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Abstract
What?
This work presents a study describing the use of Internet search information to achieve improved nowcasting ability with simple autoregressive models, using data from four countries and two different application domains with social and economic significance: unemployment rate and car sales.
What was found?
The results we obtained differ by country/language and application area. In the case of unemployment, we find that Google Trends data lead to the improvement of nowcasts in three out of the four considered countries: Portugal, France and Italy. However, there are sometimes important differences in the predictive ability of these data when we consider different out-of-sample periods. For car sales, we find that, in some cases, the volume of search queries helps explaining the variance of the car sales data. However, we find little support for the hypothesis that search query data may improve predictions, and we present several possible reasons for these results. Taking all results into account, we conclude that, when Google Trends variables are significantly different from zero in-sample, they tend to lead to improvements in out-of-sample predictive ability.
Why is this important?
The results can have implications for nowcasting, by providing some indications regarding the advantage or not of the use of search data to improve simple models and indirectly by highlighting the sensitivity of the approach to the actual country-specific base, nowcasting period and search data.
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1. Introduction
In this paper we present a study that intends to show how the act of searching in the Internet can be used to provide additional information regarding user actions, preferences and intentions, which can in turn be used to better assess particular situations. Using Internet query data from Google Trends, we intend to determine if and how these data can be used to improve forecasting ability using simple models. 
Knowing the evolution of key indicators is essential to many decisions. However, often the ability to make such decisions is hampered by the absence of timely information regarding either those indicators or their components. Often, relevant economic indicators are only available with lag, and good forecasts of their current values are essential for making better decisions. This has given rise to the concept of nowcasting: forecasts of current events for which data has not been revealed [4]. We intend to find out whether the search data can be used to improve the ability to perform nowcasting. To do so, limiting ourselves to using simple models, we will analyse whether it is possible to achieve an increase on the predictive accuracy of these models with the addition of search data provided by Google Trends. 
We considered two domains (unemployment and car sales) and four different European countries (Portugal, Spain, France, and Italy). Although the four selected countries share some cultural and geographical characteristics (they all belong to the Southern/Western Europe), they use different languages and sport different historical patterns regarding unemployment and automotive preferences on brands and models.  We created several simple forecasting models for each country, and verified whether the inclusion of selected Google Trends data improved the nowcasting accuracy. 
While the usage of search data to improve forecasting is not new, we consider this work significant since it allowed us to validate previous findings in diverse geographical / linguistic / cultural settings and on different application domains. Doing this we consider to have validated the usage of search data as an additional forecasting data source in some settings, defined the cases in which these data seems to be helpful in increasing the forecasting ability of the models, and in general probed the advantages and limitations of using Google Trends search data in the considered settings. Moreover, we consider the work relevant since it addresses topical social and economic concerns, for which data may not be available in a timely manner (namely unemployment) and for which there is a pressing commercial concern (namely data regarding car sales).
We also considered that it would be interesting to analyse the consistency of the results, and that also led us to choose countries with some points of contact. In fact, most of the available studies about the impact of search query data in the nowcasting performance of econometric models concluded that adding Google Trends variables leads to improved predictive ability (see the literature review below). However, some studies reach different results (some examples can be found in [7, 9]). If we take into account that authors achieving improved forecasting ability with an exciting new set of data are expected to be more inclined to pursue their research and try to publish it, we believe it is of interest to compare the predictive ability of models that include search query data in different in countries for which we did not have reasons to expect radically different results. This analysis of the consistency of results was extended to the definition of different out-of-sample periods, in order to check whether results are consistent through time.
In the interest of simplicity, this work has not tested whether more complex models would better be able to use the search information to improve forecasting, or if instead the use of more complex models would make such information less valuable by improving the forecasting ability of the original data. The usage of simple models can present the advantage of allowing subsequent analysis to discover the mechanisms which explain the benefit of including or not a particular data source. This work, however, does not provide an in-depth analysis of those mechanisms, providing just simple reasoning (when appropriate) to illustrate them.
The main innovation claim of the work is that by performing cross national/cross linguistic study of different realities (which, however, show points of contact) and by analysing the predictive performance in different periods, this work may provide an idea of the consistency of predictive nowcasting improvements and point to the sensitivity of the approach to particular context characteristics. In fact, those characteristics may make the approach better or worse suited to different applications, or even unusable on some of them (as seen in the results presented).
The paper is structured as follows. After this introduction, we present a literature review of related work in Section 2. Section 3 describes the data that was used in this work. Section 4 presents the methodology that we followed in this study. Section 5 presents the results and Section 6 discusses the implications of the results. Finally, Section 7 presents our conclusions and proposes some lines of future work.
2. Related work
One of the first applications that suggested that web search data was useful in forecasting economic statistics was presented in [12], which made an analysis of the relation between WorldTracker’s Top500 Keywords Report data and unemployment in the United States (US). The authors concluded that there was a positive, significant association between employment-related searches by Internet users and official unemployment levels disclosed by the US government and they also suggested the viability of using search terms to predict other important macroeconomic data.
More recently, several researchers have analysed the usefulness of data from Google Trends in nowcasting or forecasting the values of several variables. These variables include the incidence of epidemic diseases [15], private consumption [16, 19, 21, 22], retail sales [4, 7], home sales [7], visitor arrivals [7, 9], car sales and unemployment, among others. We will now focus on works that address unemployment and car sales. 
Choi and Varian [8] analyse the impact of using the search queries in the "Jobs" and "Welfare & Unemployment" categories of Google Trends in predicting initial US initial claims for unemployment benefits. The authors conclude that adding these variables to a simple AutoRegressive (AR) model improves both the model fit and the out-of-sample Mean Absolute Error (MEA) of the prediction. In a later work that includes more recent data [9], the same authors reach quite different results: adding Google Trends variables increases the adjusted R2 of the model only slightly, and leads to worse out-of-sample predictions. The authors argue that in this case Google Trends data may still be useful for finding turning points, since the model that includes search query data seems to perform particularly well near in the periods surrounding turning points in the data. D’Amauri and Marcucci [11] suggest using a Google Index, based on Google Trends data related to Internet job search, to predict the US unemployment rate, and they show that popular time-series specifications augmented with this indicator improve their out-of-sample forecasting performance for different horizons. The authors consider a very large number of linear and non-linear models, and show that the best forecasts are obtained with models that use the Google Index as the leading indicator. The authors show that the Google Index performs better than the widely accepted Initial Claims indicator as a leading indicator of unemployment. The best model including the Google Index also outperforms the forecasts released in the Survey of Professional Forecasters conducted by the Philadelphia Fed.
Fondeur and Karamé [14] analysed the performance of Google search data in the prediction of youth unemployment in France, concluding that Google search data improve the youth unemployment forecasts. The authors point out that Google search data also improve unemployment forecasts for people belonging to other age ranges, but forecast improvements are not as large as in youth unemployment. Bughin [4] analysed the performance of Google search data in explaining changes in unemployment claims in Belgium. The author considers an AR model that also includes inflation and search query volume as dependent variables, and concludes that the search queries variable is statistically significant, explaining about 15% of the total unemployment spread. Chadwick and Şengül [6] examine the performance of the volume of Google queries in nowcasting the unemployment rate in Turkey. The authors conclude that the models that include the volume of search queries show a better nowcasting performance than a benchmark AR model. Suhoy [18] shows that the volume of search queries can be used to explain the changes in job openings in Israel, which can then be used to nowcast the unemployment rate. 
Choi and Varian [7] use Google Trends data in the prediction of sales of different car brands in the US. The authors compare a simple benchmark AR model with two models that include Google Trends variables: a univariate model that assumes that coefficients are independent for all brands and a fixed effects model that assumes that coefficients of lagged sales and of search query data are the same across all brands, and differences in sales volume by brand can be captured by an additive fixed effect. The authors present results for three brands, Chevrolet, Toyota and Ford (for the latter brand, only the univariate model is considered). In the case on Chevrolet, the predictions produced by both models that include Google Trends data have a larger MEA than those of the benchmark model; in the case of Toyota, the predictions achieved with the fixed effects model are better than the ones obtained by the benchmark model, but the univariate model leads to worse predictions; in the case of Ford, the predictions obtained with the univariate model are slightly better than those of the benchmark model. In a later work [9], the same authors use a simple AR model and a model with Google Trends data to nowcast the ‘Motor Vehicles and Parts Dealers’ sales index. The authors conclude that adding Google Trends data leads to an improvement of about 10.5% in the MEA of predictions. Carrière-Swallow & Labbé [5] analysed the performance of Google Trends data in nowcasting car sales in an emerging economy: Chile. The authors conclude that models including Google Trends data always lead to better out-of-sample nowcasts than the benchmark AR or AutoRegressive Moving Average (ARMA) models they consider.
In the most recent years, several different studies address the impact of including Google search data in the prediction accuracy of nowcasts or short-term forecasts of economic variables, including unemployment and car sales. In most cases, the studies conclude that adding Google Trends variable improves the predictive performance of the models. In this study we will similarly analyse whether Google search variables improve the nowcasting accuracy of unemployment and car sales, for four countries of the south-western Europe.
3. Data
3.1. Unemployment 
Seasonally adjusted data concerning monthly unemployment rates for Portugal, Spain, France and Italy were collected from the European Central Bank Statistical Data Warehouse website [13]. Monthly data from January 2005 to August 2013 were used, making a total of 104 observations per country. Data were collected on October 14, 2013. The corresponding variables are denoted by UC, where C stands for the country: P was used for Portugal, S for Spain, F for France and I for Italy.
For the Google searches, it was assumed that the most relevant searches would concern the unemployment and unemployment benefits. We considered that different countries might have different ways of referring to the relevant information about unemployment benefits, so the simple translation of the term used in a country might fail to capture the relevant searches in another country. So, we started by considering several different terms for each country: subsidio desemprego and desemprego for Portugal; subsidio de desempleo, desempleo and prestacion desempleo for Spain; indemnités chomage, allocations chomage, allocations de chomage, chomage for France; and disoccupazione ordinaria, INPS [footnoteRef:1]  disoccupazione, disoccupazione for Italy. The searches were limited to the country being analysed and no category limitations were defined.  [1:  INSP is the acronym for the Istituto Nazionale della Previdenza Sociale, the Italian National Institute for Social Security.] 

