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Introduction

Introduction

@ Volatility is a central parameter for many financial decisions
including the pricing and hedging of derivative products as well
as the development of efficient risk management methods.

@ In literature there exists a wide variety of models that are able
to estimate volatility forecasts, but they are, almost by
definition, simple and incomplete (Raviv 2016).

@ An improvement in the forecasts accuracy can be achieved
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Introduction

The aim of this paper is:

@ to forecast the daily realized volatility one-step-ahead for a
one-year period with both single and combining models;

@ to compare the predicted values with the actual data by
means of a number of loss functions.
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Loss Functions

Three European market indexes:
@ DAX 30 (Deutsche Aktienindex 30);
@ CAC 40 (Cotation Assistée en Continu);
© AEX (Amsterdam Exchange Index).

For each asset the realized volatility collected every 5 minutes, the
realized kernel volatility and the daily returns are provided,
covering the period from 01/01/2008 to 31/12/2016.
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Methodology

Three different models have been chosen to create the single
forecasts:

@ Asymmetric Multiplicative Error Model (AMEM);
@ Asymmetric Power Multiplicative Error Model (APMEM);
© Asymmetric Heterogeneous AutoRegressive Model (AHAR).
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@ AMEM(1,1) model (Engle and Gallo 2006) has the following
structure:

rve = et
e = wFarve—1+ Bue—1+yDr_1rve—a

withw >0, >0, >0, v>0, a+8+ 3 <1
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@ APMEM(1,1) model is given by:

rve = e
[ 1 § é
pe = wrarve g+ By +yDe1rviy

withw>0,a>0,8>0,a+8<1,0>0.
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@ AHAR is the HAR model (Corsi 2009) with a leverage effect
term:

where:
(d) stands for the time horizons of one day;
") is the weekly realized volatility which at time t is given by the
average

) = : (rvt(d) + rvt( )bt rv(d) )

is the monthly realized volatility which at time t is given by
the average

1
rvt( ) = 22 (rvt(d) + rvt( ) + -4 th(i)21d>
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Figure: Comparison among observed realized volatility (5 minutes) for
year 2016 and AMEM(1,1), APMEM(1,1) and AHAR forecasts - DAX
dataset
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The combining methods are based on the following two
combination models:

@ combl model, based on a simple unconstrained Ordinary
Least Squares estimates of the weights. The one-step-ahead
forecast is given by

vr(1) = a+ B (1) + B2AP (1)

with f#l)(l) and f?)(l) denote, respectively, the first and
second model forecasts.
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@ comb2 model, with the combination given by
vr(1) = a+ (b1 + 00-1) A (1) + (B2 + 82De-1) A2 (1)

which includes a dummy variable D;:

D, — 1 ifrve <rvpq
P71 0 otherwise
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To compare the results of the combination schemes with those
that can be reached by exclusively relying on a single model, we
compute five loss functions:

@ Mean Square Error (MSE);
@ Mean Absolute Error (MAE);
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© Quasi-Likelihood (QLIKE), defined as

Z [ fVT+: | ( VT +i ) }

- —In{ ————— | -1
rvrri-1( rvryi-1(1)

with rvry; being the observed value of the realized volatility

and rvry;_1(1) is the one-step-ahead forecast for time T + i,
i=1,...,n
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@ a first new measure called Asymmetric Mean Square Error
(AMSE), given by

- Z <1 + <6T+’ ) T(eTyi > 0)> €T4i?

VT i

where €ET+i = IVT4i — rv-r+,-_1(1).
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© a second original measure called Asymmetric Mean Absolute
Error (AMAE), given by

1 — er+il\"
;Z (1 + (’TH> I(€T+i > 0)> |6T+,"

rv i
i—1 T+i

where, as before, et = rvry; — rvryi—1(1).
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Figure: Comparison among MSE, QLIKE, AMSE (m=1,2) loss functions
computed on a series h of evenly spaced forecasts from 0 to 2.



2.0

1 — MAE

_ — QLIKE

g - - AMAE (m=1)

o, - AMAE (m =2)

= —

=

=

I

s 2 4 =

2 - .

