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Abstract

In this thesis I decompose the total (close to close) return into intraday and overnight returns on
two indexes and two stocks on Oslo Stock Exchange over the period 2013 to 2019. By analyzing
the indexes and stocks individually | find that overnight returns play a much larger part in the total
returns of single stocks than that of the total return of the indexes I find a near zero correlation of
the intraday and overnight returns on stocks. Further | find the most appropriate ARIMA, ARCH
and GARCH models for modeling the behavior of the indexes and stocks and note that they behave
differently, both the overnight and intraday for the single indexes and stocks, but also when
comparing them. Lastly, I look for hidden Markov model behavior in the indexes and stocks and
find that during calm periods the overnight return for the stocks outperform the intraday both on

return and standard deviation.
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Sammendrag

| denne oppgaven dekompnerer jeg den totale avkastningen pa Oslo Bars til intradag- og
overnattenavkastning pa to indekser og to aksjer over perioden 2013 til 2019. Analysen av
indeksene og aksjene individuelt viser at overnattenavkastning har en stor vekt pa
totalavkastningen til aksjene, i motsetning til intradagavkastningen. For indeksen derimot er det
intradagavkastningen som spiller desidert starst rolle. Jeg finner korrelasjonen til intradag og
overnatten til & vere tilnermet lik null for aksjene. Videre finner jeg de ARIMA, ARCH og
GARCH modeller som passer best til 2 modellere avkastningenes bevegelse og noterer at det er
stor forskjell mellom hver enkelt indeks og aksjer, i tillegg til at det er forskjell pa intradag og
overnatten. Til slutt ser jeg etter hidden Markov model oppfarsel for indeksene og aksjene og
finner at under rolige perioder er avkastningen for overnatten bedre enn intradag, i tillegg til at

standardavviket er lavere.



Table of Contents

F 0111 - To! S PP PRUPRTUPPPPRRPRO i
o 5] 0T PP TP PR TPTOPP ii
MM ENA A i iii
ST OF FIGUIES ..ttt sttt e bt s at e et e sb e sab e e bt e saeesab e e bt e naeesabeenneas v
LIST OF TADIES. ...ttt b e sttt b ettt st et nh e et nae s v
I 1011 (T [FTox 1 o] o DO TSP T PSP OPRRTPTOPP 1
WVOIKING TIEIE .ottt et e st e e st e e sab e e e st e e ssteeesnseeessseesnsaeesnseeessseesnnseenns 1
2. LITEIALUIE TEVIBW ...ttt b e e b e st sre s 2
3. TheoretiCal frAMEWOIK..........ccuiiiiiiiieee e e et 6
3.1 History of financial VOIAtHILY ..........ccueeveuiiiiiie et e e enees 6
3.2 Autoregressive conditional heteroskedastiCity — ARCH.........cccvviiiiiiiie i 6
3.3 Generalized autoregressive conditional heteroskedasticity — GARCH.............cccevvveevveievciee e, 7
3.4 Hidden MarkoV MOGEIS...........coouiriiiiiiieiieiene ettt 8
4, DaAta COIBCTION. ......eiiiiiicii ettt et b e st sbe e n e s 9
4.1 Computation of daily, overnight, and intraday returns .........ccccocceeeiieeicieeccee e 10

5L RESUILS .. et h ettt b e sre e 12
5.1 OVEIVIEW OVET TEEUIMS. ..c..eeuviiiitieiientteit sttt sttt ettt ettt sb et sbe et s b et b e sb e b saeenesee e 12
5.2 ARIMA, ARCH & GARGCH ..ttt ettt et sttt e s aree e 17
5.3 Hidden MarkoV MOGEIS........cceoouiriiiiiiiiiei e s 21
(O] T OO OO P T PPPTUPPP 22
(O] = ) GO TPPTUPPP 22

Y AR A ettt et e e e st e e e et e e st e e e et e s e breee e s aareee 23
)] = TP OO UPP U PTPPPOPPI 24
Conclusion aNd TIMITALIONS .......cueiiiiirieeet ettt ettt e b 25
RETEIBNCES. ...ttt a bttt sb et s h et b e bbbt et b et st 27
F AN o] 01T 40 L TSR 29



List of figures

Figure 1: Visual representation of return deCOmMpPOSItIONS ...........covveiiieriieiiieiiie e 10
Figure 2: Cumulative OBX RELUIMS. ......ccuuiiiiiiiieiii et 13
Figure 3: Cumulative OSEBX REIUIMS .......ccuviiiiiiiieiiie et 13
Figure 4: Cumulative Yara REIUINS .......ccoiiiiiiie e 14
Figure 5: Cumulative DNB RETUMS. ......c..uiiiiiiiieiiieiee e 15
Figure 6: SQUAred Yara FELUIMS ........ee it etee sttt ettt be e 16
Figure 7: SQUAred DNB RETUIMS .......cc.uiiiiiiiie ittt 17
Figure 8: Residual error plots fOr INAEXES ..........eeiiiiiiiiie e 20
Figure 9: Residual error plots fOr STOCKS .........couiiiiiiiii i 21
Figure 10: SQUAred OBX FELUIMS ......ccuiiiiiieiie ittt sb ettt e e sta e nbeeanae e 29
Figure 11: Squared OSEBX FBIUMS.......ccuuiiiiiiiieiii ettt 29
Figure 12: ACF and PACFE TOF OBX ....ooiuiiiiiiiiieiii ettt 30
Figure 13: ACF and PACF fOr OSEBX .......ccoiiiiiiiie et stee e see e tva e ite e sie e snaee e nnaeeesnnaee s 30
Figure 14: ACF and PACFE TOF YaAIa.......ccciiieiiiie et see e see e ea e taa e e s e nnneeesnnaae s 31
Figure 15: ACF and PACF TOr DNB ......ccuiiiiiiie ettt ta e a e e s e e e snnaee s 31
List of tables