We started by collecting monthly data for the volume indexes of these queries, for the period between January 2005 and December 2012, and used them for some preliminary experiences, in order to get some idea of how the different terms performed in explaining and nowcasting unemployment rates. These preliminary experiences led us to conclude that the terms obtained by simply translating the word unemployment to the native language of each country (desemprego, desempleo, chomage and disoccupazione) consistently produced the best results.
Google employs a sampling procedure that introduces measurement error into the series (see, e.g., [5]). Requests for the same query made in different days are based on different samples and, therefore, they will lead to slightly different series. In order to reduce this measurement error we used an API developed externally to Google Trends to collect the data series for all the keywords we considered and for the period between the beginning of 2004 and the end of August 2013. Data were collected each day over a 14-day period (between October 4th 2013 and October 17th 2013), using this API, and the average of each observation over the two weeks was calculated (the procedure is similar to the one used by Carrière-Swallow and Labbé [5], although they used 50 days).
Just to get an idea of the possible impact of measurement error in unemployment-related terms, we calculated average standard deviation for the distribution of weekly observations obtained over the 14 day-period, for the terms desemprego, desempleo, chomage and disoccupazione. The average standard deviations ranged between 3.5% for chomage and 7.6% for desemprego. Using a similar procedure, Carrière-Swallow and Labbé (2011) report a standard deviation of 5.8% for the term "Chevrolet" in queries produced in Chile, near the middle point of the interval we obtained.
Two difficulties arose with this data collecting process:
· Automatic collection of data from Google Trends usually leads to weekly data series. In fact, collected data series have a monthly frequency for the term "allocations de chomage" and weekly frequency for all other terms. The data frequency of the collected series depends on the search volume of the different terms and cannot be controlled by the user. In this work we needed monthly series, since we had monthly series for the unemployment.
· Google Trends designates a certain threshold of traffic for search terms, so those with a volume below the threshold are not reported. Data collected by the API were mostly weekly data, and for some search terms the traffic threshold was not reached for some of the weeks (these values showed as zero values).
In order to address the second difficulty, we analysed which observations were missing from the data concerning each term, and we concluded that:
· For those terms that correspond to a direct translation of "unemployment" (desemprego, desempleo, chomage and disoccupazione), data were always available for all weeks from the beginning of 2005 to the end of August 2013. 
· For all other terms, data were unavailable for some weeks or months of 2005, and in most cases data were also unavailable for some periods in 2006 and/or 2007.
Taking these facts into account, and also considering that the terms that correspond to a direct translation of "unemployment" always produced the best results in the preliminary analysis, we decided to use only the data concerning these terms, disregarding the other ones. We used, for all countries, data from the beginning of 2005 to August 2013. In order to address the need for monthly data, we calculated each monthly volume index as the mean of the daily observations expanded from the weekly data collected from Google Trends (this procedure is identical to the one used in [5]). So, we ended up with 104 monthly observations of a Google Trends query volume index for each country. This series was then scaled by dividing all values by the maximum of the series.
The Google Trends volume indexes thus obtained exhibited some apparent seasonality. We applied the ARIMA-X-12 procedure (see http://www.census.gov/srd/www/x12a/) to these series, in order adjust for seasonality. These seasonally adjusted data series were used in the estimated models, and the corresponding variables are hereafter denoted by GUC, where C stands for the country: P was used for Portugal, S for Spain, F for France and I for Italy.
3.2. Car sales
Monthly data for the number of new passenger car registrations in the considered countries, working day and seasonally adjusted, were collected from the European Central Bank Statistical Data Warehouse website [13]. Monthly data from January 2004 to August 2013, collected on October 2, 2013, were used, making a total of 116 observations per country. Data were scaled by dividing each observation by the maximum value of the corresponding series. The corresponding variables are denoted by SC, where C stands for the country: P was used for Portugal, S for Spain, F for France and I for Italy.
For the Google searches, it was assumed that potential buyers would directly search for the car brands among which they intended to choose. So, for each country, we searched for the 20 car brands that achieved a largest market share in 2012, and used search queries concerning these brands. In all cases, these 20 brands represented more than 92% of the total car sales. For Portugal, Spain and Italy, data were gathered from associations or companies belonging to the car sales sector. For France, the information was gathered from a site that gathers worldwide information about car sales. The sources for this information were:
1. Portugal: AutoInforma [2].
2. Spain: ANIACAM [1]. 
3. France: BestSellingCarsBlog [3]. 
4. Italy: UNRAE [20].
Initially, we considered queries collected in three different contexts: queries included in all categories, queries included in the "Vehicle Brands" category and queries included in the "Vehicle Brands > Vehicle Shopping > Vehicle Specs, Reviews & Comparisons" category. Some preliminary experiences were then conducted, leading us to conclude that the use of queries without category constraints usually led to the best results in explaining and nowcasting car sales. Since, additionally, the API we used to systematically collect the data also prevented us from easily defining Google Trends categories, we ended up using volume indexes without category constraints.
The measurement error problem described before for the unemployment data, also arose in the case of car sales. So, we tried to handle it in a similar way: using an API to collect the data series for the period between the beginning of 2004 and the end of August 2013, during a number of consecutive days and using the average of each observation. Similarly to what was done with the query volume indexes for unemployment, data were collected each day over a 14-day period between October 4th 2013 and October 17th 2013, using the API, and the average of each observation over the two weeks was calculated. In the case of these car brand queries, data was available for all countries, for all weeks from the beginning of 2004 to the end of August 2013. Monthly volume indexes for the months between January 2004 and August 2013 were calculated as the mean of the daily observations expanded from the weekly data collected from Google Trends. Data series were scaled by dividing all observations by the maximum value, and seasonally adjusted by using the ARIMA-X-12 procedure. These seasonally adjusted data series were used in the estimated models, and the corresponding variables are hereafter denoted by GSC, where C stands for the country.
4. Methodology
We defined two goals for the empirical work:
1. To determine whether the use of the volume of search queries improved the ability of simple models to describe the behaviour of unemployment and car sales.
2. To determine whether the volume of search queries improved the ability of simple models to nowcast unemployment and car sales, in different periods.
The broad lines of the procedure we used to address the first goal were the following:
· Estimation of a simple benchmark model, using the all available data (base model).
· Estimation of a second model including variables related to the quantity of search queries (extended model).
· Comparing the two models according to the adjusted R2 (that is, the adjusted coefficient of determination) and analysing the statistical significance of the variable quantifying search queries, in the second model.
The models were estimated with both the base values of the variables, their logarithms and a logistic transformation of the variables. The models estimated with the base values of the variables will be hereafter referred to as additive models and the models with the logarithmized values will be referred to as multiplicative models. The models that used logistic transformation of the variables always led to conclusions similar to either the additive or the multiplicative models. Therefore, we decided not to include the results obtained with the logistic transformations in the paper. 
The stationarity of unemployment, car sales and search queries was checked before defining the models, using the Augmented Dickey–Fuller (ADF) test, with lag length determined according to the Bayesian Information Criterion (BIC). The test was applied both to the values of the variables and to their logarithms, and a 5% p-value was used as a significance threshold. In almost all cases it was concluded that these variables were non-stationary and the variables were differentiated in order to become stationary. In a few cases, it was necessary to differentiate a variable twice in order to achieve stationarity.
For the base model, we considered the use of an ARMA(p,q) model, and the application of the Hannan and Rissanen (1982) procedure to define the AR and Moving Average (MA) orders of the model. Preliminary experiments showed that the MA terms ended up being removed, both in the unemployment models and in the car sales models. So, it was considered that an AR(p) model would be enough, and the MA component was excluded.
For the extended model, the contemporary Google Trends variable was included, and some of its lagged values were also analysed and included if statistically significant. When both the dependent variable and the Google trends variable were integrated of the same order, the Johansen test was performed in order to determine whether the variables were cointegrated. When this was the case, a variable corresponding to the imbalance of the previous period regarding the cointegration relation was included in the model.
Quandt Likelihood Ratio (QLR) tests for a structural break at an unknown point, with 15% trimming at the beginning and end of the sample period, were performed for both the base and extended models. Whenever a structural break was detected, all data up to the moment of the break was removed and the process was repeated – stationarity of the variables was reanalysed for the remaining period and the models were re-estimated.
Several diagnostic tests were performed to the extended model, in order to determine if anything suggested that the model was not properly specified. In particular, we looked for autocorrelation in the residuals (Durbin’s h test and Ljung-Box test with 6 and 12 lags), violations of the normality of the error distribution (Doornik–Hansen test), heteroskedasticity (White test with cross-products and Breusch-Pagan test), Autoregressive Conditional Heteroskedasticity (ARCH) in the residuals (a Lagrange Multiplier (LM) test with 6 and 12 lags) and misspecification (Ramsey RESET test). A 5% significance level was used for the analysis of the results of these tests.
We used the models thus defined not only to address the first goal of this work, but also as a starting point to the analysis of the predictive ability of the search query variables – that is, as a starting point for the second goal of this work. The broad lines of the procedure used for addressing this second goal were:
· Splitting the data series into two periods: the first one used for model estimation (in-sample period) and the second one for testing the predictive ability of the estimated models (out-of sample period).
· Estimation of a benchmark model with the same regressors as the benchmark model defined for the whole period, using only in-sample data.
· Estimation of an extended model with the same regressors as the extended model defined for the whole period, using only in-sample data.
· Comparing the out-of-sample predictive power of the two models, using static forecasts (i.e., forecasts that use the actual value for the lagged variable).
Three different data splits between in-sample and out-of-sample periods were used in order to analyse how consistent and stable would be the possible improvements of predictive accuracy.  The in-sample period started at the beginning of the sample, if no structural break was detected, or at the first observation after the structural break, whenever the QLR test detected a structural break. Data split 1 considered an in-sample period ending in August 2010 and an out-of-sample period of September 2010 – August 2013 (36 data points). Data split 2 considered an in-sample period ending in August 2011 and an out-of-sample period of September 2011 – August 2013 (24 data points). Data split 3 considered an in-sample period ending in August 2012 and an out-of-sample period of September 2012 – August 2013 (12 data points). In order to get a better idea of the stability and consistency of nowcast improvements, in each data split we analysed not only the predictions for the whole out-of-sample period but also for a sub-period consisting of the first 12 months of the out-of-sample period.
Predictive accuracy was compared based on the Root Mean Square Forecast Error (RMSFE), and two statistical tests were performed. The first test is a one-sided F test of equal mean square error based on McCracken [17]. The second test is a forecast encompassing test to find out to whether or not the forecasts produced by the base model encapsulate all the useful predictive information contained in the forecasts of the extended model, based on Clark and McCracken [10]. Both these tests are defined for nested models, and so they are applicable to the models we are comparing, in which the base model is a restricted version of the extended model. These tests were applied using a procedure for RATS made available by Clark and Nakata (http://www.estima.com/procs_perl/clarkforetest.src). 
4.1. Unemployment


