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Abstract Value at Risk is one of the risk measure used in the financial markets to estimate market risk. This study
examines and estimates the performance of Gaussian Density, Weighted estimator and Extreme Value Theory models in
measuring Value at Risk (VaR) using data of some selected banks in Nigeria. The results of the weighted estimator of VaR
estimate for in-sample predictions, shows that the p-value of 0.07141 of Guaranty Trust Bank was able to estimate VaR
correctly. The out-of-sample predictions indicate the extreme value estimates with the p-values greater than «a have specifies
VaR correctly. Hence VaR prediction shows extreme value theory method outperforms other methods in forecasting VaR.
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1. Introduction

Risk is the chance of exposure to danger, harm or loss.
Bank and other financial institutions most embark on
concrete risk measure to be able to meet with their financial
obligations. There are two fundamental measures of risk,
namely; the volatility measures and Value-at-Risk (VaR).
Volatility measures consider the variation in risk factors.
Volatility is usually measured as the standard deviation of
return distribution. A large volatility suggests that the
corresponding asset is subjected to large risk. The increased
volatility of financial markets during the last decade has
induced researchers, practitioners and regulators to design
and develop more sophisticated risk management tools [1].
According to the Basel Accord Committee [2], the bank and
other financial institutions must satisfy the minimum capital
requirements of the Basel Accord. Value at risk (VaR) serves
as a commonly used methodology for managing market risk.
It is defined as the lowest quartile of the potential loss over a
specified time period. Banks are now required to hold a
certain amount of capital as a cushion against adverse market
movements. According to the capital adequacy directive
which incorporates a report by the Basel Committee on
Banking Supervision (BCBS) [3], the risk capital of a bank
must be sufficient to cover losses on the bank’s trading
portfolio over a 10-day holding period on 99% of occasions.

The aim of thiswork is  to estimate the value at risk of
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investing in the five major Nigerian banks (First bank, UBA,
GTB, Zenith bank, Access Bank) listed in the Nigerian stock
market based on their share price from 2006 to 2015. The
methods of Gaussian, extreme value theory and weighted
estimator were employed. The accuracy of the risk measures
will be address with Kupiec likelihood ratio test.

2. Literature Review and Theoretical
Framework

Estimating VaR is equivalent to estimating a quantile or
percentile of a distribution. An overview of some approaches
of calculating VaR has been studied [4,5]. Researchers, such
as Harrell and Davis estimate value at Risk using order
statistic on single historic observation data, the result exhibit
high variability and provides little information about the
distribution of losses around the tail [6]. The performance of
several quantile estimators was compared in order to find out
which performs the best against another [7,8]. Jadhav and
Ramanathan [9] review some of the existing parametric and
non-parametric methods of estimating Value at Risk, they
found that one of the suggested nonparametric estimators
works well compared with others, specifically for return data
with high variability. Ringqvist [10] compare Value at Risk
models with Historical Simulation, age Weighted Historical
Simulation and Volatility Weighted Historical Simulation on
GARCH (1,1) model, Normal VaR and t-distributed VaR.
The result shows that Volatility Weighted Historical
Simulation outperformed other models. Additionally [11-15]
gave a brief review of some of the existing methods of
estimating VaR. VaR is the most accepted risk measure
worldwide and the leading reference in any risk management
assessment [16].
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Using Taylor's expansion, Barrieu and Ravanelli [17]
derive the upper bound of the VaR adjustments, only taking
specification error into account. Confidence intervals were
derived for VaR and Median Shortfall and propose a test for
model validation based on extreme losses [18]. Similarly,
correction for VaR model risk have been suggested, which
ensures various VaR back tests are passed, and propose the

future application for expected shortfall (ES) model risk [19].

Other sources of model risk that may give wrong risk
estimates are, for example, granularity error, measurement
error and liquidity risk [19].

Accurate estimation of the VaR and ES is very important
for the proper management of financial risks. Kabaila and
Mainzer [20] found the linear regression models in which
the response variable is the approximate VaR and the
explanatory variable is the exact VaR. They use these linear
regression models to determine the properties of the
approximate VaR, conditional on the corresponding exact
value. For a given value of the exact VaR, the approximate
VaR is close to being an unbiased estimator of the
corresponding exact value, but it may differ from this exact
value by more than 10% of the exact value with substantial
probability.