Table 1: Descriptive statistics for selected indexes and StOCKS ...........cccccovvuveiiieeiiiieciiee e, 11
Table 2: Best ARIMA models for the FELUMNS ..........c.ooiiiiiiiiiiee e 18
Table 3: Best ARCH and GARCH MOUEIS ........cceiiiiiiiiiie e 19
Table 4: Markov processes fOr OBX ........ocoiiiiiiiiie ettt e et aaee e 22
Table 5: Markov processes for OSEBX ........c.uiciiiiiiiiei ettt e e 23
Table 6: Markov processes fOr Yara........cccoivieiiiei it 23
Table 7: Markov processes fOr DNB ..........cooiiiiiiiiiiiec ettt 24



1. Introduction

The advancements of technology over the last decades have made important information easily
accessible for the whole world. In addition to this, the possibility to make financial transactions
worldwide has become easier, cheaper, and quicker than ever. This has also improved the stock
markets possibilities to react rapidly. Since the development of the Efficient Market Hypothesis
(EMH) it was widely accepted that security prices should reflect all information. Securities should
have the ability to integrate news into the price without delay. During the last decades there have,
however, been a multitude of what is called anomalies that are inconsistent with the EMH, i.e
patterns of return which contradict the behavior of an efficient market. Some examples are: The
January Effect, The Weekend Effect, The Day of the Week Effect and The Holiday Effect.

In more recent studies there has been presented evidence pointing out an anomaly in the
relationship between returns during trading hours and non-trading hours. When the market closes
the price changes are not continuous, which causes new information not to be included in the stock
price. This difference in information at the prior day’s closure and the next day’s opening hours

has implications for the stock prices.

The purpose of this paper is to look at and model the attributes of the intraday and overnight returns
and volatility on the Norwegian stock market. The Norwegian stock market is a small stock
exchange, which could impact the behavior of the stocks. The analysis is accomplished using
ARIMA, ARCH/GARCH models on daily stock prices and searching for Markov processes. These
models help reveal what attributes the returns and volatility display. Seeing as an increase in
volatility is an increase in risk, getting a better understanding of the market behavior can help

investors make better investment decisions.

Working title
“How does the intraday and overnight return, and volatility of Norwegian indexes and stocks

behave?”



2. Literature review

Some of the earliest work done on researching and modeling patterns in non-trading hours is the
work done by Mclnish, Ord and Wood (1985). They used high frequency data, minute-by-minute
returns to examine the characteristics of returns and trades. Here they find that the return and
standard deviations are higher at the start and end of the trading day. When removing these start
and end of day observations they observed a strong reduction in autocorrelation of the time series.
This indicates that there is a connection in the way a stock moves right after and before non-trading

hours.

Further research on the topic, done by French and Roll (1986) find that stock returns are more
volatile during the normal trading hours than non-trading hours of the weekend. Something which
they note as strange, and they cite: “Asset returns display a puzzling difference in volatility
between exchange trading hours and non-trading hours.” (French & Roll, 1986, p. 23) They find
that the open-to-close variance of returns in an average trading day to be six times higher than that
of the close-to-open variance over the weekend. Even though the weekend lasts eleven times
longer. This indicates that the volatility of returns is much higher during opening hours, than during
the non-trading period of the weekend. French and Roll argue that the reason for this higher

volatility during the week could be due to the difference in information flow.

Hong and Wang (2000) studied how market closures affect investor’s trading policies and the
corresponding return-generating processes and find similar characteristics with previous empirical
findings. A number of these discoveries relate to overnight and intraday returns. Firstly, they note
that there exists a U-shaped pattern for the mean and volatility of returns over trading periods.
Secondly, they note that the activity around the opening and closure of the market are higher than
the rest of the time. Thirdly, the returns when the market is open are more volatile than when it is
closed. Fourthly, the open-to-open returns are more volatile than that of the close-to-close returns.
Lastly the returns are higher over trading periods than non-trading periods. Longstaff

(1995)however presented a theoretical model where he predicted high returns over non-trading



hours, due to the illiquidity investors would face by holding a stock overnight. This would be

rewarded with a premium and therefore the overnight return would yield a positive return.

