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A Leading Indicator of Economic Activity: International and Spanish Context

Abstract

This paper reviews international practices in nowcasting and related approaches to the early
assessment of macroeconomic conditions in order to provide a comparative and
methodological reference for the analysis of short-term macroeconomic statistics within
Spain’s official statistical framework. Drawing on evidence from national statistical institutes in
the United Kingdom, Germany, the Netherlands, Switzerland, and Italy, as well as from
Eurostat, the study documents a broad methodological landscape that includes ARIMA and
MIDAS models, dynamic factor models, Fourier-based decomposition, neural networks, and
signature-based approaches. These methods make increasing use of high-frequency and
timely data to generate early signals on broad macroeconomic developments. The Spanish
case is examined in depth, with particular attention to the robustness, coherence, and level of
disaggregation of the Quarterly National Accounts compiled by the National Statistics Institute
(INE), together with the institutional, methodological, and operational requirements associated
with preserving consistency within the European System of Accounts. The paper thus offers a
structured evidence base for comparative analysis and methodological reflection on the
production of short-term macroeconomic statistics.
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1 Introduction

Gross Domestic Product (GDP) is widely regarded as the most comprehensive
indicator of a country’s macroeconomic performance. It summarizes the overall
level of economic activity and plays a central role in informing public policy
decisions, including those related to fiscal and monetary policy, as well as the
design and evaluation of social programs. In recent years, the use of GDP has
expanded beyond the public sector, becoming increasingly relevant in the private
sector for risk assessment, economic forecasting, and strategic planning. This
growing reliance on Gross Domestic Product (GDP) as a primary indicator of
economic health has significantly intensified the international demand for more
timely and high-frequency, or even real-time, estimates. This shift is driven by
the need for faster, more accurate data to inform policy decisions, particularly
during crises.

However, collecting official basic data and processing them to obtain official
short-term indicators is time-consuming and they almost always need additional
resources. Consequently, the first calculation of a short-term overall economic
indicator will necessarily include some proportion of estimates as not all basic
data will be available at that time of release. It is important to highlight that,
the earlier such a short-term overall economic indicator is to be calculated, the
larger the proportion of data to be estimated will be and therefore the uncer-
tainty associated with the results and, probably, the magnitude of subsequent
revisions. The trade-off between the timeliness (speed of release) and reliability
(accuracy and precision) of economic statistics is a foundational, and largely
unavoidable, challenge in official statistics. To provide actionable data for pol-
icymakers and financial markets, statistical agencies must release information
quickly, which often means relying on incomplete, partial datasets. This neces-
sitates a "first estimate” that is subsequently revised multiple times as more
comprehensive data becomes available.

An early estimate of an economic key figure can be referred to as forecast,
nowcast or flash estimate, depending on when it is produced. An estimate that
is produced at a time when few, or no official basic data are available, is gener-
ally a forecast. A nowcast (from "now” and ”forecast”) is a very early estimate
produced during or shortly after the end of a reference period. Finally, a flash
estimate is typically calculated only some time after the end of a reference pe-
riod.

In light of this need for earlier but still reliable data, the Spanish Statistical
Office, through its annual working plan (Plan de Actuacién 2025), has promoted
research into innovative methods to produce more timely GDP estimates while
preserving the reliability and confidence levels of its publications. Currently,
the Spanish Statistical Office, aligned with the majority of national statisti-
cal offices in Europe, publishes the GDP in quarterly and annual frequencies.
For each quarter, two estimates are released: an initial estimate approximately



thirty days after the end of the reference period, followed by a revised estimate
around ninety days after the end of the reference period. This article explores
both the available techniques and the national and international context, in or-
der to lay the groundwork for making an informed decision about the feasibility
and advisability of producing a leading indicator of economic activity, capable
of providing a measurement of economic activity closer to the reference period
than that currently produced by the Quarterly National Accounts (QNA) while
maintaining quality standards.

The techniques for estimating GDP within a short time frame are commonly
referenced to as GDP nowcasting, as previously stated. These methods rely
on the timely availability of high-frequency indicators to approximate current
economic activity. A range of methodological approaches have been used for
this task:

e Traditional econometric models, such as linear regression, optimized with
regularization techniques such as LASSO and ridge equations to improve
variable selection and reduce the dimensionality of the problem. An ex-
ample of using simple regression can be read in Koenig and Dolomas [8].

o ARIMA (AutoRegressive Integrated Moving Average) models, widely used
in time series analysis, which are able to capture autocorrelation patterns
and trends in GDP or its components, and can serve either as forecasting
tools themselves or as part of more complex nowcasting frameworks. An
example of this methodology combined with bottom-up aggregation is
presented by Dickopf et al. [5].

o MIDAS (Mixed-Data Sampling) models which allow the use of data sources
and indicators with different publication frequencies in a coherent way. An
example of applying this methodology for nowcasting is proposed by Kuzin
et al. [10].

e Dynamic factor models that aim to reduce the dimensionality of the prob-
lem by constructing unobserved factors that capture the common dynam-
ics governing GDP evolution. Giannone et al. [7] present a well-known
example of the application of this methodology to GDP nowcasting.

e Machine learning methods, such as random forests, which are able to cap-
ture non-linear relationships increasing the complexity of the algorithms.
Richardson et al. [22] analysed the performance of this kind of meth-
ods (SVM (Support Vector Machine) and neural network) compared with
more classical ones for GDP nowcasting.

In addition to these model-based approaches, a complementary form of GDP
nowcasting involves applying methodologies similar to those used in the first
quarterly GDP estimation, for example the widely used bottom-up aggregation
based on other economic aggregates, which may or may not have complete data



available at the time of estimation. For these data gaps, the forecasting tech-
niques described above can be applied, allowing the construction of a timely
aggregate GDP estimate.

The rest of the article is organized as follows. The second section offers a
review of the nowcasting practices used in European countries, highlighting the
key methodological frameworks, as well as an overview of the Spanish context
regarding the short-term measurement of economic activity by INE, along with
the framework in which this measurement is carried out. Finally, the article
concludes with a synthesis of the main findings which should serve as a basis for
reflection on the current situation and possible future alternatives, taking into
account the context in which we find ourselves, both in terms of the standard-
ized evaluation of the different quality dimensions carried out by Eurostat, as
well as the limited resources available, the basic information that can be incor-
porated and, above all, the users’ needs.

2 Nowecasting in Official Statistics: International
Experience

The need to deliver GDP data more timely and at higher frequencies does not
concern only the Spanish Statistical Office, it is shared across all national sta-
tistical offices in Europe. For that reason, several national statistical offices
have in recent years begun initiatives to explore alternative methodologies for
short-term economic monitoring. These efforts have included the development
of nowcasting models and, in some cases, the publication of leading economic
indicators as experimental statistics.

To gather detailed information on these initiatives within European national
statistical offices, a consultation was carried out with the Expert Group in Quar-
terly National Accounts (EG QNA), group that operates under the coordination
of Eurostat. This forum provided an opportunity to exchange experiences and
establish direct contact with other national statistical offices, enabling a better
understanding of the practices and methodologies which have already been im-
plemented or researched with the aim of GDP nowcasting and higher-frequency
publications. Responses and comments were received from Switzerland, the
Netherlands, and Germany, as well as Eurostat itself, which also shared its ex-
periences in this area.

This section presents an overview of the experiences shared by European
national statistical offices in the EG consultation, together with the cases of the
statistical offices of the United Kingdom and Italy, for which the publicly avail-
able information has been analyzed. In addition, the experiences of Eurostat
and Spain regarding nowcasting techniques and their possibilities are described.



21 UK

Among European countries, the United Kingdom stands out for having institu-
tionalized the monthly publication of GDP, a practice that reflects a commit-
ment to improving the availability of GDP data. This monthly GDP publication
has been released by the Office for National Statistics (ONS) since 2018, around
forty days after the end of the reference month. Due to this publication lag,
this methodology cannot be considered as nowcasting but it is considered a
good practice for providing valuable early insights into GDP growth trends and
turning points. In addition, these estimates are consistent with the quarterly
national accounts, despite not following the exact same methodology.

According to its official methodological report [16], the monthly GDP es-
timate is based exclusively on the output approach (production, services, and
construction sectors), as the expenditure and income components are not suffi-
ciently available at this frequency. This first publication relies on approximately
80 % of the source data typically used in quarterly estimations, with the remain-
der imputed using short-term forecasting models based on historical data. Given
the limited availability of data, this first estimation is subject to revisions during
the following months as more complete data become available.

In addition to this official monthly publication, the ONS has pursued innova-
tive nowcasting research in collaboration with the Alan Turing Institute (UK’s
national institute for data science and artificial intelligence). This partnership
has focused on the application of advanced mathematical and machine learning
techniques to short-term economic forecasting, with a main focus on apply-
ing the signature method [3] (a mathematical approach grounded in path the-
ory that represents time series data into a structured algebraic representation).
This approach has shown promising results in capturing complex temporal de-
pendencies and nonlinear relationships among economic indicators, enhancing
predictive accuracy in high-frequency contexts. The next section describes this
work.



2.1.1 Signature Method

The path signature is a property of continuous paths. Formally, a path in R?
is defined as a continuous function X : [a,b] — R? where each component is
a one-dimensional path X* : [a,b] — R. The signature is defined through an
iterative construction. Let

SYHXM) . = /t dxk = xf — xk,
and define the double iterated integral as
S2(XFXY . = /t SYXF), dX! = /t / dXFdx!.
More generally, the n-fold iterated integral is defined by

t
Sr(XF Xk Xk X, = / Sro (xR xR X ), dX

The superscript n denotes the number of iterated integrals, referred to as “level”.
Then, the signature of the path is the ordered infinite collection of all such terms

S(X)ap = (LSH XY apy s SHX D00 SHXT X )0y SHXTX ) g, o) -

5
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S(t) + S1(x)

S'(z)

Figure 1: lustration of the first 2 levels of the signature terms of a two- dimen-
sional path (with variables t and z). Taken from [3]



The path signature captures geometric information, such as the order of
events. The first level signature terms give the change/increment in each di-
mension between the start and end of the path. The second level terms are linked
to areas bounded by the path. Figure 1 show a visual representation of the in-
tervals and areas represented by the signature terms for a two-dimensional path.
When working with real data, the variables are only observed at discrete inter-
vals. So, in practice, it is needed to work with truncated signatures, S k(X )[O,T].
The paper argues, although we will not discuss it here, that the Kalman fil-
ter can be equivalently written as a linear regression problem on the signature
space, which provides an easy approach to nowcasting, using regression on the
signatures of the observations.

