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How household scanner data help improve  
inflation forecasting
by Günter Beck, Kai Carstensen, Jan-Oliver Menz, Richard Schnorrenberger and  
Elisabeth Wieland

Forecasting current month inflation (“nowcasting”) is a highly important exercise 
for central banks and market participants, especially in turbulent times. In a new 
study, researchers investigate how millions of granular weekly scanner data from 
households combined with machine learning (ML) techniques can improve the now-
cast of monthly German inflation.

The recent major economic shocks induced by the COVID-19 

pandemic and the Russian invasion of Ukraine in February 

2022 increased demand for reliable realtime information 

about the state of the economy and consumer prices. Since 

official macroeconomic statistics are typically only available 

with a time lag and at monthly or less frequent intervals, 

nontraditional, higher-frequency data such as web scraping 

and transaction data can provide added value (see, for ex-

ample, Deutsche Bundesbank, 2023). In our study (Beck, 

Carstensen, Menz, Schnorrenberger and Wieland, 2023), we 

show that weekly household scanner data in combination 

with machine learning (ML) techniques provide central banks 

and other market participants with a promising toolkit to 

monitor ongoing and potentially disruptive developments in 

real time and to make better-informed decisions in such situ-

ations. 

High correlation between price indices from household 
scanner data and official price indices
Our dataset is taken from the household panel maintained 

by the market research company GfK. The dataset contains 

daily purchases of what are known as fast-moving consumer 

goods, i.e. those that are purchased regularly and consumed 

quickly, for the period from 2003 to 2022. The purchases 

recorded are primarily food and non-durable goods such as 

shampoo or toothpaste, which are scanned by panel partici-

pants at home and are therefore referred to as household 

scanner data. On average, the GfK household panel for  

Germany comprises around 30,000 households, 200,000 

products (measured at the barcode level) and 30 million  

observations per year. In addition, the dataset contains  

detailed product descriptions and has its own product classi-

fication system. These descriptions allow data to be mapped 

to the most disaggregate level used in the German consumer 

price statistics, i.e. according to the classification of individual 

consumption by purpose at the ten-digit level (COICOP-10), 

with items such as “butter”, “coffee beans” and “toothpaste”. 

Overall, we can map the household scanner data to more 

than 180 product groups of the German Harmonised Index 

of Consumer Prices (HICP), which cover around 12% of the 

German basket of goods and typical outlet types such as  



supermarkets and discounters. From this, we derive price  

indices using common index methods often applied by stati-

stical offices in connection with scanner data (specifically, 

time-product dummy regressions; see Eurostat, 2022).  

We show that our scanner data-based price indices match 

official price indices fairly closely (see Figure 1). Periodic dif-

ferences between the indices (such as in the most recent 

period of high inflation) can be explained in part by the fact 

that, compared with the official price statistics, actual tran-

saction data are likely to include more special offers and  

product substitutions.

Household scanner data improve nowcasting at various 
levels
First, we specify a time series model for mixed frequencies 

for each of the around 180 COICOP-10 items (specifically, 

the unrestricted mixed data sampling (U-MIDAS) model; see 

Foroni, Marcellino and Schumacher, 2015). Here, the weekly 

price indicator is used to predict the monthly inflation rate on 

days 7, 14, 21 and 28 of a month. We show that this  

approach reduces the nowcast error substantially relative to 

a univariate time series benchmark model. Current month 

inflation nowcasts already improve early in the month just 

with scanner data for the first seven days of a month.

In a second step, we look at the three major product groups 

“unprocessed food”, “processed food” and “non-energy  

industrial goods” (including, for example, consumer goods 

for the household), whose inflation rates are often the focus 

of monetary policy analysis. As these product groups consist 

of many individual COICOP-10 items, use of the above  

U-MIDAS model is no longer possible due to the correspon-

dingly large number of parameters. We therefore resort to 

shrinkage estimators from the ML toolkit (see Babii, Ghysels 

and Striaukas, 2022) to efficiently integrate the large set of 

potential predictors into a time series model. Compared with 

the benchmark model, we achieve forecast error reductions 

of up to 25%. Again, our ML-based approach leads to now-

casting gains after just the first seven days of a month.

