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Abstract

In this paper, we develop a novel methodology to identify temperature surprise shocks
for hot and cold extreme weather events using granular ground station- and satellite-
based weather data for Germany. We focus on food and energy prices, which are key
drivers of inflation in Germany and, at the same time, are themselves strongly affected
by climate-related shocks. A positive heat shock of one standard deviation increases
food prices by up to 0.39% in summer, while the same type of shock in winter decreases
energy prices by 0.88%. Moreover, our results indicate that food prices are driven pri-
marily by supply-side factors, as the interaction of a heat shock with a drought variable
amplifies the effect through its impact on agricultural production, whereas energy prices
respond mainly to demand-side factors, such as changes in heating and cooling needs.
Using our identified weather shocks, we estimate the causal effects of extreme tem-
peratures on these two components and trace their pass-through to headline inflation.
These results are robust when accounting for nonlinearities arising from seasonality and
shock magnitude, the role of transmission channels such as renewable energy produc-
tion, droughts, and different learning periods in which agents form expectations from
past weather shocks.
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1 Introduction

This study develops a novel weather-shock identification strategy to examine how extreme
cold and heat events affect inflation in Germany. Controlling for several confounding factors
such as droughts, growing seasons, the growing importance of renewable energy sources
and nonlinear interactions with precipitation, we find that weather shocks influence prices
mainly through two channels: heightened energy demand and disruptions to food supply.
Germany’s particular energy mix' and agricultural structure make it especially sensitive
to these channels, amplifying the inflationary effects of climate extremes. In particular, our
results demonstrate that climate change is not only driving more frequent summer heatwaves,
but is also intensifying a broad range of extreme weather conditions, including cold spells—a
phenomenon well documented in the natural sciences but surprisingly underexplored in the
economics literature (see Zohner et al. (2020) and references therein).

We contend that there are three main reasons for focusing on a single-country study. First,
from a climate research perspective, Germany is an intrinsically interesting case: located in
a climatic transition zone where maritime and continental influences converge, it is particu-
larly sensitive to changes in the jet stream. Climate change induced shifts in the subpolar
jet stream—projected to move poleward and become more sinuous—Ilead to more stagnant
and extreme weather patterns’. Combined with high socio-economic and infrastructural
exposure, these dynamics amplify the impacts of climate change, making them more pro-

nounced than in European countries with more uniformly maritime or continental climates.

Moreover, according to the latest Climate Risk Index, Germany ranks among the 50 coun-

'In 2023, Germany had the highest share of solar and wind in electricity production among European
countries (39.88%), while the share of all renewable energy sources exceeded 50%, according to data from
the International Energy Agency.

2 Among others, Coumou et al. (2018) emphasizes that under anthropogenic climate change, the subpolar jet
stream is projected to shift poleward and become more sinuous. These changes result in more persistent
anomalies and extreme weather events—such as heatwaves, droughts, floods, and wildfires—in the mid-
latitudes.


https://www.iea.org/data-and-statistics/data-explorers

tries worldwide most affected by extreme weather events between 1993 and 2022°. Second,
cross-country studies face the challenge that countries occupy different climatic zones, which
may themselves shift over time due to climate change. This heterogeneity can introduce an
omitted-variable bias in multi-country analyses that is difficult to address, given the com-
plex atmospheric dynamical processes that characterize different zones. For example, Rousi
et al. (2018) show that so-called double jet streams are a key driver of heatwaves in northern
Europe, whereas persistent heatwaves in the Mediterranean and Eastern Europe are more
likely sustained by land—atmosphere feedbacks linked to dry soil conditions. Thus, from an
econometric point of view, we rather reconstruct the historical exposure of the population
to climatic conditions and estimate the effects of temporal variation using standard econo-
metric techniques, following Hsiang et al. (2013). Third, behavioral responses to climate
shocks also vary by climatic history. In countries such as Italy or Spain, where heatwaves
have historically been more frequent, people are less surprised by future climate shocks and
therefore respond (economically) differently compared to those in Germany, where heatwaves
are a relatively recent phenomenon.

In Germany, the average temperature rose by 16.65 percent between the 1970s and the
2010s. As shown in Figure 1, this trend masks considerable regional variation: areas in the far
south experienced markedly larger increases, while other regions warmed less.* In contrast,
our identified temperature shocks (details on identification follow) display a different spatial
pattern, with northern Germany experiencing, on average, more frequent and more intense
hot and cold extremes, amplifying the need of identifying a clean temperature shock instead
of relying on level values.

Prices are of particular interest because they capture both direct supply-side effects and

3See https://www.germanwatch.org/de/cri.

4For clarity, the top 1 percent of regions in terms of temperature increase are excluded from the map, as
they represent extreme outliers relative to the national average.
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Figure 1: Growth rates of regional temperatures (1970s-2010s) alongside heat and cold
temperature shocks as identified in this paper.

figurel.pdf

indirect demand-side or expectation-driven responses to weather shocks (Hsiang 2016). In
recent years, monetary authorities, including the European Central Bank, are increasingly
attentive to climate change, particularly regarding their implications for inflation monitoring
and forecasting (ECB 2024; Drudi et al. 2021). Integrating climate change into monetary pol-
icy frameworks requires a clear understanding of the channels through which global warming
influences prices. While the macroeconomic effects on output are relatively well documented,
the relationship between temperature and prices—especially in advanced economies such as
Germany—has received far less attention.

In this paper, we address four questions: 1) How do the reactions of individual price
components to temperature shocks differ, and in what ways do these responses collectively
influence the trajectory of overall inflation? 2) Are there differences between hot and cold
extremes?’ 3) Do prices respond linearly or are there nonlinear influences like calendar
seasons or the size of the shock? 4) Does the transmission to renewable energy sources shift
our results in a particular way?

To answer these questions, we introduce and employ a temperature shock identification
strategy for Germany inspired by Natoli (2023), which departs from the standard anomaly-
based measures used in most of the literature. This method accounts for both tails of the
temperature distribution, enabling us to capture hot and cold extremes. It also incorporates
agents’ expectations and learning, ensuring that shocks represent unanticipated events. Us-

ing these shocks, we estimate their dynamic causal effects on prices via the local projection

°As highlighted before, climate change is increasing the frequency and intensity of extreme weather events,
explicitly also cold extremes.



method of Jorda (2005). In the online appendix, we complement the empirical analysis
with a three-sector behavioral New Keynesian DSGE model to illustrate the mechanisms
underlying the food and energy price responses to weather shocks.

Our findings highlight several important points. First, distinguishing between hot and
cold extremes is essential, as their effects on prices differ sharply. When seasonal effects
are not accounted for, cold extremes raise food prices, while heat extremes lower them. For
energy prices, cold spells have a modest upward impact, whereas hot extremes produce a
more persistent decline that feeds through to headline inflation. Core inflation (excluding
food and/or energy) shows little distinction between warm and cold shocks, underscoring
that food and energy are the most temperature-sensitive components.

Seasonality further shapes these dynamics and provides a clearer picture. For food, win-
ter and spring cold spells damage crops and raise prices, while warmer-than-usual conditions
benefit production. In summer, heat extremes initially raise food prices, followed by a decline
after several months—an S-shaped response consistent with demand effects found elsewhere
in the literature. For energy, winter is the dominant season: unexpected cold winters in-
crease prices, likely due to higher heating demand and reduced renewable generation, while
warm winters have the opposite effect. Even after accounting for seasonal differences, energy
prices remain the primary driver of headline inflation, given their economy-wide cost impli-
cations. While food prices have a smaller weight in Germany’s CPI, we still find robust and
significant responses across specifications. Robustness checks confirm that our results hold
when using (renewable) energy output and consumption to disentangle supply and demand
effects. Moreover, we find that the size of temperature shocks matters, revealing additional
non-linearities in the price-temperature relationship.

In sum, our results suggest that central banks must take the inflationary implications of
climate change seriously. Incorporating weather extremes into policy analysis is essential, as

temperature fluctuations exert measurable and systematic effects on price dynamics.



The remainder of the paper is organized as follows. Section 2 reviews related literature.
Section 3 describes the data and the identification of temperature shocks. Section 5 outlines
the econometric framework, presents empirical results, and reports robustness exercises.

Section 6 concludes.

2 Related literature

The empirical economic literature on the effects of climate change—through rising average
temperatures and more frequent extreme weather events—on the economy and society has
expanded substantially over the past 10-15 years. Much of this work focuses on traditional
output measures such as GDP (see, e.g., Dell et al. 2012; Burke et al. 2015; Burke et al. 2018;
Acevedo et al. 2020; Felbermayr and Groschl 2014) and generally finds that extreme weather
events or natural hazards reduce economic growth and harm production.® While early stud-
ies concentrated on warmer and poorer countries, more recent contributions increasingly
document that advanced economies are also negatively affected by extreme weather. Within
a panel local projection framework exploiting natural global temperature variability, Bilal
and Kénzig (2024) estimate global macroeconomic damages from climate change to be six
times larger than previously thought. Berg et al. (2024) report negative GDP effects for
a broad cross-section of countries, while Ciccarelli and Marotta (2024) find similar results
for OECD economies. Kim et al. (2022) show that the U.S. economy experiences negative
growth impacts from severe weather, accompanied by falling inflation.

Closely related to our focus on food prices, a large body of research establishes that
rising temperatures reduce agricultural productivity and crop yields globally: Schlenker and
Roberts (2009) for the United States, Schlenker and Lobell (2010) for Africa, Moore and
Lobell (2015) for Europe, and Welch et al. (2010) for Asia. The impact of temperature on
energy demand has also attracted growing attention (see Auffhammer and Mansur 2014),

with evidence such as the U-shaped relationship documented by Deschénes and Greenstone

SFor a comprehensive overview of this literature and its empirical approaches, see Dell et al. (2014).



(2011), whereby demand peaks on both very cold and very hot days, though the net effect
varies across climate zones. For a broader review, including non-economic outcomes, see
Carleton and Hsiang (2016).

By contrast, the literature on the effects of weather events and temperature extremes on
price levels is relatively sparse. Regarding natural disasters, Parker (2018) find only lim-
ited price effects in advanced economies, while poorer countries experience substantial and
persistent impacts, including rising food prices but declining inflation in other components.
Evidence for temperature effects in developed countries is more mixed. Conceptually, our
work is closest to Faccia et al. (2021), Ciccarelli et al. (2023), Kotz et al. (2024), and Lucidi
et al. (2024). For a panel of 48 countries, Faccia et al. (2021) show that extreme warm
temperatures, especially in summer, raise food prices in the short run, with prices falling
in the medium term, and no significant effect on headline inflation. Using a panel of 121
countries, Kotz et al. (2024) confirm the strong food price response to positive tempera-
ture shocks and find spillovers to headline inflation, while other components remain largely
unaffected. Lucidi et al. (2024) emphasize energy price responses in advanced economies,
noting that higher temperatures reduce heating demand and energy prices, thereby lowering
overall inflation, but that food prices tend to rise after hot spring or summer months. In
a time-series framework for multiple European countries, Ciccarelli et al. (2023) find hot
summers most strongly affect food prices in Southern Europe, while for Germany, effects
are mostly insignificant or deflationary (e.g., for warm winters). All four studies highlight
the importance of seasonal heterogeneity and non-linearities, and all measure temperature
shocks as anomalies from historical averages.

We depart from this literature by adopting an alternative identification strategy inspired
by Natoli (2023) to construct temperature shocks. While Natoli (2023) primarily examines
macroeconomic impacts and finds an overall deflationary price response, we adapt and extend

the approach to German data to provide new insights. This places our work within the



more technical literature on the identification and use of weather shocks. A related strand
incorporates temperature levels or anomalies into structural VAR models, identifying shocks

by ordering temperature first in a Cholesky decomposition, as in Donadelli et al. (2017).

3 Data and Construction of the Weather Shock

3.1 Climate data

For temperature data, we use the ERA5 reanalysis dataset (Hersbach et al. 2020), provided
by the Climate Data Store (CDS) of Copernicus and the European Centre for Medium-
Range Weather Forecasts (ECMWF). The dataset is available at an hourly frequency and
offers a high spatial resolution of 0.1° x 0.1° in both latitude and longitude. Coverage begins
in 1950 for most countries worldwide and extends to the present day. The processing and
aggregation steps are described in detail in the following sections. The major advantage of
this type of reanalysis dataset is that it integrates climate model simulations with observed
meteorological data into a single, consistent framework. Climate models are used to interpo-
late between weather stations, thereby improving the precision and reliability of the granular
data. An alternative would be so-called gridded datasets, which primarily rely on statistical
methods for interpolation between ground stations.” We rely on ERA5 because it is widely
used in recent econometric applications and offers high geographical resolution, enabling us
to identify our shock measure at the most regional level possible. For robustness exercises,
we also include aggregated sunshine duration and precipitation for the whole of Germany,

obtained from the Deutscher Wetterdienst (DWD).
3.2 Macroeconomic and regional data

The main source for our macroeconomic (price) data is Eurostat, for two reasons. First, from
1996 onward, it provides continuous monthly data on prices in the form of the Harmonised

Index of Consumer Prices (HICP) for Germany and other European Union countries. This

TAuffhammer et al. (2013) shows a high correlation between reanalysis and gridded data for temperatures.



index is a standardized measure, which makes it easy to compare price developments both
across and within countries. Hence, the analysis can easily be applied to other countries as
well. Second, by design, the HICP consists of five main components (and many more sub-
components): unprocessed food, processed food, energy, non-energy industrial goods, and
services. According to the European Central Bank, this breakdown is based on the idea that
each component tends to comprise items related either to their use or their production, and
thus to the factors affecting their developments. For example, energy and unprocessed food
are mainly influenced in the short term by exogenous factors (such as weather), whereas the
other components are less volatile and are more affected by domestic economic factors (e.g.,
wages or margins). Examining these components separately allows us to better understand
the mechanisms underlying price changes. We use data for the five components and the
overall HICP for Germany, starting in January 1996. The sample ends in December 2021,
excluding 2022 and 2023 due to the prevailing energy crisis in Europe. Thus, we analyze the
effect of temperatures on inflation for a period of relatively stable price levels.®* We apply
a seasonal adjustment procedure (X-13ARIMA-SEATS Seasonal Adjustment Program) to
all price indices, which are otherwise unadjusted. This is an additional step to account
for seasonal patterns unrelated to weather extremes. In addition, we use the industrial
production index as a control variable, with monthly data from Eurostat. Monetary policy
rates are obtained from the FRED database, also at a monthly frequency. For periods
when the policy rate reached the zero lower bound, we use the shadow rate from Wu and
Xia (2017) and Wu and Xia (2020). Thus, the monetary policy rate in our econometric
model combines the standard rate and the shadow rate. Regional (county-level) data used
for aggregating our weather shocks come from the INKAR database. For robustness checks,
additional specifications include data on renewable energy production and consumption from

the Agorameter database, as well as information on Germany’s growing season from the

8Excluding the years 2020 and 2021 because of Covid does not materially change the results.



