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When are Google data useful to nowcast GDP?

An approach via preselection and shrinkage

LAURENT FERRARA! ANNA SIMONT*
SKEMA Business School CREST, CNRS
Abstract

Alternative data sets are widely used for macroeconomic nowcasting together with
machine learning-based tools. The latter are often applied without a complete picture
of their theoretical nowcasting properties. Against this background, this paper proposes
a theoretically grounded nowcasting methodology that allows researchers to incorporate
alternative Google Search Data (GSD) among the predictors and that combines targeted
preselection, Ridge regularization, and Generalized Cross Validation. Breaking with most
existing literature, which focuses on asymptotic in-sample theoretical properties, we es-
tablish the theoretical out-of-sample properties of our methodology and support them by
Monte-Carlo simulations. We apply our methodology to GSD to nowcast GDP growth
rate of several countries during various economic periods. Our empirical findings support
the idea that GSD tend to increase nowcasting accuracy, even after controlling for official
variables, but that the gain differs between periods of recessions and of macroeconomic

stability.

Keywords: Nowcasting, Big data, Google search data, Targeted preselection, Ridge regularization.

1 Introduction

Currently, practitioners widely use large sets of alternative data — such as web-

scraped data, Google data (i.e. Trends, Correlate, or Search), scanner data, or satellite
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data — for short-term macroeconomic forecasting and nowcasting purposes (see e.g. Ng,
2017). The main research questions related to alternative data sets are: (A) when such
data improve nowcasting accuracy, and (B) whether they are useful even after controlling
for official variables generally used by forecasters (e.g. opinion surveys, production). An-
swering these questions requires the use of appropriate machine learning/econometrics
methods. Recent macroeconomic empirical literature has seen an explosion of various
methods to account for the specificity of alternative data, but for most of them we do
not know their out-of-sample (OOS) theoretical properties, which matter the most for
forecasting purposes. This paper puts forward a new methodology to deal with Google
Search Data (GSD) for nowcasting purposes and establishes OOS large-sample proper-
ties for the proposed method. The challenging feature of GSD as a whole is their high
dimension. GSD differ from Google Trends mainly in that GSD are volume variations
of Google queries with respect to the first value while Google Trends provides the ratio
between the search shares for a particular keyword/category over a given sub-period of
time and the maximum search share for the same keyword/category over a larger chosen
period. Macroeconomic nowcast based on GSD have been proposed in e.gq. Goetz and
Knetsch (2019) while Google Trends have been used in, for example, Choi and Varian
(2009, 2012), Scott and Varian (2015), Vosen and Schmidt (2011), D’Amuri and Mar-
cucci (2017), Niesert et al. (2020), Borup and Schiitte (2022), and references therein.
However, unlike our study, all these papers do not include theoretical contributions.
Our proposed nowcasting method, which we call Ridge after Model Selection, is a
two-step approach: (i) first, GSD variables are preselected, conditional on the official
variables, by targeting the macroeconomic aggregate to be nowcast, and (ii) second,
a Ridge regularization is applied to those preselected GSD and official variables. The
Ridge tuning parameter is chosen by Generalized Cross Validation (GCV). The main
theoretical contributions of this paper are threefold. First, we prove that our targeted

preselection retains all the variables in the true model with probability approaching one



(sure screening property). Second, we establish an upper bound for both the in-sample
and OOS prediction error associated with the Ridge after model selection estimator.
Third, we evaluate optimality of GCV to choose the regularization parameter o of the
Ridge regularization for OOS prediction. To the best of our knowledge, previous liter-
ature has established in-sample optimality of the GCV in the setting of Ridge regular-
ization but not OOS optimality, see e.g. Li (1986) and Carrasco and Rossi (2016).

Giannone et al. (2008) popularized the concept of macroeconomic nowcasting, which
differs from standard forecasting approaches in the sense that it aims at evaluating cur-
rent macroeconomic conditions on a high-frequency basis. The idea is to provide policy
makers with a real-time evaluation of the state of the economy ahead of the release
of official Quarterly National Accounts, which come out with a delay. For example,
the New York Fed and the Atlanta Fed have recently developed new tools to evaluate
US GDP quarterly growth on a high-frequency basis (see https://www.newyorkfed.
org/research/policy/nowcast and https://www.frbatlanta.org/cqer/research/
gdpnow.aspx). A large literature has developed that deals with nowcasting GDP growth
for different countries, see e.g. Aruoba et al. (2009), Doz et al. (2011), Aastveit and Tro-
vik (2012), and Ferrara and Marsilli (2019).

To clarify the presentation of our nowcasting methodology, we present an example.
Suppose the variable one wants to nowcast is the quarterly GDP growth rate. The pre-
dictors are made of two subsets: a set of official variables and a set of the weekly GSD
variables. Our nowcasting model is based on linear regression models that incorporate
predictors sampled over different frequencies (e.g., monthly and weekly) and released
with various reporting lags so that the relevant information set for calculating the now-
cast evolves within the quarter. To explicitly account for the information set available at
a specific time within the quarter, a forecaster will consider a different set of predictors
for each week, the same frequency of the higher-frequency variable considered in our

example.
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To estimate the models, we use our aforementioned Ridge after Model Selection pro-
cedure. The first step, preselection, is based on the t-statistics associated with each
GSD variable in a regression that includes the official predictors as well, see e.¢g. Bai
and Ng (2008) and Barut et al. (2016). In the second step, a Ridge regularization is
applied to the linear regression model incorporating the official variables and the GSD
variables that have been preselected. The regularization parameter « is set equal to the
minimum of the GCV criterion. Prior literature has proposed forecasting approaches
based on Ridge regression to deal with dense models with a large number of predictors,
e.g. De Mol et al. (2008) and Carrasco and Rossi (2016). We go beyond this literature
by considering models in which the dimension can be ultra-high and that can be either
sparse or dense.

For our two-step procedure, we derive the three theoretical properties mentioned
previously: the sure screening property of our preselection procedure, upper bounds for
the in-sample and OOS prediction errors associated with the Ridge after model selec-
tion estimator, and optimality of the GCV for OOS prediction. The upper bounds are
functions of the number of predictors N, the number of time-series observations 7', and
the Ridge regularization parameter . With regard to the GCV, we know from the
previous literature that GCV has optimality properties for in-sample prediction, see e.g.
Li (1986), Andrews (1991) and Carrasco and Rossi (2016). We complete this result by
showing that the minimizer of the GCV is as good as the minimizer of the conditional
mean squared prediction error for OOS prediction. The latter is the objective of now-
casting for central bankers.

We study finite sample properties of our procedure using a Monte Carlo exercise.
Our study analyzes how the dimension of the problem, N and T', the degree of spar-
sity s in the model, and the correlation among the predictors affect the performance of
our method compared with other widely used methods in macroeconomic nowcast, like

Lasso, Ridge without preselection, and Principal Component Analysis estimators. We



show that when the true data generating process is sparse with a large number of active
predictors, our Ridge after Model Selection procedure outperforms all the considered
competitors for OOS prediction.

Finally, we conduct an empirical study to answer our two research questions (A) and
(B) stated above for GSD with respect to GDP growth nowcast for three countries/areas:
the euro area, the United States, and Germany. Common GDP nowcasting tools inte-
grate standard official macroeconomic information stemming from, for instance, national
statistical institutes, central banks, and international organizations. Two types of of-
ficial data are typically considered: (i) hard data (production, sales, employment ...)
and (ii) opinion surveys (households or companies are asked about their view on current
and future economic conditions). Sometimes, financial markets information, generally
available on high frequency basis, is also integrated into the information set. In our
study, we include official data (i) and (ii) together with the alternative GSD into our
information set. In addition, we consider financial market information for robustness
check.