Let Y; be the (low-frequency) target variable and let X; be the (high-
frequency) observed explanatory variables at t. Motivated by the approximation
of the Kalman Filter in terms of signatures, it is assumed that for some trun-
cation level k there is a model of the form

k

Y= (ap+ BrYi )i + €,

k=0
where

e Y, is a past observation of the low frequency target variable, available
at the time of nowcast. This can correspond to the target variable at the
beginning of the lookback window over which the signatures are computed,
or the most recent observation;

e ¢; is a mean-zero error term which is assumed to be stationary;

e iy is a sequence (for each value of t) of signature terms at level k, in-
cluding iterated integrals of ¢ and the different components of the observed
process X, calculated over a lookback window ending at the present time;

e «ay, O) are vectors of regression coefficients (the dimension of which de-
pends on k).

There are a variety of practices for choosing the signature truncation level k, as
proposed by [15] through hyperparameter optimisation.

They set out the proposed framework in two algorithms. Algorithm 1 gives
the procedures to fit a single signature regression model on a set of cleaned
data. The full proposed signature regression method pipeline is as detailed in
Algorithm 2.



Algorithm 1: Fit signature regression model.

Input:

e cleaned/pre-processed data available in a wide table, pivot format, which
includes the observed data and the target variable;

e target variable name;
e data parameters such as the publication lag in the target variable;

e a set of model parameters associated with the number of signature terms
such as the truncation level, lookback window length, whether to use the
previous known value of the target variable.

Process:
1. Define the auxiliary dataframe of observations available.

2. Convert the path information of the observations into truncated signatures
over the lookback window.

3. Split signatures into training data and test data. The train data can be a
proportion of the data available, or it can be the maximum data available
(all timepoints where the target is defined).

4. Fit a (regularised) regression model.

Return: Fitted model.




Algorithm 2: Signature regression framework.

Input:
e data available (observation & target) in a wide table, pivot format;
e target variable name;
e data parameters, e.g. publication lag in the target variable;

e model parameters associated with signature regression, e.g. the truncation
level, lookback window length, whether to use the previous known value
of the target etc, these may be given as lists to hyperparameter search
over.

Impute missing values in the dataset by specified method (defaults to forward
fill for all values except those at the beginning which are filled by backward fill).

for each set of hyperparameters/configurations do
for each time over the hyperparameter optimisation period do

1. Fit a signature regression model as outlined in Algorithm 1.
2. Evaluate the hidden data set with the regression model.
3. Store predictions and errors.

end for
end for

Identify the best set of hyperparameters.

if Recursive nowcasts then
for each time that a nowcast is required do

1. Fit a signature regression model as outlined in Algorithm 1.

2. Evaluate the test set (only the time for the current nowcast)
with the regression model for a nowcast value.

end for
else

1. Combine the train and validation set and fit a signature regression
model as outlined in Algorithm 1.

2. Evaluate the test set with the above trained regression model.
end if
Return: Fitted model.




Regarding the experiment setup, a simulation of a state space model is per-
formed and these methods are compared with the Kalman filter obtained from
the simulated model (and therefore optimal).

Figure 2 shows the residuals of the Kalman Filter plotted against the resid-
uals of the signature method. The line of best fit in this case has gradient 1.00
and a y-intercept of —0.02. The R? of the regression on these residuals is 0.99.
The result shows a very good alignment of the errors of the signature method
against the ideal filter.

1.00+

Residual of regression on signatures

~10 0.5 0.0 0.5 1.0
Residual of Kalman Filter

Figure 2: Residuals of the Kalman Filter against the signature method on sim-
ulated sampled data. Taken from [3]

Figure 3 compares the inferred paths of the Kalman filter and the fitted sig-
nature model on one particular simulated path, which shows that the signature
method predicts very similarly to the Kalman filter.
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Figure 3: Ilustration of one regularly sampled simulated path - the observed
values (X;) along with the true, hidden values that need to be inferred (Y;). The
trajectories inferred from X; with the Kalman Filter and the signature method
are also shown. Taken from [3]

A practical application of this technique can be seen in Section 6 of [3],
where the authors employ signature-based regression to nowcast U.S. quar-
terly GDP growth and benchmark its performance against a dynamic factor
model (DFM) patterned after the New York Fed Staff Nowcast. Using a com-
prehensive set of monthly macroeconomic indicators organised into soft, real,
labour, and global factor blocks, they generate weekly nowcasts by estimating
both a state-space DFM and a signature-based model in which truncated iter-
ated integrals of the factor series serve as regressors within a regularised linear
framework. Their results show that the signature method systematically at-
tains lower root-mean-square errors than both the DFM and the published New
York Fed nowcast across validation and test samples. Moreover, the precision
of the forecast improves further when the signatures are calculated not from the
raw factors of the principal - components but from the filtered factor estimates
of the DFM, indicating that the signature representation functions both as a
competitive stand alone nonlinear estimator - and as an enhancement layer that
strengthens the predictive ability of traditional dynamic factor models.

Despite the promising results obtained through this experimental nowcast-

ing approach, it has not been formally implemented yet in the ONS’s official
publication framework.
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2.2 Germany

The German statistical office (Destatis), aligned with other countries in the Eu-
ropean Union, currently releases official GDP data on a quarterly basis, with a
first estimate available approximately thirty days after the end of the reference
quarter. The Department of National Accounts does not publish any leading
indicators, nonetheless, Destatis has researched an experimental nowcasting ap-
proach [23] capable of producing early GDP estimates as soon as ten days after
the end of the reference quarter, which represents a great breakthrough com-
pared to the lag in the standard publication schedule.

According to the technical paper [5], the data sources used for this GDP
nowcasting framework combines both official and non-official indicators, which
stands in clear contrast to the data used for the current quarterly GDP publica-
tion, which relies exclusively on official statistical indicators. On the official side,
it includes short-term economic statistics such as industrial production indices,
retail trade turnover, balance of payments statistics, and employment data.
Complementing these official indicators, there are non-official sources intended
to capture more immediate shifts in economic activity, including business and
consumer sentiment surveys, high-frequency financial market indicators, and
new digital data such as electricity production and weather data. The integra-
tion of such heterogeneous inputs allows the model to incorporate early signals
of economic change that are not yet visible in traditional statistics, thus enhanc-
ing the timeliness and flexibility of GDP estimation.

The GDP nowcasting approach is based on an econometric model combining
bottom-up aggregation methodology and ARIMA models, including suitable in-
dicators in the model as external regressors. The estimate is not based on all
three GDP approaches, but rather only the production approach and the expen-
diture approach. Both are computed through bottom-up aggregation, whereby
a set of sub-aggregates are estimated based on the data sources described in the
previous paragraph, complemented with ARIMA based projections to fill in the
timestamps not available yet. Using these sub-aggregates, GDP is calculated
independently via the two approaches. For the final GDP estimate, a weighted
average of the two results is produced, assigning greater weight to the produc-
tion approach, given its comparatively higher data coverage and reliability at
the early stage of estimation.

The quality of the t+10 GDP nowcast is backtested, that is, assessing the
quality of the regression models by means of historical data. Assessing the
quality of the t+10 GDP nowcast is based on two common revision or deviation
measures: the mean revision (MR) and the mean absolute revision (MAR).

T N
MRy = Zt:l (yt,t}n Ut t4n)
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MAR,, = Et:1 |yt,t}n yt,t+n|

Figure 4 shows the estimates of the t+10 GDP nowcast and the t+30 GDP
flash, compared with the GDP results released at t+45. The values are GDP
change rates on the same quarter of previous year (yoy growth rates).

4.0

3.0

-1.0
Q1 I Q2 I Q3 I Q4 Q1 I Q2 I Q3 I Q4 Q1 I Q2 I Q3 I Q4 Q1 I Q2
2016 2017 2018 2019

[ t+10 [ =+30 [ t+45 2020-01-0148

Figure 4: Change rates of the gross domestic product on the same quarter of
the previous year. Percentage points. Taken from [5]

On the other hand, Figure —b5 shows the revisions of the t+10 GDP nowcast
and the t+30 GDP flash in relation to the GDP result released at t+45 days
for the individual quarters of the period examined. Table 1 shows the revision
measures explained before, the standard deviation and the maximum revisions
in the test period.
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Figure 5: Revisions of the change rates of the gross domestic product. Percent-
age points. Taken from [5]

MR (mean revision)

MAR (mean absolute
revision)

Proportion of
revisions | 1

Standard deviation

Maximum revision

t+10 GDP nowcast in relation to

t+30 GDP flash in relation to

t+45 release

t+135 release

t+45 release 1+135 release

percentage points

0.05

0.16

57.1%
0.21

+0.50
(2nd quarter of
2019)

0.07

0.16

69.2%
0.20
- 0.40

(1st quarter of

2018)

-0.01 0.06

0.10 0.17

57.1% 69.2%

0.13 0.21

-0.27 -0.38

(2nd quarter of (1st quarter of
2019) 2018)

Revision measures of the change rates on the same quarter of the previous year, unadjusted values; reference period: 1st quarter of 2016 to

2nd quarter of 2019,

1 Proportion of revisions in the same direction (here: positive revisions).

Table 1: Revisions measures of the t+10 GDP nowcast and the t+30 GDP flash.

Taken from [5]

The report conclude that, although calculations regarding a t+10 GDP now-
cast are promising, revision analyses show that the quality of the t+10 GDP
nowcast is inferior to that of the t+30 GDP flash, and that early GDP esti-
mation can be further improved, focusing on improvement in optimizing the
econometric models and in including additional non-official sentiment and sur-
vey indicators and short-term indicators based on new digital data.

14



2.3 Netherlands

In line with the European statistical framework, Statistics Netherlands (CBS)
publishes official GDP estimates on a quarterly basis. The first estimate, known
as “flash estimate”, is released approximately 30 days after the end of the ref-
erence quarter, and the second one is published with 85 days lag. Although
neither a monthly GDP estimate nor an early estimate is officially published,
CBS has shown a strong commitment to explore and research advanced methods
and the use of high-frequency indicators to improve the timeliness of economic
monitoring.

