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Background and motivation

• (Reliable) Real-time information on aggregate and disaggregate
inflation can be very beneficial:

• Large shocks (e.g., Global Financial Crisis, Covid-19 pandemic, Russia’s
invasion of Ukraine) generate enormous uncertainty and require swift
and decisive policy measures.

• Real-time information can generally improve decision making (detection
of turning points, information is available when decisions are made, ...)

• Real-time information can improve the communication of central banks.
• ...

• Official price statistics are generally available at a monthly frequency
only and published with a certain time lag (≈ two weeks after a
reporting month).
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Background and motivation

• Information flow: Official data versus our scanner data in Germany

• Major objective of our paper: Combine non-standard high-frequency
price (and quantity) data with state-of-the-art machine learning
methods to provide high-quality real-time nowcast inflation
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Our approach

• Use non-standard high-frequency price (and quantity) data:
• Household scanner data covering daily purchases of fast-moving

consumer goods (GFK:FMCG data) at the barcode level
• High-frequency information on energy and package-holiday prices

• Basic steps of our approach:
• Map our scanner (and other) data to the lowest available category level

of the official price statistics (=10-digit level)
• Compute high-frequency price indices for these items
• Combine the high-frequency with complementary low-frequency (=

official) price indices to nowcast inflation:
• At the item level
• At product-group levels used in policy analysis ((un-)processed food, ...)
• At the aggregate level (headline inflation)

=⇒ Apply machine learning (LASSO, ridge, sg-LASSO) techniques for
aggregates
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Related literature

• Literature on the use of scanner data for economic research including Kaplan
and Schulhofer-Wohl (2017), Jaravel (2019), Butters et al., (2022), Karadi et al.,
(2023), Beck and Lein (2020), Jaravel and O’Connell (2020), Messner et al., (2023),
... =⇒ Our contribution: Use of household scanner data to nowcast headline
inflation.

• Literature that seeks to construct high-frequency measures of existing
low-frequency macroeconomic series including Anenberg and Laufer (2017),
Eraslan and Götz, 2021), Buda et al., 2022, Cavallo and Rigobon (2016), Jaravel
and O’Connell (2020), Alvarez and Lein (2020) ... =⇒ Our contribution: Construct
both aggregate and disaggreagte weekly inflation measures for unprocessed food,
processed food, and non-durable goods.

• Literature on nowcasting key macroeconomic variables including Modugno
(2013), Breitung and Roling, (2015), Knotek II and Zaman (2017) Clark et al.
(2022) Aliaj et al. (2023), Macias et al. (2023), Powell et al., (2018), Harchaoui
and Janssen (2018), Aparicio and Bertolotto (2020) ... =⇒ Our contribution:
Construct both aggregate and disaggreagte weekly inflation measures for
unprocessed showing that scanner data is a very promising candidate to nowcast
inflation both on the aggregate and the disaggregate level.
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Related literature

• Literature examining whether it pays off to forecast headline inflation by
explicitly using disaggregate price indicues including Hendry and Hubrich (2011),
Ibarra (2012) Espasa and Mayo-Burgos (2013), Bermingham and D’Agostino (2013)
and more recently Joseph et al. (2022), ... =⇒ Our contribution: We show that
combining disaggregate inflation nowcasts into an aggregate nowcast for headline
inflation is a highly competitive approach

• Literature on recent advances in machine learning that seek to improve
inflation forecasts by exploiting large data sets including Garcia et al. (2017),
Medeiros et al. (2021) and Babii et al. (2022), Paranhos (2021), Li et al. (2022),
Goulet Coulombe et al. (2022), Hauzenberger et al. (2023), Joseph et al. (2022),
Botha et al. (2022), and Barkan et al. (2022) ... =⇒ Our contribution: We show
that machine learning tools provide an effective solution to handle a large set of
disaggregate price series in a mixed-frequency setting.
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Preview of our findings

• Our scanner-based price indices track their official counterparts very
well.

