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Abstract 

 

Recent empirical literature shows that Internet search activity is closely associated with volatility 
prediction in financial and commodity markets. In this study, 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. We conduct in-sample analysis and window-size robust 
out-of-sample forecasting analysis in multiple mark
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Key Messages 

• We evaluate usefulness of the Internet search activity data for forecasting volatility.  
 

• The predictive power of the Internet search activity disappears in financial markets and 

diminishes in commodity markets once the model includes implied volatility. 
 

• These results hold in both in-sample and out-of-sample analyses. 
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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 

activity because its relation to implied volatility and other market-based predictors has not been 

                                                 
1 Lamoureux and Lastrapes (1990) and Darrat, Zhong and Cheng (2007) argue in favor of using trading volume as a 
predictor of volatility. Christensen and Prabhala (1998), Szakmary, Ors, Kim and Davidson (2003) and Busch, 
Christensen, and Nielsen (2011) stress the predictive information present in implied volatility although recent 
studies by Han and Park (2013) and Kambouroudis, McMillan, and Tsakou (2016) point out limitations in using 
implied volatility. 
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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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where ��� is the realized standard deviation and ��,
�  is the squared continuously compounded 

return in intraday interval i during week t
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djia. We download search volume indices for ‘s&p,’ ‘dow,’ ‘euro,’ ‘canadian,’ ‘gold,’ and ‘oil.’  

Searching for these terms within the Finance subcategories ensures that our search data is not 

polluted by searches containing our search terms but unrelated to the financial and commodity 

markets; for example, the Canadian dollar data is not polluted with searches for ‘canadian 

hockey league’ because these searches do not show in the Currencies & Foreign Exchange 

subcategory of the Finance category. 

Google Trends data is available since January 2004.
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benchmark in Section 3.2.1, and out-of-sample forecasting window size in Section 3.2.1) and in 

the Internet Appendix (choice of lags in Section A.3 and an alternative measure of investor 

attention/information demand in Section A.5). 

 

3.1. In-Sample Analysis Methodology and Results 

The starting point of full-sample multivariate predictive analysis is usually a reduced form vector 

autoregressive model (VAR). VAR models are particularly useful in conducting Granger 

causality tests, a key indicator of potential predictability. Andersen, Bollerslev, Diebold and 

Labys (2003) and Andersen, Bollerslev and Meddahi (2004) also propose forecasting volatility 

by reduced-form models of realized volatility as they outperform models such as the generalized 
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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 

coefficients on implied volatility in Table 2 Panel B indicate that implied volatility predicts 

realized volatility in all markets. This provides in-sample support for the argument that implied 

volatility contains useful predictive information for realized volatility as in Christensen and 

Prabhala (1998) and Busch, Christensen, and Nielsen (2011).11 The impact of including implied 

volatility in the VAR is more striking in another respect: the significance of the Google search 

volume disappears in the financial markets and diminishes in the commodity markets. 

Interestingly, implied volatility predicts Google search volume in all markets whereas Google 

search volume predicts implied volatility in only t
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ratios ranging from 0.99 to 0.93 indicating improvements of 1 percent to 7 percent. Adding 

implied volatility generates a much larger improvement with the MSPE ratios ranging from 0.85 

to 0.69 indicating improvements of 15 to 31 percent. 

Relative to the benchmark model containing implied volatility (shown in the bottom 

panel of Table 3), the incremental improvement in the in-sample forecasts of realized volatility 

from adding the Google search volume is small. Adding Google search volume reduces the 

MSPE by only about two percent for gold and about one percent for the S&P 500 index and 

Canadian dollar while generating essentially no improvement for the DJIA and Euro. The only 

exception is the crude oil market where the improvement in the MSPE is about five percent. 

Overall, the in-sample results indicate that usefulness of the Google search volume is limited 

once implied volatility is included in the model. 

[Insert Table 3 about here] 

 
3.2. Out-of-Sample Forecasting Methodology and Results 

In-sample outcomes can be susceptible to such pitfalls as spurious associations and overfitting. 

An out-of-sample analysis is also closer to the scenario a practitioner faces in reality. We analyze 

the relation between the Internet search activity and volatility by conducting recursive out-of-

sample evaluations that have been quite effective in reducing the in-sample issues. We use 

window-size robust evidence to further reduce the sensitivity of our evidence to the choice of the 

forecasting window. We also quantify the forecasting gains based on MSPE ratios as well as 

expected loss and provide a calculation of Value-at-Risk.12  

 

  

                                                 
12 Smith (2012) mentions that Google searches help in out-of-sample forecasts of one-week ahead volatility in 
exchange rates. Dimpfl and Jank (2016) come to a similar conclusion for stock indices.  
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is useful to compare the outcomes of the simple models against other candidate benchmark 

models. A crucial role of a good benchmark model is to critically evaluate the informational 

content of potential predictors, especially when those predictors are correlated as in our case. In 

our volatility forecast evaluations, there are multiple predictors potentially outperforming the 

simple autoregressive model, thereby weakening its case for serving as a strong benchmark 

model useful for a practitioner to determine the usability of a predictor.  

