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Abstract

This paper contains a brief survey of nonlinear models of autore-
gressive conditional heteroskedasticity. The models in question are
parametric nonlinear extensions of the original model by Engle (1982).
After presenting the individual models, linearity testing and parameter
estimation are discussed. Forecasting volatility with nonlinear models
is considered. Finally, parametric nonlinear models based on multi-
plicative decomposition of the variance receive attention.

JEL Classification Codes: C22; C52

Keywords: nonlinear ARCH, nonlinear GARCH, neural network,
nonlinear volatility, smooth transition GARCH, threshold GARCH

Acknowledgements: This research was supported by the Dan-
ish National Reseach Foundation. A part of the work was carried out
when the author was visiting Department of Economics of the Euro-
pean University Institute, Florence, whose kind hospitality is grate-
fully acknowledged. The author wishes to thank Christian Hafner for
useful comments but retains responsibility for any errors or shortcom-
ings in this work.

Note: The paper has been prepared for Luc Bauwens, Christian
Hafner and Sébastien Laurent, eds. Wiley Handbook in Financial
Engineering and Econometrics: Volatility Models and Their Appli-
cations: New York: Wiley.



1 Introduction

One of the first occasions for at least European econometricians to hear about
autoregressive conditional heteroskedasticity (ARCH) was at the 1979 Econo-
metric Society European Meeting in Athens, where Robert Engle presented a
paper with that title in a session named Time Series I1: Specification, chaired
by David Hendry. The published version of the paper (Engle, 1982) appeared
three years later. The number of models for describing and forecasting au-
toregressive conditional heteroskedasticity has increased dramatically from
those early days, as is the number of applications. Recent overviews include
Bauwens, Hafner and Laurent (2011) and Teréisvirta (2009). Several chap-
ters of Andersen, Davis, Kreiss and Mikosch (2009) are devoted to various
theoretical and computational aspects of these models.

The focus of this chapter is on univariate nonlinear generalized ARCH
(GARCH) models. There are examples of strongly nonlinear multivariate
GARCH models, but they will not be discussed here; for recent surveys see
Bauwens, Laurent and Rombouts (2006) and Silvennoinen and Terisvirta
(2009). The definition of a nonlinear GARCH model adopted in this overview
is quite narrow and only covers parametric nonlinear models. The Exponen-
tial GARCH model of Nelson (1991) is excluded from the consideration, how-
ever, because the logarithm of the conditional variance is linear in parame-
ters. The hidden Markov or Markov-switching models, such as the variance-
switching model of Rydén, Teriisvirta and Asbrink (1998) or its more com-
plicated ARCH and GARCH variants, that can be viewed as nonlinear, are
discussed in Paolella and Haas (2011) and will not be taken up here. The
models to be considered include the smooth transition GARCH, the double
threshold GARCH, the asymmetric power GARCH, and a particular class of
time-varying GARCH models. The artificial neural network GARCH model
will be mentioned as well, although the number of applications of the model
appears to be very small.

A general treatment of volatility models based on multiplicative decom-
position of the variance can be found in Van Bellegem (2011). This chapter
contains a brief discussion of fully parametric variants of such models. A
majority of them are semiparametric and are therefore not covered by this
account.

The plan of the chapter is as follows. Sections 2 and 3 contain short
presentations of the standard GARCH model and linear predecessors to non-
linear GARCH models. Smooth transition GARCH and related models are
considered in Section 4. Testing linearity against various nonlinear GARCH
models is discussed in Section 5 and parameter estimation in Section 6. Fore-
casting with nonlinear GARCH models is the topic of Section 7. Parametric



special cases of models based on multiplicative decomposition of the variance
are considered in Section 8. Section 9 contains final remarks.

2 The standard GARCH model

Assume a random variable y; can be modelled as follows: vy, = i, + ¢, where
p = E{y|Fi1}, Fior = {ys—j,j > 1} being the information set available
at t — 1, and &, is a random error with mean zero and variance o2. In the
standard GARCH(p, ¢) model as defined by Bollerslev (1986) the error term
is parameterised as follows:

e, = zh)"” (1)

with z; ~ iid(0, 1), and the positive-valued conditional variance function is

q p
ht = g+ Z Oéj&?f,j + Zﬁjht—j (2)
j=1 j=1

where ap > 0. It is seen from (1) that Eeey_; = 0 for j # 0. In what
follows, we assume that the conditional mean p, = 0. Sufficient conditions
for h; being positive almost surely include a; > 0, 3, > 0, j = 1,...,¢.
Identification requires that at least one a; > 0 for j > 0. These conditions
are not necessary, however, unless p = ¢ = 1, see Nelson and Cao (1992).
The unconditional variance

q p
Eg? = Oéo(]. — ZOZJ — Zﬁj)il
7=1 7=1

provided the weak stationarity condition »7_, a; +>°"_, 3, < 1 holds.

The GARCH model, defined by (1) and (2), is linear in parameters. It
has been generalised in many ways to accommodate things such as regime
switches, asymmetries and the like. A number of these extensions to the stan-
dard GARCH model are described in Bauwens et al. (2011) and Terisvirta
(2009). The next section will look at ones that may be regarded as prede-
cessors to parametric nonlinear GARCH models.

3 Predecessors to nonlinear GARCH models

Predecessors to nonlinear GARCH models, as the concept is defined here,
have the property that they are linear in parameters but could be made
nonlinear by assuming a certain known quantity in them to be an unknown



parameter. The most frequently applied models of this kind are the GJR-
GARCH model by Glosten, Jagannathan and Runkle (1993) and the Thresh-
old GARCH (TGARCH) model by Rabemananjara and Zakoian (1993) and
Zakoian (1994). In applications, the GJR-GARCH model is typically as-
sumed to be a first-order GARCH model. It can be generalised to have
higher-order lags although in practice this almost never seems to happen.
The conditional variance of this model has the following representation:

q p
ht =g + Z{aj + Iij](é‘ft_j < O)}é?_j + Z tht—j (3)
j=1 j=1

where [(A) is an indicator variable: I(A) = 1 when A holds, and zero oth-
erwise. The idea of this model is to capture the leverage effect present in
stock return series. This effect manifests itself as an asymmetry: a negative
shock has a greater impact on the conditional variance than the positive one
with the same absolute value. This implies a positive value for ;. As already
mentioned, in applications p = ¢ = 1, so one would expect that the estimate
r1 > 0.