We analyze three time periods: a period of cyclical stability (2014¢1 — 2016¢1), a
period that exhibits a sharp downturn in GDP growth rate (2017¢1 —2018¢4), and a pe-
riod of recession (the Great Recession period from 2008¢1 to 2009¢2). Overall, empirical
results show that GSD are useful when nowcasting GDP growth. At the beginning of the
quarter, when no official information is available about the current state of the economy;,
we show that using only Google data leads to reasonable mean squared forecasting errors
(MSFEs), sometimes only slightly higher than those obtained at the end of the quarter
when the information set is complete. As soon as we integrate official macroeconomic
information, starting from the fifth week of the quarter, MSFEs decrease, reflecting the
importance of this type of data in nowcasting. Overall, combining macroeconomic vari-
ables and GSD variables in the same model appears to be fruitful.

A striking result of our empirical analysis is that, on the one hand, the preselection



step is crucial in the first two periods considered, as it generates better outcomes than
nowcasting procedures that have no preselection. This result confirms previous findings
from the nowcasting literature, see e.g. Bai and Ng (2008) and Boivin and Ng (2006) for
dynamic factor models. On the other hand, recession periods present specific patterns as
a model that only contains GSD, without any preselection step, tends to be preferred in
terms of nowcasting accuracy. This result is quite robust over the three countries/areas
that we consider in the study.

The rest of the paper is organized as follows. In Section 2, we describe the nowcast-
ing model and our Ridge after Model Selection procedure, for which theoretical results
are provided in this section and in Section 3. The Monte Carlo exercise is in Section
4, and the empirical application is in Section 5. Section 6 concludes with a summary.

Additional material and proofs are in the Supplementary Appendix.

2 Methodology

2.1 The nowcasting equation

To nowcast any series of interest Y;, we focus on linear bridge equation models, which
allow us to construct Y; nowcasts by using predictors available at different frequencies. To
fix ideas, suppose the frequency of Y; is quarterly. We include three types of predictors:
soft variables, such as opinion surveys, hard variables, such as industrial production
or sales, and variables stemming from GSD. GSD are available on a weekly basis, and
the other predictors are available on a monthly base. Let ¢ denote a given quarter of
interest identified by its last month, for example the first quarter of 2005 is dated by
t = March2005. The following is a bridge equation model to nowcast Y; for a specific

quarter ¢, for t =1,... 7"

Y; = Bo+ 5;%,5 + B;th,h + B;xt,g + €4, Elei|xys, T p, 2] = 0, (2.1)



where x; ; is the Ng-vector containing soft variables, ;4 is the Nj-vector containing hard
variables, x; 4 is the N -vector of variables coming from GSD, and ¢, is an unobservable
shock. In general, x; 5, 15, and z; 4 are sampled over different frequencies and released
with various reporting lags, so the relevant information set for calculating the nowcasts
evolves within the quarter. In practice, one must consider a model for each new available
information set, which arises at the frequency of the highest frequency variable in the
model, see Section 5.1 for more details on this point. Model (2.1) is estimated by the
Ridge after model selection procedure, which is summarized in Algorithm 1 and explained

in details in Sections 2.2 and 2.3.

2.2 Step 1: preselection of Google Search data

The recent literature on nowcasting and forecasting with large data sets concludes
that using the largest available data set is not necessarily the optimal approach when
nowcasting a specific macroeconomic variable such as GDP, at least in terms of now-
casting accuracy (see e.g. Boivin and Ng, 2006; Barhoumi et al., 2010). The problem
arises because we have too many variables and using all the variables would only add
noise in the estimation process. As shown in Bai and Ng (2008), an empirical way to
circumvent this issue is to more accurately target the choice of predictors.

As we explain in Section 5, the GSD have a very high dimension N, compared with
T, and in our empirical analysis we find that using all the variables in the GSD is not al-
ways a good strategy because we pay the price of dealing with ultra-high dimensionality
without increasing the nowcasting accuracy as measured by the MSFE. In fact, it might
be that the series Y; to be nowcast is highly predictable by a subset of the GSD and that
this subset is specific to Y;. For this reason, before estimating model (5.1) we preselect
GSD by retaining the most relevant variables for Y; nowcasting, capturing much of the
variability in it. We refer to this approach as a targeted preselection.

Preselection is based on the procedure proposed in Bai and Ng (2008) and Barut



Algorithm 1: Ridge after model selection
Data: Training sample {Y;, ¢ s, 2¢.p, 215t =1,..., T},
Step 1:
(1) for j=1,...,N, do
L regress Y; on a constant, s, Tt p, and ;g ;;

compute the t-statistics ¢; associated with z; g ;;

(2) select the Google variables that have the largest absolute value |t;| compared with a given
threshold A > 0: set M, := M,(\) :={1 <j < Ng:|t;| > A}

Step 2:
(1) Construct M = M(X) := {1,..., N1} U{N; + j;j € My(\)},

’ !’ !’
X =0,z .,2,,,z — )

Ty g i, {xt,9.5:7 € My}, and

(2) for every « in a grid A:

(a) compute

1< T
Bila) = (TZXt,MXm +0Jﬁ> 72X, Y
t=1 t=1
where I; is the |JT4\ |-dimensional identity matrix;
(b) compute
T "
> (Y- Xt,ﬁgﬁ(a))z

GCV(a) := - 5
T (1 —tr(X, 5 (TS X, X, o+ aly) X;’M/T)/T)

where tr(-) denotes the trace operator;
(3) select & = argmingeq GCV ().

Forecasting:
L Data: X _g; for 7 > T;
1

! > -~
return XT’MQM(a).

et al. (2016) which, in our framework, works as follows. We begin with the standard
linear regression equation (2.1). Then, by denoting with x4 ; the j-th GSD variable, we

apply the following approach:

(1) for each j =1,..., N,, regress Y; on a constant, x;, s, and x¢,;, and compute

the corresponding t-statistics ¢; associated with x4 j;

(2) select the Google variables that have the largest absolute value |¢;| compared with

a given threshold A > 0: M, := M,(\) := {1 < j < N, : |t;] > A}.
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The basic idea of this approach is that a GSD variable is retained depending on its
contribution for predicting Y; after controlling for a set of official variables. Associated
with each A there is a selected submodel ]/\4\9 = ]/\4\9()\). In practice, we take )\ as
the (1 — 7)-quantile of a N'(0, 1) distribution with 7 € {20%, 10%, 5%, 2.5%, 1%, 0.5%}.
The parameter 7 must be interpreted as the percentage of false positives that can be
tolerated. In contrast to Barut et al. (2016), we do not assume that the conditional
variance of Y; is known, and we estimate it to construct the t-statistics. This partially
modifies the proof of the sure screening property in Theorem 2.1 below. This property
is not established in Bai and Ng (2008).

Let Ny := 1+ N+ Ny, N := N1+ Ny, Xy = (1,23, 245,77 ,), Xeo = (1,74 ,24,,),
Xi0j = (X{0,Ti4;) forevery j € {1,..., Ny}, and B8 := (B, B, B}, 3;)". We introduce
the following assumption.

ASSUMPTION A.1. Assume that : (i)Y, = B.Xy + &, t = 1,...,T, with B, the true
value of B, Ele|Xy] = 0, and El[ec'|X;] = 021, where ¢ = (e1,...,e7)'; (ii) Bsj # 0,
Vj < Ny and for 1 < s; < Ny, Bug = (Bag1s - - - s Brg,st s 0')’, where 0 is a (N, — s;)-vector
of zeros and Bug; # 0 for all j = 1,...,s}; (iii) €| Xy, t > 1 are independent zero-mean

sub-Gaussian random variables.

