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Abstract
The aim of this paper is to nowcast quarterly private consumption in Spain. We
estimate a suite of mixed-frequency models on a real-time database for the period
2005Q1-2015Q4, and conduct out-of-sample forecasting exercises to assess the relevant
merits of different groups of indicators. The selection of indicators is guided by the
standard practice (“hard” and “soft” indicators), but also expand this practice by
looking at non-standard variables, namely: (i) a suite of proxy indicators of uncertainty, calculated at the monthly frequency; (ii) two additional sets of variables that
are sampled at a much lower frequency: Credit card transactions and indicators based
on search query time series provided by Google Trends. The latter set of indicators is
based on factors extracted from consumption-related search categories of the Google
Trends application. We also illustrate how Google data (sampled at a frequency higher
than monthly) can be instrumental to perform event studies, by looking at possible
anticipation effects related to VAT increases.
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Introduction

Private consumption represents between 60%-80% of an average OECD gross domestic product. Thus the importance, for applied forecasters, of having accurate nowcasts for this GDP
component in real-time. Timely data useful to approximate private households’ spending
decisions are available, both covering “hard” and “soft” (survey-based, sentiment indicators)
information. The standard leading indicators of private consumption used by practitioners
and academics alike, nonetheless, are typically available in real-term with a 1 to 2 months
delay, depending on the country, and are available at the monthly frequency.
More recently, other, less standard, sources of advanced information on consumer spending decisions are starting to be explored in the literature. Among other promising avenues,
one example is the use of data collected from automated teller machines (ATMs), encompassing cash withdrawalls at ATM terminals and debit card payments. Typically, electronically
recorded data are available in a quite timely fashion and are free of measurement errors
(see Duarte et al., 2017, and the references quoted therein). Another prominent example
is the construction of indicators of consumption behaviour on the basis of internet search
patterns as provided by Google Trends. Over the past decade, the number of Internet users
has increased dramatically, and also their buying patterns. In this way intentions to buy,
as reflected in Internet searches of certain categories of goods and services, might be useful to anticipate actual buying behaviour. While indicators linked to income indicate the
ability to spend of consumers, and survey-based indicators capture the willingness to spend,
Google-searches-based variables based on consumption-related search queries may provide a
measure of consumers’ preparatory steps to spend (see Vosen and Schmidt, 2011, 2012; Choi
and Varian, 2012). Finally, a recent strand of the literature has highlighted the relevance of
the level of uncertainty prevailing in the economy for private agents’ decision-making, and
has offered a wealth of indicators aiming at measuring it (see, among others, Backer et al.,
2017; Gil et la., 2017). This is all the more relevant in the field of consumption decisions, as
prescribed by the existing theoretical literature.
These new sources of information might be instrumental to address two relevant questions: (i) is it possible to improve the nowcasting power of existing models by incorporating
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new data sources, observed in a more timely fashion and capturing new faces of the consumption decision set (like uncertainty)?; (ii) due to the data being observed at the daily
frequency, do the new data sources offer a way of performing timely event-study analyses in
the area of consumer’s decisions?; (iii) are indicators of “uncertainty” constructed in realtime useful for nowcasting private consumption? Against this framework, the aim of this
paper is to explore the possibilities posed by these data sources for the real-time analysis of
private consumption for the case of Spain.
On the one hand, as regards the event-study capabilities of the data, we look at the
potential offered by daily (weekly) data from Google Trends in unveiling anticipation effects
arising from tax changes (focusing on recent VAT hikes), while at the same time monitoring
the evolution of “buying attitudes” around tax-based events and other situations of the like
(political elections, natural disasters, terrorist attacks).
On the other hand, to analyze the nowcasting properties of the data, we estimate a
suite of mixed-frequency models on a real-time database for the period 1995Q1-2015Q4,
at the monthly frequency, and conduct out-of-sample forecasting exercises to assess the
relevant merits of different groups of indicators. The selection of indicators starts from
standard practice (“hard” and “soft” indicators), and moves forward to incorporate nonstandard variables, namely: (i) a suite of proxy indicators of uncertainty, calculated at
the monthly frequency; (ii) Credit card transactions; (iii) indicators based on search query
time series provided by Google Trends. The latter indicator is based on factors extracted
from consumption-related search categories of the Google Trends application. An optimal
way to use our data is to build a single model that relates data at all frequencies. In
this paper we construct multivariate state space mixed-frequencies models for the quarterly
private consumption aggregate, and on the monthly information (by blocks). Our approach
is closely related to that of Harvey and Chung (2000), and Pedregal and Pérez (2010).1
1