The ADF test led us to conclude that both the unemployment variables, , and their logarithms, , were integrated of order one for Portugal, Spain and France. In the case of Italy, we concluded that both the unemployment variable and its logarithm were integrated of order two. The ADF test was also applied to the Google Trends query volume variables and to their logarithms. We concluded that these variables were integrated of order one for Portugal, France and Italy and stationary for Spain. 
In order to define the benchmark model, we estimated an AR(6) model for each country, and iteratively removed lagged values of the unemployment variable with coefficients that were not significantly different from zero, and always keeping the first lag in the model. Whenever diagnostic tests indicated it might be useful to add other lags to the model, they were also tested and kept if significantly different from zero. This was the case of the model defined for Italy, in which the Ljung-Box test with 12 lags led us to think that higher-order lags might be useful and, in fact, we ended up keeping the 11th lag of the unemployment variable. The base model can be defined as
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where Lags-UC is the set containing the orders of significant lags and the number one (the first lag was kept even if it was not significantly different from zero),  is the unemployment variable differentiated  times,  being the number of differentiations required in order to achieve stationarity (one for Portugal, Spain and France and two for Italy),  is the series of error terms and  are coefficients.
Another model was estimated, adding Google Trends-related variables to the base model: the extended model. In this model, we always introduced the contemporary Google Trends variable and also tested the first two lags of this variable, with the intention of keeping them in the model if significantly different from zero. Only in the case of the model defined for Spain was one of these lags significantly different from zero (the second lag).  For Portugal and France we used to Johansen test to find out whether unemployment and the Google Trends variables were cointegrated (in the case of Spain and Italy the variables were not integrated of the same order). For both Portugal and France, we concluded that the variables were cointegrated and added to the model a variable corresponding to the imbalance of the previous period regarding the cointegration relation. The extended model is defined as
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Lags-GUC is the set containing both the orders of significant lags of the Google Trends variable and the number zero (the contemporary value of the Google Trends variable is always included in the model),  is the Google Trends variable differentiated  times,  being the number of differentiations required in order to achieve stationarity (one for Portugal, France and Italy and zero for Spain), EC is the imbalance regarding the cointegration relation (the term  was included only when significant evidence of cointegration was found, that is, only for Portugal and France),  is the series of error terms and  and  are coefficients. The other variables and coefficients are identical to the ones defined for the base model.
4.2. Car sales


The ADF test led us to conclude that both the car sales variables, , and their logarithms, , were integrated of order one for all countries, so these variables were differentiated once. The Google Trends variables and their logarithms were found to be integrated of order one for Portugal, France and Italy and integrated of order two for Spain. 
The initial models that were estimated showed very significant deviations from the linear regression assumptions, for all countries. For example, significant deviations from the normality of the residuals, autocorrelation of the residuals and heteroskedasticity were found in most models. An analysis of the data series led us to hypothesize that such deviations would be due to some sharp rises and declines arising in the car sales series, often a sharp rise immediately followed by a sharp decline or vice versa. Such sharp rises and declines are usually related to specific issues related to the country being analysed, which make it attractive to bring forward or postpone buying a car. Such issues may be related to specific promotions or tax-related (for example, related to changes in car taxation) and often occur at the year end. Using Portugal as an example, in Figure 5 we can see very sharp rises in December 2008 and December 2010, followed by sharp declines in the following month. These movements can possibly be explained by changes in the car sales taxation: in the beginning of 2009 there was an increase in the taxes on sales of diesel cars, and in the beginning of 2011 there was a general increase in the taxes on car sales. 

In order to handle this problem, we added dummy variables for the periods when we detected very large changes in car sales, and kept them in the models when their coefficients were significantly different from zero. Since there were strong indications that car sales in January might vary in the opposite direction of car sales in December, for tax-related reasons, we considered the inclusion of a variable that might capture this effect. This variable, denoted by , was defined as the product of a dummy variable, which takes the value one in the January of every year, by the car sales variable corresponding to the previous month of December. If our analysis was correct, this variable should have a negative coefficient in the estimations. As we can see in the next Section, this was always the case.
Similarly to the procedure followed for unemployment, to define the benchmark model, we estimated an AR(6) model for each country, and iteratively removed non-significant lagged values of the car sales variable, always keeping the first lag in the model. The base model is defined as
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where Lags-SC is the set containing the orders of significant lags and the number one (even if the first lag is not significantly different from zero),  is the car sales variable differentiated once, TS is the set of time periods corresponding to observations with sharp changes in the volume of car sales, is a dummy variable that only takes the value one at time i,  is the series of error terms and ,  and  are coefficients. Variable  was described before, and it can be defined as
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where  is a dummy variable that takes the value one only if the observation corresponds to the month of January. The term  was only kept in (3) when  was significantly different from zero. 
In order to define the extended model, we added Google Trends-related variables to the base model. In this model we always introduced the contemporary Google Trends variable. Lagged values of the Google Trends variable were never significantly different from zero, so they were not included in the extended model.  The Johansen test showed that car sales and the Google Trends variable were cointegrated for France but not for Portugal nor for Italy (in the case of Spain the variables were not integrated of the same order). So, in the models corresponding to France, a variable corresponding to the imbalance of the previous period regarding the cointegration relation was added. The extended model is defined as:
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 is the Google Trends variable differentiated  times,  being the number of differentiations required in order to achieve stationarity (one for Portugal, France and Italy and two for Spain), EC is the imbalance regarding the cointegration relation (included only for France),  is the series of error terms and  and  are coefficients. The other variables and coefficients are identical to the ones defined for the base model.
5. Results
In this section, we present the main results obtained using the methodology described before. The results are summarized in Tables 1-16, and will now be briefly analysed. For each country and for both unemployment and car sales, two tables are presented. The first one shows the most important results concerning the models estimated for explaining the behaviour of the variable being considered. The second table shows summarized data concerning the nowcasting ability of the models estimated for the three data splits.
5.1. Unemployment
Tables 1 and 2 present the results concerning Portugal. The base data is presented in Fig. 1 in the Appendix. The volume of search queries and unemployment were found to be cointegrated and therefore the imbalance of the previous period was included as a variable in the extended model. The diagnostic tests suggested there were no specification problems. Table 1 shows that, for the models estimated for the whole period, the coefficients of the Google Trends variables are significantly different from zero at the 1% level and the coefficient of the imbalance of the previous period is always somewhat significant. The inclusion of these variables clearly improves the adjusted R2.
Table 1: Main results concerning the models estimated for the unemployment rate in Portugal, for the whole period (January 2005 – August 2013).
	Dependent variable: ΔUP(t)
	
	Dependent variable: ΔLog-UP(t)

	
	Base model
	Base model
+ ΔGUP, EC
	
	
	Base model
	Base model
+ ΔGUP, EC

	Constant
	0.000207
	-0.000712*
	
	Constant
	0.00173
	-0.00986

	ΔUP(t-1)
	0.728***
	0.634***
	
	ΔLog-UP(t-1)
	0.723***
	0.663***

	ΔGUP(t)
	-
	0.00737***
	
	ΔLog-GUP(t)
	-
	0.0398***

	EC(t-1)
	-
	-0.0105**
	
	EC(t-1)
	-
	-0.00874*

	Adjusted R2
	0.523
	0.608
	
	Adjusted R2
	0.521
	0.595


*: significant at the 10% level; **: significant at the 5% level; ***: significant at the 1% level. Variables are defined in Section 3.
Table 2 shows that the volume of search queries is always significant at the 1% level in the in-sample period of each data split, but the imbalance variable is no longer significant at the 10% level. The extended model leads to a significant decrease the RMSFE whenever nowcasts are extended until August 2013, and also in the predictions concerning the first out-of-sample year of data split 2. The only case in which there is no improvement in predictive ability is when we try to nowcast the first out-of-sample year of data split 1. However, even in this case the encompassing test indicates that the extended model adds useful predictive information. 
Table 2: Main results concerning the forecasting models estimated for the unemployment rate in Portugal and corresponding forecasts.
	Base model
	
	Extended model

	Dependent
Variable
	Data split
	Adjusted
R2
	Out-of-sample
RMSFE
	
	Additional
variables
	Coefficient
added var.
	Adjusted
R2
	Out-of-sample
RMSFE
	Percentage improvement

	ΔUP
	1
	0.493
	3 years: 0.00141
	
	ΔGUP(t)
	0.00560***
	0.554
	3 years: 0.00126
	10.26%***,+++

	
	
	
	1 year: 0.000766
	
	EC(t-1)
	-0.00573
	
	1 year: 0.000794
	-3.62%++

	
	2
	0.470
	2 years: 0.00164
	
	ΔGUP(t)
	0.00518***
	0.527
	2 years: 0.00145
	12.13%***,+++

	
	
	
	1 year: 0.00166
	
	EC(t-1)
	-0.00449
	
	1 year: 0.00140
	15.75%***,+++

	
	3
	0.521
	1 year: 0.00166
	
	ΔGUP(t)
	0.00631***
	0.592
	1 year: 0.00143
	13.72%***,+++

	
	
	
	
	
	EC(t-1)
	-0.00903*
	
	
	

	ΔLog-UP
	1
	0.509
	3 years: 0.00928
	
	ΔLog-GUP(t)
	0.0362***
	0.568
	3 years: 0.00823
	11.28%***,+++

	
	
	
	1 year: 0.00615
	
	EC(t-1)
	-0.00574
	
	1 year: 0.00665
	-8.06%+++

	
	2
	0.498
	2 years: 0.0105
	
	ΔLog-GUP(t)
	0.0328***
	0.552
	2 years: 0.00906
	13.90%***,+++

	
	
	
	1 year: 0.0113
	
	EC(t-1)
	-0.00451
	
	1 year: 0.00938
	16.63%***,+++

	
	3
	0.514
	1 year: 0.00991
	
	ΔLog-GUP(t)
	0.0366***
	0.580
	1 year: 0.00828
	16.46%***,+++

	
	
	
	
	
	EC(t-1)
	-0.00814
	
	
	


*: significant at the 10% level; **: significant at the 5% level; ***: significant at the 1% level. Variables are defined in Section 3 and data splits are defined in Section 4. In the case of the improvement, the stars refer to the one-sized F test of forecast improvement of McCracken [17]. The ‘+’ signs refer to the one-sized F test of forecasting encompassing of Clark and McCracken [10].
The results for Spain, presented in Tables 3 and 4 (base data can be found in Fig. 2 in the Appendix), are very different from the results obtained for Portugal. For Spain, the QLR test detected a structural break in February 2009 for both the additive and the multiplicative models, so models were estimated using just data from March 2009 onwards. After restricting the data, diagnostic tests suggested no specification problems.
Table 3: Main results concerning the models estimated for the unemployment rate in Spain, for the period after the detected structural break (March 2009 – August 2013).
	Dependent variable: ΔUS(t)
	
	Dependent variable: ΔLog-US(t)

	
	Base model
	Base model
+ GUS
	
	
	Base model
	Base model
+ GUS

	Constant
	0.000411**
	-0.000113
	
	Constant
	0.00221***
	-0.0000738

	ΔUS(t-1)
	0.701***
	0.692***
	
	ΔLog-US(t-1)
	0.656***
	0.724***

	GUS(t)
	
	0.000964
	
	Log-GUS(t)
	
	0.00511

	
	
	
	
	Log-GUS(t-2)
	
