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Abstract

The present study addressed the measurement of one-day-ahead Value at Risk (VaR) of Iranian mutual funds
using GARCH parametric method and Monte Carlo Simulation non-parametric method. The Kupiec back testing
results showed that both methods enjoy a high level of accuracy but based on simplified assumption of return
distribution function in the parametric approach; Monte Carlo simulation produced better results. Furthermore,
the adjusted Sharpe ratio and VVaR were used to investigate the performance evaluation of the mutual funds.
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1. Introduction

All types of investments, including mutual funds, involve risk. Higher risks are usually taken with the
expectation of gaining higher returns at the cost of increased volatility so this results in the risk/return trade-off.
In the last few years, mutual funds in Iran have attracted a lot of investments. To select the appropriate fund,
investors need suitable performance evaluation methods to take the correct decision based on their risk.

Market risk is primarily estimated using position-based risk measures such as Value at Risk (VaR). VaR is
applied to different kinds of financial instruments such as stock, bonds, foreign exchange, and derivative
financial instruments. VaR is a statistical measure of total portfolio risk, based on the most current positions,
which takes into account portfolio diversification and leverage (Jorion, 2009). Following the lead from both
regulators and large international banks during the mid-1990s, almost all financial institutions now use some
form of VaR as a risk metric. This almost universal adoption of VaR has sparked much controverdy (Alexander,
2008). Whilst VaR has become a universal risk metric used by banks and also by non-financial corporations,
fund managers traditionally used quite different metrics (Alexander, 2008). Value at Risk measures the worst
expected loss under normal market conditions over a specific time interval at a given confidence
level.Alternatively, VaR is the lowest quantile of the potential losses that may occur within a given portfolio
during a specified time period (Benninga, 2008). VaR is a quantile risk metric. However, when returns are
normal, each quantile is just a multiple of standard deviation. As such, in this special case, VaR obeys the same
rules as the standard deviation. Otherwise, VaR does not obey nice rules and it may not even be sub-additive
(Alexander, 2008). Perhaps the greatest advantage of VaR is that it summarizes in a single, easy to understand
number of the downside risk of an institution due to financial market variable. No doubt, this explains why VaR
is fast becoming an essential tool for conveying trading risks to senior management, directors, and shareholders
(Jorion, 2007).

To calculate VaR, a number of methods such as parametric, historical simulation, and Monte Carlo simulation
can be used.

Wiener (2012) used VaR approach based on queuing theory to evaluate risk measurement systems and
optimizing the selection process in banks. Bryant and Liu (2011), Zhao et al. (2011), and Cullen et al. (2012)
investigated risk associated withmutual funds. Biatkowskia and Otten (2011) studied the performance of mutual
funds in Poland. Eling (2008) compared different performance measures for fund evaluations. Deb and Barenjee
(2009) used three parametric models and one non parametric model for equity mutual funds in India to predict
their weekly VaR. They also employed two back testing approaches. Gallsli and Guesmi (2008) compared
parametric method, historical simulation, and Monte Carlo simulation to determine the most pertinent
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methodology of VaR in 14 Tunisian open-end funds portfolios. The results pointed to the Monte Carlo simulation
superiority over the two other approaches. Weng and Tritk (2011) identified risk factors for Asia-focused hedge
funds through a modified style analysis technique to provide appropriate forecasts for volatility and
Value-at-Risk of the index. They further evaluated the performance of thesemodels with respect to VaR
estimation. Feng (2008) used traditional Sharpe index with standard deviation as a risk variable compared to VaR
as the substitute for standard deviation in Chinese mutual funds to find a better fund performance measure.

In this paper, the value at risk of mutual fund is calculated by parametric and non-parametric methods. The
remainder of the paper is structured as follows. Section 2 describes the method and state the problem, Section 3
presents the data analysis, and finally Section 4 discusses the results of the study.

2. Method

The sample data included daily returns of Iran mutual funds active from 2009 to 2012 and were calculated as
follows:

1, = Ln(NAV,/NAV,_,) 1)

VaR is a loss that we are fairly sure will not be exceeded if the current portfolio is held over some period of time.
When VaR is estimated from a return distribution, it is expressed as a percentage of the portfolio’s current value.
Since the current value of the portfolio is observable, it is not regarded as a random variable (Alexander, 2008).
The calculation methods of VaR in literature have been divided into parametric and non-parametric methods.