World Bank. An overview of all variables and data sources is provided in Table 9 in the

appendix 7.13.
3.3 The construction of the weather shock
3.3.1 The Problem with Temperature Shocks

Before turning to our shock design, it is important to explain why temperature is pre-
ferred over other weather indicators when quantifying the economic impact of weather and
global warming. One primary reason is that temperature data are systematically recorded
at a continuous and high-frequency basis. The availability of such granular data enables
straightforward computation of temperature statistics with a high degree of geographical
precision. These properties make temperature a more suitable choice than other extreme
weather events, such as hurricanes, floods, or earthquakes. The importance of identifying a
well-designed temperature shock arises from the fact that both the annual German average
temperature and the price index have trended upward over our sample period. This com-
plicates the identification of the true causal effect of weather on the price level. A simple
regression of prices on temperature levels would reveal a spuriously positive association, as
argued by Bilal and Kénzig (2024). This makes shock construction a central element of
our paper. As noted in Section 2, many studies identify temperature shocks using tem-
perature anomalies—deviations from long-term averages—and then estimate their effects
on other variables. This approach helps isolate departures from typical conditions, making
unusual patterns or extremes easier to detect. However, as Natoli (2023) point out, rely-
ing on anomalies defined relative to pre-sample means has several limitations. First, the
use of (monthly, quarterly, or yearly) temperature averages risks smoothing out extremes.
For instance, if a month begins with several hot days and ends with several cold days, the
monthly average temperature may appear normal, even though the period experienced two
opposite extremes. Second, a related problem arises in spatial aggregation: because temper-

ature can vary substantially over short distances, averaging across regions risks obscuring



local extremes. Third, agents may be aware that the temperature distribution is shifting
over time. As a result, deviations from long-past historical means may not be perceived as
unusual and would therefore fail to qualify as true shocks. Another approach in the litera-
ture’ is to count the number of days within a given period (month, quarter, or year) when
the average daily temperature exceeds (or falls below) a predefined threshold, such as 30 °C.
This allows short-lived extremes to be captured—events that would be averaged away under
the anomaly method. This idea forms the basis of our own shock construction. However,
this approach also has limitations. Defining an appropriate threshold is more complex than
it appears. In Germany, for example, a threshold of 30 °C may be sensible for summer, when
such temperatures are possible and considered unusually hot. But in autumn, winter, or
spring, daily temperatures rarely, if ever, exceed that threshold. Different thresholds would
therefore be needed for each season, which are difficult to determine ex ante—especially for
transitional seasons such as spring and autumn.

Since our analysis works at the monthly frequency, distinguishing between seasons and
capturing their nonlinear effects is a key part of our design. Consequently, we apply season-

specific thresholds, which is particularly important in the context of a changing climate.
3.3.2 Our approach

Our approach builds on the work of Natoli (2023), who constructed his shock measure for
the U.S., and adapts it for Germany as explained below. Specifically, we let the data speak
for itself by determining thresholds based on the distribution of temperatures over time. We
begin with hourly data and aggregate it to the daily level, working at the most granular
regional level possible—German Landkreise (counties). In this way, we account for regional
weather phenomena in our shock measure before aggregating it to the macro level (weighted

average). Fortunately, the ERA5 dataset (Hersbach et al. 2020) has a horizontal resolution of

9See, for example, Dell et al. (2014).
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0.1° x 0.1°.' We assign each coordinate point to its respective Landkreis using geographical
data from the GADM database. For each Landkreis, we then create a daily time series by
averaging all observations corresponding to that region for each day. Next, we count the
number of days within each month, for each region, on which the average daily temperature
exceeds or falls below a specific dynamic threshold. The novelty of this approach lies in
the way these thresholds are determined. To classify a day as an extreme (hot or cold), we
use temperature values from the same month over the previous five years as a reference. A
day is defined as extreme if its temperature lies above the 90th percentile or below the 10th
percentile of the reference distribution.'! This ensures season-specific thresholds throughout
the year. The rationale for using a rolling reference window is as follows: most people are
aware that temperatures are rising and that extreme weather events are becoming more
frequent. For example, the average summer between 2016-2020 is warmer than between
1976-1980, and most agents know this, adjusting their expectations accordingly. Using a
reference period far in the past would therefore misrepresent agents’ beliefs and overestimate
the incidence and size of shocks, which in reality may not be surprising to them at all. Our
rolling window approach avoids these problems and models agents’ expectations at the same

? seems appropriate, as the literature suggests it takes multiple

time. A five-year window'
years for beliefs about global warming to update (Deryugina 2013; Choi et al. 2020). At
the same time, the window is short enough to avoid the distortions just discussed. By
incorporating this Bayesian learning mechanism into our shock construction, we ensure the
shocks represent genuinely unexpected—and therefore exogenous—temperature variations.

While we largely follow Natoli (2023), we have made several adjustments for the German

context. Most notably, we work with monthly rather than quarterly data. One argument for

10We take the westernmost to the easternmost points of Germany, and similarly the northernmost to the
southernmost, to cover the full territory. All coordinate points outside Germany are excluded.

HFor example, the complete reference distribution for January consists of 5 x 31 = 155 January days from
the past five years.

12\We conducted robustness checks with different window lengths; results remained unchanged.
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quarterly data is that, within a quarter, firms may adapt and reschedule activities to mitigate
the impact of extreme events. Moreover, macroeconomic aggregates like GDP are reported
quarterly and roughly align with calendar seasons. However, for our purposes, a monthly
series has a clear advantage: when constructing quarterly shocks—defined as the number of
days in a quarter that are unusually hot or cold—one must compare temperature values from
different months or even different seasons. Take winter as an example: January, February,
and March. From a meteorological perspective, March is already spring, and its average
temperature is higher than January’s. Relatively warm days in January might therefore be
classified as average when compared with March, and would not be counted as shocks. As
a result, their effects on economic variables could be missed entirely. We observe this issue
clearly in the data: at the regional level, nearly 70% of warm days in first-quarter (winter)
shocks occur in March, while only 13% occur in January and 19% in February. Similar
patterns hold across other seasons. This supports the argument that quarterly shocks fail
to capture month-specific extremes, producing a series that does not fully represent the
underlying dynamics. Furthermore, because our study focuses on price developments—and
the consumer price index is reported monthly—the rationale for quarterly data does not
apply. Using monthly shocks ensures greater precision and alignment between the weather
shock measure and the price data.

What remains is to translate the preceding ideas into a formal framework that explic-
itly incorporates expectations. Expectations are crucial because, in a general setting, a
shock—here defined at the regional level—can be represented as the deviation of the actual
observed temperature statistic from its expected value; in other words, the shock corresponds

to the temperature expectation error:

HT}) = BEer [(T7) (1)

In equation (1), f(T}) is the observed temperature metric for "Landkreis" ¢ = 1,...,k in
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month ¢, in our case the number of days, which are categorized as hot or cold, while the second
term is the previous formed expectation for that value. Using the reference distribution, the
monthly upper (ut) and lower ({¢) thresholds when forming expectations are determined as
follows.

ut(m), = F, " (0.9) v m = {01,02, ...,12} (2)

Y

It(m), = F,,}(0.1) v m = {01,02,...,12} (3)

Y

Foy = {T§7m7y_ i»J =1,..,5} is the empirical cumulative distribution function of the refer-

ence temperature distribution for month m and year y, where T%

dmy—j 18 the average daily

temperature on day d, in month m and year y for "Landkreis" 7. Its inverse anbly(x) pro-
vides the respective percentiles. One can easily combine these thresholds by month to get a

monthly series for each "Landkreis" i, where ¢ now indicates monthly frequency.
uty = {ut(m);, m =01,02,...,12}

ity = {lt(m);, m = 01,02, ..., 12}

With these thresholds at hand, it becomes straightforward to determine the respective num-
ber of extreme days. However, there is another important point to have in mind. By design,
agents classify 20% of each month to be extreme (10% extreme hot and 10% extreme cold),
which we have to take into account when calculating the shock value by subtracting them.
In addition, the reference distribution includes roughly 150 days, which need to be rescaled
to a single month. Equations (4) and (5) formalize the described procedure to determine the
shocks at the county level. Note that n; is the number of days of the month for which the

shock is calculated, while N; displays the number of days of the whole reference window.

heat _shock _county, = E (T}, > utl) — Ny x 0.1 x 0.2 (4)
bl
d=1 X

Expectations
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cold_shock _county, = E (T}, <It}) — Ny x 0.1 x 0.2 (5)
J ~— ————
d=1

Expectations
Here, I(x) is an indicator function stating whether statement x is true or not, taking the
values one and zero. Y ", I(T}, > ut}) stands exemplary for f(7}) from equation (1), while
N; x 0.1 x 0.2 represents expectations. Thus, equations (4) and (5) can be seen as the
empirical counterparts of the temperature expectation error from equation (1).

While regional climate variation could, in principle, be informative, systematic and com-
parable regional (food and energy) granular price data for Germany are not available. More-
over, food and energy markets are highly integrated, so regional shocks quickly pass through
to national prices, which are the policy-relevant measure for the design of monetary pol-
icy. Regional heterogeneity would therefore add noise and confounding factors rather than
sharpen identification. We therefore aggregate these local shocks to the macro level.

To achieve this, we collect population data at the "Landkreis" level to construct weights
for each region. For aggregation, we calculate the weighted average of our local shocks and
use it as the macro weather shock for Germany. The reason why population values are
used as a weighting is the common assumption that the more people live in a region, the
more people are exposed to these temperatures, and the stronger the effect on the economy.
Alternatively, we construct weights based on agricultural variables. Neither the shock series

itself nor the impulse responses estimated below change much qualitatively.

L
DEU _heat _shock; = Z(heat_shock_countyi X w!) (6)
i=1
L
DEU _cold_shock, = (cold_shock_county, x w}) (7)

i=1
Theoretically, and as suggested by Natoli (2023), the combined general temperature shock

at the macro level is then simply the sum of DEUyeat hock; and DEU.oldshock;, assuming
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Figure 2: Nationwide temperature shock for Germany.
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that hot and cold temperatures are undesirable to the same extent:

DFEUhock; = DEUyeat hock; + DEU oldshock; (8)

However, simply summing the hot and cold shocks leads to a biased representation of the

underlying weather situation as argued below.
3.4 The weather shock: Challenges and insights

Figure 2 shows the aggregated shock series for Germany for all three types: the combined
shock, as well as hot and cold days separately. The combined shock has a minimum of
—6.1959, and its maximum is 12.6129. The mean is positive with 0.79 and significantly
different from zero'®. At this point, it is useful to discuss the general interpretation of

the shock, bearing in mind potential weaknesses. Most importantly, a positive value does

13Confidence level of 99%.
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Figure 3: Composition of the combined shock for different sample months.
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not necessarily mean a warm temperature shock. It just states that temperatures in a
particular month were surprising for the agents, which can be particularly hot, but also
particularly cold (or both). This is due to the fact that hot and cold days are simply added
up. In general, a negative value can be interpreted as "milder" temperatures than expected,
which might be favorable for agents and the economy, while a positive value is undesirable.
However, particularly in months where the shock value for one of the extremes becomes
negative (which is possible due to expectations), there is a considerable risk that the two
extremes offset each other, distorting the overall shock value. To get a better idea, let us
take a look at figure 3, where the different numbers for each shock type are plotted for
three chosen months. Looking at September 1999 (left plot), one can observe a large shock
value for hot days (15.58). In the same month, the value for cold days is negative (—2.99).
Consequently, the combined shock amounts to 12.59. This indicates that the big shock value
is driven solely by the unusually warm month, while the inclusion of the cold day component

actually reduces the overall value. So the question arises as to whether the combined shock

16



represents how things looked in terms of temperature this month. In December 2010, one
can observe the opposite. We have a larger number of cold days (15,50), while for warm
days, the sign is negative (—3.01). Hence, the combined shock is 12,49. A similar value as
in the example before, but the observed temperature phenomena is the complete opposite.
Thus, the composition of the combined temperature shock (sum of hot and cold days) does
change during the sample. Sometimes, hot spells dominate, while other times, cold spells
take precedence, meaning the same observation value can represent two entirely different
phenomena, which this type of shock cannot adequately distinguish. The right plot of figure
3 shows a third example, where heat and cold extremes are even. Hence, another possible
shock composition. On top of this, the values might cancel each other out, as argued above.
In fact, the problem of different signs is omnipresent for our sample, as the sign of heat and
cold shocks is different 62.18 percent of the time. This complicates the task of tracking the
true effect of weather events on the economy. Is the response of a variable because of a hot
or cold extreme? Those and other questions can only be answered if we distinguish between
warm and cold temperature extremes. All this even becomes more problematic over time
due to climate change, where extreme periods happen more often while at the same time,
temperature fluctuations increase. Thus, from now on, we will focus on hot and cold days

separately and include them both in our local projection analysis. As presented in table 1

Table 1: Summary Statistics for Temperature Shocks

Ljung-Box test
T Mean SD Min Max Q-stat p-value

Combined Shock 312 0.78 4.02 —6.17 12,59 16.43 0.87
Hot Days 312 058 3.50 —=3.09 15.58 2843 0.24
Cold Days 312020 3.69 —-3.09 15.50 30.73 0.16

for hot days, the mean is 0.58 and significantly different from zero. For cold days, this is not

the case with a mean of 0.21. Hence, both means are smaller than for the combined shock.
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Regarding the standard deviation, it is smaller as well, while it is still comparable for all
three shocks. The maxima are larger for the individual shock types, which does not come
as a surprise since there is no risk of hot and cold canceling each other out. The minimum
is the same for both, which is given by construction.'® This is why it is the same for both
and occurring multiple times during our sample. The last two columns of table 1 present
the results of a Ljung-Box test for serial correlation. All three types of shock do not show a
pattern of autocorrelation, as the null hypotheses of zero autocorrelation cannot be rejected
at the five percent level.

