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Abstract: We introduce and investigate some properties of a class of nonlinear time series
models based on the moving sample quantiles in the autoregressive data generating process.
We derive a test fit to detect this type of nonlinearity. Using the daily realized volatility
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forecasts obtained based on the usual linear heterogeneous autoregressive and other models
of realized volatility.

Keywords: forecasting; moving quantiles; non-linearity; realized volatility; test

JEL classifications: C22; C58

1. Introduction

In this study, we propose a nonlinear autoregressive time series model where the nonlinearity stems
from the presence of moving order statistics-linked quantities in the data generating process (DGP).
Moving order statistics and their linear filters (L-statistics) have a long history, and they have been used
extensively in statistics and engineering studies to improve the precision of models, for change detection,
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robust inference, characterization of distributions, efc. (see [1-6], and many others). However, to our
knowledge, there is no time series model proposed that includes and models the effects of moving order
statistics (or moving sample quantiles as their generalization). Hence, the main purpose of this paper
is to introduce such a non-linear autoregressive model where non-linearity is caused by the presence of
moving sample quantiles.

In econometrics and time series analysis, the implied nonlinearity of moving order statistics appears
to have escaped the attention of researchers at theoretical and empirical levels. However, the exceptions
are models of extremes (see [7-9] and, e.g., [10,11], for more recent overviews of modeling max-stable
processes and time series extremes). Other than in these models, we consider the whole range of moving
order statistics to characterize the influence of moving order statistics-linked quantities on the response
itself in an additive model.

Considering a range of order statistics in moving samples allows us to capture the effects related to
the influence of different ordered sizes of the realizations present within a considered window and the
effects of a local empirical distribution of recent values for a modeled process !.

The importance of events of different magnitude is well recognized in finance and econometrics
research, e.g., sizeable shocks in financial markets can generate very different behaviors of market
participants due to differences in the intensity of interactions in the real and financial sectors (see,
e.g., [14,15]). Thus, various regime switching, threshold autoregression and smooth transition models
have been used extensively to capture and gauge these effects (see, e.g., [16-21] for overviews of
such models). In the models with moving order statistics and moving sample quantiles (MQ) as their
generalization, the order statistics-linked effects directly reveal the importance of the different sizes of
realizations observed within a sample. However, these models do not contain any exogenously given
threshold levels, because they evolve endogenously depending on the realizations of the recent values
of the process. Furthermore, they convey an infinite number of potential regimes, which are represented
by the specific local distributions that are characterized by the order statistics/quantiles in the moving
samples.

There are many possible causes for time-varying distributions. For instance, in line with the
behavioral finance paradigm (see, e.g., [22,23]) it is shown that the (stationary and invariant) probability
distribution of returns varies substantially with the changing structure of the market, e.g., the fractions
of boundedly rational traders and trend followers, the speed of their adjustments, efc. In regular
periods of time, the segmentation and strategies of investors can be insufficiently discriminatory, because
of market-neutral investing, order-splitting strategies and/or sufficient liquidity present in the market.
However, whenever certain exposures to systemic risk substantially affect the general expectations
and supply/demand structure, the nature of market participants who rely more or less heavily on
market-neutral investing strategies versus those who depend more on momentum-based strategies,
or particular style of investing, can become important. Thus, the local distribution might become
informative in terms of the pressures that exist in the market during the particular historical period
under consideration.

' One could also use the sample L-moments explicitly for that purpose (see, e.g., [12,13]).
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In finite samples, a meaningful estimate of the unconstrained effects of all the moving order statistics
might become cumbersome whenever the length of a relevant moving window (sub-sample) is relatively
large. Therefore, we extend the analysis to models with moving sample quantiles as the natural
aggregates of moving order statistics. In general, models with moving order statistics/quantiles can
be represented as a model with random coefficients (see, e.g., [24] for the latter). However, the random
coefficients are highly dependent in these models due to the overlapping moving samples. The usage
of moving order statistics/quantiles imposes a certain structure, and it has some specificity; however, it
also requires some additional theoretical underpinning. Thus, before turning to the empirical part, which
aims at illustrating the application of the model, we introduce a minimal set of tools that are needed to
evaluate the statistical properties of processes with moving quantiles, define some properties of a simple
estimator of parameters and propose a statistical test for evaluating the significance of MQ terms.

We illustrate the value of using MQs for modeling and forecasting the empirical realized volatility
series (see, e.g., the overviews by [25,26] or [27]). First, we show that coupling the MQs with the
constrained linear autoregression, where we use the exponential Almon polynomial restriction that
is employed extensively in realized volatility forecasting models based on the mixed frequency data
sampling (MIDAS) literature (see, e.g., [28,29]), robustly outperforms the standard benchmark, i.e., the
heterogeneous autoregression model of realized volatility (HAR-RV) proposed by [30], as well as other
constrained and unconstrained models that do not contain the MQ terms. Second, as hypothesized above,
we observe that the precision and forecasting ability of MQ terms is better during a more volatile period.

The remainder of this paper is structured as follows. The model is introduced in Section 2.
In Section 3, we analyze some statistical properties of the model, as well as its estimation and testing.
Section 4 evaluates the empirical relevance of MQs for modeling and forecasting the realized volatility.
The robustness analysis and some extensions of the empirical modeling are contained in Section 5.
The proofs of the propositions are given in Appendix A (unless explicitly stated otherwise), while
Appendices B to E provide additional information about some properties of the process and the
empirical applications.

2. Model with MQs and Its Functional-Coefficient Form

Consider a discrete regularly-spaced, real-valued time series sequence {z;}._,, T € N and a positive
integer k < T'. Fort > k,let @, == (x4, x4—1, . .., ¥1—r41)’ be the respective subsample of the sequence.
Then, for each time period, the corresponding sample quantile vector is denoted by:

1 2 m
qm,t = (ng )7 t( )a ) t( ))/ - Q(wk,t)/

q,fi) =, 1 =1,2,...,m<k

where ¢ : R¥ — R™ represents a measurable function that maps k observations into the m-dimensional
vector of the sample quantiles that correspond to predefined «; € [0,1], ¢ = 1,2,...,m. Itis clear that
s - is a function (also) of k, but for presentational simplicity, we omit this index and assume that k
is pre-fixed. It is usually convenient to impose m < k, since this not only yields a smaller number of
parameters for later estimation, but it also avoids some problems of identification, which are illustrated
at the end of this section.
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The model under consideration is as follows:

Ty =c+ ¢/33k,t—1 + elqm,tﬂ +& (1)

where ¢, ¢ and 0 are a constant and the two additional real-valued parameter vectors of the respective
dimensions, respectively, and & denotes the zero mean i.i.d. error term, which has an absolutely
continuous distribution function with positive density almost everywhere. It should be noted that
in order to avoid additional heavy indexing, we assume without loss of generality that the order of
linear autoregressive components and the window length used to calculate the sample MQ terms is
the same, i.e., it is equal to k. In the sequel, the model under consideration is abbreviated as AR
(autoregressive)-MQ where appropriate.

The sample quantiles are weighted averages of consecutive order statistics with several alternatives
used in defining the weights (see, e.g., [31]). In order to facilitate our proofs and to allow for various
alternatives of sample quantiles, in the following, we introduce a representation of sample quantiles
based on an indicator function abstracting from the specific weighting problem:

I

Bgt H{q§Q120 and :L"t,j:min<x€{xt_hr:1,2,.‘.,k}: qut@l)}

+ ]I{qt@1<0 and .Tt_j:max($E{$t77«77':1,27...,k?}: zgq,@l) }

and:

0t = 0;(xy_;) = ol

bt (e ]) érél(%,}f] ( {qf_)1=5xtj}>

where i € {1,2,...,m}, 7 € {1,2,...,k} and ¢t > k. For instance, if the p-th ordered value of a
sequence is used to represent the respective op quantile, then there would exist some j € {1,2,...,k},

suchthatd; ;;, =land 1, ;, = ]I{ o } forevery:=1,2,...,m.
t—1

Tt—j5=
Given these definitions, let us expand the term G’qm7t_1 of model in Equation (1), for the clarity of
exposition, as follows

0'q,, = Z 92‘%@1
i=1
m k
— Z 0; (Z ]Ii,j,t5i,j,t37t—j>
i=1 J=1
k m
= Z (Z Qi]li7j,t(5i,j,t> Li—j @
j=1 \i=1

k
= E 0; . ;, where

j=1
0 = Zeiﬂi,j,téi,j,ta J=12,..k
i=1
Since 0, j; € [0, 1] holds for any appropriate triplet (¢, j,?), it is clear that the time-varying parameters
0;. are bounded by 0;,] <> |0;|, j=1,2,....k, t € Z.
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Then, by denoting é(xkﬁt_l) := (014,094, ...,0r:), we can write model, given by Equation (1), as:

Ty =cC+ ,Bfgmk,t—l +&

N 3)
B,=¢+ 0<af'k,t71)

In this case, 3, is bounded provided that ¢ and 6 are bounded. In the general case, it is also clear that
the time-varying coefficients are non i.i.d. This representation takes the form of the functional-coefficient
autoregressive models of [24]. However, the direct usage of the analytical results provided therein leads
to a less explicit characterization of the statistical properties of the specific model under consideration
(see Remark 2 in the next section).

Next, we use the example provided below to illustrate that we must be careful whenever m = k
is applied, because model in Equation (3) might become unidentified, since the quantile part itself
encompasses a (restricted) linear combination of original variables. For simplicity of presentation,
we impose ¢ = 0 and consider the case where m = k£ = 2 with maximum and minimum in
Q2 = (Qart)Gass)’s i-e., with a; = 1 and ap = 0. For this simple example, we can set &; ;;, = 1
for all ¢t and 4,5 € {1,2} without loss of generality. Let a; := 1;;,. Note that in the case under
consideration, Iy, = T2, = 1 — a;, while Ty, = a;. Then, putting Equation (2) in Equation (3)
gives:

= (1 + 011+ 001 ,) 2y + (o + 1Ly 0p + Oolo0,) 240+ &
= (¢1 + Ohay + O2(1 — ap)) w1 + (P2 + 01(1 — ar) + Osay) 1o + & 4)
= (1 + 02 + (01 — Oz)ay) w1 + (P2 + 01+ (02 — O1)ay) 1o + &

with the non-identified set of parameters due to a missing additional restriction.

The result of this simple example extends to the general case of m = k, whenever the sample
quantile definition leads to it, forall t = 1,2,..., T and i = 1,2,...,m, 3z € {x,_;}*_,, such that

1 {z_q@) } = 1; for instance, whenever size-ordered sub-sequences are used directly, as in the ordered
THt—1

weighted aggregation approach (see, e.g., [32]).
3. Some Characterizations of the M(Q Process

3.1. Stationarity and Existence of Moments

Given the above representation, it is easy to establish some properties of the process using the standard
results. In Proposition 1, the existence of a strictly stationary solution is obtained based on Theorems 2.2
and 2.4 in [33], particularly based on the geometric ergodicity Theorem 1 with Corollary 1 of [34] with
respect to the geometric ergodicity of model-related Markov chain. The results of [24,35] could also be
invoked, as noted in Remark 2. If not stated otherwise explicitly, the proofs are presented in Appendix
A.

To proceed, let us also introduce, for some real-valued vector z = (z1,22,...,2,)’, a norm
llz]l1 := i, |2, and for a real-valued matrix A, the co—norm || A := max > 1Al

Proposition 1. Suppose that model in Equation (1) holds for all t € 7 with an additional requirement
that the error term & satisfies E|&| < oo. Furthermore, assume that |||y + ||0||1 < 1. Then, there
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exists a stationary distribution of the related Markov chain, such that {x;, t = 1,2,...} defined by

Equation (1) and initiated from the stationary distribution is strictly stationary.

Remark 1. The strict stationarity and ergodicity of {x,} implies that the elements of {3} and {q,, ;}
are also strictly stationary and ergodic (see, e.g., Theorem 3.5.8. in [36] or Theorem 6.1.1. in [37]).

Remark 2. Alternatively, to derive the geometric ergodicity, we could rely directly on [35] and, similar
to [38], use a sufficient condition that the joint spectral radius of the companion form of the model is
less than one. Furthermore, the [24] requirement could be employed for the roots of the characteristic
polynomial \¥ — c) \F=1 — .. — ¢ = 0, where ¢; := supgere|d; + 0;4], 7 = 1,2,...,k, need to
be inside the unit circle, which was shown by [39] to be a sufficient condition for the aforementioned
joint spectral radius condition to hold. However, it is numerically demanding to check the joint spectral
radius condition for larger values of k, whereas the [24] condition becomes less explicit without further

specification of the quantile structure.

In the following analysis, we rely on the condition stated in Proposition 1. In this case, the question
of the existence of the moments of the process can be answered in a straightforward manner using
Theorem 2 from [40].

Proposition 2. Suppose that model in Equation (1) holds for all t € 7 and that E|§,|" < oo for some
r > 1. Then, E|x|" < oc.