• The high-frequency, scanner-based price indices improve inflation
nowcasts at the item level considerably, notably already after the first
seven days of a month.

• Applying shrinkage estimators to exploit the large set of scanner-based
price indices in nowcasting product groups such as processed and
unprocessed food, we obtain substantial predictive gains compared to a
time series benchmark model.

• Adding high-frequency information on energy and travel services, we
construct nowcasting models of headline inflation that are on par
with, or even outperform, market-based inflation expectations.
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Data: Sources and processing Data sources

Data sources

• High-frequency data:
• Fast-moving consumer good (FMCG) scanner data from GfK

(GFK:FMCG scanner data)
• Energy prices
• Package-holiday prices

• Low-frequency data:
• Monthly 10-digit COICOP index series from the German National

Statistical Office
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Data: Sources and processing Data sources

GFK:FMCG scanner data

• The GFK:FMCG scanner data primarily cover products from the sectors food,
beverages, household and personal care.

• The data are collected by participants of the GfK household panel which constitutes
a representative sample (around 30,000 households) of the German population.

GfK Household Panel
Household Product Description Barcode Quantities Sales Retailer Purchase Date

1 Green Hill Butter 250g 400123123123 1 3.39 € A 28.11.2022
2 Lovely Butter 250g 400456456456 2 6.58 € B 01.12.2022
3 Lovely Butter 250g 400456456456 1 3.39 € C 01.12.2022
4 Green Hill Butter 250g 400123123123 1 3.29 € B 02.12.2022
5 Green Hill Butter 250g 400123123123 2 6.98 € A 03.12.2022
6 Sunny Sunflower oil 1l 100445566123 1 2.29 € B 01.12.2022
7 Blossom Sunflower oil 1l 100112233123 1 3.99 € C 01.12.2022
...

...
...

...
...

...
...

Note: For confidentiality reasons, “Product description” and “Barcode” are fictitious
entries.

• Purchase records are available at the product level, defined by their barcode (GTIN).
• A barcode dictionary contains more detailed product information: manufacturer,

brand, volume (package size), product category, ...
• Our sample period is 08 January 2003 to 31 December 2022.
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Data: Sources and processing Mapping scanner data to the official CPI classification system

Overview of COICOP classification system

• COICOP 2-digit level categories:
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Data: Sources and processing Mapping scanner data to the official CPI classification system

Overview of COICOP classification system

• COICOP 2-, 3-, 4-, 5- and 10-digit level categories:
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Data: Sources and processing Mapping scanner data to the official CPI classification system

Mapping scanner data into the German COICOP system

• To match the products of the scanner data to the corresponding
COICOP- 10 items, we make use

• of the product categories and the detailed product descriptions included
in the GfK household panel and

• the item descriptions contained in the HICP manual.

• Mapping is done using a combination of machine learning and manual
work
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Data: Sources and processing Mapping scanner data to the official CPI classification system

Mapping between scanner data and the German HICP

• Mapped series:
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Data: Sources and processing Mapping scanner data to the official CPI classification system

Scanner-based and official price indices

• Scanner-based 10-digit price indices are computed using a (rolling)
weighted time-product dummy price index (mean splice).

• Selected individual series:
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Nowcasting approach and results Nowcasting item-level inflation

Nowcasting item-level inflation

• For each COICOP-10 item c for which we have weekly GFK:FMCG
data available, we estimate a (U-)MIDAS model of the monthly HICP
inflation rate, πM

c,t using

ϕ(L) πM
c,t+h = α0,h + βc,h B(L1/m; θ) x (m)

c,t +
13∑

i=s
γc,s dc,s,t+h + εc,t+h,

(1)
• t = 1, . . . , T denotes the monthly time index
• m = 1, . . . , 4 denotes the weeks of a month.

