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Abstract
In this report, two important issues that arise in the evaluation of the
standardized prediction error criterion (SPEC) model selection method are
investigated in the context of a simulated options market. The first refers to the
question of whether the performance of the SPEC algorithm is sensitive to the size of
the sample used and the second to that of how the SPEC algorithm compares with
other methods of model selection that measure the accuracy of the ARCH models to

forecast the realized intra-day volatility.
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1. Introduction

Degiannakis and Xekalaki (2002) investigated the performance of the SPEC
algorithm as an ARCH model selection method through the simulation of an options market.
In section 2, the simulation study is repeated twice using S&P500 stock index daily returns
form July 10th, 1987 to October 18th, 2002 (3853 trading days) using larger samples of 1000
and 2000 observations in order to investigate whether the evaluation results concerning the
SPEC are affected by the size of the sample. It turns out that the performance of the SPEC
method is qualitatively the same for all the sample sizes.

In the section 3, model selection criteria that measure the accuracy of the models to
predict the realized volatility are constructed and the SPEC method is compared with those
model selection methods. It turns out that traders who base their selection of a model on the
SPEC algorithm achieve higher profits than the traders who use intra-day volatility based

methods of model selection. Finally, in section 4 a brief discussion of the results is provided.

2. Investigating the performance of the SPEC algorithm
using larger sample sizes for the estimation of the ARCH

models

Following Degiannakis and Xekalaki’s (2002) set-up, a simulated options market
consisting of 104 traders is created. Each trader uses his/her own variance forecast obtained
by the model of his/her choice to price a straddle on the S&P500 index for the next day. The
variance forecast methods that are compared are: 85 selection strategies, one for each of 85
ARCH models, each amounting to the utilization of the forecasts of the same model at any
point in time, the SPEC model selection algorithm for 16 different sample sizes, the average,

the minimum and the maximum of all daily forecasts methods.

The ARCH model is presented in a regression form by letting &, be the innovation

process in a linear regression:
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where D(gt < O):l if & <0, and D(Et < 0): 0  otherwise. Thus, the
AR(x)GARCH( p,q), AR(x)EGARCH( p,q) and AR(x)TARCH( p,q) models are
applied, for £ =0,...,4, p=0,1,2 and g =1, 2, yielding a total of 85 cases'.

However, as has been noted in the literature, although the use of the entire set of
available data is common practice in forecasting volatility, at least for some cases, a restricted
sample size could generate more accurate one-step-ahead forecasts, since it incorporates
changes in trading behaviour more efficiently. For example, Hoppe (1998) examined the issue
of the sample size, in the context of value-at-risk, and argued that a smaller sample could lead
to more accurate estimates than a larger one. Frey and Michaud (1997) supported the use of
small sample sizes in order to capture the structural changes over time due to changes in
trading behaviour. Degiannakis et al. (2003) note similar findings.

In order to investigate whether the use of a rolling sample size of 500 observations
induces a bias on the results of the simulation, we re-run the simulation study with larger
datasets. We used rolling samples of 1000 and 2000 observations and we found out that the
results of Degiannakis and Xekalaki (2002) are not appreciably different when using sample
sizes of 500, 1000 or 2000 observations.

Tables 1 to 3 present the profits per competitor per straddle and the corresponding t-
ratios when we use rolling samples of 500, 1000 and 2000 observations, respectively (Table 1
is reprinted from Degiannakis and Xekalaki (2002)). There is no qualitative difference among
the used sample sizes. The SPEC algorithm performs best for low values of T, (T=5, 10), in
the new simulation studies, which is in complete agreement with the originally obtained
results on the basis of a 500-observation rolling sample. The MINIMUM forecast takes the
last positions and the MAXIMUM forecast achieves negative and statistically significant
returns, an indication that neither a downward nor an upward forecast bias, that could affect
profits significantly, is present.

It is interesting to note that the EGARCH(1,2), TARCH(1,2) and the TARCH(2,2)
model selection algorithms perform distinctly better that the remaining ARCH models. The

more flexible models, which account for the leverage effect and have a higher order of p,q,

! Numerical maximization of the log-likelihood function, for the E-GARCH(2,2) model, frequently
failed to converge, for all the used sample sizes. So the five E-GARCH(2,2) models were excluded.



outperform the parsimonious models (i.e. GARCH(0,1), TARCH(0,1) and EGARCH(0,1)).
Giot and Laurent (2003), Hansen and Lunde (2001) and Vilasuso (2002), among others, have
found that more flexible models beat the forecasting ability of the parsimonious ones. Of
course, as the number of candidate models increases, the probability of finding models with
superior predictive ability will increase as well. Note that in our simulation study, we include
3 conditional variance specifications and Degiannakis and Xekalaki (2004) have presented 31
conditional variance specifications in the context of the ARCH framework. However, the
investigation of the SPEC algorithm performance with a set of more flexible ARCH models,
which account for recent developments in the area of asset returns volatility, is suggested for
further research.

As there is no qualitative difference between the use of sample sizes of 1000 and
2000 observations, we present the results based on the sample size of 1000. Dropping out the
trader with the least profitable method at a time, the cumulative profits of the participants in
the simulated market are calculated. The SPEC(5) model selection algorithm achieves the
highest returns in all the cases, thus indicating that the forecasting ability is not sensitive to
the models that are used. As concerns the sample size of 1000 observations, Table 4 presents
the transitivity of the profitability of competitors, who employ the SPEC model selection
algorithm and the AVERAGE method. Table 5 shows the ranking and cumulative profits of

the competitors trading straddles with exercise prices equal to e, e’ and e . The rank
of the traders does not change significantly. So, the cumulative profits in the simulated market
are not sensitive to the exercise price is used. The results of Table 4 and 5 are almost identical

to those presented in Degiannakis and Xekalaki (2002) for a sample size of 500 observations.