2.1 GARCH Method to Estimate VaR

Normality assumption of returns seems to be in conflict with the empirical properties of most financial time
series. We can use methods that try to relax the strong assumption of normality. The parametric methods assume
a specific distribution of returns. They use estimation methods like maximum likelihood estimation (MLE) to
measure the relevant parameters of the distribution, which are then used to forecast the future return distribution
and VaR as well. Following Engle’s research (1982), Bollerslev developed the generalized autoregressive
conditional heteroskedasticity (GARCH) model in 1986. This relatively simple statistical analysis is used to
discover the existence of any clustering behavior in volatility. It is also possible to observe any leptokurtosis
effects in the distribution of returns. The GARCH (1, 1) framework is the simplest and most popular model
available through Bollerslev work. This framework is used to define the conditional mean and variance as
follows (Gregoriou, 2009):

Xe = pn+ ore )
o =0+ poi +yo_ &4 witho>0,820,
y>0,and f+y<0 3)
Eventually, VaR is calculated as follows (Alexander, 2008):
VaR, = ¢~ (1 - a)o — u )

2.2 Monte Carlo Simulation to Estimate VaR

Monte Carlo simulation is more flexible than parametric models. As with historical simulation, Monte Carlo
simulation allows the risk manager to use actual historical distributions for risk factor returns. A large number of
randomly generated simulations are run forward in time using volatility and correlation estimates chosen by the
risk manager. Each simulation will be different but, in total, the simulations will aggregate to the chosen
statistical parameters. This method is more realistic and, therefore, is more likely to estimate VaR more
accurately (Choudhry, 2006).

2.3 Kupiec Test

The first logical way to evaluate prediction ability of VaR model is counting the number of times in which the
real loss is greater than the predicted loss by VaR. If VaR is independent, the comparison of the real results
estimated by this model will be considered successful in terms of correctness and vice versa. We define failure
and success as an event. The relevant null hypothesis is Hy:a = ao. Further, the appropriate likelihood return
statistic is asymptotically distributed as a chi-squared distribution (Gregoriou, 2009):

LRpr = 2[In(a*(1 = A)"™) — In(ag (1 — ap)" )] ®)

Unfortunately, as Kupiec observed, these tests have a limited ability in distinguishing among alternative
hypotheses. However, these approaches have been employed by regulators for the analysis of internal models in
which the different models are categorized in back testing (Gregoriou, 2009).
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3. Results

Firstly, time series are examined with respect to stationary data and autocorrelation. The result of augmented
Dickey-Fuller test allows us to affirm that funds returns present stationary series. The value of Durbin-Watson
test for the sample funds is between 1.94 to 2.019 or approximately equal to 2, indicating no serial correlation.

Using GARCH method, conditional mean, conditional variance, and VaR is calculated at confidence levels of 99%
and 95%.

Table 1. Estimation of VaR using GARCH (1, 1)

Mutual Fund Conditional Mean Conditional VaR ( =0.01) VaR ( =0.05)
Amin Global 0.055 0.164 -0.327 -0.215
Arian 0.085 0.676 -1.489 -1.027
Agah 0.1 0.438 -0.92 -0.621
Novin Bank 0.104 0.723 -1.578 -1.085
Tejarat Bank 0.137 0.311 -0.587 -0.375
Saderat Bank 0.14 0.735 -1.57 -1.069
Melli Bank 0.055 0.517 -1.149 -0.796
Bourse Bime 0.105 112 -2.5 -1.737
Boursiran 0.105 0.589 -1.265 -0.863
Pasargad 0.094 0.988 -2.205 -1.531
Pooya 0.105 0.699 -1.522 -1.046
Pishtaz 0.137 0.49 -1.003 -0.669
Pishgam 0.061 0.541 -1.199 -0.83
Hafez 0.086 0.478 -1.026 -0.7
Khobregan 0.102 0.295 -0.584 -0.383
Razavi 0.067 1.147 -2.602 -1.82
Sahm Ashna 0.114 0.662 -1.427 -0.976
Shadab 0.034 0.715 -1.629 -1.141
Kaspian Mehr 0.044 0.538 -1.209 -0.842
Yekom Iranian 0.047 0.389 -0.859 -0.594

To use Monte Carlo simulation, it is needed to fit the best distribution function on the existing data. For good of
fitness test, chi-square test and Kolmogorov-Smirnov test were applied. The resulting distribution function and
parameter values are shown in Table 2. Based on the daily limitation of stock price volatility, the fund returns
including the portfolio of stock have little volatility too. Most of the daily returns are near zero and return
distribution function is inclined from normal to distribution functions as Laplas and Cauchy. After determining
distribution function in each fund, 1000 numbers were produced randomly by fitted distribution function and
VaR was calculated. Then, to increase the accuracy of calculations, this was repeated 100 times and final VAR of
average of one-hundred VaR was obtained.
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Table 2. Estimation of VaR using Monte Carlo simulation

