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Abstract

Total Nigeria Plc is a Marketing and Services sdibsy of Total; a multinational energy
company operating in more than 130 countries amantitted to providing sustainable products
and services for its customers. For over 50 y8argl Nigeria Plc has remained the leader in
the downstream sector of the Nigerian oild agas industry. This study investigated the
volatility of the stock price of Total Petroleum géria plc using nine (9) GARCH models
namely sGARCH, ¢gjrGARCH, eGARCH, iGARCH, aPARCH, ABCH, NGARCH,
NAGARCH and AVGARCH. We also investigated the VahieRisk (VaR) and Backtesting of
the Models. The aim actually of this study is ta$iothe confidence of the shareholders and
investors of the Total Nigeria plc. To achieve thiaily stock price for Total petroleum Nigeria
plc from secondary was collected from Janudfy2P01 to May & 2017. . The study used both
normal and student t innovations, using Akaike infation Criterion (AIC) to select the best
model, for normal innovations for log returns atebosed log returns of Total plc, the eGARCH
and sGARCH models performed best respectively, aw’NIGARCH model performed best for
student t innovation for both log returns and csshreturns of Total plc. The persistence of the
models are stable except in few cases where IGAREIFARCH where not stable. Also for
student t innovation, the SGARCH and gjrGARCH fadsonverge. The mean-reverting number
of day for the returns of Total Nigeria plc diffdrem model to model. Evidence from the VaR
Analysis revealed from the selected models reveifladthe Risk of VaR losses is high at 99%
confidence level, slightly high at 95% confidenewdl and better at 90% confidence level.
Although The Duration-Based Tests of independeraredacted revealed that the models are
correctly specified since in all cases the null dtheses were accepted. This means that the
probability of an exception on any day did not defgeon the outcome of the previous day.
Finally, both the unconditional (Kupiec) and corafital (Christoffersen) coverage tests for the
correct number of exceedances for both Total stetkrns and cleansed returns. The tests
revealed rejection of the models at 1% level ohidicance. This confirms that unconditional
(Kupiec) and conditional (Christoffersen) coverdgsts for the correct number of exceedances
are reliable compared to the Duration-Based Teistadependence. Therefore we recommend
that shareholders and investors in Total Nigercagoe to remain and continue to investment in
Total Nigeria plc because if there is any formaxdes, the price of the stock has the potentials to
improve in the future. Again, though the risk igihiat 99% confidence level, this in line with the
financial theory that states that an asset witlh leigpected risk would pay higher return on the
average.

Keywords: Volatility, Returns, Stocks, Total Petroleum, Akailnformation Criterion (AIC),
GARCH, Value-at-Risk (VaR), Backtesting.
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1.0  Introduction

Financial theory states that an asset with higreetgal risk would pay higher return on
the average (Xekalaki and Degiannakis, 2010). Télationship between investors’ expected
return and risk was measeared and representeddlg Enal. (1987) using the Auto-Regressive
Conditional Heteroscedasticity (ARCH) given as

Yo =xB+¢(07) + €,

£ |1, ~ (0%, (1)

07 =0(0,1, 0 preiEigrEipreiVigsVipres)s

where x, is a kx1 vector of endogeneous and exogeneousugdplry variables included in the

setl,, and@(a?) represents the risk premium, which means incrizatee rate of return due to

an increase in the variables of the returns.

From the economist point of view, resources areesgéa the world especially in
developing countries of which Nigeria belong (MaXwand Reuveny, (2000) & IPI, (2009)).
According to Mildner et al. (2011), resources sitgris increasingly perceived as one of the
greatest security risk of the twenty-first centufhis situation in developing countries has made
investors to paly safe in investment uncertaintyhmadi et al. (2018) identified three
characteristics of investment decision as Coshweéstment, uncertainty over future profits and
seeking for additional information to reduce unamty. These and many more are provided by
stock brokers, accountants, financial analyst anantial econometricians and financial time
series analysts. The most dependable is the fiakaconometricians and financial time series
analysts due to volatility and value at risk présen stock prices.

Financial econometrics and financial time serieslymis provides the following: better
understanding on how prices behave and knowledgeiad behavior to reduce risk or enhances
better decision (Aas & Dimakos, 2004). This is daseng time series models for forecasting,
option pricing and risk management.

Nigeria as a country that depended more on oil (dd&n, 2016) and a major player in
the oil market (Ahmadi et al., 2018), investorNigeria have invested and are still investing in
stock of oil company such as Total Petroleum CompdiiNigeria.

Total Nigeria Plc is a Marketing and Services sdibsy of Total; a multinational energy

company operating in more than 130 countries amangitted to providing sustainable products
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and services for its customers. For over 50 y8aal Nigeria Plc has remained the leader in
the downstream sector of the Nigerian oitl ayas industry with an extensive distribution
network of over 500 service stations natiaieviand a wide range of top quality energy
products and services. TOTAL NIGERIA PLC (RC 139%s incorporated as a private
company on June 1, 1956 to market petroleum predadiigeria. In September 11, 2001, the
company had a successful merger which paved waysdstainable growth and continuous
development. The share capital of the company #ftemerger is presently N169,761,000 made
up of 50k ordinary shares authorized and fully pgidwith Nigerian Citizens and Associations
holding 38.28% of the share capithttp://www.total.com.ng/pro/about-us.hjml

Total share price is very high =(N 199.10 as at 162018

(https//www.bloomberg.com/quote/TOTAL:NL)) and agls the risk and returns would also be

high. The investors in this company and sector egedformation to reduce their risk and to
enhance their investment decisions.

This study investigates the volatility and the \&aht Risk (VaR) of daily stock of total
petroleum company Nigeria in order to boost thefidence of her shareholders and investors.
20 Review of Literature on Volatility and VaR of stocks of oil company and in ail
mar kets

Volatility is a statistical measure of the dispersiof returns for a given security or
market index. One can measure volatility using skendard deviation or variance between
returns from the same security or market index thet higher the volatility, the riskier the
security. That is why crude oil prices and its ktpdces fluctuate heavily and are become more
volatile (Ulusoy & Ozdurak, 2018).