Further, the distinction by season is essential. The assumption of hot and cold temper-
atures being equally bad for humans and the economy might be not as justified as thought,
as we argue it strongly depends on the season what temperatures or what kind of shocks
might be desirable.!” For example, a rather cold summer might be quite decent for hu-
mans, especially in times of rising global temperatures. In the same manner, a warm winter
might be favorable in terms of heating and energy costs. This is why in the local projection
framework below, we include season dummies and their interactions with temperatures in
the model. Table 2 shows additional descriptive statistics by season. For that, we take only
months into account for which the number of extremely hot or cold days is positive and
classify them by calendar seasons. Overall, we find 146 months during our sample where
the number of hot days is positive. The distribution between the seasons is relatively even,
with each season accounting for around a quarter of the extreme months. Interestingly, for
winter and summer averages are the largest, with 3.90 days per month in winter and 3.97 for
summer. Highlighting that for these seasons where the temperatures are most extreme in

levels, the hot surprises are most prominent. At the same time, we count 114 months where

14Tf one has zero extreme days for one month, one simply subtracts 155 x 0.2 x 0.1 = 3.1. It is the number
of expected extreme days (hot or cold) per month for months with 31 days.

15The fact that the calendar season has implications for the effect on the economy is also found in Kotz et al.
(2024) or Faccia et al. (2021).
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the number of cold days is positive. Consequently, months with warm extremes are more
frequent than months having cold extremes. As before, the distribution between seasons is
relatively even. The average values are highest for spring and winter.

Table 2: Temperature Shock and Seasons

Positive number

of hot days

Total Fall Winter Spring Summer
% Days % Days % Days % Days

146 26.7 3.26 24.7 390 26 292 226 3.97

Positive number

of cold days

Total Fall Winter Spring Summer
% Days % Days % Days % Days

114 24.6 3.60 26.3 4.45 281 440 21.1 394

As a last step, we compare our shock to the most used measure in the literature, namely
temperature anomalies.'® To make it comparable to our shock, we use the most recent five
years as the reference period, instead of a pre-sample period. Hence, we have a similar type
of learning behavior included as before. We use our dataset to compute these temperature
anomalies on the regional level and then aggregate them in the same way as we aggregated
our shocks above. The correlation between anomalies and our shocks is strong and significant
for both types (0.76 for hot and —0.78 for cold days). The strong correlation with this type
of shock supports the usage of our counting method and differentiates between hot and cold
extremes. At the same time, our method provides the added benefit of preserving the impact
of opposite extremes within a month rather than canceling them out. To conclude, by looking
at the characteristics of the shock and comparing it to alternatives from the literature, it
seems important for us to discriminate between hot and cold shocks, especially when taking

into account the problem of negative values when taking the sum. At the same time, we have

16See references from section 2.
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to account for the different consequences of temperature extremes during different seasons
over the year. Therefore, in section 5, we proceed by using both shocks (hot and cold

extremes) separately in our analysis and let them interact with season variables.

4 Identifying assumption

To support the claim that the estimated responses to our shocks genuinely reflect the causal
effect of temperature on prices, we aim to demonstrate that these shocks are exogenous
with respect to the dependent variable. To do this, we break down the underlying empirical
problem, following the approaches of Hsiang (2016) and Hsiang et al. (2013).

Researchers need to distinguish between two hypotheses: the null hypothesis, that climate
has no impact on prices, and the alternative, that climate has a significant impact. This dis-
tinction is complicated by the high dimensionality of both climate and economic processes,
which introduces many potential confounding factors. In an ideal experimental setup, we
would observe two identical countries, apply the treatment (extreme temperature) to one,
and use the other as a control. Since such an experiment is not feasible, we instead rely
on natural variation in climate-specifically, variation that is independent of other factors
influencing prices.

As already noted, we deliberately avoid a cross-sectional approach. Methodologically, we
reconstruct the historical physical exposure of each population to climate conditions and
estimate the effect of temporal variation using standard econometric techniques. Our iden-
tification strategy relies on the assumption that each population is comparable to itself over
time, effectively allowing each unit to serve as both treatment and control. By avoiding
cross-sectional comparisons, we further reduce the risk of omitted variable bias. Coun-
tries differ in many respects, including supply chains, agricultural structures, institutional
settings, and—most importantly—climatic zones, many of which are unobservable. These
omitted factors could easily confound a cross-country analysis, making treatment and control

groups incomparable and thereby undermining causal inference.
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Additional sources of omitted variable bias-such as domestic policy responses, behavioral
changes, or structural economic adjustments-tend to evolve over longer time horizons. As
our data are at monthly frequency, these slower-moving factors are unlikely to bias our con-
temporaneous estimates. The high temporal resolution of our analysis plays a key role in
limiting the potential for short-term confounding. For the same reason, we avoid including
an excessive number of control variables in our model. Including controls that are themselves
influenced by climate can introduce problems known as "bad control” (Angrist and Pischke
2009) or "overcontrolling” (Dell et al. 2014). This occurs when the control variable absorbs
part of the true climate effect or introduces spurious bias by correlating with unobserved
population differences that are, in turn, linked to climate variation.

A second classical source of endogeneity is reverse causality. In our case, this concern is mit-
igated by using pre-constructed weather shocks. These rely on the standard identification
assumption that weather patterns, being governed by geophysical processes, are exogenous
to economic activity, and therefore unaffected by price dynamics. As with other weather-
related phenomena, temperature fluctuations occur randomly over time and can thus be
regarded as exogenous to both current and prior economic outcomes, at least in the short
term. This helps preserve the validity of our identification strategy.

To support this claim, we test whether our shock measures can be predicted based on past
price information, as Bilal and Kéanzig (2024) do for their shock design. Specifically, we
estimate bivariate vector autoregressions (including up to six lags of each temperature shock
and inflation rates for various price categories) and conduct Granger causality tests. The re-
sults, shown in Table 3, indicate that the null hypothesis of no Granger causality is generally
not rejected. This suggests that the temperature shocks are not predictable from the in-
cluded price variables. In the case of energy inflation, where the p-value approaches the 10%
threshold of statistical significance, the economic importance appears limited. The effect is

not stable across lag specifications, and there is no clear causal mechanism by which energy
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prices should predict weather extremes, particularly since our shock construction removes
seasonal variation by design.

Given these considerations, we argue that our empirical estimates can be interpreted as

Table 3: Predictability of the shock series — Granger causality tests

Inflation Food Inflation Energy Inflation

Combined Shock x? 4.04 5.88 10.38
p(x%)  0.671 0.44 0.11
Hot Days x? 9.17 4.60 10.19
p(x?) 0.16 0.60 0.12
Cold Days x> 7.85 4.16 10.72
(%) 0.25 0.66 0.10

identifying the short-run causal impact of unanticipated weather shocks on aggregate price
levels. The aggregation over time and across sectors, which is inherent in monthly data,
combined with the natural inertia of most economic adjustment processes, strengthens the
validity of the exogeneity assumption at this temporal resolution. The design of our shock
variable is therefore robust for estimating the causal effects of weather variability on prices.
In summary, all of our shock types satisfy the three key criteria for identifying shocks in
macroeconometric analyses, as outlined by Ramey (2016): (i), they are exogenous with
respect to current and lagged endogenous variables; (ii) they are uncorrelated with other

exogenous shocks; and (iii) they represent unanticipated changes in an exogenous variable.

5 Econometric Framework and Empirical Evidence

5.1 Hot versus cold weather periods

We estimate the impulse response functions (IRF) of multiple economic variables to our
constructed shock measures using the local projection framework of Jorda (2005). Since
we have already identified an exogenous shock and aim to track its dynamic effects on our
endogenous variables, this method proves highly suitable for the analysis. Its great flexibility

allows us to easily incorporate non-linearities. Furthermore, according to Ramey (2016) this
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estimation method is more robust to miss specifications of the model compared to other
standard approaches such as VAR models. To obtain typical IRFs, we conduct a series of
separate time series regressions for multiple horizons h = 0, ..., H. This approach estimates
the effect on the endogenous variable at various points in time following the shock, with
the respective coefficients at each horizon forming the IRF. Equation 9 shows our baseline

model.

12
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=1

We apply this model to multiple components of the HICP, while the dependent variable is the
cumulative growth of the respective component.!” By that we ensure estimating a possibly
persistent level effect. We include both of our identified shocks separately in our regression.
Then the main coefficients of interest are the (s and ~,s forming the IRFs. We further
include a small set of control variables (respectively, their lags) in the vector X;. Those are
the year on year growth rate of industrial production in Germany, the monetary policy rate,
and lags of the growth rate (inflation rate) of the dependent variable. We include lags up to
one year. In addition, we use time and quadratic time trends. For all estimations, we use
New-West standard errors, since in such a time series framework the error terms ¢, are
always serially correlated, except for horizon h = 0.'%

Figure 4 displays the impulse response functions to a one—standard-deviation shock for
various components of the HICP, including the overall index (all items), non-processed food,
energy, and the core index, which excludes both food and energy. The focus on these four

indices stems from the literature, which suggests that food and energy items are particularly

1"Before performing the empirical analysis, we seasonally adjust the CPI data using standard methods.
However, to ensure that this procedure is not driving our results, we perform the same empirical analysis
using year-on-year inflation rates, another possibility to exclude seasonal effects. The results remain robust
and are reported in the online appendix.

18For details see Ramey (2016).
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Figure 4: Impulse response functions for different components of the harmonised index of
consumer prices, separately for hot temperature shocks (red) and cold temperature shocks
(blue). The respective shaded areas represent 68% confidence intervals computed using
Newey-West standard errors.
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sensitive to climatic conditions and generally exhibit the highest volatility. In particular, non-
processed food (wheat, fruits, vegetables, etc.) is likely to be strongly affected by weather
events. To assess their impact on the overall price level and observe the reaction without
them, we also examine the other two components (headline and core inflation). Starting with
headline inflation in figure 4, the response for the warm shock type is rather deflationary,
while there is almost no response for cold extremes. The decrease in the overall price level
is significant and persists for roughly a year after the shock. To get a fist clue of what is
driving this result, we have to look at energy and food prices (first row, second column and
second row, first column in figure 4). For hot extremes, the response of energy is significantly
negative throughout the whole horizon and of large magnitude (almost 1 percent), while for
cold ones, there is no reaction at all. It seems to be similar to food prices, except that cold

periods lead to short-term price increases. At first, this result comes as a bit of a surprise,
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as the literature states that hot summers cause damage in agriculture, leading to increased
food prices. However, the picture becomes clearer when focusing on the different seasons
below. For core inflation, we do not see any significant differences nor responses for both the
hot and cold shocks, confirming that food and energy are probably the most affected sectors,
which drive the response of overall inflation. It is important to note that the reactions to hot
and cold extremes tend to be opposite (at least on impact and following months), except for
core inflation. This further reinforces our earlier argument that distinguishing between the
two types of shocks is crucial, as simply aggregating them distorts the results. Nevertheless,
to understand why warm spells lead to a decrease in energy prices and cold extremes drive
an increase in food prices, it is essential to differentiate between the four seasons of the year

in order to uncover the causal mechanisms behind these effects.
5.2 Do seasons matter?