Assumption A.1 (i) states that the true model is linear. Assumption A.1 (i) states
that the subvector of the true ., corresponding to the Google variables is sj-sparse
and that the true sparse model is M* := {1,...,Ni} U{N, + j;j € M;}, where
M;‘ ={1<j< Ny : Bigj # 0} is the subset of the true sparse model containing
only the indices of the active Google variables with size s; = [M;|. Assumption A.1 (i)
assumes sub-Gaussianity of the errors conditional on the covariates X;. This assumption
is more general than assuming Gaussianity of £,/ X; and allows for distributions whose
tails are dominated by the tails of a Gaussian distribution.

For every j € {1,..., N,}, define Eo,j = arg minﬁajﬁg,j E(Y, — Xg’oﬁ(l)’j — Z14i045)%

which is the pseudo-true value of Bp; := (637]-,/897]‘), € RM+1 in the j-th misspeci-



fied model and define 03, ; := E[(Y; — é,O,jEO,j)2]' Misspecification arises because, in
general, Eo,j differs from the corresponding coefficients in §,. Finally, B := {fo;,j =
L...,Ngl|Bojil < B,....|Bojn| < B,|Bojn+1| < B} for a large positive constant
B is the set over which the Least Squares estimates in step (1) are searched. The
next assumption allows us to control for the estimated aéj in the construction of the

t-statistics.

ASSUMPTION A.2. Assume that: (i) there exists a constant ¢ > 0 such that E[||z] ,8.413] <
c¢; (i) {(y e, T py Thy) he1 @5 @ zero mean strictly stationary sequence with values in
RN (iii) for every j € {1,...,Ny}, E[&};|Xi0,] is bounded, where & ; = (y: —
X;OJ.BOJ); (iv) there exist two constants 0 < C2 < 62 < oo such that

C? < min A (E[Xt,o,jXé,o,j]) < max Apax (E[Xt,OJXtI,o,j]) < 6i,

TP T 1<, ~ 1<<N,

where Amin(+) and Apax(+) denote the minimum and mazimum eigenvalues of a matriz;

(v) there exist two constants 0 < g, < T¢ < 00 such that gf < minj<jcy, 06, <

maxi<j<n, a%’j < F%.

The first three parts of the next assumption are the same as Conditions 1 and 2 in Barut
et al. (2016) but made specific to our framework; we refer to that paper for comments
about it. Parts (i) and (v) of the next assumption allow us to control the deviation
of an empirical process without assuming independency. In Sections C.5.1-C.5.2 of the
Supplementary Appendix we verify parts (iv) and (v) of Assumption A.3 for the i.i.d.
case. For a function h, define Grlg(u;)] := \/LT ST g(u) — E(g(w))].

ASSUMPTION A.3. Assume that: (i) for j € My, there exist two positive constants
c1,¢2 > 0 and 0 < k < 1/2 such that |cov(Yy, 214 X10)| = a1 T7", and uniformly in

je{l,....Ng}: E[27, ;] < co; (i1) there exists a sufficiently large constant kp such that

for ep := 16k Kp(1 4 £)\/ (N, + 1) /(TC%) with C% given in Assumption A.2 (iv), { a

10



positive constant, and Kt an arbitrarily large constant, it holds for all j € {1,..., Ny}:

sup
BEB;||B—Bo.jl|<er

~ 2
E ( {(Yt ~ X{0,8)" = (Y= Xi0,B04) } log,,, (X0 m) ‘ < o(N/T),

where Qf o ; = {|Yi| > moK7/s0} UMM | X050 > Ko} (iii) there exist positive con-
stants mg, my, So, s1, and p such that for sufficiently large T, P (| X: ;| > 7) < my exp{—mo7*}

forallj € {2,...,N}, and E[exp{28.X:so}+exp{—25.X;:s0}] < s1; (iv) for every £ > 0,

- 1 -
P( sup ‘(5 + 50,3')’7(@7‘ [Xt,o,th/7O7j]]-QT7o,j} (B — Bo,j)
BEB;|18—Fo jl|<er T

1 , -
B 2ﬁGT [YtXao,j]lQT,o,J (5 - ﬁo,j)

N+ 1
Ep

> derkp Kp
where er is defined as previously and Lo, , = Lo, (X104, Y1) with Q7o = {[| X100 <

Kr, Yy <moK%/so}, |||l the mazimum norm, and mo, p, Kt as introduced previously;

(v) for every positive constants €,by, and Kr the arbitrarily large constant introduced

—4
9104>

< 2(Ny 4 1)exp {—

previously and 11 ; = 1{|| Xt 0,llcc < Kr}:

The next theorem establishes the sure screening property of our selection procedure.

T
Z X1,0Xt0,; —ElX0Xi0,1m04])|| >0T

op

T1—2€b2
1
4(N1 + 1)2K§11 max{bl, 1} }

THEOREM 2.1. Suppose that Assumptions A.1-A.3 hold. Let ky := KpB(N; + 1) +
moKY./so, with Ky and p given in Assumption A.3 (ii)-(iii). Assume that T'=2% (ke Kr)? —
oo and that T~"2KP* = O(1) with < 1/2 given in Assumption A3 (i). Then, by

taking A\ = coTY/*7* for some constant co > 0, it holds that

— i b2/4,1/4
P (M* C Mg()\)) 2 1 — 88*<N1 + 1) exp _mln{6272 1/2 ) / }T1—2I€
g g k3 K7,

o KP 2 Ce
—6s;nge_m0KT—2sZT exp { IOK? } —2s, exp {—clTl_z" min {4K27 oK }}

11




where by, C, c. are positive constants, ¢y := QZC% (256N7), mqy = (N1m1—|—\/ﬁ\/E[eXp{ZLCms%HSHiQ}])
for some positive constants ¢y, Cy, and with ||e]|y, = max; SUP,>1 p V2 (E |7 | Xt])l/p,
K = maxjey; max; HE?JH%, with || - ||y, denoting the sub-exponential norm.
We present a proof of this theorem in Appendix ??. The result of the theorem is simi-
lar to Barut et al. (2016, Theorem 3). The difference, between our result (and proof) and
theirs, is the presence of additional terms in the lower bound of the probability. These
terms are present in our result due to the variance estimation in our approach (to con-
struct the t-statistic ¢; and M\g). Instead, Barut et al. (2016) assume the variance to be
known. If 1/(4CK?}) > my, log(s}) = o(min{T"%*/(kp Kp)?, K7, T' " /(max{K?, K1})}),

log(Nl)(’";}sz,ﬂ)2 < min{cy, b2/4,1/4}, and log(Tmy) < moK:, then Theorem 2.1 es-

tablishes that the selected submodel includes the true model M; with probability ap-

2
Ce Ce

K?' Ky

proaching one. Moreover, if ¢ < min{ } < ¢, for two positive constants c, ¢,
then the last two terms in the rate are negligible with respect to the other ones, and
if we take the optimal order Kp =< TU=2%/4 where A := max{4 + p,2 + 3p}, then
P (M;‘ C ]\//Tg()\)> 2 1—s;T'mgexp{—CT~2%)P/4} In this case, it follows from Lemma
B.1 in the Supplementary Appendix that with our methodology we can deal with an N,
such that log(N,) = o(T0~2%)#/4) " Similarly, we can deal with an s} and an ms such that:
log(s}) = o(T1=2)P/4) and log(mg) = o(T'~2)/4) which means that Ny and |||y, are

allowed to increase at a certain rate. If X, ; are sub-Gaussian, then Assumption A.2 (iv)

is satisfied with p = 2, which gives log(N,) = o(T1=20)/4).

