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Abstract 
 

Economic indicators available from government agencies are typically released on a lag, with 
delays ranging from a couple of weeks to several months.  This paper explores whether Google 
auto-related search queries from Canada can be used to “nowcast” present levels of new vehicle 
sales in Canada, in the absence of current monthly new vehicle sales data, which is published at a 
lag.  Nowcasting is important to policy makers, central bankers and business executives, who 
require real-time knowledge of current economic conditions to assist with decision making.  This 
paper looks at Canada as a whole and each of the 10 Canadian provinces, with mixed findings.   
The most substantial improvements in nowcasting capabilities of Google models are seen in the 
most populous provinces:  Ontario, Quebec, British Columbia, and Alberta. Most less populous 
provinces show little to no improvements to nowcasting from the additional Google variables.  
Tests also show that for Canada’s more populous provinces, the Google Vehicle Search Query 
Indexes contain additional information with predictive capabilities for vehicle sales, not found in 
certain macroeconomic variables (Unemployment Rate, USD/CAD exchange rate). 
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1. Introduction 

Government agencies and international organizations periodically release data on a 

variety of economic indicators.  However, these economic indicators are typically released on 

lag, with delays ranging from a couple of weeks to several months.  This delayed data presents a 

problem for central bankers, policy makers, and business executives, who require real-time 

knowledge of present economic conditions to assist them in making sound policy and business 

decisions.  Unlike the prior mentioned economic indicators, Google search data is available to 

the public in real-time through the Google Trends website.  In the absence of having data on 

economic indicators in real time, relevant Google search queries can serve as a useful tool in 

forecasting these economic indicators in the near term.  This paper examines whether auto-

related Google search queries from Canada, can aid in the “nowcasting” of present levels of 

Canadian auto sales (given that New Vehicle Sales data published by Statistics Canada is 

published at a lag of over a month).         

This paper explores a relatively new branch of economics called nowcasting.  

Nowcasting involves the prediction of the present level of an economic indicator (whose data 

release date is delayed) through use of correlated real-time data (in my paper’s case, real-time 

Google search data).  Simply put, nowcasting is the economics of predicting the present.  In the 

seminal work on the subject matter, Choi and Varian(2012) put forward the argument that 

Google search data can serve as a real-time explanatory variable to be used in the nowcasting of 

economic indicators.  In Choi and Varian’s paper, several examples are used to demonstrate the 

power of Google search data to nowcast economic indicators: US Automotive Sales, Initial 

Claims for Unemployment Benefits in the US, nationality of tourists to Hong Kong, and 

predicting the present level of Consumer Confidence in Australia.    
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 More specifically and directly relevant to this paper, Choi and Varian (2012) put forward 

an autoregressive (AR) model for nowcasting auto sales in the United States.  My paper tests 

Choi and Varian’s auto sales model’s predictive capabilities for nowcasting new vehicle sales in 

Canada as a whole, as well as in each Canadian province.  Choi and Varian’s methodology is 

simple; first a baseline model (using sales from last month and 12 months ago as independent 

variables) is constructed to nowcast automotive sales.  Then this baseline model is compared to a 

Google query model, which simply adds two Google Query Indexes (Trucks-SUVs, and Vehicle 

Registration) to the baseline model.  The Google Indexes mentioned prior are indexes of various 

queries related to the Index category.  For example the Trucks-SUVs Index will be a compilation 

of searches that are related to Trucks and SUVs.    

My paper makes three contributions to the economics of nowcasting.  Firstly, by 

nowcasting auto sales at the aggregate Canadian level and across each Canadian province, this 

paper expands on the number of tests that have been conducted on auto sales nowcasting.  

Secondly, this paper is the first to use Google search data to aid in the nowcasting of a Canadian 

economic indicator.  Thirdly by nowcasting across both large (Ontario) and small (PEI) 

Canadian provinces, I am able to provide insight as to whether low search volumes, decrease 

one’s ability to nowcast. 

 This paper supports to an extent the idea that the accuracy of nowcasting models can be 

improved through the use of relevant Google search queries.  However, as also demonstrated in 

this paper certain cautions remain.  Specifically, in small population areas such as PEI, search 

volume levels may not be large enough to increase predictability of baseline models. My tests 

also show that the Google Vehicle Search Query Indexes contain additional information with 
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predictive capabilities for vehicle sales, not found in other tests of macroeconomic variables 

(Unemployment Rate, USD/CAD exchange rate).   

2. Literature Review  

Google search data is made available through the publicly available website operated by 

Google, Google Trends, which serves as a database collecting data on Google searches.  Google 

Trends’ predecessor website, Google Insights was only launched in 2008, with Google search 

data available dating back to January 2004 (Claiborne, 2008).  Due to the Google search query 

data only being made available in 2008, the literature on the use of Google search data in 

nowcasting and forecasting is somewhat limited. Outside of the seminal work on the subject 

matter Choi and Varian(2012) discussed in the introduction, several other economic papers have 

been published on the topic. 

Vosen and Schmidt (2011) create a new indicator for private consumption based on 

search query time series provided by consumption-related search categories Google Trends. The 

forecasting performance of the new indicator is compared against two most common US survey-

based indicators: the University of Michigan Consumer Sentiment Index and the Conference 

Board Consumer Confidence Index. Their results show that in almost all conducted in-sample 

and out-of-sample forecasting experiments the Google indicator outperforms the survey-based 

indicators.  Suhoy (2009), Askitas and Zimmerman (2010), and D’Amuri and Marcucci(2010) 

examine how Google data can be used in forecasting unemployment in Israel, Germany, and the 

United States, respectively.   

Carrière‐Swallow and Labbé (2013) using data on Google search queries, create an index of 

online interest in automobile purchases in Chile.  They test whether this Google Trends 
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Automotive Index improves the fit and efficiency of nowcasting models for automobile sales.  

Carrière‐Swallow and Labbé (2013) find that inspite of relatively low rates of internet usage in 

Chile, their Google Trends Automotive Index outperforms their baseline model in both in-

sample and out-of-sample nowcasts.   

3. Theory & Empirical Strategy 

 In one of the first economic papers to examine in detail search theory Stigler (1961) 

examines how buyers and sellers desiring favorable pricing and quality information on a 

given commodity, conduct search.  Stigler remarks how information is a valuable resource 

for both buyers and sellers in the decision making process.  He goes on to explain how there 

is cost associated with obtaining information, the biggest of which is loss of time spent 

conducting search for that information.  Therefore, due to this cost of time associated with 

search, Stigler determines that the greater the expenditure on a given commodity, the greater 

is the level of search that is conducted on this commodity (due to more significant price / 

quality savings associated with increased search levels of high expenditure goods).  Stigler’s 

logic implies that buyers will dedicate more time to the search of high expenditure purchases 

(Houses and Vehicles) relative to low expenditure purchases (Shaving Cream and Razor 

Blades).  

 The University of Southern California’s 2015 Digital Future Report indicated that 91% of 

Americans were internet users, spending an average of 21.5 hours online per week.  Among 

American Internet Users surveyed, 84% saw the internet as either an important or very 

important source of information.  The most recent Canadian data from the Statistics Canada’s 

Canadian Internet Use Survey (2012) showed that in 2012 83% of Canadian households had 

access to the Internet at home.  This number has likely increased since 2012, and is probably 
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lnSalest = α1lnSalest-1 + α2lnSalest-12 + εt 

in line with the American figure.    It also seems reasonable to assume that Canadians, just as 

Americans, see the internet as an important source of information.  Search engines such as 

Google are the primary method of locating information on the internet.  As of February 2016, 

Google has a commanding market share of 79.5% in Canada (Experian Hitwise, 2016). 