The GJR-GARCH model can be generalised by extending the asymme-
try in (3) to the other components of the model. The Volatility-Switching
GARCH (VS-GARCH) model of Fornari and Mele (1997) is such an exten-
sion. The first-order VS-GARCH model is defined as follows:

hy = o +pgsgn(er1) + {ar +ysgn(er 1) Yey + {8 +vosen(er1) i (4)

where sgn is the sign operator: sgn(z) = 1 for z > 0, sgn(z) = 0 for x = 0,
and sgn(z) = 0 for x < 0. It is seen that by setting 1)y = 1), = 0 in (4) one
obtains a model that is equivalent to the first-order GJR-GARCH model.

The TGARCH model is similar to (3) with one important difference:
what is being modelled is the conditional standard deviation and not the
conditional variance. The model is defined by replacing h; in (3) by its
square root and each e} ; by the corresponding absolute value |e;_;|. Some
authors muddle the distinction between these two models by applying the
term TGARCH model to the GJR-GARCH model.

Engle and Ng (1993) suggested the following (first-order) generalisation
of the (first-order) GJR-GARCH model (3):

m™T m~

ht = Qg+ Z H;[(Et,1 > Ti)(e’ftfl — 7'@') -+ Z K;I(é’t,l < T,Z')(Etfl — T,,L')
=0 =0

+B1hi—1 (5)



where 7; = i0, and ¢ is the unconditional standard deviation of e;. This is
essentially a spline model, where 7;, i = m~,m~ + 1,...,m™, are the knots.
There is another difference: €,y does not appear squared in (5). As a con-
sequence, even when the simplest case m™ = m~ = 0 is considered, it seems
that one cannot derive a closed form for the unconditional variance of €2,
if it exists. This is due to the fact that an analytical expression for Ehi/ 2
is not available. The necessary and sufficient positivity conditions for h; in

this case are ag > 0,55 < 0, kg > 0, and 3; > 0. For the general model

(5), the corresponding conditions are ag > 0, > k; <0,n” =0,..,m",

Z?:O I{;_ > 0, n" =0,...,m", and 3; > 0. They are not satisfied by the
estimated model of Engle and Ng (1993, Table VII) where m~ = m* = 4,
due to the estimates of parameters r; and r;. The splines make the para-
meterisation more flexible than that of (3), but the latter does not have the
discontinuities present in the former.

Finally, it may be mentioned that there exists a threshold autoregressive
stochastic volatility model in which the threshold parameter, analogously to
(3), equals zero. It has been defined and applied in So, Li and Lam (2002).
For overviews of stochastic volatility models, see Shephard and Andersen

(2009) and Bos (2011).

4 Nonlinear ARCH and GARCH models

4.1 Engle’s nonlinear GARCH model

Let g(e-1;0) be a generic function representing the function of ;4 in (3),
(8), (5) and in the TGARCH model. For all these models, g(e;-1;68) = 0,
that is, ¢, = 0 does not contribute to the conditional variance at ¢ + 1. This
is no longer true for the nonlinear GARCH model of Engle (1990). The
conditional variance of this model has the following (first-order) form:

ht = g + al(gt_l — )\)2 + 61ht_1 (6)

where ag, a; > 0and 3; > 0. Thus, g(0;0) = a;A\>. When A = 0, (6) collapses
into the standard GARCH(1,1) model (2). These models share the same weak
stationarity condition a; + 3, < 1, and for (6), Ee? = (a; +A?)/(1—a; — B,).
Although (6) defines a rather simple nonlinear GARCH model, it has been
less popular among users than, say, the GJR-GARCH model.



4.2 Nonlinear ARCH model

Higgins and Bera (1992) introduced a nonlinear ARCH model (NLARCH)
that nests both the standard ARCH model and the logarithmic GARCH
model. It is an ARCH model with Box-Cox transformed variables:

h! —1 Wb —1 ¥ —1 eX —1
5 Tyt g (7)

where 0 <0 <1, w>0,a>0,0a; >0,j=1,...,¢,and I ja; = 1. It
can also be written as follows:

he = {aow® + ae? | + ... + aqgffq}l/‘s.
When § — 1, (7) approaches Engle’s ARCH(¢q) model. The purpose of the
restriction Z?:o a; = 1 that also helps identify w becomes obvious from this
special case. When 6 — 0, the result is the ¢th order logarithmic ARCH
model. As the GARCH family of models have become a normal specification
in applications to financial time series, the NLARCH model has been rarely
used in practice.

