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Abstract 

The FvS Real Economy Index is a weekly common factor esti-

mated using an approximate dynamic factor model from a set 

of real-time economy indicators, GDP growth and industrial pro-

duction growth. The aim of this project is to track the post Covid-

19 economic recovery. The real-time economy indicators in-

clude mainly internet data. This note presents the technical 

specificities as well as the list and sources of the variables used 

for the construction of the index. 

 

 

Zusammenfassung 

 

Der FvS-Realwirtschaftsindex ist ein wöchentlich ermittelter ge-

meinsamer Faktor, der mit Hilfe eines „approximate dynamic 

factor model“ aus einer Reihe von Echtzeit-Wirtschaftsindikato-

ren, dem BIP-Wachstum und dem Wachstum der Industriepro-

duktion geschätzt wird. Ziel dieses Projekts ist es, die wirtschaft-

liche Erholung nach dem Einbruch der Covid-19-Pandemie zu 

verfolgen. Die Echtzeit-Wirtschaftsindikatoren umfassen haupt-

sächlich Internet-Daten. In dieser Notiz werden die technischen 

Besonderheiten sowie die Liste und Quellen der für die Kon-

struktion des Index verwendeten Variablen vorgestellt. 
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Introduction 

To track real economic activity after the Covid-19 pandemic, we compute a com-

mon factor from a set of variables based on the quarter-on- quarter growth rate of 

GDP and industrial production as well as various weekly and daily indicators which 

are related to GDP and reflect current economic activity. We use an approximate 

dynamic factor model as presented by Duarte and Süßmuth (2018) to estimate the 

common factor. In this note we present the model and its estimation procedure as 

well the variable selection and transformation process to construct the index for 

Germany. 

The Model 

The starting point is that each series (yt
i) can be expressed as the sum of two com-

ponents: a factor (ft) which is common to a set of variables (GDP growth and the 

indicators) and an idiosyncratic component (ut
i) which captures the unique charac-

teristics of each series. In general, the model can be expressed as: 

Yt
i = Lft + ut

i ,  (1) 

where Yt
i is a matrix of dimensions M× 1 (M is the total number of variables); L is 

an M× 1 matrix with the coefficients of the common factor in the equation for each 

series (factor loadings); since we work with one single factor, ft has a 1 × 1 dimen-

sion and ut
i  is a M× 1 matrix. 

Additionally, since it is unlikely that past values do not explain present values for 

the common factor ft and the idiosyncratic factors ut
i , we allow for serial correlation 

such that: 

ft = A1ft−1 +⋯Apft−p + ηt  (2)

ut
𝑖 = C1ut−1

i +⋯Cqut−q
i + εt,  (3)

 

where ηt and εt are white noise processes. To be estimated are the matrices L, Ai, 

and Cj for i = 1,… , p and j = 1,… , q plus the unobserved common factor f̂t. 

We use an approximate dynamic factor model as presented by Duarte and Süßmuth 

(2018). The idea is that we can have a parametric state-space representation – 

where equation (1) is the observation equation, and equations (2) and (3) are the 

state equations – from which the likelihood can be estimated using the Kalman fil-

ter and the unobserved factor can be computed from the Kalman smoother (Stock 

and Watson, 1991; 2016). The main advantage of this method for our goal is that it 

can efficiently handle missing data and mixed frequencies. 

The implementation of our model is done in three steps. First, we select a set of 

relevant daily and weekly indicators, second, we transform the indicators accord-

ingly and third we estimate the model and compute the estimated values of f̂t. 
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Variable Selection: Germany 

For the selection of the variables we rely on economic analysis on the very specific 

situation we are currently aiming to track, namely the post Covid-19 economic re-

covery. 

Our starting point are official GDP and industrial production. GDP is available every 

quarter and industrial production every month, both since 1991. 

We only use two additional “hard” indicators: electricity consumption (source: EN-

TSO-E) and mobility of large trucks. Electricity consumption is available in hourly 

frequency and we include it because it is a necessary input for most of economic 

activity. 

To capture mobility and trade, the “truck toll mileage index” (source: German sta-

tistical office) provides a daily measure of traffic of large trucks in German roads. 

