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Abstract
Market efficiency is defined as a case when the prices in a market reflects the infor-
mation, which is currently available within the market, or otherwise, the market is
said to be inefficient whenever the prices of a financial security in not reflected by
the information available to all local and international investors who are trading in the
securities market. Having a better understanding of the market efficiency when trad-
ing an Exchange Traded Fund of any given set of securities in an exchange market is
extremely vital for any prospective investor who need to make sound investment deci-
sions as well as market predictions. When trading in a market with few traders who
likes dominating the market through insider trading, it is more likely to experience
securities exchange market without confidence of investors thus depicting weak form
of the efficient market efficiency. Nairobi Securities Exchange market is important in
the economy especially for those companies that are looking forward to capital or star-
tups in the Kenyan Market from a global perspective. While testing of the weak form
of efficient market hypothesis or EMH of the Nairobi stock exchange (NSE) is done
through daily as well as weekly securities index data from NSE 20 share index over
the period, 2nd February 2002 to May 2nd 2019. The research study applies the use
of secondary NSE data that was derived from Nairobi Stock Exchange market web-
site. This research has deviated from the normal and conventional linear approach to
test market efficiency and use of using unit roots to test serial correlation. The daily
returns in aspect to skewness as well as kurtosis was found to be non-normal. Simi-
lar demonstrations resulted from the Kolmogorov Smirnov test. From the results, null
hypothesis of the normality was not rejected. In this research, there is the use of frac-
tional integration thus utilization of ARFIMA to test long term memory and even the
traditional unit root test is incorporated to compare both results thus giving a perfect
conclusion on whether NSE stock market is definitely weak form efficient. Moreover,
NSE-20 share Index stocks are used to make an Exchange Traded Fund that is priced
and forecasted that is important for investors looking forward to make investments at
the NSE Market in Kenya due to its mimicking ability. Ultimately, the forecasted val-
ues of ETF is done on the trendlines similar to the NSE-20 share Index trends, which
investors to make informed financial decisions when buying any securities traded in
NSE market.
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Chapter 1

Introduction

1.1 Background of the Study

A securities market efficiency studies is an essential concept in financial modeling,
especially in terms of a comprehensive of the working of the capital markets as well
as in their performance together with development of any country’s economy progress
for the investors see[Cao et al., 2018]. In past couple of years, the efficient market
hypothesis (EMH) has been a huge topic for many researchers in financial due to the
significant implications when determining on whether an investor will buy securities
of a given company or not at the same time enabling the investors to understand the
trends within the market prior to making their investment decisions.

[Fama, 1965] did a definition of the efficient market as one where the existing prices
fully does reflect all kinds of information available that investors should know when
making decisions. It means that any security market that is an efficient can only be
achieved when the prices do represent the absolute true values of the securities at the
same time in turn, the scarce savings can be automatically allocated to all resourceful
investments thus making way that benefits to investors looking for ways to enhance the
economic activities in a country. [Copeland et al., 2005]. Fama in his publication also
suggested three models that can be used when testing market efficiency were namely
the sub-martingale model, the random walk as well as fair game models, which are
important in making an excellent investment decision on the stock market thus leading
to profits from the selected portfolio of companies.

For instance, the fall in securities prices started this year mainly reflecting concern and
uncertainty over the global spread of Covid-19 thus having a huge effect on the market
economy see [Odhiambo et al., 2020a]. This has led to the experienced securities prices
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falling by over 15% across many stocks worldwide. Any investor always believes that
the securities prices in the market will have a reflection of a real economic activities in
the specific country.

When an investor have information about the fundamentals of a securities exchange
market in terms of its market efficiency, they will be capable of making an informed
investment decision on whether it is viable to buy a certain type of security or not
depending on the value of a specific index that trades in the securities market[Osoro
and Jagongo, 2013] for the investors.

1.1.1 Stock Market

Stock market can always be described as any form of structured market used for pur-
chasing or/and vending financial instruments such as bonds, shares, swaps, options
and commodities. A stock market exchange is a specific location where all purchasers
and sellers conglomerate to make a tradoff of securities of different characteristics.
A company listed by stock exchange market must satisfy the laid down trading re-
quirements see[Kairu, 1976]. Stock markets facilities free transfer of shares between
companies and investors thus mobilize people’s savings and directing them to growth
of the economy. The efficiency of any form of emerging market has been so vital to
investors as regulatory reforms are made and barriers are removed for internationally
equity investments.

In Kenya, the dealing or trading in securities started in 1920’s whenever the market
was in a rudimentary stage for the colonist investors who inviting foreigners to make
tradings on the floor of trade. However, there was none of a structured market with
rules and regulations that would govern the activities of securities brokerage. Trading
that took place was dependent on the gentleman’s agreements that lacked standard
commissions which were charged on clients who were indebted to honor the terms and
conditions of contractual commitments when making good delivery at the same time
settling relevant incurred costs during the period.

In 1980s when the Kenyan Government discovered the significance of designing and
implementing policy reforms that would easily improve manageable economic condi-
tions both with a both efficient and effective way after development of the infrastruc-
ture for trading thus allowing for many investors who would wish to trade within the
securities market at the same time increasing its liquidity.
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1.1.2 Kenya Stock Market

Kenya became independent from British colonial powers in 1963, however it became
a republic in 1964 that allows it to open market for those international traders who
were looking forward to invest in the country. It took the country many more years to
introduce a democratic system that came in the year 1991 that was having an impact on
the kind of trade activities taking place in the Nairobi Securities Exchange due to worst
political environment for investors. The above phenomena was attained after many
years of turbulence and pressure foreign countries. Currently Kenya is among the best
performing economies in Eastern Africa with the highest GDP when compared to all
other neighboring countries. In the year 1964, NSE-20 share index was introduced at
the same time it was the main index in the country’s security market. However it is only
after 1993 that NSE-20 share index started performing so well as a result of relaxed
taxation, less control on foreign investments and exchange controls. Unfortunately,
political instability has been a key causative of high market volatility mostly during
the general elections.

In many cases, for instance, the Nairobi Stock Exchange (NSE) uses indices to deter-
mine the trends in the market such as Nairobi All Share Index as well as NSE-20 share
Index among many others that are being used as a market index to determine whether
the economy of the country is doing well or not. Its measure is an overall indicator of
the market performance see[Kirui et al., 2014]. The index always incorporates all the
tradings in the number of shares of the day from those companies that are perceived
to perform well thus making them lucrative for the investors for investment purposes.
It has attention that is therefore important on the determining the trends on the overall
market capitalization and the price movements of the selected securities that are being
traded on the market.

While in Kenya, thee stock market is determined using three stock indices like NSE-20
Index, the NSE All Share Index as well as MCSE Share Index. The NSE-20 Index is
the most commonly used since it incorporates 20 companies cutting across all sectors
in the economy. This index has always been a great importance in the world markets
NSE being one of these growing markets see[Mumo et al., 2017]. The index has helped
the world market in the analysis and portfolio management. Therefore, the index value
is used when determining the performance of a security market and the institutions
as well as the individuals can get to know how the market is performing and their
investments in general see [Odhiambo et al., 2020b].

The companies that formed the NSE-20 share index are given as follows Saini Ltd,
WPP Scangroup Ltd, Nation Media Group, Bamburi Cement Ltd, Kenya Power &
Lighting Ltd, Kenol Kobil Ltd, British American Investments Co. Ltd, Kengen Ltd,
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CIC Insurance Group, Kenya Commercial Bank, Diamond Trust Bank Ltd, The Coop-
erative Bank, Barclays Bank Ltd, CFC Stanbic Holdings Ltd, Equity Bank Ltd, East
African Breweries Ltd, Athi River Mining, British American Tobacco Kenya Ltd, Sa-
faricom Ltd and Centum Investments Ltd. The 20 share index is dominated by the
financial sector, all other sectors of the economy are represented.

