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Abstract: Investors’ decisions on capital markets depend on their anticipation and preferences about
risk, and volatility is one of the most common measures of risk. This paper proposes a method of
estimating the market price of volatility risk by incorporating both conditional heteroscedasticity and
nonlinear effects in market returns, while accounting for asymmetric shocks. We develop a model
that allows dynamic risk premiums for the underlying asset and for the volatility of the asset under
the physical measure. Specifically, a nonlinear in mean time series model combining the asymmetric
autoregressive conditional heteroscedastic model with leverage (NGARCH) is adapted for modeling
return dynamics. The local risk-neutral valuation relationship is used to model investors’ preferences
of volatility risk. The transition probabilities governing the evolution of the price of the underlying
asset are adjusted for investors” attitude towards risk, presenting the asset returns as a function of
the risk premium. Numerical studies on asset return data show the significance of market shocks
and levels of asymmetry in pricing the volatility risk. Estimated premiums could be used in option
pricing models, turning options markets into volatility trading markets, and in measuring reactions
to market shocks.

Keywords: volatility risk premium; stochastic volatility; NGARCH model; diffusion limit; news
impact curve

1. Introduction

Financial derivatives and instruments for risk reduction provide a practical means
to hedge and manage the risk from trading financial securities. In complete markets, risk
deriving from financial derivatives and insurance instruments can be perfectly hedged
and there is no volatility risk premium to estimate. The Black-Scholes-Merton option
valuation model [1,2], as a fortress pricing model for financial instruments, specifies option
prices independent of investors” preferences, their expectations and risk aversion, and this
independence is a direct consequence of constant volatility. On the other hand, prices of
financial derivatives and hedging instruments observed on option markets contain rich
information about the market’s expectation of the underlying asset’s future distribution,
the risk premium for unhedgeable risk, or the compensation demanded by investors for
bearing risk related to abrupt changes in volatility. Furthermore, option prices reflect
investors’ willingness to pay in order to hedge against future increases in yields on the
underlying instrument. This price is called the market price of volatility risk (i.e., estimated
volatility risk premium), and it also represents the price of risk arising from holding a
financial derivative or insurance instrument. Estimating the market price of volatility risk
is important in understanding the preferences of market participants and allows for better
modeling of investors’ behavior. This will then allow us to manage risk more easily and
facilitate the evaluation and hedging of options, but also financial derivatives in general.
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By incorporating the market price of volatility risk into the option pricing model, option
markets may also become volatility trading markets.

In this paper, we consider a stochastic volatility model framework with leverage effect,
since this is consistent with a number of additional stylized facts that characterize asset
returns, such as volatility clustering, semi-heavy-tailed non-normal return distributions
with skewness and excess kurtosis and negative correlation of volatility with asset returns.
Since the unhedgeable second source of randomness is present, the concept of market com-
pleteness is lost. Consequently, we no longer have straightforward risk-neutral pricing and
the price of volatility risk will be non zero. Stochastic volatility models have been studied
from various points of view in mathematical finance and related fields [3,4]. Unfortunately,
it seems that statistical estimation of the model is the most difficult problem, and most of the
work in that area is focused on computationally intensive methods. Therefore, in practice,
it is proposed to use discrete models of stochastic volatility instead of the continuous ones.
As an alternative to continuous stochastic volatility modeling, a non-linear heteroscedastic
time series model with leverage effect (NGARCH, sometimes also denoted NAGARCH)
is proposed, since it has the property of convergence towards a continuous process that
satisfies a stochastic volatility model and it may accommodate both the leverage effect and
the market price of volatility risk. As firstly put forth by [5], a low-volatility environment
is likely to be accompanied by rising asset valuations since low volatility is associated
with increased willingness to take on risk. Alternatively, a fall in equity prices would
generally imply a rise in the debt-equity ratio, and in turn increase the riskiness of a given
stock. Recent economic theory emphasizes the endogenous nature of volatility, labeled as a
“financial instability paradox” or “volatility paradox” in [6], where a prolonged period of
low volatility could paradoxically lead to a build-up in risk. Moreover, further compression
of risk premia may be due to market participants” expectations of the continuation of low
volatility and genuine financial conditions that may encourage these participants to build
up large positions in asset classes of higher risk [7]. We go one step further and consider
this asymmetry in analyzing the news impact curve defined by [8] to measure the impact
of news or unexpected shocks into volatility estimates.

