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ABSTRACT 

In this paper, we investigate the different influence of search engine data in different market periods on the improvement 
of the prediction of the financial time series volatility. We use the EGARCH and the EGARCH-SVI model. We analyze 
weekly data from the Dow Jones, FTSE 100 and Nikkei 225 market indices and the weekly search volume index (SVI) 
from google trends for market indices keywords. The main contribution of this paper is introducing limitations of the 
EGARCH-SVI model for forecasting the weekly volatility of the market index. Our results show that i) search engine data 
improve financial time series volatility predictions of the EGARCH-SVI model in market crisis periods with the bigger price 
volatility; and ii) search engine data is not improving the prediction of the financial time series volatility of the EGARCH-SVI 
model in a non-crisis periods with low price volatility in the market. This result also confirms the predictive power of the 
EGARCH-SVI model in crisis periods for different financial markets.         
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INTRODUCTION  

With the use of web applications in the internet we create additional data. We leave a trace of our interests and opinions. 

When we use search engine applications like Google we create additional information about our search. With this 

information Google create the search volume index (SVI) for the search queries or keywords that are used for the search. 

This data is publicly available with the product Google Trends [18]. The output of this product is the time series of the 

relative popularity of keywords or search queries over time. Google‟s Chief Economist Hal Varian suggested that search 

data have the potential to capture the interest in different economic activities in real time [1]. Evidence that search data 

can predict home sales, automotive sales, and tourism is provided by Choi and Variant [2]. Da and Engelberg [3] propose 

a new and straightforward measurement of investors‟ attention using the search frequency SVI from Google Trends. Many 

other researches are using Google Trends for different purposes [4, 5, 6, 7, 8, and 9]. Internet data can also be used for 

making better financial predictions. The idea of using this data in finance is not new. Antweiler and Frank [10] investigate 

the mood of traders in forums, Gerow and Keane [11] use newspapers as additional information, Bollen [12] uses tweets, 

Glibert and Karahalios [13] use blogs. To determining the moods of traders also requires parsing content of the posts and 

classify this contents as a positive or negative signal. In the financial industry volatility analysis of the financial time series 

is very important. The forecast of the volatility is important for risk management and option pricing. The most popular 

model is the Autoregressive Conditional Heteroskedasticity (ARCH) model by Engle [14]. By Bollerslev [15] this model was 

extended to the Generalize ARCH (GARCH) model. The exponential GARCH (EGARCH) model was introduced by 

Nelson [16]. This model performs well for equity returns.  The EGARCH-SVI model was introduced by our previous paper 

[17]. We extend the conventional EGARCH model to the EGARCH-SVI model by adding weekly SVI from Google Trends 

as an exogenous variable to the EGARCH model. In this study we are analyzing the predictiv power of the EGARCH-SVI 

model in different market periods. For the analysis we use Dow Jones, FTSE 100 and NIKKEI 225 indices. We divide the 

dataset into three parts. One set is before the financial crisis; second set is in the period of the financial crisis, the third set 

is after the financial crisis. The empirical analysis shows that the EGARCH-SVI model provides good results in the period 

of financial crisis with the bigger price volatility in the market. The remainder of this paper is as follows: in section 2 we 

give a detailed description of the data, in section 3 we describe the EGARCH-SVI model, in the section 4 we describe the 

empirical results and in the last section we conclude.    

 

DATA 

For our study, we consider weekly returns of the Dow Jones (DJI), FTSE 100 and Nikkei 225 indices covering the sample 

period from January 2004 until December 2014. We take Bloomberg [19] as data provider for our data set. Figures 1 

below show the weekly return of the DJI, FTSE and NIKKEI indices from January 2004 until December 2014. 

 

 

Fig 1: Weekly returns DJI, FTSE and NIKKEI January 2004- December 2014 

The Dow Jones Industrial Average is a price-weighted average of 30 blue-chip stocks that are generally the leaders in 

their industry in the USA. The FTSE 100 is a capitalization-weighted index of the 100 most highly capitalized companies 

traded on the London Stock Exchange in the UK. The Nikkei-225 Stock Average is a price-weighted average of 225 top-

rated Japanese companies listed in the first section of the Tokyo Stock Exchange [19] in Japan.  
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Fig 2: Weekly returns DJI, FTSE and NIKKEI January 2004- December 2014 