As argued above, it seems likely that an exceptionally hot month in summer has a different
effect than exceptionally warm months in winter. This is why we decided on another model

specification, accounting for different seasons in equation 10.
4 12

In(yeen)—In(yi—1) = ah+2(ﬁ£h0t_shockt><Df+7icold_shocktxDz)+Z 5h,lXt—l+¢ht+7/1ht2+€t+h

j=1 =1 (10)
We include each season in the regression by interacting it with our two temperature shocks.
To translate this formally into our empirical model, we add the dummy variables Dg, with
j € 1,2,3,4, which take the value one if the current month is in season j of the year and zero
otherwise. The respective IRFs then consist of the coefficients B,Jl and 'yf;. Building on our
econometric framework, we compute impulse responses once more, distinguishing between
hot (red line) and cold (blue line) temperature extremes. The following subsections offer a

detailed analysis of the impulse responses for non-processed food, energy, headline, service,

and core inflation, broken down by different seasons.

25



5.2.1 Food prices

We start our analysis by looking at impact effects (and the subsequent quarter) of our shocks
on food prices in table 4. Afterwards, we also further check the persistence of those effects
by focusing on the medium-term responses of the dependent variable. On impact, we see
various significant effects of our temperature shocks on food inflation, with clear seasonal
heterogeneity. Most notably, hot summers lead to significant increases in food inflation in the
months following the shock, with the strongest and most significant effects observed one and
two months after the initial shock (0.30 and 0.39 percentage points, respectively). This is
in line with the previously presumed negative impact of heat on food production, especially
during summer, which likely translates into rising prices through supply-side constraints. By
contrast, hot winters have the opposite effect, leading to a delayed but significant decline
in food inflation from month one onward, reaching -0.51 percentage points at horizon 2.
This pattern suggests that warmer winter temperatures may ease agricultural production
conditions or might reduce storage and transport costs, ultimately lowering food prices.
Similar, though slightly less robust, downward effects are visible following hot spring and
hot fall shocks. Turning to cold shocks, the most pronounced effect appears for cold springs,
which are associated with a significant increase in food inflation—up to 0.68 percentage
points by month 3. This likely reflects frost-related damages or delayed growing conditions

affecting supply, a result often found in the literature.’

Cold shocks in other seasons,
however, produce less consistent and mostly insignificant effects. Taken together, these
results indicate that temperature extremes, particularly heat in summer and cold in spring,
have non-trivial and directionally consistent effects on food prices in the short term.

To assess whether these effects are merely short-lived or exhibit greater persistence, we

next turn to the impulse response functions shown in figure 5. These plots extend the

YHatfield and Prueger (2015) and Auffhammer and Schlenker (2014) and the references therein document
that cold periods could lead to a reduction of crop yields.
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Table 4: Effects on Impact for Food Prices

Food Inflation
Horizon 0 Horizon 1 Horizon 2 Horizon 3

Hot Winter -0.11 0.40° 051" -0.36™
(0.13) (0.22) (0.18) (0.18)
Hot Spring -0.03 -0.16 -0.32 -0.30
(0.13) (0.21) (0.19) (0.21)
Hot Summer 0.07 0.30%*  0.39"* 0.29*
(0.07) (0.11) (0.12) (0.15)
Hot Fall -0.04 0.33 -0.40* -0.20

(0.14) (0.21) (0.22) (0.21)

Cold Winter 0.07 0.28 0.29 0.10
(0.16) (0.21) (0.20) (0.22)
Cold Spring 0.24 0.50** 0.58"* 0.68**
(0.15) (0.20) (0.24) (0.27)
Cold Summer 0.08 0.24 -0.04 0.08
(0.13) 0.17) (0.20) (0.22)
Cold Fall 0.04 0.16 -0.17 -0.02
(0.15) (0.19) (0.18) (0.21)
Time Trends Yes Yes Yes Yes
Observations 288 287 286 285
R? 0.26 0.36 0.38 0.38

Newey- West standard errors in parentheses
*p<0.10, ** p < 0.05, *** p < 0.01

analysis to a 24-month horizon, allowing us to trace the medium-term dynamics of food
price responses to seasonal temperature shocks. Also in the medium-term several clear
patterns emerge, highlighting notable asymmetries in both magnitude and persistence across
seasons and shock types. Starting with fall shocks (top left panel), we observe that hot
fall periods lead to persistent deflationary pressure on food prices, reaching a trough of
roughly -0.5 percentage points around month seven. This suggests that mild fall conditions,
possibly associated with extended harvesting periods or improved storage conditions, may
ease supply constraints. The deflationary impact is somewhat mirrored by cold fall shocks,
which also lead to falling prices, though with greater persistence and slightly larger effects
beyond month 12. These results may reflect the transitional character of fall, where both
hot and cold deviations can affect harvest timing and labor productivity in different ways.
For winter shocks (top right panel), we obviously still see that warm winters result in a

short-term decrease in food prices. However, cold winters produce a rather short-lived and
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modest inflationary impulse, peaking around month 2 and then quickly fading—suggesting
that such a shock causes no persistent response, as the effects for both types of shocks are
not different from zero in the periods afterwards. Taken together, these findings are in
contrast to Ciccarelli et al. (2023), that do not find any significant impact of weather shocks
on unprocessed food data for the fall and winter periods in Germany. At the same time, the
authors report similar effects for other European countries, such as France and Italy, lending

further support to the mechanisms discussed above.

Figure 5: Impulse response functions for the unprocessed food component of the harmo-
nized index of consumer prices, shown separately for hot temperature shocks (red) and cold
temperature shocks (blue), presented for each calendar season. The respective shaded areas
represent 68% confidence intervals computed using Newey—West standard errors.

Food Inflation (unprocessed) - Fall Shock Food Inflation (unprocessed) - Winter Shock
5 Ly
ol A >
Oa
-.54 54
14 -14
T T T T T T T T T T T T
4 8 12 16 20 24 4 8 12 16 20 24
Months after Shock Months after Shock
Food Inflation (unprocessed) - Spring Shock Food Inflation (unprocessed) - Summer Shock
14 14
54 54
0 4
0 4
_.5 m
-5+
-14
a 1.5
T T T T T T T T T T T T
4 8 12 16 20 24 4 8 12 16 20 24
Months after Shock Months after Shock

Turning to the spring period (bottom left), we find clear evidence of asymmetric effects.
Hot spring periods result in a sustained decline in food inflation, lasting up to 13 months.
This is consistent with improved growing conditions due to warm temperatures. Such warm
spring periods are favorable for the growth process of many fruits and vegetables that yield

to higher agricultural output and lead to a consumer price reduction. In contrast, cold
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spring shocks cause a prolonged and significant increase in food prices, reaching up to 0.5
percentage points and persisting beyond one year. These findings for the medium-run confirm
that cold springs hinder early growth phases of crops and reduce yields, as already discussed
above. In cold and presumably wet seasons during spring, the growth process of plants
is affected by bacterial diseases and fungal infections, leading to crop failures throughout
the year. This also holds true for the wet or cold summer seasons (bottom right), where
harvesting periods are negatively affected by rainy and cold weather conditions. However,
the effect is smaller and less persistent than for the spring periods. This observation is in
line with the finding of Crofils et al. (2025) arguing that the distinction between growing
and harvesting seasons plays an important role in production in the agricultural sector. For
Peruvian data, the authors show that there is a stronger reduction in agricultural production
when a shock occurs during the growing season. Finally, the hot summer shock (also bottom
right) shows a short-lived but sharp increase in food inflation, peaking at 0.5 percentage
points two months after the shock (as shown in table 4), before returning to baseline levels
around month five. This humped-shaped pattern reflects harvest-related vulnerabilities. It
is well-documented that there is a negative correlation between warmer temperatures and
outdoor labor productivity (Dasgupta et al. (2021)) that, for a given growth process, further
reduces agricultural production. This humped-shaped behavior is similar to the findings by
Faccia et al. (2021), Lucidi et al. (2024) or partly Kotz et al. (2024) and can also probably
be explained by demand effects, which come into play after the price increase, causing the
following decrease. Hence, the observed increase is only temporary and not persistent over

the medium-run.
5.2.2 Energy prices

Figure 6 and table 5 present the estimated effects of seasonal temperature shocks on energy
inflation in the short- and medium-term.

As with food prices, we observe significant seasonal asymmetries and differences between
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hot and cold shocks, though the patterns point to distinct underlying mechanisms. In the
immediate aftermath of temperature shocks (horizon h=0), we observe that hot shocks dur-
ing fall, winter and spring already yield negative point estimates, albeit not statistically
significant. Suggesting early signs of deflationary pressure. In contrast, cold shocks tend
to exert upward pressure on energy prices on impact, particularly in fall and winter, where
point estimates are positive.For warm winters, the initially small decline in impact becomes
increasingly pronounced and statistically significant at horizons one to three, as shown in
Table 5. The effect reaches —0.64 at horizon one and peaks at —0.88 at horizon two, re-
maining significant at —0.87 at horizon three. In the short-term, the picture is similar for
hot falls, as the point estimates for horizon two and three increase in magnitude and turn
significant as well. Both results support the interpretation that unexpectedly mild winters
(or falls) substantially reduce heating needs and energy consumption, causing energy price
to decrease. One of the main channels in the work of Lucidi et al. (2024). For hot spring
periods, we find a similar pattern, since two and three months after the shock the nega-
tive response is largest in magnitude and statistically significant. The explanation of lower
energy demand might apply here as well. However, an additional mechanism may help ex-
plain these patterns more fully: the role of renewable energy production. In 2023, Germany
had the highest share of solar and wind in electricity production among European countries
(39.88%), according to data from the International Energy Agency. Wind energy is more
prevalent in fall and winter, while solar dominates during the warmer months. Thus, warmer
fall and winter periods—with higher solar radiation—may lead to increased renewable en-
ergy supply, amplifying the deflationary effect of reduced demand. Conversely, colder and
likely cloudier periods reduce renewable output, reinforcing the upward price pressure from
increased heating demand. On top of that, warmer spring and summer periods (with more
sun hours) lead to even more flexible production conditions. Supporting this interpretation,

summer shocks indicate no significant effects in the short run. Estimates fluctuate around
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zero, suggesting that increased cooling demand may be offset by higher renewable supply.
With respect to cold shocks and reaction of energy prices, the results are much more mixed
and less meaningful. The largest (though still statistically insignificant) estimate among cold
shocks is observed for winter periods. However, such an effect does not persist even in the
periods immediately after the shock. There might be a short lived upward pressure on prices
from increased heating demand, but seems to be limited at best. Cold shocks in fall show
gradually increasing point estimates, from 0.19 at impact to 0.47 at horizon 1. Although not
statistically significant, the trend is consistent with rising heating needs ahead of winter. For
spring and summer estimates fluctuate around zero with no significant changes. We would
argue that there is no measurable price effect in the short run, possibly due to low heating

needs and more flexible supply in those seasons, as already mentioned.

Table 5: Effects on Impact for Energy Prices

Energy Inflation
Horizon 0 Horizon 1 Horizon 2 Horizon 3

Hot Winter -0.18 -0.64** -0.88** -0.87*
(0.19) (0.27) (0.43) (0.44)
Hot Spring -0.37 -0.30 -0.67* -1.04*
(0.24) (0.35) (0.35) (0.44)
Hot Summer 0.15 -0.13 0.28 -0.51
(0.15) (0.31) (0.38) (0.41)
Hot Fall -0.12 -0.06 -0.57* -0.59*

(0.17) (0.22) (0.29) (0.31)

Cold Winter 0.28 0.33 -0.07 -0.25
(0.19) (0.28) (0.34) (0.47)
Cold Spring -0.17 0.06 0.04 0.00
(0.15) (0.27) (0.39) (0.40)
Cold Summer 0.18 -0.17 0.16 -0.18
(0.22) 0.47) (0.45) (0.63)
Cold Fall 0.19 0.47 0.30 0.10
(0.24) (0.34) (0.45) (0.55)
Time Trends Yes Yes Yes Yes
Observations 288 287 286 285
Rr? 0.45 0.43 0.45 0.46

Newey- West standard errors in parentheses
*p<0.10, ** p < 0.05, *** p < 0.01

In the medium term, the impulse response functions in figure 6 offer additional insights
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into the dynamics of energy price adjustments. Several patterns observed in the short term
persist or even intensify, while others fade, suggesting that the transmission of temperature
shocks to energy prices is not uniform across seasons or shock types. For hot temperature
shocks, the most pronounced and persistent effect is again observed in winter. Energy prices
show a marked and statistically significant decline over several months after the shock, before
turning back to the pre-shock level after approximately 12 months. This corroborates the
earlier finding of lower heating needs and improved supply conditions due to unexpectedly
mild winter conditions, which continue to dampen prices well beyond the immediate period.
A similar finding is made by Lucidi et al. (2024). The pattern is also visible in fall, where
energy inflation remains below baseline for up to five months after the shock, though the
effect is smaller in magnitude. For hot spring periods the response for the first five month
is almost identical. However, after roughly 12 months it becomes significantly positive, that
reaction remaining persistent for multiple periods. This result seems to somewhat counter
intuitive. For summer shocks, impulse responses are more volatile and less conclusive. While
there is tendency of downward movement, especially 12-20 months after the shock, consistent
with the earlier interpretation of more flexibility in energy production during these months.
That being said, the results regarding spring and summer require closer examination. While
the immediate impact for hot springs is driven by reduced heating needs and favorable
solar supply, wholesale prices fall, and there is a pass-through to lower consumer prices as
well. However, as the sun’s intensity during spring is lower compared to summer, energy
supply based on solar production in the summer is comparably larger. Moreover, given the
assumption that during warm spring days the demand for cooling devices might increase, the
relative increase of demand outweighs the relative increase of supply in the spring leading
to higher (delayed) energy prices in the spring but not in the summer, where the relative
increase of supply might outweighs the relative increase of energy demand.