Established in 2006, Google Trends is a website owned by Google and available to the 

general public, which serves as a database of Google search data.  Google Trends maintains 

Google search data from January 2004 up till present day real-time data.    As mentioned in 

the introduction Choi and Varian (2012)  put forward the argument that specific Google 

search queries may be correlated with various economic indicators, and help in the near-term 

prediction of these economic indicators (given that these economic indicators’ data releases 

may be delayed).  Specifically, Choi and Varian (2012) put forward a Google Search Query 

model for nowcasting automotive sales in the United States.  Choi and Varian (2012) first 

establish a simplebaseline seasonal AR-1 nowcasting model:    

This baseline model is then compared against a model that adds to the baseline model two 

Google Categories, the Trucks & SUVs Category and the Vehicle Registration Category.   

Choi and Varian’s results show that the model with the Google variables significantly 

improves in sample fit from an adjusted R-squared of 0.7111 with the baseline model to an 

adjusted R-squared of 0.808 for the model including the Google variables.   Out of sample 

forecasting is then tested by Choi and Varian using the rolling-window forecasting scheme.   

The out of sample forecasting shows a change in the Mean Absolute Error of the model from 

6.33% for the baseline model to 5.66% for the model that includes the Google data.  This is a 
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reduction of 10.5% when using the Google model instead of the baseline model for 

nowcasting. 

Let us now construct a simple model explaining the relationship between search levels of 

vehicles and volume of vehicles sold/bought.   

     

I propose a simple concept/theory, that changes in search volumes for vehicles are 

proportional to changes in the equilibrium quantities of vehicles.  Examining Figure 1, we are 

in an initial equilibrium at point A and have equilibrium quantity = Qo.  Suppose a change in 

some factor Xs causes the supply curve to shift rightward, so that we reach a new equilibrium 

at point C, and see an increase in the equilibrium quantity of vehicles to Q1.  We expect a 

proportional increase in search for vehicles as a result.     

Similarly, suppose again we are in an initial equilibrium at point A and equilibrium 

quantity Qo.  Suppose a change in some factor XD causes the demand curve to shift upward, 
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so that we reach a new equilibrium at point B, and see an increase in the equilibrium quantity 

of vehicles to Q2.  We once again expect a proportional increase in search for vehicles as a 

result of the increase in the equilibrium quantity.   

With an outward shift of both the demand and supply curve, so that we move from initial 

equilibrium at point A with equilibrium quantity = Qo to point D with an increase in the 

equilibrium quantity to Q3. We once again we seen an increase in vehicle-related search 

proportional to the increase in equilibrium quantity. 

 

Now examining Figure 2, suppose we are at an initial equilibrium point of B with 

equilibrium quantity = Q2.  A decrease in demand due to some factor XD causes the demand 

curve to shift inward such that we reach a new equilibrium at point A and the equilibrium 

quantity has decrease to Qo.  Thus, we expect a proportional decrease in the search for 

vehicles as a result.     
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Again examining Figure 2, at initial equilibrium B, with equilibrium quantity = Q2.  An 

increase in supply shifts the supply curve outward and a decrease in demand shifting the 

demand curve inward will have a somewhat ambiguous change in quantity dependent on the 

elasticity of each curve, as well as how much each curve shifts.  In the case of Figure 2, the 

impact of the demand curve shift is greater than that of the supply curve, and we reach a new 

equilibrium at point C, where the equilibrium quantity has decreased to Q1.  Thus in this 

particular case due to the decrease in the equilibrium quantity, we expect a proportional 

decrease in the search for vehicles.  

Clearly there is more going on in terms of the relationship between search levels for 

vehicle-related keywords and volumes of vehicles sold than what is explain by my simple 

model.  However, for our purposes of forecasting/ nowcasting, this simple model serves as a 

good basis for understanding the fundamental relationship between changes in search and 

quantity of new vehicle sales.   

4. Description of data  

Monthly time series data on New Vehicle Sales in Canada as a whole, and across the 10 

Canadian Provinces was obtained from Statistics Canada’s CANSIM table 079-0003.  Data 

used in my analysis was from January 2004 to November 2015.  Of note the November 2015 

New Vehicle Sales data, was released on January 18, 2015.  This delay of just under 2 

months further emphasizes the importance of nowcasting with real time variables.  The New 

Motor Vehicle Sales Survey (Monthly) (StatsCan Record Number: 2402) is a mandatory 

industry survey of all motor vehicle manufacturers and importers known to be active in 

Canada.  The survey is made up of variables compiled by automotive manufacturers based on 

consolidated totals from their dealers’ monthly reports on sales of new motor vehicles.    
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According to Statistics Canada, there are currently around 3,600 new car dealers in Canada.  

Due to the large amount of dealerships, it would be too costly to obtain data on new car sales 

from each dealership.  Therefore, Statistics Canada requires Canadian automobile 

manufacturers, as well as importers of vehicles manufactured overseas, to aggregate their 

dealerships totals and complete this survey.  The New Motor Vehicle Sales Survey is 

mandatory, and data is collected for all units of the target population, no sampling is done.  

Several macroeconomic variables are added to my New Vehicle Sales Models to test for 

their predictive power.  The unemployment rate for January 2004 to November 2015 is used 

for these macroeconomic models.  The unemployment rate is calculated by Statistics Canada 

based on estimates from the Labour Force Survey, which serves as the first of the major 

monthly economic data series released, being released just 10 days after the end of the 

month.    

The second macroeconomic variable added to my Macroeconomic models was the 

USD/CAD noon spot rate monthly average for January 2004 to November 2015, obtained 

from Statistics Canada and prepared by the Bank of Canada.  The data series is released 

annually.  However, we can essentially treat this data set as real-time, in that real-time 

knowledge of the USD/CAD spot rate is easily accessible.   

The Canadian Google Vehicle-Related Data was obtained from the publicly accessible 

website operated by Google: Google Trends.  Data used in my analysis is monthly data from 

January 2004 (the first available period for Google data) to November 2015.   The data is 

scaled and normalized in order for Google to protect the proprietary nature of absolute search 

query volumes.   Results can be filtered at the national and provincial level.   
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When using Google Trends, users can either enter their own search terms (ex. “Honda 

Accord”) or use Google created categories and subcategories (ex. “Trucks & SUVs 

Category”). I will refer to these two approaches respectively as Google Terms and Google 

Categories going forward.  Though this paper purely focuses on Google Categories, a brief 

discussion on Google Terms follows.   I have added this brief Google Terms section, because 

I want the reader to be clear as to the differences between Google Terms and Google 

Categories, should they choose to explore the Google Trends website and conduct analysis 

on their own. 

Google Terms are based on the user inputting a specific search term for example “Honda 

Accord” or “Vancouver Car Dealers”.  Each data point for a search term, for example 

“Honda Accord” is divided by the total searches of the geography and point in time being 

analyzed.  Results are then normalized over the time series between a range of 0 and 100, 

with a value of a 100 representing the highest level of search volume during the tested time 

period, and all other data points in the time series being a relative value to that data point of 

100. 

Google Categories are search query indexes, Google using proprietary technology sorts 

and aggregates numerous search query related to the various Google Categories available, 

and monitors the relative level of interest in these various Google Categories over time.  For 

the Trucks and SUVs Google Category for example, by using complex computer algorithms 

Google is able to aggregate and monitor the volume of search queries related to Trucks and 

SUVs, relative to search queries for topics other than Trucks and SUVs.  For any Google 

Category, the first period in the time series being analyzed is given a value of 0.  Future 

values in that series are given a positive percentage value above the initial 0 value if relative 
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volumes of search for that Google Category (ex. Trucks and SUVs Category) has increased 

in comparison to the initial time period.  In contrast, if relative volumes of search for that 

Google Category (e.g. Trucks and SUVs Category) has decreased in comparison to the initial 

time period, this new time period will have a negative percentage value below the initial 0 

value. 