• The predictors include the weekly GFK:FMCG inflation rate, x (m)
c,t ,

sampled four times more frequently than the target variable, and a set
of monthly dummy variables, dc,1,t , . . . , dc,13,t .
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Nowcasting approach and results Nowcasting item-level inflation

RMSE for FMCG product-level inflation: U-MIDAS vs. SD-AR benchmark
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Nowcasting approach and results Nowcasting item-level inflation

Predictive gain of the FMCG data as a function of the in-sample fit
with official counterparts
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Nowcasting approach and results Nowcasting product group-specific inflation
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Nowcasting approach and results Nowcasting product group-specific inflation

Nowcasting product group-specific inflation

• Given the restricted coverage of the GFK:FMCG data, we focus on
• the high-level product groups unprocessed food, processed food and

non-energy industrial goods

• the more disaggregated low-level product groups unprocessed fruit
and vegetables; unprocessed meat, fish and eggs; processed fruit and
vegetables; processed meat, fish and eggs; bread and cereals; dairy
products and fat; beverages and other food products; and non-durables.

• A natural starting point for nowcasting at the product-group level would be to
treat all COICOP-10 series belonging to that group as relevant predictors.
=⇒ U-MIDAS setting is not suited to handle such a large set of predictors.
=⇒ We apply shrinkage estimators using two different approaches.
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Nowcasting product group-specific inflation

• Our first approach avoids mixed frequencies by aggregating the weekly
GFK:FMCG indicators, x (m)

c,t , m = 1, . . . , 4, to the monthly frequency which
yields x (M)

c,t .

• We apply standard shrinkage methods to estimate nowcasting models of the
group-specific target inflation rates and plug in our high-frequency
disaggregate inflation measures to generate the nowcast of a month.

• Our second approach applies the sparse-group LASSO (sg-LASSO)
estimator proposed by Babii et al. (2022) and regresses the group-specific
target inflation rate, πM

g,t , directly on the large set of weekly GFK:FMCG
inflation rates

=⇒ Approach performs shrinkage in a mixed-frequency rather than a
low-frequency setting by recognizing serial dependence across different
high-frequency lags.
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RMSE for FMCG product-group inflation: Various shrinkage methods
relative to the SD-AR benchmark

• High-level product groups
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Nowcasting headline inflation: Approach(es)

• To nowcast headline inflation, we split it into the following six
components: unprocessed food, processed food, non-energy industrial
goods, energy, package holidays, and services (w.o. package holidays).

• We nowcast each part separately using two different approaches and
construct a headline nowcast by using the official HICP weighting
scheme.

• First nowcasting approach: Bottom-up U-MIDAS approach
• Second nowcasting approach: Direct machine learning approach
• Benchmarks.

• For the six components of headline inflation, we use aggregated
nowcasts of the SD-AR model applied to each item at the COICOP-10
level as the benchmark.

• For headline inflation, we also use market expectations provided by
Bloomberg and Consensus Economics as the benchmark.

• Modelling the impact of policy measures in times of crisis:
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RMSE of headline inflation and its components: Bottom-up U-MIDAS
and direct machine learning approaches relative to the benchmark
approach
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Cumulative sum of the squared forecast error differentials: models versus

Bloomberg market expectations
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Summary and conclusions

• We demonstrate how combining millions of household scanner data with
state-of-the-art machine learning techniques yields highly competitive real-time
inflation nowcasts for Germany at the disaggregate and aggregate level.

• Our strategy to combine fixed economic structure inherent in the COICOP
classification system with flexible machine learning tools turned out to provide two
major merits:

• It exploits the virtue of granular data to provide an understanding of the
disaggregate dynamics underlying overall inflation.

• At the same, time, it delivers valuable high-frequency real-time
information about price developments of aggregates closely monitored
by policy makers and market participants.

• Given our findings, we think it is highly worthwhile to identify and exploit
high-frequency information concerning those parts of the consumption basket
underlying German (and other countries’) inflation that are not covered by scanner
data on fast-moving consumer goods.
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