As before cold shocks exhibit less pronounced effects. Although cold shocks in fall and
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winter initially show some upward price pressure, these effects largely dissipate after a few
months. The impulse responses quickly return to baseline, and confidence bands generally
include zero throughout the forecast horizon. The fall is an exception, as energy prices per-
sistently increase by up to 1 percentage point 10 months later, then turning back to the
initial level. However, overall such shocks do not translate into sustained energy-inflationary
dynamics. Interestingly, while observed an persistent increase after 12 months for hot spring,
we see the opposite for cold springs. After an initial increase in energy use (due to cold spring
months), markets may adjust by building up reserves or expanding supply, which can result
in oversupply and downward pressure on prices in the medium term. Additionally, behav-
ioral adjustments could further contribute to a delayed deflationary response. Responses
after summer shocks continue to show no clear pattern, while tending to be deflationary,
but with wide confidence bands. Nevertheless, this again supports the interpretation that
demand effects are limited outside the heating season and that supply-side adjustments may
help cushion potential price impacts. Taken together, the medium-term responses reinforce
the notion that hot shocks — particularly during heating-intensive seasons — have more

persistent and pronounced effects on energy inflation than cold shocks.
5.2.3 Inflation

Finally, we assess the implications of cold and hot temperature shocks on the German head-
line consumer price index. Consistent with what we find for the disaggregated prices, we
again observe an asymmetric as well as heterogeneous impact of the idiosyncratic cold and
hot weather shocks on the German consumer price index. What stands out most is that
headline inflation following a temperature shock—whether hot or cold—is primarily driven
by changes in energy prices. This is most clearly illustrated by the example of warm win-
ters: for warm winter (or fall) periods, we observe persistent (transitory) deflationary effects
on the Consumer Price Index (CPI), closely mirroring the response of the energy compo-

nent. When excluding only the energy component from headline inflation (see third row in
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Figure 6: Impulse response functions for the energy component of the harmonized index of
consumer prices, shown separately for hot temperature shocks (red) and cold temperature
shocks (blue), presented for each calendar season. The respective shaded areas represent
68% confidence intervals computed using Newey—West standard errors.
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Figure 7), the previously significant short- and medium-term effects of a hot temperature
shock on the CPI during winter and fall disappear. In spring, we observe an asymmetric
response: cold (hot) temperature shocks decrease (increase) the German CPI with a lag of
approximately 12 months. This asymmetry appears to be mainly driven by the energy price
response—specifically, a drop in energy prices after cold spring periods, and increased prices
due to higher cooling demand following warm spring periods (compare the first plot in the
second row of Figure 6 with the third plots in the first and second rows of Figure 7). When
energy is excluded, this asymmetric response disappears (see third plot in the third row of
Figure 7). Further supporting this interpretation, Figure 7, row two, shows the impulse
responses of the CPI when only food is excluded. The trajectories remain virtually identical
to those of headline inflation, again pointing to the central role of energy prices. When both

food and energy are excluded (i.e., core inflation), the responses differ markedly from those
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of headline inflation.

Taken together, this evidence suggests that temperature shocks mainly transmit to the
German CPI through their impact on energy prices, while the effect on food prices is largely
confined to that sector. Energy prices play a particularly prominent role, as energy serves as
a crucial input factor across nearly all areas of the economy. Supporting this notion, producer
prices for energy also rise following temperature shocks (see appendix). In contrast, food
prices seem to exert a much smaller influence on headline inflation in a high-income country
like Germany, likely due to their relatively low weight in the general consumption basket.
This interpretation aligns with findings from studies covering broader country samples—such
as Kotz et al. (2024) and Faccia et al. (2021)—which show food prices to be a major driver
of inflation in lower-income economies. An additional interesting case is the summer period:
when both food and energy prices are controlled for, we observe a lagged inflationary effect
around five months after the shock, regardless of whether the summer was unusually hot or
cold. This effect may be linked to service inflation; however, results in this regard remain

inconclusive.
5.3 Sensitivity Analysis

In this section, we perform a comprehensive series of additional tests to pin down the un-
derlying mechanisms of our results. Specifically, we try to distinguish between demand and
supply side effects by conducting additional analysis on production indices and consump-
tion values. On top of that, we examine the robustness of our main results with respect to
nonlinear impacts and interaction with different weather events. Further checks (regarding
learning horizon, aggregation weighting or comparison with other measures), along with all

relevant tables and figures, are provided in appendix 7.13.
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5.3.1 Demand vs. Supply Effects

To better understand whether supply disruptions (or pushes) or demand adjustments cause
our price movements (Ciccarelli and Marotta (2024)), we estimate a very similar model as
in equation 10, but now using two different production indices as dependent variables: total
industrial production and energy production. By doing that we follow Lucidi et al. (2024).
As our primary interest lies in understanding the overall effect of weather shocks rather than
their dynamic trajectory, we focus on and report only the contemporaneous impact (h = 0)
in table 6. This allows for a more straightforward interpretation of the immediate effects,
abstracting from potential lagged responses. Another adjustment compared to model 10 is
that we merge spring and summer into a single "warmer” season, and fall and winter into a
“colder” season. We then interact our shock series’ with the respective season dummies, as
in the previous specification. In addition, we draw on data from the Agorameter database
on Germany’s electricity mix. The dataset provides monthly supply quantities by produc-
tion type—solar, onshore wind, total renewables, and the aggregate for conventional energy
production—from 2012 onwards. Although the sample period is relatively short, it offers
valuable insights into the underlying mechanisms.

Hot springs and summers significantly reduce total industrial production by 0.27 per-
centage points, likely reflecting the vulnerability of sectors exposed to outdoor conditions
and physical labor. In contrast, the energy sector responds positively (0.17) during these
periods. Two potential mechanisms may explain this effect: (1) an increase in supply driven
by higher solar energy production, and (2) elevated electricity demand for cooling. However,
as shown previously, energy prices tend to decline in summer months—regardless of whether
shocks are heat- or cold-related—providing stronger support for the supply-side explanation
via expanded solar output. Supporting this, solar production increases significantly by 1.15
percentage points, indicating improved supply conditions. Nevertheless, the total value of

renewables does not rise significantly, likely due to a muted or offsetting response from wind
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energy.

Table 6: Effects on Impact - Production and Energy Supply

IP  IP-Energy Solar Wind (onshore) Renewables Total Conventional Total
Hot Spring + Summer -0.27* 0.17 1.15% 0.01 -0.03 0.33
(0.15) (0.20) (0.36) (0.70) (0.25) (0.20)
Hot Fall + Winter 0.13 -0.81*  1.67 0.90 0.74* -0.44*
(0.11) (0.20) (0.74) (0.76) (0.35) (0.17)
Cold Spring + Summer -0.15 0.77+* 0.21 1.82* 0.38 0.19
(0.19) (0.21) (0.50) (0.80) (0.31) (0.17)
Cold Fall + Winter -0.32* 0.57* 0.57 -2.24% -1.01* 0.47+*
(0.16) (0.22) (1.01) (1.07) (0.47) (0.23)
Add. Control Variables  Yes Yes No No No No
Time Trends Yes Yes Yes Yes Yes Yes
Observations 299 299 95 95 95 95
R? 0.28 0.35 0.59 0.42 0.50 0.61

Newey-West standard errors in parentheses
* p<0.10, ™ p < 0.05,** p<0.01

Hot winters, while exerting no significant effect on overall industrial production, cause a
pronounced and significant drop in energy production (-0.81 percentage points), consistent
with reduced heating demand and the observed weakening of winter energy prices. Con-
currently, we observe significant increases in solar and total renewables production (and an
insignificant rise in wind), further explaining the previously documented decline in energy
prices. However, a trade-off appears to exist between renewable and conventional energy
sources, as conventional output declines significantly.

Conversely, cold shocks lead to significant increases in energy production across both
seasonal groupings, with a stronger effect during spring and summer (0.77 percentage points)
compared to fall and winter (0.57 percentage points). This pattern likely reflects heightened
energy demand due to low temperatures. On the supply side, two notable patterns emerge:
wind energy increases significantly during cold springs and summers, but decreases (along
with renewables overall) during fall and winter. In the latter period, conventional production
appears to compensate by increasing, thus explaining the overall rise in energy production,

caused by rising demand. The heterogeneous response of wind energy across seasons may be
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attributed to underlying meteorological and technical factors. Wind patterns in Germany
typically exhibit stronger and more consistent speeds during the fall and winter months,
yet adverse conditions such as ice accumulation and cold temperatures can impair turbine
efficiency, potentially explaining the observed decline in wind production during cold fall and
winter periods. Conversely, cold shocks in spring and summer may coincide with favorable
wind conditions, leading to a significant increase in wind energy output.

In the energy sector, the consistent co-movement of production and prices across temper-
ature shocks—i.e., higher prices and higher output during cold spells, and lower prices with
reduced output during warm winters—suggests that demand-side dynamics also play a key
role. Increased heating or cooling needs appear to drive both higher prices and increased pro-
duction. To further support this claim, we also look at consumption quantities. Specifically,
consumption in gas and electricity. Unlike the previous analysis, this approach does not
rely on seasonal breakdowns but instead uses heating degree days (HDD) and cooling degree
days (CDD) as proxies for temperature-related energy needs. Again, we follow Lucidi et al.
(2024) and construct dummy variables indicating whether the number of HDDs or CDDs in
a given year has increased or decreased compared to the previous year—reflecting warmer or
colder conditions, respectively. These dummies are then interacted with the corresponding
heat shock. We opted for this strategy, as climate change in general lead to higher average
temperatures. For example, when HDDs fall and/or CDDs rise—indicating milder /warmer
temperature levels—a heat shock is expected to further reduce heating needs, thereby low-
ering gas demand. At the same time, higher CDDs may suggest increased cooling needs, so
a heat shock under these conditions may lead to a rise in electricity demand.

Table 7 shows the results. The interaction between a heat shock and a decline in HDDs
(i.e., a warmer month compared to last year) shows a strong and statistically significant drop
in gas consumption (-7.43 percentage points), accompanied by a smaller albeit insignificant

reduction in electricity use (-0.46). This aligns with the interpretation that warmer-than-
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Table 7: Effects on Impact - Energy Demand

Gas Consumption Electricity Consumption

Heat shock xHDDegative -7.43% -0.46
(2.49) (0.66)
Heat shock xCDDyositive 0.04 0.77
(3.03) (0.75)
Time Trends Yes Yes
Observations 143 143
R? 0.70 0.81

Newey-West standard errors in parentheses
*p<0.10, ** p < 0.05, *** p < 0.01

usual months reduce heating needs, and thus lower energy demand—consistent with the
earlier finding of reduced energy production during hot winters. The interaction between a
heat shock and increased CDDs (indicating e.g. a hotter summer) does not affect both gas
and electricity demand significantly. However, estimates have a positive sign. This suggests
that while hotter summers may increase cooling needs, the effect on energy consumption is
modest particularly in relatively mild country like Germany. Lucidi et al. (2024) find the
same for European countries, arguing that a "turn-off-heating effect" outweighs a so-called
"turn-on-cooling" effect. Overall, these findings mirror the earlier production results, where
energy output rose modestly during summers—likely driven by increased supply (e.g., solar)
rather than strong demand pressure.

Taken together, the sectoral asymmetries in price-quantity relationships support the
interpretation that demand effects dominate in the energy sector, with heating demand
(particularly for gas) responding strongly to both cold and warm conditions. These demand
effects are accompanied and reinforced by shifts in the relative importance of energy sources:
under favorable conditions, renewable energy production expands, further contributing to

downward pressure on energy prices.
5.3.2 Nonlinearities

Burke and Miguel (2015) have demonstrated that even high-income economies respond in

a highly non-linear way to local temperature shocks. Hence, in this section, we account
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for additional nonlinear effects’’ of temperatures on agricultural production and energy
demand. The underlying idea is that, for example, 1-2 hot days may have minimal effects on
agriculture and food prices, whereas 8-9 or more days within a month can have a significantly
larger negative (or positive) impact. The same argument can be applied to cold days and
energy demand. To capture such mechanisms in our econometric framework, we created
various indicator variables. The first indicator takes the value of one if the number of hot
days falls between 0 and 4.99, and zero otherwise. The second becomes 1 for the interval
5 —9.99, and the final indicator becomes one for all cases exceeding 10 hot days. Doing
the same for cold days, we end up with six dummy variables, which we include in our
local projection estimation from above instead of our shocks?. The corresponding IRFs
are presented in Figure 8, focusing solely on food and energy prices due to their central
relevance in our main findings. The first row covers the responses to hot temperature shocks,
while row two covers cold ones. Qualitatively, the results do not change compared to our
previous findings. Nevertheless, we see some interesting patterns emerging. Food prices do
not increase following a month with a relatively small hot temperature shock (074.99 days).
However, for larger numbers of hot days, we observe a significant rise in prices, with the
magnitude of the response increasing as the number of hot days grows (Compare the dark
red line in the first plot of figure 8 with the red-orange line in the same plot.). Once again, an
S-shaped reaction is evident, with prices returning to their original levels roughly five months
after the shock. For months with more than 10 hot days, prices even decrease eight months
later, and this decline persists throughout the observed horizon, probably due to demand
effects. The size of the impact (up to two percentage points) is even bigger compared to

our baseline result for food prices. Interestingly, regarding cold spells, the biggest response

20The inclusion of seasonal dependencies has already demonstrated the presence of highly nonlinear rela-
tionships.