3.2. Estimation

Now, we turn to the issue of the estimation of the parameters of the model using the
ordinary least squares (OLS) estimator. Suppose that we have observations {z;}._,, T € N.
Let z, .= (1,2}, 1.4},,,) . Note that for an identified model in Equation (1), 712 3"/, . 2,2} is

positive definite almost surely (a.s.); thus let us consider the OLS estimator:

T -1 7
= (Z zt%) Z ZtTy )

t=k+1

Proposition 3. Assume that model in Equation (1) is identified with positive integers m < k and that
it holds for all t € 7 with EE} < oo. Furthermore, suppose that the conditions of Proposition
1

a

are satisfied. Then, 1 — m as T — oo a.s. Furthermore, 05_1 (Zthkﬂ ztz;>§ (n—m) ~

N <Ok+m+1 ) Ik+m+1)-

3.3. Test for the MQ Terms

Next, we provide a test that is suitable for evaluating the following set of hypotheses:

Hol 0:0m (6)
H:0+0, (7)



Econometrics 2015, 3 8

i.e., the null hypothesis is that the MQ effects are absent from model in Equation (1). In order to
characterize the test, let us define some further notations:

tp, = (1Lx),), t=k+1,k+2,...,T
X = (Zpjt1, T joras - - - Tr)

Q= (qm k41> Qm kr2s - - - 7qm,T)/
@ = (c,

?')

Then, we can write the unrestricted and restricted versions of Equation (1), respectively, as:

r=Xp+QO0+¢& ()
r=Xp+u u:=0Q0+¢& 9)

In addition, let us introduce:

(1) the OLS estimator-linked residuals of the restricted Equation (9) in an auxiliary regression form:
u=Mx=HO+v (10)

where M = I, — X (X'X) ' X', H := MQ, and v :== ME¢;
(2) and the OLS estimator of 8 in Equation (10), which is defined by:

6=(HH) " Hu (11)
Then, the following result can be employed to test the hypotheses stated above.

Theorem 1. Suppose that model in Equation (1) holds where the conditions in Proposition 3 are satisfied
and that for some positive constant ag, & ~ i..d.(0, ag)for allt € Z. Then, under Hy : 6 = 0,,, it
holds that:

A~/ A~ a

6 H'HO/o? ~ x*(m),

whereas the statistic diverges with a probability of one under 6 # 0,,.

In model, given by Equation (1), and the test presented above, the linear autoregressive parameters
are supposed to be unconstrained. In some situations, the linear autoregression coefficients might be
constrained to satisfy some low-dimensional parametric functional restriction, i.e.,

o= f(,i), p eRI, g<k,i=1,2,...,k (12)

This constraint reduces the number of parameters that need to be estimated by £ — ¢ > 0.
Correspondingly, because the number of degrees of freedom is higher, the size and power of the test
for the presence of MQs could be enhanced. In order to characterize a test whenever model in Equation
(1) satisfies this restriction, let us also define:
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F@) = (f(¥.1), f(¥.2),.... f(¥, k)

D :=of(v)/ 0
M, :=1; - XD (D'X'XD) 'D'X’
H, =M,Q

'&'r,t =M,z =H,0 + U, Uy = Mr€
6,:=(H.H,) 'Hu,,

where 1, denotes a residual term of model in Equation (9), which is estimated with the nonlinear
least squares while considering the restriction defined by Equation (12), whereas 0, represents the OLS
estimator of € in the corresponding auxiliary regression of u,, on H,. Now, we can state the following

auxiliary result.

Remark 3. Suppose that in addition to the conditions of Theorem 1, the linear autoregressive coefficients
in model Equation (1) satisfy constraint given by Equation (12) and f(-) is twice differentiable with
respect to the hyper-parameter vector ). Then, under Hy : 0 = 0,,, it holds that:

é;I—I;HT@T/Ug < x2(m)
whereas the statistic diverges with a probability of one under Hy : 6 # 0,,.

3.4. Finite Sample Properties of the Parameter Estimator

In this subsection, we use simulations to investigate the small-sample properties of the
OLS estimator of parameters, as defined in Equation (5), in models having MQ terms.
Namely, relying on 2,000 simulations (at each node splitting the interval [0,500] into 10
equal parts) with the standard Gaussian error and 500 observations dropped at the initiation
stage of the process, we report the bias and the mean squared error (MSE) of the
estimator of parameters of both the linear autoregressive terms and the moving quantile.
For the simplicity of comparison of the results of the purely linear autoregression with the AR-MQ, we
concentrate on the case where only the first order linear autoregression term and a single moving sample
quantile (either moving median or moving maximum) are present in model, given by Equation (1),
allowing for various window lengths of the MQ term (the considered window sizes k£ € {5,20,60} in
connection with the empirical application presented in Section 4). For comparability, we set both values
of parameters (of the linear autoregression and the MQ term) to 0.4, which satisfies the requirement
stated in Proposition 1. For informativeness, we also report separately the bias and the MSE of a purely
linear autoregression and a model with only the MQ term by setting the parameter of the remaining term
to zero in the AR-MQ model.

Figure 1 plots the bias (the upper row of figures) and the MSE (the lower row of figures) of the OLS
estimator of AR-MQ parameters. Different colors identify different parameters under investigation:

the results of estimation of the autoregressive parameter in a pure autoregression are depicted in red;
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the results of estimation of the MQ term in a pure MQ model are depicted in blue (the corresponding
solid and dashed lines identify the moving maximum and moving median, respectively); the results of
estimation of the autoregressive parameter and the MQ parameter in the AR-MQ model are depicted in
black and green, correspondingly. For the MQ parameter, the solid and dashed lines again signify the
moving maximum and moving median, respectively.

MQ window =5 MQ window = 20 MQ window = 60
o o o
o f—‘/_::__.___«_ =— o o
- /’ - — ﬁ
c 7, oS oS
T , T T
’
N (V] N -~
%) S %) S %) S e
& T & T & -
o a ,’ el P
o [92) ’ (92) 7’ ’
o o ’ o - 4
] T ' [l ,
— ARINAR | !
< —— max. in MQ < f < /
Cl’ N - - - med.in MQ C|> N ] <|3 7 ’
—— ARin AR-MQ ' /
o max. in AR-MQ o ! o ,’
o - med. in AR-MQ o - " o — 1
! T T T T T ! T T T T T ! T T T T T
100 200 300 400 500 100 200 300 400 500 100 200 300 400 500
Number of obs. Number of obs. Number of obs.
MQ window =5 MQ window = 20 MQ window = 60
[T} 0 | [Te)
(<3 S T \ o 7
"
< < ! <
o o ' o
1
1
™ _| o Y o _|
o o \ o
@ @ ' )
(2] () \ (%2}
S N ] £ N ] \ £ ~N
o o \ o
\\
— — AN —
= . . S ] \ R <3N
o \\:::=-V=,_,___&_ o _— - --- o
(=} = =
T T T T T T T T T T T T T T T
100 200 300 400 500 100 200 300 400 500 100 200 300 400 500
Number of obs. Number of obs. Number of obs.

Figure 1. The bias and the mean squared error of the OLS estimator as in Equation (5)
of parameters of the autoregressive moving sample quantiles (AR-MQ) model with the
first-order linear autoregressive and the moving maximum or moving median term from
the indicated window sizes. Colors identify different parameters under investigation: red,
autoregressive parameter in a pure autoregression (AR in AR); blue, MQ term in a pure MQ
model (MQ in MQ); black, autoregressive parameter in the AR-MQ model (AR in AR-MQ);
green, MQ term in the AR-MQ model (MQ in AR-MQ). The solid and dashed lines (both
blue and green) are used to identify the moving maximum and moving median, respectively.

Comparing the results obtained for the MQ terms with the ones for the linear autoregressive terms, it
is obvious that, in order to get a satisfactory precision, one needs to have sample sizes much larger
than the window of the MQ effects. It can be seen that the MSE of the estimator of the moving
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maximum parameter reduces to the MSE levels about twice as large as that of the estimator of the
linear autoregressive term only for the sample sizes about twenty-times larger than the MQ window.
Further, an even larger increase in the relative size of observations is required in order to achieve the

same relative precision whenever the moving median is present.

3.5. Finite Sample Properties of the MQ Tests

In this subsection, we illustrate the behavior of the MQ tests using finite samples with 250, 500,
1,000 and 2,000 observations. We use Monte Carlo simulations with 2,000 iterations for each case.
The parameterization of the DGP is motivated by the empirical application (see the last column of
Table C1 in Appendix C, which shows some estimated empirical models of the realized volatility of
returns in connection with the S&P 500 index), which is presented in the next section. The DGP is
given by Equation (1) with & = 20, & ~ n.i.d.(0,0.27%), the parameters of the linear part of the model
satisfy the exponential Almon polynomial restriction, as given in Equation (15), with hyper-parameter
values v; = 0.72 and 1), = —0.60, and there is a single quantile effect parameter ¢ = 0.23. This relies
on the fact that in the empirical application with realized volatility data, only the moving median was
sufficiently significant whenever the lags only up to one month were considered. However, in order to
determine the different power properties of the tests in the presence of more central and more extreme
quantiles in the DGP, we provide the simulation results for each quartile separately, i.e., where either
only the minimum, or the first quartile, or the median, etc., is present in the data generating process. In
the testing stage, all of the quartiles are used to estimate Equation (1) throughout all of the simulations.
We use the quartiles as a certain grid with a manageable size of potentially relevant quantiles. The
analogous results hold whenever other grids of quantiles are used instead of quartiles, such as quintiles,
deciles, efc. It should be pointed out that by using a spectrum of quantiles instead of a particular one
present in the DGP under the alternative, we lose some power of the test. However, it is highly unlikely
that a particular true quantile will be known to a researcher in advance, and one of the general ideas of
the proposed model is to evaluate whether there are some distributional effects captured by the (moving)
quantiles. Hence, we prefer some loss of power to the case that could be much less relevant in practice.

We start with the empirical sizes of the tests using the unconstrained and constrained linear parts of
the model, as formulated in Theorem 1 and Remark 3, respectively. Whenever the functional constraint
on the parameters of the linear part of the model is considered, only two parameters (¢); and 5) are
estimated, instead of the 20 unconstrained linear autoregressive parameters in Equation (1). Figure 2
presents the simulation results under the null hypothesis stated in Equation (6), i.e., that the MQ terms
are absent from the process. The red line corresponds to the unconstrained estimation (as in Theorem 1),
whereas the blue line corresponds to the constrained estimation (as in Remark 3).

For the larger samples considered, the empirical sizes correspond well with the standard nominal
size levels of the test (e.g., at 1%, 5% and 10% significance levels). In the case of 7' = 250, the tests
are undersized and would require some bootstrap-based inference. It can be seen that the constraint
marginally improves the precision. In the other samples considered, the deviations from the nominal
significance levels are small, if any, especially at the typical significance levels applied. Hence, in the

following, we report the uncorrected power simulation results.
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Figure 2. Distribution of the empirical sizes of the tests under Hy : § = 0. The red line
corresponds to the unconstrained estimation of Equation (1) (as in Theorem 1), whereas the
blue line corresponds to the estimation with the constrained linear autoregressive part (as in

Remark 3).

Figure 3 reports the power of the test as in Theorem 1, separately for different sample sizes
(1" = 250; 5005 1,000; 2,000) and for the cases where a single MQ outside the quartiles is present in

the DGP.

Although the power of the test increases with the sample size in all of the cases, it is less powerful

for more central quantiles (closer to the median) but more powerful in the presence of more extreme

quantiles. The power relative to the moving median is the smallest, whereas the same power behavior is

observed for the symmetric deviations from the median, i.e., min and max, the first and third quartiles,

etc. For the values of § ~ 0.5, the power of the test would almost triple, but in the case under

consideration (i.e., # = 0.23), detecting the presence of non-extreme MQs requires large samples.
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Figure 3. Distribution of the empirical sizes of the test (as in Theorem 1) under H; : 6 # 0.
Each of the four figures represents the results with different sample sizes, where the five
lines correspond to the presence of different quartiles in the data generating process (DGP)
(minimum, first quartile, median, third quartile and maximum).

Figure 4 shows the analogous simulation results, where the functional restriction on the parameters
in the linear autoregressive part of the model is considered, as in Remark 3. It can be seen that reducing
the number of parameters under estimation produced a substantial increase in the power of the test. This
is what we also observe in the empirical application that follows.
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Figure 4. Distribution of empirical sizes under H; : 6 # 0 for the test with the constrained
linear autoregressive parameters (as in Remark 3). Each of the four figures represents the
results with different sample sizes, where the five lines correspond to the presence of different
quartiles in the DGP (minimum, first quartile, median, third quartile and maximum).

3.6. Simulation Evidence on the Power against Other Non-Linearities

The aim of this subsection, which again relies on Monte Carlo simulations, is three-fold. First, it
is to show that the MQ test (we use hereafter the one that corresponds to Theorem 1) has good sizes
whenever more general short and long memory linear processes generate the data. Second, we show that
the MQ test has power against a number of other non-linearities, including some that generate pseudo
long memory features, e.g., because of the presence of structural breaks. Third, we reveal a very useful
property that potentially allows us to identify the presence of the MQ effects. Namely, simulations
show that the RESET 2 tests [41] fail to detect the moving quantiles’ non-linearity, irrespective of the

2 An acronym of Regression Error Specification Test.
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orders used for the testing. Since the RESET tests have power against many other non-linearities, the
significance of the MQ test and insignificance of the RESET tests could hint at the presence of the MQs.

