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The ARCH type of models is a notorious family of models proven to be suitable for predicting financial returns. 
Their notoriety flourished after Bollerslev (1986) developed the econometric Generalized ARCH model 
(GARCH). This paper provides a presentation of the main characteristics of the modeling of  financial returns 
with the objective to calibrate an EGARCH (Exponential GARCH) model for the logarithmic returns of the 
Romanian composite index BET-C on the stocks listed at the Bucharest Stock Exchange. We continue a previous 
study Lupu (2005) to model the statistical properties of these returns in comparison with the main non-normality 
properties found in previous research for the US stock index. We found that these properties are generally held on 
the Romanian market and this provides us reasons to trust the opportunity of an EGARCH model. The article 
provides the testing of the predictive power of this model for the Romanian index by calibrating the model and then 
evaluate its performance on an out of sample test. 
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1. GENERALIZED AUTOREGRESSIVE CONDITIONAL 
HETEROSCEDASTICITY 

 
GARCH (Generalized AutoRegressive Conditional Heteroskedasticity) is a family of 

models that allow to include the most important properties of the returns. The problem 
of these models is that the parameters’ estimation needs nonlinear statistic models with a 
high degree of complexity.  

The simplest dynamic form of variance in GARCH form is: 
 

22
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1 tttt R σβσαωσ ++ ++= , where 1<+ βα .      (1) 
 
To measure the risk is necessary to check if we need an equation of dynamic 

variance which will take into account the existence of a stable unconditioned distribu-
tion. Obviously, passing-by the long run mean become an increasing problem for long 
run forecasting and less important for daily forecasting.  

If we intend to forecast the return variance after k days on the bases of the in-
formation obtained at the end of current transaction session, we will observe that the 
mean of these values would be: 
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(2)  
 We considered that Et[x] is the mean (the expectation regarding the value) of x, 
computed on the basis of the information that we have at the moment t. We assumed 
that 111 +++ = ttt zR σ  and than we solved up until 2

1+tσ . 
βα +  is known as the persistence of the model. A high persistence (when βα +  

is closed to 1) makes the shocks that push the variance away from the long term mean to 
have an important effect on future variances although eventually the forecasted long 
term variance will be the average variance (for the unconditional variance). We notice 
that [ ] 22 σσ −+kttE  (which stands for the distance from the probable value of the variance k 
periods in the future) is the smaller as βα +  is smaller than 1. The size of this deviation 
from the long term mean is given by the expected deviation at t+1 multiplied by the per-
sistence. If we record a high variance in the present then the value from tomorrow will 
also be high while the value k periods from now will also be high as long as we have a 
high persistence, ( βα +  is closed to 1). When βα +  = 1 the best estimate of the vari-
ance from t+k is the variance at t+1. 

 
2. PROPERTIES OF RETURNS 
 

We will assume that return series are stationary processes. This Figure 1 illus-
trates an equity price series. In this case, it shows daily closing values of the BET-C in-
dex from 3rd of January 2002 until 17th of November 2005. Notice that there appears to 
be no long-run average level about which the series evolves. This is evidence of a non-
stationary time series. 

 

Figure 1 – BET-C values from January 2002 to November 2005 

 

 



Romanian Economic Journal 

 

Year X, no. 23  June 2007 

21 

 
The following figure, however, illustrates the continuously compounded returns 

associated with the same price series. In contrast, the returns appear to be quite stable 
over time, and the transformation from prices to returns has produced a stationary time 
series. 
 

Figure 2 – BET-C returns from January 2002 to November 2005 

 

 
 
3. THE MODEL 
 

3.1 EGARCH(P,Q) Conditional Variance 

 
The Matlab package that has been used for this analysis uses the EGARCH(P,Q) 

model: 
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(3)   

EGARCH(P,Q) models are treated as ARMA(P,Q) models for ( )2log tσ . We ob-
serve that EGARCH models are fundamentally different from the classical GARCH 
model in that the standardized innovation, zt, serves as the forcing variable for both the 
conditional variance and the error. On the other hand the GARCH model allows for 
volatility clustering (i.e., persistence) by a combination of the Gi and Aj terms, whereas 
persistence in EGARCH models is entirely captured by the Gi terms. 
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The following analysis is checking for the basic ARCH type of models setting. 
We will check for the autocorrelation of returns and the autocorrelation of squared re-
turns as a proxy for variance.  
 

3.2 Checking for correlation in the return series 
 

The Figure 3 shows the sample autocorrelation function of the returns, along 
with the upper and lower standard deviation confidence bounds, based on the assump-
tion that all autocorrelations are zero beyond lag zero. We used lags until the 20th lag 
and we can notice that the returns exhibit significant correlation at the first, the fourth 
and the seventh lag. We see that the first lag is significantly out of the 95% confidence 
interval which is why we will use an E-Garch model with one lag for the mean equation. 
 

Figure 3 – Autocorrelation Function for Raw Return Series 

 

 
 

3.3 Checking for correlation in the squared returns 

 
The ACF of the squared returns may still indicate significant correlation and per-

sistence in the second-order moments.  
 

Figure 4 – Autocorrelation Function of the Squared Returns 
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Figure 4 shows that the variance process exhibits correlation at a higher level 
than the raw returns. This is consistent with the setting of an ARCH type model. Note 
that the ACF shown in this figure appears to die out slowly, indicating the possibility of 
a variance process close to being nonstationary so we expect a high persistence of the 
model. 
 