5. A Brief Discussion on In-Sample vs. Out-of-Sample Forecasting  
 

I conduct both in-sample and out-of-sample forecasting for New Vehicle Sales in 

Canada.  Before diving into the results a brief discussion on the difference between these two 

methods of forecasting is worthwhile.  In-sample forecasting involves conducting a forecast 

using all data available in a single regression.  True out-of-sample forecasting involves 

estimating the model based on data up to and including today, and then obtaining a forecast 

error for tomorrow’s predicted level of the estimated economic indicator.  Then waiting till 

tomorrow, re-estimating the model, and obtaining the forecast error for the day after 

tomorrow’s predicted level of the estimated economic indicator.  True out-of-sample 

forecasting is extremely time consuming.  Therefore, economists simulate out-of-sample 

forecasting, known as pseudo out-of-sample forecasting.  The method of pseudo out-of-

sample forecasting used in this paper is known as the recursive scheme method, it is 

discussed in detail in the out-of-sample results section.   

There is still a large level of debate in the field of economic forecasting about which of the 

above methods is more useful in forecasting economic indicators.  Chen(2005) used a Monte 

Carlo experiment to test the two methods.  He finds that for data sets with structural breaks, 

out-of-sample testing is more powerful in testing the null hypothesis, and that for data sets 

without a structural break (such as my data set) the in-sample test provides a higher power of 
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testing the null hypothesis.  Ashley et al. (1980), argues for use of out-of-sample forecasting 

because it only uses information that would be available at the time a forecast is generated.   

The European Union’s Eurostat website states that in general empirical evidence based on 

out-of-sample tests is considered more trustworthy than in-sample tests (Eurostat, 2015).  

The Eurostat’s website continues by stating that this is because out-of-sample forecasts better 

reflect information available in real-time to the forecaster.  Due to this on-going debate, I 

employ both in-sample and out-of-sample nowcasts in conducting my analysis.   

 
6. Results  

In-sample nowcast evaluation 

This paper has examined whether national and provincially specific Auto-related Google 

Search Query Indexes for the Trucks & SUV Category (SUV) and Vehicle Registration Category 

(REG) could be used to improve the nowcasting of present levels of New Vehicle Sales, for 

Canada as a whole, and across the 10 Canadian Provinces.  A variety of Google Models using 

one or both  of the Google Search Query Indexes mentioned above were compared to the 

baseline model -  lnSalest = α1lnSalest-1 + α2lnSalest-12 + εt, recommended by Choi and Varian 

(2012) using these Google Indexes contemporaneous or lagged one month values.  For example 

the following Google model:  lnSalest = α1lnSalest-1 + α2lnSalest-12 + α1SUVt + α1REGt + εt used 

the contemporaneous values of Trucks & SUV (SUV) and Vehicle Registration (REG) Google 

Categories.  Results for the various Google models tested for all provinces and Canada as a 

whole, are included in the appendix. We do not see major improvements in nowcasting 

capabilities of the Google models for Aggregate Canadian Data, relative to the performance of 

the baseline model.  This may be due to aggregation issues.  For this reason, let us focus 

specifically on Google Models analyzed for Canada’s largest province Ontario.   
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I use a common method of evaluating in-sample forecasting performance by comparing the root-

mean-square error(RMSE) of the Google Model vs. the Baseline Model.  The root-mean-square 

error(RMSE) is the sample standard deviation of differences between predicted values ( )  and 

observed values ( ).   

 

In the RMSE formula we divide the squared sum of the differences between the predicted values 

( ) and the observed values ( ) by n-k, because linear regression removes k degrees of freedom 

from the data by estimating k parameters.  

Table 1 shows a comparison of the in-sample tests for Ontario for the various Google 

models compared to the Baseline model.  Google Model 2 with the sole addition of the 

contemporaneous value of the Trucks & SUV Google Category (SUVt) sees the biggest 

reduction in the root-mean-square error (RMSE) with an RMSE of 0.0771 relative to the baseline 

RMSE of 0.0809, a reduction of 4.7%.  Google Models 3, 5, 6, and 7 also perform well relative 

to the baseline with RMSEs of 0.0780, 0.0774, 0.0776, and 0.0772.  Ontario’s worst performing 

Google models are those that only include the Vehicle Registration (REG) Google Category, 

Google Model 2 containing REGt and Model 8 containing REGt & REGt-1, with RMSEs of 

0.0811 and 0.0812 respectively, actually show worse forecasting capabilities than the baseline 

model.   Conducting similar analysis across the other 9 Canadian provinces, and Canada as a 

whole, I find the top 3 performing Google models are Google Model 2 (with SUVt added), 

Model 5 (with SUVt and REGt added) , and Model 7 (with SUVt and SUVt-1 added). 
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Let us now compare the in-sample performance of one of the top performing models, 

Google Model 5 (with SUVt and REGt added) between the 10 provinces and aggregate Canadian 

data.  Model 5 is also the model that was examined by Choi and Varian (2012).  Table 2.1 and 

2.2 compare the in-sample performance of Google Model 5 (with SUVt and REGt added) to the 

baseline model, for each province and Canada overall.  Google Model 5 performs best in 

Newfoundland, where we see a reduction in the RMSE from a RMSE of 0.123 under the 

Baseline model, to a RMSE of 0.116 under Google Model 5, a reduction of 5.7%.  After 

Newfoundland, the other top performing regions are Canada’s most populous provinces, Ontario, 

Alberta, Quebec, and British Columbia, with reductions in the RMSE for the Google model 

relative to the baseline of 4.3%, 3.9%, 2.3% and 2.2%, respectively.  Canada as a whole follows 

with a RMSE reduction for the Google model relative to the baseline of 0.9%.  Canada’s less 

populous provinces tend to perform the worse with the Google variables added to the model.  

Manitoba, New Brunswick, and Saskatchewan see little to zero improvement in the RMSE for 

the Google model relative to the baseline.  And P.E.I and Nova Scotia actually have worsened 

RMSEs under the Google model relative to the baseline.   

Having examined a variety of Google Models for New Vehicle Sales, I now examine 

several Macroeconomic Models for New Vehicles sales.  These models add several 

macroeconomic variables to the prior mentioned baseline model.  Specifically I am examining 

the unemployment rate, which is released by Statistics Canada at a lag of about 8 days.  For 

example data for March 2016 on the unemployment rate was released by StatsCan on April 8, 

2016.  This delay is much shorter than the over one and a half month delay on the release of new 

vehicle sales data, meaning that if the unemployment rate has forecasting capabilities in terms of 

predicting present levels of new vehicle sales it may be useful.  The second macroeconomic 
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variable added to my Macroeconomic models was the USD/CAD noon spot rate monthly 

average, with the USD/CAD exchange rate data available in real-time.  If the USD/CAD 

exchange rate has predictive capabilities on new vehicle sales, it could possibly act as an 

alternative nowcasting option over the Google Vehicle Search Query Indexes. 

Similar to my previous mentioned analysis comparing a variety of Google Models, I 

compare a variety of Macroeconomic Models with the unemployment rate and the USD/CAD 

exchange rate (see appendix for all Macroeconomic Models tested).  The top performing of the 

Macroeconomic models tested was Macroeconomic Model 4:                                                                                                                                                                                                                               

lnSalest = α1lnSalest-1 + α2lnSalest-12 + β1lnUNEMPt + β2lnUMEMPt-1 + β3lnUSDCADt + εt                                                                               

We are still using the same previously mentioned baseline model in comparing the performance 

of our (in this case Macroeconomic) Models.  As a reminder the formula for that baseline model 

is:   lnSalest = α1lnSalest-1 + α2lnSalest-12 + εt                                                                                                                                                                                                                                                                     

Table 3.1 and 3.2 compare the in-sample performance of Macroeconomic Model 4 (with 

lnUNEMPt, lnUMEMPt-1  and lnUSDCADt added) to the baseline model, for each province and 

Canada overall.  For Macroeconomic Model 4, the Western provinces are the top performing 

regions with Saskatchewan, Alberta, British Columbia, and Manitoba seeing reductions in their 

RMSE relative to the baseline of 7.2%, 5.2%, 4.3% and 4.2% respectively.  For all of these 

western provinces Macroeconomic Model 4 outperforms Google Model 5, even though both 