In the sequel, we generate 2,000 realizations for each of the DGPs characterized in Table 1. Block L
contains various short and long memory linear stationary processes. Block N contains several non-linear
processes taken from * [42,43]. We augment this set of models with an additional one in the spirit of
[44], where the unconditional moment is driven by a bounded cyclical deterministic function. Many of
the considered models are well known to be capable of generating pseudo long memory features, such
as slowly decaying sample autocorrelation function (see, e.g., [43]).

Besides the DGPs used in simulations, Table 1 also presents the summary information about whether
the MQ test and the RESET tests (of orders from two to four) have power against the indicated
specifications (in the testing stage, we use the autoregressive order £ = 12 for both types of tests). Our
summarizing inference relies on the behavior of empirical sizes observed in samples of 250, 500, 1,000
and 2,000, which are plotted in Figure 5 below in this section (for the linear models) and Figures B2 and
B3 in Appendix B (for the non-linear specifications against which the MQ test has and does not have
power, correspondingly).

As can be seen, the MQ test has power against some other non-linearities as well, but it is mostly
weaker than that of the RESET tests. The exception, putting aside the MQ processes themselves, is
a process with Markov switching GARCH regimes (MS-GARCH), where the power of the MQ test is
substantially greater than that of the RESET tests. On the other hand, in the cases of the AR-MQ DGPs,
neither of the RESET tests have any power. This combination of powerful MQ and powerless RESETs
is a unique situation from all of the considered ones. There could of course be other non-linearities (that
we are not aware of as of yet) leading to the same finding, but such a situation points to the MQs as a
potential neglected non-linearity.

Finally, Figure 5 plots the distribution of empirical sizes of the MQ test under the considered DGPs
in Block L. It reveals that the empirical sizes track very closely the nominal ones, especially at the
significance levels that are usually used in practice. Similar results (unreported) hold for the RESET
tests, apart from the AR(20) case. This happens because in the testing, we fixed & = 12, and the RESET
test, being a general specification test, rejects the hypothesis of zero conditional expectation of errors in
the misspecified model.

The analogous figures of the distribution of empirical sizes of the MQ test for the non-linear models
are presented in Appendix B. Figure B3 collects the non-linear DGPs, where the MQ test fails to have
power, and Figure B2 gathers the considered non-linearities against which the MQ test has power.

3 In Table 1 the following acronyms are used: AR (autoregressive), ARMA (autoregressive moving-average), BL

(bilinear), GARCH (generalized autoregressive conditional heteroscedasticity), FARIMA (fractional autoregressive
integrated moving-average), STAR (smooth transition AR), ESTAR (exponential STAR), LSTAR (logistic STAR),
SETAR (self-exiting threshold AR), MS (Markov switching), RLS-NS (random level shift-non-stationary), RLS-S
(random level shift—stationary).

In a few cases, we slightly modify the original parametrization in order to introduce more persistence in the sample
autocorrelation function.
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Table 1. Summary of DGPs used in simulations and some main findings.

Power Observed in Simulations:

Block — Code  Type of Model DGP MQ Test RESET Tests (Any) MQ More Powerful?

L1 AR(1) xr = 0.8x¢—1 + €¢. — — —

L2 AR(2) zt = 0.5x¢—1 + 0.3x4—2 + €. — — -

L3 ARMA (1,1) xt = 0.8x:—1 + €+ —0.5er_1. - — -

L4 AR(12) @e =312 G+ ety ¢ =0.8/12, i =1,2,...,12. - - -

Linear L5 AR(20) 2 =0 i +er, i =0.8/20, i =1,2,...,20. - + .
L6  FARIMA (0,d,0) Adgy =g, d=0.2. - - -

L7 FARIMA(0.d,0) Az =, d=0.4. - - -

L8 FARIMA(1,d,1) Adx, = 0.8A%;_1 + &, — 0.564—1, d = 0.2. - - -

L9  FARIMA(l,d,1) Adyy = 0.8A% ;1 + &t — 0.5e4—1, d = 0.4. - - -

N1 SETAR @ =0.82¢—1(Ly,_, <0 — 1y, >0) + &t + + -

N2 ESTAR @ = 0.8z¢—1(1—1.5(1 — e i1 ) + et + + -

N3 LSTAR o =08x;—1(1—15/(14+ e %t-1)) + ;. + + -

N4 BL zy = 0.8z 1(1 + 0.375e4 1) + &¢. + + -

N5 MQ(qo.5) x¢ = 0.3x¢—1 + 0.5g0.5(12) + &¢. + - +

N6 MQ(qo.75) z¢ = 0.3z¢—1 + 0.5¢0.75(12) + &¢. + - +

Non-linear N7 MQ(q1) 2t = 0.3x¢—1 + 0.5¢1 (12) + &¢. + - +
N8 MS -GARCH zt = log(r?), vt = Vheer, he = 1+ 3s¢ + 0.4r2_| + 0.3hs—1. + + +

N9 MS-AR Trr = O.SIt_l(ZSt — 1) + €¢. — + —

N10 MS-mean xrr =28t — 1+ &4 - + -

N11 RLS -NS xt = ut + \/g8t7 nt = pt—1 + Jene, Je ~ i.i.d.B(l,0.0000l) — + —

N12 RLS-S Tt = MUt + Ety, Ut = (1 7,]‘75)/—%—1 +jt7]t7 jt ~ ’L’LdB(l,OOO3) e + -

N13 Trend-power xt = fi +e¢, fr =301 - - -

Ni4 Trend-cycles ¢ = ¢t + €¢, ¢t = 0.3sin(3wt/n) + sin(67t/n), t € {1,2,...,n},n = 2,000. - - -

Notes: ¢; ~ n.i.d.(0,1) and 1, ~ n.i.d.(0,1) are mutually independent, as well as independent of

any other contemporaneous random variable on the right side of a DGP equation.

Sy € {0,1} and

st € {0,1} come from the Markov chains with transition probabilities matrices Pg and Ps, such that

vee(Ps) = (0.9,0.1,0.25,0.75) and vec(P;) = (0.999, 0.001, 0.001, 0.999).
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Figure 5. Distribution of empirical sizes of the MQ test for the data generated from the
stationary short and long memory linear processes (DGPs from the L block in Table 1).

3.7. Some Empirical Features of Realizations of the AR-MQ Process

In this subsection, we use the simulations to reveal that typical empirical realizations of the AR-MQ
processes possess two interesting (and inter-related) features often observed in empirical data. First, a
typical realization of the AR-MQ processes is featured by the presence of apparent “structural breaks”.
The easiest way to understand the reason for this is to consider the extreme quantiles. Given some large
shock (a realization of the error of the model), it tends to keep the levels of the series high (if, e.g., the
moving maximum is present in the model and a positive shock has been realized) or low (if, e.g., the
moving minimum is present and a negative shock has occurred) for the period of the window of the
moving quantile. The moving median will usually lead to less prominent effects.

The second (and related) feature observed for a typical realization of the AR-MQ processes is the
slowly decaying sample autocorrelation function. Other than in the genuine, fractionally-integrated
processes, the possibility of a pseudo long memory behavior appearing due to the presence of structural
breaks is well known (see, e.g., [45-49], among many others). The MQ model proposed in this paper,
while being stationary and ergodic, can produce, due to the presence of pseudo structural breaks, series
having flat sample autocorrelation functions (ACFs). Other than in the regime-switching models, there
is no explicit regime switching mechanism here, but the apparent changes of regimes can be prescribed
to a certain probabilistic structure of the model.

Figure 6 plots the paths and the ACFs of simulated realizations generated from the AR-MQ model
that was used in Subsection 3.5 with a moving median term, as motivated by the empirical application
(see the last column of Table C1 in Appendix C). The usage of more extreme quantiles in the DGP would
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further lead to more pronounced features under discussion. In order to reveal the contribution of the MQ
term to the shape of the ACFs, we also present the ACFs for the pure linear autoregressive part of the
model by imposing a zero restriction on the MQ term in the model (the same realization of errors is used
for comparability). The resulting ACFs connected with the linear model are presented in a column of
figures on the right side.
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Figure 6. The realizations of the AR-MQ model (with the moving median from the indicated
window sizes k), their sample autocorrelation functions (ACFs) (middle) and the ACFs of
the linear autoregressive (AR) processes obtained by restricting the parameter of the MQ part
to zero in the AR-MQ model (right).

The sample ACFs of realizations only from the autoregressive linear part barely change with the
increasing order k due to the swiftly decreasing autoregressive parameters (as implied by the imposed
exponential Almon polynomial parameterization). On the other hand, the ACFs of realizations from
the full AR-MQ process are clearly featured by the presence of “long memory”. As is evident from
the plotted paths of the simulated realizations, such an effect appears due to the presence of ‘structural
breaks’ generated by the moving quantile part of the model.

It can be also pointed out that, given the Gaussian errors of the model, realizations from the AR-MQ

model retain the Gaussianity (see Figure B1 in Appendix B). The two features provided above seem to
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be among the main features established in the literature on the logarithm of realized volatility empirical
series (see, e.g., [50-53], among other). Hence, in the sequel, we use this indicator for the empirical
illustration of the usage of the proposed model.

4. Empirical Application

We use financial data to illustrate the empirical relevance of MQs by testing their significance in
Subsection 4.1 and by evaluating the in-sample and pseudo out-of-sample forecasting precision of the
models with and without the MQs in Subsection 4.2. Our main goal in this section is to discuss some
aspects of the building of the MQ model and to reveal that the MQs might be relevant, e.g., in the
out-of-sample forecasting.

The daily realized variance data of the period January 3, 2000, to May 22, 2012, was obtained from
the Oxford-Man Institute of Quantitative Finance website ° by taking the first series in this dataset
(5-min realized variance of S&P 500 (live) index). It was transformed to the corresponding logarithm
of the annualized realized volatility series ¢ (see Figure 7). The effective sample size was about 3,000
observations. It can be seen that the middle third of the period is relatively less volatile compared with
the other two-thirds of the observations, i.e., the periods with observations indexed by numbers 1-1,000
and 2,001-3,000. Hence, by looking at distinct periods, we can evaluate the behavior of the models in
relatively calm and volatile periods.

T T T T T T T
0 500 1000 1500 2000 2500 3000

Observation

Figure 7. Logarithm of the annualized realized volatility of the S&P 500 (live) index
(5-min).

> See [54]. Data source: http://realized.oxford-man.ox.ac.uk/media/1366/oxfordmanrealizedvolatilityindices.zip (last
accessed on 16 November 2014).
6 The transformation applied is rv; = log (100\/252RVt), where RV, denotes the initial realized variance series.
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For each ¢t € Z, let a measure of the logarithm of annualized daily realized volatility be denoted by
rv;. The linear forecasting equation of the one step ahead realized volatility based on its & past values is

given by:
k

rog = c+ Z Pirvi_j + & (13)
j=1
where ¢, represents an error term of a linear projection of rv; on its past values.

It is well known that certain restrictions on parameters {¢;} can enhance the forecasting precision
of realized volatility series, where the two most representative examples are the HAR-RV model of [30]
and the exponential Almon lag polynomial stemming from the restrictions used in the MIDAS regression
models (see, e.g., [55]).

Although the HAR-RV model is most widely used as an approximation of the underlying RV
process, [56] show, using a test proposed by [57], that, for the realized volatility of S&P 500 returns,
the restriction on parameters implied by the HAR-RV model is empirically inadequate. On the other
hand, the restriction implied by the exponential Almon polynomial constraint cannot be rejected (see
ibidem). 1t should be pointed out that this constraint has already been used in modeling and forecasting
the RV series also in the cases whenever there is only a single frequency, i.e., where single step ahead
forecasts are produced, leaning on the autoregressive terms (see, e.g., [28,55,58]). The main aim here
remains the same, i.e., to reduce the number of parameters and the connected variability of the estimators
using a certain, quite flexible restriction. In the sequel, we employ both competing restrictions.

The restrictions on the parameters in the HAR-RV model take the following form:

Y14 21hy + fibs, forj =1
¢j - %w2 + %’l/}?n forj = 27 3] 5 (14)
2ipg, for j =6,k

where the coefficients 1)1, 105, and 13 correspond to the daily, weekly and monthly effects, respectively.
It should be noted that Equation (13) with restriction given by Equation (14) represents the average of
the logarithmically transformed data. In most applications of the HAR-RV model with a logarithmic
transformation, the logarithms of the averages over five and 21 days of realized volatility are employed
rather than the averages of the logarithms. In our study, the former approach was dominated in both the
in-sample and the out-of-sample precision analysis by the model given by Equation (13) with restriction
as in Equation (14). In the following, we shorten the notation of the HAR-RV model to HAR.

The exponential Almon lag polynomial restriction applied in this study (this type of restriction is used
widely, if not most usually, in MIDAS applications) has two real valued hyper-parameters, v; and s,

which are given by:

exp (12)) .
;= , =1,...,k 15
%S () (>

In the following, model in Equation (13) with the restriction given by Equation (15) imposed on the

parameters is referred to as the ALMON model.
Analogous models that are augmented linearly with MQ terms produce the unrestricted and restricted
versions of Equation (1). We start by testing the significance of MQ effects.