Other approaches for modeling data at different sampling intervals are the methods based on regression

techniques (Chow and Lin, 1971, Guerrero, 2003), the MIDAS (MIxed DAta Sampling) approach (see Ghysels
et al., 2006, Clements and Galvão, 2008), the state space approaches of Liu and Hall (2001) and Mariano
and Murusawa (2003), or the ARMA model with missing observations of Hyung and Granger (2008).
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These papers use a temporal aggregation method that relies on the information contained
in related indicators observed at the desired higher frequency. The statistical treatment of
structural time series models is based on the state space form and the Kalman Filter (see
Harvey, 1989). The basic model is of the Unobserved Component Model class known as the
Basic Structural Model (Harvey, 1989), that decomposes a set of time series in unobserved
though meaningful components from an economic point of view (mainly trend, seasonal
and irregular). The mixture of frequencies, and the estimation of models at the monthly
frequency, implies combining variables that at the monthly frequency can be considered as
stocks with those being pure flows. The quarterly private consumption figures cast into
the monthly frequency is a set of missing observations for the first months of the quarter
(January and February, in the case of Q1) and the observed value assigned to the last month
of each quarter (say, March). Theoretically, the quarterly National Accounts series would be
obtained from monthly National Accounts series by summation of the 3 months of a quarter
(January to March) had them been available.
The rest of the paper is organized as follows. In Section 2 we describe the data sources.
In Section 3 we provide two event studies linked to VAT hikes, while in Section 4 we describe
the econometric methodology used in the nowcasting exercise, and in Section 5 the results
of the empirical exercise. Finally, in Section 6 we provide the main conclusions of the paper.

2
2.1

The data
Traditional indicators

For our analysis we use a set of hard and soft indicators commonly used for private consumption forecasting. All these indicators are provided on monthly basis, although with different
lags between the publication date and the month they refer to, and show a high correlation with private consumption. In this set of indicators we include as “hard” indicators
Social Security registrations (Ministry of Social Security), the Retail Trade Index and the
Services Activity Index (both provided by the National Statistical Institute), while as “soft”
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indicators we consider PMI Services (provided by Markit Economics) and the Consumer
Confidence Index of the European Commission (Business and Consumer Surveys).
From a real-time perspective, Social Security registrations, the PMI Services and the
Consumer confidence Index are available with a one-month lag, while the Retail Trade Index
presents a lag of two months, and the Services Activity Index of three months.