On the other hand, Value at Risk (VaR) is a staistmeasure of the riskiness of
financial entities or portfolio of assets (Corkak®11). In addition, it is define as the maximum
a given amount of currency or price of stock isestpd to be lost over a given time horizon, at a
pre-defined confidence level (Best, (1998); BalC&kici, (2004)).

Previous studies are as follows: Bali and Caki€i0@) stated that stock size, liquidity
and Value at Risk (VaR) can explain the cross-seativariation in expected returns than Beta
and total volatility and concluded that relatioqsbetween average returns and VaR is robust for
different investment horizons and loss probabilgyel while VaR has additional explanatory

power for stock returns.
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Corkalo (2011) compared the main approaches ofulzdiog VaR and implements
variance-covariance, historical simulation and btapping approach on stock portfolio and
presented results using histogram. Corkalo recordetgethat investor or risk manager must look
at composition of its portfolio and then chooserappate method to calculate VaR. a similar
work was done by van den Goorbergh and Vlaar (1999)

Asaolu and llo (2012) investigated the relationshgiween the Nigerian stock market
and world crude oil price. The study showed thatNhgerian stock market and oil price are tied
to gather in the long run as anticipated given dioeninance of oil sector on the Nigerian
economy.

Ogiri et al. (2013) studied oil price and stock kedrperformance in Nigeria using
VECM and VAR model. Their result revealed oil prickanges are important factors in
explaining stock price movement in Nigeria.

Akinlo (2014) examined the relationship betweenpoite and stock market in Nigeria
using the Vector Error Correction Model approache Btudy revealed that oil price, exchange
rate and stock market development are cointegratate oil price has a temporary positive
impact on stock market growth in Nigeria.

Alley et al. (2014) investigated the effect of piice shocks on the Nigerian economy
using annual data from 1981 to 2012 and employed3#neral methods of moment (GMM) in
the analysis of the data. They found that the wdepshocks insignificantly retard the economic
growth while oil prices itself significantly imprevthe economic growth.

Akinlo and Apanisile (2015) examined the impacttbé volatility of oil price on
economic growth in 20 Sub-Saharan African countiiesy 1986-2012. The panel pooled OLS
was employed and the results revealed that theiMglaf oil has a positive and significant
effect on the economic growth of the oil exportinguntries while for non-oil exporting
countries the volatility of the oil price has a pee and insignificant impact on the economic
growth.

Abdulkareem and Abdulkareem (2016) analyzed maorauic variables and oil price
volatility in Nigeria using GARCH model and its vamts employing daily, monthly and
guarterly data sets. The study concluded that wdepis a major source of macroeconomic

volatility in Nigeria.
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Odupitan (2017) found out that because of the dlpbees of crude oil crashed in 2014,
government revenues also declined while the nors@dtor also contracted as a result. This
resulted to negative effects on the Nigerian econashshe suffered from job loss, stagnated
savings, increased external debt. Odupitan sugheilsée for the country to overcome all these
challenges, diversification of the economy shoull donsidered and implemented by the
Nigerian government.

Jarrett et al. (2017) investigated the impact ealdinancial development and openness
measures on mitigating oil volatility from data s&t194 countries between 1980 and 2014 with
the application of ARDL model. They found out tfiagancial measures do mitigate the effects
of oil price volatility in the introduction of thesmeasures can reduced or completely eliminate
the negative effects of oil volatility on growth.

Okere and Ndubuisi (2017) investigated the relatgm between crude oil price and
stock market development and economic growth ineNggover 1981 to 2014 using ARDL
model. The study concluded that the dominant réleilgprice is one of the engines that drive
economic growth in Nigeria.

Ahmadi et al. (2018) studied investment and una@staelationship in the oil and gas
industry of U.S using SVAR-GARCH model. Their rasidvealed that oil market uncertainty
lower investment only when it is caused by globahsumption demand shocks while market
uncertainty is found to have a negative effectruestment with a year of delay.

Okoye et al. (2018) empirically examined the irg&tionship between the construction
sector, oil prices and Gross domestic product (GiDRigeria and they found that there exist
short run linear relationships among these macromoa variables. They argued that neither
construction sector nor oil prices directly infleess the aggregate economy.

3.0 Modd Specification

This study focuses on the GARCH models that areusplior forecasting the volatility of
financial time series data; so GARCH model and sofmis extensions are presented in this
section

3.1  Autoregressive Conditional Heter oskedasticity (ARCH) Family M odel

Every ARCH or GARCH family model requires two disti specifications, namely: the mean
and the variance equations (Atoi, 2014). The mepraton for a conditional heteroskedasticity

in a return seriesy, is given by
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Yo =EL(y) té& )
where E =qoO0,
The mean equation in equation (2) also appliestiterctGARCH family modelsE,_, (i} the
expected value conditional on information availadleimet-1, while &,is the error generated
from the mean equation at time t amg is the sequence of independent and identically

distributed random variables with zero mean antlvariance.