All the companies in NSE are categorized into different forms. The forms includes
Banking, agricultural,Construction and Allied, telecommunication among others. Ta-
ble 1.1 shows all categories traded in NSE:

No. Sector
1. Insurance
2. Exchange Traded Funds
3. Agricultural
4. Commercial and Services
5. Real Estate Investment Trust
6. Telecommunication
7. Energy and Petroleum
8. Investment
9. Banking

10. Construction and Allied
11. Automobiles and Accessories

Table 1.1: Key Sectors of Trade at the Nairobi Securities Exchange Market

1.1.3 Capital Market Efficiency

The characteristics of efficient market security market includes the ability securities
prices responding accurately and instantaneously to new information as the informa-
tion in the market will always determine the trends of the prices because of the forces
of demand as well as supply within the market [Rösch et al., 2017]. The trading rules
makes it impossible to use simulation experiments to make superior returns in an ef-
ficient market. In addition, the insider information cannot be used in making super
returns as insiders are not permitted to trade in their companies and both private and
public information adjust quickly to the price of the security as some investors may take
advantage of it to make super-normal profits from the information that is not available
readily to participants of the public when making their tradings.

It is key to note that there should be randomness within the changes of the expected
prices of securities when trading in the market at the same time the changes in the
mean returns are brought about by changes in interest rates as well as risk levels of
individuals. According to [Fama, 1965], EMH can be categorized depending on the
available information thus helping in making sound investment decisions during trade
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on the Nairobi Securities Exchange market.

1.2 Forms of Efficient Market Hypothesis

1.2.1 A Weak form of an Efficient Market Hypothesis

In the weak form of an efficient market hypothesis exist when the market price of
an investment security incorporates all the information that is present in the historical
prices of that particular investment. Should the weak form of EMH holds, then trading
rules that are based only in the historical data about the price of the security should not
be capable of generating higher investment returns for an investor. The above trading
rule form that use historical data of NSE to predict the present or future prices that is
referred to as technical or chartist analysis.

1.2.2 A Semi Strong form of an EMH

In this form, the market price of a security incorporates all the publicly available infor-
mation. For market that is in the semi strong form of efficiency, fundamental analysis
of the publicly all the available information should not be capable of generating higher
expected return from investment. Fundamental analysis uses information of the issuer
of the security such as profitability, liquidity, turnover and level of gearing together
with other economic conditions such as inflation and real interest rates to establish the
real value of security whether it is cheap or dear.

1.2.3 A Strong form of an EMH

In this form of the EMH, the market prices of the security incorporates both the pri-
vately and publicly all available information about a given stork or security. The private
information is also referred to as the insider information. Strong of EMH holds if the
insider information cannot be used in beating the traders in the market. From Strong
form of EMH, many investors can make huge profits in terms of the privately available
information that can be used when making the trades that would enable them make
huge profits.

1.3 Exchange Traded Funds

An exchange-traded fund (ETF) is defined as an investment fund that is traded on the
securities exchange market such as securities. An ETF holds many assets like stocks,
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bonds, commodities, and often operates within a mechanism of arbitrage designed
to maintain it trading close to par value within the securities market called net asset
value, with low levels of volatility existing between the trading period. Most of the
ETFs often track the value of an index, like a stock index like NSE-20 Share Index
or bond index see[Bae and Kim, 2020]. Many ETFs possess attractive investments
features that makes them the best options for investors due to their low costs, high tax
efficiency, as well as security or stock-like features when trading in the market.

ETF trader often buy or sell the respective ETFs directly from authorized dealers who
may happen to be large broker-dealers capable of drafting agreements that leads to
creation of units, comprising of large blocks of thousands of ETF stocks that are to
be traded in the securities market. The authorized participants also may wish about
making investments in the ETF shares especially for the long period of investment
commonly act as market makers whenever they are on the open market as well as
their capability of exchanging the created units using their underlying securities thus
offering ETF shares liquidity while helping in making sure that the intraday market
price do approximate the exact value of the net asset value traded on the underlying
assets[Wang and Xu, 2019].

An ETF has a feature of combining the valuation feature of a unit investment trust or
mutual fund that can be bought or sold when the market closes after the trading day for
calculation of the net asset value, which is allowing traders to buy and sell the products
during the period of investment.

An ETF just like any type of mutual fund, it can own assets such as bonds, gold bars,
and stocks among others before dividing ownership into securities often held by the
shareholders of the specific stocks that makes the company. In most of the times, the
shareholders are authorized to a given amount profit in terms of shares or can just get
either interest or dividends, after liquidation of the fund.

ETFs are much similar in several ways to traditional mutual funds, however, they can
be either bought or sold on a daily such as stocks on a given stock exchange like NSE
through an agency or dealer of stocks [Gastineau, 2008]. The capability of purchas-
ing and redeeming creation units often provides an ETF that an arbitrage mechanism,
which aims at minimizing the potential deviation in between the existing market price
as well as net asset value of the respective ETF stocks. Current ETFs do have transpar-
ent portfolios, thus making institutional investors to understand the contents of portfo-
lio assets to assemble when purchasing a creation unit, which will trade in the market.
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1.4 Statement of the Problem

Long time ago investors could buy shares or sell them the same day. The above could
pose a bigger threat as investors could assess the trend of the securities prices before
predicting future prices thus getting chances of making arbitrage profits. The above
was countered by the new policy where once shares were bought then they could only
be sold after a fortnight. The main aim of the study is about testing the weak form
of market efficiency in NSE by assessing whether a person can use the prices of the
securities to predict future prices.

Firstly, the securities exchange market has been playing and will continue playing
important virtues for the citizens who want to develop culture of thrifting and saving.
Furthermore, the securities exchange market is assisting in the transfer of savings of
investment in the productive enterprises as an alternative to keep their savings and
make the money grow. When an investor makes the savings, he or she will invest the
money into the economy that offers an opportunity to create wealth that ultimately
make the economy grows.

Thirdly, any form of robust securities exchange market should assist in the efficient and
rational allocation of capital that has been a scarce resource for those looking to make
sound investment in the Kenyan economy. Moreover, a stock market should promote
very high accounting standards of resource management as well as transparency during
business management of the stock traded. This has a meaning that a stock exchange
is an avenue of improving the finance access of different types of users through the
provision of flexibility for trading customization. Lastly, a stock exchange market
needs to offer all its investors with one efficient mechanism thus enhancing liquidity
of their investments in market during securities trading.

1.5 Hypothesis of the Study

During the research, it is important to make the first hypothesis that the null hypothesis
is the stock prices in the Nairobi Stock market do follow a Gaussian distribution and an
alternative hypothesis that the stock prices in the Nairobi Stock market does not follow
a Gaussian distribution. The second null hypothesis is that the stock prices are random
during the study period against the alternative hypothesis of the stock prices are not
random in this study period. This is important since modeling of the indices will be
used when making forecasting of the future trends for investors.

Another key principle of the weak form of the EMH is in the randomness of securi-
ties prices thus making it improbable when finding price patterns as a way of taking
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advantage of movement of the individual prices. To be more specific, daily securities
price fluctuations can sometimes be over entirely independent from each other; thus,
making an assumption that price momentum in the market does not exist, which may
be difficult during trading. Moreover, past earnings in terms of growth does not always
forecast current or even the growth in future especially in terms of stock earnings.

1.6 Objectives of the study

1.6.1 General Objective

The general objective is this study is to test the weak form of market hypothesis of
Exchange Traded Funds at Nairobi Securities Exchange market using NSE-20 share
Index.

1.6.2 Specific Objectives

The Specific objectives of this study are:

1. To Test the weak form of market hypothesis of NSE-20 share Index at NSE

2. To Determine how the NSE-20 Share Index expresses its long memory

3. To Predict the future prices of NSE-20 Share securities at NSE

1.7 Significance of the Study

As a way of testing the weak form of an efficient market hypothesis that assists in-
vestors during the selection of portfolio and enables investors to have equal chances
making profit from their investments. Market Efficiency Hypothesis has always been
an essential concept for many investors looking forward when holding internationally
portfolios in a diversified way. In addition, with increased investments movement glob-
ally across international boundaries thanks to the high levels of integration experienced
in many economies of the world. Having a understanding of efficiency as an investor
of the emerging markets can offer an individual a competitive advantage thus gaining
more returns on investment within a shorter time period.

The Nairobi Securities Exchange Market offer investors both locally and internation-
ally an opportunity to earn proceeds from any preferred security in terms of a company
where they would like holding a stake through acquisition of the company. For exam-
ple, an investor looking for ownership can purchase as many as possible shares that
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will offer them an opportunity to hold shareholding certificate thus participating in de-
cision makings of the company. In addition, many developing economies in the world
in terms of securities markets are now starting to get momentum that is reliable as well
as profitable chance for the investors.

