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ABSTRACT

StochasticTime Series Modelling of the Banking Sector of the Nigerian Stock Market

We investigate empirical financgsues: stylizedacts, market efGiency, anomaly, bubble and
volatility, characterizing stock prices of sixteen (16) Nigerian banks in the Nigerian stock
exchange (NSEjyom June 1999 to December 20ficompassing periods dhancial and
bankingreforms by theCentral Bank of NigerigCBN) and the 200-2009 global financial
crisis witnessed by the Nigerian financial system. Both daily and monthly returns are examined
and compared. Various financiahd stochastic time series methods are applied to these series.
These include a variety afitial plots, tests and models. The tests inclu@e&ueBera anca
hostof other normality tests; Ljungox (Q) test of autocorrelation; Augmented Dickey Fuller
(ADF), Phillip-Peron, and KPSS tests; variance ratio test, BDS tests, runsrtégaridom
Walk, unit root andnarketefficiency testsPuration dependent test aagpropriatesGARCH
families of models. The results asemparedo the existing literature for other countries and
also other studies in Nigeriaut at the market index levélhe resilts largely reveal that while

in some cases about 90% of the banks behave uniformlyegfect to some of the concepts,

in most other cases their behaviour dsfggnificantly depending on the concepts investigated.
Also, it is found that whilghe results of this study agrea a few cases with some of the
outcomes of theverall market level for example, the banking industryléagely weakform
inefficient in most other circumstances, there are marked differences. Specifically, unlike at
the overd market level, bubbles weiidentified in some of the banksd onlytwo anomalies

such aslanuaryholiday andurn-of themonth were found with most of the banks. Therefore,

a good understanding of how each bank reactedfereht scenarios islentified. Thisshould

form a basis upon which good investment decisions could be made. This also provides a good
understanding of whicbhank isperformingwell or at risk so that appropriate decisions that

would enhance the performance of the bankimayket ae madeby market regulators.
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1 CHAPTER ONE: INTRODUCTION

1.1 General Overview

Financial time series sfastdevelopimg field of applied statisticessentially becaustedeals

with analysis of financial data such as stock @ic#tock market index values, currency
exchange rates, inflation rates, electricity prices, and inteatet. Understandingtock price
behaviar would greatly help corporate and private investors, businessmen, international or
transnational traders, brokers, bankers, and financial analysts to adopt the best possible
strategies for optimising their investment returns and hedging likely riskgiaigsb with
fluctuations in theeturns. Thenarket makers or regulatoes)d policy makersould be guided

by such knowledge tsuggestppropriatepolicies and regulations aimed at furtlderepening

the market and ensurirggh level of sanity is mainiaed among relvant interacting market
agents.n addition the ability of the research communitg access updated information and
furnish same to the public is enhancedch thathe source ofmostrisks, typically measured

by variances of individual ast returns aridr portfolios of asset returnis identified.

Moreover, sincasset prices aneturns argéime-varying, the approach to understanding their
behaviour is to estimate the basic data generating processes (DGPs) which underpin them, fit
appr@riate statistical distributions to the observed data, andhasetatistical properties to

make related investment and risk management decisions.

Even thoughn financial markets prices are being observed, most empirical studiesaktt
with price changes Known as returns) simply because returns measure the relative changes in

stock pricesand hencehe performances of the assets over time.

Consideringhese fats, this study uses stochastme seriesechniques tinvestigate the stock
market claracteristics of the banking sector in the Nigerian Stock Market (NSM) based on the
stock returns from 1999014, a period which encompasses t@872global financial crisis,
banking andfinancial reforms in Nigeria starting from 2004. The study will amotiger
objectives examine the stylized facts of bank returns, investigatekey features of the
banking sector such as effétncy, anomalies, bubbles and volatiliiyhe implications of the
research findings for investments in bank shares and the geweto of the Nigerian Stock
Market (NSM) shall be examinedhis is especially important given the fact that the banking

sector is a key driver of economic development of a country.



1.2 Research Aim and Objectives

1.2.1Aim

As notedin Subsection 1,%theresearch isaimed at applying appropriatgnancial)time series
techniques to investigatethe markets for bank shares in the Nigerian Stock Exchange (NSE)
are efficient and the implications of the results for stock market performance of different banks
ard development of the Nigerian Stock Market (NSM). For this, the research explores five key
empirical finance issues which relate to and include market efficiency, namely stylized facts,
anomalies, bubbles, market efficiency, and volatility of the bankeatps in the NSM, using

the stock returns from 1998014.The research extends the results obtained by Omar (2012) at
the overall stock market leveby using bank returns instead of the All Shares Index of the

NSM. The specific research objectives andsjioss are as follows.

1.2.2Research Objectives (RQs)

1. To explore the empirical distributions and stylized daaft bank stock returns in tiNSM,
for different subperiods of the study determihéoy the 2007 global financialrisis and
financial/bank redrms in Nigeria

2. To investigate key stock market characteristicefbanking sector of the NSatross the
study periodsnotably efficiency anomalies, bubbleand volatility;

3. To, where appropriate, discuss the implications of the research resultsydstnents in

banking shares and development of the NSM.

1.2.3Research Questions (RQs)

1. What are the stylized facts of bank returns in theViNhd how do they compare with
known results in other financial marketis? other words, are the stylised factsbafnk
returns in the NSM similar or different from those of other countries such that analysis of
investment risk and return in the banking sectarld be handled differentl

2. How efficient is the banking sector of the NSM in different study periods?

3. Are the Nigerian banksstock returns characterised édgomaliesor bubbledfor the study
periods?

4. How volatile are the bank returns and which volatilihodels are most suitable for

describing the volatility behaviours of the returns in different study ge?io



5. How do the research results compare acrossttitly periods and what are thignificance
of theresearch findings farelative performance of Nigerian banks and development of the
NSE in the different periods?

Besideghis, the main purpose of thissearch io fill the gaps in Omar (2012)'s work requiring
in-depth study of the Nigenmastock exchange througtsectorabpproach of investigating the
behaviour and the challenges that have characterised, particularly the Nigerian banks within
the NSEfrom 1999 to 2014 using individual basktock returns as against the overall average
index (e.g. All sharendex (ASI) usedby Omar, 2012), that was usedother studies across
different assets and markets. Moreover, our choice of the data periodsX{988December,

2014) was informed by the fact that these were the periods of: (i.) Transitiomilaany to

civilian governmentn Nigeria; (ii.) banks' recapitalisation and stock market reforms (2004
20006); (iii.) the global financial cris (20082009) and (iv.) banking reforms (June, 2009
December, 2010)

1.3 Rationale for the Research

During the 200809 global financial crises, the Nigerian stoolarket NSM) and banking
sectorwitnessed neatollapse manifested by near backllapse thatvas stoppedy timely
interventions by the Central Bank of Nigeria (CBN) and a sudden decline (more tham60%) i
the market capitaletion' of the NSM. This experience necessitates the study of risks and
returns associated with fluctuations in stock prices, most iapty as they relate to
systematic stock market characterisat{@®MC), which is meant to capture the market
dynamics for informed investment, risk management (Yahaya, 2012), financial policy (Musa
et al., 2013), economic ardjuity marketgrowth, linkedto the GDP growth, competitiveness,
market microstructure, and macroeconomic, monetary and fiscal policies (Ezepue and Omar,
2012; Omar, 2012;Ezepue and Solarin, 2009; African Development Bank [AFDB], 2007;
Aliyu, 2012; Alade, 2012; Osinubi, 2004).

Despte negative effects of the global financial meltdown in various financial markets, lessons
learnt from the crisis are yet to be incorporated into a plan for stock market research,

characterisation and development, which will guide policy makers in (demgloeconomies

IMarket Capitalization: represents market value of a company's-pidapital, obtained by multiplying the current quoted
price by the total number ohares outstanding. The market capitalization of a securities exchange is the aggregate market
capitalization of all its quoted securities.



to be knowledgeable about the systemic interdependencies among different sectors of the
financial systems. For the NSM, the only attempts at systematic stock maakattehisation

were initiated byezepue and Solarin (2009) and only reégedeveloped in Ezepue and Omar
(2012). The latter proposes that a robust characterisation of financial markets should consider
the six main issues in empirical finance which underpin market dynamics and perfortnance
anomalies, bubbg efficiency, volatlity, predictability and valuationtas positionedvithin

the macroeconomisituations (Cuthbertson and Nitsche, 2005).

Ezepue and Omar (2012) also suggest the need to conducthsachtital and empirical
financial studiest overalland submarket leels,to map vital linkages and effects which may
manifest differently at these levels, amadl provide micre and macreconomic market
information to market participants (households, firms and governmémis)s relevantfor
their investment and policy aking objectives.

As noted earlier, the need to characterise the banking sector within the NSM became evident
from the outcomes of Omar (2012) and Ezepue and Omar (2012) at the overall market level of
the NSM, theyobserved that in order to capture thedsbur of this market as it relates to the
identified market characteristics, it is better to examine the market subsectors so that any
characteristics, such as bubbles, which are not easy to unpick at the market level due to
confounding effects of data gilgmeration across market sectors, may be explored without such
effects. With this approach, it is envisaged thatwdtirmed interpretations of the effects of
various characteristics of investment returns and risks, capital growth, and stock market
performance against changing policy context would be better addrddsade, this study
examinesfour market issues anomalies, bbbles, efficiency andolatility for the banking

sector othe NSM to extend the results obtained in Omar (2012) to such septmific levels.

Using bank stock returns in the study period 12034 will enable the study to explotiee

relative effects of the 2088009 global financial crises and different financial and banking

reforms started in 2004 on the banking sector.

1.4 Contributions to Knowledge and its Suitability for PhD Work

This study presgsin-depth analysisf sharegorice behaviour in the banking sectotlud NSM,
which according to aeport in July, 2017Olarinmoye, 2017)is amongthe five largeststock
markets in Africavhere foreign investors are often focused for investméfseover it gives
an exmsition of how stochastic modellingchniques can be used to analyse emerging market

characteristics.



AddressingObjectives 1 and 2 regsentsfor thefirst time, an indepth study of the stylized
factsof the NSMandfour of the sixkey market characteristics typically studied in financial
economics market efficiency, anomalies, bubbles, volatilpyedictability, and valuatiowill

be investigated in a key sector of the NSM.

Work on Objective 3will provide useful new knowledge aboutlative performance of
different bank stocks, hence their risk and return characteristicg@idmarket development
in the Nigerian financial syste

The results will strongly inform similaresearch in other sectors (e.the energy
telecommunications, agriculture, and mawtdiaing sectors) of the NSM as well aserging
(African) markets which have similar characteristics to NSM.

Previous worksuch as:Ezepue an®Dmar 012; Ezepue andolarin 009; Nnanwa et al.,

(2016; and Urama et al(2017 indicate that wstern markets have statistically similar stylised
facts like emergingnarkets buare deeper in the sense of havéngreatenumberof financial

assets traded. This feature makes the markets more liquid, structnoayrobustin their

trading and regulatory frameworks, and able to support a wider range of financial transactions
across equity, bond, commaodity, foreigrchange, finacial derivatives (Urama et al., 2017)

and real estate assdasseghan is the case in emerging markdtsis point suggests that the
envisagedresults from this research will provide additional contributions to knowledge
compared to those explored iretliterature review on developed markets, because (i) African
emerging markets, particularly the Nigerian market, has not been researdegthmegarding

the key market issues examined in this thesis; (i) the concentration on the banking sector has
raAHO\ EHHQ FRYHUHG DW PRVW PDUNHWY DQG LLL WKH XV
the market index used across different markets make this research to beTineigheoretical,
research, practicglortfolio management (Nnanwa et al. 2018 policy making implications

of the results will therefore be explored in this light.
1.4.1Benefits of the Research to Stakeholders in the Nigerian Financial System

As summarised in the above paragrapmwledge of the underlying characteristics of the
banking sector of the NSM across different periods determined by the global financial crisis

andbanking reformsvill help the market makers and tihgestors as follows.

1. This will encouragenvestors toenhance theimvestments animprove on theirisk

managemenplansonthe bankingstocks
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2. It will help policy makersto overhaul theoperations of the NSM, bynitiating
strategies that will make every key sectmgluding banking industryto be more
informationaly efficient, lessexposedo bubblesand volatility.

1.5 Distinguishing Features of this Research
This section distinguishes this research from related work such as Omar (2012) which it extends.

1. While Omar (2012) focuses on the entire NSM, this study is targeted at thedhankin
sector. Our choicef the banking sectovas based on the outcomes of both Ezepue
and Solarin (2009) and Omar (2012), which suggest that for better atepbtim
understanding of theynamics of the NSM, there &need to additionallyanalyse
data at firm-or sectorspeciic levels, to obtaina better understandingf the stock
market dynamicsConsequently, the returns of individual banks will becus this
research instead diie All Share Index (ASI) used in Omar (2012)d other studies
[such as: Mecagni and Salr(1999; Jefferisand Smith(2009; AppiahKusi and
Menyah (2003; Omran (2007); Alagidede and Panagiotidis(2009, etc], where
stock index is used Focusing on individual asset return seriglgminates the
confounding effect of using theverall market index, wherebyosne market
characteristics magot be evidenced at this aggregate level becatifee oftsetting
effects ofinformation from differensectors.

Moreower, the banking sectopredominantly drives the performance of modern
capitalst economiesincluding the Nigerian economy.édtce results in this sector
combine withthose at the overall markietvel to provide deeper insightgo the stock
price dynamics of the NSMand heir policy making implicationfor the management
of the Ngerian Stock Exchange (NSE) and econdiExepue and Omar (2012)

2. This research fills some gaps in Omar (2012) by conducting a more detailed study of
the stylized facts of the bank returns, which strongly inform better choice of various
models and techaques used in the research.

3. Also, while Omar (2012) used ten yearSdatg 2000 to 2010, this research examined
fifteen years data, ranging frolanel999 toDecembef014

1.6 ThesisStructure

The thesis will beompisedof 10 chapters as follows.



Chapter 1: Introduction
Chapter 2: GeneraBackground

Chapter 3: Literature Review

Chapters 4 Methodology

Chapter 5: StylizedFacts of Asset Returns in the NSM
Chapter 6: StockMarket EfficiencyModels and Tests
Chapter 7: Market Anomalies

Chapter 8: Rational Speculative Bubbles

Chapter 9: Volatility Modelling.

Chapterl0: Main ResultsSummary, Interpretation and Further Studies

In Chapter2, generabnd historicabackground knowledgabout thdinancial system, Nigerian
Stock Market(NSM), and the Nigean bankingsectorarediscussed.

Chapter3 presentghe overall literature review of different aspects of the study related to the
objectives. This chapter surveys the stochastic and applied statistical models used in financial
market analysis. Furthetdrature on the models used to study specific characteristics of stock
markets are given in the specific chapters which look asthesAlso, a brief review on the
banking reforms initiated by the Central Bank of Nigeria (CBN), and their impact on the

Nigerian banks antheir performancare given.

Chapted presentghe research methodology includitite datacoveragechoice of software

and summary of methods used subsedyémiChapters-9.

Chapter 5 presentbe descriptive statistics and the gmal stylized facts of the returns as a
prelude to identifying appropriate modelthat wouldbe most suitabldor describingand

evaluating the riskiness of stoathese banks within the NSM.

Chapters @ apply appropriatestatistical tests andnodet to the specific issues and
characteristics of the NSM such as market efficiency, stochastic volatility, anomalies and

speculative bubbles.

Chapter 10summarises the main results, their implications for the NSMthad\igerian

financialsystem andecommends future work.



1.7 Summary and Conclusion

This chapter provided a general backgrotoihe significance of the research, justification for

the focus of the researas well asmotivation, ains and objectives for this research. It also
summarised the expeed contributions to knowledge by research objectives. These are
followed up on in chapter 10. The chapter distinguished this research from related work by

Omar (2012), and finally outlinetthe structure of the thesis.



2 CHAPTER TWO: GENERAL BACKGROUND

2.1 Introduction

This chaper briefly discusses essentisgfuesouchingon: the financial systenthe financial
market, Nigerian capital market creatiothe Nigerianstock exchange and regulatory
institutions,the Nigerianbanking industry anche rationale for choosing the sectibve 2007

2009 global financial crisis and its impacts on the Nigerian banks and economy, the listed
Nigerian banks currently on the exchange marked bankingeforms.

2.2 Financial System

A financial system facilitatesnore efficientfinancial transactions by investors, financial
DQDO\WWYVY HQDEOHV HFRQRPLF SROLF\ PDNHUV WR UHJXOD
Without an effective financial systeraparty to atransaction with superior information than

the dher party may cause what is term#tke information asymmetry problemwhich

encourages inefficient allocatioof financial resources. To overcome tiusoblem the

financial system strikes a balance between those with funds to invest and those nedding fun

Structurally,the financial system is made up of three componemselyfinancial markets
financial intermediarieandfinancialregulatorgseeFigure2.1 below),with each component
playing a certainrole in the system. While the financial marketsgable thdlow of funds to
finance investments by corporations, governmentd gudividuals, financial institutions
perform the role of intermediation, thus determining the flow of fuadd financial regulators

function aghe monitoring and regulatoryody in the financial system.

The Nigeriarfinancial system is made up of banks aaabankfinancial institutiors suchas
insurance pension, mortgage, capital markeatd the regulatory bodiesyamely the CBN,
National Deposit Insurandggorporation NDIC), Security and Exchange Comuisn (SEC),
National Insurance @nmission (NAICOM) and the National Pension Commission
(PENCOM)

The diagram below presents the interrelationships among the three ageals play
significant roles at promoting econongimwth in the financial systenThe three basic agents
are: firms/companies, financial markets antermediaries such asanks,and government

departments.



Figure 2.1: The Financial System Structure

2.2.1Financial Markets

A financial market is an environment where various typedsnaintial instruments, such as
equities, currencies and debt securit@s, bought andold, accordingo a set of rules

x Financial markets serve to transfer funds flenders to borrowers.

x For lenders, the markets provide a platform for their excessliigtiand a way to store

wealth

x For borrowers, the markets provide credit to finance their consumption and investment.
Figure 2.2 below (Financial System Architecturéiighlights how funds are transferred in the
financialsystem fronthe lenders or sunpé channels to the borrovear thespenders thragh
financial intermediariesuchas banks, financial marketnd brokersWWhen money moves from
a lenderthrough the financial market to the borrowers/users, such moveasneadled "Direct
financing”. When such transfes occurthrough banks, finance housemnd brokers, this

constitute "Indirect financing".

2Liquidity: is the extent to which a security or financial asset can swiftly be tradeceichange market at a
stable price; thus, in liquid markets investors become more active and can design different arbitrage strategies.
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Figure 2.2: Financial System Architecture: Flow of Funds through the Financial SysterfSakanor, 2015)

Financial markets are classified into fivategoriedased on:
x TheNature of Claim:
a) Debt Market: e.g. Bonds
b) Equity Marke t: e.g. Common stock
X ThePeriod of Claim:
a) Primary Market : markets for Initial Public Offe(iPO); i.e. where
new securities arssued and purchased by initial buyers
b) Seconday Market: markets where the &sting securities arissued,
boughtand sold

Market Structure :

x

a) Exchange Market markets where trading activitieseconductedn central
locatiors e.g. stock exchange
b) Over-the-Counter (OTC) Market : market where dealers at different

locations buy and sell securities

x

Period of Delivery.
a) Cash or Spot Market: this is a market wherguick deliveryof traded
assets(securities) is made, mostly witlwo ttrading days
b) Derivative Market: this is futures or forward market where contracts (claims)

aremade for future delivery of securities

X

Period of Maturity :
a) Money market: is the market where shetigrm assets afneyearor less

maturityis tradedl

11



b) Capital Market: the markewhere longterm securitie®f morethanoneyear

maturityare traded.

Brief Account on the Creation of the Nigerian Capital Market

Dougall and Gaumnitz (1980Srinivasan (2010) and Okafor and Arowoshegbe (2agiine
capital marketas mechanisms and institutiaimsoughwhich intermediate term fundsich as
loansof tenyear maturity, and longtermfunds suchas loans witHongerterm maturityand
corporate stockare raised. It is also a market whéne outstanding financial instments are
made available to business, governments, and individuals. Afumellioning capital market
serves asa fulcrumfor any financial syem because it facilitates furadsing needed to finance
bothbusinessand otheeconomic institutions and gowvenent programmes (Osaze and Anao,
1999).

2.2.2Nigerian Capital Market

In Nigeria, the decision to establish an indigenous capital market was made in the early 60s due
to the lack of channel throug¥hich both long term and shetérm funds could be raad locally.

This was because at that time the only existing banks were owned by foreign investors. To
manage the debt incurred by the federal goventyrtbe office of the Accountarereral

(A.G) of the federation then wagventheresponsibility tocreatethe Central Bank of Nigeria

(CBN) in 1959. The CBNvas tomanagethe debts andyenerallytake over management of

Nigerian government finances

Despite the establishment and acoencement of operation by the NBthere was no
institution to discharge thregulation and oversight functions tfe capitalmarket. This
prompedthe then govemment to establish the Lag&ockExchange withan Actenactedn
1961 for full management and regulatiaf the Nigerian capitalmarket. Eventhoughthe
exchange magk was incorporatedn 5" Septembef960, it did not begin full operation until
5N June 1961. By 1977, the market changeditsefrom "Lagos Stock Exchange" toeh
"Nigerian Stock Exchange#a decisiorthat put a stop to attempts at establishing atbgional
based exchange markets named after a state of the federation, shelkaduna and Port

Harcourt Stock Exchange.
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Objectives for the Creation of the Nigerian Capital Market

The intents behind the establishment of the Nigerian Capital Madketding toOsinubi and
Amaghionyeodiwe (20030sinubi (2004, andOkaforand Arowoshegbe (201i)clude

X To ensure even distribution of wealth

X To decentralize the ownership of assets and create a healthy private sector

X To discourageexcessive concentiah of economic power in the hands affew
private individuals

X To mobilise savings for economic growth

X To promote ceoperation between local and foreign investors leading to economic
enhancement

X To strengtherthe bankingindustry and reduce governmesiépendence on taxation
for economic development

X To diversify capitalfrom less productive secwlike real estate to more productive

sectors such as industry.

The Nigerian Stock Exchange

The Nigerian Stock Exchange (NSE) was created in 1960 undeitediguarantee, licensed
under the Investments and Securities Act (ISA), governed by a national council, known as
Board of Directors and regulated by the Nigerian Securities and Exchange Commission (SEC).
The exchange has 13 branches across Nigeria,itwitiead office in Lagos. It services the
second largest financial centre in Saéharan Africajs a founding member and executive
committee member of the African Securities Exchange Association (AZBApn affiliate
member of the World Federation of&hanges (WFE), which is also an affiliate member of the

International Organization of Securities Commissions (I0OSCO).

The Nigerian Stock Exchange, with otherexchanges, represents a market place providing a
fair, efficient and transparent securitiegamet to investors. It currently has 191 companies
listed, operating three major types of market, nanighg Equitymarket,the Bondmarket and

the Exchangdraded Funds (ETFs) market. Its daily trading activities run as follows:

(1.) A PreOpening Sessim between 09h30 and 10h15 daily. (2.) Opening Auction Trading
from 10h15 to 14B0. @.) Market Closs by 14h30The trading activity is either "Quote

Driven" or "OrdetDriven" in the NSE.
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(a.) By QuoteDriven, we mearthe phenomenowhereby the market maks are allowed to
provide twoway quotes and licensed brok€or dealers) of exchange are given the right to
submit orders.

(b.) OrderDriven makest possible for all the orders made by the buyers and sellers to be
displayed in the market, with sucindersrevealing the quantity and price a buyer or seller is
willing to purchase or sell (respectively), his/her asset(s).

With this form of trading(either "QuoteDriven" or "OrderDriven”), NSE is said to be
operatingas D 3+ \ ENMAELkEL".

Its national ouncil has fourteen (14phdividual membergharged with the responsibilities of:

X Directing exchange business and financial affairs, strategy, structures and policies
X Monitoring to ensure that delegated authority is exercised
X Handing challenges and issuesd®ring on corporate governance, corporate social

responsibility and ethics.

The council givenits roles comprises of seven committees which include:

1) Audit and Risk Management Committee: takescare of financial reporting, internal
controls, and risk magement systems amidst other relevant roles

2) Demutualization Committee: handlesssues relating to the exchange structure, Jegal
regulatory and financial strategy relative to the demutualization of the exchange.

3) Disciplinary Committee: in charge of haring and adjudicating ondisciplinary
matters in respect of dealing membensd sets rules governing dealing members

4) Governance and RemunerationCommittee: ensurescompliance with corporate
governance policies and practices anovides oversight functions ofthe exchange's
human resources among other functions.

5) Rules and Adjudication Committee: ensurescontinuous review of the exchange's
rules and regulations

6) Technical Committee in charge of informatiorsystems managemeand technical
issues inalding associated risks

7) MEMART Committee is an adhoc committee to ensure that the exchange business
operation is in line with its Memorandum and Articles of Association ("MEMART")

andreview of the articles.
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2.2.2Securities and Exchange Commission (SEC

SEC is the main regulatory body of the NSE under the supervisithe ¢federaMinistry of
Finance. The commission is charged with the responsibility of maintaining surveillance over
the NSE with a view to ensuring orderly and equitable dealingsauwities andprotecting the

market against insider trading abuses

The @mmissiorwas arad hoc, nosstatutorycommitteeestablished in 196om the Central
Bank of Nigeria (CBN,) which later becameéhe Security Exchang€ommission id973.
In1979, the commsision was chartered under Decree 71 and subsequently was cHaytired
Investments and Securities Act No 45 of 198Bich is the current and major legal instrument
empowering SEC to regulate the affairs of the NSE.

2.2.3The Nigerian Banks

The thredargest bankshatcouldequally be categorised as fugeneration bankdue to their
existence fronthe colonial period arefirst Bank, whichused to be British Bank for West
Africa, andwas incorporated in 1894; Union Barigrmerlyknown asColonial Bark and later
acquired by Barclaysvhich cameto be in 1917; and United Bank for Africa (UBA)hich

used to be the British and French Bamkich wasestablished in 1949. The thrleanks, which
were originally foreign banks were acquired by the Nigeriareganent through sharestime

mid '70s. Duringthe colonial era, these banks faced serious competition from local investors

before the enactment of the first banking legislation in 1952.

The foremost bank to operate in Nigenamedhe AfricanBanking Wrporation (ABC), was
established in 1892 with the primary role of facilitating transfer of cash fromotibay, later
named Nigeriato the then home country, United Kingdom. In 1894, Bank for British in West
Africa, now called "TheFirst Bankof Nigeria" was created and subsequently acquired the
AfBC. Many other banks owned by foreign banking organisation were later established in the

country (see Uzoaga, 1981, p. 66)

The fourth &rgest bank, Afribank, a secogéneration bankestablished at the timef o
independenceZDV DOVR D IRUHLJQ EDQN SUHYLRXVO\ QDPHG %DQ
Occidental (BIAO). Lateraround mid '70gmany more commercial banks were established by

the state governments in Nigeria; thereaftaerchant bankswhich werejoint ventures

between foreign investoend the Nigerian governmentgre established.
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A review of the present structure of the Nigerian banking sector yahial Banlof Nigeria

in Septembe?009 revealed that there are 1014 communityZzdncommerial banks in Nigeria,

which combined accourfor 93 percent of private asset values of the entire financial sector,
indicating a large banking sector relative to the financial sector. According to the Central bank
RI 1ILJHULDYV GUDIW $ @4p&nDed 3 iD&cBrbey 2DR8AlzaKreni)\ Gregoriou
and Hudson, 2013), the Nigerian banking sector is dominated by four banks, which account for
58 % of the value of assets and 65% of the total deposits held by the banking sector. Only two
of Nigeria's bankfave some measure of control by foreign banks with only a 4% stake of total
assets.

According to Sanusi (2010), the significant growth and expansion recorded tivéhihgerian
banking sector haseen characterized by series of challenges, ththage wvasa remarkable
increase in the overall total of Nigerian banks from 4ihks before 1986 to 120 by 1994.
However, stiffcompetition and other associated challenges facing the sector broughaabout
sharpdrop in the number of these banks from 120 banl&9tbanks by 2004 and later to 24
by 2009.While some of these changes were market instigated andtbedamkconsolidation
policy of the then CBNyovernor, Prof Chukwuma Soludo in 20@thers were outcomes of
the federal government's earlier proposalintroduce an indigenisation policy in the sector,

allowing Nigerian citizens to have total control of the sector.

The financial sector boom, therefore, was, however, accompanied by financial
disintermediation. "This tragic situation led to the corgithuforeclosure and technical
insolvency of many banks and finance houses" (Eke 2003, p. 4) and "the latest assessment
shows that while the overall health of the Nigerian banking system could be described as
generally satisfactory, the state of some banksOHVV FKHHULQJ" 6ROXGR

the Nigerian banking sector to the stock market as a channel for raising long term capital to
finance its activities has been and may continue to be a major catalyst for any future growth of

the banking secto

2.3 Global Financial Crisis/Meltdown: The Nigerian Experience

In this setion, a brief account of whatemt wrong in the global market as well as the impacts
on the Nigerian financial systeanediscussed. The focushbe on the 20072009crisis, which
according to some studies (Reinhart and Ro@@®08 andEignerand Umlauft(2015), is the
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worst financial meltdown in the twenty first centuayd indeedince the Great Depression of
1929, based on its impacts on the global economy.

To startwith we observe that financial meltdown represents a situation when financial markets

and financial networks beconevidently strainedr unstable to the point of neaollapse

(Sanusi, 2014). Some of its characteristiascludesudden changas expectations, deicing

prices, recurrenbankruptciesand speculativéubbles $anusi, 2014). The Global financial

crisis servd asa majorrestriction to development and growth in most nations, aggravated by
thebanking system crisis, currency crisis as well as a foradm crisis. Financial institutions

such as banks, or assets, e.g. stocks, bonds and currencies instantly lose most of their value

during suchacrisis

2.3.1How theCrisis Happened

Right from 2002 to early 2007, theveeredecreases inolatility in the global economy and
financial markets; this led ta significantreduction ininvestment riskstherebyencouraging

most companies tbecome less riskverse and invest more capital in the markets.

In August 2007, there were reported cases of constrdigadlities, whereby financial
institutions were confronted with challenges in raising funds in the UnitedsStafemerica
(USA) (Sanusi, 201)a Towards the end of 200%everalAmerican and European banks

declaredmassive losses in their endl-year fnancial reports.

Theearly signals of a crisis observed in January 2868ting witha sharp drop in the profits

of the Citigroup bank, leading to a sharp fall on the New York Stock Exchange. Thereatfter,
there were spectacular drops in share priceslimaijor world markets, leading to series of
collapses By March 2008, there was shocking and unusual credit shrinkage or crunch as the
financial institutionstightened upcredit in the U.Sthe credit crunch rose to become a-full
blown crisis by mie2008such that byduly 2008, the crisis found its way into other sectors of

the economy

Accordingto Reinhartand Rogoff (2008), thée crisis became pronounced because of the
failures of multinationals such as Goldman Sachs, Barclays and Deutsche Bank Uiechill

and MorganStanley inthe US; the spibver effects of which caused the failures of many
European banks, thereby transforming into global crisis. Precisely by15th Septembéh&008,

biggest bankruptcy in the world started when Lehman Brothers fadall with liabilities of
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US $600 billion(Edey, 2009)and therebyfiled for Chapter 1lof the bankruptcyprotection
(Schwarcz, S. L. (2008); Shah (2009); Miller and Stiglitz, (1999); Wiggins, Piontek and
Metrick (2014)).According to Gokay (2009), "thest months of 2008 experienced what is

called the worst financial crisis since the Great Depression 0f 1929

Consequently, wst commercial banks the US suffereda great sdéiack such that most
financial institutiondost substantigbart of their wath within a short time periodue to sudden
and paniked withdrawals by the depositera situation calledbank run, leading to recessions
across the global economy

Meanwhile, Figure 2.3 below providesa summaryof the origin of the 20009 financial/
economic criss, which hal its rootin excessive leverage in financial instionsto housing and
stock market bubbles, leading @aoserieof crashes that developed adull-blown financial

crisis, which eventually led tihe globakecession of 20689.
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Figure 2.3: Diagram Showing Origin of the 20072009 Financial/Economic Crisis (DeMichele, 2016)

However, during those periods when the US arler industrialized economiewere
experiencindossedueto thecrisis, he Nigerian market was immune from the cribecause

of thestrict financial contrad imposed on the market by the CBINd SEC.
2.3.2Nigerian Experience

The unprecedented effects of tB®072009 economic and financial crises on the world
economy led to global recession ahd collapseof many giant financial institutions such that
many nations went bankrupt (Sanusi, 2012). The Nigerian economy was inorthesfirst

round effects of the crises dte strongmonetary and fiscal policiegut the secondound
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effectshit the economy such that the stock maddapsed by 70% between 2008 and 2009,
with many banks recording huge losses due to their exposure to the financial market and oil

and gas industry.

This prompted the CBN to rescag@ght banks found to be deeply affected, by injecting capital
and liquidity into the banks, sacking the bafisecutives and subsequently punishing those
found culpable, with a view to restoring public confidence and sanity into the industry (Sanusi,
2011a; 2012).

2.3.3Effects on the Nigerian Stock Market (NSM)

According to Sanusi (208), the greatest impact was felt in the nation's capital market. There

was:

a) Extended recession in the market triggered by huge divestment by faneegtors;

b) Lingering Iquidity tightness;

C) Declining public confidence; and
d) Panic selling by domestic investors, which led to signifitasses beingecorded by
investors.

The stock marketwhich was bullisi between Decembet005and early Marct2008 to the

tune of hitting quity market capitalization of N12.64 trilioby March 11, 2008nstantly
became bearidhin April 2008 and remained so with only minor recovery by 2010. The market
which recorded aut 14.45% increase in its All Shanedex (ASI) between December 31
2007 and March2008(the peak of the bullun), suddenly experienced a sharp decline ofiyear
45.8% in ASI and 32.4% in market capitalization by the end of 2008. The capital market
recession had significant negative impact on bdnks D GBe€Wiédrisein provision for bad

debts and lower profitability.

2.3.4Impacts on the Banking Sector

Between 2004 and 2008, excess liquidity was recorded irN®e as reflected in the
unprecedented rallyistock prices on the Nigerian StockdBange (NSE) from 2006 tMarch
2008 (Sanusi, 2041). This enabledbanks to raise capital to the tune of N1.603 trillion.

However,during the financialrisis, banks were grossly negativétypacted du¢o spill over

3Stock or commodity market witnessing a general rise in prices
4A security market where a general decline in prices of securities or commodities is being experienced
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effectsfrom the oil and gas sector as well as the stock exgdhamarket where Nigerian banks

were a principadctor. Theravas acollapse of confidence in the banking systemlederaging,

DQG EDQNVY LQFDSDELOLW\ WR HQKDQFH FDSLWDO DGHTX
global output, which impacted the counthrough financial and real (trade and remittances)
channels, Sanusi (2010)

With this experience, many of the banks were distressed, whigéedhe CBN to initiate
another round of rigorous reforms in the banking sector by June 2009 after the first one
introduced in 2005Dueto thenew reforms, 9 banks were found toib@ gravesituation and

were unabléo meet minimum 10% capital adequacy ratio and 25% minimum liquidity ratio.
The said banks were not only principally dependent on the stock manketias oil and gas

but also engaged in unethical and unprofessional practices.

However, the fact that the Nigerian banking system was partially integrated into the global
market, coupled with strong macroeconomic e implemented by the governmeagsisted

the country to hedge the effect of the crisis.

2.4 Nigerian Banking Reforms

The Nigeriarbanking system has witnesseseries of reforms or restructuring in the last fifty
eightyears since independence. The sectormwaged fromthe dominance ithe 196Gs by a
small number of foreigtownedbanks into public ownershifsom thel970s through tahe
1980s in whichNigerian privatdanvestors have become major stakeholders since the middle of
1980s.

Based on the initial intention behind the creatiobaiks as a major source of fuadsing for
governmentprojects, governmenpolicies havesignificantly shaped the industry since its
inception. Continuous intervention by the government in terms of financial sectoepoigtit
from the 1960s through to th1970s withtheaim of promoting indigenisation and influencing
resource allocation has peld to galvanise liberalisaticand prudential regulation antlas

saval the industry from avoidableollapse.

According to Balogun (2007),abking industry reformin Nigeria has remained a focal point

of economic reforms right from/V K8A's mivhen it was first introduced through the popular
structural adjustment programs initiated around 1986 by the then military government. Then,
four phases of reforms aimed at sgening the economy and tbanks, werantroduced.

The first phasetargeted at restructuring the bankss taggedfinancial systems reforms”,
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and wagnitiated to deregulate the banking sectbincludedcredit rate, foreignxxhange rate

and interst rate policyadjustmentsThese according to the CBN's report in 199%ought
abouta deepeningf the sector such that the number of banks in the country was raised from
forty commercial and merchant banks with o¥@55branches across the nationlt®1 with
about2385branches in 1992.

In the second phasehen aseries of regulations and contrelgre reintroduced the sector

was deeply hit such that the country witnessed neardolapsed of the sector between 1993
and 1998 due to seriousdincial distres experienced hyost ofthese banks and instability in

the political space trailed by inconsistent policies of the then military government, which
greatly affected the entire economy. Thaisother round of reforms was initiated with a view

to salvaginghe sector from totalollapse, Balogun, 2007)

In 2004 the then CBN governor, Prof Charles Sojudserved in the banking systeseveral
weaknesses that brought abauteduction in number of banks in the nation from 89 to 24
through whatverethen referred to as feapitalization(Soludo, 2004)Banks were requested
to increase their minimum caplit&quirement fom N5on to N25andiniversal banking was

introduced so that the banks could diversify their portfolio to cover all aspieetail banking

However, on his assumption of office as the CBN governor in June 2009, &0i&jfound
the banks ira seriousstate of financial weaknestespite the initial capitalization introduced

by his predecessor. The problems found with the systera traced to:

1) Weak corporate governance;

2) Operational indiscipline and

3) Theeffects of global financial crisis.

These inadequacies in the systeamsedNigerian banks to:

a) Be disconnected from the rest of th@eamy and their core mandae channels for
transmitting the monetary policies of the CBN

b) Be unable to commit themselves to transpaiand responsible investmeatxd

C) Lack the abilityto guarantee credit flow to the real sector (such as manufacturing,
agriculture as well as small and medium ergrises that are critical to employment

and income generatipn

Consequently, the following measures were taken to salvage the system:
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X A critical redefinitionof banking architectre, corporate governance, basgerations
andsystem ethics

X The tacklingof issues of excess risks with depositors' &wid the instigatiorof a
specialized risk buffer system against "toxic assets" in the system.

The aim of the reform according to Sanusi (2012) was to establighiableand efficient
banking system fathe nation's economy to achieve the objective of being one of the 20 largest
world economies by 2020. H¥bservedhowever that one of the challenges of the regulatory

agencies is how ofteiese kind®f reformsshouldbe carried out in the financial gsn.

2.4.1The Needor the Reforms

The recent global financial crisis has further emphasised the importance of regular banking
reforms throughout theorld. Thebanking industry iexpected to be able efficiently perform

its function of intermediatiom the financial system arathieveglobal competitiveness in the
interrational financial marketd~or these to be achievethere is need for close monitoring.
Moreover, given the fact that banks receive deposits from the public, it is impettaive
periodic reforms are initiated to ensure that they gain public confidence and are financially

stable.
2.5 Rationale for Focussing on Banking Sector

In this sectionye briefly highlightthe roles banks play in the financial system and the rationale

behind focusig on the banking sector of thNSM.

2.5.1Functions of Banks in the Financial System

In theoretical economics as well as finanone of the issues of concamthe study and

understandin@f the functions of banks within thitnancial system.

Allen andCarletti (2008) observe that banks are very importatteriinancial system given

the significant functions they perform @nation's economy. These functio@ecording to

them are as follows:

X Amelioration of the information issues between borrowed iavestors by tracking
the former closely to ensure the funds are utilised judiciously;

X Provisions of intetemporal smoothing of undiversiflerisk at a given point in time

these they achieve by ensuring depositors are protected against consungatign sh
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X They contribute to economic growth

X They help to overcome asymmetric information challenges by developingivedg
connections with companies

X Performance of an important role in corporate governance

X Prousion of financial assistance tmmpaniesthereby strengthening tlegonony.
Sanusi (2012) summarises the functions expected of banks in the economy as being:

a) To mobilise savings for investment purpgses

b) To provide credit fothereal (productive) sector of the econgmy

C) To serve as financialintermediay between the financiaharkes and investors

d) To serve as medium of fund raising for government to finance its developmental

programs and strategic objectives.