2.3 Step 2: Ridge regression

Because GSD have a very high dimension, with the number of variables being much
larger than the number of observations, even after the preselection in Step 1 the num-
ber of selected Google variables may still be large compared with the time dimension
T. To deal with this large number of preselected covariates, in Step 2 we use Ridge

regularization. Let M = ]\//_7()\) ={1,..., M} U{N, + j;j € M\g()\)} and denote

12



’ ’ ’ -
. / o s . ..
= (17xt7s’xt,h7$t,g7]\7g) , where Ty 00, = {zt45:7 € My} is the vector containing

Xt,]T/[\
only the preselected Google variables. We estimate the parameter § in equation (2.1)
by minimizing a penalized residuals sum of squares in which the penalty is given by the
squared Euclidean norm || - ||2, and we define the Ridge after Model Selection estimator

-~

as: B i= (), where

T
Bla):=  argmin { ! ST (Yi— Bo— Biaes — Bhwen — Bing)” + 04”5“3} , (2.2)

T
BERN; By j=0,jEMg t=1

and o > 0 is a regularization parameter that tunes the amount of shrinkage. Without
loss of generality, we can assume that the selected elements of x,, corresponding to the
indices in ]/\/[\g are the first elements of the vector. Let 0 be the (N, — \]\/4\ |)-dimensional

~ —~ /\l
column vector of zeros. Then, we can write § as § := ( i 0’)’, where

)

T -1 T
N 1 / ]. /
i = Pla) = <f > XimX g+ MM) 72 XY
t=1 t=1

and I3 is the \J/\/ﬂ—dimensional identity matrix with ]]\/4\| =N, + \]\/4\51\.

Empirical choice of the parameter « is based on the generalized cross-validation
(GCV) technique (see Li, 1986, 1987), the idea of which is to choose a value for « for
which the MSFE is as small as possible. Carrasco and Rossi (2016) recently used this
technique in an in-sample forecasting setting. To complement their study, we show in
Section 3.2 that GCV performs well for out-of-sample prediction as well. With GCV,

the researcher selects the value of a that minimizes the following quantity:

Y (Vi = X, B (@)

_ T / -1 / 27
T (1 —tT(XtJ\A/[ (T 121&:1 Xt,ﬁXtJ\?—i_a[J\//f\) XM\A/[/T)/T>

GCV(a) =

where T denotes the number of quarters in the training sample and ¢r(-) denotes the

trace operator. We denote by & the value of o that minimizes GCV(a). In the next

13



section, we establish the theoretical properties of 5 and Q.

3 Theoretical Properties

3.1 In-sample and Out-of-sample Prediction Error

In this section, we study the convergence to zero of the in-sample and OOS prediction
error associated with the Ridge after Model Selection estimator. Asymptotic properties
for the OOS prediction error associated with the Ridge estimator without model selec-
tion have been analysed in De Mol et al. (2008) and Carrasco and Rossi (2016) for dense
models while asymptotic properties for the in-sample prediction error are well known in
the inverse problems literature; for example see Carrasco et al. (2007) and for a Bayesian
interpretation of the Ridge estimator see Florens and Simoni (2012, 2016) .

To the best of our knowledge, extant literature has not established the theoretical
properties of the Ridge estimator coupled with a targeted selection. Here, we fill this
gap and establish an upper bound for both the in-sample and OOS prediction error for
sparse models. This upper bound gives the rate of convergence as N, T — oco. It also
gives the rate for dense models — that is, when s; = N,.

Let X := (Xy,...,X7) be a (T x N) matrix. Let M*® denote the complementary
set of M* :={1<j<N:pB,#0}in{l,..., N} with s* := |[M*|. For a vector 3 € RY
and an index set M C {1,..., N}, denote By := (Bur;)j2; with Ba; == 8;1{j € M},
and for a (T'x N) matrix X, denote by X, the (7' x |M|) matrix made of the columns of
X corresponding to the indices in M, and denote by X; s the transpose of the ¢-th row
of Xyr. Thus, By has zero outside the set M. For a vector § € RY and given covariates
Xy, t =1,...,T, define the squared prediction norm of § as ||6[j3, := ¢’ X'X9/T, the
lo-norm of § as ||d]]p := Z;\le 1{5; # 0} and the Euclidean norm as |||y := v/§'0.

Next, we introduce an assumption known in the literature as a restricted sparse

eigenvalue condition on the empirical Gram matrix X'X/T (see e.g., Belloni and Cher-
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nozhukov, 2013), and it is an extension of the restricted isometry condition (e.g., Candes
and Tao, 2007). The quantity m in the assumption restricts the number of nonzero com-
ponents outside the set M* of the vectors § € RY considered. The larger m is, the more

restrictive the first part of the assumption is.

ASSUMPTION A.4. For a givenm < T, for ad € RN, with probability 1—o(1), p(m)? :=

. 16113, — ,_ 16113, 7
N5, o <m, 50 gz > O and P(m) = maxs, .. o<m, s20 13- > 0.

Chernozhukov et al. (2021, Theorem B.2) provide primitive conditions on the population
covariance matrix ensuring that this assumption holds for covariates X; with temporal

dependence. We define the condition number associated with the empirical Gram matrix

(XLX)/T: p(im) = Y2 where i == [M \ M*|1{M 2 M<} is the number of

e(m)
incorrect covariates selected. Similarly, define k := | M*\ M | 1{M* ¢ M }. We start

by establishing an upper bound on the in-sample prediction error. For a proof see the
Supplementary Appendix C.1.

THEOREM 3.1 (In-sample prediction error). Suppose that Assumptions A.1 (i)-(ii) and
A4 are satisfied and that | Xy is Gaussian. Let M be the model selected in the first
step. Let 3 be the Ridge estimator defined in equation (2.2). Then, for every ¢ > 0,
there is a constant K. independent of T such that with probability at least 1 — €,

1B = Bullor < (K\/ (1 + s*)[log(V) + log(e?pu(im))]

1 —
2 +2a|5*llz> 1M C M+

p(m)

K. ~ N ~ 2 . g
( o\ ) (log(s*+m)+10g(€2u(k+m)))+(p(;%)||5*||2+5*,M*\ﬂ2,T> 1{M" ¢ M}

—

As noted in the discussion following Theorem 2.1, P(M* C M) — 1 under some
conditions (and so is the probability of {M* C M }). We remark that on the event

M , instead, we get a bias term given by ~||2.7, which is intuitive because
M€ M d g b g by || 5 \arll2, hich b

*, M *
the second-step Ridge estimator is always biased for the components in M* \ M.

The next corollary establishes an upper bound for the Euclidean norm of (E — B)-
Corollary 3.1 (Coefficient estimation). Suppose that Assumptions A.1 (i)-(ii) and A.4
are satisfied and that €| X, is Gaussian. Let M be the model selected in the first step.
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Let B be the Ridge estimator defined in equation (2.2). Then, for every e > 0, there is
a constant K. independent of T such that with probability at least 1 — e,

1B Bl < (KV et el 2a|ﬁ*||2g0(;)2> M C T

Ko ~ A y 20 18, are\azllzr L~
<¢(m)ﬁ (k +m) (log(s +m) + log(e?pu(k +m))) + WHIB*H? + W) M & M}.

Compared with the upper bound for the in-sample prediction error, every term in the
upper bound in Corollary 3.1 has an additional factor of 1/¢(7m). As seen in Assumption
A4, o(m) must be interpreted as the smallest restricted eigenvalue of the empirical Gram
matrix and so it can be small when N is large. Therefore, the upper bound in Corollary
3.1 can be larger than the upper bound in Theorem 3.1.

In the next theorem, we establish an upper bound for the OOS prediction error. Let
(Y., XL), 7 > T, be a new copy of (Y3, X])" that satisfies Assumption A.1 (3)-(i) and

that is independent of (Y, X) with Y := (Y3,...,Y7)".