21Here, we do not take into account seasonal influences.
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Figure 8: Impulse response functions for the energy and food components of the harmonized
index of consumer prices, displayed for different intervals (dummy variables) based on the
number of hot or cold days. The respective shaded areas represent 68% confidence intervals
computed using Newey—West standard errors.
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(in magnitude and significance) follows after a medium (5 — 9.99 days) shock, with a sharp
increase of almost 2 percent three months after the shock. For other intervals, we cannot
see such behavior. Once again, for food prices, we see the S-shaped type behavior, where
price returns back to the pre-shock level after a couple of months. However, it comes a bit
by surprise that severe cold shocks do not have any impact here (first plot, second row of
figure 8). Turning to energy prices, IRFs are almost identical as in figure 6. Even for a
small number of hot days, prices begin to decline around six months after the shock. For
the other two intervals, the decrease starts almost immediately, reaching a reduction of up
to 5 percent. This decline remains both significant and substantial in magnitude throughout
the entire horizon. The same was found for the effect of warm (winter) shocks in our
baseline specifications. Also, with respect to cold shocks,, the responses are as expected with

increasing prices for all intervals. The largest rise by approximately four percent is caused
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by the largest number (10+) of cold days; also for 5 — 9.99 days, the reaction is relevant.
However, the price increases and finally returns back to the original level. In conclusion,
the responses shown in Figure 8 provide clear evidence of the existence and relevance of
nonlinear relationships concerning shock size. Generally, the largest shock values trigger
the most significant responses, while short occurrences of extremes appear to cause minimal
impact. Nevertheless, the results support our previous findings and, therefore provide a

certain robustness.
5.3.3 Growing Season

As argued by Harari and Ferrara (2018), during the growing season crops are sensitive to
unfavorable weather conditions, which might—and thus should—affect food supply. There-
fore, we examine the effects of temperature shocks during the crop growing season. For
this, we utilize aggregated data for Germany from the Climate Change Knowledge Portal
by the World Bank, which provides the start and end dates of the yearly growing season.
In general, the start of the growing season is defined as the day of the year that reflects the
first span of at least 6 consecutive days with a daily mean temperature above 5 °C. Based on
this information, we create a dummy variable indicating whether a month falls within the
growing season or not. On average, it lasts from March until November. This dummy is then
interacted with our weather shocks to capture the effects. Thus, we are estimating a similar
regression as in equation 10 but with growing and not calendar seasons. Further, we include
sun duration and precipitation per month as additional controls.?> The corresponding IRFs
are shown in Figure 9, focusing on the different food components (processed, non-processed,
and overall) of the HICP, as well as a self-constructed index that includes all items except
food. The emphasis on food is intuitive, as growing seasons are likely to affect agricultural

production and, consequently, food prices most. When compared to previous results, we still

22 Aggregated data is taken from the Deutscher Wetterdienst.
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Figure 9: Impulse response functions for the food components of the harmonized index of
consumer prices, shown separately for hot temperature shocks (red) and cold temperature
shocks (blue) during crop growing season. The respective shaded areas represent 68% con-
fidence intervals computed using Newey-West standard errors.
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observe the characteristic S-shaped pattern: food prices initially increase on impact, then
decrease, and sometimes even turn negative. However, this behavior is more pronounced for
cold temperature shocks during the growing season and is less evident—or even absent—for
hot shocks, which is somewhat surprising. A possible explanation is that as the growing sea-
son in Germany typically spans March to November, encompassing spring, summer, and fall.
As such, the impacts during spring and fall (where according to figure 5 prices decrease) may
overshadow those from summer. From this, we conclude that in Germany, with its relatively
moderate climate, particularly hot temperature shocks only impact food prices when they
occur during summer, a period characterized by high absolute temperatures. This finding is
completely in line with that from Faccia et al. (2021), which also quantified such an effect for
summer. However, we demonstrate that this mechanism is also at play in an economically

advanced country like Germany. As a last note, the typical S-shape is specific to food prices;
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no comparable response is observed when excluding the food component (see the second plot

in the second row of Figure 9).
5.3.4 Droughts

Beyond temperature fluctuations, precipitation levels - or lack thereof - represent a critical
factor influencing agricultural output and food prices. In this section, we investigate the ef-
fects of drought conditions in conjunction with temperature shocks as part of an additional
robustness analysis. To this end, we utilized aggregated precipitation data for Germany
obtained from the Deutscher Wetterdienst (DWD) and constructed a drought indicator vari-
able based on the Standardized Precipitation Index (SPI) at a monthly resolution. If the SPI
falls below —1, our dry dummy takes the value of one, and zero otherwise. Following previ-
ous studies such as Felbermayr and Groschl (2014) and Bodenstein and Scaramucci (2025),
which define a drought as at least two consecutive months of unusually low precipitation, we
construct a final drought dummy equal to one when the dry dummy is equal to one for two
consecutive months. Figure 10 illustrates a negative correlation between the SPI and the
occurrence of hot temperature shocks, but this relationship is evident only during the spring
and summer months. Concurrently, the correlation coefficient between the drought dummy
variable and the temperature shock is significantly positive, again limited to the spring and
summer periods. In contrast, when examining the full year or restricting the analysis to the
fall and winter months, these correlations are no longer observed. Given the pronounced
dependence of agricultural production on conditions during the warmer seasons, the subse-
quent analysis concentrates on extreme weather events occurring specifically in spring and
summer. Accordingly, we replicate the estimation specified in equation 10, differentiating
only between the spring—summer and fall-winter periods, and allowing the drought dummy

to interact with the heat-related temperature shock.?> As anticipated, food prices rise sig-

ZBoth types of temperature shocks (hot and cold) are included in the model; however, the figure displays
only the effects of the heat shock.
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Figure 10: Correlation between heat shock and SPI for spring-summer periods vs fall-

winter periods.
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nificantly following hot and dry periods, with increases of up to 0.5 percent. Approximately

six months after the shock, prices revert to their pre-shock levels, exhibiting an S-shaped

adjustment pattern similar to that observed in our main results. In contrast, for non-food

items, no significant price response is detected.

Figure 11: Impulse response functions for the (unprocessed) food component of the har-
monized index of consumer prices, versus the index excluding unprocessed food items. The
graph only features the heat shock. The respective shaded areas represent 68% confidence
intervals computed using Newey-West standard errors.
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We also incorporated extreme-precipitation (heavy rainfall) events, but this dimension

did not yield clear or robust results; we therefore do not consider these events further in our

analysis. One plausible explanation for the significant effects we find for drought—relative
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to heavy rain—is that drought is typically a regional to subcontinental and persistent phe-
nomenon, driven by large-scale circulation anomalies and land—atmosphere feedbacks, with
durations commonly spanning weeks to seasons (and sometimes years). By contrast, heavy-
precipitation events are usually mesoscale and short-lived (hours to a few days) and thus

more localized; hence, their effects on food-price inflation are unclear.

6 Conclusion

Our analysis demonstrates that extreme temperature shocks—both hot and cold—have mea-
surable and economically significant effects on price dynamics in Germany. The impact is
concentrated in food and energy markets, which not only play a central role in shaping head-
line inflation but are themselves highly sensitive to climate-related disruptions. The evidence
points to distinct transmission mechanisms: food prices react mainly through supply-side
constraints, particularly via agricultural productivity losses, while energy prices respond pre-
dominantly through shifts in demand for heating and cooling. In both cases, these sectoral
effects translate into noticeable movements in the overall price level.

Our contribution to the literature is threefold. First, we document the heterogeneous
effects of hot and cold extremes, extending the focus beyond the positive temperature devi-
ations emphasized in prior work. Cold spells often generate opposite price dynamics to heat
extremes, particularly for food and energy. Second, we show strong seasonal nonlinearities:
in winter and spring, warmer weather dampens food prices while cold spells raise them; in
summer, heat extremes sharply increase food prices before they return to pre-shock levels,
likely reflecting harvest damage. Energy prices are especially sensitive in winter, with cold
spells driving prices up through higher demand and reduced renewable generation, while
mild winters lead to significant declines. Third, these sectoral responses reveal that headline
inflation in Germany is primarily driven by energy price movements—consistent with the
2022 episode, when surging energy costs spilled over to nearly all sectors. Beyond season-

ality, larger shock magnitudes amplify price responses, and our results remain robust when
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accounting for renewable energy production, droughts, and crop cycles.

Methodologically, our shock design allows us to separate hot from cold extremes. This
refinement reduces the risk of overlooking regional weather phenomena during aggregation
and prevents extremes from being averaged out over time, enabling a clearer identification
of asymmetric effects. While our analysis focuses on Germany, the approach can be readily
adapted to a euro area panel to study cross-country heterogeneity and potential inflation
spillovers—an issue of clear relevance for monetary policy in an integrated market. Beyond
inflation, the shock measure could also be applied to study other climate-sensitive economic
outcomes, such as health impacts affecting labor productivity or interactions with other

macroeconomic shocks, which remain important avenues for future research.
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Online-Appendix

Appendix 1: A three-sector behavioral New Keynesian model with
food subsistence consumption and energy

The empirical results on the differential impact of food and energy price shocks on prices
motivate a model to understand the underlying mechanisms. In particular, a key finding of
the main analysis is that weather shocks have a smaller impact on food prices compared to
energy prices. One explanation is that if a weather shock directly raises energy prices, these
higher energy costs cascade through other production sectors, causing overall price increases.

To this end, we introduce a three-sector New Keynesian model to analyze the temperature
surprise-induced energy and food price shock mechanisms. We further incorporate so-called
behavioral inattention in the spirit of Gabaix (2020), differentiating our model from stan-
dard New Keynesian DSGE frameworks, which typically assume that agents form perfectly
rational expectations. Such an assumption is particularly restrictive, as it relies on agents
possessing complete knowledge of all potential future states and their capability to devise
fully state-contingent plans through solving intricate optimization problems. Moreover, most
empirical analyses of survey data have consistently rejected the hypothesis of full informa-
tion rational expectations (FIRE), as documented by Coibion and Gorodnichenko (2015),
Bordalo et al. (2020), and Kohlhas and Walther (2021). Behavioral inattention implies a
behavioral bias where errors arising from price uncertainty indicate that consumers hold
imperfect expectations regarding future prices. We believe that this is important for energy
and food price shocks. Based on a large quasi-experimental setting for Germany, Singhal
(2024) identifies salience cycles in heating bills lasting up to four months, likely reflecting
short-lived consumer attention toward heating energy costs, which dissipates during periods
when heating is not in use.

We also include food subsistence consumption as suggested by Portillo et al. (2016).

Finally, our model also acknowledges the fact that the nominal interest rate is constrained
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at the zero lower bound (ZLB). Energy is produced with green and dirty inputs and is
bundled to an energy input that is used in the production sector for food, services, and
energy for consumption services. As discussed in this paper, the food sector and energy
prices are particularly vulnerable to temperature shocks. Therefore, this section examines
the impact of a weather shock on food productivity and clean energy prices.

As demonstrated, our simple model replicates the key empirical patterns identified in this
study. Food prices show the strongest reaction to a temperature shock, exerting a marked
short-run influence on headline inflation, while other components remain largely unaffected.
The model further predicts that this inflationary impact is temporary: headline inflation rises
sharply at first, then follows a hump-shaped path before returning to baseline. As discussed
in Section 5.2.1, this pattern reflects demand effects that materialize about five months after
the initial food price increase. Likewise, a temperature shock that raises clean or brown
resource prices feeds directly into higher energy (direct effect) and food prices (indirect
effect), causing a short-lived spike in headline inflation. The effect on clean energy prices
is more pronounced than on brown energy, reflecting the model’s calibration to Germany’s
relatively green energy mix. In line with our empirical results in Section 5.2.2, these effects

dissipate over time.
7.1 Cognitive Discounting

We assume that agents exhibit cognitive discounting when thinking about economic develop-
ments far into the future because agents cannot fully understand events that will take place
in the very distant future, and, thus, progressively shrink those events toward steady-state
values. In other words, agents are fully rational for steady state variables but act bounded
rationally (partially myopic) to deviations from the deterministic steady state. In formal
terms, deviations from the steady-state value of a variable that are expected to happen k
periods in the future are discounted by an exogenously given factor m*, where m € (0,1)

is a measure of the strength of cognitive discounting. Let X; denote the state vector of the
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economy. The log-linearized and demeaned law of motion can be written as

Xip1 =X + €41, (11)

where I' is a deterministic matrix of coefficients and €11 shows a vector of mean-zero inno-

vations. Instead, a behavioral agents perceives instead

XtJrl == m(FXt + €t+l)- (12)

According to Lemma 1 in Gabaix (2020), behavioral agents form expectations

]E?[ka} = mkEt [Xt+k] = mkaXt; (13)

where E? and E; denotes the behavioral and rational expectation’s operator, respectively.
7.2 Households

Consider a representative, cognitively constrained household that derives utility from stochas-
tic processes of aggregate consumption {ét}, labor {L;}, and holdings of a nominal Bond

{Bt+1} according to the following expected utility function

0N gt e B
D (@) x| (14

where 8 € (0, 1) denote the subjective discount factor, » > 0 and x € (0, 1]. The household
chooses stochastic processes of bond holdings and consumption to maximize utility subject

to the following budget constraint

PpCri+ PniCny + PeiCpy+ Bipn = Woly + Upy + g + Upy + Ry By + Ty, (15)
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and the composition of Cy:
Cy = QCry — Cp)* " CNCy 08, (16)

with Q = ap"az" (1 — ay — ap)” 172V =2F) a5 a scaling parameter. Note that Cr
denotes the subsistence level of food. By is exogenously given, P, presents the price of the
final good produced in the temperature exposed sector, while Py, shows the price of the
final good produced in the non-temperature exposed sector. Pp; represents the price for
energy consumption.