According to Allen and Gale (1997; 200)0Chapte6), banks are expected mtoake @ough
savingsin times of high yields on their assets so that they can be sustained by this in times of
fall in returns. They further maintained that for banks to play their critical role of risk sharing,

they are expected not to be subject to serious ettign from the financial markets.

To furtheremphasiséhe significance of banks in the financial system, Allen and Carlleti (2008)
note that banks are always at teatre of every fiancial crisisand thusan easily spread crises
if there is contagiomo such an extent that slight or small shocks on them can resutiuige

impact on the financial system and the nation's economy in general.

Further, CastrenFitzpatrick and Sydow (2006) statleat studyingoanK stocks behaviour is

important because

i. A bank's stock price may fully summarise all the lpuimformation available fronthe

bank, including potential risks, in a sindglgure

i. Under the efficientmarket hypothesis, banks' securitfegrices incorporate

expectations offoth positive and negae future earnings prospects.

ii.  Banks'stock price information is availabtenigher frequency compared aecounting

information

iv. A financial crunch in one bank is easily spread throwagious channels, which may

be reflected in stock marketshds knowing the extent to which the variability in
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individual banks' stock returns are driveyncommon versus bank speciéiemponents

IS imperative.

Finally, consideringhe intertwinedhature of the financial system, whighcomprisedf the
financial marketand banks (intermediariegjpupled withthe series of challenges the system
had been bedevilledith acrossthe global economy owing to the spilover effects of the
global financial crises, #lepth study of the entire financial system basomea comnon
themeglobally in recent yearsThesestudies havgieldedmany research outcomes targeted at
unravelling the genesis ofélerisesto preventther re-occurrence antb strategize ohow to

shield the system from all fof financial crisis in the fiure.

However,despite significant efforts aimeat exploringthe financial system, especially stock
markets globally through researcin the developed markets, African emerging markets
particularly the Nigerian markef have not been researched-agepthwith regards to the key
market issues examined in this theMsreover,given the significant roles played by banks in
the stock market and the nation's economy in genecilding the series akstructuring and
reformsthat Nigerian banks have undengy this studwill be the firsttime (in so faras we
know) thatthis important sectowill be methodically studied irdetailacross different periods

determined by bank reforms and the global financial crisis.

In summary, given the above reasons, undadihg the share price dynamics of the Nigerian
banks would help their management, investors and policy makers to anhdmgsssueshat
would make these banks functiomore effectively asfinancial intermediaries. Hence, the

points outlined above fornié basidor our choice of this sector as the subject of study.

The remaining sections of thihvaptersummarisesome characteristics of tidigerian banks
furtherand indicate typical stock market indicators used to assess their financial performance

as well asthat of other stocks traded in the NSM.

2.5.2The Nigerian Banks on the Exchange Market

In this sectionbrief details on théankslisted on the Nigerian Stock Exchange are discussed.
Informationon the year of incorporatigfyr. Inc), merger anécquisitionexperience, years of

listing (Yr. Lstd), ownership type, nature of business (NoB), security type (Sec. Typ) and
security name (Sec. Name) awemmarised below. There are eighteen banks currently on the

NSE list alogether (see tabl2.1). The bDQNVY FKDUDFWHULVWLFV ZLOO LQ
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different results on them presented in subsequent chapters of the Thesisdetails were
extracedfrom the officialpage ofthe Nigerian StocExchangghttp:/Avww.nse.com.ng/

From the table belowye see thatll the banks trade on ordinary sharegth more than 50%
are owned by the publi§even of the banks: Access, First, GTB, Sterling, Union, UBA and
WEMA banks were listed before 1998hichis the startlate forthe data fo this research.
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Table 2.1: Showing Relevant Details of the Listed Banks on the NSM

Citizens International Bank Plc
Fountain Trust Bank Plc

Guardian Express Bank Plc

Bank Name Previous Name Nature of Ownership Type Year of Year Security Security Name
Business Incorporation Listed Type
Access bank Nigeria | N/A Commercial Private 1989 1998 Ordinary Access
Plc
Afribank Nigeria plc International bank for West Africa (IBWA)| Commercial Public 1969 IUS Ordinary Afribank
Ecobank Transnationg N/A Wholesale ad Banking and| 1985 2006 Ordinary ETI
Incorporation retail financial services
Ecobank Nigeria Plc | N/A Wholesale and Independent and IUS IUS IUS ECOBANK
retail Regional bank
Fidelity Bank plc FSB International Bank Plc Universal banking 2005 2005 Ordinary FIDELITYBK
First Bank Nigeria Plc| N/A Commercial Public 1894 1971 Ordinary FBNH
FCMB First City Merchant Bank Commercial Private IUS 2004 Ordinary FCMB
First Inland Bank Plc | Inland Bank Plc Commercial IUs 2006 2006 Ordinary FIRSTINLND
First Atlantic Bank Plc
IMB International Bank Plc
NUB International Banltd
Diamond Bank N/A Commercial Public 1990 2005 Ordinary DIAMONDBNK
Guaranty Trust Bank | N/A Commercial Public 1990 1996 Ordinary GUARANTY
Plc
SKYE Bank Plc Prudent Bank, EIB International Bank, Commercial Public 2006 2006 Ordinary SKYEBANK
Bond Bank Reliance Bank and Cooperati
Bank
Spring bank Plc ACB International Bank Plc Commercial Public 2006 2006 Ordinary SPRINGBANK
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Omega Bank Plc
Trans International Bank P

STANBIC IBTC Bank | IBTC Chartered Bank plc Commercial Public IUS 2005 Ordinary STANBIC
plc STANBIC Bank Nigeria Limited
Sterling Bank Plc Nigeria Acceptances Limited (NAL) Bank| RetaifCommercial | IUS IUS 1993 Ordinary STERLNBANK
Plc,
Indo-Nigeria Merchant Bank (INMB)
Ltd,
Magnum Trust Bank Plc,
Trust Bank of Africa Ltd andNBM Bank
Ltd
Union Bank of Nigeria| N/A Commercial Public 1969 1970 Ordinary UBN
plc
United Bank for Africa| N/A Commercial Public 1961 1971 Ordinary UBA
plc
Unity Bank plc N/A Commercial Public 1987 2005 Ordinary UNITYBNK
WEMA Bank plc N/A Universal Public 1987 1990 Ordinary WEMABANK
Zenith Bank Plc N/A IUS IUS lus® 2004 Ordinary ZENITHBANK®

5|US-Information Unavailable from Source (NSE website http://www.nse.com.nd/No available information as at ttime of the research for cells with the coloured acronyms
SFurther details on the banks are presentdgpjpendix 2A
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2.6 Rationalefor the Choice ofthe African Emerging Market

This section highlights the reasons for restricting the focus of our sttioly &dricanemerging
market, particularly the Nigerian market. The benefits of investing in these markets as well as

the progressiowitnessed so far by some saled African markets are outlined.

Several years ago, the investment community was in search of markets to divert their
investment opportunities to orderto earn higlprofits. Thisrequires good knowledge of how
stock prices behave at different potahimarkets of choice. The statistical measures obtained
from stock returns such ake mean kurtosis, skewness, variance, generating distribution,
correlation coefficients, the presence of autocorrelation in returns and in squared Retiaits (

and @nstantinescu2012),are vital characteristics inherent in asset returns useful for investors

or investment manager to underst&oav besto create optimal portfolios.

Investigating the statistical behaviour of stock market returns within the developestsrizas

IRU VRPH WLPH QRZ SUHRFFXSLHG UHVHDUFKHUVY DWWHQ
markets. The emerging Africanarkets aref interest to this research because results from the

NSM will support ongoing effostto systematically characise and develop the NSM and

apply similar insights to other developing African marketsexample the SANE markets of

South Africa, Algeria, Nigeria, and Egypt, alluded to in Ezepue & Omar (201Pgiag

important to the African Development Bank Grougé€pue & Omar, 2012; AfDB, 2007).

It is reiterated that this research is part of a line of work in Systematic Stock Market
Characterisation and Development (SSMCD) started in the Statistics and Information
Modelling Research Group at Sheffield Hallam Umnsity; the topics cover empirical finance
modelling and applications in the NSM (Raheem & Ezepue, 2016, 2017, 2018; Ezepue & Omar,
2015; Ezepue and Omar, 2012; Omar, 2012; Ezepue & Solarin, 2009), and related work in
mathematical finance and investmentate (Urama, Ezepue & Nnanwa, 2017; Nnanwa,
Urama & Ezepue, 2016).

According to Alagidede and Panagiotidis (2009), with the rising level of globalisation as well
as financialmarket integrationinterest has been directed towards investment in emerging
African stock marketdecause oftheir low correlations with developed markets, high
correlationsamongthemselvesand theirpotential to enhance and encouragémal portfolio

diversification (Harvey1995). Forexample, in1994, emerging markets recordée thighest
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profits in U.S.dollars comparedo their developed market counterparts, with Kenya (75%),
Ghanaian stocks (70%), Zimbabwe (30&6)d Egypt (67%) maintaining the lead. By 1995,

African stock markets recorded gains of average returns of abouiv®Pthe stock values of

WKH 1LJHULDQ 6WRFN ODUNHWYV D&1G0% ¥ iHdGlIfrs{AdgidddleUH J LV V
DQG 3DQDJLRWLGLYV % \ HPHUJLQJ $IULEB®® PDUNH)\
increasdrom theperiods before the 200Mdigerian bank reforms.

Again, mostof the research has however been channelled towards underpinning the dynamics
of advanced equity markets with little attention paid to the emerging African markets, except
for few studies (see, Koutmos 1997). Thus, amgdtor hoping to maximize opportunities in
emerging marketwill have a better knowledge of how these markets behave if similar studies
as investigated in thigsearch areeplicated in those markets, compared to when such research
insights were not avaible (Koutmos, Pericli, and Trigeorgis, 2006). A good example of these
markets, which has so far na¢en characterisad the SSMCD way with a core focus on the
banking sector, is the NSM. The NSM with its position and potential in African and World
markes has progressed tremendously in recent years, especially after surviving 4200007
financial crigs. Thus, a sound knowledge of its asset price dynamics skaptdrethe
attention of both local and foreign investors. It would be valuable to iga¢stio see if those
stylized facts which characterise the behaviour of most of the advanced ntarketisobe

linked to that of theNSM.

More significantly, NSM returnkave been discovered to be poorly correlated with the returns

of most advanced martse thereby yielding opportunities for foreign investors to diversify their
investments and associated investment risks (Harvey, 1995). Therefore, exploring the dynamics
of the NSM becomes imperative for both domestic and foreign investors, with a \helpittg

them to identify areas of differences and similarities between developed markets and the NSM.
As noted earlier, scientific research that systematically investigates the characteristics of asset
returns in the NSM is very scant even with the prospecsignificance of this market to

shareholders (Koutmos, Pericli, and Trigeorgis, 2006).
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2.7 Summary and Conclusion

This chapter presented a general background ferrésearch, including notes dnancial
systemsfinancial markets, the Nigerian cagdimarkets, the NSM, NSE and SERke Nigerian
banking system, the global financial cridise characteristic®f the Nigerianbanks listed in
the NSM,andsome justificatiorfor our choiceto investigateAfrican emerging markets he
notes will inform sbsequent discussions of the research findings as relates to the different
banks, especially considering the banking services they offer, namely commercial, wholesale,

retail, or universal banking.
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3 CHAPTER THREE: LITERATURE REVIEW

3.1 Introduction

Levine (1997 suggests that a financial system symlaslia group of institutions, marketplaces

and rules facilitating timely allocation of resources through a generally acknowledged medium.
Financial markets and financial institutions interact and merge in differens to represent a
nation's financial system. Financial intermediaries interrelate in the financial markets either
between themselves or with other public agents, such as the government, regulatory bodies,
consumers and necommercial companiesMloreover because the stock market connects
producers (or firmspand consumergor investors) together foeconomic benefitgStiglitz,

1981a); thus, the developments of financial markets and a stock market in a raon
accordingto Chen, Roll and Ross (1986)ost critical elementsin inducing enhanced
investment, which may also be strong contributory factors towards a nation's economic

advancement.

Moreover, sock markets are increasingly becoming a significant channel for generating long
term capital (Khamika, 2000). Cho (1986) suggests that credit markets should be
complemented by strong asset markets, given the fact that equity finance is in most cases
insulated from hostile selection and ethical risks to a similar degree to which liability finance
is expesed to in the presence of asymmetric infation. Levine and Zervosl 995, 1998
maintain that the two key networks of financial intermediation (bankgrendquitymarket),

are expected to supplement each otf#dagidede and Panagiotidis, 2009 Hence, the
availability of stock markets would enable risk diversificationdaincreasedhe capital

allocation by the investots favourable assets with higher returns on their investments.

Further the dficiency of stock markets isssentiafor the functiaing of theexchangemarkets
especiallywhen it comes to capital allocation amicing as well asinvestment risk
diversification. Hence, all available informatishould be fully incorporateiito theprices of
assets imn efficient market,Kama, 19651970). The liquidity that an exchanged market offers
investors enablakiem to seltheir asseteasilyandwithoutdelay(Ma, Anderson and Marshall
2016) Thus, onemight argue that enhanced liquiditgmains an impressive advantage of
investing in eqities relative to other irestments, which are lefiguid, with some firms even
actively contributing towardsrise in the liquidity bytrading intheir ownshare §imkovic
2009.

31



Stock pricesas well aghe prices obther asset$iave overtime beemassential aspect of the
dynamics of economic activity, which may either impaandicatesocial moodAccording to

De Cesariet al. (2012 an economyn whichthe equity market seems to be rising is considered
as an ugandcoming economy; thereby miaky the stock market atal indicator of a nation's
economic development and strength.

In financial markets, sharun price changes anefluenced bythetrading decigns of market
participantshence, shiftsn their confidence and preferencgeneratea feedback effect from

such beliefs to the real experience in the market. Reseasshdwan that individual assprices

(such as stock pricea)e prone to the influence of both economic news and various unexpected
circumstances (Chen, Roll and Ross36%zepue and Omar, 20LXnowing the endogenous
features of market dynamics requires a better appreciation of the inherent complex connections

between the market participants' beliefs, their actions, and the effects they generate.

Mapping systematic chnacteristics of stock markets across key market sectors, in a manner
akin to meteorological weather maps, will facilitate the detection of early warning signals which
relate observed shifts in the beliefs of the market participants to feedbacls &fiectthe

beliefs and the actual market outcomes, as determined by macroeconomic variables in an
economy.This indicatesthat understanding how bublsi¢for example) ariseandtheir negative
impact on investment due to associated risk(s) involved wihey burst could serve as early
warning signals for investoendmarket participants to check any irrationality in their behaviours
with respect tosudden and persistenise in security prices. Thus, with the obtained results,
identifying banks which have prewsly been exposed to bukkgroneassets would help relevant
stakeholders in proper monitoring so that investments are protected from avoidable risks that could

in turn impacts negatively on the economy.

Empirical evidence on the stochastic behaviour otlstreturns has produceah essential
stylised fact- the distribution of stock returns appears to be leptokurtic (Mandelbrot, 1963,
Fama, 1965 and Nelson, 199Thisenables us to determimaesuitableprobability distribution

that best captures stock uets dynamicsFurther, shorterm stock returns exhibit volatility
clustering.These processéisathave been modelled successfullyamoregressive conditional
heteroscedasticityARCH)-type models (Engle, 1982; Bollerslev, 1986; Ezepue and Omar,
2012) which shallfurther be discusseth the subsequent section and implemented in chapter
nine of this thesisMoreover, changes in stock prices tend to be inversely related to changes in
volatility (Black, 1976, Christie, 1982, and Bekaert and Wu, 2000} 3thidy will examine to

32



what extent these factharacteris¢he banking sector of the NSM given that they generally
obtain at the overall market level (Ezepue and Omar, 2012; Omar, 2012).

Most d the empirical studies ostylised facts have focused prinigron developed economies

and the emerging markets in Asia and Latin America. With regards to African markets, there
are only a few studies on the behaviour of stock returns (Omran, 2007; Mecagni and Sourial,
1999; AppiakKusi and Menyah, 2003; Smith adéffers, 2005; Ezepue and Omar, 2012).

That said, related stock market characterisation at deepening these lines of investigation have
only been outlined in the recent literature (Ezepue and Solarin, 2009; Ezepusan®@12.

In this studywe intendto rigorouslystudy the behaviour and performancéhaf bankingtocks
within the NSM in relation tothe styli®d facts of asset returns and fdout interdependent
financial econometric issues such &smomalies, Bubbles, Efficiencyand Volatility.
Interestingly, these issudmve been explored itne literatureto describe the dynamics of a
stock market and stock returasross theleveloped market@slam and Oh 2003; Mills 1999;
Cuthbertsor& Nitsche 1996 andfew emerging economig®8hattacharya, Bhtacharya and
Guhathakurta, 2018However, no research th@xamined the Nigeriamarket andndeed the
Nigerian banking sectpholistically in relation to the issues being investigated in this research
beforeuntil that of Omar (2012), which was the falationalresearch foour researchwhich

we seeko extend.

Thus this researcthaving identified this gam knowledge, concentrates the banking sector
of the NSM as an extension of the pionegrstudy initiated by Omar (2012) at the overall
marketlevel. This we believe wilhot onlyprovide leverage for wowtle investors omestic
or foreign) in any sector of interest of the Nigerinarket but will also help the market
regulatorsand indeed the governmentingplement appropriate checks and cofstfor reforms
when necessarythat would shield thenarketfrom avoidableisks that could negativeiynpact

thenation's economy.

3.2 Application of Non-linear Stochastic Time series modelling to Financial Data

This section presents our motivation éur choice of theoretical research domain and research
direction. The reasons for the determination of the procedure towards achieving the overall aim
and objectives of this study are also highlighted. Finally, drivers for choice of the model to be

used in ths study are elucidated.
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In conventional time series, assumptions of linearity and homogeneity in the series is integral
to building relevant models that could be used to describe the behaviour of the series and to
make necessary forecasts. However, thisas the same with the returns obtained from

speculative prices, as these are known to be uncorrelated and hence white noise.

Modelling and statistical analysis of financial time series analysis and its applications in
engineering, physical sciences adlvas earth sciencdsas ofterbeen based on the secend
order properties of the data as describedhsyr mean and covariance functions, with the
assumptiorthatthe observations comfrom a normal distribution. Thus, from a seceorder
perspective, onmight say there is no need for further modelling. On closer inspection however,
one observes that the sample autocorrelations of both the absolute and the squares of returns do
not seem to disappear no matter the lag size. The slow decay of the autbaosreta
sometimes termed long memory or lerange dependence coming from the volatility sequence
of the data (Andersen, et al., 2009). The-mero autocorrelation in absolute and squared log
returns represents another vital stylized fact, which is dicator of the existence of serial
correlation beyond the level found in the log returns, Sewell (2011). This calls for the building

of nonlinear models that will reproduce these facts.

Another common feature of the returns has been that most of thelwnaentrated in a small
neighbourhood of zero, giving rise to the leptokurtic shape of their marginal distributions,
which is an indication that these distributions cannot be well described by a normal distribution.
Mandelbrot (1963), Fama (1965) and Mafmlet and Taylor (1967) focused on this stylised

fact of the returns. Since in the 60s quite a few heaikyd distributions were identified, stable
Paretian distributions were assigned to return data. Although this modelling technique
generated divergenviews, given the fact that the nowrmal stable distributions are
characterised by infinite variance, the consolation remains that there is a consensus on the fact
that financial series possess unusual heavy tails, even though the degree of heavimess rema

a subject of concern.

The analyses conducted on hedaifed distributions include risk calculations and associated
methods using tail indices (Hols & DeVries, 1991; Koedijk and Kool, 1992; and Loretan &
Phillips, 1994). Raheem and Ezepue (2018) timeit is important to examine in future how

all such stylized facts of bank returns are linked to the business models of different banks, and

hence their relative financial performance in differentgabods of the study.
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This line of work belongs ta@omprehensive studies in bank financial management and
empirical finance support faauch managemenivhich are outside the scope of this research.
Indeed, Raheem & Ezepue (2018), whigterived fronthis research, further suggest the need
for: 1) more @tailed analysis of returns distributions of Nigerian banks, using suitable
univariate and multivariate probability models and their mixtures, linked to tail behaviours of
returrs distributions and risk factors; 2) exploring the implications of thesetsefsulportfolio

and risk management involving bank assets; and 3) linking the results to further empirical
analyses of the banking sector (efficiency, volatility, bubbles, anomalies, valuation, and
predictability), for different periods of bank and finealegeforms and global financial crisis.

Two other features commonly exhibited by stock prices are bothvamation and non
stationarity (Fasen, 2013 and Andersen et al., 2009). Bystagionarity we mean inability of

the returns to revert to a command central value called the mean of the series, while time
varying volatility represents a tendency for values of the same magnitude to follow one another.
For ease of modelling, therefore, there is a need to seek a transformation that would enable
modeling of the return series by a stationary process. Thus, the thought of representing
speculative prices by return and doggurn came up among the analysts. One could contend that
the return series obtained from the corresponding prices are white noish,isvhbelieved to

be better in modelling; however, there remains the-trarging volatility issue to be addressed.

Engle (1982) was the foremost researcher who published a paper to consider a parametric model
for volatility to account for the timgarying component of the return series and named the
model the Autoregressive Conditionally Heteroskedastic (ARCH) model. ARCH modals are
improvementof linear time series models, usedmodeltime-varying squared volatility as a
moving average of past squdneturns. This technique exploits the stationarity of returns, for
which the volatility is taken as a conditionally tiraarying (heteroskedastic) series based on

the past observations. This innovatiwas welcomedy the financial time series community,

given the wide acceptability of the conditional method to modelling volatility as the standard

approach to solving the problem of the tivaaying properties of the returns (or volatility).

Given the emphasis of the research on stylised facts and stoké&trobaracteristics of bank

returns in the NSM, the following sections of the general literature review in this chapter will

be focused on the stylized facts characterising the behaviour of stock returns and other market
issues, including anomalies, bulbdlefficiency and volatility; which help to determine the level

RI ULVNV LQYROYHG LQ VWRFNV DQG LQ SDUWLFXODU WKH
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are included for each market characteristic in the specific chapters of the thesis which
investgates the characteristic.

3.3 Stylised Facts of the Emerging Markets

Some distinct features were identified with the stock returns behaviour of emergikgts.
These characteristicsamongt othersinclude high volatility, little or no correlation with
devebped and between emerging markets, {mrgn high yields in returns, higher
predictability potentials than could be recorded withdbeeloped markets. This is because;
emerging marketare prone to tle influence of external shoclssich as political instality,
changing economic and fiscal polioy theexchange rate (Bekaert et, dl998).Bekaert and
Harvey (1997 2017 examine thecause of varying volatility across eerging markets,
especiallyas concernshe timing of reforms ofthe assetnarket. Thg observe thacapital
marketliberalisation, which is always responsible fa highcorrelation between local market

returns and the developetarket has been unable to trigger local market volatility.

Meanwhile, Bekaert, et.al1997a b and 1998obsevedthe following fundamental features,

which are peculiar to the emerging markfeturns:

X Lower Market Capitaligtion increases the chance of positive skewness in the returns

X Skewness is positively correlated withe inflation rate,a bookto-price and beta
which is a coeffient ofthe Capital Asset Pricing ModéCAPM) ard measures the
relativesensitivity ofan asset to market movements;

X The regative correlation between skewness and GDP growth rate

X The negativeorrelation beveen Kurtosis, MarkeCapitalisation and GDP growth

3.4 Stylised Facts of Asset Returns

In this section, the statistical properties of asstirrs, otherwise known astylised factsand
the literature on some selected works by other researchers across diffis@plines

egecially the ones found releviaio our studyare presented.

Several studies have been directed towards investigating the dynamic nature of major stock
markets (at botthe developed and emerging lesglwith the discovery of quita significant
numberof stylised facts. A stylised fact is a statistical property that is expected to be found in
any series of observed stock prices or retagnmess many financial assets anarkets Taylor,

2011; Cont, 2001)Thesefeatures someof which have briefly beementioned in previous
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studies, tobe discussedsubsequently include lack of autocorrelations in returns, high
SUREDELOLWLHV IRU HIWUHPH HYHQWY RU WKLFN WDLOV |
volatility clustering, positive autocorrelatioin squared returns and variance, leverage,
correlation dependence time (Panait and STartinescy 2012), aggregation &eissianity and

slow decay of autocorrelation in absolute returns, andnwelvolatility correlation (Cont

2001).

Studies suggest thamne of theprimary purposes for modelling stock market data lies in
determining the nature of the unobservable data generating process (DGP) that determines
observed stock prices. The process of examining how fit this DGP is to the data leads to
identifyind WKH 3VW\OLVHG IDFWV™ RI VW REne,Ufthvihxdel@sMo 7KRP S
approximate the behaviour of asset returns, then it should capture these facts. In other words,
the stylised facts underpin the choice of appropriate statistical modedseiomodelling of the

market features such as volatility, for example use of nerorahorrnormatbased error

distributions.

Below is thereview of current literature otihe presencand identificationof some of these

stylized facts
3.4.1 Distribution of AssetReturnsls Leptokurticand NornNormal

Studies suggeshat the empirical distribution of asset returns seems to be leptpkhereby
makingthemable tobe describednly via nornormal distributios; seeMandelbrot(1963,
Fama(1969, Nelson(1991), and Booth et al(1992, 200, Koutmos, Pericli and Trigeorgis
(2006.Mainly, the empirical distributions of most daily stock return series tend to be
leptokurtic andnoreskewed than would be a normal distribution (Pagan, 1996; Taylor, 2011;
R Con, 2001). That isdaily returrs seriesareknown for having heavy tails and peak

centres. However, nomormality appears to be less pronounced in the distributions of

monthly returns series.

Fama (1965a) examined the daily returns data spanning frof tb95962 on 30 stocks

obtained from DJIA (Dow Jones Industrial Average) amiIXQG WKDW WKH UHWXUQVT
each stock i¢eptokuric. He then concluded by saying that daily stock retarasindoubtedly

leptokurtic, with the same view shared Bgigan (1996) an@ont (2001). The same findings

were made by Ding, et.gl1993) anl Ding and Granger (1996) usiagnore extendegeriod

dataset 63 years and 22 years respectivdlyls believed that the distributions of stock returns
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are leptokurticand skewed, yet there ® unanimity regarding the best stochastic return
generating model to capture these empirical characteristics of asset rétrhesy(and Touran,
1994).

Other researchemsho obtained similar conclusions abaaturrs data havindhigher kurtose
compared tdhe normal distributioninclude Taylor (2011),Karoglou (2010),Anderseret al.
(2001),and Yu (2002. The same observains were made by Aggarwal et al. (1999) and
Youwei et al.(2010) in their works on daily index returns ffinoemerging markets of Latin
America, Asia and Africarespectivelylt was however found that the degree of leptokurtosis
in monthly returns series weakerthan thee of daily returns(Richardson and Smith, 1993;
Cont, 2001Taylor, 2007.

Many studieshave observed that the distribution of asset retusnsorrnormal. For example,
Praetz (197Rexamined weekly returns of 17 shagmace index series of the Sydney Stock
Exchange and arrived tite same conclusion as Officer (1972) that the stock retustshiition

is nonnormal. Laopodis 1997) findswith the weeky stock returns of the Athens Stock
Exchange, an emerging capital markatlack of independence andormaldistribution. DE
6DQWLYV DQG gPURbErieR weekKlystock returns of some selected emerging

markets to have higher kurtosis compared to the developed markets.

The daily stock index of Nigerian stock market (NSM) was suspected to be highly skewed and
nortnormaly distributed (Ayadi, Blenman and Obi, 1998). Bekaert, Erb, Harvey and Viskonto
(1998) report that the monthly returns of most emerging markets aréy tsiggwedand
leptokurtic and ardar from beirg normally distributed. Ozer (2@pfindsthe dailyandweeky
returns ofthe ISE to be skewed anéptokurtic andthus non-normally distributed(Taylor,

2007) also suggested that a suitable probability distribution for daily returns should be

leptokurtic and symmetric.

According to Taylor (2007), the followg distributions have been suggested suitable for
describing behaviour of asset returns: (i.) mixture of normal distributions with the assumption
of constant mean and variance by Prgd&72),Clark (1973) and some other studies; (ii.)
lognormainormal dstribution byClark (1973); (iii.) Conditional distributions forthe ARCH
framework by Bollersle\(1987); (iv.) Normal Inverse Gamma (NIG) distribution by Madan
and Seneta, 1990 and BarndeMikelsen and Shepard, 2001; and @gneralizederror
distributon (GED) by Nelson (1991)
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Meanwhile, despitéhegeneral believe that the distributions of stock returns are leptokurtic and
skewed, no unanimity regarding the best stochastic return generating model to capture the
empirical characteristics tiieasset eturns(Corhay and Tourani, 1994jowever, onsidering
theabove, weshall beexploring alternativeto the normal distribution, such astuientt and
generaligd error distributions (GED), which airequentlyapplied intheliteratureto describe

the kehaviour ofasset returns across different markets

3.4.2 Absence of Autocorrelatiom Daily Returns

Lack of serial correlation or linear autocorrelation has remainedgaificant observed
characteristicof asset returnsaacross many markets& both devedped and developing
economies, except for a fawarketswvherea certain degreef linear autocorrelationsas been
recorded with asset log returns. For examplés often claimedthat daily returns for liquid
stocks exhibit norsignificant (linear) autamrelation at various lags (Pagan, 1996; Taylor,
2005; Ding et al, 1993; Cont, 200Tjaylor (2011) andCont. (200} arguedthat intra-daily
returns of liquid stocks for periods more thanrBhutesdo not show sighnof significant
autocorrelation, whereatose of shorter periods reflected negative autodatien. Sucha
conclusion according to thegmight beattributedto market microstructure, which refers to a
combination of management, regulation and macroeconomic influences that determine how a
market generally performghus making it difficult to specify thesdfects, asnarket structure

analysis is outside the scope of this thesis.

However,Aggarwal et al(1999)observed that daily returns of some selected markets of Latin
America and Asia witliliquid stocks fromL985 to1995are significantly autaorrelatedFama
(1970) observedhat outof 30 daily stocks of the Dow Jones Industralerage DJIA)
examined, 22vere positively as well as serially correlated. Lo and MacKin|a988) noted
thatboththe weekly and monthly stock indices exhibited significant positive serial correlation,
with the weekly individual asset returns rather cornitgimegative serial correlation. Ball and
Kothari (1989) discovered negative serial correlationyeér aset returns. Lo and MacKinlay
(1990) noticed that while the weekly returns of the individual stocks were negatively and

serially correlated, the weekly portfolio returns were rather positivelycutelated.

According to Jegadeegi990), there was hidy significant negative autocorrelation in the
monthly returns of individual stock returns and strong positive autocorrelgtithe twelve

months return®f any of the market whose asset price make upGbkater for Research in
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6HFXULW\ 3ULmMaXet iRde® 3s§dvin the studghou (1996) observed that high
frequency returns were strongly negatively correlated at lag 1. L§¢hg§86) found positive
autocorrelation in the daily stock index. According to Campbelbl. 999), while the
auocorrelaion of daily, weeklyand monthly index returns positive, the weekly stock returns
are weaklynegatively correlated.

Ahn et al. (2002) observed that while daily indices contain positive autocorrelation, the futures
could not provide any significant awgorrelation. In a yeasf portfolio stock returns, there was
negative autocorrelation (Lewellen, 2002). Bianco and Reno (2006) observed negative
autocorrelation in the returns of the Italian stock index futures in less than 20minutes periods.
Lim et al. 008) found that all the returns of the dfergingAsian stock markets exhibit no

significant autocorrelation.

The daily returns on 4 US stock market indices showed evidence of mean rewstsan
implies a tendency for the indices to return to a gdisexd mean over timepnsideringabsence

of longterm upward or downward trends in the trajectory of the indi&=yletis ad
Rossenberg, 2009). From thiscould be inferred that weekly and monthly returns are weakly
negatively correlated while dajlyveekly and monthly index returnsegpositively correlated.
Also, highfrequency market returns exhibit negative autocorrelatidnle the absolute and
squared returns are alwap®sitive, significant and slowdecaying, with absolute returns
generally dsplaying a higher autocorrelation compared to the squestdns Taylor's effect)
(Sewell,2011; Dosiand Staccioli; 2016

Fama(1965a) stated that when piiblicly availablanformation is immediately and completely
incorporated into the stock prigasis expected thainsignificant autocorrelation in the daily
returns would be observed. Slow response in prices to the information would lead to positive
autocorrelation, wheredke quick response to the newly arrived information is responsible for

negative autocorrelation.

Meanwhile a lack of significant autocorrelations neturns indicatesome scientific support

IRU nUDQGRP ZDONY PRGHOV RI SULFHV ZKHUHLQ WKH UHW
variables. It is good to understand that falwf the returns to be auto correlated is not an
indication for the series to be independent because independence means that any higher order
form (absolute and squared returns) of returns will contain no autocorrelation, which obviously
isnotthecaseasDU DV WKH UHW XU Q {NyNriH2007HNd ThampsenQZoHLY QH G
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Thus, with respect to this propertf lack of significant autocorrelations ireturns as
established in the existing literature, we shb# examining presence of significant
autacorrelation in the daily return of the respective bank in NSM for us todelearer picture
of the behaviour of the stock prices of the banking industry with the periods covered by this

study.

3.4.3Presence of Autocorrelation in thBquared and Absola Returns: \blatility Clustering
and Long Memory

Studies such as Cof2001),Taylor (2005) and Thompso2@11) have shown thatgnificant
linearautocorrelation in the dailpg returns does not make theturnsindependentthereason
for this isthat bth absolute and squared retuare significantlyauto-correlatedn most daily
stock returns. Also, the presence of significant autocorrelation in the absolute and squared
returns poses a challenge to thadidity of random walk theory, whicBupposestatistical

independence in the return series

Ding et al (1993) found positive autocorrelatidn the returns of both squaredd absolute
returns for lags running tthdusandsta situationtermed Yolatility clustering'. Specifically,
shortterm stockreturns (e.g. intraaily, daily and weeklygxhibit volatility clustering which,
accordingto Mandelbrot (1963, p. 418)mpliesthat "large changes tend to be followed by
large changes, of either sign, and small changes tend to be followed by smadisthahig
feature of volatility clusterindnassuccessfully been modelled with AR@ljpe models (see:
Engle 1982;Bollerslev et al. 1994;Koutmos and Knif 2002; Moschini and Myers2002;
Scruggs and Glabanidig003 and Zhoy2002).

Apart from signifcant autocorrelations, also observed is the slow detaytocorrelationn
absolute and squared returns over tiridies such ashose ofDing and Granger (1996),
Taylor (2005), Cont (2001), Pagan (1996) and McMillan and Ruiz (2009)disvestabsihed
that some stocks oNYSE, LSE and Nikkei exchange markets show evidencgguificart
and slow decain autocorrelatioaof bothabsolute and squared returAggarwal et al(1999)
also found the evidence of such persistence in the squared retuinddx returns of some

selected emerging markets.

Though the level of decay of the autocorrelation of absolute and squared daily stock returns is
well establishedThompson, 2011 )theimplicationsof this on the stock returns series create

divergent vews within the research community (see: Diebold and Inoue, 2001; Granger and
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Hyung, 2004; Banerjee and Urga, 2005). While some beliesethe slow decay of the
autocorrelation of absolute returns could be consistent with stock returns following aasyation
process that exhibiteng memory othersthink the nonstationarities in the process for stock
returns could be responsible for a slowly decaying autocorneltiection of absolute returns
Thus nonstationarities imply the presence of spikes anstaned upward and downward
trends in a time series, with lack of mean reversion and volatility clustering. Hence, such

fluctuations will inherentlydecay slowly

3.4.4The Taylor Effect

Another fact of interest as observed by Granger and Ding (1993hwiaissubsequently
enjoyedwider acceptability anbeen classifieads a styliseddct (Cont, 2001; Taylor, 2005) is

the "Taylor effect” based on the findings made by Taylor (2007). The Taylor effect is a term
usedto representhe circumstance when the aabrrelation othe absoluteeturns tends to be
higher than the autocorrelation thie squaredeturns, indicating there is higher tendency for
predicting absolute returns compared to squared returns (Thompson, 2011). More generally,
the Tayloreffect conesinto play when theG"order autocorrelationf absoluteeturns N Pis

maximised at the point when theekponenis equal tol.

According to Granger and Ding (1993), the autocorrelabibnly Hreacheits maximum for
values ofk falling between 0.75 and 1.25. Ding, Granger, and Engle (1993) examined the
returns of the S&P500 index and observed that the sample autocorrelatid@’a’imfr various
values of Gtend to be highesthenG L s Ding and Granger (1996) alsioticed the presence

of this effect inseveraldaily and intradaily returns and found that it was more pronced in

the intradaily series than eithefaily or higher frequency data.

3.4.5The Leverage Effect

Black (1976) firstidentified the leverageffect, whichis defined as the tendency for most
measures of the volatility of returssich aghe samplevariance, absolute or squared returns
tendto increasewvhen asseprice decrease<Cont, 2001) thereby implyingthat stockprice
changes are ofteregatively correlatedvith changes in volatilitygee Black 1976; Christig
1982 and Bekaert and W2000. Moreprecisely it meanghatnegative returns (falin price)
are trailed by higher volatilitgompared tgositive returns (increasen prices)of the same

magnitude. In someontextsthis is referred to athe"Asymmetric effect”.
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Firstorder autocorrelation of stock index returnalisoobserved to be negatively coatdd
with high volatility (e.g.LeBaron 1992;Campbell et a.1993 and 8&ntana and Wadhwani
1992). One might then conclude thadth positive and negative returns impasAsymmetric
effect” on most meases of volatility (Taylor, 200y Negative returns, whichindicate
reductions in stock pricegend tobe correlateavith anincrease in volatility measures, whereas
positive returns, which reveal rise in stock pricestend tobe correlatel with declines in
volatility (Thompson 201)). It is said thathe lack of identification or investigation of the
presence of asgmetly in volatility results inan underestimation of the Valuat-Risk, which

is a vital tool in portfolio selection and risk management.

It is also maintainethat whenever there &risein the leverage effect, the riskiness of assets

of afirm increasetherebyleadingto higher volatility. Black (1976) and Christie (198R)te

that there is likelihood ofareduction in equity valuegccompanied bgrise in debtto-equity
ratiowheneveistock prices experience negative sh@asnsequentlyinvestors aréhrown into

undue panic over the future value of their securities. Many models for stock returns have been

designed to handle the asymmetric effect in volatility (Taylor, 2005).

Meanwhile, according t@®skooe, and Shamsavari, (2014ythors such as Roars and Al
Khouri (2005), Brooks (1996Mun, Sundaram and Yin (20083ahadur (2008), Alagidede
and Panagiotidi§2009), Jayasuriya et.d2009) and Cheng et.gR010) argue thahereis no
evidence to conclude théhe asymmetrieffectis morepronownced in the emerging stock
marketghanin the developed market®ther notable works in this directiamclude: Bollerslev,
Chou and Koner (1992), Brok and Lima (1995), Campbell, Land McKinlay (1997),
Gourieroux and Jasiak (2001), Maddala &aa (997, Pagarn(1997)andShephard1996)

3.4.6 Implications of the Stylized Fact$or this study

This researchwill, among other issuegexaminewhetherthe stylised facts found in the
developed equity markets also characterise the behaviour of returnsNSkheparticularly

the banking stock returns.