There are different studies which discuss the role of returns during the night and which impact it
has on the overall returns. One of the first studies empirically documenting that overnight returns
outperform the intraday return is done by Cliff, Cooper and Gulen (2008). In their study they find
that the excess return on the S&P 500 from 1993 to 2006 is due to the overnight return, while the
intraday returns over these years are close to zero, and sometimes negative. They also look at
securities listed on NASDAQ, NYSE, AMEX Inter@ctive Week Internet Index and Chicago
Mercantile Exchange, these also have strong positive returns while the market is closed. Further
they use detailed tick data to divide the intraday return into intervals during the time the market is
open. Here they find that the largest negative return stem from the “AM-hour” which is from 08:30
to 09:30, the opening hour of the market. Further out in the day the time intervals they created
would improve and the performance of their securities would be at the peak near the closing of the
market. The overnight returns would outperform the intraday across weekdays, as well as most
months and years, and this would hold not only for indexes, but also other securities such as ETFs

and E-Mini Futures.

Another study by Clark and Kelly (2011) looked at the intraday and overnight returns of different
US ETFs, which yield similar results to previous studies. “Yet ultimately, the fact that our study
and CIiff et all (2008) document similar results while using different methodologies suggest that
our rather surprising findings are real.” (Clark & Kelly, 2011). Using these returns they estimate
Sharpe ratios, they found that the overnight Sharpe ratios constantly exceeded the intraday Sharpe
ratios. This indicates that the premium one gets by taking on risk is higher overnight than during
the day. In addition to this they found that the overnight return was positive when the intraday
return was negative. One argument explaining this they presented could be the presence of day
traders. According to Clark and Kelly (2011), a semiprofessional day trader who usually perform
more than 25 transactions a day accounts for a large amount of the trades done on the US stock
exchanges. The amount of trades done by these day trades causes a liquidation effect and not

wanting to hold stocks over a non-trading period, unable to settle their positions would cause the
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day trades to buy in the morning and sell at close. Prices increase by the buy and decrease by the
sell patterns and cause positive overnight returns.

The study done by Cai and Qiu (2013) looks at the presence of overnight and intraday returns in
31 international stock markets. In 20 of these countries the same phenomenon exists, these are a
mixture of developed and emerging markets. The strongest overnight returns are documented on
exchanges which allow short selling. They cite: “Our findings suggest that investors are generally
better off buying at close but selling at opening, especially so on those markets that have high level
of information asymmetry and short selling is not commonly practiced.” (Qiu & Cai, 2013, p. 1).
This means that an investor should have a long position overnight and short position during the
day. After this they find the volatilities to differ, with the overnight return to be less volatile than
intraday return and conclude that the superior overnight return is not justified by a risk-return trade
off. Low volatility overnight means investors are not compensated with a higher return due to

taking on a greater risk during these non-trading hours.

Branch and Ma (2012) researched the relationship between overnight and the ensuing intraday
returns. During the years 1994 to 1999 and 2000 to 2005 they found negative correlation between
the returns on NYSE, AMEX and NASDAQ. Further analysis revealed the relation to hold with
the lagged intraday and overnight returns. In addition to this the overnight returns are discovered
to be positively correlated with the lagged overnight and negatively correlated with the lagged
intraday. After this they divide the markets into different sizes and find that the correlation is
strongest in the low cap stocks. To use these finds for prediction they started a regression analysis
where they regress the intraday on the independent variables overnight, lagged overnight and
lagged intraday. Results show that the overnight could predict the next intraday movements, which
also held for lagged variables. The movement in the overnight and lagged overnight would predict
the ensuing intraday to move in the opposite direction, and the lagged intraday would predict the
ensuing intraday to move in the same direction. These finds go against the weak form of efficient
market hypothesis and the theory of random walk. Branch and Ma (2012) present three
explanations for the behavior of the overnight and intraday returns. First, they explain that the

market makers push the price up during the auction hours when opening their assigned stocks,

4



which would result in a positive overnight return. Second, they talk about the bid-ask bounce where
a stock closing at bid after a non-trading period, to then open at ask would result in a positive
overnight. Even with no movement in the stock during the non-trading period. Third, is the
specialists who put their funds at risk. Specialist are interested in allowing their stocks to open

away from the previous close.



3. Theoretical framework

3.1 History of financial volatility

Volatility can be described as uncertainty or fluctuations in financial assets and may prove difficult
to calculate. Financial volatility is something which has been researched for a long time and it
almost seems like the more knowledge we get the more questions we get. What we do know
however is that volatility has an important role in finance due to its part in valuation, profitability
analysis and risk assertion. Constant volatility was assumed for a long period, even in famous
research such as Mertons (1969) portfolio diversification theory and Black & Scholes (1973)
option pricing theory. This was because constant volatility was not affected by time.

To improve the results of volatility, research a model which could take in to account a change in
volatility over time was highly sought after. Robert Engle (1982) introduced such a model which
was called the autoregressive conditional heteroskedasticity, also known as ARCH, which became
the first popularized model to consider time varying volatility. ARCH filled a void in calculating
financial volatility, but it turned out it was difficult to use. This led to an extension of the ARCH
by Tim Bollerslev (1986) called generalized autoregressive conditional heteroskedasticity, also
known as GARCH, which was a more versatile model for use on time series. Both models will be

explained in some more detail.

3.2 Autoregressive conditional heteroskedasticity — ARCH

The ARCH model was first introduced by Robert Engle (1982). In traditional econometric models
the conditional variance of the dependent variable does not depend on its previous value, it was
assumed to be constant. To improve on these traditional models Engle (1982) introduced ARCH,
amodel which described the variance as a linear function of the previous squared error terms where
there is a difference between conditional and unconditional variance. ARCH allows the conditional

variance to change over time as this function of previous squared errors.



