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FINANCIAL ECONOMICS | RESEARCH ARTICLE

Modelling the downside risk potential of mutual 
fund returns
Sunitha Kumaran*

Abstract:  Investors are becoming more sensitive about returns and losses, especially 
when the investments are exposed to downside risk potential in the financial markets. 
Despite the computational intensity of the downside risk measures, they are very widely 
applied to construct a portfolio and evaluate performance in terms of the investors’ loss 
aversion. Value-at-risk (VaR) has emerged as an industry standard to analyze the 
market downside risk potential. The approaches used to measure VaR vary from the 
standard approaches to more recently introduced highly sophisticated volatility mod-
els. In this paper, the standard approaches (student-t-distribution, log normal, histor-
ical simulation) and sophisticated volatility models (EWMA, GARCH (1,1)) both have 
been used to estimate the VaR of mutual funds in the Saudi Stock Exchange between 
June 2017 and June 2020. The VaR approaches have been subjected to conditional 
coverage backtest to identify the model that is the best at predicting VaR. The empirical 
coverage probability of the models reveals that EWMA was able to capture VaR better 
than the other models at a higher significance level followed by GARCH (1,1).

Subjects: Investment & Securities; Insurance; Risk Management  

Keywords: Downside risk; VaR; student-t; log normal; historical simulation; EWMA; GARCH 
(1,1)
JEL Classifications: C14; G11

ABOUT THE AUTHOR 
Risk can deceive even the most experienced 
investor. Intensive work on modelling or cap-
turing risk has been the area mostly researched 
by the author. Risks that are not captured or 
considered in the portfolio management process 
will lead to future issues and reduce profits, 
hence it is critical to capture risk at ease. The 
current study has been an attempt to capture 
the downside risk and suggest a best method to 
quantity the same. The outcomes of the paper 
can enable investors to customize the risk esti-
mation and set the tolerance level for the 
investment while setting optimal portfolio. VaR 
estimates are at present the most favored tool 
to capture unacceptable risk, but advancement 
in financial econometrics has been offering 
advanced and robust tools to model risk. 
Knowing more about the downside risk is crucial 
to the advancement of risk management tech-
niques and avoiding future financial crisis. 

PUBLIC INTEREST STATEMENT 
Investors prefer avoiding losses to making gains, 
because any losses are psychologically twice as 
powerful as similar gains. There is an increasing 
demand for protection against market falls with 
a wide range of instrument and strategies to 
capture the downside risk potential of an invest-
ment. As on Value-at-Risk (VaR) is a risk mea-
surement tool to measure market risk, and more 
specifically, the maximum downside risk potential 
of a financial instrument. The present study cap-
tures the VaR of mutual fund returns using com-
petitive measures such as GARCH (1,1) & EWMA 
and has identified the best tool available to cap-
ture volatility clustering. Using the downside risk, 
each individual investor can customize the risk 
calculation setting their tolerance level and create 
an optimal portfolio mix.
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1. Introduction
Volatility in assets, equity and earnings and the increased use of derivative products is on the one hand 
creating a demand for financial products in the financial market. On the other hand, it leaves investors 
perplexed when it comes to managing the associated financial risks. Investors are becoming more 
sensitive about returns and losses, especially when their investments are exposed to downside risk 
potential in the financial markets. The downside risk of an investment is the maximum loss that can 
occur owing to the uncertainty present in the realized return (Dowd, 2005). In a typical distribution chart, 
investors with a long-term position are worried about the returns that fall to the right side of the 
distribution and investors with a short-term position focus on the left side of the chart. Thus, the financial 
market needs a risk measurement tool that can provide information on the downside risk potential as 
well as being able to capture the potential returns that fall on the right side of the distribution chart. 
Morgan Bank (1996) introduced the concept of Value-at-Risk (VaR) as a risk measurement tool to 
measure market risk, and more specifically, the maximum downside risk potential of a financial instru-
ment. According to Jorion (2007, pp. 15–17), “VaR summarizes the worst loss over a target horizon that 
will not be exceeded with a given level of` confidence. VaR is a statistical risk measure of potential losses. 
It combines the price–yield relationship with the probability of an adverse market movement.”

An assumption that is “independently and identically distributed” (i.i.d.) does not hold well in 
a financial return series. Empirical studies illustrate that financial returns exhibit leptokurtosis, 
volatility clustering, leverage effects and long-range dependence. Owing to the presence of excess 
kurtosis, VaR estimated under the assumption of a normally distributed residual generates an under- 
or over-estimated value. Hence it becomes crucial to select a probability density function that best 
captures heavy tails, asymmetry, volatility clustering and leverage effects. The volatility estimation 
methods available to estimate VaR are divided into parametric, non-parametric and semi-parametric 
approaches. These approaches vary in their method of constructing the probability density function. 
The first group of parametric approaches is the static models, namely normal distribution, student t- 
distribution and log-normal distribution and the second group includes volatility models: the 
Exponentially Weighted Moving Average model (EWMA) and the GARCH family models. The non- 
parametric approaches include Historical Simulation and the non-parametric density estimation 
method. The semi-parametric methods include Volatility-Weight Historical Simulation, Monte Carlo 
Simulation, Filtered Historical Simulation, CaViaR and Extreme Value Theory-based methods.