British Columbia and Alberta had strong performing Google Model 5’s with reductions in 

RMSE relative to the baseline of 2.2% and 3.9% respectively.  Canada as a whole, sees a 

reduction of 2.0% in the RMSE for the Macroeconomic model relative to the baseline, an 

improvement on the Google Model, which only saw a reduction of 0.9%.  However, the 

performance of Macroeconomic Model 4 for both Ontario and Quebec is poor, with a reduction 
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in the RMSE of just 0.5% relative to baseline for Ontario, compared to a reduction 4.3% for 

Google Model 5.  Quebec’s Macroeconomic Model is even worse performing than Ontario, 

seeing a 0.1% increase in the RMSE relative to the baseline, meaning the baseline model is 

actually forecasting more accurately then the Macroeconomic Model for Quebec.  Similar to the 

Google Models, Macroeconomic Model 4 with the exception of Newfoundland performs poorly 

seeing little to no reduction in the RMSE relative to the baseline.  For Newfoundland, 

Macroeconomic Model 4 sees a significant reduction in the RMSE of 2.4%, but this is still 

substantially lower than the performance of Google Model 5 that saw a RMSE reduction of 

5.7%.  It’s worth noting that the coefficients for lnUNEMPt, lnUMEMPt-1 and lnUSDCADt are 

generally all negative.  For lnUNEMPt, lnUMEMPt-1 this make sense, we would expect that New 

Vehicle Sales to be lower when more people are unemployed, as I will assume, all else equal, 

that an unemployed individual would have less means and income to purchase a new vehicle 

relative to an employed individual.  The answer to why lnUSDCADt generally has a negative 

coefficient is more nuanced.  One possible explanation, and this is pure conjecture, is that as the 

USD/CAD exchange rate increases (Canadian dollar depreciates), Vehicles and automotive parts 

imported from abroad, in particular from the United States become more expensive.  This results 

in higher end consumer vehicle prices for Canadians, which in turn may reduce Canadians 

demand for new vehicles. 

Now let’s establish as a new baseline our top performing Macroeconomic Model, 

Macroeconomic Model 4:  lnSalest = α1lnSalest-1 + α2lnSalest-12 + β1lnUNEMPt + β2lnUMEMPt-1 

+ β3lnUSDCADt + εt .  Let us compare this New Macroeconomic Baseline Model to a 

Macroeconomic Google Model (essentially we are adding SUVt and REGt to the new baseline 

model).  What we want to see is if adding the Google Vehicle Search Query Indexes to the 
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Macroeconomic Model can provide any additional forecasting capabilities.  Tables 4.1 and 4.2, 

show that the Macroeconomic Google Model tells a similar story to Google Model 5, in terms of 

what regions perform best, and with performance improvements being greater than Google 

Model 5.  The Macroeconomic Google Model for Alberta, Ontario, Newfoundland, Quebec and 

British Columbia sees a reduction in the RMSE of 12.3%, 7.0%, 4.2%, and 2.8%, respectively.  

Canada as a whole sees a reduction in the RMSE of 3.2% for the Macroeconomic Google Model 

relative to the new baseline model.  Similar to Google Models tested prior, the Macroeconomic 

Google Models for Canada’s less populous provinces Saskatchewan, Manitoba, Nova Scotia, 

New Brunswick, and P.E.I see minimal reductions in the RMSE relative to the new baseline. 

 

Out-of-sample nowcast evaluation 

Having now completed our initial in-sample tests, we now analyze whether Google 

Vehicle Query Indexes can improve the nowcast accuracy of out-of sample estimations.  The 

out-of-sample analysis that is performed is known as the recursive scheme.  Under the recursive 

scheme we begin by estimating our model and model parameters over the first R periods with R 

= 30 and corresponding to January 2004 to June 2006.  Using these estimates we formulate our 

first out-of-sample nowcast for period R+1 (July 2006).  We then re-estimate our model and 

model parameters for period R+1 (July 2006), and then use these estimates to formulate our 

second out-of-sample nowcast for period R+2 (August 2006).   We continue this process of re-

estimating our model and generating out-of-sample nowcasts until period T-1(October 2015) 

where we receive our last model and model parameter estimates, and use them to generate an 

out-of-sample nowcast for period T (November 2015).  In total we generate P=113 out-of-sample 

nowcasts for the months July 2006 to November 2015.   
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We use two methods to evaluate the performance of our out-of-sample nowcasts.  The first is the 

use of the root mean squared forecast error (RMSFE), as described by Stock and Watson (2003).   

 

Where for example     is the out-of-sample nowcast for period R+1 (July 2006) and  

is the actual value for period  R+1 (July 2006).  It is not necessary to punish models that contain 

additional parameters as there is no in-sample over-fitting occurring.   

 

The second method I will use to evaluate out-of-sample nowcasts is an encompassing test 

proposed by Clark and McCracken (2001)   

 

Where subscript 1 represents our baseline model and subscript 2 represents our model with 

additional added variables (Google and/or Macroeconomic variables).  And where û represents 

the nowcast error of each out-of-sample nowcast estimations.  The ENC-NEW test statistics 

generated through the above mentioned ENC-NEW Test Statistic, is then compared to critical 

values established by Clark and McCracken (2001).  The critical values established by Clark and 

McCracken (2001) are dependent   where R is the number of observations of the initial in-

sample period for first out-of-sample nowcast, and P is the number of one-step ahead out of 

sample nowcast errors.  The critical values are also dependent on k which is the number of 

additional variables added to the baseline model.  For all my out-of-sample estimations, as 
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discussed previously, I have a value of R=30 and a value of P=113, therefore my 

.  Clark and McCracken(2001) provide critical values for π = 3 and π = 5.  I 

chose the more rigorous critical values for π = 5, to evaluate my out-of-sample nowcast 

estimations, with the critical values varying depending on how many additional variables (k) I 

add to the baseline.        

Under the null hypothesis the Baseline Model (with subscript 1 in above equation) 

nowcast encompasses the Model with additional variables (with subscript 2 in above equation), 

and the covariance between   and  will be less than or equal to 0.  Under the 

alternative hypothesis the Model with additional variables contains added information not 

available in the baseline model, and we have a positive covariance. 

Once again we compare the performance of the baseline model:  lnSalest = α1lnSalest-1 + 

α2lnSalest-12 + εt to Google Model 5: lnSalest = α1lnSalest-1 + α2lnSalest-12 + α1SUVt + α1REGt + 

εt. This time our comparison is for out of sample results.  The results in Table 5 show that the 

regions that perform best in-sample also tend to perform best out-of-sample for Google Model 5.  

However, reductions in RMSFE for Google Model 5 relative to the baseline model is 

significantly lower than the reduction of RMSE in-sample for Google Model 5 relative to the 

baseline.  Newfoundland is the top performing region, seeing a reduction in RMSFE of 2.7%, 

with the ENC-NEW test showing the result to be statistically significant at 5% significance level.  

Newfoundland is followed by Canada’s four most populous provinces, Ontario, Alberta, British 

Columbia, and Quebec, which see reductions in the RMSFE of 2.1%, 1.0%, 0.6% and 0.4%, 

respectively. The result for Ontario, Alberta, British Columbia, and Quebec are statistically 

significant at the 5% significance level based on the ENC-NEW test.  The Google Model 5 of the 
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less populous regions of Canada, save for Newfoundland, all perform poorly with the predictive 

capabilities of Google Model 5 showing an increase in the RMSFE of between 0.9% and 9.7%, 

meaning the baseline model is showing greater nowcasting capabilities then Google model 5 for 

these regions.  Google Model 5 also performed poorly for aggregate Canadian data, with the 

Google Model seeing an increase in RMSFE of 2.7% relative to the baseline.  P.E.I is an 

anomaly in the out-of-sample results.  It sees an increase in its RMSFE of 9.7% for the Google 

Model relative to the baseline, meaning the baseline model has more predictive capabilities over 

the Google Model.  Whereas, the ENC-NEW test, states that the Google Model has additional 

predictive information, not found in the baseline at the 5% significance level.   