The variance equation for an ARCH(p) model is gilegn

ol mw+aadl, +.ta,a’, (3)
It can be seen in the equation that large valuethefinnovation of asset returns have bigger
impact on the conditional variance because theysquared, which means that a large shock

tends to follow another large shock and that issti@e way the clusters of the volatility behave.
So the ARCH(p) model becomes:

a,=0¢, O =w+aalt. a8, 4
Where £,~N (0,1) iid, a> 0 anda, = @or i> 0. In practice,&, is assumed to follow the

standard normal or a standardized studefistribution or a generalized error distributidrs@y
2005).
3.2  Asymmetric Power ARCH
According to Rossi (2004), the asymmetric power AR@odel proposed by Ding, Engle &
Granger (1993) given below forms the basis fordeg the GARCH family models
Given that:

r=p+a,

E =0&,

& ~N(@©OD

P q
a-ta:w+zai(|at—i|_yiat—i)5+Zﬂj0-t{j ’ ()
i=1 =L

where
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-1<y <1 i=12..,p

B; >0 i=12....q
This model imposes a Box-Cox transformation ofdbrditional standard deviation process and
the asymmetric absolute residuals. The leverageteff the asymmetric response of volatility to
positive and negative “shocks”.
3.3  Standard GARCH(p, q) Moddl:
The mathematical model for the SGARCH(p,q) modadbsined from equation (5) by letting
0=2andy, = Qi=1...,p to be:

P q
& =0, Utz = a)+zaia12—i +ZIBJ Jtz—i (6)
i=1 j=1

Wherea, =r, — 4, (r,is the continuously compounded log return seris),

£~N(0,1) iid, the parameten, is the ARCH parameter and, is the GARCH parameter, and

w>0,a,2 0,52 0and> " (a +)< 1, (Rossi, 2004; Tsay, 2005 and Jiang, 2012).
The restriction on ARCH and GARCH parametéss, 3;) suggests that the volatilitya() is
finite and that the conditional standard deviaijon) increases. It can be observed that if g = 0,
then the model GARCH parametg;() becomes extinct and what is left is an ARCH(ppeio

To expatiate on the properties of GARCH modelsfollewing representation is necessary:

Let 77, =a2 -0} so thav? =a? -n,. By substitutingo?, =a% -1, (=0, ..., q) into Eq.
(4), the GARCH model can be rewritten as

max(p,q) qa
a =d,+ Z(ai +B)az, +n, - Bin-; » (7)
i=1 =1
It can be seen thatf } is a martingale difference series (i.E(s7,) = 0 and
cov@,.n,.-;) =0, forj > 1). However, {,} in general is not an iid sequence.
A GARCH model can be regarded as an applicatidh@®\RMA idea to the squared seria$.
Using the unconditional mean of an ARMA model, tesin this

a,

1- Zin;jxmq) (a,i + IBI)

E(a’) =
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provided that the denominator of the prior fractivpositive. (Tsay, 2005)
When p =1 and g =1, we have GARCH(1, 1) model glwen
& =0
ol =w+aa’, + po?,, )
34 GJR-GARCH(p, q) Mode
The Glosten-Jagannathan-Runkle GARCH (GJRGARCH)ahaedhich is a model that attempts
to address volatility clustering in an innovatiagess, is obtained by lettidg= 2.

Whend=2and0< ), < 1,

o g
0}2 :a)+za’i (|€t—i|_yi€t—i)2+zﬁiat2'j ®)
i1 1=

o q
—w+ Zai (|£t—i |2 tyeL -2y, |£t—i |£t—i )+ Z’BJ Jtz‘i
i=1 =

p q
w+zai2(1+yi)2£t2—i +Zﬁja-t2—j' &, <0
_ i=1 j=1
Utz B p q
w+zai (1_yi)2€t2—i +Zﬁjat2—j' &l >0
i=1 j=1

p p q
i.e; Utz = C‘H'Zai (1_yi)2€t2—i +zai{(1+yi)2 -@-y) 2}S|_€t2—i +Z:Bj0t2—j
=] =) =t

P q p
0.t2 =w+t za| (1_ }/i)z‘gtz—l +Zﬁj Jtz—l +z4ai1/isl_£t2—i
j=1 i=1

i=1

_ [1ifg, <0
where S =< _. ,
Oifeg. 20
Now define
a; =a,(l-y)*and Y, =4a,y,
then
2 % 2.2 . 2 S a2
g, :a)+zai (1_y|) gt—i +Zﬁj0—t—i +zy| S| gt—l (10)
i=1 j=1 i=1

Which is the GJIRGARCH model (Rossi, 2004).
Butwhen-1<y, < Q
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Then recall Eqg. (9)

p q
of = w"'zai (|5t—i|_yi‘9t—i)2 +2ﬁ10t2—1
i=1 j=1

o q
=w+ Zai (|£t—i |2 + yizgtz—l -2y, |£t—i |£t—i )+ Z’BJ Jtz‘i
i=1 =

p q
0+ @ A-y) L+ Y Bt £ >0

2 - i=1 j:1

g = p q
W+ a Wy el +Y Bot, £, <0

i=L =1

p q P
of =w+Y a L+ y) el + > Biol + ) ad(l-y)’ - L+ ) °1S'e,
j=1 i=1

i=1

p q p
=@t 2o A y) e + D B0l + el — 2 1oy - 2IS T
j= i=

i=1

Where
. _{1 if £, >0
0if g, <0
also define
a =a,A+y)’andy =-4a,y,
then

p q P
ol =w+ Y aiel + ) Biol + Y v STl (11)
i=1 j=1 i=1
which allows positive shocks to have a strongesatfbn volatility than negative shocks (Rossi,
2004). But whemp = q =1, the GJRGARCH(1,1) model will be written as
o} =w+aegl +y8el, + o, (12)
35 IGARCH(1, 1) Modé

The integrated GARCH (IGARCH) models are unit- r&ARCH models. The IGARCH (1, 1)
model is specified in Tsay (2005) and Grek (2054) a

& = 0.&; Utz =a,t ﬁlatz—l +(1- ﬁl)a’(z—l (13)
Where g,~ N(0, 1)iid, and 0< g, <1, Ali (2013) useda; to denotel- f3,.
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The model is also an exponential smoothing modettfe {a’} series. To see this, rewrite the

model as
ol= (1-pB)al,+ Loty
=([-Bal, + BlA-Pal, + fol,]
=(-Blat, + - B)Bal, + Blol,. (14)
By repeated substitutions, we have
ol =(-B)@ +Bal, + Blals +), (15)

which is the well-known exponential smoothing fotima with 5, being the discounting factor
(Tsay, 2005).