From Google Trends, we use the search volume index (SVI) for the market index topic “DJI” for the USA and “FTSE” for 

the UK and the keyword “日経”(Nikkei) for  Japan. Fig.2 with blue color is the weekly SVI data for the DJI market index 

topic from Google Trends from January 2004 until December 2014. The volume measure is based on the number of 

searches which were submitted within the USA for all keywords connected with Dow Jones Index - DJI. Fig.2 with red 

color shows the weekly SVI data for the FTSE market index topic from Google Trends from January 2004 until December 

2014. The volume measure is based on the number of searches for all keywords connected with FTSE index which are 

submitted within the UK. Fig.2 with green color shows the weekly SVI data for the “日経”(Nikkei) searching term from 

Google Trends from January 2004 until December 2014. The volume measure is based on the number of searches which 

were submitted within Japan for “日経” (Nikkei) keyword. The data from Google Trends are relative in nature because they 

do not provide effective total number of searches, but only the search volume index. The data is scaled so that the 

maximum of the time series is 100.   

 

EGARCH-SVI MODEL 

If pt is the closing price of the index at the end of trading day then return of the index is defined as: 

 

 
 

GARCH model was first developed by Bollerslev (1986) and extended to Exponential GARCH (EGARCH) by Nelson [8] to 

capture the “leverage effect” of equity returns. In this paper we consider straightforward EGARCH (1, 1) model, which is 

adequate for time series volatility modeling of asset returns. Equation (2) represents the conditional mean mode, each 

return rt consist of a conditional mean, plus an uncorrelated, white noise(εt): 

 

 
 

 
 

In equation (3) Zt is a sequence of independent and identically distributed (i.i.d.) random variables with zero mean and unit 

variance: 

 

 
 

Equation (4) refers to asymmetric model and represents the conditional variance model where conditional variance 

depends on both size and the sign of lagged residuals. EGARCH (p, q) model may be defined as a combination of 

Equation (3) and Equation (4). When p=1 and q=1, we have the simple EGARCH (1, 1): 
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We add one exogenous variable weekly SVI from Google Trends as additional information to the conditional variance. The 

new conditional variance of model EGARCH-SVI is defined as: 

 

 
 

The SVI represents weekly changes in Google query volumes for search terms related to the asset that we want to model 

but with lag 1. Google Trends provides weekly data. In the EGARCH-SVI model we add one exogenous variable weekly 

SVI from Google Trends as additional information to the conditional variance with lag 1 [17]. Maximum likelihood 

estimation is applied for estimation of the parameters of the model.     

 

EMPIRICAL RESULTS 

We test the weekly EGARCH-SVI model with the data set for Dow Jones Industrial Average (DJI) for the USA, the FTSE 

index for the UK, and the Nikkei for Japan. The model was implemented in R (version 3.1.0). We are testing both models, 

the EGARCH and the EGARCH–SVI so we can see the influence of the search engine data on the prediction of the 

volatility. We are interested in the prediction of the weekly volatility of the index so we are calculating the weekly return of 

the DJI, FTSE and Nikkei indices from January 2004 until December 2014. From the Google Trends we are taking the 

weekly SVI for “Dow Jones Industrial Average” market index topic for the USA, “FTSE” market index topic for the UK and 

“日経”(Nikkei) searching term for Japan .We are dividing the dataset in three sets – before the crisis period, the crisis 

period and after the crisis period. For the period before the crisis we are taking the data sets from January 2004 until July 

2007. For crisis period we are taking the data sets from August 2007 until July 2012. For after crises period we are taking 

data from August 2012 until December 2014. We also did robustness check in range of +/- six months for periods and we 

have the same results.     

 

Before financial crises period 

For the period before the crisis period we are modeling EGARCH-SVI model for DJI index. Table 1 shows optimal 

parameters for EGARCH-SVI model. 

 

Table 1. Optimal parameters for EGARCH-SVI model for DJI index 

Parametars Estimate Std.error t-value Pr(>|t|) 

mu 0.001438 0.001113 1.291361 0.196579 

omega -2.266020 1.283186 -1.765933 0.077407 

alpha1 -0.251208 0.103602 -2.424752 0.015319 

beta1 0.734601 0.215193 3.413682 0.000641 

gamma1 -0.163297 0.133534 -1.222891 0.221371 

ext_reg1 0.007853 0.471429 0.016658 0.986710 

 

In EGARCH-SVI model for DJI, variable svi with parametar ext_reg1 is not statistically significant and that means that it is 

not improving the prediction of the DJI market index volatility.  