For any type of an investor looking for a ownership through the stock market there has
only been a win or even lose position when doing trading in a given market. Thus, the
efficient security market necessity is vital because in any form of an inefficient market,
an investor may decide to generate abnormal profits by generating abnormal losses
from poor decisions that is different from rest of market investors. When doing test for
a given weak form of an efficient market hypothesis, this offers information that will
help an investors in the portfolio selection while making sure that all investors get a
similar chance of making profit from sale of ownership.

1.8 Limitations of the study

Testing of the weak form of an efficient market hypothesis helps many investors during
the process of selection of portfolio and enables investors to have equal chances making
profit from their investments. However, the concept of martingale that dictates that
the presently available information on the securities prices have a greater impact on
the prediction of future prices making historical data on a stock less significant in
predicting the potential value of returns of the future. This makes the use of semi-
strong as well as strong forms of the efficient market hypothesis have an advantage in
testing the liquidity of the market especially for those investors who are looking for
short term tradings on short term securities.

Weak form of efficiency also does not consider the concept of technical analysis as
accurate or asserts that in some cases fundamental analysis may be flawed during anal-
ysis. It is therefore very difficult, as per weak form efficiency for an investor to out-
perform the market when making the short-term financial decisions. For instance, if
an investor decides on type of efficiency, they will have to believe on the existence of
no point in having an excellent financial expert or an experienced portfolio manager to
help in making financial analysis. In the same way, investors may be advocating for
weak form of efficiency with an assumption of randomly picking an investment from
a portfolio of stock traded in a securities exchange market that will offer the same
returns.
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Chapter 2

Literature Review

The philosophy of an efficient market is mainly concerned with assessment of whether
prices of securities at any particular time do reflect the information that is available for
the public investors[Fama, 1965]. There has always been a natural mechanism through
which the price competition among financial markets make the prices to converge to
an efficient state. The convergence to efficient state is also caused by exploitation
of arbitrage opportunities by the operators. Thus, with the market operators taking
advantage of price differential, the above forces will always push the prices of the
securities to their expected values. Thus, profit chances are also eliminated as the
markets tend towards optimum price, which has a meaning that the specific market is
therefore efficient.

The convergence mechanism offers information on how the market receives about the
new information that would change on the prices. The speed of accessing the new in-
formation is faster due to advancement in technology and free accessibility of new in-
formation at costless or affordable price [Arouri et al., 2010]. Though empirical study
has been a subject of huge stock market, the same is never said to be used in emerging
markets [Jefferis and Smith, 2004]. Nevertheless, in the recent times new empirical
methods that have been developed has provided a path through which analysis of effi-
ciency can be done in both developed together with emerging markets [Shaker, 2013]
in their growth capacity.

According to [Antoniou et al., 1997], conventional methods for testing of efficiency
have just been developed to test markets that show high levels of liquidity, well-
educated investors with top quality information from few other institutional impedi-
ments that has existed before. On the other extreme emerging markets have low liq-
uidity, considerable volatility and investors are less informed as the access to informa-
tion is unreliable. Thus according to [Arouri et al., 2010] emerging markets are less
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efficient as compared to developed market due to many market imperfections. That is
the reason why latest studies on the emerging markets concentrate on weak form of
market hypothesis while the studies done in the markets of developed countries on the
study of all forms of the efficient market hypothesis.

Many factors often affects the inefficiency of the emerging market and they include dis-
continuous and less frequent trading, poor quality information, and inappropriate ac-
counting regulations, restriction in capital flow and discrimination in taxation [Arouri
et al., 2010]. Many researchers for instance, [Kisaka et al., 2008] has published on the
response of emerging securities markets in the African setup while proposing many
reforms implemented in the revitalizing process that captured efficiency of the market
as well as volatility during 1988 year to December 1999, mainly for the Nairobi Stock
Exchange market.

The implemented reforms included enactment of regulatory framework, automation of
the trading process and relaxing trade restrictions on many foreign investors. From the
investigation reports, the above researchers established that markets that utilizes mod-
ern technology, have tight regulatory systems and removed trade barriers for foreign
investors have greater efficiency and reports lower market volatility. Thus, research
showed that reforms reduce volatility while increasing market efficiency. According to
the research done by[Mlambo et al., 2003], most of the securities markets around the
world are working daily to ensure that they enhance market efficiency by passing of
information at the same time making the information as present as possible to the large
number of investors and introducing electronic trading process. The above reforms
makes participants to have equal chances in accessing vital trading information.

Most researchers that have been conducted deals a lot on the work during testing of the
weak form of the NSE. In the year 2007, [Mlambo and Biekpe, 2007] had studied the
weak form of market efficiency in many of the African markets. They used variables
such as daily closing security prices of stocks and even volume traded of the stocks
for Kenyan market from Jan 1997 to May 2002. In their study, they used run tests
together with serial correlation tests to test the dependence between the stock prices.
They concluded that Kenyan market was found to be more efficient in the weak form
as significant number precedented by the random walk.

[Green et al., 2002] did a paper that was investigating revitalization process enhancing
stock market micro structure of NSE. They also tested the market efficiency. Data used
in the investigation was the monthly data form Nairobi Stock exchange by looking at
NSE-20 share index from the year January 1870 to December 1999. They used unit
root test as well as serial correlation test. The researchers concluded that NSE is not
efficient in the weak form see[Simons and Laryea, 2005] In addition, [Al-Khazali et al.,
2007]did a research paper to ascertain that index of stock market price s did follow
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random walk process.

The research was done in the following countries Egypt, Nigeria, Mauritius, Morocco,
Botswana and Kenya. The historical data used were from NSE 20 share index form
the 3rd week of January to the final week of August 1998. In the methodology, they
used multiple variance ratio test of the Chow and Denning to test independence of
stock prices. The analyzed results showed that hypothesis of the random walk has
been rejected the stock prices were auto-correlated. [Dickinson and Muragu, 1994],
Investigating if behavior of Kenyan market was consistent with the weak form of EMH.

The paper used data from 30 top traded equity securities that are listed in the Kenya
stock exchange market from 1979 to the year 1988. In their investigation , [Dickinson
and Muragu, 1994] used serial correlation tests and even the run tests. The conclusion
on that the Kenyan stock market is not efficient in the weak form. [Chesire, 2014]
investigated weak form of market hypothesis by use of daily stock prices of Kengen
for the time period 17th may 2006 to even December 2009 and also with Kenya power
and Lighting from 2nd January 2002 to 31st December 2009. [Chesire, 2014] did
use a serial correlation test, Run tests and Durbin Watson tests. The results showed
that the NSE is not always efficient in the weak form. However the researchers did
not tell us the reason for the choice of the Kengen and Kenya Power and Lightning
companies. [Gil-Alana et al., 2015] has tested the inefficiency with long memory,
anomalies and persistence of the NSE 20 share using date from 2001 to 2009. The
above researchers used the concept of fractional integration, they concluded that there
is evidence of long memory. [Vitali and Mollah, 2010] also carried a research using
unit root, autocorrelation, variance ratio as well as runs test on the daily indices of
Kenya with other six African countries between time periods 1999 to the year 2009.
The results showed rejection of the random walk hypothesis for Kenya. Nearly all the
above named researchers investigated EMH of NSE exchange through the application
of unit root tests or tests that are related to random walk hypothesis [Ajao and Os-
ayuwu, 2012]. In a deeper analysis , unit root case poses restrictions, , Thus this paper
considers more flexible and general approach to study NSE 20 share index other than
being restricted to 1(0)/I(1) dichotomy. Thus, in this research paper a possibility of
fractional integration with “d” as a fraction is applied.