3.6 TGARCH(p, q) Model

The Threshold GARCH model is another model usedhaodle leverage effects, and a

TGARCH(p, q) model is given by the following:

p q
Utzzao"'Z(ai +yiNt:i)atz—i +Zﬂj0—t2—j ) (16)
i=1 j=1
where N,_; is an indicator for negative,_; , that is,
_|lifa, <0,
“ " loifa, =0

anda;, y;, and B, are nonnegative parameters satisfying conditiomgasi to those of GARCH
models, (Tsay, 2005). When=1,q =1, the TGARCH(1, 1) model becomes:

Jtz =w+(a+ Wt—l)atz—l + ﬁatz—l (17)
3.7 NGARCH(p, q) Moded
The Nonlinear Generalized Autoregressive Conditidieteroskedasticity (NGARCH) Model
has been presented variously in literature by titleviing scholars: Hsieh & Ritchken (2005),

Lanne & Saikkonen (2005), Malecka (2014) and Komirios & Ruseckas (2015). The

following model can be shown to represent all tresspntations:
q q p
h{ :w+zaigt2—i +zyi€t—i +Z:tht—j (18)
i=1 i=1 j=1

Where h, is the conditional variance, and g anda satisfya >0, >0 anda =0.

10
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Which can also be written as

q ) q P

2 :w+zai£t—i +Zyigt—i +218j0t—j (19)

i=1 i=1 j=1
3.8  TheExponential Generalized Autoregressive Conditional Heter oskedasticity
(EGARCH) Mode
The EGARCH model was proposed by Nelson (1991)y&yamme some weaknesses of the
GARCH model in handling financial time series pethbut by Enocksson and Skoog(2012), In
particular, to allow for asymmetric effects betwegxsitive and negative asset returns, he

considered the weighted innovation
g(gt) = Qgt + y[|£t| - E(|£t|)] , (20)
whered and yare real constants. Bot) and |¢,| - E(¢,|) are zero-mean iid sequences with

continuous distributions. Thereforg[g(&,)] =0. The asymmetry ofj(¢,) can easily be seen by
rewriting it as

@+y)e, _}'E(|‘9t|) if & 20,
TR
(6-P)e - (e i & <0 o

An EGARCH(m, s) model, according to Tsay (2005), Dhamija and Bhg010), Jiang (2012),

Ali (2013) and Grek (2014), can be written as

a[+0a. ,

t=i

S
a =0i&, In(af):a)+2ai
i=1

W ALCHY 22)

Which specifically results in EGARCH (1, 1) beingitten as

at = a-tgt
In(o?) = w+a(fa| - E(a.)) + 6a, + Ain(aL) 23)

11
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where|a,_,| - E(ja,,|) areiid and have mean zero. When the EGARCH model has ss@au
distribution of error term, thek(s,|) = ~/2/ 77, which gives:

In(0?) = w+a((a| -V2/7) + G, + BIn(a?,)

(24)
3.9 TheAbsolute Value GARCH (AVGARCH):
An asymmetric GARCH (AGARCH), according to Ali (28)lis simply
. 2 : 2 J 2
a=0¢&;0 =a)+iZ:1:cri|£t_i -b) +;,[>’jat_j : (25)

While the absolute value generalized autoregressiaditional heteroskedasticity (AVGARCH)

model is specified as:
p 9
a =0i&; o =w+zai(|£t—i +b|_c(£t—i +b))2+zlgjat2—j (26)
i=1 j=1

3.10 Nonlinear (Asymmetric) GARCH, or N(A)GARCH or NAGARCH

NAGARCH plays key role in option pricing with staadtic volatility because, as we shall see
later on, NAGARCH allows you to derive closed-foexpressions for European option prices in
spite of the rich volatility dynamics. Because aG¥RCH may be written as

o}, =w+ao’(z, - 9)* + fo? (27)
And if z ~1IDN (01), zis independent o> as g is only a function of an infinite number of

past squared returns, it is possible to easilyvdetiie long run, unconditional variance under
NGARCH and the assumption of stationarity:

El07,]1=0° = w+aE[o{(z, - 9)*] + fE[0}]

= w+aE[o|E(z] +0° -2z ] + BE[ 0]

= w+aT? (L+ 02) + BT (28)

Whereg? = E[o?] and E[0{] = E[0},,] because of stationary. Therefore

@

ol-a(l+d*)+Bl=w=0T° = 1—a@+0%)+ 3

(29)

12
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Which exists and positive if and onlydf(1+ d?) + 8 <1. This has two implications:
(i) The persistence index of a NAGARCH(1,1)a€l+ d°) + 8 and not simplya + 3;
(i) a NAGARCH(1,1) model is stationary if and onlydfl+J%)+ < . 1

See details in Nelson (1991); Hall & Yao (2003)dErs (2004); Chrisftersen, et al. (2008)
and Engle & Rangel (2008).

40 Materialsand Methods
The data used in this study was collected framuw.cashcraft.comunder stock trend and

analysis. Daily stock price for Total Petroleum &fig plc from January"2 2001 to May 8
2017 (a total of 4016 observations) was collectedhfthe website. The returns was calculated
using the formula below

R =InP_-InP_,. (30)

Then a total observation becomes 4015.