The ARCH model is described to have these properties, where & is a random variable, which has
a mean and an expected value determined by F.1. First, E {eF+1} = 0, and second, the conditional
variance h; = E {&{|Fw.1} (Andersen, Torben, Davis, Richard, KreiB, & Mikosch, 2009).

An ARCH(qg) model can be written as (Chen, 2013):
Te = He t &

i.i.d
z, — N(0,1)

q
h, = ay + Z gl = ag+ a(l)e
=

l

Where rt is the regression of returns, and h; is the variance in period t.

The use of ARCH models in finance is highly relevant and have yielded good results, especially
in terms of asset pricing models and dynamic hedging strategies (Bollerslev, Chou, & Kroner,
1992).

3.3 Generalized autoregressive conditional heteroskedasticity —- GARCH

GARCH was introduced as an extension to the ARCH model introduced by Robert Engle (1982)
by Tim Bollerslev (1986). The goal was to be able to implement a longer memory and a more

flexible lag structure instead of the fixed structure which is used in ARCH.

The GARCHY(p,q) process is given by (Bollerslev, 1986):

&e|Ye-1~ N(O, ht)
q p

he = Z el + Z Biht—1 = ag + A(L)ef + B(L)h,

=1 =1

When p = 0 the GARCH(p,q) process is equal to the ARCH(q) process, and when p=q =0 & is
simply white noise. The main difference between the models is that GARCH allows for lagged
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conditional variances to enter the function. The simplest model, which often yields best results, is
the GARCH(1,1) model.

3.4 Hidden Markov models

HMM is a statistical Markov model in which the distribution that generates an observation depends
on both the state of an underlying and unobserved Markov process. In the HMM, the state is not
directly visible, but we can observe the output, which includes the effects of these hidden states.
In other words, HMM helps model the most likely hidden sequence or the most likely model that
produces the observed sequence.

Different market regimes should then be characterized by different means and standard deviation
values which would mean they have different risk—return profiles. During a financial crisis, the
stock market experiences a strong negative mean return, and the standard deviation, used as a
proxy of risk, is large. During more stable phases, stock returns fluctuate around a constant mean,

and the standard deviation of the index value is lower



4. Data collection

In this thesis | collect data over the period of June 2013 to June 2019. Daily data from 6 years
gives me an opportunity to observe the behavior of returns during the day and night over a longer
period, in addition to different market conditions. These six years include the oil price shock of
2014 and onwards which has an impact on the Norwegian market due to the large and important
role oil has had in the economy.

I have chosen two indexes and two stocks to look at in this thesis. The two indexes are the OBX
Total Return Index (OBX) and the Oslo Bgrs Benchmark Index (OSEBX). OBX includes the 25
most liquid companies on the main index of the Oslo Stock Exchange based on six months turnover
ratings. The companies on the index are rotated twice a year. The OSEBX in an index which
comprises the most traded shares listed on Oslo Stock Exchange. It is semiannually revised, with
the changes taking place on 1. December and 1. June.

The two stocks I have chosen are the largest stocks within the sectors “financials” and “materials”.
These stocks are DNB and Yara International. DNB is Norway's largest financial services group
and offers financial products and services, including loans and deposits, mutual funds and asset
management, life insurance and pension savings, payment and financing services, real estate
broking and services related to the money and capital markets. Yara is a Norwegian chemical
company with its largest business are being the production of nitrogen fertilizer. Yara delivers

solutions for sustainable agriculture and the environment.

I chose these stocks for a couple of reasons. Firstly, | chose stocks which has been on the Oslo
Stock Exchange for a longer period. This causes my dataset to not be affected by listing effects.
Kadlec and McConnell (1994) document abnormal behavior in returns of newly listed stocks, they
perform substantially stronger after initial listing. Secondly, | wanted stocks which were highly
liquid, to determine this I chose two stocks with a large market cap and a large number of daily

trades.



The prices are collected from two databases. OBX is collected from TITLON which is a database
with financial data from Oslo Stock Exchange available for universities in Norway. Due to some
technical issues | was not able to collect the data on OSEBX, Yara and DNB from TITLON, they
were therefore collected from investing.com. From these datasets | use the opening price, which
represents the first possible trade of the day, and the closing price, which is the last trade of the
day. The active trading days over this six-year period is 1507 days, which approximately calculates

to 252 trading days a year.

| analyze the intraday and overnight returns in a multitude of ways. Starting of | do simpler tests
to check for correlation and the structure using acf and pacf plots. Moving on to more sophisticated
models starting with finding the best ARIMA models and further on analyzing which ARCH or
GARCH processes fit the structure of the returns best. The last thing I do is check for Markov
processes in the returns, which could help get a better understanding of how the returns behave

and perform under different circumstances.