In regard to [Adelman et al., 1965], a high number of sum total economic time series
take a similar shape as the spectral density that rises vertically as the frequency heads
to zero. Nevertheless, continued differencing the given data may result to overdiffer-
encing when the respective frequency is at zero. The aggregation causes of fractional
integration when an AR is aggregated when it heterogeneous. [Gil-Alana and Robin-
son, 1997] this is because fractional process is applied in explaining the dynamics of
monetary and economic time series. Through his paper, [Sowell, 1992] had modeled
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long-run behavior of stocks using the fractional ARIMA model, which makes it for
those investors who would want to make investment opportunities in the Kenyan mar-
ket based on the trends of the market that follows ARIMA model.
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Chapter 3

Methodology

3.1 Introduction

Market efficiency hypothesis is made that the prices of securities are random at the
same time that distribution is Gaussian distributed. This means that it is important in
testing on whether the market exhibit the characteristics of being efficient[Dias et al.,
2020]. The main advantages of this Gaussian distribution is that it has only two mea-
sures, which is mean and variance that will describe all the distribution. In addition,
the distribution makes basic assumptions when modeled as underlying CAPM (capital
asset pricing model). The histogram of all prices is computed with the curve for nor-
mal distributions fitted with an aim of ascertaining whether the respective distribution
of all price values do fit the Gaussian distribution.

A Gaussian distribution, which is not symmetric has in many cases, or more often has
had a tail that ends in the distribution known as skewed. In addition, when the tail
is running towards much larger values, then it is safe to say that it skewed positively
to the right and when the tail is towards those smaller values, the distribution is then
negatively skewed towards the left. Kurtosis is a statistical measure that indicate the
extent to which, for the standard deviation, recordings cluster do around a given central
points[Drożdż et al., 2007]. If in any case in a distribution cluster more compared to
those in the Gaussian distribution, the distribution is termed as a leptokurtic. On the
other hand when cases cluster far less when compared in the Gaussian distribution, the
distribution is known as platokurtic. The values for kurtosis as well as skewness are
zero if all observed distributions then it is called a Gaussian distribution..
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3.2 Nairobi Stock Exchange 20 Share Index

All indices in any market always shows how strong a stock market is for the investors
who may be having interest to make investments whether locally or internationally.
When an investor understand on how these indices works, he or she can use the infor-
mation to look at the different securities that trades in the Nairobi Securities Exchange
market before making a decision on what to do when deciding to make an investment.
On the other hand, an AMP will arise whenever an investor has more information on
the kind of investments to make especially when the market are down from the effects
of Covid-19 pandemic that is now being experienced in the world.

The Table 3.1 below shows some of the commonly used NSE stock indices in the
market.

Stock Index Trading Price in Kshs.
NSE -20 Share Index 1,957.54
NSE-25 Share Index 3,298.34
NSE All Share Index 142.54

FTSE ASEA Pan African Index 176.39
FTSE NSE Kenya 15 Index 188.38
FTSE NSE Kenya 25 Index 923.62

FTSE NSE Kenya Govt. Bond Index 96.45

Table 3.1: All NSE Securities Indices as at 30th June 2020

Remark 1. The NSE 20 Share Index price is the most commonly used index since it
captures the best performing companies in the NSE thus giving ideas to savvy investors
in the market to learn when deciding on prudent financial decisions on where to put
their money. In addition, it has a long historical data that is vital to modeling and
prediction trends of the Nairobi Securities Exchange market for all stakeholders.

3.3 Mathematical Modeling of NSE-20 Share Index

It is vital to model NSE-20 index as follows with respect with time, t as follows:

πt = α
T Zt + et (3.3.1)

where t = 1,2,3, ..... and Zt refers to a vector of deterministic terms that could join the
line where Zt = 1 while et error term is represented by that follows the form process
below;

(1−L)cyt = ut (3.3.2)

15



where t = 1,2,3, .....

In which c ∈ R is at a point when the equation is zero, which means that covariance
stationary process of a spectral density function is greater than zero at the same time
bounded at the zero frequency giving room for weak autocorrelation of the ARMA.

M(L)ut = (L)Ut (3.3.3)

In this case ML is an AR polynomial while (L) is an MA the error term becomes the
white noise. C = 0 is when I(0) representation; c = 1 refers to the unit root. This was
established through the US series of macroeconomics which showed that only one that
was not exposed to unit roots and not the common trend-stationary processes.

Setting c in equation (3.3.2) to be a fraction and possibly have the values greater than
one while (1−L)c can be expressed through binomial expansion where for all c ∈ R.

(1−L)c =
∞

∑
k=0

(−1) jL j =
∞

∑
k=0

(
c

j

)
(−1) jL j = 1− cL+

c(c−1)
2

L2 (3.3.4)

Therefore, it is easy to define the following equation 3.3.4 as follows;

(1−L)cyt = yt− cyt−1 +
c(c−1)

2
et−1 (3.3.5)

In the equations (3.3.5), c serves an essential, it shows the degree of reliance of the
series. When the c value is high the association level is also high. For instance, in
equation (3.3.2) where c > 0 expresses the, “long memory” that is how its decay of its
autocorrelation takes place and that the density function is bounded at origin.

3.4 Hypothesis Testing

Standard unit root formula is applied thereafter an estimation of the fractional differ-
encing estimate by applying whittle function in all frequency domain. According to
[Robinson, 1994] of the testing procedures drought about are applied within estimating
if the actual value of c in I(c) models. Lastly, Lagrange multiplier methods should be
shown as the perfect one in the fractional integration. It is applied in testing for the
null hypothesis H0 : c= c for numbers in equation 3.3.1 and 3.3.2 and various types of
disturbances.
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A confidence interval for true values can be constructed since it follows the normal
distribution. There are additional parametric methods that can be employed like the
maximum likelihood estimation (MLE) this is applied alongside the Detrended Fluc-
tuations Analysis.

An example of ARFIMA(p,c,q)model can be given in the form:

V (L)(1−L)c(et− r− st) = L(Wt) (3.4.1)

where Wt ∼ iid(0,σ2)

In this case V (L) is an AR of order p polynomial while (L) is an MA of order q. When
the log NSE-20 is not stationary when performing the initial differencing, regression
comes first. MLE is applied in determining parameters in equation (3.3.4) with an
assumption of the error term being normally distributed. As a way of making a good
choice, correct model several tests have to be done for a perfect choice.

3.5 Detrended Fluctuation Analysis (DFA) of NSE-20
Share Index

For it to be easy during investigation of the existence of long memory, there is need
to check if trend exists. In case of the existence of trend in the NSE data, the Hurst
did an analysis of rescaled range as well as other non-trending methods would easily
give spurious results after the analysis. DFA is well developed robust method that has
been used widely in ascertaining the scaling behavior of NSE noisy data with all the
available diverse trends that exists during modeling.

For purposes of a record, Let [Y (i), I = 1,2, ..,N] where the value of N is denoted as
the record length. The procedure of DFA has the following 4 steps as;

Step One

There is a need to determine the profile of Y (i)

Y (i) = sum from (k = 1 to i) of Y k–Y ,where Y is the mean of the record.

Step Two

The second step is to divide the profile Y (i) into all Ns = N/s boxes . in each of
the boxes, we will fit all integrated time series by the use of polynomial function ,
Py(i) normally defined as the local trend. For the order of DFA, n order of polynomial
function is then applied to the estimation of fitting. We will subtract the local trend in
every box to obtain the detrended function of Ys(i).

Where ; Y s(i) = Y (i)–Py(i)
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Step Three

In each and every box of the size s, it is easy to determine the root mean square (RMS)
fluctuation of F(s) where F(s) = square root ( 1/Ns sum of (Y s2(i)) from i = 1 to Ns

Step Four

The fourth step is to repeat the procedure for different box sizes, with different scales,
In case there is a power-law relation in between values of F(s) and s. Then

F(s)∼∼ S (3.5.1)

This is indicating the presence of the scaling property with the parameter (h), known
as the scaling exponent or the fluctuation exponent is representing the correlation pro-
portion of the NSE data. When looking at the correlation exponent Zs , determined
from the autocorrelation function, which is a similar estimation for the value of F(s)

is given by;

F(s)∼∼ S1− z
2 (3.5.2)

By comparing equation (3.5.1) and (3.5.2), we will be able to obtain;

Z = 2−2h for 0 < Z < 1

The above is a brief certification of the relationship between Z and h . The analysis is
done using R statistical programming language.

In the use of DFA method, a straight line in the log-log graph indicate the presence
of statistical affinity. Often, the scaling exponent has been defined as the slope of the
straight line fitting to the log-log graph. In fact, this exponent generalization is the
Hurst exponent.