50 Resultsand Discussions

The analyses of this study was carried in R enwr@nt using rugarch package by Ghalanos
(2018) and PerformanceAnalytics package by Petegsah(2018). The section begins with the
descriptive statistics of the daily stock priceTatal Nigeria, plc. Figures 1, 2 and 3 presents the
daily stock price of Total, its log transform amdIreturns of Total Nigeria Plc. The fig 3 shows
some level of stability except in few cases. Tdbkhows the descriptive statistics of the Daily
stock price of total, its log transform and logurets of total Nigeria plc and they all exhibited
the characteristics of financial time series arel\tariables were not normally distributed at 5%

level of significance (i.e evidence of volatilitf/Abdulkareem & Abdulkareem, 2016).
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Fig 2: Plot of log transform of Total stock pricedalog returns of Total respectively.
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Fig 3: Plot of log returns of Total stock price
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Table 1: Summary Statistics Daily stock Price and Returnsof Total Nigeria Plc

Statistics Actual Daily Stock Price Log of Daily Stock Price Log of returnsof Daily Stock price
M n 1 0 -2.31941

Max 991 6. 898715 2. 35569

Medi an 456. 5 6.123588 0

Mean 460. 261 5. 825807 0. 0003562615

Esti nmat ed sd 280. 7877 0. 9404331 0. 07709386

Esti nat ed skewness 0. 1352331 -1.374364 0. 8949538

Esti nated kurtosis 1. 81057 5.314982 814.9014

Jarque-Bera Nornmality
Test

Nunber of QObservati ons

X-squared: 248.9706
p Value: < 2.2e-16

4016

X-squared: 2156.7212
p Value: < 2.2e-16

4016

X-squared: 110001718.9071
p Value: < 2.2e-16

4015

Table2: GARCH Modelsand Their Performance on the L og Returns of Daily Stock price of Total Nigeria Plc

M odel Information criteria Nor mal innovation Student t innovation

sGARCH (1,1) Akai ke -4.7049 N.A
Bayes -4.7002
Shi bat a -4,.7049
Hannan- Qui nn -4.7032

gj r GARCH( 1, 1) Akai ke -4.7103 N. A
Bayes -4.7040
Shi bat a -4.7103
Hannan- Qui nn -4.7081

eGARCH( 1, 1) Akai ke -4.7221 -5.6080
Bayes -4,7158 -5.6002
Shi bat a -4,7221 -5.6080
Hannan- Qui nn -4.7199 -5.6052
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i GARCH(1, 1) Akai ke -4.6949 -6.1100
Bayes -4.6918 - 6. 1053
Shi bat a -4.6949 -6. 1100
Hannan- Qui nn -4.6938 -6.1084
apARCH( 1, 1) Akai ke -4.7111 -9. 3760
Bayes -4.7033 - 9. 3666
Shi bat a -4.7111 -9. 3760
Hannan- Qui nn -4.7083 -9. 3727
TGARCH( 1, 1) Akai ke -2.0986 -7.6480
Bayes -2.0923 -7.6402
Shi bat a -2.0986 -7.6480
Hannan- Qui nn -2.0964 -7.6452
NGARCH (1, 1) Akai ke -4.7057 -22. 057
Bayes -4.6994 -22. 049
Shi bat a -4.7057 -22. 057
Hannan- Qui nn -4.7034 -22. 054
NAGARCH (1, 1) Akai ke -4.7068 -6.0847
Bayes -4.7006 -6.0768
Shi bat a -4.7068 -6.0847
Hannan- Qui nn -4.7046 -6.0819
AVGARCH( 1, 1) Akai ke -4.7068 -7.3255
Bayes -4.6990 -7.3160
Shi bat a -4.7068 -7.3255
Hannan- Qui nn -4.7040 -7.3221
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The log returns of the daily stock price of totagétia Plc was modeled with 9 (Nine)
different GARCH models (sGARCH, gjrGARCH, eGARCH;ARCH, aPARCH, TGARCH,
NGARCH, NAGARCH and AVGARCH) in Table 2 above. Wesed GARCH(1,1) because
many study have found its usefulness and performéBollerslev, (1986); Gonzalez-Rivera, et
al.(2004); Panait & Slavescu, (2012)). Using AkaikBormation Criterion (AIC) the eGARCH
outperformed other models for normal innovation le/fior student t innovation; the NGARCH
model outperformed other models. The performancBl®ARCH is in line with the work of
Emenogu and Adenomon (2018). Table 3 below showpdnsistence and half-life volatility of
the models. The persistence values of the modeéaked the stability of the model except for
IGARCH that has its value as 1(one). This meantsth®avolatility of the Total Nigeria Plc daily
stock price and returns can be modeled and caanrbedsted. For normal innovation, The half -
life of the models sGARCH, gjrGARCH, eGARCH, aPARCHGARCH, NGARCH,
NAGARCH and AVGARCH for mean reverting takes ab@uiays, 8 days, 4 days, 7 days, 90
days, 6 days, 7 days and 5 days respectively. 3iisild boost the confidence of the stock
holders of Total Nigeria plc that any seeminglysah the price of the stock can be regained in
the future. For student t innovation, SGARCH anG&RCH values for persistence and half-life
volatility are not available while IGARCH persistenvalue is equal to 1(one). While eGARCH,
aPARCH, TGARCH, NGARCH, NAGARCH and AVGARCH modelege stable with half- life
of about 1031 days, 19 days, 2 days, 38 days, 4 atad 3 days respectively.

Table 3: persistence and half-life volatility of log Returns of Daily Stock Price of Total

Nigeria, Plc.
Normal innovation Student t innovation

Persistence Half-life volatility Persistence Higié- volatility

SGARCH (1,1) 0.8985037 6.47653 NA NA
gj r GARCH( 1, 1) 0.906777 7.083141 NA NA

eGARCH( 1, 1) 0.8242379 3.585935 0.9993276 1030.535
i GARCH( 1, 1) 1 Infinity 1 Infinity
apARCH( 1, 1) 0.8959709 6.310093 0.9637551 18.77531
TGARCH( 1, 1) 0.9922771 89.40491 0.62996 1.499997
NGARCH( 1, 1) 0.885314 5.690259 0.981578 37.27836
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NAGARCH( 1, 1) 0.9008652

6.639366

0.9364346 10.5541

AVGARCH(1, 1) 0.854636

4.412711

0.7293367 2.196146

cleansedreturns
0.00 0.05
| |

-0.05

0 1000

2000 3000

Time

Fig 4: Plot Cleansed log Returns of Total Stock

Figure 4 above presents the Cleansed log Returfistaf Stock price, this is done to reduce the

effects of outliers (Peterson et al., 2018).