In the final step, we nowcast headline inflation of a given 

month. To this end, we consider six subcomponents of the 

German HICP separately: unprocessed food, processed food, 

energy, package holidays, non-energy industrial goods, and 

services (excluding package holidays). In addition to the  

scanner data, we expand our indicator set to include weekly 

price indicators for the two volatile components of energy 

(from the European Commission's Weekly Oil Bulletin) and 

package holidays (based on actual bookings via the AMADEUS 

platforms, see Henn et al., 2019). Specifically, we estimate a 

mixed-frequency ML model that directly selects the relevant 

predictors for each of the six components (“direct ML”) and 

a bottom-up U-MIDAS model for each COICOP-10 item, the 

nowcasts of which we aggregate first to the components 

and then to headline inflation using the official HICP weigh-

ting scheme.

We show that both approaches produce highly competitive 

nowcasting models that are on par with, or even outper-

form, Bloomberg market expectations (see Figure 2). Market 

expectations are only available for headline inflation and are 

typically obtained in the second half of the month. When 

forecasting inflation, their predictions can be considered as a 

Price indicators derived from scanner data for food and non-durable goods compared 

with official inflation rates*

* Inflation rate based on COICOP10-digit series for which scanner data are available . p Correlation of both series.
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benchmark that is hard to beat (see Bańbura, Leiva-León and 

Menz, 2021). In terms of the approach chosen, it can be 

seen that the direct ML approach was difficult to beat in 

normal times, as measured by relatively low inflation volatility, 

but performed worse than market expectations in times of 

higher volatility. By contrast, the bottom-up approach improved 

inflation nowcasting in turbulent times, particularly with the 

expiry of the temporary VAT cut in January 2021 and during 

the sharp rise in inflation in 2022.

Sources: GfK household panel, Weekly Oil Bulletin of the European Commission, AMADEUS, Bloomberg survey, own calcula-

tions. 

Note: The figure shows, on the left axis, the (inverted) cumulative sum of the squared forecast error differential of our model 

forecast (bottom-up U-MIDAS approach in the top panel and the direct ML approach in the bottom panel) compared with 

Bloomberg market expectations in the survey period (days 14, 21 and 28). The grey bars represent month-on-month changes 

in official inflation.

Cumulative relative forecast error: models versus market expectations
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Conclusion
Weekly price indices from household scanner data can significantly improve monthly inflation nowcasts at various levels. This 

is clearly evident at the level of major subcomponents of German inflation and is generally already the case after the first seven 

days of a month. Our nowcasting approach to headline inflation produces highly competitive models that are on par with, or 

even outperform, market expectations. If such data could be made available on a continuous basis in the future, their use 

would be a promising tool in ongoing economic analysis. In terms of the approach chosen, it can be seen that ML models are 

difficult to beat in normal times, but do not necessarily adapt quickly enough to large shocks. Overall, therefore, neither of the 

two nowcasting methods analysed consistently outperforms the other. Instead, using higher-frequency scanner data and 

meticulously transforming them into representative price indices appears to improve predictive power as compared to stan-

dard approaches.
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News from the Research Centre
Publications
“Estimation of Heterogeneous Agent Models: A Likelihood 

Approach” by Juan Carlos Parra-Alvarez (University of Aarhus), 

Olaf Posch (University of Hamburg) and Mu-Chun Wang 

(Deutsche Bundesbank) will be published in the Oxford Bulletin 

of Economics and Statistics.

“Indeterminacy and Imperfect Information” by Thomas A. 

Lubik (Federal Reserve Bank of Richmond), Christian Matthes 

(Indiana University) and Elmar Mertens (Deutsche Bundesbank) 

will be published in the Review of Economic Dynamics.

Events
7 – 8 May 2024

"Spring Conference 2024 – Structural Changes and the 

Implications for Inflation" jointly organized by Danmarks 

Nationalbank, Norges Bank and Deutsche Bundesbank

Disclaimer: 
The views expressed here do not necessarily reflect the opinion of the Deutsche Bundesbank or the Eurosystem.
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