The contributions of this paper are twofold. First, we price the volatility risk premium
capturing both conditional heteroscedasticity and nonlinearities in asset returns and their
stochastic volatility. Specifically, the asymmetric NGARCH (stochastic) volatility model [8]
is used to model nonlinearities in the mean specification of asset returns and the leverage
effect. The pricing of the volatility risk premium is done by following the locally risk-
neutral valuation relationship (LRNVR) by [9], shown to hold under certain combinations
of preference and distribution assumptions. We tackle stochastic volatility with a discrete
NGARCH model from the general autoregressive conditional heteroscedasticity family and
show that the discrete NGARCH process is an approximation of the stochastic volatility
diffusion model. Second, we develop a model that allows a dynamic, time-varying risk
premium for the underlying asset under the physical measure. We show that the risk-
neutral version for a discrete NGARCH model with a time-dependent Sharpe ratio would
also involve a time-varying market price of risk.

In some approaches, the volatility risk premium is determined using option prices
and inferring about the differences between implied volatility derived from option prices
and physical volatility, but we do not adopt this approach further. Instead, we would like
to propose a novel approach that is capable of estimating the market price of volatility risk
using just asset returns and physical volatility, while relying on the time-varying Sharpe
ratio and the leverage effect. The leverage effect explains a possible relationship between
volatility and possible changes in attitudes towards risk, and by incorporating it directly
as a (significant) parameter in the model, we are able to eschew option pricing altogether.
Our analysis suggests that one could first use the historic stock prices to estimate the
process parameters needed for estimating the real volatility drift and the volatility risk
premium. As a second step, the volatility risk premium information could be incorporated
for pricing and hedging purposes, pricing VIX derivatives, including VIX futures and
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VIX options. Our findings enable future analysis of intensified speculative activity on
volatility, since net short positions on VIX futures held by non-commercial traders have
been empirically documented to change over time and to be driven by market’s stress
episodes of different intensities.

The paper is organized as follows. Section 2 gives an overview of existing research
and methods of estimating the volatility risk premium. Section 3 describes the discrete time
stochastic volatility model with leverage (NGARCH), provides the link to its continuous
version and presents the evolution of the asset in a locally risk-neutral setting, adjusted for
investors” attitude towards risk. Data and estimation results are discussed in Section 4 and
Section 5 concludes, highlighting future research directions.

2. Literature Review

Several studies have been conducted on world markets aiming to determine the mar-
ket price of volatility risk. The obtained results are varying, since different approaches were
used to determine both its price and valuation. For example, ref. [10] uses an approach that
does not depend on any particular model to fairly evaluate options. The authors observe
the differences between the implicit volatility derived from option prices (VIX index) and
the volatility observed in the market, and investigate the impact of macroeconomic factors.
A similar approach is used in [11], where a no-arbitrage model was estimated to relate both
variations in volatility and stock market volatility to the business cycle. The authors show
that volatility risk premiums are strongly counter-cyclical, even more than stock volatil-
ity. Additionally, in out-of-sample experiments, it is shown that volatility risk premiums
partially explain the large swings of the VIX index during the 2007-2009 subprime crisis.
The author of [12] provides a theoretical investigation of the market price of volatility risk,
where it is considered to be a function of two variables: the price of an underlying asset
and its volatility. The author provides evidence that the correlation between the underlying
price and its volatility has no impact on the price of volatility risk.