First-order conditions are given by

Ct . A;l = é’tpt; (17)
L XLV =AW, (18)
By A = 5Et[At+1Rt]> (19)

together with the TVC (no Ponzi scheme) that must hold in order to ensure that this
programme has a solution. A; denotes the marginal utility of consumption.
We can use the first-order conditions to derive the following relationships that govern the

consumer’s decisions but are not actually observed:

~ —1 ~
P
1 = BRE, Cin LA (20)
Cy P
_ Pe\ 7t
Cri = Cp+ap (%) Cy, (21)
t

Py \ ! -
ON,t = Qapn ($> Ct, (22)

t

P\ ' -
CE,t = (1 —an — OéF) (#) Cy, (23)

t

with P, = Pri Py Péjto‘N ~%" as the perceived consumption price index (see Portillo et al.
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(2016)) that arises from utility maximization of the representative household and which is

not equal to the measured price index P, that is defined as follows:

C C C
P, = (%) Pry + ( g;) Py, + ( C%;t) Pgy, (24)

with measured consumption C; given as

Ci=—=Cri+ —=Cni+—Cgy, (25)

where Pr, Py and Pg respectively denote the steady-state prices for food, service and energy
consumption, while and P is the economy-wide measured price indices. As noted by Portillo
et al. (2016), for the consumer’s decisions, “variables are relevant but - in contrast to variables

without a™ - are not actually observed.
7.3 Energy

For the sake of simplicity, we assume that energy producers and providers work in a perfectly
competitive environment. The energy sector consists of two energy provider: The first - the
clean energy provider - uses a renewable resource X¢p,; such as wind or solar to produce
output Ecp; and purchased at price Popy, the second - the dirty energy provider - uses
an non-renewable source Xy, such as oil or gas that is purchased at Pxy,; and produces
Ewoy. The energy producer bundles Ecop; and Ey,; and produces F; that is, in turn sold
on the spot market at price Pg,;. The prices of both resources are exogenous, and supply is
perfectly elastic at that price. The energy input prices Pxw,: and Pxcp; are both subject

to exogenous shocks. Finally, we assume that households own both resources.
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7.3.1 Energy producer

The energy producer uses a CES production technology to produce the quantity of energy
Et:
P
1 p—1 1 p=1 p—1
By = ke Egp, + (1— /ﬁz)EEW"O’t , (26)
where p is the elasticity of substitution between the two types of energy sources and x is

the relative weight in the bundle. The demand functions of the respective types of energy

sources are given as

[ Pepi\
cprt =K Prs E; (27)
Pwo:\ *
EW,t = (]_ — li) ( }If; 7t> Et (28)
it

7.3.2 Energy input provider

For sake of simplicity, both energy provider ep = {CP,Wo} use a linear technology to

produce energy inputs for the energy producer
Eep,t = Zep,tXep,ta (29>

where Z.,; is a provider specific productivity factor. The household owns resources X,
where we assume that a constant fraction (w) 1 — @ of energy inputs X; comprises a (non)-
renewable resource, i.e. Xy, = wX; and X¢py = (1 — w) X,

The profits of the energy producer Wo can be expressed as PwoiEwot — PxwotXwort,
while the profits for the energy producer C'P are expressed as PopiEcpr — PxcriXcopy-
Solving the cost minimization problem yields the marginal costs of both providers as M C,,, =

PZX—p”tt Finally, substituting the demand functions (27) and (28) in P, E; = zep P.piEepy
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yields the energy price index
Poy = [5Pod, + (1= k)Pl 77 (30)

Finally, we impose that log-linearized technology Zem follows a first-order auto-regressive

process

A

Zep,t = pZ,epZAep,tfl + €ep,ts (31>

with pzep € (0,1). €y is a iid normally distributed with mean zero and variance o7, food

sector shock.
7.4 The food sector

The food sector operates under perfect competition and flexible prices. The sector uses
energy Ep, and labor Np, to produce the output Yz, with the following Cobb-Douglas

technology that features labour-augmenting technological progress:
Yie = Ary(ALpy) B, (32)

with v € (0,1) as the labor share, A as the economy-wide labour-augmenting productivity
A?*. 'We assume that log-linearized technology in the food sector, AF’t follows a first-order

auto-regressive process

AF,t = pAFAF,tfl + €AFt, (33)

with par € (0,1). €ar; is a iid normally distributed with mean zero and variance 0% food

sector shock.

24We assume that A is constant in our short-run analysis around the long-run steady-state that corresponds
to different values for A.
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7.5 The service sector
7.5.1 Final good firms

The service affected sector produces an output Yy, using inputs of the intermediate goods

according to

Yy = [ / I(Y]@',t)fldj} , (34)

where ¢ > 1 denotes the elasticity of substitution among differentiated goods and Y;j is the
input of the intermediate good j € [0,1]. Final-good firms are competitive and maximize

profits. Cost minimization yields the following demand for intermediate good j:

Y = P _Y 35
v =\ By, Nt (35)

Moreover, the zero profit condition implies that

1

1 11—
Pro=| [P0 (3)
0

7.5.2 The behavioral intermediate good firms

Behavioral intermediate goods firms produce and sell differentiated products to final good
firms in a monopolistically competitive goods market. A firm uses a constant-returns-to-scale

production function to produce the non-temperature affected good j:
YJ{T,t = (ALg\/,t)'y(E{V,Qlivv (37)

with v € (0, 1). E]jw is energy used by firm j in the N sector. The firm faces a downward-
sloping demand function (35). Intermediate goods firms solve a static two-stage problem.
Firstly, the costs minimization and, secondly, the profit maximization. The nominal cost

function Cost! of firm j is given by Cost] = PE,tE]{,’t + WN,tL{V,t. Combining the first-order
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conditions of the cost minimization problem yields

P By, WLy, (38)
1—~ v

Moreover, solving the first-order conditions for Ly , and EY, , allows to rewrite the production

function as

. . 1— . . ~
vi _ [ MO, AMCry (7)Y,

ot PE,t WN,t ’
where M C&t is the cost minimization’s Lagrange multiplier that represents the firm’s j

nominal marginal costs, since it measures the increase in the cost function as output Y3,

marginally increases. Solving the latter expression for M C’Jj\at yields
MG, = (A7) (1 =) P WY (39)

From (39) we observe that all intermediate firms face the same prices and employ the same

production technology. Hence, M C’Jj\,’t = MCy, V j. In real terms, marginal cost are given

MCN¢
Py ¢

as meny = and firm’s j nominal cost function can be re-expressed as C’ost{(Y]{',Vt) =
MY,

Next, we turn to the pricing decisions of the firms. Under flexible prices, each interme-
diate firm j chooses P]{,’t, YJ{}’t, Lg\,,t and Ejjv’t in order to maximize profits subject to the
final goods producer’s demand schedule. The familiar first-order condition of the associ-
ated problem reads P]]\',yt = (ﬁ) MCyy, for all firms j € [0, 1], where (ﬁ) is a constant
mark-up over marginal costs. Hence, the optimal price chosen by each firm j is given by
P;,J;t = (ﬁ) MCn, because marginal costs M Cy; do not depend on firm j.

Following Calvo (1983), in each period, a firm adjusts its price with a constant probability
1 — @ and does not adjust its price with a constant probability #. Using the law of large

numbers, we can interpret ¢ as the faction of firms that do not adjust their prices. Let Py,

the price that is chosen by firm j in period t. If a behavioral firm j obtains a random signal
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in ¢, it chooses Py, to maximize the discounted present value of real profits:

max {Z(ﬁﬁ)kAt+k

il k=0

Py : | h
<—p“> Vsl Py —mch,Hk(l—T)]] } (40
N,t

)

where A, is the stochastic discount factor, 7 is an employment subsidy, and mcy 4 denotes
the real marginal costs in period ¢ + k of firm j that last set its price at P;,jt in period t¢.
Under Calvo price setting and by the law of large numbers, we can rewrite (36) and

obtain an aggregate price relationship
Py =0Py  + (1—0)(Py) (41)

Thus, a fraction 1 — 0 of firms adjust prices to the new level P]"{,{t, while a fraction 6 keeps

prices at the previous period’s level.
7.6 Monetary Policy

Monetary policy authority is constrained by the zero lower bound (ZLB). The (truncated)
Taylor rule is given by

R, = max|[R; Y (] (42)

Thus, monetary authority sets interest to zero when the economy is in the ZLB. However,

out of the ZLB, the interest rate is determined by

¢y 1PR PR
Taylor E m E Ry
1 N [(ﬂ') <Y) < R R, (43)

where 0 < ¢, < 1 and ¢, > 1 are monetary policy coefficients and 0 < pr < 1 governs

the degree of nominal interest rate smoothing. Y, R and 7 each denote non-stochastic,

steady-state variables.
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7.7 Equilibrium

Our model consists of the labor and final goods market. Without investments into physical

capital, the market clearing conditions are simply

1
Cry=Ypy, Cny=Yny,Cpy = Ecy and B, = Egy + Eny+ FEpy and Ly = Ly + /0 LYy ,dj.

(44)
For simplicity, we further assume that real resource rents are fully redistributed to house-
holds, the resource owners, as additional source of income. This implies that real gdp reads

as

Y, = piYri+pnYNiDn + peFcy,

= prCri + PnCny + peCiy, (45)

with py = If—{,, Dn = % and p, = 5—5. Note that we assume that the GDP deflator equals
the CPI deflator (P, = PY) in order to avoid the paradoxical situation that if energy price
experiences an upward shock, the GDP deflator decreases. For simplicity, we assume that
a constant fraction of energy demand is devoted to the production of food, services and for

consumption, i.e. Ery = pply, En; = onEy and Ecy = pc . Finally, bond markets clear.
7.8 Steady state

In this section we derive a non-inflationary steady steate, which implies that pp; = pn; =

Bo— 1.

PFt = PCPt = PWot = PxWot = Pxcpt = p = 1Vt with the gross inflation rate m, = B

Moreover, we set Ap, = 1. Inter alia, these assumptions ensure that measured real wages are
equal to the real wages that result from optimization, i.e. Wy = Wy, = Wp, =W = Wt = w.
Further, 7 = 1 also implies that 7 = 1. Next, we set 7 = % in order to remove the market
power by monopolistic competition in the service sector (see expression (40)).

As in the neoclassical growth model, we observe a linear relationship between real wages and
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aggregate labor productivity A:
1
w=W=[y(1-7)""]" A=06A4, (46)

with © := [y7(1 — 7)1*7]% :

Next, we use (18) to derive a relationship between aggregate labor productivity A and
measure consumption ¢. From (18) we have YN” = W' Together with C' = Cp + C* and
(46), we obtain a non-linear relationship between aggregate consumption and the economy-

wide productivity A (with an elasticity below one):

XYWC¥(C — Cp) = OV AMY, (47)
Labor supply is given by
OA v
L=|—F+n—1 , 48
[X(C - OF)] “3)

indicating that when C' — Cp, the income effect dominates the substitution effect in the
labor supply decision as agents work more to finance their subsistence needs. Next, solving

(38) for E{V’t, using this in (37), and solving this for L?V’t, and since all firms j solve the same

optimization problem, in the steady state, we find that Ly = Y=y (13") 7. Similarly, solving
=)W

the cost mimization problem of the food sector, we find Lp = TE=AL (KWF ] 7= Next, the share of
=)W

labor employed in the food or service sector is given by LTN Together with the equilibrium

conditions (44), we find that in the steady state

L C :
v = T - merti-ang vitha > ar, 49)
L LN B CN o C’F
C C
€ = ClE:OéE(l—FF)a (51)

Z5This follows from the combination of (25) with (23) and (21).
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where for the last expression on the right hand side, we use the fact that after the price nor-
malization, we observe a simple linear relationship between measured aggregate consumption
C and C as C = Cp + C. Tt is obvious that ey + g + ep = 1. If steady state consumption
increases, € converges from above to ap. If subsistence consumption is absent (Cr = 0), we
have that ¢, = «y for k = {F, N, E'}, and, similar as in the neoclassical growth model, we
observe a linear relationship between aggregate consumption and the economy-wide produc-

tivity A (see (47)).

7.9 Log-linear approximation

In this section, we describe the log-linearization of the model.
7.9.1 Behavioral IS curve

In contrast to the standard behavioral New Keynesian setting suggested by Gabaix (2020),
in this model, the behavioral IS-curve exhibits two modifications due to the existence of

subsistence consumption in the food sector. First, note that

G, = {1_@]&. (52)

1—OéF

Next, there is a difference between the inflation rate that matters for the private sector

decisions (7;) and measured inflation (7). Log-linearization of this relationship yields

2 “ ENOF — ONEFR N ENOE — ONEER N
T=T+ | —————— | Apps + | —————— ) ADgy, (53)
EN EN
TV ~ TV s
Z:\I/F ZZ\I/E

where we can show by using (49)-(51) that Up < 0 and ¥y = 0. Reflecting (49)-(51),
expression (53) reduces to 7y = 7 while expression (52) simplifies to C, = C, if subsistence
consumption does not play a role, i.e. Cp = 0.

