝐴𝐶𝑅𝑡 represents average cumula ve returns 𝑡minutes a er opening𝐶𝑅𝑖,𝑡 represents
cumula ve returns on day 𝑖 and 𝑡 minutes a er opening and 𝑛 represents the number of the
event days. This methodology is similar to the methodology used by Fung and Lam (2004),
Grant, Wolf, and Yu (2005) and Cingöz (2020) and other studies done on this topic.

Intraday return analyses are done for BIST 30 and BIST SME separately; posi ve event days and
nega ve event days are also analyzed separately. The first 30minutes are examined by 5minute
intervals (5, 10, 15, 20, 25 and 30th minutes), a erwards, every 15 minutes are recorded un l
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Table 4.1: Trading Hours Changes In BIST
Period Morning Session A ernoon Session
December 2, 2013 - November 27, 2015 9:35-12:30 14:15-17:30
November 30, 2015 - November 11, 2016 9:35-12:30 13:30-17:39
November 14, 2016 - June 28, 2019 10:00-13:00 14:00-18:09

120thminute (45, 60, 75, 90 and 120thminutes). At last, closing price is retrieved from the data.
Note that the reason we jump to the closing from 120th minute is that Istanbul Stock Exchange
has varying working hours which change occasionally and the first 120 minutes were always
uninterrupted as the trading session break takes place always at a me a er 120 minutes. The
trading session changes are listed in Table 4.1:

I test the reversals to see whether or not those movements, if they exist, are significant. This
is going to help us to discuss the strength of price reversals in addi on to their existence. The
significance of the average cumula ve returns are found by 𝑡 test:

𝑡𝑐𝑎𝑙𝑐 = 𝐴𝐶𝑅𝑡 − 0
𝜎/√𝑛

where 𝑡𝑐𝑎𝑙𝑐 refers to 𝑡 value which is calculated from the sample, 𝐴𝐶𝑅𝑡 average cumula ve
return at me 𝑡, 𝜎 refers to the standard devia on of 𝐴𝐶𝑅𝑡 and 𝑛 refers to the number of
observa ons.

On the significance tables On those tables, ∗ means that ACR is significantly different than zero
in 90% confidence level, ∗∗ means ACR is significantly different than zero in 95% confidence
level and ∗ ∗ ∗ means ACR is significantly different than zero in 99% confidence level.

Trading Strategies Formulas

To see the opportuni es with those average cumula ve returns, I have developed several trad-
ing strategies on the assump onal Exchange Traded Funds of the indices. In the trading strat-
egy, there are two types of posi ons: long posi ons and short posi ons. For the long posi ons,
the indices are assumed to have Exchange Traded Funds (ETFs) in the market. For the short
posi ons, the indices are assumed to have Exchange Traded Funds (ETFs) and short selling is
allowed in the market.

For the long posi ons, the buying price is 100 Turkish Lira (TL) and the selling price is calculated
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as follows for BIST SME:

𝑝𝑙,𝑋𝐾𝑂𝐵𝐼 = 100 × 1 + 𝐴𝐶𝑅𝑡𝑠,𝑋𝐾𝑂𝐵𝐼
1 + 𝐴𝐶𝑅𝑡𝑏,𝑋𝐾𝑂𝐵𝐼

where 𝑝𝑙,𝑋𝐾𝑂𝐵𝐼 stands for selling price of long posi on within BIST SME and 𝐴𝐶𝑅𝑡𝑏,𝑋𝐾𝑂𝐵𝐼
stands for average cumula ve return of BIST SME at buyingminute and𝐴𝐶𝑅𝑡𝑠,𝑋𝐾𝑂𝐵𝐼 stands
for average cumula ve return of BIST SME at selling minute.

Rate of return from this transac on is calculated as follows:

𝑟𝑙,𝑋𝐾𝑂𝐵𝐼 = 𝑝𝑙,𝑋𝐾𝑂𝐵𝐼
100 − 1

where 𝑟𝑙,𝑋𝐾𝑂𝐵𝐼 represents rate of return from the long posi on within BIST SME and 100 is
the buying price and 𝑝𝑙,𝑋𝐾𝑂𝐵𝐼 is the selling price of the BIST SME ETF.

Similarly, for the long posi ons, buying price is 100 Turkish Lira (TL) and selling price is calculated
as follows for BIST 30:

𝑝𝑙,𝑋𝑈030 = 100 × 1 + 𝐴𝐶𝑅𝑡𝑠,𝑋𝑈030
1 + 𝐴𝐶𝑅𝑡𝑏,𝑋𝑈030

where 𝑝𝑙,𝑋𝑈030 stands for selling price of long posi on within BIST 30 and 𝐴𝐶𝑅𝑡𝑏,𝑋𝑈030
stands for average cumula ve return of BIST 30 at buying minute and 𝐴𝐶𝑅𝑡𝑠,𝑋𝑈030 stands
for average cumula ve return of BIST 30 at selling minute.

Rate of return from this transac on is calculated as follows:

𝑟𝑙,𝑋𝑈030 = 𝑝𝑙,𝑋𝑈030
100 − 1

where 𝑟𝑙,𝑋𝑈030 represents rate of return from the long posi on within BIST 30 and 100 is the
buying price and 𝑝𝑙,𝑋𝑈030 is the selling price of the assump onal BIST 30 ETF.

