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Abstract

We employ comprehensive price and quantity information derived from a large German household

panel scanner data set to construct a set of highly disaggregated food price indices corresponding

to official subindices of the German Consumer Price Index (CPI). We show that our transaction-

based price indices map the respective official series very well. When considering the dynamics

of the constructed price indices in the aftermath of the Russian invasion of Ukraine at the end of

February 2022, we observe that high-frequency scanner data allow to detect important dynamics

in prices and quantities in real time. Nowcasts based on the weekly price indices reveal that price

data becoming available in the first weeks of a given month already contain valuable information

about that month’s inflation rate.
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1 Introduction

Following Russia’s invasion of the Ukraine on 24 February 2022 and subsequent sanctions against Russia,

global economic prospects have worsened significantly and energy and food prices have increased sharply

worldwide (International Monetary Fund, 2022). In Germany, inflation as measured by the Harmonised

Index of Consumer Prices (HICP) rose quickly to 7.6 percent in March and increased to even higher levels

which were last observed in the 1950s in this country in the subsequent months. Besides energy, also

non-energy raw materials such as wheat and corn as well as intermediate-goods such as fertilizer from

Ukraine and Russia play a major role for the German food sector. Consumers have not only adjusted

their inflation expectations upwards (Afunts et al., 2022), they are also facing increased uncertainty

(Anayi et al., 2022), possibly giving rise to stockpiling behaviour.

The current episode shows that inflationary waves can unfold extremely fast, making reliable real-

time information about inflation dynamics of utmost importance for central bankers and other policy

makers. However, official inflation statistics are available only at a monthly frequency and with a certain

time lag. For example, the headline flash estimate of the German HICP is published at the end of the

reporting month, while final figures for more disaggregate products are released only in the middle

of the subsequent month. Starting with Cavallo and Rigobon (2016), the literature has increasingly

pointed out the usefulness of high-frequency price indicators based on webscraping or scanner data to

provide a more timely inflation measure almost in real time.

The potential of using big data sets collected on higher frequencies has started to be explored more

prominently in the recent literature. Using webscraped data, Cavallo and Rigobon (2016) launched the

billion prices project that has led to important insights such as, e.g., the analysis of different pricing

strategies in online and offline markets (Cavallo, 2017). In terms of price measurement, granular scanner

data have proven useful to explore the impact of time-varying expenditure patterns (Cavallo, 2020),

the effect of shortages on prices (Cavallo and Kryvtsov, 2022), or to quantify potential measurement

biases in official inflation (Braun and Lein, 2021, Menz et al., 2022). In addition, a growing number of

studies has shown that high- frequency price data can lead to significant forecasting gains (Modugno,

2013, Harchaoui and Janssen, 2018, Aparicio and Bertolotto, 2020, Joseph et al., 2021).

In this paper, we focus on German food prices and illustrate how weekly scanner price data can add

valuable real-time information to official statistics. To this end, we construct experimental price indices

from household scanner data for selected 10-digit COICOP food categories. Specifically, we use the

GfK household panel for Germany which covers fast-moving consumer goods (FMCG) including food

and beverages and is based on reports by about 30,000 households. The data are available at a weekly

frequency from 2015 onward, with on average 30 million observations per year. Moreover, given that

scanner data include information on package sizes and thus sales volumes, we can also compute weekly

quantity indices which provide the basis for analyzing consumer behavior at a weekly frequency which

is a notable advantage over existing high-frequency online price indicators.1

In the first step of our analysis, we show that the selected monthly scanner price indices at the

10-digit COICOP level fit their official counterparts well. This finding suggests that carefully compiled

scanner data provide a sound basis to monitor the overall price developments at the product level even

1Our work belongs to a much broader research project that seeks to analyse retailer and household scanner data in
Germany and that also includes prices of slow-moving consumption goods. Details can be found here http://www.

miggroprices.eu/index.php/research.
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though their survey methodology differs considerably from the one used by national statistical offices.

Our weekly scanner price indices fluctuate fairly strongly around their respective monthly aggregates.

To examine to which extent weekly data provides valuable information for monthly movements, we ac-

cumulate the weekly information over the course of a month and assess how quickly the informativeness

improves with respect to the whole month. It turns out that already the information of the first week

of a month is a good predictor of the monthly outcome.