4.3 Asymmetric Power GARCH model

Ding, Granger and Engle (1993) introduced the Asymmetric Power GARCH
(APGARCH) model. The first-order APGARCH model has the following
definition:

hf =g+ a1(|8t_1| - >\5t—1)26 + Blhf—l (8)

where ag > 0, a3 > 0, f; > 0, d > 0 and |A\| < 1, so it is nonlinear in
parameters. Meitz and Saikkonen (in press) considered the special case § = 1
and called the model the Asymmetric GARCH model. Using the indicator

variable they showed that for § = 1 (8) can be written as a GJR-GARCH(1,1)
model with p=¢q¢=1:

ht = Qg + 041<1 — )\)263_1 + 4/\&1](€t_1 < 0)6?_1 + Blht—l- (9)

This implies that the conditions for the existence of unconditional moments
of the AGARCH model can be obtained from the corresponding conditions
for the first-order GJR-GARCH model. For the general APGARCH model,
the only analytic "fourth-moment’ condition available is for the fractional mo-
ment E|g;|*, see He and Teréisvirta (1999b). Ding et al. (1993) also discussed
some stylized facts of return series. Considering a number of long daily return
series they found that the autocorrelations p(|e;|?, |e;—;|*°) were maximized
for § = 1/2. Fitting the APGARCH model to a long daily S&P 500 return
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series yielded (in our notation) 5 = 0.72. He, Malmsten and Tersisvirta (2008)
fitted the model to daily return series of the 30 most actively traded stocks
in the Stockholm Stock Exchange and in all cases obtained an estimate of ¢
that was remarkably close to the value reported by Ding, Granger and Engle.
For similar results, see Brooks, Faff, McKenzie and Mitchell (2000).

4.4 Smooth transition GARCH model

As mentioned in Section 3, the GJR-GARCH model may be generalised by
making it nonlinear in parameters. This is done for example substituting an
unknown parameter for the zero in the argument of the indicator function
of (3). The same substitution may be made for the TGARCH model. This
generalisation can be further extended by replacing the indicator function by
a continuous function of its argument and extending the transition to also
include the intercept. In the (p,q) case this yields the following conditional
variance

q q p
hy = aio + Z @1j€§_j + (a0 + Z 042j5f_j)G(77 c;erj) + Z B;hi—; (10)
j=1

J=1 J=1

where the transition function

Gr(7,cie-j) = (1 4+ exp{—~ H(&t—j —a)}) "y >0 (11)

and ¢ = (¢q,...,cx)". For K = 1, this model corresponds to the one Hagerud
(1997) introduced. The restriction v > 0 is an identification restriction.
Furthermore, global identification requires another restriction such as ¢; <
... < ¢k, but this restriction does not have any practical significance in the
estimation of parameters. The transition function is bounded between zero
and one. The parameter v represents the slope and c¢ the location of the
transition(s). When K = 1, the ’ARCH parameters’ and the intercept of the
model change from ay; to oy, + v, as a function of ¢,_;, 7 = 0,1, ..., ¢. This
means that the impact of each shock on the conditional variance is nonlinear.
When K =1, v — oo and ¢; = 0, (10) becomes the GJR-GARCH model
(3). When K = 2, the transition function (11) is nonmonotonic and symmet-
ric around (¢; + ¢2)/2. The model (10) could be called an additive Smooth
Transition GARCH (STGARCH) model. Hagerud’s choice corresponding to
K = 2 was the exponential transition function

GE(% cierj) =1~ eXP{_’YEij} (12)



The limiting behaviour of (12) when v — oo is different from that of (11).
When v — oo in (12), GF(v, ¢;,—;) = 1 except for &,_; = 0, where the func-
tion equals zero. As to (11), the function equals zero for ¢; < e;,_; < ¢y and is
one otherwise. At least for ¢ = 1, (11) may be preferred to (12), because ap-
plying (12), the STGARCH model (for all practical purposes) collapses into
the standard GARCH(1,1) model when v — oo. The transition function (11)
is symmetric around zero if ¢; = —cy. Function G is symmetric around zero
but can easily be made asymmetric by adding a location parameter to the
exponent as in Terdsvirta (1994). Lubrano (2001) considered this extension
in the STGARCH context.

In the model by Gonzalez-Rivera (1998) the intercept does not switch,
and the same lag of ¢, controls the transition:

q q p
hy = a0 + Z aye; ;+ (Z agie; ;)G (Y, eri€-a) + Z Bibiy  (13)
=1 =1

J=1

where § > 0. It is also assumed that ¢; = 0, but that is not crucial. Ander-
son, Nam and Vahid (1999) extended (13) by also allowing the conditional
variance to switch according to the same transition function as in (13).

Smooth transition GARCH models are useful in situations where the as-
sumption of two distinct regimes is too rough an approximation to the asym-
metric behaviour of the conditional variance. Among other things, Hagerud
(1997) discussed a specification strategy that allows the investigator to choose
between K = 1 and K = 2 in (11). Larger values of K may also be con-
sidered, but they are likely to be less common in applications than the two
simplest choices.

The standard GARCH model has the undesirable property that the esti-
mated model often exaggerates the persistence in volatility. This means that
the estimated sum of the a- and f-coefficients in (2) is close to one. Over-
estimated persistence results in poor volatility forecasts in the sense that
following a large shock, the forecasts indicate 'too slow’ a decrease of the
conditional variance to more normal levels. In order to remedy this problem,
Lanne and Saikkonen (2005) proposed a smooth transition GARCH model
whose first-order version has the form

ht = Q) -+ Oéléfffl + 51G1(0; ht—l) + 61ht—1' (14)

In (14), G1(0; hi—1) is a continuous, monotonically increasing bounded func-
tion of h;_q. Since h;_; > 0 almost surely, Lanne and Saikkonen used the
cumulative distribution function of the gamma-distribution as the transition
function. A major difference between (13) and (14) is that in the latter model



the transition variable is a lagged conditional variance. In empirical exam-
ples given in the paper, this parameterization clearly alleviates the problem
of exaggerated persistence.

Lanne and Saikkonen (2005) also considered a general family of models
of the conditional variance of order (p, 1):

he = g(hi—1, ...; by—p) + fler-1) (15)

where the functions ¢ and f are defined in such a way that (15) contains as
special cases all the GARCH(p, 1) models discussed in this chapter, includ-
ing the smooth transition GARCH model (13) and (6). They find conditions
for geometric ergodicity of h; defined by (15) and for the existence of mo-
ments of ;. These conditions are quite general in the sense that unlike the
other conditions available in the literature, they cover the smooth transition
GARCH models as well. For even more general results on first-order models,
see Meitz and Saikkonen (2008).