For the short posi ons, short selling price is 100 Turkish Lira (TL) and buying back price is cal-
culated as follows for BIST SME:

𝑝𝑠,𝑋𝐾𝑂𝐵𝐼 = 100 × 1 + 𝐴𝐶𝑅𝑡𝑏,𝑋𝐾𝑂𝐵𝐼
1 + 𝐴𝐶𝑅𝑡𝑠,𝑋𝐾𝑂𝐵𝐼

where𝑝𝑠,𝑋𝐾𝑂𝐵𝐼 stands for selling price of short posi onwithin BIST SMEand𝐴𝐶𝑅𝑡𝑏,𝑋𝐾𝑂𝐵𝐼
stands for average cumula ve return of BIST SME at buying back minute and 𝐴𝐶𝑅𝑡𝑠,𝑋𝐾𝑂𝐵𝐼
stands for average cumula ve return of BIST SME at short selling minute.
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Rate of return from this transac on is calculated as follows:

𝑟𝑠,𝑋𝐾𝑂𝐵𝐼 = 100
𝑝𝑏,𝑋𝐾𝑂𝐵𝐼

− 1

where 𝑟𝑠,𝑋𝐾𝑂𝐵𝐼 represents rate of return from the short posi on within BIST SME and 100 is
the short selling price and 𝑝𝑏,𝑋𝐾𝑂𝐵𝐼 is the buying back price of the BIST SME ETF.

Similarly, for the short posi ons, short selling price is 100 Turkish Lira (TL) and buying back price
is calculated as follows for BIST 30:

𝑝𝑠,𝑋𝑈030 = 100 × 1 + 𝐴𝐶𝑅𝑡𝑏,𝑋𝑈030
1 + 𝐴𝐶𝑅𝑡𝑠,𝑋𝑈030

where 𝑝𝑠,𝑋𝑈030 stands for buying price of short posi on within BIST 30 and 𝐴𝐶𝑅𝑡𝑏,𝑋𝑈030
stands for average cumula ve return of BIST 30 at buying minute and 𝐴𝐶𝑅𝑡𝑠,𝑋𝑈030 stands
for average cumula ve return of BIST 30 at selling minute.

Rate of return from this transac on is calculated as follows:

𝑟𝑠,𝑋𝑈030 = 100
𝑝𝑠,𝑋𝑈030

− 1

where 𝑟𝑠,𝑋𝑈030 represents rate of return from the short posi on within BIST 30 and 100 is the
short selling price and 𝑝𝑎,𝑋𝐾𝑂𝐵𝐼 is the buying back price of the assump onal BIST 30 ETF.

3 Conclusion
I have analyzed two indices: one with a large market capitaliza on rate (BIST 30) and another
one with a smaller market capitaliza on rate (BIST SME). Although the returns are higher on
average, the significance seriously damaged by the standard devia on in the smaller index.
There exist significant price reversals following nega ve overnight gaps in BIST 30 and posi-
ve overnight gaps in BIST SME. In posi ve event days in BIST 30 and nega ve event days in

BIST SME, the reversals exist on average but are not significant. Regarding contrarian strategy,
average returns are higher in BIST SME following both posi ve and nega ve overnight gaps
compared to BIST 30. This implies a size effect on the index returns. As the filter gets larger,
the significance of the reversals increases. This implies a magnitude effect which I detect in
both indices.
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1 Introduc on
In this paper, I examine intraday price reversals a er large price changes in the Turkish Stock
Exchange which is called Borsa Istanbul (BIST). Price reversal means an opposite movement
to an ongoing price movement (De Bondt and Thaler 1985). I will analyze two indices: BIST
30 Index (XU030) and BIST Small Medium Enterprises and Industrial Index (XKOBI). BIST 30
Index consists of 30 biggest company stocks traded in Istanbul Stock Exchange (Is Investment
2020). BIST Small Medium Enterprises and Industrial Index (BIST SME) consists of Small and
Medium Enterprises and industrial companies traded in the Istanbul Stock Exchange (“KOBİ
Sanayi Endeksi” 2020). The reason I choose these two indices is to see the differences and
similari es of the market movements between large companies and smaller companies. I find
price reversals both in BIST SME and BIST 30 indices. Those reversals are significant on average
following a nega ve price gap in BIST 30 index and following a posi ve price gap in BIST SME
index. Addi onally, magnitudes of those price reversals increase as the price changes become
larger. Since smaller index gives higher returns, there exists a size effect. Profitable trading
strategies can be established in both indices.

In general, price reversals are related to the efficient market hypothesis as these movements
violate the hypothesis’ assump ons. Efficient capital markets can be defined as the capital
markets where all the informa on about the assets is reflected in their prices at any moment
(Fama 1970). There are three forms of the efficiency: weak form, semi-strong form and strong
form. The weak form requires only that historical price data is publicly available. The semi-
strong form of efficiency, on the other hand, means that there are public announcements of
share splits, annual or quarterly reports, addi onal security issues, etc. If there are no privi-
leged groups or persons among investors who might privately access inside informa on, then

19



a strong form of efficiency occurs. If a capital market fulfills those condi ons, it can be consid-
ered an efficient capital market (Fama 1970). In such markets, prices follow a randomwalk and
it is hard to beat the market as an investor. Fama (1970) shows that the US financial market is
efficient in all levels. The intraday price reversals I find in the Turkish Stock Exchange breach
the assump ons of the efficient market hypothesis. If the market was efficient, intraday price
reversals would not exist.

