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¢ Autoregressive Conditional Heteroscedasticity (ARCH) models.

e Standardized Prediction Error Criterion (SPEC) Model Selection
Algorithm.

e Black & Scholes (BS) Option Pricing Formula.

¢ Trading Options Based on a Set of ARCH Models.

¢ Trading Options Based on the SPEC Model Selection Algorithm.

¢ Trading Options Based on Methods of Model Selection.



Since the first decades of the 20™ century, asset returns assumed to be an
independently and identically distributed (i.i.d) random process with zero
mean and constant variance.

In(R) =In(P_,)+¢,
&, l.:d'N(O, 0'2)
P : Price of an asset at time ¢

y, =In(P,/P_,): Continuously compounded return series

Figure 1. S&P500 Continuously Compounded Daily Returns (2/1/1990 -
27/06/2000)
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Figure 2. Daily Log-values and Recursive Standard Deviation of
Returns for the S&P500 Stock Market.
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The standard deviation of the 22 most recent trading days:
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Autoregressive Conditional Heteroscedasticity (ARCH) Process

P, : Price of an asset at time ¢

Y, = ln(E /Pz—l): Continuously compounded return series
Y =H T 2,04
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Functional Forms for the Conditional Variance

The ARCH(q) model, Engle (Econometrica, 1982).
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The GARCH(p,q) model, Bollerslev (Journal of Econometrics, 1986).
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The E-GARCH(p,q) model, Nelson (Econometrica, 1991).
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The TARCH(p,q) model, Glosten et al. (Journal of Finance, 1993).
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The ARCH models that have been presented

Degiannakis and Xekalaki (Qual.Tech.Quant.Manag., 2004)
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The Correlated Gamma Ratio (CGR) Hypothesis Testing
Degiannakis and Xekalaki (JASMBI, 2005)

Xekalaki et al. (Stochastic Musings, 2003)
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Hypothesis Test

Ho : Model (A) has equivalent predictive ability to model (B)
Hi : Model (A) produces “better” predictions than model (B)

T T
Ho is rejected if 222(3) Zéz(A) >CGR(T/2, p,a)
=1

tle—1 tle-1
t=1

where 28 =(y, 2%, )/6V), . p=Corltl®),2%) ) and CGR(T/2,p,a)

tlt-1

is the 100(1— ) percentile of the CGR distribution.



Cumulative Function of the CGR Distribution
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The Minimum Multivariate Gamma (MMG) Hypothesis Testing

Degiannakis and Xekalaki (Technical Report 214, 2004a)

Hypothesis Test

Ho : Models m; are of equivalent predictive ability

H, : Model m) has the highest predictive ability.

H, is rejected if X(l) = min

mi

-1 4 2(m;
(2 zzﬂt—
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the MMG distribution.




Cumulative Function of the MMG Distribution
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Figure 3. The cumulative density function of the tri-variate minimum

100> a >0, and

multivariate gamma distribution, for 60> x>0,

P12 =60%, py; =95% and p,; =95% the non-diagonal elements
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The SPEC Model Selection Algorithm

The estimation steps required at time k for each model m by the
SPEC model selection algorithm. At time k& (k=T7,T +1,...), select

the model m with the minimum value for the sum of the squares of

the T most recent standardized one-step-ahead prediction

& 2(m)
errors, Zémi"l.

t=k-T+1
Time
Model k=T k=T+1 . . . k=T+j
T T+1 T+j
m=1 ~2(1) A2(1) ~2(1)
Z Z4e-1 Z4e-1 Z4e-1
t=1 =2 t=j+1
T T+1 T+7
Z ~2(2) - ~2(2) JAz(z)
m=2 Z4e-1 Z4e-1 Zfle-1
t=1 =2 t=j+1
T T+1 T+j
= £2(i) (i) ~2(i)
nm=i Z Z4e-1 Z Z4e-1 Z4e1
t=1 t=2 t=j+1
T T+1 T+j
A2(M) ~ A2(M) JAz(M)

m=M z tit-1 z tt—1
t=1 =2

tt-1
t=j+1
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Evaluating the Forecast Performance of the SPEC
Algorithm

. Part A Statistical Loss Functions.