To overcome this issue when a simple benchmark model is not a strong benchmark 

model, we search for the best predictive model within our set of variables in each market. We 

add – one at a time – two lags of return, log of trading volume, log of Google search volume, and 

log of implied volatility to the simple benchmark model to form our unrestricted model, Model 

2. The forecast errors from these unrestricted models are denoted by ���. The first four lines of 

Table 4 Panels A and B report results of the encompassing tests. As explained above, high values 

of the encompassing test statistic mean that ��� is small compared to ���, indicating that the 

additional predictor improves on the benchmark model. In all markets, among the four models 

(AR2 + two lags of return, trading volume, Google search volume, or implied volatility), it is the 

AR2 + implied volatility (IV) model that performs the best relative to the AR2 benchmark.  

[Insert Table 4 about here] 

 

3.2.2. Size of the Out-of-Sample Forecasting Gains 

To quantify how much the forecast accuracy improves over the benchmark model, we compute 

the ratio of the unrestricted model MSPE to the benchmark model MSPE. The MSPEs are 

averaged across windows in computing the ratio. This ratio is reported in Panel C. For example, 

the ratio of 0.70 for the AR2+IV model in the S&P 500 stock index means that adding implied 

volatility to the AR2 model reduces the MSPE by 30 percent on average. Among the four 
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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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where U��(0.01; X, B) is the inverse cumulative distribution function of a normal random 

variable. Consistent with Brownlees et al. (2012), the estimates of the VaR forecast error 

reduction are equal to the corresponding estimates of the volatility forecast error reduction 

shown in Table 6 to the nearest one-hundredth of a percent. Therefore, adding implied volatility 

to the volatility forecasting model produces an economically meaningful improvement in 

portfolio risk management. In contrast, the improvement in VaR forecasts from adding Google 

search volume to the forecasting model that includes implied volatility is low. 

 
3.3. Unobserved Components Model of Implied Volatility and Google Search Volume Residuals 

The results from the in-sample analysis in Section 3.1 and out-of-sample analysis in Section 3.2 

suggest that there could be an important common component between implied volatility and 

Google search volume that contains predictive information about future volatility. However, we 
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Google search volume residual’s variance (
Z($a)

Z($d*) in the fifth column). The variance of the 
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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.  

 This is not to claim that Internet search activity
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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 2 

Granger Causality Tests 

 S&P 500 DJIA Euro 
Canadian 

Dollar 
Gold Crude Oil 

                                          Panel A: Without IV in VAR 

GT → RV 4.5 (0.10) 16.1 (0.00) 17.7 (0.00) 11.0 (0.00) 21.4 (0.00) 39.1 (0.00) 

RV → GT 5.2 (0.07) 8.1 (0.02) 3.2 (0.20) 3.5 (0.17) 10.9 (0.00) 13.1 (0.00) 

GT → Trading volume 9.2 (0.01) 1.8 (0.40) 10.9 (0.00) 4.0 (0.13) 22.2 (0.00) 15.1 (0.00) 

Trading volume → GT 11.0 (0.00) 13.9 (0.00) 0.5 (0.77) 7.5 (0.02) 5.7 (0.06) 2.7 (0.25) 

GT → Return 6.4 (0.04) 5.1 (0.08) 2.7 (0.26) 0.5 (0.79) 1.5 (0.47) 8.8 (0.01) 

Return → GT 17.2 (0.00) 29.8 (0.00) 6.2 (0.05) 0.5 (0.78) 13.3 (0.00) 0.2 (0.92) 

                                         Panel B: With IV in VAR 

IV → RV 149 (0.00) 128 (0.00) 243 (0.00) 162 (0.00) 110 (0.00) 74.1 (0.00) 

RV → IV 2.3 (0.32) 3.9 (0.14) 14.1 (0.00) 21.4 (0.00) 8.6 (0.01) 11.1 (0.00) 

GT → RV 4.8 (0.09) 1.0 (0.61) 1.4 (0.50) 3.3 (0.20) 9.8 (0.01) 28.5 (0.00) 

RV → GT 5.6 (0.06) 2.7 (0.26) 39.8 (0.00) 11.9 (0.00) 27.2 (0.00) 33.6 (0.00) 

GT → IV 4.8 (0.09) 11.1 (0.00) 5.6 (0.06) 2.4 (0.30) 8.6 (0.01) 14.3 (0.00) 

IV → GT 37.6 (0.00) 48.3 (0.00) 61.0 (0.00) 20.4 (0.00) 25.0 (0.00) 41.7 (0.00) 

GT → Trading volume 6.5 (0.04) 8.0 (0.02) 4.7 (0.10) 5.7 (0.06) 15.5 (0.00) 8.9 (0.01) 

Trading volume → GT 16.0 (0.00) 12.7 (0.00) 1.1 (0.59) 9.8 (0.01) 9.7 (0.01) 1.3 (0.52) 

GT → Return 6.4 (0.04) 5.2 (0.07) 1.5 (0.47) 0.5 (0.78) 1.5 (0.48) 8.5 (0.01) 

Return → GT 1.1 (0.59) 2.9 (0.24) 3.3 (0.19) 0.3 (0.85) 8.9 (0.01) 1.0 (0.62) 

N 606 606 606 606 512 512 
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Table 3 

MSPE Ratios for Realized Volatility 

 S&P 500 DJIA Euro 
Canadian 

Dollar 
Gold Crude Oil 
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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 



33 

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 Google Trends Search Volume Residuals 

Market 
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Figure 2 

Impulse Responses 