Given the findings as established in the literature with respect to the observed concepts, we
hope to examine the behaviour of Nigerian bafhk§¥ W R FN S U L F\WMeék{ &hd @ant@yp L O\
returns for each bank ascertain to what extent the retureflect the listed stylized facthat

have been noted to characterise stock behaviour across various markets. The outbh@me of

will be compared with the findings of other researcherswihdlso help tondicateappropriate
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models to describiherisk associatedavith the returns across different periods of interest in this
study.Understandinghese features in this study data would be beneficial for the following reasons:
(i.) To see how well the data behaveeapected of financial data; (ii.) To be able to understand our
data and identify appropriate model(s) that bedofidescribing the data behaviour; (iii.) To see
how manyof the emjrical finance issues such astamalies, bubbles, efficiency and volisyidue

to trading activities in the market, are reflected in the data. For instance, investigating efficiency
helpsus tounderstand the nature of the market and how well the trading information is reflected in
the pricesKnowledge of thesstylized fat¢s will guideinvestors andnvestment managson
howbestto optimize their investmesdr create optimal portfoliost will also help the regulator

to understand the behaviour of the markets at different periods difftrent scenarios/hich

may impact the nation's econonsp thattheright measuresanbe institutedo ensure market

stability.
3.5 The Vital Stock Market Characteristics

This section briefly presents the six empirical financial issues influencing the behaviour of asset
prices in the finacial marketsThe iterature on each of these issues and findings the
relevant works to our study that are previouslyestigatedacross different markets of both

developed and deloping economies are examined.

There is a dense literature on thar stock market characteristics studied in empirical finance,
with most ofthe studies conducted in developed marketsaden in emergingnarkets. These
characteristicinclude Efficiency, Anomaly, BubblesandVolatility. We discussghembriefly
belowandindicatesome seleted literature relevant the objective®f thisresearchFollowing

this, we provide further details on the characteristics in subsequent chapters of this thesis.

3.5.1 Market Efficiency

In early 2000 a significantnumber of studis examinedhow efficient financial markets are
with regards taheflow of relevant information into the marlsetAccording toTaylor (2007,

the efficient market hypothesis (EMH) is conceptualized in line with the theory of random
walks first introducedby aFrench broker, Jules Regnault in 18881 Frenchmathematician
Louis Bachelier in 1900The conceptwas however abandonetiecause it wamitially seenas
being irrelevanto the theory of financial marketsinceefforts at establishing random walk

in financial data proved unsuccesdgforethe mid-20th centuryln financial econometrics,

efficient-market hypothesis (EMH) is a theory stating that asset prices are full reflection of all
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available market information; indicating that it is impossibb beat the market by any
participant using risladjusted method (Fama, 1965). This is because, according to Delcey
(2018), changesn price not only that they are nearly random in the financial markets, prices

are reflection of economic fundamentals.

An efficient weakform market aglefined by Fama (1965) is a market where a good nuatber
market makers (or participants) meet to trade in assets with one another, such that the market
forces would be the determinant of the future market vahfetheir asets, because the latest
andmost vitalinformation is easily accessible to every participant at the same tiraact bf
competition is expected tnable theeal price of each asset to reflect the impact of information
from historicand current eventas wellas the anticipated happeninggich implies thatan
efficient market paves the way for the actual security grioeserve as a good estimatetiod

V H F X Untrilsickyae. According to Stglitz (1981b), fimarkets were perfectly efficient in
transmitting information from the informed to the uninformed, informed individuals would
obtain no return on their investment in information; thus, the only information which can, in
equilibrium, be efficiently transmitted is costless information”. Theplication of this
statement is that for a market to be regarded as efficient, well conveyed information should

instantly and fully be incorporated into the market prices of the securities.

According to Fama (1965, 1970), a stock market is said to beesetfsiibject to how the market
transmits information to the market participants. He refined and extended the EMH by

classifying financial markets into three forms of market efficiency as presented below:

a. Weak-form: current stock prices reflect historicaiges only, meaning that it is not
possible to earn superior risidjusted profits which are based on past prices (Shleifer,
2000). By this definition, it means thaiast data on stock prices are of no use in
predicting either current or future stock retsr This leads to the random walk
hypothesis RWH) (Dupernex, 2007).

b. Semistrong form: current stock prices reflect historical prices and all publicly
available informationAny price anomalies are quickly detected, and the stock market
adjustsHence only traders with additional inside information could earn excess profit.

c. Strong form: current prices reflect all available information, be it private or public.

"Market value is thevalue of anassetas currently priced in the marketplace
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Further, vihena markets efficient, the activities of the contending participants are expéated
force real asset prices to vary arbitrarily about their fundamental values. Thus, prices often
totally incorporate the available information with little or no room for anyone to take the market
by surprise based on the information throtrglding (Lo ad MacKinlay, 2000. According to

Allen, Brealey and Myers (2011), afficient market is a market where it is not possible to
earn excess returns higher than the mamteirns.This results in a random walk, wherein the
more efficient a stock market #)e return series becomes more randmoause the trading
information not only is instantaneously reflected in the current prices and available to every
participant, exploiting suclnformationto earn abnormal gaingy any market participant
becomes almosinpossible(Dupernex, 2007)

A market where successive returns on every asset are independent is termed a random walk
market (Kendal and Hill, 1953; Fama, 196B)eaning that the past movement or trend of a
stockreturnor market cannot be used in preahigtits future movement. This is an indication

that series of changes in stock prices lack memory, me#mghehistoric price level is not

useful in predicting the current stock price. This assumption of independence of the random
walk remains intacso long as information on the previous returns' behaviour could not in any

way be exploited to earn excessive profit.

The notion of stock prices following a random wadkth couldbe linked to theEMH
(Poshakwale, 1996yhich according to Samuelson (198®70)is the proposition that stock
markets are efficient, with the prices of stocks reflecting their true economic &édlleel,
(1992) also interpret the concept of EMHN financeto meanthat asset prices are faihat
every relevant markeinformation is available and is spontaneously incorporatéa the
prices;and that the traders are rational; indicating that, the [#joeorporates all relevant
market information historically, up to time and notrader has comparative privileges in
acquiring information over the othefhe phenomenon indiced that price change (athe
return is only subject to the news arrival from tim&F s P Kthereby, givingno room for
arbitrage opportunities among the participants, particularly in eanmiegtments with return

higher than a fair payment for undertaking riskinesthe asset.

Meanwhile, since Bachelier (1900) formulated the random walk hypothesis, resasbelen
geared towards examining whether the theory can be used in desciaigkgrate distribution
andto see if the return series are serially correla¥¥tlere stock prices have independent

increments, a mathematical concept of prices was devefopdlis case andgpplied to the
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French Bond Market, with the discovery that asseurns follow the random walk. Most of the
developed equity markets, especially the New York stock exchange (NYSE) and the London
stock exchange (LSE), have shown evidence of being efficient at least in thdoneak)S

stock markets have widely beemdied in the past.

Cootner (1962) focused on the weekly returns of 40 stocks drawn from the New York Stock
Exchange and found a small level of dependence. Ra8vd) examinedhe daily returns of

30 common stocks drawn from the Dow Jones Industrial agesr(DJIA) and applied both
auto-correlation coefficients and run tests. He found evideoc@riesence of positive serial
correlationin the returnsSolnik (1973) inhis research to determine if the samples of 234 stock
returns drawn from across the &piinent European stock marketSrench, German, British,
Italian, Dutch, Belgium, Swiss, and Swedidbllow a random walk theory, confirmed that the
European stock returns deviate from random walk theory more than American stocks. Lo and
Mackinlay (1988, however, rejectethe random walk hypothesis using a variabased test

for weekly stock returns calculated from the Cyprus daily stock (CRSP) returns indices.

In an efficient market the price instantly adjusts to its new equilibrium level. If theeimiark
inefficient, the market may underreact or overreact to new information. If there is- under
reaction, the price adjustment is gradwahereasif there isanoverreaction, the market price
overshoots the new equilibrium value ($egure3.1 below). If the market is inefficient, then
between the time of the news revelation and the adjustment to the new equilibrium value,

informed investors would be able to profit at the expense of less sophisticated investors.

Overreaction
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Figure 3.1: Market Reaction to New Information. Source: 'DU&NXYLHQ
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Fromthe Figureabove,one could suggest thaticescould adjust tdhe unexpected news in
threepossible wayss indicated below

a. An efficient Market Reaction, whereby the price instantaneously adjusts to the new
information path;

b. Unde-reaction in thiscontext, the price partially adjusts to the new information;

c. Overreaction and Correctiomn this circumstance, the price ovadjusts or reacts too
fast to the new information, but eventually drops to the appropriate price level.

Brown and Easton (1989) establish the presence of-feeakmarketefficiency in the London
Stock Exchange markeising 3 per cent consoles obtained from the daily closing prices of
stocks running from1821 to 1860. Comparing their results with the same ursté rdata
obtained from the presedtay markets, they fourtthatthe outcomes are the same. This shows
that weakform market efficiency is an enduring feature of markets, not limited to particular

periods in the past.

Sharma and Kennedy (1977) show tha¢ teveloped equity markets are efficient, well
organi®d and consistent witthe random walk hypothesis (RWH). Poterba and Summers
(1988) carried out studies on the transitory components of-agighted and value weighted
NYSE returns, with data covegrb9 yearsand found that the stock returns exhibited positive

serial correlation ovea shorthorizon, and negative correlation over the longae.

Alparslan (1989 adopts twoforms of weakform efficiency tests such as the tests of
independence&rersusautocorrelationand runs tests, and filter rules (trading rules) tests, to
investigate weekly adjusted price data friti@lstanbul Stock Markeflparslan (1989argues
that both autocorrelation and runs tests jointly support vi@ak efficiency, whereathe filter
tests reject the efficiency d$tanbul Stock exchangéSE), suggestinghat some investors
could take advantage of the market to emmexcess gain on some stocks. Findings of Unal
(1992) from daily adjusted closing prices of 20 major sgearalso support that the ISE is not
weakly efficient by adopting the same methods used by Alpa(d@89. Huang (1995)
examined whether the Asian stock markets follow random walk theory with the use of weekly
stock returns obtained from the Morganrii#g Stock Index Database. The findings shibat

out of all examined markets, only ihe Korean and Malaysian stock markets is the random

walk hypothesis (RWH) is rejected at different holding periods.
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Further, theRWH was equally not supported Ibye Hong Kong, Singapore and Thailand
markets applying variance ratio estimator that is heteroscedasticigrstent. Balaban (1995)
uses both parametric and rparametric tests (Mobarek, Mollah and Bhuyan, 2@98xamine

the extent to which the Turkish $toMarket supports the randomalk theoryin daily, weekly

and monthly returns data. It is found that while daily and weekly series reject random walk
theory, monthly returns agree with the theory. Dockery and Vergari (1997) discovers that the
Budapest Stck Exchange (BSE) is weakly efficient. Blasco et al. (1997) found Spanish stock

market to be weakly inefficient but attributed this to the theory of-tiarging volatilities.

Karemereet al.(1999) present empirical evidence supporting the null hypotbesisak form
market efficiency in th@urkish stockmarket. In Africa, Dickinson and Muragu (1994) find
that the Nairobi market is weakly efficient. Olowe (1999) and Mikailu & Sanda (2007) report
that Nigerian stock market is weakly efficient, but On2012) and Ezepue and Omar (2012)

foundthe Nigerianmarket to be weakly inefficient.

Mobarek and Keasey (2000jscovered thathe daily stock returns for every listed security on
the Dhaka Stock Exchange (DSE) reject the random walk theory anthéhaesenceof
significantautocorrelations atarious lags indicatethe inadequacyf the weakform market
efficiency. Ozer (2001) confirms a lack of support for RWH in daily, weekly and monthly stock
prices in thelSE, thereby concluding that the market aainbbe taken to be efficient.
Worthington and Higgs (2003) applied multivariate statistical tests tddie returns of 16
advanced and 4 emerging markets fanohd that only 5 out of 16 developed markets supported
the RWH.

Gu and Finnerty (2002) in tiestudy of stocks from thBow-Jones Industrial averagBJlA)

for the period 1996 to 1998, reveal that market efficiency is better viewed as a dynamic issue
rather thara fixed principle. A market can progressively be efficient with time subject to a few
factors whichincludeenhancing trading through a reduction of transaction cogtspvement

in the economy due to information technolothe influx of more experienced investors; and
general economic prosperity. Thdaetors in turrincreasdrading \olume and reduce volatility
rate.With thesefindings, onecould argudahat market efficiency is positively correlated with

market development.

Ezepue and Omar (2012), using All share index data from 2000 toe&fdlBlishedhat the
Nigerian market is nowveakly efficient- a finding which contradicts that of Mikailu ahnda

(2007), reporteearlier. Other relevant studies on the concept of market efficienciiaaeyg,
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1995; Karemera et al., 1999; Olowe, 19%hleifer 2000; and Omar, 201dhese studis
portray different degrees of market inefficiency in emerging markets pridheostudy
conducted b¥zepue and Omar (2012) and Omar (20M8anwhile Schleifer (2000) explores

in detail the links between market inefficiency and behavioural financehwiill be useful

for interpreting investor behaviours amid market movements in contexts of market inefficiency

that suggest existence of valuable market signals.

Given theprecedhg, it could bearguedthat majority,i.e. about 60%, of the reviewed stad|
especially those dealingith theemergingmarkets, rejecthe random walk hypothesis and the
weakform market hypothesis. However, there is no consensus on the efficiency of the Nigerian
exchange market; faxample, whileOlowe (1999) and Mikailu ahSanda (2007) obsertiee
presence of weaform market efficiency, Omar (2012) and Omar and Ez€R042) have

opposingviews on the efficiency of the Nigerian market.

Meanwhile, considering the conclusion by Gu and Finnerty (2002) that market effiegsency
dynamic and not fixed, meaning that market efficiency varies with time depending on certain
factors that could enhance liquidity and reduce risk in the mdkdther Ibikunle et al. (2016),

state that an asset market being efficient over a giveodoge.g. daily, weekly, etc.jloes not
entirely means that such market becomes efficient at all times, even during such indicated
period. With these two views, one could argue that efficiency of any market is not perpetuity;
indicating that concept ofanket efficiency is dynamic and not stattmnsequently, & believe

that examininghe efficiencyof asectorsuch aghe bankingndustry within periods which are
slightly different from those of the previous studies may help us to fuddepen existim
findings on the concept of market efficiency. A more detailezbunt othis and the empirical

findings on this concept will be discussed in chapter 6 of this thesis.

In reference to the approaches common to the existing literature for investigatiegethef
market efficiency across various markets, we hope to test for thefarealefficiency of the
Nigerian banks across the indicated study periods of interest¢stien 43). Specifically, the
relevantpopular EMH testsve intend to apply in thistudy areThe Augmented Dickey fuller
(ADF) test of RW or nosstationarity,the Ljung Box Q test for serial correlatiotheruns test

for randomness anthe variance ratio (VR) test. Again, pertinent results of these tests are
presented irChapter6 of this thesis. The key insight from geresults is how efficient the
banking sector is in different sygeriods of thaesearchdetermined by bank reforms and the

global financial crisis

50



3.5.2Anomalies

Market anomalies are irregular behaviours or empifiindings characterising stock market

trading, contrary tathe EMH 7KH\ DUH IHDWXUHV WKDW FDVW GRXEW
leading to mispricing of securities. They are caused by the resatiotraders to the
environmental changes or the quesekploit favourable circumstare® earnanabnormal

profit by investors at the expense of the market. Thus, the presence of anomalies indicates a
breakdown of market equilibrium and the efficient allocation of resources in any economy
(Watanapalachaikwnd Islam, 2006)

It is believed that some abnormal returns are noticeable within the stock (@Gukeind Wang,
2008) Some studies define anomalies under three main forms, which are: calendar anomalies,

fundamental anomalies and technical anomaliesii@&san and Kalaivani, 2013).

Calendar anomalies occhecause ofleviation of returns from normal movement over time.
These are categoris@uto differentforms such asturn-of weekiveekend, turyof-the-month,
turn-of-the-yearand January effect. Sométbe likely causes of this strange behaviour include
cash flow adjustments, different tax treatmenid,KH P DfdiNre ¢ fadjust to new
information in a timely fashion, and restrictions due to investors' behavigiitsr (1988)
established that thetio of share purchases to sales of individual investors attains an annual
low by December ending andyaarly high in earlyJanuary(Guo and Wang, 2008Yhe day
of-theweek effect reveals that Monday generally records the lowest stock returns, with the
highest returns on Wednesdays and Fridays (Ross, Westerfield and Jaffe, 2002). The semi
month effect reveals that returns are highehéfirst half of the month compared to the second
half (Guo and Wang, 2008)

Fundamental anomalies occur when stockegxifail to fully reflect their intrinsic valuesor
example, theprice-earnings ratio (P/E)anomaly, dividend yiel®i anomaly, value versus
growth anomaly, low pricsales anomaly and ovesaction anomaly. Value strategies
outperform growthteck due tanarket overreactiout growth stocks are more influenced by

market down movement. A dividend yield anomaly occurs when high dividend yield equities

8Price/earnings ratio (P/E ratio)is the ratio of the stoctnarket price to the earnings per share. It is also called the earnings multiier. It
measure of the price being paid by investors for given earnings of a company and shows the time it would take anliegestohis or her
investment in a compgrwhen profit and distributed income are fixed.

°Dividend yield is the annual dividend per share as a percentage of the stock's actual price.
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outperform the market. Stocks with low price to earnings ratio (P/E) outperform stibks
high P/E (Aranson, 2007).

Technical anomalies deal with the histafiprices and trends in the stocks. For example, the
momentum effect wherein investors can beat the markéuying past winners and selling
past losers. Technical analysis also involves tradingegfies such as moving averages and
trading breaks (see: Latif et al., 2012).

The Day-of-the-Week Effect

The dayof-the week effect is related to patterns exhibited by the stock market on Friday and
Monday tradinglays.Forthis, the mean returns on eatdy of the week vary, and particularly

for Mondays, the average returns have been claimed to be megatiMower than any other

week day while being positive on the last trading day of the week beafereveekend.This
circumstance primarily occurs bersee firms prefer to release good news as it happens and
going forward to the middle of the week so that such news can positively impact on the returns.
However, bad news is released at the close of trading on Fridays so that investors will digest
the newsover theweekend(Holden, Thompson and Ruangrit, 2009)his behaviouris
therefore responsible for negative returns on Mondays due to the impact of the bad news that

was received over the weekend and whose effect is being adjusted to

Studies have showhat there is evidence of the presence of theaddiieweek effect anomaly

in stocks across different markets of both developed and developing economies. For example,
according to Taylor (2005), there ishégh likelihoodfor stock prices to increase omidays

and drop on Mondays. It has been generally noted that the day of the week effect is no longer
restricted to Mondays and Fridays in the global markets. Cross (1973) found that stock market
returns tend to rise on Fridays and fall on Mondays. GibbodsHess (1991and Smirlock

and Starks (198&)bserved that while the stock returns on Mondays tend lmAm; those on

Fridays are most likely to be higher than any other days from the US stock market they studied
from 1962 to 1978. Keim and Stambaud®84) reported that while Monday's stocks exhibit
QHIJDWLYH UHWXUQV )ULGD\TfV \LHOG SRVLWLYH UHWXUQV

Jaffe and Westerfield (1985) which studied the daily asset returns from Australia, Canada,
Japan, UK and the U8dicates the presenceaiveekend effect in each country and moreover
observedthat Tuesday average returns wéeest for both Japan and Australian markets.

Tuesday's average return was also found to be lowest in the Paris mar®etntky and
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Bousque (1990) and Baron (1990arris (1986) examined intrdaily and weekly patterns in

stock returns and discovered prices drop on Monday mornings, but rise on evergaytber
mornings Lakonishok and Smidt (1988) examined daily stock data on the DJIAgufar 90

years and established that Mondays' rate of return was significantly ne&swell( 2011).

Agrawal and Tandon (1994) examined returns froradi8tries an@stablished that there exist

large positive returns on Fridays and Wednesdays inahtis¢ countries, while most countries
revealed lower or negative returns on Mondays and Tuesdays (Guo and Wand3&Qo8ent

and Kiymaz (2001) observed that the S&P 500 was characterised-by-tteyweek anomalies
between 1973 and 1997, with Mondasturns found to be the lowest while Wednesday
witnessed the highest returns. Mitra and Khan (2014) also found that Monday an average return
was lowest in the Indian market between 2001 and 2012.

One might argue that the preserafethe dayof-the-week effect in any marketmeans that
investors attempt to manipulate the market by purchasing assets on days when there are negative
abnormal returnaind then reselithem on days with positive returnEhe main explanation
offeredby Rahman (2009) for this behauiois that most firms usually release positive news
relating to tradingactivities aghe week progresses; whighturn psychologically encourages
investors to exploit such news to make favourable investdemisions. Howevelby the close

of market on Fday, negative news is released for investors to digest ovewdk&ends,
therebynegatively impacting on the Monday returds for Tuesdays, the most reasonable
explanation responsible for negative returns is that the negative shocks of the weekend
chaacterising the US markeh Mondaygend to persist and thus sgpalver to Tuesday, simply
because investors are yet to get over such shocks (Tachiwou, 2010). Thus, the consensus across
most advanced markets is that while Mondays and probabiyH V Gradifigtend to end low

on average, the other days and especialthgdbf Fridays end high on average (Tachiwou,
2010).

Meanwhile a few other works present dissenting results against this effect. Abraham and
Ikenberry (1994 pbservedhat Fridayand Mondalgs returns were related in that for negative
Friday returns, Monday returns were almost 80% of time negative and whenever Friday returns
were positive Monday returns werpositiveclose to 56% othetime (Mittal and Jain, 2009)
Connolly (1989) used soméS indices from 1963 t4983, and submitted that the weekend
effect was smaller than earlier observed, thereby suggesting that the effect might have
disappeared by the mitb70s. Jaffe, Westerfield and Ma (1989) studied indices from US, UK,
Japan, Canadand Australia, and they observed tkia¢ low or negative Monday effect has

almost disappeared (Guo and Wang, 2008).
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However, some of the findings arising from the Spanish markets show no sign of amiy day
theweek effect (see: Santemases, 1986; Pen&,; I28rdeazabal and Regulez, 2002).

The Month of the Year Effect (or January effect)

The month of the year effect is definedths existencef patterns in stock returns in a given
month of theyear. Themost mentioned effect is the January effect. Thaiagneffect is
concerned with the higher average stock returns in January compared to any other months of
the year(Guo and Wang, 2008)n a study of six Asian stock market&orea, Hong Kong,
Taiwan, Philippines, Malaysia and Singapeusing daily stek returns from 1975 to 1987, Ho
(1990) observed higher average returns for January and February than for any other months of
the year. It was noticed thatmonthlyeffect is present in the US and some other developed
countries, while December's retum&re generayl smaller; January's returns wergigher

compared to those of other months.

Jaffe and Westerfield (198@xamined four markets of Japan, Canada, Australia and the UK,
and found that returns for thé&-Ihalf of the month were higher than rets for the 2-half for
Canada, Australia and the UK. Ziemba (1991) presented evidence ofad-theamonth effect

in Japan running through the last 5 and first 2 trading days of the month. Kok (2001) in another
study onthe turn-of-themonth effect inthe Asia-Pacific stock markets confirmed that this
effect is most prevalent across those stock markets, withnmaith effect noticed to be

unstable as well as weak within timarkets Mittal and Jain2009)

Forthe January effect, studies such as thokklenke (2001), Nassir and Mohammad (1987),

Roll (1983), Chen and Singal (2001), and Cabello and Ortiz (2003) found that average monthly
returns in January were higher than the average returns in any other month. This may be
attributed to investors in saii-cap stocks selling their stocks at the end of the year, in December,
only to rebound in early January as they repurchase these stocks to sustain their investment
positions (Schwert, 2003), but this is not applicabkhéRustraliamarket (Watanapalaaikul

and Islam, 2006)if indeed the effect exists, it would suggest that the market lacks efficiency;
otherwisethe effect should disappe&ssentially, the effedtates that stocks, especially small

| L U BtUcks, tendo rise in the first five daym January (Reinganum, 1983).

However, according to Keim (1983),is possible that the effect may not have an economic
basis, indicatinghatit may be subject to spurious causes sudhasoncentration of listings

and delisting at yeaend andhepresence of outliers or errors in the data base. Further, as cited
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in Rathinasamy and Mantripragada (1996), studies such as: Blume and Stambaugh (1983), Roll
(1981), Reinganum (1981, 1983), Ritter (1988) and Stoll and W a888) believe that the
following reasons could be responsible for the January effet: loss selling®; High
transaction cost, especially with respect to the small firm; buying and selling behaviour of
individual investors at the beginning of the year; upward biased estimates ofeaxetags

for small firms as a result of daily portfolio rebalancing; and downward biased estimates of beta
for small firms. Keim (1983)however, observehat most prominenamong these reasons are

the taxloss selling and the information hypotheses. iMdale, it is important to emphasise

that all these studies and others that have investigated this a#festtthat noneof the
highlighted reasons has any plausible impact or could empirioaltheoretically be held
responsible for the higher retwin January (see Rathinasamy and Mantripragada, 1996; Keim,
1983; Thaler, 1987)

According to Keim (1983) and Reinganum (1988)pst ofthe abnormaketurns earned
especially by small firms, often occur during the first two weeks in January, thereby making
higher average returns within these periods in January possible compared to the rest of the days
of the month. Such an anomaly is called a-nirthe-year effect. Abnormal prholiday returns

were first observed in the US stocadong time ago. For exapfe, Merrill (1966) found
unexplained rises in the DJIA on the trading day preceding the holidays for the period from
1897 to 1965. Also, Fosback (1976) observed higkhptielay returns in the S&P 500 index
Considering the aboyene could suggeghat he January and weekend effects are more
common in smaltap stocks, compared to bigp stocks (Kim and Park, 199)d that he

mean returns are different on the day before a holiday and the day after; this is attributed to the
fact that higher thaaveraye returns occur before a holiday, because of increased activity and
lower returns after the holiday. Further evidence for this effect can be found in Pettengill (1989),
Ariel (1990) and Vergin and McGinnis (1999).

The Holiday Effect

The holiday effect ishe circumstance whereby the market performs well in terms of increase
in sales and profitability on day prior to a holiday. Fields (1934) discovered that the DJIA
exhibiteda substantidkevel of improvements just@day beforea holidaystart Lakonishd and

Smidt (1988) observed thahe rateof returnsbefore theholiday was 23 times higher than on

10531es of securities with declining values typically at the end of a calendar year in order to use theagsdiséu leducing
taxable incomes
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any other day, with holiday returns accounting for nearB6 %0 the total rise in price for the
DJIA. Ariel (1990) established thtte averageate of retirns on days before holidays is often
about 9 to 14 times higher than that realised on days far from holidays.

Cadsby and Ratner (1992) discovered that while abéadliday effects were noticed in the
US, Canada, Japan, Hong Kong and Australia's mankei were noticed in the UK, Italy,
Switzerland, West Germany amialance markets.iano and Lindley (1995) investigated the
behaviour of daily returns on the daily valweighted and the equallyeighted return indices
of overthe-counter (OTC) stocks fdahe period ranging from1973 i®89 andoundevidence
of unprecedented high and low returns on-lppéday and posholiday trading days

respectively.

Further, according to Kim and Park (1994), there was evidence of holiday effects in three major
stockof USA: NYSE, AMEX and NASDAQ, the UK and Japan. Arsad and Coutts (1997)
confirmed the presence of a holiday effect in the FT 30 index. Brockman and Michayluk (1998)
examined the holiday effect in securities traded on the NYSE, AMEX and NASDAQ exchanges
for 198703, finding that préholiday returns are substantially higher than those of other days
withoutaholiday. Vergin and McGinnis (1999uggested thdor ten yearsi.e. between 1987

and 1996, holiday effects disappeared for large compaames]iminishedsignificantly for

small firms.

A study by Meneu and Pardo (2004) confirmed the presence oflolay effect in the
frequently traded stocks of the Spanish exchange. Keef and Roush (2005) found that there was
a substantial preoliday effectin the S& P 500nvestigated untill987, but that this vanished
after1987. McGuinness (2005) observed a stronghpliday effect in Hong Kong returns.
Chong et al. (2005) investigated tiwe-holiday effect in the US, UK and Hong Kongarkets.

Their findings showed evidencef a decline irreturns acrosthe three markets, with only the

US market where¢he preholiday effectanomaly wasslightly high. Other studies where the
preholiday effect was significatd include those oSifeng (2008) Marrett and Wortimgton

(2009) and Dzhabarov and Ziemba (2010) (see&dseell, 2011).

Turn -of the-Year effect

This states that the returns, especially for small firane higher inthe first two weeks of
January than those of other days of the month. Meanwhile, fandimth effects, where the

average returns are believed to vary depending on the month, some of the following empirical
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studies (Thaler, 1987; Mills and Coutts, 1995; Cheung and Coutts, 1999) have established that
average return in January is often highemtin any other months. The justification for this is
traced to the practice of payment of tax bills in the US every December, after which-the left

over funds are planned for investment in January (Holden, Thompson and Ruangrit, 2005).

Further, accordingo Rozeffand Kinney (1976)inthe US p-DQXDU\ PDUNV WKH EHJ
ending of several potentially important financial and informaticnadnts It is the month

marking the start of the tax year for investors, and the beginning of the tag@ndtingyears

for most firms.fAlso, it is the period when thgreliminary announcements of the previous
calenddJ \HDU YV DFFRXQW L Q,Jheddby) Qakifg) Janiathe nidbti@Hhigh
expectations full of uncertainties and anticipation as a resulitted impendingrelease of

important information (Keim, 1983).

Traditionally inNigeria, the yearly national budget is readthe F'of Januaryand this has a

lot of implicationsfor investment/tradingctivities, suctihat most investors hold their funads t
observe relevant economic indices contained in the budget and how favourable the government
policies for the New Yeawill be for their investment. Moreover, the first two weeks of January

in Nigeria is when many investors try to purchase more assetseforto resell later when the
market value of such assetdl have risen.Thus, studyinghis effect wouldhelp determine if

this behaviour of the Nigerian investors has significantly impacted on the average return for the

month over the years.

October-March Seasonality Effect This states that the average returns from October to

March of every year are always higher than those of April to September.

Meanwhile, of the three forms of anomalies highlighted, we hope to concentrate more on the
calendar anontis in this research, which is why we present some of the findings from previous
studiesin this direction. Our choice of the type anomaly is informed by the nature of the data
available at our disposal as well as the general understandinthéhatesee of calendar
anomalies signals the presencealbsence athe other two forms of anomalies, and that it is the
most researched of the thréased on the existing studies anomaliesMoreover,in the case

of Nigeria, it is common that people rush te timarket to buy (or sell or trade) their assets
ahead of the weekends, most public holidaytheexpectation oEhanges itheprice of goods

or change irthepolitical structure of the country. Recall thihéepresence of anomalies in stock
returns indcates the violation of market efficiency and reflects the current state of the entire

market.
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Thus, from most of the studies reviewed so far, the following observatiemeade(1) for the
day-of-theweek effect, Monday average returns are found nat tmnbe the lowest, but also
mostly negative, whereas Friday average returns are known to be highest and mostly positive;
(2) for the montkof-the-year effect, January average returns are reported to be higher than any
other month, and generally, the fitstlf PR Q W K  V rdduynd &f Bny ihonth are found to be
higher some studies théimose inthe second half of the month; (3) as regandsholidayeffect,

the averageate of returns on a day (arfewdays) preceding a holiday have been reported to

be higher tharthe averageeturns of a day (oa fewdays) after the holiday across different

markets.

Further, most of the studies reported so far focus more on the developed markets, with few
focusing on the emerging markets. Also, the literature on amsnaémergingAfrican market

is very scant, particularly the Nigerian marke¢foreOmar (2012) whera search light was
shone on the NSM at the overall level. Hence, investigating anomalies in a key sector of the
NSM like banks in this study extent® findings of Omar(2012).

To complement the existirggudiestherefore, thigesearchnvestigates whethehe returns of
individual bank trading in the NSM are characterised by any possible calendar anomalies across
the various study periods of interéseeSection 4.}, with further details to be provided in
Chapter 7 of this thesis.

3.5.3Bubbles

In the equity markets, the systematic deviation of the underlying price of an asset from its
fundamental valug is known as a speculative price bublia(be, 1990;Homm and Breitung,
2012). It is an observed phenomenon whereby equity market prices continuously and
significantly rise above the economically justifiable level (fundamental level) for quite a length
of time (Anderson, Brooks and Katsaris, 201Dhe circumstanceften happens when the
purpose for holdingnasset byinvestors is to possibly sell it athigher price to some other
investors not minding ifuch anasset's price exceeds itional valuation of the securities
being traded Shiller (19899 suggested thaturing price bubbles, rises in price lead

continuously to higher increases in asset prices such that a point of unsustainability in demand

U"7KH )XQGDPHQWDO YDOXH" RI DQ DVVHW LV WKH SUHVHQW YDOXH RI
receive. These cash flows include the series of dividends that the asset is expected to generate acigthe exp

price of the asset when sdlattp://www.econlib.org/library/Enc/Bubbles.htimFundamental value of an asset

may also be defined as the price at which investors could buy the assehgivihey cannot resell it later. See

Cameer (1989) and Brunnermeier (2Q08r surveys on bubbles
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is reached whene no further rise is possible, then the bubble bursts and the price droply shar
(Harman and Zuehlke, 2004).

The Figurebelow present a graphical loak asset bubbles. The peak®ach of the diagrams

indicatethe collapse (or "burst") of a bubble.

Figure 3.2: Previous Financial Challenges across various Developed Markets
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Figure 3.3: Japan's Nikkei Stock Bubble

A bubble (sometimes called a "speculative bubble™) in another context is defined as a spike in
asset values within a ceimasector, asset class, or commodiBubbles are generated in
economies, equities, stockarkets orparticular sectors due tchanges irthe way market
participants tradéneir assetsThe situationthat isoften triggered by exaggerated expectations

of impending growth, price appreciation, or other scenarios capable of causing an increase in
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assetvalues therebydriving trading volumes higheAs moreinvestors develop heightened
expectations, buyers outnumber sellers, thus causing a shift in the assebgyond its
fundamental value. The fall in price back to its normalized levels makes the bubble complete
in a sense. This usually involves a period of steep decline in price during which most investors
resort to panic sales of their assets. This msy bé referred to as a "price bubble” or "market
bubble’.

McQueen and Thorley (1994) note that rational speculative bubbles aflegtsprices to
diverge awayrom their fundamental value without assuming irrational investors. In this case,
investors, tbughaware that prices exceed fundamental valoesertheless believat there

is a likelihoodof the bubble expanding and yielding a high return, fanghermore thathe
probability of a high return cancels out the risk afash.However therearedivergentviews

as to the circumstances that can lead to such episodegbfelis destructive because many
bad investments are made along the way as it gomestime but when bursts, this results in
crisis. Thefact that asset price significantly impathe economy makes it useful to understand

any possible phenomenon leading to deviatioasskfprice fromits fundamental value

One of the tcumstancslikely to lead to a significant change in the financial sysieas seen

in thecase of Japan ih980 when a bubble was experienced in the entire economy, which led
to the introductiorof partial deregulation in banks, or a paradigm shift as experienced during
dotcomin thelate 90s and early 2000s. Duritige dotconboom for instance, people rushed t

buy tech stocks at high prices with the expectation of reselling the stocks at higher prices in the
future until there was a loss of confidence such that an unexpected crash was witnessed in the
market.

Bubbles in stock markets and economies often ceassmirces to be diverted to areas of rapid
growth, and upon the disappearance of such bubbles, resources argmm/eadding to price
deflation. This indicates that bubbles can only resuét smalllongterm return on amasset.
Accordingto Blanchad and Watson (1982) and Campbell, Lo and MacKinlay (1997) the
fundamental price of the asset is obtained from the present value of all expagimats

Martin et al. (2004) provide evidence that increasing risemiasseprice pave the way for
bubbles which is then followed by substantial fall inthe asseprice. Diba and Grossman

(1988) found evidence against the existence of bubbles in the S&P 500 stocks.

Meanwhile many studies have attempted to detect bubbles in equity markets. A strand of the

literaturethat regards equity bubbles as deviations of actual prices fh@mn fundamentals
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develops a variance bounds test to detect the bubbles, e.g. Shiller (1989a) and LeRoy and Porter
(1981).However, the variance bounds test reliesadmearityasumption that relates all the
observations to the value of prior observations. Gurkaynak (2008) suggests that bubbles
demonstrate nonlinear patterns in returns, and one carnessarily attributehe violation of

the variance bound ithe datao the exstence of a bubbld&Roodposhti et al. (2012) used the
variance ratio test and reliability celsénefit test to explore the presence of informational
efficiency and rational price bubblestime TehrarStock Exchange and found that the market

is not only wekly inefficient but also shows sigof bubbles.

Phillips et al. (2007) applyhe Dickey-Fuller unitroot method to detect the date of the
emergence of a bubble in the Nasdaq stock index by estimating the date of a regime switch
from a time series behawio which is integrated of order one (i#€.s; to anexplosive state.

Nunes and Da Silva (2007) used the conventional models of integration -ameégrmation to
examine the presence of rational bubbles in the selected emerging stock markets of Chile,
Indonesia, Korea, and the Philippinéading evidence of explosive bubbles, and in the stock
markets of China, Brazil, Venezuelaplombia, Indonesia, Korea, and the Philippines, where

collapsing bubbles were found.

Kim (2000) and Busetti and Taylor (2004) proposed procedures seeking to tegidtieekis

that time series is integrated of order zerc;r(;;across the entire sample against the
alternative, which is atransition of the series from integration of order O to order 1, that
is, ¥r; P K s; @r viceversa. Bhargava (1986), investigates whether a time series is integrated

of order 1 (+s;) as against an explosive alternative hypothesis of it having an order above one.

OF4XHHQ DQG 7KRUOH\ TV WKHRUHWLFDO PRGHOV RI UL
every bubble process results in explosive price change such that the bullsdeegoh period

that it survives. As the bubble component grows, it begins to dominate the fundamental
component, which is that aspect of the stock price determined by the discounted value of the

future cash flows.

In Nigeria, according to the form@entra Bankof Nigeria CBN {governor, Sanusi (2010b)
market capitalization of the Nigerian stock market ros®.Bytimes between 2004 and 2007
(when it reached its peak), with the market capitalization of bank stocks rising to 9 times its
fundamental valuevithin this period, leading to a financial asset bubble in bank stock prices.

Also, of significant note is that th2008 banking crisis witnessed in Nigeria was caused by
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large and sudden capital inflows (amongst other interrelated macroeconomic facheh),

led to the introduction of financiaindbanking reformsn the country (Sanusi, 2012).
Consequently, in this research we intend to critically investigate the presence of bubbles in
Nigerian bankstocks across the study period and within the cpgsdod, using several
techniques which we have cited from the relevant literature. Moreover, Ezepue and Omar
(2012) examinedbubbles based on the overall market data and surprisingly could not find
evidence of bubbles, evélnough theravas significant vdtility in bank stocks between 2009

and 2010

Our studythus considers this absence of bubbles in the overall margessibly beraceable

to the compensatingffect of bubbles in different sectors cancelling each aiberThereforg

the analysis ofectoal bank datan this research aims to probe the phenomesfdoubbles

more deeply, compared to Ezepue and Omar (2012), and with relatively more approaches to
detecting bubbles. In other warddetecting bubbles asectoralevelmay bemore promisig

than atthe overall market level.

This section has presentedbrief account of what bubbles in returns mean, given some
examples of bubblesnd presented few findings as contained in the literature on approaches
to detecting bubbles. Further relevaletails on this concept shall be discusse@hapter8 of

this thesis.
3.5.4 Volatility

Volatility is a measure of price variability overtime, which in most cases is described as the
standard deviation akturns. Itserves as a signal for determinirg textent to which prices
fluctuate such that if prices fluctuate significantly, volatility is known to be high, but the degree
of fluctuations cannot be ascertained precisely. The reason for this is that no one can determine
whether aconsiderableshock b prices is permamg or transitory (Danisbn, 2011, p.31);
certainly,this confirms that market volatility is not directly observable. Typically, volatility is

in practice estimated from the stock prices, or derivatives or both (Tsay, 2012, p.177).

Volatility has become such an integral concept in trading that its importance to investment
analysis, security valuation, risk management, and monetary policy making cannot-be over
emphasized. It is the most important concept in pricing derivative assets,trauisg volume,
according to Poon and Granger (2003), is on the increase in recentnyearst developed

markets especially, and there is the intent to introduce it into most African markets, for example
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the NSM (Urama et al., 2017). Before an optiopriged, one needs to keep studying how
volatile the underlying asset is until the option expires

Since the2008 financial crisis, volatility has received further increased atterftimm many
studiesin financial econometrics. Crucial to the belief oferant stakeholders is that
understanding volatility in stock marketan help to determine the cost of trading, to assess
investment strategies as well as performance, and to create awareness that high volatility may
result in illiquid financial marketsyhich pavetheway for poor economic performance as well

as a weakened financial system (Yildirim, 2013).