2.2

Uncertainty indicators

Since the end of the financial crisis, a number of geopolitical events have brought to the
forefront of the policy discussion the risks that heightened economic uncertainty may pose
for global economic prospects. Most recent events in the second half of 2016 include the
(mostly) unexpected results of the UK referendum on the EU (the so-called Brexit), the
Constitutional referendum in Italy, or the victory of President Donald Trump in the US. By
now, it is well established in the theoretical and empirical literature that heightened economic
uncertainty has the potential to harm economic activity (see, among others, Bloom, 2014).
In the recent empirical literature, a number of works have dealt with the hurdle of finding
proxy measures of economic uncertainty, being the later a non-observable variable. The
extant studies tend to focus on one specific proxy or method, the most popular ones being:
(i) stock market volatility (see, e.g. Leahy and Whited, 1996; Bloom, 2009; Caggiano et
al, 2014); (ii) the variance of forecasters’ expectations, in many cases approximated by a
concept of disagreement (see, e.g., D’Amico and Orphanides, 2008; Bachmann et al., 2013;
Balta et al., 2013; Popescu and Smets, 2010) ; (iii) the frequency of news related to policy
uncertainty to form a proxy of policy uncertainty (Baker et al., 2016); (iv) the common
components of forecast errors from several macroeconomic time series (see e.g. Jurado et
al., 2013); on related grounds, some authors compute uncertainty measures on the basis of
real-time forecasting models (see, e.g. Scotti, 2016).
In the current paper we focus on measures covering (ii) and (iii), the reason being that
we consider them to be more related to our topic of study, namely, private consumption
decisions. In particular, we use the textual indicator known as Economic Policy Uncertainty
Index (EPU) for Spain elaborated by Baker, Bloom y Davis (2015), and construct measures
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of disagreement about private consumption (based on forecasts taken from a national panel2 ),
and measures of uncertainty based on some European Commission’s consumer survey forward
looking questions, namely unemployment prospects and uncertainty about major expected
purchases over the next 12 months.
Regarding the forward-looking indicators on “Unemployment perspectives over next 12
months” and “Perspectives of major purchases over next 12 months”, we follow the approach
of Bachmann et al. (2013) to construct measures of uncertainty that exploit the information
contained in the dispersion of responses. Specifically, respondents to the above-mentioned
questions can be grouped in three answers: “decrease”, “unchanged” or “increase”. Following
Bachmann et al. (2013), let F rac+
t denote the weighted fraction of consumers in the cross
section with “increase” responses at time t, and F rac−
t the weighted fraction of consumers
with “decrease” responses. Then the “uncertainty indicator” is computed as
q

−
+
− 2
F rac+
t + F ract − F ract − F ract
As to the measure of disagreement about private consumption forecast constructed, we
take as starting point the month t cross section of current and one-year-ahead forecasts about
national accounts’ private consumption produced by analysts that do respond to the “FUNCAS panel”. FUNCAS is an independent institution that has been compiling forecaster’s
views since 1999. At each point in time, the measure of “disagreement” is computed as the

2
P
standard deviation of such cross-section of n forecasters n1 i=1 n Ĉi − ĈA . Given that
each analyst provides growth rates of two fixed-event forecasts (current and year-ahead) m
months ahead, it is necessary to correct each time-t value by the fact that it is computed
on an evolving information set. For that, we follow the methodology of Dovern, Fritsche y
Slacalek (2012):
Fyf0h,m,12 (x) =
2

12 − m + 1 f e
m − 1 fe
Fy0 ,m,y0 (x) +
Fy0 ,m,y0+1 (x)
12
12

Bi-monthly FUNCAS panel.
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2.3

Credit card data

We use the monthly amounts spent by households that have been paid by means of credit/debit
cards. This is a widespread means of payment by Spanish consumers.

2.4

Internet search query data (Google Trends)

The paper introduces a new indicator for private consumption which is constructed using
data on internet search behavior provided by Google Trends. Due to the increasing popularity of the internet it is certain that a substantial amount of people also use web search
engines to collect information on goods they intend to buy. To use Google Trends data for
forecasting private consumption, common unobserved factors are extracted from time-series
of web search categories provided by the Google Trends application.
Google Trends provides an index of the relative volume of search queries conducted
through Google. The application provides aggregated indexes of search queries which are
classified into a total of 605 categories and sub-categories using an automated classification
engine. Google Trends provides a time series index of the volume of queries users enter
into Google in a given geographic area. The query index is based on query share: the total
query volume for the search term in question within a particular geographic region divided
by the total number of queries in that region during the time period being examined. The
maximum query share in the time period specified is normalized to be 100, and the query
share at the initial date being examined is normalized to be zero. Google Trends data are
provided on a weekly basis. We compute monthly averages since data consumption are only
available on monthly basis. The Google time-series are not seasonally adjusted. All data are
available only since 2004. We use this data in levels.
We select 72 consumption-relevant categories that in our view are best matches for the
product categories of personal consumption expenditures of the BEA’s national income and
product accounts, described in Table 1. Then we use principal components analysis to extract
the common factors to these 72 consumption-relevant categories. We include in our database
the first four components that explain almost 50% of the total variance of the whole set.
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Table 1: Consumption categories according to the National Accounts and Google Trends
searches.
Classification by national product and income accounts (NIPAs)