Econometrics 2015, 3 21

4.1. Significance of the MQ Terms

To test for the significance of the MQs, we need the (maximum) lag order £. In the case of the HAR
model, we fix it at 20 lags. Although [59] found that the most informative maximum lag of aggregation
could vary from 13 to 250 lags for different stocks, the normal maximum number of lags used in the
HAR models is between 20 and 22, which correspond to the number of working days in a month.
In our analysis, the difference between any of these three numbers was negligible. For example, the
out-of-sample precision figures were unchanged when they were rounded to three digits (the precision
level used to represent the relative out-of-sample forecast performance in Table 4). Furthermore, our
analysis of an informative moving window, which is used to calculate the MQs, also signified 20 lags (as
discussed later). Hence, to avoid an uninformative and heavy presentation of many, very similar models
with virtually the same properties, we also fix the number of lags for the HAR model at 20 periods.

In addition, in unrestricted Equation (13) or the MIDAS-type models, the lag order is usually selected
based on some information criteria. In our case, for both the unrestricted and the ALMON models,
k = 12 is selected based on the usual criteria, i.e., Akaike’s information criterion (AIC) and the Bayesian
information criterion (BIC), where the maximum lag order considered is set to 33 (= [10log,, 7).
Consequently, in the following analysis, we use two potential maximum lag orders k € {12,20}, which
correspond to the lag suggested by the information criteria and that are connected to the HAR lag order,
respectively. Note that the window length used to define the MQs might not coincide with the maximum
lag order of the linear autoregression ’. Hence, we describe several possible combinations. The names
of each model used in the sequel indicate explicitly the maximum lag order of the linear autoregressive
terms and the window size used to calculate the values of the MQs. For instance, ALMON(12)-MQ(20)
corresponds to the case where there are 12 linear autoregressive terms and a window size of 20 is used
to calculate the MQs (starting from the first lagged observation).

Table 2 shows the empirical significance of the tests of the absence of MQ effects in the linear model
in Equation (1) without and with the HAR and exponential Almon lag polynomial restrictions. Since
the errors of realized volatility models are often found to be conditionally heteroscedastic (see, e.g.,
[60]), we report also the testing results, which count on the heteroscedasticity consistent estimator of the
asymptotic covariance matrix (see the p-values in parentheses in Table 2). Namely, we rely on the [61]
approach, which was shown by [62] to perform well in small samples relative to other estimators.

The testing results have several dimensions. First, they are provided separately for each k& € {12,20}
combination of orders of linear autoregression and MQs. Next, several quantile structures are considered

to check the sensitivity of the results: the minimum-median-maximum, quartiles, quintiles and deciles.

7 Note that this does not complicate model in Equation (1), because only some components of the parameters in Equation

(3) are zero if the relevant maximum number of lags for the linear autoregressive and the MQ terms do not coincide.
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Table 2. p-values of the test for the absence of moving quantile (MQ) effects (estimation
sample: 1-2,000). HAR, heterogeneous autoregression model.

Quantile Structures:

Models MQ Window

Min-Med-Max Quartiles Quintiles Deciles
AR(12) 12 0.005 (0.006)  0.021 (0.027) 0.022 (0.027) 0.018 (0.030)
20 0.052 (0.044)  0.083 (0.082) 0.109 (0.102) 0.226 (0.271)
AR(20) 12 0.006 (0.008)  0.024 (0.033) 0.026 (0.033) 0.016 (0.030)
20 0.022 (0.023)  0.081 (0.086) 0.085 (0.094) 0.229 (0.292)
HAR 12 0.004 (0.007)  0.015 (0.030) 0.020 (0.040) 0.010 (0.020)
20 0.010 (0.011)  0.040 (0.047) 0.044 (0.055) 0.137 (0.202)
12 0.001 (0.021)  0.001 (0.085) 0.001 (0.098) 0.001 (0.071)
ALMON(12) 20 0.001 (0.020)  0.001 (0.072) 0.001 (0.083) 0.002 (0.268)
12 0.001 (0.021)  0.001 (0.085) 0.001 (0.097) 0.001 (0.071)
ALMONQ0) 20 0.001 (0.020)  0.001 (0.072) 0.001 (0.083) 0.003 (0.267)

Note: The p-values in parentheses are related to the heteroscedasticity consistent estimator of the
covariance matrix.

In most of the situations considered, the MQ terms are significant at the usual significance levels,
although there is a tendency of a decreasing significance with the usage of a more fine grid of
quantiles. The constrained cases with HAR and ALMON restrictions imposed on parameters appear
to favor the MQs quite strongly (although less so whenever accounting for the potential conditional
heteroscedasticity). If the constraints are consistent with the underlying data generation process &,
this effect is expected to be present, because the restrictions reduce the variability in the estimator and
increase the power of the test, as revealed in the previous section. Similarly, the usage of an excessively
dense grid of deciles leads to a potential loss of power, which was one of our motivations for introducing
and considering the MQs instead of looking directly at all of the order statistics.

In general, we can conclude that the nonlinear effects under consideration are quite likely to be present
in the data. The min-med-max quantiles appear to be most significant, but our further study suggests that
the moving median is the key variable favored by the information criteria. Hence, any of the quantile

structures considered above would lead to the same result in practice.

4.2. In-Sample Performance and Forecasting Precision

Using the data characterized above, we perform a pseudo out-of-sample exercise using the fixed,
recursive and rolling approaches for out-of-sample forecasting. The parameters of the models of a
sub-sample are re-estimated during each update under the recursive and rolling types of forecast with all
of the data up to the latest observation in the sub-sample and a fixed number of data (a rolling window),
respectively. An initial model estimation period comprises the first 2,000 observations. In an additional
sensitivity analysis, we also provide the results for the case where the initial model estimation period is
reduced to the first 1,000 observations only.

8  Ghysels et al. [56] found that this was the case for the S&P 500 realized volatility based on a consideration of the
exponential Almon polynomial constraint. Furthermore, the gains in the forecasting performance of models with MQ
presented later in this study can also be viewed as additional indirect evidence.
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The set of models considered comprises the unrestricted linear AR models, as in Equation (13)
(with different k), as well as the HAR and ALMON models with and without the MQs.

We use the AIC and BIC to select the relevant MQ terms, which mainly select the median as the
relevant variable in most of the situations under consideration. Thus, we augment the linear models
described above with a single term that corresponds to a moving median. Examples of estimated models
and the corresponding auto-correlograms of the residuals are presented in Appendix C. In particular,
the results for the estimated HAR, HAR-MQ(20), ALMON(12) and ALMON(12)-MQ(20) models are
presented. The ordinary and nonlinear least squares estimators are used where appropriate to estimate
the parameters. It should be noted that any configuration of the ALMON-MQ model always satisfies
the sufficient stability condition defined in Proposition 1, whereas the results for other models vary
(see Table C2 in Appendix C).

It can be seen from the results provided in Appendix C, for the models with the MQ term, that
the moving median is always significant, whereas the third HAR term, which is connected with the
monthly aggregate component, becomes insignificant whenever the moving median is added, as in the
HAR-MQ(20) model. Furthermore, by considering the plots of the autocorrelation functions of the
residuals in Figure C1 (see Appendix C), we can see that the presence of the moving median in the
ALMON(12)-MQ(20) model removes a number of the spikes observed in the autocorrelation function
of the residuals of the ALMON(12) model. However, in the case of the HAR model, the moving median
is not able to remove the observed spikes of the autocorrelations at Lags 2 and 12. The same also holds
for the HAR-MQ(12) model (unreported). These results are presented for samples 1-2,000. The results
for samples that only comprised the first 1,000 observations and the whole dataset are not reported,
but they are very similar and, correspondingly, have a bit less (or more) pronounced features discussed
previously when the first 1,000 observations (or the whole dataset) is used.

It is relevant to recall that two lag orders can be selected in the models with MQs: the number of linear
autoregressive terms and the number of periods used to calculate the MQs (window size). In general, the
window size used for the MQ calculations might not coincide with the number of linear autoregressive
terms. However, as noted in Section 2, MQs entail a representation with a certain linear part. As a result,
unless the maximum lag of the MQ window is quite large, which would have the consequence of nearly
negligible linear terms, we can expect to detect the required size of the moving window using the standard
lag selection procedure based on a linear model. Indeed, whenever we used the information criteria to
select the sub-sample window size from which the MQs are calculated, the criteria also indicate the 12
or 20 period window sizes for MQs in most situations, i.e., combinations of models, various MQ terms,
maximum number of lags and different samples. Figure 8 plots the AIC and BIC values for the ALMON
model with a fixed number (twelve °) of autoregressive terms, but a changing window size is used to
calculate the MQs. The results are similar for the other models. The range of lags considered is 6-33,
where the maximum is bounded by (101log;,7"). The results are presented for sample sizes 1-1,000 and
1-2,000, and the two cases of MQs: (1) with all of the MQs present in the model (red line); and (2) only

including the moving median (black line).

9 As shown previously, the information criteria selected this order in an unconstrained linear autoregression, as well as the

ALMON model.
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Figure 8. Effect of the moving window size, which is used to calculate the MQs, on the
values of the information criteria for the ALMON(12) model with all MQs (red line) and
only including the moving median (black line).

The information criteria are basically in agreement. First, the lowest value is obtained when only
the moving median is used in all cases. Furthermore, they select 20 as the most informative window
size for the moving median when the sample comprises the first 1,000 observations, whereas the criteria
select 12 periods for the window size of the moving median when the sample comprises the first 2,000
observations. It is important to note that the dips in the values of the criteria at window sizes of 12 and
20 are observed with all samples.

Next, it is interesting to note that for both of the samples, the AIC and BIC figures show that the
model with all of the MQs has a dip at a window size of seven. With this window size, the moving
median is quite uninformative (the information criteria have large values), which may suggest that
considering some other quantiles in addition to this window size could improve the model further. This
was not attempted in the present study in order to keep the presentation compact and because the BIC
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strongly favors the case that includes a single moving median. Hence, we use it in the sequel as the most
informative MQ to augment the linear autoregressive models.

All of the results described above are obtained using only the in-sample data without observations
2,001-3,000. Table 3 characterizes the in-sample model selection results, i.e., the models among those
considered that are suggested for use based on the information criteria. In each category, the numbers of

the three most informative models are shown in bold, while the best in each category are underlined.

Table 3. Values of the information criteria based on the in-sample evaluation of models.

Sample: 1-1,000 1-2,000
Criterion: AIC BIC AIC BIC
HAR 161.1 185.5 4227 450.6
AR(12) 167.2 235.8 4232 501.5
AR(20) 1757 283.2 4320 5550
ALMON(12) 167.2 186.8 435.8 4582
ALMON(20) 162.8 182.4 4299 4523
HAR-MQ(12) 158.8 188.2 414.6 448.2
HAR-MQ(20) 162.3 191.7 4187 4523

AR(12)-MQ(12) 167.5 2409 4162 500.2
AR(12)-MQ(20) 1642 2376 4178 501.7
AR(20)-MQ(12) 1762 288.6 4255 554.1
AR(20)-MQ(20) 177.1 289.5 4292 557.8
ALMON(12)-MQ(12) 1832 207.7 466.1 494.1
ALMON(20)-MQ(12) 1793 203.7 461.9 489.8
ALMON(12)-MQ(20) 158.1 182.5 411.3 439.2
ALMON(20)-MQ(20) 212.0 2364 5223 5503

Note: In each category, the numbers of the three most informative models are shown in bold, while the best in
each category are underlined.

The HAR model performs well, and it is among the best three models in three out of four cases.
However, the ALMON(12)-MQ(20) model is not only among the best three models, but also the best in
three out of four cases. Furthermore, in the case where it performs second best, the BIC value differs
only marginally from that of the best model. Thus, the ALMON(12)-MQ(20) model appears to have
a good chance of being selected a priori (using the in-sample data) as a suitable candidate for further
usage/forecasting.

Let us consider the out-of-sample forecasting evaluation of the models. The maximum lag order does
not vary in the HAR, i.e., it is fixed at 20; thus, we set the HAR model precision as a benchmark in
the relative forecasting performance evaluation. Table 4 shows the relative out-of-sample mean squared
forecasting errors for the models characterized above. Tables D1 and D2 in Appendix D also contain
analogous results for the mean absolute percentage error (MAPE) and the mean absolute scaled error
(MASE) criterion, which is favored by [63]. The qualitative results are unchanged.
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Table 4. Relative out-of-sample forecasting precision (the benchmark is the mean squared forecasting error of the HAR model in each
case). Index: S&P 500 (live). Initial series: realized variance (RV). Transformation: log (10()\/ 252RV}). Forecasting horizon: one day.