3. Methodology

Value at Risk

Suppose X is a random variable denoting the loss of a
given portfolio. The VaR of a distribution function over a
given time horizon and probability p, while p is one minus
the VaR confidence level, is defined as:

VaR,(X) = F'(1- a) )
where F is the distribution function of financial losses, F~!
is the inverse of F.

Value at Risk (VaR) estimate the maximum loss with the
given probability an investor may suffer over a given time
period. As mentioned by Jorion [4], a general definition of
VaR is that it is the smallest loss, in absolute value, such that

P[L>VaR] <1- «a
For example, a 99% confidence level (i.e., a = 0.99).
Value-at-Risk then is the cut-off loss such that the
probability of experiencing a greater loss is less than 1 per
cent.
3.1. The Normal Density Estimator

When the returns follow a Gaussian distribution with
mean and unknown variance o%, an estimator of VaR at (1 —
a) confidence level is given by:

Pz <x]=% 2~z 2
VAR = p+ 2,6, 3)

3.2. Extreme Value Theory Approach
The extreme value theory (EVT) deals with these extreme

events, providing a classification of continuous distributions
according to the behavior of the tail region. The theory
distinguishes three limiting stable distributions for the
maximum values of a random variable, called Generalized
Extreme Value Distributions (GEV), and the three associated
Generalized Pareto Distributions (GPD), which are the
limiting distributions for the tail region of the pertinent
distribution.

The generalized Pareto distribution is considered to be a
natural choice for modeling the excess losses above a
sufficiently high threshold u. The distribution function of
generalized Pareto distribution is;

- (1+f—y)_%,§ £0

Gepay(¥) = paw @
—y B
1—exp(m),f—0
Where B(u)> 0, and y >0 when {= 0, and

0<y<—-Bm)/é when ¢&<0. Estimates of the
parameters ¢ and f(u) can be obtained from G g, ()
by the method of maximum likelihood.

Given X;, i=1,2,..., n, the estimate of VaR is given by:

VAR (X) = u + @<(ﬂ)_§ - 1) ()

where N, is the number of observations above the threshold
level u.

3.3. New Estimator Based on Weighted Mean

The study proposed a new VaR model known as the
weighted estimator.

Let xq, x5, X3, .., Xp,
weighted mean given by

be a set of random variables with the

w= e ©®)
For the normalized weight
i—w =1 (7
The weighted variance given by
Guveig hted = —Z?:lzmgli(lxjv;u*)z ©)
VAR @)y = 1" + ZaOueig hted 9)

This was done by constructing the frequency distribution.
The range of the data was calculated.

Range = the highest score - the lowest score

The class size of ¢ was used to determine the number of
classes

Range

Number of classes (k) = (10)

The frequency of each class was f; while the weight for
each class is given as w;, the weight for each class is given
by
* Zic=1w‘

w' = L wherei=1,2,..,k

i Zkzlfi (11)
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3.4. Kupiec Likelihood Ratio Test

For the purpose of testing VaR models more precisely, the
Kupiec Likelihood Ratio test is adopted to test the
effectiveness of our VaR models. A likelihood ratio test
developed by Kupiec [21] will be used to find out whether a
VaR model is to be rejected or not. The number n of VaR
violations in a sample of size T has a binomial distribution, n
~ B(T, p). The failure rate is n/T and, ideally, it should be
equal to the left tail probability, p.

The null Hy and alternative H; hypotheses are:

H . n j—
0T T p
Hy: % # p, where p = P(r, <VaR, |F,_,) forallt.
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Then, the appropriate likelihood ratio statistic is
LR = 2[log(g"(1 — )7™) —log(p" (1 —p)P™)] (11)
The test procedure rejects the null hypothesis if LR < y?
or if the p-value = P (LR > x?) is less than o. This

likelihood ratio is asymptotically y? distributed under the
null that p is the true probability the VaR is exceeded.

4. Results

The data of the study comprises of the share price of five
listed banks in the Nigerian Stock Exchange. The descriptive
statistics are tabulated in Table 1.