	-0.00830**

	Adjusted R2
	0.646
	0.642
	
	Adjusted R2
	0.688
	0.704


*: significant at the 10% level; **: significant at the 5% level; ***: significant at the 1% level. Variables are defined in Section 3.
In Table 3 we can see that the coefficient of the contemporary volume of search queries is not significantly different from zero. Although the second order lag of the volume of search queries is significant at the 5% level in the multiplicative model, we cannot rule out this being a statistical glitch: the coefficient of the variable has a negative sign, contrary to what was expected and, looking at Table 4, we can see that its coefficient is not significantly different from zero in two of the three in-sample periods.
The addition of Google Trends variables usually leads to worse unemployment predictions for Spain. When the additive model is used, RMSFE is always larger, although in two cases there is some evidence of the variables adding useful predictive information, according to the encompassing test. In the case of the multiplicative model, significant RMSFE improvements are achieved in the one-year nowcasts performed in data splits 1 and 3, but surprisingly, in these cases, the Google Trends variables are not significantly different from zero in the model estimated in-sample. In the multiplicative model, the encompassing test finds significant evidence that the extended model adds useful predictive information, even when the RMSFE worsens.
We must also stress that, for Spain, results may be somehow affected by a small number of observations in the in-sample periods. Due to the structural break found in the data, we were left with 17, 29 and 31 in-sample observations for data splits 1, 2 and 3, respectively. This may be insufficient to obtain robust models, particularly in the case of the first data split.
Table 4: Main results concerning the forecasting models estimated for the unemployment rate in Spain and corresponding forecasts.
	Base model
	
	Extended model

	Dependent
Variable
	Data split
	Adjusted
R2
	Out-of-sample
RMSFE
	
	Additional
variables
	Coefficient
added var.
	Adjusted
R2
	Out-of-sample
RMSFE
	Percentage improvement

	ΔUS
	1
	0.661
	3 years:0.000950 
	
	GUS(t)
	0.00893
	0.683
	3 years: 0.00122
	-28.43%+

	
	
	
	1 year: 0.000981
	
	
	
	
	1 year: 0.00103
	-5.02%

	
	2
	0.620
	2 years: 0.000903
	
	GUS(t)
	0.00633
	0.632
	2 years: 0.00117
	-30.00%

	
	
	
	1 year: 0.000894
	
	
	
	
	1 year: 0.00110
	-23.14%+++

	
	3
	0.599
	1 year: 0.000973
	
	GUS(t)
	0.00201
	0.605
	1 year: 0.00105
	-7.67%

	ΔLog-US
	1
	0.726
	3 years: 0.00411
	
	Log-GUS(t)
	0.0231
	0.736
	3 years: 0.00476
	-15.84%++

	
	
	
	1 year: 0.00460
	
	Log-GUS(t-2)
	-0.00821
	
	1 year: 0.00422
	8.16%**,++

	
	2
	0.683
	2 years: 0.00375
	
	Log-GUS(t)
	0.0202*
	0.732
	2 years: 0.00468
	-29.58%++

	
	
	
	1 year: 0.00355
	
	Log-GUS(t-2)
	-0.0158**
	
	1 year: 0.00535
	-50.92%+

	
	3
	0.647
	1 year: 0.00428
	
	Log-GUS(t)
	0.00651
	0.661
	1 year: 0.00379
	11.38%***,+++

	
	
	
	
	
	Log-GUS(t-2)
	-0.00983
	
	
	


*: significant at the 10% level; **: significant at the 5% level; ***: significant at the 1% level. Variables are defined in Section 3 and data splits are defined in Section 4. In the case of the improvement, the stars refer to the one-sized F test of forecast improvement of McCracken [17]. The ‘+’ signs refer to the one-sized F test of forecasting encompassing of Clark and McCracken [10].
The results concerning France are shown in Tables 5 and 6 (again, base data can be found in the Appendix, in Fig. 3). The QLR test detected a structural break in March 2008 in the multiplicative model (significant at the 5% level), but not in the additive model. So, data from April 2008 onwards was used in the multiplicative model. The volume of search queries and unemployment were found to be cointegrated and therefore the imbalance of the previous period was included in the extended model. The diagnostic tests suggested there were no specification problems in the models. 
Table 5 shows that, for the models estimated for the whole period, both the coefficients of Google Trends variables and those of the imbalance of the previous period are significantly different from zero at the 1% level, and the inclusion of these variables clearly improves the adjusted R2.
Table 5: Main results concerning the models estimated for the unemployment rate in France, for the whole period (January 2005 – August 2013) in the case of the additive model, and for the period after the detected structural break (April 2008 – August 2013) in the case of the multiplicative model.
	Dependent variable: ΔUF(t)
	
	Dependent variable: ΔLog-UF(t)

	
	Base model
	Base model
+ ΔGUF, EC
	
	
	Base model
	Base model
+ ΔGUF, EC

	Constant
	0.0000317
	0.00111***
	
	Constant
	0.00139
	-0.147***

	ΔUF(t-1)
	0.946***
	0.696***
	
	ΔLog-UF(t-1)
	0.833***
	0.385***

	ΔUF(t-2)
	-0.212**
	-0.224**
	
	
	
	

	ΔUF(t-4)
	-0.263**
	-0.315***
	
	ΔLog-UF(t-4)
	-0.391***
	-0.388***

	ΔUF(t-5)
	0.344***
	0.245***
	
	ΔLog-UF(t-5)
	0.307***
	0.111

	ΔGUF(t)
	
	0.00464***
	
	ΔLog-GUF(t)
	
	0.0451***

	EC(t-1)
	
	-0.0446***
	
	EC(t-1)
	
	-0.0715***

	Adjusted R2
	0.646
	0.726
	
	Adjusted R2
	0.596
	0.739


*: significant at the 10% level; **: significant at the 5% level; ***: significant at the 1% level. Variables are defined in Section 3.
Table 6: Main results concerning the forecasting models estimated for the unemployment rate in France and corresponding forecasts.
	Base model
	
	Extended model

	Dependent
Variable
	Data split
	Adjusted
R2
	Out-of-sample
RMSFE
	
	Additional
variables
	Coefficient
added var.
	Adjusted
R2
	Out-of-sample
RMSFE
	Percentage improvement

	ΔUF
	1
	0.686
	3 years: 0.000501
	
	ΔGUF(t)
	0.00675***
	0.755
	3 years: 0.000509
	-1.67%+++

	
	
	
	1 year: 0.000551
	
	EC(t-1)
	-0.0258***
	
	1 year: 0.000534
	3.06%+++

	
	2
	0.663
	2 years: 0.000471
	
	ΔGUF(t)
	0.00545***
	0.744
	2 years: 0.000447
	4.97%**,+++

	
	
	
	1 year: 0.000482
	
	EC(t-1)
	-0.0426***
	
	1 year: 0.000417
	13.43%***,+++

	
	3
	0.650
	1 year: 0.000456
	
	ΔGUF(t)
	0.00533***
	0.735
	1 year: 0.000478
	-4.81%++

	
	
	
	
	
	EC(t-1)
	-0.0458***
	
	
	

	ΔLog-UF
	1
	0.646
	3 years: 0.00554
	
	ΔLog-GUF(t)
	0.0657***
	0.745
	3 years: 0.00551
	0.62%+++

	
	
	
	1 year: 0.00671
	
	EC(t-1)
	-0.0383**
	
	1 year: 0.00637
	4.95%*,++

	
	2
	0.640
	2 years: 0.00463
	
	ΔLog-GUF(t)
	0.0333*
	0.801
	2 years:0.00588 
	-27.00%+++

	
	
	
	1 year: 0.00475
	
	EC(t-1)
	-0.103***
	
	1 year: 0.00432
	9.13%**,+++

	
	3
	0.612
	1 year: 0.00446
	
	ΔLog-GUF(t)
	0.0401**
	0.777
	1 year: 0.00612
	-37.10%+++

	
	
	
	
	
	EC(t-1)
	-0.0978***
	
	
	


*: significant at the 10% level; **: significant at the 5% level; ***: significant at the 1% level. Variables are defined in Section 3 and data splits are defined in Section 4. In the case of the improvement, the stars refer to the one-sized F test of forecast improvement of McCracken [17]. The ‘+’ signs refer to the one-sized F test of forecasting encompassing of Clark and McCracken [10].
Table 6 shows that there seem to be some prediction improvements achieved by adding Google Trends-related variables, but at the first sight they do not seem to be consistent. If we look at the one-year nowcasts, we can see that in the first year of the out-of-sample period of data split 1 (September 2010-August 2011), both the additive and the multiplicative extended models seem to lead to modest prediction improvements; in the first year of the out-of-sample period of data split 2 (September 2011-August 2012), both extended models lead to significant improvements; in the out-of-sample period of data split 3 (September 2012-August 2013), both extended models lead to worse predictions than the corresponding base models. In all cases the encompassing test finds significant evidence that the extended model adds useful predictive information. So, it can be the case that Google Trends variables add predictive ability but, sometimes, the also add a level of noise that outweighs such predictive ability.
Tables 7 and 8 present the results concerning Italy (as before, base data can be found in the Appendix, in Fig. 4). Diagnostic tests showed that some autocorrelation seems to remain in the multiplicative model, although mild (only when 12 lags are considered, and not significant at the 1% level). The added Google Trends variable is significant at the 5% level in the additive model and at the 10% level in the multiplicative one, and in both cases they lead to a small improvement in the adjusted R2.
Table 7: Main results concerning the models estimated for the unemployment rate in Italy, for the whole period (January 2005 – August 2013).
	Dependent variable: Δ2UI(t)
	
	Dependent variable: Δ2Log-UI(t)

	
	Base model
	Base model
+ ΔGUI
	
	
	Base model
	Base model
+ ΔGUI

	Constant
	0.0000359
	-0.0000045
	
	Constant
	0.000386
	0.0000244

	Δ2UI(t-1)
	-1.04***
	-1.00***
	
	Δ2Log-UI(t-1)
	-0.955***
	-0.932***

	Δ2UI(t-2)
	-0.590***
	-0.569***
	
	Δ2Log-UI(t-2)
	-0.329***
	-0.322***

	Δ2UI(t-3)
	-0.199**
	-0.200**
	
	
	
	

	Δ2UI(t-11)
	0.254***
	0.243***
	
	Δ2Log-UI(t-11)
	0.246***
	0.234***

	ΔGUI(t)
	
	0.00895**
	
	ΔLog-GUI(t)
	
	0.0564*

	Adjusted R2
	0.683
	0.700
	
	Adjusted R2
	0.691
	0.698


*: significant at the 10% level; **: significant at the 5% level; ***: significant at the 1% level. Variables are defined in Section 3.
	Table 8 shows that the addition of Google Trends variables always leads to a reduction in the RMSFE. The significance of the prediction improvement varies, but they are always significant at the 1% or 5% levels when nowcasts are extended until August 2013.
Table 8: Main results concerning the forecasting models estimated for the unemployment rate in Italy and corresponding forecasts.
	Base model
	
	Extended model

	Dependent
Variable
	Data split
	Adjusted
R2
	Out-of-sample
RMSFE
	
	Additional
variables
	Coefficient
added var.
	Adjusted
R2
	Out-of-sample
RMSFE
	Percentage improvement