4.1 Computation of daily, overnight, and intraday returns

Closet1 Opent Closet

Overnight Intraday

Total

Figure 1: Visual representation of return decompositions

In figure 1 you can see how | decompose the total return in to overnight and intraday returns.
Overnight return is defined as the difference between the previous close and current open. Intraday
return is the difference between current open and current close. Total return is the difference

between current close and previous close. These returns are calculated as logarithmic returns, using
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this method we can easily add up the intraday and overnight returns to get the total. The total

returns can then be written as:
Total return; = Overnight return,_; + Intraday return;

When doing the decomposition, | calculate the return as natural log returns times 100, which causes
all my return numbers to be the daily percentage return, using the following formulas:

Overnight return = 100 x In (aoi%)
t—1

Intraday return = 100 x In (%)
t

Closet
e )

Total return = 100 x In (Close
t—1

In table 1 the descriptive statistics of my collected data is summarized, here we can see some
differences in the returns, especially from the individual stocks. The indexes have positive means
for both the intraday and the overnight returns, whilst the stocks have negative intraday and
positive overnight returns. The correlation between the returns for the stocks are also very low,

and in the case of DNB it is not significant according to its t statistic.

OBX OSEBX DMEBE Yara

Intraday Ovwernight Intraday Owvernight Intraday Overnight Intraday Overnight
Observations 1506 1506 1506 1506 1506 1506 1506 1506
Mean 0.0407 0.0005 0.0389 0.0021 -0.0086 0.04881 -0.0059 0.04178
Standard deviation 1.00839 0.0511 0.9571 0.033 1.2284 0.8241 1.3633 0.91594
Min -4.9692 -0.6062 -5.3235 -0.3016 -6.2926 -9.6247 -6.0938 -6.6399
Max 4,4335 0.4137 4.1755 0.5829 5.7994 5.6367 8.2708 6.3257
Carrelation 0.2608 0.1877 0.0019 -0.0607
T-stat for correlation 10.478 7.4104 0.0736 -2.3582

Table 1: Descriptive statistics for selected indexes and stocks
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5. Results

The result section of the paper is divided into three parts. The first part is connected to the
descriptive statistics and creates a more detailed overview of the data and its attributes. | present
the means, standard deviation, and correlation of the returns. The second part is about the ARIMA,
ARCH and GARCH models, which better incorporates the nonlinear movements of the returns.
Here | show which models fit the different returns best. The third part analyzes if there exists

Markov processes on the returns, and where they exist which attributes these possess.

Due to the time-additive properties of logarithmic returns | do not lose any information during the
decomposition of the total returns (Campbell, Lo, & MacKinlay, 1997). Therefore, | can write the

string of returns, or total returns as:

n
Ri=R1+R2+R3 ...... +RTl

i=1

It is important to note that these graphs of cumulative returns do not take into consideration the

transaction costs, only the growth of returns.

5.1 Overview over returns

The eye test on the cumulative returns of the OBX and OSEBX in figure 2 and figure 3 reveal that
they are very similar in structure, which is understandable seeing as all the 25 OBX stocks are
included in the 67 OSEBX stocks. The intraday returns are accountable for close to all the returns
on these indexes, which can be explained due to most speculation happening when the market is
closed regards single stocks. The means for intraday returns and overnight returns on the OBX are
0.0458, and 0.0005, respectively. With a corresponding positive correlation of 0.2605, and the t
statistic for the correlation being 10.465. For the OSEBX index the intraday and overnight return
means are 0.0389 and 0.0021, respectively, with the low positive correlation being 0.1877, and t

statistic for this correlation being 7.4104.
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Figure 2: Cumulative OBX Returns

Cumulative OSEBX returns
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Figure 3: Cumulative OSEBX Returns



When looking at figure 4, the cumulative returns of Yara, one can see that the intraday and
overnight returns has a significantly different structure compared to the indexes. A similar
occurrence happens with the DNB stock which I will show later. This indicates that single stocks
behave very differently when compared to larger indexes. Here we can see that the overnight
returns, especially until the mid-2016, have a near constant growth. The intraday returns however
have a slow decline over the same period, except for a steep increase in early 2015. This indicate
that the overnight returns are the driving factor behind the total return of the Yara stock. When
looking at the descriptive statistics from table 1 we can see that the mean intraday and overnight
returns on the Yara stock are -0.0059 and 0.04178 respectively which is reflected in the cumulative
return structures. The intraday and overnight returns are very weakly correlated, at -0.0607, but
the t statistic for the correlation is significant.

Cumulative Yara returns
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Figure 4: Cumulative Yara Returns

In figure 5 you see the structure of the cumulative DNB returns. Here we see a similar kind of
structure to that of the Yara stock, where the overnight returns have a near constant growth.
Intraday returns however vary, and over longer periods of time, from mid-2015 to mid-2016,

experience a large decline. Such as the case was with Yara, the overnight returns seem to be the
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driving factor behind the total returns of the DNB stock. The mean intraday return is -0.0086, while
the mean overnight return is 0.0488. When it comes to the correlation between the intraday and
the overnight returns on DNB, we can see from table 1 that they have a very low positive

correlation. This correlation is however not significant according to its calculated t statistic.

Cumulative DNB returns
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Figure 5: Cumulative DNB Returns

Both the Yara stock and the DNB stock have a period of negative returns around the beginning of
2016, lasting almost until 2017. These negative returns could be an outcome of the 2010s oil glut,
where prices stooped, and in January of 2017 the price of oil was at the lowest it had been in 13

years.