To further illustrate the information content of weekly scanner price data, we conduct a case study

considering the dynamics of prices and quantities in the aftermath of the Russian invasion of Ukraine

on 24 February 2022. Our results show that the weekly price changes of, e.g., sunflower oil and flour,

reflect the anecdotal evidence of war-related price jumps quite well. We also show that the weekly

quantity indices carry valuable high-frequency information that is useful to trace consumer reactions.

For example, purchases of sunflower oil and flour were extremely elevated which indicates that consumers

in fact started stockpiling these goods especially in March and April 2022. A major insight from this

case study is that the weekly data allow to detect changing price (and quantity) trends very rapidly

and more or less in real time.

Finally, we explore to what extent the weekly scanner price index information can help to nowcast

official monthly price dynamics. To this end, we specify a set of very simple forecasting models that

project the weekly information on the respective monthly price index. We find that, whenever these

models include within-month scanner-data based information, they by far outperform simple benchmark

models that exclusively rely on official previous-month information. We thus conclude that weekly

scanner price data are a valuable source of information to assess inflation in (almost) real time and to

nowcast the official results on a monthly basis.

The outline of this paper is as follows. Section 2 explains the underlying data set by the GfK. Section

3 shows how we derive weekly experimental price indices from scanner data and contrasts our high-

frequency experimental price indices with the corresponding official monthly German COICOP price

indices. Section 4 analyses the price development of selected German food products as well as changes

in the underlying quantities sold in light of the Russian invasion of Ukraine end of February 2022.

Section 5 reports outcomes from a simple nowcasting exercise, while Section 6 provides conclusions and

comments on the road ahead with planned extensions of this work.

2 Data

In our study, we make use of a comprehensive set of German scanner data provided by the research

marketing company GfK.2 The data stem from GfK’s household panel which comprises around 30,000

households that largely constitute a representative sample of the population of German households.3

The underlying products belong to the category of the so-called Fast-Moving Consumer Goods (FMCG),

which mainly cover food, beverages as well as household and personal care. Purchase records are

2The data set underlying our study was used in previous macro-related research, see, in particular, Beck and Lein (2020),
Beck et al. (2020), while both the FMCG and SMCG data were recently employed in Beck and Jaravel (2021). However,
to the best knowledge of the authors, it has not been used for the purpose of the current study, yet.

3A detailed description of the construction of the household panel and the data collection process is provided in Guenther
et al. (2019).
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available at the product level, as defined by their barcode4 and include information on the day of

the transaction, the price actually paid, the quantity purchased (both in terms of number of goods

and aggregate volume) and the retailer where the product was bought. Additionally, we have access

to a comprehensive barcode dictionary containing detailed information about each product including

its manufacturer, brand, volume (package size), a description of the product and an assignment to a

product category which in terms of the level of aggregation is comparable to the 10-digit COICOP level

used by Destatis or slightly above this level. Finally, the data set comprises a number of socio-economic

variables for each household including its income class, education level, household size and location.

The current version of this paper focuses on eight staple food products (sunflower oil, flour, butter,

low fat milk, cucumbers, tomatoes, bread and coffee pods). Although these products make up only for

a very small proportion of the German headline inflation, they are an important driver of consumers’

frequent out-of-pocket purchases that again strongly affect consumers’ inflation expectations. The data

set starts in January 2018.5

The employed scanner data set has a number of features which makes it particularly well suited for

the purpose of our study. First, it comprises purchase information on a very large amount of different

goods for each product type. The 10-digit COICOP category ”Flour”, e.g., covers more than 100

different products throughout the sample period. Overall, there are around 200,000 different products

(as defined by their barcode) available in each given sample year. Using the very comprehensive product

description (and the highly disaggregated categorization system available in the barcode dictionary)

allows us to map the available products very precisely to the official 10-digit COICOP categories.

Secondly, since households record their purchases on a continuous basis, the data is ultimately

available at a daily interval. However, given that the expenditures typically vary on a day-to-day

basis, we focus on a weekly frequency, where weeks are defined as Monday-to-Sunday time spans.