A completely different approach was adopted in [13]. In order to overcome empiri-
cally poor pricing and hedging performances of the GARCH option-pricing model with a
locally risk-neutral valuation relationship (LRNVR) firstly introduced by [9], the authors
develop a GARCH option model with a new pricing kernel allowing for a variance pre-
mium. An explicit relationship between the conditional variances under the physical and
risk-neutral probability measures is presented, and the market price of volatility risk enters
analytically into the equation. However, the persistence parameter remains unchanged in
the two probability measures. On the other hand, a new risk-neutral valuation relationship
(mLRNVR) in GARCH option-pricing models is presented in [14], where the conditional
variances under the physical and risk-neutral measures are designed to be different. Nev-
ertheless, the asset risk premium is considered to be constant in their analytical approach.
In order to capture the variance risk premium, the authors choose the variance process
to be more persistent in the risk-neutral measure. Moreover, they show that GARCH
option-pricing models designed in that way are able to price the SPX one-month variance
swap rate, i.e., the CBOE Volatility Index (VIX), more accurately. The authors emphasize
that a source of poor pricing and hedging performances from previous empirical research
may arise from the restriction required by the LRNVR, and consequently choose to capture
the variance risk premium in the risk-neutral dynamics only. Their numerical results
provide evidence that the GARCH (1,1) option pricing model under the mLRNVR is more
suitable to price variance swap. However, empirical research documents time-varying
conditional first and second moments of asset returns accompanied with a strong financial
leverage effect, i.e., a non-zero correlation between the stock process and the volatility
process. Consequently, this must be accounted for when valuating both the asset risk
premium and the volatility risk premium. The authors of [14] realized that developing
a new risk-neutral valuation relationship is an urgent task, but missed to incorporate a
time-varying valuation of the volatility risk premium and did not consider the volatility
risk premium to affect the conditional variance process globally. Moreover, the authors do
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not investigate further the potential power of the leverage effect or level of asymmetry in
the news impact curve as a standard measure of how news is incorporated into volatility
estimates. Namely, since asset’s volatility is a major factor in option pricing valuation,
a significant difference in predicted volatilities after the arrival of some major news would
theoretically lead to significant differences in option prices and produce different hedging
strategies. This idea was firstly designed in [15], where the author attempts to explain the
volatility smile by incorporating the leverage effect using the NGARCH process, firstly
introduced by [8]. Furthermore, the risk-neutral version for a discrete NGARCH model
considers that the market price of risk for the stock is not separable from the leverage pa-
rameter. Using both option prices and returns under the risk-neutral as well as the physical
probability measure, the authors of [16] evaluated different GARCH models out-of-sample.
Their analysis favors a relatively parsimonious model that, besides volatility clustering,
only allows for a standard leverage effect. We benefit from this idea and design a discrete
stochastic volatility model for pricing the volatility risk premium, accounting for the fact
that level-depending volatility is an important feature observed in option markets as well
as in the underlying prices.

3. Stochastic Volatility and the Market Price of Risk
3.1. Volatility Risk Premium

A continuous stochastic volatility (SV) model is given in its general form as

dSt = “thstdt + O'tst th
do? = b(o?)dt + a(c?)dZy,

where S; denotes asset price at time ¢, y; is the expected rate of return on the asset, o}
is the volatility of returns, and W;, Z; are Brownian motions with Corr(dW;, dZ;) = p.
Correlation p captures the empirically observed (negative) relationship between volatility
and price.

Given that the value of interest is usually the log-return on asset, using It6’s formula
the SV model can be rewritten as

dln(St) = (“l/lt — ;U?) dt + o dW;

do? = b(o?)dt + a(0?)dZ;.

)

Note that we can write Z; = pW; + /1 — p?Bj, so that W; and B; are now independent
Brownian motions.

Following the Girsanov theorem, it can be shown (e.g., [17]) that under the risk-neutral
measure the process (1) can be rewritten as

1 _
dIn(S;) = (yt - 203) dt + ordW;

do? = b(o?)dt + a(o?)dZs,

()

with

th = dW; + A; dt

dB; = dB; + A} dt

dZt = det +4/1— pZdBt
and

b(o7) = b(0?) — Asa(0?), €))
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where A denotes the asset risk premium and A is the market price of volatility risk. Similarly,
A} is an adapted process (under the risk-neutral measure) that denotes market price of risk
associated with dW; — pdZ; [18,19].