According to Clark and Kelly (2011), who found that the Sharpe ratios of overnight returns
constantly exceeded that of the intraday returns Sharpe ratio, the premium one gets by taking on
risk is higher overnight than during the day. Volatility is a common measure of risk and is often
represented by the standard deviations of returns. By using this logic, the overnight returns on Yara

and DNB, which show a higher, and positive return, should have larger standard deviations. From

15



table 1 however, we can see that for both stocks, the standard deviation of the overnight return is
lower than the intraday return. The standard deviations for intraday and overnight returns on Yara
is 1.3633, and 0.9194, respectively, and for DNB the standard deviations are 1.2284 and 0.8241
on the intraday and overnight returns. In figure 6 and figure 7, which is the log returns squared,
we can see that the variation of intraday returns has a higher fluctuation than that of the overnight
returns. For the two indexes, | have added the squared return figures in the appendix as figure 10
and figure 11, but due to the structure where intraday is by far the majority cause of the total
returns, there is little to gain from comparing these variations. These results on Yara and DNB
suggest that a higher overnight return is not necessarily associated with a higher risk during this
market close. Evidence which contradicts both the theory of risk-return trade-off and Clark and

Kelly’s findings.
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Figure 6: Squared Yara returns
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Figure 7: Squared DNB Returns

5.2 ARIMA, ARCH & GARCH

From the «eye test» and the simple descriptive statistics where we see low correlation, some
significant others not, | move on to look at the behavior of returns and their volatilities. The goal
being to see if there is a pattern in the movements which could possibly be beneficial in for example
a trading strategy. Firstly, I use ARIMA, ARCH and GARCH maodels to look for structure. Then

I move on to look for Markov processes in the returns by looking for hidden Markov models.

| started off looking at the autocorrelation plots (acf) and partial autocorrelation plots (pacf) to
make sure the return data has stationarity. The easiest way to see this is to make sure these plots
have the structure of a white noise, and you can see from figures 12-15 in the appendix how the
acf and pacf plots look for the indexes and stocks. The augmented Dickey-Fuller test for unit roots
performed on the return vectors reveal that no unit root exists. After making sure the returns have

stationarity, 1 moved on to determining which ARIMA model fit the returns best. Using the
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function auto.arima in R | got the ARIMA models presented in table 2 as the best fit for each
return, both intraday and overnight. The overnight return for Yara exhibited non stationarity,
causing the function to express the best ARIMA function for the return to be ARIMA(5,1,0). The
simplest way of transform the data, and causing it to have stationarity is by differencing it, which
was done, and caused the best result to be ARIMA(5,0,0). Two of the overnight returns, namely
OSEBX and Yara behave like the non-zero parameter says. OSEBX overnight return has the
structure of a MA(2) model, whilst Yara overnight return has the structure of a AR(5) model. As
we can see from table 2 the OBX and OSEBX have some similarities in their overnight and
intraday returns, not when compared to each other, but when looking at them individually. Both
the intraday and overnight for OBX has an AR(1) process, but deviate in the MA() process, whilst
the OSEBX has a common MA(2) process, but differ its AR() process. For the individual stocks
there is little similarities in the ARIMA model. Yara has an MA(0) process for both intraday and

overnight, that is the only common denominator for the single stocks returns.

Intraday Overnight
OBX ARIMA(1,0,1) ARIMA(1,0,3)

OSEBX  |ARIMA({2,0,2) ARIMA(0,0,2)

Yara ARIMA({0,0,0) ARIMA(5,0,0)

DNB ARIMA(2,0,2) ARIMA(0,0,0)

Table 2: Best ARIMA models for the returns

To find out which ARCH or GARCH process fit the data best | used the Akaike information
criterion (AIC) as the determining factor. AIC estimates the relative amount of information lost by
model, which means the less information loss in a model, the better it is. | manually ran through
all possibilities up to GARCH(3,3) for both indexes and stocks, the results for the best ARCH and
GARCH models are presented in table 3. Where negative AlICs occur, the largest negative is the
most appropriate, not the absolute value. The best models according to AIC are colored in green

to ease the search when looking at the table. Interestingly for the overnight OSEBX return the
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ARCH(1) and GARCHY(1,0), the two best models, have the same AIC down to the third decimal.
In the ARCH(1) only the intercept itself is significant, not the parameter, and in the GARCH(1,0)
all 1 get is NA values. Could this indicate that none of the simplest ARCH or GARCH models fit

the return structure of the overnight volatilities with significant parameters?

OBX OSEBX Yara DNB
ARCH Models Intraday Owernight Intraday Overnight Intraday Owernight Intraday Overnight
ARCH(1) 4186.365 -4674.203  4013.628) -5981:550 | 5202839 4011568 4858.010 3679.014

ARCH(2) 4146.884 -4683.721  3977.393 -5978.935 5204.535 4010.260 4344.785 3657.754
ARCH(3) 4107.987 -4681.353  3934.714 -5972.778  5200.742 4007.887  4820.826 3652.313
ARCH(4) 4100.652 -4672.535 @ 3924.882 -5966.040  5212.136 4007.989  4805.672 3579.080

ARCH(5) 4089.622 -4695.099 3913.985 -5935.470  5215.830[ 4004694  4757.303 [113550.851]