3.6 Forecasting of NSE-20 Share Index Prices Using
Normal Distribution

A lognormal) distribution commonly known as log-normal distribution that is a con-
tinuous PDF of a specific random variable where natural logarithms of the individual
random variables are normally distributed as [Rosenkrantz, 2003]. This means that
when you take the natural logarithms of the random variables, the random variables
will normally distributed having a mean of θ and variance of σ2. Therefore, if a ran-
dom variable X with log-normally distributed, then Y= ln(X) follows a normal distri-
bution. On the contrary side, if Y has a normal or Gaussian distribution, then the value

18



of Z distribution of the exponential function , X = exp(Z), has a log-normal distribu-
tion. The feature of a log normal distribution that makes it necessary when modeling
the NSE-20 Share Index only takes positive values while taking care of the possibility
of extreme events during trading in the financial markets.

Let Z to be defined as a standard Gaussian distribution with mean of 0 and variance of
1. This means that distribution of a random variable

Y = eθ+σZ (3.6.1)

where Y has a log-normal distribution with parameters mean of θ and variance of σ2.

Let the probability density function be denoted by f (y), then then;

f (y) =
d
dy

(P[Y ≤ y] =
d
dy

P[lnY = lny] =
d
dy

[Φ(
lny−θ

σ
] (3.6.2)

f (y) = ζ ( lny−θ

σ
)∗ d

dy(
lny−θ

σ
)

f (y) = ζ ( lny−θ

σ
)∗ 1

dy

f (y) = ζ ( lny−θ

σ
)∗ 1

dy

f (y) =
1
y
∗ 1

σ
√

2π
exp{( lny−θ

σ
)} (3.6.3)

In terms of the cumulative density function,CDF , the log-normal distribution will be;

F(Y ) =
∫

ally
f (y)dy

F(Y ) = Φ(
lny−θ

σ
) (3.6.4)

From equation (3.6.3), the mean as well as variance of the log-normal distribution will
be given by;

mean = [E(y)] = e(θ+
σ2
2 ) (3.6.5)

variance = [E(y)]2(eσ2
−1) (3.6.6)

19



3.6.1 Return Modeling

The series of the returns for NSE-20 share Index can be defined as;

Rt =
lnSt+1

lnSt
(3.6.7)

Rt = logSt+1− lnSt

where Rt is the return on a NSE-20 share Index at time t with the NSE-20 share Index
at time t +1 for St+1 and t for St respectively during the time of trade. It is important
to note that the Return on NSE-20 share Index is modeled as log-normal distribution
with the mean as well as variance of returns given above.

3.6.2 Non-normality Assumption Test

For purposes of testing for normality, we will assume that NSE- 20 share index Prices
follows a Gaussian distribution with mean of θ and variance of σ2. The pd f will be
given by;

f (y) =
1

σ
√

2π
exp{−1

2
(
lny−θ

σ
)2} (3.6.8)

The distribution of NSE-20 share Index, which has been derived from the NSE market,
are assumed not to follow a normal distribution to take into consideration the presence
of extreme events such the existing presence of Covid-19 that massively affects the
behavioral of investors. Using the procedure of [Antoniou et al., 2004], which as
assumption that all data available at NSE is not normal. We will obtain the MLEs of
the normal distribution as well as their corresponding standard errors. The results are
shown below;

Parameters Estimates Standard Error
θ 3888.886 0.0189152
σ 809.5395 0.0134072

Table 3.2: Maximum Likelihoods Estimates of the Normal Distribution

From the above Table 3.2, the estimation of the parameters are as follows; θ = 3888.886
and σ = 809.5395 with the standard error of 0.0189152 and 0.0134072 respectively.
While these are parameters for the normal distribution, we can use the same param-
eters to obtain the parameters of the log-normal distribution as in equation (0.5) and
(0.6) respectively.
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e(θ+
σ2
2 ) = 3888.886 (3.6.9)

[E(y)]2(eσ2
−1) = 655354.3 (3.6.10)

Solving equation 3.6.9 and 3.6.10 simultaneously;

(eσ2−1) = 655354.3
3888.8862= 0.0433342

eσ2
= 1.0433342=⇒ σ2 = ln1.0433342

σ =
√

0.04242 =⇒ σ = 0.206 (3.6.11)

Replacing back the value of σ to equation 3.6.9 to obtain the value of θ ,

θ = ln(3888.886)− 0.206
2

θ = 8.256 (3.6.12)

From equation (3.6.11) and (3.6.12), we can derive the value of NSE-20 share Index
follows a given log-normal distribution that has parameters of θ = 8.256 and σ =

0.206) i.e. Y ∼ LG(θ = 8.256,σ = 0.206).
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Chapter 4

Data Analysis

4.1 Introduction

It is essential to check for normality of data. Using the qqplot function in R statistical
language of NSE-20 share Index data, it is easier when determining on whether the
sets of data given forms a Gaussian distribution before setting of data can be used.

Figure 4.1.1: Test for Normality of NSE-20 Share Index

From Figure 4.1.1, it is easy to tell that the given data on NSE-20 share Index follows
a Gaussian distribution that is important in modeling especially when looking for ways
of forecasting for making investment decisions.

In addition, we can Test for Normality as follows;
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Figure 4.1.2: Testing for Normality of Log-Normal NSE Data

From Table 4.1.2, it is easy to note that getting the log Normal values of the NSE-20
Share Index Data becomes Normal, which makes it easy when modeling.

4.2 Data Analytics

4.2.1 Empirical Analysis

The past researchers have been testing existence of unit root alone. However, less
research is done on testing the long memory. As a way of fully investigating the ex-
istence within the weak form of the efficient market hypothesis, this research will be
testing both unit root test as well as long memory. NSE 20 share trend

The NSE trends from 2002 to the year 2019 has been depicted in the figure 4.2.1 below;
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Figure 4.2.1: Trends of NSE-20 Share Index With Time

4.2.2 Stationarity of NSE-20 Share Index Data

Two periods determined as pre-crisis and crisis was included in this research. Before
2007/08 PEV and AFTER Stationarity tests/ unit root tests Non-stationary data, as a
statistical rule, are unprecedented and cannot be predicted or modeled. Note that the
first lag value is statistically important, whilst partial auto-correlations for all other lags
are not statistically important. From the suggestions of a possible AR(1) model for the
NSE data, it is illustrated as below:

Figure 4.2.2: Series of the NSE-20 Share Index Data

The Stationarity data is shown in the figure 4.2.3 below as follows;
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Figure 4.2.3: Stationarity of NSE-20 Share Index Data

4.2.3 Unit root tests

In this unit root test, the paper test for stationarity.

Data Type: NSE Data
Dickey-Fuller = -1.5944 Lag order of 3 p-value = 0.7501
Alternative hypothesis: Stationary

We will fail reject H0 at 5% hence there is unit root

Table 4.1: Augmented Dickey-Fuller Test

We fail to reject H0 at 5% since we do not have enough confidence at a level of 5% to
make such statistical claims thus concluding that the NSE data exhibits the property of
stationarity.

Phillips-Perron Unit Root Test
Data Type: NSE Data

Dickey-Fuller Z(alpha)=−4.3894 Truncation lag parameter of 10 p-value = 0.8649
Alternative hypothesis: Stationary

Table 4.2: Phillips-Perron Unit Root Test

From the Table 4.2, we can conclude that the NSE Data is stationary.

