
				Future Volatility Forecasting Models: An Analysis of the Brazilian Stock Market
			

				Future Volatility Forecasting Models: An Analysis of the Brazilian Stock Market
			

Table of contents
	1. Introduction
	2. Theoretical Framework
	3. a) Univariate and Bivariate Models of Historic Volatility
	4. III.
	5. Methodology and Database
	6. Global Journal of Management and Business Research
	7. a) Univariate and Bivariate Models of Historic Volatility
	8. b) GARCH and EGARCH Models
	9. Results
	10. a) Univariate Model of Historic Volatility
	11. b) Bivariate Model of Historic Volatility
	12. Table 4 : Linear Regression between Long-Term Historic
	13. Global Journal of Management and Business Research
	14. c) GARCH Model
	15. Global Journal of Management and Business Research
	16. Conclusion

	Appendix A §	Appendix A.1 §


	Appendix B §


1. Introduction
hen investors seek to invest their funds, the majority use profitability as the main criteria in making their decisions. However, it is also necessary to analyze risk and return, and volatility is one of the key measurement variables needed to make a good investment decision.
The standard, and simplest, way of measuring the volatility of an asset is by estimating the standard deviation of its returns. This measurement is usually defined as historic volatility. However, what is important for the financial market is not the historic value of the variance, but rather the value that is expected to prevail in the future. contrast, a high volatility asset presents abrupt oscillation, and is thus considered a high risk.
Therefore, the higher the volatility, the riskier the investment will be. When an asset has a low volatility it has a lower risk since its value changes slowly. In In this study, volatility is calculated as both the dispersion of asset returns in the stock market (standard historic volatility) and the variation between the highest and lowest price of an asset on a given day (average historic volatility).
There are several types of volatility mentioned in the literature on this subject, such as historic, future, expected, and implied volatility, which support investor analyses. However, future volatility is the type that matters the most, since it best describes the price dispersion of the underlying asset.
Due to the ease of obtaining historic and implied volatilities, these are often used in calculating the theoretical price of assets, even if this is not the best estimation method.
This study focuses on the Brazilian stock market. In the last five years, there has been growth in the average daily trading volume at an average annual rate of 7.0%(Compound Annual Growth Rate), with an emphasis on the options market, which grew at an average annual rate of 11.7% (Figure 1). Moreover, there is great potential in the Brazilian market because of the following reasons: the need for new listings by Brazilian companies wanting to obtain more capital for their investments; the growth of the middle class; and the wider dissemination and awareness of financial information due to the efforts of BM&FBOVESPA that launched a campaign in September 2010 with the strategy of increasing its total number of investors to 5 million within five years.
To give more consistency to the data and results, two highly liquid assets with a long trading history were chosen, namely, Petrobras PN (PETR4) and Vale PNA (VALE5). These are the two most negotiated shares on the Brazilian stock market in recent years. Their calls and puts are also the most negotiated options on BM&FBOVESPA, exchange where most trading in stock options is concentrated. Other stock options have low volume.
Figure 2 represents the daily returns of Petrobras and of Vale from July 5, 1994 to August 27, 2013, respectively. 
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Figure 3. Figure 2 :
2[image: Figure 2 : Daily return of the Petrobras and Vale Shares from July 5, 1994 to August 27, 2013. As can be seen from the data, the Petrobras returns suffered great variations in late 1994 (the Mexican crisis), early 1997 (the Asian crisis), 1998 (the Russian crisis), and late 2008 and early 2009 (the real estate crisis or subprime crisis in the United States), which generated high volatility on these dates with increasing risk aversion indicating the strong influence of international factors on the Brazilian domestic market. Analyzing the Vale returns, these followed a trend without suffering large oscillations, especially compared with the Petrobras share returns. The effects of the aforementioned crises were sharp. The returns obtained from the Petrobras and Vale shares are central in calculating and forecasting future volatility, as will be seen throughout this study. II.]
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[image: of historic volatility implied lower values of future volatility. b) GARCH and EGARCH Models Engle (1982) introduced the autoregressive conditional heteroskedasticity model (ARCH), presenting the concept of conditional variance that proved to be used in many different models of economic phenomena.]
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Figure 9. Figure 4 :
4[image: Figure 4 : Example of data selection for calculating volatility using the Bivariate Model.]
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Figure 11. Figure 5 :
5[image: Figure 5 : Relationship between Standard Historic Volatility and Standard Future Volatility and between Average Historic Volatility and Standard Future Volatility for the Petrobras Share.]

Figure 12. Figure 6 :
6[image: Figure 6 : Relationship between Standard Historic Volatility and Standard Future Volatility and between Average Historic Volatility and Standard Future Volatility for the Vale Share. The dotted line represents the quadratic regression obtained from the relationship between standard historic volatility and standard future volatility and the solid line represents the quadratic regression obtained from the average historic volatility and standard future volatility. Table3shows the results of the regressions carried out using the SPSS statistical analysis tool.Global Journal of Management and Business Research]

Figure 13. Figure 7 :
7[image: Figure 7 : Relationship between short-and long-term historic volatilities and future volatility for the Petrobras share from linear regression using the bivariate model of historic volatility.]

Figure 14. Table 5 :
5[image: Quadratic regression between long-term historic volatility and short-term historic volatility for the Petrobras shares using the bivariate model.]