As the weekly scanner-data updates are available at most two workdays after a given reporting week

we are able to track price developments at an extremely detailed level almost in real time. While

such a timely assessment of price dynamics is generally useful, it becomes particularly valuable during

(dis)inflationary waves and in periods characterized by extreme uncertainties such as the outbreak of

the Corona pandemic or the Russian invasion of Ukraine.

A third virtue of the data is its comprehensiveness of available information with respect to the

market for FMCG, products and households. Since we observe purchases of FMCG in all relevant

“offline” markets (especially supermarkets and discounters), which still make up the vast majority of

grocery purchases in Germany, as well as purchases in online supermarkets we are, e.g., able to evaluate

to which extent dynamics across the different channels exhibit (a)symmetric patterns. The availability

of comprehensive product-level and socio-economic information on the other hand allows us to examine

interesting heterogeneities in inflation dynamics, e.g., across household income or product groups.

Finally, the data on quantities purchased can be used to provide important assessments and insights.

To be able to depict overall market developments, GfK synchronizes the overall purchases in its panel

with those reported by retailers on a monthly basis and uses current demographic information by

national statistical institutes about the composition of the household population. By constructing so-

called projections factors for households’ purchases, these weights aim achieving representativeness of

4More precisely, product information is available at the Global Trade Identification Number (GTIN), formerly known as
the European Article Number (EAN).

5In a later version of the paper, we plan to extend both the coverage of product categories and the sample period.
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the panel’s shopping transactions.

3 Computing weekly price indices

In the following, we describe our approach in deriving experimental high-frequency price indices from

the household scanner data set. Our modeling decisions are driven by our objective to mimic the

behavior of official price indices as close as possible.

In a first step, we make use of the comprehensive product information available in our data set

and map the sample items to a product category of the official CPI as defined by the Classification of

Individual Consumption by Purpose (COICOP) framework. The mapping is performed at the COICOP

10-digit level which is the lowest CPI product category.6 For the purpose of the current study, we focus

on a small set of staple food products. More specifically, we choose eight COICOP 10-digit categories

from the product groups edible oil (“Sunflower oil, rapeseed oil or the like”), flour (“Flour”), dairy

product (“Butter”, “Low-fat milk”), bread (“Rye bread or brown bread”), vegetables (“Tomatoes”,

“Cucumbers”), and coffee (“Coffee pods or coffee capsules”).7

Second, we apply some data cleansing. We remove outliers as defined by transactions whose price

are below 10% and above 400% of the sample median price for a given product. To ensure a large as

possible consistency in computed price indices between weekly and monthly data we focus only on those

items that are available in both frequencies throughout the sample period. Given some fairly high entry

and exit rates in some of the chosen categories we restrict our sample to the period starting in 2018 to

make sure that we have a sufficiently large number of products available in each period.

Third, in compiling price indices at the product-group level, we first compute a unit price for each

product for a given period — a week or a month — by dividing the total expenditure for this product by

the total units sold. Next, we compute an unweighted Jevons index8, which is simply a geometric average

across prices.9 Based on these indices, we compute year-on-year (YoY) inflation rates as follows. For

monthly data, we compute a 12-month rate of change while for weekly data we assume a fixed number

of 52 weeks per year. The indices capturing the dynamics of quantities purchased are constructed in an

analogous manner.

Figure 1 illustrates the YoY rate of change for the eight selected price indicators described above,

together with their official counterpart as published by Destatis. As expected, the weekly price indicators

(red line) consistently fluctuate around the corresponding monthly indicators (blue line), thus leading

monthly movements. They also exhibit a higher volatility pattern which is common to high-frequency

data. It is worth noting that our monthly indicators effectively capture the dynamics of the official

benchmark (black line), with relatively high contemporaneous correlations ranging between 0.62 for

cucumbers to 0.99 for butter. Ultimately, our price indicators also reflect a similar seasonal pattern as

the official series which becomes most visible for categories such as Cucumbers and Tomatoes. All in all,

our findings suggest that weekly indicators convey real-time predictive content for monthly nowcasting.

6See Federal Statistical Office of Germany (2019), ”Consumer price index for Germany. Weighting pattern for base year
2015”, online here.

7See Table A1 in the appendix for a more detailed list of the COICOP subindices covered.
8Note that this approach is similar to the one by Destatis, although they also apply a weighting by outlet type at the
elementary level (e.g. discounter, online store).