4.5 The double threshold ARCH model

The TGARCH model is linear in parameters, because the threshold para-
meter appearing in nonlinear threshold models is assumed to equal zero. A
genuine nonlinear threshold model does exist, namely the Double Thresh-
old ARCH (DTARCH) model of Li and Li (1996). It is called a double
threshold model, because both the autoregressive conditional mean and the
conditional variance have a threshold-type structure. The conditional mean
model is defined as follows:

K Dk

ve= (Sop+ D st L) <oy < ™) + e (16)

k=1 j=1

and the conditional variance has the form

L Pe
he = (aor+ Y aeed I < yoa < V). (17)
=1 =1
where (™ = ¢ = —o0, and ") = " = co. Furthermore, b and d are

delay parameters, b,d > 1. The number of regimes in (16) and (17), K and
L, respectively, need not be the same, and the two delay parameters need
not be equal either. Other threshold variables than lags of vy, are possible.
The conditional variance model (17) differs from a typical GARCH model in
the sense that the transition variable in (17) is y;_4 and not a function of



g¢_q. This feature is somewhat analogous to the Threshold Moving Average
(TMA) model, see Ling and Tong (2005) and Ling, Tong and Li (2007). The
TMA model is a generalisation of the standard moving average model for the
conditional mean, but the threshold variable is a lag of y;, not &;.

4.6 Neural network ARCH and GARCH models

The literature on nonlinear GARCH models also comprises models based
on artificial neural network (ANN) type of specifications. As an example,
consider the following model by Donaldson and Kamstra (1997). It is an
extension of the GJR-GARCH model, but for simplicity it is here given
without the asymmetric component as an extension to the standard GARCH
model. The ANN-GARCH model of the authors has the following form:

q P s
ht = =+ Z Oéjé‘?ij + Zﬁjht*j + Z ¢jG(Wt—j7 PJ>
j=1 j=1 j=1

where the 'hidden units’ are defined as follows:

G(wij,Tj) = (1 +exp{vy; + Z(Wz/‘,—j"/ji)})il (18)

=1

j=1,..,5 In (18), 7o, and T; = (v;; : ... : 7;,) are parameters such
that each m x 1 vector v;; = (v;1,--,7;1,0,..,0)'; i = 1,...,m, and w; =
(wy, w3, ..., wi")" with w, = &,/0. Note that G(w,,T';) as a logistic function is
bounded between zero and one. Each standardised and lagged ¢; appears in
powers up to m. For a user of this model, specification of p, ¢, s and u is an
important issue, and the authors suggest the use of BIC of Rissanen (1978)
and Schwarz (1978) for this purpose. More details about this can be found
in Section 6.

A simpler ANN-GARCH model can be obtained by defining the hidden
unit as in Caulet and Péguin-Feissolle (2000). This results in the following
ANN-GARCH model:

q D s
hy = ag + Z Oéj€f_j + Z Bihi—j + Z ¢;G(v0; + €75) (19)

j=1 j=1 j=1

where
G(vo; + €7;) = (1 4 exp{vg; + 5::’7]')})71 (20)

j = 1,..,s, with the k x 1 parameter vector v, and €; = (g;-1,...,61-¢)"
In fact, Caulet and Péguin-Feissolle (2000) assumed «o; = 0, j = 1,...,q,
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and 3; =0, j=1,..,p, in (19), because their purpose was to set up a test
of no conditional heteroskedasticity against conditional heteroskedasticity
of rather general form. Nevertheless, their specification can be generalised
to an ANN-GARCH model (19) with (20). Since (20) is a positive-valued
function, assuming ¢; > 0, j = 1,...s, would, jointly with the restrictions
ap > 0, a;,; > 0, Vi, j, guarantee positivity of the conditional variance.
Because of the positivity of (20), one could even think of deleting the linear
combination 23:1 aje? ; from the model altogether.

4.7 Time-varying GARCH

It has been argued, see for example Mikosch and Starica (2004), that the
assumption of the standard GARCH model having constant parameters may
not hold in practice unless the series to be modelled are sufficiently short.
The standard model may be generalised by assuming that the parameters
change at specific points of time, divide the series into subseries according
to the location of the break-points, and fit separate GARCH models to the
subseries. The main statistical problem is then finding the number of the
unknown break-points and their location. It is also possible to model the
switching standard deviation regimes using the threshold GARCH model.
This is done by assuming that the threshold variable is the time. A recent
survey by Andreou and Ghysels (2009) expertly covers this area of research.

Another possibility is to consider the smooth transition GARCH model
(13) to fit this situation. It is done by assuming the transition function in
(13) to be a function of time:

G(v,c;t") = (1+exp{—y ] [(" —ex)}) 7 >0

k=1

where t* = t/T is rescaled time (7" is the number of observations). The
resulting time-varying parameter GARCH (TV-GARCH) model has the form

he = ao(t) + Z a;(t)el_; + Z B,(t)hi—; (21)

where ag(t) = ao1 + @Gy, ¢ t%), a;(t) = aj + apG(y,et*),j =1,...,q,
and (;(t) = B, + B;G(y,¢t*),j = 1,...,p. This is quite a flexible para-
meterization. The TV-GARCH model is nonstationary as the unconditional
variance of ¢; varies deterministically over time.

Some of the time-varying parameters in (21) may be restricted to con-
stants a priori. For example, it may be assumed that only the intercept

11



ap(t) is time-varying. This implies that while the unconditional variance is
changing over time, the dynamic behaviour of volatility remains unchanged.
If change is allowed in the other GARCH parameters as well, the model is
capable of describing systematic changes in the amplitude of the volatility
clusters. The standard weakly stationary constant-parameter GARCH model

cannot accommodate such changes. For a general survey of time-varying
ARCH and GARCH models, see Cizek and Spokoiny (2009).