From Equation (3) and Equations (1) and (2), we have

b(c7) — b(e?)
a(o7)
2

(‘th) 1 doj

A =

S

dZ;

a(c?) a(c?) dt dt
) _ 1 dof a2
a(c? a(o?) dt dt

dz; _ dWi — 4B
T, tylop dt
dZt th det
P TV

which gives us

AWy dW (dB: dB\ 5y
Ah%ﬂ_ﬁJ+Wﬂ%ﬂ_ﬂ>ﬂm+lﬂM‘

In the special case of p = 1, i.e., if the asset price and the volatility were driven by the
same source of uncertainty, the volatility risk premium would be exactly equal to the asset
risk premium. However, in all real cases, it is a combination of the asset risk premium and
the price of the remaining risk that drives Equation (1).

3.2. NGARCH Stochastic Volatility Model

Duan [9] introduced the seminal model for the log-returns of an asset

S 1
In( k) =r+ Aoy — 7(713 + o Wy,
Sk_1 2

where (W) is a sequence of i.i.d. random variables with standard normal distribution
(under the real-world probability measure PP). With this notation, r is the (one-period)
risk-free rate and A can be interpreted as the unit risk premium.

We will modify this model to allow for a time-varying asset risk premium, still using
the traditional Sharpe ratio. Assuming, for simplicity, that the mean asset return is constant,
ie., yur = u, we introduce

— T
M:”%. @)

The log-returns model is then

ln(sk> =u— 1(7,% + o Wi =1+ Aoy — 1(7,% + o Wy
Sk—1 2 2

As previously noted, if the variance (7]% is driven by a second source of random-
ness, a (global) risk-neutral measure cannot be found. Still, a generalized version of the
conventional risk-neutral valuation relationship needs to be introduced to account for
heteroscedasticity, which prompted the following definition [9].

Definition 1. A pricing measure P is said to satisfy the locally risk-neutral valuation relationship
(LRNVR) if measure P is absolutely continuous with respect to measure P,

(1) Si |fk_1 is lognormally distributed (under ?),
k—1
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(i) Var® [ln <Ssk) |]:k1] = Var® {ln<ssk> |Fk1} , almost surely with respect to P,
k—1 k—1

where Fy_q denotes all information available at timek — 1, i.e., Fx_1 = 0({S;,0 <1 <k —1}).

Note that the last property of Definition 1 allows us to estimate the current conditional
variance from historical data even under measure P.

Traditionally, variance ((7]%) is modeled using GARCH(1,1), first introduced in [20].
In order to incorporate the asymmetry in the distribution of returns, Engle and Ng [8]
suggested the nonlinear asymmetric GARCH model (NGARCH)

1
In i :1"+Ak0'k— *0';%+0'ka
S, 2

©)

0f = wo + Bop_q + acp_1 (Wi_q — )2

Parameter c is called the leverage parameter. A positive value of c implies that negative
returns have a greater effect on future volatility than positive returns, which is also called
the leverage effect. Note that Equation (5) also models the correlation between returns
and variance.

It has been shown in [21] that the following theorem holds.

Theorem 1. The LRNVR implies that under measure P the log-return dynamics are
S LA
ln< =|r—=zof | + oW,
St_1 2k (6)
0f = wo + Bog_q + aop_1 (Wi_q —¢)?,
where Wy, = Wy + Ay are i.i.d. standard normal random variables with respect to measure P.

This property will allow us to eschew the computational complexity of certain contin-
uous SV models by estimating only the parameters of the approximating discrete model.

Theorem 2. Under the locally risk-neutral measure B, the discrete NGARCH process (6) is an
approximation of the SV diffusion model

dlnSt = <7" — ltth)dt + U'tth
2 )
do? = (wg — 00?)dt + Eo?dZy,
where § = 1 — a(1+c?) — B, & = av/2 + 4c2, and Wy, Z; are Brownian motions.