GARCH Models

GARCH(L,0) | 4305.825 -4674.203 4144614508180 5207.920 4024.954 4891.932 3697.934
GARCH(1,1) | 4061.822 -4672.203 3886.833 -5979.544 5204.848 4009.607 4754.049 3590.458
GARCH(1,2) | 4164.639 -4682.630 3899.859 -5977.808 5206.352 4010.036 4754.337 3581.482
GaRcH(2,1)  |JHOHBMIS -2666.113 3871432 -5972.598 5204.034 4009.173 A4752.611 3588.324
GARCH(2,2) | 4068.992 -4679.933 3875121 -5974.890 5207.631 4011106 4838.941 3583.494
GARCH(3,1) | 4162.442 -4662.525 [J3869916 -5970.373 5203.751 4010.528 |A/S0G7 3598.234
GARCH(1,3) | 4139.925 -4679.750 3966.952 -5973.583 5208.382 4009.678 4765.434 3580.720
GARCH(2,3) | 4131.431 -4696.545 3958.469 -5967.343 5209.498 4011.047 4813.983 3582.833
GARCH(3,2) | 4050.028 -4686.859 3873.594 -5972.342 5207.033 4011.837 4831.810 3579.434
GARCH(3,3) | 4125.196/ 246891576  3948.658 -5965.930  5210.826 4013.436  4813.665 3581.737

Table 3;: Best ARCH and GARCH models

In addition to finding out which model fits best it is important to check the residuals for structure.
When assessing model quality, it is important that the residuals do not have any structure. The idea
is that the deterministic portion of a model, which is the parameters, is so good that the only
remaining errors are the intrinsic randomness of the real world. If there exists any explanatory or
predictive power in the residuals you know that the model failed in catching all the systematic

elements in your data.

The corresponding plotted residuals for the best models for the two indexes are in figure 8. Here

we can see that the residual errors do not exude any clear structure.
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Figure 8: Residual error plots for indexes

The corresponding plotted residuals for the best models for my two stocks are in figure 9. Here we

can also see that the residuals do not seem to have any clear pattern or structure.

20



Intraday Yara residual errors Overnight Yara residual errors

Errar
02 48
|
Errar
0
|

0 500 1000 1500

Time Time

Error
0
|
Error
4 20 2 4
|

Time Time

Figure 9: Residual error plots for stocks

5.3 Hidden Markov models

From the plots of the squared returns, in figure 6 and figure 7, we can see that there could exist
different states. There are periods where the variation is larger than others, which indicate that
there are calmer periods and more volatile, or nervous periods. This could be what is known as
volatility clustering, which is the tendency for volatility in financial markets to appear in clumps.
In other words, large returns, both positive and negative are expected to follow large returns. Same
goes for smaller returns. According to Brooks (2014) an explanation for this phenomenon is that
the timing of the information published which drive price changes themselves occur in bunches
rather than being evenly spaced over time. This seems to be close to a universal feature of asset
returns in finance. If that is the case, it is of interest to know how the indexes and stocks perform
in these periods. Using the function depmixs4 in R to detect possible hidden Markov models I find
that for some of the returns these periods do exist, and others it does not. The results are presented
for each index and stock in this section. State 1 represents the nervous, more volatile period, this

can be seen both from the larger standard deviation and looking at the squared return figures. State
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2 then represents the calmer period. The probability matrix of moving from one state to another is
also included, where State 1 and State 2 is shortened down to S1 and S2 for simplicity.

OBX

On the OBX index there appears to be Markov processes for both the intraday returns and the

overnight returns which can be seen in table 4.

Looking at the transition matrix for the intraday returns there appears to be an incredibly small
chance on going from one state to the other. This could indicate that the returns follow a very

similar pattern which rarely changes.

When looking at both the intraday returns and the overnight returns we can see that the standard

deviations in both states are very large compared to the returns

OBX Intraday OBX Overnight
Statel | State2 Statel State2
Starting 1 o| |starting 1 0
Mean -0.079 0.07| [Mean -0.001 0.001
Standard deviation 1.683 0.772| |Standard deviation 0.096 0.009
Transition Matrix Transition Matrix
To 51 To 52 To 51 To 52
From 51 0.946 0.054| |From 51 0.266 0.734
From 52 0.012 0.988| |From 52 0.284 0.716

Table 4: Markov processes for OBX

OSEBX

For the intraday returns on the OSEBX there does not appear to be a structure moving accordingly
to a Markov process. This is represented in table 5 under the OSEBX Intraday where there is no
starting state and then no mean in these. The overnight returns, however, do look like they have
the properties of a Markov process, and as mentioned before, state 1 refers to the more nervous

period.
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QSEBX Intraday
Statel |State2

Starting 0.5 0.5
Mean 0
Standard deviation 1 1

Transition Matrix
ToS1 To 52
From 51 0.5 0.5
From 52 0.5 0.5

QSEBX Overnight
Statel | State2

Starting
Mean
Standard deviation

Transition Matrix

1 o
0.008 0.001
0.072 0.001

Tos51 To 52

From 51
From 52

0.213 0.787
0.202 0.798

Table 5: Markov processes for OSEBX

YARA

The Yara stock contain Markov processes on the overnight return, but not the intraday return.

Looking at table 6 we can see that the overnight returns start in state 2, the calm period. The return

is much larger, and the standard deviation is much lower in the calm period.