9For this purpose, we are using the R package IndexNumR.
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Figure 1: Experimental high-frequency price indicators and official price indices

Sources: Federal Statistical Office of Germany; GfK household panel; own calculations.
Note: The figure shows year-on-year inflation rates (% change) for selected food products in Germany. “Scanner, weekly”
is the rate of change derived from the experimental price index (Jevons fixed-base) based on GfK household scanner data.
“Scanner, monthly” denotes the rate of change derived from the monthly purchases. “Destatis” plots the official rate
of change of the corresponding CPI sub-index as published by the Federal Statistical Office of Germany on a monthly
basis. Correlation coefficients ρ between “Scanner, monthly” and “Destatis” are also given.

To assess the relevance of the apparent “noise” in the weekly indicators, we compare two types of

monthly scanner-data price indices. The first is our benchmark index described and depicted above,
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which is based on the purchases in all days of a given month. The second is an approximate monthly

index derived from our weekly index; it differs from the benchmark as weeks overlap across months. It

is computed as a weighted average of all weeks of a month, where each week is weighted according to

its number of days in this month. Such aggregation of weekly information allows us to obtain simple

updates of our monthly indicators as follows. At each day of a given month, we include all weeks of

that month which are already known and thus attach a weight of zero to unfinished or future weeks.

For example, on Friday, April 8th, a forecaster would have known only the previous week that started

on Monday, March 28th, and ended on Sunday, April 3rd. Hence the information of that week would

have received a weight of 1. On Friday, April 15th, a forecaster would have known the additional week

that started on Monday, April 4th, and ended on Sunday, April 10th. Now the overlapping week, which

includes three days of April, would have received a weight of 3/10, while the subsequent week, with

seven days of April, would have received a weight of 7/10.

In Figure 2, we show the monthly benchmark index together with the weekly-based monthly index

that includes all weeks of that month (blue and red lines, respectively, all transformed to YoY inflation

rates). Comparing the two indices shows that exact aggregation based on days and approximate aggre-

gation based on weeks leads to very similar but not identical results. In this Figure, we also include as

circles, the within-month updates described above at days 8, 15, 22, and the last day of a month. Given

that each stairstep of the monthly scanner-data based aggregate encompasses four weekly updates, it

is worth to emphasize that updates at days 8 (yellow circle) and 15 (purple circle) already provide a

good indication for the upcoming full month inflation while updates at days 22 (green circle) and end

of month (blue circle) typically coincide with monthly estimates as more data within that month comes

in.10 In fact, there are rare cases in which early month updates convey mixed signals. This weekly

aggregation of information throughout the month thus suggests that scanner data also carry real-time

predictive information for nowcasting monthly official rates from within the month (see Section 5). All

in all, high-frequency scanner data can be seen as a promising information tool for not only monitoring

real-time inflation dynamics but also anticipate official inflation figures.

4 Real-time inflation trends in light of the Russian invasion of

Ukraine

While inflationary trends had been present for some time before, the Russian invasion of Ukraine on

24 February 2022 has fuelled this dynamics considerably. The current episode shows that inflationary

waves can unfold extremely fast, making reliable real-time information about inflation dynamics of

utmost importance for central bankers and other policy makers. In this section, we demonstrate the

information content that weekly scanner data provides for this situation. Since stockpiling behavior

might have also played a prominent role in this period we not only report price but also aggregate

quantity figures.

We analyse the developments in prices and quantities in light of the Russian invasion of Ukraine

for eight staple food products (sunflower oil, flour, butter, low fat milk, cucumbers, tomatoes, bread

and coffee pods). Although these products make up only a very small portion of the German head-

10Cases in which end-of-month updates don’t fully coincide with the corresponding monthly aggregate are due to over-
lapping weeks to the next month.
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Figure 2: Weekly updates of monthly aggregated scanner data

Sources: GfK household panel; own calculations.
Note: The figure shows weekly updates (at days 8, 15, 22 and end of month) for the monthly YoY inflation rate (%
change) implied by the aggregated weekly GfK scanner data (red line) for selected food products in Germany.

line inflation, they are an important driver of consumers’ frequent-out-of-pocket purchases that again

strongly affect consumers’ inflation expectations. Moreover, increasing prices of sunflower oil and flour

have been discussed quite prominently in the context of supply chain disruptions and trade embargoes.