Google Categories

Durable goods
Motor vehicles and parts
Furnishing and durable household equipment
Recreatonial goods and vehicles
Other durable goods

Automotive, Auto Financing, Automotive Parts, Auto Insurance, Seat, Mercedes-Benz, Mercedes offer,
Second hand car, Car, To buy a car
Electrical Appliance, Home Insurance, Home Remodel, Home Furnishing, Interior Decoration, Interior Design
Online movie, To buy a movie, Watch a online movie, Video Games
Telecommunications, Router Wifi, Mobile Phone, Electronic, Book, Novel

Nondurable goods
Food and beverages purchased for off-premise
Clothing & Footwear
Gasoline, and energy goods
Other nondurable goods

Bebidas alcohólicas, Food, Drink
Clothing, Second hand clothing, Footwear, Second hand footwear, Male & Female Lingerie, Undergarments, T-shirts
Electricity, Energy, Gasoline, Gas
Personal care, Beauty, Chemicals, Medications, Face & Body care, Beauty products, Newpapers,
Tobacco

Services
Household consumption expenditures
Housing and utilities
Health care
Transportation services
Recreational services
Food services and accommodation
Financial services and insurance
Other services

Home & Auto Insurance, House Remodel, Interior Decoration, Interior Design, Real Estate Agency
Health, Health Insurance, Medical Services, Mobile Phone, Wireless
Ocio, Video Games, Pelicula online, To buy a movie, Ver película online, Ticket sales
Hotel, Accommodation, Restaurant, Restoration, Terrace, Welfare
Home Insurance

Telecommunications, Life Insurance, Social Services

SOURCE: National Accounts, Google Trends.
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Event studies: some illustrations

Forecasters (and policy-makers) are occasionally confronted with unusual events (policy measures) that have the potential of affecting economic activity. The usual monthly-based indicators are in this case of little use, as the data are available only with a substantial lag. In
the case of NA disaggregated data, they are available with a lag of at least one year.
To assess the impact of these events on the economy, forecasters need to monitor indicators that are released on a timely basis. Technological advances of the past several years
have resulted in new high-frequency data (daily) sources that could provide accurate and
timely information on economic activity. Here we show that weekly google search data can
be used to analyze the impact on consumer expenditure of different events.
There are several events that can be used to assess the importance of these indicators
(terrorist attacks, bankruptcies, political speeches etc.). In this article we focus on VAT rate
increases (2010 and 2012).
Gonzalez-Mı́nguez and Urtasun (2015) show that fluctuations in consumption are not
distributed proportionately among the different types of goods and services. Reductions
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in expenditure usually affect durable goods to a greater extent since households do not
derive their utility directly from the current expenditure incurred but from the consumption
services obtained from the products acquired. Thus, we expect that the adjustment in the
consumption of durables may be sharper after a VAT rate increase.
Figures 1 provides a visual impression of the information provided by Google Search
indicators. Before both increases in VAT rates there was an increase in the consumption
of durable goods (home appliances) as the rational response to the expected increase in
prices. This effect was transitory and was followed by a decline in consumption. In the
case of a traditional indicator (the retail trade index) you could see these effects with a
lag of two months (the figures for June 2010 was released in August and the one for July
in September), whereas using the proposed indicator you would have received information
from the very beginning. These figures also give an intuition of a usual caveat when using
internet search indicators. Consumers search for information from the Internet might be
affected by other information. For example in July 2010, there were two additional pieces
of information that you need to take into account when interpreting google search results.
First, the pass through on consumer prices from the VAT rates increase was incomplete
and second, in July 2010 temperatures were clearly above the average, which resulted in an
increase in purchases of air conditioners. Although in this paper we are considering mainly
monthly data, in the right hand side of the chart it is shown that higher frequency data have
also valuable information that can be used in the assessment of the response of consumption
to a shock.