Essentially, it is to be noted that though volatility serves as a significant tool for evaluating the
unavoidable risk of investing in financial asget is not the same as risk itself. It also measures
likely size of errors while modelling returns and other financial variables such as interest rates,
economic growth rates, and GDPs (Engle, Focardi and Fabozzi, 2008). When viewed as
uncertainty, it onstitutes a vital input to many investment decisions and portfolio creations,
thereby indicating that investors and portfolio managers are prone to certain levels of bearable
risk (Poon and Granger, 2003).

Thus, knowledge about risk generally helps tgshepe and reposition the market, the
participants and relevant stakeholders. According to T2235), volatility possesses a number

of characteristics which include: (a) clustering, a phenomenon whereby at varying periods, low
or high volatility values ocur together; (b) that volatility evolves overtime in a continuous
manner, indicating that volatility jumps are rare; (c) volatility does not diverge to infinity,
meaning that it fluctuates within some fixed range; and (d) volatility reacts to bigmmieases

andbig price drop with the latter impacting volatility more than the forrtiexleverage effect).

Volatility increases during crises and then decredseggtranquil periods The stock market

crash of October 198globally, which wasbecause fothe financialcrisis at that time, led to
previouslyurrimaginedhigh levels ofolatility (Schwert, 1990). The economic crigsnerally
referred to as the Great Depression gave rise to fear, panic and social instability (Voth, 2003).
There was a highelelof volatility before the terrorist attacks on September 11, 2001 and it
was far higher after the reopening of the markets six days later in the US (Taylor, 2005). In
Nigeria, the effect ofhe September 2008 financial meltdown ledaterashof the sbck market

due to high volatility (Sanusi, 2010). Consequently, in this work we hope to study how volatile
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the banking sector stocksere duringand after this period, and at various intervention periods
initiated by the regulatory agency, the CBN, to uesthe banks.

Volatility is said to be positively correlated with tradvmglume butdoes not imply that changes

in volume cause changes in volatility, or vice versa (Karpoff, 1987; Gallant, Rossi, and Tauchen,
1992; Longstaff and Wang, 2008). Meanwhilee tserial correlations found in daily return
series are traceable to several market dynamics or idiosyncrasies, which include a possible
common trading norm such as thin (nonsynchronous) trading in few assets, information

incorporationand processingpeedoy market participants (Yildirim, 2013).

Epps and Epps (1976) and Perry (1982) list changing volatility as being attributable to
information arrival rates, level of trading activity, and corporate financial and operating
leverage decisions, asew of thefactors responsible for the linear dependency in asset returns.
Clark (1973), Oldfield, Rogalski and Jarrow (1977), and Kon (1984) model changing variance
with returns distributions defined as either mixtures of distributions, disagbutions with
stochastic moments (Akgiray, 198®@)so, for a vast class of models, the average volatility size

keeps changing with time and is predictable (Engle, Focardi and Fabozzi, 2008).

Meanwhile, volatility has beeextensively studieth many contexts across vauis developed

and emerging Asian markets, with little attenttoremerging African markets, especially the
NSM. According to Shiller (1990), most literature examines the volatility of equity returns from
the developed exchange markets, espedhfigeof industrializednations (Green, Maggioni
and Murinde, 2000). Despitaostemerging markets still lagkg some sophisticated financial
instruments, theriority towards developing these markets lies in exploring the dynamics as
well as the distribution ohieir asset price®g Santis antimrohoroglu,1997;Hatgioannides and
Mesomeris, 200/

Understanding volatility is integral to examining the dynamics of stock returns and, by

extension, to the study of financial market data. For example, accordingleo(E003), while

trying to hedge risk, Markowitz (1952) and Tobin (1958) succeeded in deriving optimizing

portfolio and banking behaviour in their study on the associated risk with the variance in the

value of a portfolio.

Several studies have been cafrait in financial econometrics with respect to volatility and its

effects on the expected returns across various assets and markets. For example, Eun and Shim
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(1989) examined daily stock market returns from Australia, Hong Kong, Japan, France, Canada,
Switzerland, Germany, the US and the UK, wherein they find a considerable level of
interdependency among the national exchange maykéie USto be the most prominent ones
(seeBala and Premaratine, 2004). Whilst these findings are not technically fanusedttility,

the phenomenon of interdependence in financial markessibtly linkedto underpinning
market factors which affect different markets, including the six fundamental market features
studied in empirical finance, namebfficiency, volatility, bubbles, anomalies, valuation, and

predictability (Ezepue and Solarin, 2009).

Investigating daily and intrday stockprices, Hamao, Masulis and Ng (1990) discovehad
therewassignificant spill over effects from the UK and the US stock marketsddapanese
market, but not vice versa (SiddigR09). Park and Fatemi (1993) investigate the relationships
between the equity markets of the PaeBimsin countries and those of the US, UK and Japan.
The US market is noticed to be dominant comparedhdse of the UK and Japawijth the
Australian market found to be the most exposed to theridkets. TheHong Kong New
Zealand and Singapomarkets aremoderately linked with that ahe US whereas Korea,
Taiwan and Thailand show little or no linkagewany of these markets (Bala and Premaratne,
2004).

Lin, Engle andto (1994) present findings on how foreign returns can considerably impact local
returns as it is witthe Japamand US markets (see: Bala and Premaratne, 2004). In this research
however,within the NSM, since the banks are interconnected and interact among themselves,
with other sectors and the entire stock market, we hope to see the levahoffements and
influences in the volatilities in their equity returns (or sectors) influeneeaanther within the

NSM.

The ARCH model introduced by Engle (1982) was the foremost model used to capture-the time
varying seconérder moment component of financial data, and has éetemsively explored

in financial economics, primarily for the modetj of stock returns, exchange rates, interest
rates and inflation rates. Bollerslev, Chou and Kroner (1992) present a detailed appraisal of
various studies applying ARCH moddb different financial marketsipart from this, the
model, with its many othieextensions based on the associated stylized facts of the stock returns,
see Baillie Bollerslev and Mikkelsen (1996), faxample, hadeen adopted in different
contexts to assess the term structure of interest rates, create optimal dynamic hedggiesstrat

price options (Yildirim, 2013), and describe in general the data genembiogsses which
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engender financiamarket data. Their popularity stems from the fact that these models are
sophisticated enough to capture many empirically observed stiochaisaviours suchs the
thick tail of finite dimensionamarginal distributionsand volatility clustering of the many

economic and financial variables.

Empirical evidence also shows that daily stock returns exhibit substantial levels of dependency
and ttat conditional heteroscedastic procedures enable autocorrelation between the first and
second moments of the return distribution to be captured over time (Yildirim, 2013). For
instance, French, et al. (1987) use daily data from the S&P index for 19284aaté find
evidence of conditional volatility in returns (see: Poshakwale and Murinde, .ZAdyck

(1984) Chou (1988)and Baillie and DeGennaro (199@port timevarying interdependency
between expected returns and volatility in the US stocks Q2R In this research, within the

NSM, since banks are interconnected and interact among themselves, with other sectors and the
entire stock market, it will bef interest to explore the level of goovements and influences

in the volatilities among the&quity returns.

Bollerslev (1986) while extending the ARCH model to the generalised autoregressive
conditional heteroscedasticity (GARCH) model, introduced lagged conditional variances as
predictor variables in the conditional variance equation (Yild&@1,3). The ARCHGARCH

models remain the most widely used econometric models to describe the unique features of
financial market data, namely volatility clustering, leptokurtic and symmetric distributions of

returns.

Some of the later extensions of the AR@odel proposed and applied in the literature are
based on some underlying stylized facts which the two baseline models would not be able to
capture includingthe exponential GARCH (EGARCH) model by Nelson (199he non

linear ARCH (NARCH) model by Higins and Bera (1992jhe GJIRGARCH by Glosten,
Jaganathan and Runkle (199 asymmetric power (APARCH) model by Dirttpe Granger

and Engle (1993); anthethreshold ARCH (TARCH) model by Zakoian (1994); see Yildirim,
2013 for details and Omar (201f) applications of five of these core models to thleShare

Index (ASIreturns data in the NSMresults which the banking sector research in this thesis

extends

We reiterate that most of these extensions were proposed to correct the weaknesses of th

ARCH/GARCH models due to their inability to capture some of the outlined characteristics.
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For instance, the EGARCH and TGARCH models were proposed to capture the asymmetry in
volatility, which surfaces due to leverage effects associated with large veegat positive

returns.

Indeed, plausible directions in ARGBARCH modelling of volatility and related empirical
finance issues in specific markets, such as tB® Nhclude: a need to constructively elicit
particular models in the family which are béstdata generating stochastic processes for key
market data; an examination of doeir market features in key sectors of the market; and using

the combined insights from the research results to systematically characterise and develop the
market (Ezepue an@mar, 2017, Urama et al., 2017 and Nnanwa et al., 2016). We mentioned
earlier that this research contributes to the banking and financial sector aspects of the overall
systematic stock market characterisation and development (SSMCD) of the NSM.

Thus, in his research, candidattRCH/GARCH models will be explored using the stock
returns of Nigerian banks, with a view to fitting appropriaiedels thaexplain the volatility
dynamics of the banking sector of the NSB4. doing this, suitable ARCH/GARCH models
shall be fitted to the returns across the intendeepsuinds of the study based on the inherent
stylized facts identified with the return series of each of the banks. For exangiteation(s)
where the returns are asymmetric, it has been foundel B&RCH performs better than the
ordinary GARCH model.

Chapter 9, which is dedicated to discussmdptility, will present more detailed findings as
contained in literature on volatility, as well diéferent candidate GARCH models that have
previously keen applied across exchange markets of developed and emerging economies. The
details will highlightthe modeldound relevant to this study based the identified stylized facts

characterising the research data.

3.6 Summary and Conclusion

In this chapter, we havexamined various issues, which form the core of our research. These
include general background, factors responsible for the dynamic behaviour of stock returns, and
stock markets in general. We also discussed: the rationale for the choice of NSM andgemerg
African markets as our research domains; our motivation for applyindimear time series
models for modelling the volatility; the stylized facts of both emerging markets and those of
stock returns; and four of the six empirical finance issw®nalies, bubbles, efficiency, and

volatility.
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It was noted that whilthe relatedtudies ar@redominantly concentratech developed markets,
there are relatively fewer studies on emerging African markets, including the NSM. Hence,
there is a need to condusuch studies for the key sectors of theteek markets, as we do in

this research.

Our discussion was focussed on the findings from various literature which were found to be
relevant to our studies. We hope that, by this review, the direction of @arcasubject to our
research topic, objectives and the gaps observed in current knowledge shall be filled as much

as possibleandespecially linkedo thewider SSMCDgoals reiterated above.
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4 CHAPTER FOUR: METHODOLOGY

4.1 Data Presentation and Coverage

The poposediata forthis research, which was obtained from the N8Msfrom 1°June1999

to 31 Decembe2014, encompassing the scenarios experiencetthebigerianbanks.The
dataset is the dailglosingstock priceof thesixteen banks beingonsideredFromthese we
shall obtain monthly closing prices and compute corresponding returns setlesdaity and
monthly dataThe dataset is expected to cover the ovemdliod, ranging from June 1999 to
Decembei2014 and the superiod ofthefinancial cisis, rangingfrom July 2007 June2009
Table 4.1below presentthe totalnumber of observations per bank for the overall and financial

crisisperiods

Table 4.1: Data Size for the Respective Banks at the @vall and Financial Crisis Period

Bank Period (years) T (Overall Trading days) T (Fin. Crisis)
Access June,199Dec,.2014 (15%eary 3869 517
Diamond May 2005Dec 2014(9.%ear$ 2368 517
Ecobank Sept 200eDec 2014(9.2¢eary 2050 517
First June 199®ec 2014(15.%ear9 3869 517
FCMB Dec 2004Dec 2014(19earg 2474 517
Fidelity May 2005Dec 2014(9.5years) 2376 517
STANBIC April 2005-Dec 2014(9.67years) 2391 517
GTB June 199Dec. 2014(15.5years) 3869 517
Skye Nov 2005Dec.,2014 (9.083years) 2391 517
Sterling June 199Dec.2014(15.5ear3 3869 517
UBA Junel999Dec.2014(15.5ear3 3869 517
Union Junel999Dec2014(15.yeary 3869 517
Unity Dec2005Dec2014(9years 2223 517
WEMA Junel999Dec2014(15.yeary 3869 517
Zenith Oct 2004Dec201410.1%ear3 2516 517

Detailed information on théJ H W goth@ufationwill be presented in chapter Which deals

with the stylized facts of asset returns

4.1.1Choice of Software Program (s)

Many software programs are available for analysing quanttatata. Specifically, those that
have statistical functions, either already written or requiringgganmming through coding
include: VIEWS STATA, SAS, R, Oxmetrics, RATS, SPSSMATLAB, and EXCEL.
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However, in this researcmanypackagsareapplied buR is the main one, complemented by
EVIEWS, SPSSandEXCEL .

Essentially,R to many analysts, is next to SAS. It is open source programmingasefivith
many batched programs. Its graphics are attractive and applicabifferent fields of data

analytics.It is employed to obtain about 70% of the results in this research

EVIEWS, called Econometric Viewsas the name implies, is dedicated to time series and
econometric analyses such as cresstional and panel data analyses, and with lower
sophisticatiorcompared to R. Its contribution to the results is about.10%

SPSS (Statistical Package for Social Scien¢es the name implies, is a statistical program
predominantly used in the social sciencBsough applicable teeverafundamental statistical
analses, its level of sophistication is incomparable to R. It contributes not more than 5% to the

results of this research

Microsoft Excel is a spreadsheet program. It is employed as foundationatdczmmpute
returns andheir derivatives (such as: adjest, absolute and squared returns) from the closing
prices as well asfor coding (with the dummy variables) and other basic data manipulation. It

contributes about 15% to the analyséshis research
4.2 Investigating Stylised Facts of Asset Returns

This setion summarises the research methods, models and indicative data for the different RQs.
For example, the approaches for RQ1 are stated below. The same returns data used for the
guestion are analysed for other research questidns sectionandthe subsguentones(4.3

and 4.4 present specific approaches to adopt in addresdity essentially orstylized facts

of asset returns obtained from banks share prices. Theatftathis partarethe bank returns

from the NSM.

4.2.1Methods and Designs fdinvestigating Stylized Facts of Asset returns

In this sectionthe following steps will be taken to explore R@djich deals with stylized

facts of asseteturns:

x To present time plots of daily closing prices for each of the sixteen banks for the overall
data and financial crisisqriods

X To present timelpts ofthe monthly tosing prices forthe sixteen anks
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X To present time plots for the daily log returns across the sixteen banks for the overall
and financial crisis periods;

X To present time plots for thmonthly log returns across the sixteen banks;

X To present time Ipts forthe daily absolute log returns across the sixteen banks for the
overall and financial crisis periods;

X To present timelpts forthe monthly absolute log returns across the sixtesiksh

X To present time plots for the daily squared log returns across the sixteen banks for the
overall and financial crisis periods;

X To present timelpts forthe monthly squared log returns across the sixtaek$

X To present AutocorrelatiofACF) and Rartial Autocorrelation Function (PACF) plots
for the log returns, absolute and squared returns for the daily and moaiidly d

X To produce Istograns and QuantikQuantile (QQ) plots for the log returns for the
daily, monthlyand fnancialcrisis datg

x To compte summary statistics for the daily overall, financial crisis and monthly data
across the sixteerabks

X To conduct relevant normality tests for each of the dategories. Some of the tests of
interest being proposed are KolmogorovSmirnov (KS), Sharpo-Wilk (SW),
"T$XIXVWR 'DJRDadig G\B)andRIgqudera(JIB);

X To conductdiagnostic ACF ests forthe bg retuns, absolute and squared returns for
the overall @ta usinghe Box Ljung (Q) test;

X To obtain diagnostic correlation tests betwdensquared and lafreturns to identify

the presencer absencef aleverage effect

4.2 2 Normal Distribution (Definition)

Arandomvariable: IROORZLQJ WKH QRUPDO #&hd Vaviahck&xdehdRe@ ZLWK F

as 0:44°%;and given by:

5 8?2
— A
6

B:T, L F» QTQ», (4.2)
F» QaQ»aéed Pr.

A standardied normal randonvariable such that the mean and variance are respectively zero

and onds defined as:
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é.
EgmLagAF F» QVQ». (4.2)

Remarks

i. ~ The normal distribution is be#haped and symmetraboutits mean meaning the
normal distribution shows no skewness.

ii.  The skewness and kurtosis coefficients for nbemal distributionare respectively O
and 3.

4.2.3 StudenT - Distribution (Definition)

It : 10:r&;and; 11°:1 ;are independent, then the random variable:

L-N . 1 @EOPNEORP;
6 d S0 @ PRPA@

And | is the degree of freedom

Then for 6,1 P ; the probability density functionLa@B4 is:

L {ka>5; 60 5
¥m :5>¢ 0y 196-;m.

B:P

4 (4.3)

BKNHH» OPO ».

4.2 4 Moments of the Returns Distribution

Let { N&PL sd& & &=be a ime-series of logreturns that we assume to be the realizations of

a random variable.

1. Measures of Location
a. Thesample mean (or average return) is the simplest estimate of location:
S Ri
NL T Aes N (4.4)
It is important tanotethat while themeanis generally sensitivéo outliers the median is robust

to outliers andt is the middle most value of a distributidhe observatiotialling within the
50"quartile( 3,,) of thedistribution, computedsing the formula

isc ¢U
N4 @G—SA term (4.9

WhereT is thetotal number of observationsin ardered odehumber series

72



2. Measures of dispersion
b. Sample standard deviation (square root of variance) is the simplest measure of
dispersion, obtained as:

S A6 . t
@L%ARS.I\LFN. (4.6)
Note that the standard deviation is very sensitive to outliers, whereas the median absolute
deviation (MAD) is robust to outliers; the MAD is given by

I#& L IA@NF N (4.7)
where Né& the median and under a normality assumptio@ standard deviatiorn)

QLsSs&ztxH/#&

The InterQuartile range (IQR) is robust to outlier and is defined as

+34 34ag F 34@9 (48)

where 345 is called & or 78" quartile and 3, ois the £ or 25" quartile
Under normality, we have

AEE
QL 5§ 8<=<

3. Skewness
c. The sample coeffient of skewness is the simplest estimate of asymmetry and

is computed as:
4 U R 55?% Y
a- L AfgB-C (4.9
Remaks:

I.If 5 50, the distribution is skewed to the left, meaning that the distribution loag-a
left tail. This implies that the left tail is long relative to the right.tail
ii.If 5 3P rdhe distribution is skewed to the right, ingting tha the distribution hatong
right tail. The skewed right indicates that the right tail is long relative to the left tail
4. Kurtosis
The sample kurtosis coefficient is the simplest estimate of tail thickness and it is
estimated as:
%L?&@%?? (4.10
Note that:

If Q O uthe distribution has thinner tails than the standard normal distribution
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If & P uthe distibution has thicker tails than the standard normal distribution
Three general forms of kurtosis are: LeptokurBbtdrply peaked with fat tailéar above the
Normal curveand less variabje Mesokurtic Medium peakedsamelevel with Normal) and
Platykuric (Flattest peakfar below the Normal curvand highly dispersgd

Under normality, the following results holds &s7 »,
yp:aF 8;10:r&%; v6: 89 F &5;10:r& é8;; 96:5 4F r;10:r&;and

¥6:8 F u;10:ré& v;(seeSnedecor and Cochran (1980, p.; #Hamilton (1994)Tsay
(2005)) These asymptotic results for the sample momeah be used to perform statistical
tests about the distributions of the returns.

4.25 Normality Tests

Various tests of normality have been developed bases) momentsof the return series; b)
the density function of the distribution; orsomepropeties of ranked series explained below.

Tests based on Moments

Meanwhile,the most widely useath financial time seriegs that fromJarque and Bera (1980)
and Bera and Jarque (1981), whichieslon the fact that foa normal distribution both the
skewnass( 5, j and excess kurtosis 3 F usshould be equal to zero. It is important to note that

test statistic is mostly applicable to financial/leconometrics data

To conduct the normality testsyo approache are adopted in the literature, nantbly tse of
statistical testandgraphical methosl Weshall explorebothmethods in this study.
Statistical Tests:

Thes are testbased onW KH 35 MyvmEniishd W KH 35 BédstyFRQnction”

Tests Based orReturns Moments

Consider a series of asgeturns {", +s Q —Q swhere T is the maximal time point.

To testwhetherthe skewness significant relative to the normal distribution leveighe
U H W 3eded h following hypotheses aset:

285 3L r&ersus ;a5 3Mra (4.12)
The Test Statistic to ascertain this claim is given as:

el Y1 i1, (4.12
§ W
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The decision rule (DR) is tBeject ,when the pvalue is<U(which is commonly set to be

either 5% or 1%).

Note: Skewness is a measure of asymmetry of the probability distribution of a random variable.
If a set of data is eith@ormally or approximatelgormally distributedits skewness is expected

to beclose tozera

To see if the return seriégss significanthdifferentKurtosisfrom that of a normal distribution
which is 3 we set the hypotheses:

2& gFu;Lrversus s& 3 Fu; Mr. (4.13

The Test Statistic required here is also expressed as:

@g;; 1 &, (4.14)
8§

DR: Reject ,when the pvalue is <U

<AY L

TheJarqueBera (B) test combines the above test statistics tovisther the series is
normally distributed, &.the distribution of”, is such that5= 0 and( 2, F u; (excess
kurtosis) = Owith thehypotheses:

4 Batacome fromaNormaldistribution,versus
5. Datado rot come from aNormaldistribution. (4.15)

The JB test statigtiis given by

JB:—I|525E&’;7OD : o)o’—‘—(,_,;f].Z\&;z (41@

where & 3 83and Tare respectively the estimated sample skewness, the estimatpte s

kurtosis and the total number @bservations

Although this(JB) is most widely used in finance, it dokave two limitations. First, ibnly

holds for very large samples; to correct this bias, Doornik and Hansen @88t provide an
"Omnibus teg (i.e. test statistic that can detect deviations from normality due to either
skewness or kurtosidpr normality. Secondhe empirical skewness and kurtosis are computed
for given values ofthe mearand variance, which are both subject to sampling&ridoornik

and Hansen (1994) first obtain approximations for the finite sample distributions of skewness
and kurtosis undea normality assumption, coupled withe assumptionghat the kurtosis
follows a Gamma distribution and tha&> (1+ ¢%). They show that with the normality

assumption

€L 58E 581\ (4.17)
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where 55and 5gare respectively denoted as the firseample skewness and kurtosis, and

computed as:

5
¥jmeo;

5= 7 ‘BGE ¥s E %0 (4.18)

5
5g= k@?AWFsE§|3/4_; (4.19)

where %4 E?§©'6?5:X_>_5;(;’:7;; X6 L FSE ¥t:,, Fs; VL t,sk&F s F &oand

=L ,¢ E .7 while thecorrection factors for finitsamples ardefined as:

TKX >6;X?; 40:X>5;:X>7;, L IX>9;:X>; kX >7 ;X >55R%75D
n4 X26;1X>9;,:1X>; i X>=; ' MO 560

1X?6;:X>9;:X>; kX >6; X?; 40

X?; X590 X> X >6X09;
y L )

el

»6 L and

e

RL: Fu;: Es;: S Esw Fv;

Remarks:
€in (4.17) is very similar to' f$JRVWLQR DQG 3 H'DuNRIY) te proposedd
correctthe limitations othe JB test.

Tests based on the Density function

Some of the relevant methadahich comparedhe empirical cumulative density function
(% &) y:&of the returnswith the % & ¢f a normal distributionor any other assumed
distribution, Y g arebriefly discussed below

Kolmogorov-Smirnov (K-S) Test

The K-S tesis used in determiningzhethera sample comes from a population watbpecific
distribution. It is a test based on the empirical cumdadiistibution function (ECDF)Given

N ordered data points:.s. &.¢. §.7. 8 §.c., theECDF is defined as:

‘cL J: EV&, where J: Eis the number of pointessthan orequal to;f{-, OEEL sa& &,
which are ordered frommallest to largestalue. Thedistribution of the KS test statistidoes
not depend on the underlying cumulative distribution function bigstgd. Itis an exact test,
rather thara chisquared goodnesd-fit test that depends on an adequate sampéefsr the

approximations to be valid he limitatiors of this test are thétis goplicable onlyto continuous
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distributions it is more sensitive to near centre of thstribution tharat the taik; and that he
distribution must be fully specified.

Definition

Assume thatTs aT4T7,8 &T4 is arrayed asrdered sample witlfs, Q T, Q T7. Q® Q
T.4. and define5 : T; as:

ra TOT:E;
5:T, L ]%é Tp, QTQTpss;, (4.20)
s TR T4

Consider the hypotheses:
4 & he data follow a specified distributioversus
sa he data do not follow a specified distribution.

TheK-S test statisticould be defined as&; L -é‘é( T, F5:T, or
| e fE&y 25 0,
&QLS,GSX"U’FC%F("U" (4.21)

where (:T;is the theoretical cumulative distribution tife population being investigated,

which must be a continuowastribution

Practically, this test is implemented as follows:

a. The dataetis sorted in ascending ordas stated abovdtom which the empirical

cumulative density function% &)( 5kT.joL %f’ls generated

b. We then generate the assunfo& lAJk'I':L-, aoofor every value ofT.y. If the
referenced gtribution is normal, then wassumehat themean aand standard
deviation éare known

c. Finally, the - 5teststatistic is computed as:

KS = 0 QA %KT.ga60F 257 (4.22)
@=

The major limitation othe - 5test,however is that the mean and standard deaweiat

are unknownandmustbe estimated from the sample, thereby leading to sampling errors.

To adjust for this, the modified Lilliefors 5atest is appliedsee Adhikari (2014);
Adhikari and Schaffer (2015)).
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The AndersonDarling Test

Thereis also a testto examire if a sample comes from a specified distribution. It is a
modification of the KS test whereby more weights are given wttils of the distribution than
does the KS test;thus, it is an alternative test tooth KolmogorovSmirnov and hi-squared
goodnesof-fit tests. It is a distribution free test because the critical values do not depend on
the specific distribution being testdtimakes use of the fact that, when given a hypothesized
underlying distribution and assuming the data edmom this distribution, the cumulative
distribution function (CDF) of the data can be assumed to follow a Uniform distribinen.

data carthenbe tested for uniformity with a distance test (Shapir&519

Definition: Suppose wdefinethe hypotheses:
4 & he data follow a specified distribution, versus
sa he data do not follow a specified distribution.

The test statistic A to asseshethertheordered series {5, ;.6 & §.4} comes from agiven

CDF, :S:is
# L :FOF 5. (4.23)

~ :6(P5;
A

where:N is the total sample siz8,= H ;5 EZksF I c>520:00aNd s the
cumulative distribution function dhe specified distribution; which &n ordered random

sample drawn from the specified population.

Stephens (1974) found®o be one of the bestmpirical distibution function statistics for
detecting most departures from normaliBmpirical testing has found that the Andergon
Darling test is not quite as good the ShapiroWilk testbutis better than othdests Razali
and Wah, 2011).

The Shapiro-Wilk (W) T est

The ShapireWilk test, proposed in 196%alculates a W statistic that tests whether a random
sample, Ts &lg4 T74a &T; comes from a normal distribution. The W statistic is calculated as
follows:
KAg. O.00
§ .

B é

S

9 L (4.24)

p2)
oC
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Wherethe T. s the ordered sample values startfrmm T.s., the smallesbbservedralue,and

the areconstants obtained frothe means, variances and covariance of the ordered statistics
of a sample of size n from a normal distributiqSee: Shapiro and Wilk, 1965; Pearson and
Hartley, 1972, Table 15)

4.2 6 Autocorrelation Tests

In this sectiontheautocorrelation function (ACF), partial autocorrelation function (PACF) and

the LjungBox (Q) teststatistic for testing autocorrelation functgere presented.

Autocorrelation Function (ACF) and Partial Autocorrelation Function (PACF)

The Autocorrelation Function (ACF): Autocorrelationalso called seriadorrelationis the
linear dependence of a vabie with itself at two points in time. For stationary processes,
autocorrelation between any two observations only depends on the tjr @ktgveen them.

Define % K'Nahh,; L L Then the G Blag autocorrelation is given by

, i Y & Bpdizy ¢
& L % KINM,p; L=,

& LS (4.25)
wherethe numerator, (} is the covariance between the retuat time (P andreturn (N, ) at
time (PF G and thedenominator U, is thevariance of thewutocorrelatiorfor series

The autocorrelation functioftACF) (also known ashe correlogram) isa standard graphical
technique for exploring predictaiby in statistical data ands obtained by plotting théag-k
autocorrelations againge lags. It measusehow returns on one day are correlated with the
returns on previous days. If such correlasicare significant, there is strong eaide for
predictability (Danieton, 2011) 6

The Theoretical ACF and PACF

The autocorrelation function (ACF) for atime ser'hs - L s# & ds the sequencé,; for

L sa ¥ s The partial autocorrelation function (PACF) is the sequeigs,
o L sa®#¥ s where 0, s defined below.

The Sample ACF and PACF

79



The ample autocorrelation and sample partial autocorrelation are statistics that estimate the
theoretical autocorrelation and partial autocorrelation. As a qualitative model selection tool,
one can compare the saple ACF and PACF ofthe data against known theoretical
autocorrelatiorfunctions. Forthe series NN A “N &upposehat thesample mean is denoted

as Nerhenthe sample la Gautocorrelation is given

~A 2 m2a 8 o
: AR . 8?88 457 07 88 .
g L RO ITWIH 4 Gp (4.26)
Aﬁs_a{?a§

with Neepresenting the overall sarephean for all T observations and estimatingetkgected
returns ( XN%), which is assumed to be constant.

The standard error for testing the sigzdahce of a single lagGautocorrelationdlg is
approximatelynormally distributedlt is important to note thats opposed to pricesample

autocorrelations of returns are generally close to zero, irrespective of the time lag.

The StandardError (SE) for ACF

According to TsayZ014, p. 4546), the standard error and the respective confidence interval

for ACF areas presentedelow

5vL 8:sEtARS&; 6 (4.27)
The 95% Confidence interval for ACF is:
&g Gsqdx5'y. (4.28)

The Partial Autocorrelation Function (PACF)

PACF isthecorrelation betweerand N, lessthe part explained by the intervenilags

defined mathematically as

Op 5 % K NNNF * OkN3N, s 688 Ao o5 0N, 12 (4.29)

where ' Ukl}jSI}j%éN?Géé a, p>5 ostands for the minimum medeastsquared predictor ol
by Nosdo e & pss

The standard error for testing significanof asingle lag partial autmorrelation is given as:
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' 5
5' g0l T2 (4.30)

The 95% Confidence interval folne PACFis:

L 5&:
G G- (4.31)

The autocorrelatiofunction(Box and Jenkins, 197®o0x, et al, 201pcan beused for the
following purposs. To determine stationarity and seasonalitydetect norrandomness in

dataand b identify an appropriate time series model if the data are not random.

Note that, as a qualitative model selection tool, one can compare the sample ACF and PACF of
the emyrical data against known theoretical autocorrelatenmd partial autocorrelation
functions. For exampléelable 4.2 (seeChoi, (2012), below summarises the criteria used in
identifying a suitablemodel using the ACF an@ $ & ) {Das 1994, Box, et al. 2035

Test Statistics for ACF

Recall that the sample ACF presented in equdda?d) is used in linear time series
modelling to specify a suitable modbht cancapturethe dynamic dependence of the data
(see Tsay, 2014. 47-48). Thus,in manyareaf applied finance the focus ion checkingo
determine if many autocorrelations of sayare jointly equal to zero.

To achieve this, the following hypotheses dedined
*, 8 L L®LEé Lr, EELsa&d
Versus
* - 8t least one of thedy,is nonzero
The proposed test statistic Bpx and Pierce (1970)s given as:
301 ;L 6AR G & (4.32)

However, the modified form of the statistic commonly used to increase the power of the test
in finite sampless proposed blyjung and Box (1978)is given as:

3:1 ;L 6:6Et; Ap@s o (4.33)
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Table 4.2: Time Series Model Selection Criteria based on ACF and PACF's behaviour
Models ACF PACF

AR :L; Tails off graduallyas exponential | Cuts off afterp lags
decay or damped sine wave

MA :M Cuts off afterq lags Tails off gradually as exponerai
decay or damped sine wave
ARMA : L&V | Tails off graduallyafter lag (MF L) | Tails off graduallyafter lag (L F M

The autoregressive (AR), moving average (MA) and autoregressive moving average (ARMA)
time series models stated above with indicated dagspecifieds followed:

ARIMA model provides one of the basic tools in time series

Given that the autoregressive of ordeAR, : —;

ToL TsTos E TeTog E®E TsTows E X (4.3)
The moving average of ordeMA : —:

ToL YE 6Y%sE GY%s E®E 8 %ou (4.3)
Combining the two equations to have a gen&RIMA :—&-+model:

ToL TsTos E TeToe E®E T3Toa E Y E GYos E Y6 E®@E 04You (4.3

4.3 Examination of Market Efficiency

Severaltests have been pgrosed to examine randomness, statidy, independence and
volatility, all of which serveas proxies for the efficiency afstock market Spedically, auto-
correlation, runsco-integration unit root,and variance ratio tests as contained in Lo and
Mackinlay (1988), Chow and énning (B93), Ozer (2001)Taylor (2005,2011) andeEzepue
and Omar (2012)will be adopted in this research.

Below ae the various tests that are focusedachieving theresearch aim ifChapter6 of

investigating market efficiency.
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Methods for Chapter 6

1. To testfor stationarity usinghe KPSS, PhilipsPeron and ADF (level) test
2. To test for Random Waskusing
I.  the Variance Ratio test, and
ii.  theUnit Root test usind\DF, both with andvithout drift and trend tests
3. To test for nodinear ndependence usirige BDS (Brock, Dechert and Scheinkman)
test
4. To testfor Randomness usirtpe Runs testancluding theparametridests based on
mean andnedian andhe nonparametric fornmof the test;
5. To obtainthe ACF test on log returnat lagsl, 5, 10 and 20

It is important toemphasiséhat among the listed test statistitg variance ratio testas gaied
prominencein empiricalfinance, givenits wider acceptability, ands the most powerful in
detecting lhe presence of random walk (RW) (see Tay2®)5 &2011)

4.31 Tests for Unit Roots

In financial time series, attention is primarily focusmdseris that are often nestationary.

Someof these include: foreign exchange rates, inflation rateerestgate and security prices.

For example, in stock price seriemnstationarity is strictlysincethere is no fixed level for
the price, and in time series such a series is classified asraainitonstationary time series.
Meanwhile, the bedtnown example of unitoot nonstationary TS is the random walk model,

discussed briefly in the previous chapter.
Remarks
According to Engle and Granger (1987):

1. A series without deterministic component and has a stationary, invertible, ARMA
representation after differencimgtimes, is said to be integrated of ordedenotd as
:pl+ @ Thus, ford = 0, : pwill be stationary and for d = 1 the change is stationary.

2. Ifatime series,: .is distributed of order zero (i.e.; 1 :r;;with zero mean, any of the
following holds

0] The variance is finite

(i) an inno\ation (or the associated error) has only temporary effect on the series
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(i)  the spectrum (or distribution) of the serid,: ¢;has the property such thatO
B:ig; O »
(iv)  the expected length of times for the series to degenerate, that:ig for is finite
(v) The autocorrelations of the seri€g decreases steadily in magnitude for large
enough k, such that it sum is finite.

3. Ifatime series, .is distributed of order one (i.e.. 1 :s;;with zero mean, any of the
following holds:

(i) The variance of. ;is infinite as t, time becomes large

(i) an innovation (or the associated error) has a permanent effect on the series, as the
series is the sum of all previous changes

(i) the spectrum (or distribution) of the serié,: .; has approxnate shape such that
B:: ¢ L »

(iv)  the expected length of times for the series to degenerate, that ig for is infinite

(v) The autocorrelations of the seriés \ sfor all k as time becomes large, that is,
P\ »

Additionally, according tdHendry (L995, p. 43), a finite (nemero) variance stochastic series,

. ;that does not accumulate past errors is said to be integrated of order zéror(;;

In summary,

If a time series is characterised by unit roatseries of successive differarg of such series,

d, can transform series to a stationary sefiégse differences are representec-: () where

d is the order of integration.

Thus, a norstationary time series that is transformable in such manner is called time series
integratedof order k and it is either of order (- :r ;, where the series is stationary in its original
form and does not require differencing) or of order (- : < { where the series is naationary

and does require differencing)

Autoregressive (m ~—;) Unit root Tests

This is a test used to confirm whether a time series is consistent with Random Walk theory. It
serves as proxy for stationarity arandom walk in time series data. The common approach
used to achieve this was proposed by Dickey and Fult9landwas later extended to the
Augmented Dickey Fuller (ADF) test.
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Dickey-Fuller (DF) Test

Consider the timearying AR (1) model

"LAE T".s EB ~'"Bl :ré&®. (4.37)

where "is the return series at tim Tis an autoregressiooefficient between the two the

series (;and ",5), &is the mean of the serie§ and B, is a series of independently and
identically distributed random error terms, which behaves likiégeannoise. A white noise &
stochastic proceshatis a set of independent normally distributed residu@ilsvall systematic

effects are removed from the process, for example trends and other factor effects in a time series.

The test hypotheses here are
4é.TL S7e SéT Os (438)
The three possible cases are:

a. If T L sahen there i possibility for the presence of a unit root in the series which
requires special treatment by differencing the series;

b. If T O s then the serieis covariance stationary;

C. If T P sthen the series is said to be boundless (or explosive), indicating the
likely presence of bubbles.

Note that if T=1 in (4.39), it means that’, is nonstationary.
The test procedure here is as follows:

1. Fit an AR (1) model by least squares

NL T N5 E Y.(RW withoutdrift) (4.39)
Or

NL 1E T N,5s E Y.(RW with drift, 1) (4.40)
Or

NL1IEPETNsE \'(Q(RW with drift andtrend) (441
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where the error term'(;l 90 :raé®; with WN denoting a white noise Mher distributiof?.
2. Set the hypothesgsee.38)

3. Define the test statistic proposed by Dickayller (1979):

Y?5
F? @5; L m (443

Aés-&SHéS7- SI.T['J_AAGB-:éZ?Y-éy-;'
Ak g 0 0 s

AL & 5 is the least

where iUs the least scares' estimate pfi L

squares estimates of the standard errditiaid T is the sample size

Remarks

Related to th®F ted is the Augmented Dickeffuller, ADF, test, which is based on ordinary
least square (OLS) regression:

¢NL 1E N5 E AlggigeNouE (4.43)

Where,the: \'gare independently and identicalNE(Er@rmally distributed,0 + & &5

Thus, the null hypothesis of natationarity is:*, +1 L rversus*s =i Or, while the test

statistic is

;
P or L o (444

Inability to reject null hypothesis of a unit root indicates that the series may wander off to plus
or minus infinity, meaning that the seribas unconditional variance proportional to time (see
Cuthbertson and Nitzsche, 2005, pp. 3Mis, indicates thatthe effects of any shock to the
series remampermanent or perssfor a longtime. Rejectinghe null hypothesis, however,

would mean thiathe series is covariance stationary and thus would not 'explode’.