Table 2. Optimal parameters for EGARCH-SVI model for FTSE index 

Parametars Estimate Std.error t-value Pr(>|t|) 

mu 0.001103 0.000999 1.10375 0.269700 

omega -1.119195 1.053836 -1.06202 0.288227 

alpha1 -0.321315 0.101847 -3.15489 0.001606 

beta1 0.803453 0.088195 9.10992 0 

gamma1 0.082353 0.114754 0.71765 0.472975 

ext_reg1 -0.196111 0.218911 -0.89585 0.370334 
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For the same period we are modeling EGARCH-SVI model for FTSE index. Table 2 shows optimal parameters for 

EGARCH-SVI model. In EGARCH-SVI model for FTSE, variable svi with parameter ext_reg1 is not statistically significant 

and that means that is not improving the prediction of the market index volatility. For NIKKEI index we are also modeling 

EGARCH-SVI model for same period. Table 3 shows optimal parameters for EGARCH-SVI model. 

Table 3. Optimal parameters for EGARCH-SVI model for ‘NIKKEI’ index 

Parametars Estimate Std.error t-value Pr(>|t|) 

mu 0.00199 0.001602 1.2424 0.214100 

omega -3.03439 1.240070 -2.4469 0.014407 

alpha1 -0.16030 0.079276 -2.0220 0.043173 

beta1 0.66481 0.140495 4.7319 0.000002 

gamma1 0.15070 0.142478 1.0577 0.290196 

ext_reg1 0.17096 0.126626 1.3501 0.176987 

 

In EGARCH-SVI model for NIKKEI index, variable svi with parametar ext_reg1 is not statistically significant and that 

means that it is not improving the prediction of the NIKKEI market index volatility.    

 

Financial crises period 

For the crisis period we are modeling weekly EGARCH-SVI and EGARCH model for DJI index. From Google Trends we 

are using SVI for DJI market index topic for the USA. Table 4 shows optimal parameters for the EGARCH-SVI model. In 

our new model, coefficient of the new variable svi with parametar ext_reg1 is statistically significant with t-value =6.88040. 

 

Table 4. Optimal parameters for EGARCH-SVI model for DJI index 

Parametars Estimate Std.error t-value Pr(>|t|) 

mu -0.00036 0.001303 -0.27609 0.782479 

omega -2.12005 0.210848 -10.05487 0 

alpha1 -0.43036 0.054905 -7.83826 0 

beta1 0.80683 0.017321 46.58185 0 

gamma1 -0.29251 0.080549 -3.63141 0.000282 

ext_reg1 0.27243 0.039595 6.88040 0.000000 

 

Table 5 shows the evaluation of the in-sample forecasting of the model with using Akaike, Bayes, Shibata and Hannan-

Quinn information criteria.  

 

Table 5. Weekly in sample test results for DJI index 

Measures EGARCH EGARCH-SVI Improvment 

Akaike -4.591458 -4.656609 1.42 % 

Bayes -4.513832 -4.563458
 

1.10 %
 

Shibata -4.592479 -4.658071 1.42 % 

H.-Quinn -4.560103 -4.618984 1.29 % 

 

From results in the table 5, we can see that the EGARCH-SVI model generates better in sample forecasting compared 

with the simple EGARCH. The table 6 shows the evaluation of the out of sample forecasting of the EGARCH-SVI model 

and the EGARCH model. 
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Table 6. Weekly out sample test results for DJI index 

Measures EGARCH EGARCH-SVI Improvment 

MSE(5) 0.000318866 0.00024142 24.29 % 

MAE(5) 0.014837715 0.012421132
 

16.28 %
 

MSE(10) 0.0002408873 0.0002201116 8.62 % 

MAE(10) 0.01332370 0.01236670 7.18 % 

MSE(15) 0.0003975 0.0003957 0.45% 

MAE(15) 0.0164730 0.163756 0.59% 

 

The table 6 demonstrates that for out of sample 5 the EGARCH-SVI generates better 24.29% (16.28%), better MSE 

(MAE) than the EGARCH and for out of sample 10 the EGARCH generates 8.62 % (7.18%) better MSE (MAE) than the 

basic EGARCH. MSE (MAE) is improved 0.45% (0.59%) with the prediction with the EGARCH-SVI model for the out of 

sample 15. To compare both models, we also calculate the Diebold Mariano (DM) value with using the random walk 

method as a benchmark. The weekly EGARCH-SVI model has DM value of 5.1436 that is bigger than DM value of 5.1237 

for the EGARCH model and both are statistically significant i.e. the weekly EGARCH-SVI predicts volatility better than the 

EGARCH.  