Over the past decade, CBS has published a series of research articles related
to producing more timely estimates of the Netherlands’ macroeconomic indica-
tors, including GDP. Firstly, in 2018, an initial report [19] explored the use of
linear filters and ARIMA models for nowcasting economic time series. Build-
ing on these early results, in 2020 a new study [9] employed dynamic factor
models (DFM), combining principal component analysis and Kalman filtering
to extract latent economic factors from a broad set of indicators for GDP now-
casting. More recently, this article has been extended to 2025 [20] with the
introduction of time series decomposition techniques (trend and seasonal pat-
terns) based on Fourier analysis. On the other hand, in 2024, CBS evaluated the
performance of deep learning methods, including neural networks, to improve
short-term GDP predictions [17].

Regarding the 2020 article [9], a dynamic factor model is used to nowcast
GDP, combining principal component analysis to reduce dimensionality and
Kalman filter to handle the different publication lag that each indicator has.
In this case, the target variable is GDP itself (or GDP growth rate), and the
estimation was based on the expenditure approach, so the selected indicators
mainly relate to private consumption, investment, government spending, exports
and imports. Additionally, the model incorporated more general economic in-
dicators, such as labor market and unemployment data, as well as expectation
indicators. In contrast, the 2025 extension [20] applied a similar DFM method-
ology, but incorporated a Fourier-based decomposition of time series to separate
trend and seasonal components, predicting each effect individually. Here, the
target is no longer GDP as a whole but the four macroeconomic aggregates com-
posing the production approach: Agriculture and Industrial Goods, Commercial
Services, Non-Commercial Services, and Product Taxes minus Product Subsi-
dies. Consequently, the main indicators used differ from the 2020 approach,
focusing on production-related activity.

Although these studies have shown encouraging potential to produce more
timely indicators, CBS has not incorporated any of these model-based ap-
proaches into its official statistical releases. To date, the institution continues
to restrict its GDP releases to official quarterly publications, while the experi-
mental nowcasting models remain at a research stage.

15



2.3.1 Dynamic Factor Model

The work [9] presents a dynamic factor model to estimate the GDP growth rate.
Let Y; be a N-dimensional vector of monthly indicators. It is assumed that Y;
follows a DFM with r latent factors, which are not observed directly,

Y = AF} + e,
Fy = AF 1 + wy,
e ~ N(0,%,),
ug ~ N(0,Q¢)

where ¢; is a N-dimensional vector and F}; a r-dimensional vector of factors, with
r << N. The N x r matrix of factor loadings A is assumed to be time-invariant.
Its elements A;; are the correlations between the i-th indicator and the j-th fac-
tor. the covariance matrix of the idiosyncratic disturbances X; is assumed to
be diagonal, which means that the errors are independent and uncorrelated.
The first term on the right of first equation is the common component of Y%,
which captures a large part of the comovements in the data, the joint dynamics.
The second term is the idiosyncratic component, which represents the individ-
ual specific (stochastic) shock corresponding to each of the N predictors. Both
components are orthogonal processes. It is also assumed that the factors follow
an AR process. The coefficient matrix A is assumed to be time invariant. The
error term wu; is a white noise process independent of the idiosyncratic shocks
€;; at all lead and lags, such that E[etugfj] = 0 for all j.

The previous equations form the state space representation. The quarterly
GDP estimation procedure essentially follows four steps:

1. Apply Principal Component Analysis (PCA) to estimate the common fac-
tors. In order to reduce the dimensionality of the problem, only the first
7 principal components are used.

2. The second step entails estimating the coefficient matrices A and A, by ap-
plying a Vector Autoregressive (VAR) model and Ordinary Least Squares
(OLS) respectively.

3. Third step is the Kalman filter, to make nowcasts of the factors.

4. The last step involves transforming the nowcasted monthly factors to a
nowcast of the GDP growth rate,

Y = BF; + €.

Once ( is estimated, then Y, can be computed, together with its uncer-
tainty, Var(Y:).

16



Regarding PCA, for selecting the number of factors a couple of tests were
conducted (Acceleration Analysis, Parallel Analysis, Kaiser Rule and Optimal
Coordinates method), obtaining the following results:

The first factor captures the general trend. It exhibits the clear drop dur-
ing the financial crisis and subsequently the (less severe) drop around the
Eurocrisis. It is highly correlated with producer sentiments and vacancy
indicators, CLI and the AEX index.

The second factor is a fairly stable factor. It shows a clear seasonal pattern.
Indicators that load heavily on this factor are indicators regarding the
production, revenues and prices of raw materials, minerals and energy. In
addition, some CPI and governmental series are related to this factor.

The third factor loads quite heavily on indicators that respond slowly to
economic decline, such as unemployment rates, numbers on social benefits
and consumption of durable goods. The drop of the crisis also shows
a little delay compared to the other factors. In addition, series on the
housing market are related with this factor.

The fourth factor is highly correlated with time series of sentiment indica-
tors. It also contains quite some time series on consumption and is highly
correlated with the number of mortgages taken out. It might reflect the
consumer and producer sentiment.

The final factors do not exhibit a clear correlation with a certain group of
indicators. They contain for example prices and revenues of industry and
raw materials. However, also governmental time series and series on trade
are captured in these factors.

Based on the tests, five seems to be the appropriate number of components.
These factors together capture 79.27% of the total variance. Figure 6 shows
these five factors.

17
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Figure 6: First five principal components. Taken from [9].

Concerning the last step in the estimation of GDP growth rate, it is neces-
sary to run a regression to estimate 5. The model described above relies on the
assumption of having stationary time series. The entire nowcasting procedure
is applied to stationary time series (by taking (log) differences), in addition to
nonstationary data, to investigate whether this has an effect on the nowcasting
performance. The first approach is referred to as the Econometric Approach
(EA) and the latter as the Operational Approach (OA). For the EA, the re-
gression is run using the historical GDP growth rates, while for the OA the
historical GDP values are used.

As the model assumes a monthly indicator but the GDP is a quarterly series,
it is necessary to get quarterly factors to obtain 8. Taking monthly differences,
two ways to estimate the GDP growth rate are considered:

o M1: V2 = BoF™ + BiF™, + BoF™, + €

o M2: FPZ = L [E" + 2™, + 3F["y + 2F"5 + F/",]
Method M2 is motivated by the approximation from [13], approximating the
sum of the three monthly values by their geometric mean plus a constant. Quar-
terly value of GDP, th , is the sum of the GDP of the corresponding months
within that quarter

7 ="+ 2+ 2,

Then, the following expression for the GDP growth rate is obtained

YtQ = 111(2?) - ln(th—l) ~

1
~ 3 G + () +In(z22) = In(z4"5) = In(z",) — In(24"5)] =

1 ~ ~ ~ ~ ~
=3 (V4 207, 439, + 20, + 7, )

18



where ¥/ = In(z/") — In(z™,) denotes the unobserved monthly GDP growth
rate.

The second set of estimates takes three-month differences of the indicator
series Y;, to transform all monthly indicators to quarterly equivalents. Then
the resulting factors are also quarterly. Every month quarterly estimates of the
factors are constructed, so other two ways to estimate the GDP growth rate are
considered:

e Q1: Takes every third element of the estimated factors.

e Q2: Takes the three-month average of the factors.

Additionally, two methods based on the same procedure but then applied
to nonstationary data are considered. That is, every third element of the es-
timated factors, as well as the three-month average will be used to compute FtQ.

The six different methods are compared and the different selection of the
parameters are explored: the effect of the number of factors (r), the number of
lags p in the VAR-regression and the effect of adding lags (ly) of GDP in the
regression to estimate 5. Figure 7 shows the single model that better works to
estimate GDP quarterly growth rate, which is M2 with parameters r = 4, p =
1,ly=0.
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Figure 7: Nowcast Q2 (r = 4, p = 1, ly = 0). The black dots are the realised
historical GDP growth rates. The blue line reflects the nowcast. The shaded
area represents the corresponding uncertainty, taking one standard error. Taken

from [9].

The paper also explore the averaging of models instead of use a single model,
concluding that the best-performing model uses the model set

{flash, Q2,,, M2411, M2415}

The last section checks whether the model is appropriate to estimate year
on year growth rates of the GDP. The time series are made stationary by taking
yearly differences or transformed into yearly growth rates. The PCA analysis
indicated using around 7 factors and the same techniques to get quarterly factors
from the monthly factor are used, that is, taking every third element (Y1) and
the three-month average (Y2). Figure 8 shows the best model for nowcasting
year on year growth rates, which is model Y2 with r =6, p =1 and ly = 1.
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Figure 8: Nowcast Y2 (r = 6, p = 1, ly = 1). The black dots are the realised
historical GDP values. The blue line reflects the nowcast. The shaded area
represents the corresponding uncertainty, taking one standard error. Taken

from [9)].

2.3.2 Nowecasting of Trend and Seasonal Patterns Based on Fourier
Analysis

The work [20] also applies a DFM methodology, using PCA components to re-
duce the number of factors and the Kalman filter to nowcast the indicators, but
in this case the target variables are four macroeconomic aggregates composing
the production approach: Agriculture and Industrial Goods, Commercial Ser-
vices, Non-Commercial Services, and Product Taxes minus Product Subsidies.

In this study, nowcasting is performed by first decomposing the series into
trend-+noise and seasonal components, to estimate each effect individually. The
filter used to decompose the time series suppress all Fourier components with
frequencies f < ﬁ and also all frequencies f > fn,, where fy, . is
the Nyquist frequency,

_ 1
year>
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The filter is the following;:

1
0 f< year

R(f)=q1 1/year < f < fn,, — vear
0 fNyq - yelar < f

This filter selects all periodic or quasi-periodic variations with periods less than a
year, but greater than a period which would be considered stochastic variations.
Multiplying instead by 1 — R(f) suppresses all such intra-year periodicities. An
inverse Fourier transform of R(f) thus yields appropriate weights:

w(t) = 2e) <2”Att)

it

where t = 0 corresponds to the centre of the window for the moving average,
and in which the constant a:

2
a=Tm (fNyq — year)

In practice, such a sharp edged filter is impractical because it implies that the
window over which to perform the weighted average in the time domain becomes
very large or even infinite. It is more practical to modify R(f) so that at the
transition frequencies the changeover from 0 to 1 is not discontinuous but it is
as steep as feasible. For more details see [18].

As previously stated, the target series compose the national accounts of the
production side of the economy. A nowcast of GDP, and the uncertainty interval
around its point estimate, can simply be obtained by aggregating respectively
the point estimate nowcasts of the individual target series, or their uncertainties.