4

Econometric methodology

The exposition in this section follows closely Pedregal and Pérez (2010). The starting point of
the modeling approach is to consider a multivariate Unobserved Components Model known
as the Basic Structural Model (Harvey, 1989). A given time series is decomposed into
unobserved components which are meaningful from an economic point of view (trend, Tt ,
seasonal, St , and irregular, et ). Equation (1) displays a general form, where t is a time sub-
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Figure 1: Google searches for ”home appliances” and VAT rate increases.
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index measured in months, zt denotes the variable in National Accounts terms expressed
at a quarterly sampling interval for our objective time series (private consumption), and ut
represents the vector of monthly indicators.


zt

 = Tt + St + et
ut

(1)

The general consensus in this type of multivariate models in order to enable identifiability is to build SUTSE models (Seemingly Unrelated Structural Time Series). This means
that components of the same type interact among them for different time series, but are
independent of any of the components of different types. In addition, statistical relations
are only allowed through the covariance structure of the vector noises, but never through
the system matrices directly. This allows that, trends of different time series may relate to
each other, but all of them are independent of both the seasonal and irregular components.
The full model is a standard BSM that may be written in State-Space form as (see Harvey,
1989)
xt = Φxt−1 + Ewt





z
H

 t  = 
 xt +  t 
ut
Hu
vt

(2)



(3)

where t ∼ N (0, Σ ) and vt ∼ N (0, Σvt ). The system matrices Φ, E, H and Hu in
equations (2)-(3) include the particular definitions of the components and all the vector noises
have the usual Gaussian properties with zero mean and constant covariance matrices (t and
vt are correlated among them, but both are independent of wt ). The particular structure
of the covariance matrices of the observed and transition noises defines the structures of
correlations among the components across output variables. The mixture of frequencies,
and the estimation of models at the quarterly frequency, implies combining variables that at
the quarterly frequency can be considered as stocks with those being pure flows. Thus, given
the fact that our objective variables are observed at different frequencies, an accumulator
variable has to be included

 0, t = first quarter
Ct =
 1, otherwise
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(4)

so that the previous model turns



z
C ⊗I
 t  =  t
xt
0



I 0
z
 t  = 
0 Hu
ut

out to be

 


HΦ
z
1 HE

  t−1  + 
 t 
Φ
xt−1
0 E
wt
  

0
z
  t  +   vt
I
xt

(5)

(6)

Given the structure of the system and the information available, the Kalman Filter and
Fixed Interval Smoother algorithms provide an optimal estimation of states. Maximum
likelihood in the time domain provides optimal estimates of the unknown system matrices,
which in the present context are just covariance matrices of all the vector noises involved in
the model. The use of the models selected and the estimation procedures described in the
previous paragraph, allows the estimation of models with unbalanced data sets, i.e. input
variables with different sample lengths. This is a feature of relevance for the construction of
the database at hand, given occasional differences in temporal coverage of indicators.

5

Nowcasting private consumption

5.1

The nowcasting exercise

The real time nowcasting problem is illustrated in Table 2. Consider, for example, the information available at the third month of each quarter. Approximately one and a half months
before the official QNA release is published by the statistical agency, monthly employment
figures and various surveys corresponding to the second month of the quarter. The retail
trade index and the EPU correspond to the first month and the services activity index to
the last month of the previous quarter. Finally, indicators based on search query time series
are available, at least partially, for the third month (lags are the same for the first and the
second month).
Different information sets within the quarter are available, so the information that can be
exploited to nowcast consumption is different in each month of the quarter. In this respect,
we consider three set of forecasts: (i) first month of the quarter m1, (ii) second month of
12

Table 2: High frequency variables used in the study and information flow (information
available at nowcasting origin m3.
Previous quarter
1st month