4.8 Probabilistic properties for families of GARCH mod-
els

Some authors have defined families of GARCH models, often with the pur-
pose of proving results on probabilistic properties of GARCH models for the
whole family. The corresponding results for individual GARCH models in
the family then follow as special cases. A rather general family of first-order
GARCH models is defined by Duan (1997). The general process is called
the augmented GARCH(1,1) process, and it is partly based on the Box-Cox
transformation of the variables of the GARCH model. It accommodates sev-
eral models presented in Sections 3 and 4. These include the TGARCH,
the GJR-GARCH and the nonlinear GARCH model by Engle (1990). Duan
(1997) derived conditions for strict stationarity for the augmented GARCH
model, and so they apply to these three special cases.

Hentschel (1995) has introduced another family of first-order GARCH
models that is less general than that of Duan (1997). Nevertheless, it also
nests the three aforementioned models and the NARCH(1) model or its
GARCH generalisation. The idea is to define a general model, estimate
its parameters and consider the adequacy of nested special cases by the like-
lihood ratio test. It appears, however, that this specification strategy has
not been often used in practice.

He and Terisvirta (1999a) define their family of first-order GARCH processes
in order to obtain general results of weak stationarity, existence of the fourth
moment, and the autocorrelation function of {7} of the processes belonging
to this family. Since in that work the integer moments of GARCH processes
are the object of interest, the family is restricted to models of h;/ %> and hy.
The more general case h! is excluded because there do not exist analytic
expressions for the integer moments of ¢; except for the two special cases
9 =1/2 and 0 = 1. This family contains as special cases, among others, the
TGARCH, the GJR-GARCH and the VS-GARCH model.

Meitz and Saikkonen (2008) consider a very general Markov chain with
one observable and another unobservable process that contains a rather gen-

12



eral family of first-order GARCH model as a special case. For example, in the
standard GARCH(1,1) process (1) and (2), {&;} is the observable process and
{h:} is the unobservable one. The joint sequence {(e¢, h¢)} is also a Markov
chain. Using the theory of Markov chains, the authors derive conditions for
geometric ergodicity and S-mixing for a large number of GARCH(1,1) mod-
els. These include the Hentschel (1995) family of GARCH models but also a
STGARCH model that nests both the model of Hagerud (1997) and the one
considered by Lanne and Saikkonen (2005). The first-order GARCH version
of the TARCH model of Li and Li (1996), p, = 1 for ¢ = 1,..., L in (17), is
another special case.

5 Testing standard GARCH against nonlin-
ear GARCH

5.1 Size and sign bias tests

After a GARCH model, for example the standard GARCH model, has been
estimated, it would be wise to subject it to misspecification tests to see
whether the model adequately describes the data. In this section we consider
tests that are designed for alternatives that incorporate asymmetry or, more
generally, missing exogenous variables or nonlinearity. The leading testing
principle is the score or Lagrange multiplier principle, because then only the
null model has to be estimated. As explained for example in Engle (1982b),
these tests can be carried out in the so-called TR? form, and under the null
hypothesis the test statistic has an asymptotic y2-distribution. When the
null hypothesis is the standard GARCH model (2), the test can be carried
out in stages as follows:

1. Estimate the parameters of the GARCH model (2) and compute ’the
residual sum of squares’ SSRy = Zle(sf /hy — 1)2, where h; is the
estimated conditional variance at ¢.

2. Regress z7 = &7 /?Lt on the gradient of the log-likelihood function and
the new variables (assuming the component excluded under the null
hypothesis is linear in parameters), and compute the residual sum of
squares SSR; from this auxiliary regression.

3. Form the test statistic

SSRy — SSR; A

T
SSRo

x> (m)
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under the null hypothesis of dimension m. When the null model is
(2), the gradient equals g; = h; ' (Ohy/0w),, where w = (g, ay, ..., oy,
By,...,8,), and

(Ohe/0w)g=Ti; + > _ B;(Ohs—i/0w),.

with u, = (1,67, ...,&7 he 1, ...,ﬁt,p)’.The subscript 0 indicates that
the partial derivatives are evaluated under Hy. They are available from
the estimation of the null model and need not be computed separately.

The auxiliary regression is thus
% = a+gdo + vid1 + 1, (22)

where 22 = &2 /%t and v, is the m x 1 vector of the variables under test, so Hy:
61 = 0. Many of the tests discussed in this section fit into this framework.
Engle and Ng (1993) propose asymmetry tests such that v; = I(g;_; < 0)
(the sign bias test), v, = I(g,-1 < 0)g;_1 (negative size bias test), and
vy ={1—1(g;—1 < 0)}e;_1 (positive size bias test). They also suggest a joint
test in which

Vi = ([(615,1 < 0), [(6}/71 < O)Etfl, {1 — I(Et,1 < U)}ét,l)/

and note that the tests can be generalised to involve more lags than the
first one. These three tests are the most often used tests for asymmetry in
empirical work.

5.2 Testing GARCH against smooth transition GARCH

An STGARCH model must not be fitted to a return series without first
testing the standard GARCH model against it. The reason is that the
STGARCH model is not identified if the data are generated from the stan-
dard GARCH model. As an example, consider the model (10). If ay; = 0,
7 =0,1,...,q, the model collapses into the GARCH model. In this case,
the parameters v and ¢q, ..., cx in (11) are nuisance parameters that cannot
be estimated consistently. Setting v = 0 also makes the model into a stan-
dard GARCH model, and in this case ap; = 0, 7 = 0,1,...,q, and ¢y, ..., cx
are unidentified. The problem is that the lack of identification under the
null hypothesis which is the standard GARCH model, invalidates standard
asymptotic inference. Consequently, the asymptotic null distribution of the
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customary y2-statistic is unknown. This is a common problem in testing lin-
earity against many nonlinear conditional mean models such as the threshold
autoregressive, the smooth transition autoregressive or the hidden Markov
model. It was first considered by Davies (1977); see Terisvirta, Tjgstheim
and Granger (2010, Chapter 5) for further discussion.