Roy (1952) modeled the downside risk measure or the mean-semi variance risk of an investment, 
which captures the uncertainty that the real returns can be less than the expected returns. In other 
words, it quantifies the worst-case loss scenario of an investment, if the market condition changes its 
direction. Markowitz (1959) stated that semi-variance approach is the most reliable measure com-
pared to his mean-variance theory. Following the formal definition of downside risk by Sortino in the 
early 1980s, the industry started recognizing downside risk as a standard measure for risk manage-
ment. To create an optimal portfolio mix, analyst need to plot return versus risk. Risk can deceive even 
the most savvy investor. Many investors agree that they do not like risk, but at the same time they 
disagree on the degree of risk involved in a particular investment. Investors are mostly worried about 
the downside risk i.e., the probability of returns being below average. The concept of downside risk 
measures accommodates this diversity in risk perception. Downside risk captures risk below the 
desired point of return set and any return below the point is unacceptable or risky. The gap represents 
the tolerable level of the investor. Using the downside risk, each individual investor can customize the 
risk calculation setting their tolerance level. As evidenced through the extensive literature review, VaR 
is the most popular and widely applied model in risk management to measure downside risk and 
there have been an increasing number of approaches used to calculate Value-at-Risk. Moreover, the 
supremacy of the VaR estimates differ based on the nature of the financial asset, market and the 
methods that have been compared. In the modern era, financial econometrics offers advanced and 
robust tools for forecasting and modeling mean and conditional variance for nonstationary financial 
time-series data. By forecasting VaR, investors a priori can protect themselves from the estimated 
market risk using derivatives and other financial instruments.
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The objectives of this research paper was set based on the extensive review done. First, to apply 
parametric approaches (standard and volatility methods) to model the downside risk potential of 
mutual funds using VaR. Second, to identify the method that best captures the volatility of return 
in the mutual funds. The VaR approaches have been backtested for accuracy using conditional 
coverage test, quadratic loss and the unexpected loss function (ULF).

2. Review of the literature
The review of the empirical studies on the volatility of financial returns has been summarized in 
this section.

2.1. Studies on the stylized facts of financial returns
Empirical studies in the financial literature demonstrate that the returns of stocks, indexes and 
funds do not fit Gaussian distribution due to fat tails and high asymmetry (Mandelbrot, 1963). 
Fama (1965) studied the daily returns of DJIA and reported that they display more kurtosis than 
a normal distribution. Mills (1965) examined the LSE-FT-SE index return distributions and reported 
that skewness has been observed in index returns. Risk models generally presume that investors 
prefer positive skewness in terms of the return distribution (Skrinjaric, 2014). Studies by Ding et al. 
(1993) and Aloui et al. (2005) observed the presence of long-range dependence on volatility in the 
context of financial assets. Herzberg and Sibbertsen (2004) stated that long-range dependence 
can affect the pricing of derivatives as well as volatility forecasting.

2.2. VaR estimates
Morgan Bank (1996) proposes the use of the EWMA volatility model. In this model, conditional 
variance is calculated as an infinite moving average with exponential weights (Grzegorz, 2013). The 
EWMA (Exponential Weighted Moving Average) method measures and captures volatility but it does 
not account for asymmetry and the leverage effect as evidenced in the study done by Black (1976). 
Moreover, it also fails to record the persistence of volatility. As a result of the drawbacks observed in 
the parametric approaches, a new set of sophisticated volatility models was introduced, namely the 
Generalized Autoregressive Conditional Heteroscedasticity (GARCH) (Bollerslev (1986) model as an 
extension of the Autoregressive Conditional Heteroscedasticity (ARCH) model introduced by Engle 
(1982). EWMA has been proven to be a suitable approach to forecast volatility over short horizons and 
it also provides the best VaR forecasts compared to the GARCH models (Bollerslev et al., 1992; 
DeGennaro & Richard, 1990). Sinha and Chamu (2000) compared the VaR estimates resulting from 
the HS, hybrid and stochastic methods in the stock and bond market of emerging economies. The 
study found that the hybrid and stochastic methods gave precise VaR estimates. T.H. Lee and Saltoglu 
(2002) examined the comparative performance of VaR estimates due to EWMA, HS, a parametric 
method, the Monte Carlo Simulation and selected ARCH models in the Japanese stock market. 
However, the results failed to establish the supremacy of any one of the methods. Korkmaz and 
Aydın (2002) estimated the VaR of the ISE-30 Index using EWMA and GARCH. They observed that the 
GARCH model was able to provide a better VaR estimate than EWMA. Hansen and Lunde (2005) 
compared 330 ARCH—type models to test their ability to define conditional variance. They found that 
there is no substantial proof to use to establish that the basic GARCH (1,1) has better forecasting 
power compared to other emerging sophisticated models. Jorion (2007) states that GARCH models 
provide more precise VaR estimates especially for financial return series where there are volatility 
clusters, and it is the best model to use to obtain VaR after mean reversion. Curto et al. (2009) state 
that the GARCH model is widely applied to capture volatility clustering as it allows for the presence of 
conditional heteroscedasticity in the returns. Liu and Hung (2010) work on capturing the downside 
risk of the Taiwanese futures markets by applying GARCH family models conclude that GARCH models 
are the most valid measure for both regulators and firms in a turbulent market. Feunou et al. (2013) 
used BIN-GARCH to successfully capture the existence of significant relative downside risk in S&P 500 
and international index returns.. Tusji (2016) evidence that all forecast volatilities from the GARCH, 
EGARCH, PGARCH and TGARCH demonstrate significant prediction of downside risk in the US stock 
market. Guha Deb (2017) examined the downside risk of Indian Equity Mutual funds using parametric 
and non-parametric approach conclude that based on the failure proportion as well as backtesting 
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perspective, GARCH (1,1) is the most robust of all the VaR models. Kheir (2019) estimated the VaR and 
Expected Shortfall (ES) using mixed GARCH models conclude that GARCH frameworks were an 
excellent tool to capture in modeling financial time-series data. However, the study also points out 
that no single tool serves the best in capturing volatility. Emenogu et al. (2020) investigated the 
volatility of daily stock return of Nigeria Plc using variants of GARCH models along with risk estimation 
and backtesting. The results evidence that the persistence of the GARCH models were mostly stable 
except for few cases.

