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The previous literature has established that Internet search activity can have predictive 

information about volatility. It is important to ask, however, whether this predictor is useful in 

practice. If the predictive ability of the Internet search activity is subsumed by other available 

predictors, then the search activity data cannot be used to improve volatility forecasts. The aim 

of our paper is to evaluate the marginal predictive informational content of the Internet search 

activity in forecasting volatility in models with several market-based predictors for six financial 

and commodity markets. Since we do not know the most useful predictors in a given market, in a 

key intermediate step we search for the best forecast with the market-based predictors in each 

market. We use returns, trading volume, and option implied volatility as market-based 

predictors.1 We conduct in-sample analysis and recursive, window-size robust out-of-sample 

forecasting analysis to quantify the predictive content of each predictor.  

We find that adding the implied volatility delivers large gains in forecasting weekly 

realized volatility in all six markets. In contrast, the Internet search activity plays either no or 

rather limited role in forecasting realized volatility once the model includes implied volatility 

measures. We further show that most of the predictive information contained in the Internet 

search activity is also present in implied volatility while implied volatility has additional 

predictive information that is not contained in the Internet search activity. These results hold 

both in in-sample and out-of-sample analyses, providing mutual validation and strengthening our 

empirical evidence on a predictor’s net contribution.  

These results advance our understanding of the information captured by Internet search 
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important stock indices and they were used in previous papers on the relation between Internet 

search activity and volatility (Dzielinski (2012), Vozlyublennaia (2014), and Dimpfl and Jank 
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variables. We include two lags of variables in the VAR based on the Schwarz information 

criterion and show in the Internet Appendix that our results are not affected by the choice of lags. 

We begin by estimating the four-variable (realized volatility, trading volume, return, and 

Google search volume) VAR in equation (2) and use the results to perform Granger causality 

tests.10 Table 2 Panel A shows the results. In five of the six markets, we reject the null hypothesis 

that Google search volume does not Granger cause realized volatility after controlling for lags of 

realized volatility, trading volume, and return. The Google search volume is also a useful 

predictor of trading volume in four of the six markets and returns in two of the six markets.  

[Insert Table 2 about here] 

 Figure 2 shows impulse responses after one standard-deviation reduced form shocks. We 

present only key variables for one market from each asset class to save space; additional impulse 

response functions are available in the Internet Appendix. The first row shows the effect of a 

Google search volume shock on realized volatility. Increases in the Google search volume 

predict higher realized volatility. This is consistent with previous empirical studies that show the 

Google search volume predicts volatility.  

[Insert Figure 2 about here] 

In the second step, we add implied volatility as another endogenous variable to the VAR 

in equation (2) to examine whether implied volatility affects usefulness of the Google search 

volume for predicting realized volatility. The model then becomes: 

�� = � + � ��
�

��
���� + ��,                                                        (3) 
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where �� is a vector of five variables: realized volatility, trading volume, return, Google search 

volume, and implied volatility. Similar to equation (2), ���� is a vector of constant terms, �� is the 

vector of coefficients for lag �, and �� is a vector of random disturbances. The highly significant 
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model MSPE. Specifically, on the AR2+IV+GT line, we compute the ratio of the AR2+IV+GT 

MSPE to the AR2+IV MSPE. In the DJIA and Euro markets, the ratio is 1.01, indicating that the 

Google search volume worsens the AR2+IV model. In the S&P 500, Canadian dollar, and gold 

markets, the ratio is 0.99 indicating that adding Google search volume to the new AR2+IV 

benchmark does decrease the MSPE, but this decrease is rather small. The only market that 

shows a larger decrease in the MSPE after inclusion of Google search volume is crude oil with 

MSPE ratio of 0.93.  

To further address any potential misspecification of our initial benchmark model (AR2), 

we also experiment with using ARMA(1,1) as our benchmark model. This specification 

corresponds to a GARCH(1,1) type of model that has been frequently used in volatility 

modelling. Moreover, as Basak, Chan and Palma (2001) point out, ARMA models serve as an 

excellent approximation of fractionally integrated processes for predictive purposes.16 To reduce 

the computational burden involved with window-size 
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Overall, these out-of-sample results show that the success of predictors depends on the 

selection of the benchmark model. These results also highlight the usefulness of searching for a 

strong benchmark model in practitioners’ empirical model evaluations. Although Google search 
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Solving this equation provides two volatility forecasts, Hunder and Hover, representing the 

typical underestimate and overestimate of volatility produced by a given model. One can use 

these typical forecasts to calculate the average volatility error reduction of Model 2 relative to 