A straightforward solution to the problem of testing GARCH against
STGARCH would be to construct an empirical distribution of the test sta-
tistic by simulation, see Hansen (1996). Gonzalez-Rivera (1998) already
mentioned this possibility in her discussion of testing for smooth transition
GARCH. Since the time series in applications are often quite long, this ap-
proach, however, could be computationally demanding. Following Luukko-
nen, Saikkonen and Terésvirta (1988), Hagerud (1997) and later Lundbergh
and Terdsvirta (2002), suggested circumventing the identification problem
by approximating the transition function (11) by a Taylor expansion around
the null hypothesis v = 0. As a simple example, let ¢ =1 in (10) and K =1
n (11). A first-order Taylor expansion of the transition function becomes

Ti(er-137) = 1/2+ (1/4)(em1 — c1)y + Ra(ee-157) (23)

where R (g;_1;7) is the remainder. Substituting (23) for the transition func-
tion in (10) and reparameterising yields

p
R * 2 * 3 * .
hi = ajy + angr 1 +ajie; ; +ajpey g + Ri(e1;7) + E Bih_j
Jj=1

where Rj(gi-1;7) = (@20 + @217 ;) Ri(e1-157), a1 = v/4, and af; = yag /4.
Since the resulting test is a Lagrange multiplier test and Ry(e_1;7) = 0
under the null hypothesis, the remainder can be ignored in the test. The
null hypothesis equals a; = af;; = 0. In the TR? version of the test, v, =
;' (0hy /0w )y where

(Oh/0w)o = (e1-1,€8 1) + Y B (O j/dw)o

Jj=1

and w = (ay,aly;). The asymptotically (under Hy) y2-distributed test sta-
tistic has two degrees of freedom. The test requires Ec¥ < oco. General-
isations to ¢ > 1 are obvious. When p = ¢ = 1 and ay; = 0, one obtains
v, = h; ' {e,_1+B,(0hy_1/0c1)o} and the test can be viewed as the test of the
GARCH(1,1) model against the Quadratic GARCH(1,1) model of Sentana
(1995).
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5.3 Testing GARCH against Artificial Neural Network
GARCH

Caulet and Péguin-Feissolle (2000) developed a test of the hypothesis of in-
dependent, identically distributed observations against autoregressive condi-
tional heteroskedasticity. The model was thus (19) with a;, 8; =0, 7,5 > 1,
and the null hypothesis was ¢, = 0, j = 1, ..., s. The model can be generalised
for testing GARCH against (19) with (20). To solve the identification prob-
lem, the authors adopted the method introduced by Lee, White and Granger
(1993). The idea was to choose a large s and draw the nuisance parameters
for each hidden unit from a uniform distribution after appropriate rescaling
of e;, t =1,...,T. It follows that

vi = b (G + A1), - GFos +€A,)) (24)

where 7; and 7, are the parameters from the jth random draw. The power
of the test is dependent on s. The dimension of the null hypothesis and v,
may be reduced by considering the principal components of the hidden units
corresponding to the largest eigenvalues. The test of Caulet and Péguin-
Feissolle (2000) is a special case of the test mentioned here. Note that in that
case, hy; in (24) is a positive constant and can be ignored. Another possibility,
discussed in Péguin-Feissolle (1999), is to develop each hidden unit into a
Taylor series around the null hypothesis Hy: v, = 0 as in Terésvirta, Lin
and Granger (1993). After merging terms and reparameterising, a third-order
Taylor expansion has the form

k k k
T3(€t; 717 ceey 75) = ¢(>§ + Z ¢;€t—j + Z Z ¢:j€t—i€t_j
j=1

i=1 j=i

+ Z Z ¢;‘ka€t—i5t—j5t—é + R3(ey; T)

k k k
=1 j=i j=¢

)

where R3(ey;T') is the combined remainder. Similarly to the remainder in
(23), R3(e4;T') = 0 under the null hypothesis Hy and does not affect the
asymptotic null distribution of the test statistic. The new null hypothesis is
Hy: ¢5=0,j=1,..,5 ¢, =0,i%# j,and ¢;;, =0, i = 1,....;8; j = 4,...,8;
and ¢ = j, ..., s. The moment condition is Ee® < co. When k = 1, Hj: ¢ =0,
¢11; = 0, and the test is the same as the test of GARCH against STGARCH
when ¢ = 1 in (10). Since the power comparisons of Péguin-Feissolle (1999)
only concerned the null hypothesis of no conditional heteroskedasticity, little
is known about the power properties of these tests in the GARCH context.
They may be regarded as rather general misspecification tests of the standard

GARCH model.
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6 Estimation of parameters in nonlinear GARCH
models

6.1 Smooth transition GARCH

Parameters of the smooth transition GARCH models can be estimated by
(quasi) maximum likelihood (QML) method. The use of QML requires,
among other things, that the slope parameter v be bounded away from both
zero and infinity. General conditions for asymptotic normality of the QML
estimators of nonlinear first-order GARCH models are discussed in Meitz
and Saikkonen (in press). The moment conditions required for asymptotic
normality include the existence of the fourth moment of ;. It is seen from (1)
that a necessary condition for this is Ez} < oo, but it is not sufficient. One
of the examples in Meitz and Saikkonen (in press) is the STGARCH model
(10) with p = ¢ = 1, and it is shown how the model satisfies the general
conditions given in the paper.

In practice, estimation of the parameters of the STGARCH model is quite
straightforward. Numerical problems in the form of slow convergence may
be expected, however, when the slope parameter ~ is large, that is, much
larger in magnitude than the other parameters. The reasons for this have
been discussed in the context of smooth transition autoregressive model; see
for example Terésvirta, Tjgstheim and Granger (2010, Chapter 16). A major
reason is that even a substantial change in the value of v only leads to a very
small change the shape of the transition function when the transition is very
steep or, in other words, when ~ is large.