Table 1. Descriptive Statistics of the five banks (in sample)

Variable Duration Data Size Mean Std Deviation Skewness Kurtosis
First 3/1/2006-9/11/2015 2429 1.2559 0.2494 0.3663 -0.8060
Zenith 3/1/2006-9/11/2015 2432 1.3149 0.1863 0.9215 0.0363
UBA 3/1/2006-9/11/2015 2432 1.0154 0.3669 0.4462 -0.5616
Gtb 3/1/2006-9/11/2015 2432 1.3034 0.1458 -0.0971 -0.9412
Access 3/1/2006-9/11/2015 2432 0.9051 0.2271 -0.1616 0.2486

The variable sample size, mean, standard deviation,
skewness and kurtosis of the data have been calculated. The
standard deviation shows the degree of the measure of spread,
while mean shows the measure of location of the variables.
Kurtosis reveals the peakness (flatness) while the skewness
shows that First, Zenith and UBA are positive, which shows
that the data falls right of the mean. Positive skew indicates
that the tail on the right side of the probability density
function is longer or fatter than the left side. Positive kurtosis
indicates a relatively peaked distribution. Negative kurtosis
indicates a relatively flat distribution.

4.1. Estimation of VaR with Various Estimators
The estimates of value at risk for various banks.

Table 2. Estimation of Value at Risk based on in-sample, o = 0.01

Variables Gaussian We_ighted Extreme Value
Estimator Theory
First 43.2598 51.8238 54.5162
Zenith 425310 49.6721 51.5853
UBA 39.6064 49.0429 47.0673
Gtb 32.7748 37.3586 37.6811
Access 17.3337 20.5947 22.1079

4.2. Kupiec Likelihood Ratio Test of the Various
Estimator of VaR (in Sample)

The likelihood ratio test to check whether the VaR
estimates represent the chosen quantile.

The in-sample comparison of the various estimators of
VaR estimates shows that the p-values for all 5 banks are less
than the value of yZ, = 6.635. Also, it is expected that if
the estimator is well specified that the failure rate should be

the same or at worse very close to the value « (0.01). If
p-value is more than a then the performance of the
estimator is better. Table 3 indicates failure rates from the
Gaussian estimator are not very close to a. In the case of
Extreme value estimator, the p-values for only First bank
(0.0415), is greater than a. Also, the failure rates for all 5
banks are smaller than that of Extreme value estimator, and
hence closer to a.

Table 3. Kupiec likelihood ratio test for VaR estimates of the various
banks, o = 0.01

Variables Results Gaussian I\E/\s/ teilr?:;tteoc:’ Ei(/:ﬂ:e
Failure rate 0.0753 0.0226 0.0144
First Kupiec LR 0.0000 28.8734 4.1976
p-value 0.0000 8.0e-08 0.0415
Failure rate 0.1197 0.0399 0.0238
Zenith Kupiec LR 0.0000 125.2380 33.9340
p-value 0.0000 0.0000 5.9e-09
Failure rate 0.1028 0.0814 0.0950
UBA Kupiec LR 0.0000 0.0000 0.0000
p-value 0.0000 0.0000 0.0000
Failure rate 0.0720 0.0066 0.0049
Gtb Kupiec LR 0.0000 3.2700 7.7495
p-value 0.0000 0.0714 0.0054
Failure rate 0.1176 0.0444 0.0284
Access Kupiec LR 0.0000 157.6024 55.3817
p-value 0.0000 0.0000 1.03e-13

4.3. Prediction of VaR with the Various Estimator

The prediction of value at risk was done using the out of
sample data with the various estimators of VaR.
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Table 4. Prediction of Value at Risk based on the estimators (out of
sample), o = 0.01

Variables Gaussian l\é\; f;g:;%c: Exn:r_}:; Z:;alue
First 18.6400 21.3290 19.5200
Zenith 25.3128 27.1728 26.0655
UBA 9.1589 10.3811 9.2318
Gtb 30.3950 32.4170 30.6180
Access 11.5170 12.9740 11.9410

Table 4 shows that Weighted Estimator had the highest
value in almost all the variables.

4.4. Kupiec Likelihood Ratio of the Various Estimations
of VaR (out of Sample)

The Kupiec Likelihood Ratio test using the predicted
values of VaR with the various estimators.