Model 1 as: 

Volatility error reduction
 = 1 − RHmodel�,
 − BC
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Google search volume residual’s variance (
Z($a)

Z($d*)
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percent. However, the contribution of the individual component of Google search volume, �[\,�
 , 

is very low with a maximum of around 2 percent.18  

Overall, the analysis of the unobserved components model of implied volatility and 

Google search volume residuals shows that most of the predictive information about realized 

volatility contained in Google search volume is also captured in implied volatility. In contrast, 

implied volatility has additional predictive information that is not captured in the Google search 

volume data. This suggests that the Google search volume captures a subset of information in 

implied volatility.  

[Insert Table 8 about here] 

 

4. Conclusion 

In this study, we analyze the usability of Internet search activity data for forecasting volatility in 

the financial and commodity markets. We search for a benchmark model with available market-

based predictors to evaluate the net contribution of the Internet search activity data in forecasting 

volatility. While the Internet search activity has predictive power when implied volatility is not 

included in the model, its usefulness for forecasting volatility disappears in the financial markets 

and substantially diminishes in the commodity markets once implied volatility is included in the 

model. We highlight this using both in-sample analysis and recursive, window-size robust out-

of-sample forecasting analysis. A further unobserved component analysis shows that most of the 

predictive information contained in the Internet search activity is also present in implied 

                                                 
18 We follow up in Panel B by including two lags of realized volatility, returns, and log of trading volume as 
additional predictors used in Section 3.1. The fits of the regressions show a large increase in all three columns. 
Although the collinearity of the variables compresses the differences in fit between the columns, the basic pattern of 
the individual component of Google search volume showing the lowest fit still holds in all six markets. 
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volatility while implied volatility has additional predictive information that is not contained in 

the Internet search activity data.  
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Table 1 

Unit Root Test and Correlations 

 

Panel A. Phillips and Perron (1988) Unit Root Test 

 S&P 500 DJIA Euro 
Canadian 

Dollar 
Gold Crude Oil 

Google Trends SVI -8.10 (0.00) -5.64 (0.00) -4.69 (0.00) -3.95 (0.00) -4.28 (0.00) -3.52 (0.00)

Realized volatility -7.21 (0.00) -7.36 (0.00) -6.40 (0.00) -5.04 (0.00) -9.95 (0.00) -4.87 (0.00)

Trading volume -9.33 (0.00) -8.27 (0.00) -6.87 (0.00) -5.38 (0.00) -5.16 (0.00) -4.66 (0.00)

Return -26.29 (0.00) -26.60 (0.00) -24.16 (0.00) -25.77 (0.00) -25.23(0.00) -25.63 (0.00)

Implied volatility -3.79 (0.00) -3.78 (0.00) -6.02 (0.00) -4.06 (0.00) -5.63 (0.00) -3.19 (0.02)

N 608 608 608 608 514 514 
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Table 3 

MSPE Ratios for Realized Volatility 

 S&P 500 
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Table 4 

Encompassing Tests and MSPE Ratios  

 S&P 500 DJIA Euro 
Canadian 

Dollar 
Gold Crude Oil 

Panel A: Ave-ENC 
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Table 5 

Encompassing Tests and MSPE Ratios with ARMA(1,1) 

 S&P 500 DJIA Euro 
Canadian 
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Table 6 

Volatility Error Reduction 

 S&P 500 DJIA Euro Canadian Dollar Gold Crude Oil 

Model 1: AR2 + GT 

Model 2: AR2 + IV 
(13.70%, 18.05%) (12.21%, 16.04%) (17.11%, 20.09%) (11.66%, 13.57%) (11.11%, 13.62%) (2.87%, 3.47%) 

       

Model 1: AR2 + IV 

Model 2: AR2 + IV + GT
(0.45%, 0.60%) (-0.25%, -0.33%) (-0.43%, -0.51%) (0.94%, 1.10%) (0.38%, 0.47%) (2.55%, 3.06%) 

This table shows reductions in forecast error for realized volatility computed as: Volatility error reduction
 = 1 − nomodel(,p�qrmean
omodel%,p�qrmeann , where T ∈

;under, over<, Model 1 and Model 2 are alternative volatility forecasting models, H represents typical underestimate or overestimate of volatility 
based on the given model, and BCmean is the average annualized realized standard deviation for the second half of the sample period. GT is the 
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Table 7 

Variances and Shares of Implied Volatility and Goog