< P

= PP

|

T

=y wn

s O |

|

o

=

o
2
T T T T T T
0.0 0.2 0.4 0.6 0.8 1.0
|hhat - 2|/ 2

Figure: Comparison among MAE, QLIKE, AMAE (m=1,2) loss functions
computed on a series h of evenly spaced forecasts from 0 to 2.
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MSE MAE QLIKE

Series  Training AMEM AHAR combl comb2 AMEM AHAR combl comb2 AMEM AHAR combl comb2

period (1,1) (1,1) (1,1)
sy G¥ears 0251 0203 0251 0.248 3450 3671 3455 3.361 4.231 4979 4235 4246
TVOMI g voars 0254 0203 0.254 0.250 3.450 3.671 3461 3.418 4.231 4070 4.244 4338
o d¥ears 0206 0.251 0.206 0.200 3.124 338 3125 3.021 3505 4312 3.505 3508
TVRETIEl g vears 0206 0.251 0.206 0.203  3.124 3.3% 3.126 3.082 3.505 4.312 3.511 3.504

AMSE (m = 1) AMAE (m = 1)

Series  Training AMEM AHAR combl comb2 AMEM AHAR combl comb2

period (1,1) (1,1)
g Lvears 0271 0316 0272 0.268 3.075 4230 3075 3.903
TVOMIM 5 coars 0271 0316 0.272 0.270  3.075  4.239 3.978 3.939
v kool 1 ¥OATS 0217 0.267 0.217 0.212 3556 3886 3557 3.476

3years 0217 0.267 0.218 0.215 3556 3.886 3.550 3.521

AMSE (m = 2) AMAE (m = 2)

Series  Training AMEM AHAR combl comb2 AMEM AHAR combl comb2

period (1,1) (1,1)
sy dvears 0257 0208 0257 0.251 8670 3.925 3670 3.506
TVOMID g vears 0257 0.208 0.258 0.254 3.670 3.025 3.682 3.644
o L¥ears 0207 0254 0.208 0.201 3.206 3500 3207 3.205
TVRETIEL g vears 0207 0254 0.208 0.204 3.206  3.500 3.200 3.259

Table: Comparison among AMEM(1,1), AHAR and combination schemes
(in bold the smallest values) - DAX dataset



MSE MAE QLIKE
Series  Training AMEM AHAR combl comb2 AMEM AHAR combl comb2 AMEM AHAR combl comb2
period (1,2) (1,2) (1,2)
v Smin 4 years 0.243 0.202 0.243 0.239 3.164 3.502 3.169 3.098 3.809 4.660 3.831 3.836
3 years 0.243  0.202 0.243 0.242 3.164 3.502 3.160 3.126 3.809 4.660 3.838 3.801
v kernel 4 years 0.240 0205 0240 0.233 3.150 3.546 3.161 3.045 3.855 4810 3.877 3.834
3 years 0.240 0205 0241 0.236 3.150 3.546 3.160 3.083 3.855 4.810 3.878 3.805
AMSE (m = 1) AMAE (m = 1)
Series  Training AMEM AHAR combl comb2 AMEM AHAR combl comb2
period (1,2) (1,2)
v Smin 4 years 0.268 0325 0260 0.267 3.632 4.046 3.638 3.593
M3 vears  0.268 0.325 0270 0.270  3.632 4.046 3.630 3.616
ke 1 4 years 0.264 0.325 0.265 0.260 3.619 4.096 3.631 3.534
TV ROl g vears 0264 0.325 0.265 0.263 3.610 4.096 3.631 3.567
AMSE (m = 2) AMAE (m = 2)
Series  Training AMEM AHAR combl comb2 AMEM AHAR combl comb2
period (1,2) (1,2)
v Smin 4 years 0.249 0.301 0.249 0.246 3.375 3.752 3.381 3.323
P vears 0240 0,301 0.250 0.249 3375 3752 3.383 3.340
v kernel 4 years 0.245 0303 0246 0.240 3.364 3.800 3.376 3.270
3 years 0.245 0.303 0.246 0.242 3.364 3.800 3.375 3.306