Unit Root Tests (6pal F I

The Phillips and Perron (1988) (PP) test is another test to be compared with the above ADF test

discussed above

22 LHQHUYV SURFHVV DOVR FADaGinplecomtibuirug Qtbdda3tidgrodessRIQt is widely used
in physics andinance for modelling random éhaviour that evolves over time. Examples of such behaviour are
the random movements of a molecule of gas or fluctuations in an asset's price
(https://www.glynholton.com/notes/brownian_motip(see furtherBillingsley (1986))
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Phillips - Perron (PP) Unit Root Tests

The PP(Phillips and Perron (198Bunit-root test investigates the null hypothesis that a TS is
integrated of order 1 (i.et:s;). It builds on the DickeyFuller test which fits the regression

model:
¢NL TNos EX?KIORREIRNAJDY, (4.45)

With " ¢' being the first difference operator

However, in 4.45 serial correlation may pose a problem. Considering this, the augmented

Dickey-Fuller test's (ADF) regression includes lags of the first differencty of
The PhillipsPerron test involves fitting a slightly different model4a46), as presented below:
NL TRNps E:?KJIOPREPRN AJHDY, (4.46)

Note that in 4.46), \'(;is integrated of order zeroH(r ;) and may be heteroscedastic. The PP test,
however, corrects for any serial correlation and heteroscedasticity in the erro\i’;te[m
parametrically through modification of the Dickey Fuller test statistic. This means that the
Phillips-Perron (PP) unit root tests differ from the DF tests mainly in how they deal with serial
correlation and heteroscedasticity in the errord, fanthe PP test, one only needs to decide
whetherto include a constant and/or time trend. The modified statistics applied are denoted by

\{and 4 are given as:

VL §LR F2@7LAg oA (4.47)
L 67 F2L K%Y i01a £ 45 (4.48)
VL6 F—

The terms&¥ and 2° (https://www.bauer.uh.edu/rsusmel/phd/ecpdf are consistent

estimator®of the variance parameters:

L 767 g’ 7 (449
BL 7RG 67 A §? (4.50)

where T is the total length of the seridsis an autoregression coefficient between the two the

series (', and ";»5) and R is the test statistic faa unit root.

87


https://www.bauer.uh.edu/rsusmel/phd/ec2-5.pdf

Under the null hypothesis ,ai 4 L r, the PP modified statistics and \§ are asymptotically
distributed as the DFdtatistic and normalized bias statistics. Note further that the PP tests tend
to be more powerful than the ADEsts butare subject to severe size distortions espegciall

when autocorrelations 017(; are negative and they are more sensitive to model misspecification

(Thatis, the order othe ARMA model seehttps://www.bauer.uh.edu/rsusmel/phd/&c@ds).

Advantages of # PP tests over the ADF tests:

1. They are robust to general forms of heteroscedasticity in the erroh?germ
2. There is no need to specify a lag length for the ADF test regression.

Unit Root tests (t @™ & 8ee” ™Y

The Kwiatkowski, Phillips, Schmidt and Shin (1992) KPSS test is used and will be compared
with the PP and ADF test statistics.

KPSS Test

The KwiatkowskidPhillips iISchmidtsShin (KPSS) tes{Kwiatkowski, Phillips, Schmidt, and
Shin, (1992)Kokoszka, and Young (20)% is used to test whethettiene seriesis stationary
around a mean or linear trenor is nonstationary due to anit root. Note that a stationary
time series has constamean and standard deviatiovertime. The KPSS test is a regression
based teswith three components, namely a deterministic tred ,(a random walk [ ), and

a stationary error‘@, and s given by:
NL L,ESFE Y% (4.51)

Setting the hypothesis

Thenull hypothesis for the test is that the datestationary versus a nestationary alternative

hypothesis.

Stationarity can be viewed in two senses, namely stationarity about a constant mean level o
intercept (Wang, 2006; p.33) or about a linear trend. The $epstres results for the test differ
slightly depending on whether level stationarity or trend stationarity is intehdeiida &

Cerny, 201% When testing for level stationarity, the tddmear trend componentiiemoved,
andthis simplifies the test. The data arermally log-transformecdbefore running the KPSS

test, to turn any exponential trends into linear ones.

88


https://www.bauer.uh.edu/rsusmel/phd/ec2-5.pdf

A disadvantagefthe KPSS test is that it has a high rat@yfe|-error ratewhich means that

it tends toreject the null hypothesi®o often. Usingsmaller p-values to control the error
reduces the power of the test. A good way to overcome this limitation is to combine the KPSS
with an ADF test andhen tocheck whetherhe two results suggests that the time sases
stationary.

4.3.2The Variance Ratio (VR) Test

The VR test was proposed by Lo and Mackinlay (1988). It is otherwise called the variance of
multiple period returnsest ands defined as the sum of the singleriod variances when the
random walk hypothesis (RWH) is true.

The underlying assumption of this technique is that the variance of the increments in the random
walk series is linear in the sample interval. In other words, if the logarithms of the sitmmsk p

are generated by a random walk, the variance of the returns should be proportional to the length
of the sample interval. If a returns series follows a random walk process, the variance of its q
differences would be g times the variance sffitst dfferences (Abbas, 20)5Meanwhile,

VR is widely used in finance, and has previously been applied in studies such as: Olfield and
Rogalski (1980), French and Roll (1986), Jones, et al. (1994), Ronen (1997) and Lee and
Mathur (1999).

Derivation of the VR Test

Suppose the stochastic process generating the returns is statio@awith the variance of
single period return bein@:s;, thisis said to be equab 8: N, that is V (1) =8:N; Thus,

the variance of the two periods returns accaydanTaylor (2005, 2011)

8:t; L 8BINEN.s; L 8N, E 8:Nos; Et% KRAN5; (4.92)
L 8:s; E8:s; Et&8:s; (4.53)
L t8:s; Eté&8:s; (4.54)
=t:skE &;8:s; (4.55)

where &;is the first lag autocorrelation of operiod return

Thus, the tweperiod variance ratio is defined as:
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84t; L~ LSE& (4.56)
The autocorrelation ternésbecomes zero when the RWH is true such that the variance ratio
equals 1, but in circumstances when the RWH is false, then the variance ratio is not equal to

one.

Meanwhile, fa higher period or Nperiod returns, that is fo@ R t, and when the RWH is true,

such that,
8:0; L R=NENsE®E N.cos: (457)
L 08:s; (4.58)

Thatis, N times variance od oneperiod return Thus the 4deriod returns variance ratio is

expressed as:

84:0;L%Ls (459)

For further details on this derivation see Taylor (2005, 2011)

The VR Test Statistic

According to Taylor (2005, 201thechoice of Nin (4.59) is arbitrary. Thus, assuming a set

of 1 fabserved returnsifsNs 8 &Y c; with mean Nand variance

&s; L AR 42 88 (4.60)

4?5’
the corresponding estimate for M)(is:

a
:4?C;:4?C>5;

&0;L PS> NE Nos E®E Nocos F ONE. (4.61)

Then the ample variance ratio test statistic is:

a:C;

84:0; L CEe (4.62)

The RWH should be rejected if the sample variance ratio is significantly greater than 1.
Meanwhile, according to Taylor (2011), determination of what is signifisapbssible only

when the distribution o#4:0 ;under the hypothesis that the RWH is true is known, and the
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assumption that the returns process is stationary is not necessary. This is because tee varian

splits in the variance ratikests can be around a constant mean or a trend.
Consideringhe test hypotheses are:
* 8B4L SRO.;B4Ms

The standardized distribution of the sample variance ratide obtained as:

\éL E@OUILPKPB’PrrasHHU (4.63)

. 8 Rxco a Ry aga%
where ¢ L = Aggs:0 F GO > L — ;OandQL NF N
4.3.3RUNS Test

A run is a sequence of observations lod same sign. Its associated test is nonparametric,
applied to check for possible presence of randomness in the stock returns or data generating
process of a series. That is, it is intended to explore if the observed sequenseries is
randomly genettad, orin other words, if the process of obtaining any succeeding observation

is independent of the preceding value. The runs test, sometimes called the Geary test, is a test
wherein the number of sequences of successive negative and positive retondeise and
compared with its sampling distribution under the random walk hypothesis (Campbell et al.
1998; Guijarati, 2003; Ananzeh, 2014).

The test obtains the total number of times a run tiypgative, positive or zeyaccurs
successively in the ses and uses the runs data to test for randomness of the series. The logic

of the test is that having two few or too many runs contrachctdomness.

Assumptions

It is assumed thahé data consist of observatiomsorded in the order of occurrencettban
be categorised into two mutually exclusive classes.

Test Hypotheses

The null hypothesis is that the seriegsasdom,and the alternative is that the series is-non
random. Supposg is the total number of runs in a series. The test compares thasvetls
number of runs with the expected number of runs under the null hypothesis. The usual two

sided hypothesis in statistics applies if there is no knowledge about the direction-of non
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randomness in the series. The usuatsided hypotheses of the le#nd righttail kinds apply
if there is a reason to think that the series isr@maom of these kinds. Hence, the test criteria

are as follows.

The Hypotheses:

* 4&hereturns are generated through a random progessus
*s&hereturns are not@nerated through a random process

Decision Rule rejectthe null hypothesigvhen the pvalue is less tha@.05 indicatingthatthe

return series iskely not generated by random process.

It is known in nonparametric statistics with the null hypothdsis sequential outcomes are
independentthatthe total expected number of runggproximatelynormally distributed with
the following mean and standard deviation:

. . 6bgb; A 6bs b7 :6Pg b7 ? P

aL — Esandé L § 075 ,
where G and G represent the total numbersrafs ofpositive returns (+) and totaumber of
runs ofnegativitiesreturns €) regarding to a sample withobsenrations respectively, with k=
:G E G ; (Fisher and Van Belle, 1993, p. 333).

Thus, the test statistic is given as:
VL 10:rss; (4.64)
4.3.4The Brock, Dechert and Scheinkman (BDS) Test of Nbmear Independence

The BDS test developed by Brock, Dechert and Scheinkman (1987) (and later published as
Broock, Dechert, Scheinkmamd LeBaron, 1996) is a powerful tool for testing for nonlinearity

or serial correlation in time series. It svariginally developed to teshe null hypothesis of
independencand identical distribution  Eafatime series; thais, to investigate the presence

of any noarandom and dynamic behaviour in a series. Rejection of such a hypothesis indicates

that there remains some nbmearity or nonstationarity structure in a (eteended) series.

According to several studiethe BDS test is robust against a spectrum of linear and nonlinear

alternatives (see Brock, Hsieh and LeBaron, 1@%81 Barnett et al., 1997). It is also used as a
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portmanteau test or misspecification test when applied to the aésidom a fitted linear time
series model; in this case, it could be used to identify the remaining dependence and the
presence of any omitted nonlinear structure, such that rejecting the null hypothesishaeans

thefitted linear model is misspecified and thus could be taken for a test of-finmarity.

The BDS Test Statistic

The BDS test uses the concept of a correlation integral, which measures the frequency with

which temporal patterns are repeated in the data.

Procedures for its Computation

1. Suppos N=L NaY& &\ =s a returs series of a stock prices.

2. Choose a value ah (the embedded dimension) and embed the time seriesnnto
dimensional vectors, by taking eagtsuccessive points within the series. By this, the
series of scalarare converted into vector series with overlapping entries. That is:

N L NAY&A ay;
N L :NaVa& &Y ss;
N' L INaY& & 6

Noa L iNboa 80 -588 858
3. Compute the correlation integrapg &hich measures the spatial correlation among
the points, by addg the number of pairs of pointd&R éEs Q EQ 04 Q FQ 0 én
them GLPHQVLRQDO VSDFH ZKLFK DUH 3QHDU" EHFDXVH

tolerance Yof each otherThis is given by:

5 ~
o a7 Ay v twa (4.65)

TMéi”i

% L

SEBNM FN. QY
LJ
KBPANSEOA

with the standard Euclidean norm used in spengfithe indicator function's vad

twva

4. Brock, Dechert and Scheinkman (1987) establish that if the series is independently
and identically distributedE [ ®enthe relation below holds:

% N Yogg (4.66)
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If the ratiogC P trr dhenthe value of ranges from 0.5 to 2 (Lin, 1997), while the
values ofl fall between 2 and 5 (Brock et al, 1988); thus, the quanty, [F

k%5 o s asymptoticallynormally distributed with mean zero (0) and variargg,

which is defined as:

8a Lve 2 EtAS25-a7VofVE | F ;8062 F 1 6. 027%6g (4.67)

TMéi'_’;ﬂ_ - L%:%?;;:%?G; AUYQQW@Q’ and
Hetn Fon a >R a A dn > ool a ?

5. The BDS test statistic is thus stated as:

YC Mgy 2Ka g P
¥l g

$&5; L

(4.68)

The test statistic is a twiailed test, and the null hypothesis is rejected if the test statistic is
greaterr lessthan the usual standard normal criticales.

In summary, the BDS test examines the spatial dependence in the observed series, and to
achieve this, the series is embedded-ispace andie dependence of such a seigesxamined

by counting whatare called "near" points. That is, points for whithe distance is less than

epsilon are called "near". The test statistic is asymptotically Standard Normal
The Hypothesis commonly set:
* ,dhe returns are independewersus * ; dhe returns are not independent.

4.4 Testing for Anomalies in Returns

Recall the research questi®®Q3 from chapter 1 of the thesiss there any evidence of

anomaliesor speculative bubbles in the banking sector of the NSM for the study periods?

This sectionprovides relevant methods as adopted in other studies foundbkuitar this
research and considetheir application to RQ3We hopeto follow the approaches used in
those studies to investigate anomalies and bubbles in the bank data obtained from the NSM

across the study periods.

Planned Methods forAnomalies in Returns in Chapter 7

1. To fit regressionof log returns on the Dapf-theweek;
2. Plotting of the Dayof-theweek effect

3. To fit regression of returns on Holiday and January days

94



Plotting of holiday and Januaejfects

To oltain OctobetMarch Seasonalityftects;

Plotting of the OatberMarch seasonality effects

To obtain Turrof-the-year effects anglot the correspondingeries

To obtain Turrof-the-month effects anglot thecorresponding plot serips

© © N o 0 &

To obtain Turrof-the-year effectsand plotthe correspndingplotsseries

The approaches discussed in Taylor (2008), Schewert (2003), and Archana, Safeer and Kevin
(2014), have been found suitable to be followed in testing and identifying the presence of our

choice of anomalies in stock returns.

4.4.1Testing for the Day of the Week Effect

For any of theabove anomalieshe regression equation stated as below is commonly applied
in the literature:

"L 4EAlg &s;EBA (4.69)

where”, represents daily stock returns anQE <L sd& &&are mean daily returns (or effect

for each trading day of th@eekand the B is the random errarFor example, ithe Tuesday

effect anomaly is being investigated; s;is the dummy variable fofuesdaythus &:s;=1

if Tuesdayor &:s=0 if any other day. The same goes for dummy variable for every other da
apart from Monday which without loss of generality is treated as the reference category and is

represented by ,.
Alternatively, (4.69) can be set for Monday effect as:

"L 4E s E 4 E ;SE 3 EB (4.70)
Where in this case, ,represents Monday effect in the model.

Note: for the method to be consistent with weekend effegdh (4.69) or ,in (4.70) should
be significantly lower (ant sometime&edative') tharthe associated parameter &y other
day, while gshould be higher (and positivedee Taylor, 2005, 201Sewell, 201}

4.4.2 Halfof the Month Effect

We have
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"L 4E 5 EB (4.71)

where ", is the ddy returns and D=1 represeritee dummy variable for the first fifteen calendar

days of the month and B0 otherwig with Banerror term

Note: for this to hold it is expected that, represenhg mean returns for the first fifteen day
shouldbe higher than that of éhremaining days

4.4 3Turn-of-the Month Effect
We have
"L 4E 5ss5sE g6E 7 7E gsE 9 9gE . .E . . EB (4.72)

where 5 ¢ and -respectively represemtummy variablesfor the first, secondand third
days preceding thiast trading day of the montlgyfor the last day of the month and,, .,
. represent dummy variatsiéor the first, second and third days succeeding the last day of the

month respectively.

It is also expectethat the mean returns for the first three days before and after tluayast

the month should be higher than those of the other days.

4.4.4Holiday Effect

Given that

"L 4E s sE ¢ 6EB (4.73)

where 5is thedummyvariablefor a day before a holidagnd ¢s the dummyvariablefor
a day after a holidaAlso, for this effectto hold it mansthatthe returns on a day before a

holiday should be higher.

4.5 Determining the Presence of Bubbles in Returns

Many tests have been proposed for detecting the presébabbles, these include) Yiariance
bounds or Volatilitytestsasproposed by Bl er (1981),and LeRoy and Porter (1981);)(iTest
for premium bubbles, introduced by Hasdouvelis (198#) Tests based ondhtegration
analysis as proposdy Diba and Grossman (198&)d a host of other authors)(iVests based

on Regime Switching Mdels & apgied by Van Norden (1996); and jvthe duration

96



dependence method proposky McQueenand Thorley (1994), which usdeg-logistic

regression.

While thefifth of these habeenobserved to be a direct tést presence of bubbles, the other
four are indirect tests applied to determining the distributional properties of prices and

fundamental measures.

However, in this research ofacus will be onthe fifth approach, consideririgpe nature of the
available data for this researchhis is becauseéhé focus of this research is on the empirical
analysis of observed data on bank stock returns, not the distributional historical prices of bank
stocks. Moreover, Omar (2012) which this research extends uses the fifth approach for the same
reason and it isasier to compare our results with that of Omar (2012).

Methods for Determining Presence of Bubbles in returns

1. For each bank, wehall obtain the summary statisticgarticularly the length of the
bubble (T),along withthe mean, standard deviation, skewseand kurtosjsfor the
returns corresponding mybubble episodes

2. We shall comparéhe mean, standard deviation, skewness and kurtosis credited to
bubble episode(s) to the overall respective attributes for each barghaliferther test
for thepresnce of positive autocorrelation for each bank ablag

3. We shall testfor the hypothesis ofa unit root as against the alternative of
"explosiveness" for the corresponding price series for the bubble episodes within each
bank

4. Weshall therproceed teet up the return series for eaelspective bank for the adopted

duration dependence tests

Setting theobjectives forChapter 8we have the following

1. To see if there is skewness, kurtosis and positive autocorrelation in the daily returns
within the icentified bubble regions

2. To testif rational speculative bubbles exist in the Nigerian bdsitacks by applyinga
simple diagnostic test for theti@al speculative bubble model;

3. To apply the duration dependence test using thegfoportional hazards ndel to

detectthe presence of rational speculative bubbles in the Nigerian Hatdcks

97



In applying the unit root testliscussed so far, the following null and alternative hypotheses

areoften set.

* 4. The variableis stationary othere is ngrice bubble

* = The wariable is explosive or thereasprice bubble

Details d the Coxproportional haard modelwill be provided irChapter8 of the thesis.

4.6 Fitting Appropriate Volatility Models to the Returns

Recallthat RQ4 states How volatile areghe bank returns and which volatility models are most

suitable for describing the volatility behaviours of the returns in different study periods?
Section9.2providesthe methods and models needed to address RQ&xanaine the presence

of volatilityin WKH EDQNV Y NSMWYelsaV aimitovappiepriately model the returns
DFURVV GLIITHUHQW VWXG\ SHULRGY WR GHVFULEH WKH OHY
data for this investigation is the system date obtained from the NSM andcCGdsh

In this researctvarious univariate GARCH modificatiomgll be explored to model daitock
return volatility of Nigerian banks trading at th&SM, during both the overall and financial
crisis periods. Forexample we intend to explore models du as GARCH: &';,
EGARCH:" &';, GJIRGARCH:' & ;, TGARCH:’' & ;and PGARCH:" & ;, with " L “ L

sd & . The functional forms of these models are further explicated in chapter 9.

4.6.1Planned Procedure Fitting and SelectingVolatility Models

1. Having confirmed thiathe returrs seriesfor each of the banks is stationary in chapter six,
we shallcheck for the presence of an ARCH effect/heteroscedasticity in the return series of
each bank usinthe LagrangeMultiplier (LM) test statistic proposed by Engle (1982) or
Breusch and Pagan (197®ese shall be discussed below)

2. We then fit different possible candidate GARCH family meddloth symmetric and

asymmetric forms.

3. We group the fitted models based on two error distribution assumptibiasmal and

Studenit distributions.

4. Selection of the best models is done, first at the error distribution level, and then at the

overall modelevel usingAIC (or BIC).
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5. The final model is then chosen by furtlegamination otheextended familyf the selected
candidate model basexh (1) the lag levels and/or (ii) the use of the skewed form of the
error distribution for the modéditted in (4) above. This is done to see if a better fit could

be achieved.

6. Checking the goodnesd-fit of the fitted model by examining presence: of
: Eanasymmetric effect E;Berial correlation in the standardized and squared standardized
residuals : E Edy ARCH effect in the standardized residuals arkel stability of the
estimated parameters using tiigblom test.

7. Computation of the persience rates, unconditional variance and-hglffor the fitted
model for each bank.

8. Finally obtaining the plots for the fitted series, the standardized and squared standardized
residuals, and thdews Impact CurveNIC) for each of the banks.

4.6.2Testof Heteroscedasticity

One major preliminary check prior to applying the Autoregressive Conditional
Heteroscedasticity (ARCH)/Generalized Autoregressive Conditional Heteroscedasticity
(GARCH) family of models is tdook for the presence @nARCH effectin the returs series

using the residual seriesj{}, also called innovations. The Langrange MultiplieM) test of

Engle (1982) is found suitable.

Detecting Heteroscedasticity

There are two basic methodsdetect heteroscedasticity in time seriesludingstock returns,
namely the Graphical Method and econometr&td for heteroscedasticity, which mayeliber

of the following:
1. The BreuscHPagan LM Test
2. Engle's ARCH Test

The Breusch-PaganLM Test

The BreuscHPagan test is a formal way to testetler the error variance depends on the
observed series

Procedures
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Step 1: Set the following hypothese

*,d8, L isLigL ®LiyL r, versus*g At least one of the parametersist 0
Step 2 Run a linear regression of the returns series of the: form
ML 6, E 6,Nrs E 6 ,Nrs E@ E 6 NenE %o (4.74)

Estimate the model parameter usi@gdinary Least Square OLS, and then obtain the

residualsesiduals, Y,

Step 3:To test if the error variance depends on the series, we regression the squduetsres

on the lagged return series as follows:

Y LisE isNos E ighog E®E izNoa E Q (4.75)
where Qis the error term

Step 4:.Compute the Lagrange Multieli statistic
LM=T4%1i§,¢ (4.76)

whereT is the number of observations add(the coefficient of determinationjs estimated

from the regressio(.75).

Step 5: If LMstat> 18, critical value corresponding to a specified significandevel, reject

the null hypothesis and conclude that there is significant eviderfuet@roscedasticity, dhe

.-level of significance.

Engle's ARCH Test

In the case of Engl§ Yest, heteroscedasticity mupposedo characterisghe error term's
variance rather thahe error term its&l The underlyingoncept is that the error term's variance

is assumed to depend on the squared laggedterms, that is:
Procedures
Steps 1 and Zre the same as above

Step 3 Square the residuals obtained frodn/p), and regress them on p own lags to test for

ARCH of order p as follows:

¥LisEi s E®E 3% E Q (4.77)
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Obtain 4%from (4.77)

Step4: The test statistic is the Lagrange Multiplier of Engle (1982), defasé4® (the number
of observations multiplied by the coefficient of multigletermination 49, and is distributed
as ai £ ( Brooks (2019, p.390)).

4.7 Summary and Conclusion

This chapter has reviewdxliefly thedata intended to be used instheseech and some selected
methodologies to be adopted to address the research questions presented in chapter one of this
thesis Essentiallythe cocepts discussed so far inclugsts of skewness, kurtosis, Nality,

unit roots autocorrelation and agotial autocorrelation, calendar anomalies and
heteroscedasticity/ARCH effettsts. Furthedetaik of the choiceof methodologies that will

fully address the research objectivedl be presented in detaiithin the respective chapters

dedicatedo eat of the issues this study exansne
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5 CHAPTER FIVE: Stylized Facts of Asset Returnsin the NSM

5.1 INTRODUCTION

The underlying ainof investing in financial assets such as stocks, bonds, bank deposits, futures
or derivatives is mainly to earn prisfiafter holding them for a reasonapkriodwith little or

no rik. Positive income or returns aearned if the price of a holding asset at the enhef
holding period is higher than it was at the time of acquisition. The amount of income realized
at the end strictly depends on three components, which are: (i) the initial capital, which
translates to the volume of assets purchased, (ii) the lengfile bdlding period, and (iii) the
returns on the asset over the holding period. Thus, a return sioyitly be defined as the
dividend (or interest) plus thehange in current asset price

In financial time series, asset return has remained the variableecdst instead of pricéor

two simplereasons, which according to Campbell, Lo, and Mackinlap{}%are: (1) tahe
investors, asset returns arempletely a scalree summary of any investment prospect; (2)
asset returns are generally known to be stationary and easier to handle, due to having attractive
statistical properties, unlike the assetceritself which empirically is nonstationary, and
successive prices are highly correlated, with tiragying variances, thus obtaining meaningful

statistical analyss becomes difficult
Definition (Asset Returns§?
A. Single-period Simple Returns: this is dvided intothe SimpleGross return anthe Simple

Net Returnotherwise callethe SimpleReturn.

Holding an asset from tim®F sto Pis the price of the asset changes fr@nsto 2., such

that we assume no payment of dividend, then:

a. The Smple Gross Return is defined as the ratio of the new market value at the end of
the holding period over the initial market value, which mathematically is defined as:

SEdg L%. (5.1)

b. TheSimple Return is derived as:

13 see Tsay, 2002; p-2)
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Ers Ers7
4(;5, L — E{s FsL By (5.2)

where 4.5 is the profit rate of holding an asset from tirR& s P KPwhich sometimes is written

as 105" , the percentage rate of change in price within the holding price, representing the
percentage gain in price relative to the initial capitgs

In terms of high frequency data, such as daily or hourly retufiggis usually very small, with

the returns of less risky assets such as bonds taking even srahiés over short horizon.

B. Multi -period Simple Return

Suppose an asset iglth for a single period between timeB G = J @ then the GFperiod
Simple Gross Returns also calledCompound Return, is derived as:

SEdgp L =2 L -2 H= HaHEmOG L ks E 450H ks E 4cr550H& HKS E 4550

Er37 o) Br7- =198 Eg7o

The GF period simple returtherefore equais

4 L B0 (5.3)

Erro

Annualized Returns-

For thegeometric meanthisis obtained as:

Annualized {4.5= ARZ>:SE 4,5 P (5.4)
For the logarithmic mean
5 Al

Annualized {4, =155 A

e HBE 4,5 ?F s (5.5)
b %

For the mean by oneperiod
Annualized {49@:N—2 ABZS H B E 40 (5.6)

The Continuously Compounded Return,which is the natural logarithm tiie grosgeturn of

a securityJog return is obtained as
"L "KOE ~0L g™ L HZ F Hps (5.7

™SV DQ DldsMIpNCE At a periodand ,,5is the price a prior period before, or

on a particular period-F s noting that "t" may be "days," weeks," "months," or "years".
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The concept ofa continuously compounded return is closelyrelated to the concept of
compound rates or interest rates. For instance, for a bank deposit account, therategsest
usually quoted as simple interest.

C. Portfolio Return

The simple net return of a portfolis comprisedof N asset@ndis a weighted average of the
simple net returns of the assets involved, where the welghin each asset is the fraction of
WKH SRUWIROLRYfY YDOXH LQYHVWPHQW LQ WKDW DVVHW

43g L Afgs Sthuc (5.8
D. Dividend Payments

Supposehatan asset pays dividenfi&) periodically,then thedefinition of asset returns needs
to beadjusted. Irthis casethe return is defined as follows:

For the simple returns

>1/13
4. L e Fs (5.9
For the compounded return
N L Z:-ZQE&Q: FHZ,5 (5.10

E. Excess Return

The excess return of an asset at a tifsethe difference between the asset's return and the
return of a riskless asset such ashartterm U.S. Treasury bill return, bank interest rates and
LIBOR (London Intebank Offered Rate) rates. Thattise Excess returns is

‘¢ L 4. F 4,,@ndthe compounded excess retign

AL NFN (5.13)

where 4,.and N.arerespectivelythe simple and log returns of a riskless asset (T2292; p.
5)

Excess return may be defined as the payoff on an arbitrageljpottfat goes long in an asset
and short in the riskless asset wikh net initial investment
For bondsyield spreads an excess yield defined as the difference between the yielghara

bond and the yield of a reference bond such as a US treasury bill with a similar maturity
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Remarks

The financial econometrics litature generally employs the logturn formulation (also known

asthe logprice relative) for two key reasons:

1. Log-returns can be interpreted as continuowslpnpounded returns. This is easily seen

by exponentiation to yield

FSINI L o2 Lo L Lot (5.12
whichis easily recognised as the growth of the value of the Invesirhgn), over the
time interval (PF saP,when compounding continuously at the rafa

2. Continuouslycompounded returns are time additive. To compute a weekly returns

series from daily log returns, it is valid simply to add up the daily returns
5.1.1 Empirical Properties of FinanciaReturns

a. Daily returns of the market indices and individual stocks tend to have higher excess
kurtosisthan do monthly returns. For monthly series, the returns of market indices have
higher exceskurtosisthan individual stocks.

b. The mearof the monthlyreturn series is slightly higher compared to that of the daily
returns, which is always approximately zero.

c. The standard deviations of daily returns are smaller compared to those of the monthly
returns.

d. The standard deviations of daily market indexes ardlemthan those of the individual
stocks.

e. The empirical difference between simple and log returns is not significant.

f. The empirical distribution of asset returns has a higher peak (leptokurtic) around its
mean, but fatter tails than that of a normal digttion. This means that asset returns
have a distribution that is taller, and with thinner tails but with a wider support, than that
of a normal densityTaylor, 2005 & 2011).

5.1.2 EmpiricalPeculiarities of Daily Financial data
In this section, we summae some of the findings on the empirical characteristics which have

been established by the previous studies, to have characterised daily financial data across
different exchange markets
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. Daily returns appear to have a much higher kurtosis than is conisiste the normal
distribution McNeil, Frey andEmbrocates2015).

. The distribution of daily returns is said to be leptokurtic, meaning narrower in the centre,
but longer with heavier tails compared to the normal distribution. The measure of
thickness oftail of a distribution, called Kurtosis, measures the mass in the centre
relative to the nowentre part of the distributiom@nielson 2011) Skewness, on the
other hand, is a measure of how symmetric the distribution of a variable is relative to
the man. Note that both skewness and kurtosis are sensitive to outliers such that when
skewness is negative for instance, it implies the returns is fatitailed than right

tailed, meaningthatextreme losses are more probable than the extreme gains and vice

versa.

c. The tails of daily or short time interval returns decay slowly according to the power law.

. The Leverage Effect is a negative correlation between past returns and future volatility
of returns. It could be defined as the ratio of debt to equityooingpany or firm such

that the higher the leverage effect, the greater the risk or volatility of the firm. High
leverage occurs due to negative returns, which translates to low equity prices, meaning,
a higher debequity ratio of a frmBlack, 1976; Chrige, 1982; Henry, 1998Negative
leverage means that a positive shock has less effect on the volatility compared to a
negative shock/news. When there is a high volatility in returns, the risk of doing
business goes up; thus, investors move their funddess risky investment

. A sudden rise in returns, identified by a positive value of the resid@iﬂdicates the
arrivalof goodnews, whereas a negative value\'g)i[mplies bad news.

Daily asset returns mostly have negative or zero autocorrelation at lag 1 especially. A
lack of autocorrelation corresponds with wdakm market efficiencyjndicating that
returns are nopredictable.

. The significant autocorrelation in absolute returhsor their squares with a positive

and slowly decaying autocorrelation function such tAa{ NN aN., ; P rfor G
ranging from afew minutes to several days or weeks, indicates substantial volatility
clustering in returngMandelbrot, 1963; Cont., 2005%ignificant autocorrelation in
squared returns implies that there is presenceAuatoregressive Conditional
Heteroscedasticityor ARCH in the returnsA lack of ARCH effects in the retusn

serieshowever,is an indication that the series is dependBatnfelson 2011).
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In the meantime, considering previous studies, such as: Granger and Ding (1995), Campbell,
Lo, and Mackinlay (1997)Granger, Speamnd Ding (2000), and Cont (2011he focus of this
study will primarily be on the following properties of financial asset returns as they relate to

Nigerian banks.

Stationarity. That the prices of a financial asset traded over timessurally not stationary

likely due tothe steadygrowth recorded in the economy, increased productivity levels due to
technological advancement, and economic recessions or financial meltdown. On the other hand,
the returs normally fluctuate around a constdevel overa period

Heavy Tails The probability distribution of the returnigloften exhibits heavier tails than those

of a normal distribution. A frequently used tool for checking thettadviness is the Quantile

Quantile (QQ) plot, which wil be discussed in further detail in the later sesafrthis chapter.

Asymmetry The distribution of the returngis usually negatively skewed, indicating that
downturns in financial markets are often much steeper than recoveries. Investam) teact

negative news compared to positive news appears to be stronger.

Volatility Clustering: This concept indicates that returns of equal magnitude and sign occur in
clusters. That is, large price changes are trailed by large price changes, and pesbdsce

followed by small changes in price, thereby producing high volatility.

Aggregational Gaussianityln this case, a retusrseries ovem numberof days is simply the
aggregation om daily returns. This means that when the time horizon incretsegentral
limit theorem comesto play such that the distribution of the returns over a long-hioreon

(such as a month) tends towards a normal distribiimgers and Zhang, 2011)

Long RangeDependenceThereturns themselves rarely exhibit amyialdependence, which

does not imply that they are independent. Practically, however, both daily absolute and squared
returns often show small and significant autocorrelations. The autocorrelations are more
persistent for absolute returns than for sqdaeturns, indicating that the signs of lemgmory

are stronger in the former than in the latter, but these autocorrelations gradually become weaker
and less persistent when the sampling interval is increased from a day, to a week, to a
month(Cont, 2001;Thompson, 2011

Leverage effectaccording to this concept, asset returns tend to be negatively correlated with
changes in volatility (Black 1976, Christie 1982), meaning that as asset prices drop, firms

become more leveragetheir debt to equity ratiomcrease, hence it becomes riskier to trade
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in such assets, because their stock prices become more volatile. However, when stock prices
become more volatile, investors push for high returns, leading to a price drop. Also, volatilities

due to price declinare usually higher compared to g3e price due to reduced volatilities.

5.2 Graphical Presentation of Data

In this section, we briefly discusgke various methods adopted to graphically summarise our
data with a view to identiipg various stylized factsharacterising the returns of the banks
under study. Specifically, we defiree time plot, a histogram,a quantilequantile plot and

outliers.
5.2.1Time Plots

A graphicaldepictionof time series data is called a tirp@t. Thisis simply a line plot withhie
time series data on theaxis and the time index on theaxis. Time plots are useful farquick
examination of the inherent features (such as trend and pattertis)e series data.

5.2.2Histograms

A histogram of returns is a graphical summaryduse describe the general shape of the
unknown probability density function (pdf) of a returg,: N. It is constructed by orderirtge
returns from smallest to thargest, dividing the data rangeto 0 equally sized binsand
plotting the frequeties of the bins as areas of bars inli®ogramHistogramsare usefuin

visually assessing the normality of a dataset and are distribfraen

Moreover, sincehistograms approximate the shape of the population distribution through the
frequency polgon, allthe empirical statistical measuresch as samplemeans, standard
deviation, skewness and kurtosis used to describe the stylized facts of returns apply to

histograms of the returns.
5.2.3Quantile-Quantile (QQ) Plots

In addition to visualising # shape of thhistograms of the returns and error terms associated
with different models explored in the thesige will use QQ plots taletermine whether the
returns arerandom sampk from a speified probability distribution, typically a normal
distribution, by comparinghe empiricalquartilesof the observed returns and error tetms
those from a reference probability distribution. If flets closelyfollow the 45-degree line,

then this provides strong evidence that the reference distribapiprgoriately describeshe
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observeddata. Technicallythe QQplot iscomposedf thereference distributioguartileson

the xaxis and the empiricajuartileson the yaxis. If thequartiles donot match upthen the
shape of the Q@lot indicates which feates of the data are not captured by the reference
distribution

5.2.40utliers

We will detect outliers in the bank stock returns using the standard approaches based on box
plot limits implemented in mainstream statistical software. Any outliers thatugreoddata

entry error willbe removed from the dat@enuineoutliers providemportantinformation about

the behaviour of bank returns in the different -pabiods of the studwnd should not be
removed from data sample. For financial madeagia, outlies aregenerally extremelarge or

small values that could be attributed to data entry error (e.g. price entered as 10 instead of 100)
or avalid outcomeassociated with some unexpected bad or good news.

On the assumption thatsaries say: 10:44°%;a”:4aFué Q: QAaE ué; Nr§{

However, since the measiand the standard deviaticggare not robust against outliers simply
because they become larger in the presence of outliers, we then replace them with median and
interquartile range§lQR), which are very robust to outliers. Thasmoderate outliein the

right tail of the distributionmay be determined by box plots to fall outside the limits

(https://faculty.washington.edu/ezivot/econ424/descriptivestatistigs. pdf
Mso E s&vU+340TON,9 EUH+34 (5.13)
If the data were normallgistributed then
Ms9 NAE r&ydand + 34 saiv@

And (5.13 becomes:aE t & V& O T O 4 E v& . The same applies to a moderate outlier
falling in the left tail of the distributiofbelow the medianandit is a data point falling in the

range:

MgoF uU+340 TONgoF savU+34 (5.14)
The extreme outliers are found outside of the tails of the distribution, defined as:
TOMgoFuU+34and TP My EuU+34 (5.15)

Note: The elatively large proportion of outliers in return series maylbeto thepresence of

bubbles, anomalies and pronounced market volatility.
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5.3 Results and Discussions

In this section, the time series plots for the daily, monthly and financial crisis peratibesh
presented ah briefly discussed,including discussions on the distribons and the
autocorrelation®f the sixteerNigerian banks(Access, Afribank, Eco bank, Diamond, First
bank, First City Monumental bank (FCMB), Fidelity, STANBIC IBTC, Skye ri$tg, United
Bank for Africa (UBA), Guaranty Trust bank (GTB), Union, Unity, WEMA and Zenith banks)
Further discussionwill focus on the summary statistics and relevantdesich as: skewness,
kurtosis,normality andACF tests, leverage diagnostic &sind long memory testEssentially

by the end of our presentations and discussions, questions about the preabseaa®f the
highlighted stylized features of various bafksV W R Falll a2 Wéén addressedlVe note
that excepfor Afribank, the remainingfifteen banks are among the top active and top traded

stocks in the financial services industag listed on the Nigerian StoBkchange (NSE)

5.3.1Discussion ofthe Time Plots for the Daily Data

Specifically, thissubsection presengddiscusses timplots ofthe closing stock prices, log
returns, absolute (log) returns and squared (log) returns recorded daily across the sixteen (16)
banks of he Nigerian stock markets (NSNBted above. In each of tik@gures tobe presented
across the @ banksis a 2x 2 matrix of time serieplots. Startingrom the upper left panel is
the price, log returns, absolute returns and squared returns'(tmethe bottom right) series

respectively

To start with,Figure 5.1 has the four series of the Aasebankfom June 199% December
2014.Fromthe priceseries wecan see gradual but slow increase price from Jun002up

to the period of the bankconsolidation ppgram of the CBN between August 2004 and
December 2005 till around Augu®006 beforea sudden boorthat was sustained till January
2008, when the series attaineth unprecedented height foee a sharp decline around April
2008 andit thendropped to its lowegtoint around January 2009.df then onward, attempts

at rising again were chacterised by ups and down till the end of 2014.

The returs series shows spikes and roonstant oscillation around a constant level close to
zero as against the price which shows trend. Moreover, high oscillations not only persist but
tend to cluster togther, eflecting more volatile marketshé& length of persistence in volatility
close to the end of 2007 till the end of 2014 is much lotigeen those from June 19%&pt.

2001 and June 2002 to Juk@04.The interplay of tranquil perioddfom Oct.2001to May
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2002 and Sept. 2068ept.2005, with thehighly volatile(turbulent) periods, indicatevidence

of volatility clustering.

Unlike the log returns which oscillate around a constant level, thethbsolute and squared
returns series, which generatgpresent volatilityfluctuate positively. From thEigure there

are clear signs of sharp jumps in volatility (more pronounced in absolute than squared returns),
at three mjor points of around Septemi#601, August 2004 and Octob2006 respectivy,

with that of around Octobet006, which coincides with positive spiken log returnsbeing

the longest.

We can see that following the 2007 positive spike in returns, there wasliaedn returns
between 2008 and 2009, which may be associated withfbetseof the 20009 global
financial crisis. There was a negative spike in 2004 which suggests that the bank was negatively
affected by the CBN bank reforms of 2004. These facts indicate how to generally relate
fluctuations in bank returns presentedhistsubsection to different financial policy and crisis
periods, albeit visually. The point of detailed modelling of the empirical finhfeatures
manifested by these returns in subsequent chapters of the thesis is to explore possible significant
differences in the stochastic models that describe the fluctuations, for example the different

types of ARCHGARCH mockls that explain return volatilities.