4000

Table 4: Descriptive Statistics of the CleansediRet of Daily Stock Price of Total Nigeria, Plc

Esti mat ed skewness
Esti mat ed kurtosis

Jarque-Bera Nornmality Test

Nunmber of Cbservati ons

Statistics Cleansed Returns of Total Plc
M n -0.07782726

Max 0. 07800604

Medi an 0

Mean 0. 0003082449

Esti mated sd 0. 02235972

-0. 002263221

X-squared: 632.2164 Asynptotic
p Value: < 2.2e-16

4015
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The the descriptive statistics of the cleansednsetaf total Nigeria, Plc in table 4 table

above also exhibits the characteristics of findrtow@e series.
Table 5: GARCH Models and Their Performance on the Cleansed Log Returns of Daily
Stock price of Total Nigeria Plc

M odel Information criteria | Normal innovation | Student t innovation
SsGARCH (1,1) Akai ke -4,.9438 NA
Bayes -4.9391
Shi bat a -4,9438
Hannan- Qui nn -4,.9421
gj r GARCH( 1, 1) Akai ke -4.9434 NA
Bayes -4,9371
Shi bat a -4.9434
Hannan- Qui nn -4.9411
eGARCH( 1, 1) Akai ke -4,.9401 -5. 8066
Bayes -4,.9338 -5.7988
Shi bat a -4.9401 -5. 8066
Hannan- Qui nn -4.9379 -5.8039
i GARCH( 1, 1) Akai ke -4,.9363 -6.3708
Bayes -4.9331 -6.3661
Shi bat a -4,.9363 -6.3708
Hannan- Qui nn -4,.9352 -6. 3691
apARCH( 1, 1) Akai ke -4.9429 -12. 693
Bayes -4.9350 -12. 684
Shi bat a -4.9429 -12.693
Hannan- Qui nn -4.9401 -12.690
TGARCH( 1, 1) Akai ke -2. 8546 -7.5955
Bayes -2.8483 -7.5876
Shi bat a -2. 8546 -7.5955
Hannan- Qui nn -2.8523 -7.5927
NGARCH (1, 1) Akai ke -4,.9433 -21.080
Bayes -4.9370 -21.072
Shi bat a -4,.9433 -21.080
Hannan- Qui nn -4.9411 -21. 077
NAGARCH (1, 1) Akai ke -4,.9433 -6.3209
Bayes -4,9371 -6. 3131
Shi bat a -4,.9433 -6.3209
Hannan- Qui nn -4,.9411 -6.3181
AVGARCH( 1, 1) Akai ke -4.9363 -8. 0452
Bayes -4.9284 -8.0358
Shi bat a -4.9363 -8. 0452
Hannan- Qui nn -4.9335 -8.0419
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The cleansed log returns of the daily stock pricetal Nigeria Plc was modeled with 9
(Nine) different GARCH models (sGARCH, gjrGARCH, ARBCH, iGARCH, aPARCH,
TGARCH, NGARCH, NAGARCH and AVGARCH) in Table 5 alom We used GARCH(1,1)
because many study have found its usefulness amarmpance (Bollerslev, (1986); Gonzalez-
Rivera, et al.(2004); Panait & Slavescu, (2012pind Akaike Information Criterion (AIC) the
SGARCH outperformed other models for normal innmraivhile for student t innovation; the
NGARCH model outperformed other models. The pertoroe of NGARCH is in line with the
work of Emenogu and Adenomon (2018). Table 6 bedtmwws the persistence and half-life

volatility of the models. The persistence valueshef models revealed the stability of the model

except for iIGARCH that has its value as 1(one)sTheans that the volatility of the cleansed

Total Nigeria Plc daily stock price can be modedad can be forecasted. For normal innovation,
the half -life of the models sGARCH, gjrGARCH, eGBR, aPARCH, TGARCH, NGARCH,

NAGARCH and AVGARCH for mean reverting takes ab88tdays, 33 days, 9 days, 33 days,
172 days, 33 days, 33 days and 18 days respectiVbly should boost the confidence of the

stock holders of Total Nigeria plc that any seeryinfglls in the price of the stock can be

regained in the future. For student t innovatidbBARCH and gjrGARCH values for persistence

and half-life volatility are not available while &RCH and iIGARCH persistence values are
equal to 1(one). While aPARCH, TGARCH, NGARCH, NARBH and AVGARCH models
are stable with half- life of about 21 days, 2 daygdays, 7 days, and 2 days respectively. The

performance of NGARCH model for student t innovatior cleansed daily stock returns is

similar to that of log returns of Total Nigeriacpl

Table 6: persistence and half-life volatility of the cleansed log Returns of Daily Stock Price

of Total Nigeria, Plc.

Normal innovation

Student t innovation

Persistence | Half-life volatility | Persistence Higfie-volatility
SsGARCH (1,1) 0.9791448 32.88842 NA NA
gj r GARCH( 1, 1) 0.9790591 32.7524 NA NA
eGARCH( 1, 1) 0.918747 8.17926 1 Infinity
i GARCH( 1, 1) 1 Infinity 1 Infinity
apARCH( 1, 1) 0.9790893 32.80017 0.9667162 20.47685
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TGARCH( 1, 1) 0.9959671 171.5258 0.6386781 1.545979
NGARCH( 1, 1) 0.9791485 32.89425 0.9850743 46.09227
NAGARCH( 1, 1) 0.9790062 32.66894 0.8924189 6.089872
AVGARCH( 1, 1) 0.9611715 17.50263 0.5455017 1.143714

51 Valueat Risk (VaR) Analysis of Total daily Stock Returns

VaR analysis is important for two reasons: firgtribvides a common consistent measure
of risk for stock returns and second, it takes iatgount the correlation between risk factors
(Nieppola, 2009). In this study, the in-sample a&s calculated using normal distribution. The
choice of in-sample is for the purpose of largeadsst while for out-of-sample VaR calculation
will be done in the next 2 to 3 years to be abl®ltain a data set of about 1000 time series

length.

returns

VaR90%
VaR95%
VaR99%

1
!