3.4 Quantifying the correlation 
 
The preceding qualitative checks can be quantified for correlation using formal 

hypothesis tests, such as the Ljung-Box-Pierce Q-test. We implemented the Ljung-Box-
Pierce Q-test for a departure from randomness based on the ACF of the data. The Q-
test is most often used as a postestimation lack-of-fit test applied to the fitted innova-
tions (i.e., residuals). Under the null hypothesis of no serial correlation, the Q-test statis-
tic is asymptotically Chi-Square distributed.  

The first output, H, is a Boolean decision flag. H = 0 implies that no significant 
correlation exists (i.e., do not reject the null hypothesis). H = 1 means that significant 
correlation exists (i.e., reject the null hypothesis). The remaining outputs are the P-value 
(pValue), the test statistic (Stat), and the critical value of the Chi-Square distribution 
(CriticalValue). 

 
3.5 Ljung-Box-Pierce Q-Test 

 
We can notice that the returns of the Romanian BET-C index are correlated up 

to 10, 15 and 20 lags. We could actually use a simple autoregressive model to forecast 
the movement of BET-C index in time for the specific period. 
 
    1.0000    0.0000   60.7373   18.3070 
    1.0000    0.0000   67.9978   24.9958 
    1.0000    0.0000   82.3635   31.4104 
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We also notice that there is significant serial correlation in the squared returns 
when you test them with the same inputs. 
 
    1.0000         0  137.3255   18.3070 
    1.0000         0  172.4888   24.9958 
    1.0000         0  193.0380   31.4104 
 
4. PARAMETER ESTIMATION 
 

This section continues the analysis begun in Preestimation Analysis. It estimates 
model parameters and then examines the estimated GARCH model. 
 

4.1 Estimating the Model Parameters 

 
The presence of heteroscedasticity, shown in the previous analysis, indicates that 

GARCH modeling is appropriate. For the E-Garch model previously described, the 
output provided by the Matlab package is:  
 
Mean: ARMAX(0,1,0); Variance: EGARCH(1,1) 
Conditional Probability Distribution: Gaussian 
Number of Model Parameters Estimated: 6 

 
 
 
 
 

Table 1 
E-Garch estimated parameters 
 
                                 Standard               T      
  Parameter       Value           Error        Statistic  
   -----------        -----------    ------------    ----------- 
      C      0.0017552       0.0003396       5.1686 
  MA(1)     0.18795         0.035061         5.3606 
      K      -0.46118        0.085248         -5.4099 
GARCH(1)     0.94611         0.0095574       98.9928 
ARCH(1)     0.38955         0.024847         15.6781 
Leverage(1)     -0.025314       0.016725         -1.5136 
 

If we substitute these estimates in the definition of the EGARCH model the es-
timation process implies that the model that best fits the observed data is 
 
yt  =  0.0017552 +  0.18795 yt-1 + tε             (4) 
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4.2 Postestimation Analysis 

 
This part of the analysis starts by comparing the residuals, conditional standard 

deviations, and returns. It then uses plots and quantitative techniques to compare corre-
lation of the standardized innovations. 
 

4.1.1 Comparing the Residuals, Conditional Standard Deviations, and Returns 
 

In addition to the parameter estimates and standard errors, we also computed 
the optimized log-likelihood function value (LLF), the residuals (innovations), and con-
ditional standard deviations (sigmas). To inspect the relationship between the innova-
tions (i.e., residuals) derived from the fitted model, the corresponding conditional stan-
dard deviations, and the observed returns are shown in Figure 5. 

We can notice that both the innovations (top plot) and the returns (bottom plot) 
exhibit volatility clustering. 

 
 
 
 
 
 
 
 
 
 
 

Figure 5 – Innovations, Conditional Standard Deviations and Returns 
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4.1.2 Plot and Compare the Correlation of the Standardized Innovations 
 

Figure 6 – Standardized Innovations 

 

 
 
If we plot the ACF of the squared standardized innovations, they show no cor-

relation. This means that the E-Garch model did a good job by catching all the correla-
tions in the returns – using the model as a filter we can see that the returns are random 
(the residuals behave as predicted by the model).  
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Figure 7 – Autocorrelation Function of the Squared Standardized Innovations 

 

 
 
We can observe that by comparing the ACF of the squared standardized innova-

tions in Figure 7 to the ACF of the squared returns prior to fitting the E-Garch, the 
model sufficiently explains the heteroscedasticity in the raw returns. 
 
5. OUT OF SAMPLE TEST AND CONCLUSION 
 

The parameters previously found were used in a mean squared error estimation 
of the parameters for E-Garch models in an out-of-sample test. We used 862 data from 
the 962 returns available from 3rd of January 2002 until 17th of November 2005 for the 
performance of this test.  

The test is comprised of 100 one-day out-of-sample tests. For instance, we used 
the first 862 days to get the mean squared error estimate of the E-Garch parameters and 
then computed the one day ahead mean and standard deviation using this model. We 
checked if the actual return on that particular day (the 863rd day of our sample) is inside 
a 95% confidence interval computed from the E-Garch estimation. We performed this 
test using a window of the same size (862 days) and testing the out-of-sample perform-
ance for all the 100 days. 

We found that the out-of-sample returns were inside the E-Garch estimated 
95% confidence interval for all the 100 days. We can actually use this model to perform 
capital market one-day estimates for the returns. 

The next step in our research would be to use this procedure in order to check 
for similar results in individual securities.  
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