For the same period we are modeling the EGARCH-SVI model for the FTSE index. Table VII shows the optimal 

parameters for the EGARCH-SVI model. 

 

Table 7. Optimal parameters for EGARCH-SVI model for FTSE index 

Parametars Estimate Std.error t-value Pr(>|t|) 

mu -0.000217 0.001415 -0.15322 0.878227 

omega -3.178299 0.917385 -6.03303 0 

alpha1 -0.359535 0.059594 -6.03303 0 

beta1 0.751952 0.066765 11.26268 0 

gamma1 -0.021519 0.106076 -0.20286 0.839242 

ext_reg1 0.485846 0.166601 2.91622 0.003543 

 
From the table 7 we can see that the variable svi with parameter ext_reg1 is statistically significant and has a positive 

influence on the model. To assess the forecasting performance we compute the in sample and the out of sample 

forecasting. The table 8 shows the evaluation of the in-sample and the out-sample forecasting of the model using Akaike, 

Bayes, Shibata and Hannan-Quinn information criteria. 

 
Table 8. Weekly in sample test results for FTSE index 

Measures EGARCH EGARCH-SVI Improvment 

Akaike -4.337397 -4.378270 0.94% 

Bayes -4.270220 -4.297658
 

0.64 %
 

Shibata -4.338081 -4.379251 0.94% 

H.-Quinn -4.310412 -4.345889 0.82% 

 

From the results in table 8, we can see that the EGARCH-SVI model generates better in sample forecasting compared 

with the simple EGARCH. The information criteria Akaike and the Shibata information criteria are (0.94%, 0.64%) better. 

Also the Bayes and the Hannan-Quinn information criteria is better (0.94%, 0.82%) for the EGARCH-SVI model. Table 9 

demonstrates that the out of sample 5 the EGARCH-SVI generates better 0.17% (0.1%) better MSE (MAE) than the 

EGARCH model and for out of sample 10 the EGARCH generates 0.41% (0.17%) better MSE (MAE) than the basic 

EGARCH. The MSE (MAE) is improved 0.27% (0.15%) with the prediction of the EGARCH-SVI model for the out of 

sample 15.  
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Table 9. Weekly out sample test results for FTSE index 

Measures EGARCH EGARCH-SVI Improvment 

MSE(5) 0.0002406819 0.0002402683 0.17 % 

MAE(5) 0.0127966371 0.0127841272
 

0.10 %
 

MSE(10) 0.0001629342 0.0001622611  0.41 % 

MAE(10) 0.009881211 0.009864369  0.17 % 

MSE(15) 0.0002275523 0.000226922 0.27 % 

MAE(15) 0.01205795 0.012040341 0.15 % 

 

The EGARCH-SVI model for FTSE has DM value of 6.2399 that is bigger than DM value of 6.2385 for the EGARCH 

model and both are statistically significant i.e. the EGARCH-SVI predicts volatility better than EGARCH.  

We are also interested in analyzing the weekly volatility of the NIKKEI index from Japan. We are calculating the weekly 

return of the NIKKEI index from January 2004 until December 2014. From the Google Trends we are taking the weekly 

SVI for “日経” (Nikkei) for the same period.  

The table 10 shows optimal parameters for the EGARCH-SVI model. In the EGARCH-SVI model the variable SVI with 

parameter ext_reg1 is statistically significant with the t-value =2.98830.   

 

Table 10. Optimal parameters for EGARCH-SVI model for NIKKEI index 

Parametars Estimate Std.error t-value Pr(>|t|) 

mu -0.000278 0.001843 -0.15054 0.880337 

omega -8.373068 1.905648 -4.39382 0.000011 

alpha1 -0.351680 0.106859 -3.29106 0.000998 

beta1 0.175529 0.165581 2.44209 0.014603 

gamma1 -0.401894 0.164570 2.44209 0.014603 

ext_reg1 0.914536 0.306039 2.98830 0.002805 

 

Table 11 and table 12 shows the evaluation of the in-sample and the out-sample forecasting of the EGARCH-SVI model 

and the EGARCH model. 