We now repeat our analysis comparing the baseline model:  lnSalest = α1lnSalest-1 + 

α2lnSalest-12 + εt to Macroeconomic Model 4: lnSalest = α1lnSalest-1 + α2lnSalest-12 + 

β1lnUNEMPt + β2lnUMEMPt-1 + β3lnUSDCADt + εt, this time for our out-of-sample results in 

Table 5.  Similar to our prior analysis of Google Model 5, for Macroeconomic Model 4 our top 

performing regions out-of-sample are similar to our top performing regions in-sample.  With 

Saskatchewan, British Columbia, and Alberta being the top performing regions out-of-sample 

seeing reductions in the RMSFE of 2.3%, 1.8% and 1.0% respectively for Macroeconomic 

Model 4 relative to the baseline model.  With the Saskatchewan, British Columbia, and Alberta 

results showing additional predictive information at the 5% significance level based on the ENC-

NEW test.  All other regions of Canada perform poorly with Macroeconomic Model 4 relative to 

the baseline, seeing increases in the RMSFE of between 0.4% and 3.8%.  Macroeconomic Model 

5 also performed poorly for aggregate Canadian data, with the Google Model seeing an increase 

in RMSFE of 2.7% relative to the baseline.  There exist some anomalies between the RMSFE 

and ENC-NEW Test for Macroeconomic Model 4, with aggregate Canadian data, 
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Newfoundland, Nova Scotia, New Brunswick and Manitoba, all showing statistically significant 

additional predictive information according to ENC-NEW Test, but seeing increases in their 

RMSFE relative to their respective baseline models.  It’s worth noting that these regions that are 

anomalies (Canadian data, Newfoundland, Nova Scotia, New Brunswick and Manitoba) 

performed well under in-sample tests seeing reductions in RMSE of between 4.2% and 0.0%.  

However, the in-sample performance of Saskatchewan, British Columbia, and Alberta was 

superior seeing reductions in RMSE of 7.2%, 4.3% and 5.2%, respectively; with as stated prior 

Saskatchewan, British Columbia, and Alberta seeing reductions in their RMSFE for the 

Macroeconomic Model relative to baseline, and passing the ENC-NEW test. 

Similar to our in-sample analysis, let us once again use Macroeconomic Model 4 as our 

new baseline:  lnSalest = α1lnSalest-1 + α2lnSalest-12 + β1lnUNEMPt + β2lnUMEMPt-1 + 

β3lnUSDCADt + εt, and see if it contains any additional information relative to our 

Macroeconomic Google Model: lnSalest = α1lnSalest-1 + α2lnSalest-12 + β1lnUNEMPt + 

β2lnUMEMPt-1 + β3lnUSDCADt  α1SUVt + α1REGt + εt.  Conducting out-of-sample analysis this 

time, let us analyze whether the contemporaneous values of the Google Search Query Indexes 

for the Trucks & SUVs (SUVt) and Vehicle Registration (REGt) contain additional predictive 

nowcasting capabilities above those found in our top performing Macroeconomic Model. 

As seen in Table 6, we again see results that are similar to our in-sample results in terms of 

which regions perform best.  Alberta, Ontario, Newfoundland and Quebec are the top performing 

regions with reductions in RMSFE of 9.9%, 4.4%, 3.3% and 1.3%, respectively for the 

Macroeconomic Google Model relative to the new Macroeconomic baseline.  The results for the 

ENC-NEW Test show that the results for Alberta, Ontario, Newfoundland and Quebec are 

statistically significant at the 5% significance level.  The major difference from our in-sample 
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results is that Canada and British Columbia see an increase in RMSFE of 1.2% and 0.7% 

respectively for the Macroeconomic Google Model relative to the new Macroeconomic baseline, 

meaning the new baseline model has better nowcasting capabilities.  Whereas in-sample we saw 

a reduction in the RMSE of 3.2% and 2.8% for Canada and British Columbia, respectively.  

However, for our out-of-sample results even though RMSFE is increasing, the ENC-NEW test 

for Canada is passed at the 5% significance level and British Columbia at the 10% significance 

level, meaning there is additional predictive information in the Macroeconomic Google Model 

relative to the new Macroeconomic baseline model.  Similar to our in-sample results the less 

populous provinces, with the exception of Newfoundland, perform poorly out-of-sample similar 

to the in-sample results; seeing increases in the RMSFE of between 1.4% and 10.4% for 

Saskatchewan, Manitoba, New Brunswick, and Nova Scotia.  The poor performing regions 

Saskatchewan, Manitoba, New Brunswick, and Nova Scotia are also not statistically significant 

for the ENC-NEW test, agreeing with null hypothesis, that the Macroeconomic Google Model 

does not contain any additional predictive information relative to the new Macroeconomic 

baseline model.  P.E.I is again an anomaly, having a terribly performing RMSFE which increases 

10.4% for the Macroeconomic Google Model relative to the new Macroeconomic baseline 

model, but passing the ENC-NEW at the 10% significance level.  

 

7. Conclusion 
 

In general across all Google models tested, the largest improvements in nowcasting 

capabilities relative to the Baseline model were seen in the most populous provinces:  Ontario, 

Quebec, British Columbia, and Alberta.  Less populous provinces, with the exception of 

Newfoundland, showed little improvements in the nowcasting performance of the Google 
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models relative to the baseline.  Some Google models for the less populous provinces actually 

perform worse than the baseline model.  In general, provinces whose Google model performed 

well for in-sample tests, also performed well for out-of-sample nowcasting regressions.  

However, results from out-of-sample regressions saw smaller improvements in nowcasting 

performance, in comparison to in-sample regressions. We observe that in the more populous 

Canadian provinces, Google Vehicle Search Query Indexes contained additional information 

with predictive capabilities for vehicle sales, not found in other tested macroeconomic variables 

(Unemployment Rate, USD/CAD exchange rate).  Lastly looking at Canadian aggregate data, we 

see minor performance improvements in-sample for Google model relative to the Baseline 

model.  However, out-of-sample the Google models for aggregate Canadian data tend to 

perform, with no significant improvements in nowcasting capabilities relative to the Baseline 

model.  

 The real-time nature of Google search data can be an attractive option for decision 

makers seeking to nowcast economic indicators, in my case this was New Vehicle Sales in 

Canada.  Some cautions remain, as I saw in certain cases the addition of Google data may 

actually worsen nowcasting accuracy.  However, as the above analysis shows in other cases this 

Google search data can significantly improve standard baseline forecasting methods.  Thus, 

Google data can sometimes serve as a real-time predictor of lagged economic indicators.  

      
Bibliography 

Ashley, R., Granger, C. W., & Schmalensee, R. (1980). Advertising and aggregate consumption: 
An analysis of causality. Econometrica: Journal of the Econometric Society, 1149-1167. 
 
Askitas, N., & Zimmermann, K. F. (2009). Google econometrics and unemployment forecasting. 
German Council for Social and Economic Data (RatSWD) Research Notes, (41). 
 

23



Carrière‐Swallow, Y., & Labbé, F. (2013). Nowcasting with Google Trends in an emerging 
market. Journal of Forecasting, 32(4), 289-298. 
 
Chen, S. S. (2005). A note on in‐sample and out‐of‐sample tests for Granger causality. Journal of 
Forecasting, 24(6), 453-464. 
 
Choi, H., & Varian, H. (2012). Predicting the present with Google Trends. Economic Record, 
88(s1), 2-9. 
 
Claiborne, T. (2008, August 5). Inside AdWords: Announcing Google Insights for Search 
Retrieved from Google Inside AdWords: http://adwords.blogspot.ca/2008/08/announcing-
google-insights-for-search.html  

Clark, T. E., & McCracken, M. W. (2001). Tests of equal forecast accuracy and encompassing 
for nested models. Journal of econometrics, 105(1), 85-110. 
 