The target time series are denoted with Yi,, with i € 7,(, for trend+noise
and seasonal components, respectively, n € 1,..., N and ¢t € 1,...,T. The com-
mon factors are denoted with ff,, where j € 1,..,v" runs over the optimal
amount of factors r* plus an extra term s?, v = r’ + s* with i € 7,(. For the
trend+noise component a linear trend term is added to the set of factors, while
an intercept term is added to the set of factors for both the trend+noise and
seasonal components. Then s™ = 2 and s¢ = 1. Here it is assumed that the
target and factor series are all regularly sampled and all at the same instances.
Then, the relation can be modelled as:

where Y is a (T x N) matrix containing the decomposed target series obser-
vations, F is a (T x v') matrix of common factors and additional intercept
(or intercept and trend) term. The (v’ x N) matrix 3% relates the factors to
the target series and ¢’ is a (T x N) matrix of idiosyncratic errors. As in the
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previous work, once 7 is estimated, the estimation Y}, and its variance V (Y},)
can be computed. Finally, the estimate of the GDP is obtained by:

N N
Yinyye = Z Yo+ Z v
n=1 n=1

Initially, before applying the described method, the cubic spline interpolation
technique is applied individually on the time series. Each series is resampled
from the resulting smooth continuous function at a bi-weekly cadence. Figures
9 and 10 show the nowcast of the GDP after the estimation on the individual
aggregates.

GDP
o
o —
N = Target series statline
= Target series resampled
® Target series nowcast
o —— 689% confidence interval
S
o W
o
O.
o
8 o
L & -
= —
c.
ka3
w 2
c —~
[}
=
©
> E _|
-
3
— T I I I I I I I
2013 2014 2015 2016 2017 2018 2019 2020

Time

Figure 9: Nowcasts and realized figures of the GDP in unit measurements.
Taken from [20].
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Figure 10: Nowcasts and realized figures of the GDP in growth rates. Taken
from [20].

2.3.3 Artificial Neural Network

The study [17] explores deep learning techniques, in particular the artificial
neural networks (ANN), for nowcasting time series in official statistics, as an
alternative to classic time series models.

Let y; be the target variable at time ¢, with¢ = 1,...,T, and X; the auxiliary
variables at time t. The matrix X; consists of m auxiliary variables, all given
for t = 1,...,7. Any time series model is basically a function of historical
observations and auxiliary data and, in a classic time series model, the goal is
to find an appropriate form of the relation such that it has good explanatory
and predictive value:

Yo = F(Y—1,Yt—2, s Ytmn, T1,4, T2ty ooy Tmy) + 6 for t=1,....T

In neural networks, the function f is not explicitly defined, and but instead
lets the learning algorithm discover for itself which patterns are present in the
data. The algorithm only trains the network in order to give good predictions
for the output variable, and explanatory value of the model is not explicitly
considered. Figure 11 gives an example of the inputs in a feed-forward neural
network with a single hidden layer. In practice, the number of hidden layers
and the number of neurons in each layer is one of the most important choices to
determine. Although guidelines exist, this is largely a matter of trial and error
and depends on the application at hand.
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Figure 11: Time series nowcasting model in a feed-forward neural network.
Taken from [17].

In order to learn a mapping from inputs to output, some inputs should
be given lower weights than other inputs. This is done via the neurons in each
layer. Each neuron receives a number of inputs from the previous layer, suppose
these are © = x1, ...x,. The neuron then first computes a weighted sum of these
inputs:

z=wr+b=wix1 + ... + wprg +b

After computing this linear combination, an activation function g(I) is ap-
plied. The activation function determines the output of the neuron and thus
how the network learns the training data. Some of the most important ones
are the linear activation function (which is just the weighted sum above), tanh
(which results in an output between -1 and 1), the ReLU (rectified linear unit)
and the sigmoid function. In this study, the two latter are applied:

ReLU: g¢g(z) = max(0, z)

1

Sigmoid: ¢(z) = 5o

The training set is processed in the model in relatively small portions which
are called batches. After a batch is processed, the weights are adjusted. Stochas-
tic gradient descent is an iterative method to optimize the loss of a predictive
model for the training set. It uses the first order derivative of the loss function.
At each batch, it calculates in which way the weights should be adjusted so that
the loss can reach a minimum. The learning rate parameter determines the
size of this adjustment step at each iteration. Through backpropagation, which
calculates gradients for the weights, the loss is transferred from one layer to
another, and the weights are modified depending on the loss. In the application
of this study, the ‘Adam’ optimizer is used to perform this task and vary the
learning rate. Processing the entire training set once is called an epoch. The
loss-function determines how the difference between output of the model and
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true value is computed.

A simple approach is to train a model with a predetermined number of
epochs. Another possibility is to apply ‘early stopping’, in which after every
epoch the model is applied on a validation set (this validation set is not part of
the training set and therefore not involved in the estimation of the weights) and
compute the validation loss. Then the training can stop when this validation
loss does not improve anymore for several epochs, and the weights with the
smallest validation loss can be used.

This study uses four types of ANN: Dense neural networks (DNN), Recurrent
neural network (RNN), Long short-term memory (LSTM) and Neural Prophet.
These models are also compared with ARIMA-models and state space models,
also called structural models (STM). In the paper can be found more details
about each one of the ANN models. The paper presents the results of simu-
lations and also an empirical study of the performance of deep learning methods.

The quality of the models is evaluated by looking at figures where the pre-
dictions are compared with the true values using the following measures:

n

1
ME = — ;—
ngfy ;)

1 n
MAE = =S Jy; — 2
nzyy il

1 Yi
MAPE = — = — 1| %100,

with n = total numbers of observations, y; = actual value for the ith observation
and x; = predicted value for the ith observation.

Figure 12 and table 2 compare the results for nowcasting of GDP using
DNN and LSTM algorithms, which have shown the best performance through
different simulations and the study of empirical variables, and compare with
classic time series models. DNN(16,8,3,1) refers to a model with three hidden
layers with 16, 8 and 3 neurons respectively.
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Figure 12: One step ahead nowcasts for DNN, LSTM, ARIMA and STM models.
Taken from [17].

RMSE MAPE ME
ARIMA(0,1,1)(0,1,1) 0.0188 0.81 -0.0069
STM (smooth trend + seasonal) 0.0098 0.43 0.0039
DNN(16,8,3,1) 0.0097 0.43 -0.0007
LSTM 0.0117 0.55 -0.0001

Table 2: Accuracy measures for the test set of 8 periods. Taken from [17].

The main conclusion of the study is that neural network algorithms can
produce similar results (i.e., accuracy of predictions/nowcasts) if applied to
univariate time series. In order to achieve this, some effort is required in op-
timizing parameters and further settings of the algorithms, perhaps more than
with classic methods. When applied to a more challenging problem with several
auxiliary variables and a more volatile series, it is found that the LSTM model,
which should be especially suitable for time series data, gave accurate results.
This leads to the conclusion that deep learning can perhaps add value compared
to classical methods for specific problems.
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2.4 Switzerland

The official institution responsible for the publication of GDP in Switzerland is
the State Secretariat for Economic Affairs (SECO). In line with the standards
adopted by Eurostat and most European national statistical offices, SECO re-
leases official GDP values on a quarterly basis, with a time lag of approximately
45 days after the end of the reference quarter. Although no monthly GDP
estimate or early release is distributed, SECO has developed two complemen-
tary indicators that allow short-term monitoring of the economy: the Weekly
Economic Activity (WEA) indicator and the Swiss Economic Confidence index

(SEQ).

The Weekly Economic Activity (WEA) indicator [25] is designed as a high-
frequency proxy for economic activity. It is constructed from nine series, with
weekly or in some cases daily availability, each of them adjusted using ARIMA
models to account for seasonality and short-term dynamics. These series cover
almost every major dimension of the economy, including private consumption,
exports, imports, production activity, financial market indicators, and unem-
ployment data. The adjusted indicators are then combined through a Dynamic
Factor Model (DFM), which extracts a latent factor related to the year-on-year
growth rate of weekly economic activity, that is, comparing the current week
with the same week of the previous year. Empirical evaluations show that this
indicator exhibits a strong correlation with actual year-on-year GDP growth.

The Swiss Economic Confidence Index (SEC) [26], by contrast, is a monthly
sentiment-based indicator that captures perceptions of the state of the econ-
omy. It is calculated based on a selection of public and private surveys, released
with relatively low publication lags, and covering a wide range of economic di-
mensions. These surveys can be divided into two categories: those reflecting
assessments of the current economic situation, and those reflecting expectations
about the future. Once the relevant surveys and indicators are selected, the
SEC index is computed in a simple way as an unweighted arithmetic average.
This indicator has been shown to provide valuable information on confidence
trends and turning points ahead of official GDP releases.

In both technical reports, the potential of these indicators for nowcasting and
forecasting GDP growth rates is assessed. The results indicate a satisfactory
performance, since both the WEA and the SEC index show a strong correlation
with actual GDP values, thus providing useful measures to anticipate short-term
economic fluctuations.
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2.4.1 Weekly Economic Activity

The econometric methodology is to use a Dynamic Factor Model (DFM) to ex-
plain the information contained in a vector of observable time series by a small
number of unobserved (latent) series.

The idea of the model is to decompose a vector of observed time series X; of
dimension n into two orthogonal components: common components, also called
latent factors, denoted by f;, which capture the co-movements among the ob-
served variables in X;, and an idiosyncratic component, u;;, Vi =1, ..., n.

The vector of time series X; consists of nine weekly series (Air pollution,
Card transactions, Cash withdrawals, Electricity consumption, Goods exports,
Goods imports, Net tonne kilometers, Sight deposits and Registered unemploy-
ment). All individual series in X; are given by year-on-year growth rates and
are standardized. The DFM is specified Vt = 1, ..., T by the following system of
equations:

Xe =7 - ft +u,

(1= ¢7(L))- fi =i,
(1 - ¢u,z(L)) cUtg = Uty Vi = 1,...n

f 2
v\ oy 0
(8) =2 (o7 5))

In the first equation, the idiosyncratic component is given by u; = (ug,1, ..., Us,n)’
The vector of factor loadings v captures the relation between the common factor
ft — the object of interest — and the observed variables in X;. Second and third
equations are the transition equations, where v; = (v¢1,...,00)". ¢y(L) and
¢u.i(L) are lag-polynomials. The common component f; is identified based on
both the historical cross-correlations of the vector of variables x; and its own
historical auto-correlations. Identification is achieved only up to scale, as initial
conditions for the parameters — v, (L), ¢, (L) and X,, respectively — are
necessary to complete the model. The two primary methods for estimating the
model are by principal components and state space methods.