Computing the partial derivatives is another numerical issue. Brooks,
Burke and Persand (2001) already emphasised the importance of using ana-
lytical derivatives in the estimation of parameters of standard GARCH mod-
els. It is even more important to apply them when the GARCH model to
be estimated is nonlinear. The reason is increased precision of the estimates.
If the user chooses to use the Berndt-Hall-Hall-Hausman (BHHH) algorithm
discussed in many textbooks, then only the first derivatives are needed. This
algorithm has been quite popular in the estimation of GARCH models, where
computing the analytic second derivatives is most often avoided despite the
work of Fiorentini, Calzolari and Panattoni (1996).

The choice of initial values is important in the estimation of nonlinear
models. The initial values of the conditional variance may be chosen in
the same way as in linear GARCH models by setting them equal to the
sample unconditional variance. The initial values ¢y, ...,e,-1 are set to zero
as are the partial derivatives of the conditional variance. It may be harder to
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find appropriate initial values for the parameters of the STGARCH model.
Obtaining them by applying a heuristic method such as simulated annealing
or a genetic algorithm would be a possibility. That would help avoiding
inferior local optima. For applications of these to standard GARCH models
see for example Amilon (2003) or Adanu (2006). The latter article considers
and compares several heuristic methods with each other. Finally, it can be
mentioned that smooth transition GARCH models can also be estimated
using Bayesian techniques; see Lubrano (2001) for discussion. Wago (2004)
later showed how estimation can be carried out using the Gibbs sampler.

6.2 Neural Network GARCH

Estimation of ANN-GARCH models using analytical derivatives may be dif-
ficult due to many nonlinear parameters, unless the number of hidden units
is very small. For this reason, Donaldson and Kamstra (1997) proposed to
draw five sets of parameters I';, j = 1, ..., s, randomly and then estimate the
remaining parameters for each of these five sets with a grid on the dimensions
p,q,s,u and m, defined as (p, q, s,u,m) € [0,5]. Once this is done, a model
selection criterion such as BIC is employed to choose the best model from
the set of estimated models. The statistical properties of this ad hoc method
are not known.

It seems that the parameters of the ANN-GARCH model (19) could be es-
timated by simulated annealing, although empirical evidence of this is scarce.
Goffe, Ferrier and Rogers (1994) considered applying simulated annealing
in the situation where an autoregressive single-hidden-layer neural network
model was fitted to a time series generated from a chaotic model. The results
showed a number of local maxima. Furthermore, in repeated experiments
with different starting-values and temperatures they were not able to find
the same local maximum twice. The optima found were nevertheless better
than the ones obtained using derivative-based estimation methods. The esti-
mation of GARCH models offers an extra complication since the conditional
variance h; is not observed but has to be re-estimated for each iteration.
Estimation of a pure ANN-ARCH model would in this respect be a compu-
tationally easier problem. Simulations and applications would be needed to
assess the usefulness of simulated annealing in the estimation of models such
as (19).
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7 Forecasting with nonlinear GARCH mod-
els

7.1 Smooth transition GARCH

It may be useful to begin this section by considering the first-order GJR-
GARCH model, one of the predecessors of the smooth transition GARCH
model. What is being forecast is the conditional variance h;. The forecasts
are conditional means, so the forecast of h;;; given the information F; up to
t equals, see Zivot (2009),

hev1e = E(hes1|Fr) = ao + aze) e (25)

where a(z;) = ay2? + k11(2; < 0)}22 + 3;. Accordingly, assuming that z; has
a symmetric distribution,

hipoy = oo+ {a1E2 g + kB (201 < 0)}27, + By thesye
= ap+{a + (51/2) + Bl}ht-l-l\t
= ap(l+{a1+ (k1/2) + B1}) + {on + (K1/2) + Bireu(ze) s

Generally, for £ > 1,

k—1

hore = a0 Y _{on + (51/2) + B1Y + {an + (51/2) + B} alz) .

Jj=0

When «a; + (k1/2) + 8, < 1, that is, when the unconditional variance of ¢; is
finite,
here = ao(1 —{on + (k1/2) + 51 1)~
as k — oo.
Next consider the first-order smooth transition GARCH model assuming
K =1 and z ~ iid(0,1) with a continuous density f,(z). The forecast
corresponding to (25) equals

hiprje = oo + a1zf + Brhe + alze, )y

where
oz, hy) = (a0 + Oézlzf)(l + eXP{—’Y(Zthi/Q - C)})_l

is a nonlinear function of h;. This makes a difference. Consider

hiqope = cio + (a1 + By) heyape + E{a(ze1, Puge) [ Fe Fhegage-
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where

o0

E{a(zt+1,ht+1|t)]]:t}:/ (0420+042122)(1+eXP{—’Y(2htlf1\t—C)})flfz(z)dz-

N (26)
The expectation (26) can be computed by numerical integration, but the
integration becomes a multiple integral when the forecast horizon k£ > 2. A
similar situation has been discussed in the context of forecasting with non-
linear conditional mean models, see for example Terésvirta (2006), Kock and
Terdsvirta (in press) or Terésvirta, Tjgstheim and Granger (2010, Chapter
14). The suggestion has been to compute an approximation to the integral by
simulation or bootstrap, for details see the aforementioned references. As a
by-product, this method generates a density forecast, based on the simulated
or bootstrapped values of the argument of (26).
The same procedure applies to a few other nonlinear models including
the ANN-GARCH model of Caulet and Péguin-Feissolle (2000) but is not
necessary for Engle’s nonlinear GARCH model (6). For that model,

ht+1\t = + Oél(Zthtl/Z — )\)2 + 61ht
is a nonlinear function of h;. Nevertheless,

ht+2|t = Qo+ OZ1E<Zt+1l'Ltl_{_21‘t — )\)2 + 61ht+1|t

= ap+ A+ (o + By)hi i1

which implies that forecasts for £ > 2 can be obtained by a simple recursion.