3. Comparing Different Methods of Model Selection on
Simulated Options

The selection of the appropriate model is one of the most challenging areas in
statistical modeling. Usually, a researcher has to choose among a set of candidate models.
Methods of model selection examine the ability of the models either to describe or to forecast
the variable under investigation. The Akaike information criterion (Akaike (1973)) and the
Schwarz Bayesian criterion (Schwarz (1978)) are model selection methods that are based on
the maximized value of the log-likelihood function and evaluate the ability of the models to
describe the data. In the case we are interesting in using a model for forecasting, the
evaluation of the models should be based on their ability to produce valuable forecasts. Loss
functions, which measure either the distance between actual and predicted values or the

benefit from the use of these forecasts, are used to evaluate the forecasting ability of the



models. Poon and Granger (2003) reviewed a detailed record of volatility forecasting loss
functions and relative references.
In the sequel, the performance of the SPEC model selection algorithm is compared

with other methods of selection that measure the ability of the models to forecast volatility.

Denoting the realized at time ¢ +1 by 52, the following loss functions are considered:
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11. Gaussian Maximum Likelihood Error of Deviation (GMLED):
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where T is the number of the one-step-ahead volatility forecasts. The first four loss functions
have been widely used in applied studies. The heteroscedasticity adjusted functions were

introduced by Andersen et al. (1999) and Bollerslev and Ghysels (1996), while mean



logarithmic error function was utilized by Pagan and Schwert (1990). The GMLE function,
which was presented in Bollerslev et al. (1994), measure the forecast error according to the
likelihood function that is used in estimating the models.

As the actual volatility is unobservable, the common way to determine the daily
realized volatility is the squared daily returns, which is an unbiased but noisy volatility
estimator. Andersen and Bollerslev (1998) introduced the use of the sum squared finely
sampled high frequency data as an alternative volatility measure. For a detailed description of
the realized intra-day volatility, the interested reader is referred to Andersen et al. (2003) and
Andersen et al. (2004). Based on Andersen et al. (1999), Andersen et al. (2001) and Kayahan
et al. (2002), we compute the realized intra-day volatility of day ¢ as:

m—1

s; = Z (ln(P(jH/m),, )—ln(P(j/m),, ))2 ,

j=1
where P(m),; denotes five-minute linearly interpolated prices of S&P500 at day ¢ with m

observations per day. The intra-day quotation data are available from April 28" 1997 to

October 18th 2002 and were provided by Olsen and Associates.
Each loss function is computed for 7' =10(10)80 . In order to compare the SPEC

algorithm with the 11 loss functions, a simulated options market is created. Each agent selects
the ARCH model with the lowest value of its the loss function in order to forecast next day’s
variance. The simulated market is consisting of 99 traders: the 12 model selection algorithms
for 8 different sample sizes (including the SPEC algorithm), the average, the minimum and
the maximum of all daily forecasts methods.

Table 6 presents for each model selection method the annualized daily profits.
Traders who are based on the SPEC algorithm achieve the highest returns, despite the use of
the realized intra-day volatility by the loss functions. Moreover, the SPEC method appears
more suitable in predicting volatility for pricing contingent claims, as it is the only model
selection method that produces returns higher that the AVERAGE algorithm does. An

interesting point is that almost all the algorithms achieve their highest returns for 7 =10.

4. Discussion

Degiannakis and Xekalaki (2002) examined the usage of the SPEC model selection
algorithm based on Engle et al.’s (1993) technique to compare a group of variance forecast
methods using a simulated options market. The present study extended the examined period
from July 9th, 1987 to October 18th, 2002 and estimated the ARCH models using larger
sample sizes of 1000 and 2000 observations. The results show that the performance of the

SPEC algorithm is not affected by the size of the sample used.



The ability of the SPEC model selection algorithm was also compared with loss
functions that measure the ability of the models to forecast volatility. Even though, the loss
functions used the realized intra-day volatility, the SPEC algorithm, for 7'=10, achieved the
highest profits. The evidence provided by the results indicates that the increase in profits
cannot be attributed to chance, but it can rather be considered as reflective of improved
volatility prediction. Thus, the SPEC selection method appears to be a useful tool in guiding

one’s choice of the appropriate model for estimating future volatility.
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Table 1

The annualised daily profits per competitor per straddle for trades that are at the average of the bid/ask spread,

using rolling samples of 500 observations.

Rank Algorithm Profit T-Ratio Rank Algorithm Profit T-Ratio Rank Algorithm Profit  T-Ratio