Once the model has been estimated, the index of weekly economic activity
is derived from the common factor f;. As the common factor is not anchored
to any measure of economic activity, its values are not directly interpretable.
To convert the common factor into meaningful units, the f; are re-scaled to the
quarterly year-on-year GDP growth rates, following [12]. The scaling and shift
coefficients are estimated using the regression

A4GDPtq =b1+ B2 fr, Teu,

where A4GDPtq is the quarterly year-on-year growth rate of GDP, f; is the
common component on a quarterly frequency t,. Then, the WEA index is
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computed as: . .
WEA;, = p1+ B2 fi,

Figure 13 shows the resulting weekly economic activity index starting in
2005. It captures the economic development indicated by GDP growth over a
long period of time. The index has a correlation of 0.9 with the GDP growth
rate at a quarterly level and, for the period between the major crises in 2009
and 2020, the correlation is almost 0.6

5.0-
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-10.0- ! | ' !
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— WEA index . GDP
Figure 13: Swiss weekly economic activity (WEA) index. Taken from [25].

The marginal contribution of variable z; ; € X; to the factor f; is given by
Afy/Az; s = ;. Then, the contribution of variable z;; for the change in the
factor can then be computed by A f; = v;Ax; ;. Figure 14 shows the contribution
of the variables to the weekly index, which let to use the WEA index to assess
the extent to which different sectors and/or markets shape the overall economic
dynamics.
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Figure 14: Contribution of the variables to the weekly index. Taken from [25].

2.4.2 Swiss Economic Confidence Index

The SEC indicator is computed as the arithmetic, unweighted average in each
quarter from the selected indicators. The resulting indicator is shown in Figure
15.

2000 2010 2020
— Swizz Economic Confidence (SEC), in Std. from long—run avg.

B GDP ig—o—g, in %) [ technical recessions
Figure 15: Swiss economic confidence — SEC. Taken from [26].

To select an indicator it has to meet the following three selection criteria,
which give a total of 40 indicators:
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1. It exhibits at least five years of observations, in order to avoid spurious
correlations.

2. Indicators at quarterly frequency should have a publication delay of at
most 30 days after the end of the respective quarter.

3. Based on the robust fm%k statistic, its contemporaneous correlation with
GDP is significant at the 5% level and at least 0.35 in absolute terms.

The fwy,k is the robust estimator proposed by [4] to test the significance of the
pairwise correlations.

To analyse the relation between SEC and GDP, two linear regressions are
computed. The first one regresses the quarter-over-quarter GDP growth on the
quarterly average SEC index, following

4
AGDP, = c+ SECI™™*™Y + 3 "5, AGDP,_, + ¢,

s=1

where AGDP is the quarter-over-quarter real GDP growth in quarter ¢ and
SECEuarterly is the quarterly average SEC index. The results in column (I) of
Table 3 show that the quarterly SEC is a significant predictor of GDP growth,
with 46% of variation explained (31% without lagged GDP growth), roughly 45
days before the release.

The second regression is the quarter-over-quarter growth rate on the flow of
information from the SEC, starting with the SEC for just the first month of the
quarter, and so on, following

m 4
AGDP, =™+ B"SEC]" + Y 6IAGDP,_, +€)',  m=1,2,3

q )
i=1 s=1

where SECZ“ is the monthly SEC index for the i-th month of quarter ¢q. Columns
(II-IV) report the results. The most recent month’s SEC is a significant posi-
tive predictor of growth, with the adjusted R? rising from 0.36 to 0.55, which
means that every additional data point adds information for the current quar-
ter. The robustness of the results with respect to the selection criteria is also
tested. Lowering the significance threshold to the 10% level yields a wider set
of selected indicators (around 45). Raising instead the significance level to 1%
lowers the amount of selected indicators further (around 20). Columns 5 and 6
of the table show that the relationship between the resulting indices and GDP is
qualitatively similar, especially for the index constructed with a 1% threshold.
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| Il mn v 1% 10%

SECgurery 0.85%** 0.84%* 0.77***
0.10) 0.10) (0.10)
Sg(q”w" 0.79%+ —042 —0.77*
012 (0.33) (031)
SECG™ 1.16%* 0.14
(0.30) (034
SECS™ 1.29%*
(0.26)
Ftest: " =0 1832 (0.00) 13.52 (0.00) 1245 (0.00)
Ftest: B = .. = B" 485 (0.03) 7.08 (0.01)
SER 046 036 044 0.55 0.44 044
Adj. R2 043 033 041 052 042 0.52
Num. obs. 108 108 108 108 108 108

Note: All regressions include four lags of quarter-over-quarter GDP. Results are significant at the s % %p < 0.00T;#%p < 0.07;%p < 0.05levels. Estimation sample is
1995:Q1-2023:Q2 using the latest vintage of SEC and GDP data. Data for 2020:Q2 and 2020:Q3 are neglected. Standard errors are given in parentheses for coefficients,
and p values are given in parentheses for F-statistics

Table 3: Regressing GDP on SEC index. Taken from [26].

Finally, bridge equations are used to predict GDP with the SEC indicator.
The univariate bridge equation is given by:

Yi, = o+ Y, -1+ B(L)xe, + uy,,

where y;, is the quarterly GDP growth. The bridge equation contains a con-
stant, «, and potentially an autoregressive term, yyt, — 1. The lag polynomial
is given by B(L) = Y7, Bit1L?, with Lz, = wy,—1. The predictor x; is
the monthly SEC index zy,, aggregated to the quarterly frequency. Two dis-
tinct econometric models are considered: (i) bridge equations and (ii) bridge
equations with auto-regressive elements (AR-Bridge), where the lag order is de-
termined by BIC.

The relative root-mean-squared error (RMSE) is computed to measure the
predictive accuracy, which is shown in Table 4. The table also reports the RMSE
of the benchmark univariate AR(1)-model as well as other well-established
monthly business cycle indicators for the Swiss economy.
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Full sample Without recessions

Nowcasts Forecast Nowcasts Forecast
Horizon 1 2 3 4 5 6 1 2 3 4 5 6
Root mean squared errors
AR(1)-model 1530 153 15.30 13.00 12.90 12.90 357 357 357 6.10 6.08 6.08
Relative performance of SEC index
SEC Bridge 0.644* 0.644* 0.620* 0.767* 0.855* 0.898 0.909 0.907 0.835* 0.514* 0519 0.527
SEC AR-Bridge 0.820* 0.820* 0.772% 0.791**  0.882* 0917 1.013 1.011 0.988 0641* 0.686 0650
Relative performance of alternative monthly indicators
KOF Barometer 0476 0476 0470 0.666 0.860 1.101 1221 1.220 1.256 0.778 0.689 0674
PMI Manufacturing CH 0.686 0.685 0.688 0.818* 0.867 0.889 1.157 1.149 1.081 0.571 0.556 0.536
PMI Manufacturing Foreign 0631 0631 0620 0.711* 0.795% 0.884 1.118 1116 1.059 0.579 0.551 0.542
SNB-BCI 0410* 0410* 0.369 0.386* 0.563 0.962 0.944 0.944 0.854 0.502* 0672 0.834

Modified Diebold-Mariano test: the alternative hypothesis states that the monthly indicator is more accurate than the benchmark. Significance levels: p value: ***<
0.01, ¥ < 0.05, *< 0.1 of the modified Diebold-Mariano test (Harvey et al., 1997). Horizon refers to months until the GDP release of the respective quarter. For the
target variable—GDP—the real-time vintages are used. Forecast errors are with respect to the first release. The estimation sample spans from 2001:M3-2023:M6 for
the full sample. For the subsample without recessions, we exclude the quarters 2002:Q3-2003:Q2, 2008:Q3-2009:Q1 and 2020:Q1-2020:Q3

Table 4: Predictive accuracy. Taken from [26].

2.5 TItaly

The Italian National Institute of Statistics (ISTAT') releases official GDP values
on a quarterly basis, in line with the Eurostat framework. The first estimate is
usually published about 30 days after the end of the reference quarter, followed
by a more detailed release at a later stage. Although ISTAT does not produce
monthly GDP estimates or explicit nowcasting exercises, it has placed particular
emphasis on improving the timeliness of its outputs and providing an up-to-date
picture of economic conditions. A great example of this commitment is the pub-
lication of the Note on Italian Economy every two months, approximately two
weeks after the end of the reference period, which offers an assessment of the
“current” state of the Italian economy by analysing the most recent releases
of key macroeconomic indicators. Beyond this monitoring activity, ISTAT has
also developed the RAT-ITA (Real-time Assessment of the Italian Economy)
framework [1] to nowcast the current quarterly-on-quarterly GDP growth sign
in each month.

Regarding this RAT-Ita framework [1], it is important to highlight that the
objective of this tool is not to estimate the exact level of GDP, but rather to
predict the sign of GDP growth. The estimation is carried out on a monthly
basis, which requires the use of a very large dataset consisting of more than
one thousand monthly indicators. These series cover almost all dimensions of
the economy (such as industrial production, retail sales, foreign trade, and labor
market data) complemented by survey-based measures of business and consumer
confidence. Methodologically, this framework relies on a dynamic factor model
to identify the most relevant factors, from this extensive dataset, to assess the
direction of GDP growth. Each selected factor is then transformed into a binary
variable depending on whether its evolution points to an expansion or a con-
traction in GDP. Finally, the prediction is derived from the aggregation of the
different factors, for which four alternative strategies are evaluated: arithmetic
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mean, geometric mean, logarithmic opinion pooling, and beta-transformed lin-
ear opinion pool.

Despite the research and implementation of the RAT-Ita framework [1], IS-
TAT does not release any official publication directly associated with it. Never-
theless, the availability of this experimental tool, together with the bi-monthly
Note on Italian Economy, demonstrates ISTAT’s clear commitment to enhanc-
ing the timeliness of its economic assessments and to providing instruments that
allow a near real-time evaluation of Italy’s economic conditions.