2nd month

Current quarter
3rd month

1st month

2nd month

Social security registrations
Retail trade index
Services activity index
PMI. Services
Credit cards
Disagreement about private
consumption
Uncertainty about major
purchases
Uncertainty about
unemploymeny
expectations
Economic policy
uncertainty index (EPU)
Consumers confidence
index
Google Trends 1st principal
component
Google Trends 2nd
principal component
Google Trends 3rd
principal component
Google Trends 4th principal
component
SOURCE: own elaboration.
a. Horizontal lines denote lack of availability of the indicator in a particular point in time within the quarter.
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3rd month

the quarter m2 and (iii) third month of the quarter m3. Several models are considered, that
differ in the set of indicators include in each model. The complete list of models used can
be found in Table 3.

5.2

Empirical results

Table 4 provides different metrics regarding the forecast performance of the models. In
the last block of the table we provide the relative RMSE to a naı̈ve model (random walk,
computed by repeating the latest q-q available growth rate). As seen in the table, most of
the models outperformed the random walk nowcast.
Regarding the contribution of the different variables, the models that do include the
indicator related to credit card transactions deliver the best forecasting performance overall.
Indeed, model 3 (social security registrations, retail trade index and credit card transactions)
always gives the best results. It is important to note the good forecasting performance of
model 10, that only includes credit card transactions. As regards the value added of other
“non-standard” indicators, we look at models 3, 4 and 5, than sequentially include credit
cards, EPU and Google Trends to a model that contains as baseline variables Social Security
Registrations and the retail Trade Index. As we said above model 3 provides the highest
forecast accuracy over the sample and within quarters. Model 4 (with EPU) also outperforms
the random walk. On the other side, model 5 (including Google indicators) only outperform
the random walk in the first month of the quarter, when some information of the QNA is still
missing, but apparently these indicators seem to be introducing noise in the forecast exercise,
delivering relative bad results in m2 and m3 forecast origins. This results certainly indicate
that the computed principal components based on Google variables have to be revised, in
order to find ways to maximize the information content of such indicators, trying alternative
ways of aggregation and/or exploiting the granular information available, given that the
literature for other countries/macro variables has shown that Google-based indicators tend
to incorporate substantial nowcasting power.
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Table 3: Indicators included in the different models.
INDICATORS INCLUDED IN THE DIFFERENT MODELS (private consumption is in all of them)
M1

Social security
registrations

Retail trade
index

M2

Social security
registrations

Retail trade
index

M3

Social security
registrations

Retail trade
index

Credit
cards

M4

Social security
registrations

Retail trade
index

Economic policy
uncertainty index
(EPU)

M5

Social security
registrations

Retail trade
index

Google Trends
(1st principal
component)

M6

Activity services
index

PMI. Services

Consumer
confidence index

M7

Activity services
index

PMI. Services

Consumer
confidence index

Credit
cards

M8

Activity services
index

PMI. Services

Consumer
confidence index

Economic policy
uncertainty index
(EPU)

PMI. Services

Consumer
confidence index

Google Trends
(1st principal
component)

M9

M10

Activity services
index

Activity services
index

PMI. Services

Google Trends
(2nd principal
component)

Google Trends (2nd
principal
component)

Credit
cards

M11

Disagreement
about consumption Uncertainty about
forecasts
major purchases

Uncertainty about Economic policy
unemployment
uncertainty index
expectations
(EPU)

M12

Disagreement
about consumption Uncertainty about
forecasts
major purchases

Uncertainty about
unemployment
expectations

M13

Economic policy
uncertainty index
(EPU)

M14

Google Trends
(1st principal
component)

Google Trends
(2nd principal
component)

M15

Google Trends
(1st principal
component)

Google Trends
(2nd principal
component)

Social security
registrations

Retail trade
index

Credit
cards

Disagreement
Economic policy
about consumption uncertainty index
forecasts
(EPU)

M16

Consumer
confidence index

Google Trends
(3rd principal
component)

Google Trends
(4th principal
component)

Activity services
index

PMI. Services

Consumer
confidence index

Google Trends
(1st principal
component)