1 SPEC(T=5) 21.79% 54 36 AR(3)TARCH(2,1)  5.74% 1.6 71 AR(0)GARCH(0,2) -8.80% -2.5
2 SPEC(T=30) 19.92% 6.3 37 AR(2)EGARCH(1,2) 5.72% 1.8 72 AR(4)TARCH(0,2) -8.97% -2.5
3 SPEC(T=10) 19.59% 53 38 AR(2)EGARCH(2,1) 5.60% 2.0 73 AR(1)EGARCH(0,2)  -9.02% -2.9
4 SPEC(T=25) 19.03% 6.0 39 AR(1)EGARCH(1,2) 4.48% 1.4 74 AR(2)TARCH(0,2) -9.04% -2.5
5 SPEC(T=35) 18.55% 64 40 AR(0)TARCH(2,1)  4.46% 1.2 75 AR(1)TARCH(0,2) -9.06% -2.5
6 SPEC(T=20) 18.41% 55 41 AR(3)TARCH(0,1)  4.06% 1.2 76 AR(3)GARCH(2,1) -9.14% -2.8
7 SPEC(T=15) 18.22% 5.3 42 AR(2)TARCH(0,1)  4.01% 1.3 77 AR(2)GARCH(2,1) -9.22% -3.0
8 AR(4)TARCH(1,2) 15.87% 6.1 43 AR(3)EGARCH(1,2) 3.85% 1.2 78 AR(4)GARCH(1,1) -9.26% -2.9
9 SPEC(T=45) 15.73% 5.7 44 ARM4)EGARCH(1,2) 3.73% 1.1 79 AR(1)GARCH(1,1) -9.26% -3.1
10 AR(0)TARCH(1,2) 15.06% 5.9 45 ARM4)TARCH(0,1)  3.25% 1.0 80 AR(3)TARCH(0,2) -9.29% -2.5
11 AR(2)TARCH(1,2) 14.94% 5.8 46 AR(2)EGARCH(1,1) 2.61% 0.9 81 AR(4)EGARCH(0,2)  -9.32% -2.8
12 AR(1)TARCH(1,2) 14.85% 5.7 47 AR(3)EGARCH(2,1) 2.30% 0.8 82 AR(3)EGARCH(0,2) -9.37% -2.9
13 AR(3)TARCH(1,2) 14.81% 5.8 48 ARM4)EGARCH(2,1) 1.76% 0.6 83 AR(2)EGARCH(0,2)  -9.38% -3.0
14 SPEC(T=40) 14.47% 5.2 49 AR(1)EGARCH(2,1) 1.72% 0.6 84 AR(1)GARCH(2,1) -9.60% -3.0
15 SPEC(T=60) 13.99% 5.0 50 AR(1)EGARCH(1,1) 1.60% 0.5 85 AR(4)GARCH(1,2) -9.97% -3.0
16 AVERAGE 13.65% 123 51 ARM)EGARCH(1,1) 1.25% 0.4 86 AR(3)GARCH(1,2) -10.35%  -3.1
17 SPEC(T=80) 13.60% 4.5 52 AR(3)EGARCH(1,1) 1.07% 0.4 87 AR(1)GARCH(1,2) -10.52%  -3.3
18 SPEC(T=50) 13.59% 5.0 53 AR(4)TARCH(1,1) -1.56%  -0.4 88 AR(1)GARCH(0,2)  -11.07%  -3.2
19 SPEC(T=55) 13.22% 4.7 54 AR(3)TARCH(1,1) -1.68%  -0.4 89 AR(2)GARCH(1,2) -11.19%  -3.5
20 SPEC(T=70) 13.15% 4.7 55 AR(1)TARCH(1,1) -1.79%  -0.4 90 AR(0)GARCH(0,1)  -11.39%  -3.2
21 SPEC(T=65) 13.13% 4.7 56 AR(0)TARCH(1,1) -1.81% -0.4 91 AR(2)GARCH(0,2) -11.51%  -3.3
22 AR(1)TARCH(2,2) 12.82% 4.7 57 AR(2)TARCH(1,1) -241%  -0.6 92 AR(1)GARCH(0,1)  -11.62%  -3.1
23 SPEC(T=75) 12.62% 43 58 AR(0)GARCH(1,1) -2.87%  -12 93 AR(2)GARCH(0,1)  -12.20%  -3.3
24 AR(2)TARCH(2,2) 10.19% 3.8 59 AR(0)GARCH(2,2) -3.58%  -1.2 94 AR(3)GARCH(0,2)  -12.37%  -3.5
25 AR(3)TARCH(2,2) 9.69% 3.6 60 AR(0)GARCH(2,1) -3.83%  -1.5 95 AR(3)GARCH(0,1)  -12.56%  -3.3
26 AR(0)TARCH(2,2) 9.43% 32 61 AR(0)GARCH(1,2) -4.12% -14 96 AR(4)GARCH(0,2) -12.68%  -3.4
27 AR(4)TARCH(2,2) 9.35% 3.4 62 AR(0)EGARCH(0,2) -6.81%  -2.1 97 AR(4)GARCH(0,1)  -12.92%  -34
28 AR(2)TARCH(2,1) 8.56% 2.4 63 AR(1)GARCH(2,2) -7.36%  -2.3 98 AR(1)EGARCH(0,1) -16.17%  -4.4
29 AR(0)TARCH(0,1) 835% 29 64 AR(3)GARCH(1,1) -7.62%  -2.5 99 AR(2)EGARCH(0,1) -16.94%  -4.5
30 AR(1)TARCH(2,1)  7.84% 2.3 65 AR(4)GARCH(2,2) -7.69%  -23 100  AR(0)EGARCH(0,1) -17.14%  -4.6
31 AR(4)TARCH(2,1)  7.03% 1.9 66 AR(0)TARCH(0,2) -7.70%  -2.2 101 AR()EGARCH(0,1) -17.52%  -4.7
32 AR(0)EGARCH(1,2) 6.87% 23 67 AR(4)GARCH(2,1) -7.81% -24 102 AR4)EGARCH(0,1) -17.92%  -4.7
33 AR(0)EGARCH(2,1) 6.42% 2.4 68 AR(2)GARCH(2,2) -7.88% -24 103 MAXIMUM -18.60%  -3.3
34  AR(0)EGARCH(L,1) 6.07% 22 69 AR(3)GARCH(2,2) -8.13% -2.4 104 MINIMUM -3335%  -59
35 AR(1)TARCH(0,1) 5.82% 1.8 70 AR(2)GARCH(1,1) -8.16%  -2.7




Table 2

The annualised daily profits per competitor per straddle for trades that are at the average of the bid/ask spread, using rolling

samples of 1000 observations.

T- T-

Rank Algorithm Profit Ratio  Rank Algorithm Profit Ratio  Rank Algorithm Profit T-Ratio