	Δ2UI
	1
	0.692
	3 years: 0.00192
	
	ΔGUI(t)
	0.00474
	0.693
	3 years: 0.00182
	5.21%***,+++

	
	
	
	1 year: 0.00200
	
	
	
	
	1 year: 0.00194
	2.88%*

	
	2
	0.681
	2 years: 0.00198
	
	ΔGUI(t)
	0.00644
	0.687
	2 years: 0.00183
	7.62%***,+++

	
	
	
	1 year: 0.00213
	
	
	
	
	1 year: 0.00203
	4.64%**,++

	
	3
	0.690
	1 year: 0.00167
	
	ΔGUI(t)
	0.00798*
	0.700
	1 year: 0.00145
	13.27%***,+++

	Δ2Log-UI
	1
	0.701
	3 years: 0.0207
	
	ΔLog-GUI(t)
	0.0256
	0.697
	3 years: 0.0201
	3.10%**,++

	
	
	
	1 year: 0.0230
	
	
	
	
	1 year: 0.0225
	2.22%

	
	2
	0.697
	2 years: 0.0198
	
	ΔLog-GUI(t)
	0.0387
	0.697
	2 years: 0.0188
	5.22%***,++

	
	
	
	1 year: 0.0220
	
	
	
	
	1 year: 0.0213
	3.15%*,+

	
	3
	0.700
	1 year: 0.0168
	
	ΔLog-GUI(t)
	0.0477
	0.702
	1 year: 0.0152
	9.79%***,+++


*: significant at the 10% level; **: significant at the 5% level; ***: significant at the 1% level. Variables are defined in Section 3 and data splits are defined in Section 4.  In the case of the improvement, the stars refer to the one-sized F test of forecast improvement of McCracken [17]. The ‘+’ signs refer to the one-sized F test of forecasting encompassing of Clark and McCracken [10].
5.2. Car sales
Tables 9 and 10 present the results concerning car sales for Portugal. The base data is presented in Fig. 5 in the Appendix. The QLR test detected a structural break in August 2005 in the additive model, but no structural break was found in the multiplicative model. So, the additive model was estimated using just data from September 2005 onwards. The Johansen test showed no cointegration between car sales and Google Trends variables, so no imbalance variable was added to the extended model. The diagnostic tests suggested no specification problems in the multiplicative model, but some autocorrelation in the additive model (significant at the 5% level but not at the 1% level, and only in the Ljung-Box test). The coefficients of Google Trends variables are always significantly different from zero at the 1% level and they always lead to an increase in the adjusted R2.
Table 9: Main results concerning the models estimated for car sales in Portugal, for the period after the detected structural break (September 2005 – August 2013) in the case of the additive model, and for the whole period (January 2004 – August 2013) in the case of the multiplicative model.
	Dependent variable: ΔSP(t)
	
	Dependent variable: ΔLog-SP(t)

	
	Base model
	Base model
+ ΔGSP
	
	
	Base model
	Base model
+ ΔGSP

	Constant
	0.000294
	0.00228
	
	Constant
	-0.000429
	0.00156

	ΔSP(t-1)
	-0.0663
	-0.0358
	
	ΔLog-SP(t-1)
	-0.0886
	-0.0762

	D2008:12
	0.170***
	0.171***
	
	D2008:12
	0.248***
	0.252***

	D2009:01
	-0.148***
	-0.168***
	
	D2009:01
	-0.490***
	-0.507***

	D2010:12
	0.278***
	0.273***
	
	D2010:12
	0.330***
	0.326***

	
	
	
	
	D2011:01
	-0.255**
	-0.231**

	D2012:01
	-0.0679*
	-0.0712*
	
	D2012:01
	-0.256***
	-0.258***

	ADec/Jan
	-1.499***
	-1.440***
	
	ADec/Jan
	-0.943***
	-0.916***

	ΔGSP(t)
	
	0.612***
	
	ΔLog-GSP(t)
	
	0.702***

	Adjusted R2
	0.771
	0.797
	
	Adjusted R2
	0.639
	0.660


*: significant at the 10% level; **: significant at the 5% level; ***: significant at the 1% level. Variables are defined in Section 3.
Table 10: Main results concerning the forecasting models estimated for car sales in Portugal and corresponding forecasts.
	Base model
	
	Extended model

	Dependent
Variable
	Data split
	Adjusted
R2
	Out-of-sample
RMSFE
	
	Additional
variables
	Coefficient
added var.
	Adjusted
R2
	Out-of-sample
RMSFE
	Percentage improvement

	ΔSP
	1
	0.663
	3 years: 0.0712
	
	ΔGUP(t)
	0.598***
	0.703
	3 years: 0.0715
	-0.32%

	
	
	
	1 year: 0.114
	
	
	
	
	1 year: 0.115
	-0.15%

	
	2
	0.783
	2 years: 0.0282
	
	ΔGUP(t)
	0.632***
	0.810
	2 years: 0.0285
	-1.01%+

	
	
	
	1 year: 0.0327
	
	
	
	
	1 year: 0.0335
	-2.52%

	
	3
	0.775
	1 year: 0.0228
	
	ΔGUP(t)
	0.621***
	0.801
	1 year: 0.0222
	2.78%*,+++

	ΔLog-SP
	1
	0.590
	3 years: 0.124
	
	ΔLog-GUP(t)
	0.614**
	0.612
	3 years: 0.121
	2.84%**,++

	
	
	
	1 year: 0.159
	
	
	
	
	1 year: 0.152
	3.92%**,+

	
	2
	0.668
	2 years: 0.0996
	
	ΔLog-GUP(t)
	0.672**
	0.690
	2 years: 0.0988
	0.75%

	
	
	
	1 year: 0.113
	
	
	
	
	1 year: 0.113
	-0.01%

	
	3
	0.656
	1 year: 0.0837
	
	ΔLog-GUP(t)
	0.683***
	0.677
	1 year: 0.0822
	1.98%+


 *: significant at the 10% level; **: significant at the 5% level; ***: significant at the 1% level. Variables are defined in Section 3 and data splits are defined in Section 4. In the case of the improvement, the stars refer to the one-sized F test of forecast improvement of McCracken [17]. The ‘+’ signs refer to the one-sized F test of forecasting encompassing of Clark and McCracken [10].
Looking at Table 10, we notice that the Google Trends variables are still very significant in the models estimated using in-sample data, for all data splits. However, we can find only mild evidence of improved nowcasting ability by adding Google Trends variables. The additive model only seems to lead to improved predictions in data split 3, and the improvement is significant only at the 10% level. In the multiplicative case, the extended model seems to lead to significant improvement in the predictive ability when data split 1 is considered but, in the other data splits, only non-significant improvements are found.
Tables 11 and 12 present the results concerning car sales in Spain. The base data is presented in Fig. 6 in the Appendix. Diagnostic tests seem to point out to some ARCH in the residuals: the LM test with 6 lags leads to values significant at the 5% level in both models; however, the results are not significant at the 1% level, and the LM test with 12 lags does not lead to significant results at the 5% level. 
Table 11 shows that the coefficients of Google Trends variables are not significantly different from zero at the 5% level and their sign is negative, contrary to what was to be expected. So, it is no surprise to find, in Table 12, that the extended model usually produces non-significant prediction improvements or no improvements at all.
Table 11: Main results concerning the models estimated for car sales in Spain, for the whole period (January 2004 – August 2013).
	Dependent variable: ΔSS(t)
	
	Dependent variable: ΔLog-SS(t)

	
	Base model
	Base model
+ ΔGSS
	
	
	Base model
	Base model
+ ΔGSS

	Constant
	-0.000677
	-0.000739
	
	Constant
	-0.00188
	-0.00183

	ΔSS(t-1)
	-0.0743
	-0.0765
	
	ΔLog-SS(t-1)
	-0.0407
	-0.0581

	D2007:04
	-0.0944**
	-0.0937**
	
	
	
	

	D2007:12
	0.115***
	0.115***
	
	D2007:12
	0.124**
	0.108*

	D2008:01
	-0.196***
	-0.197***
	
	D2008:01
	-0.222***
	-0.225***

	D2010:07
	-0.213***
	-0.212***
	
	D2010:07
	-0.408***
	-0.387***

	D2012:08
	0.0983***
	0.0977***
	
	D2012:08
	0.258***
	0.246***

	D2012:09
	-0.126***
	-0.127***
	
	D2012:09
	-0.349***
	-0.352***

	ΔGSS(t)
	
	-0.0597
	
	Δ2Log-GSS(t)
	
	-0.218*

	Adjusted R2
	0.480
	0.476
	
	Adjusted R2
	0.508
	0.517


*: significant at the 10% level; **: significant at the 5% level; ***: significant at the 1% level. Variables are defined in Section 3.
Table 12: Main results concerning the forecasting models estimated for car sales in Spain and corresponding forecasts.
	Base model
	
	Extended model

	Dependent
Variable
	Data split
	Adjusted
R2
	Out-of-sample
RMSFE
	
	Additional
variables
	Coefficient
added var.
	Adjusted
R2
	Out-of-sample
RMSFE
	Percentage improvement

	ΔSS
	1
	0.460
	3 years: 0.0360
	
	ΔGUS(t)
	-0.0285
	0.453
	3 years: 0.0360
	-0.06%

	
	
	
	1 year: 0.0214
	
	
	
	
	1 year: 0.0210
	2.02%

	
	2
	0.453
	2 years: 0.0412
	
	ΔGUS(t)
	-0.0604
	0.448
	2 years: 0.0415
	-0.73%

	
	
	
	1 year: 0.0408
	
	
	
	
	1 year: 0.0405
	0.53%

	
	3
	0.455
	1 year: 0.0411
	
	ΔGUS(t)
	-0.0731
	0.451
	1 year: 0.0420
	-2.12%

	ΔLog-SS
	1
	0.451
	3 years: 0.0957
	
	Δ2Log-GUS(t)
	-0.170
	0.453
	3 years: 0.0946
	1.10%

	
	
	
	1 year: 0.0506
	
	
	
	
	1 year: 0.0480
	5.24%**,++

	
	2
	0.428
	2 years: 0.111
	
	Δ2Log-GUS(t)
	-0.194
	0.435
	2 years: 0.111
	0.12%

	
	
	
	1 year: 0.106
	
	
	