Figure 15. Figure 8 :
8[image: Figure 8 : Relationship between short-and long-term historic volatilities and future volatility for the Petrobras share from quadratic regression using the bivariate model of historic volatility.]

Figure 16. Table 6 :
6[image: Relationship between short-and long-term historic volatilities and future volatility for the Petrobras shares from quadratic regression using the bivariate model of historic volatility.]

Figure 17. Figure 9 :
9[image: Figure 9 : Relationship between short-and long-term historic volatilities and future volatility for the Vale shares from linear regression using the bivariate model of historic volatility.]
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Figure 19. Figure 10 :
10[image: Figure 10 : Relationship between short-and long-term historic volatility and future volatility for the Vale Share from quadratic regression using the bivariate model of historic volatility.]

Figure 20. Figure 11 :
11[image: Figure 11 : Relationship between short-and long-term historic volatilities and future volatility for the Petrobras share from linear regression using the GARCH model.]
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Figure 22. Figure 12 :
12[image: Figure 12 : Relationship between the GARCH Model and the bivariate model of historic volatility for the Petrobras shares from the linear regression result.]

Figure 23. Figure 13 :
13[image: Figure 13 : Relationship between short-and long-term historic volatilities and future volatility for the Petrobras share from quadratic regression using the GARCH model.]

Figure 24. 
[image: Linear regression between long-term historic volatility and short-term historic volatility for the Vale shares using the GARCH model.]

Figure 25. Figure 14 :
14[image: Figure 14 : Relationship between short-and long-term historic volatilities and future volatility for the Vale shares from linear regression using the GARCH model.]

Figure 26. Figure 15 :
15[image: Figure 15 : Relationship between short-and long-term historic volatilities and future volatility for the Vale share from quadratic regression using the GARCH model. By presenting a higher R², the quadratic models of Petrobras and Vale better determine future volatility. Moreover, the Petrobras share provided better results for calculating future volatility than the Vale share. d) EGARCH Model EViews statistical package was used to calculate long-term historic volatility in the EGARCH model, replacing long-term historic volatility.In accordance with the results obtained in Table14, it can be observed that there is a relationship between the dependent and independent variables, since they have a high student's t-distribution.]

Figure 27. Figure 17 :
17[image: Figure 17 : Relationship between short-and long-term historic volatilities and future volatility for the Petrobras share from quadratic regression using the EGARCH model.]

Figure 28. VolumeFuture
[image: Volatility Forecasting Models: An Analysis of the Brazilian Stock Market]

Figure 29. Figure 18 :
18[image: Figure 18 : Relationship between short-and long-term historic volatilities and future volatility for the Vale share from linear regression using the EGARCH model.Unlike what happened in the application of the quadratic model for Petrobras, all variables for the Vale share explain future volatility, presenting high student's t. This can be seen in table 17.]

Figure 30. Table 17 :
17[image: Quadratic regression between long-term historic volatility and short-term historic volatility for the Vale shares using the EGARCH model.]