2.5.1 RAT-Ita Index

The aim of this work is to nowcast the binary event represented by the sign of
the quarter on quarter (q-o-q) GDP growth rate (i.e. the direction of change in
GDP), using a total of 1285 indicators, which can be classified in nine different
blocks (Table 5)

Block Name No. of variables SA
1 Labour market 207 X
2 Index of Industrial Production (3 digits), general and migs 102 X
3 Business climate indicators in manufacturing (2 digits) 155 X
4 Financial Market 58
5 Consumer Survey 17
6 Prices 38
7 External Trade (Export and Import Main countries 2 digits) 538 X
8 Business climate indicators of the service sector 159
9 International Market and Italian Macro " X
Total 1.285

Table 5: The indicators’ block coverage. Taken from [1].

The methodology is carried out by a three-step procedure:

1. Selection of a time-varying subset of monthly series which picks the most
suitable indicators to track the signs of GDP directional changes up to the
latest available quarter;

2. Estimation of the signal coming from each selected-indicator to nowcast
the GDP sign;

3. Aggregation of the signal on the GDP sign provided by each selected
indicator.

The procedure runs each quarter, after the new GDP figure is released, provid-
ing the update of the selected indicators’ list.

The selection step uses different techniques: the Directional Accuracy test

(DAC), the Area Under the Curve of the Receiver Operating Characteristic
(AUC-ROC) and one based on the spectral coherence between the quarterly
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growth rate of GDP and of each indicator. The full list of the selected monthly
indicators is obtained by merging the single lists coming from the three tech-
niques. The selection process is run each quarter, after a GDP update is released,
while the selection is left unchanged for the following months until a new GDP
release occurs.

Once the indicators have been selected, the sign of the current-quarter GDP
growth is estimated using two different approaches:

e The probability prediction, which estimates the conditional probability of
occurrence of a negative sign for the target;

e The binary point prediction, which transforms the selected indicator in a
binary variable, delivering the positive/negative classification of the target

([r1)).

Each approach used to nowcast the GDP sign is characterised by 4 different ag-
gregation methods, leading to 8 different values for the nowcasting of the GDP
sign.

To compute the probability prediction, a logit model is used, regressing each
of the n selected time series against the GDP, expressed in terms of 0 (positive
quarterly growth rate) and 1 (negative quarterly growth rate):

GDPy = A+ z;3) i=1,...n

where A is the logistic function and z; is the ¢« — th indicator. Each regression
returns the estimated probability p; for the event GDP;. Then, the probability
values are aggregated in four different ways:

e Aritmetic mean (Amean):

A Z?:l D

pa
n

o Geometric mean (Gmean):

[H?_l () 1/”} '
1+ [H?_l (ﬁ},i)w]a

where a > 1 is an unknown parameter to correct the systematic bias in
the forecast probability, which is estimated as ([24])

pc =

T

a = argmin, Z (ha.i(a) — GDPyy)* .
=1
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e Logarithmic opinion pooling (Elop):

AW n ~w;
Hi:1 pltv + Hi:1(1 _p;ﬂ )

where w; = 1/n.

e Beta-transformed linear opinion pool (Beta):

N
pe(a, B) = Ha,p <szwz>
i=1

where H, g is the cumulative distribution function of the Beta distribu-
tion. As in the previous case, w; = 1/n. In line with [24], the overfitting is
controlled using &« = 8 > 1. The parameter o = (3 is estimated following

[21]:
T 1 N
& = argmaz, Z GDPy tlog lHa,a <n Zﬁit) +
t=1 =1
T N
+) (1= GDPy4)log [1 —Haa (n Zm)] :
t=1 i=1

The binary point prediction uses diffusion indexes, transforming each time
series in a binary variable, then the proportion of classifications equal to 1 is
measured. When the proportion is above the threshold 0.5, the GDP growth
rate can be interpreted to be negative and positive when below 0.5. Again, four
methods of classification are used:

e The benchmarking method (Bench): each time series is classified as 0 or
1 when the growth rate is respectively positive or negative.

e Another method is to define a threshold ¢; (for each ¢ = 1,...,n) which
maximises the indicator’s ability to meet the evolution of the target GD FPy;.
Then, ¢; is compared with the last value of the indicator: if ¢; is lower, the
GDPy; is classified as 1 (or 0 is higher). Different methods can be used
to define ¢;:

— Criterion based on Youden’s Index [27] (Youden):
max (Sensitivity(c;) + Specificity(c;))

— Criterion based on the minimum p-value relative to the Chi-squared
test [14] (Chi.sq), which measures the association between the sign of
q-0-q GDP growth rate and the binary results obtained using different
thresholds.
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— Criterion called closest.topleft (CTL):
min((1 — Sensitivity(c;))? + r - (1 — Specificity(c;))?)

where r = (1-prevalence)/(cost x prevalence), cost is the relative cost
of a false negative classification (as compared with a false positive
classification) and prevalence, or the proportion of cases in the pop-
ulation, is the mean of the GDP growth rate sign up to the previous
quarter.

Figures 16 and 17 show the different monthly composite indicators obtained
according to either the 4 aggregations of probability prediction and binary point
prediction, respectively.

2014 2016 2018 2020 2022
a

Figure 16: RAT-ITA using probability prediction approach. Taken from [1].
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Figure 17: RAT-ITA using diffusion index approach. Taken from [1].

The performance of the different aggregation methods has been evaluated
using the set of statistics proposed in [11], together with the correlation and the
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AUC-ROC between the GD Py, and the composite indicator, obtaining that the
CTL indicator gives the best results and this is the proposed RAT-Ita indicator,
shown in Figure 18.

oP -
GoP -

Diftusion Index
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Figure 18: Best diffusion index. Taken from [1].

Finally, Table 6 compares the RAT-Ita indicator against other models using
the following statistics:

e Accuracy: the proportion of correctly classified cases out of the total num-
ber of cases;

e Precision: the proportion of negative growth rates correctly ranked out of
the number of times the growth rate was predicted to be negative;

e Specificity: the proportion of correctly classified positive growth rates out
of the total positive growth rates;

e Sensitivity: the proportion of correctly classified negative growth rates out
of the total negative growth rates.

e DAC p-values and AUC-ROC statistics

ARIMA Bridge Midas RAT-Ita
Accuracy 0.45 0.55 0.51 0.96
Precision 0.16 0.16 0.20 0.87
Specificity 043 0.56 0.48 0.98
Sensitivity 0.6 0.47 073 0.87
DAC p-value 0.97 0.74 0.38 0.00
AUC 0.7 0.44 0.59 0.98

Table 6: The Performance RAT-ITA against other models. Taken from [1].
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2.6 FEurostat

Eurostat has evaluated the nowcasting ability of various models for the GDP of
Euro Area (EA) and six major EU economies from 2021 to 2024 ([6]). The six
economies under consideration include: BE, DE, ES, FR, IT and NL.

A large suite of nowcasting models have been developed to be evaluated in
real-time combining a set of estimating methodologies and different ways to deal
with the issue of mixed- frequency. Let y;, t = 1...T, be the target variable
and xy = (214,...,2n¢) be a set of potential predictors, with N being very
large. The aim is to provide estimates for current values of y;. Two different
approaches are used:

e Dimensionality Reduction: Principal Components Analysis (PCA),
Dynamic Factor Analysis (DFA) and Partial Least Squares (PLS).

e Sparse Regression: Ridge Regression, LASSO Regression and Elastic
Net (EN)

These methods use different penalty functions in order to effectively esti-
mate the §; parameters. While LASSO and, in some cases, Elastic Net
can shrink some coefficients exactly to zero—thereby performing variable
selection— Ridge regression only shrinks coefficients toward zero but never
eliminates variables entirely.

All predictors are expressed in monthly frequency whereas the GDP growth
rate is expressed in quarterly frequency. To deal with mixed-frequency two
different approaches are considered:

e Bridge models: ‘
J
Y, = 00+ Zﬂi(L)ﬁCitq + U,
i=1
where (3;(L) is a lag polynomial and x;;, are the monthly indicators ag-
gregated at quarterly frequency.
e Unrestricted MIDAS (UMIDAS):
c(Lm)w(L)ytm =0 (L)xltm + ...+ 6N(L)thm + €.,

where C(Lm) = (1—01Lm—...—Cchc)7 (SJ(L) = (6j,0+6j,1L+~-~+6j,va);
j=1,...,N and the aggregation scheme w(L) is supposed known.

To ensure consistency across all cases, a dataset of corresponding indicators
for all economies is organized. These include hard data (production, retail sales,
unemployment, interest rates, equity, volatility, etc.) as well as soft data (sur-
veys etc.).
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The GDP nowcasting is executed at three estimation time points attempt-
ing to exploit the different information available across time. These estimation
points are: (i) about a month prior to the reference date, T'— 30, (ii) on the
reference date, T' and (iii) two weeks after the reference date, T+ 15.

Combining the different types of indicators (HARD, SOFT, HARD+SOFT),
the different methodologies (PCA, DFA, PLS, Ridge Regression, LASSO and
EN) and the different mixed-frequency settings (Bridge models and UMIDAS),
a set of 70 models can be evaluated over 12 quarters: from 2021Q4 to 2024Q3
at estimation points T' — 30, T" and T + 15.

In the evaluation of the models a double-sorted filter is used:

1. Filter the individual models choosing those which have a CONC > 80%.
2. Rank them according to their MAE.

The above statistics are defined as follows:

T
1

MAFE = — E — 7
Tt:1 |yt yt\

T
1 "
CONC = = 2_: Tlsen(ye) — sen(in)],
where sgn(-) denotes the sign function and I[-] is an indicator variable taking
1 when the sign of the estimate, ¥, is equal to the sign of the observed value, y;.

The individual models are complemented by using model averages, consid-
ering the following types of model averages:

e Static Model Averages: assigning equal weight to all models of the same
methodology.

e Dynamic Model Averages (MAE): assigning equal weights to the Top 5,
Top 10, Top 20 and Top 50 models ranked according to their MAE over
the past 4 quarters

e Dynamic Model Averages (CONC): assigning equal weights to the Top 5,
Top 10, Top 20 and Top 50 models ranked first according to their CONC
and then according to their MAE over the past 4 quarters.

The paper shows the results for all models and the comparisons between
them, concluding that there is some heterogeneity across the various cases,
however there is evidence that penalized regression methods work better for
EA, BE, DE, ES and FR, whereas factor models seem to work better for IT and
NL.
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2.7 Spain

The Spanish National Statistics Institute (INE) currently publishes, one month
after the end of the quarter (t430 days, where t is the reference quarter), a pre-
liminary estimate of the results of Spain’s Quarterly National Accounts: Main
Aggregates (QNA). At this point, not only a preliminary estimate of the GDP
generated in the economy during quarter t is provided, but also an estimate
of each of its components, from three perspectives: supply, demand, and
income (both in terms of volume and at current prices for the first two, and at
current prices for the income perspective).