Google Trends (2nd
principal
component)
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Table 4: Results of the nowcasting exercise: statistics based on forecast errors of the different
models with information up to the 1st , 2nd and 3rd month of the quarter.
FORECAST ERRORS OF THE DIFFERENT MODELS WITH INFORMATION UP TO FIRST, SECOND AND THIRD MONTH OF THE QUARTER
Random walk

M1

M2

M3

M4

M5

M6

M7

M8

M9

M10

M11

M12

M13

M14

M15

M16

MEAN ERROR
m1

-0.74

0.05

-0.03

-0.08

0.00

-0.19

-0.03

-0.28

0.02

-0.25

-0.14

-0.10

0.00

-0.14

-0.27

-0.15

-0.10

m2

0.02

0.07

-0.01

-0.03

0.03

-0.41

0.04

-0.32

0.01

0.01

-0.08

-0.07

0.03

-0.06

0.05

-0.06

0.37

m3

0.05

0.06

-0.03

-0.04

0.00

-0.42

0.09

-0.25

0.05

0.03

-0.08

-0.02

0.09

-0.08

0.15

-0.04

0.28

MEAN ABSOLUTE ERROR (MAE)
m1

1.11

0.63

0.48

0.38

0.50

0.59

0.45

0.74

0.48

0.83

0.45

0.70

0.66

0.58

1.99

0.77

1.75

m2

0.58

0.57

0.40

0.37

0.37

0.75

0.54

0.84

0.75

0.87

0.45

0.60

0.74

0.59

1.71

0.59

1.24

m3

0.60

0.45

0.43

0.36

0.44

0.69

0.52

0.92

0.62

0.68

0.47

0.61

0.78

0.60

1.82

0.62

1.34

ROOT MEAN SQUARED ERROR (RMSE)
m1

1.79

0.81

0.62

0.53

0.64

0.76

0.61

0.94

0.66

1.02

0.56

0.86

0.87

0.72

2.40

0.91

2.28

m2

0.82

0.73

0.59

0.52

0.58

0.93

0.79

1.05

1.00

1.11

0.59

0.79

0.97

0.76

2.19

0.75

1.56

m3

0.85

0.60

0.56

0.50

0.59

0.93

0.82

1.11

0.90

0.97

0.60

0.82

0.98

0.78

2.32

0.80

1.76

ROOT MEAN SQUARED ERROR RELATIVE RANDOM WALK
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m1

-

0.45

0.35

0.30

0.36

0.43

0.34

0.52

0.37

0.57

0.31

0.48

0.48

0.40

1.34

0.51

1.27

m2

-

0.90

0.71

0.63

0.70

1.13

0.97

1.28

1.22

1.36

0.72

0.96

1.18

0.93

2.67

0.91

1.90

m3

-

0.70

0.66

0.59

0.69

1.09

0.96

1.30

1.05

1.14

0.70

0.96

1.14

0.91

2.72

0.93

2.06

Conclusions

We estimate a suite of mixed-frequency models on a real-time database for the period
2005Q1-2015Q4, and conduct out-of-sample forecasting exercises to assess the relevant merits
of different groups of indicators. The selection of indicators is guided by the standard practice (“hard” and “soft” indicators), but also expand this practice by looking at non-standard
variables, namely: (i) a suite of proxy indicators of uncertainty, calculated at the monthly
frequency; (ii) two additional sets of variables that are sampled at a much lower frequency:
Credit card transactions and indicators based on search query time series provided by Google
Trends. The latter set of indicators is based on factors extracted from consumption-related
search categories of the Google Trends application. Our very preliminary results highlight
the usefulness of credit card spending variables for nowcasting NA private consumption.
At the same time, the principal components extracted from the set of Google information
do not seem to add much forecasting power, which suggest that the procedure we used to
summarize the granular information coming from internet searches needs to be refined.
At the same time, we also illustrate the potential of granular Google data (sampled at a
frequency higher than monthly) to perform event studies, by looking at possible anticipation
effects related to VAT increases.
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