Proof. Observe the interval [0, T] and let A(") denote the equidistant subdivision of the
interval by At = 1. Then, Equation (6) can be approximated by [9,22]

1 _
In(Sgar) — ln(s(kfl)At) =r—+ (1’ — 2(71%At> + oparV AW,
Ul%m — a(zk_lw = wolt + U(zk_l)At(ﬁ +a(1+c?) —1)At ;8

+ 0l 1)t (“(kal —c— A VAL —a(1+ CZ)) VAL

where now Wk = Wi + ArV At. Note again that with At = 1, this is exactly the model in
Equation (6), and (W) are i.i.d. standard normal r.v.’s under the locally risk-neutral measure.
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From Theorem 3 in [22], we have that the approximating NGARCH model (8) con-
verges weakly to the unique strong solution of the following diffusion model

1 ~
dlnS; = (r - 20,%) dt + o dWy )

do? = (wo + (B + a(1+c?) — 14 2acA;)o?)dt — 2aco?dWy ; + V2u02d W,

where ert and VNVZJ are independent Brownian motions under P.
With notation 8 = 1 — a(1 4 ¢?) — B, & = av/2 + 4c2, Wy = Wy ; and

7 _ —2CV~Vl,t + \/EVNVZJ
' V2t 4c?

Equation (9) now becomes Equation (7), which completes the proof. [

By comparing Equation (7) to Equation (2), we have

a(o}f) = &of

b(0?) = wy — 00F — AEo?.

From Equation (3), it now follows that in the discrete NGARCH SV model adjusted
for risk, the market price of volatility risk is given by

2uc Ay 2c(r —p)
Ap = — = . 10
t ¢ oV/2t4l (10

Remark 1. Proof of Theorem 2 holds for (W) i.i.d. with zero mean and unit variance (not
necessarily normal). One might relax condition (i) from Definition 1 to require only that % | i1

have the same distribution (not necessarily lognormal) under both measures, which would allow us
to posit the same results for a more general set of residuals. With this in mind, in this work, we will
consider time series with possibly non-normal sample residuals, if all other assumptions hold.

4. Model Estimation and Numerical Results

If we denote the residuals by X = oWy, model (5) can be rewritten as

0f = wo + Bop_y + a(Xp_1 — 0k_10)%.
We will use the traditional maximum likelihood approach to estimate the vector

of unknown parameters 0 = (wy,a, B,c, ). The log-likelihood function for a set of n
observations from the NGARCH model is

n 2
1,(0) = ! Y | —=In(27) —In(c}) — ng . (11)
23 Tk

The vector of parameters that maximizes Equation (11) (conditioning on the first ob-
servation) needs to satisfy the following stationarity constraints from the NGARCH model:

wp>0,0>0,>0,a(l+2)+p<1,

where the last constraint a(1 + ¢2) + B is in fact the persistence of the model.

The NGARCH discrete stochastic volatility model will be fitted to daily log-returns of
the Standard and Poor’s 500 (SPX) stock market index and the Bitcoin (BTC) digital currency.
The SPX stock market index is from the New York Stock Exchange (NYSE), Nasdaq, Chicago
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Board Options Exchange (CBOE) and BZX Exchange whereas BTC is a decentralized digital
currency on the peer-to-peer network without the need for intermediaries. The data span
over roughly nine years starting in 18 July 2010 to 31 May 2018 for both assets. There were
1982 observations of daily closing prices for SPX data and 2875 observations for BTC data,
given that bitcoin is traded on weekends as well. Their log-returns time series are shown
in Figure 1 (left) and Figure 2 (left). This gives us a first visual impression about the data
used and their characteristics in the period of interest, and the fluctuations and movements
in volatility suggest that a heteroscedastic model is appropriate. Sample measures of
skewness and kurtosis of the log-returns are —0.5419 and 8.0294, respectively, for SPX and
2.6482 and 76.9094 for BTC, implying that in the BTC case, for example, positive returns in
the observed period are more frequent than negative returns in comparison to the SPX case.

We chose to analyze the US stock market index in order to represent a passive index
investing strategy. On the other hand, bitcoin—a type of digital asset—is the world’s first
decentralized cryptocurrency and, as argued in [23], considered to be a speculative invest-
ment for investors with very high risk tolerance. There is currently a debate on whether
they are correlated, since both Bitcoin and the S&P 500 index have rocketed up at the same
time. However, we assume the common financial narrative at the moment that bitcoin can
not be seen as a short-term hedge against collapses in the equity markets. Therefore, we
have selected them as representatives of two very distinctive investment strategies.