	
	1 year: 0.103
	2.56%*

	
	3
	0.442
	1 year: 0.113
	
	Δ2Log-GUS(t)
	-0.231
	0.452
	1 year: 0.115
	-1.65%


 *: significant at the 10% level; **: significant at the 5% level; ***: significant at the 1% level. Variables are defined in Section 3 and data splits are defined in Section 4. In the case of the improvement, the stars refer to the one-sized F test of forecast improvement of McCracken [17]. The ‘+’ signs refer to the one-sized F test of forecasting encompassing of Clark and McCracken [10].
The results obtained for car sales in France are shown in Tables 13 and 14 (as before, base data is presented in the Appendix in Fig. 7). The volume of search queries and car sales were found to be cointegrated and, therefore, we included the imbalance of the previous period as a variable in the extended model. The diagnostic tests suggested there were no specification problems in the models. 
 Similarly to the case of Spain, coefficients of Google Trends variables are not significantly different from zero and their sign is negative, contrary to what was to be expected. Also, the coefficients of the imbalance of the previous period are not significantly different from zero. Table 12 shows that extended model only improves the RMSFE in the one-year nowcasts of data sample 1, and in all other cases it increases the forecast error.
Table 13: Main results concerning the models estimated for car sales in France, for the whole period (January 2004 – August 2013).
	Dependent variable: ΔSF(t)
	
	Dependent variable: ΔLog-SF(t)

	
	Base model
	Base model
+ ΔGSF
	
	
	Base model
	Base model
+ ΔGSF

	Constant
	-0.00286
	0.0989
	
	Constant
	-0.00356
	-0.0285

	ΔSF(t-1)
	-0.402***
	-0.369***
	
	ΔLog-SF(t-1)
	-0.431***
	-0.404***

	D2007:12
	0.105***
	0.106***
	
	D2007:12
	0.128***
	0.129***

	D2009:05
	0.199***
	0.199***
	
	D2009:05
	0.226***
	0.227***

	D2010:11
	0.0953**
	0.0967**
	
	D2010:11
	0.112**
	0.115**

	D2011:04
	-0.178***
	-0.169***
	
	D2011:04
	-0.211***
	-0.200***

	EC(t-1)
	
	-0.0691
	
	EC(t-1)
	
	-0.0611

	ΔGSF(t)
	
	-0.114
	
	ΔLog-GSF(t)
	
	-0.143

	Adjusted R2
	0.450
	0.448
	
	Adjusted R2
	0.431
	0.428


*: significant at the 10% level; **: significant at the 5% level; ***: significant at the 1% level. Variables are defined in Section 3.
Table 14: Main results concerning the forecasting models estimated for car sales in France and corresponding forecasts.
	Base model
	
	Extended model

	Dependent
Variable
	Data split
	Adjusted
R2
	Out-of-sample
RMSFE
	
	Additional
variables
	Coefficient
added var.
	Adjusted
R2
	Out-of-sample
RMSFE
	Percentage improvement

	ΔSF
	1
	0.413
	3 years: 0.0465
	
	ΔGUF(t)
	-0.178
	0.463
	3 years: 0.0475
	-2.06%+++

	
	
	
	1 year: 0.0672
	
	EC(t-1)
	-0.242***
	
	1 year: 0.0620
	7.78%**,+++

	
	2
	0.466
	2 years: 0.0318
	
	ΔGUF(t)
	-0.188
	0.484
	2 years: 0.0392
	-23.07%

	
	
	
	1 year: 0.0289
	
	EC(t-1)
	-0.179**
	
	1 year: 0.0345
	-19.43%

	
	3
	0.449
	1 year: 0.0346
	
	ΔGUF(t)
	-0.121
	0.458
	1 year: 0.0386
	-11.42%

	
	
	
	
	
	EC(t-1)
	-0.134*
	
	
	

	ΔLog-SF
	1
	0.390
	3 years: 0.0585
	
	ΔLog-GUF(t)
	-0.231
	0.441
	3 years: 0.0613
	-4.67%++

	
	
	
	1 year: 0.0792
	
	EC(t-1)
	-0.253***
	
	1 year: 0.0727
	8.18%***,+++

	
	2
	0.444
	2 years: 0.0454
	
	ΔLog-GUF(t)
	-0.235
	0.465
	2 years: 0.0552
	-21.57%

	
	
	
	1 year: 0.0388
	
	EC(t-1)
	-0.192**
	
	1 year: 0.0463
	-19.12%

	
	3
	0.425
	1 year: 0.0514
	
	ΔLog-GUF(t)
	-0.154
	0.434
	1 year: 0.0564
	-9.70%

	
	
	
	
	
	EC(t-1)
	-0.140*
	
	
	


 *: significant at the 10% level; **: significant at the 5% level; ***: significant at the 1% level. Variables are defined in Section 3 and data splits are defined in Section 4. In the case of the improvement, the stars refer to the one-sized F test of forecast improvement of McCracken [17]. The ‘+’ signs refer to the one-sized F test of forecasting encompassing of Clark and McCracken [10].
The results for Italy are presented in Tables 15 and 16. Base data is presented in Fig. 8 in the Appendix. The Johansen test showed no cointegration between car sales and Google Trends variables, so no imbalance variable was added to the extended model. The diagnostic tests suggested no specification problems in the models. The coefficients of Google Trends variables are not significantly different from zero and the adjusted R2 is almost identical to the one of the base model.
Table 15: Main results concerning the models estimated for car sales in Italy, for the whole period (January 2004 – August 2013).
	Dependent variable: ΔSI(t)
	
	Dependent variable: ΔLog-SI(t)

	
	Base model
	Base model
+ ΔGSI
	
	
	Base model
	Base model
+ ΔGSI

	Constant
	-0.00190
	-0.00189
	
	Constant
	-0.00334
	-0.00329

	ΔSI(t-1)
	-0.235***
	-0.234***
	
	ΔLog-SI(t-1)
	-0.231***
	-0.231***

	ΔSI(t-2)
	-0.173***
	-0.175***
	
	ΔLog-SI(t-2)
	-0.174***
	-0.180***

	D2004:08
	-0.0903***
	-0.0899***
	
	D2004:08
	-0.107**
	-0.105**

	D2005:05
	-0.258***
	-0.258***
	
	D2005:05
	-0.355***
	-0.354***

	D2005:06
	0.337***
	0.337***
	
	D2005:06
	0.426***
	0.425***

	D2008:12
	0.0981***
	0.0984***
	
	D2008:12
	0.130***
	0.132***

	D2010:04
	-0.258***
	-0.258***
	
	D2010:04
	-0.321***
	-0.321***

	ADec/Jan
	-1.08***
	-0.0899***
	
	ADec/Jan
	-1.06***
	-1.08***

	ΔGSI(t)
	
	0.0186
	
	ΔLog-GSI(t)
	
	0.0594

	Adjusted R2
	0.766
	0.764
	
	Adjusted R2
	0.743
	0.742


*: significant at the 10% level; **: significant at the 5% level; ***: significant at the 1% level. Variables are defined in Section 3.
	In Table 16 it can be seen that, with the exception of data split 1 in the additive model, the extended model always leads to slightly smaller values of the RMSFE. However, improvements are very slight and never significant, even at the 10% level. In fact, the encompassing test never finds any evidence that the extended model may add any useful predictive ability in relation to the base model.
Table 16: Main results concerning the forecasting models estimated for car sales in Italy and corresponding forecasts.
	Base model
	
	Extended model

	Dependent
Variable
	Data split
	Adjusted
R2
	Out-of-sample
RMSFE
	
	Additional
variables
	Coefficient
added var.
	Adjusted
R2
	Out-of-sample
RMSFE
	Percentage improvement

	ΔSI
	1
	0.809
	3 years: 0.0277
	
	ΔGUI(t)
	-0.0236
	0.806
	3 years: 0.0320
	-0.41%

	
	
	
	1 year: 0.0248
	
	
	
	
	1 year: 0.0251
	-1.16%

	
	2
	0.799
	2 years: 0.0290
	
	ΔGUI(t)
	0.00875
	0.796
	2 years: 0.0290
	0.05%

	
	
	
	1 year: 0.0336
	
	
	
	
	1 year: 0.0336
	0.01%

	
	3
	0.775
	1 year: 0.0233
	
	ΔGUI(t)
	0.0100
	0.773
	1 year: 0.0232
	0.17%

	ΔLog-SI
	1
	0.829
	3 years: 0.0485
	
	ΔLog-GUI(t)
	0.00389
	0.827
	3 years: 0.0484
	0.04%

	
	
	
	1 year: 0.0367
	
	
	
	
	1 year: 0.0367
	0.17%

	
	2
	0.813
	2 years: 0.0533
	
	ΔLog-GUI(t)
	0.0472
	0.811
	2 years: 0.0533
	0.15%

	
	
	
	1 year: 0.0590
	
	
	