Corollary 3.2 (OOS prediction error). Let the assumptions and the notations of The-

orems 2.1 and 3.1 hold. Let B be the Ridge estimator defined in equation (2.2). Take

Kp < TU=29/4 where A := max{4 + p,2 + 3p}, and let ¢ < min{f(—%, [C{l} < C for
1

two positive constants ¢, C, log(Nymg) = o(T1=20P/4) . Then there is a constant K.

independent of T" such that with probability converging to 1, conditional on X,

s - (7 + 57)[log(N) + log(e®p(m)] | o o 1
X1(B—B.) < I1X, 5ll2 (K\/ T ) +2 Hﬁ*\lzw(m)g).

The upper bound for the OOS prediction error is larger than the upper bound for
the in-sample prediction error because X, has dimension NV, which is large. Preselection
allows us to reduce this dimension from N to (m + s*), and we do not need to assume

that || X;||2 = O,(1) as, for example, in Carrasco and Rossi (2016).
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3.2 Out-of-sample evaluation of the selection of «

In this section, we evaluate the performance of @, the minimizer of the GCV as
described in Section 2.3, for OOS prediction which is the objective of nowcasting for
central bankers. Previous research (Li, 1986; Carrasco and Rossi, 2016) has established
optimality of GCV minimization for in-sample prediction in the setting of Ridge regu-
larization, but these studies do not consider optimality for OOS prediction. Although
Leeb (2008) does so in a setting different from Ridge regularization to evaluate the per-
formance of model selection our proofs depart entirely from their proofs.

Consider a new copy (Y741, X7, ;) of (Y3, X{)" that satisfies Assumption A.1 (i)~
(ii) and that is independent of (Y, X)) where YT := (Y,...,Y7) and XT) =
(X1,.... Xp), that is, Yo = Y20 X By +erar = 30y Xra1iBuy + e with
B.j; = 0forevery j € {s*+1,...,m+s*}, Eleri1|Xri1] =0, and Var(ery1| Xri1) = o2
When researchers aim to forecast, they want that the @ selected by GCV (based on the
sample (Y, X)) be optimal for OOS prediction. The OOS performance of a selected
value a is evaluated by considering the conditional mean squared prediction error given
by

oY D X D) = B[(Yr — Ba) Xrn)YY D, XD, A

where B\(a)’XTH = Zj:f XTHJ,/B\]'(a), 3(04) is the Ridge after Model Selection esti-
mator defined in equation (2.2), and A := {M* C ]\/4\} Theorem 3.2 provides the rate
at which the GCV criterion converges to p?(a; Y™, X)) uniformly over a in a given
region as T' — oo. To this end, we introduce the following notation: for a vector 3 € R¥

and an index set M C {1,..., N}, denote B,y = (Bj)jem € RIMI Sy o= XyuXu/T,

s i= EXur Xy, and B o= { X1 [[Ear - 5

<C |—Aj/{|}with0<6’<oo

op
as a universal constant. For a matrix A, ||A||,, denotes its operator norm.

ASSUMPTION A.5. Assume that: (i) Ele}] < C) for some constant 0 < C} < oo;

(ii) for every t, E[X, J\?XZM|XU_1)7A] = Y5, and Xg; is bounded almost surely; (iii)
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P(M* ¢ M\) = o(rar), where r a7 is a non-stochastic sequence independent of o that
converges to zero as T — oo; (1) P(B(]\/J\)C) = o(rgr), where rgr is a non-stochastic
sequence independent of « that converges to zero as T — oo; and (v) for any index set
M C {1,...,N}, there exist a w(M) € RM and v > 0 such that é*,M = ZXfw(M) and

|w(M)||2 < 0o (source condition).

Assumption A.5 (4ii) is satisfied by our preselection method in Step 1 under As-
sumptions A.1-A.3. Theorem 2.1 gives an explicit expression for r4p under those
assumptions. Assumption A.5 (i) is satisfied, for example, if X (7 are independent
sub-Gaussian random vectors with sub-Gaussian norm bounded by a constant K. In
this case, C in the definition of B is equal to 4K? and rzr = 2E[exp{2log(m + s*) —
cmin{y/ZE" PESATY) for a numerical constant ¢ > 0 by the Bernstein’s inequality for

sub-exponential random variables (see, e.g. Vershynin, 2018, Theorem 1.4.1).

THEOREM 3.2. Let Assumptions A.1 (i)-(i1) and A.5 hold. Let £,| Xy, t > 1 be indepen-
dent zero-mean random variables, (m + s*)/T < 1 for every T > 1 with probability 1,

and 7 := min{y, 2}. Then, for every a > 0,

p*(a; YD, X)) — GCV ()]

_ 1 1 T4 sF) o~
=0, (oﬂ + T + T + (7 - i )04(7_2)) + O, (max{rar,rgr}).

Moreover, for any constants 0 < a < oo and 0 < u < 1/2, and for a sequence ar — 0

as T — oo such that: T=Y/** /& — 0, it holds that

sup }pQ(a; y ™, X(T)) - GCV(a)| = O, (rr) + O, (max{rar,rsr}),

a€laT—1/2+u qp)

where rp = @?p +T7*+ WT(%:’)U*%)/Z-

This theorem establishes the rate at which the conditional mean squared prediction error

(fts*)

Taursas—o — 0, then the convergence of the two

converges to the GC'V criterion. If
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criteria is uniform over a shrinking interval. The next theorem establishes the OOS

optimality of the GCV-minimizer a.

THEOREM 3.3. Consider the minimizers of GCV () and p*(a; Y1), X))

a = arg min GCV ()

a€laT—1/2+u G|

and @ = argMil,ejop-1/2+u 5, PP YT XD where o, u, and ap are as defined in
Theorem 3.2. Then, in the setting of Theorem 3.2, (i) @ is as good as o* for OOS

prediction in the sense that
PP@ YD, X)) = pP ot YD X D) = O, (rr) + Op (max{rar, rs,7})

where rr is defined in Theorem 3.2, and (ii) the OOS predictive performance can be

consistently estimated in the sense that

|IGCV (@) — p(a; y (™, X(T))\ = O, (rr) + O, (max{rar,rar}).

4 Monte Carlo exercise

This section presents the results of a simulation exercise. We are interested in un-
derstanding how the dimension of the problem, N and T', the degree of sparsity s* in the
model, and the correlation among the predictors affect the nowcasting performance of
our estimation method in finite sample. To this end, we conduct two exercises. The first
consists in comparing our Ridge after Model Selection procedure with the most com-
monly used methods in the macroeconometric nowcasting/forecasting literature. For
the description and results of this exercise, see Section D in the Supplementary Ap-
pendix. Here, we show the results of the second exercise, in which we examine the effect

of varying N, T, s* on the in-sample and OOS prediction error to confirm the theoretical
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results in Section 3.1.
The data are simulated according to the following DGP: t =1,...,T,
1 0.3

Y = 7/275 + 5':&: + vy, it = (Zl,ta Z2,t)/ ~ N2 |0, ’
03 1

Tt = 5,215 + Uy, (41)
(Nx1)

where v = (1,2), uy ~ Ny(0,¥), ¥ is an (N x N)-full rank covariance matrix, and
vy ~ N(0,1). In the DGP for y;, we have two sets of covariates: z;, which we are
sure is in the model, and x;, which must be preselected. The possible sparsity of the
model only affects z;. Specification of 8 governs the sparsity of the model, § determines
the correlation between z; and z;, and ¥ affects the correlation among covariates in x;
that are included in the model and those that are not. We consider a sparse structure:
B; ~N(0,1) for j < s* and 3; =0 for j > s*.