Since Ukraine accounts for 75% of globally traded sunflower oil (McGuirk and Burke, 2022) and com-
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bined with Russia both supply over a quarter of global wheat exports, the conflict has severely disrupted

the supply of these staples while increasing export restrictions have magnified the surge in food prices

(Espitia et al., 2022, Artuc et al., 2022). Our weekly price and quantity indicators cover the period of

January 2019 until the first week of June 2022 (179 weeks in total).

Our scanner-based indices signal a very strong increase in prices for sunflower oil and flour in light

of the conflict, accompanied by temporarily higher sales. Figure (3) plots the weekly price and quantity

indices for each of the mentioned food products. It compares trajectories in 2022 (red and orange solid

lines) with their historical average from 2019 to 2021 (blue and purple solid lines) along with historic

minimum and maximum values (shaded areas). According to this, the price increase of sunflower oil

was rather gradual and already started as of early February. In contrast, prices for flour increased very

sharply, but only more than two months after the start of the invasion. In both cases, however, sales

went far beyond their average levels signaling increased demand and possibly stockpiling behaviour.11

The increase in sales for flour even surpassed the very high levels observed during the first Covid-19

lockdown in March 2020, as reflected by the upper range of the shaded area. Concerning the more

recent period up to June 2022, prices for both products seemed to have stabilized at a very high level,

whereas quantities have converted back to their average level.

In contrast, other staple products such as milk, bread and coffee exhibited above-average price

increases while their sales remained rather unaffected. As of early June, prices for low fat milk have

been increasing by 3%, for coffee pods by 8% and for rye bread by 9% since the Russian invasion (see

Figure (3)). The corresponding quantity indices do not signal strong above-average increases. Butter

is slightly different since quantities also did not exceed average levels but actually dropped below their

previous minimum at the end of April, possibly as a response to a sudden spike in its prices. The latest

figures for June signal that prices have stabilized at a very high level. Sales also went back to their

historical average for milk and butter, but recently peaked again for coffee and bread.

11This is also in line with Destatis (2022) who find that sales for edible oil more than doubled, and flour sales more
than tripled in comparison to the pre-war period. They use experimental scanner data from several retailers starting
in September 2021.
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Figure 3: Experimental high-frequency weekly developments
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Sources: GfK household panel; own calculations.
Note: The figure shows weekly developments of price (left panel) and quantity (right panel) indices (Jevons fixed-base,
1st week of January=100) based on GfK household scanner data for selected food products in Germany. The “2019-2021
average” for both panels is also bounded by historic minimum and maximum values (shaded areas in blue and purple).
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5 Nowcasting official inflation

To assess the predictive content of our monthly aggregated indices for nowcasting the upcoming official

monthly year-on-year benchmark rates published by Destatis, we conduct a simple out-of-sample now-

casting exercise.12 Nowcasts are obtained using three different model specifications. Model 1 (hereafter

denoted by Nowcast 1 ) uses the information available in a given week of a month as if it was the com-

plete information of this month to compute the current month’s GfK aggregated index. From there, it

uses the constructed GfK aggregated index to compute the implied month-on-month (MoM) inflation

rate and uses this figure to update the current official rate. The approach taken thus ultimately corre-

sponds to chaining the corresponding official price index with the latest MoM inflation rate implied by

the weekly updates of the GfK aggregated index. Model 2 (Nowcast 2 ) conducts the same chaining as

Model 1, however, prior to chaining, it uses a static OLS fit to match GfK implied MoM rates to official

MoM rates. In this sense, the major difference between Model 1 and 2 is that the former does not make

any adjustment for discrepancies between scanner and official data while the latter rescales for such

differences. In our third specification, we replicate the approach in Model 2 using step functions for the

first four weeks wi of a given month for i = 1, . . . , 4 (Nowcast 3 ) with the aim to identify the most rele-

vant sub-monthly time frame flow of information. More precisely, the optimized weighting scheme can

be represented by S = 4 steps
∑S

i=1 ciIyt∈wi
such that the indicator function Iyt∈wi

applies parameters

ci to any weekly index yt with overlapping days in the first four weeks of a reference month.13

To benchmark our nowcasting results, we employ two alternative frameworks. In the first reference

model (Baseline 1 ), we employ the last available year-on-year rate of the official benchmark price index

to construct the current month’s nowcast (“random walk of YoY rates”). Benchmark model 2 (Baseline

2 ) instead constructs a nowcast based on the last available official price index level (“random walk of

levels”), and hence assumes a zero inflation scenario.