Price series for Access Bank Return series for Access Bank
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Figure 5.1: Access bank daily Closing Price, log ReturnsAbsolute Raurns and Squared Returns (June 199®Dec
2014)
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Note that the presentatiamd interpretationsf the above plots for the remaining banks fokow
the same patterns attiese ar@resented ifrigure5.2ato 5.16 (seeAppendix5A). However,
to compare time plots for the daily closing prices and the return series among ekt
Figure 5.2, 5.3, 5.4nd5.5 arepresented below.

Comparative Price-Return Plots and Bank Characteristics

Given the foregoingotes on the observed differencesinNavif UHW XUQV SURILOHV DF
periods related to financial reforms and crigiable 5.1 below classifies # banks into two
groups,namely: A:"those whose trading activities predate 2004 bank consolidadiohB:

"those starting during and aftére bank consolidation in 2004

Table 5.1: Classification of Nigerian Banks into Groups A and B (T is number of days)

Grp A- Trading before | Periods (T) B: Started Trading Period (T)

2004 during and 2004

Access June 1999 tDec2014 Diamond May 2005Dec2014
(15.5years 3869 (9.58year3 2368

First June 1999+Dec 2014 Ecobank Sept2006Dec2014
(15.5years 3869 (9.25yearg 2050

GTB Junel999 +Dec2014 FCMB Dec2004Dec2014(10
(15.5years)3869 year9 2474

Sterling June 199Dec.2014 Fidelity May 2005 +Dec 2014
(15.5years 3869 (9.5years)2376

Union Junel999Dec2014 Skye Nov. 2005Dec.2014
(15.5years 3869 (9.083years)2391

UBA June 199Pec2014 STANBIC April 2005Dec2014
(15.5years 3869 (9.67years)2391

WEMA June 199PDec2014 Unity Dec 2005Dec2014(9
(15.5years 3869 years)2223

Afribank June 199%ept2011 Zenith Oct2004Dec2014
(12.2years)3046 (10.17year3 2516

Now we present the followingigures 5.2, 5.3 5.4 and 5.5to gve clearer pictugs of the
comparativeprice and log returns behaviwof the sixteen banks. Frofigures 5.2 and 5.3

a critical assessment of the price plots across the sixteen banks shadhes 20872009 globall
financial crises hadignificant impa&ts on Nigerian bankgjiven the fact that virtually all the
banks price seriesxperiencethoombust periods from 2008 to 2009. Banks such as STANBIC,
Union, Unity, WEMA and possibly GTBhowever recorded ateast two episodes of boem

bustbehaviour thatould bea bubble, whichwe will investigatein chapter 8 of this thesis.
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A further indepth look revealghat the price series @iamond, FCMB andFidelity banks
behave almost the samay. BankssuchasDiamond andSkyewitnesseda slight increase in
price for at leasthree years after the reform&EMA andUnity banks experienceasecorml
rise in price mie2014GTB respondegbositivelyto the second reforms after the crisis in 2009
showing sustainethcrease in stock prisetill close to the end of(4.0Other banks suchs
ECO, Afribank, FCMB, Fidelity, First, Sterling, UBA, Union , and Zenith banksdid not
experiencesuchsignificant rissin price of their stockafter thefinancial gisis and the initiated

reforms, withEco Bank being worst off dugo the crisis
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Figure 5.2: Time Plot series for Daily Closing Prices across the Nigerian Banks for the Overall Period
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Figure 5.3: Time Plot series for Daily Closing Prices across the Nigerian Banks for the Overall Period

Moreover, while the return serie$ Diamond, FCMB and Fidelity banks are highly volatile
and persistentsgeFigure 5.4), indicating that for the periodsnder investigationnvestments
in the three banks aessociatedavith highlevels of risk, whilethoseof First GTB and Zenith
banks are dominated by negative spikes and are fairly vol&filANBIC, Union, WEMA
and Unity banks however behave the same way wighlow level of volatility (SeeFigures.3
below).
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Figure 5.4: Time Plots for Daily Log Returns of the Nigerian Banks at Overall Periods
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Figure 5.5: Time Plots for Daily Log Returns ofthe Nigerian Banks at Overall Periods

Summarythe findingsobtained up to nowould gewrrally be summarised as follows.

1. The priceseries across the 16 banks ibxirandom walk like behaviour.F&at is there
is notendency to revert to a tiriedependentnean so that the serieen-stationary

2. All the banksshow one largeboontbust behaviouin their prices during the runp to
the financial crisis

3. STANBIC, Unity, WEMA and GTB show second signsbamfombustbehaviour after

the secondbankreforns initiated by the CBNn theaftermath of the financial crisis.
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4. Due to the oscillatingmovements of log returns around a constant mean, which
approximately equdo zero,there is evidencef meanreversionbehaviour through
time across the 16 banks; thtise return seriesppear tdoe statimary. The constant
mean value of @ an indication that the common mean value assumption of covariance
stationarity seems to beatisfied. Thisis a major stylized factof asset returngs
discussed earlier and to will beplored furthethrough appropriate testatistics irthe
subsequent section.

5. The fluctuations of the returns about the mean across the lagplesar to change
overtime confirms the time-variation or volatility of the assetreturns. However,
visually, with the nature of the return series we have, one cannot be sure if there is
evidence of systematic time dependence (at leastlimearform), in the returns; this
shall be investigated by examining if the autocorrelatiohghe log returns are
approximaely zero.

6. The volatilitylevel in absolute returns is more pronounced and persistent thiimegh
thanthe squaed returns across all thmnks,and thisis visual evidencef long-range
dependencer predictability in volatility- another major stylizefhct of volatility across

different markets, asotedin the literature (see, Danielson, 2011; Tsay, 2002)

5.3.2Discussions othe Monthly versus Daily Time Plots

,W LV LPSRUWDQW WKDW SULRU WR GLVFXVVLQdnWedH UHVSH

1. To obtain the monthly closing price series, we concentrate only on the last trading day
RI WKH PRQWKfV FORVLQJ SULFH IURP WKH GDLO\ FORV
2. The monthly return series for each bank is obtained from the monthly pries seri
gererated in (1) abovefter which we obtained both the absolute and squared returns

from the monthly returns

As argued in Ezepue and Omar (2012), empirical finance typically explores differences in series
behaviour across different time epochs, for exardpity, monthly and yearly, since different
short, medium and longterm investment decisions depend on such differeriigare 5.6
presents the time plfor the monthly stock prices, returns, absolute and squared returns for

Access bank, while thoserfthe remainind.5 banksare presentedhiAppendix B(ii).

The following are the major observations made across the 16 famnles:
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1. The monthly closing stock price series for the respebt@rdksgenerally resembléeir
daily closing serieshut thoseof the former are more revealing and well spread than
those of the latter.

2. The spikes in the monthly returase not as clustered as thoséhia daily returns; their
oscillations areather smoother arfaktterspread than those of the daily returns.

3. The monthly returs series fluctuate more like Gaussian white noise comparédteto
daily returns, and théherent heteroscedastic component of the monthly returns is
easier to visualiseompared to the daily return series.

4. In effect, te volatility level inthe monthly series is far more pronounced and spread
out and not as clustered as thosehef daily seriesThis canbe confirmed from both
the monthly absolute and squared returns across all the banks.

5. The spikes in the monthly volatility are longer aretter spread compared with those

of thedaily volatility (seeFigure 5.6).

Meanwhile, we shall further examine the distribution of the monthly series through histogram
and QQplotsin the relevant section to investigate the level of normality of the ryosghies

as against the daily series.
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Figure 5.6: Access BankDaily versus Monthly Time Plots for Price, Log Returns, Absolute and Squared Returns
(June 1999 Dec. 2014)

5.3.3Discussionof the Time Plotdor the Banks during Financial Crisis

Table5.2 below presents themhgth of time taken by the 20@D09 financiakrisis across the
sixteen Nigerian banks. From the tabfdribank and Zenith experienced the crisis the
longestperiods of 18 and 17 mths (seeolumn 3) respectively. The banks with the shortest

lengths o#4 and 3months are respectively Union and WEMA banks.
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Table 5.2: Length of Financial Crises across the Sixteen Banks

Bank Downturn Periods Length in months
Access April 2008Feb., 2009 11
Afribank August2007%Feb., 2009 18
Diamond Jan2008Jan, 2009 12
ECO May 2008 Feb, 2009 10
FCMB Jan2008March, 2009 15
Fidelity Feb.2008 April, 2009 14
First Feb.2008 April, 2009 14
STANBIC March 2008 Jan, 2009 11
Skye April 2008 Jan, 2009 10
Sterling May 2008 May 2009 12
UBA May 2008 Jan, 2009

Union Oct 2008 Jan, 2009 4
GTB March2008Jan, 2009 11
Unity Feb.2008March, 2009 11
WEMA Feb.2009-April, 2009 3
Zenith August2007 Jan, 209 17

FromFigure 5.7, we see thatvhile somebanks are faced withgradual decline in thelaily
stock prices for the crisis peripthe ECO and WEMA banks are characterisdary sharp
declines. Unlike other bankswvhich attemped to readjust after thedownturn andthe
introduction of thesecond reforms in Jurg09 ECO bank was unable to get out of the crisis

despite the second reforms
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Figure 5.8: Price Series of the Nigerian Banks for the Periods of Financial Crisi&ontd)

Visual assessment of the returns series as presenfégliies 5.9 and 5.10revealtha Unity
bank is most volatile, followed bi¥FCMB andFidelity banks(to nearly the same degre®)ext
areAccessandSTANBIC (to a similardegee), then Diamond and Sky&ll the banks exhibit
long-range volatility persistence While WEMA Bank experiencedlong-range level of
calmness in between two extreme volatiégipds, ECO remainetthe least volatile during the

crisis.
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Figure 5.10: Time Plots for Daily log returns of the Nigerian Banks during the financial crisis (Contd)

Table 5.3providesa subjective assessmentt the observed degrees of volatility in the log
returns plots across the 16 banks for the overall and financial crisis periods, basedbmvéhe

visual assessmestwhichwill be explored in more detail i@hapter.

Table 5.3: Summary of Visual Degreesof Volatility across the 16 Banks forthe Overall and Financial Crisis Periods

Degree of | Bank: Overall Bank: Financial Crisis

Volatility

Low STANBIC, Unity, WEMA, ECO, Union ECO and Zenith

High Access, First, Skye, Sterling, Afribank and | Sterling, Unon, First WEMA, GTB
UBA and Afribank

Higher GTB and Zenith Diamond and Skye
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Highest Diamond, FCMB and Fidelity Unity, STANBIC, Fidelity, FCMB
and Access

Notice that some banks have movemumns from different degrees of volatility across the
overall orfinancial crisis periodg-or instance, STANBIC Bank has overall a low volatility but
has one of the highest volatilities during the financial crisiBhese findings have subtle
implications for investment decisions regarding the potential risks assowiieidvesting in
differe Q W E Btezksatfpss different investment horizons. For ldagm growth investment
objectives, the lowerisk bank assets could be ofenest while for shosterm speculative
trading the higler volatilitiesin both periods my be of interest. Such investment decisions
mustconsider the differential dynamics of the returns examined above, and financial analysis
of the business models, management effectiveness, and fundamental valuations of the different
banks which these implfFor portfolio construction and management involving Nigerian banks,

a correlation matrix of the bank assets will enable investors to choose optimally diversified
portfolios. These investment considerations which may be linked furdH@EMCD within the

banking sector of the NSM are outside the scope of this research.

5.3.4Discussion ofSummary Statistics fothe Daily andMonthly Data for the Overalland

Financial Crisis Periods

Table 5.4 presers summary stistics for daily overall data with indicatetal daily
observations (T). Seven banks, namabtcess, First, Guaranty Trust, Sterling, UBA, Union
and WEMA banksavethe highest sample size (T) of 3869 obations,and ETI, also known

as Ecobankhas the least data size28f50 observations.

With respect tdaher expected returns, the following banks: Afribank, Diamond, ETI, FCMB,
Fidelity, First and Union banks were found to have negative mealnile the remaining nine

are positive, and they are all approximatedyaz However, the median retushzero for all
banks.The standard deviatias far higher than the mean across the banks, thereby causing the
coefficient of variation (CV) to be&ery high for each of the banksor example, for Access
bank, the standard deviation (0.029) is about id&g higher than the mean (0.0008),

behaviour common to asset returns across most global markets (see Zivot, 2009).

Regarding skewnessewen of theE D Qndtfivisare negatively skewedhamely: Afribank {
4.375), Diamond-0.043), ETI ¢(23.2311), FCMB {0.057), First {5.0916), GTB {2.216) and

Zenith (2.280) Hence, their returrsave longer left tails, meaninlatextreme losses are more
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probable thangaiw ZKLOH WKH UH P Belughk, Qeln@loSitide sken@d\nitlfi long
right tails indicde more probable gains than loss@s.all the banks however, GO, with
skewness23.2311is found to beéhe mosihegatively skewed, while WEMAwith askewness
of 36.1655 is the most positively skewedhe above implications of negative or positive
skewness hold even more for these two banks.

While the least excess kurtosis of 0.2706 is attributddiaonond bank, the following banks
have kurtosis above 500YEMA (1882.011), withthe highest kurtosisinity (1085.073),
STANBIC ((1065.405)Union (744.06) andETI (783.7068). Fronour resuls, however few

of the banks has excess kurtosisieérlyzero (0), which is expected oharmally distributed
variable; only three hawexceskurtosisclose to 0 (Diamond, FCMB and Fidelity). Thus, most
of thebanksare leptokurtic with fat tasl This implies that for a large part of the time, the banks'

returns fluctuate in a range smaller than a normal distributiomssgwiming normality in stock

returnswould underestimate the impact of shocks on the daily s&iokns of these banks.

Table 5.4: Summary Statistics on Daily Returns of the Banks (Overall Period)

BANKS T Mean | Median || Min Max Std Dev | Variance || Skewness| Kurtosis
ACCESS 3869 0.0006 | 0.0000 | -0.3192| 0.6898| 0.0290 | 0.0008 | 2.9845 86.8983
AFRIBANK | 3045 -0.0005| 0.0000 | -0.7036| 0.0953| 0.0305 | 0.0009 |l -4.3754 | 94.7174
DIAMOND | 2368 -0.0001| 0.0000 | -0.1343|| 0.0953| 0.0280 | 0.0008 | -0.0430 | 0.2706
ETI 2050 -0.0014( 0.0000 || -1.6094| 0.0976| 0.0455 | 0.0021 | -23.2311 | 783.7068
FCMB 2474 -0.0002| 0.0000 | -0.1400| 0.0953| 0.0252 | 0.0006 | -0.0572 | 0.8811
FIDELITY 2376 -0.0003| 0.0000 | -0.1017| 0.0946| 0.0266 | 0.0007 | 0.0047 0.2950
FIRST 3869 -0.0001| 0.0000 || -0.7070| 0.1643| 0.0296 | 0.0009 | -5.0916 | 97.7673
GTB 3869 0.0006 | 0.0000 | -0.3309| 0.0913| 0.0269 | 0.000¢ -2.2160 | 23.1739
SKYE 2243 0.0001 | 0.0000 | -0.1004| 0.8029| 0.0330 | 0.0011 | 6.4348 155.7539
STANBIC 2391 0.0006 || 0.0000 | -0.0413|f 0.8234| 0.0206 | 0.0004 27.2745 | 1065.4050
STERLING | 3869 0.0001 || 0.0000 | -0.4478| 0.6931| 0.0324 | 0.0011 1.6371 63.1626
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UBA 3869 0.0001 || 0.0000 || -0.5698| 0.7340| 0.0342 | 0.0012 0.1967 89.7707

UNION 3869 -0.0001| 0.0000 || -0.3394| 1.6743| 0.0407 | 0.0017 17.6137 | 744.0610

UNITY 2993 0.0004 | 0.0000 || -0.1886| 2.8439| 0.0725 | 0.0052 28.6789 | 1085.0730

WEMA 3869 0.0003 || 0.0000 || -0.3134| 2.8439| 0.0547 | 0.0030 | 36.1655 | 1882.0110

0.0002 || 0.0000 || -0.0580| 0.0969| 0.0254 | 0.0006 -2.2796 | 32.3184

ZENITH 2516

Table 55 presens summary statistics on the monthly data of the respective banks at overall
period. The banks with the highest sample of 186 eachAaress, First, Guararny Trust,
Sterling, UBA, Union and WEMA banks,whereasECO has the lowest sample size of 99.
Nine (9) of the banksAccess, Afribank, Diamond, ETI, FCMB, Fidelity, First, Sterling

and Union haveanegative man while the remaining sevane positive. Congrisons between

the mean returns in the daily and monthly data shows that those of the naatdalse largely

and relatively higher than those the daily datgeneral this is in line withthis established
stylized fact of asset behavioygivot (2009).

Unlike the dhily returns, five of the bank&TI, First, GTB, UBA and Zenith hava median
monthly returrslightly different from zeroThe $andard deviatioparealsofound to bemuch

higher than the meatfior the monthly returns of each bank, as fasd with the daily data.

Both the degrees of skewness and kurtosis in the monthladateastically lover than for the

daily data, due to the smoothing down of the noise in monthly returns compared with the daily
returns. ler example WEMA bank withthe highest skewness value of 36.1655 in the daily
data reduced to 5.7294 in the monthly return. Alse same bank with highest excess kurtosis

of 1882.011 in the daily returns reduceb®6458 in the monthly returnsbahaviour which
supports the gtized facs of asset returns that monthly financial data are clas& normal
distribution compared to daily data. Furtimere six banks: ETI+6.1584), First {0.3327),

GTB (-0.3554), Skye -0.7237), STANBIC (-1.666) and Zenith-0.9269) are negati\e
skewed, while the remaining 10 are positvekewed None of the anks was attagd the
excess kurtosis of zero expected of a normal variate indicdi@igur monthly returns series

is still leptokurtic.
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Table 5.5: Summary Statistics on Monthly Returns of the Banks (Overall Period)

Banks T Mean | Med Min Max Std Dev | Var. Skew. | Kurt.
ACCESS 186 || -0.0006 || 0.0000 || -0.5738 | 0.9016 | 0.1931 0.0373 | 1.1358 | 4.4862
AFRIBANK 147 || -0.0118 | 0.0000 | -0.6686 | 0.6783 | 0.1838 0.0338 | 0.2056 | 3.2612
DIAMOND 115 || -0.0023 || 0.0000 || -0.5889 | 0.7186 | 0.1715 0.0294 | 0.55% | 3.6408
ETI 99 | -0.0281 | 0.0039 | -1.8331 || 0.3914 || 0.2332 0.0544 | -5.1584 | 35.1432
FCMB 120 || -0.0061 || 0.0000 || -0.3732 | 0.393 | 0.1409 0.0199 | 0.0931 | 1.0079
FIDELITY 116 || -0.0059 || 0.0000 || -0.3865 | 0.6510 | 0.1405 0.0197 | 1.0543 | 4.4468
FIRST 186 || -0.0027 || 0.0007 || -0.4376 | 0.4376 | 0.1257 0.0158 | -0.3327 | 3.0332
GTB 185 || 0.013 || 0.0031 || -0.3985 | 0.2953 | 0.1135 0.0129 | -0.3554 | 1.6129
SKYE 109 || 0.0004 || 0.0000 || -0.9151 | 0.6008 | 0.1727 0.0298 | -0.7237 | 7.8071
STANBIC 117 || 0.0047 | 0.0000 || -2.29% | 1.8718 | 0.3167 0.1003 | -1.668 | 31.8347
STERLING 186 || -0.0006 || 0.0000 || -0.5737 | 0.9016 | 0.1931 0.0373 | 1.1358 | 4.4862
UBA 186 || 0.0000 || -0.0031 || -0.6788 | 0.7100 | 0.1663 0.0277 | 0.2109 | 3.3004
UNION 186 || -0.0006 || 0.0000 || -0.9052 | 1.6237 | 0.20% 0.0414 | 2.0168 | 22.7054
UNITY 108 || 0.0126 || 0.0000 || -0.4818 | 2.8198 | 0.3508 0.1231 | 4.9406 | 35.9688
WEMA 186 || 0.0058 || 0.0000 || -0.8104 | 2.8198 | 0.2723 0.0742 | 5.7294 | 59.6458
ZENITH 122 || 0.0015 || 0.0082 | -0.614 | 0.6084 | 0.14D 0.0207 | -0.9269 | 6.5598

In Table 56, wepresent descriptive statistics on the stoatadf the banks ding the financial
crisis, July 20070une2009. Allthe bank§ VHULHY DUH RI HTXDO Q@ésivédW K QRC
mean, andive banks Diamond, First, GTB, UBA and Unity banksavea mediarbelow zero.

Also, the standard deviatierare dlhigher than the mean returns.

Only five of the banks: Access (0.0346), FCMB (0.0108), Skye (0.00425), STANBIC (0.00687)
and Unity (0.03347), constituting 31.25% of the baaks positively skewed btite values are
close to zero (O)while the emaining 11 bankare negatively skewed. Whikeven banks
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constituting 43.75% of thibanks, attaimegative excess kurtosis and #res, platykurtic (.e.
havethinner tailed than normal distributigrthe remaining nine (with ETI having the highest
excess kurtos of 404.3597) are heavy or fatiled and leptokurtic compared the normal
distribution. Note that the returns distributions with thinner tails tt@Normaldistribution
indicate lower chances of extremely small or large returns, and/@isa. The changes in the
U H W profil@d] &f banks during the financial crisbow that therisis distortshe economic
environment in which banks trade in the NSM.

Table 5.6: Summary Statistics on Daily Returns of the Banks (FinancieCrisis Period)

Banks T Mean Median || Min Max Std Dev || Variance || Skewness | Kurtosis

ACCESS 517 | -0.0015 | 0.0000 | -0.0513| 0.0488 | 0.0299 | 0.0009 0.0346 -0.7279

AFRIBANK 517 | -0.0008 | 0.0000 | -0.304€ | 0.0488 | 0.0338 | 0.0011 -1.6597 12.8694

DIAMOND 517 | -0.0007 | -0.0011 | -0.1343 | 0.0488 | 0.0336 | 0.0011 -0.0509 -0.740
ETI 517 | -0.0047| 0.0000 | -1.6094 | 0.0488 | 0.0749 | 0.0056 -19.0046 | 404.3597
FCMB 517 -0.0012| 0.0000 | -0.0513| 0.0488 | 0.0272 | 0.0007 0.0108 -0.3752
FIDELITY 517 | -0.0019 | 0.0000 | -0.0513 | 0.0488 | 0.0276 | 0.0008 0.1230 -0.3137
FIRST 517 -0.0012 | -0.0003 | -0.2538 | 0.048 0.0320 | 0.0010 -1.0765 7.8447
GTB 517 -0.0016 | -0.0020 | -0.3066 | 0.0181 | 0.0334 | 0.0011 -1.4398 12.1239
SKYE 517 -0.0010| 0.0000 | -0.0864 | 0.048 0.0320 | 0.0010 0.0043 -0.8883
STANBIC 517 | -0.00¢ | 0.0000 | -0.02z | 0.0212 0.0130 0.0002 0.0069 -0.6497

STERLING 517 -0.0027| 0.0000 | -0.1683 | 0.048 0.0306 | 0.0009 -0.2516 0.7709

UBA 517 | -0.0023| -0.0010 | -0.4099 | 0.048 0.0361 0.0013 -3.4967 35.5618
UNION 517 | -0.0016 | 0.0000 | -0.2026 | 0.048 0.0328 | 0.0011 -0.77D 3.7275
UNITY 517 | -0.003 | -0.0033 | -0.0513 | 0.0488 | 0.0371 0.0014 0.0335 -1.4704
WEMA 517 | -0.0016 | 0.0000 | -0.0513| 0.0488 | 0.0241 0.0006 -0.1102 0.7930
ZENITH 517 | -0.0026 | 0.0000 | -0.4058 | 0.0488 | 0.0333 | 0.0011 -4.0211 44,7612
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5.3.5Discussions b Tests ofthe Mean, Skewness and Kurtesor Daily and Monthly Data,
for the Overall andFinancial Crisis Periods

In this section, test results on the mean, skewness and kurtosis across the sixteen banks are
discussed for daily, monthly and financial crisis periogspectively. This wilhelpto confirm
whetherthe banks' asset returns satisfy the stylized facts relating to asymmetry, leptokurtosis
and indeed the distributional assumptions of each fjaBkurns across the three periods of
interest.Ted Results on the Mean, Skewness ari{urto sis for Daily Data

Table 5.7 displays the testesults on the mean, skewness and excess kurtosis obtained with
respect to daily stock returms the overall period. In this casstudentT test statistic (for
skewness) and-Eeststatistic(for the mean athkurtosis)are employed for testing the following

hypotheses:

1. *;8A=INAPQAIUORO®-8 A=INAP QMM

2. *,80 GASIBAQYOr RO®5;80 G AS J8A, ONDr

3. *,8AT? AGOMN RX-OFEu; L r R®s8A T ? AOMN P&-OFEWOM r
The test statistic values relating to the first hypotheses are contaioeldnm 2 of the table,
with the pvalue in bracket Considering thealues, at any possible significance le&EX
1% or 10%), we cannot rejedhenull hypothesis, indicatinthatthe meandaily returnfor any
of the bankss not sgnificantly different from zero
For the skewness test resultolumn 3, it is in the case of only three bankkose pvalues:
0.9317(Diamond), 0.2444 (FCMB) and 0.92%8idelity) are higher than 0.05 that we cannot
rejectour null hypothesis; indicating that their skewness is not significantly different from zero.
At 5% level, the null hypothesis is rejected for excess kurtosis aalbd®e banksandat the
1% levelas wellfor all banks apart froriamond bank

Table 5.7: Mean, Skewness and Kurtosis Tests for the Banks Daily Stock Returns (overall)

Access 1.2851(0.1988) 41.7742(2.2e16) 38.6144(2.2e16)
Afribank -0.8651(0.3871) -43.9973(2.2e16) 34.6632(2.2e16)
Diamond -0.1614(0.8718) -0.0857 (0.9317) 2.4831 (0.013)

ETI -1.3838(0.1666) -61.483 (2.2e16) 33.18D (2.2e16)
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FCMB -0.2987(0.7652) -1.1641(0.2444) 6.4524(1.1e10)
FIDELITY -0.4589(0.6463) 0.0937(0.9254) 2.676 (0.007451)
First -0.2856(0.7752) -52.65%) (2.2616) 39.0966(2.2e16)
GTB 1.3631(0.1729) -35.86D (2.2e16) 31.854 (2.2e16)
Skye 0.1515(0.8796) 43.8922(2.2e16) 31.319 (2.2e16)
STANBIC 1.3069(0.1917) 68.690 (2.2¢16) 36.2100 (2.2e16)
Sterling 0.116) (0.9077) 30.0771(2.2e16) 37.2168(2.2e16)
UBA 0.1268(0.8991) 4.9592(7.08e07) 38.7493(2.2e16)
Union -0.0952(0.9242) 78.3902(2.2¢16) 45.0762(2.2e16)
Unity 0.2669(0.7896) 67.327 (2.2¢16) 34.9827(2.2e16)
WEMA 0.3756(0.7072) 93.3703(2.2e16) 46.733 (2.2e16)
Zenith 0.3735(0.7088) -29.4246(2.2e16) 27.4034(2.2e16)

Test Results orthe Mean, Skewness and Kurtosifor the Monthly Data

Table 58 shows the mean, skewnesslaxcess kurtosis tests for monthly data. It is obvious
from the result below that only Afribank hasa meanmonthly return that is significantly
differentfrom zero. Afribank, FCMB, UBA anéirst banks aréhefour banks whose skewness

is not significanty different from zero athe 5% level, given that their respective yalues:

0.286, 0.6572, 0.2242 and 0.05865 are higher than ar@tthustheir monthly returnsre
approximately symmetric. However, none of the banks has excess kurtosis that is

approxinately zero as expected of a normal random variate.
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Table 5.8: Mean, Skewness and Kurtosis Tests for the Banks Monthly Stock Returns (overall)

Access -0.0411(0.9673) 5.458) (4.82e08) 5.1294(2.907e07)
Afribank 9.1400 (4.884e16) 1.0654(0.2867) 4.1354(3.544e05)
Diamond -0.0514(0.718) 2.4558 (0.01406) 4.0195(5.833e05)
ETI -1.1979(0.2338) -9.6329(2.2e16) 7.2521(4.103e13)
FCMB -0.4746(0.636) 0.4438(0.6572) 2.0984(0.03587)
FIDELITY -0.45@ (0.6493) 4.2061(2.599e09) 4.3767(1.205€05)
First -0.2965(0.7672) -1.8908(0.05865) 4.3337(1.466€05)
GTB 1.4710(0.143) -2.0086(0.04458) 3.1298(0.00175)
Skye 0.0256(0.9796) -3.0263(0.00248) 5.2514(1.509e07)
STANBIC 0.1593(0.8738) -5.8043(6.465e09) 7.4835(7.239e14)
Sterling -0.0411 (0.9673) 5.4579(4.817e08) 5.1294(2.907e07)
UBA 0.00@ (1.000) 1.2155(0.2242) 4.5037(6.678e06)
Union -0.0388(0.9691) 7.9429(1.998e15) 8.1846(2.22e16)
Unity 0.3720(0.7106) 9.7894(2.2e16) 7.4602(8.638e14)
WEMA 0.2898(0.0703) 12.9745(2.2e16) 9.55%) (2.2e16)
Zenith 0.1159(0.9079) -3.8896(0.0001004) 5.1302(2.894e07)

Ted Results on the Mean, Skewness ari€lurtosis for the Financial Crisis Period

Table 59 displays the results on theean, skewness and kurtosis tediising thefinancial
crisis. From the tabjeonly in the case of Sterlingank do we haveevidence othe meamot
being equal to zero ahe5% (butnot at thel%) level As forskewness, the following 8 banfs
returnsappear to be symmetric: Access, Diamond, FCMB, FideRBkye, STANBIC, Unity
and WEMA,whereas the remainingl#&nksare noasymmetric. For kurtosiggnly FCMB and

Fidelity appear t@how no evidence of having a neero kurtosis.
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Table 5.9: Mean, Skewness and Kurtosis Tests for the Banks Financial Crisis Stock Returns

Access -1.1170(0.2644) 0.3262(0.7443) -5.2494(1.526€07)
Afribank -0.5466(0.5849) -11.3193(2.2e16) 10.8455(2.2616)
Diamond -0.4777(0.6331) -0.4805(0.6308) -5.492 (3.97e08)
ETI -1.4286(0.1537) -30.0144(2.2e16) 16.9705(2.2616)
FCMB -0.9644(0.3353) 0.1024(0.9185) -1.9495(0.05124)
FIDELITY -1.5398(0.1242) 1.1571(0.2473) -1.5289(0.1263)
First -0.8348(0.4042) -8.4402(2.2e16) 9.428 (2.2616)
GTB -1.0829(0.2794) -10.3368(2.2¢16) 10.6811(2.2e16)
Skye -0.6762(0.4992) 0.0401(0.968) -7.6412(2.154e14)
STANBIC -0.6369(0.5245) 0.0649(0.9483) -4.3435(1.402€05)
Sterling -2.0279(0.04308) -2.3399(0.01929) 2.8943(0.0038)
UBA -1.4332(0.1524) -16.82D (2.2e16) 13.32D (2.2e16)
Union -1.1287(0.2595) -6.5146(7.289e11) 7.1425(9.166€13)
Unity -1.3881(0.1657) 0.3159(0.7521) -6.8710(2.2e16)
WEMA -1.4786(0.1399) -1.037(0.2997) 2.9518(0.00316)
Zenith -1.7431(0.08191) -17.899 (2.2e16) 13.7955(2.2e16)

Meanwhile usingthe values of skewness and kurtosisioss the two periodss contained in

9" and 10" columns ofTables 5.4, 5.6 and 5r8spectively, we ranked the banks to determine

the degrees of skvness and kurtosis as displayed @bless.10 and5.11 below.

In Table 5.10 below, the ranks for positively skewed bardkppear inbrackets (), in green
while thosewith negative skewnesappearin red Thosewithout any rank are those that are
approxmately symmetric. The squared brackets [ ] contain the standard errors for skewness in

each cell (where the sigeT, differ) and in thecolumn heading (where the size is the same).
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To determine the groupings into "Positively skewed"”, "Negatively skewedd a

"Approximately symmetric", we use the following rules:

a. If the test statistic values,(seecolumn 3 of Tables 5.10 and 51} < -2, the seriesis
likely negatively skewed
b. If the test statistic values,falls in the inerval-2 <t < 2: theseriesis goproximately
symmetri¢
c. If the test statistic values,> 2, the seriesis likely positively skewedCramer, 2003
p. 89
wherethet- test statistic is given b= skewness)/SES(standard error of skewness)
Subject to the laove, for daily data, eightanks arepositively skewed with WEMA bank
taking the led and UBA being the least; filEnks areegatively skewedwith ECO (or ETI)
taking the lead and GTB being the least and only three (3) b@namond, FCMB and
Fidelity are approximately symmetric
For monthly data, sikanks argositively skewed(with a tie Access and Sterlingy WEMA
takes the lead again @rridelity, the least; foubanks arenegatively skewedwith ECO also
leadingandSkye being the legsandsix banks Afribank, Diamond, FCMB, First, GTB and
UBA are approximately symmetric.
For thefinancial crisis periods, while eight banks are negatively skewed W@th taking the
lead and Sterling beinthe least, eight bankare approximatelysymmetric,and none is
positively skewed.
Implications:
For positively skewed banks, their returns hal@nger right tail indicating that extreme gains
aremore probable than extreme losgegr the negatively skewed banks, their returns laave
longer left tail, implying thakarge negative returrage more probable thderge positive returns
(seeDanielson, 201). Theseemarks may partly explain the different experiences of the banks
in managing the effects of the financial crisis and related bank refdrms, duringthe

financial crisis,eightbanks experienceaegative returns
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Table 5.10: Degree of Skewness across the Banks for the three Periods

Daily Monthly Fin. Crisis
Bank
Skewness Deg. Skew. | Skew. Deg. Skew. | Skewness Deg. Skew.
e — 2.9845(6™) Postively 1.1358(4™) Positively 0.0346 Approx.
0.039 skewed 0.178 skewed 0.107 Symmetric
[ ]
AERIBANK -4.3754(39) Negatively 0.2056 Approx. -1.6597(4™) Negatively
0.044 skewed 0.2 Symmetric 0.107 skewed
[ ]
-0.043 Approx. 0.55%9 Approx. -0.0509 Approx.
DIAMOND PP _ PP _ PP _
. ymmetric . ymmetric . ymmetric
[0.05] S t [0.226] S t [0.107] S t
Tl -23.2311(1%Y) | Negatively -5.1584(1s" Negatively | -19.0046(1%Y Negatively
0.054 skewed 0.243 skewed 0.107 skewed
[ ]
=GV -0.0572 Approx. 0.0931 Approx. 0.0108 Approx.
[0.049] Symmetric [0.221] Symmeric [0.107] Symmetric
0.0047 Approx. 1.0543(% Positivel 0.1230 Approx.
FIDELITY PP . ) y PP )
[0.05] Symmetric [0.225] skewed [0.107] Symmetric
FIRST -5.0916(2"% | Negatively | -0.3327 Approx. -1.0765(6™) Negatively
[0.039] skewed [0.178] Symmetric [0.107] skewed
oTB -2.21@ (5") | Negatively | -0.3554 Approx. -1.4398(5™) Negatively
[0.039] skewed [0.179] Symmetric [0.107] skewed
SO 6.4348(5™) Positively -0.7237(4"™) Negatively 0.0043 Approx.
[0.052] skewed [0.231] skewed [0.107] Symmetric
SRl 27.274539) | Positively -1.666(2"9) Negatively 0.0069 Approx.
[0.05] skewed [0.224] skewed [0.107] Symmetric
STERLING 1.6371(7™) Positively 1.1358(4™M) Positively -0.2516(8™M) Negatively
[0.039] skewed [0.178] skewed [0.107] Skewed
UBA 0.1%7(8M Positively 0.2109 Approx. -3.4967(3) Negatively
[0.039] skewed [0.178] Symmetric | [0.107] skewed
UNION 17.6137(4") | Positively 2.0168(3) Positively -0.772 (™) Negatively
[0.039] skewed [0.178] skewed [0.107] skewed
UNITY 28.6789(2") | Positively 4.9406(2"9) Positively 0.0335 Approx.
[0.052] skewed [0.233] skewed [0.107] Symmetric
A 36.1655(1%) Positively 5.7294(1%Y Positively -0.1102 Approx.
[0.039] skewed [0.178] skewed [0.107] Symmetric
ZENITH -2.279€ 4") | Negatively | -0.9269(39) Negatively | -4.0211(2") Negatively
[0.049] skewed [0.219] Symmetric | [0.107] skewed

Standard err@rare in squarbrackes

Also in Tables5.11 and 5.12below, the degrees of kurtosis are ranked, with ranks displayed

in brackets ()coloured red, ad gandard errors appear in squéifedorackes as defined above.
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The classificationaccording toNestfall (2014)and Ghasmi, and Zahediasl (2013re based

on:

a. If excess kurtosiskyrtosis-3 as displayed)NO, the distribution is mesokurtiat( the
same levehs theNormal distribution)

b. If excess kurtosis (kurtos, as displayed)O0, the distribution iplatykurtic (ower or
shorter than Normal distribution, hence thailed);

c. If excess kurtosisk(rto sis-3, as displayed)P 0, the distribution is leptokurtid{gher
than Normal distribution, hence fat tai)gdseehttps://brownmath.com/stat/shape.htm
andWright and Herrington (2011):

Furthermore, infable 5.11 excess kurtosis, the standard errors and the confidence interval for
the excess kurtosaf each bank returngye provided. According to the rule, once the interval
contains zero it means the kurtosis is not significantly different from Zerdistribution with

such kurtosis is said to be mesokurtosi®wever, when the confidence interval does not
include zero, the returns with such distribution is either leptokurtic or platykurtic depending on

theclassificationd and c above.

Consequenyl all the banks are apparently leptokurtic for both daily and monthly data, with
WEMA having the highest excess kurtosighese two periodsyhile Diamondhasthe least
kurtosiswith respect talaily periods. Nine of the banks however are lkpttic with ECObank
taking the leadthe remainings platykurtic compared to a normal distributidfor financial
crisis period, we found th#tte confidence intervals around FCMB and Fidelity banks, contains
zero, making the excess kurtosis for the respectim&shto be insignificantly different from
zero; thus making them to be mesokurtic (see Figures 5.11 and Sia@¢. kurtosisand
corresponding fatailed distributions are associated wibltliers, this shows that higher
kurtosis indicateghat more of thevariance is due to the infrequent extreme deviations, as
opposed to frequent modestly sized deviatiGrther, while higher valigefor kurtosis mean

a higher and sharper peaklower value implies a lower and less distinctive peakatner,
2003.