Degiannakis and Xekalaki (Technical Report 133, 2001b)

. Part B Economic Loss Functions — Options Trading.

Degiannakis and Xekalaki (Technical Report 131, 2001a)

. Part C Economic Loss Functions — Simulated Options Trading.

Xekalaki and Degiannakis (Comp. Stat. Data Anal., 2005 and Technical
Report 205, 2004b)
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Evaluating the Volatility Forecast Performance Part B
Economic Loss Functions & Real Options Data

Options
o S&P500 stock index daily returns (March 14th, 1996 to June 2nd, 2000).
o S&P500 index options (March 11th, 1998 to June 2nd, 2000).
o The option is a security that gives its owner the right, not the obligation,
to buy or sell an asset at a fixed price (exercise price) within a specified
period of time.
o A call option is the right to buy a number of shares, of the underline
asset, at a fixed price on or before the maturity day.
o A put option is a right to sell a number of shares, of the underline asset,
at a fixed price on or before the maturity day.
o A straddle option is the purchase (or sale) of both a call and a put
option, of the underline asset, with the same maturity day.
o The maturity (expiration) day is the latest date that the option can be
exercised.
o If the option can be exercised only at the maturity day it is called

European option, whereas an American option can be exercised on or before
the expiration day.

13



Black & Scholes (Journal of Political Economy, 1973) Option Pricing

Formula

Pricing call and put options at time 7+1 given the information available

at time 7:
C), =S, N(d,)- Ke """ N(d,)
Pl =-S,e7"N(~d,)+ Ke "*N(~d,)
ln(S%(.j (rfZ 7 +/ t+1|t )Z’
" B
dy =dy ()7
C( 7). the forecasted price of a call option, at time ¢ +1, given the information

t+1t

at time 7, with t days to maturity,

ple).

+1- the forecasted price of a put option, at time 7+1, given the information

at time ¢, with T days to maturity,
S, : the daily closing stock price at time 7, as a forecast of S,

7: the remain life of the option in days (time to maturity),

rf,: the annual continuously compounded risk free interest rate (i.e. three-

month treasury bill),

7, the dividend yield of S,

K : the exercise (or strike) price at maturity day r,

N(.): the cumulative normal distribution function,

T+1 1/2
HW = [ ZUHHJ : the volatility during the life of the option.
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Trading Rules

if ) + P PZ(T) + CZ(T) = The straddle is bought at time ¢.

t+1|t +1|t

if ¢t +pl) Pt(T) + Ct(f) = The straddle is sold at time .

t+1|t +1|t

The rate of return from trading an option is:
Cz + Pz — Ct—l _Pz—l

RT, = , on buying a straddle,
Ca+Fh
-C,-P+C,+P
RT, =—1 1t —t=1 "=l "on sort-selling a straddle.
Coo + b

Daily rate of return from trading straddles on the
S&P500 index based on the 85 ARCH volatility
forecasts (11 March 1998 — 2 June 2000).

Rank Model Mean Stand. Dev. t-test Days
1 AR(3)EGARCH(1,1) 4.42% 17.75% 5.32 456
2 AR(2)EGARCH(1,1) 4.40% 17.75% 529 456
3 AR(2)EGARCH(2,1) 4.40% 17.76% 529 456
4  AR(0O)TARCH(1,2) 4.39% 17.78% 5.27 455
5 AR(4)EGARCH(1,1) 4.39% 17.76% 5.28 456
6 AR(1)EGARCH(1,1) 4.33% 17.77% 5.2 456
7 AR(4)EGARCH(2,1) 4.33% 17.77% 521 456
8 AR(3)EGARCH(2,1) 4.32% 17.77% 519 456
9 AR(1)EGARCH(2,1) 4.31% 17.78% 518 456
10 AR(3)TARCH(1,1) 4.26% 17.79% 511 456

76 AR(4)EGARCH(0,1) 3.37%  17.98% 4 456
77 AR(2)EGARCH(O,1) 3.35% 17.98%  3.98 456
78 AR(2)EGARCH(1,2) 3.27% 18.00%  3.88 456
79 AR(4)TARCH(0,1) 3.27% 18.00%  3.88 456
80 AR(0)EGARCH(1,2) 3.16% 18.02%  3.74 456
81 AR(1)EGARCH(0,2) 2.90% 18.06%  3.43 456