Nonlinear maximization of Equation (11) with nonlinear constraints was performed
in Matlab [24] by customized functions using the fmincon function (Matlab code can be
provided by the authors upon reasonable request). The iterative algorithm was tested
for robustness from various initial values, and ultimately the initial values were adapted
from [16,25] for SPX and BTC, respectively. The one-period risk-free interest rate r was
calculated according to [25], using the US Treasury Bill Rate for 13 weeks bank discount on
31 May 2018, which was 1.89% for a 360-day year. Therefore, r = 0.0189/360 = 5.25 x 1075.
Standard errors used for the (one-sided) test of parameter significance were calculated
from an approximation of the Fisher information matrix (see Appendix A).

4.1. Parameter Estimates and Interpretation

Table 1 presents the estimated parameter values for the SPX stock market index and the
BTC digital currency. All parameters are statistically significant at 1% level, except for /i for
SPX, which is significant at the 10% level. In the SPX case, the parameters imply that daily
log-returns have (unconditional) mean 0.014% (3.4% annually) and variance 1.9309 x 1074
(0.0483 annually). The leverage parameter c is positive and statistically significant. In the
BTC case, the parameters imply that daily log-returns have (unconditional) mean 0.077%
(27.88% annually) and variance 0.0063 (2.2577 annually). The leverage parameter c is
positive and statistically significant, but almost six times smaller in magnitude than in the
SPX case. Using the estimated parameters, the time-varying market price of asset risk (4)
and the market price of volatility risk (10) have been estimated, along with the volatility
processes. These time series for the SPX stock index and the BTC currency are shown in
Figures 1 and 2, respectively.

Table 1. Estimated parameters of the NGARCH SV model.

SPX BTC

Par. Est. Value Std. Error Z-Stat. Est. Value Std. Error Z-Stat.
W 3.131 x10~° 3411 x 1077 9.1783 1.736 x 10~% 4928 x 10~° 35.2208
a 0.1106 0.0122 9.0585 0.1657 0.0057 29.3083
B 0.6768 0.0199 34.0946 0.7962 0.0037 217.9210
é 1.3328 0.1243 10.7268 0.2504 0.0272 9.1968
fi 2.325 x 1074 1.498 x 1074 1.5521 0.0039 0.0011 3.6623

Persistence 0.9838 0.9723
Log-likelihood —8697.73 —7145.99
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Figure 1. (a): S&P 500 returns and the asset risk premium. (b): S&P 500 variance and the volatility
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Figure 2. (a): Bitcoin returns and the asset risk premium. (b): Bitcoin variance and the volatility

risk premium.

Descriptive statistics (min, max, median, mean, standard deviation, skewness, kurto-
sis) of the estimated volatility risk premium time series are given in Table 2. A negative
volatility risk premium reflects investors’ preference to pay a risk premium to hedge the
volatility risk. Consequently, a lower (more negative) value of the premium or, equiv-
alently, a bigger value in absolute terms indicates investors” willingness to pay even a
higher price to provide insurance against unexpected and sharp price changes. Moreover,
estimated values of the volatility risk premium enable us to quantify the degree of market’s

“crash-o-phobia” in the observed period.

Table 2. Descriptive statistics of the volatility risk premium time series for SPX and BTC data.