 

Table 11. Weekly in sample test results for NIKKEI index 

Measures EGARCH EGARCH-SVI Improvment 

Akaike -4.081221 -4.130403 1,21 % 

Bayes -4.010181 -4.045155
 

0.87 %
 

Shibata -4.082019 -4.131547 1.21 % 

H.-Quinn -4.052620 -4.096082 1.07 % 

 
From the results in table 11, we can see that the EGARCH-SVI model generates better in sample forecasting compared 

with the simple EGARCH. The table 12 demonstrates that for out of sample 5 the EGARCH-SVI generates better MSE 

(MAE) 3.75% (4.05%) then the EGARCH and for out of sample 10 the EGARCH-SVI generates 3.58% (3.06%) better 

MSE (MAE) than the basic EGARCH. The MSE (MAE) is improved 3.21% (2.53%) with the prediction of the EGARCH-SVI 

model for the out of sample 15. The EGARCH-SVI model has DM value of 5.2364 that is bigger than DM value of 5.229 

for the EGARCH model and both are statistically significant i.e. the EGARCH-SVI model predicts volatility better then the 

EGARCH model. 
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Table 12. Weekly out sample test results for NIKKEI index 

Measures EGARCH EGARCH-SVI Improvment 

MSE(5) 0.001253049 0.001206045 3.75 % 

MAE(5) 0.024323785 0.023337586
 

4.05 %
 

MSE(10) 0.0009770966 0.0009420364 3.58 % 

MAE(10) 0.02408197 0.02334269 3.06 % 

MSE(15) 0.001016593 0.0009838939 3.21 % 

MAE(15) 0.025464021 0.02481825 2.53 % 

 

After financial crises period 

For the period after the crisis we are modeling the EGARCH-SVI model for DJI index. The table 13 shows optimal 

parameters for the EGARCH-SVI model. 

 

Table 13. Optimal parameters for EGARCH-SVI model for DJI index 

Parametars Estimate Std.error t-value Pr(>|t|) 

mu 0.002459 0.00098 2.5107 0.012050 

omega -5.637591 1.44025 -3.9143 0.000091 

alpha1 -0.555791 0.15065 -3.6893 0.000225 

beta1 0.472117 0.13031 3.6230 0.000291 

gamma1 -0.503872 0.16034 -3.1424 0.001676 

ext_reg1 0.482047 0.22512 2.1413 0.032252 

 

In the EGARCH-SVI model for the DJI, the variable svi with parametar ext_reg1 is statistically significant but the DM value 

of 5.463 is smaller than the DM value of 5.4671 for the EGARCH model and both are statistically significant i.e. the 

EGARCH predicts volatility better than the EGARCH-SVI and that means that SVI is not improving the prediction of the 

DJI market index volatility. 

For the FTSE index we are also modeling the EGARCH and the EGARCH-SVI model for same period. The table 14 

shows optimal parameters for the EGARCH-SVI model. 

 

Table 14. Optimal parameters for EGARCH-SVI model for FTSE index 

Parametars Estimate Std.error t-value Pr(>|t|) 

mu 0.001078 0.001553 0.69428 0.4875508 

omega -4.921106 2.387799 -3.23678 0.039309 

alpha1 -0.350255 0.108211 -3.23678 0.001209 

beta1 0.525844 0.253248 2.07640 0.037857 

gamma1 -0.221820 0.142133 -1.56064 0.118608 

ext_reg1 -0.383936 0.447627 0.85771 0.391051 

 

In the EGARCH-SVI model for FTSE, variable svi with parametar ext_reg1 is not statistically significant and that means 

that it is not improving the prediction of the market index volatility.  

For „NIKKEI‟ we are also modeling the EGARCH and the EGARCH-SVI model for same period. Table 15 shows optimal 

parameters for the EGARCH-SVI model. 
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Table 15. Optimal parameters for EGARCH-SVI model for NIKKEI index 

Parametars Estimate Std.error t-value Pr(>|t|) 

mu 0.006157 0.002722 2.26157 0.023724 

omega -7.314876 11.565019 -0.63250 0.527060 

alpha1 -0.152197 0.178310 -0.85355 0.393353 

beta1 0.169139 1329678 0.12720 0.898780 

gamma1 0.110588 0.238289 -0.46409 0.642582 

ext_reg1 0.487672 0.771188 0.63236 0.527148 

 