25



KPSS Test for Level Stationarity
Type of Data: NSE Data

KPSS Level = 7.8814, Truncation lag parameter = 10 p-value = 0.01

Table 4.3: KPSS Test for Level Stationarity

The Test of type DF-GLS are shown in the Table 4.4 below as follows;

lm(formula data = dfgls.form, = data.dfgls)
Residuals:

Min 1Q Median 3Q Max
-840.40 -13.02 0.31 14.45 887.28

Coefficients: Estimate Std. Error t value Pr(> |t|)
yd.lag -0.0001291 0.0002383 -0.542 0.588

yd.diff.lag1 0.0698108 0.0152783 4.569 5.03e−06

yd.diff.lag2 0.1079643 0.0153079 7.053 2.03e−12

yd.diff.lag3 0.0319363 0.0153081 2.086 0.037
yd.diff.lag4 -0.0145806 0.0152789 -0.954 0.340

Residual standard error: 40.13 on 4283 degrees of freedom
Multiple R-squared: 0.01956, Adjusted R-squared: 0.01842

F-statistic: 17.09 on 5 and 4283 DF, p-value: < 2.2e−16

Value of test-statistic is: -0.5418
Critical values of DF-GLS are: 1pct=-2.57 5pct=, -1.94 10pct=-1.62

Table 4.4: Test of type DF-GLS

Remark 2. The test summary demonstrates that the test statistic is ranging from −1.2 to
−1.2. Approximately 10% of critical values for the DF-GLS testing range from −2.57
to 2.57, which is not the suitable critical value when dealing with ADF test in case an
intercept as well as time trend are all included within Dickey-Fuller regression. From
the asymptotic distributions that demonstrates the testing statistics also unique when
looking at all critical values used in the experiment. .
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lm(formula data = dfgls.form, = data.dfgls)
Residuals:

Min 1Q Median 3Q Max
-840.40 -13.02 0.31 14.45 887.28

Coefficients: Estimate Std. Error t value Pr(> |t|)
yd.lag -0.0001291 0.0002383 -0.542 0.588

yd.diff.lag1 0.0698108 0.0152783 4.569 5.03e−06

yd.diff.lag2 0.1079643 0.0153079 7.053 2.03e−12

yd.diff.lag3 0.0319363 0.0153081 2.086 0.037
yd.diff.lag4 -0.0145806 0.0152789 -0.954 0.340

Residual standard error: 40.13 on 4283 degrees of freedom
Multiple R-squared: 0.01956, Adjusted R-squared: 0.01842

F-statistic: 17.09 on 5 and 4283 DF, p-value: < 2.2e−16

Value of test-statistic is: -0.5418
Critical values of DF-GLS are: 1pct=-2.57 5pct=, -1.94 10pct=-1.62

Table 4.5: Zivot-Andrews Unit Root Test

Since the test is left-sided from Table 4.5, it is improbable when rejecting the null
hypothesis stating that the NSE-20 Share Index data has the property of stationary
after applying the DF-GLS test.

Box-Ljung test
data: nse1

X-squared = 103384, df = 25, p-value less than 2.2e−16

Table 4.6: Box-Ljung test

The p-value of the NSE data is 2.2e-16, which means that there is non-zero autocorre-
lations evidence in the in-sample forecast errors defined at lags 1-20. When speaking
quantitatively, one should apply the use of built-in test when testing stationariy. In
addition, the use of Ljung-Box test helps in examining whether there is a significant
evidence for all non-zero correlations at the stated lags (1 to 25 shown in the Figure
4.2.4 below). This comes with null hypothesis of independence in a state time series
especially for a non-stationary signal that has lower p-value.
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Figure 4.2.4: The Tacts of Fit1

The Tacts of Fit1 shows the trends during the period of forecasting for the NSE-20
share index that is helpful for decision makers looking for prudent financial decisions.

Arfima Analysis
bHat alphaHat HHat dHat LL convergence
0.010 0.010 0.995 0.495 -11135.286 0.000

Table 4.7: Arfima analysis

Remark 3. The list with components: bHat transformed optimal parameters alpha-
Hat estimate of alpha HHat estimate of H dHat estimate of d phiHat estimate of phi
thetaHat estimates of the theta will be optimized value of the Whittle estimated log-
likelihood of d = 0.495.Thus, the value of d > 0 meaning there is long memory in the
NSE 20 share index data.

4.2.4 DFA empirical Tests

Test for long memory empirical approximation of the confidence intervals linked to
the Detrended Fluctuation Analysis (DFA)
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Detrended fluctuation analysis for NSE Data

H estimate: 0.5803184

Domain: Time

Statistic: RMSE

Length of series: 2606

Block detrending model: x ~ 1 + t

Block overlap fraction : 0

Scale ratio: 2

Scale 4.000 8.000 16.000 32.000 64.00 128.00 256.00 512.00 1024.00

RMSE 28.132 41.617 61.927 89.869 142.49 201.58 342.87 504.21 627.68

Table 4.8: Detrended fluctuation analysis for nsedata

From the Detrended Fluctuation Analysis (DFA) test, the NSE data fits well on the
predicted values during the investment period.

Figure 4.2.5: Root Mean Square Error Vs Time

The Root Mean Square Error (RMSE) commonly defined as the absolute standard
deviation of the residuals (commonly known as prediction errors). The residuals are
defined as measure of how far apart data points are from the regression line or how
spread out the respective residuals are. This means that the measure will tell you on
how congested the NSE data is around its best fit of line.

The Hurst exponent of H [3] has been used in some fields as well as its value that
is linked to specified characteristic of a given independent stochastic process. The
H value is also bounded between (0,1). If H is always equal to 0.5, which is the
independent stochastic process does not demonstrate a long-term memory especially
if H is greater than 0 .5 of the series is persistent at the same time the process is also
linked by the trend reinforcing memory. Alternatively, if H is less than 0 .5 then the
series is said to be anti-persistent.
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4.3 Interpretation of Results

During fitting the NSE-20 Share Index Data, it is calculated using the estimated pa-
rameters as follows;

Figure 4.3.1: Fitting NSE-20 Share Index Trading Against Time

It is important to summarizes the relevant information on the empirical log-normal
distributions of securities index returns under different consideration. The vital statis-
tics that needs to reported includes mean, variance, standard deviation, minimum as
well as maximum level of return during the trading period, kurtosis and coefficients of
skewness.

Mean Variance Std Max Return Min Return Skewness Kurtosis
5988.565 655354.3 809.5395 5491.37 1917.67 -0.0381 2.03802

Table 4.9: Sample Moments Distributions of the NSE 20 Share Index

From statistics analysis from Gil-Alana et al. [2015], the third central moment is re-
ferred as an asymmetry measure or skewness within the specified distribution. From
results illustrated in table 4.9, it is important to note the data distribution is not symmet-
rical as it is negatively skewed with the skewness coefficient of -0.0381. In addition,
the kurtosis that measures of general peakedness or just flatness near the center of the
distribution degree. The ratio is obtained by getting the ratio of the 4th central moment
before dividing it with the variance square. For a normal distribution, the ratio should
be equal to 3. Any ratio that is greater than 3 does indicate that more values within
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the neighborhood of its mean (which is more peaked compared to the normal or Gaus-
sian distribution). From the analysis of our NSE-20 share index data, it is termed as a
heavy tailed, which is an excess kurtosis. This is shown by the coefficient of kurtosis
of 2.038016. We can conclude that our data is mesokurtic.

3.2 Non-normality Assumption Test

For purposes of testing for normality, we will assume that NSE- 20 share index Prices
are following a Gaussian distribution with mean of θ and variance of σ2. The pd f will
be given by;

f (y) =
1

σ
√

2π
exp{−1

2
(
lny−θ

σ
)2} (4.3.1)

The distribution of NSE-20 share Index derived from Kenyan Nairobi Securities Ex-
change market, are assumed not to follow a normal distribution to take into consid-
eration the presence of extreme events such the existing presence of Covid-19 that
massively affects the behavioral of investors. Using the procedure of [Rosenkrantz,
2003], which as assumption that all data available at NSE is not normal. We will ob-
tain the MLEs of the normal distribution as well as their corresponding standard errors.
The results are shown below;

Parameters Estimates Standard Error
θ 3888.886 0.0189152
σ 809.5395 0.0134072

Table 4.10: Estimates Parameters of the Normal Distribution

From the above table 2, the estimation of the parameters are as follows; θ = 3888.886
and σ = 809.5395 with the standard error of 0.0189152 and 0.0134072 respectively.
While these are parameters for the normal distribution, we can use the same parameters
to obtain the parameters of the log-normal distribution as in equation (0.5) and (0.6)
respectively.

e(θ+
σ2
2 ) = 3888.886 (4.3.2)

[E(y)]2(eσ2
−1) = 655354.3 (4.3.3)

Solving equation 0.0.9 and 0.0.10 simultaneously;

(eσ2−1) = 655354.3
3888.8862= 0.0433342
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eσ2
= 1.0433342=⇒ σ2 = ln1.0433342

σ =
√

0.04242 =⇒ σ = 0.206 (4.3.4)

Replacing back the value of σ to equation 0.0.9 to obtain the value of θ ,

θ = ln(3888.886)− 0.206
2

θ = 8.256 (4.3.5)

From equation (4.3.4) and (4.3.5), we can derive that the value of NSE-20 share Index
is following a log-normal distribution with parameters, θ = 8.256 and σ = 0.206) i.e.
Y ∼ LG(θ = 8.256,σ = 0.206).