Student-t distribution is used in risk management specifically to model conditional returns 
(Bollerslev, 1987). There are mixed results in literature on the performance ability of the stu-
dent-t distribution when estimating VaR. Lin and Shen (2006) reported that student-t distribution 
provided better VaR estimates, specifically when the degrees of freedom were determined using 
the tail index technique. The study by Bali and Theodossiou (2007) confirmed that the t-distribu-
tion provided a better fit for the financial returns that were skewed with heavy tails. Angelidis et al. 
(2007); Billio and Pelizzon (2000) observed that the proportion of exceedance was overestimated 
when using t-distribution. Zoran and Ivica (2014) applied the normal and student-t distribution 
approaches to estimate VaR in the Serbian Stock market. It was observed that the t-distribution 
provided better VaR estimates than the normal distribution.

Recent research by Danielsson and De Vries (2000), Ashley and Randal (2009), Angelidis et al. 
(2007), and Abad and Benito (2013) have observed that the HS approach provides a poorer VaR 
estimate than parametric approaches, Conditional Extreme Value Theory and Historical simulation 
are both filtered. According to Goorbergh and Vlaar (1999) “choosing the right window length is 
a challenge when adopting HS to predict VaR.” Raza et al. (2019) examined the impact of downside 
risk on expected returns in emerging markets using the semi-variance method. A comparison of 
the downside CAPM with the traditional CAPAM, evidence the superiority of the former.

2.3. Backtesting methods
The standard popular back testing method is the unconditional test of Kupiec (1995) based on the 
property of unconditional coverage. It demonstrates that, upon assuming that the probability of an 
exception is constant, then the number of exceptions follows a binomial distribution (Abad et al., 2014). 
The unconditional coverage test fails to examine the independent property of the returns. Christoffersen 
(1998) proposed a conditional coverage method to backtest the accuracy of the VaR approaches.

C-F. Lee and Su (2015) and Su and Hung (2018) mention that “as the binary loss function is 
based on the number of exceptions, it fails to consider the magnitude of the violations.” They 
suggest the application of the quadratic loss function as proposed by Lopez (1999) and the 
unexpected loss function (ULF) of the full sample to overcome this limitation.

It is evident from the financial literature review that each approach used to measure VaR is an 
advancement of another with new assumptions to capture the stylized characteristics of the 
financial return series. Overall, the Risk Metrics of EWMA introduced by J.P. Morgan and the 
GARCH family approaches seems to provide a better VaR estimate than other parametric and non- 
parametric approaches. Further, it is observed that VaR is less researched and also less applied to 
financial asset returns in an emerging market like the Saudi Stock Market.

3. Data and methods

3.1. Sampling and data description
The empirical assessment of downside risk potential has been done for mutual funds listed in Saudi 
Stock exchange. The mutual fund industry in Saudi Arabia has been vibrant with active investment 
between 2017 and 2020 and has witnessed significant number of funds during this tenure. Hence, this 
tenure has been taken as the study period. The weekly Net Asset Value (NAV) of the funds was collected 
from the TADAWUL website. Totally, 250 funds were identified for the study period (June 2017 to 
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June 2020) with investment in various asset classes, such as Equity, Bond, Real Estate, Money Market, 
Commodity, balanced fund, etc. There are significant number of operators in the Equity segment with 
growth objective compared to other asset segments. Mutual funds satisfying the following criteria were 
selected for the study. Equity funds with growth objective managed in Saudi Arabia, open ended, 
actively managed, investment in local equity, not specialized or sector based, not an IPO fund and 
fund with 37 months of continuous data. The final panel of mutual funds framed for the study consists 
of weekly NAV of 26 fund operators across a time period of 3 years. The empirical analysis has been 
done using EViews and NumXL. The descriptive statistics of the 26 mutual funds (Appendix 1) has been 
presented in Table 1. The funds reported a maximum return of 20.58% and a maximum loss of 18.53% 
during the study period. The risk of the funds varied between 2.22% and 1.37%.