We run the nowcasting experiment with an expanding window for the twelve months from May 2021

to April 2022 using information available at days 8, 15, 22 and the end of each given month.14 Table 1

reports the root mean square errors (RMSE) while Figure 4 displays them relative to the naive baseline

Model 1. Inspecting the reported figures and the RMSE heatmap, it becomes immediately clear that

our nowcasting strategies 1, 2 and 3 largely outperform both baseline models across most benchmark

days and selected products. The gains are particularly large for butter, low-fat milk, cucumbers and

tomatoes where they amount up to 50% compared to Baseline 1. Interestingly, the results moreover

reveal that day 8 of a given month already contains valuable information for nowcasting that month’s

inflation rate. Gains generally increase significantly with the advent of information for the second week

(time period until the 15th of a month). Information for the third week provides additional value,

however, the increase in nowcast performance is less pronounced than for the second week. Similarly,

information from the last period of a month generally leads to only minor improvements in nowcasting

12Note that the official flash estimate for the German CPI is published at the end of a given reference month, while final
figures (for headline and sub-indices, including the above mentioned COICOP-10-digit categories) are released by about
two weeks after the end of the reference month. In contrast, the GfK scanner data are available with a lag of at most
two workdays after the closing of a given week, which we can use to obtain weekly updates of the respective monthly
aggregated indices implying that several of these updates are available well before the official CPI release.

13It turns out that attaching ci parameters to [0.4, 0.6, 0, 0] leads to superior performance in terms of RMSE across most
selected food products yt so that efforts in price collection by Destatis are most likely concentrated in the first half of
the month.

14Note that Models 2 and 3 can only use information up to t− 2 if t is to be nowcasted before day 15 due to the timing
of official data releases.
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Table 1: RMSE values

Product Model day 8 day 15 day 22 end of month Product day 8 day 15 day 22 end of month
Nowcast 1 3.93 2.15 2.19 2.32 4.14 3.18 2.77 2.84
Nowcast 2 4.84 3.08 3.00 2.86 3.91 3.35 3.15 3.16
Nowcast 3 4.13 2.43 2.29 2.29 3.96 3.20 3.03 3.03
Baseline 1 5.66 3.44 3.44 3.44 4.74 3.91 3.91 3.91

S
u
n
fl
ow

er
o
il

Baseline 2 7.88 4.87 4.87 4.87

F
lo
u
r

4.97 4.09 4.09 4.09
Nowcast 1 4.99 2.48 2.19 1.99 1.97 0.98 1.04 1.08
Nowcast 2 5.03 2.75 2.45 2.17 2.01 1.04 1.08 1.10
Nowcast 3 4.68 2.79 2.58 2.58 1.88 0.86 0.84 0.84
Baseline 1 5.71 4.83 4.83 4.83 3.20 2.07 2.07 2.07B

u
tt
er

Baseline 2 7.30 5.61 5.61 5.61 L
ow

fa
t
m
il
k

2.77 1.66 1.66 1.66
Nowcast 1 15.78 9.37 8.49 9.08 7.60 5.95 6.23 7.07
Nowcast 2 15.12 9.97 9.05 9.53 8.18 6.15 6.94 8.41
Nowcast 3 15.00 9.83 9.43 9.43 7.97 5.12 5.65 5.65
Baseline 1 17.81 20.66 20.66 20.66 16.79 12.80 12.80 12.80

C
u
cu
m
b
er
s

Baseline 2 24.03 17.23 17.23 17.23

T
om

a
to
es

21.69 12.70 12.70 12.70
Nowcast 1 0.97 1.48 1.26 1.11 3.72 2.12 2.59 2.57
Nowcast 2 1.24 0.94 0.91 0.91 1.68 1.76 1.83 1.86
Nowcast 3 1.27 0.94 0.92 0.92 1.62 1.60 1.61 1.61
Baseline 1 1.60 1.11 1.11 1.11 2.08 2.37 2.37 2.37

R
ye

b
re
ad

Baseline 2 1.70 1.15 1.15 1.15

C
off

ee

2.52 2.15 2.15 2.15

Note: The table reports RMSE values for each nowcasting model at days 8, 15, 22 and end of month
for selected food products in Germany. Preferred nowcasts are indicated by grey shaded cells.