1 SPEC(T=5) 22.34%  6.76 36 AR(2)EGARCH(2,1) 8.71% 4.12 71 AR(2)GARCH(1,2) -4.69% -1.77
2 SPEC(T=10) 20.09%  6.64 37 AR(0)EGARCH(2,1) 8.64% 3.98 72 AR(4)GARCH(1,2) -5.04% -1.85
3 SPEC(T=15) 17.94%  6.53 38 AR(4)EGARCH(1,1) 8.44% 436 73 AR(0)EGARCH(0,2) -6.45% -1.89
4 SPEC(T=25) 16.58%  6.70 39 AR(4)TARCH(1,2) 8.11% 3.36 74 AR(1)EGARCH(0,2) -6.90% -2.02
5 SPEC(T=20) 16.56%  6.49 40 AR(0)TARCH(1,1) 7.80% 3.58 75 AR(2)EGARCH(0,2) -7.20% -2.11
6 AR(0)EGARCH(1,2)  14.44%  5.49 41 AR(1)EGARCH(2,1) 7.62% 3.69 76 AR(3)EGARCH(0,2) -7.60% -2.24
7 SPEC(T=50) 14.42%  6.35 42 AR(3)EGARCH(2,1) 7.53% 3.71 77 AR(4)EGARCH(0,2) -7.83% -2.31
8 SPEC(T=40) 14.29% 5091 43 AR(0)TARCH(2,1) 7.26% 3.33 78 MAXIMUM -10.38% -2.27
9 SPEC(T=30) 13.93%  5.78 44 AR(4)EGARCH(2,1) 6.87% 3.44 79 AR(0)TARCH(0,2) -11.66% -4.01
10 SPEC(T=45) 13.85%  5.73 45 AR(2)TARCH(1,1) 6.72% 3.01 80 AR(2)TARCH(0,2) -12.18% -4.19
11 SPEC(T=35) 13.80%  5.69 46 AR(1)TARCH(1,1) 6.50% 2.82 81 AR(3)TARCH(0,2) -12.57% -4.26
12 SPEC(T=80) 13.49%  5.75 47 AR(2)TARCH(2,1) 6.14% 2.87 82 AR(1)TARCH(0,2) -12.69% -4.35
13 SPEC(T=55) 13.10%  5.56 48 AR(1)TARCH(2,1) 6.02% 2.75 83 AR(4)TARCH(0,2) -13.00% -4.30
14 SPEC(T=70) 13.04%  5.48 49 AR(3)TARCH(2,1) 5.91% 2.82 84 AR(0)GARCH(0,2) -13.35% -4.48
15 SPEC(T=60) 12.84% 543 50 AR(3)TARCH(1,1) 5.61% 2.60 85 AR(1)GARCH(0,2) -13.80% -4.66
16 SPEC(T=65) 12.70%  5.39 51 AR(4)TARCH(1,1) 5.54% 2.56 86 AR(2)GARCH(0,2) -13.84% -4.66
17 AR(0)TARCH(2,2) 12.61%  5.65 52 AR(4)TARCH(2,1) 4.65% 2.25 87 AR(3)GARCH(0,2) -14.29% -4.72
18 AR(1)EGARCH(1,2)  12.54%  4.88 53 AR(0)GARCH(2,1) -0.49% -0.19 88 AR(4)GARCH(0,2) -14.33% -4.64
19 AR(2)EGARCH(1,2)  12.44%  4.96 54 AR(0)GARCH(1,2) -0.66% -0.27 89 AR(0)EGARCH(0,1) -16.93% -5.43
20 AR()EGARCH(1,2)  12.12%  4.88 55 AR(0)GARCH(2,2) -0.68% -0.27 90 AR(1)EGARCH(0,1) -17.79% -5.61
21 SPEC(T=75) 12.02%  5.11 56 AR(0)GARCH(1,1) -1.50% -0.59 91 AR(2)EGARCH(0,1) -17.91% -5.59
22 ARM4)EGARCH(1,2) 12.01%  4.82 57 AR(1)GARCH(2,1) -1.59% -0.60 92 AR(3)EGARCH(0,1) -18.22% -5.68
23 AR(0)EGARCH(1,1)  11.32%  5.41 58 AR(3)GARCH(2,2) -1.89% -0.71 93 AR(4)EGARCH(0,1) -18.27% -5.68
24 AR(1)TARCH(2,2) 11.04%  4.95 59 AR(1)GARCH(2,2) -1.94% -0.74 94 AR(0)GARCH(0,1) -20.26% -6.39
25 AR(0)TARCH(1,2) 10.88%  4.52 60 AR(2)GARCH(2,1) -1.99% -0.75 95 AR(1)GARCH(0,1) -20.49% -6.35
26 AR(2)TARCH(2,2) 10.74%  4.88 61 AR(3)GARCH(2,1) -2.00% -0.75 96 AR(2)GARCH(0,1) -20.89% -6.45
27 AR(2)EGARCH(1,1)  10.69%  5.31 62 AR(2)GARCH(2,2) -2.62% -1.00 97 AR(3)GARCH(0,1) -21.10% -6.45
28 AR(2)TARCH(1,2) 1031%  4.17 63 AR(1)GARCH(1,2) -2.70% -1.03 98 AR(0)TARCH(0,1) -21.29% -6.84
29 AR(1)EGARCH(1,1)  10.24%  4.89 64 AR(4)GARCH(2,1) -2.72% -1.02 99 AR(4)GARCH(0,1) -21.64% -6.54
30 AR(3)TARCH(2,2) 10.05%  4.68 65 AR(1)GARCH(1,1) -3.22% -1.26 100 AR(1)TARCH(0,1) -21.90% -6.94
31 AR(4)TARCH(2,2) 9.41% 4.31 66 AR(3)GARCH(1,1) -3.29% -1.24 101 AR(2)TARCH(0,1) -22.00% -6.95
32 AVERAGE 9.28% 9.33 67 AR(2)GARCH(I,1) -3.63% -1.40 102 AR(3)TARCH(0,1) -22.24% -7.08
33 AR(3)EGARCH(1,1) 9.23% 4.72 68 AR(4)GARCH(1,1) -3.64% -1.37 103 AR(4)TARCH(0,1) -22.25% -7.02
34 AR(1)TARCH(1,2) 8.94% 3.53 69 AR(4)GARCH(2,2) -3.65% -1.37 104 MINIMUM -37.99% -8.20
35 AR(3)TARCH(1,2) 8.89% 3.77 70 AR(3)GARCH(1,2) -4.28% -1.62




Table 3

The annualised daily profits per competitor per straddle for trades that are at the average of the bid/ask spread, using rolling

samples of 2000 observations.