The funds were examined for the existence of symmetrical (normal distribution) or skewness in 
the returns. All funds were negatively skewed with an average of −1.38 representing asymmetry 
in the return distribution. Furthermore, negative skewness in the data shows that the funds 
generated frequent small gains and few significant extreme losses during the study period. 
Negative skewness demonstrates that the probability of a return below the mean is higher 
than the probability of a return above the mean. The existence of abnormal returns beyond 3σ 
is captured by the kurtosis estimate or in other words, the thickness of the tail of the distribution. 
High kurtosis (>3) represents the presence of leptokurtic distribution (a severely non-normal 
distribution) with a distinct peak around the mean that is declining rapidly with fat tails. This 
illustrates that there has been a significant variation in the returns and the presence of extreme 
abnormal weekly returns as well, thereby increasing the level of risk in the funds. Jarque-Bera’s 
statistics has been used to test the null hypothesis of a normal distribution in the context of fund 
returns. The test statistics fail to accept the null hypotheses at the 5% level for all of the funds, 
thus ruling out a normal distribution in the returns.

It is evidenced from the descriptive analysis that the fund returns were not normally distributed, 
thus there is a high probability of extreme losses incurred. As investors are worried about downside 
volatility rather than upside volatility, it is recommended to apply measures that go beyond 
volatility that also have the ability to capture extreme losses/deviations around the mean. 
Empirical studies in finance recommend VaR as the best measure of downside volatility. VaR 
represents the maximum expected loss corresponding to the 5% quantile over a given horizon.

3.2. Methods
A brief summary of the variable, VaR estimates using parametric, non-parametric and semi- 
parametric approaches are described in this section.

3.2.1. Operational definition of the variable
NAV is the key variable taken to analyze the downside risk potential of financial returns of mutual 
funds. NAV represents a fund’s market value per share. NAV is obtained by dividing the total value of 
all the cash and securities in a fund’s portfolio, minus liabilities with the number of shares outstanding.

3.2.2. Parametric approaches
Parametric methods consider the price movements over a given time horizon and they fit a probability 
curve to the data that is then used to derive VaR from the fitted curve. The parametric approaches of 
student-t distribution, log-normal distribution, EWMA and GARCH (1,1) adopted to calculate VaR have 
been explained below:

(i)Student-t distribution: Student-t distribution is best suited to return distributions that are fat tailed. 
It has leptokurtic characteristics. VaR under student-t distribution covers few stylized facts found 
within financial data returns. The student-t distribution for VaR is given by Equation (1) adopted 
from Dowd (2005: 159).
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tVaRt αð Þ ¼ � μt þ tv;ασ
ffiffiffiffiffiffiffiffiffiffiffi
v � 2

v

r

(1) 

There is one parameter in the equation, “v,” which refers to the number of degrees of freedom in 
the distribution given by Equation (1.1): 

ν ¼
4 � k � 6

k � 3
(1:1) 

It measures the degree of fat tails in the density function, and it controls the shape of the 
student-t distribution. Fat tails are observed to have a low degree of freedom and vice-versa. The 
statistics for student-t distribution with v degrees of freedom have been given below. At v =1; it is 
N(0,1) at very large value of v, t distribution converges into the normal distribution.

(i)Log-normal distribution: Given the potential for long investment periods, compounding leads 
to a log-normal distribution for the portfolio’s value rather than a normal distribution. For 
returns over long periods, it is recommended to use a geometric return approach. The formula 
for log-normal VAR (Dowd, 2005, p. 161) is given by

Log � normal VaR ¼ 1 � Expðm � zαSÞ (2:1) 

Where m is the mean, S measures volatility and zα is the given confidence level. The log-normal 
approach accommodates the maximum loss constraints in a long-term position, and this is consistent 
with the Brownian motion process, which has a wide application in derivative pricing. However, log- 
normal distribution does not accommodate fat tails in geometric returns and as per extreme value 
theory, it is unsuitable for VaR at an extreme confidence level.

(i)EWMA: The present study has adopted the age-weighted historical simulated method pro-
posed by Boudoukh et al. (1997). The approach replaces equal weightage 1/n with age- 
dependent weights ω (i). The probability weightage of a new observation is determined by 
discounting the weight of the older observations. In other words, if ω (1) is the probability 
weightage assigned to a day-old observation, then the probability weight given to a 2-day-old 
observation will be ω (2) = λ ω (1); ω (3) = λ2 ω (1); ω (4) = λ3 ω (1) and so forth. The weight 
assigned to an observation that is “ i ”days old was obtained from the work of Dowd (2005: 93)

ω ið Þ ¼
λi� 1 1 � λð Þ

1 � λn (3) 

In this approach, new observations are assigned a higher probability and thereafter the assigned 
probability decreases to reach zero for old values, hence a very large return remains trivial in the 
series. The formula to compute EWMA was given by Dowd (2005, p. 129) as: 

σ2
t ¼ ∑

n

i¼1
αix2

t� i (3:1) 

Weight α declined as i increases before getting summated to 1, inferring that αi +1/αi = λ. The 
formula for EWMA depends on the parameter λ lambda, which is also referred to as the decay 
factor. The value of parameter λ sets the relative weights assigned to the returns and it has a value 
of 0 <λ < 1. The volatility function based on the above assumptions is given by: 
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σ2
t � 1 � λð Þ∑

n

i¼1
λi� 1x2

t� i (3:2) 

By lagging the volatility by one period, the formula to estimate volatility is as given below: 

σ2
t ¼ λσ2

t� 1 þ 1 � λð Þx2
t� 1 (3:3) 

The estimate of volatility for a day t, σt, made at the end of the day t-1 is derived based on 
previous day’s volatility σt� 1 and return xt� 1: A higher λ denotes a slow decline in weight and 
a lower λ represents a quick decline. The Risk Metrics—Technical Document (Morgan Bank, 
1996) suggests that a λ of 0.94 for a daily return and 0.97 for a monthly return data. EWMA 
relies on λ, and with n getting higher, n λ will be smaller. The model results in fewer ghost 
effects than a uniformly weighted model. As λ is constant in the EWMA approach, the 
limitation is that the model may be too passive for recent market conditions (Dowd, 2005, 
p. 130).