For the parameter vector §, we use the specifications: § = 0.2: and 6 = 0.8: with
¢ denoting a (2 x N) matrix of ones. For the covariance matrix W, we consider two
cases: (I) uncorrelated: U = Iy and (II) decreasing correlation: ¥ = (|O.5|j_k)j7k. For
N,T,s, we consider: (N = 150,7 = 100,s = 105), (N = 200,7 = 150,s = 105),
(N =200,7 = 150, s = 110), and (N = 200, 7 = 100, s = 110). We adjust split between
in-sample and OOS to keep the same fraction of observations in the two samples.

We present the results in Tables 1-2 in Appendix A as ratios with respect to the case
N =150,7 = 100, s = 105. That is, we show the in-sample mean squared error (MSE)
of each triplet (N, T, s) relative to the in-sample MSE for N = 150, 7 = 100, s = 105,
labeled “MSER”, and the OOS MSE of each triplet (N, T, s) relative to the OOS MSE
for N = 150,77 = 100,s = 105, labeled “MSFER”. The threshold parameter A is set
equal to the {80%, 90%, 95%, 97.5%, 99%, 99.5% }-quantiles of a A/(0, 1) distribution and
is indicated in the first column of Tables 1 and 2. This choice corresponds to a false

discovery rate (FDR) equal to 20%, 10%, 5%, 2.5%, 1%, 0.5%, respectively.
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We see that when 7" increases from 100 to 150, both the MSE (in-sample error) and
the MSFE (OOS error) decrease even if N increases as well (first two columns in Tables
1-2). When s is also increasing (going from s = 105 to s = 110), we see a reduction in the
MSE and MSFE;, even if it is smaller (third and fourth columns in Tables 1-2), and for
the values of A corresponding to a FDR of 20% (and also 10% in the case 6 = 0.2¢), only
the MSFE decreases. The conclusions are similar for the two structures of W. Instead,
when N and s increase but 7" remains fixed (last two columns in Tables 1-2), the MSE
is decreasing in most of the cases but the MSFE is increasing. This illustrates our extra

term [|X_ 7|2 in the upper bound for the OOS prediction error in Corollary 3.2.

5 Empirical Study

In this section, we present the empirical results obtained by applying our Ridge after
Model selection procedure to nowcast GDP growth rate with weekly GSD for three
countries/areas: the euro area (EA, hereafter), the United States, and Germany. We
present our OOS results for three various phases of the business cycle: a calm period
(2014-2016), a period with a sudden downward shift in GDP growth (2017-2018) and
a recession period with large negative growth rates (2008-2009). We consider 2014—
2016 a calm period because it does not show any strong GDP movements, excepting a
decline in oil prices starting from mid-2014. The period 20172018 is interesting in that
although the global economy was recovering in 2017 at a faster pace than economists
expected the trade war initiated by the Trump administration came by surprise, leading
to a sharp slowdown in global GDP growth amidst rising uncertainties around global
trade. Last, all the considered countries/areas experienced a large drop in the level of
GDP during the Great Recession of 2008-2009, in the wake of the global financial crisis.
During these three periods, the quality and sample size of GSD may have improved, for

instance, due to the population’s improved access to internet. While we implicitly assume
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that no structural change in the quality of GSD occurred over the sample considered,
interpretation of our empirical findings should take this assumption into account.

We compute the empirical results against a background of pseudo real-time analysis;
that is, we account for the release dates of official variables, but we do not use vintages

of data.

5.1 Design of the empirical analysis

The objective of this empirical application is to nowcast on a high-frequency basis
quarterly GDP growth rate (variable Y; in model (2.1)) for three countries/areas. Official
GDP data come from Eurostat for EA as a whole, from Destatis for Germany, and from
the Bureau of Economic Analysis for the U.S. The official monthly macroeconomic series
that we use as regressors x,, and x; , are, respectively, the growth rate of the industrial
production index, which is the measure of hard data most used by practitioners, denoted
by I P,, and a composite index of opinion surveys from various sectors as a proxy for soft
variables, denoted by S;. As regards Germany and EA, we use for S; sentiment indexes
computed by the European Commission, and we use the well known ISM index for the
U.S. economy.

GSD are weekly data received and made available by the European Central Bank
every Tuesday. GSD are data related to queries performed with Google search machines.
Google assigns queries to particular categories using natural language processing meth-
ods. GSD are not the same as Google Trends data but rather are indexes of weekly
volume changes of Google queries grouped by category and by country. Data are nor-
malized at 1 at the first week of January 2004, the first week of their availability. Then,
the following values indicate the deviation from the first value. The GSD we use for
our study cover weekly Google searches for the six main EA countries: Belgium, France,
Germany, Italy, the Netherlands, and Spain, as well as for the United States, ranging

from the January 1, 2004, to December 31, 2018. For each country, we have at our
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disposal a total of N, = 296 variables (categories). When dealing with the EA as the
whole, we account for information conveyed by the six main countries, meaning that we
have access to a total of N, = 1,776 GSD variables.

Treating weekly data is particularly challenging as the number of entire weeks present
in every quarter is not always the same, and a careful analysis must be done when
incorporating these data. Original data are not seasonally adjusted, thus we take the
growth rate over 52 weeks to eliminate the seasonality within the data, a standard
procedure when dealing with weekly data (see Lewis et al., 2020). To account for the
variation over a quarter, we add a second differentiation over 13 weeks. Consequently,
models are estimated on a recursive basis starting the last week of March 2005.

In addition to the challenge of frequency mismatch in the data, we must address the
fact that data on official series and GSD are released with various reporting lags, which
leads to an unbalanced information set at each point in time within the quarter. In the
literature, this issue is referred to as a ragged-edge database (see Angelini et al., 2011).

Because of the different frequencies of z; 5, ¢, and x4 — monthly and weekly, re-
spectively — and of the various reporting lags, the relevant information set for calculating
the nowcasts evolves within the quarter. We assume that a given quarter is made up of
thirteen weeks. Thus, by letting z ; ,) designate the vector of series in x;; released at
week v of period ¢ and zj(,),; the i-th series in x ), we denote by xglj)l a summary
of {2 )1 < v < w}. Then, we define the relevant information set at week w of a
quarter t as Q") = {:E,Elj)l,z =1,...,N,, j € {s,h,g}}. For simplicity, we keep in o
only the observations relative to the current quarter ¢ and do not consider past obser-
vations. While the series in z; 4 are in Q§w) for every w = 1,...,13, the other variables
are in the relevant information set only for the weeks corresponding to (and after) their
release, and so the data set is unbalanced.

To explicitly account for the relevant information set at each week of the quarter,

we replace model (2.1) by a model for each week w denoted by M, and defined as:
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Ve=1,....T,Yw=1,...,13,

Muwy:  EYIQM] = Bow+BL,at + 8,2 + 8ot (5.1)

(w)

where z;', (w) (w)

= () gi)i=1,Ngs Bjwi = 0 1f 27 ¢ Q") For instance, as the first obser-
vation of EA-industrial production relative to the current quarter ¢ is released in week
9, we set the corresponding S, = 0 for every w = 1,...,8. The bridge equation (5.1)
exploits weekly information to obtain more accurate nowcasts of Y;. The idea of having
13 models is that a researcher aiming to nowcast the current-quarter values of Y; will use
the model corresponding to the current week of the quarter. For instance, to nowcast
the current-quarter value of Y; at the end of week 2, we would use model M s).

With regards to macroeconomic series, we mimic the exact release dates as pub-
lished by statistical offices. Within the EA, for instance, the first survey of the quarter,
referring to the first month, typically arrives in week 5. Then, the second survey of
the quarter, related to the second month, is available in week 9. The I P, for the first
month of the quarter is available about 45 days after the end of the reference month,
which is generally in week 11. Finally, the last survey, related to the third month of the
quarter, is available in week 13 (see Figure 1 in the Supplementary Appendix). For the
U.S. economy, survey data are released at the same dates as for the EA, but industrial

production data are released about four weeks earlier.