The efficient capital markets hypothesis has been challenged by a huge number of scholars,
academic papers etc. such that a new approach called behavioral finance came to the scene.
As a discipline challenging tradi onal finance, behavioral finance refuses the assump on of
that individuals are ra onal. In fact, people are not ra onal but “normal” according to Statman
(2017). “Normal” implies neither ra onality nor irra onality for the investors. Another main
founda on undermined by the behavioral finance is mean-variance por olio theory. Accord-
ing to classical finance theory, investors’ only purpose on the market is to build high expected
return, low variance por olios. On the other hand, behavioral finance adds factors like social
status or social responsibility into the construc on of an ideal por olio. The individual’s weak
self-control breaches ideal savings and spending according to the behavioral perspec ve (Stat-
man 2017). The most important deduc on behavioral finance reaches is that markets are not
efficient in the sense that it fully reflects the value of assets. Those philosophical debates are
important to demonstrate the framework of this thesis.

Many studies are challenging the efficient market hypothesis. Narayan and Zheng (2010) cap-
ture market anomalies in the Chinese stock market in terms of firm size, the book-to-market
ra o, the turnover rate except for momentum. Al-Khazali and Mirzaei (2017) present calendar
anomalies in eight Dow Jones Islamic Indices. Chan et al. (2020) presentmarket anomalies a er
presiden al elec ons. Diaz-Ruiz, Herrerias, and Vasquez (2020) find three types of anomalies
out of 19 tested in the Mexican stock market. The robust anomalies are listed as momentum,
idiosyncra c vola lity, and the lo ery effect.

Kahneman and Tversky (1977) study decision-making mechanisms which show that people
overreact to unexpected news. De Bondt and Thaler (1985), in a breakthrough study, examine
if the overreac on exists in financial markets and open a pave for analyses regarding overreac-
on phenomenon in the finance literature. De Bondt and Thaler (1985) apply this phenomenon

in New York Stock Exchange to see if a similar behavior exists among the investors. They exam-
ine two different types of por olios. “Loser por olio” is a por olio in which past excess returns
have been nega ve, while the “winner por olio” has given posi ve excess returns in the past.
As a result, loser por olio outperforms winner por olio. Their study implies a substan al weak
form of inefficiency in the capital markets. They show overreac on in the long-run for up to 5
years. However, I will examine high-frequency intraday data and see if the overreac on is cor-
rectedwithinminutes rather than years. When individuals contemplate their forecast, they are
prone to overweight the recent informa on (De Bondt and Thaler 1985). As a result, today’s
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price of the assets does not reflect the real value of the assets, and investors should follow a
contrarian strategy, according to De Bondt and Thaler (1985). The results from my study also
suggest that a contrarian strategy would be profitable to follow in BIST 30 and BIST SME indices
but in intraday basis rather than years basis.

Overreac on has been studied widely within many markets including Spain (Alonso and Rubio
1990), South Africa (Page and Way 1992), Brazil (Costa 1994), New Zealand (Bowman and Iver-
son 1998), Hong Kong (Fung 1999), Australia (Gaunt 2000), Greece (Antoniou, Galario s, and
Spyrou 2005) and Germany (Lobe and Rieks 2011). All of those studies detect overreac on
except for Gaunt (2000) on the Australian market. I also detect overreac ons in both BIST 30
and BIST SME indices. Alonso and Rubio (1990) use the same methodology with De Bondt and
Thaler (1985) and conclude that the “loser por olio” outperforms “winner por olio” by 24.5%
in the Spanish capital market. The results are robust to size adjustments. Page andWay (1992)
examine Johannesburg Stock Exchange and find that “loser por olio” performs about 20% bet-
ter than “winner por olio” three years a er the construc on of the por olios. Costa (1994)
examines Brazilian Stock Market for the period of 1970 and 1989 and detects price reversals in
two years period. Bowman and Iverson (1998) examine periods following large price changes in
New Zealand Stock Market. Besides, Lobe and Rieks (2011) state that there exists no evidence
for viola on of market efficiency on the Frankfurt Stock Exchange.

Most of those studies prove overreac on in the long-term. I analyze intraday price reversals to
see if the theory holds in the short-term. Previously, Atkins and Dyl (1990) show price reversals
on daily prices. On average, a drama c fall in prices is corrected on the following day in their
analysis. This effect is stronger when price gap is nega ve. Similarly, Fabozzi et al. (1995)
demonstrate a significant intraday price reversal movement a er a large price change more
significant for nega ve ini al prices. Fung, Mok, and Lam (2000) found intraday price reversals
in the S&P 500 andHSI futuresmarket. Magnitude of the price reversals is showed to be related
to the ini al price changes in the both studies by Fabozzi et al. (1995) and Fung, Mok, and Lam
(2000). The study by Fung, Mok, and Lam (2000) is extended by Fung and Lam (2004) and
they demonstrate that price reversals are so strong that the effect is carried to the next day
in Hang Seng Index Futures. Grant, Wolf, and Yu (2005) examine S&P 500 futures for a 15
years span and show a significant reversal within the day. Note that those returns disappear
a er the transac on costs. Interes ngly, the strength of the reversal movement is higher in
posi ve price gap event days in the work of Grant, Wolf, and Yu (2005) unlike Fabozzi et al.
(1995) and Fung, Mok, and Lam (2000). Parikakis and Syriopoulos (2008) detect overreac on
and profitable opportuni es in foreign exchange markets. I detect intraday price reversals and
profitable trading strategies in both indices I observe. If transac on costs and bid-ask spreads
are taken into account, those profits are reduced significantly.