(i)GARCH (1,1): GARCH best suits financial time-series data as it can discover volatility clustering 
and capture leptokurtosis effects in the distribution. The GARCH (1,1) model adopted from 
Dowd (2005, p. 132) is:

σ2
t ¼ ωþ αx2

t� 1 þ βσ2
t� 1; ω � 0; α; β � 0; αþ β<1 (4) 

σt� 1 is the volatility of the previous day; α, β, ω are the forecast parameters; αþ β is the persistence 
of returns and a high α + β represents high average volatility. The extended models of ARCH (1,1), 
IGARCH and FIGARCH fail to account for the leverage effect observed in the financial time series. 
As these models depend on square errors, volatility increases at the same rate for both positive 
and negative shocks, which is not true for financial return distributions.

3.2.3. Non-parametric approaches
The estimation of VaR based on a Historical Simulation (HS) has been summarized.

(i)Historical Simulation: A Historical Simulation (HS) is based on the fundamental assumption 
that past performance is the best indicator of the future, hence it predicts VaR based on past 
returns. In other words, the VaR of a portfolio at a 95% likelihood is the difference between the 
mean of the simulated returns and the 5% worst value in the series. This can be computed as:

VaR1� α ¼ μ Rð Þ � Rð Þ/ (5) 

VaR1-α is the VaR at the given confidence level; μ Rð Þ is the mean of the simulated return series; 
Rð Þ/ is the worst return present in the simulated return series. As the approach uses real-time 

data, it is successful at solving the problems of thick tails and skewness (Jorion, 2007).

3.2.4. Performance assessment of the backtesting Models
Backtesting is a quantitative process applied to test if the outcome of the VaR forecasting is in line 
with the assumptions on which the model is based. There are two properties that need to be met 
by a VaR model:

(i)Unconditional coverage property: The number of exceedances should be equal to the con-
fidence or probability level set by the VaR model.
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(ii)Independence property: The occurrences of exceedance in the VaR model should not be 
auto-correlated. This has been examined using the tests for determining conditional coverage 
(Jorion, 2007).

3.2.4.1. Binary loss function or failure rate. The outcome of a prediction VaR model is related to 
either its ability to cover or fail to cover the realized loss. This is similar to the Bernoulli random 
function. The inability of a model to capture the realized loss is described as a violation. The binary 
loss function is identical to the likelihood ratio in the unconditional test. The function assigns 
a penalty of one for each exception/exceedance of the VaR. The binary loss function for the long- 
term position (in C-F. Lee & Su, 2015; Su & Hung, 2018) is defined as: 

BLFtþ1 ¼
1ifrtþ1<VaRtþ1jt;
0ifrtþ1 � VaRtþ1jt

�

(6) 

BLFt+1 denotes the 1 day ahead binary loss for the long-term position. For a VaR model to be the 
best, it should be able to provide the coverage level defined by the confidence level set ex-ante. In 
this case, the BLF of the sample will be equal to c for the (1-c)th percentile VaR (C-F. Lee & Su, 
2015; Su & Hung, 2018).

3.2.4.2. Quadratic loss function. The binary loss function is based on the number of exceptions; 
hence, it does not consider the magnitude of the violations. This limitation is overcome by the 
quadratic loss function proposed by Lopez (1999). The quadratic loss function (QLF) is defined as 
(in C-F. Lee & Su, 2015): 

QLtþ1 ¼
1þ rtþ1 � VaRtþ1jt

� �2

0

�
ifrtþ1<VaRtþ1jt;
ifrtþ1 � VaRtþ1jt

(7) 

QLt+1 denotes the 1 day ahead quadratic loss function for the long-term position. The QLF model 
penalizes large violations more highly than small violations, hence is considered to be the best 
measure of model accuracy.

3.2.4.3. Unexpected loss function. The unexpected loss function (ULF) of the full sample will equal 
the average magnitude of the violation and it is expressed as (C-F. Lee & Su, 2015): 

ULtþ1 ¼ ò

rtþ1

0
� VARtþ1jt

ifrtþ1<VaRtþ1jt
ifrtþ1 � VaRtþ1jt

(8) 

ULt+1 denotes the 1 day ahead magnitude of the violation in a long-term position.