	
	1 year: 0.0590
	0.01%

	
	3
	0.768
	1 year: 0.0467
	
	ΔLog-GUI(t)
	0.0479
	0.766
	1 year: 0.0465
	0.44%


 *: significant at the 10% level; **: significant at the 5% level; ***: significant at the 1% level. Variables are defined in Section 3 and data splits are defined in Section 4. In the case of the improvement, the stars refer to the one-sized F test of forecast improvement of McCracken [17]. The ‘+’ signs refer to the one-sized F test of forecasting encompassing of Clark and McCracken [10].
6. Discussion 
The global picture we get from the results is somewhat less rosy than the picture gathered from other studies, and it is very different for the two variables we tried to nowcast: while our results indicate that Google Trends data improves the predictive ability of the unemployment models in most of the countries we considered, we get little evidence that search query data may lead to better predictions concerning car sales, at least in the countries we examine.
Regarding unemployment, it seems to be possible to use Google Trends variables to improve nowcasts in three out of the four considered countries: Portugal, France and Italy. In all these three cases, the coefficients of the search query volume are significantly different from zero when we consider the whole period (or the period after structural breaks, when they were detected), although more so for Portugal and France than for Italy. When we consider one-year out-of-sample sub-periods, the addition of search query data improves predictions in two out of three sub-periods for Portugal and France, with the improvements concerning Portugal being more significant than in the case of France. In the case of Portugal and France, the encompassing test indicates that Google Trends data add useful predictive information even in the sub-periods in which they lead to larger forecast errors than the base model. For Italy, there are nowcasting improvements in all out-of-sample sub-periods that were considered. For Spain, the coefficient of the contemporaneous volume of search queries is not significant when the model is estimated for the period ending in August 2013, and in most cases adding search query data leads to worse predictions.
These results lead us to conclude that adding Google Trends data usually leads to better unemployment nowcasts, but not always so. We can find two possible explanations for the difference in results for different countries and for different periods. The first one is related to the existence of different levels of noise in the search query data. In fact, Google Trends data are a measure of the relative proportion of searches that concern a particular query. So, they may have a high level of noise due not only to the characteristics of the specific use of the search query and due to the sampling procedure used by Google (we tried to reduce this noise but averaging the values over a 2-week period), but also due to possible changes in the total volume of searches unrelated to the query we are considering. This level of noise may be different for different countries and for different periods, leading to different predictive ability of the Google Trends data. The second possible explanation is that user behaviour is continually changing, and that it is quite different in different countries, leading to changes in the predictive content of Google Trends data across time periods and across geographical locations. The fact that, in many cases, the encompassing test indicates that search query data add useful predictive information, even when the RMSFE worsens, leads us to favour the former explanation, but further studies are required to establish the causes for these differences.
At the first sight, our results are not as good as the results obtained in other studies concerning the use of search query volume in nowcasting unemployment. Choi and Varian [8] and D'Amauri and Marcucci [11] conclude that Google Trends data improve predictions of initial claims of unemployment benefits and unemployment rate, respectively. Since a later work of Choi and Varian [9], including more recent data, leads to the conclusion that adding Google Trends data leads to worse prediction of the initial claims, we must hypothesize that prediction improvements concerning variables related to US unemployment may also change according to the considered out-of-sample period. Fondeur and Karamé [14] analyse a country also considered in this paper: France. Although they focus on the prediction of youth unemployment, they find that the inclusion of Google Trends data improves the prediction of unemployment for all age ranges (although the improvement is greater for youth unemployment). The out-of-sample forecasting period of the authors goes from January 2009 to July 2011, so it is previous to most of our out-of-sample periods. In our out-of-sample period that shows a bigger intersection with that of those authors (the first out-of-sample year of data split 1), we also achieve an improvement in the prediction of unemployment by using Google Trends data (although a modest improvement). It is probable that, if we were to consider the prediction of youth unemployment (instead of the general unemployment rate), we might have achieved a bigger improvement in the predictive ability, since younger people probably rely more on the Internet than older people. 
In the case of car sales, we find that the volume of search queries helps explaining the variance of the car sales data in Portugal and, to a lesser extent, in Spain. However, in none of the considered countries were we able to achieve a consistent improvement in car sales prediction accuracy due to the inclusion of search query data. In fact, the only country for which the coefficients of the search query volume are significantly different from zero is Portugal and, even for Portugal, we do not find consistent out-of-sample prediction improvements (although we do find some improvements). Moreover, in most cases, the encompassing test finds no useful predictive information in search query data. Several reasons may explain the lack of predictive ability of Google Trends data in this context:
· Information search regarding car purchases often takes place long time before the car is bought, but how long before changes from person to person. So, for cars sold in a given month, the corresponding search queries may be diluted over a large number of previous months, reducing the predictive content of search query data.
· A large number of searches concerning car brands can be related to the search for repair shops and parts sellers, instead of reflecting a purchase intention. 
· Car purchases by companies (especially fleet renovations) represent a significant volume of sales that will usually not be accompanied by a correspondingly high volume of information searches.
· Specific circumstances, like changes in car taxation or promotions, often have a decisive effect in the timing of car sales. Such circumstances may contribute to change the relation between search patterns and car sales (given tax change or promotion announcements, people may look for car information sooner or later than they usually would do). 
Our results seem to be roughly in line with those of Choi and Varian [7], who are unable to achieve consistent improvements in predicting the sales of car brands by using search volume data. Differently from us, in [9], the same authors conclude that the volume of search queries "suvs" and "insurance" leads to a significant improvement in the "Motor Vehicles and Parts Dealers" index, and Carrière-Swallow and Labbé [5] find that an index of search queries for nine of the most popular car brands in Chile leads to improvements in car sales prediction. Differences between our results and those of these authors may be due to cultural differences between countries, methodological differences (Choi and Varian are not just considering car sales, since they consider an index that also includes car parts and accessories, and Carrière-Swallow and Labbé define the search query index differently from us), or to the use of different out-of-sample periods.
So, the results we achieved are very different for the two variables we considered and for different countries. When Google Trends variables are significantly different from zero in-sample, they tend to lead to improvements of the predictive ability, but this is not always the case. Our results also stress that some care must be taken with the analysis of the results achieved by adding search query data to prediction models: in fact, we find that sub-periods with very significant improvements in out-of-sample predictive accuracy may be followed by sub-periods in which these variables seem to hamper the predictive ability of the models.
7. Final remarks and future research
In this paper we analysed if and how the use of Internet query data from Google Trends could be used to improve nowcasting ability using simple models. We have shown how search data can sometimes be used to improve the forecasting of the current value of indicators usually delivered with lag (nowcasting). We considered forecasts of two variables, unemployment and car sales, in four countries from the same geographical region, Portugal, Spain, France and Italy. The analysis focused on four countries in a limited geographical area, which inherently share some common factors. Although expanding the analysis to more countries could prove desirable, it was not done (yet) because of time and resource limits. Nevertheless, the authors feel that the variation on results makes the sample size enough to demonstrate the unevenness of the approach.
We concluded that adding Google Trends data usually leads to improvements in unemployment predictions in three of the considered countries (Portugal, France and Italy)  and that these data helps explaining the variance of the car sales data in Portugal and, to a lesser extent, in Spain. However, our results give little support to the hypothesis that these data may improve car sales forecasts.
In our analysis, we assumed that data concerning the variables we are nowcasting would be released at most one month after the period to which they pertain. If this lag is larger (e.g., Suhoy [18] states that unemployment rates in Israel are released with quarterly frequency, and  preliminary unemployment trend data is released with a two-month delay), the usefulness of Google Trends data is expected to increase. The higher frequency with which Google Trends data are available may also lead to increased usefulness in other situations not directly analysed in this paper.
An interesting question, not addressed by us, concerns the impact of using more sophisticated benchmark models. Such analysis would be particularly useful in the case of unemployment, both because in this case we achieve some prediction improvements when we add Google Trends data and because there are some more sophisticated models available in the literature (e.g., the Phillips curve). Following this line, Bughin [4] finds that contemporaneous inflation has a negative, statistically significant coefficient in a model for Belgian unemployment that also includes the volume for "unemployment" search queries, but he reports no predictive results. With respect to the impact of more sophisticated baseline models in the predictive ability of Google Trends, we may speculate that Google Trends data is unlikely to be a good proxy to other interesting variables that may explain unemployment, like inflation. So, we believe that the predictive ability of Google Trends variables comes from the intrinsic meaning of these variables, and not from them being good proxies to other excluded economic factors. Therefore, in the cases in which Google Trends data is currently leading to better predictions, we believe that nowcasting improvements would be achieved by using Google Trends data even with better benchmark models. However, this is a hypothesis that should be tested in future works.
In this work, we defined that in each extended model we would only include one Google Trends variable, whose values were directly gathered from Google Trends. We think that this approach will reduce the risk of achieving spurious results, but we also think it will not maximize the probability of achieving good forecasts. In the future we intend to try different approaches. These approaches include gathering data for a lot of search queries related to the variables being studied and aggregating it into a small number of indices. Such indices may be obtained by using principal component analysis (similarly to what was done by Vosen and Schmidt [18]) or by fitting the Google Trends series to a linear model (similarly to what was done by Carrière-Swallow and Labbé [5]).
Finally, in the future it will also be important to examine the reasons for the differences between the results we reached and the results presented by other authors. Methodological differences may explain some differences, but they are unlikely to explain everything. Cultural differences between countries and the use of different out-of-sample periods may also have a role in these differences.
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Appendix
Google Trends Data versus Indicator evolution
In the figures within this appendix Google Trends data are compared with the evolution of the indicator variable. 
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Car Sales
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Fig. 6 Car Sales (Spain) vs. Google Trends Data
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Car Sales - Spain

Google Trends	200401	200402	200403	200404	200405	200406	200407	200408	200409	200410	200411	200412	200501	200502	200503	200504	200505	200506	200507	200508	200509	200510	200511	200512	200601	200602	200603	200604	200605	200606	200607	200608	200609	200610	200611	200612	200701	200702	200703	200704	200705	200706	200707	200708	200709	200710	200711	200712	200801	200802	200803	200804	200805	200806	200807	200808	200809	200810	200811	200812	200901	200902	200903	200904	200905	200906	200907	200908	200909	200910	200911	200912	201001	201002	201003	201004	201005	201006	201007	201008	201009	201010	201011	201012	201101	201102	201103	201104	201105	201106	201107	201108	201109	201110	201111	201112	201201	201202	201203	201204	201205	201206	201207	201208	201209	201210	201211	201212	201301	201302	201303	201304	201305	201306	201307	201308	80.803571428571431	82.120689655172413	79.958525345622121	84.185714285714283	86.467741935483872	83.838095238095249	90.599078341013822	91.665898617511516	93.088095238095235	90.149769585253466	84.523809523809533	79.781105990783402	86.877880184331801	88.507653061224488	93.055299539170505	92.233333333333334	90.165898617511516	89.704761904761895	90.341013824884783	93.764976958525338	92.161904761904765	90.887096774193552	85.828571428571422	80.619815668202762	87.877880184331801	92.724489795918359	91.709677419354833	89.1	86.923963133640555	85.885714285714286	86.960829493087559	93.744239631336399	90.13095238095238	90.428571428571431	86.290476190476198	80.426267281105993	87.237327188940085	89.928571428571431	89.546082949308754	88.621428571428581	84.557603686635943	86.285714285714278	86.066820276497694	85.28341013824884	82.759523809523827	79.112903225806448	81.207142857142841	76.336405529953922	80.119815668202762	79.233990147783246	77.373271889400911	75.247619047619054	74.571428571428569	68.576190476190476	70.260368663594463	69.207373271889409	70.811904761904771	67.730414746543772	66.88333333333334	64.269585253456228	69.334101382488484	67.714285714285708	67.769585253456228	65.540476190476184	68.465437788018434	66.728571428571428	66.223502304147473	67.225806451612897	65.895238095238085	64.430875576036868	60.259523809523806	57.764976958525345	62.301843317972349	64.191326530612244	61.799539170506911	60.535714285714285	53.990783410138242	51.966666666666669	54.829493087557609	59.453917050691238	59.05714285714285	58.541474654377886	56.23571428571428	52.285714285714285	58.202764976958527	59.765306122448983	56.430875576036861	53.014285714285712	53.119815668202769	57.333333333333336	59.23271889400921	60.082949308755758	60.05	59.527649769585253	58.923809523809524	55.804147465437794	59.179723502304142	62.726600985221673	60.011520737327189	57.483333333333334	56.255760368663601	56.052380952380958	59.739631336405537	60.933179723502306	57.81428571428571	62.900921658986178	58.914285714285711	57.58064516129032	62.366359447004612	64.196428571428569	66.205069124423972	65.621428571428567	65.52073732718894	64.892857142857139	67.322580645161295	70.71198156682027	Spain Car Sales	200401	200402	200403	200404	200405	200406	200407	200408	200409	200410	200411	200412	200501	200502	200503	200504	200505	200506	200507	200508	200509	200510	200511	200512	200601	200602	200603	200604	200605	200606	200607	200608	200609	200610	200611	200612	200701	200702	200703	200704	200705	200706	200707	200708	200709	200710	200711	200712	200801	200802	200803	200804	200805	200806	200807	200808	200809	200810	200811	200812	200901	200902	200903	200904	200905	200906	200907	200908	200909	200910	200911	200912	201001	201002	201003	201004	201005	201006	201007	201008	201009	201010	201011	201012	201101	201102	201103	201104	201105	201106	201107	201108	201109	201110	201111	201112	201201	201202	201203	201204	201205	201206	201207	201208	201209	201210	201211	201212	201301	201302	201303	201304	201305	201306	201307	201308	124554	127985	122968	122827	121214	127099	126695	120930	123779	131765	132282	123957	131860	127324	126505	124905	129463	129086	130800	131388	128778	119388	127285	130532	137952	134095	135906	138115	136360	133181	134281	139925	136799	134987	141798	147123	135426	127730	139845	124597	135555	135388	128820	137254	130398	134729	133523	150941	120014	123398	114276	112488	105750	94585	91375	87447	81639	78738	70205	70141	74672	65233	61933	66897	66653	77013	80760	84474	95940	106799	93741	87895	91809	95581	97268	92946	92775	96527	63965	62470	68746	69006	69469	66285	67642	68886	67337	73820	69910	66143	64074	64034	67516	64497	65166	67890	66945	64558	68237	58102	62653	59588	51184	66540	46333	46989	52021	53666	57684	60329	64172	59101	60628	61187	59026	58559	
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Car Sales - France