Furthermore py implication according tdanielson (201}, for fat-tailed series, it mearthat
extreme values occur more often than implied by a normal distribution. It further shows that for
a large part othe time, financial asset returns fluctuate inraaler rangethana normal

distribution
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Table 5.11: Excess Kurtosis and Confidence Interval across the 16 banks for the Three Periods

Daily Monthly Fin. Crisis
Bank Confidence Confidence Confidence
Excess Interval [LL, Excess Interval [LL, UL] Excess
Kurtosis uL] Kurtosis Kurtosis Interval [LL, UL *]
86.8983 [86.7403, 4.4862 -0.7279
ACCESS [3.7904, 5.1820] [-1.1473,-0.3085]
87.0563]
[0.079] [0.355] [0.214]
94.7174 [94.5430, 3.2612 12.8694
AFRIBANK 94.8018 [2.4831, 4.0393] [12.4500, 13.2888]
[0.089] ' ] [0.397] [0.214]
0.2706 [0.0726, 3.6408 -0.7470
DIAMOND . [2.7647, 4.5169] [-1.1664,-0.3276]
[0.101] ' ] [0.447] [0.214]
783.7070 [783.4953, 35.1432 404.3597
ETI [34.2004, 36.0860] [403.9403, 404791]
783.9187]
[0.108] [0.481] [0.214]
0.8811 [0.6890, 1.0079 -0.3752
FCMB 10732 [0.1494, 1.8664] [-0.7946, 0.0442]
[0.098] ' ] [0.438] [0.214]
0.2950 [0.0990, 4.4468 -0.3137
FIDELITY 0.4910 [3.5726, 5.3210] [-0.7331, 0.1057]
[0.1] ' ] [0.446] [0.214]
97.7673 [97.6125, 3.0332 7.8447
FIRST [2.3374, 3.7290] [7.4253, 8.2641]
97.9221]
[0.079] [0.355] [0.214]
23.1739 [23.0191, 1.6129 12.1239
GTB [0.9171, 2.3087] [11.7045, 12.5433]
23.3287]
[0.079] [0.355] [0.214]
155.7540 [155.5521, 7.8071 -0.8883
SKYE [6.9075, 8.7067] [-1.3077,-0.4689]
155.9559]
[0.103] [0.459] [0.214]
1065.4050 [1,065.2090, 31.8347 -0.6497
STANBIC 1 065.6010 [30.9645, 32.7049] [-1.0691,-0.2303]
[0.1] T ] [0.444] [0.214]

M LL: Lower Limit; UL:Upper Limit
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63.1626 [63.0078 4.4862 0.77085
STERLING T [3.7904, 5.1820] [0.3514,1.1903]
63.3174]
[0.079] [0.355] [0.214]
89.7707 [89.6159, 3.3009 35.5618
UBA [2.6046, 3.9962] [35.1424, 35.9812]
89.9255]
[0.079] [0.355] [0.214]
744.0610 [743.9062, 22.7054 3.7275
UNION [22.0096, 23.4012] [3.3081, 4.1469]
744.2158]
[0.079] [0.355] [0.214]
1085.0730 [1,084.8692, 35.9688 -1.4704
UNITY P [35.0652, 36.8724] [-1.8898,-1.0510]
[0.104] R ] [0.461] [0.214]
1882.0110 [1,881.8562, 59.6458 0.7930
WEMA 1 8821658 [58.9500, 60.3416] [0.3736, 1.2124]
[0.079] B ] [0.355] [0.214]
32.3184 [32.1263, 6.5598 44,7612
ZENITH [5.7072, 7.4124] [44.3418, 45.1806]
32.5105]
[0.098] [0.435] [0.214]
Table 5.12 Degree of Kurtosis across the 16 Banks for the 3 Periods
Daily Monthly Fin. Crisis
Bank
ExcessKurtosis | Deg. Kurt. Kurtosis Deg. Kurt. Kurtosis Deg. Kurt.
86.8983(10") 4.4862(8™M) -0.7279(4™)
ACCESS Leptokurtic Leptokurtic Platykurtic
[0.079] [0.355] [0.214]
94.7174(8M) 3.2612(12M) 12.8694(4™)
AFRIBANK Leptokurtic Leptokurtic Leptokurtic
[0.089] [0.397] [0.214]
0.2706(16") 3.6408(10M) -0.740(31)
DIAMOND Leptokurtic Leptokurtic Platykurtic
[0.101] [0.447] [0.214]
783.70D (4™) 35.1432(3%) 404.35971%
ETI Leptokurtic Leptokurtic Leptokurtic
[0.108] [0.481] [0.214]
FCMB 0.8811(14™M) Leptokurtic | 1.0079(15") | Leptokurtic | -0.3752 Mesokurtic
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[0.098] [0.438] [0.214]
0.29%) (15M) 4.4468(9M) -0.3137

FIDELITY Leptokurtic Leptokurtic Mesokurtic
[0.1] [0.446] [0.214]
97.7673(7™) 3.0332(13M) 7.8447(6M)

FIRST Leptokurtic Leptokurtic Leptokurtic
[0.079] [0.355] [0.214]
23.1739(13") 1.6129(14"M) 12.1239(5")

GTB Leptokurtic Leptokurtic Leptokurtic
[0.079] [0.355] [0.214]
155.7549(6™M) 7.80716™M) -0.8883(2")

SKYE Leptokurtic Leptokurtic Platykurtic
[0.103] [0.459] [0.214]
1065.408 (3'9) 31.83474M) -0.6497(5™)

STANBIC Leptokurtic Leptokurtic Platykurtic
[0.1] [0.444] [0.214]
63.1626(11™M) 4.48628M) 0.77085(9™M)

STERLING Leptokurtic Leptokurtic Leptokurtic
[0.079] [0.355] [0.214]
89.7707(9M) 3.300411™) 35.5618(3%)

UBA Leptokurtic Leptokurtic Leptokurtic
[0.079] [0.355] [0.214]
744.06D (5 22.7054(5M) 3.7275(7M)

UNION Leptokurtic Leptokurtic Leptokurtic
[0.079] [0.355] [0.214]
1085.078(2"%) 35.9688(2") -1.4704(15Y

UNITY Leptokurtic Leptokurtic Platykurtic
[0.104] [0.461] [0.214]
1882.01D(1%Y 59.64581°" 0.7930(8™M)

WEMA Leptokurtic Leptokurtic Leptokurtic
[0.079] [0.355] [0.214]
32.3184(19) 6.55987") 44.7612(2")

ZENITH Leptokurtic Leptokurtic Leptokurtic
[0.098] [0.435] [0.214]

Standard erros arein square brackes. For the Fin
are the same across the banks

. Crisisperiod, there is only one standard error since the sample sizes
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5.3.6Discussions ofTests oNormality for Daily Data, Monthly and Financial Crisis Periods

Having tested for the significance of the first, third and fourth s (mean, skewness and
kurtosis) for the various banks' returns across the threedsemwe nowproceed to testing to

determine the conformity or otherwise of the banks' returns distrilsitbamrmality.

Resultsof the Normality Tests for Daily Data

Table 5.13 below presents test result$ the normality tests carried out on all thenksTdaily
stock returndor the overall periodFive different relevant tests were carried out with their
results (and jvalues in bracket) presented in the table. Tiests are: Kolmogore®mirnov
(KS), ShapireWilk (SW), D'Agostino (Dago) andarqueBera (JB) testsHowever, the most
widely used in financial time seriegspecially for series that are leptokuristhe JB test and
for us to reject* ,the test statistishouldbe greater tharb or the p-valueshouldbe less than
0.05. Thus, usintheJBtest incolumn6 of the table, given that none of tt&tistic is equal to
6 or less andince noe of the pvalues (in parenthesgaregreaterthan0.05 we reject the null
hypothesis in all cases

1. *& KH UHVSHFWLYH EDQNfY GDLO\ UHWXUQV VHULHV IR

versus
** ¥ KH UHVSHFWLYH EDQNYY GDLO\ UHWXUQV VHULHV GF

Finally, consideringhe other test statistics, hone support a normal distribution for any of the
banksfdaily returns This behaviours in line with established stylized facts of high frequency

financial data iritheliterature, as discussed $ection3.5of the thesis.

Table 5.13 Normality Tests for All the Banks Daily Stock Returns (Overall)

e e

Access 0.1529(2.2e16) 0.8168 (2.2¢16) 3236.158 (2.2e16) 1224384(2.2e16)
Afribank 0.2356(2.2e16) 0.7526(2.2e16) 3137.30642.2e16) 11495153946(2.2¢16)
Diamond 0.1216(2.2e16) 0.9585(2.2e16) 6.1732(0.04566) 7.3808(0.02496)

ETI 0.1933(2.2e16) 0.3496(2.2e16) 4881.10752.2e16) 52750147.94422.2e16)
FCMB 0.4753(2.2e16) 0.9395(2.2e16) 42.9885(4.6e10) 81.95@ (2.2e16)

KolmogorovSmirnov (KS), Sharpo-: LON 6: '1$X J X VandRargBBera(JIB). P-values in parentheses
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FIDELITY 0.1537(2.2e16) 0.9546(2.2616) 7.1696 (0.02774) 8.7887(0.01235)

First 0.1188(2.2e16) 0.7596(2.2616) 4301.129 (2.2e16) 1559273.641%2.2e16)
GTB 0.1043(2.2e16) 0.85417(2.2e16) | 2301.11792.2e16) 89844.10472.2¢16)
Skye 0.1241(2.2e16) 0.7693(2.2e16) 2907.16092.2e16) 2286858.580(2.2616)
STANBIC 0.1965(2.2616) 0.3351(2.2e16) 6066.6427(2.24.6) 113569853.620(2.2e16)
Sterling 0.1877(2.2e16) 0.8233(2.2e16) 2289.72032.2e16) 645570.24812.2¢16)
UBA 0.0954(2.2616) 0.7621(2.2e16) 1526.09842.2¢16) 1300556.26062.2e16)
Union 0.4741(2.2e16) 0.5383(2.2e16) 8176.88552.2¢16) 89542173.27612.2¢16)
Unity 0.2307(2.2e16) 0.2731(2.2e16) 5756.13842.2e16) 109557197.85242.2e16)
WEMA 0.1987(2.2e16) 0.3316(2.2e16) 10901.97952.2e16) 572429930.5318.2e16)
Zenith 0.1082(2.216) 0.8592(2.2¢16) 1616.7541(2.2e16) 111868.370 (2.2e16)

Results of the Normality Tests forthe Monthly Data

Table 5.14 presents the normality test results for nimyitreturns, and bgxamining thep-
values undethe JB test, oniyFCMB is approximately normally distributed tite 5% level,
whereas the restf the banksare noAnormally distributed. Though this contradicts the general
axiom that monthlydataare appraimately normal comparing the resultingB test statistic
values forthe daily and monthlydata, howevernwe see thathose ofmonthlyaregreatly lower

than those of the daily data.
Table 5.14: Normality Tests for All the Banks Monthly Stock Returns (Overall)

Access 0.3394 (2.2¢16) 0.8724 (1.93d.1) 566.0990 (6.57943) | 202.3080 (2.24.6)
Afribank 0.2060 (2.2¢16) 0.8703 (5.04840) | 18.2360 (0.0001097)| 69.6840 (7.77€.6)
Diamond 0.3620 (1.7€13) 0.9241 (6.38€06) 22.1872 (1.52105) | 73.7245 (2.2€16)
ETI 0.2690 (2.2¢16) 0.5210 (2.2¢16) 145.3860 (2.246) | 5776.5630 (2.246)
FCMB 0.1149 (0.00052) | 0.9567 (0.00069) | 4.6000 (0.1002) 5.9616 (0.05075)
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FIDELITY 0.1750 (2.453@9) | 0.8934 (1.36®7) 36.8500 (9.9809) | 123.3031 (2.24.6)
First 0.1070 (2.11505) | 0.9267 (4.71®8) 22.3560 (1.39865) | 77.8950 (2.2€16)
GTB 0.0840 (0.002775) | 0.9603 (4.3905) 13.8301 (0.0009928)| 25.2820 (3.2406)
Skye 0.1336 (5.686@5) | 0.8610 (1.04®8) 36.7360 (1.0508) | 301.0376 (2.216)
STANBIC 0.2338 (2.2¢16) 0.5337 (2.2¢16) 89.6918 (2.2€16) 5185.0989 (2.24.6)
Sterling 0.1923 (2.2¢16) 0.8724 (1.93d.1) 56.0990 (6.584.3) | 202.3080 (2.24.6)
UBA 0.1107 (8.39€06) 0.9440 (1.27€6) 21.7610 (1.8865) | 89.3500 (2.2€16)
Union 0.1418 (9.43€10) 0.7580 (3.3561.6) 130.0780 (2.246) | 4222.2148 (2.246)
Unity 0.2323(9.21246) | 0.6000 (1.07945) | 151.4870 (2.246) | 6512.9853 (2.246)
WEMA 0.2028 (2.2¢16) 0.5740 (2.2¢16) 259.6360 (2.246) | 29237.1700 (2.246)
Zenith 0.1558 (1072e07) | 0.8522 (1.08®9) 41.4480 (9.99207) | 247.3544 (2.246)

Note: pvalues in parentheses

Test Results othe Normality for the Financial Crisis Data

The normality test results for daily stock returns dutimg financialcrisis are presented in
Table 5.15 below. Based on the-palues (in parenthes®, and thdest statistic valueacross
the four normality tests presented, especially JB and Degfostatistis, which are mostly
appliedin financial time series aneconometricsgeeRuppert (2011)Tsay, (2014))pnly two
banks] U H WGMBQ@N Fidelity, are approximately normally distributddowever, for the

UHPDLQLQJ WHVW VWDWLVWLFV

distribution.

.6 DQG 6:

Table 5.15. Normality Tests for All the Banks {Daily Stock Returns during the Financial Crisis

QRQH RI

Access | 0.1090 (4.1566.6) | 0.9350 (3.02.4) 27.6600 (9.84407) 11.2414 (0.003622)
Afribank | 0.4810 (2.2€16) 0.8350 (2.2¢16) 245.7530 (2.24.6) 3840.75002.2e16)
Diamond | 0.4805 (2.2€16) 0.9307 (9.85€.5) 30.3944 (2.51207) 11.9646 (0.002523)
ETI 0.2676 (2.2¢€16) 0.1903 (2.2¢16) 1188.8617 (2.246) 3581098.3309 (2.226)
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FCMB 0.1291 (2.2€16) 0.9420 (2.17143) | 3.8110(0.1487) 2.8799 (0.2369)
FIDELITY | 0.4805 (2.2€16) 0.9137 (2.2€16) 3.6760 (0.1591) 3.2927 (0.1928)
First 0.4805 (2.2¢16) 0.8887 (2.2¢16) 160.1150 (2.24.6) 1440.3296 (2.246)
GTB 0.4805 (2.2¢16) 0.8854 (2.2¢16) 220.9351 (2.24.6) 3376.7667 (2.24.6)
Skye 0.4805 (2.2¢16) 0.9287(5.691e15) | 58.3893 (2.09443) 16.6881 (0.0002378)
STANBIC | 0.4915 (2.2€16) 0.9250 (2.16445) | 18.8700 (7.98865) 8.8425 (0.01202)
Sterling | 0.4805 (2.2€16) 0.8977 (2.2¢16) 13.8524 (0.0009817) | 18.7751 (8.376€5)
UBA 0.0898 (1.02240) | 0.7770 (2.2¢6) 460.6193 (2.24.6) 28531.7949 (2.246)
Union 0.4805 (2.2¢16) 0.9055 (2.2¢16) 93.4551 (2.2€16) 355.1623 (2.24.6)
Unity 0.4805 (2.2¢16) 0.8815 (2.2¢16) 12.3860 (2.2€16) 46.2966 (8.8484.1)
WEMA | 0.4805 (2.2€16) 0.7771 (2.2¢€16) 9.7885 (0.00749) 15.1041 (0.000525)
Zenith 0.1544 (2.2¢€16) 0.7370 (2.2¢16) 510.6568 (2.24.6) 44919.5254 (2.246)

Note: pvalues in parentheses

Fundamentally, thelistributions of the Nigerian bankdg[daily returns are nenormal as
established in other marketberefore,they satisfythe stylized fact for daily data across most
global markets.Non-normality indicates the presence of m@amdom influences in the
dynamics of financial markets. These influences support the belief that markets are not usually
efficient, so that opportunities for predicting the direction of returns and possibly making money
exist in such inefficient markets. This is, however, a simple way of describing the effects of
nortnormality. It is known that further examination of the influencesmamket dynamics are
needed as investment analysts explore those opportunities through stylised facts and related
market features, namely efficiency, bubbles, anomalies, volatility, predictability and valuation
(Ezepue and Omar, 2012).

As for the monthly dta, though the asset returns are largelymanmal, the degrees of non
normality arefar lowerthan those of the daily returns across the balbksing thefinancial
crisis, FCMB and Fidelity are approximately normally distributed #te 5% level. The
difference in degrees of normality between daily and mgmdturnssuggests the presence of

agglomeration effects whereby financial data behave differently over diffgramularities of
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the datasetsnamelydaily, monthly, yearly or even seconds used ddgorithmic trading
(Ezepue and Omar, 2012). The implications of these differences in distribution are such that
investment decisions across the shartedium and longterm horizons are treated differently
(Raheem and Ezepue, 2018).

To further visualiseéhe distributons of these returns, weesent histogram and-Q plots in

the next section to further establish our findings.

5.3.7 Discussons of the Histograns and Quantile Quantile (Q-Q) Plots

In this section, we present both histograms ar@ Qlots for thel6 banks fortheir daily,
monthly and financial crisigata, tovisually strengthen the results presented in the previous

section and to further identify the nature of the distribigmiithe various bank§eturns.
Discussions of theDverall Daily Returns Distribution using Histogram and Q-Q plots

Figure5.11 and 5.12 respectivelydisplay normalized histograms (with superimpog&ednel
densitiey and QQ plots for the daily stock returns for the sixteen banks for the overall data.
Visudly, it canbe @nfirmed that eight banks, nameWWEMA (1st), Unity (2nd), STANBIC

(3rd) , Union (4th), Skye (5th), Accesg6th), Sterling (7th) and UBA (8th) are respectively
rightly skewed with longer positive tails than would be accommodated by a normal distribution;
five bankseECO (1st), First (2nd), Afribank (3rd), Zenith (4th) and GTB (5th) are
respectively negatively skewed with longer negative tails than would be a normal distribution;
and only three bankBiamond, Fidelity and FCMB are approximately symmetrisee Figure

5.13).This factfurther confirmsour previous findings as presentedable 5.16.
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Figure 5.11: Daily Normalized Histogram Plots for the Nigerian Banks' Returns (for the overall period)
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Figure 5.12: Daily Normalized Histogram Plots for the Nigerian Banks' Returnsfor the overall period (Contd)

Further examination ofFigures 5.13 and 5.14below helpsus to visualisethe tails of each
distribution as ompared to aormal distribution with the same mean and variance. The black
points represent the empirical distribution for each series, whereas the superimposed straight
line in redis for the normadistribution. Ourobservation reveals that all the eidianks that

are positively skewedre above the red lineshereas those that are negativaigthe red lines.

For all the cases where the empirical data deviated &oonmal distributionwe observe that
thedeviation of one or more points away frémeother points was responsible tbeincreased
kurtosis such that therther away a data poirg from the straight line, the higher the kurtosis.

For exampleWEMA bank which ighe mostieptokurtic has just one point (an outlier) farther
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away from tle restof the pointswhich are almost perfectBligned withthe normal; this fact
confirmsthe earlier sbmission that kurtosis is sensitiseeoutliers

To conclude, with thegglotswe have been able to graphically establish that the Nigerian banks
arelargely nonnormally distributed with very high kurtosis, especially for daily data. However,
with the positively skewed bank returostnumbering the negatively skewed ones, the views
expressed byivot (2009) about the general behaviours of daily retutimat “the distribution

of daily returns is clearly nenormal with negative skewness and pronounced excessigiy

is partlydemonstratethy our findings.
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Figure 5.13: Q-Q Plots for the Daily Returns for Nigerian Banks for the Overall period
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Figure 5.14: Q-Q Plots for the Daily Returns for Nigerian Banks for the Overall period (Contd)

Discussions of Histograms and Q-Q plots for Daily and Monthly Returns

In this section, both histogms and QQ plots for thel6 banks are prested and discussed.
However,only plots for Access are only displayedrigure 5.15 below, whilethosefor the

rest of the bnks can be found in AppendZC.

Figure5.15below presets the histograms and € plots for Access 8k § daily and monthly

data forcomparisonlt is apparent thathe histograms for daily returns (in red) and monthly
returns (in green), atmth skewed to the right. Howevéhat of the monthlygatais lessskewed
thanthat ofthe dailydata The same godsr their Q-Q plots; for the daily data, it vividly shows

that while one of the points is farther away from other points at the upper right part of the normal

line, two points are however away from the m&sthe points at a relatively smaller distance,
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but with more points tailing off at upper right part of the normal line (in.Téu§ goes to

confirm the degree of skewness and kurtosis presented in the previousssection
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Figure 5.15: Histograms andQ-Q Plots for Daily (above)and Monthly (below) Returns for Access Bnk

Generally, the degrees of skewness and leptokurtosis in the daily series for eauielbagiy
reduced in the monthiglots. Howeverthe distributionsare still mostly nomormal across the

sixteen banks examined

Discussions oHistogram and Q-Q Plots for the Financial Crisis Periods

Below inFigure5.16 and5.17 are the histograms and @ plots respectively, across the sixteen
banksfor the financial crisis periadn Figure5.16, we have the histogramsth superimposed
kerneldensities from the plots, while eight (8) of the banksCO (1), Zenith (2'%), UBA
(39), Afribank (4M), GTB (5M), First (6"), Union (7") and Sterling (8" are negatively

skewed, the remaining eight ah®wever, approximately symmetric
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Figure 5.17: Histograms for Daily returns of the Nigerian Banks during Financial Crisis (Coninued)

In Figures 5.18 and 5.19below, we observe nine banks having long tails, witinteof them
having some pointbelow the normal line, witlECO bank having the longest negative tail.
Five banksUnity, Skye, Diamond, Accessnd STAMBIC banks are thitailed, while the
remaining twe FCMB and Fidelity are approximately nornfaéeTables5.11 and 5.1
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Figure 5.18: Q-Q Plots for Daily returns of the Nigerian banks during the Financial Crisis Period
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Figure 5.19: Q-Q Plots for Daily returns of the Nigerian banks during the Financial Crisis Period Continued)

Generally, the returns of the sixteen bargce significantly nomormal- behaviour which
agrees withthe established stylized facts of asset returns across global financial markets
Meanwhile the summary of the banksituations withrespectto symmetryand normalityof

the distributions of their returns seriekyring thefinancial crisis is presented in Tabk 16
below. From the table, it iseenthat tenbanks Afribank, Diamond, Eco, First, GTB, Skye,

UBA, Union, Sterling and Zenitharenegatively skewed, whereas the remaining six banks

symmetric This shows that the banks' investnsemiere characterised byegative shocks

153



during the crisiswith only very few of them managing surmount the pressure posed by the
crisis in the marke This reveals the extent of loss recorded in the Nigerian market during the
financial crisis by investorns the banking sector. This experience is also a confirmatitimeof
observation of the CBN as referencedSaction2.3. Generally, the Nigeriamxperience
revealedy this resulshows the negative impacts of the financial crisis on the global economy,
particularly, the Nigerian economlyecausenore than half (10) of thi6 bankswere negatively

impacted.

Table 5.16: Showing Banks Symmetryand Normality Status
Bank SKEWNESS STATUS NORMALITY STATUS
Access Positively (or Right) Skewed Non-normal
Afribank Negatively or left) Skewed Non-normal
Diamond Fairly symmetry Non-normal
Eco (ETI) Negatively or left) Skewed Non-normal
FCMB Negatively 6r left) Skewed Non-normal
Fidelity Negatively 6r left) Skewed Non-normal
First Negatively 6r left) Skewed Non-normal
GTB Negatively 6r left) Skewed Non-normal
Skye Positively (or Right) Skewed Non-normal
STANBIC Positively (or Right Skewed Non-normal
UBA Fairly Symmetric Non-normal
Union Positively (or Right) Skewed Non-normal
Sterling Fairly Symmetric Non-normal
Unity Positively (or Right) Skewed Nornnormal
WEMA Positively (or Right) Skewed Nornnormal
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Zenith Negatively or left) Skewed Non-normal

5.3.8Results and Discussion dhe Auto-correlation functions (ACFs) and Tests

In this section, brief interpretations of the estimated autocorrelation functionssyA&F
plotted against the time la@for the compoundeddy) returns, absolute and squared returns
for each of the banks are rendered. It is to be noted that the two dashed horizontal lines in each

plot are Gs4 x ¥4 the bounds representing the 95% confidence limits for AGFi{ its true
value, &, L r; é,is adjudged to be nesignificant if the estimatorglis between the two
dashed lines

Discussion ofACF for Daily Log Returns, Absolute and Squared returns

Figure 5.20 presentsthe ACF plots for Access 8nk It is seen thatthe log return
autocorrelation isignificant at lag 1 since the autocorrelation function atlgdallsoutside

the 95% confidence limitines butdies off quickly after the lag. This negates the random walk

theory andccontradictghis common stylized fact adaily returns. Meanwhilehe ACF plotsof

the absolute returns are sigo#nt even at lontpgsand dieoff slowly at long lags a behaviour

which confirms the fact that the daily returns are -tiearly correlated. This level of
persistence is also amdication of long memory in the series of the bank. However, none of the
ACFsof the squared returns is significaaten atag 1 Although thisbehaviourappears tde

at variance withthe stylized facts of squared returns as established in the Iigratmay be
attributedtoWKH IDFW WKDW LQGLYLGXD Gtieeds\agdindt tHavndide® V V H U

indexexamined in other global markets
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Figure 5.20: Autocorrelation Plots for Log, Absolute and Squared Returns of Access BanfEor Overall period)

The results for all thbanks are summariseh Table 5.17 below. For the details on these

banks seeAppendix5C.

Table 5.17. Summary Table of the ACF/PACEF Plots on Log Absoluteand Squared Returns for the 16 Banks

indication of long memory

Banks Log returns Absolute Returns Squared Return

Access Significant at lag| Significant at several lags and None is significant
1, then dies off | exponentially decaglowly; an

(Figure 5.27)

Afribank (Figure
5.30

Significanttill
lag 2, then dies
off

Significant at many lags and dies
off at slower rate than Access; an

indication of long memory

None is significant

Diamond Figure
5.3)

Significant at lag
1, then dies off

Significant at sevetdags and dies
off slowly; an indication of long

memory

Significant at some lags but
with slower decay rate

compared to Absolute plot
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Ecobank(Figure
5.329

None is

significant

Significant at few lags with faster
decay rate

None is significant

First bank Significant at lag| Significant at several lags and die§ Significant at No lag
(Figure 5.33 1, then dies off | off a bit slowly

FCMB (Figure Significant at lag| Significant at several lags and dieg Significant at some lags but
5.39 1, then dies off | off slowly; an indication of long with slower decay rate

memory

compared to Absolute plot

Fidelity (Figure
5.39

Same as above

Significant at several lags and dies

off slowly; an indication of long

Significant at some lags but

with slower decay rate

memory compared to Absolute plot
GTB (Figure Same as above | Same as above None is significant
5.3
Skye(Figure Same as above | Same as above None is significant
5.37
STANBIC Same as above | Significant at few lags with faster | None is signiftant
(Figure 5.38 decay rate

SterlingFigure
5.39

Significant till
lag 2, then dies
off

Significant at several lags and die
off slowly; an indication of long

memory

None is significant

UBA(Figure
5.40

Significant at lag

1, then dies off

Significant at few lags and dies off

faster

None is significant

Union (Figure

Same as above

Significant at several lags and die

None is significant

5.4)) off slowly

Unity (Figure None is Significant till lag 2, then dies of f | None is significant
5.42 significant

WEMA (Figure Significant at lag| Significant at many lags and dies | None is significant
5.43 1,then dies off | off slowly

Zenith(Figure Same as above | Significant at many lags and dies | None is significant
5.49 off slowly
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Table 5.18 below givessummaryof our observations with regds to the ACF plots for all the

banks considered in this resear€@olumns 2, 3 & 4summarise the level of significance
observed in the log returns, absolute returns and squared returns for the déalyttiataverall

period Apparently,it is only with Eco (ETI) and Unitybanks thathe daily log returns are
linearly independent, while the remaining banks are linearly dependent, in contrast to the
established popular stylized fact that daily returns are expected to have negative or non
significant ACF & lag 1 to be linearly independent. By this fimgl theconclusion could be

drawn that only two banks conform withe random walk hypothesis, while the rest contradict

it. Again, the implication of these stylised facts for investment decision makikedlito the
different types of distributions that describe observed bank returns are discussed in Raheem and
Ezepue (2018). The gist of the paper is that stylised facts of asset returns generally underpin the
way investments are structured over differenestment horizons (short, medium and long

term) and the underlying distributions determine the natutbesfinancial risk calculations

involved.

Furthermorewe also observthat all the absolute returns are significant and persistent at long
lags with sbwer decay rate, excefor afew bankgsuch as: ETI, STANBIC, UBA and Unity),

which die off faster. This is an indication of nbnear dependence/volatility clustering and

long memory in the returns of the banks. Howevergpkin the case of three bariDiamond,

Fidelity and FCMB) where the squared retsrACF was significant at some laggth faster

decay and slower persistent rates compared to that of absolute returns, the remaining 13 banks

did not show any sign of significanoétheir ACFin ther squared log returns.

Table 5.18 The Results ofthe ACFs of Log Returns, Absolute and Squared Returns across the Banks

Banks Log Returns Absolute returns Squared Returns
Access Significant at lag 1 Significant at several lags | None appars significant
Afribank Significant at lag 1 Significant at several lags | None appears significant
Diamond Significant at lag 1 Significant at several lags | Significant at many lags
ETI Not significant at lag 1 | Significant at some lags None appears sidgitant
FCMB Significant at lag 1 Significant at several lags | Significant at many lags
Fidelity Significant at lag 1 Significant at several lags | Significant at many lags
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First Significant at lag 1 Significant at several lags | None appears significant
GTB Significant at lag 1 Significant at several lags | None appears significant
Skye Significant at lag 1 Significant at several lags | None appears significant
STANBIC | Significant at lag 1 Significant at some lags None appears significant
Sterling Significantat lag 1 Significant at several lags | None appears significant
UBA Significant at lag 1 Significant at some lags None appears significant
Union Significant at lag 1 Significant at several lags | None appears significant
Unity Not significant at lag 1 | Significant at few lags None appears significant
WEMA Significant at lag 1 Significant at few lags None appears significant
Zenith Significant at lag 1 Significant at several lags | None appears significant

Presentation and Discussions ofest Results of ACFdor the Daily Returns

To further strengthen the observations made through the correlograms (ACF plots) presented
above,Table 519 presents the respective ACF values for the returns at lag 1 across the banks,
andthe results otheteststatistics for theseries. Tie ACFs for Eco bank (0.02) and Unity bank
(0.038) incolumn2, couldbesaid to be approximategqualto zero, whichis one of the criteria

to conclude that the returns of the two banks are linearly uncorreldi@t,conforms with the

randomwalk theory so that they can satisfy one of the stylized facts of stock returns.

Also, comparing the values obtained for absolute and squared returns, it is obvious that those
of theabsolute returns are higher than those of the squared returns; ttpeaseel according

to Taylor effect theory, discussed in théterature,that thevaluesof the former should be
higher than those of the latter. Thfrom theseresultswe see thathe returns of these banks
satisfy another stylized fact of asseesult Meanwhile, the significance dhe ACFs for
absolute returns is a confirmationtbe presence obolatility clustering in the returns of all

the banksand the slow rate in the decay of this series (absolute returns) is an indication for the

presence abng memoryin the banks returns.
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The table further contairtee Box Ljung (Q) test statistic results for the returns and its multiples
at lag 1, with the ywvalues in parenthesis. The results of the tests show except for ECQ@lbank,
the banksare signifcantly auto correlated at lag 1sign of predictabilitywhich sometimes

implies that those stocks wdpearish(Danielson, 2011¥or the periods of the research.

From the table further, it could be confirmed that for squared retbmsixbanks (unoloured
ones),- AccessDiamond, FCMB, Fidelity, First and Skyeare the onlyonessignificantonly
at the 5% level, while the rest are not; bdbr the absolutaeturns, all are significant (see
columns 3 and 4).

Table 5.19 ACFs of Log Returns, Absolute and Squared Returns at lag 1

Banks Log Returns Absolute Returns Squared Returns

G L0.164; 3.5. L104.180 G L0.303; 3.5. L356.1M0 G L0.00®); 3.5. L104.180
Access | (2.2e16) (2.2e16) (2.2e16)

( L0.23D; 3.5 L163.91D0 G L0.303; 3.5, L356.19D0 G L0.011; 3.5 L0.36®
Afribank | (2.2e-16) (2.2e16) (0.5451)
Diamon | ( L0.284; 3.5. L190.580 G L0.48%; 3.5. L552.680 G L0.423); 3.5. L425.000
d (2.2e16) (2.2e16) (2.2e16)

(& L0.02®; 3.5=0.8549 G L0.078); 3.5 L12.37® G L0.00®; 3.5. L 1.099e05
ETI (0.3552) (0.00043) (0.9974)

G L0.1800; 3.5, L80.500(2.2e | (4 L0.44D; 3.5. L1421.000 | G L0.366); 3.5, L332.390

FCMB | 16) (2.2e16) (2.2e16)
FIDELI | @ L0.234; 3.5. L130.390 G L0.45T; 3.5. L1613.8900 G L0.371; 3.5. L327.910
TY (2.2e16) (2.22-16) (2.2e16)

G L0.128); 3.5. L63.898 G L0.297; 3.5. L341.580 G L0.016); 3.5 L341.580
First (1.332e15) (2.2e16) (2.2e16)

G L0.14@); 3.5. L82.64® (2.2e | § L0.29; 3.5. L340.630 G L0.03®; 3.5 L3.4441
GTB 16) (2.2e16) (0.0635)

G L0.18M; 3.5. L72.57® (2.2e |  L0.27D; 3.5, L494.180 G L0.004; 3.5. L 494.180
Skye 16) (2.2e16) (2.2e16)
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STANBI
C

G L0.074; 3.5, L13.249
(0.000273)

G L0.108; 3.5, L 28.08®
(1.169e07)

G L0.0000 3.5. L0.0003
(0.9853)

G L0.198); 3.5, L151.7455

G L0.3800; 3.5. L3648.409

G L0.008; 3.5, L0.15397

Sterling | (2.2e16) (2.2e16) (0.9665)

G L0.16D; 3.5, L101.3D0 G L0.223; 3.5, L449.3900 G L0.00®; 3.5. L0.3075
UBA (2.2e16) (2.2e16) (0.5792)

G L0.11D; 3.5 L48.75D G L0.173; 3.5, L115.8000 G L0.0000; 3.5. LO.0005
Union (2.895e12) (2.2e16) (0.9821)

( L0.038); 3.5, L3.2053 G L0.0600; 3.5. L8.1251 G L-0.0010; 3.5, L0.0006
Unity (0.0734) (0.004366) (0.9798)

( L0.061; 3.5, L14.53® G L0.12D; 3.5, L56.00D G L0.00®; 3.5. L4.520e-05
WEMA | (0.0001375) (7.216e14) (0.9946)

( L0.24D; 3.5 L 146.480 G L0.27D; 3.5. L313.9890 (4 L0.03T; 3.5, L3.4527
Zenith (2.2e16) (2.2e16) (0.06315)

p-valuesin parenthesis

Comparisons between ACFs of Daily and Monthly Returns

This section is intended to brieflpmpare autocorrelations between daily and monthly log,

absolute and squared returns; it is expected that while the autocorrelation functions (ACFs)

for monthly datawill die off faster decay rates for daily davdll be slowerandmore

prolonged especidy those of absolute returns

Figure5.21 displays ACF plots fothelog, absolute and squareeturns forAccess bankand

from the Figure it appears that (1) while ACF for daily log returns is significant at lag 1, that
of the monthlylog returnsis nonsignificant at the same subsequent lags; (2) while absolute
returns for daily returns persist (for several lags) and die off slowly, those of the monthly are

nonpersistent and die off faster; and (3) the ACFstffi@squared returns of both daily and

monthly data are insignificant.
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Figure 5.21: Daily versus Monthly ACFs for Log returns, Absolute and Squared Returngor Access Bank

For further emphasis, we hereby present amynthlyabsolute returns acro® sixteen banks
in Figure5.22 belowto visuallyobserve the decay rates for monthly returns. From the plots it
canbeseerthat they all die off faster compared to those of the daily absolute returns discussed

at the beginning of Section 5.3.8 abptiEs behaviour is common to monthly ACFs across

different markets$ee Taylor, 201}
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Figure 5.22: ACFs for Monthly Absolute Returns across the Sixteen Banks

5.3.9Discussion ofTests of Leverage or AsymmegtiEffects

We have in the tables below correlation test results between the respectivé Soprsked

returns, as a proxy for volatility (see: Taylor, 2011; Zivot, 2008; Tsay, 2005), anddagne
lagged continuously compounded retusesies this servess a preliminary or diagnostic test
to identify if there is possibility of leverage anasymmetriceffecton an asset return (Zivot,

2009. While Table 5.20 contains the results and remarks on the daily and financial crisis stock
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returns of the sixteenalnks at the overblevel. Apparently, five banksETI (for Ecobank),
Guaranty Trust, UBA, WEMA and Zenith banks are negatively correlated; indictieng
possibility of negativeuncertaintyor bad news dominating the returns of the banks.

During the finacial crisis, the number of leveraged banks increased(seeolumrs 4 and

5); namely: Access, Ecobank, FCMB, Fidelity, Sterling, UBA WEMA and Zenith banks. They
are all negatively correlated with their respective volatility, which indicates that negativ
uncertaintyor bad news impaet greatly on the returns of the concerned banks, compared to

good news or positive returns.

Meanwhile, when the stock offaim is leveraged it shows that their debt equity ratio rises,
leading to more losses by the inv@sttrading in such stocks. Thus, to adequately describe the
volatility behaviour of stocks with potential sgof leverage via GARCH family modglthose

with the capacity to incorporatdeverag component would be preferred.

Furtherto our findings, bur banks, namely: Ecobank, UBA, WENahd Zenith have negative
correlations both at the overall level and durihg financial crisis; Guaranty Trust with

negative correlation overall fails to show any sign of leverage during the crisis.

Table 5.20: Correlation between Squared and Lagged Log Returns for Daily (Overalland Financial. Crisis Data

Overall Period Financial Crisis Period

Bank Corr. :"ga5y; Remarks Corr. "¥&ou; Remarks
Access 0.00870.587) NSLE -0.01490.7349) BlE
Afribank 0.02670.1415) NSLE 0.00790.8577) NSLE
Diamond 0.02610.2049) NSLE 0.11770.0074) NSLE
ETI -0.01270.5655) BE -0.01340.7619 SLE
First 0.0181(0.2593) NSLE 0.00580.8958) NSLE
FCMB 0.05220.0094) NSLE -0.02910.5093) SLE
Fidelity 0.06140.0027) NSLE -0.01130.7983) SLE
GTB -0.01590.324) BE 0.0110(0.8034) NSLE
Skye 0.00340.874) NSLE 0.028@0.05956) NSLE
Sterling 0.0111(0.49) NSLE -0.0830(0.5259) BlE
STANBIC 0.01920.232) NSLE 0.03440.4351) NSLE
UBA -0.00480.764) SLE -0.0610(0.1666) BlE
Union 0.00170.914) NSLE 0.0533(0.2272) NSLE
Unity 0.00020.992) NSLE 0.03360.4461) NSLE
WEMA -0.01230.444) SLE -0.08660.04923) BlE
Zenith -0.03970.049) BE -0.07640.0828) BlE

Note: pvalue in parenthesi®§SLE
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5.3.10Discussions ot.ong-RangeDependencies/ Long Memory in Returns

Table 5.21 below presergresults ¢ Ljung-Box tests on both the absolute and squared returns
for Access bank fatheother fiteen banksee Appendi®%C (ii). The tests are intended to show

the existence dbng-rangedependence or long memory in the daily returns of the banks.

To begin wih, it is noted that the test values of absolute returns are persistently higher than
those of theguared returns across the bard] the tests show that while the absolute returns
continue to be significant across all the lags considered, the sqaauretsare norsignificant.

This implies that the decay rates of the reanevery slow; this is indeed a sigiilong memory

in the returns, and it also implies that the series for each bank is neither independently nor
identically distributedLong menory in returns, indicatethat predictability is possible and that

any shock to the returns persists for a reasonably long time. This behaviour alsdopbiats

presence od high level ovolatility in thereturns

Table 5.21: Ljung Box Tests for Access Bank Daily Absolute and Squared Returns (Overall)

Return§Lags | 5 10 20 30 50
Absolute 1121.000(2.2e16) 1735(2.2e16) 2568(2.2e16) | 3140(2.2e16) | 4169(2.2e16)
Squared 0.719 (0.982) 0.808) (0.9999) | 0.8174(1) 0.89344( 1) 1.7172 (1)

Note: pvalue in parentheses

5.4 Summary, Conclusion andGeneral Interpretation of the Results

This sectiorprovidesa synopsis of all the concepts and findirmjgainedso far by applying
appropriate test statistiesdiscussed earlieEinally, corclusiors shall be drawn based on

those findings

5.4.1Summary

In this Chapter we have(l.) briefly introduced FTS, its objectives, its common and
distinguishing featuresompared taconventional TS (se8ection5.0); (2) introdu@d Asset
returns,their varioustypes suchas single and multperiods simple returns, portfolio and
excess returns ifection5.1; (3) provided further details on stylized facts as they relate to
financial returns generally, and their peculiarities to daily and monthly daabusections
5.1.1and5.1.2 (4) the graphical data presentations, where time plots, histograms@ruld®s

are briefly discussed in Sections 5.2 and 5.3; (5) presented results on the four moments of
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returns distribution infSection 5.3 (6) discused distributional properties of financial asset
returnsin Section 5.3and (7) presented resultsn both normality and autocorrelation tests,
where for normatest, botlsingle tests based on moments and joint tests were foounsand

for the autocorrelationdst, discussion centred on the both ACF and PACF for log returns,
absolute and squared retumsSection 5.3

Meanwhile, while presenting results, time plots for price, log returns, absolute and squared
returns are presented in a 2 by 2 matrix acros$@hmmnks (se€igure5.1and Appendix B.).
Fromthe plots the following observations were made regarding the distributions of the four

series:

1. The prices exhibit random walk like behaviour and appear to betadionary across
the sixteen baks a behavwur common to asset prices at various time frequencies (either
daily, weekly or monthly) and across various markets of both developed and developing
economies. Log returns unlike price series slusar measreverting behaviour by
oscillating around a commm mean value, which is approximately zero. The near
common mean values across the banks conform to the assumption of covariance
stationarity expected of asset returns across markets of different economies.