Fung, Lam, and Lam (2010) prove the existence of intraday price reversals in Asian index fu-
tures market a er a drama c change in the US market. The profitability holds even a er the
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transac on costs according to Fung, Lam, and Lam (2010). Klößner, Becker, and Friedmann
(2012) review the effects of good news and bad news on the stock markets and present signif-
icant overreac on to bad news. Kudryavtsev (2013) reveals next-day stock price reversals fol-
lowing end-of-the-day price movements in Dow Jones Industrial Index and detects profitability
opportuni es. Recently, Chu, Gu, and Zhou (2019) detect a significant Intraday momentum
and reversal in Chinese stock market. However, transac on costs sweep profitable investment
opportuni es. Cingöz (2020) studies Turkish Stock Exchange and finds that overreac on disap-
pears within minutes in BIST 100 Index. Similar to Cingöz (2020), I find a magnitude effect in
both BIST 30 and BIST SME.

2 Data
I have used historical ck data of the BIST 30 Index (XU030) and BIST Small Medium Enterprises
and Industrial Index (XKOBI) from the Istanbul Stock Exchange (Borsa Istanbul). The data is high-
frequency data and consists of every second of the trading days within the period of analysis.
BIST 30 index consists of 30 stocks selected from the stocks presented in Borsa Istanbul. The
stocks in BIST 30 are selected based on two criteria: free-float market value and daily average
traded value (Is Investment 2020). The process is as follows: “If there is any stock which is in
the first place in both lists, it is assigned to the first place in the final list. If there is no stock
which is in the first place in both lists, it is examined whether there is any stock in the first two
places. These steps are repeated un l a stock which will be assigned to the first place in the
final list is found. A er finding the stock to be assigned to the first place in the final list, the
above steps are repeated for the succeeding places. If two stocks are eligible to be placed in the
first ‘n’ places in both lists, then the one with the higher market value is assigned to the upper
rank in the final list” (Is Investment 2020). The index is constantly reviewed and updated every
third month. BIST Small Medium Enterprises and Industrial Index (which is going to be referred
to as BIST SME for the rest of this paper) consists of stocks of Small Medium Enterprises and
Industrial companies traded in Borsa Istanbul. The cons tu on of BIST SME is on December
2, 2013, so I start my analysis on that day. The data goes un l June 28, 2019. The reason
I choose these two indices is to compare an index with larger companies and an index with
small medium enterprises. Note that BIST 30 consists of mostly the largest companies’ stocks
in the Istanbul Stock Exchange. On May 5, 2019, the total Weighted Free Float Market Value
of BIST 30 was 172,680,000,000 Turkish Lira (TL), and that of BIST KOBI was 978,817,767.6 TL
(Borsa Istanbul 2020). This means more than 100 mes difference in size for these two indices.
It seems more than enough to see the size effect on the analysis. Among 1398 trading days,
312 days are recorded as posi ve event days, and 102 days are recorded as nega ve event days
for BIST SME. On the other hand, among 1398 trading days, BIST 30 has 252 posi ve event days
and 133 nega ve event days. S&P 500 daily data is downloaded from Yahoo Finance (2020).
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3 Empirical Results
To cons tute a sample of event days with large overnight gaps, I find overnight returns first.
Overnight returns are found as follows:

𝑂𝑅𝑖 = 𝑃𝑖,0 − 𝑃𝑖−1,𝑐
𝑃𝑖−1,𝑐

where𝑂𝑅𝑖 stands for Overnight Return on the trading day 𝑖,𝑃𝑖,0 represents the opening price
on the trading day 𝑖, 𝑃𝑖−1,𝑐 represents the closing price of the previous trading day (𝑖 − 1).
So, to define event days I use the filter as follows:

𝑂𝑅𝑖 ≥ 0.005 → posi ve event

𝑂𝑅𝑖 ≤ −0.005 → nega ve event

I will use 0.5% the opening gap as my filter to define event days. It means that if the difference
between the opening price and previous day’s closing price of an index is larger than 0.5% or
lower than −0.5%, then that day counts as one of our event days.

Fung, Mok, and Lam (2000) use filter sizes of ±0.1%, ±0.2%, ±0.3%, ±0.4%, ±0.5% for
S&P 500 Futures and ±0.1%, ±0.15%, ±0.2%, ±0.25%, ±0.3% for Hang Seng Index Fu-
tures. Grant, Wolf, and Yu (2005), on the other hand, use the filter of ±0.2% for the S&P 500
futures and add that they use other filters but because they all have similar results only the
filter of ±0.2% is demonstrated in the study. I use the filter of ±0.5% because both BIST 30
and BIST SME are more vola le than S&P 500. For the period of December 2, 2013 and June
28, 2019, coefficient of varia on of BIST SME is 0.223 on daily prices while that of S&P 500 is
0.149. On the other hand, Coefficient of varia on of BIST 30 is a li le larger than that of S&P
500, 0.156. I use filters of ±0.2%, ±0.3% and ±0.4% as well but because they give similar
results but lower significance, I depict only the filter of ±0.5% in this study. Other filter re-
sults can be provided upon request. This filter is applied to the overnight returns and among
1398 market days I detect 385 event days for BIST 30 and 414 event days for BIST SME. These
numbers are large enough to have a significant sample. At the end of this paper, ±0.3% filter
is presented as a robustness test and it provides a proof for the magnitude effect.