3.2.4.4. Christofferson’s test. (Christoffersen, 1998) enables us to test both the coverage and 
independence hypothesis. The combined test statistics are given as follows: 

LRch ¼ LRpof þ LRind (9) 

It combines the unconditional coverage and independence in its statistics to test the null hypoth-
esis, that the probability of an exceedance p0 = p1 = α. The indicator is set to 1 if the actual result 
exceeds the VaR and 0 otherwise. The LRpof is obtained from Kupiec’s test (Kupiec, 1995) which 
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estimates the proportion of failures (pof), hence it focuses on the unconditional coverage char-
acteristics. The null hypothesis to be tested is that the actual frequency of exceedance p is equal to 
the chosen confidence level α. This is a likelihood ratio test, and it is based on the following 
statistics (Jorion, 2007, p. 147). 

LRpof ¼ � 2ln 1 � pð Þ
T� NpN

h i
þ 2 lnf½ 1 � N=Tð Þð �

T� N N
T

� �N
(9:1) 

Where N is the number of times that actual loss exceeds the prediction, T is the total number of 
observations and p is the probability of exceedance. The LRpof is asymptotically χ2 distributed with one 
degree of freedom to test the null hypothesis that p is the true probability. LRind examines indepen-
dence in the exceptions and the statistics are given using Equation 7.1 (Jorion, 2007, pp. 147–151). 
The null hypothesis test is that the probability of an exceedance p0= probability of an exceedance p1. 

LRind ¼ � 2ln 1 � pð Þ
T00þT10 pT01þT11

h i
þ 2ln 1 � pð Þ

T00 pT01 1 � p1ð Þ
T10 pT11

h i
(9:2) 

Tij is the number of days in the state, j occurred in one day after state “ i ”occurred the 
previous day and pi is the probability of an exceedance conditional state “ i ” the previous day. 
Following the guidelines given by Jorion (2007), the exceptions table was constructed.

4. Empirical results
Value-at–risk estimated using parametric and non-parametric approaches and the results of 
the back-testing procedure have been summarized in this section. The VaR estimates were 
back tested at both the 95% and 99% level of significances in order to observe the efficiency of 
the chosen approaches. Christoffersen (1998) approach was used to test the null hypothesis: 
the probability of an exceedance p0 = the probability of an exceedance p1. Kupiec’s test (Kupiec, 
1995) was conducted to test the null hypothesis: probability of exceedance p = α. 
Christoffersen’s test combined the test of unconditional coverage and independence for VaR, 
and this was done to test the null hypothesis of probability of an exceedance p0 = p1=α. Binary 
Loss Function or the Failure Rate was used to measure the violation rate of the model, 
Quadratic Loss Function (QLF) and Unexpected Loss Function (ULF) were applied to consider 
the magnitude of the violations and to identify the model with the lowest magnitude of loss.

4.1. Parametric methods

4.1.1. VaR with a student-t distribution
VaR with a student-t distribution was estimated to capture some of the stylized features of 
financial returns. The combined results of the VaR-t backtesting have been summarized in Table 2.

The null hypothesis of LRpof: probability of exceedance p = α is accepted for all of the funds at 
both confidence levels. The limitation of the test is that it fails to capture volatility clustering. The 
independent coverage test LRind only accepts 30% of the VaR-t at the 95% level and 4% at the 
99% confidence level. Hence for majority of the funds, LRind does not accept the null hypothesis: p0 

= p1 at both the 95% and 99% level. This indicates that student-t has failed to observe volatility 
clustering in the fund returns. This is supported by the findings of Angelidis et al. (2007); Billio and 
Pelizzon (2000) but against the observations of Lin and Shen (2006), Bali and Theodossiou (2007), 
and Zoran and Ivica (2014) The results of the joined test for the coverage and independence of 
LRch also does not accept the null hypothesis p0 = p1 =α for the majority of the funds.

4.1.2. VaR with a log distribution
VaR with a log distribution was estimated to capture some of the stylized features of financial 
returns. The combined results of the VaR-log backtesting have been summarized in Table 3.
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The null hypothesis of LRpof: probability of exceedance p = α is accepted for 95% of the funds at 
both confidence levels. The independent coverage test LRind only accepts 19% of the VaR-t at the 
95% level and 8% at the 99% level. For majority of the funds, LRind therefore does not accept the 
null hypothesis: p0 = p1 at both the 95% and 99% levels. The results of the joined test of 
unconditional coverage and independent LRch also does not accept the null hypothesis p0 = p1 = 
α for the majority of funds.

The assumption of there being independent and identically distributed (i.i.d.) log returns contra-
dicts the stylized facts of the fund returns which demonstrate that extreme values are not 
unpredictable. They are observed after a return that is larger than the normal returns.

4.1.3. VaR with an EWMA distribution
VaR with an EWMA distribution was estimated to capture some of the stylized features of financial 
returns. The combined results of the VaR-EWMA backtesting have been summarized in Table 4.

The null hypothesis of LRpof is significant for only 8% of the VaR-EWMA at the 95% level but 
it accepts the VaR-EWMA of all of the funds at the 99% confidence level. Hence, the null 
hypothesis of LRpof: probability of exceedance p = α is accepted at the 99% level and not 
accepted at the 95% level. The independent coverage test LRind at the 95% significance level 
does not accept the null hypothesis: p0 = p1 for all funds. The independent coverage test LRind 

show better results at the 99% significance level by accepting the VaR-EWMA of 42% of the 
funds. The results of the joined test for unconditional coverage and independent LRch were 
better at the 99% significance level by accepting the VaR-EWMA of 42% of the funds. The 
EWMA at the 99% level provides better coverage in all back-testing models. This finding is 
similar to the observations made by DeGennaro and Richard (1990), Bollerslev et al. (1992), 
and Dowd (2005). The non-uniform weightage approach of EWMA justifies the fact that 
volatility changes over time rather than being constant, requires a large number of data 
observations for the covariance matrix to be both positive and definite and that by assuming 
there is the same decay coefficient, it may be unresponsive to recent market conditions 
(Jorion, 2007).