(w)

iy in equation (5.1) containing GSD variables, we take for

To construct the vector

each Google variable the sample average of its observations over the period week 1 to

week w of quarter ¢. That is, we construct JJEZ) = o Tt g w)/w. Take, for instance, w =

3 (i.e. model 3 which is used at week 3), then xfg is equal to (T¢g4,(1) 4+ T1g,2) + Te,g,3))/3-

For the survey S; in xl(t“;) and the industrial production IP; in ZL’EU;Z)

, we impose the
following structure, which mimics the data release explained previously in the case of
the EA. The variable x,ﬁ“;) is not present in models 1 to 4 because the current S; is not

available in the first four weeks of the quarter, so that 5,1 = fs2 = Bs3 = Bs4 = 0.

24



Then, for models w € {5,...,8}, xilz) is the value of S; for the first month of the quarter:
zﬁ? = S;.1, where Sy ; denotes the variable S; referring to the ¢-th month of quarter ¢. In
models w € {9,...,12}, xg) is equal to the average of the survey data available at the
end of the first and second months of the quarter: :UEL;)) = (Si1+St2)/2. Lastly, in model
13, mg? is the average of the survey data over the quarter: xff‘;) = (St1 + St2 + Si3)/3.

Similarly, the variable x%)

is not present in models w € {1,...,10} (so that 8, = ... =
Brio = 0), and in models w € {11,...,13}, a:i“,fl) is the value of I P, for the first month
of quarter ¢. For Germany and the United States we use a similar structure that mimics
the specific data release for these countries.

We split our data set in two non-overlapping subsamples: the training set and the
OOS set. The latter starts at 2014¢1, 2017¢1, or 2008¢1, depending on the period we are
considering, and the training sample always finishes two quarters before the beginning
of the OOS period to take into account the delay due to the release of GDP figures
(see Section E.5 in the Supplementary Appendix). We use a recursive scheme method,
that is, we re-estimate the parameters at each new nowcasting quarter using all the past
information available until the penultimate quarter before the nowcasting one.

In the implementation of the preselection step of our procedure, we can take into ac-
count the problem of frequency mismatch among the different sets of variables and make
each monthly/weekly series comparable to the quarterly Y; series in terms of frequency by
replacing each predictor with either its value available at a given week during the quarter
t or with the average of its observations over the quarter ¢. In the second case, we replace
Ty,s, Tep, and 4 by Zin:l Tt,s,(m) /3 ngzl Tt (m)/ 3, and mg,lgg) = Zzlugzl Tt g,(w)/ 13, TE-
spectively, with x; 5 (m), ¢ h,(m) and x4 () denoting the vectors of soft, hard, and Google
variables released at month m and week v of quarter ¢, respectively. In this application,
we carry out the preselection step only once by using the training sample available for
the first nowcast origin and the average values of the observations on the covariates

over each quarter (see Section E.4 in the Supplementary Appendix for a detailed expla-

25



nation). For the choice of the tuning parameter a, we choose it for each model w by

minimizing the GCV criterion GCV («).

5.2 Overall evaluation of GSD

This subsection presents our empirical results for the three countries/areas and the
three economic periods as explained previously to answer questions (A) and (B) in the
Section 1. We estimate the following models: (a) the nowcasting models My, ..., M3
accounting for the full set of information (GSD, hard data, and soft data) without
preselection, (b) the nowcasting models My, ..., M(13) accounting for the full set of
information (GSD, hard data, and soft data) with the preselection of Step 1 (i.e. Ridge
after Model selection approach), (c) the nowcasting models My, ..., Mpug3) by using
only GSD (i.e. Bsuw = Brw = 0 for every w = 1,...,13 in Equation (5.1)), and (d) the
models that only account for hard and soft data (i.e., without GSD, f,,, = 0 for every
w=1,...,13 in Equation (5.1)). Root MSFE (RMSFE) results are presented in Tables
3—-11 in Appendix A, each row corresponding to those four models. The complete tables
containing the RMSFEs for six values of 7 are in Section E.7 in the Supplementary
Appendix. From there we see how the choice of A\ impacts the nowcasting accuracy, and
for policy-makers, we recommend to use small values of 7 (1% or 0.5%).

By looking at rows 2-4 of Tables 3-11, we can compare nowcasts obtained with
and without GSD in a pseudo real-time exercise to assess: (i) if GSD are informative
when no official data are available for the forecaster and (ii) the extent to which GSD
remain informative when official data become available. The first stylized fact that we
observe in our results is the downward sloping evolution of RMSFEs throughout the
quarter stemming from models M), ..., M) with full information (second row). This
result is in line with what could be expected from nowcasting exercises when integrat-
ing increasingly more information throughout the quarter (see Angelini et al. (2011)).

Second, when using only Google information (third row), we still observe a decline of
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RMSFEs throughout the quarter but to a much lower extent. Third, when focusing
on the beginning of the quarter, models that only integrate Google information provide
very reasonable RMSFEs, which are slightly higher than those obtained at the end of
the quarter. This means that using only Google data at the beginning of the quarter,
when no other official information is available about the current state of the economy,
is a pertinent strategy for economists aiming at tracking GDP.

Let us now focus on the gain from using our Ridge after Model Selection strategy.
During both calm and sudden shift periods (namely, 2014-2016 and 2017-2018), this es-
timation strategy applied to the whole data set (hard data, soft data, and GSD) generally
tends to provide the lowest RMSFEs (second row of Tables 3-11 in the Appendix, lowest
values in boldface). This result, which is robust over the different countries/areas, does
not hold during the recession period (2008-2009). Thus, we have here few important
results. First, by comparing the first and second rows of Tables 3—11, we can conclude
that, outside recession periods, our Ridge after Model Selection strategy outperforms a
strategy that would skip the data preselection step. Second, when comparing the sec-
ond, third and fourth rows of Tables 3-11, we observe that, outside recession periods,
combining information (i.e. macroeconomic and Google data) generally leads to more
accurate nowcasts than those based solely on either pure macroeconomic information or
pure Google information. These findings are robust to the size of the training sample:
we also used a smaller training sample of the same length as the one used for 2008q1-
2009q2.

Third, recession periods exhibit a very specific pattern because preselecting data
does not necessarily generate lower RMSFEs during those phases of the business cycle.
Indeed, for almost all weeks within the quarter, the Ridge model that only integrates
Google data without preselection outperforms other models (third rows of Tables 5, 8,
11). Thus, our results suggest that during a recession, (i) forecasters do not have to pre-

select data and (ii) GSD provide more accurate information than official macroeconomic
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data. This latter result can also be observed during the COVID-19 recession, during
which research shows that using new sources of high-frequency data is an effective way to

get more reactive and accurate nowcasts of the economic activity (Lewis et al. (2020)).

5.3 Robustness checks

Next, we present the results of two robustness checks we carried out for the EA. The
first concerns a true real-time analysis executed by using vintages of GDP and industrial
production. The second robustness check consists in controlling for additional official

macroeconomic series other than industrial production and opinion surveys.

5.3.1 A true real-time analysis

We perform the first analysis over the period 2014-2016 for which we use vintages
of data for EA GDP and industrial production (survey data are generally not revised)
and account for the observed timeline of data release as provided by Eurostat. When
available, we also include lagged GDP growth among the explanatory variables of the
nowcasting models (see Table 25 in the Supplementary Appendix, which gives the exact
weeks in the OOS period 2014q1-2016ql for which the lagged GDP is included in the
real-time analysis).