Min (A) Max (A) Med. () Mean (A) Stdev.(A) Skew. (1) Kurt. (1)
SPX —0.0441 —0.0039 —0.0230 —0.0227 0.0079 0.0173 2.2497
BTC —0.0428 —0.0019 —0.0294 —0.0279 0.0100 0.4793 2.2233

From the right part of Figures 1 and 2, we clearly notice that when volatility spikes in
stress episodes, the volatility risk premium usually follows, regardless of the magnitude
of the volatility spike. Namely, if we consider the volatility risk premium as a proxy
for investors’ attitude towards risk, we may argue that investors are less willing to hold
positions in risky assets or to provide insurance against sharp asset price changes. More
interestingly, estimates of the volatility risk premium in the SPX case, for example, have
dropped quite substantially since mid-2012 and since the beginning of 2018. In the BTC
case, estimates of the volatility risk premium have dropped substantially a few times
in the observed period, and even more dramatically at the beginning of 2015 and 2018.
Lastly, note from Figures 1 and 2 and Table 2 that, although BTC returns have significantly
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larger variance than SPX returns, their market prices of volatility risk are still of similar
magnitude, due to the leverage effect.

In order to summarize the effect of news on volatility implied by the discrete stochastic
volatility NGARCH model, the news impact curves defined by [8] are shown in Figure 3
for both series. The news impact curve plots variance against preceding residuals, which
are interpreted as the unexpected (log-)return i.e., shock or “news”. The curves in Figure 3
clearly illustrate the level of asymmetry and highlight differences in volatility levels caused
by positive and negative returns shocks of the same size. As specified in [8], differences
between the news impact curves of the models have important implications not only for
portfolio selection and asset pricing, but also for option pricing. For example, the vertex
of the BTC news impact curve (x = 0.0198) is further to the right than the vertex of the
SPX news impact curve (x = 0.0185). This implies that after a major unexpected price
drop or negative shock, the predictable market volatility for the BTC currency is of higher
magnitude, and this in turn may imply a higher risk premium for unhedgeable risk. More-
over, investors” willingness to pay more in order to hedge risk related to abrupt changes in
volatility may be reflected in higher option prices for this specific underlying instrument.
Since asset volatility is a major factor in option pricing valuation, a significant difference
in predicted volatilities after the arrival of some major news would theoretically lead to a
significant difference in current option prices of the corresponding assets. Consequently,
different volatilities that follow from major bad news (unexpected shocks of negative
value) should produce different hedging strategies dependent on the choice of asset. In the
context of risk management and portfolio selection, for example, differences of the two
news impact curves reflected in two different vertices will imply very different market risk
premiums and, hence, different risk premiums for individual assets under a conditional
version of the capital asset-pricing model. As presented in [8], the quality of the model can
be inspected additionally by testing whether the news impact curve of a model offers a
good fit to the data. However, in this work, the model fit focuses on the analysis of the
(standardized) residuals, and opening an alternative direction of model fit is beyond the
scope of the present work.
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Figure 3. News impact curve for (a) SPX and (b) BTC data.

4.2. Model Fit

From the estimated parameters 0= (o, &, ﬁ, ¢, 1), the residuals and volatility can be

found as S 1
Xe=In[ X )+ 262 -2
¢ n<5k—1)+20k :
52 o~ B2 AR+ — G 10)
i = @0+ poi_y + &(Xx—1 = 0k10)",
. A2 d)o . . N Xk
with &5 = ~. Standardized residuals are calculated as &, = —.

1—-a(1+0)2—p 0%
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Figure 4 indicates that the log-returns are heavy-tailed, which is consistent with the
assumption of conditional normality. The estimated mean, standard deviation, skewness
and kurtosis of the standardized residuals (¢;) for both assets are summarized in Table 3.
The Shapiro-Wilk test of normality was performed on standardized residuals of both the
time series, and the null hypothesis was rejected in both instances (p-value close to zero).
In other words, standardized residuals (¢;) might behave like an i.i.d. sample with zero
mean and unit variance but their distribution has heavier tails than the standard normal.

Normal probability plot (SPX) Normal Prlobability plot (BTC)
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Figure 4. Normal probability plot of the log-returns for (a) SPX and (b) BTC data.

Log-returns

Table 3. Mean, standard dev., skewness and kurtosis of the SPX and BTC standardized residuals.