Cumula ve returns are calculated as follows:

𝐶𝑅𝑖,𝑡 = 𝑃𝑖,𝑡 − 𝑃𝑖,0
𝑃𝑖,0

Where 𝐶𝑅𝑖,𝑡 represents cumula ve returns on day 𝑖 and 𝑡 minutes a er the opening, 𝑃𝑖,𝑡
represents the price on day 𝑖 and 𝑡 minutes a er the opening and 𝑃𝑖,0 represents the opening
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price on day 𝑖.
Average cumula ve returns can be found by the following formula:

𝐴𝐶𝑅𝑡 = ∑ 𝐶𝑅𝑖,𝑡
𝑛

where 𝐴𝐶𝑅𝑡 represents average cumula ve returns 𝑡 minutes a er the opening 𝐶𝑅𝑖,𝑡 rep-
resents cumula ve returns on day 𝑖 and 𝑡 minutes a er the opening and 𝑛 represents the
number of the event days. This methodology is similar to the methodology used by Fung and
Lam (2004), Grant, Wolf, and Yu (2005) and Cingöz (2020) and other studies done on this topic.

Intraday return analyses are done for BIST 30 and BIST SME separately; posi ve event days and
nega ve event days are also analyzed separately. The first 30minutes are examined by 5minute
intervals (5, 10, 15, 20, 25 and 30th minutes), a erwards, every 15 minutes are recorded un l
120th minute (45, 60, 75, 90 and 120th minutes). At last, the closing price is retrieved from
the data. Note that the reason we jump to the closing from 120th minute is that Istanbul
Stock Exchange has varying working hours which change occasionally and the first 120 minutes
were always uninterrupted as the trading session break takes place always at a me a er 120
minutes.

I test the reversals to see whether or not those movements, if they exist, are significant. This
is going to help us to discuss the strength of price reversals in addi on to their existence. The
significance of the average cumula ve returns are found by 𝑡 test:

𝑡𝑐𝑎𝑙𝑐 = 𝐴𝐶𝑅𝑡 − 0
𝜎/√𝑛

where 𝑡𝑐𝑎𝑙𝑐 refers to 𝑡 value which is calculated from the sample, 𝐴𝐶𝑅𝑡 average cumula ve
return at me 𝑡, 𝜎 refers to the standard devia on of 𝐴𝐶𝑅𝑡 and 𝑛 refers to the number of
observa ons.

On the significance tables On those tables, ∗ means that ACR is significantly different than zero
in 90% confidence level, ∗∗ means ACR is significantly different than zero in 95% confidence
level and ∗ ∗ ∗ means ACR is significantly different than zero in 99% confidence level.

Trading Strategies Formulas

To see the opportuni es with those average cumula ve returns, I have developed several trad-
ing strategies on the assump onal Exchange Traded Funds of the indices. In the trading strat-
egy, there are two types of posi ons: long posi ons and short posi ons. For the long posi ons,
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the indices are assumed to have Exchange Traded Funds (ETFs) in the market. For the short
posi ons, the indices are assumed to have Exchange Traded Funds (ETFs) and short selling is
allowed in the market.

For the long posi ons, buying price is 100 Turkish Lira (TL) and selling price is calculated as
follows for BIST SME:

𝑝𝑙,𝑋𝐾𝑂𝐵𝐼 = 100 × 1 + 𝐴𝐶𝑅𝑡𝑠,𝑋𝐾𝑂𝐵𝐼
1 + 𝐴𝐶𝑅𝑡𝑏,𝑋𝐾𝑂𝐵𝐼

where 𝑝𝑙,𝑋𝐾𝑂𝐵𝐼 stands for selling price of long posi on within BIST SME and 𝐴𝐶𝑅𝑡𝑏,𝑋𝐾𝑂𝐵𝐼
stands for average cumula ve return of BIST SME at buyingminute and𝐴𝐶𝑅𝑡𝑠,𝑋𝐾𝑂𝐵𝐼 stands
for average cumula ve return of BIST SME at selling minute.

Rate of return from this transac on is calculated as follows:

𝑟𝑙,𝑋𝐾𝑂𝐵𝐼 = 𝑝𝑙,𝑋𝐾𝑂𝐵𝐼
100 − 1

where 𝑟𝑙,𝑋𝐾𝑂𝐵𝐼 represents rate of return from the long posi on within BIST SME and 100 is
the buying price and 𝑝𝑙,𝑋𝐾𝑂𝐵𝐼 is the selling price of the BIST SME ETF.

Similarly, for the long posi ons, buying price is 100 Turkish Lira (TL) and selling price is calculated
as follows for BIST 30:

𝑝𝑙,𝑋𝑈030 = 100 × 1 + 𝐴𝐶𝑅𝑡𝑠,𝑋𝑈030
1 + 𝐴𝐶𝑅𝑡𝑏,𝑋𝑈030

where 𝑝𝑙,𝑋𝑈030 stands for selling price of long posi on within BIST 30 and 𝐴𝐶𝑅𝑡𝑏,𝑋𝑈030
stands for average cumula ve return of BIST 30 at buying minute and 𝐴𝐶𝑅𝑡𝑠,𝑋𝑈030 stands
for average cumula ve return of BIST 30 at selling minute.