On testing of the correlation between the different NSE-20 share Index prices during
day tradings, the results are in the Table below:

Residuals
Min 1Q Median 3Q Max

-49.852 -0.197 0.030 0.277 36.77
Coefficients Estimate Std.Error t-value P(> |t|)

Intercept -0.3292837 0.5445662 -0.58340 0.59978
Open 1.0000781 0.00001419 7045.95 < 2.23e−17

High
Low

Change %
Residual Error: 2.6 on 620 degrees of Freedom

Multiple Error: 1 Adjusted R-squared: 1
F-statistic: 2.524e−7 on 2 and 620 df p-value: 2.22e−16

Table 4.11: Relationship between Daily Lows and Highs of the NSE-20 Share Index

3.3 Fitting a Log-Normal Distribution

With the data available at the NSE website, we are capable of fitting the data with the
log-normal distribution after estimation of the parameters to obtain new fitted data. The
data is then used to model the new prices of NSE-20 share index, which is following a
long normal distribution with the estimated levels of volatility of the market compared
to findings of [Vitali and Mollah, 2010] paper.
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Figure 4.3.2: Estimated NSE-20 share Index volatility with Time

From Table 4.11, we can see that the daily volatility of the NSE-20 share Index is
stochastic during the duration of trading within the market. The values changes daily
as the value of the securities index changes during the trading periods with the mean
volatility obtained in equation (3.6.11).
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Chapter 5

Conclusions and Recommendations

5.1 Conclusions

From the test carried out, the results strongly indicate the fact of NSE is not efficient in
the weak form because high volatility levels, delay in electronic trading when trading
orders are made and poor information flow within the securities exchange market that
can lead to insider tradings. The price changes of most of the securities are not inde-
pendent thus making technical analysis to be more viable during the process. It offers
a chance for investors to make preparations in advance for the NSE activities. The
essential part of knowledge of unfolding in securities market is that during the period
of all available information provided on several securities that are absorbed to reflect
in the prices, thus investors will have purchased or sold securities by taking advantage
of all existing favorable prices in the process.

The research project used a log-normal distribution, we were finding returns in terms
of logarithms price index as opposed to the simple price index changes. The argument
is that the natural logarithms of price is the return, that has a continuous compounding,
which you earn when hold the specific security for a particular day.

The results from the research has shown from Figure 4.3.2 that variability of security
price index changes that makes it an increasing price index function. However, by
taking the natural logarithms can neutralize the effects on price index levels. From
the descriptive analysis, the historical data of NSE-20 share price index data showing
that it heavy tailed and non-symmetrical as assumed by most papers. With skewness
coefficient of and low kurtosis, the data is mesokurtic which disputes the previous
assumptions.
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5.2 Recommendations

On the recommendations, a test on the semi-strong form of efficient market hypothesis
can be done to ascertain whether the information that is available in the market shows
the correct pricing of the prices of stock traded in the exchange market. This would
surely help the investors make an informed decision from the NSE 20-share index
whenever they want to make an investment from the market for possibility of getting
higher returns. However, with strong form EMH, it is important that the traders take
care of the insider trading that is a massive problem when dealing with the issues of
trading. With no cases of insider trading, it would be possible to have an efficient
market where the information available in the market reflects the demand and supply
of traders thus the prices. With the assumption that volatility of the NSE-20 Share
Index is constant over the time of trading is flawed since it changes over time when
making investments.

From our results, we can affirm that log-normal distribution fits the NSE-20 share In-
dex data when modeling the market trends especially when taking into considerations
the cases of extreme events during the period of study. Since the trends of NSE-20
share Index are heavy tailed, it offers a clear evidence that the changes in price over a
unit of time interval is not a constant variable. We can conclude that the future predic-
tions of the NSE 20 Share Index returns should be based on a log normal distribution
as opposed to a normal distribution. In addition, we recommend an investigation of
the inverse gamma normal mixture distribution if it can best fit the returns of NSE 20
Share Index return as well as other normal mixtures.

5.3 Room for Further Research

One of the simple assumptions underlying is on the Random Walk theory and thus
Efficient Market Hypothesis is stated that when securities prices are random then its
distribution should be Gaussian distributed. Any Gaussian distribution is a huge relief
as we need only two measures of mean as well as variance, when describing the entire
distribution. The normal distribution is among the basic assumptions underlying during
capital asset pricing model. All histogram prices of the prices are computed with the
curve for normal distributions have been plotted in order to determining whether the
price values distribution fits well the Gaussian distribution.

A non symmetric distribution has in many more cases have a tail moving towards one
end of the distribution as opposed to other end known as called skewed. If the tail
is towards larger values, the distribution is skewed to the right. If the tail is towards
smaller values, the distribution is always skewed to the left. In addition, kurtosis al-
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ways indicates an extent for a given standard deviation, recordings that cluster around
a given central point. Whenever the cases cluster less compared to the case of Gaussian
distribution, then it is simple to term the Gaussian distribution as platokurtic.

While relaxing some of these assumptions, it offers an opportunity for researchers
to explore on how to model Exchange traded funds using statistical distributions and
modeling them as heavy tail before testing them based on the information provided.
The values for skewness as well as kurtosis are always zero whenever all observed
Gaussian distribution is exactly normal which can be extrended to another distribu-
tion with a heavy tail property to take into consideration extreme events of worldwide
pandemics such as Covid-19 pandemic. Modeling of NSE-20 share Index can also be
modeled using other distributions that takes into account extreme events that can be
experienced in stock market such as pandemics that has huge impact on ETFs.
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Appendices

R Codes

library("readxl")

setwd("C:\\Users\\Home user\\Documents\\cavin project")

NSE <- read.csv(file = "nse.csv")

NSE

View(NSE)

mean(NSE$NSE.20,na.rm = TRUE)

var(NSE$NSE.20,na.rm = TRUE)

nsedata=na.omit(NSE$NSE.20)

nsedata

View(nsedata)

mean(nsedata)

var(nsedata)

plot(nsedata)

fit=arfima(nsedata)

fit

library(arfima)

p <- arfima(nsedata, order = c(1, 0, 1), numeach = c(3, 3))

p

u=arfima(nsedata, order = c(0, 0, 0), lmodel = c("FD", "FGN", "PLA", "NONE"))

acff=acf(nsedata, maxlag = 8)

pacfRes <- pacf(nsedata)

args(stationaryTest)

library(hwwntest)

hwwn.test(nsedata)
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hwwn.test(nsedata, lowlev = 0, plot.it = FALSE, stopeveryscale = FALSE, n.cdf.grid
= 1000, mc.method = p.adjust.methods, mac.spread=10)

library(beyondWhittle)

gibbs_ar(data=nsedata)

#fractinal#

library(fracdiff)

library(LongMemoryTS)

T<-4294 d<-c(0.4, 0.2, 0.3)

data<-FI.sim(T, q=3, rho=0, d=d)

X=nsedata

Y<-data[,3] cper<-cross.Peri(X, Y)

pmax<-max(Re(cper),Im(cper))

pmin<-min(Re(cper),Im(cper))

plot(Re(cper[1„]), type="h", ylim=c(pmin,pmax))

lines(Im(cper[1„]), col=2)

plot(Re(cper[2„]), type="h", ylim=c(pmin,pmax))

lines(Im(cper[2„]), col=2)