Figure 31. Figure 19 :
19[image: Figure 19 : Relationship between short-and long-term historic volatilities and future volatility for the Vale share from quadratic regression using the EGARCH model.The increase in long-term volatility provides an increase in future volatility to 50% when the curve is reversed, and the increase in long-term volatility above 50% influences a decrease in future volatility, proving the mean reversion. Therefore, these results from the EGARCH model are similar to those of the GARCH model. However, it is clear that, with long-term future volatility at 80%, any increase in this volatility generates a negative variation in future volatility greater than in the GARCH model.When using short-term volatility at 50% and a 10% future volatility, the EGARCH model's future volatility is 42%, while that of the GARCH model is 45%. Applying a 70% long-term volatility, the EGARCH model's future volatility is 46% while the GARCH model is 47%. In other words, the variation is small in both models. However, if the long-term volatility is 110%, the]
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20[image: Figure 20 : Relationship between the GARCH Model and the EGARCH Model for the Vale shares using the quadratic regression result.]
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2. Theoretical Framework
 Up: Home Previous: 1. Introduction Next: 3. a) Univariate and Bivariate Models of Historic Volatility
There are several definitions and concepts of volatility in the literature. According to Shiryaev (1999), there is no financial concept as discussed and as freely interpreted as volatility.
Usually this term is used in finance to denote the standard deviation of an asset's return. Thus, one of the variables for calculating volatility is the rate of return of an asset (ui) during a certain time interval i:
, where i = 1, 2, 3?, n. (
Where is the asset price in time i and is the asset price in time i -1.
Considering n + 1 observations, it is possible to calculate the asset's average return (?):
(2) The usual estimation that represents the variance of , is given by:
(3) Thus, volatility can be defined as .
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3. a) Univariate and Bivariate Models of Historic Volatility
 Up: Home Previous: 2. Theoretical Framework Next: 4. III.
According to Katz and Cornick (2005), historic volatility is generally used to calculate option price. However, option value is not defined by historic volatility, but by future volatility.
Because of this, some experiments were conducted in order to calculate future volatility based on historic volatility. Two of these models are used in this study: univariate and multivariate models of historic volatility.
In the univariate model of historic volatility, two measures are used to calculate volatility: standard historic volatility based on the standard deviation of the logarithmic returns, as can be seen in equation (3); and average historic volatility, as can be seen in equation ( 4), according to Katz and Cornick (2005):
(4)Where m represents the period selected, is the maximum of the asset in the period and is the minimum of the asset in a certain period.
On the other hand, the bivariate model of historic volatility uses a short-term historic volatility measurement and adds a long-term historic volatility measurement for future volatility forecasting.
Caspary (2011) uses both univariate and bivariate regressions to obtain a relationship between standard historic volatility and future volatility. In his study, he analyzed the twenty-seven most liquid shares of Bovespa, in addition to IBOVESPA, to forecast future volatility. In both models, the results were satisfactory and mean reversion was observed, i.e., lower values of Bollerslev (1986) expanded Engle's model in order to allow the conditional variance to be modeled as an autoregressive-moving-average process (ARMA). According to Gujarati (2005), the generalized autoregressive conditional heteroskedasticity model (GARCH), as the name implies, is a generalization of the ARCH model, where the conditional variance at a certain time depends on disturbances and past conditional variances.
GARCH (1,1) is the simplest and most used GARCH model. GARCH (1,1) was used in this study because it is the GARCH model series that best fits, and because there is autocorrelation between the residues found in AR(1) regression, whereas there is no autocorrelation between residues found in AR(2) regression. Equation 5 follows, and represents this model: , and ? the weight related to . The sum of these weights is 1, like the equation: (6) Besides being a more advanced model than ARCH, it can also be considered an extension of the exponentially weighted moving average model (EWMA), since the long-term variance rate is taken into account, which influences the calculation of today's variance.
Therefore, the GARCH model was used in this study and its results will be presented in the results section.
The exponential generalized autoregressive conditional heteroskedasticity model (EGARCH) will also be used because it is an even more developed model than GARCH, since it uses asymmetry, taking into consideration that each rise and fall in the asset's value is weighted differently in volatility.
This model created by Nelson (1991) aimed to develop a multivariate version of exponential ARCH and a satisfactory asymptotic theory for estimating parameters of maximum likelihood. (7) Where g(Zt
) = ? + ? ( | Zt | ? E ( | | )),is the conditional variance, ?, ?, ?, ? and ? are coefficients, and can be a standard normal variable or come from generalized error distribution. As well as the GARCH model, EGARCH (1,1) will be used in this study, rather than the other EGARCH series, since it presents autocorrelation between the regression residuals, adjusting better to the model.
When Morais and Portugal (1999) analyze which model best predicts the volatility of IBOVESPA in stable or troubled periods, they conclude that the GARCH model (deterministic model) presents superior results in a certain period of calm in the market, while the stochastic model obtains more satisfactory results in periods of crisis. Wang (2007), when analyzing historic models, moving average volatility, GARCH and EGARCH volatility, as well as implied volatility in order to forecast the future volatility of shares, government bonds and foreign exchange market, concludes that the implied volatility model had the best results in forecasting future volatility, although all models had low influence. Figlewski (2004), on the other hand, when comparing several models for forecasting future volatility, concludes that, in general, the historic volatility model provides better results for predicting short-term and long-term future volatility. According to Figlewski (2004), the GARCH model requires a larger sample size to give a better estimate. Therefore, when daily data are used in the model, GARCH achieves satisfactory results for forecasting volatility in a horizon of less than three months.
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4. III.
 Up: Home Previous: 3. a) Univariate and Bivariate Models of Historic Volatility Next: 5. Methodology and Database
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5. Methodology and Database
 Up: Home Previous: 4. III. Next: 6. Global Journal of Management and Business Research
The database used in the study is comprised of a history of share prices used in determining the historic volatility of the underlying asset for the different time horizons and consequent establishment of volatility according to predefined periods. Economática was the system selected for the survey of the asset price database. Besides allowing the acquisition of information on various shares for long periods of time, it also enables the extraction of a history of share prices that is already adjusted to the payment of dividends. Thus, the calculation of variations in asset prices can be made directly, without additional adjustments, since it is possible to obtain them already adjusted. The representation of the EGARCH(p,q) model follows in equation 7:

 Up: Home Previous: 4. III. Next: 6. Global Journal of Management and Business Research

6. Global Journal of Management and Business Research
 Up: Home Previous: 5. Methodology and Database Next: 7. a) Univariate and Bivariate Models of Historic Volatility
For the current study, Petrobras (PETR4) and Vale (VALE5) shares were selected for being high liquidity shares, and presenting high daily trading volume with a long history, which provides a better analysis. The series obtained consists of daily closing, opening, and, maximum and minimum values of the assets from July 5, 1994 to August 27, 2013. The selected period includes a good historic record for analysis because of the Real Plan (Plano Real -a Brazilian Economic Program) and, to an extent, controlled inflation, which allows for the acquisition of satisfactory results. It is noteworthy that both, periods of crisis and periods of economic expansion, were used, and all trading days were considered.
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7. a) Univariate and Bivariate Models of Historic Volatility
 Up: Home Previous: 6. Global Journal of Management and Business Research Next: 8. b) GARCH and EGARCH Models
For the application of these two models, the methodology suggested by Katz and Cornick (2005) was used.
First, a stock is selected. In this study, the Petrobras (PETR4) and Vale (VALE5) shares were selected. Then, the period of analysis, from July 5, 1994 to August 27, 2013 was selected.
Using each reference date selected, historic volatility was calculated for 30 days prior (m1 = 30) and future volatility was calculated for 10 days (n1 = 10) immediately after the reference date. Figure 3   From this point on, another reference date is selected, and historic and future volatility are calculated as shown in the model. This process is repeated until the last reference date is selected.
In the univariate model, two measures of historic volatility are analyzed, namely, standard historic volatility and average historic volatility. With this, two series are used: one representing the relationship between standard historic volatility and standard future volatility, and the other representing the relationship between average historic volatility and standard future volatility.
This second study was done to assess if the multivariate model provides better estimates of future volatility than the model with a single variable.
In this study, two measures of historic volatility -a short-term one and a long-term one-were used to predict future volatility.
For each selected data on a certain date, m1 data preceding the reference data were selected, and historic volatility was short-term. After the last data of m1, m2 data were selected for calculating long-term historic volatility. In contrast, future volatility was calculated based on the m3 data selected after the reference data.
In this case, m1 was equal to 30, m2 was equal to 70, and m3 equal to 10. After calculating these three volatilities, the next reference data was selected, the volatilities were calculated, and so on.