Initial Estimation Sample:

1-1,000

1-1,000

1-2,000

Initial Forecast Sample:

1,001-2,000

1,001-3,000

2,001-3,000

Type of Forecast: Fixed  Recursive Rolling Fixed Recursive  Rolling Fixed  Recursive Rolling
HAR 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000
AR(12) 1.002 1.001 1.001 0.999 0.995 0.996 0.993 0.990 * 0.989 *
AR(20) 1.008 1.007 1.012 1.002 0.998 1.003 0.990 * 0.990 0.993
ALMON(12) 1.018 1.006 0.999 1.001 0.995 0.993 0.987 * 0.986 * 0.986 *
ALMON(20) 1.014 1.005 0.998 0.999 0.994 0.992 * 0.987 * 0.986 * 0.986 *
HAR-MQ(12) 0.996 0.995 0.996 1.002 1.001 1.001 1.009 1.005 1.005
HAR-MQ(20) 0.996 **  0.996 * 0.995 0.997 ** 0.999 0.999 1.001 1.001 1.002
AR(12)-MQ(12) 0.995 0.995 0.995 0.999 0.995 0.998 1.003 0.995 0.995
AR(12)-MQ(20) 0.998 0.999 0.999 0.997 0.993 * 0.995 0.992 0.989 * 0.988 *
AR(20)-MQ(12) 1.003 1.001 1.007 1.002 0.998 1.005 1.000 0.996 0.999
AR(20)-MQ(20) 1.004 1.004 1.009 1.000 0.997 1.003 0.991 0.991 0.995
ALMON(12)-MQ(12) 0.994 0.990 0.987 ** 0.994 0.991 * 0.988 ** 0.996 0.991 0.989
ALMON(20)-MQ(12) 0.993 0.990 0.987 ** 0.993 0.990 * 0.987 ** 0.996 0.991 0.990
ALMON(12)-MQ(20) 0.992 0.992 0.988 **  0.987 ***  (0.987 *** (0.985 *** (.985 **  (0.983 **  (.983 **
ALMON(20)-MQ(20) 0.992 0.992 0.988 ** 0.987 ***  (.987 *** (0.984 *** (985 **  (0.983 **  (.983 **

Note: The numbers of the two best performing models in each category are shown in bold. The models that
consistently outperform the HAR model in all of the situations considered are underlined. The cases rejected
significantly at the 10%, 5% and 1% levels, given the null hypothesis of equality to the HAR forecasting precision,
are indicated by *, ** and ***, respectively. The [64] test is applied with a squared-error loss function.
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Let us take a look at the results presented in Table 4. The numbers greater than one show that a
model under consideration is inferior to the HAR in terms of the forecasting precision. The numbers
shown in bold indicate the two models that perform best in each category in terms of the precision. In
addition, the cases are indicated where the hypothesis of equal performance, in comparison with the
HAR model, is rejected significantly using the [64] test '°, such that the forecast precision of a model
under consideration is not equivalent to the HAR model (in favor of the alternative that the mean squared
forecasting error of a model under consideration is less than that of the HAR forecast).

It can be seen that the relative performance of the unrestricted linear and ALMON models is mixed
compared with the HAR model. When the initial estimation sample size is 1,000, they are outperformed
by the HAR model in most cases, but for a larger sample size of 2,000 observations, the unconstrained
autoregressions and the ALMON model yield better (and sometimes significantly better) precision,
which is consistent with the findings in [56].

When the ALMON model is augmented with the moving median term, it outperforms all of the
models under consideration, and in many cases, it also leads to the rejection of the hypothesis that its
forecasting performance is equal to that of the HAR model. The moving median window of size of
20 appears to produce the best (or very close to the best) performance in all cases. However, even
using a window size of 12, which equals the number of terms favored by the information criteria in
the ALMON and unconstrained linear autoregression models (without MQs), produces a very similar
performance. It should be noted that these models belong to a set of five models (underlined in Table
4) that consistently outperform the HAR model in all of the situations considered (samples and types of
forecasting).

We recall that the ALMON(12)-MQ(20) model was favored by the information criteria in the
in-sample analysis. Hence, this precision would have been realized in practice if the standard model
selection procedures were employed as described previously. Thus, we can conclude that MQs were not
only significant in the in-sample analysis, but that they also were relevant for the improvement of the
out-of-sample forecasting precision.

5. Robustness and Extensions

In this section, we first present various sensitivity analyses using the S&P 500 index considered until
now with the best (AR-MQ) model developed in the previous section. Afterwards, we extend the scope
of analysis by: (1) allowing for some larger MQ window sizes than the window sizes up to 33 lags,
as defined by the rule 10log,, 7" that we previously considered; (2) considering more indices from the
Oxford-Man Institute database; and (3) testing for neglected non-linearity using the MQ and RESET

tests using the latest available dataset from the Oxford-Man Institute.

10" Whenever the models are nested or overlapping and the asymptotics is used where the out-of-sample forecasting interval
relative to the total number of observations is converging to a non-zero fraction, the [64] test is conservative (see, e.g.,
[65], [66] and [67]). However, whenever we used the Enc-t test statistic (for forecast encompassing) relying on the results
of [66], the qualitative picture did not change (available upon request from the authors).
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5.1. Sensitivity of S&P 500 Analysis

In this subsection, we are interested in whether the presented findings are sensitive to some deviations
from the previously considered situation in terms of the volatility measure, forecasting horizon, the usage
of the logarithmic transformation of RV and the length of the window (sample size) used to estimate
the parameters of the models. It should be pointed out that in all of these illustrations of robustness,
we re-estimated the parameters using the respective new data, but with the models having the same
specifications used in Table 4 without checking whether these models were the most informative given
the new data, as well as without taking into consideration that the residuals of the multi-step forecasting
models and of models without logarithmic transformation of the data depart severely from the white
noise assumption.

We start from the change of the employed measure of volatility. Namely, until this point, the
initial series that we used was the realized variance from the Oxford-Man Institute of Quantitative
Finance dataset, but the analogous result would also hold when, for example, the realized kernel is
used as an initial series (see Table El in Appendix E, where a one day ahead relative forecasting
precision is presented, which is analogous to Table 4). All of the features identified using the logarithm
of realized variance series remain, and the ALMON-MQ models are the best ones in terms of the
out-of-sample forecasting.

We previously concentrated on a comparison of a single day ahead forecasting performance, but
similar results are observed with more distant forecasts. Table E2 in Appendix E reports the relative
precision of the forecasting of realized volatility over a weekly period using an analogous representation
to that in Table 4. Here, again, the ALMON(12)-MQ(20) and ALMON(20)-MQ(20) models are
the best-performing and consistently outperform the HAR model in all of the situations considered
(underlined). However, an interesting feature appears that all of the other models, which include the
moving median with a window of size of 20 periods, also become consistently better than the HAR
model. On the other hand, the specifications of ALMON-MQ with the moving median with a window of
a size of only 20 periods become much less precise. It seems therefore that longer past horizons might
start to matter more whenever forecasting over longer future periods are of interest.

Relying on the observations that the logarithm of realized variance is much closer to normality
and less heteroscedastic than that without such a transformation, we previously considered the
logarithmically transformed series. However, similar findings are obtained when the logarithmic
transformation is not applied (see Table E3 in Appendix E). Namely, in most of the situations, the
ALMON(12)-MQ(12) and ALMON(12)-MQ(20) remain the best-performing models. However, in one
of the considered cases of samples, the forecasting precision produced by the HAR-MQ(20) is the best
one instead.

Finally, we evaluate the usage of shorter samples to estimate the parameters of the models. It can
be expected that a shorter estimation period allows the models to be more adaptive to the varying
volatility, and the standard HAR could perform relatively well. The results related to the sample sizes
of 125, 250 and 500 observations instead of the previously used 1,000 and 2,000 observations are
summarized in Table E4 in Appendix E. The previously established features apply also whenever the
sample of observations is reduced to 500 (see the fixed and rolling cases only, since in the recursive
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type of forecasting, the number of observations increases with the sample). Whenever the number of
observations, used to estimate the models, reduces further to 250 and 125, other models start appearing
among the best-performing ones. This can come from two sources. First, in shorter samples, coefficients
of the models become more adaptive to the changing process of volatility, thus eliminating the need
for describing the low-frequency fluctuation component in the level of volatility. Second, much shorter
samples create huge inefficiency of the estimator of MQ parameters, as was revealed in Subsection 3.4.
It is rather remarkable that even with the samples of 250 observations, the MQ effects seem to be still
helping to improve the forecasting precision.

To summarize the findings, the results are quite robust in these new situations, whenever the
estimation sample sizes are reasonable. Especially, the relevance of the moving median in producing

more precise forecasts is retained.

5.2. Relevance of Larger MQ Windows for S&P 500

As was identified in Section 3.4, in the presence of larger window sizes of MQs, much larger
samples are required relative to the window of MQs in order to get a satisfactory estimation precision.
For the linear autoregressions, it is also unlikely to have precise parameter estimates with, e.g., 100
or 200 parameters, even in samples of several thousand of observations. Hence, we do not strive for
any sophistication in introducing larger window sizes, but rely on the “parsimony” argument similar
to [30] and consider further “parsimonious” periods. Namely, we augment the previously developed
AR(12)-MQ(20), which was the best model in most of the considered situations, with the MQ terms
having windows of three and six months (namely, 60 and 120 days). We use the quartiles as the MQ
terms (the usage of the other structure of quantiles does not change the qualitative picture). Table 5
reports the in-sample findings, where only the significant quantiles are kept in the extended AR-MQ
models. For comparison purposes, we also include the previously used ALMON(12)-MQ(20) model
containing only the moving median term.

As can be seen, whenever the three-month MQ window is used, only the third quartile (go 75(60)) is
left as significant in the model. Hence, the quite extreme, but not the most extreme, observations over
this period seem to leave an imprint. However, the information criteria give little support to such an
extension !!, despite that the added MQ term seems to be statistically significant. On the other hand,
whenever the six-month MQ window is used (either separately or augmenting the three-month window
period), only the maximum term (¢; (120)) remains significant. It seems therefore that the longer periods
of MQ terms are quite relevant in explaining volatility, and the spikes of volatility have an influence on
the market development for quite a long time.

The out-of-sample forecasting performance of these models will be evaluated next using an extended
set of indices from the Oxford-Man Institute database.

' A part of this comes from the fact that we did not align the estimation samples here, but this does not change the
conclusion.
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Table 5. Estimated models: ALMON(12)-MQ(20) and its extensions (estimation sample:

1-2,000).
Extensions
Coefficients
none qo.75(60) q1(120)
Intercent 0.1239 *** 0.0812 * 0.0664
P (0.0405) (0.0459) (0.0451)
0.7205 *** 0.7317 *** 0.7222 ***
Yo (0.0469) (0.0484) (0.0487)
of ALMON restriction:
" —0.5960 ***  —(.5814 *** (. 5813 ***
! (0.0701) (0.0605) (0.0710)
of MQ terms:
. . . 0.2310 *** 0.1478 ** 0.1711 *%*
¢0.5(20) (moving median, window=20) 01 (0.0476) (0.0621) (0.0532)
. . . 0.0824 **
q0.75(60) (moving 3rd quartile, window=60) 62 (0.0381)
. . . 0.0592 ***
¢1(120) (moving maximum, window=120) 63 (0.0213)
Standard error of residuals 0.2680 0.2685 0.2668
Degrees of freedom 1,977 1,936 1,876
AIC 411.279 411.289 375.117
BIC 439.236 444715 408.354
S 10+ 02 18] 0.9514 0.9619 0.9524

Note: Standard errors of coefficients are reported in parentheses with *, ** and *** indicating the significance
at the 10%, 5% and 1% levels, respectively. {£; }?Zl are defined as in Equation (15) for the ALMON (k = 12)

model. The sufficient stability condition defined in Proposition 1 requires °°_, [6;] + 2]111 |5;| < 1 to hold.

5.3. Out-of-Sample Forecasting Performance (for More Indices)

Let us now turn to the consideration of the out-of-sample forecasting performance of the previously
developed models (developed for the realized volatility of S&P 500 index returns) whenever applied to
the first seven indices 2 provided in the Oxford-Man Institute database described in Section 4. To save
space, we present the results only of the rolling forecasting approach, which is preferable, given the
possibility of the presence of structural breaks (see, e.g., [68]).

Since we use models with several quantiles and different windows, let us introduce an
explicit definition of the cases under consideration in the names of the models. For instance,
ALMON(12)-MQ(20:0.5; 60:0.75) will indicate that there are two window lengths used of 20 and

12 Besides the previously defined abbreviation of S&P 500, we will use hereafter the following additional acronyms: FTSE
(Financial Times Stock Exchange), DAX (Deutscher Aktienindex), AORD (All Ordinaries), DJIA (Dow Jones Industrial
Average).
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60 days with the median (g 5) from the 20-day period and the third quartile (gy.75) from the 60-day
period included.

Table 6 reports the out-of-sample forecasting MSE of the models under consideration relative to the
MSE of the HAR model for the realized volatility of various indices.

Table 6. Relative out-of-sample forecasting precision (a benchmark is the mean squared
forecast error of the HAR model in each case). Indices: seven different. Initial series:
realized variance (RV). Transformation: log (100\/252]%%). Forecasting horizon: one day.
Forecasting type: rolling. Initial estimation sample: 1-2,000.