Cole, J. (2015). The 2015 Digital Future Report – Surveying the Digital Future. Los Angeles: 
Centre for the Digital Future, University of Sothern California 

D’Amuri, Francesco, and Juri Marcucci. "'Google it!'Forecasting the US unemployment rate with 
a Google job search index." (2010). 
 
Eurostat. (2015, February 9). Glossary: In-sample vs. out-of-sample forecasts – Statistics 
Explained.  Retrieved from Eurostat: http://ec.europa.eu/eurostat/statistics-
explained/index.php/Glossary:In-sample_vs._out-of-sample_forecasts  

Stigler, G. J. (1961). The economics of information. The journal of political economy, 213-225. 
 
Stock J., & Watson M. (2003) Introduction to Econometrics (1st edition). (p.440). Addison 
Wesley; 2003. 

Suchoy, T. (2009). Query indices and a 2008 downturn: Israeli data. Bank of Israel. Research 
Department. 
 
Vosen, S., & Schmidt, T. (2011). Forecasting private consumption: survey‐based indicators vs. 
Google trends. Journal of Forecasting, 30(6), 565-578. 
 
 
 
 

 
 

24



Table 1: In-Sample Performance of Google Models vs. Baseline Model for Ontario New 
Vehicle Sales{lnS(t)} - Jan 2004-Nov2015 

 

 (Baseline) (1) (2) (3) (4) (5) (6) (7) (8) 
 

lnS(t-1)  0.201*** 0.173*** 0.202*** 0.152*** 0.206*** 0.174*** 0.167*** 0.163*** 0.209*** 

 (0.0416)  (0.0404)  (0.0418)  (0.0428)  (0.0421)  (0.0406)  (0.0436)  (0.0429)  (0.0429)  
  
lnS(t-12)  0.843*** 0.796*** 0.847*** 0.810*** 0.845*** 0.798*** 0.789*** 0.796*** 0.839*** 

 (0.0443)  (0.0441)  (0.0450)  (0.0439)  (0.0444)  (0.0449)  (0.0461)  (0.0442)  (0.0460)  
  
SUV(t)   0.311***    0.309*** 0.196  0.243   
  (0.0836)     (0.0842)  (0.146)  (0.132)   
  
REG(t)    -0.0306    -0.0148  0.0918   0.0572  

   (0.0574)    (0.0549)  (0.133)   (0.123)  
  
SUV(t-1)     0.293**    0.146  0.0940   
    (0.0897)    (0.159)  (0.140)   
  
REG(t-1)      -0.0486   -0.108   -0.0991  

     (0.0572)   (0.130)   (0.123)  
  
constant  -0.457  0.318  -0.509  0.399  -0.529  0.289  0.455  0.422  -0.506  

 (0.391)  (0.427)  (0.404)  (0.459)  (0.401)  (0.442)  (0.484)  (0.455)  (0.405)  
 

N  131  131  131  131  131  131  131  131  131  
adj. R2 0.870  0.882  0.869  0.879  0.870  0.881  0.880  0.881  0.869  
rmse  0.0809  0.0771  0.0811  0.0780  0.0809  0.0774  0.0776  0.0772  0.0812  

 

Standard errors in parentheses  
Source: Google.com/trends/ & CANSIM 079-0003  
SUV=Trucks & SUVs Google Category, REG=Vehicle Registration Google Category, 
lnS=Natural Logarithm of New Vehicle Sales  
* p < 0.05, ** p < 0.01, *** p < 0.001 
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Table 2.1: In-Sample Performance of Baseline vs. SUV(t) REG(t) Google Model 5 
for Canada & Provinces (Newfoundland, PEI, Nova Scotia, New Brunswick, Quebec) New Vehicle Sales{lnS(t)} - Jan 2004-Nov2015 

 

 Canada Newfoundland P.E.I Nova Scotia New Brunswick Quebec 
 Baseline Google Baseline Google Baseline Google Baseline Google Baseline Google Baseline Google 

 

lnS(t-1)  0.193*** 0.183*** 0.246*** 0.216*** 0.209*** 0.209*** 0.240*** 0.220*** 0.206*** 0.182*** 0.142*** 0.139*** 

 (0.0410)  (0.0413)  (0.0467)  (0.0450)  (0.0521)  (0.0529)  (0.0485)  (0.0520)  (0.0464)  (0.0484)  (0.0381)  (0.0383)  
  
lnS(t-12)  0.817*** 0.786*** 0.715*** 0.725*** 0.772*** 0.769*** 0.738*** 0.730*** 0.790*** 0.788*** 0.850*** 0.830*** 

 (0.0421)  (0.0451)  (0.0461)  (0.0441)  (0.0533)  (0.0540)  (0.0490)  (0.0497)  (0.0479)  (0.0477)  (0.0385)  (0.0387)  
  
SUV(t)   0.146*   -0.108*   0.000583   0.00160   0.0368   0.196*  

  (0.0704)   (0.0505)   (0.0181)   (0.0384)   (0.0313)   (0.0780)  
  
REG(t)   0.0130   0.160***   0.0333   0.0938   0.0278   -0.0702  

  (0.0577)   (0.0397)   (0.0525)   (0.0892)   (0.0373)   (0.0787)  
  
constant  -0.0999  0.368  0.339  0.551*  0.154  0.199  0.192  0.448  0.0482  0.236  0.0983  0.304  

 (0.406)  (0.487)  (0.256)  (0.259)  (0.225)  (0.240)  (0.324)  (0.402)  (0.295)  (0.314)  (0.325)  (0.357)  
 

N  131  131  131  131  131  131  131  131  131  131  131  131  
adj. R2 0.876  0.878  0.871  0.885  0.850  0.848  0.834  0.833  0.855  0.856  0.895  0.899  
rmse  0.0760  0.0753  0.123  0.116  0.133  0.134  0.109  0.110  0.102  0.102  0.0844  0.0825  

 

Standard errors in parentheses  
Source: Google.com/trends/ & CANSIM 079-0003  
SUV=Trucks & SUVs Google Category, REG=Vehicle Registration Google Category, lnS=Natural Logarithm of New Vehicle Sales  
* p < 0.05, ** p < 0.01, *** p < 0.001  
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Table2.2: In-Sample Performance of Baseline vs. SUV(t) REG(t) Google Model 5 for Canada & Provinces (Ontario, Manitoba, 
Saskatchewan, Alberta, British Columbia) New Vehicle Sales{lnS(t)} - Jan 2004-Nov2015 

 

 Canada Ontario Manitoba Saskatchewan Alberta British Columbia 
 Baseline Google Baseline Google Baseline Google Baseline Google Baseline Google Baseline Google 

 

lnS(t-1)  0.193*** 0.183*** 0.201*** 0.174*** 0.186*** 0.174*** 0.222*** 0.225*** 0.472*** 0.398*** 0.374*** 0.355*** 

 (0.0410)  (0.0413)  (0.0416)  (0.0406)  (0.0445)  (0.0447)  (0.0532)  (0.0551)  (0.0584)  (0.0605)  (0.0525)  (0.0542)  
  
lnS(t-12)  0.817*** 0.786*** 0.843*** 0.798*** 0.803*** 0.792*** 0.709*** 0.711*** 0.453*** 0.426*** 0.623*** 0.616*** 

 (0.0421)  (0.0451)  (0.0443)  (0.0449)  (0.0451)  (0.0453)  (0.0518)  (0.0540)  (0.0556)  (0.0543)  (0.0542)  (0.0541)  
  
SUV(t)   0.146*   0.309***   0.0826   -0.0106   0.0321   0.298**  

  (0.0704)   (0.0842)   (0.0472)   (0.0569)   (0.107)   (0.108)  
  