Mutual Fund Fitted Distribution Function VaR (=0.01) VaR (=0.05)
Amin Global Cauchy(=0.0687,1.=0.04744) -0.646 -0.265
Arian Cauchy(=0.225,1.=0.0468) -2.533 -1.029
Agah Laplace (=3.4352, 1= 0.0602) -1.085 -0.617
Eghtesad.novin Bank Cauchy(=0.225,1.=0.0468) -1.085 -0.617
Tejarat Bank Error(k=1, =0.4051, p=0.1014) -0.984 -0.556
Saderat Bank Laplace(=2.5498, 1u=0.0937) -1.432 -0.812
Melli Bank Cauchy(=0.2447, p= 0.02796) -2.622 -1.11
Bourse Bime Error(k=1.3, =0.5116, |u=0.0906) -1.595 -0.952
Boursiran Laplace(=2.8287, ju=0.08098 -1.286 -0.729
Pasargad Cauchy(=0.2678, |=0.0437) -2.259 -1.082
Pooya Error(k=1.0223, =0.4938, |=0.0891) -1.251 -0.717
Pishtaz Error(k=1, =0.4993, p=0.9141) -1.273 -0.713
Pishgam Error(k=1.3908, =0.3535, |..=0.0444) -0.85 -0.538
Hafez Cauchy(=0.1745, p=0.0523) -1.911 -0.786
Khobregan Cauchy(=0.06, p=0.17) -2.483 -0.812
Razavi Cauchy(=0.2293, p=0.0586) -2.164 -0.942
Sahm Ashna Error(k=1.1445, =0.4993, =0.0563) -1.263 -0.766
Shadab Cauchy(=0.2155, p=0.0224) -2.794 -1.063
Kaspian Mehr Iranian Laplace(=2.83, p=0.0227) -1.347 -0.793
Yekom Iranian Cauchy(=0.0797, p=0.0597) -1.681 -0.401

For Kupiec back testing, the data for the third quarter of 2011 were used as out of sample data to define VaR

error in future data.

Table 3. Statistical results of Kupiec test for VaR using parametric and non-parametric approaches

Garch(1,1) Monte Carlo

Mutual Fund =0.01 =0.05 =0.01 =0.05
Amin Global 0.153 0.624 1.327 2.296
Arian 1.166 1.735 1.166 1.735
Agah 17.726 2.702 1.166 2.702
Novin Bank 1.166 6.523 0.253 6.523
Tejarat Bank 17.726 6.523 2.147 2.702
Saderat Bank 1.166 1.166 1.166 1.166
Melli Bank 1.166 0.004 1.166 1.166
Bourse Bime 1.735 0.395 0.395 5.077
Boursiran 1.735 1.328 1.735 1.328
Pasargad 0.624 0.802 2.296 14.851
Pooya 1.166 0.395 1.735 2.702
Pishtaz 0.004 4.45 1.166 1.328
Pishgam 0.328 1.328 1.328 14.384
Hafez 0.004 6.523 1.166 2.702
Khobregan 4.45 11.514 1.166 2.702
Razavi 1.166 1.328 1.735 24.285
Sahm Ashna 0.328 4.45 0.395 4.45
Shadab 2.702 6.523 1.166 2.702
Kaspian Mehr Iranian 1.735 0.328 1.166 0.004
Yekomlranian 1.166 1.166 1.166 1.166
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According to Kupiec back testing, test statistics should follow chi-square distribution with 1 degree of freedom.
Furthermore, based on two-way nature of the test, the statistics should be between 0.0009821 and 5.02389.

4, Discussion

Based on the results of Kupiec test, GARCH (1, 1) method produced correct prediction for 18 mutual funds at
confidence level of 99% and had correct prediction for 15 mutual funds at confidence level of 95%. Monte Carlo
simulation method accurately predicted almost all funds at the confidence level of 0.99%. It also correctly
predicted 15 mutual funds at confidence level of 95%. Therefore, the Monte Carlo simulation had better
prediction results. This is in line with Gallsli & Guesmi (2008).

As mentioned earlier, performance evaluation of mutual funds consists of returns and risk simultaneously. After
calculating VaR as risk measure, an adjusted Sharpe ratio with average daily return was used to evaluate the
performance of mutual funds. The results are shown in table 4:

Table 4. Performance evaluation of mutual funds using adjusted Sharpe ratio with VaR

Mutual Fund (R-Rf)/VaR Mutual Fund (R-Rf)/VaR
1  Tejarat Bank 0.094 11 Melli Bank 0.021
2 Pooya 0.067 12 Pasargad 0.019
3 Pishtaz 0.064 13 Razavi 0.018
4 Saderat Bank 0.061 14 Khobregan 0.016
5  Boursiran 0.056 15  Arian 0.015
6  Agah 0.048 16  Yekom Iranian 0.014
7 Sahm Ashna 0.046 17  Pishgam 0.013
8  Bourse Bime 0.040 18 Hafez 0.010
9  Novin Bank 0.031 19  Kaspian Mehr Iranian -0.002
10  Amin Global 0.022 20  Shadab -0.012

As shown in the table Tejarat Bank mutual fund occupied the first position while Shadab fund with a negative
risk premium occupied the last position in sorting risk adjusted returns. Agah fund had the highest returns but it
invested more in risky assets than in other funds with a VaR value of 1.085. So it occupied the sixth position,
which means that the investors experience more risk to achieve a suitable return.

5. Conclusion

Value at Risk (VaR) is one of the important methods of risk calculation. In this study, GARCH and Monte Carlo
simulation were used to calculate the VaR of Iranian mutual funds and Kupiec test was used to evaluate the two
methods. The results indicated that that both models were almost efficient but in some funds, due to difference of
data distribution function from normal distribution, parametric method produced higher errors at a high
confidence level. The calculated VaR was used to evaluate performance of funds. Accordingly, the investors are
recommended to use VaR as effective parameters for decision making purposes.
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