Indices:
Models e

S&P 500 FTSE 100 Nikkei 225 DAX Russell 2000 AORD DJIA

HAR 1.000 1.000 1.000 1.000 1.000 1.000 1.000

AR(12) 0.989 * 0.994 0.993 0.995 0.984 * 1.002 0.991

AR(20) 0.993 0.997 0.996 0.994 0.985 1.002 0.998
ALMON(12) 0.986 * 1.018 0.991 1.003 0.997 0.99 * 0.985 **
ALMON(20) 0.986 * 1.019 0.991 1.003 0.996 0.988 ** 0.985 **

HAR-MQ(12) 1.005 1.000 1.000 1.002 1.006 1.001 1.003

HAR-MQ(20) 1.002 1.001 0.996 0.998 1.000 1.001 0.999

AR(12)-MQ(12) 0.995 0.995 0.994 0.995 0.990 1.003 0.995

AR(12)-MQ(20) 0.988 * 0.993 0.989 ** 0.992 0.979 ** 0.997 0.99 *

AR(20)-MQ(12) 0.999 0.998 0.997 0.995 0.993 1.002 1.002

AR(20)-MQ(20) 0.995 0.997 0.992 0.992 0.985 1.003 0.997

ALMON(12)-MQ(12) 0.989 1.004 0.982 ** 0.991 0.986 * 0.991 0.990

ALMON(20)-MQ(12) 0.990 1.004 0.982 ** 0.990 0.986 * 0.988 ** 0.990
ALMON(12)-MQ(20) 0.983 ** 1.006 0.975 sk 0.987 * 0.979 sk 0.984 % () 983 sk
ALMON(20)-MQ(20) 0.983 ** 1.006 0.975 % 0.987 * 0.979 #** 0.987 ** 0.983 ##:*
ALMON(12)-MQ(20:0.5; 60:0.75)  0.982 ** 1.006 0.978 sk 0.987 * 0.976 *** 0.983 ** 0.984 **
ALMON(20)-MQ(20:0.5; 60:0.75)  0.982 ** 1.006 0.978 *#* 0.987 * 0.975 *** 0.985 ** 0.984 **
ALMON(12)-MQ(20:0.5; 120:1) 0.980 ** 1.006 0.978 sk 0.985 ** 0.975 0.985 ** 0.980
ALMON(20)-MQ(20:0.5; 120:1) 0.981 ** 1.006 0.978 *#* 0.986 ** 0.975 % 0.986 ** 0.981 *#*

Note: The numbers of the two best-performing models in each category are shown in bold. The model that
consistently outperforms the HAR model in all of the situations considered is underlined. The cases rejected
significantly at the 10%, 5% and 1% levels, given the null hypothesis of equality to the HAR forecasting precision,
are indicated by *, ** and ***, respectively. The [64] test is applied with a squared-error loss function.

In all of the cases, but FTSE 100 (for which the best-performing model is the AR(12)-MQ(20)),
the main features identified using the S&P 500 data regarding the AR-MQ models are retained.
Namely, the AR-MQ models have smaller forecasting MSE relative to the HAR, and the difference
is statistically significant.

The stable performance of the AR(12)-MQ(20) in terms of the HAR model (it should be pointed out
that the AR(12)-MQ(20) precision is also consistently better than that of the AR(12) in all of the cases)
implies that, even without imposing the restriction on the linear autoregressive part with the aim of
getting more efficient estimation of the parameters, the moving median affects positively the forecasting
precision of the unconstrained RV model. On the other hand, it can be observed that the usage of the
ALMON restriction alone does not ensure the stable outperforming of the HAR model. The coupling
of the two approaches (imposing an ‘adequate’ constraint and the usage of MQ terms) leads to the
best-performing model.

In the case of FTSE 100, it can be observed that the ALMON models (without MQ terms) fail
already in relative terms to the HAR model (although the additional usage of the MQ terms in
ALMON-MQ softens this failure). Hence, it seems that the adequacy of an imposed constraint on the
linear autoregressive part plays here a crucial role. In fact, although unreported in the table, the usage
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of, e.g., the HAR with the MQ(20:0.5, 120:1) terms yields a significant (at the 5% significance level)
out-of-sample forecasting improvement over the HAR model for the FTSE 100. However, such a model
performs less well for other indices and is therefore not included in Table 6.

The contribution of the longer-term MQ windows to the forecasting performance depends on the
horizon and the indices. For the S&P 500, DAX, Russell 2000 and DJIA indices, the six-month moving
maximum improves the precision, whereas for the AORD, the best performance is observed with the
three-month moving third quartile. Hence, in the five out of seven cases under consideration, the

forecasting performance was further improved by adding the longer spans of moving quantiles.

5.4. MQ and RESET Testing Results Using the Latest Available Dataset (for October 8, 2014)

Until now, we concentrated mostly on the out-of-sample forecasting value of the MQ terms by
imitating the in- and out-of-sample modeling and forecasting procedure. However, as pointed out,
e.g., in [69], whenever the testing or discrimination among models is performed, it is unreasonable
to omit the available information, and the tests should be applied using the whole dataset. In this
subsection, we therefore present the testing results for the significance of the MQ terms using the whole
dataset. In fact, we use the latest dataset available for the moment of the revision of the paper from the
Oxford-Man Institute of Quantitative Finance dated October 8, 2014. Such a choice is motivated by
the fact that, whenever we used the 3,000 observations that were employed in the previous forecasting
exercises, the results seemed to be too good 2.

Table 7 reports the heteroscedasticity-consistent testing results for the MQ test (as in Theorem ' 1)
with three and five moving quantiles (min-med-max and quartiles, correspondingly). In light of the
results of Subsection 3.6, we also present the testing results using the heteroscedasticity-consistent
RESET tests. For the RESET tests and the linear autoregressive part of the MQ test, we consider
k € {12,20}, motivated by the information criteria and the HAR specification. For the MQ effects,
we cover the lag windows of 20, 60 and 120, in connection with the previously performed analysis.

For the linear autoregression of order £ = 12, the null hypothesis of linearity is rejected at the 1%
significance level using the MQ test in all cases, but one (for the DJIA with MQ 60 period window,
the p-value is 0.013). For the linear autoregression of order £ = 20, the null hypothesis of linearity is
rejected at the 5% significance level at least for some windows of MQs.

Aside from the Russell 2000 case, the linearity is rejected using the MQ test at (considerably)
smaller significance levels, and the RESET tests are often insignificant (at the 5% significance level
say), especially whenever the linear autoregression of order £ = 20 is under consideration. In the cases
of Russell 2000, the presence of other non-linearities against which the MQ test has smaller power than
the RESET tests seems to be very likely. For the DJIA, DAX and S&P 500, the possibility of a Markov

The linearity was strongly rejected using the heteroscedasticity-consistent MQ test (p-values for at least some MQ
windows were not higher than 0.02), whereas the p-values of the RESET tests were highly insignificant for all but the
Russell 2000 index.

It is of interest to note that the p-values of the MQ tests as in Remark 3, where either the HAR or the exponential Almon
restrictions were imposed on the linear autoregressive part of the AR-MQ model, were slightly worse than that of the test
without the constraints. In light of the results presented in Subsection 3.5, this fact can suggest that there is still room for
searching for a more adequate restriction of the linear part of the model.
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regime-switching GARCH process, which leads to powerful MQ and less powerful RESET tests, is
also probable.

Table 7. Heteroscedasticity robust p-values of the MQ and RESET testing (for neglected
non-linearity).

AR Order Under HO Test Specification Indices:
S&P 500 FTSE 100 Nikkei225 DAX Russell 2000 AORD DJIA
MQ(20: 0,0.5,1) 0.002 0.002 0.001 0.000 0.002 0.003 0.001
MQ(60: 0,0.5,1) 0.001 0.000 0.010 0.001 0.000 0.000 0.004
MQ(120: 0,0.5,1) 0.000 0.000 0.001 0.000 0.001 0.000 0.000
MQ(20: 0,0.25,0.5,0.75,1) 0.005 0.000 0.006 0.000 0.002 0.010 0.001
k=12 MQ(60: 0,0.25,0.5,0.75,1) 0.005 0.000 0.008 0.002 0.002 0.000 0.013
MQ(120: 0,0.25,0.5,0.75,1) 0.000 0.000 0.003 0.003 0.006 0.000 0.001
RESET(2) 0.048 0.863 0.348 0.068 0.000 0.248 0.018
RESET(2:3) 0.040 0.045 0.524 0.014 0.001 0.311 0.005
RESET(2:4) 0.080 0.090 0.691 0.031 0.002 0.466 0.011
MQ(20: 0,0.5,1) 0.012 0.009 0.298 0.001 0.022 0.535 0.007
MQ(60: 0,0.5,1) 0.035 0.001 0.121 0.132 0.024 0.000 0.071
MQ(120: 0,0.5,1) 0.001 0.003 0.012 0.026 0.037 0.004 0.002
MQ(20: 0,0.25,0.5,0.75,1) 0.032 0.031 0.548 0.007 0.042 0.667 0.008
k=20 MQ(60: 0,0.25,0.5,0.75,1) 0.076 0.005 0.085 0.167 0.087 0.002 0.133
MQ(120: 0,0.25,0.5,0.75,1) 0.003 0.012 0.031 0.084 0.103 0.003 0.008
RESET(2) 0.055 0.707 0.304 0.063 0.001 0.249 0.025
RESET(2:3) 0.058 0.106 0.491 0.029 0.002 0.353 0.010
RESET(2:4) 0.112 0.191 0.660 0.061 0.005 0.515 0.024

Note: Figures in bold highlight the cases where the linearity is rejected at the 5% significance level, and the red
ones highlight the cases where the rejection is at the 1% significance level.

6. Final Remarks

The non-linear autoregression model with MQs in the DGP introduced in this paper can produce
realizations looking as if they have both the structural breaks and the long-memory pattern. Such
features are often observed in empirical data. Hence, it seems to be important to test using the proposed
instruments whether the observed ‘persistence’ and ‘structural breaks’ cannot be caused by the presence
of moving quantiles.

The presented simulations reveal that, in order to obtain the satisfactory precision of estimates and
the possibility to draw conclusions using the limiting distribution of the tests, much larger samples than
the (unknown) window of moving quantiles is required. Provided that such a ‘memory window’ of the
historical characteristics is relatively lengthy, the most likely detection of the proposed effects can be
expected in financial data. It is less likely to be detected in macroeconomic process, unless the relevant
‘memory window’ of MQs were much shorter.

The preformed simulations also revealed that the RESET tests fail to detect the moving quantiles’
non-linearity, irrespective of orders used for the testing. Since the RESET tests have power against many
other non-linearities, the significance of the MQ test and insignificance of the RESET tests can be a
useful indicator that the MQ modeling could be relevant.

In the empirical illustration of the application of the proposed model, we showed that the moving
quantiles improve the forecasting precision of the realized volatility. Further, relative precision gains can
be expected by considering more complicated structures of moving quantiles, possibly with time-varying
window sizes, lagging effects, etc. Similar to [70], the importance of other exogenous variables (and their
MQs) could be explored, as well as more complex nonlinearity structures, e.g., allowing for interactions,



Econometrics 2015, 3 34

asymmetries, efc. However, these extensions would require further development of the underlying
theoretical framework.

For the S&P 500 index, it is interesting to note that not only the ALMON-MQ models outperformed
the benchmark in all cases, but also the relative precision of these models was even better during
the out-of-sample periods (1,000-3,000 and 2,000-3,000), which included the more volatile period of
observations 2,000-3,000. This finding is similar to that reported by [70], who used a different nonlinear
model with exogenous explanatory variables.

Based on the simple case considered in this study, we can obtain an interesting interpretation of the
result that the moving median was the most informative variable among the MQs considered. As the
moving median is a robust filter, this suggests that the participants in the financial market might also
value/respond to a robust measure of recent volatility. Since we found that these effects become more
relevant during more volatile periods, this might suggest that the markets during high volatility become
or are considered to be noisy, and therefore, more robust measures become more relevant. This finding
appears to provide an important new feature that augments the usual philosophy underlying the models
of conditional heteroscedasticity.

On the other hand, the significance of longer ‘parsimonious’ periods of MQ terms also point to
the fact that the extreme levels of volatility reached within, e.g., half a year remain remembered and
result in a somewhat higher volatility level thereafter during this period. Apart from a general increase
of uncertainty induced by some excess periods of volatility, it might be the case that some market
participants do not close their (unfavorable) open positions whenever some shocks occur in the market,
causing higher volatility periods. They wait instead for some ‘parsimonious’ period, which depends on
their financial resources and the size of open positions, for a more favorable situation and an opportunity
to close the position without a (or with a smaller) loss.

The fact that the best results are often obtained for models where the exponential Almon restriction
and the MQ terms are present can shed light on the contributions from two different components
(similar to the idea presented in [44]). The exponential Almon restriction imposes an exponential decay
of the autoregressive effects and can reasonably model only the very short memory effects; whereas
the usage of moving quantiles seems to capture the development in the lower frequency component.
However, other than in [44], this low frequency component in our model has an endogenous nature.

The established findings seem to be quite robust in various sensitivity analyses. Even using the
specifications developed for the S&P index, the main features remain observable for several other
considered indices. Furthermore, the empirical application of the MQ and RESET tests using the latest
available dataset also indicates that the MQ effects are very likely to be present in a number of the
considered realized volatility series. Therefore, it seems that our simple illustration of the usage of
AR-MQ models could also have some value.
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Appendix

A. Proofs

Proof of Proposition 1. Starting from model in Equation (1) and using Equation (2), we obtain:

k
h(@pir) = c+ @Tpy1 + 0'q,, 1 =c+ Y (¢ +0j)70,

j=1
and:
k
(@rs )| < lel + > lagellwejl, aje = d;+ 05 (A1)
j=1
Using the explanation of 6, ; given in Equation (2) and noting that for each fixedtand¢ = 1,2, ... ,m,

itholdsthat I, ;, = 1 = 1, = 0, 7 # j, we obtain:

m
E 01405 ¢

i=1

k

k
REDD
j=1

J=1

m k
< 10D Wi
=1 j=1

|01| mjax 51'7]'775

< 16;]

i=1
i=1
where the last inequality follows because of 9, ;; € [0, 1].