REG(t)   0.0130   -0.0148   0.0152   0.0143   0.200**   -0.0459  

  (0.0577)   (0.0549)   (0.0323)   (0.0591)   (0.0716)   (0.0770)  
  
constant  -0.0999  0.368  -0.457  0.289  0.113  0.293  0.596  0.558  0.757  1.738**  0.0329  0.298  

 (0.406)  (0.487)  (0.391)  (0.442)  (0.320)  (0.334)  (0.348)  (0.405)  (0.514)  (0.568)  (0.466)  (0.525)  
 

N  131  131  131  131  131  131  131  131  131  131  131  131  
adj. R2 0.876  0.878  0.870  0.881  0.845  0.847  0.801  0.798  0.707  0.729  0.766  0.776  
rmse  0.0760  0.0753  0.0809  0.0774  0.0878  0.0874  0.104  0.104  0.0996  0.0957  0.0909  0.0889  

 

Standard errors in parentheses  
Source: Google.com/trends/ & CANSIM 079-0003  
SUV=Trucks & SUVs Google Category, REG=Vehicle Registration Google Category, lnS=Natural Logarithm of New Vehicle Sales  
* p < 0.05, ** p < 0.01, *** p < 0.001  
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Table 3.1: In-Sample Performance of Baseline vs. Macroeconomic Model 4  
for Canada & Provinces (Newfoundland, PEI, Nova Scotia, New Brunswick, Quebec) New Vehicle Sales{lnS(t)} - Jan 2004-Nov2015 

 

 Canada Newfoundland P.E.I Nova Scotia New Brunswick Quebec 
 Baseline Macro Baseline Macro Baseline Macro Baseline Macro Baseline Macro Baseline Macro 

 

lnS(t-1)  0.193*** 0.182*** 0.246*** 0.287*** 0.209*** 0.236*** 0.240*** 0.264*** 0.206*** 0.200*** 0.142*** 0.128**  

 (0.0410)  (0.0430)  (0.0467)  (0.0571)  (0.0521)  (0.0654)  (0.0485)  (0.0593)  (0.0464)  (0.0522)  (0.0381)  (0.0479)  
  
lnS(t-12)  0.817*** 0.810*** 0.715*** 0.702*** 0.772*** 0.752*** 0.738*** 0.676*** 0.790*** 0.777*** 0.850*** 0.837*** 

 (0.0421)  (0.0444)  (0.0461)  (0.0474)  (0.0533)  (0.0566)  (0.0490)  (0.0588)  (0.0479)  (0.0535)  (0.0385)  (0.0441)  
  
lnUNEMP(t)   -0.158   0.101   -0.0351   -0.210   -0.0511   -0.158  

  (0.0942)   (0.119)   (0.0761)   (0.112)   (0.0852)   (0.118)  
  
lnUNEMP(t-1)   0.163   0.0778   0.0866   0.306*   0.0945   0.147  

  (0.0951)   (0.101)   (0.0687)   (0.118)   (0.0850)   (0.109)  
                   
lnUSDCAD(t)  -0.152   -0.299*   -0.128   -0.116   -0.170   -0.0607  
  (0.0792)   (0.129)   (0.139)   (0.117)   (0.107)   (0.0889)  
  
constant  -0.0999  0.120  0.339  -0.322  0.154  -0.000301  0.192  0.314  0.0482  0.121  0.0983  0.401  

 (0.406)  (0.450)  (0.256)  (0.496)  (0.225)  (0.433)  (0.324)  (0.448)  (0.295)  (0.349)  (0.325)  (0.478)  
 

N  131  131  131  131  131  131  131  131  131  131  131  131  
adj. R2 0.876  0.881  0.871  0.876  0.850  0.850  0.834  0.842  0.855  0.856  0.895  0.895  
rmse  0.0760  0.0745  0.123  0.120  0.133  0.134  0.109  0.107  0.102  0.102  0.0844  0.0845  

 

Standard errors in parentheses  
Source: Google.com/trends/ & CANSIM 079-0003, 282-0087, 176-0064  
SUV=Trucks & SUVs Google Category, REG=Vehicle Registration Google Category, lnS=Natural Logarithm of New Vehicle Sales 
lnUSDCAD=Natural Logarithm of USD/CAD exchange rate, lnUMEMP=Natural Logarithm of Unemployment Rate  
* p < 0.05, ** p < 0.01, *** p < 0.001  
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Table 3.2: In-Sample Performance of Baseline vs. Macroeconomic Model for Canada & Provinces (Ontario, Manitoba, 
Saskatchewan, Alberta, British Columbia) New Vehicle Sales{lnS(t)} - Jan 2004-Nov2015 

 

 Canada Ontario Manitoba Saskatchewan Alberta British Columbia 
 Baseline Macro Baseline Macro Baseline Macro Baseline Macro Baseline Macro Baseline Macro 

 

lnS(t-1)  0.193*** 0.182*** 0.201*** 0.199*** 0.186*** 0.168*** 0.222*** 0.132*  0.472*** 0.377*** 0.374*** 0.408*** 

 (0.0410)  (0.0430)  (0.0416)  (0.0420)  (0.0445)  (0.0432)  (0.0532)  (0.0545)  (0.0584)  (0.0611)  (0.0525)  (0.0527)  
  
lnS(t-12)  0.817*** 0.810*** 0.843*** 0.840*** 0.803*** 0.807*** 0.709*** 0.754*** 0.453*** 0.508*** 0.623*** 0.583*** 

 (0.0421)  (0.0444)  (0.0443)  (0.0457)  (0.0451)  (0.0453)  (0.0518)  (0.0496)  (0.0556)  (0.0550)  (0.0542)  (0.0565)  
  
lnUNEMP(t)   -0.158   -0.0865   0.0331   -0.0613   -0.181*   -0.270**  

  (0.0942)   (0.0859)   (0.0593)   (0.0599)   (0.0742)   (0.0854)  
  
lnUNEMP(t-1)   0.163   0.122   0.0728   -0.00543   0.0898   0.297*** 

  (0.0951)   (0.0878)   (0.0615)   (0.0586)   (0.0741)   (0.0833)  
                   
lnUSDCAD(t)  -0.152   -0.0983   -0.274**   -0.475***  -0.285**   -0.0716  
  (0.0792)   (0.0885)   (0.0884)   (0.104)   (0.102)   (0.0940)  
  
constant  -0.0999  0.120  -0.457  -0.465  0.113  0.0842  0.596  1.115**  0.757  1.308*  0.0329  0.0560  

 (0.406)  (0.450)  (0.391)  (0.413)  (0.320)  (0.312)  (0.348)  (0.371)  (0.514)  (0.524)  (0.466)  (0.545)  
 

N  131  131  131  131  131  131  131  131  131  131  131  131  
adj. R2 0.876  0.881  0.870  0.871  0.845  0.858  0.801  0.827  0.707  0.737  0.766  0.785  
rmse  0.0760  0.0745  0.0809  0.0805  0.0878  0.0841  0.104  0.0965  0.0996  0.0944  0.0909  0.0870  

 

Standard errors in parentheses  
Source: Google.com/trends/ & CANSIM 079-0003, 282-0087, 176-0064 
SUV=Trucks & SUVs Google Category, REG=Vehicle Registration Google Category, lnS=Natural Logarithm of New Vehicle Sales 
lnUSDCAD=Natural Logarithm of USD/CAD exchange rate, lnUMEMP=Natural Logarithm of Unemployment Rate  
* p < 0.05, ** p < 0.01, *** p < 0.001  
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Table 4.1: In-Sample Performance of New Macroeconomic Baseline vs. SUV(t) REG(t) Google Macroeconomic Model  
for Canada & Provinces (Newfoundland, PEI, Nova Scotia, New Brunswick, Quebec) New Vehicle Sales{lnS(t)} - Jan 2004-Nov2015 

 

         Canada    Newfoundland           P.E.I       Nova Scotia   New Brunswick           Quebec 