 Up: Home Previous: 6. Global Journal of Management and Business Research Next: 8. b) GARCH and EGARCH Models

8. b) GARCH and EGARCH Models
 Up: Home Previous: 7. a) Univariate and Bivariate Models of Historic Volatility Next: 9. Results
To work with the GARCH and EGARCH models, EVIEWS was used to obtain long-term volatility.
Thus, from the returns of the Petrobras (PETR4) and Vale (VALE5) shares, the equation was estimated using the GARCH method. The daily variance for every share and therefore the annualized volatility for each of the periods were obtained as a result.
The same procedure was carried through for the EGARCH method, with long-term volatility as the final result.
IV.
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9. Results
 Up: Home Previous: 8. b) GARCH and EGARCH Models Next: 10. a) Univariate Model of Historic Volatility
Having obtained the historic series of the shares and applied the methodology presented above, historic and future volatilities were obtained. With these results, linear and quadratic regressions were applied to better analyze the results, verifying the reliability and comparing the various models used in the study.
As previously mentioned, some models were used to calculate the future volatility of the preferred shares of Petrobras and Vale: the univariate model of historic volatility, the bivariate model of historic volatility, GARCH and EGARCH. In this section, the results of each model will be described.

 Up: Home Previous: 8. b) GARCH and EGARCH Models Next: 10. a) Univariate Model of Historic Volatility

10. a) Univariate Model of Historic Volatility
 Up: Home Previous: 9. Results Next: 11. b) Bivariate Model of Historic Volatility
First, the daily closing prices and daily minimum and maximum share prices of Petrobras and Vale from July 5, 1994 to June 30, 2011 were collected for the calculation of share returns.
Then, standard historic volatilities, average historic volatilities, and standard future volatilities were calculated.
Two series related to the Petrobras share are shown in the graph in figure 5: the first illustrating the relationship between standard historic volatility and standard future volatility, and the second illustrating the relationship between average historic volatility and  The dotted line represents the quadratic regression obtained from the relationship between standard historic volatility and standard future volatility and the solid line represents the quadratic regression obtained from the average historic volatility and standard future volatility. Tables 1 and 2 show the results of the regressions carried out using the SPSS statistical analysis tool.  From the graph in Figure 5, it is clear that the volatilities exhibit similar behavior for about 40% of each calculation after which there is a slight deviation from the average historic volatility. It can be noticed that the volatility displays mean reversion, i.e., low levels of historic volatility lead to higher levels of future volatility, while high levels of historic volatility imply lower levels of future volatility.
For almost all volatilities, the calculation using average volatility provides a better estimate of future volatility than the standard measurement. This occurs because there is a greater reliability upon the average as a measure of volatility, and its volatility better explains future volatility, since it has a slightly higher R², as detailed in the results obtained using regression.
Two series related to the Vale share were also used. Both series are shown in the chart in figure 6: the first illustrates the relationship between standard historic volatility and standard future volatility, and the second illustrates the relationship between average historic volatility and standard future volatility. The x-axis (horizontal) represents historic volatility and the y-axis (vertical) future volatility.  As observed for Petrobras, from the graph with the Vale volatilities we observe that the volatilities exhibit a similar behavior up to approximately 45% of each calculation.. Additionally, the volatility displays mean reversion, i.e., low levels of historic volatility causing higher levels of future volatility, while high levels of historic volatility imply lower levels of future volatility, showing greater influence than in the Petrobras shares.
By having a slightly higher R² in the average historic volatility model, it can be seen that its volatility better forecasts future volatility, being a more reliable measure.
For the models shown above, taking into account the R² presented in this section, the Petrobras share provides better results than the Vale share when calculating future volatility.

 Up: Home Previous: 9. Results Next: 11. b) Bivariate Model of Historic Volatility

11. b) Bivariate Model of Historic Volatility
 Up: Home Previous: 10. a) Univariate Model of Historic Volatility Next: 12. Table 4 : Linear Regression between Long-Term Historic
In the multivariate model, in addition to shortterm historic volatility, a long-term historic volatility was added, differing from the univariate model presented earlier.
As this model presents a two variable function, the result would be a three-dimensional graph. For ease of viewing, some short-term volatilities were established and a certain future volatility was obtained according to long-term volatility.
Both linear and quadratic methods were used for calculating future volatility, according to the study suggested above. The two models presented satisfactory results for both the Petrobras and Vale shares.
Using linear regression for the Petrobras shares, the results were: the higher the short-or long-term volatility, the higher the future volatility.
Table 4 shows the result of the linear regression of short-and long-term historic volatility for calculating future volatility and figure 7 shows it as a graph.