Table: Comparison among AMEM(1,2), AHAR and combination schemes
(in bold the smallest values) - CAC dataset



MSE MAE QLIKE

Series  Training AMEM AHAR combl comb2 AMEM AHAR combl comb2 AMEM AHAR combl comb2

period (1,2) (1,2) (1,2)
gy dvears 0251 0203 0.251 0.247 3003 370 2993 2.960 3.925 4706 3941 3.060
VO 5 vears 0.251 0,203 0.251 0251  3.003 3.170 2.995 3.006  3.925 4.706 3.040 4.023
e L¥ears 0210 0257 0210 0.213 2047 3150 204% 2884 3851 4677 3872 3.834
TV KETELg vears 0210 0.257 0.210 0.216 2.047 3.180 2050 2.922 3.854 4.677 3.874 3.886

AMSE (m =1) AMAE (m = 1)

Series  Training AMEM AHAR combl comb2 AMEM AHAR combl comb2

period (1,2) (1,2)
ey Lyoars 0288 0343 0280 0.287 3485 3.600 3477 3.454
VO 3 vears 0.288 0.343 0.200 0201  3.48% 3.600 3.479 3.493
o kool YeATS 0241 0286 0.241 0.237 3401 3601 3.405 3.348

3years 0241 0286 0.242 0.239 3404 3.601 3.407 3.378

AMSE (m = 2) AMAE (m = 2)

Series  Training AMEM AHAR combl comb2 AMEM AHAR combl comb2

period (1,2) (1,2)
kg G vears 0263 0313 0.263 0.261 3.233 3.431 3.225 3.198
TVOINL g vears 0,263 0313 0.264 0265  3.233 3434 3,228 3.240
g h¥cars 0224 0266 0.224 0.218 3.153 3410 3155 3.095
TV KETREL g vears 0224 0266 0.225 0.221  3.153 3410 3.157 3.129

Table: Comparison among AMEM(1,2), AHAR and combination schemes
(in bold the smallest values) - AEX dataset



MSE MAE QLIKE
Series  Training APMEM AHAR combl comb2 APMEM AHAR combl comb2 APMEM AHAR combl comb2
period (1.1) (1.1) (1,1)
v Smin 4 years 0249 0.293 0.2490 0.245 3.421 3.671 3.418 3.332 4.165 4.979 4.152 4.156
3 years  0.249 0.293 0.240 0.247 3.421 3.671 3.421 3.383 4.165 4.979 4,162 4.232
v kernel 4 years  0.203 0.251 0.203 0.198 3.101 3.386 3.000 3.006 3.464 4.312 3.448 3.429
3years 0203 0.251 0.203 0.200 3.101 3.38 3.101 3.059 3.464 4.312 3.456 3.506
AMSE (m = 1) AMAE (m =1)
Series  Training APMEM AHAR combl comb2 APMEM AHAR combl comb2
period (1,1) (1,1)
. . dyears 0267 0.316 0.266 0.265 3.933 4.230 3.031 3.867
VO 3 vears 0267 0316 0.267 0.266 3.933 4230 3.034 3.901
e 1-1 years 0214 0.267 0.214 0.210 3.534 3.886 3.532 3.457
TVEEIEl g vears 0214 0267 0214 0,213  3.534  3.886 3.533 3.409
AMSE (m =2) AMAE (m =2)
Series  Training APMEM AHAR combl comb2 APMEM AHAR combl comb2
period (1.1) (1,1)
v Smin 1 years 0252 0.298 0.252 0.249 3.640 3.925 3.637 3.564
3 years 0.252 0.208 0.252 0.251 3.640 3.925 3.640 3.607
v kernel 4 years 0205 0.254 0.204 0.200 3.274 3.500 3.271 3.187
3 years  0.205 0.254 0.205 0.202 3.274 3.500 3.273 3.236

Table: Comparison among APMEM(1,1), AHAR and combination
schemes (in bold the smallest values) - DAX dataset