4.1.4. VaR with a GARCH (1,1) distribution
VaR with a GARCH (1,1) distribution was estimated to capture some of the stylized features of 
financial returns using Equation (4) at both 95% and 99% confidence levels. The combined results 
of the VaR-GARCH (1,1) backtesting have been summarized in Table 5.

The null hypothesis of LRpof is significant for only 54% of the VaR-GARCH (1,1) at the 95% level but it 
accepts VaR-GARCH (1,1) for all funds at the 99% confidence level. Hence, the null hypothesis of LRpof: 
probability of exceedance p = α is accepted at the 99% level and not accepted at the 95% level. The 
independent coverage test LRind only accepts the null hypothesis for 12% of the VaR-GARCH (1,1) at 
the 95% level and it does not accept any funds’ LRind at the 99% level. Therefore, for majority of funds, 
LRind does not accept the null hypothesis: p0= p1 at the 95% and 99% levels. The results of the joined 
test of unconditional coverage and independent LRch also does not accept the null hypothesis p0 = p1 

=α for the majority of the funds. The drawback of GARCH (1,1) is its non-linearity and its symmetric 
nature. As a result, it may possibly fail to capture any leverage effects. The result of the study is 
concurrent with the observation of Hansen and Lunde (2005), Sinha and Chamu (2000), and T.H. Lee 
and Saltoglu (2002) as there is no substantial proof to use to establish that the basic GARCH (1,1) has 
better forecasting power compared to other emerging sophisticated models.

4.2. Non-parametric methods

4.2.1. VaR with a historical simulation (HS) distribution
The combined results of the VaR-Historical Simulation (HS) backtesting have been summarized in 
Table 6.
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The null hypothesis of LRpof: probability of exceedance p = α is accepted for 100% of the funds at 
both confidence levels. The independent coverage test LRind only accepts 23% of the VaR-HS at the 
95% level and it does not accept any funds’ LRind at the 99% level. For majority of the funds, LRind 

does not accept the null hypothesis: p0 = p1 at the 95% and 99% levels. The results of the joined 
test of unconditional coverage and independent LRch also does not accept the null hypothesis p0 = 
p1 =α for the majority of the funds (76% at the 95% level and zero at the 99% level). HS is very slow 
at capturing the current volatility and it is also subjected to ghost effects. Research by Danielsson 
and De Vries (2000), Ashley and Randal (2009), Angelidis et al. (2007), and Abad and Benito (2013) 
support the finding that HS approach provides a poorer VaR estimate than parametric approaches. 
Figure 1 presents and illustrates only selected VaR forecasts for the student-t, log, EWMA, GARCH 
and HS models that passed the conditional test at the 95% and 99% levels.

Tables 7 and 8 present the results of the parametric and non-parametric model performance in 
the conditional test, in addition to the quadratic loss and unexpected loss estimate measures at 
the 95% and 99% confidence levels.

It is evidenced from the results in Table 7 that at the 95% confidence level, student-t (7) and HS 
(7) have recorded the best performance with the highest number of acceptances generated in the 
conditional test. At the 95% confidence level, the performance of the aforementioned models is 
much higher than the sophisticated models of EWMA and GARCH (1,1). None of the results for the 
EWMA and only 3 VaR estimates given by GARCH (1,1) passed the conditional tests at 95%. It is 
noteworthy that the conditional test does not account for the magnitude of loss, hence the 
conclusions from the QL and ULF for a long-term position are more meaningful as it overcomes 
the limitations. EWMA recorded the lowest QL and ULF for all of the funds and across the VaR 
estimates, confirming that the EWMA method provides a better VaR predicting performance than 
any other model for the given sample. The overall average quadratic loss and unexpected loss 
function of EWMA is the lowest across the VaR estimates followed by student-t distribution.

It is evidenced from the results in Table 8 that at the 99% confidence level, the EWMA approach 
has recorded the highest number of acceptances (12) in the conditional test, and it has thus 
outperformed all of the other VaR estimate measures. The lowest number of acceptances are seen 
in the conditional test for student-t (1), log (2), GARCH (1,1) (0) and HS (0). EWMA recorded the 
lowest QL and ULF for all of the funds and across the VaR estimates, confirming that the EWMA 
method at the 99% confidence level provides better VaR predicting performance than any other 
model for the given sample. The overall average quadratic loss and unexpected loss function of 
EWMA is the lowest across the VaR estimates, followed by GARCH (1,1).

From the graphical demonstration in Figure 1 and the aforementioned results discussed as 
shown in Tables 7 and 8, it can be inferred that at the 95% significance level, student— 
t distribution and EWMA at the 99% level have recorded the highest number of acceptances by 
passing the conditional test. EWMA showed the best performance with the highest number of 
acceptances in the conditional test and the lowest QL and ULF values for the 99% confidence level. 
Overwhelmingly for the given sample, irrespective of the confidence level, EWMA has been able to 
best capture the VaR of the maximum number of funds with the lowest magnitude of losses as 
measured by QL and ULF. The supremacy of EWMA has also been evidenced by DeGennaro and 
Richard (1990), Bollerslev et al. (1992), and Dowd (2005).