Tables 36-38 in the Supplementary Appendix present the RMSFEs values that com-
pare the same four models (a)—(d) as in the previous pseudo real-time analysis. Overall,
the results that we have illustrated herein for the pseudo real-time exercise still hold in
true real-time. In particular, they show that (i) nowcasting accuracy improves through-
out the quarter, (i) GSD provide valuable information at the beginning of the quarter
when no official information is available, (iii) combining macroeconomic information
with Google information improves the results, and (iv) our Ridge after Model Selec-
tion strategy outperforms the other approaches in terms of nowcasting accuracy. These

results increase our confidence about the reliability of the real-time use of GSD when
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nowcasting EA GDP.

5.3.2 Controlling for additional macroeconomic variables

So far, we have controlled for economic surveys, S;, and industrial production, I P, as
official series. This choice is motivated by the fact that practitioners consider both series
the two most important variables to asses the EA economic state. Here, we aim to check
the robustness of our evaluation about GSD to a richer macroeconomic information set.
For this purpose, we include additional macroeconomic series among the covariates :cg?
and xﬁ“fl) in model (5.1) (see Table 26 in the Supplementary Appendix for a description
of the 22 macroeconomic variables used). Studies in the nowcasting literature commonly
use these types of macroeconomic series (e.g., sales, exports, unemployment rate) which
are continuously monitored by policy makers and market participants. We refer to
this richer set of variables as a Big Official Set and to the set made of the previously
considered variables, I P, and S, as a Small Official Set. The robustness check covers
two periods: 2014¢g1 — 2016¢1, which exhibited cyclical stability, and 2017¢1 — 2018¢4,
which exhibited a downward shift in the EA-GDP growth series.

As a performance measure, we take the ratios between the RMSFEs obtained by
using GSD together with the Small Official Set of data (resp. with the Big Official Set
of data) in the numerator (resp. in the denominator). A ratio larger than one indicates
that including additional official series improves nowcasting accuracy, and conversely.

Results shown in Table 45 of the Supplementary Appendix highlight that in the
period of cyclical stability (2014q1-2016q1) the inclusion of additional macroeconomic
variables when using our Ridge after Model Selection strategy does not generally improve
the nowcasting accuracy except for week 4 and, to a lesser extent week 2. This result still
holds when no preselection of data occurs and when we only account for macroeconomic
variables. This result provides a strong indication of the robustness of our findings in that

it means that using only industrial production and a survey provides a good estimate
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when nowcasting EA GDP. During a downward shift in the GDP, as in the period
2017¢q1 — 2018¢4, it seems worth including a larger set of macroeconomic variables in
weeks 4 and 6 to 10 (row 4 of Table 45). For the first three weeks and last three weeks,
the Small Official data set is preferred. However, if we compare the results obtained
without preselection of GSD (row 5), inclusion of additional macroeconomic variables
does not improve the nowcasting accuracy. A possible explanation is that the uncertainty
generated by the trade war does not have a strong common impact on all macroeconomic

variables and does not adversely affect economic activity across the board but it directly

affects the GSD.

6 Conclusions

Large data sets arising from alternative sources of information have gained popu-
larity among macroeconomists whose goal is to assess the current state of the economy
on a high-frequency basis. The design of an appropriate econometric methodology for
macroeconomic nowcasting must take into account the specific structure of the alterna-
tive data used. This paper deals with the particular structure of GSD and proposes an
econometric approach for nowcasting macroeconomic quantities based on GSD together
with official data when available. Our proposed Ridge after Model Selection approach
consists of two step: in the first step, GSD variables are preselected, conditionally on
the official variables, by targeting the macroeconomic aggregate to be nowcast. In the
second step, a Ridge regularization is applied to those preselected GSD and official vari-
ables, with Ridge tuning parameter chosen by GCV.

Our theoretical contribution consists in showing different types of optimality proper-
ties of our proposed procedure. First, we prove that our targeted preselection retains all
the active variables in the true model with probability approaching one as N, T — oc.

Second, we derive an upper bound for both the in-sample and OOS prediction errors
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associated with the Ridge after Model Selection estimator as well as for the parameter
estimator. Finally, we are the first to demonstrate optimality of GCV for OOS predic-
tion in the setting of Ridge regularization.

We illustrate our procedure through numerical studies and an empirical application
in which we nowcast GDP growth rates for the EA as whole, the United States, and
Germany by combining standard macroeconomic variables and alternative GSD. Em-
pirical results show that GSD contain valuable information about the current economic
state and that combining standard macroeconomic variables with GSD variables is gen-
erally fruitful. They also suggest that the preselection step is crucial, as it consistently
leads to better outcomes. However, recession periods present specific patterns as, during
those phases of the business cycle, models that only contain non-preselected GSD tend

to outperform in terms of nowcasting accuracy.
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A Appendix

0=02
N =200, T =150, s = 105 | N =200, T = 150, s = 110 || N = 200, T = 100, s = 110 |
FDR | MSER | MSFER MSER | MSFER MSER | MSFER
U=1Iy
20% || 0.9526 0.8104 1.0206 0.8478 0.7831 1.1369
10% | 0.9620 0.8412 1.0061 0.8863 0.9226 1.0240
5% || 0.9414 0.8364 0.9797 0.8794 0.9667 1.0041
2.5% || 0.9343 0.8611 0.9770 0.9030 0.9825 1.0019
1% || 0.9130 0.8753 0.9538 0.9220 1.0001 1.0188
0.5% | 0.9089 0.8781 0.9485 0.9324 1.0013 1.0146
U= ((0.5)VH)
20% || 0.9643 0.7904 1.0066 0.8154 0.9051 1.1521
10% | 0.9657 0.8325 1.0053 0.8724 0.9492 1.0860
5% || 0.9236 0.8387 0.9654 0.8812 0.9805 1.0222
2.5% || 0.9178 0.8503 0.9642 0.8905 0.9996 1.0216
1% | 0.9011 0.8593 0.9477 0.9025 1.0262 1.0287
0.5% || 0.8865 0.8607 0.9403 0.9097 1.0301 1.0427

Table 1: Effect of N,T,s on the in-sample and OOS prediction error. In-sample (MSER) and OOS
MSE (MSFER) are expressed as ratios with respect to the case N = 150,7 = 100,s = 105. FDR

denotes the percentage of false positives that can be tolerated.

0=0.8
N =200, T =150, s = 105 [| N = 200, T = 150, s = 110 | N = 200, T = 100, s = 110 |
FDR || MSER | MSFER MSER | MSFER MSER | MSFER
=1y
20% || 0.9481 0.8047 1.0185 0.8433 0.7856 1.11799
10% | 0.9476 0.8438 0.9955 0.8885 0.9184 1.01455
5% || 0.9275 0.8280 0.9718 0.8747 0.9767 0.99942
2.5% || 0.9338 0.8477 0.9768 0.8932 1.0001 1.00466
1% | 0.9136 0.8666 0.9547 0.9149 0.9993 1.02664
0.5% || 0.9097 0.8694 0.9487 0.9248 0.9995 1.01358
v = ((0.5)07H)
20% || 0.9488 0.7826 0.9952 0.8103 0.8957 1.14796
10% | 0.9511 0.8283 0.9941 0.8686 0.9463 1.07847
5% || 0.9081 0.8314 0.9555 0.8779 0.9928 1.02038
2.5% || 0.9018 0.8368 0.9499 0.8777 1.0081 1.01674
1% || 0.8987 0.8490 0.9452 0.8942 1.0303 1.03002
0.5% | 0.8866 0.8518 0.9373 0.9010 1.0321 1.04643

Table 2: Effect of N,T,s on the in-sample and OOS prediction error. In-sample (MSER) and OOS
MSE (MSFER) are expressed as ratios with respect to the case N = 150,7 = 100,s = 105. FDR

denotes the percentage of false positives that can be tolerated.
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