MSE MAE QLIKE

Series  Training APMEM AHAR combl comb2 APMEM AHAR combl comb2 APMEM AHAR combl comb2

period (1,2) (1,2) (1,2)
smgn dYeats 0246 0202 0.245 0.240 3177 3502 3191 3.091 3.833 4660 3.868 3.855
TVOUI g vears 0246 0202 0.246 0.242 3177 3502 3.103 3.113 3.833  4.660 3.877 3.013
herpag l¥ears 0241 0205 0242 0.234 3158 3546 3172 3.045 3865 4510 3.503 3.840
TV RETNEl g Vears 0241 0205 0.242 0.236 3158 3546 3.173 3.077 3.865 4.810 3.800 3.003

AMSE (m =1) AMAE (m = 1)

Series  Training APMEM AHAR combl comb2 APMEM AHAR combl comb2

period (1,2) (1,2)
s tyears 0272 0325 0272 0.268 3.646 4046 3.662 3.588
TVOMI g vears 0272 0325 0273 0.271 3646 4.046 3.665 3.607
v kool 1 ¥eATS 0266 0,325 0266 0.261 3628 4006 3.641 3.536

Fyears 0266 0325 0267 0.263 3.628 4006 3.646 3.563

AMSE (m = 2) AMAE (m = 2)

Series  Training APMEM AHAR combl comb2 APMEM AHAR combl comb2

period (1,2) (1,2)
smgn G Feats 0252 0301 0.252 0.247 3380 3752 3405 3.318
TVOIIL g vears 0252 0301 0.253 0,249 3380 3752 3.407 3.340
herpg AYears 0247 0303 0.247 0.240 3372 3800 3387 3.271
TV ROTIEL g Vears  0.247 0303 0.248 0.243 3372 3.800 3.380 3.301

Table: Comparison among APMEM(1,2), AHAR and combination
schemes (in bold the smallest values) - CAC dataset



MSE MAE QLIKE
Series  Training APMEM AHAR combl comb2 APMEM AHAR combl comb2 APMEM AHAR combl comb2
period (1,2) (1.2) (1,2)
v 5min 3years  0.256 0.293 0.254 0.247 3.022 3.170 3.003 2.945 3.946 4.706 3.971 3.975
3years  0.256 0.293 0254 0.250 3.022 3.170 3.005 2.989 3.946 4.706 3.980 4.039
v kernel 4 years  0.219 0.257 0.219 0.213 2.950  3.180 2.949 2.878 3.855 4.677 3.875 3.831
3years  0.210 0.257 0220 0.215 2.950  3.180 2950 2916 3.855 4.677 3.870 3.886
AMSE (m = 1) AMAE (m = 1)
Series  Training APMEM AHAR combl comb2 APMEM AHAR combl comb2
period (1,2) (1,2)
.. dyears  0.202 0.343 0.203 0.288 3.508 3.600 3.487 3.443
TVOIID 5 vears 0202 0.343 0204 0.292 3508 3609 3.490 3.479
K 1-1 years  0.241 0.286 0.242 0.237 3407  3.601 3.407 3.345
TV KEIDE 3 vears 0241 0.286 0.242 0.239 3407  3.601 3.408 3.375
AMSE (m =2) AMAE (m = 2)
Series  Training APMEM AHAR combl comb2 APMEM AHAR combl comb2
period (1,2) (1.2)
v 5min 3vears 0267 0.313 0267 0.261 3.253 3434 3.236 3.186
3 years 0.267 0.313 0267 0.264 3.253 3.434 3239 3.226
v kernel 4 years  0.224 0.266 0224 0.219 3.156 3.419 3.156 3.091
3years 0224 0.266 0.225 0.221 3.156 3.419 3.158 3.125

Table: Comparison among APMEM(1,2), AHAR and combination
schemes (in bold the smallest values) - AEX dataset
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Conclusions

Conclusions

@ We have found that combining the AHAR model with
APMEM instead of AMEM causes an improvement in the
accuracy of the forecasts computed using combination
schemes, especially the comb2 model.

@ This finding holds for DAX and AEX datasets and for all
training periods, whereas for the CAC index there was not any
change in loss function choises when moving from AMEM to
APMEM.
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