We use internet data to capture further economic activity. The main motivation is 

that the internet is almost omnipresent in modern life and a simple search query 

often precedes many economic activities. As Choi and Varian (2011) show, using 

the search intensity of keywords in Google (collected in “Google Trends”) can be an 

accurate predictor of real economy variables such as unemployment, sales and 

trips. The Google Trends statistics offers categories which compile the search inten-

sity of keywords in related terms. The category “Welfare and Unemployment”, for 

example, stores the search intensity of keywords such as “unemployment office”, 

“unemployment support”, “jobs”, etc. The data is available in a weekly frequency. 

 The categories we use for the German index are the following: 

• Welfare & Unemployment. 

• Job Listings. 

• Shopping. 

• Travel. 

• Restaurants. 

Finally, to track individual mobility as lockdown measures are slowly lifted, we use 

the Google mobility reports for the categories “workplaces” and “transit stations”. 

Data Transformation 

The goal of this second step is to assure that our data is stationary, seasonally ad-

justed and comparable. For GDP and industrial production, we use the seasonally 

adjusted data as provided by the source and calculate the quarter on quarter per-

centage change. 

For electricity consumption we take the total consumption during the hour be-

tween 11 a.m. and 12 a.m. to get daily data. Since our goal is to have a weekly index, 
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we take weekly averages. Because of the strong seasonal component of the series, 

we calculate rolling averages over 52 weeks. Finally, we get a weekly series starting 

in 2016, week 14. For the daily truck-mileage index, we take weekly averages and 

then quarterly rolling averages to smooth out the seasonality in the series. After-

wards we have a weekly series starting in 2008, week 23. 

For the Google trends indicators, we calculate rolling averages of the weekly data 

over 52 weeks to smooth seasonal pattern of the series. At the end we get weekly 

series starting in 2016, week 36. 

We do not transform the mobility indicators because they are too short, starting in 

2020w6. We still include them because they can provide useful information on the 

economic recovery while lockdown measures are lifted and, as explained above, 

our estimation procedure can handle efficiently this kind of differences in data 

availability. 

Finally, we calculate the quarter on quarter percentage changes (the difference 

over the last 12 weeks) as most series are I(1) and because our goal is to approxi-

mate quarterly GDP growth. 

Model Estimation 

With our 9 weekly indicators, industrial production and GDP growth, we estimate 

the approximate dynamic factor model described above. The results are 3 matrices 

of coefficients and the estimated common factor f̂t. Since we aim to track GDP 

growth, it is necessary to rescale f̂t to match the mean and standard deviation of 

GDP growth. Figure 1 shows the resulting time series of our index together with 

GDP growth and industrial production. 

 

Figure 1: Real Economic Index, Germany 

 

Source: Flossbach von Storch Research Institute, German Statistical Office 
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LEGAL NOTICE 

 

The information contained and opinions expressed in this document reflect the views of the author at the time of publica-

tion and are subject to change without prior notice. Forward-looking statements reflect the judgement and future expecta-

tions of the author. The opinions and expectations found in this document may differ from estimations found in other docu-

ments of Flossbach von Storch AG. The above information is provided for informational purposes only and without any obli-

gation, whether contractual or otherwise. This document does not constitute an offer to sell, purchase or subscribe to secu-

rities or other assets. The information and estimates contained herein do not constitute investment advice or any other form 

of recommendation. All information has been compiled with care. However, no guarantee is given as to the accuracy and 

completeness of information and no liability is accepted. Past performance is not a reliable indicator of future performance. 

All authorial rights and other rights, titles and claims (including copyrights, brands, patents, intellectual property rights and 

other rights) to, for and from all the information in this publication are subject, without restriction, to the applicable provi-

sions and property rights of the registered owners. You do not acquire any rights to the contents. Copy-right for contents 

created and published by Flossbach von Storch AG remains solely with Flossbach von Storch AG. Such content may not be 

reproduced or used in full or in part without the written approval of Flossbach von Storch AG. 

 

Reprinting or making the content publicly available – in particular by including it in third-party websites – together with 

reproduction on data storage devices of any kind requires the prior written consent of Flossbach von Storch AG. 

 

© 2020 Flossbach von Storch. All rights reserved. 
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