Table 5. Kupiec likelihood ratio test for VaR estimates of the various
banks, oo = 0.01

Variables Results Gaussian Z\; (tailr%r:ti)dr Ei(/:&r:e
Failure rate 0.0049 0.0000 0.0000

First Kupiec LR 1.9272 12.2011 12.2011
p-value 0.1667 0.0005 0.0005

Failure rate 0.0082 0.0016 0.0016

Zenith Kupiec LR 0.2063 6.5927 6.5927
p-value 0.6688 0.0103 0.0103

Failure rate 0.0066 0.0000 0.0066

UBA Kupiec LR 0.8175 12.2212 0.8175
p-value 0.3717 0.0005 0.3717

Failure rate 0.0247 0.0000 0.0164

Gtb Kupiec LR 9.3842 12.2212 2.1372
p-value 0.0023 0.0005 0.1484

Failure rate 0.0000 0.0000 0.0000

Access Kupiec LR 12.2212 12.2212 12.2212
p-value 0.0005 0.0005 0.0005

The out-sample comparison of the various estimators of
VaR shows that the p—values for all 5 banks are less than the
value of y%; = 6.635. Also, it is expected that if the
estimator is well specified that the failure rate should be the
same or at worse very close to the value «a (0.01). If p-value
is more than « then the performance of the estimator is
better. Table 5 indicates failure rates from the Gaussian
estimator are not very close to a@ in most of the banks.
Consequently, the null hypothesis that states that the
Gaussian model specifies the VaR correctly is rejected in gtb
bank and access bank. In the case of Extreme value estimator,
the p-values for zenith bank (0.01027), uba bank (0.3717)
and gtb bank (0.1484) are greater than a.

Table 6 shows the summary of the number of rejections of
the various parametric estimators. The null hypothesis is
rejected when p-value is less than a (0.01). The extreme
value estimators outperformed the other methods because it
had the least number of rejections.

Table 6. Summary of Kupiec likelihood ratio test result

o Number of rejections
Estimation method

In-sample Out-of-sample
Gaussian 5
Weighted Estimator 4 4
Extreme Value Theory 4

5. Discussion

The results of VaR estimation with the different methods
at a 99% confidence level, revealed the order of the sequence
will be extreme value theory, Gaussian and weighted
estimator. The Kupiec Likelihood Ratio test of the various
estimates of VaR with in sample data conducted. If the daily
VaR estimates are computed at 99% confidence for 2432
trading days for all the banks, we would expect on average
243 VaR exceptions or violations, to occur during this period.
In Kupiec test we would then examine whether the observed
amount of exceptions is reasonable compared to the expected
amount. In Table 4, failure rates from the Gaussian estimator
are not very close to, the null hypothesis that states that the
Gaussian model specifies the VaR correctly is rejected. In
the case of Extreme value estimator, the p-values for only
First bank (0.0415) is greater than a. The extreme value
theory can be a good estimator of first bank. It was shown
that the weighted estimator at p-value of 0.0714 of GTB was
able to estimate VaR correctly.

The predicted Value at Risk of banks with various
estimators using out-sample, with o = 0.01, revealed that
extreme value theory outperformed other estimators in
predicting VaR. If the daily VaR estimates are computed at
99% confidence for 608 trading days for all the banks, we
would expect on average 61 VaR exceptions or violations to
occur during this period. The extreme value theory shows
that the p-values for Zenith (0.0103), UBA (0.3717) and Gtb
(0.1484) were more than alpha level of 0.01. Out-of- sample
testing results confirm the good performance of extreme
value theory.

6. Conclusions

The in-sample prediction failure rates for Gaussian
estimator and weighted estimator are not very close to «
compared to extreme value estimator, consequently, the null
hypothesis that states that the models specifies the VaR
correctly is rejected, although the failure rates for all the
banks with extreme value estimator are more closer to «
compared to other estimators. The weighted estimator at
p-value of 0.07141 of GTB suggests the estimation method
was able to estimate VaR correctly. If the daily VaR
estimates are computed at 99% confidence for 608 trading
days for all the banks, we would expect on average 61 VaR
exceptions or violations to occur during this period. The
out-of —sample prediction indicates the extreme value theory
with the p-values: 0.0103 (Zenith), 0.3717 (UBA) and
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0.1484 (Gtb) have specifies VaR correctly (P-values greater
than alpha level of 0.01). Out-of-sample predictions results
confirm the good performance of extreme value theory.
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