 Up: Home Previous: 10. a) Univariate Model of Historic Volatility Next: 12. Table 4 : Linear Regression between Long-Term Historic

12. Table 4 : Linear Regression between Long-Term Historic
 Up: Home Previous: 11. b) Bivariate Model of Historic Volatility Next: 13. Global Journal of Management and Business Research
Volatility and Short-Term Historic Volatility for the Petrobras Shares using the Bivariate Model. As it is linear, if the short-term volatility is the same, an increase in long-term volatility generates an increase in future volatility.
As with the linear method, the same methodology was followed for calculating the results of the Petrobras shares using the quadratic method. The results can be seen in table 5 and figure 8.  Using the quadratic method, it can be seen that the higher the short-term volatility, the higher is the future volatility, presenting a proportional relationship. At a short-term historic volatility of 50% or less, any variation in historic volatility implies a larger variation in future volatility. After 50%, the variation in this volatility has less and less impact on the variation of future volatility. It can be observed that future volatility is very similar when short-term historic volatility is 125% or 150%.
Including long-term volatility in the analysis, it can be observed that at long-term volatility of approximately 70%, the higher the long-term volatility, the higher the future volatility. From then on, the increase in long-term volatility generates minor impact on future volatility, proving there is mean reversion. Considering a short-term volatility at 75%, when longterm volatility is at 50% or at 90%, future volatility is at 65%.
Thus, for the Petrobras PN shares, one instance of high volatility will barely remain in this baseline for a long period of time. Table 6 aids in understanding the aforementioned with regard to the analysis of volatility.  Table 7 : Linear regression between long-term historic volatility and short-term historic volatility for the Vale shares using the bivariate model.
Using linear regression to obtain the future volatility model for the Vale shares, the same results are found as in the application of linear regression for the Petrobras share, i.e., the higher the short-and long-term volatility, the higher the future volatility. In order to check the results for the quadratic model, a regression between short-term historic volatility, short-term squared volatility, long-term volatility, and long-term squared volatility was performed to calculate future volatility. Table 8 and figure 10 show the results.

 Up: Home Previous: 11. b) Bivariate Model of Historic Volatility Next: 13. Global Journal of Management and Business Research

13. Global Journal of Management and Business Research
 Up: Home Previous: 12. Table 4 : Linear Regression between Long-Term Historic Next: 14. c) GARCH Model
Table 8 : Quadratic regression between long-term historic volatility and short-term historic volatility for the Vale shares using the bivariate model.
It can be observed in figure 10 that, in applying the quadratic method of regression for the Vale shares, it becomes clear that at short-term historic volatility of 50% or less, any variation in short-term historic volatility generates greater variation in future volatility. After 50%, the volatility of this variation will have less and less impact on the variation of future volatility, until 125%, when an increase above this value in short-term historic volatility leads to lower future volatility. By including long-term volatility in the analysis, it is clear that an increase in this volatility causes less and less variation in future volatility, with a tendency to remain constant during periods of high volatility. For instance, considering a short-term volatility at 50%, when there is a long-term volatility at 20%, the result is a future volatility of 41%. If long-term volatility is at 30%, future volatility is at 44%. By increasing long-term volatility to 40%, future volatility grows to 46%. Table 9 sums this up.
Table 9 : Relationship between short-and long-term historic volatilities and future volatility for the Vale shares from quadratic regression using the bivariate model of historic volatility.
As R² is higher with the quadratic model for both Petrobras and Vale, it can be seen that short-and long-term volatility that best determines future volatility is obtained by using this model, which presents more reliable results.
For the models shown above, the Petrobras share provides better results than the Vale share when calculating future volatility.

 Up: Home Previous: 12. Table 4 : Linear Regression between Long-Term Historic Next: 14. c) GARCH Model