( )

( )
82 AR(2)EGARCH(0,2) 2.89% 18.06%  3.41 456
83 AR(3)EGARCH(0,2) 2.86% 18.07%  3.38 456
84 R( JEGARCH(0,2) 2.86% 18.07%  3.38 456
85 AR(0)EGARCH(0,2) 2.53% 18.12%  2.98 456
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Figure 4. Cumulative rate of return of i) the AR(3)EGARCH(1,1) agent
and ii) an agent who takes a long position on every trading day from
trading straddles on the S&P500 index. (11 March 1998 — 2 June
2000).
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e An agent trades a contract has to pay a transaction cost, X, of $2,

which reflects the bid — ask spread.

e Straddles are traded only when the absolute difference between

forecasted and today’s option price exceeds the amount of the filter, F,

yielding a net rate of return of:

NRT, =5

-

itc), +pY), -C,_ -P_ > F,

Ct +})[ _Ct_l _})t_l —X t+1|t t+1|t -
Cat b - ) _ pl)
C,,+P,-C,-F-X P it Gy + B =Gy = By > Fa
O i
rf, , otherwise

ARCH models that yield the highest rate of return from trading straddles on the
S&P500 index (11 March 1998 — 2 June 2000), after a $2 transaction cost and

various values of filters.

Filter

p- Trading Total
Model Mean St.Dev t-ratio
value Days Returns

$1.25 AR(2)EGARCH(1,1) 0.84% 16.66% 1.08 0.28 421 385%

$1.75  AR(0)GARCH(2,2) 0.91% 16.96% 1.14 025 385 413%
$2.00 AR(0)GARCH(1,2) 0.93% 16.94% 1.18 024 381  425%
$2.25  AR(0)GARCH(1,2) 1.09% 16.49% 1.41 0.16 362  496%
$2.75  AR(4)GARCH(0,2) 1.23% 15.34% 1.71 0.09 346 559%
$3.50 AR(3)GARCH(0,2) 1.35% 15.24% 1.89 0.06 322  614%
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Trading options based on the SPEC algorithm

¢ |n order to apply the SPEC model selection method, the sum of squared

. . . T A2
standardized one-step-ahead prediction errors, Zt:lzt|f—1’ was

estimated considering various values for 7', and, in particular,
T =5(5)80.

Daily rate of return from trading straddles on the
S&P500 index based on the ARCH models selected
by the SPEC model selection method (11 March
1998 — 2 June 2000).

$2 transaction cost
Model Selection $3.50 filter
Method Stand.

Mean Dev. t-test Days

SPEC(5) 1.46% 15.85% 1.97 329
SPEC (10) 1.14% 16.03% 1.51 334
SPEC (15) 1.06% 15.76% 1.44 331
SPEC (20) 0.99% 15.80% 1.33 338
SPEC (25) 1.19% 15.70% 1.62 342
SPEC (30) 1.16% 15.71% 1.57 342
SPEC (35) 1.19% 15.82% 1.61 338
SPEC (40) 1.30% 15.77% 1.76 330
SPEC (45) 1.18% 15.81% 1.60 334
SPEC (50) 1.06% 15.97% 1.42 337
SPEC (55) 1.13% 15.98% 1.51 338
SPEC (60) 0.93% 16.04% 1.24 341
SPEC (65) 1.17% 15.85% 1.57 339
SPEC (70) 1.09% 15.81% 1.47 333
SPEC (75) 1.05% 15.75% 1.42 327
SPEC (80) 0.69% 16.14% 0.92 334
Daily rate of return from trading straddles (11 March 1998 — 2 June 2000).
TranFsi.IteC:Jst i Model Mean St.Dev t-ratio p-value Tgad;gg RZ?L:?rI\s

$2.00-$3.50 AR(3)GARCH(0,2) 1.35% 15.24% 1.89 0.06 456 615.6%
$2.00 - $3.50 SPEC(5) 1.46% 15.85% 1.97 0.05 456 665.8%
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Trading Options Based on Methods of Model Selection.