Totalreturns
0
|

0 1000 2000 3000 4000

Time

Fig 5: eGARCH(1,1) with normal innovation
In figure 5 above, the VaR values are less thamghens for eGARCH model. In addition, the

percentage of VaR violation (see Table 7 below)%tis 2.1% making the model to be rejected,
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while at 5% the model is slightly rejected but @¥dthe model is accepted having VaR violation
of 8.5%.

Table7: VaR Violation of the Actual Total Returns

Model VaR alpha No. of Violation Ratio Percentage
eGARCH(1,1) 1% 86 86/4015 2.1%
with normal 5% 216 216/4015 | 5.4%
10% 340 340/4015 | 8.5%
NGARCH(1,1) 1% 85 85/4015 2.1%
With std 5% 206 206/4015 |5.1%
10% 320 320/4015 | 8.0%
- returns
—  VaR90%
] —  VaR%%
o —  VaR9%
% o WWMWMMWW
I I I

0 1000 2000 3000 4000

Time

Fig 6: NGARCH(1,1) with student t distribution
In figure 6 above, the VaR values are less thanghens for NGARCH model. In addition, the

percentage of VaR violation (see Table 7 abovépais 2.1% making the model to be rejected,
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while at 5% the model is slightly rejected but @¥dthe model is accepted having VaR violation
of 8.0%.

The above results from VaR analysis for the loguRetof Total means that VaR
calculation for eGARCH model with normal innovatiand NGARCH model with student t
innovation are rejected with 99% confidence levadl alighly rejected with 95% confidence
level and accepted with 90% confidence level. Megnihe risk is high at 1% level of

significance.

returns
aR90%
aR95%

0.05
|

cleansedreturns
0.00
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Fig 7: Plot of Cleansed stocks returns and VaRudation from sGARCH(1,1) with normal
innovation

In figure 7 above, the VaR values are less thamréhens for SGARCH model. In addition, the
percentage of VaR violation (see Table 8 belowl)%atis 2.2% making the model to be rejected,
while at 5% the model is slightly rejected but @%dthe model is accepted having VaR violation
of 7.9%.

Table8: VaR Violation of Cleansed Total Returns

Model VaR alpha No. of Violation Ratio Percentage
SGARCH(1,1) 1% 88 88/4015 2.2%
with normal 5% 203 203/4015 |5.1%

10% 319 319/4015 7.9%
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NGARCH(1,1) 1% 960 960/4015 | 23.9%
With std 5% 971 971/4015 | 24.2%
10% 974 974/4015 | 24.3%

—_— returns

— aR90%
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™
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0 1000 2000 3000 4000

T
Time

Fig 8: Plot of Cleansed stocks returns and VaRutation from NGARCH(1,1) with Student t
innovation

In figure 8 above, the VaR values are less thanréterns for NGARCH model. In
addition, the percentage of VaR violation (see &ablabove) revealed strange results as the

model is rejected at all confidence levels andogrecentages of violation are very high.

5.2  Backtesting Value-at-Risk (VaR) Mode

Financial risk model evaluation or backtesting rs important part of the internal model's
approach to market risk management as put out Is}eBaommittee on Banking Supervision
(Christoffersen & Pelletier, 2004). Backtestingistatistical procedure where actual profits and
losses are systematically compared to correspongaiyestimates (Nieppola, 2009). This study
adopted Backstesting techniques of Christoffersdpesletier, (2004); The VARTest in rugarch
package in R that implements both the unconditighabiec) and conditional (Christoffersen)
coverage tests for the correct number of exceedafsme details in Christoffersen(1998) and
Christoffersen et al. (2001)).
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First, we conducted Duration-Based Tests of inddpece. Under the null hypothesis that the

risk model is correctly specified, the no-hit diwatshould have no memory of 1/p days. This

test is suitable for a series with a length okast 1000.
Table 9:Implements the VaR Duration Test of Christoffersen and Pelletier on Total

Returns
Ho: "Duration Between Exceedances have no memoryliidi=1 = Exponential)"

Model VaR alpha | b uLL rLL LRp Decision

eGARCH(1,1) | 1% 0.9113497 -411.8762 | -412.687 0.2028727 | Accept

with normal 5% 1.060426 -843.6371 | -844.3382 | 0.2363337 | Accept
10% 1.035284 -1176.545 | -1176.938 | 0.3757885 | Accept

NGARCH(1,1) | 1% 0.883668 -407.4371 | -408.826 0.09558002 Accept

With std 5% 1.002159 -814.8295 | -814.8304 | 0.9660097 | Accept
10% 0.9996276 -1126.9 -1126.9 0.9925736 | Accept

Table 10: Implements the VaR Duration Test of Christoffersen and Pelletier on Cleansed

Total returns

Ho: "Duration Between Exceedances have no memoryki\lieda=1 = Exponential)"

Model VaR alpha | b uLL rLL LRp Decision
sGARCH(1,1) | 1% 0.9277124 -419.8567 | -420.374 0.3090839 | Accept
with normal 5% 1.038666 -805.6184 | -805.884 0.4660591 | Accept
10% 1.006311 -1124.353 | -1124.366 | 0.8754419 | Accept
NGARCH(1,1) | 1% 0.9973736 -2332.186 | -2332.194 | 0.9029743 | Accept
With std 5% 0.9940543 -2347.843 | -2347.882 | 0.7805672 | Accept
10% 0.9935513 -2352.093 | -2352.139 | 0.7619914 | Accept