T- T-

Rank Algorithm Profit Ratio  Rank Algorithm Profit Ratio  Rank Algorithm Profit T-Ratio

1 SPEC(T=5) 19.08%  5.63 36 AR(4)EGARCH(2,1) 9.82% 5.27 71 AR(1)GARCH(2,1) -5.20% -2.16
2 SPEC(T=10) 17.29%  5.69 37 AR(0)EGARCH(2,1) 9.82% 5.12 72 AR(3)GARCH(2,1) -5.22% -2.18
3 SPEC(T=40) 16.52%  7.09 38 AR(3)EGARCH(2,1) 9.51% 5.14 73 MAXIMUM -9.42% -2.04
4 SPEC(T=55) 16.24%  7.10 39 AR(3)TARCH(2,2) 9.42% 4.25 74 AR(0)EGARCH(0,2) -10.19% -2.82
5 SPEC(T=50) 15.89%  7.04 40 AVERAGE 9.37% 8.13 75 AR(4)EGARCH(0,2) -10.25% -2.83
6 SPEC(T=25) 1543%  6.26 41 AR(2)EGARCH(2,1) 8.98% 4.56 76 AR(3)EGARCH(0,2) -10.29% -2.86
7 SPEC(T=65) 15.41%  6.88 42 AR(0)TARCH(1,1) 8.93% 4.07 77 AR(2)EGARCH(0,2) -10.58% -2.95
8 SPEC(T=45) 15.38%  6.65 43 AR(0)TARCH(2,1) 8.88% 4.20 78 AR(1)EGARCH(0,2) -10.63% -2.95
9 SPEC(T=35) 15.26%  6.63 44 AR(1)EGARCH(2,1) 8.73% 4.30 79 AR(0)TARCH(0,2) -11.50% -3.70
10 SPEC(T=15) 15.19%  5.47 45 AR(1)TARCH(2,1) 7.60% 3.56 80 AR(0)GARCH(0,2) -12.52% -4.03
11 SPEC(T=20) 14.85%  5.73 46 AR(2)TARCH(1,1) 7.16% 3.30 81 AR(1)TARCH(0,2) -13.32% -4.30
12 SPEC(T=60) 14.82%  6.44 47 AR(1)TARCH(1,1) 7.02% 322 82 AR(4)TARCH(0,2) -13.58% -4.28
13 SPEC(T=70) 14.61%  6.37 48 AR(2)TARCH(2,1) 6.66% 3.19 83 AR(2)TARCH(0,2) -13.60% -4.35
14 SPEC(T=30) 14.51%  6.26 49 AR(4)TARCH(1,1) 6.53% 3.25 84 AR(3)TARCH(0,2) -13.65% -4.35
15 AR(0)EGARCH(1,2)  14.22%  5.43 50 AR(4)TARCH(2,1) 6.50% 3.16 85 AR(1)GARCH(0,2) -14.02% -4.49
16 AR(1)EGARCH(1,1)  13.57%  7.18 51 AR(3)TARCH(1,1) 5.60% 2.66 86 AR(4)GARCH(0,2) -14.29% -4.50
17 AR(2)EGARCH(1,1)  13.26%  7.09 52 AR(3)TARCH(2,1) 4.64% 2.25 87 AR(2)GARCH(0,2) -14.50% -4.60
18 AR(0)TARCH(1,2) 12.92%  5.02 53 AR(0)GARCH(1,2) -0.12% -0.05 88 AR(3)GARCH(0,2) -14.50% -4.58
19 AR(1)EGARCH(1,2)  12.85%  5.05 54 AR(0)GARCH(2,2) -0.29% -0.12 89 AR(0)EGARCH(0,1) -16.91% -5.10
20 ARM4)EGARCH(1,1)  12.74%  6.85 55 AR(1)GARCH(2,2) -1.64% -0.66 90 AR(1)EGARCH(0,1) -17.02% -5.08
21 AR(0)EGARCH(L,1)  12.67%  6.68 56 AR(1)GARCH(1,2) -1.74% -0.73 91 AR(2)EGARCH(0,1) -17.42% -5.20
22 AR(2)EGARCH(1,2)  12.50%  5.00 57 AR(4)GARCH(2,2) -1.82% -0.74 92 AR(3)EGARCH(0,1) -17.50% -5.20
23 AR(0)TARCH(2,2) 1231% 547 58 AR(3)GARCH(2,2) -2.96% -1.17 93 AR(4)EGARCH(0,1) -17.87% -5.26
24 ARM4)EGARCH(1,2) 12.21%  4.81 59 AR(3)GARCH(1,2) -3.11% -1.23 94 AR(3)GARCH(0,1) -20.29% -6.19
25 AR(3)EGARCH(1,1)  12.16%  6.75 60 AR(0)GARCH(1,1) -3.12% -1.27 95 AR(2)GARCH(0,1) -20.59% -6.30
26 AR(1)TARCH(2,2) 12.01%  5.18 61 AR(2)GARCH(1,2) -3.36% -1.35 96 AR(0)GARCH(0,1) -20.75% -6.43
27 AR(2)TARCH(1,2) 12.00%  4.79 62 AR(2)GARCH(2,2) -3.41% -1.36 97 AR(1)GARCH(0,1) -20.87% -6.33
28 SPEC(T=75) 12.00%  5.49 63 AR(4)GARCH(1,2) -3.70% -1.47 98 AR(0)TARCH(0,1) -21.15% -6.22
29 AR(3)EGARCH(1,2) 11.15%  4.49 64 AR(3)GARCH(1,1) -3.74% -1.46 99 AR(4)GARCH(0,1) -21.17% -6.36
30 AR(1)TARCH(1,2) 10.99%  4.24 65 AR(0)GARCH(2,1) -4.00% -1.67 100 AR(1)TARCH(0,1) -21.34% -6.26
31 AR(3)TARCH(1,2) 10.49%  4.16 66 AR(1)GARCH(1,1) -4.15% -1.68 101 AR(2)TARCH(0,1) -21.59% -6.36
32 AR(2)TARCH(2,2) 10.22%  4.56 67 AR(4)GARCH(1,1) -4.23% -1.66 102 AR(3)TARCH(0,1) -21.78% -6.37
33 SPEC(T=80) 1021%  4.62 68 AR(4)GARCH(2,1) -4.34% -1.72 103 AR(4)TARCH(0,1) -22.14% -6.39
34 AR(4)TARCH(1,2) 9.84% 3.84 69 AR(2)GARCH(2,1) -4.77% -1.98 104 MINIMUM -43.47% -9.24
35 AR(M4)TARCH(2,2) 9.84% 4.54 70 AR(2)GARCH(1,1) -5.08% -2.03




Table 4

Rank of the methods based on the SPEC model selection algorithm by dropping out the least profitable agent at a

time. ARCH models were estimated using rolling samples of 1000 observations.