5. Limitations & directions for future research
Advancement in techniques and methods witnessed in studying the volatility of returns has been 
numerous. The present study has just applied selected VaR methods such as the GARCH (1,1) and 
EWMA methods to capture the downside risk potential of returns for a limited time period. The 
study can be extended to include the extended and robust VaR measures from the GARCH family, 
Montecarlo Simulation, Expected Value theory, Prospect ratio (Watanabe, 2007) to calculate the 
return per unit of downside risk, Lower Partial Moments (Bawa, 1975; Jean, 1975), Sortino and Van 
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der Meer (1991) ratio based on the Minimum Acceptable Return as the point of exclusion, Omega 
ratio (Keating & Shadwick, 2002), Kappa ratio (Kaplan & Knowles, 2004) to measure the excess 
return adjusted for downside risk. It must be noted that the criteria set to measure the downside 
risk are sensitive to segregations and can sometimes generate distorted results.

6. Conclusion
In this paper, the novel risk management concept of Value-at-Risk (VaR), which has been embraced 
as one of the best tools in the financial literature to measure downside risk on mutual fund returns, 
has been examined in relation to the equity mutual funds. VaR has been estimated based on 
a selected set of parametric and non-parametric methods. These estimates were further examined 
for adequacy and accuracy using the conditional coverage backtesting procedure, quadratic loss 
function and unexpected loss function. The primary findings of this research paper confirm the 
observations that the financial return series of mutual funds listed on the Saudi Stock Market are 

Figure 1. Comparative forecast-
ing performance of the VaR 
models for selected funds at 
the 95% and 99% levels.
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leptokurtic with a large kurtosis, signifying that the variations in the net asset value of funds have 
more frequent occurrences and heavy tails than is estimated by the normal distribution. The outcome 
is that under the assumption of normal distribution, fund risk is understated. Therefore, considering 
a logistic distribution model of return is a better fit for analyzing the financial returns involved. The 
weekly predictive power of the traditional VaR models (student-t distribution, log distribution, histor-
ical simulation) and sophisticated volatility models (EWMA, GARCH (1,1)) were compared. 
Conventional methods tend to overestimate the VaR at both confidence levels and they show better 
unconditional coverage when compared to the sophisticated methods. The student-t distribution, 
log-normal and historical simulation methods qualify the unconditional coverage test and provide 
better results at the 5% level compared to the other models. However, the superiority of the 
lognormal and historical simulations vanish when the conditional coverage test is applied. The 
student-t-distribution provides the best estimate of VaR at the 5% level whereas EWMA is the best 
at the 1% level under the conditional coverage tests. The combined results of the proportion of failure 
rate, quadratic loss function and the unexpected loss function demonstrate that EWMA provides the 
best forecast of volatility compared to GARCH (1,1) in addition to the student-t- distribution, log- 
normal and historical simulations at both the 95% and 99% significance levels. The EWMA model has 
been found to be superior in terms of forecasting the volatility of returns compared to GARCH (1,1), 
especially for short-term horizons. The volatility weighted VaR approaches are able to capture the 
downside risk better than traditional methods at the 1% level. It is worth noting that this study has 
put forward strong evidence that volatility clustering can be effectively modeled using EWMA. No 
single measure can explain the mechanisms involved in the volatility of return in financial instru-
ments, but the best VaR approach can be used as a risk management tool to minimize the downside 
risk losses of investments. Hence, a hybrid approach of both traditional and volatility models would be 
beneficial for the Saudi mutual fund sector rather than any single best VaR measure.
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Appendix 1—List of mutual funds

mf1 Riyad Saudi Equity Fund mf16 SEDCO Cap Flexi Saudi 
Equity Fund

mf2 Aljazaria Cap Saudi Equity 
Fund

mf17 Al Rajhi Saudi Equity fund

mf3 HSBC Saudi Equity Fund mf18 Saudi (AUDI) opportunity 
Equity Fund

mf4 Al Arabi Saudi Equity 
Fund

mf19 Falcom Saudi Equity Fund

mf5 Al Muhasem Saudi Equity 
Fund

mf20 AlAhli Free Style Saudi 
Equity Fund

mf6 Al Rajhi Materials Sec 
Equity fund

mf21 SAIB Saudi Equity Fund

mf7 Albilad Pure Saudi Equity 
Fund

mf22 AlYusr Saudi Equity Fund

mf8 Morgan Stan Saudi Equity 
Fund

mf23 Saudi Isthithmar (SAUDI 
FRANSI) Saudi Equity fund

mf9 Alkhair Capital Saudi 
Equity Fund

mf24 Wasatah Saudi Equity 
fund

mf10 KSB Free Style Saudi 
Equity Fund

mf25 Jadwa Saudi Equity Fund 
—Class B

mf11 Dereyah Free Style Saudi 
Equity Fund

mf26 Osool Saudi Equity Tr 
Fund

mf14 Al nefale Comp Equity 
fund

mf15 BLOM Saudi Equity fund
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