A measurement of employment trends is also provided in terms of employed
persons, jobs, full-time equivalent jobs, and hours worked.

All estimates are presented in both non-adjusted and seasonally and calendar-
adjusted form. As mentioned above, this is a preliminary estimate based on all
available information for the reference quarter.

It is worth highlighting that Spain is among the very few countries that pro-
vide the same level of disaggregation in their t+30 estimates as in their t+90
releases. This high degree of detail serves, first, as a valuable analytical tool, en-
abling a thorough assessment of the drivers behind GDP growth or contraction.
Second, it enhances transparency by clearly identifying the sources of revisions
in subsequent publications following the preliminary estimate.

The results for each quarter are revised around t+90 days after the reference
period, incorporating all available information since the preliminary estimate
and including updated results from previous quarters of the current year (T)
This publication not only incorporates information from baseline statistics (or
information from administrative records) that was not available in the advance
publication, but also incorporates the updates to the results that occur in these
statistics and administrative records.These updates occur in both current pe-
riod results and those relating to prior periods, and all must be included to
accurately reflect growth rates.

Furthermore, for the second quarter of each year, revised results from the
first quarter of year (T-3) are published, consistent with the updated results
of Spain’s Annual National Accounts. At least every five years, extraordinary
revisions of the complete series of results must be carried out to ensure the up-
dating of statistical sources and estimation methods, as well as their alignment
with the recommendations issued by relevant international forums.

Regarding the measurement of economic activity provided by the quarterly
accounts published by the INE (National Statistics Institute), it is important
to note that:

e Unlike other indicators developed to measure the evolution of economic ac-
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tivity without forming part of an integrated system, the quarterly accounts
constitute a subsystem of Spain’s National Accounts, fully integrated
both methodologically and numerically. This implies, in particular,
that the principles, definitions, accounting rules, and structure used in
the quarterly accounts are the same as those used in the annual accounts
and are established in Regulation (EU) 549/2013 on the European System
of National and Regional Accounts 2010 '.It also implies that the quar-
terly estimates provided within the framework of the Spanish National
Accounts (QNA and QNFSA 2) are fully consistent with each other and
with the annual estimates.

Any advance measurement of the evolution of economic activ-
ity developed and published by INE within the framework of
national accounts must satisfy this consistency. This would im-
ply that its value should be updated each time the results produced on
a longer timescale are published. Thus, a monthly or weekly publication
would be revised once the corresponding quarterly data is available, and
similarly when the annual estimate is published. It is important to con-
sider this aspect both from the perspective of communication with users
and the necessary technical and human resources.

In complete consistency with what has been described in the Eurostat’s
Handbook on quarterly national accounts ® and with international prac-
tice, the compilation process for the Spanish QNA includes the integration
of direct results from other operations, in some cases compiled by other
organizations, within the Spanish national accounts system:

— The account for external trade in goods and services from the Rest of
the World Accounts (consistent with the results of the Trade Balance
of the Balance of Payments and International Investment Position,
published by the Bank of Spain) and compiled primarily from for-
eign trade statistics from the Customs and Excise Department of
the Spanish State Tax Administration Agency (AEAT), the Interna-
tional Trade in Services Survey (ITSS) 4, and the Tourism Expendi-
ture Survey (EGATUR), produced by the Spanish National Statistics
Institute (INE).

! Amended by Regulation (EU) 2023/734 of the European Parliament and of the Council
of 15 March 2023

2Quarterly non-financial accounts for the institutional sectors

Shttps://ec.europa.eu/eurostat/documents/3859598/5936013/KS-GQ-13-004-EN.PDF/
3544793c-0bde-4381-a7ad-abcfe5d8c8d0

4The INE has stopped publishing this statistical operation, although it continues to compile
it to serve as input for the Balance of Payments and National Accounts statistics of the Spanish
economy, as well as for the two new annual statistics that began to be published, replacing
the ITSS, from 2024: International Trade in Services by Company Characteristics (STEC)
and International Trade in Services by Mode of Service Supply (MoS).
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— Quarterly Non-Financial Accounts of Public Administrations, the
monthly series of non-financial operations carried out by the aggre-
gate of the Central Government, Regional Government, and Social
Security Funds subsectors °, and the monthly series of taxes and so-
cial security contributions ¢, all prepared by the Audit Office (IGAE).

— Accounts of the institutional sector of Financial Institutions, pre-
pared primarily from accounting information provided by the super-
visory bodies (Bank of Spain, National Securities Market Commis-
sion, and Directorate General of Insurance and Pension Funds of the
Ministry of Economy, Trade, and Business).

In other areas, indirect methods are used that make use of all current
available quantitative information on the evolution of an aggregate (or
part of it) during the period.

Any advance measurement of the evolution of economic activ-
ity developed and published within the framework of national
accounts by the INE should incorporate information from these
sources as much as possible. Therefore, their availability date must
be taken into account.

e The data transmission schedule to Eurostat must be taken into account,
in relation to how the development of a new leading indicator of economic
activity might interact with data already published and transmitted by
the INE. Regulation (EU) 2023/734 of the European Parliament and of
the Council of 15 March 2023 amending Regulation (EU) No 549/2013 on
the European System of National and Regional Accounts in the European
Union and repealing eleven legal acts in the field of national accounts
includes this data transmission program. Annex B states that Member
States shall transmit to the Commission (Eurostat) the accounts defined
in the data tables of that annex. Each data table specifies the voluntary
and mandatory variables to be transmitted, the reference periods required,
and the transmission deadlines.

Two tables are transmitted to Eurostat regarding the measurement of
short term evolution of the economy within the framework of the National
Accounts, and therefore, two national publications are carried out in each
quarter.

— Table 1F corresponds to the preliminary (also known as Flash) esti-
mates of GDP and employment (voluntary quarterly transmissions).
As set out in the regulation, the Commission (Eurostat) and the

Shttps://www.igae.pap.hacienda.gob.es/sitios/igae/es-ES/Contabilidad/
ContabilidadNacional/Publicaciones/Paginas/DatosConsolidados.aspx

Shttps://www.igae.pap.hacienda.gob.es/sitios/igae/es-ES/Contabilidad/
ContabilidadNacional/Publicaciones/Paginas/iaimpuestosycotizaciones.aspx
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Member States agree among themselves on the voluntary transmis-
sion of advance estimates of GDP growth and employment in order to
ensure coordinated and periodic publication of the relevant European
aggregate estimates approximately 30 or 45 days after the reference
period. Member States transmitting these estimates to the Commis-
sion (Eurostat) shall send them each quarter at least one working
day before the agreed publication date, clearly indicating whether
the estimates can be published (preferred option).

Spain currently reports, at t+30, with the same level of disaggre-
gation as that offered in the t4+90 publication. This level of detail
is highly valued by Eurostat, which frequently encourages countries
to work on the possibility of offering greater detail in their t+30
estimates. This effectively means bringing forward the trans-
mission of Table 1Q, described in the following section, by
about 30 days, as can be seen in the following figure taken from
the latest edition of the Quality report on national and regional ac-
counts (prepared and disseminated by Eurostat) in its 2025 edition
and referring to the 2024 transmissions.
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Release containing components of GDP, transmission of data for 2024Q3
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fourth quarter of 2024 by the different countries

Not only is the short delay with which the information is sent im-
portant, but above all, the level of detail with which it is provided.
As already indicated, Spain transmits to Eurostat (and publishes na-
tionally) the same level of detail at (t+30) as at (t+90). As can be
seen in the following figure taken, again, from the latest edition of
the Quality report on national and regional accounts, Spain provides
at (t+30), i.e., around 30 days before the legal deadline for data
submission, which is at (t4+60), complete information on the GDP
estimate by supply (T0101Q); by demand (T0102Q); and by income
(T0103Q).

In addition, Population and total employment data is also trans-
mitted, distinguishing between employees and self-employed workers
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(T0110Q), as well as employment by sector of activity (T0111Q) and
household final consumption expenditure by durability (T0117Q).
Although the geographical disaggregation of exports (T0120Q) and
imports (T0121Q) was previously sent in (T+60), this information
is now transmitted in an integrated manner with the rest of the esti-
mates in (T430).

Punctuality of quarterly main aggregates tables reported in 2024
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Figure 20: Details of the quarterly information available in (t430)

In this context, it would be difficult to justify both a reduction in the
amount of information transmitted at t+30 or a delay in its trans-
mission. This must be taken into account from the point of view
of the resources needed for the implementation of a new statistical
operation, but also from the conceptual point of view and the recon-
ciliation of the need for earlier information and the desired level of
detail.
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— Table 1Q corresponds to Main aggregates of the quarterly national
accounts (annual aggregates in the case of T1A). The data in Table
1A must be reported at t + 2 months and t + 9 months after the
reference period, and those in Table 1Q at t + 2 months after that
period. If a Member State transmits a complete dataset at t + 2
months, it will not be necessary to transmit the data at t + 3 months.
Table 1Q will be consistent with Table 1A at t + 9 months.

Since the transmission of table 1Q in t+2 months is already covered
by the complete transmission of t+30, Spain does not carry out a
separate transmission until t+85, at which time the direct informa-
tion mentioned above is incorporated and thus ensuring consistency
with the information published by the Balance of Payments prepared
by the Bank of Spain, the Accounts of the Public Administrations
prepared by the IGAE and the Quarterly Non-Financial Accounts of
the Institutional Sectors prepared by the INE itself.

This schema for compiling results, submitting data to Eurostat to comply
with regulatory obligations, and disseminating them nationally, is the result of
a comprehensive analysis carried out in 2017, which included a SWOT analysis
(Strengths, Weaknesses (internal factors), Opportunities, Threats (external fac-
tors)). The current system offers the main advantages of providing users with
comprehensive information very close to the reference period, while maintaining
consistency with other closely related operations, such as the Balance of Pay-
ments and the General Government Accounts, and with a level of revision in
line with that of our European partners.

Regarding revisions (and other quality dimensions), it is important to re-
member that Eurostat conducts an annual comparative analysis (cited in the
previous point) of the different quality dimensions of statistics (specifically Na-
tional Accounts estimates). The quality measures are standardized across all
countries, were agreed upon years ago after an analysis of various alternatives,
and are calculated and reported by Eurostat. The results are published in the
Quality Report on National and Regional Accounts”, the latest version of which
was released in November. It should be noted that the latest results include both
ordinary and extraordinary revisions.