Algorithm
Rélrr;l;spisn SPEC SPEC SPEC SPEC SPEC SPEC SPEC SPEC SPEC SPEC SPEC SPEC SPEC SPEC SPEC SPEC AVERAGE
by Sive (175 (T=10) (T=15) (T=20) (T=25) (T=30) (T=35) (T=40) (T=45) (T=50) (T=55) (T=60) (T=65) (T=70) (T=75) (T=80)
104 1 2 3 5 4 9 11 8 10 6 12 15 17 14 22 13 31
103 1 2 3 5 4 9 10 8 11 6 12 15 17 14 22 13 32
102 1 2 3 5 4 9 10 7 11 6 12 15 17 14 21 13 32
101 1 2 3 5 4 9 10 7 11 6 12 15 17 14 21 13 32
100 1 2 3 5 4 9 10 7 11 6 12 14 17 15 21 13 32
95 1 2 3 5 4 9 10 6 11 7 12 14 17 15 21 13 35
90 1 2 3 5 4 9 10 7 11 8 12 14 17 16 21 13 36
85 1 2 3 4 5 9 10 7 11 8 12 15 18 16 21 13 37
80 1 2 3 4 5 9 10 7 11 8 12 15 18 16 22 14 40
75 1 2 3 4 5 8 10 7 11 9 13 15 18 16 23 14 41
70 1 2 3 5 4 8 10 7 11 9 13 14 17 16 22 15 41
65 1 2 3 5 4 8 9 7 11 10 13 14 18 16 23 15 42
60 1 2 3 5 4 8 9 7 11 10 13 14 17 16 23 15 43
55 1 2 3 5 4 8 9 7 11 10 13 14 15 16 24 17 43
50 1 2 3 5 4 7 9 8 12 10 14 13 15 17 24 18 43
45 1 2 3 5 4 8 9 7 11 10 13 14 15 17 24 18 42
40 1 2 3 5 4 8 9 7 11 10 12 13 15 16 21 17 39
35 1 2 3 5 4 8 9 7 11 10 12 13 15 17 22 19
30 1 2 4 5 3 9 8 7 11 10 13 12 14 17 21 19
25 1 2 4 5 3 9 7 8 10 11 13 12 15 18 22 19
20 1 2 3 5 4 10 7 8 9 11 13 12 17 19 20
15 1 2 3 5 4 9 7 8 10 12 13 11
14 1 2 3 5 4 10 7 8 9 12 13 11
13 1 2 3 5 4 10 7 9 8 12 13 11
12 1 2 3 5 4 11 7 9 10 12 8
11 1 2 3 5 4 11 7 9 10 8
10 1 2 3 5 4 7 9 10 8
1 2 3 5 4 8 7 9
1 2 3 5 4 8 7

2 3 5 4 7

2 3 5 4

2 3 5 4

2 3 4

2 3

2
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Table 5

The rank and annualized daily profits of the competitors trading one-day straddles with different exercise prices. ARCH models were estimated using rolling samples
of 1000 observations.