14. c) GARCH Model
 Up: Home Previous: 13. Global Journal of Management and Business Research Next: 15. Global Journal of Management and Business Research
For application of the GARCH model, EViews statistical package was used to calculate long-term historic volatility. From the data obtained with the bivariate model of historic volatility, the long-term historic volatility calculated for this model was replaced by the volatility calculated using EViews.
Linear and quadratic regressions were performed for both the Petrobras and Vale shares with the volatility results obtained.
Applying the linear regression method for the Petrobras shares, it is clear that there is a relationship between the dependent and independent variables, since they have high student's t-distribution, according to the results obtained in Table 10.
Table10 : Linear regression between long-term historic volatility and short-term historic volatility for the Petrobras shares using the GARCH model.
For a better understanding of the results, shortterm volatility was fixed and future volatility was calculated using the variation of long-term volatility. Using the equation obtained from the regression, it can be seen that the higher the long-term volatility, the lower is the future volatility, and the higher the short-term volatility, the higher is the future volatility. The graph from figure 11 shows this relationship.  This model presents different results than the bivariate model of historic volatility. Considering a shortterm historic volatility at 50% and a long-term historic volatility at 30%, a future volatility of 45% is obtained using the GARCH model. Applying the same historic volatilities in the historic bivariate model, a future volatility of 43% is obtained.
When using a short-term historic volatility at 50% and a long-term historic volatility at 80%, a future volatility of 44% is obtained using the GARCH model. Applying the same historic volatilities in the historic bivariate model, a future volatility of 48% is obtained. That is, using the GARCH model, the higher the longterm historic volatility, the lower the future volatility. On the other hand, using the bivariate model, it can be seen that the higher the long-term historic volatility, the higher is the future volatility. Figure 12   Applying quadratic regression for the results of the Petrobras share, it is concluded from student's t that linear and squared long-term volatility and linear and squared short-term volatilities influence future volatility.
Table 11 : Quadratic regression between long-term historic volatility and short-term historic volatility for the Petrobras shares using the GARCH Model.
For short-term volatility, the results were similar to those obtained from the bivariate model, i.e., the higher the short-term volatility, the higher the future volatility.
However, when analyzing long-term volatility, it is clear that, in the GARCH model, the higher the volatility, the lower the future volatility. On the other hand, the bivariate model displays mean reversion. A linear regression between the short-and longterm historic volatility was also performed to calculate the vale share's future volatility. The results were similar to those obtained for the Petrobras share, i.e., the higher the long-term volatility, the lower the future volatility. The result of this regression is in Table 12.  Table 13 : Quadratic regression between long-term historic volatility and short-term historic volatility for the Vale shares using the GARCH Model.
All variables explain future volatility, since they show student's t-distribution, according to the regression result in table 13.
As can be observed in figure 15, until short-term volatility reaches 125%, the increase in this volatility generates an increase in future volatility. From then on, it can be seen that an increase in short-term volatility generates a decrease in future volatility.
However, the increase in long-term volatility generates an increase in future volatility to 50% when the curve is reversed, and an increase in long-term volatility above 50% influences a decrease in future volatility, with mean reversion.
In fixing short-term volatility at 50% and using a long-term volatility of 40%, a future volatility of 47% is obtained. By applying the same short-term volatility and changing the long-term volatility to 90%, the result is a future volatility of 44%. In accordance with the results obtained in Table 14, it can be observed that there is a relationship between the dependent and independent variables, since they have a high student's t-distribution.
Table 14 : Linear regression between long-term historic volatility and short-term historic volatility for the Petrobras shares using the EGARCH model.
Short-term volatility was fixed and future volatility was calculated from the variation of long-term volatility. Through the equation obtained from the regression, the higher the long-term volatility, the lower the future volatility, and the higher the short-term volatility, the higher the future volatility.
However, the higher the long-term volatility, the lower the future volatility, since the coefficient of this variable in the EGARCH model is more negative than in the GARCH model. That is, a 10% increase in long-term volatility generates a reduction of 0.32% using the GARCH model, while this reduction is 0.49% using EGARCH.
Figure 16 : Relationship between short-and long-term historic volatilities and future volatility for the Petrobras share from linear regression using the EGARCH model.
Using quadratic regression for the results of the Petrobras share, it is concluded that long-term volatility and squared long-term volatility do not influence future volatility. On the other hand, linear and squared shortterm volatilities influence future volatility (table 15).
Table 15 : Quadratic regression between long-term historic volatility and short-term historic volatility for the Petrobras shares using the EGARCH model.
As observed in the chart in figure 17, the higher the short-term volatility, the higher the future volatility. As mentioned above, long-term volatility does not explain future volatility, as it does not provide meaningful results.
A linear regression between short-and longterm historic volatility for calculating the vale share's future volatility was also used, as can be seen in table 16.
Table 16 : Linear regression between long-term historic volatility and short-term historic volatility for the Vale shares using the EGARCH model.
Applying linear regression to obtain the future volatility model for the Vale shares, it was found that the results were similar to those from the GARCH model, i.e., according to the equation obtained using the regression, the higher the long-term volatility, the lower the future volatility.
However, using EGARCH, the higher the longterm volatility, the lower the negative influence in future volatility, since the coefficient of this variable in this model is bigger than the coefficient of this same variable using the GARCH model. That is, a 10% increase in long-term volatility generates a reduction of 0.61% using the GARCH model, while this reduction is 0.36% using EGARCH.   Similar to what happened with the application of the GARCH model, the increase in short-term volatility generates an increase in future volatility up to 125%. From then onwards, it can be seen that the increase in short-term volatility generates a decrease in future volatility. In the chart above, the future volatilities resulting from short-term volatility of 150% are smaller to the future volatilities obtained through short-term volatility of 125%. The increase in long-term volatility provides an increase in future volatility to 50% when the curve is reversed, and the increase in long-term volatility above 50% influences a decrease in future volatility, proving the mean reversion. Therefore, these results from the EGARCH model are similar to those of the GARCH model. However, it is clear that, with long-term future volatility at 80%, any increase in this volatility generates a negative variation in future volatility greater than in the GARCH model.
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When using short-term volatility at 50% and a 10% future volatility, the EGARCH model's future volatility is 42%, while that of the GARCH model is 45%. Applying a 70% long-term volatility, the EGARCH model's future volatility is 46% while the GARCH model is 47%. In other words, the variation is small in both models. However, if the long-term volatility is 110%, the EGARCH model's future volatility is 32%, while the GARCH model's is 40%. Similar to the GARCH model, the Petrobras and Vale quadratic models better explain future volatility than the linear models. Moreover, the Petrobras share provides better results for calculating future volatility than the Vale share.
V.
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This study sought to test the effectiveness of certain models in forecasting future volatility since volatility is one of the most difficult variables to calculate, in addition to having a significant impact on option price and on the estimation of future share value.
The results presented indicate that in all applied models, it is possible to better predict future volatility using the quadratic method rather than the linear method, since volatility models tend to be nonlinear and the R² from the regressions was higher when using the quadratic method.
It can also be concluded that the univariate model presents better results than the bivariate model. Additionally, the inclusion of another variable worsened 
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Appendix A.1 §
Future Volatility Forecasting Models: An Analysis of the Brazilian Stock Market the results, proving that it is more efficient to use only short-term volatility to forecast future volatility.
It was found that, in a similar way to what was reported by Caspary (2011), both the univariate and the bivariate models showed characteristics that lead to observing a mean reversion trend.
If there is a need to include long-term volatility, the bivariate model of historic volatility showed better results, despite the GARCH and EGARCH models producing very similar, although slightly lower, results. This contradicts the findings of Morais and Portugal (1999), who concluded that the GARCH model provided better results than the other models.
Taking R² into account, the model achieving the best results was the average historic volatility model using the univariate method of historic volatility. Therefore, it is the most suitable model for forecasting future volatility.
The results for the Petrobras share were better than the Vale share in all models, since Petrobras had a higher R² in all of them.
Future studies could improve results by using alternative models or even applying the models mentioned in this work on other shares with liquidity in the Brazilian market.