Google Trends	200401	200402	200403	200404	200405	200406	200407	200408	200409	200410	200411	200412	200501	200502	200503	200504	200505	200506	200507	200508	200509	200510	200511	200512	200601	200602	200603	200604	200605	200606	200607	200608	200609	200610	200611	200612	200701	200702	200703	200704	200705	200706	200707	200708	200709	200710	200711	200712	200801	200802	200803	200804	200805	200806	200807	200808	200809	200810	200811	200812	200901	200902	200903	200904	200905	200906	200907	200908	200909	200910	200911	200912	201001	201002	201003	201004	201005	201006	201007	201008	201009	201010	201011	201012	201101	201102	201103	201104	201105	201106	201107	201108	201109	201110	201111	201112	201201	201202	201203	201204	201205	201206	201207	201208	201209	201210	201211	201212	201301	201302	201303	201304	201305	201306	201307	201308	73.946428571428569	79.403940886699516	83.025345622119815	83.316666666666663	80.527649769585253	80.452380952380963	81.857142857142847	85.264976958525352	93.745238095238093	86.658986175115217	76.738095238095227	71.209677419354833	78.447004608294918	81.683673469387742	84.490783410138235	83.421428571428578	83.055299539170505	83.511904761904759	80.451612903225808	85.350230414746548	84.795238095238091	81.08525345622121	74.516666666666666	67.55069124423963	76.516129032258064	80.165816326530603	80.737327188940085	80.461904761904762	75.891705069124427	71.816666666666663	73.596774193548384	81.460829493087559	83.457142857142856	81.997695852534562	73.092857142857142	66.822580645161295	75.437788018433181	78.433673469387756	83.018433179723502	75.480952380952388	75.905529953917053	76.983333333333334	77.20276497695852	76.391705069124427	77.86666666666666	74.854838709677423	71.642857142857139	69.327188940092157	77.191244239631345	79.273399014778335	77.002304147465438	74.471428571428575	73.921658986175117	71.804761904761918	69.898617511520726	69.44930875576037	76.13095238095238	73.361751152073737	69.5	71.331797235023046	77.311059907834093	79.446428571428569	80.018433179723502	77.316666666666663	73.718894009216584	72.361904761904768	71.700460829493096	74.154377880184327	78.540476190476198	73.034562211981566	68.292857142857144	66.241935483870961	71.647465437788014	73.683673469387756	76.071428571428569	73.17619047619047	68.373271889400911	64.814285714285717	67.096774193548384	69.103686635944698	74.928571428571416	72.58064516129032	70.230952380952388	67.944700460829495	71.5	72.27806122448979	70.635944700460826	70.82380952380953	67.31797235023042	70.726190476190467	68.235023041474648	67.306451612903231	72.435714285714283	72.423963133640555	70.609523809523807	66.195852534562206	69.513824884792626	74.004926108374377	74.578341013824883	73.11904761904762	68.260368663594463	70.095238095238088	71.133640552995388	70.016129032258064	77.540476190476184	75.357142857142861	70.25	68.665898617511516	71.721198156682036	74.51530612244899	79.103686635944698	75.685714285714283	72.926267281105993	73.223809523809521	72.71198156682027	75.721198156682036	France Car Sales	200401	200402	200403	200404	200405	200406	200407	200408	200409	200410	200411	200412	200501	200502	200503	200504	200505	200506	200507	200508	200509	200510	200511	200512	200601	200602	200603	200604	200605	200606	200607	200608	200609	200610	200611	200612	200701	200702	200703	200704	200705	200706	200707	200708	200709	200710	200711	200712	200801	200802	200803	200804	200805	200806	200807	200808	200809	200810	200811	200812	200901	200902	200903	200904	200905	200906	200907	200908	200909	200910	200911	200912	201001	201002	201003	201004	201005	201006	201007	201008	201009	201010	201011	201012	201101	201102	201103	201104	201105	201106	201107	201108	201109	201110	201111	201112	201201	201202	201203	201204	201205	201206	201207	201208	201209	201210	201211	201212	201301	201302	201303	201304	201305	201306	201307	201308	160187	164651	166970	158474	169687	172809	164276	150057	166745	167353	180221	168649	171407	169566	176556	178270	168939	173509	163983	167760	178068	158650	175798	170755	170498	170583	163334	181003	169861	171277	157487	173551	160089	166294	154720	161594	175902	167307	161570	166320	164742	171000	178376	173022	171175	175321	165511	192097	168228	177829	172292	177501	183473	173121	180522	175988	170891	162746	153943	146528	163967	160433	172468	174990	217325	191813	194647	188442	196644	204662	220958	214978	197071	188547	194097	179768	184944	182112	177595	168566	180264	173977	196933	201951	207394	212597	204339	167717	174129	172193	174991	175639	177322	178758	181199	170654	159817	162720	161924	165604	164217	164347	151415	156956	157165	152780	140041	155578	137147	148542	140635	151300	147247	156457	147853	146572	
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Car Sales - Italy

Google Trends	200401	200402	200403	200404	200405	200406	200407	200408	200409	200410	200411	200412	200501	200502	200503	200504	200505	200506	200507	200508	200509	200510	200511	200512	200601	200602	200603	200604	200605	200606	200607	200608	200609	200610	200611	200612	200701	200702	200703	200704	200705	200706	200707	200708	200709	200710	200711	200712	200801	200802	200803	200804	200805	200806	200807	200808	200809	200810	200811	200812	200901	200902	200903	200904	200905	200906	200907	200908	200909	200910	200911	200912	201001	201002	201003	201004	201005	201006	201007	201008	201009	201010	201011	201012	201101	201102	201103	201104	201105	201106	201107	201108	201109	201110	201111	201112	201201	201202	201203	201204	201205	201206	201207	201208	201209	201210	201211	201212	201301	201302	201303	201304	201305	201306	201307	201308	80.196428571428569	75.125615763546804	73.698156682027644	71.221428571428575	67.525345622119815	64.754761904761907	69.504608294930861	72.506912442396313	81.154761904761898	71.986175115207388	70.661904761904751	65.214285714285722	79.200460829493096	79.045918367346943	76.78341013824884	71.209523809523802	70.670506912442391	68.923809523809524	68.905529953917053	76.129032258064512	86.240476190476187	74.039170506912441	72.288095238095224	67.81797235023042	77.523041474654377	76.176020408163268	74.069124423963132	66.064285714285717	66.845622119815658	62.75714285714286	64.562211981566819	71.569124423963146	76.459523809523802	75.430875576036868	69.17619047619047	64.271889400921665	84.039170506912441	81.561224489795919	77.370967741935488	67.461904761904762	65.186635944700456	65.928571428571431	76.025345622119815	65.299539170506904	70.016666666666666	68.248847926267288	66.900000000000006	64.511520737327189	72.294930875576028	69.320197044334975	66.86866359447005	61.747619047619047	63.115207373271886	61.340476190476195	59.559907834101374	59.087557603686633	68.57619047619049	64.193548387096769	58.690476190476183	54.737327188940093	67.092165898617509	74.928571428571431	71.785714285714292	64.635714285714286	64.28801843317973	57.80952380952381	58.207373271889395	61.306451612903224	67.669047619047618	66.640552995391701	62.728571428571428	60.599078341013829	65.241935483870961	63.859693877551017	63	58.842857142857142	58.764976958525345	52.342857142857142	53.926267281105993	54.875576036866356	61.735714285714288	59.612903225806448	59.114285714285714	54.910138248847929	65.622119815668199	63.887755102040821	59.933179723502306	56.902380952380959	56.529953917050697	56.790476190476191	55.652073732718897	54.73963133640553	62.135714285714286	59.900921658986171	59.009523809523813	55.07834101382489	59.394009216589865	61.423645320197039	59.79032258064516	56.957142857142863	53.414746543778797	50.947619047619042	53.850230414746548	53.20967741935484	64.569047619047609	60.951612903225808	60.028571428571425	55.555299539170512	62.951612903225808	59.642857142857146	63.036866359447004	60.269047619047619	58.774193548387096	56.533333333333331	58.758064516129032	58.638248847926263	Italy Car Sales	200401	200402	200403	200404	200405	200406	200407	200408	200409	200410	200411	200412	200501	200502	200503	200504	200505	200506	200507	200508	200509	200510	200511	200512	200601	200602	200603	200604	200605	200606	200607	200608	200609	200610	200611	200612	200701	200702	200703	200704	200705	200706	200707	200708	200709	200710	200711	200712	200801	200802	200803	200804	200805	200806	200807	200808	200809	200810	200811	200812	200901	200902	200903	200904	200905	200906	200907	200908	200909	200910	200911	200912	201001	201002	201003	201004	201005	201006	201007	201008	201009	201010	201011	201012	201101	201102	201103	201104	201105	201106	201107	201108	201109	201110	201111	201112	201201	201202	201203	201204	201205	201206	201207	201208	201209	201210	201211	201212	201301	201302	201303	201304	201305	201306	201307	201308	185623	189027	194993	189257	185193	181646	192488	170671	187860	186571	183319	187595	183674	181935	186535	186852	130012	215598	206551	195391	194102	198663	189603	187162	201298	196041	196956	191634	196524	189929	187265	193815	195133	193080	202514	194983	205635	210724	211593	204790	213000	206791	203319	209647	202686	202799	205007	212966	194813	198322	187237	186399	183085	173864	178168	168217	177617	164864	150520	176827	144340	157821	175619	172933	173780	188923	191780	178253	188917	198165	190687	197923	199011	192653	203985	146380	144600	153033	148821	139383	152759	146835	150904	148926	154809	154957	148754	148536	144802	150558	140759	143713	143806	139187	137397	135519	125797	122394	113269	125841	124667	113930	108343	115129	114329	112830	109640	108614	100684	105460	112465	108343	114371	111237	103484	111547	
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Unemployment - Portugal
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Unemployment - Spain
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Unemployment - France
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Unemployment - Italy
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