2. All the banks show one largedmbustperiodin their prices during the ruap to the
financial crisis(seeFigures 5.2 above; and 5.17 Appendix5b (i)).

3. Fourbanks STANBIC, Unity, WEMA and GTB had two episodes of bdmrst periods
therunrup to financial crisis andfter thesecond reform initiatedy the CBN aftermath
of the financial crisigseeFigures 5.2; 5.18 in appendix 5b (i))

4. The Fluctuationof the returns about the mean across the banks appedratge
overtimeand thisis a confirmation of timevariable behaviour in the volatility of aet
returns. However, visually, with the nature of the ressaries we have, one cannot be
sure if there is evidence of systematic time dependence (atridasgar form), in the
returns. Thiswill be investigated by examining if the autocorrelations tb log returns
are approximately zero

5. Thevolatility level in absolute returns is more pronounced and persistent through time
thanit is inthe squaed returns across all thanks. Visuallythis is an evidence of long
range dependence or predictaliin volatility-anothemajor stylized fact of volatility

across different markets, as contained in the literature
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6. TheFluctuation othereturns about the mean, otherwise knowthawolatility, tends
to chang overtime. Thisis an indication of possle nonstationarity in volatility.
Clustering of periods of high and low volatility is more pronounced in the daily returns

thanin themonthly returngseeFigure5.6).

Further, visually, fourteen banks were highly volatile during the financial criggaiast the
eleventhat wereobserved to be highly volatile in the overall daily returns.

SkewnessFor the daily overall data: while eight banks are positively skewed, five are
negatively skewed; fathe monthlydata: the same number of banks (five eaatg,positively
and negatively skewed; and fime financial crisis data: while eight banksre negatively

skewed, the remaining eight are approximately symmetric.

Kurtosis-Virtually all the banks are positive and highly leptokurtic for daily data, wittM&E
bank being the mo&tptokurtic. Thedegree of leptokurtosis muchlower forthemonthly data
than it is forthe daily data, though WEMA still leaalhere However only nine banks, with
ECO bank leadingwith the highest value in the degrees of kuggsesented ifable 5.12),

are positively leptokurtidive areplatykurtic, while two are mesokurtior financial crisis data,
indicating that the Nigerian banks are highly leptokurtic andttigfinancialcrisis negatively

impacted on the Nigeriarabks.

The histograms also reveal visually that fahe daily data, eight banks are positively skewed
with a longer righttail, five are negatively skewed with longer left taikghile the remaining
two-FCMB and Fidelity are approximately symmetrgeéFigures 5.11 and 5.1 For the
financial crisis data, while eight banks are visually negatively skewedhlatigerleft tail, the

remaining eight are approximately symmetsedFigures 5.13 and 5.14

The Q-Q plots which determine the heaviness or lengthhe tails clearly reveal how kurtosis

is prone to outliers such that the farther away a psifdr some points arejrom the straight

lines (or other points), the heavier or longer the tails. Thus, by this, the closeness of data points
to the straighline representing the referenced distribution, which in this case is the normal
distribution, is a determinant of the tails thickness. For examplethéooverall data, the
following banks with at least one point farther away from the rest of the poiRtgures5.13

and 5.14WEMA (1882.011), Unity (1085.073), STANBIC (1065.405), ETI (783.707) and
Union (744.061)are the first fivewith thickest and longest tails and atas, the most

leptokurtic respectively (see their kurtosis values in parenthesis)
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On thenormality tests presented in Tables 815.14 and 5.5, consideringhe JarqueBera

test results in the sixtbolumnof the tables, for the overall daily data, all tBEED QNV Y UHW X U ¢
seriesare nornormally distributed (se€able5.16); for themonthly returns, except FCMB that

is approximately normal, the rest are awrmally distributed Table 5.17); and for the

financial crisis returns data, all the banks are-normal except for FCMB and Fidelity banks
(seeTable5.16).

Regarding dependenaereturns, none of the banks except for ECO and Unity banks is linearly
independent ashownin Table5.17 (Figures 5.32 and 5.42 in AppendiB}. Thesixteenbanks

are however nodinearly dependent as observed in their absolute autocorrelation fusction
(ACFs), especially for overall daily data. Additionallywaisfoundthatin accordance witthe
37D\Od®éet” DEVROXWH UHWXUQV DOZD\V SURGXFH WKH KL.
FRPSDUHG WR RWKHU SGHJUHHV™ RI W3celTabR 53U HW XUQV IRU

Diagnostic tests to examine possible presenc®of/HY HWIDBAHAW - DV SURSRVHG |
(2009) reveal that (1) for the overall data, 5 balSO, GTB, UBA, WEMA and Zenitshow

signs ofaleverageeffect; and (2) fothefinancial cisis data, 8 bank&ccess, FCMB, Fidelity,

ECO, Sterling, UBA, WEMA and Zenith show signsadéverageeffect Gee Table 220).

Finally, it canbe confirmed fronTable5.21 (and Tables 23 t86 in Appendix 5C(ii)) thatall
the banks could be said to sksigns oflong-range dependence (or long memorypecause
the ACFs othe absoluteeturns are significantly different from zero at long lags1(, 20, 30
and 50.

5.4.2Conclusion

In light of the above, the following conclusions are hereby drawn:

1. As expected, while the price series across the sixteen banks appear to be random walk
nonstationary, the log returns series appear to show signs of stationarity since they
oscillatearoundthe common constannean zero.

2. The changes of returns volatility ovent are an indication oftime variation in the
returns and the persistent alternation in varying levetlseofeturnsgs a confirmatiorof
volatility clustering across the 16 banks; that &[¥olatile period tends to be followed
by another volatile peri®@ R1 HT XD O PMxddelbit X1863)

3. Thedaily returns are more (positively) skewed and highly leptokurtic with longer tails

compared tahe monthlyreturns, andhe rejectionof the normality of the returns for
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virtually all the banksndicates that normal distribution does nafenerallymatch the
empirical distributions ofthe bankdfeturns.

4. During the financial crisismore than half of the banks (1@kre negatively skewed
This means thatnvestors in ten of the sixteen banks experiencee $ukge tothe 2008
globalfinancial crisis that characterised the Nigerian economy. This igfarmoation
of the impacts of the global financial crisis on the Nigerian economy as highlighted in
Section2.3.

5. No evidence of linear dependence in the retuahfast at lag ywas notedehaviour
that Danieson 011, pp.1213) interpreted as evidence of predictability of volatility,
which is a possible violation oharket efficiency

6. Thereis evidence for presence@af*7D\ORU HIIHFW ~ DFU&RVNMYWMKIBD JHED QN
HITHFW ™ LQ WREhs. EDQNYV

7. Finally, virtually all the stylizedacts outlinedn Section 5.3are found in théligerian
banksfreturns.

5.4.3General Interpretaton of the Results

It could bededuced that the behaviour of the data usetisnstudy is a confirmatioaf how
financial seriesbehave across different markets. Tpassible lack of markegfficiencies
identified is also a reflectioaf lack of discipline leading to arbitrageur opportunities, which
were found to have characterisg® NSM both before and duringhe financial crisesThe
results also identified the possible reasons for the level of losses recorded in thebménket
investors, culminatingn nearcollapse ofthe Nigerian banks in 2068009- an eventwhich
then ppmpted the CBN to initiatéhe second banking reforms in July 200%ese findings
could significantly help the market regulatorsetosurethat aminimum level of discipline and
control are maintained among thearket participants. The findingsould alsosuggest that
periodic checkshould beundertaken to track marketovemens andbehaviour overtimdoy
relevant stakeholders such as market makers and invesitirsa view to makingriskless

investment decisions.
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6 CHAPTER SIX: Market Efficiency Models and Tests

6.1 Introduction

This chapter discusses some stock returns properties, such as stationarity, watidgrand
theEfficient Market Hypothesis (EMH), along with market efficiency and relevant test statistics
found appropriate to investigate if thegdrian banking industry could be said to be at least
weakform efficient, a result found not to hold at the overall market level (Ezepue and Omar,
2012). The results of our analyses will be presented, discussed, summarisesheusions

will be drawn
6.2 Stationarity in Stochastic Processes

A stochastic process is a tirdependent sequence of random variables, and it is sometimes
referred to as either a data generating process or a model. Various types of stochastic processes
includethestrictly stationaryrocess, the stationary proces$® uncorrelategrocessthe aute

correlated process, White noise, strict white noise, the Martingale process, the Martingale

difference the Gaussiaprocess, and theearprocess.

Meanwhile, the basis for time seri€kS) analysis is stationarityA TS is said to be stationary
when there is absence afsystemati¢rend, no systematic change in variance, and neither is
there a presence of periodic (cyclic) variation nor seasonality. There are essentially two forms
of stationarity, namely strict stationarity and weak stationarity. A time series, sgyNis

strictly stationary only if the joint distribution of any ssbries, sayN sN « N,4s exactly

or approximately the same as that of any othersgules of the same order,ys&l ..,

Neo « N for any time lag:Gavhere Jand Gare arbitrary positive integers, and
R&R & & as the series ofl positive integers. Thus, a strictly stationary TS is the one where

the joint distribution of (N, N, «, N, ;is timeinvariant. A time series is said to be weakly

stationary if both the meagof the series Nand the covariance ofya\y, ), (L &ay, are time

invariant.
Thus, for aveakly stationary series:
(1) ' :N; L N constant and

(2) % KR, p; L ., a function depending o®which is the lag) only.
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A weakly stationary series tends to fluctuate with a constant variation around a constant level,
whereas a strictly stationary series isidifft to verify using empirical data. In financial time
series, thereforehe assumptionf weak stationarity is commonly made about stock returns,

and this can be confirmed givenoughhistorical data.

6.3 The Efficient Market Hypothesis and Statistical Malels for Returns

Assumptions of an Efficient Market

The following reasons account for why a market should be efficseeMalkiel (1989; 1992))

1. Pricetakers: in an efficient market, one participant alone cannot influence the price of
an investment, mearg that there is no room for arbitrageur opportunities.

2. Information is costless and widely available to all market participants at approximately
the same time.

3. Information is generated in a random fashion such that announcements are independent
of each dter.

4. Investors react quickly and fully to the new information, with asset padgssting
accordingly.

Implications of Market Efficiency

1. Diversification: whena markeis efficient, the true value of investments and that of the
market is obvious to everparticipant, thereby encouraging investors to take well
informed decisions on how to spread their investments such that they do not put all their
eggs in one basket.

2. Portfolio Risk: efficiency enables minimization risks by spreading wealth in various
efficient market forms.

3. Fees and Costdo hedge the asymmetric effects of shocks on investment, investors pay
higher fees for more reliable and relevant market or trading information.

4. Only unexpected information impacts security prices.

5. Security selection bewnes less useful simply because prices of assets are fairly
determined.

6. The professional money managers have little or no role to play in determining security
prices.

7. Timing the market ordeciding whento trade tomake abnormal gasis almost

impossible.
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8. Available Information is already incorporated into stock prices.

Reasons for Studying Market Efficiency

'"HIXWLV DQG 1RYLEN\W ;| fourof th® boNoWird Gveveasbind foktudying

market efficiency.

1. Inefficient markets accommodate higher rigkightedreturns. Thisis important for

investors of both private and public firms

2. Market efficierty helps corporate executives to determihe perceivedvalue of

companies.

3. The EMH helps market operators or planners to monitor or model stock market

development.
4. TheEMH serves as an underlying assumption in multiple financial models.

5. Market efficiencyhelps to determinghe level to which market prices reflect the

information of informedraders(Stiglitz, 1984H)

Meanwhile, there are some conditions according to Stiglitz ({)9®8at an asset markeeeds

to meet for it to be information efficient, e include:

i. Firms are expected transmit information efficiently regarding their prospects to
prospective investors.
ii.  The marketshould providethe right incentives for gatheringccurateand relevant

information
iii.  The market priceshouldreflect theavalable information toevery markeparticipants

6.3.1Tests Related to Efficient Market Hypothesis

In financial econometricesearchguch as explored in Cuthbertson and Nitzsche, 2005), the
objective is to determine the efficientmarket hypothesis isoosistent with the empirical
market data. As noted earlier, to achieve this requires investigdtingsét returns are

predictable. We now discufise two popular statistical tests applteddo this
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Tests for white noise

It is well established that the returns are unpredictable, they shouldvbée noise andnay

not necessarily be entirely independent. A process is white noise if it is stationary, uncorrelated
and has zero mean (That is, if the returns at titddg=is a white noiserocess, it is expected

that autocorrelation at lagz &, L r & GMr). To test for white noise simply indicates that the
returns are linearly independent (especially at lagut may depenadn each other at higher
magnitudes (other levels). Though there exists a range of test statistics in the literature used in
testing for white noise, the simglkand most often applied is the omnibus test called

the3:1 ;Ljung-Box ®portmanteau test presented 418Q).

Tests for RWH

ARW is a special case of a unit root process, used in identifying the forms osdldgdkg
stock prices to maksuccessivindependenprice changef_am, Wong and Wong, 2006).

To test for &RW, we investigate the presence of serial correlation and thencartest statistic
for this isthe unit root testleveloped byickey and Fuller (1979, 1981). According to Lo and
Mackinlay (1988), this test, though necessary, isanstifficientcondition for showing that a
RW is a unit root process; this is becausdleva RW indicates that the returns must be
uncorrelated, the unit root test allows for predictability. Thus, the test statisticRit are:
(1) the BoxLjung test and (2)he DickeyFuller unit root test. Taylor (2011) however states
that variance rati (VR) test is a better alternative to théssts ands more often used to test
the hypothesi®f RW processes for stogkices.If the VR testis acceptedit meansthat the
market is efficient. The power of the available tests ofRk¢H depends on thiest statistic

and the alternative hypothesis.

Statistical Tests for WeakForm Market Efficiency

Statistical tests such #e rungest, unit root test, serial correlation tests, and spectral analysis
are some of the popular techniques used for te&tingeak form efficiency. Most studies on

the weak form of th&MH in emerging stock markets have applied the runs test and/or the unit
root test as a principal method for detecting a random walk, which is a necessary and sufficient

condition for market diciency in the weak form.

83p” LV WKH PD[LPXP QXPEFHMtidR$ ODIJV RI DXWRFRUU
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The runs test has found favour in the hands of authors such as: Barnes (1986), Dickinson and
Muragu (1994), Sharma and Kennedy (1977), Karemera et al. (1999), Wheeler et al. (2002),
Abraham et al. (2002), while the unit rootttéss received the attention of authors such as:
Groenewold et al. (2003), and Seddighi and Nian (2004). Authors such as Fawson et al. (1996),
Mookerjee and Yu (1999), and Abeysekera (2001) applied both methods to investigate the
presence of weatorm efficiency in their work.

Other statistical methods adopted previously by researchers include the serial correlation test,
including the correlation coefficient test, thet€st, and variance ratio tests. Researchers such
as: Dickinson and Muragu (1994), Fawset al. (1996), Ddeery and Vergari (1997), Alam,
Hassan and Kadapakkan(il999), Karemera et al. (1999), Mookerjee and Yu (1999),
Abeysekera (2001), and Groenewold et al. (2003) applied both the correlation coefficient test

and the @est to investigatefiiciency in various markets.

The Variance Ratio test was applied by: Chang and Ting (2000), Cheung and Coutts (2001),
Abraham et al. (2002), and Lima and Tabak (2@04&xamine wealorm market efficiency in

their studies.

Someresearchers applied otheechniques, such as spectral analysis (Sharma and Kennedy,
1977 and Fawson et al., (19986)e fractional integration teBuguk and Brorsen, 2003), and
the autoregressiveonditionally heteroscedasticity (ARCH) té€Steddighi and Nian, 2004) to

investgate evidence for market efficiency, especially at its weatk level.

Given the foregoingind the nature of the available data for this sttigy bllowing methods
(discussed in Gapter 4), are to be applied in this research: parametric tests (theceaiadio

teg and the autocorrelation testhd norparametric tests (the runs test and the BDS {8

choice of the variance test in this study is informed by the fact that it is regarded as the most
powerful parametric test statistics for marketiciincy compared to any othéee Taylor

(2005; 2011) an€Campbell, Lo, and MacKinlay (1997))o & MacKinlay (1989) and Faust,
(1992) note that usinthe VR statistic has optimum power against alternatives to the random
walk model can be advantageousanmtesting against several interesting alternatives such as
those hypotheses associated with mean reveraisa, given the fact that the distribution of

the financial assetis nornormal, using distribution free statistics such as the runs and BDS

testto investigate randomness is most appropriate.
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6.4 Results and Discussions

This section presents the results and brief discussibti® outcomes of the various analyses
carried out in this chapteFollowing the procedures outlined ire&ion 4.3, we shallbe
presentingesults and discussions on the following tests considered so far, natagbnarity
tests using three different statistitise variance ratio test; thenit root/ random walk test; BDS
tests of noflinear dependencyheruns test of randonessand thelLjung-Box tests of linear

independence.
6.4.1 Discussions on Stationarity Tests on Daily Data at Overall level

To be able to check if the returns series for each of the banks is stationary or not, three different
testing methods were adoptetamely: thePhillips-Perron (PP) Unit root tests (of Non
stationarity) by Phillips and Perron (198&)e Augmentedickey-Fuller (ADF) test (ofnon
stationarity) by Said and Dickey (1984) and the Kwiatkoviillips-SchmidtShin (KPSS)

test (for statioarity) by Kwiatkowski, Phillips, Schmidt and Shin (1992), the results of which
are presented ifable 6.1below. It is obvious that the outcomes of the three different tests
confirm that the series for each of the banks is stationary at the 5%e\vilus could be used

for further time series analysis without a need to transform (by way of differencing) the original

series.

It is important to note that while for the KP$&t, a null hypothesis of stationaritysst;
whereador the PP and ADfests,anull hypothesis of nostationarity is set. On this note, it is
expected that for each case, the null is rejected only if-tr@y® (in parenthesis) is less than
0.05,the levelof significanceselected. Thydooking at the table, it is only with Afsank where

the pvalue is 0.0237 under KPSS that hypothesis of stationarity seems to be rejected; whereas

in the remaining cases, the stationarity of the series is confirmed.

Table 6.1: Stationarity Tests on Daily Stock Returns across the Bank

Bank KPSS Phillips-Perron ADF (Level)

Access 0.1918 (0.1) -3237.900(0.01) -52.719 (0.01)
Afribank 0.5888(0.0237) -2696.900(0.01) -13.12® (0.01)
Diamond 0.0900(0.1) -1627.900(0.01) -36.33® (0.01)
Ecobank 0.3474 (0.0998) -2067.800(0.01) -31.3901(0.01)
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FCMB 0.3028 (0.1) -2056.440 (0.01) -12.009 (0.01)
Fidelity 0.1691(0.1) -1744.400(0.01) -12.478 (0.01)
First 0.1640(0.1) -2958.900(0.01) -54.64%) (0.01)
GTB 0.1217(0.1) -2944.700(0.01) -53.65% (0.01)
Skye 0.3432(0.1) -1783.000(0.01) -13.08D (0.01)
STANBIC 0.1372(0.1) -2247.400(0.01) -13.550 (0.01)
Sterling 0.0414(0.1) -3277.666 (0.01) -15.1424(0.01)
UBA 0.1102(0.1) -3050.600(0.01) -52.81D (0.01)
Union 0.0951(0.1) -3360.200(0.01) -15.35 (0.01)
Unity 0.1307(0.1) -2166.2000(0.01) -12.78® (0.01)
WEMA 0.1049(0.1) -3757.200(0.01) -15.047 (0.01)
Zenith 0.15110.1) -1783.100(0.01) -14.04D (0.01)

Notes: pvalues are in parentheséote

6.4.2 Discussions on the Varianced®o Tests across the Banks

Table 6.2below displays the re#s of the variance ratio testghich as previouslystated,s a
parametric test that is used in checking for the conformity of the financial series to the Random
walk Hypothesis and thus weddrm market efficiency. From the results, it is noted thay onl

in five banks: Ecobank, STANBIC, Unipkunity and WEMA, the hypothesis of Random Walk
(RW) cannot be rejected, whereas the remaining twelve reject thenypdthesis which

implies weakform inefficiency subjecto the hypotheses
*84L sRO;8B4Ms

Campbell, Lo and MacKinlay1997, p.69) interpret that increasing variance ratios with lag
values (especially for equally weighted returns/index) suggest a positive serial correlation in

multi-period returns.
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We apply variance ratios to test the Random Walk 3 model (or RW3) in Campbell, Lo and
MacKinlay (1997, p.33). In RW3, the null hypothesfonstant mean returns and

uncorrelated residuais given as

*,aNL aE \g, versts an alternativdnypothesis with trend componemtith the residuals\'{;
satisfying the constraint% KR a,,?L r EGMr =J @ K¥ G p?Mr E GL r, which

are at least approximately satisfied by the stationarith@feturns series.

Table6.2: Summary Resultsof the Variance Ratio Tests

Possible | 2 4 8 16
Lags
Banks Variance z-statistic | Variance | z-statistic | Variance | z-statistic | Variance | z-statistic
Ratio (VR) Ratio Ratio Ratio
Access | 0.5677 -4.9200 0.3013 -5.2500 0.1518 -5.3700 0.0757 -5.2600
(0.000) (0.000) (0.000) (0.000)
Diamond | 0.6321 -13.3100 0.3603 -12.790 | 0.1771 -10.980 0.0835 -8.598
(0.00) (0.00) (0.000) (0.00)
Ecobank | 0.5065 -1.5400 0.2505 -1.553 0.1303 -1.5400 0.0636 -1.5900
(0.125) (0.112) (0.123) (0.122)
FCMB 0.5564 -14.2949 0.3103 -12.880 | 0.1476 -10.74D 0.07® -8.302D
(0.00) (0.00) (0.00) (0.00)
Fidelity | 0.6086 -14.32® 0.3396 -13.71@ 0.1671 -11.4517 | 0.0809 -8.7710
(0.00) (0.00) (0.00) (0.00)
First 0.5797 -3.98D 0.3067 -4.3504 0.1440 -4.539 0.0712 -4.45M
(0.0001) (0.00) (0.000) (0.00)
GTB 0.572 -8.3739 0.3139 -8.6924 0.1497 -8.6971 0.0738 -7.9339
(0.00) (0.00) (0.000) (0.00)
Skye 0.587 -2.3920 0.3154 -2.633 0.1532 -2.7745 0.0796 -2.782D
(0.01% (0.009 (0.009 (0.005)
Stanbic | 0.5407 -1.794 0.2934 -1.830 0.1446 -1.8996 0.0738 -1.909
(0.073 (0.066) (0.058 (0.0
Sterling | 0.5621 -5.1287 0.3075 -5.3526 0.1563 -5.4610 0.0783 -5.35M
(0.00) (0.00) (0.00) (0.00)
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UBA 0.5656 47029 | 0.3124 | -4.910 | 0.1552 -5.089) 0.0733 | -5.06®
(0.00) (0.000) (0.00)
(0.00)
Union | 0.5424 -1.793 0.2894 |-1.85 |0.1396 |-1.9238 | 0.0716 | -1.93D
(0.073) (0.069 (0.053)
(0.059
Unity 0.5128 -1.318) 0.2601 -1.33D | 0.1329 -1.3381 | 0.0652 | -1.3460
(0.1881) (0.183 (0.178)
(0.1809)
WEMA | 0.5167 -1.258) 0.2658 12740 | 01316 | -1.2912 | 0.060 -1.290
(0.208) (0.203 (0.199
(0.197
Zenith | 0.6227 -5.4425 | 0.3376 -6.1313 | 0.1639 6.2051 | 0.0847 | -5.70D
(0.00) (0.000) (0.00)
(0.000)

Notes: pvalues are in parentheses
6.4.3 Discusions on the Unit Root (Random Walk) Tests across the Banks

Table 6.3 below presents the results of the Unit root 4stationary test via the Augmented
Dickey Fuller test of random walk withodtift subjectto thehypothesis* ,ai L sR ®sai O

s(hypothesis of covariance stationarity, sé&X))

The results show that each bank's series has no unit root sintevéhee linked to each bank

is less tha 1. This means that theresignificant evidencéhattheirretuns seriesrestationary

and thus rejects the random walk hypothesis or possibility of a unit root. Alternatively, we say
WKDW DOO WKH EgEdvgian¢dstatioharyitdplyivig ihaltHe series can be used in

further analysis without any needlr fdifferencing.

Table 6.3: Unit Root Tests on Daily Returns across the Banks

Bank ADF (Without Drift Parameter) Test statistics(p-values in parentheses
Access T LFrasvx PLFu{yurtAF sx
Afribank TLFr&ywz PL Furd{zr:tAFsx
Diamond TLFryt{{ PL Ftwavxrrt AF sx
Ecobank T LFrdx{y PL FusiwvrtAF sx
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FCMB T LFrgyur PL Furdatsr:tAF sx
Fidelity T LFrgwxrt PL Ft{&yurtAF sx
First T LFr&{wr PL Fvt&zwrtAF sx
GTB TLFr&{vx PL Fuvix {{r:tAF sx
Skye TLFr&swz PL Furdtyr:tAF sx
STANBIC T LFrdrw{ PL Futd wxit AF sx
Sterling T LFrgwtt PL Fuxysr:itAF sx
UBA TLFr&swz PL Fu{&ztr:itAF sx
Union T LFr&xww PL Fvra{tr:tAF sx
Unity T LFrdv{y PL FutdwxrtAF sx
WEMA T LFrdsux PL Fvs¥yrritAF sx
Zenith T LFr&xrr PL FusiszritAF sx

Note: T is the unit root parameter

6.4.4 Discussions on the Nofinear Independence (BDS) Tests across the Banks

In this testboth the dinension and the epsilon tolerar{eeearbitrary values)for close points
were chosen for the respective banks automatically by-t&ftare used to analyse the data.
From the results, the significance of theglue across the banks is an indicationrgection

of the nullhypothesis ofinearindependencand leadsis to conclude that the returns for each
bank are noitlinearly dependent, which is a good indication of nandom walk behaviour.
This meanghat there is an element of predictability, iahh contradicts weaorm market

efficiency (se€Table 6.4and Appendix6A).

Table 6.4: BDS Test Results for Access Bank

DimensionEpsilon for close points 0.0145 0.029 0.0435 0.058
2 34.8877(0.00) | 30.4356(0.00) 28.6468(0.00) 29.06D (0.00)
3 51.39® (0.00) | 36.9197(0.00) | 32.3018(0.00) | 32.7991(0.00)

Notes: pvalues are in parentheses

179



6.4.5 Discussion othe RUNSTest

Table 6.5below presents the results of the tests of randomness in the data gemeoaass

for the daily returns of the banks using the {panametric test called the runs test. In a bid to
achieve this, we chose the mean and median returnsvlaatherthe returns araandomly

assigned below and above zero point as our target for theasinTable 6.5shows the results

where the runs were classified based on the mean. For those based on the median see Appendix
6b. Thus Table 6.5tests if the returns are randomly assigned below and above the mean. From
the pvalues (in the 8column of Table 6.5), the null hypothesis of randomness (or linear
independence) is rejected in favour of the alternative ofrandomness an indication of

violation of the random walkhypothesis and thus a sign of rejection of wéakn market
efficiency acros the sixteen banks.

Table 6.5: Summary Results of The Run Tests based on Mean

Bank TestValue Cases < | Cases Total No of Z statistic | p-value
(Mean) Test >=Test Cases Runs
Value Value
Access 0.0060 2499 1370 3869 1351 -14.75® | 0.000
Afribank | -0.0005 823 2222 3045 737 -21.379 | 0.000
FCMB -0.0002 896 1578 2474 948 -8.530 0.000
Fidelity -0.0003 923 1453 2376 900 -9.929 0.000
First -0.0001 1662 2207 3869 1544 -11.58® | 0.000
GTB 0.0006 2256 1613 3869 1585 -9.82590 0.000
Diamond | -0.00Q 974 1394 2368 881 -11.32D | 0.000
Eco bank | -0.0014 706 1344 2050 847 -3.9000 0.000
Skye 0.0001 1397 846 2243 794 -11.72% | 0.000
STANBIC | 0.0001 2400 1469 3869 1444 -12.950 | 0.000
Sterling 0.0001 2658 1211 3869 1138 -19.70D | 0.000
UBA 0.0001 2228 1641 3869 1604 -9.44® 0.000
Union -0.0001 1494 2375 3869 1404 -14.62% | 0.000
Unity 0.0004 1558 665 2223 618 -15.94% | 0.000
WEMA 0.0003 2694 1175 3869 1082 -21.11® | 0.000
Zenith 0.0002 1446 1070 2516 1062 -6.89M 0.000

6.4.6 Discussions on ACF Tests of the Log Returns across the Banks

Table 6.6 below displays the Autocorrelation test for linear independence of the return series at
different lags of orders 1, 5, 10 and 20.

Table 6.6: Log Returns ACF Tests across the Banks
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Bank\ Lags 1 5 10 20
Access 104.1®0 (2.2e16) 114.690(2.2e16) 123.8D0(2.2e16) 125.6M0(2.2e16)
Diamond 190.508(2.2e16) 219.1000(2.2e16) 222.7®0(2.2e16) | 233.3D0(2.2e16)
Ecobank 0.8549(0.3552) 2.991 (0.7013) 7.0563 (0.8539) 19.0244 (0.5202)
Afribank 163.9D0(2.2e16) 287.480 (2.2e16) 310.9D0(2.2e16) | 330.2®0(2.2e16)
FCMB 80.5700(2.2e16) 106.130(2.2e16) 117.030(2.2e16) 134.6M0(2.2e16)
First 63.898 (1.332e15) 112.8)00(2.2e16) 113.400(2.2e16) 117.200(2.2e16)
UBA 101.3D0(2.2e16) 128.190(2.2e16) 139.6M0(2.2e16) 148.2D0(2.2e16)
Unity 3.2053(0.0734) 3.7771 (0.5819) 5.036@ (0.8888) 5.4417(0.9995)
GTB 82.64® (2.2e16) 114.4®0(2.2e16) 136.200(2.2e16) 144.8D0(2.2e16)
Skye 72.57® (2.2e16) 78.88% (1.443e15) | 82.17® (1.876€13) | 96.20% (5.98e12)
STANBIC 13.249 (0.000273) | 16.44D (0.005677) | 18.39® (0.0486) 24.30% (0.2293)
Sterling 151.7455(2.2€.6) 194.7000(2.2e16) 195.7000(2.2e16) | 203.8000(2.2e-16)
Union 48.759 (2.895e12) | 60.520(9.492e12) | 66.399 (2.186e€10) | 70.590 (1.457€7)
Fidelity 130.3®0(2.2e16) 145.1®0(2.2e16) 151.8)00(2.2e16) 163.6®0 (2.2e16)
WEMA 14.53® (0.0001.375)| 19.213 (0.00175) 20.20D (0.0274) 23.09® (0.284)
Zenith 146.4®0 (2.2e16) 159.2D0(2.2e16) 167.580 (2.2e16) 180.200(2.2e16)

Notes: pvalues are in parentheses

The results show that all the banks except fort#&oo and Unity bankswhere the correlations

are not significant atny ofthe indcated lags, whereas STANBIC and WEMA banks became
insignificant at lag 20. Meanwhile, the significance of the fourteen other banks showsdbat the
EDQNVY UHWXUQV D Uirtliaithy\that Ehe eakk Petubn©dlig\hot have unit root

6.5 Summary and Conclusion

In this chapter, the following three concepts of stoatkirn properties bordering on market
efficiency of the banking sector of the NSM were discussed: stationarity; rando sy Rel;
andthe efficient market hypothesis (EMH). Under these aapts we briefly examined strict
and weak stationarity and wmibot nonstationarity, an example of which is the random walk

hypothesis. Further discussion was therefore focused on random walk ‘thidwoyt drift"

The efficient market hypothesis M) and different categories of innovations in a mean
equation, namely martingale differescevhite noise, and independently and identically
distributed (E Ei@ovations, were discussebiestsRelated to theeMH were also discussed.

Various forms of market efficiencythe perfect, strong, serstrong, and weak forms were also

discussed. Theelevant test statistics used in examining wmakn market eficiencyfound in
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the literaturenvere surveyed. Finally, test statistics sastthevariance ratio, BDS, runs, ADF,
KPSS and PP tests found relevant to our research objectives were discussed and applied.

Having applied the various methods, the followiglings were made. From the KPSS, PP
and ADF tests othe VW DWLRQDULW\ R IseVieK i wasDiduhdMti§at a iyt U Q
Afribank was the nulthypothesis ofstationarity rejectedin favour of the nonstationarity
alternative while for the remainig 15 banks the null hypothesis of stationarity was not rejected
usingthe KPSS testHowever,for the PP and ADRests,we rejeced the nulthypothesis of
non-stationaity (or unit root)acrossall 16 banks in favour of thstationaity alternative(that

is, no unit root;seeTable 6.1 +HQFH WKH EDQNVY UHWXUQV ZHUH RY'
require differenaig for further empirical financialnalysis using appropriate time series
technigues. Theandom walk and weaform market efficiencyests usig variance ratio tests
showed that while the hypothesis of a random walk and related market efficienayotvas
rejectedonly in four banks' returns, nameyco, STANBIC, Union and WEMA banks.The
restrejected th&RW hypothesis, meaning that sadanksfreturns are netveakly efficient (see
Table 6.2.The results on the random walk without dufingthe ADF test shovihat the series

are stationary, and not random walks, whindicatesthat the returns are neteakly efficient
(see Table 6.8

FromTable 6.4, it is apparent that the null hypothesis of no-tinear independence is rejected,
ZKLFK LQGLFDWHY WKDW AMinhEady Bdpendievit] attlHhE Xdai@ sonDddiets Q R Q

weakform market efficiency.

The rurs tests displayed ifable 6.5 wheee the hypothesis of randomness was set, however,
rejected randomness across the 16 banks, which is a violattbe i@nhdom walk and linear

independence properties of the returns.

Complementary ACF tests for the log returns for lad @), intended to dermine linear
independence in the returnsere conducted, and the results revealed that the hypothesis of

independence is rejected for all the banks except for ECO and Unity banks.

In light of the above findings, we can conclude that the Nigerian b@nkd not be said to be
weakform efficient tfindings which are in line with those of Omar (2012) and Ezepue and
Omar (2012) on the All Share Index (ASI)tbENSM at the overall market level. As noted in
Chapters 1 and 2 of tlikesis these initial stdies on systematic stock marlataracterisation

(SSMC)of the NSM suggested complementary setdgel studies of the six main empirical
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market featuresahomaliespubbles, efficiencypredictability,valuation andvolatility). What
this chapter contriltes additionally to the overall market knowledge of the dynamics of the
NSM, as elucidated in Chapter 1 of the thesis, is a demonstration that théoweakarket

inefficiency in the NSM found in tlsestudies applies to the banking sector.

The Chapter &0 expanded on the different tests of market efficieedgted characteristics of

the NSM, beyond the extent achieved in Ezepue and Omar (2012) and Omar (2012). The
LPSOLFDWLRQV RI WKHVH UHVXOWYV WRJHW K HotoeviihiglK W KH V
were explored in Chapter 5 of the thesis were also foreshadowed in Chapter 1 in relation to
systematic stock market characterisation and development (SSMCD) (Raheem and Ezepue,
2018). These references further indicated ways in which the stydists of the kinds obtained

in Chapter 5 and the six empirical market featuneted above coud LQIRUP LQYHVWR
strategies, NSM policy directions and market development masesgllas widereconomic
management of the Nigerian economy by the CBNathdr financial agencies in the country.

We alsonotedthatthe ED Q N V { sStyks&d ¥aotQreinforce these ideas for such a dominant

part of the Nigerian economy. It was mentioned in Chapter 1 that this is the first time known to

the researcher thatishiin-depthacharacterisatin of the empirical financidéatures of Nigerian

bankshasbeen examinefusing individual retursseries for the sixteen banks considered).

Particularly regarding the efficienaglated tests in this chapter, the lack of wéaikn
efficiency of the banking sector of the NSM was found to be associated with evidence of
nonlinearity and predictability in returns. This implies the possibility of making money
(arbitrageur opportunities) in the sectbquest that requires not orkgowledge of SSMCD

and related algorithmic investmdnit also portfoliomanagement of the kind explored in Dalio

(2017). The next chapter explores market anomalies in the banking sector of the NSM.
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7.1

7 CHAPTER SEVEN: MARKET ANOMALIES

Introduction

In this dapter,the attributesof, reasons for studyingandimplications of stock anomalies,

together with thespecific objectives obur study and the descriptive statistics on the yearly

average bank returnwill briefly be introduced. Following thatwe apply the various

methodologies relevant to our objectives (as presentgdatiord.4). Theresults othese will

be presented and discussed in the subsequent sections of this.chapter

7.2 Attributes of Market Anomalies

1.

They occur outside of the relevant markdormation;

2. They are expected to be consistent over long time periods;

They are well researched and are not due toreé&tederror(s) such amissing data
data imputation errors or small sample sizes.

According to Schwert (2003), anomalies are stramgledéficult to predict because they
are bound to fade and resurfgseeUllah, Ullahand Ali, 2016)

7.3 The reasons for studying Stock Market anomalies

Stock market anomalies are studieddeverakeasons which include:

1.

7.4

It helps investors to understandMa market reacts to the variations caused by changing
patternsn investmentselated to days, weekdays, months, seasons, years, government
policies and general activities in the economy, both at local and internagoeds.
Knowing these enables theto design favourable trading strategies that factor such
predictable dynamics into their investment decisions.

Market makers and regulators also require knowledge of such regular shifts to be able
to ensure continuous liquidity in the market amchaintan balanced checks that permit

little or no room for arbitrage opportunities by any participant.

Implications of Stock Anomalies for Investment Strategies

Thereare implications of the anomalies for relevant stakeholders and the market; these include:

1.

It is difficult in most cases to benefit from the anomalies because they tend to disappear

with time suchthat pricesadjust back to the rational level.

184



2. The fact that some anomalies are not violations of the efficient market hypothasis,
rather they are dusometimes tothe statistical methods applied in detecting the
anomalies and the data available.

Thus, an investor who wants to earn abnormal profit using the anomaig®vertime be
disappointed, especially ia weltregulated market with little or nooom for arbitrage
opportunities.

Specific objectives of this chapter

1. To determine the yearly averages to see the differential patteoss @be years for all
the banks;

2. Toinvestigate thpresencef Day-of-theweek Effect Anomalies in the Nigerian Barfks
stock returns;

3. 7R GHWHUPLQH LI WKHUH H[LVW -DQXDU\ +ROLGD\ (IIHF
stock returns;

4. 7R VHH LI 1LJHULDQ EDQNVT \awdktebexaich BedsenBlityD FW H U
Effect Anomaly;

5. Toinvestigate the presenceeofurn-of-the-year Effect AnomalyinKH 1LJHULDQ EDQT

stockreturns.

Descriptive Statisticsonthe<HDUO\ $YHUDJH %DQNVY 5HWXUQV

In this section, the yearly average returns across the sixteen banks are preserabddgech
Table 7.1 below, where only the yesuwith the highest and lowest average returns are shown,

followed by their respective bar plotskigures 7.55¢7.68g (seéppendix 7G).

Table7.1: Yearly Average Returns across the Banks

Bank Period (years