			
 Up: Home Next: Appendix B §

Appendix B §
 Up: Home Previous: Appendix A §
Appendix B §


					
	
		Essentials of Stochastic Finance: Facts, Models, Theory
		
			A N Shiryaev
		. 
		1999. Singapore: World Scientific Publishing Co. Pte. Ltd. 
	

	
	
		Relatório Anual 2012 do Bovespa
		
			Bmf&bovespa
		. 
		 http://ri.bmfbovespa.com.br/ptb/1694/RELATORIOANUAL2012PORTUGUESVFINAL_raster.pdf 
		2012. August 08. 2013. 
	

	
	
		Conditional Heteroskedasticity in Assets Returns: A new approach
		
			D Nelson
		. 
	
	
		Econometrica 
		1991. 12 p. . 
	

	
	
		Essentials of Econometrics
		
			D N Gujarati
		. 
		2005. New York: McGraw-Hill. 
	

	
	
		Modelagem e Previsão de Volatilidade Determinística e Estocástica para a Série do Ibovespa
		
			I A C Morais
		, 
		
			M S Portugal
		. 
	
	
		Estudos Econômicos (IPE/USP) 
		1999. 29 p. . 
	

	
	
		Advanced Option Pricing Models
		
			J O Katz
		, 
		
			D L Cornick
		. 
		2005. New York: McGraw-Hill. 
	

	
	
		Forecasting volatility in equity, bond and money markets: A Market-based Approach. 21st Australasian Finance and Branking Conference
		
			K Wang
		. 
		 http://ssrn.com/abstract=1099585 
		2007. 2008. 
	

	
	
		Modelo Genetic-Neural para Otimização de Carteiras com Opções Financeiras no Mercado brasileiro
		
			M C Caspary
		. 
		 http://www.maxwell.lambda.ele.pucrio.br/Busca_etds.php?strSecao=resultado&nrSeq=19894@1 
		2011. 2011. 
		
			Pontifícia Universidade Católica do Rio de Janeiro
		
	
	 (Dissertação de Mestrado)

	
	
		Autoregressive Conditional Heteroskedasticity with Estimates of the Variance of United Kingdom Inflation
		
			R F Engle
		. 
	
	
		Econometrica 
		1982. 50 p. . 
	

	
	
		Forecasting Volatility. Financial Markets
		
			S Figlewski
		. 
	
	
		Institutions & Instruments 
		1997. 6 p. . 
	

	
	
		Generalized Autoregressive Conditional Heteroskedasticity
		
			T Bollerslev
		. 
	
	
		Journal of Econometrics 
		1986. 31 p. . 
	



			
 Up: Home Previous: Appendix A §

Information about this book

			Title statement

				Future Volatility Forecasting Models: An Analysis of the Brazilian Stock Market
			
			Publication

					Publisher
	Global Journals Organisation

					Availability
	
This is an open access work licensed under a Creative Commons Attribution 4.0 International license. Please email us for details and permissions.


				Place of publication
	Cambridge, United States
	Date
	15 January 2013


			Source

				
					
					
					 CB89A3751F885F0F7A4089CE02DDDFF7. 
				Antonio Carlos Figueiredo Pinto, 
PontifAcia Universidade CatAlica do Rio de Janeiro/IAG. Global Journal of Management and Business ResearchGJMBR  2249-4588.  0975-5853.  10.34257/GJMBR. Cambridge, United States: Global Journals Organisation. 13  (11)  7 19. 

			
		
			
				
					By Softinator Dynamics Pvt. Ltd.
					