7.2 Asymmetric Power GARCH

Consider first the special case of (8) with § = 1, discussed by Meitz and
Saikkonen (in press). Since this model can be written as a GJR-GARCH
model, forecasting several periods ahead is straightforward. The one-period-
ahead forecast equals

ht+1|t = g + {041(1 — )\)2 + 4)\0(1E[(Zt < O)Zt? + ﬁl}ht- (27)

where, retaining the assumption that z; ~ N (0,1), EI(z; < 0)22 = (1/4){(7/2)—
1}. Forecasts for longer horizons are obtained by recursion. In general,

h—1
ht-&-h\t = Qp Z Oé(Z, )‘)J + Oé(Z, )‘)h_lht

J=0

where a(z,\) = a;(1 — A\)? + 4 o EI(2 < 0)2%2 + 4, and 2z ~ N(0, 1).
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When 4 # 1, the forecast h; 1 already has to be computed numerically.
From (8) one obtains

he = {ao + ar(lermr] — Aerm)® + Byhg_ }°
SO

heee = Eloo + {on(|ze] — A2)® + By }hl]°

= [ oo+ faullz] = A2 + )0 )
where ¢(z) is the density function of the standard normal random variable.
The integral can be computed by simulation or by a bootstrap as in the case
of the smooth transition GARCH model.

There is another special case that is of interest: ¢ = 1/2. What is being
modelled is the conditional standard deviation. In that case it is natural
to also forecast the conditional standard deviation and not the conditional
variance. Thus,

mf3, = Eloo +{on(ze] — Aze) + By Yhy'*) = a0+ {on(2/m)> + B YRy (28)

and the forecasts for longer horizons follow by simple recursion from (28).

8 Models based on multiplicative decompo-
sition of the variance

So far the nonlinear extensions of the standard GARCH model considered in
this review have concerned the parameterisation of the conditional variance.
There is another strand of literature aiming at extending the GARCH model
by decomposing the variance into two components, one which is stationary
and another one that can be nonstationary. Many of the models belonging
to this category are semiparametric and discussed in Van Bellegem (2011).
In this section we shall look at two parametric models: one by Amado and
Terdsvirta (2011) and the other one by Osiewalski (2009) and Osiewalski and
Pajor (2009).
The multiplicative variance decomposition is as follows: Write

&t = 50y = Zt(htgt)l/z (29)

where the variance 2 = h;g;. The first component h; is defined in (2) or (3),
and the positive-valued function

g =1+ Z 51Gl(t*§ ’chl)' (30)

=1
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with

K
Gi(t"; v, @) = (1 + exp{—, H(t* —a)}) L 1 >0, en<ep <. <ag
k=1
(31)
is a flexible deterministic function of time describing shifts in the uncon-
ditional variance. This makes {¢;} a (globally) nonstationary sequence in
variance. Analogously to (11), the function (31) is a generalised logistic
function. In practice, typically K = 1 or K = 2. The function h; charac-
terises volatility clustering as in the standard GARCH model. Rewriting (29)
as follows:

¢y = 5t/9t1/2 = Zthtl/2 (32)

it is seen that after adjusting for shifts in the unconditional variance, the
first-order conditional variance process h; has the form

ht = + CK1¢?71 —+ ﬁlhtfl. (33)

The number of shifts in (30) is determined by sequential testing after
fitting a GARCH or GJR-GARCH model to the time series under consider-
ation. Maximum likelihood estimation of the parameters in (29) is carried
out by maximising the log-likelihood in parts as discussed in Song, Fan and
Kalbfleisch (2005); see Amado and Terésvirta (2011) for details. Evaluation
of the estimated model is carried out by misspecification tests in Lundbergh
and Terdsvirta (2002) that are generalised to this situation. Examples can
be found in Amado and Teréisvirta (2011). Semi- and nonparametric alter-
natives to (30) are considered in Van Bellegem (2011).

The hybrid volatility model of Osiewalski (2009) and Osiewalski and Pajor
(2009) makes use of the decomposition (29), but g¢; is stochastic and defined
as a first-order autoregressive stochastic volatility process:

Ingi=vlng_1+mn, (34)

where || < 1, and {n,} ~ iidN(0,07) and independent of {z}. The original
version of the model is multivariate, and the conditional covariance matrix
follows a BEKK-GARCH process. In this review the focus is on the univariate
special case. The authors distinguish between two different specification. In
the first one,

hy = ag + arel | + Brhey

so the conditional variance evolves independently of (34). The second version
bears resemblance to the model of Amado and Terésvirta (2011) in that A,
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is modelled as in (33) using (32). In that case, h; is dependent on two in-
dependent sources of noise, z; and 7,. Stationarity conditions for this model
are probably not well known, and analytic expressions for unconditional mo-
ments of £; do not as yet seem to be available.

The treatment of these two models in Osiewalski (2009) and Osiewalski
and Pajor (2009) is completely Bayesian, and the authors discuss appropriate
algorithms for estimation. Multivariate applications to financial time series
can be found in these two papers.

9 Final remarks

This review covers the most common nonlinear models of conditional het-
eroskedasticity. Parametric models in which the variance is decomposed
into an unconditional and conditional component are also briefly consid-
ered. Many of these models can characterise various types of nonlinearity
such as asymmetric, or symmetric but nonlinear, responses to shocks. Nev-
ertheless, it seems that none of these models is widely used in practice. The
practitioners often favour simpler models, of which the GJR-GARCH model
designed for describing asymmetric response to shocks constitutes an ex-
ample. Increased computational power and improved numerical methods of
optimisation may be expected to change the situation in the future.
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