Hence,
k k k k
D agel =D 1y 4056l <D 1dsl + D 1054l < llplla +116]]s (A2)
i=1 j=1 j=1 -1

Since, the linear function is also bounded on compacts, E|{;| < oo, and the error term has
an absolutely continuous distribution with a density positive almost everywhere by assumption, the
geometric ergodicity of the model-related Markov chain follows from [34], provided ||¢||1 + ||0]]1 < 1.
Then, Theorem 2.2 of [33] delivers the necessary result for the existence of a strictly stationary (causal)
solution. []
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Proof of Proposition 2. Since F|&|” < oo is assumed, based on Theorem 2 in [40], it is necessary to
show that there exist a positive number 0 < p < 1 and a constant ¢ > 0, such that:

h < lae
|h(Trs—1)] < p e{rlr}angk}!xt jl+e

However, this follows in a straightforward manner from inequality defined in Equations (A1) and
(A2), by letting p := 3% |aj| < [|@]l1 + |01 and ¢ := |c|. O

Proof of Proposition 3. Recall from Proposition 1 and Remark 1 that {z;} and {qti boi=1,2,...,m,

|<Z]1|xtj| i=1,2,...,m, based
on the Minkowski inequality and stationarity of {z;}, we obtain, for a fixed k and > 1,

are stationary and ergodic sequences. Since, by definition,

k

> (E|xt_j|r)1 <KE|z|,i=12,...,m

Jj=1

E|Q§1)1’T <

The Cauchy-Schwarz inequality also yields E|qﬁ)1xt_j| < \/ E |qt(i)1 2E|x,_;|? for each i, j, t. Hence,
E¢? < oo and Proposition 2 imply that C' := Ez;z} < .

For a fixed k, let T}, := T — k. Let us note that Fz,{, = E (z,E&|z;) = 0 and 2§ is also a
stationary and ergodic sequence, due to, for example, Proposition 3.36 in [71]. Hence, based on the
Slutsky, continuous mapping and ergodic theorems (see, e.g., [72]), we have:

1 & Ty g
n—n= <ka Z thz/t) ,_ZTk Z 2e& = Oppmt
t=k-+1 t=k+1

asT — oo a.s.

To prove the remaining second part, consider:

T 1 —1/2
_1 ( Z ztz;) (n—mn) =0; ( Z ztzt> Tk Z z&, (A3)
t=

t=k+1 t k+1 k+1

Since, for a given £, Tik ZtT:k 11 2t2; — Cas T — oo as., for the analysis of the convergence of the
distribution, consider:

dT :O'_IC 1/2\/_ Z zt&

t=k+1
Let us note that for F; = {5, &}te<t, E tht’]:t 1) = Ogyme1 and E (ffztz”]-}_l) = ngtz;.
Hence, Var( T2 Zt kb1 zt£t> = Var(z:§) = o¢ 2C. Asaresult, Fdy = 044,11 and Edrd, =

Litm+1.
These results combined with those derived in the first part of the proof ensure the conditions needed
for Theorem 5.25 in [71]; thus, the result follows. [
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Proof of Theorem 1. Using Equations (10) and (11) and noting that M H = H because of the
idempotency of M., it follows that:

0 H'HO/o} = «/'H (H'H) ' H'a/o?
/ —1 2
= (M¢+ HO) H(H'H) ' H' (M¢ + HO) /o7
=¢H (HH) H'¢/o? + (0/H'HO + 2¢ HO) |5}

=¢' ¢+ D(0)
where:
D(6) :=[0'H'HO + 2¢'HO)| /o¢
and:
¢:=o  (HH) " H'¢
Since, under Hy : 8 = 0,,, the autoregressive process is stationary and ergodic provided the

conditions given in the theorem are satisfied, the { ~ N (0,,,1,,) can be established along the same
lines as in Proposition 3.

Therefore, under Hy : 8 = 0,,, the claimed distribution of the test statistic is obtained asymptotically,
whereas under H, : 6 # 0,,, the test statistic diverges because of ' H'H@/0? — oo a.s.. [

Proof of Remark 3. After using the corresponding definitions presented just before Remark 3, the proof
is analogous to that of Theorem 1. [

B. Additional Results from the Simulations

Figure B1 shows the Q—Q plots and distribution of the realizations of the AR-MQ model.

Figure B2 shows the power in finite samples of the MQ test against non-linearities N1-N8 (from the
N block in Table 1).

Figure B3 shows the absent power of the MQ test against non-linearities N9-N14 (from the N block
in Table 1).
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Q—Q plot of AR—MQ realization (k=20)
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Figure B1. The Q—Qplots (sample quantiles versus the theoretical ones) of 2,000 realizations
of the AR-MQ model (with the moving maximum from the indicated window sizes k) and
the (non-parametrically estimated) density of the standardized realization of the case with

k = 60 (bottom right).

Note: It should be pointed out that some observed variability comes from the realized sample effects,
which disappears with the usage of, e.g., 10,000 observations.
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Figure B2. Distribution of empirical sizes of the MQ test for the data generated by the
non-linear processes N1-N8 (DGPs from the N block in Table 1).
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Figure B3. Distribution of empirical sizes of the MQ test for the data generated by the

non-linear processes N9—-N14 (DGPs from the N block in Table 1).
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C. Examples of Estimated Models for the S&P 500 Index Returns (Estimation Sample: 1-2,000)

Table C1. Examples of selected estimated models (estimation sample: 1-2,000).

Models
Coefficients HAR  HAR-MQ(20) ALMON(12) ALMON(12)-MQ(20)
Intercent 0.1309 **%  (0.1249 **x* 0.1788 **x* 0.1239 ##x*
P (0.0402) (0.0396) (0.0422) (0.0405)
y 0.2541 **%  (.2535 ***
L (0.0308) (0.0309)
0.4712 ##%  (.4755 ***
f HAR restriction:
© restriction: 2 )508) (0.0503)
y 0.2196 *** —0.1231
5 (0.0423) (0.1555)
" 0.9296 *#* 0.7205 *#*
1
o (0.0167) (0.0469)
of ALMON restriction: . 03965 05960 ***
2 (0.0321) (0.0701)
of moving median 0 0.3453 == 0.2310 =
& (0.1501) (0.0476)
Standard error of residuals 0.2688 0.2685 0.2697 0.2680
Degrees of freedom 1976 1975 1985 1977
AIC 422.655 418.750 435.775 411.279
BIC 450.609 452.295 458.155 439.236
0] + 35 1651 0.9448 1.1358 0.9296 0.9514

Note: Standard errors of the coefficients are reported in parentheses, where *, ** and *** indicate significance
at the 10%, 5% and 1% levels, respectively. {¢; }§=1 are defined as in Equations (14) and (15) for the HAR
(k = 20) and ALMON (k = 12) models, respectively. The sufficient stability condition defined in Proposition 1
requires that || + 2?21 || < 1 holds.

Table C2. Prevalence of the sufficient stability condition defined in Proposition 1 for the
estimated models with MQ terms.

Estimation Sample

1-1,000 1-2,000 1-3,000
HAR-MQ(12) + + +
HAR-MQ(20) +

AR(12)-MQ(12) - - -

AR(12)-MQ(20) + + +

AR(20)-MQ(12)

AR(20)-MQ(20) - . -
ALMON(12)-MQ(12) + + +
ALMON(20)-MQ(12) + + +
ALMON(12)-MQ(20) + + +
ALMON(20)-MQ(20) + + +

Note: “+” denotes that a sufficient stability condition defined in Proposition 1 is satisfied. “~” indicates that it is

not. Models that satisfy the condition in any sample are underlined.
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Figure C1. The empirical autocorrelation functions (ACF) of the residuals of the
estimated models: HAR (left-top), HAR-MQ(20) (right-top), ALMON(12) (left-bottom)
and ALMON(12)-MQ(20) (right-bottom).
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D. Out-of-Sample Forecasting Precision: MAPE (Table D1) and MASE (Table D2)

Table D1. Relative out-of-sample forecasting precision (the benchmark is the mean absolute percentage error (MAPE) of the HAR
model in each case). Index: S&P 500 (live). Initial series: realized variance (RV). Transformation: log (100\/252RVt). Forecasting
horizon: one day.

Initial Estimation Sample: 1-1,000 1-1,000 1-2,000
Initial Forecast Sample: 1,001-2,000 1,001-3,000 2,001-3,000

Type of Forecast: Fixed Recursive Rolling Fixed Recursive  Rolling Fixed Recursive  Rolling

HAR 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000

AR(12) 1.000 1.000 1.001 1.001 0.997 0.997 0.997 0.993 * 0.992

AR(20) 1.001 1.001 1.001 1.001 0.997 1.000 0.995 0.993 ** 0.995
ALMON(12) 1.012 1.003 0.999 1.003 0.997 0.995 * 0.990 0.991 * 0.990 *
ALMON(20) 1.009 1.001 0.998 1.001 0.996 0.994 * 0.991 0.991 * 0.991 *

HAR-MQ(12) 0.997 *  0.997 * 0.998 1.000 0.999 0.999 1.004 1.002 1.001

HAR-MQ(20) 0.998 0.999 0.999 0.998 * 0.999 0.999 0.999 0.999 0.998

AR(12)-MQ(12) 0.996 0.996 0.998 0.998 0.995 * 0.996 1.000 0.994 0.992
AR(12)-MQ(20) 0.997 0.999 1.000 0.999 0.996 * 0.996 0.995 0.992 ** (0,992 **

AR(20)-MQ(12) 0.998 0.998 0.998 1.000 0.996 0.999 0.998 0.993 0.996
AR(20)-MQ(20) 0.999 1.001 1.000 0.999 0.995 0.999 0.992 0.989 ** 0.991 *

ALMON(12)-MQ(12) 0.996 0.994* 0994+  0.995 * 0.993 **  (0.992 ** 0.994 0.991 * 0.990 **
ALMON(20)-MQ(12) 0.995*  0.994* 0994 * 0.994 ** 0992 **  (0.992 ** 0.994 0.991 * 0.990 **
ALMON(12)-MQ(20) 0.993 * 0.995 0.995 * 0990 ***  0.992 ***  (0.992 *** (987 ***  (.988 ***  (.988 ***
ALMON(20)-MQ(20) 0.993 * 0.995 0.995 *  0.990 ***  (0.992 *** (0,992 *** (0,989 ***  (.988 ***  (,988 ***

Note: The numbers of the two best-performing models in each category are shown in bold. The models that
consistently outperform the HAR model in all of the situations considered are underlined. The cases rejected
significantly at the 10%, 5% and 1% levels given that the null hypothesis implies equality to the HAR forecasting
precision are indicated by *, ** and ***, respectively. The [64] test is applied with an absolute error loss function.
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Table D2. Relative out-of-sample forecasting precision (the benchmark is the mean absolute scaled error (MASE) of the HAR model
in each case). Index: S&P 500 (live). Initial series: realized variance (RV). Transformation: log (100\/ 252RVt). Forecasting horizon:
one day.

Initial Estimation Sample: 1-1,000 1-1,000 1-2,000
Initial Forecast Sample: 1,001-2,000 1,001-3,000 2,001-3,000
Type of Forecast: Fixed Recursive Rolling Fixed Recursive Rolling Fixed Recursive Rolling
HAR 1.000 1.000 1.000  1.000 1.000 1.000  1.000 1.000 1.000
AR(12) 0.998 1.000 1.001  1.000 0.996 0.996  0.997 0.993 0.991
AR(20) 0.999 1.002 1.002  1.000 0.997 0.999  0.995 0.992 0.994
ALMON(12) 1.006 1.000 0.997  0.999 0.996 0.995  0.993 0.992 0.992
ALMON(20) 1.004 0.999 0.996  0.998 0.995 0.994  0.993 0.992 0.992
HAR-MQ(12) 0.996 0.996 0.998  1.000 1.000 1.000  1.005 1.003 1.002
HAR-MQ(20) 0.999 0.999 0.999  0.999 1.000 1.000  1.001 1.000 1.000
AR(12)-MQ(12) 0.994 0.995 0.997  0.999 0.995 0.996  1.002 0.995 0.993
AR(12)-MQ(20) 0.997 1.000 1.001  0.999 0.996 0.996  0.996 0.992 0.991
AR(20)-MQ(12) 0.996 0.998 0.998  1.000 0.996 1.000  1.000 0.994 0.996
AR(20)-MQ(20) 0.998 1.001 1.001  0.999 0.995 0.999  0.994 0.990 0.991

ALMON(12)-MQ(12) 0.994 0.993 0.993 0.994 0.993 0.992  0.996 0.993 0.991
ALMON(20)-MQ(12) 0.993 0.992 0.992  0.993 0.992 0.992  0.996 0.993 0.992
ALMON(12)-MQ(20) 0.993 0.995 0.995  0.990 0.992 0.991 0.989 0.988 0.988
ALMON(20)-MQ(20) 0.993 0.995 0.995  0.990 0.992 0.991  0.989 0.988 0.988

Note: The numbers of the two best-performing models in each category are shown in bold. The models that
consistently outperform the HAR model in all of the situations considered are underlined.
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E. Robustness Analysis

Situations under consideration:

Table E1 shows the forecasting results with the realized kernel (RK) estimator of volatility.