				
			

		
OPS/media/resource11.png
Petrobras

BT T

Vale






OPS/media/resource12.png
RIIR 2 P B (i





OPS/media/resource10.png





OPS/media/resource15.png





OPS/media/resource16.png
o,

o
e Al





OPS/media/resource13.png





OPS/media/resource14.png
o,

o
e Al





OPS/media/resource19.png





OPS/media/resource17.png
vl o





OPS/media/resource18.png
Cl »

Fasggedt - and >;nmzm BED YR
e il

i
e A





OPS/media/resource7.png





OPS/media/resource22.png





OPS/media/resource6.png
D3





OPS/media/resource23.png
‘ 30 | 10 ‘

ovo2a00s et D o3o12008
2152005





OPS/media/resource9.png
Wy a0





OPS/media/resource20.png





OPS/media/resource8.png
RS
v p> (0l 3 Mo 1)
,

e A





OPS/media/resource21.png





OPS/media/resource3.png
g a5y 5 40





OPS/media/resource26.png
Standardized

Unstandardized Coefficients
Coeffcents |t sig
[ std. o Beta
(Constant) 0026 0012 2090 0037
st Histore Volaiiy| 1,041 1% oo nus | o0
st Hitore Volatiy!] 00293 038 033 s | o
i o Mean Square F sig.
Squares
Regression 3208 2 Bu9 | 38200 | 0000
Residual 150200 469 002
Total 236208 2695
® [ AustadR_|_std. ror
08041 03649 03646 | 0789






OPS/media/resource2.png
CAGR: +7,0%

A+117%

73

2010 2012

CAGR__ Variation

Markets 2008 2009 2010 2011 2012 _2008-2012 2012/2011

Spot  5.162,30 4.94370 6.031,60 6.09630 686130 7,40%  12,50%
Forward 17780 9650 14740 11800 10340 -12,70%  -12,40%
Options 180,20 24500 307,90 27630 280,10 11,70%  140%
Total 552550 528680 6.488,60 649160 7.250,70  7,00%  11,70%






OPS/media/resource27.png
Standardized

Unstandardied Cosficents
¢ s
5 Std.tmo
(Consant) o 0015 o | om
v, HistorcVoltly | 1203 000 087 | mas | oo
|, Hitorc volatity’| 0200 | uoes o0 | s | oo
S & |Meansquure| s,
Sauarer
Regression 98230 p Wi | Wy | oo
Residual wmm | am o
Toul messs | s
% ® | AR | sutmor
oows | omst | oms | oums






OPS/media/resource5.png





OPS/media/resource24.png
T

e






OPS/media/resource4.png





OPS/media/resource25.png
100

050

om0
() 0 040 060 080

12 140 10






OPS/media/resource28.png
150

10

050

02

100






OPS/media/resource29.png
Standardized

Unstandardized Coefficents | - (e < %
O Std.Emo Beta
(Constant) 0018 0012 1,445 0,148
Std. Historic Volatiity | 1,116 00a9 0955 uns | oo
[std. Historic Volatity | 0432 0041 0448 0651 | 0000
el d  |Mensquare | sig
Squares
Regression 59,683 2 2816 | 980170 | 0000
Residual 142971 69 00304
Total 202655 4638
R 3 Ajusted R | std. Error
05427 02045 02042 01745
Standarized
Unstandardized Coefficents | - (e & %
B Std.Emo Beta
(Constant) 0,006 0015 0,405 0,686
Avg. Histori Volatiity | 1,381 0077 0872 u9e | oo
Avg, Historic Volatiity?| 0520 0084 0,306 629 | 0000
ke d  |Mensquire | sie
Squares
Regression 68,037 2 3018 | 1186699 | 0000
Residual 134618 269 0029
Total 202655 4638
R 3 Ajusted R | std. Error
05754 03357 03354 01691






OPS/toc.html
Contents

		2. Theoretical Framework

		3. a) Univariate and Bivariate Models of Historic Volatility

		4. III.

		5. Methodology and Database

		6. Global Journal of Management and Business Research

		7. a) Univariate and Bivariate Models of Historic Volatility

		8. b) GARCH and EGARCH Models

		9. Results

		10. a) Univariate Model of Historic Volatility

		11. b) Bivariate Model of Historic Volatility

		12. Table 4 : Linear Regression between Long-Term Historic

		13. Global Journal of Management and Business Research

		14. c) GARCH Model

		15. Global Journal of Management and Business Research

		16. Conclusion

		Appendix A ยง

		Appendix B ยง

		[About this book]



Guide

		[Title page]

		[The book]

		[About this book]





OPS/media/resource1.png





OPS/media/resource30.png
Standardized

Unstandard Cosciens |t se
O SdEmo | ten
(constam) oo oo s | oom
L. Htoricvlatity | 001 oms oors | sas | o
ST, Historic Volatity | 0522 00t o | wen | oo
;‘:': & |Meansauare | F si.
Regresion 2970 2 T | @1 | 000
Reddual woae | s o0n
Tou o | s
® W | Auwd® | St Gror
050 | o3 | omm2 | oum%






OPS/media/resource31.png
12

08
06
04

02

0,10
025
40,50
0,75
%1,00
125
41,50





OPS/media/resource32.png
Unstandurdaed Confitants | Standadied | | w
Cosfcents
O St | e
(Constant) 07 o019 10 | o
LT, Hiorc Volatiny | 033 oo o | ases | oo
L. Hitoric Volaity? | 0231 0060 o223 s | oom
ST.HitorcVolaily | 0918 005 ops | mie | oo
ST Hisorc Volatity*_| 023¢ o039 om | som | oo
Smet @t |Mensquwe | F s,
Squares
Regresson w75 0 Wae | ke | 080
Rl wms | s 003
Totsl suow | aws
® ® | Ausedr’ | s Eror
oo | o2 | oze | omme