From the transition matrix it seems like the calm state is the dominant one, seeing as there is a low
chance at 12.1% to go from state 2 to state 1. Moving from state 1 to state 2 has a much higher

probability at 58.5%, which could indicate that the nervous periods are usually shorter in time.

Yara Intraday Yara Overnight
State 1 State 2 State 1 State 2
Starting 0.5 0.5 |Starting ] 1
Mean ] 0| |Mean -0.016 0.054
Standard deviation 1 1| |Standard deviation 1.954 0.477
Transition Matrix Transition Matrix
To 51 To 52 To 51 To 52
From 51 0.5 0.5 From 51 0.415 0.585
From 52 0.5 0.5 |From 52 0.121 0.879

Table 6: Markov processes for Yara
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DNB

Like the Yara stock, there only exists Markov processes for the overnight return, shown in table
7. The overnight returns start in the calm period (State 2), and the return in the calm period is
notably larger than the nervous period (State 1). Another likeness to the Yara stock is the
overwhelming probability of staying in state 2 when already being in state 2, from the transition
matrix see a 90.9% probability of staying.

DNB Intraday DNB Overnight

Statel State2 Statel  State2
Starting 0.5 0.5 |Starting 0 1
Mean ] 0| [Mean -0.024 0.067
Standard deviation 1 1| |Standard deviation 1.63 0.432

Transition Matrix Transition Matrix

To sl TosS2 To sl Tos2
From 51 0.5 0.3 |From S1 0.633 0.367
From 52 0.5 0.5 |From 52 0.091 0.509

Table 7: Markov processes for DNB

In nervous periods (State 1) the overnight returns on the stocks are much lower than the calm
period returns. Nervous periods most likely coincide with turbulent times for the market, which
could be the result of many things, be it political, financial, military, or other major forces. The
information flow for single stocks will then be constantly changing causing the returns to fluctuate.
A lower, and negative return in addition to the much larger standard deviation in the nervous state
could be caused by leverage effects. Leverage effects is the tendency for volatility to increase more

following a larger price fall than that of a price increase of the same magnitude.

With the information flow being constant, and easily accessible all hours of the day, it is reasonable
to assume the overnight return will be heavily affected by nervous periods, since it is twice as long
as the open market on regular weekdays. That is without counting the closed market over the

weekends.
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Conclusion and limitations

This thesis looks at the behavior of returns on the Oslo Stock exchange by decomposing the total
return of two indexes and two stocks in to overnight and intraday returns from 2013 to 2019. After
studying the overnight and intraday returns it is evident that the overnight returns have an
important role on the performance on single stock, but not on indexes. The overnight and intraday
returns have little to no correlation for the stocks, but a low positive correlation for the indexes.
This could be due to the behavior of day traders who decide to sell their positions at market closure
due to them not being able to trade when closed, which causes the stocks to behave differently
during the open market and closed.

Using ARIMA, ARCH and GARCH models to see which model fit the behavior of the indexes
and stocks | find that there are little to no similarities in the behavior of the indexes and stocks.
The intraday and overnight returns within the stocks also behave very differently from each other.
There are a few similarities between the indexes, which is to be expected seeing as the OSEBX

index contains all the stocks from the OBX in addition to 42 others.

With the global economy going through different crises over the years, it is of interest to see if the
returns move between states where there are higher or lower returns. If these states exist it is
advantageous to know and will be of interest when for example making an investment decision.
Looking for Hidden Markov models 1 find that there exist Markov processes for the overnight
returns, but only one intraday return. In these overnight return states | find that the calm state is
the predominant one, and the returns are larger in this state for all but the OSEBX overnight return.
The standard deviations are also much lower, which is to be expected seeing as it is the calmer

period.

For a future possible expansion of the study it would be beneficial to expand the list of indexes

and stocks to try to determine if there exists behavior within different sectors. Incorporating more
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advanced GARCH models could yield improved results as well. Trying a similar trading strategy
to Qiu & Cai (2013) of long-overnight short-intraday could be interesting to see if it would be a
yield positive returns. One possible weakness with determining which ARCH and GARCH models
fit the best in my thesis is that | only use AIC as the only determining criteria, though I do check

for structure in the residuals it could be beneficial to check other quality estimators.
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Appendix

Squared OBX returns
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Figure 10: Squared OBX returns
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Figure 11: Squared OSEBX returns



Series intraret Series intraret
w
DD_ B (=] 5
- 2 g1 | | |
Lo T E 8 L | L L I
2 2 s S_H |'| ||u" |I'|LI|
o
— o ©
C’_ __________ r- - - T | il S s [ e I
P R P . ———— ——— . Cl-—————-———-—-——-——-—=-= | Ep———— T —
° T T T T T T T T T T T T T T
0 5 10 15 20 25 30 0 5 10 15 20 25 30
Lag Lag
Series onret Series onret
2] T
[a=] —
. A 2 g | S U |
g = s o] [T ‘l‘ T ‘ ||||‘
i = i
e T T e
T T T T T T T <o T T T T T T
0 5 10 15 20 25 30 0 5 10 15 20 25 30
Lag Lag
Figure 12: ACF and PACF for OBX
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Figure 13: ACF and PACF for OSEBX
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Figure 15: ACF and PACF for DNB
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