Figure 4: RMSE heatmaps

Sources: GfK household panel; own calculations.
Note: The figure shows heatmaps of RMSE values for each nowcasting model relative to the Baseline
1 (at days 8, 15, 22 and end of month) for selected food products in Germany.

13



quality. This pattern of nowcasting quality across sub-monthly periods is strongly compatible with the

typical convention in official price statistics where prices are primarily collected around the middle of a

month. Overall, our nowcasting results suggest that early weekly information enable to anticipate with

relative accuracy the upcoming official inflation of a given month using fairly simple models.

6 Summary and outlook

We use a comprehensive set of high-frequency scanner data to construct real-time price indices for

selected staple food products which correspond to the COICOP 10-digit categories in the German

CPI. We show that our scanner-data based price indicators map the corresponding official monthly

price indices very well. When evaluating the information content of our weekly time series for the

corresponding monthly inflation rate, we observe that data already from the first week of a given month

provide valuable information about the inflation dynamics in this month. Similarly, second-week data

represent significant value-added while information gains from data for additional weeks tend to be

relatively smaller. This finding is compatible with the sampling behavior in official price statistics,

where price information is typically collected around the middle of a given month.

Employing our weekly price indices and complementing them with corresponding quantity indices,

we document the dynamics of prices and quantities in the aftermath of the Russian invasion of Ukraine

on 24 February 2022. Our experimental price indicators signal a high increase in prices for most of

the staple food in comparison to previous years and to the pandemic period. Quantity responses are

mixed with indications of enormous stockpiling behavior for sunflower oil and flour. We believe that

highlighting and understanding price dynamics of very specific goods is important since consumers often

base their inflation expectations on daily shopping experiences. Such timely information on a granular

level also enable decision makers to get first and very strong indication of soaring consumer prices in

real time.

Our out-of-sample nowcasting exercise confirms that weekly data becoming available in the course

of a given month provides valuable information about that month’s inflation dynamics. Our simple

nowcast models by far outperform baseline models using only available official monthly data. Again,

information already from the first week of a month provides fairly good nowcasts. While data for

additional weeks tends to improve the quality of a nowcast, the gains from data becoming available

after the mid of the month tend to decrease.

Looking ahead, we will extend the analysis with respect to two dimensions. First, we will refine our

methodology regarding the sample selection of goods in order to increase the basket of goods considered

in a given product category and extend the sample period. Secondly, we will include additional product

categories to fully cover the food and beverages sector in the German CPI. In a companion paper, we

will moreover consider numerous 10-digit goods subcategories covering durable goods such as major

and small domestic appliances, consumer electronics, gardening equipment, tools and machines, office

equipment and the like. In this paper, we will also implement alternative classes of models for mixed-

frequency data – including MIDAS regressions, mixed-frequency Bayesian VARs, factor models and

machine learning algorithms – to examine the value-added of the employed broad set of high-frequency

scanner data for the purpose of inflation now- and forecasting.
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A Appendix

A.1 German CPI data

Table A1: Selected staple food products in the German CPI

COICOP (10-digit) Title Category

01.1.1.2.01100 Flour Processed Food
01.1.1.3.12100 Rye bread or brown bread Processed Food
01.1.1.6.10100 Pasta Processed Food
01.1.4.2.10100 Low fat milk Processed Food
01.1.5.1.00100 Butter Processed Food
01.1.5.4.00100 Sunflower oil, rapeseed oil or the like Processed Food
01.1.7.1.31100 Tomatoes Unprocessed Food
01.1.7.1.34100 Cucumbers Unprocessed Food
01.2.1.1.10200 Coffee pods or coffee capsules Processed Food
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