Rate of return from this transac on is calculated as follows:

𝑟𝑙,𝑋𝑈030 = 𝑝𝑙,𝑋𝑈030
100 − 1

where 𝑟𝑙,𝑋𝑈030 represents rate of return from the long posi on within BIST 30 and 100 is the
buying price and 𝑝𝑙,𝑋𝑈030 is the selling price of the assump onal BIST 30 ETF.

For the short posi ons, short selling price is 100 Turkish Lira (TL) and buying back price is cal-
culated as follows for BIST SME:

𝑝𝑠,𝑋𝐾𝑂𝐵𝐼 = 100 × 1 + 𝐴𝐶𝑅𝑡𝑏,𝑋𝐾𝑂𝐵𝐼
1 + 𝐴𝐶𝑅𝑡𝑠,𝑋𝐾𝑂𝐵𝐼
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where𝑝𝑠,𝑋𝐾𝑂𝐵𝐼 stands for selling price of short posi onwithin BIST SMEand𝐴𝐶𝑅𝑡𝑏,𝑋𝐾𝑂𝐵𝐼
stands for average cumula ve return of BIST SME at buying back minute and 𝐴𝐶𝑅𝑡𝑠,𝑋𝐾𝑂𝐵𝐼
stands for average cumula ve return of BIST SME at short selling minute.

Rate of return from this transac on is calculated as follows:

𝑟𝑠,𝑋𝐾𝑂𝐵𝐼 = 100
𝑝𝑏,𝑋𝐾𝑂𝐵𝐼

− 1

where 𝑟𝑠,𝑋𝐾𝑂𝐵𝐼 represents rate of return from the short posi on within BIST SME and 100 is
the short selling price and 𝑝𝑏,𝑋𝐾𝑂𝐵𝐼 is the buying back price of the BIST SME ETF.

Similarly, for the short posi ons, short selling price is 100 Turkish Lira (TL) and buying back price
is calculated as follows for BIST 30:

𝑝𝑠,𝑋𝑈030 = 100 × 1 + 𝐴𝐶𝑅𝑡𝑏,𝑋𝑈030
1 + 𝐴𝐶𝑅𝑡𝑠,𝑋𝑈030

where 𝑝𝑠,𝑋𝑈030 stands for buying price of short posi on within BIST 30 and 𝐴𝐶𝑅𝑡𝑏,𝑋𝑈030
stands for average cumula ve return of BIST 30 at buying minute and 𝐴𝐶𝑅𝑡𝑠,𝑋𝑈030 stands
for average cumula ve return of BIST 30 at selling minute.

Rate of return from this transac on is calculated as follows:

𝑟𝑠,𝑋𝑈030 = 100
𝑝𝑠,𝑋𝑈030

− 1

where 𝑟𝑠,𝑋𝑈030 represents rate of return from the short posi on within BIST 30 and 100 is the
short selling price and 𝑝𝑎,𝑋𝐾𝑂𝐵𝐼 is the buying back price of the assump onal BIST 30 ETF.
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Those results show the existence of intraday price reversals in BIST 30 and BIST SME indices.
But how significant are those results? Table 5.5, 5.6, 5.7 and 5.8 show the significance level
of average cumula ve returns. On those tables, ∗ means that ACR is significantly different
than zero in 90% confidence level, ∗∗ means ACR is significantly different than zero in 95%
confidence level and ∗ ∗ ∗ means ACR is significantly different than zero in 99% confidence
level.

Table 5.5: BIST SME Nega ve Overnight Gap
Minute ACR % 𝑡𝑐𝑎𝑙𝑐 p value
Opening
5 -0.068 -0.668 0.506
10 0.0076 0.087 0.931
15 -0.002 -0.02 0.984
20 0.0667 0.52 0.604
25 0.1194 0.868 0.388
30 0.0413 0.276 0.783
45 0.0321 0.193 0.847
60 0.1297 0.674 0.502
75 0.0074 0.037 0.971
90 0.0667 0.325 0.746
105 0.0225 0.109 0.914
120 0.0025 0.011 0.991
Closing 0.3132 1.008 0.316
∗ ∶ 90% ∗∗ ∶ 95% ∗ ∗ ∗ ∶ 99% conf.

Table 5.6: BIST SME Posi ve Overnight Gap
Minute ACR % 𝑡𝑐𝑎𝑙𝑐 p value
Opening
5 0.0518** 2.07 0.039
10 0.0509* 1.738 0.083
15 0.0363 1.039 0.3
20 0.0324 0.932 0.352
25 0.018 0.482 0.63
30 -0.0056 -0.144 0.885
45 -0.0377 -0.852 0.395
60 -0.094 -1.914 0.057
75 -0.1436*** -2.716 0.007
90 -0.1762*** -3.283 0.001
105 -0.1766*** -3.332 0.001
120 -0.1674*** -2.865 0.004
Closing -0.1754** -1.981 0.048
∗ ∶ 90% ∗∗ ∶ 95% ∗ ∗ ∗ ∶ 99% conf.
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Table 5.7: BIST 30 Nega ve Overnight Gap
Minute ACR % 𝑡𝑐𝑎𝑙𝑐 p value
Opening
5 -0.0206 -0.572 0.568
10 0.0263 0.608 0.544
15 0.0805** 1.99 0.049
20 0.0842* 1.782 0.077
25 0.0801 1.582 0.116
30 0.0819* 1.686 0.094
45 0.0845 1.488 0.139
60 0.0867 1.455 0.148
75 0.071 1.093 0.276
90 0.0717 1.023 0.308
105 0.036 0.464 0.644
120 0.0274 0.325 0.745
Closing 0.0422 0.315 0.753
∗ ∶ 90% ∗∗ ∶ 95% ∗ ∗ ∗ ∶ 99% conf.