Mean (8) St.dev. (8) Skewness (£) Kurtosis (£)
SPX 0.0145 0.9994 —0.5663 5.0493
BTC 0.0121 1.0008 3.6860 93.2303

Figure 5 shows the sample autocorrelation functions of the squared log-returns and
squared residuals, indicating no significant correlations for both the SPX and BTC stan-
dardized residuals. To further investigate the model fit, we performed a Ljung-Box test for
squared standardized residuals for both datasets. The test statistic used 20 lags of the corre-
sponding empirical autocorrelation function and the null hypothesis of no autocorrelation
was not rejected, with a p-value of close to 1 in both cases.

These results are congruent with our model except for the assumption of normality
which, as was stated in Remark 1, can be relaxed. Given that previous work [8,16] suggests
that the NGARCH model is suitable and, in fact, recommended in most cases over other
models from the GARCH family, we consider this a satisfactory model fit.
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Figure 5. Autocorrelation function for the squared returns for (a) SPX and (b) BTC data and squared
standard residuals for (¢) SPX and (d) BTC data.

5. Conclusions

In this paper, we introduce a new variant of the discrete stochastic volatility NGARCH
model, where both the asset risk premium and the variance risk premium are allowed to
be time-varying. By modeling two state variables, the stock price and its volatility, we are
able to estimate the market price of volatility risk. Following the option-pricing framework
of [9], we consider the local risk-neutral valuation relationship, which shows that the
volatility risk premium affects the conditional variance process globally, although the risk
has been locally neutralized. This relationship also allows the use of historical data to
estimate the volatility risk premium.

We consider a stochastic volatility model framework with a leverage effect, which is
the limiting diffusion process of the NGARCH process under the local risk-neutral measure.
In this framework, the volatility risk premium is determined by the volatility process,
the leverage parameter and excess mean return.

The discrete stochastic volatility NGARCH model is fitted to daily Standard and Poor’s
500 (SPX) index returns and Bitcoin (BTC) digital currency from 2010 to 2018. For both time
series, we find that negative shocks introduce more volatility than positive shocks of the
same magnitude, with this effect being more pronounced for the BTC asset, which generates
a negative market price of volatility risk. Additionally, the news impact curve is presented
to show how news and shocks affect volatility estimates. According to the residual analysis
and the distribution of returns, the model fit is in many aspects quite satisfactory, except for
heavier tails than the normal distribution would predict. The analysis was performed for
daily data, but the approach would apply to any sampling frequency since it is based on
the continuous time diffusion stochastic volatility model. In particular, the approach could
be applied directly to high frequency data.



Mathematics 2021, 9, 2038

13 of 15

Estimating the market price of volatility risk is important in understanding the prefer-
ences of market participants and allows for better modeling of investors’ behavior. This
will then allow us to manage risk more easily and facilitate the evaluation and hedging
of options, but also financial derivatives in general. By incorporating the market price of
volatility risk into the option pricing model, options markets may also become volatility
trading markets. Our findings enable future analysis of intensified speculative activity
on volatility, since net short positions on VIX futures held by non-commercial traders
have been empirically documented to change over time and to be driven by market’s
stress episodes of different intensities. The model proposed in this paper emphasizes
that the volatility does not change under the risk-neutral measure. Consequently, the es-
timated volatility from asset prices and the physical measure are the ones that could be
used in the option pricing formula for those interested in using option prices and implied
volatility measures. Future research might also expand on the approach presented here to
include alternative parameter estimation (e.g., the quasi-maximum likelihood method) and
additional diagnostic tests to assess whether the asymmetry in data is adequately modeled.
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Appendix A

The variance of the maximum likelihood estimation @ is approximately equal to the
inverse of the Information matrix I [26]

Cov(9) = [1(0)] 7,

where [ is the negative expected value of the Hessian matrix of the likelihood function.
For estimated parameters 6, we have

_alnL(é|x)

16) = ~H(E) = -5,

where x = (x1,x,...,x,) denotes the set of n observations. The standard errors of individ-
ual estimations are the diagonal elements of

A -1
Cov(f) = (—alr‘aLz%Q'X)) ) (A1)

Due to the computational complexity of the log-likelihood function, the expression on
the right of Equation (A1) can be approximated by a simplified expression [26]

f oInL(8)x;) (dInL(fx;) ’
0 0

i
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