The Duration-Based Tests of independence cond(cteliables 9 and 10) revealed that

the models are correctly specified since in allesathe null hypotheses were accepted. This

means that the probability of an exception on aay did not depends on the outcome of the

previous day. This will go a long way to boost temfidence of shareholders of Total stock in

Nigeria. A more detail backtesting technique is tl@ditional and uncondition coverage rate

carried

out in

Tables

11

and

12

below.
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Table11: VaRTest for Total daily stock returns

Ho: Correct Exceedances” Ho: Correct Exceedances & Independent
Model Alpha | expected. | actual. | uc.LRstat uc.critical uc.LRp Decision cc.LRsta ceitical cc.LRp decision
Exceed Exceed
eGARCH 1% 40 86 39.8476 6.634897 2.745711e-10 | Reject 43.61369 | 9.21034 3.383828e-10 Reject
norm 5% 200 216 NaN 3.841459 | NaN NA NaN 5.991465 NaN NA
10% | 401 340 NaN 2.705543 | NaN NA NaN 4.60517 NaN NA
NGARCH 1% 40 85 38.31288 6.6348973.8| 6.026372e-10 | Reject 41.99094 | 9.21034 7.616976e-10 Reject
with std 5% 200 206 NaN 3.841459 NaN NA NaN 5.991465 NaN NA
10% 401 320 NaN 2.705543 NaN NA NaN 4.60517 NaN NA
Table 12: VaRTest for cleansed Total stock returns
Ho: Correct Exceedances” Ho: Correct Exceedances & Independent
Model Alpha | expected. | actual. | uc.LRstat uc.critical uc.LRp Decision cc.LRstat ceitical cc.LRp decision
exceed Exceed
SGARCH 1% 40 88 42.98808 6.634897 5.507428e-11 | Reject 46.9334 9.21034 6.434908e-11 | Reject
norm 5% 200 203 NaN 3.841459 NaN NA NaN 5.991465 NaN NA
10% 401 319 NaN 2.705543 NaN NA NaN 4.60517 NaN NA
NGARCH 1% 40 960 NaN 6.634897 NaN NA NaN 9.21034 NaN NA
with std 5% 200 971 NaN 3.841459 NaN NA NaN 5.991465 NaN NA
10% 401 974 NaN 2.705543 NaN NA NaN 4.60517 NaN NA
27
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The VARTest in rugarch package in R that implemdmatth the unconditional (Kupiec)
and conditional (Christoffersen) coverage teststifier correct number of exceedances for both
Total stock returns and cleansed Total returnsiltepresented in tables 11 and 12). The results
rejects the models at 1% level of significance Wwhis similar to results will obtain in the
percentages of violation rates presented in TaBleend 8. This shows that unconditional
(Kupiec) and conditional (Christoffersen) coverdgsts for the correct number of exceedances
are reliable.

6.0 Conclusion and Recommendations

This study sets out to investigate the volatilifytiee stock price of Total Petroleum
Nigeria plc using nine (9) GARCH models namely sGAR gjrGARCH, eGARCH, iGARCH,
aPARCH, TGARCH, NGARCH, NAGARCH and AVGARCH, we alswestigated the Value-
at-Risk (VaR) and Backtesting of the Models. The actually of this study is to boost the
confidence of the shareholders and investors of ttal Nigeria plc. To achieve this, daily stock
price for Total petroleum Nigeria plc from secondaFhe study used both normal and student t
innovations, using AIC to select the best modet, Hformal innovations for log returns and
cleansed log returns of Total plc, the eGARCH am®ARCH models performed best
respectively, while NGARCH model performed bestgturdent t innovation for both log returns
and cleansed returns of Total plc. the persistefidee models are stable except in few cases
where iIGARCH, eGARCH where not stable. Also fordstot t innovation, the sGARCH and
gjrGARCH fails to converge. The mean-reverting nemaf day for the returns of Total Nigeria
plc differs from model to model. The performanceNSEARCH is in line with the work of
Emenogu and Adenomon (2018). Evidence from the ¥aRlysis revealed from the selected
models revealed that the Risk of VaR losses is higA9% confidence level, slightly high at
95% confidence level and better at 90% confideagell Although The Duration-Based Tests of
independence conducted revealed that the modelsoarectly specified since in all cases the
null hypotheses were accepted. This means thatrtit@ability of an exception on any day did
not depends on the outcome of the previous dawllfirboth the unconditional (Kupiec) and
conditional (Christoffersen) coverage tests fordberect number of exceedances for both Total
stock returns and cleansed Total returns reveadgection of the models at 1% level of
significance which is similar to results will oltain the percentages of violation rates. This

confirms that unconditional (Kupiec) and conditibri@hristoffersen) coverage tests for the
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correct number of exceedances are reliable comp#wedhe Duration-Based Tests of

independence (Nieppola, 2009). Therefore we recamdnikat shareholders and investors in
Total Nigeria plc are to remain and continue taestment in Total Nigeria plc because if there is
any form of losses, the price of the stock haspbentials to improve in the future. Again,

though the risk is high at 99% confidence levek th line with the financial theory that states
that an asset with high expected risk would payhdiigeturn on the average (Xekalaki and
Degiannakis, 2010).

7.0 Future Study

We hope to study Total Petroleum Nigeria Plc beeanfsits potential in the Nigeria Stock
market. In the future we will examined the stocic@rwith GARCH-Mean Models and More
advanced GARCH Models, out-of -sample Value-at-Ri&R) and Backtesting.

Also investigate Total Petroleum Nigeria plc stogksrelation to Interest rate, inflation rate,
exchange rate and Crude oil price in the globaketausing Multivariate GARCH (MGARCH)

models.
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