 New 
Baseline Google New 

Baseline Google New 
Baseline Google New 

Baseline Google New 
Baseline Google New 

Baseline Google 

 

lnS(t-1)  0.182*** 0.119*  0.287*** 0.231*** 0.236*** 0.230*** 0.264*** 0.237*** 0.200*** 0.162**  0.128**  0.123**  

 (0.0430)  (0.0475)  (0.0571)  (0.0565)  (0.0654)  (0.0664)  (0.0593)  (0.0669)  (0.0522)  (0.0571)  (0.0479)  (0.0469)  
  
lnS(t-12)  0.810*** 0.767*** 0.702*** 0.723*** 0.752*** 0.752*** 0.676*** 0.674*** 0.777*** 0.787*** 0.837*** 0.815*** 

 (0.0444)  (0.0451)  (0.0474)  (0.0459)  (0.0566)  (0.0571)  (0.0588)  (0.0610)  (0.0535)  (0.0539)  (0.0441)  (0.0435)  
  
lnUNEMP(t)  -0.158  -0.276**  0.101  0.0585  -0.0351  -0.0349  -0.210  -0.225  -0.0511  -0.0873  -0.158  -0.223  

 (0.0942)  (0.0992)  (0.119)  (0.114)  (0.0761)  (0.0781)  (0.112)  (0.117)  (0.0852)  (0.0887)  (0.118)  (0.115)  
  
lnUNEMP(t-1)  0.163  0.133  0.0778  0.0444  0.0866  0.0821  0.306*  0.298*  0.0945  0.0912  0.147  0.200  

 (0.0951)  (0.0936)  (0.101)  (0.0966)  (0.0687)  (0.0700)  (0.118)  (0.121)  (0.0850)  (0.0861)  (0.109)  (0.107)  
                         
lnUSDCAD(t) -0.152  -0.212**  -0.299*  -0.309*  -0.128  -0.154  -0.116  -0.120  -0.170  -0.161  -0.0607  -0.113  
 (0.0792)  (0.0796)  (0.129)  (0.123)  (0.139)  (0.144)  (0.117)  (0.121)  (0.107)  (0.112)  (0.0889)  (0.0917)  
                   
SUV(t)  0.265**   -0.112*   -0.00554   -0.00128   0.0304   0.257**  
  (0.0824)   (0.0505)   (0.0191)   (0.0425)   (0.0338)   (0.0818)  
                   
REG(t)  0.0903   0.155***  0.0386   0.0891   0.0361   -0.136  
  (0.0667)   (0.0401)   (0.0546)   (0.0874)   (0.0391)   (0.0845)  
  
constant  0.120  1.623*  -0.322  0.208  -0.000301  0.0824  0.314  0.626  0.121  0.412  0.401  0.686  

 (0.450)  (0.678)  (0.496)  (0.500)  (0.433)  (0.466)  (0.448)  (0.553)  (0.349)  (0.393)  (0.478)  (0.491)  
 

N  131  131  131  131  131  131  131  131  131  131  131  131  
adj. R2 0.881  0.888  0.876  0.888  0.850  0.848  0.842  0.841  0.856  0.857  0.895  0.902  
rmse  0.0745  0.0721  0.120  0.115  0.134  0.134  0.107  0.107  0.102  0.102  0.0845  0.0816  

 

Standard errors in parentheses  
Source: Google.com/trends/ & CANSIM 079-0003, 282-0087, 176-0064 
SUV=Trucks & SUVs Google Category, REG=Vehicle Registration Google Category, lnS=Natural Logarithm of New Vehicle Sales  
lnUSDCAD=Natural Logarithm of USD/CAD exchange rate, lnUMEMP=Natural Logarithm of Unemployment Rate 
* p < 0.05, ** p < 0.01, *** p < 0.001  
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Table 4.2: In-Sample Performance of Macroeconomic Baseline vs. SUV(t) REG(t) Google Macroeconomic Model 
for Canada & Provinces (Ontario, Manitoba, Saskatchewan, Alberta, British Columbia) New Vehicle Sales{lnS(t)} - Jan 2004-Nov2015 

 

         Canada           Ontario         Manitoba    Saskatchewan        Alberta  British Columbia 

 New 
Baseline Google  New 

Baseline Google New 
Baseline Google New 

Baseline Google New 
Baseline Google New 

Baseline Google 

 

lnS(t-1)  0.182*** 0.119*  0.199*** 0.128**  0.168*** 0.159*** 0.132*  0.144*  0.377*** 0.205*** 0.408*** 0.360*** 

 (0.0430)  (0.0475)  (0.0420)  (0.0427)  (0.0432)  (0.0437)  (0.0545)  (0.0553)  (0.0611)  (0.0605)  (0.0527)  (0.0570)  
  
lnS(t-12)  0.810*** 0.767*** 0.840*** 0.788*** 0.807*** 0.804*** 0.754*** 0.774*** 0.508*** 0.482*** 0.583*** 0.577*** 

 (0.0444)  (0.0451)  (0.0457)  (0.0443)  (0.0453)  (0.0451)  (0.0496)  (0.0512)  (0.0550)  (0.0484)  (0.0565)  (0.0561)  
  
lnUNEMP(t)  -0.158  -0.276**  -0.0865  -0.190*  0.0331  0.0385  -0.0613  -0.0489  -0.181*  -0.271*** -0.270**  -0.279**  

 (0.0942)  (0.0992)  (0.0859)  (0.0847)  (0.0593)  (0.0626)  (0.0599)  (0.0625)  (0.0742)  (0.0683)  (0.0854)  (0.0831)  
  
lnUNEMP(t-
1)  0.163  0.133  0.122  0.0399  0.0728  0.0696  -0.00543  -0.0237  0.0898  0.0455  0.297*** 0.246**  

 (0.0951)  (0.0936)  (0.0878)  (0.0842)  (0.0615)  (0.0620)  (0.0586)  (0.0590)  (0.0741)  (0.0654)  (0.0833)  (0.0830)  
                         
lnUSDCAD(t) -0.152  -0.212**  -0.0983  -0.266**  -0.274**  -0.337*** -0.475*** -0.563*** -0.285**  -0.340*** -0.0716  -0.163  
 (0.0792)  (0.0796)  (0.0885)  (0.0935)  (0.0884)  (0.0971)  (0.104)  (0.112)  (0.102)  (0.0896)  (0.0940)  (0.0963)  
                   
SUV(t)  0.265**   0.484***  -0.000879   -0.0789   0.407***  0.355**  
  (0.0824)   (0.106)   (0.0541)   (0.0580)   (0.115)   (0.118)  
                   
REG(t)  0.0903   0.0752   0.0627   0.105   0.171**   -0.0509  
  (0.0667)   (0.0629)   (0.0336)   (0.0580)   (0.0626)   (0.0736)  
  
constant  0.120  1.623*  -0.465  1.194*  0.0842  0.186  1.115**  0.901*  1.308*  3.478*** 0.0560  0.709  

 (0.450)  (0.678)  (0.413)  (0.559)  (0.312)  (0.333)  (0.371)  (0.442)  (0.524)  (0.576)  (0.545)  (0.643)  
 

N  131  131  131  131  131  131  131  131  131  131  131  131  
adj. R2 0.881  0.888  0.871  0.888  0.858  0.859  0.827  0.831  0.737  0.797  0.785  0.797  
rmse  0.0745  0.0721  0.0805  0.0749  0.0841  0.0836  0.0965  0.0955  0.0944  0.0828  0.0870  0.0846  

 

Standard errors in parentheses  
Source: Google.com/trends/ & CANSIM 079-0003, 282-0087, 176-0064 
SUV=Trucks & SUVs Google Category, REG=Vehicle Registration Google Category, lnS=Natural Logarithm of New Vehicle Sales  
lnUSDCAD=Natural Logarithm of USD/CAD exchange rate, lnUMEMP=Natural Logarithm of Unemployment Rate 
* p < 0.05, ** p < 0.01, *** p < 0.001  
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Appendix – In-Sample Regressions 
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