Figure 21, taken from the aforementioned report, shows the annual revisions
as shown by the average relative mean absolute revisions, in which it can be
seen that Spain is at levels of revisions similar to Germany, Belgium, Sweden or
Italy.

"https://ec.europa.eu/eurostat/en/web/products-statistical-reports/w/
ks-01-25-052
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ANNUAL REVISIONS AS SHOWN BY AVERAGE RELATIVE MEAN ABSOLUTE REVISIONS

This section analyses the annual data transmissions, looking at the relative mean absolute revisions (RMAR)
for all reference years reported.

MAIN AGGREGATES

Revisions of annual GDP data vary considerably across countries both for current prices and volumes.

Concerning GDP in current prices, eleven countries (BG, DK, FR, LU, HU, AT, PL, PT, RO, SK and NO) show
RMAR between 0 % and 1 % for all years. Of the remaining countries, fourteen (BE, DE, EE, IE, EL, ES, HR,
IT, LT, SI, FI, SE, IS and CH) had average absolute revisions range of between 1 % and 3 %, while five countries
(CZ, C¥, LV, MT and ML) had a GDP revision over 3 % in 2023. (Figure 19).

Figure 19
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GDP revisions in terms of volume [Figure 20) did not exceed 2.5 % except for three countries (CY, LT and MT).

Figure 20
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Figure 21: Annual revisions as shown by average relative mean absolute revi-
sions.

A similar picture emerges from the analysis of revisions in terms of the

latest published value of the year-on-year growth rate versus the value initially
anticipated as an aggregation of QNA, as can be seen in Figure 22.
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Latest minus first growth rate for annual data of gross domestic product (B.1GQ,
TO1GDPA), current prices, %
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Figure 22: Annual revisions comparing the latest revision with the initial value

expressed in percentage

Any alteration to the current schedule, whether through bringing forward
the information currently published in t+30 or developing new products, must
be subject to a detailed analysis to ensure that current strengths are not dimin-

ished.
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2.7.1 Industrial Turnover Index

INE of Spain has proposed an early estimation of the Industrial Turnover Index
(ITT), which is a monthly Short-Term Business Statistics produced by National
Statistics Institutes (NSIs) in the European Statistical System (ESS) ([2]). This
early estimation of the ITI improves the timeliness of this statistic using only
the traditional survey data while also providing an accuracy measure.

The proposal reduces the ITI provision delay by using statistical learning
algorithms on the available data at times m + A; < m + Aceleases @ = 1, 2, 3,
to reconstruct the values of the whole sample. Two fundamental ideas underlie
this approach:

1. It is a bottom-up approach so that early estimates of the ITI are produced
through the imputation of those missing values at each early time m—+A4A; at
the statistical unit level. No prediction method is applied to any aggregate
or index. Aggregates and indices emerge from the imputed sample, as in
their final validated released versions.

2. Only aggregate regressors of the reference time period are used together
with regressors from past reference time periods at the statistical unit
level.

The indices computed in the I'TI survey follow a fixed-base Laspeyres formula
in two steps:

1. Computation of the elementary indices: The sample of units is partitioned
into strata determined by their NUTS2 (Nomenclature of territorial units
for statistics; basic regions) geographical variable and some groupings of
CNAE-2009 economy activity codes. The elementary index for stratum
U, at reference month m of year y with base year yp is denoted as

my
yBly, -

2. Computation of composite indices: After computing the weight sz of
each stratum Uy, for the base period yp, using data from the Structural
Business Statistics (Industrial Sector), the composite index for a functional
aggregate Ug = UgeaUy as

my __ YB my
yBIUA*de XyBIUd'
deA

Let s);"Y denote the sample for the stratum Uy at reference month m of year
y and z,"Y the target variable value of establishment k at reference month m
of year y (the total turnover of the industrial establishment). The core compu-
tation in the series of indices is the total population of the industrial turnover
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Z5) = Y hes, 2 - Editing tasks are carried out from the data collection activ-
ity itself to the final estimation phase. Then, as a consequence of these editing
tasks (recontacts and follow-ups), the value z;"¥ can change several times during
this editing phase. Let z,Ty’val be the final validated value of variable z for unit k
entering into the computation of the first official release of the ITI for reference
month m and year y. Similarly, let zzly’ed (t) denote the value of variable z for
unit k at the time ¢ of the editing strategy for the reference month m and year
y. If tielease 1s the number of days after the reference month ends, under this

i d ,val
HOtatlon, then Z;ny,e (trelease) = Z]Ty/va .

In the traditional production process the estimation of the population total

ZyY s
> _ val
ZUd* E Rk s
kEsqg

where the reference time period dependence has been dropped for ease of nota-
tion. This can be decomposed at any time ¢ as

st _ E Z};al + E Z};al,

keraq(t) k€sg—ra(t)

where 74(t) C sq(t) represents the concrete subsample of respondents who has
provided their responses at time ¢.

This decomposition can only be computed after finishing the collection and
editing phase, since the final validated values z,‘gal are needed. The goal is not to
wait until all data collection and all data editing are both concluded to produce
an early estimation of the ITI with the ongoing collected and edited information.
Taking into account the values which are already known and predicting what

are not known yet, this estimate can be decomposed as follows:

Z= Y [0 -]+ Y [EO - o),

kerq(t) k€sa—ra(t)

where e85(t) = z¢4(¢) — 2} denotes the measurement error and egred(t) =
27al(t) — 2y denotes the prediction error.

The estimator for the population total Zy, (t) with data collected up to time
t is given by
5 Sval, £,
Zut)= Y AW+ Y 570,
kerd(t) kEsdfrd(t)

where ZAZal’E" (t) is the random variable representing the prediction for value

sval

272 (t) according to prediction model &,. This estimator, when applied at time
t, produces estimates of the form

)= Y i+ Y H).

kery(t) k€sq—ra(t)
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This estimator amounts to neglecting measurement errors e****(t) and con-

sidering ezred(t) ~ 0. In this way, it is necessary to build only one prediction
model &,. A second estimator is proposed, for which three models are needed:
&p, €m (measurement error model) and &, (model for the prediction error). For

simplicity, only the first option is explored in the work.

The construction of each regressor z, used in the prediction model &, is

detailed in [2]. All these regressors {xl(f ) have been constructed using

} =1,2,...,P
survey microdata and /or paradata from tlrfe ITT survey itself, with the exception
of some aggregates from the Industrial Price Index and Industrial Production
Index surveys. Neither administrative data nor a new digital data source has
been used at all.

The selected model to compute the predictions is a gradient boosting algo-
rithm. To predict turnover values at times ¢; in reference month m and year y,
validated values from the preceding reference month m — 1 need to be already
available at these time instants. Thus, every month m the following procedure
is carried out:

e Train the model for a set of multiple alternative hyperparameter h (more
details in [2]) with data up to reference month m — 2.

e Apply each trained model to the data set with corresponding reference

month m — 1 obtaining, thus, the predicted values é,zn_ly(t) for each unit

k.

e Compute for each trained model &, the absolute error of the total turnover
AE), = Zkes;”y gl gy — 2= 1valg) | The model with the optimal

value of AE},, mp~ it is selected.

e Train again the same model with data up to reference month m — 1 with
hyperparameters h*.

e Apply the trained model to data collected up to time ¢ of reference month

m and year y. Thus, the predicted values Q,Ty’g”* (t) are obtained to be

plugged in the estimator.

The whole process from the collection of the data to the final dissemination
of the aggregates is completely modular. It consists of the following steps:

e (0. Collect and Validate Data

e 01. Build Regressors

e (2. Build and Evaluate Model
— 02.01. Train Model
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— 02.11. Predict

— 02.21. Evaluate Predictions (mean squared errors of predicted values
are estimated)

e 03. Compute Aggregates

e 04. Visualize Output (through a dashboard developed in Shiny)

The main results of this pilot study comprise the series of early estimates of
the ITI brokendown according to usual production conditions as well as their
corresponding yearly and monthly variation rates for the three batches pro-
cessed by the survey managers (t + 20, ¢ + 27, t + 38). These quantities are
computed together with their respective root mean squared error. To assess the
quality of these results, these series are also computed for the prediction of the
ITT without regressors from the current reference time period and for the true
released value at m + 51.

The series comprise 60 consecutive months from May 2016 to April 2021.
For each reference month five values are computed, namely the initial prediction
without current data, the early estimates for the three batches, and the final
validated value. The early estimates are computed together with their condi-
tional root mean squared error.

Figure 23 represents an example comprising the three index versions (initial,
batches, final) from January 2020 to April 2021. Figure 24 represents the cor-
responding annual variation rates for these same time periods. The complete
analysis of the results can be found in [2].
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Figure 24: Annual Variation Rates Series from Jan, 2020 to April, 2021. Taken
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This new way of producing early estimates of the indices enables the option
to have reliable information in a shorter period of time. The timeliness can be
reduced in about 30 days keeping under control the accuracy assessment. The
method produces accurate early estimates together with uncertainty intervals
assessing their reliability. Besides, the fact that this methodology uses only data
sources already collected by Statistics Spain (INE) itself, provides autonomy and
independence and makes it possible to compute both the predictions and the
accuracy indicators with traditional survey data. No new data source needs to
be accessed and integrated.

3 Conclusions

Throughout this document, we have reviewed international experiences in now-
casting and development of leading economic indicators to assess not only the
feasibility, but also, the necessity and advisability of implementing a leading
indicator of economic activity in Spain within the official statistical system.

The practices of several European statistical institutes and Eurostat have
been synthesized, highlighting the methodological diversity—from ARIMA and
MIDAS models to dynamic factor models, Fourier-based decompositions, ma-
chine learning algorithms, and signature methods—and their use of high-frequency
and timely data to generate leading estimates of macroeconomic series.

The study also examines the Spanish context, highlighting the minimal lag
with which estimates are provided, the high quality, consistency, and level of de-
tail of the Quarterly National Accounts compiled by the INE (National Statistics
Institute), as well as the operational, methodological, and regulatory implica-
tions of introducing a leading indicator that maintains its coherence with the
national accounts framework.

By contrasting international practice with Spain’s current system, the doc-
ument provides an evidence-based framework for evaluating the various alter-
natives that, looking ahead, are opening up for the future evolution of QNA
estimates.
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