Table E2 shows the forecasting results over a week ahead.
Table E3 shows the forecasting results without logarithmic transformation.
Table E4 shows the forecasting with sample sizes of 125, 250 and 500 observations.

Table E5 shows the forecasting results for the DJIA index.

45

Table E1. Relative out-of-sample forecasting precision (the benchmark is the mean squared forecast error of the HAR model in each
case). Index: S&P 500 (live). Initial series: realized kernel (RK). Transformation: log (100\/252RKt). Forecasting horizon: one day.

Initial Estimation Sample: 1-1,000 1-1,000 1-2,000
Initial Forecast Sample: 1,001-2,000 1,001-3,000 2,001-3,000
HAR 1.000 1.000  1.000 1.000 1.000 1.000 1.000 1.000 1.000
AR(12) 0.999 0.999 1.000 0.998 0.995 0.997 0.992 0.991 0.990
AR(20) 1.006 1.005 1.009 1.000 0.998 1.003 0.989 * 0.991 0.993
ALMON(12) 1.020 1.008  1.002 1.004 0.998 0.998 0.988 0.988 0.988
ALMON(20) 1.017 1.007 1.001 1.003 0.997 0.997 0.989 0.989 0.988
HAR-MQ(12) 0.998 0.998 0.998 1.003 1.001 1.001 1.007 1.004 1.004
HAR-MQ(20) 1.000 0.999 0.998 1.000 0.999 1.000 0.999 1.000 1.000
AR(12)-MQ(12) 0.992 0995 0.997 0.997 0.995 0.998 1.001 0.996 0.996
AR(12)-MQ(20) 1.001 0.999 1.001 0.999 0.994 0.997 0991 * 0990*  0.989 *
AR(20)-MQ(12) 1.000 1.002 1.006 0.999 0.998 1.004 0.997 0.995 0.998
AR(20)-MQ(20) 1.007 1.005 1.008 1.000 0.997 1.003 0.988 0.990 0.993
ALMON(12)-MQ(12) 0.993 0.992 0.990 * 0.993 0.991 *  0.989 ** 0.993 0.989 0.988 *
ALMON(20)-MQ(12) 0.992 0992 0989 * 0992* 0991 * (0.988 ** 0.993 0.989 0.988 *
ALMON(12)-MQ(20) 0.993 0.993 0991 * 0.987 *** 0988 * 0.987 *** (.983 ** (.983 ** (.982 **
ALMON(20)-MQ(20) 0993 0993 0.991* 0.987 *** 0988 * 0.986 *** 0.983 ** (.983 ** (.982 **

Note: The numbers of the two best-performing models in each category are shown in bold. The models that
consistently outperform the HAR model in all of the situations considered are underlined. The cases rejected
significantly at the 10%, 5% and 1% levels given the null hypothesis of equality to the HAR forecasting precision
are indicated by *, ** and ***, respectively. The [64] test is applied with a squared-error loss function.
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Table E2. Relative out-of-sample forecasting precision (the benchmark is the mean squared forecast error of the HAR model in each case).
Index: S&P 500 (live). Initial series: realized variance (RV). Transformation: log (100\/252]%\/;). Forecasting horizon: one week.

Initial Estimation Sample: 1-1,000 1-1,000 1-2,000
Initial Forecast Sample: 1,001-2,000 1,001-3,000 2,001-3,000
Type of Forecast: Fixed  Recursive Rolling Fixed Recursive Rolling Fixed Recursive Rolling
HAR 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000
AR(12) 0.993 0.986 0.987 0.997 0.994 0.999  0.997 1.000 0.999
AR(20) 0.995 0.988 0.998 0.998 0.993 1.005 0.992 0.997 0.998
ALMON(12) 1.031 1.010 1.005 1.016 1.004 1.004 1.002 1.000 0.999
ALMON(20) 1.015 1.003 0.998 1.008 1.001 0.999 1.002 1.000 0.999
HAR-MQ(12) 0.992 0.984 * 0.981 * 1.001 0.998 0.997 1.013 1.008 1.008
HAR-MQ(20) 0.995 **  0.991 **  (0.983 ** (.995 *** 0.993 0.992  0.996 0.995 0.998
AR(12)-MQ(12) 0.986 0.977 0.978 0.993 0.992 0.998 1.002 1.002 1.004
AR(12)-MQ(20) 0.988 0.979 * 0.980 0.993 0.986 0.990  0.990 0.991 0.990
AR(20)-MQ(12) 0.989 0.981 0.988 0.996 0.992 1.004  0.997 1.000 1.003
AR(20)-MQ(20) 0.992 0.982 0.984 0.996 0.987 0.999  0.987 0.992 0.995
ALMON(12)-MQ(12) 1.178 1.156 1.116 1.227 1.238 1.223 1.294 1.296 1.299
ALMON(20)-MQ(12) 0.985 0.971 0.966 ** 0.991 0.987 0.983 1.003 0.998 0.998
ALMON(12)-MQ(20) 0.988 0.977*  0.973 ** 0.987 0.980 * 0.978 *  0.982 0.982 0.981
ALMON(20)-MQ(20) 0.988 0977 * 0971 ** 0.987 0.980 *  0.977 ** 0.982 0.982 0.982

Note: The numbers of the two best performing models in each category are shown in bold. The models that
consistently outperform the HAR model in all of the situations considered are underlined. The cases rejected
significantly at the 10%, 5% and 1% levels given the null hypothesis of equality to the HAR forecasting precision
are indicated by *, ** and ***, respectively. The [64] test is applied with a squared-error loss function.
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Table E3. Relative out-of-sample forecasting precision (the benchmark is the mean squared forecast error of the HAR model in each
case). Index: S&P 500 (live). Initial series: realized volatility (RV). Transformation: 100,/252RV;. Forecasting horizon: one day.

Initial Estimation Sample: 1-1,000 1-1,000 1-2,000
Initial Forecast Sample: 1,001-2,000 1,001-3,000 2,001-3,000
Type of Forecast: Fixed Recursive Rolling Fixed Recursive Rolling Fixed Recursive Rolling
HAR 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000
AR(12) 1.015 1.013 1.018 0.994 0.994 1.020 0.989 0.991 0.991
AR(20) 1.026 1.021 1.037 1.003 1.010 1.067 0.991 1.008 1.015
ALMON(12) 1.044 1.023 1.006 1.008 0.996 0.990 1.000 0.992 0.990
ALMON(20) 1.037 1.020 1.004 1.006 0.996 0.990 1.000 0.992 0.991
HAR-MQ(12) 0.996 0.995 0.997 1.029 1.009 1.007 1.030 1.011 1.010
HAR-MQ(20) 0.988 ***  0.993 * 0.997 0.996 1.002 1.010 1.001 1.004 1.004
AR(12)-MQ(12) 0.995 1.001 1.013 1.014 0.998 1.022 1.019 0.998 0.999
AR(12)-MQ(20) 1.008 1.009 1.019 0.991 0.995 1.029 0987 * 0.992 0.993
AR(20)-MQ(12) 1.012 1.011 1.032 1.027 1.014 1.066 1.023 1.015 1.022
AR(20)-MQ(20) 1.014 1.014 1.035 0.998 1.013 1.079 0.991 1.012 1.020
ALMON(12)-MQ(12) 1.009 1.016 1.020 1.056 1.045 1.038 1.067 1.050 1.049
ALMON(20)-MQ(12) 0.989 1.019 1.025 1.010 0.996 0.999 1.066 0.992 0.990
ALMON(12)-MQ(20) 0.996 1.002 1.046  0.982 ** 0.987 0.985 0.981 ** 0.984 0.981 *
ALMON(20)-MQ(20) 0.996 1.002 0.998 0982 **  0.981** 0.979* 0.981** 0.977 **  0.976 **

Note: The numbers of the two best-performing models in each category are shown in bold. The cases rejected
significantly at the 10%, 5% and 1% levels given the null hypothesis of equality to the HAR forecasting precision
are indicated by *, ** and ***, respectively. The [64] test is applied with a squared-error loss function.
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Table E4. Relative out-of-sample forecasting precision (the benchmark is the mean squared forecasting error of the HAR model in each
case). Index: S&P 500 (live). Initial series: realized variance (RV). Transformation: log (10()\/ 252RV}). Forecasting horizon: one day.

Initial Estimation Sample: 1-125 1-250 1-500
Initial Forecast Sample: 126-3,000 251-3,000 501-3,000
Type of Forecast: Fixed Recursive Rolling Fixed Recursive Rolling Fixed Recursive  Rolling
HAR 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000
AR(12) 1.150 1.000 1.079 1.032 0.997 1.029 1.006 0.996 1.008
AR(20) 1.121 1.008 1.172 1.062 1.003 1.070 1.059 1.003 1.031
ALMON(12) 1.314 0.997 0.978 ***  1.044 0.994 0.991 * 1.019 0.993 0.992 *
ALMON(20) 1.259 0.996 0.982 ***  1.045 0.994 0.990 ** 1.016 0.993 0.991 **
HAR-MQ(12) 0.982 *** 1.000 1.006 1.002 1.001 1.004 1.012 1.002 1.004
HAR-MQ(20) 1.076 1.000 1.015 1.010 0.999 1.003 0.998 0.999 0.999
AR(12)-MQ(12) 1.124 1.001 1.081 1.029 0.997 1.034 1.005 0.996 1.009
AR(12)-MQ(20) 1.396 1.001 1.093 1.057 0.997 1.034 1.032 0.996 1.010
AR(20)-MQ(12) 1.132 1.008 1.179 1.059 1.004 1.076 1.057 1.004 1.031
AR(20)-MQ(20) 1.401 1.009 1.200 1.094 1.004 1.075 1.062 1.003 1.030
ALMON(12)-MQ(12) 1.065 0.991 * 0.992 1.007 0.991* 0.991 ** 0.999 0.991 ***  (0.990 **
ALMON(20)-MQ(12) 1.019 0.991 *** (988 *** 1.008  0.992* 0.993 * 0.999 0.991 ***  (0.990%*
ALMON(12)-MQ(20) 1.101 0.990 *** 0.997 1.006  0.989 *** (0.992 ** (0.987 ***  (0.986 *** (.987 ***
ALMON(20)-MQ(20) 1.098 0.990 *** 1.000 1.006  0.989 ***  (0.993 *  (0.987 *** (0.986 *** (.986 ***

Note: The numbers of the two best-performing models within each category are bold faced. The models that
consistently outperform the HAR model in all of the considered situations are underlined. The cases significantly
rejecting at 10%, 5% and 1% levels the null hypothesis of equal to the HAR forecasting precision are indicated
by *, ** and ***, respectively. The [64] test is applied with a squared-error loss function.
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Table ES. Relative out-of-sample forecasting precision (the benchmark is the mean squared forecast error of the HAR model in each
case). Index: DJIA (live). Initial series: realized variance (RV). Transformation: log ( 100\/252}%‘/}). Forecasting horizon: one day.

Initial Estimation Sample:

1-1,000

1-1,000

1-2,000

Initial Forecast Sample:

1,001-2,000

1,001-3,000

2,001-3,000

Type of Forecast: Fixed Recursive Rolling Fixed Recursive  Rolling Fixed Recursive  Rolling
HAR 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000
AR(12) 0.998 0.999 1.000 0.999 0.994 0.996 0.993 0.990 0.991
AR(20) 1.000 1.003 1.007 0.999 0.997 1.003 0.994 0.993 * 0.998
ALMON(12) 1.015 1.007 1.001 0.998 0.994 0.993 0.984 **  (0.984 **  (.985 **
ALMON(20) 1.011 1.005 0.999 0.996 0.993 0.992 * 0.984 **  (0.984 **  (.985 **
HAR-MQ(12) 1.006 1.001 1.000 1.009 1.003 1.002 1.006 1.004 1.003
HAR-MQ(20) 1.002 1.002 1.003 1.001 1.000 1.001 0.999 0.999 0.999
AR(12)-MQ(12) 1.003 1.002 1.003 1.009 0.997 0.999 1.000 0.994 0.995
AR(12)-MQ(20) 0.992 * 0.999 1.002 0.995 0.993 * 0.996 0.992 0.989 * 0.990 *
AR(20)-MQ(12) 1.007 1.006 1.010 1.011 1.001 1.007 1.001 0.997 1.002
AR(20)-MQ(20) 1.003 1.006 1.011 1.001 0.998 1.004 0.994 0.993 0.997
ALMON(12)-MQ(12) 0.999 0.997 0.996 0.997 0.993 0.992 * 0.994 0.990 0.990
ALMON(20)-MQ(12) 0.998 0.997 0.995 0.997 0.993 0.992 * 0.994 0.991 0.990
ALMON(12)-MQ(20) 0.992 0.995 0.994  0.987 *** (.988 ***  (.987 *** (.983 ***  ().982 *** (983 #**
ALMON(20)-MQ(20) 0.992 0.995 0.993  0.987 *** (.988 ***  (.987 *** (.983 ***  (.982 *** (983 #**

Note: The numbers of the two best-performing models in each category are shown in bold. The models that
consistently outperform the HAR model in all of the situations considered are underlined. The cases rejected
significantly at the 10%, 5% and 1% levels given the null hypothesis of equality to the HAR forecasting precision
are indicated by *, ** and ***, respectively. The [64] test is applied with a squared-error loss function.
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