In the EGARCH-SVI model for the NIKKEI index, the variable svi and parameter ext_reg1 is not statistically significant and 

that means that it is not improving the prediction of the volatility of the NIKKEI market index 

CONCLUSION 

In this paper, the study investigates the improvement on the financial time series volatility predictions in different market 
periods by using search engine data. For the empirical analysis we use the EGARCH model and the EGARCH-SVI model. 
For our analysis we use the weekly data from Dow Jones, FTSE and Nikkei market indices. For the EGARCH-SVI model 
we use the weekly search volume index from the Google Trends for the market indices keywords. With the empirical 
results we show that the SVI have different influences on the improvement of the financial time series volatility prediction 
in different market periods. In the period of market crisis with the bigger price volatility the SVI improves the predicting 
power of the EGARCH-SVI model. In the period before and after the crises SVI is not improving prediction of financial time 
series volatility. With this empirical study we also confirm the predictive power of the EGARCH-SVI model in crisis periods 
for different financial markets. 
 

REFERENCES 

[1] “Micro starts, macro effects”, The Economist, November 24th 2012 

[2] H. Choi, H. Varian “Predicting the Present with Google Trends,” Economic Record, vol.88, pp 2-9, 2012. 

[3] Zhin Da, Joseph Engelberg , and Pengjie Ca. “In Search of Attention,” Journal of Finance, LXVI, 5, pp 1461-1499, 
2011.  

[4] Ladislav Kristoufek .”BitCoin meets Google Trends and Wikipedia: Quantifying the relation-ship between phenomena 
of Internet era” Scientific Reports 3, no: 3415 Dec. 2013. 

[5] Ladislav Kristoufek ”Can Google Trends search queries contribute to risk diversification?” Scientific Reports 3, 
no:2713 Sep. 2013 

[6] J.Mondria,T.Wu,Y.Zhang.”The determinants of international investment and attention allocation: Using internet search 
query data” Journal of International Economics, vol.82, pp. 85-95, Sep. 2010   

[7] M.Drake,D.Roulstone,J.Thornock.”Investor Information Demand: Evidence from Google Searches Around  Earnings 
Announcements” Journal of  Accounting Research , Jan. 2012   

[8] M. Bank, M. Larch, and G. Peter, “Google Search Volume and its Influence on Liquidity and Returns of German 
Stocks,” Financial Markets and Portfolio Management, vol.25, pp. 239-264, 2011 

[9] Bordino I, Battiston S,Galdarelli G.“Web Search Queries Can Predict Stock Market Volumes” PLoS ONE 7(7): 
e40014. doi:10.1371/journal.pone.0040014, 2012. 

[10] Werner Antweiler and Murray Z Frank. Is all that talk just noise? the information content of internet stock message 
boards. The Journal of Finance, 59, 2004. 

[11] Aaron Gerow and Mark T Keane. Mining the web for the voice of the herdto track stock market bubbles. In 
Proceedings of the Twenty-Second international joint conference on Artifcial Intelligence-Volume Volume Three, 
pages 2244-2249, AAAI Press, 2011. 

[12] Johan Bollen, Huina Mao, and Xiaojun Zeng. Twitter mood predicts the stock market. Journal of Computational 
Science, 2(1):1-8, 2011. 

[13] Eric Gilbert and Karrie Karahalios. Widespread worry and the stock market.In ICWSM, pages 59-65, 2010. 

[14] Engle, Robert F. “Autoregressive Conditional Heteroskedasticity with Estimates of the Variance of United Kingdom 
Inflation,” Econometrica, 50:4, pp. 987-1007, 1982. 

[15] Bollerslev,T.“Generalized Autoreg. Conditional Heteroskedasticity” J.Econometrics, 31,pp 307-327, 1986 



ISSN 2277-3061                                                           

5768 | P a g e                                                         M a r c h  2 6 ,  2 0 1 5  

[16] D.Nelson. “Conditional Heteroskedasticity in Asset Returns: A new Approach,” Econometrica, Vol 59, No 2, pp.347-
370. 1991. 

[17] D.Risteski,A.Sadoghi,D.Davcev “Improving predicting power of EGARCH models for financial time series volatility by 
Google Trends” International Conference on FEEMCE Shanghai pp.312-317, Nov. 2013. 

[18] http://www.google.com/trends 

[19] http://www.bloomberg.com  

http://www.google.com/trends
http://www.bloomberg.com/