3.1 Comparison

As you can see from Figure 5.1, in nega ve case the reversals are stronger with BIST SME but
because of higher standard devia on, the significance is lower than BIST 30 (see Table 5.1 and
5.3 to see the difference in standard devia ons). On the other hand, observable from Figure
5.2, both the reversals and their significance levels are stronger in BIST SME following posi ve
overnight gap (see Table 5.2 and 5.4 to see the difference in standard devia ons).

3.2 Magnitude Effect

When we apply smaller filters, the ACR results show lower significance. This means that as the
price movements get larger the significance of the price reversals increase. In other words, the
magnitude of the price movements is posi vely correlated with the significance of the price re-
versals. So, it can be said that there exists amagnitude effect as in themost of the papers in the
literature (Fabozzi et al. 1995) (Fung, Mok, and Lam 2000) (Fung, Lam, and Lam 2010)(Cingöz
2020).

3.3 Size Effect

Following a nega ve overnight gap, BIST 30 gives 0.1048% return while BIST SME gives
0.3815% return by a profitable trading strategy (See: trading strategies part of this paper).
Following a posi ve overnight gap, BIST 30 gives 0.0687% return while BIST SME gives
0.2288% return by a profitable trading strategy. In both cases, BIST SME returns are higher
than BIST 30 returns more than three mes. As smaller index gives a higher return, it can be
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Figure 5.1: Nega ve Events: BIST 30 (XU030) and BIST SME (XKOBI)

Figure 5.2: Posi ve Events: BIST 30 (XU030) and BIST SME (XKOBI)
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Table 5.8: BIST 30 Posi ve Overnight Gap
Minute ACR % 𝑡𝑐𝑎𝑙𝑐 p value
Opening
5 0.0214 1.444 0.15
10 0.0312 1.647 0.101
15 0.0234 1.247 0.214
20 0.0432** 2.11 0.036
25 0.0489** 2.078 0.039
30 0.0521** 2.19 0.029
45 0.0286 0.963 0.336
60 0.0261 0.778 0.437
75 -0.0019 -0.051 0.96
90 -0.0047 -0.118 0.906
105 -0.0166 -0.372 0.71
120 -0.0143 -0.302 0.763
Closing -0.014 -0.164 0.87
∗ ∶ 90% ∗∗ ∶ 95% ∗ ∗ ∗ ∶ 99% conf.

said that the size effect takes place in the price reversals as Banz (1981) suggests.

3.4 Significance test for BIST SME

First of all, although the values seem very strong, in BIST SME nega ve overnight gap event,
the numbers are not sta s cally significant (see: Table 5.5). So, we can say that there exists no
significant average cumula ve return mostly because of the high vola lity. On the other hand,
as you can see from Table 5.6, there are several significant cumula ve returns on average in
case of the posi ve overnight gap. Nega ve ACR is significantly posi ve in 95% confidence
level 5 minutes a er the opening. Addi onally, ACR is significantly posi ve in 90% confidence
level 10 minutes a er the opening. Nega ve reversals become significant 75 minutes a er the
opening in 99% confidence level. This significance level is held un l the closing and the closing
price significance reduces to 95% confidence level.

3.5 Significance test for BIST 30

Unlike BIST SME, BIST 30 has sta s cally significant reversals for the nega ve event days (see:
Table 5.7). 15 minutes a er the opening, ACR is significantly posi ve in 95% confidence level.
Then, 20 minutes a er the opening and 30 minutes a er the opening, ACR becomes signif-
icantly posi ve in 90% confidence level. For posi ve event days, there exists no significant
reversals (see: Table 5.8).
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3.6 Trading strategies

Based on the average cumula ve returns depicted above, we can employ several trading strate-
gies in both BIST SME and BIST 30. We assume that there exist exchange traded funds (ETFs) of
BIST 30 and BIST SME. Addi onally, the transac on costs and the bid-ask spread are not taken
into account in these analyses.

For example, if an investor buys 100 Turkish Lira (TL) worth of BIST SME exchange traded fund
(ETF) 5 minutes a er the opening following a nega ve overnight gap, it will become 100.3815
TL at the end of the trading day as it is showed in the equa on below (see: Table 5.9). However,
this return is sta s cally not significant even in 90% confidence level (see: Table 5.5).

𝑝𝑙,𝑋𝐾𝑂𝐵𝐼 = 100 × 1 + 0.003132
1 − 0.00068 ≃ 100.3815

𝑟𝑙,𝑋𝐾𝑂𝐵𝐼 = 100.3815
100 − 1 ≃ 0.003815

If the investor follows the same strategy in BIST 30 ETF and buys at the fi h minute of the
trading day, the return is going to be significant on the twen eth minute in 90% confidence
level (see: Table 5.7). In that case, 100 TL would become 100.1048 TL if the investor sells it at
the twen eth minutes (see: Table 5.9). Note that, the rate of return would be higher at the
six eth minute but I prefer a more significant result rather than a higher result (see: Table 5.7).