AIC =1,(6)-n
SBC =1,()- 27" nIn(T).

ZT(é) is the maximized value of the log-likelihood function of a model,

where @ is the maximum likelihood estimator of the parameter vector 6

based on a sample of size T and n denotes the dimension of 4.
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N

ARCH model selection methods: JiN):N_IZc%fHV denotes the
i=1

forecasting variance over an N day period measured at day ¢ and

N
siv) =Ny, denotes the realized variance over the same period.

i=1
1. Square Error of Conditional Variance (SEVar):
T

(ot

2. Absolute Error of Conditional Variance (AEVar):

5 (o) ~s3)

i=1
3. Square Error of Conditional Standard Deviation (SEDev):
T

2 ((O-t(N) - St(N))z)

t=1
4. Absolute Error of Conditional Standard Deviation (AEDev):
T

Z Qa t(N) ~ Sz(N)‘)

t=1

5. Heteroscedasticity Adjusted Squared Error of Cond. Variance (HASEVar):

i(ﬁ =5/ Uzz(m)z)

1

6. Heteroscedasticity Adjusted Absolute Error of Cond. Variance (HAAEVar):
T

1=kt

7. Heteroscedasticity Adjusted Squared Error of Cond. St. Deviation (HASEDev):

i((l =,/ Uz(m)z)

t=1

8. Heteroscedasticity Adjusted Absolute Error of Cond. St. Deviation (HAAEDev):

g@ =S/ %v)\)

9. Logarithmic Error of Conditional Variance (LEVar):

315y /)

t=1
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Daily rate of return from trading straddles on
the S&P500 index based on the ARCH

models selected by the AIC and SBC model
selection methods (11 March 1998 — 2 June

2000).

Model

Selection Mean S[’[)aer:/d. t-test Days
Method '

AIC 1.21% 18.22% 1.21 333
SBC 1.41% 18.49% 1.4 338

Daily rate of return from trading straddles on the
S&P500 index based on the ARCH models selected by
a set of model selection methods (11 March 1998 — 2

June 2000).

Model

Selection Sample Mean Stand. t-test Days
Dev.

Method

SEVar T=40 0.78% 18.69% 0.78 349
AEVar T=60 0.99% 18.17% 1.01 346
SEDev T=60 0.93% 18.41% 095 357
AEDev T=60 1.02% 18.17% 1.06 352
HASEVar T=10 1.45% 18.47% 1.45 341
HAAEVar T=40 1.66% 18.74% 1.63 337
HASEDev T=20 1.17% 18.68% 1.17 348
HAAEDev T=30 1.38% 18.40% 1.43 365
LEVar T=80 0.96% 18.25% 0.98 347
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Scope for Further Research

e SPEC algorithm application in ARCH models with non-normally distributed
conditional innovations. Approaches similar to Politis (University of California
2003b, 2004) may add power in the applicability of the SPEC method.

e SPEC algorithm performance with a set of more flexible conditional
variance specifications.

o Artificial neural networks, chaotic dynamical systems, nonlinear parametric
and nonparametric models are some examples from the literature dealing with
conditional mean predictions.

¢ Value-at-Risk (VaR) at a given probability level a, is the predicted amount
of financial loss of a portfolio over a given time horizon. The forecasting of the
VaR number is another area of applied financial statistics that the added value
of the SPEC method should be explored.

e However, the SPEC method can be compared to models that are based on
intra-day datasets, like the ARFIMA methodology (Granger, Journal of
Econometrics, 1980). A future application of the SPEC model selection
method on inter-day and intra-day models would be interested.

e The SPEC algorithm should be applied in more data sets such as stocks,
stock indices, bonds, commodities and exchange rates.

« In further research, it may be interested to investigate whether the selection
of specific models is related with any economic factors.

« The MMG hypothesis testing, although a complicate methodology, provides
the researchers with a tool that takes into account the forecasting ability of all
the candidate models. It should not be considered only as the theoretical
justification of the SPEC algorithm in a multivariate framework. In a future
work, we plan to study the added value of the MMG test in empirical

applications.
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