T<-4294

d=c(-0.8:10)

d

series<-fracdiff.sim(n=T, d=d)$series

local.W(series,m=floor(1+T^0.65))

gibbs_ar(data, ar.order, Ntotal, burnin, thin = 1, print_interval = 500, numerical_thresh
= 1e-07, adaption.N = burnin, adaption.batchSize = 50, adaption.tar = 0.44, full_lik
= F, rho.alpha = rep(1, ar.order), rho.beta = rep(1, ar.order), sigma2.alpha = 0.001,
sigma2.beta = 0.001) library(tseries)

adf.test(nsedata)

adf.test(nsedata, nlag = 6, output = TRUE)

lm(formula = testmat)

library(testmat)

ur.za(nsedata, model = c("intercept", "trend", "both"), lag=NULL)

new 2

3/4 "q()" 3/5

median(3,5,6)
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x=c(20,3,10,5,6)

x

mean(x)

var(x)

median(x)

plot(x,type="l", col="red",main="marks",ylab="stream",xlab="new index")

hist(x)

barplot(x, main="marks", ylab="cat marks", xlab = "stream") lab=c("j","t","k","m","o")

lab

pie(x, labels =lab,main= "marks")

set.seed(6533)

sim <- arfima.sim(1000, model = list(phi = .2, dfrac = .3, dint = 2))

fit <- arfima(x, order = c(1, 2, 0)) fit

library("readxl")

setwd("C:\\Users\\Home user\\Documents\\cavin project")

NSE <- read.csv(file = "nse.csv")

NSE View(NSE)

mean(NSE$NSE.20,na.rm = TRUE)

var(NSE$NSE.20,na.rm = TRUE) nsedata=na.omit(NSE$NSE.20)

nsedata View(nsedata)

mean(nsedata)

var(nsedata)

plot(nsedata)

fit=arfima(nsedata)

fit library(arfima)

p <- arfima(nsedata, order = c(1, 0, 1), numeach = c(3, 3)) p u=arfima(nsedata, order =
c(0, 0, 0), lmodel = c("FD", "FGN", "PLA", "NONE"))

acff=acf(nsedata, maxlag = 8)

pacfRes <- pacf(nsedata)

args(stationaryTest)

library(hwwntest)

hwwn.test(nsedata)

hwwn.test(nsedata, lowlev = 0, plot.it = FALSE, stopeveryscale = FALSE, n.cdf.grid
= 1000, mc.method = p.adjust.methods, mac.spread=10) library("SciViews")
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data=ln(nsedata)

data

library(hwwntest)

d<-c(0.4, 0.2, 0.3)

data=data

X<-data[,1:2]

Y<-data[,3]

cper<-cross.Peri(X, Y)

pmax<-max(Re(cper),Im(cper))

pmin<-min(Re(cper),Im(cper))

plot(Re(cper[1„]), type="h", ylim=c(pmin,pmax))

lines(Im(cper[1„]), col=2) plot(Re(cper[2„]), type="h", ylim=c(pmin,pmax)) l

ines(Im(cper[2„]), col=2)

library(beyondWhittle)

gibbs_ar(data=nsedata)

#fractinal#

ibrary(fracdiff)

library(LongMemoryTS)

T<-4294 d<-c(0.4, 0.2, 0.3)

data<-FI.sim(T, q=3, rho=0, d=d)

X=nsedata

Y<-data[,3]

cper<-cross.Peri(X, Y)

pmax<-max(Re(cper),Im(cper))

pmin<-min(Re(cper),Im(cper))

plot(Re(cper[1„]), type="h", ylim=c(pmin,pmax))

lines(Im(cper[1„]), col=2)

plot(Re(cper[2„]), type="h", ylim=c(pmin,pmax))

lines(Im(cper[2„]), col=2)

T<-4294

d=c(-0.8:10)

d

series<-fracdiff.sim(n=T, d=d)$series
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local.W(series,m=floor(1+T^0.65))

gibbs_ar(data, ar.order, Ntotal, burnin, thin = 1, print_interval = 500, numerical_thresh
= 1e-07, adaption.N = burnin, adaption.batchSize = 50, adaption.tar = 0.44, full_lik
= F, rho.alpha = rep(1, ar.order), rho.beta = rep(1, ar.order), sigma2.alpha = 0.001,
sigma2.beta = 0.001) library(tseries)

adf.test(nsedata)

adf.test(nsedata, nlag = 6, output = TRUE)

lm(formula = testmat)

library(testmat)

ur.za(nsedata, model = c("intercept", "trend", "both"), lag=NULL)

session 5

3/4

"q()" 3/5

median(3,5,6)

x=c(20,3,10,5,6)

x

mean(x)

var(x)

median(x)

plot(x,type="l", col="red",main="marks",ylab="stream",xlab="new index")

hist(x)

barplot(x, main="marks", ylab="cat marks", xlab = "stream")

lab=c("j","t","k","m","o")

lab

pie(x, labels =lab,main= "marks")

set.seed(6533)

sim <- arfima.sim(1000, model = list(phi = .2, dfrac = .3, dint = 2))

fit <- arfima(x, order = c(1, 2, 0))

fit

library("readxl")

setwd("C:\\Users\\Home user\\Documents\\cavin project")

NSE <- read.csv(file = "nse.csv")

NSE

View(NSE)
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mean(NSE$NSE.20,na.rm = TRUE)

var(NSE$NSE.20,na.rm = TRUE)

nsedata=na.omit(NSE$NSE.20)

nsedata View(nsedata)

mean(nsedata)

var(nsedata)

plot(nsedata)

fit=arfima(nsedata)

fit

library(arfima)

arfima0(nsedata, order = c(0, 0, 0), lmodel = c("FD", "FGN", "PLA", "NONE"))

fit2 <- arfima(nsedata, order = c(2, 0, 1), back=TRUE)

fit2

distance(fit2)

fit1 <- arfima(nsedata, order = c(1, 0, 1), numeach = c(3, 3), dmean = FALSE)

fit1

plot(tacvf(fit1), maxlag = 30, tacf = TRUE)

p <- arfima(nsedata, order = c(1, 0, 1), numeach = c(3, 3))

p

u=arfima(nsedata, order = c(0, 0, 0), lmodel = c("FD", "FGN", "PLA", "NONE"))

acff=acf(nsedata, maxlag = 8)

pacfRes <- pacf(nsedata)

args(stationaryTest)

library(hwwntest)

hwwn.test(nsedata)

hwwn.test(nsedata, lowlev = 0, plot.it = FALSE, stopeveryscale = FALSE, n.cdf.grid
= 1000, mc.method = p.adjust.methods, mac.spread=10) library("SciViews")

data=ln(nsedata)

data

library(hwwntest)

d<-c(0.4, 0.2, 0.3) data=data

X<-data[,1:2]

Y<-data[,3]
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cper<-cross.Peri(X, Y)

pmax<-max(Re(cper),Im(cper))

pmin<-min(Re(cper),Im(cper))

plot(Re(cper[1„]), type="h", ylim=c(pmin,pmax))

lines(Im(cper[1„]), col=2)

plot(Re(cper[2„]), type="h", ylim=c(pmin,pmax))

lines(Im(cper[2„]), col=2)

library(beyondWhittle)

gibbs_ar(data=nsedata)

#fractinal#

library(fracdiff) l

ibrary(LongMemoryTS)

T<-4294 d<-c(0.4, 0.2, 0.3)

data<-FI.sim(T, q=3, rho=0, d=d)

X=nsedata

Y<-data[,3] cper<-cross.Peri(X, Y)

pmax<-max(Re(cper),Im(cper))

pmin<-min(Re(cper),Im(cper))

plot(Re(cper[1„]), type="h", ylim=c(pmin,pmax))

lines(Im(cper[1„]), col=2)

plot(Re(cper[2„]), type="h", ylim=c(pmin,pmax))

lines(Im(cper[2„]), col=2)

T<-4294 d=c(-0.8:10)

d series<-fracdiff.sim(n=T, d=d)$series

local.W(series,m=floor(1+T^0.65))

gibbs_ar(data, ar.order, Ntotal, burnin, thin = 1, print_interval = 500, numerical_thresh
= 1e-07, adaption.N = burnin, adaption.batchSize = 50, adaption.tar = 0.44, full_lik
= F, rho.alpha = rep(1, ar.order), rho.beta = rep(1, ar.order), sigma2.alpha = 0.001,
sigma2.beta = 0.001) library(tseries)

adf.test(nsedata)

adf.test(nsedata, nlag = 6, output = TRUE)

View(nsedata)

lm(formula = testmat)

library(testmat)
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ur.za(nsedata, model = c("intercept", "trend", "both"), lag=NULL)

library("fractal")

DFA(nsedata, detrend="poly1", sum.order=0, overlap=0, scale.max=trunc(length(nsedata)/2),
scale.min=NULL, scale.ratio=2, verbose=FALSE)
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