𝑝𝑙,𝑋𝑈030 = 100 × 1 + 0.000842
1 − 0.000206 ≃ 100.1048

𝑟𝑙,𝑋𝑈030 = 100.1048
100 − 1 ≃ 0.001048

If short selling is allowed for these indices, BIST SMEmight create sta s cally significant posi ve
returns following a posi ve overnight gap. If the investor shorts 100 TL worth of BIST SME ETF
at the fi h minute, they are going to pay 99.7717 TL to close the posi on at the 105th minute
(See: Table 5.10). This means around 0.2288% rate of return (see: equa on below). Note that
the average cumula ve return at the fi h minute is significantly posi ve in 95% confidence
level and the average cumula ve return at the 105th minute is significantly nega ve in 99%
confidence level (See: Table 5.6). This means that the shor ng return is not only posi ve but
also significant for BIST SME.
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𝑝𝑠,𝑋𝐾𝑂𝐵𝐼 = 100 × 1 − 0.000518
1 + 0.001766 ≃ 99.7717

𝑟𝑠,𝑋𝐾𝑂𝐵𝐼 = 100
99.7717 − 1 ≃ 0.002288

Similarly, if an investor shorts 100 TL worth of BIST 30 at the thir eth minute, they are going to
pay 99.9313 TL to close the posi on and make 0.0687% return at the 105th minute (See: Table
5.8). This posi ve return, however, is not significant in 90% confidence level (See: Table 5.10).

𝑝𝑙,𝑋𝑈030 = 100 × 1 − 0.000521
1 + 0.000166 ≃ 99.000687

𝑟𝑙,𝑋𝑈030 = 100
99.7717 − 1 ≃ 0.000687

Table 5.9: Long Posi on Following Nega ve Overnight Gap
Index Buy minute Sell Minute Buy at Sell at Return (%)
BIST SME 5 Closing 100 100.3815 0.3815
BIST 30 5 20 100 100.1048 0.1048

Table 5.10: Short Posi on Following Posi ve Overnight Gap
Index Short Minute Buy minute Short for Buy for Return (%)
BIST SME 5 105 100 99.7717 0.2288
BIST 30 5 105 100 99.9313 0.0687

It is possible to construct profitable trading strategies with and without significant returns.
However, these profits do not take the transac on costs into account and those costs might sig-
nificantly reduce the profits, especially considering high bid-ask spreads and transac on costs
of smaller firm stocks, this effect might be stronger for the assump onal BIST SME index ETFs.

4 Robustness Test
It is men oned above that there are other filters I use and ± 0.5% is chosen in this paper
because it gives more significant results and a proper sample size for the analysis. It might
be useful to show that an alterna ve filter would not give that significant results. I can show
that as a smaller filter, ± 0.5% filter gives less significant results by 𝑡 test (Table 5.11). This
will show the robustness of the filter used in this ar cle (± 0.5%). Addi onally, magnitude
effect claimed above is supported by the fact that a smaller overnight price gap creates a less
significant average cumula ve return.
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As you can see from the table 5.11, whenwe apply the filter of ±0.3%, only BIST SMEACR values
following posi ve overnight price gaps are significant and the other cases are not significant.
On the other hand, when ±0.5% filter is applied, both BIST SME ACR values following posi ve
overnight price gaps and BIST 30 ACR values following nega ve overnight price gaps are signifi-
cant. This means that as the price movements get larger the significance of the price reversals
increase. So, there exists a magnitude effect.

5 Conclusion
I have analyzed two indices in the Istanbul Stock Exchange: one with a large market capital-
iza on rate (BIST 30) and another one with a smaller market capitaliza on rate (BIST SME).
Weighted Free Float Market Value of BIST 30 is more than 100 mes larger than that of BIST
SME. I have used ± 0.5% filter to detect large overnight gaps. I have calculated average cumu-
la ve returns of the indices separately a er large overnight gaps. I have tested the significance
of price reversal movements. Although the returns are higher on average, the significance se-
riously damaged by the standard devia on in the smaller index. I detect significant and not
significant price reversals on both indices. There exist significant price reversals following neg-
a ve overnight gaps in BIST 30 and posi ve overnight gaps in BIST SME. In posi ve event days
in BIST 30 and nega ve event days in BIST SME, the reversals exist on average but are not sig-
nificant. I have applied a contrarian strategy to exploit those price reversals. For the trading
strategies, assump onal index ETFs are used. Regarding contrarian strategy, average returns
are higher in BIST SME following both posi ve and nega ve overnight gaps compared to BIST
30. This implies a size effect on the index returns. As the filter gets larger, the significance of
the reversals increases. I compare the filter of ± 0.5% and ± 0.3% par cularly and show that
the significance of the reversals is higher with ± 0.5% filter. This trend holds for other filters
which are tested but not presented. This implies a magnitude effect which I detect in both
indices.
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6 Appendix

Figure 5.3: Average cumula ve returns in BIST SME index a er nega ve overnight gaps
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Figure 5.4: Average cumula ve returns in BIST SME index a er posi ve overnight gaps

Figure 5.5: Average cumula ve returns in BIST 30 index a er nega ve overnight gaps
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Figure 5.6: Average cumula ve returns in BIST 30 index a er posi ve overnight gaps
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