Forecasts K=exp(5r) K=exp(r) K=exp(-3r) Forecasts K=exp(5r) K=exp(r) K=exp(-3r) Forecasts K=exp(5r) K=exp(r) K=exp(-3r)
Profit Rank Profit Rank Profit Rank Profit Rank Profit Rank Profit Rank Profit Rank Profit Rank Profit Rank
SPEC(T=5) 21,60% 1 21,79% 1 21,66% 1 AR(1)GARCH(1,2) -10,53% 87 -10,52% 87 -10,52% 87 AR(1)EGARCH(2,1) 1,78% 49 1,72% 49 1,78% 49
SPEC(T=10) 19,43% 3 19,59% 3 19,48% 3 AR(2)GARCH(1,2) -11,24% 89 -11,19% 89 -11,23% 89 AR(2)EGARCH(2,1) 5,65% 38 5,60% 38 5,65% 38
SPEC(T=15) 18,09% 7 18,22% 7 18,12% 7 AR(3)GARCH(1,2) -10,41% 86 -10,35% 86 -10,40% 86 AR(3)EGARCH(2,1) 2,34% 47 2,30% 47 2,34% 47
SPEC(T=20) 18,30% 6 18,41% 6 18,33% 6 AR(4)GARCH(1,2) -10,03% 85 -997% 85 -10,02% 85 AR(4)EGARCH(2,1) 1,80% 48 1,76% 48 1,80% 48
SPEC(T=25) 18,93% 4 19,03% 4 18,95% 4 AR(0)GARCH(2,1) -3,87% 60 -3,83% 60 -3,87% 60 AR(0)TARCH(O0,1) 8,39% 29 8,35% 29 8,39% 29
SPEC(T=30) 19,83% 2 19,92% 2 19,85% 2 AR(1)GARCH(2,1) -958% 84 -960% 84 -958% 84 AR(1)TARCH(O0,1) 5,86% 35 5,82% 35 5,86% 35
SPEC(T=35) 18,47% 5 18,55% 5 18,48% 5 AR(2)GARCH(2,1) -9,26% 79  -922% 77 -925% 77 AR(2)TARCH(O0,1) 4,04% 42 4,01% 42 4,04% 42
SPEC(T=40) 14,40% 14 1447% 14 14,42% 14 AR(3)GARCH(2,1) -918% 76 -914% 76 -917% 76 AR(3)TARCH(0,1) 4,09% 41 4,06% 41 4,09% 41
SPEC(T=45) 15,66% 9 15,73% 9 15,67% 9 AR(4)GARCH(2,1) -787% 67 -7,81% 67 -7,86% 67 AR(4)TARCH(O0,1) 3,28% 45 3,25% 45 3,28% 45
SPEC(T=50) 13,52% 17 1359% 18 13,54% 17 AR(0)GARCH(2,2) -3,63% 59 -358% 59 -3,62% 59 AR(0)TARCH(0,2) -7,66% 64 -7,70% 66 -7,68% 65
SPEC(T=55) 13,17% 19 13,22% 19 13,18% 19 AR(1)GARCH(2,2) -7,36% 63 -7,36% 63 -7,35% 63 AR(1)TARCH(0,2) -9,04% 75 -9,06% 75 -9,05% 75
SPEC(T=60) 1393% 15 13,99% 15 13,94% 15 AR(2)GARCH(2,2) -793% 68 -7,88% 68 -7,92% 68 AR(2)TARCH(0,2) -9,01% 74 -904% 74 -9,02% 74
SPEC(T=65) 13,05% 21 13,13% 21 13,06% 21 AR(3)GARCH(2,2) -818% 69 -8,13% 69 -817% 69 AR(3)TARCH(0,2) -9,26% 78 -929% 80 -9,27% 78
SPEC(T=70) 13,08% 20 13,15% 20 13,09% 20 AR(4)GARCH(2,2) -7,74% 66 -769% 65 -7,73% 66 AR(4)TARCH(0,2) -894% 72 -897% 72 -895% 72
SPEC(T=75) 12,54% 23 12,62% 23 12,55% 23 AR(0)EGARCH(0,1) -17,09% 100 -17,14% 100 -17,11% 100 AR(0)TARCH(1,1) -1,73% 56 -1,81% 56 -1,75% 56
SPEC(T=80) 13,52% 18 1360% 17 13,53% 18 AR(1)EGARCH(0,1) -16,15% 98 -16,17% 98 -16,16% 98 AR(1)TARCH(1,1) 1,71% 55 -1,79% 55 -1,73% 55
MINIMUM -32,93% 104 -33,35% 104 -33,02% 104 AR(2)EGARCH(0,1) -16,91% 99 -16,94% 99 -16,92% 99 AR(2)TARCH(1,1) -233% 57 -241% 57 -235% 57
MAXIMUM -18,96% 103 -18,60% 103 -18,83% 103 AR(3)EGARCH(0,1) -17,48% 101 -17,52% 101 -17,49% 101 AR(3)TARCH(1,1) -1,59% 54 -168% 54 -161% 54
AVERAGE 13,63% 16 1365% 16 13,62% 16 AR(4)EGARCH(0,1) -17,87% 102 -17,92% 102 -17,88% 102 AR(4)TARCH(1,1) -1,47% 53 -1,56% 53 -1,49% 53
AR( )JGARCH(0,1)  -11,35% 90 -11,39% 90 -11,37% 90 AR(0)EGARCH(0,2) -6,74% 62 -6,81% 62 -6,76% 62 AR(0)TARCH(1,2) 15,07% 10 15,06% 10 15,06% 10
AR(1)GARCH(0,1)  -11,60% 92 -11,62% 92 -1161% 92 AR(1)EGARCH(0,2) -897% 73  -9,02% 73 -8,99% 73 AR(1)TARCH(1,2) 1487% 12 1485% 12 14,86% 12
AR(2)GARCH(0,1)  -12,17% 93 -1220% 93 -12,19% 93 AR(2)EGARCH(0,2) -9,32% 83 -938% 83 -934% 83 AR(2)TARCH(1,2) 14,96% 11 1494% 11 14,95% 11
AR(3)GARCH(0,1)  -12,52% 95 -12,56% 95 -12,54% 95 AR(3)EGARCH(0,2) -931% 80 -937% 82 -933% 82 AR(3)TARCH(1,2) 14,83% 13 1481% 13 14,83% 13
AR(4)GARCH(0,1)  -12,89% 97 -12,92% 97 -12,90% 97 AR(4)EGARCH(0,2) -925% 77 -9,32% 81 -9,27% 79 AR(4)TARCH(1,2) 15,90% 8 15,87% 8 15,89% 8
AR(0)GARCH(0,2) -8,73% 71 -8,80% 71 -8,75% 71 AR(0)EGARCH(1,1) 6,11% 34 6,07% 34 6,11% 34 AR(0)TARCH(2,1) 4,52% 39 4,46% 40 4,51% 39
AR(1)GARCH(0,2) -11,03% 88 -11,07% 88 -11,04% 88 AR(1)EGARCH(1,1) 1,60% 50 1,60% 50 1,61% 50 AR(1)TARCH(2,1) 7,89% 30 7,84% 30 7,88% 30
AR(2)GARCH(0,2) -11,46% 91 -1151% 91 -1147% 91 AR(2)EGARCH(1,1) 2,61% 46 2,61% 46 2,61% 46 AR(2)TARCH(2,1) 8,60% 28 8,56% 28 8,59% 28
AR(3)GARCH(0,2)  -12,30% 94 -12,37% 94 -12,32% 94 AR(3)EGARCH(1,1) 1,10% 52 1,07% 52 1,10% 52 AR(3)TARCH(2,1) 5,79% 36 5,74% 36 5,78% 36
AR(4)GARCH(0,2) -1261% 96 -12,68% 96 -12,63% 96 AR(4)EGARCH(1,1) 1,30% 51 1,25% 51 1,30% 51 AR(4)TARCH(2,1) 7,08% 31 7,03% 31 7,07% 31
AR(0)GARCH(1,1) -2,90% 58 -2,87% 58 -290% 58 AR(0)EGARCH(1,2) 6,91% 32 6,87% 32 6,91% 32 AR(0)TARCH(2,2) 9,48% 26 9,43% 26 9,47% 26
AR(1)GARCH(1,1) -9,32% 81 -926% 79 -931% 81 AR(1)EGARCH(1,2) 4,45% 40 4,48% 39 4,46% 40 AR(1)TARCH(2,2) 12,84% 22 12,82% 22 12,84% 22
AR(2)GARCH(1,1) -823% 70 -8,16% 70 -8,21% 70 AR(2)EGARCH(1,2) 5,73% 37 5,72% 37 5,74% 37 AR(2)TARCH(2,2) 10,21% 24 10,19% 24 1021% 24
AR(3)GARCH(1,1) -768% 65 -762% 64 -7,67% 64 AR(3)EGARCH(1,2) 3,89% 43 3,85% 43 3,89% 43 AR(3)TARCH(2,2) 9,72% 25 9,69% 25 9,71% 25
AR(4)GARCH(1,1) -9,32% 82 -926% 78 -931% 80 AR(4)EGARCH(1,2) 3,77% 44 3,73% 44 3,77% 44 AR(4)TARCH(2,2) 9,38% 27 9,35% 27 9,38% 27
AR(0)GARCH(1,2) -4,16% 61 -4,12% 61 -4,15% 61 AR(0)EGARCH(2,1) 6,46% 33 6,42% 33 6,46% 33




Table 6
The annualized daily profits per competitor per straddle for trades that are at the average of the bid/ask spread. ARCH
models were estimated using rolling samples of 1000 observations.
Model Selection Model Selection Model Selection
Rank Profit T-Ratio Rank Profit T-Ratio Rank Profit T-Ratio
Algorithm Algorithm Algorithm

1 SPEC(T=10) 16.42% 3.51 34 MAEV(T=10) -1.72% -1.82 67 GMLEV(T=60) -10.97% -2.88
2 SPEC(T=20) 13.73% 3.09 35  HAMSED(T=20)  -7.79% -1.96 68 GMLEV(T=30) -11.02% 2.95
3 SPEC(T=50) 13.59% 3.17 36 MSEV(T=70) -8.06% 2.17 69 MAED(T=80) -11.07% -2.90
4 AVERAGE 13.30% 467 37 MSEV(T=60) -8.08% 2.19 70 GMLEV(T=50) -11.08% 291
5 SPEC(T=30) 11.87% 2.74 38 GMLEV(T=20)  -8.35% -2.06 71 HAMAED(T=40)  -11.20% 2.93
6 SPEC(T=40) 11.64% 2.68 39  HAMAED(T=20) -8.38% 2.10 72 GMLEV(T=70) -11.25% -2.96
7 SPEC(T=60) 11.50% 2.65 40 MSEV(T=50) -8.46% 2.19 73 MSED(T=80) -11.57% -3.09
8 SPEC(T=70) 10.63% 2.48 41 MSEV(T=80) -8.58% 235 74 GMLED(T=70) -11.75% -3.02
9 SPEC(T=80) 8.62% 2.03 42 GMLED(T=50)  -8.60% 2.34 75 MLEV(T=70) -11.80% -3.04
10 HAMSEV(T=10)  0.87% 0.21 43 HAMAEV(T=40)  -8.70% -2.40 76  HAMAED(T=80)  -11.83% -3.05
11 HAMAEV(T=10)  0.53% 0.13 44  HAMSED(T=40)  -8.94% 2.41 77 GMLED(T=60) -12.11% -3.13
12 HAMSEV(T=20)  0.38% 0.09 45  HAMSED(T=60)  -9.30% 2.54 78 MSED(T=60) -12.42% 327
13 HAMSEV(T=30)  0.04% 0.01 46 GMLED(T=20)  -9.61% 241 79 HAMAED(T=50)  -12.44% -3.29
14 HAMSED(T=10)  -0.29% -0.07 47 MSED(T=70) -9.90% 2.58 80 MSED(T=30) -12.45% 312
15  HAMSEV(T=60)  -0.96% -0.26 48 MSEV(T=20) -9.92% -2.40 81 MAEV(T=50) -12.46% 321
16  HAMSEV(T=80) -1.05% -0.28 49  HAMAEV(T=70)  -9.95% -2.70 82 MLEV(T=30) -12.65% 322
17 MAX -1.18% -0.21 50  HAMAEV(T=50) -10.04% -2.81 83 MAED(T=50) -12.68% -3.24
18  HAMSEV(T=70)  -1.22% -0.34 51 GMLED(T=30)  -10.11% -2.66 84  HAMAED(T=70)  -12.87% -3.23
19 GMLEV(T=10)  -1.66% -0.40 52 HAMAEV(T=60) -10.14% 2.79 85 MAED(T=70) -13.39% -3.44
20 GMLED(T=10)  -1.93% -0.47 53 MLEV(T=60) -10.26% 2.70 86 MSEV(T=30) -13.44% -3.34
21  HAMSEV(T=50) -2.95% -0.78 54 MLEV(T=20) -10.32% 2.58 87 MAEV(T=60) -13.46% -3.45
22 MLEV(T=10) -3.20% -0.77 55  HAMSED(T=30) -10.38% 2.72 88 HAMAED(T=60)  -13.70% -3.44
23 HAMSEV(T=40) -3.33% -0.87 56 GMLEV(T=80)  -10.46% 2.79 89 MAEV(T=20) -13.74% -3.30
24  HAMAED(T=10) -3.81% -0.94 57 MLEV(T=50) -10.46% 2.79 90 MAED(T=20) -14.23% -3.46
25 MSED(T=10) -4.01% -0.95 58 GMLED(T=40)  -10.51% 2.76 91 MAEV(T=70) -14.25% -3.60
26 MSEV(T=10) -4.28% -1.01 59  HAMAEV(T=30) -10.54% -2.83 92 MAED(T=40) -14.28% -3.62
27 MAED(T=10) -5.19% -1.23 60 MLEV(T=40) -10.55% -2.82 93 MAEV(T=30) -14.30% -3.55
28 GMLEV(T=40)  -5.84% -1.57 61 GMLED(T=80)  -10.61% 2.76 94 MAEV(T=80) -14.33% -3.71
29  HAMAEV(T=80) -6.44% -1.77 62 MSED(T=20) -10.67% 2.64 95 MAED(T=30) -14.53% -3.60
30  HAMSED(T=80) -6.66% -1.80 63 MLEV(T=80) -10.72% -2.86 9 MAED(T=60) -14.60% -3.82
31  HAMSED(T=70) -7.18% -1.91 64 MSED(T=40) -10.73% 2.79 97 MAEV(T=40) -16.09% -4.06
32 HAMAEV(T=20) -7.52% -1.89 65 MSED(T=50) -10.78% -2.89 98 HAMAED(T=30)  -16.14% -4.06
33 MSEV(T=40) -1.71% -1.97 66  HAMSED(T=50) -10.82% -2.86 99 MIN -33.42% -6.12