Log-linearization of (45), using (53) and inserting the log-linearized version of (20) yields
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the behavioral, forward-looking IS curve:

- 1—ce€ ~ . - A Y
Y, = — L aF} E? (Rt — fpp1 + VEAPrii + \I/EAPE,tH) + EY[Yira). (54)
—ap

Next, we apply Lemma 1 in Gabaix (2020): E![Y;] = mE,[Y;]. Hence, (55) can be

rewritten as

R 1—c¢ A N R . 9
Y, = - L aF} (Rt — mE, [T + VpApp + ‘I’EAPE,tH]) +mlE,[Yi1].  (55)
—ap

Note that due the the subsistence consumption Cr > 0, the intertemporal elasticity of
substitution for output — [11:—;1;} is smaller than one provided that ez > ap. Moreover, for
€r > ap, there is a wedge between measured inflation and experienced inflation (see 53).

Log-linearization of (18) yields the labor supply condition:

yit = Wt—é—ét

= W= DB, — Vppry — Vppp, — C,
1 — .
aF:| Otu
1-— (S

= wt - \IjFﬁF,t - \IIEﬁE,t - |: (56>

where w; = %. Next, using the log-linearized versions of (21) and (23), we can derive the

sector-specific consumption demand equations as follows:

A ap(l —e€p) . A ap]| -
S (S s A N G ¥ ar
Cry LF(l — aF)] [—( F)Prt + VEpr:] + [EF] Cy, (57)
. 1— .
Cvy = KG—F + wF> Pry + (E—E + wE> pE} + { O‘F] c, (58)
EN EN 1-— (S
and
N R R 1—ap]| A
Cpi=—1—VYg)pes+ Vrpr: + 1. Cy, (59)
— €F

Equations (57)-(59) together with (49)-(51) imply C; = Crrep 4+ Cnien + Criep.
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The remaining log-linearized equations are standard. The supply of food and services

can be derived from the sector-specific profit maximization problems:

1-— N 1 — . ~ 1 . R
{—7} Yp, = —fq Epy 4 pre + —Apy — Wy, (60)
Y L 7 Y
1— ~ 1—~] =~ er| . gl . ) )
{—71 YN,t = {—7 EN,t - {—F} Prt — {—E} PEt — Wy — Uy, (61)
Y v EN EN |
+I;Jr\f,t

where 11; denotes the markup in the non-food sector.

The demand for energy in the food and service sector reads as:

EF,t = —Ppt+DPrt+ YF,t (62)
Eni = —ppi+Dns+ Y (63)
. €p | . €r | . N
= —DPEt— {—F} Prt — {—E} PEt+ YNy (64)
EN €N

Based on marginal costs in the energy production sector, we can derive a log-linear relation-

ship between the price of energy types and resource prices and energy-specific technology:

pep,t = _Zep,t + ﬁXep,ta (65)

with ep = {C' P, Wo}. Moreover, energy demand in the energy sector reads as

ECP,t = p(Pet— Dopr) + Et (66)
EWo,t = p(Pet — Pwor) + Em (67)

with
Pet = kpcpt + (1 — K)Pwor. (68)
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Reflecting on equations (65)-(68), we observe that when resource prices increase, energy
input prices subsequently rise. This price increase induces a partial substitution between
the different inputs used in energy production, with the extent of substitution determined

by the parameter p.
7.10 Behavioral Phillips curve

Inflation in the service sector is determined by a new-Keynesian, behavioral Philips curve:

(1-p56)(1—-0).

TNt = BE?[ﬁN,m] + (1 + ) s (69)
with b := # Again, we apply Lemma 1 in Gabaix (2020) and rewrite (69) as

. . 1—-p80)(1-10) .

ne = PmE TN 141] + ( BO) )M' (70)

0(1+b)

Note that differs from Gabaix (2020), because Benchimol and Bounader (2023) as well as
Meggiorini (2023) have shown that the Phillips curve derived in Gabaix (2020) is not consis-
tent with Lemma 1 in Gabaix (2020). Gabaix (2020) employs Lemma 1 for level variables,

although Lemma 1 in Gabaix (2020) considers deviations from the steady state.
7.11 Additional relationships

Moreover, headline inflation is given by
A “ €r ~ €E -
T =Tne+ | — | Dpre+ (| —= | Aprys (71)
EN EN

We also can make use of the definition of aggregate GDP to derive a relationship between

aggregate employment L;, energy production, and aggregate output Y;:

~

Y, = 4L+ EFAF,t + (1 — 7)[€FEF,t + ENEN,t] + EEEC,t

= Vf/t + EFAF,t + Et[l — (1 —€g)], (72)
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where Ly = €epLp; + eyLys and Y, = Cy = €pYpy + enYni + €pEcy.

Finally, the log-linearized version of the interest rate rule given by (43) reads as:
R, = max[R] " —R] (73)

with

RE™ = prRyy + (1= pr)(éxfte + byde), (74)

where R = % denotes the deterministic, steady-state gross interest rate.
7.12 Calibration

We calibrate the model on a monthly basis for the german economy. We follow Portillo
et al. (2016) and calibrate the subsistence level of food consumption to Cr = 0.0099. This
value corresponds to OECD countries such as Germany. Moreover, we also follow Portillo
et al. (2016) and pin down ap to 0.0701. We set the share of the services sector in the total
consumption bundle to a = 0.7, to match the share of services in total production for the
german economy, which was approximately 70% in 2024. This value equals to what Chafwehé
et al. (2025) postulates for the U.S. economy. The next three calibrated are standard in the
literature: The subjective discount factor is calibrated to g = (ﬁ)lﬁ12 = 0.9967 (see Gali
(2015), p. 67). The Calvo parameter, 6, is set to § = 1 — % = 0.9167 (see Gali
(2015) , p. 67), while the inverse of the Frisch elasticity of labor supply, v is set to 5 (Frisch
elasticity of 0.2). As labor is supplied inelastically, x is normalized to one. We follow the
literature and set the labor income share v for the food and service sector is set to 0.7 while
the elasticity of substitution between different varieties, ¢ is set to 6.

The elasticity of substitution (eos) between clean and dirty energy inputs is set to 1.8 (see

Papageorgiou et al. (2017)). Thus, clean and dirty energy goods are imperfect substitutes.

The share of energy that is used for food and service production is set to 0.4. In Germany,
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the fraction of clean energy in the energy bundle rises from 46.3 % in 2022 to 52,5% in 2023.
We calibrate a value of 51% that is close to what we found for the year 2023 in Germany.
According to the German statistical office’®, in 2021, the household sector has used 28%
of energy production, while the service sector has used 32%. The manufacturing sector to
which the food sector belongs used 39% of energy sector production.

The calibrated parameters for the interest rate rule ¢, = 0.5, ¢, = 1.5 and p = 0.875 are
in line with existing literature and consistent with the Taylor Principle (see Gali (2015)).

We follow Gabaix (2020) and calibrate m = 0.85. This implies that an agent pays just
over half the level of attention to an innovation arriving one year in the future relative to
the attention paid to it today.

Chafweheé et al. (2025) report an autocorrelation coefficient for fossil fuel price shock of
0.494 for the U.S., while Pataracchia et al. (2023) and Bodenstein et al. (2011) for European
countries report an autocorrelation coefficients of fossil price shocks between 0.85 and 0.95.
The discrepancy can be partly explained by the different country focus and sample period
discrepancies. Similarly, the autocorrelation of the TFP shock is significantly lower estimated
by Chafwehé et al. (2025) with 0.407 compared to Pataracchia et al. (2023) and Bodenstein
et al. (2011). We follow Pataracchia et al. (2023) and Bodenstein et al. (2011) and Gali (2015)
and calibrate the autocorrelation coefficients for the exogenous shock process with respect
to fossil and non-fossil input price shocks as pxwo, = pxcp = 0.95%, the autocorrelation
coefficient for the monetary policy shock as p, = 0.53 and the autocorrelation coefficients
for the food and energy sector productivity shock as par = pzep = 0.95. The corresponding

standard deviations are all summarized in the lower part of Table 8.

26See https://www.destatis.de/EN/Themes/Economic-Sectors-Enterprises/Industry-Manufacturi
ng/_node.html, accessed on 11" April 2025.
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Table 8: Calibration

Parameter Definition Value
Household

16 Subjective discount factor 0.9967
Cr Subsistence level of food consumption 0.0099
ap Non-subsistence food consumption share 0.0701
an Non-subsistence service consumption share 0.7

v Inverse of Frisch elasticity of labor supply 5
Food sector

v Labor income share 0.7
Service sector

vy Labor income share 0.7

L Elasticity of substitution between different varieties 6
Energy sector

p Eos between clean and dirty energy inputs 1.8

K Share of clean energy in energy bundle 0.51
OF Share of energy used in the food sector 0.39
ON Share of energy used in the service sector 0.32
ve Share of energy for household consumption 0.28
Monetary policy

Oy Taylor rule, output coefficient 0.5

O Taylor rule, inflation coefficient 1.5

p Interest smoothing coefficient 0.875
Prices

0 Calvo parameter 0.9167
Behavioral

m Cognitive discount factor 0.85
Shocks

PAF AR coefficient for food productivity shock 0.9655
PXWo AR coefficient fossil resource price shock 0.9830
pxcp AR coeflicient non-fossil resource price shock 0.9830
PZep AR coefficient for energy input productivity shock of type ep 0.9655
Po AR coefficient for monetary policy shock 0.7937
oA Std. dev. food productivity shock 0.0057
o wo Std. dev. fossil resource price shock 0.006
o%cp Std. dev. non-fossil resource price shock 0.006
O%W Std. dev. energy input productivity shock of type ep 0.0057
o2 Std. dev. monetary policy shock 0.0833

v
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7.13 Impulse response function analysis

Figure 12 illustrates the effects of a one percent decline in food sector productivity caused by
a weather shock. Due to the presence of subsistence of food consumption (and the reduced
substitutability with energy and service goods), relative price rises more sharply than it
would in the absence of subsistence constraints. As a result, food production contracts
less than in an environment without subsistence constraints. However, this comes at the
expense of reduced output in the service and energy sectors. However, aggregate production
contracts less compared to the food sector. The decline in food sector productivity also
lowers the overall energy demand, as food, energy, and service sectors require less input.
Consequently, both clean and dirty energy demand decreases while energy prices remain
unaffected. Moreover, higher food prices initially drive an increase in headline inflation.
However, after two periods, food price change is negative due to declining wages, which
result from weakened labor demand. Meanwhile, core inflation rises as service sector firms
gradually pass higher marginal costs onto final goods producers, leading to higher consumer
prices in the service sector. The rise in headline inflation leads to an increase in the nominal
interest rate. In summary, a weather shock that reduces food productivity leads to a short-
and medium-term increase in both headline and core inflation, a decline in labor and energy
demand, and unchanged energy prices.

Figure 13 summarizes the impact of a weather shock that raises exogenous clean resource
prices(e.g. light wind that reduces supply). This might even has macroeconomic effects,
because as previously mentioned, 52.5% of Germany’s energy production in 2023 relies on
renewables. Higher clean resource prices can result from adverse weather conditions that
constrain supply.

On the real side of the economy, aggregate output declines as firms across all sectors

reduce production. The overall rise in energy prices temporarily alters the energy mix in
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Figure 12: Effects of a weather shock that negatively impacts food productivity. Variables
are expressed in percentage deviations from their respective initial steady state. Nominal
interest rate and inflation rates are in percentage point deviations from the initial steady
state. Time on the horizontal axis is in months.
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both consumption and production. Specifically, the increase in clean energy prices—driven
by higher clean resource costs—encourages firms to shift from green to dirty energy. However,
the price of dirty energy remains unchanged, as the wage decline (due to lower labor demand)
offsets the price increase of dirty energy, which is driven by higher demand in the production
sectors. Moreover, the shock to clean resource prices triggers an immediate rise in both
core as well as headline inflation. Headline inflation increases as higher clean resource prices
directly feed into higher energy and consumption prices. Consequently, headline inflation
increases by 0.28 percentage points on impact before it slowly converges to its steady-state.
Core inflation rises as intermediate-good producers gradually pass through the increase of
marginal production costs to final good producers.

In summary, a weather shock that directly raises the prices of clean resources impacts

clean energy, overall energy prices, and sector-specific prices (through the pass-through of
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higher energy costs), while simultaneously causing a contraction in production. Increased
costs of clean energy inputs encourage a shift toward dirtier energy sources. The resulting
short-term rise in headline inflation is predominantly driven by higher energy and food prices,
with these price effects proving persistent.

Figure 13: Effects of a weather shock that negatively impacts clean energy prices. Variables
are expressed in percentage deviations from their respective initial steady state. Nominal
interest rate and inflation rates are in percentage point deviations from the initial steady
state. Time on the horizontal axis is in months.
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Appendix 2: Additional Robustness Exercises

A.2.1 Comparison with Temperature Anomalies

As a further robustness check, we compare our baseline results for our two shock types to
another shock measure from the literature: temperature anomalies. Important to note is
the fact that we adjusted the temperature anomalies to be comparable to our shocks. We
do not compare the monthly temperature average to a historical period but rather to the
temperature during the same month over the past five years. Thus, we still have agents
who permanently adjust their expectations. Otherwise, it seems unsuitable to compare
standard computed anomalies to our shock design. Regarding interpretation, it only makes
sense to compare those anomalies to our hot extremes since both measure whether or how
warm a month is, while our cold shock does the opposite. Here, our shock design shows
its advantage of being able to measure explicitly both ends of the temperature distribution.
We do focus on seasonal influences on headline, food, and energy inflation, as our most
interesting baseline results were found using the specification from the equation (10). All in
all, the impulse responses are pretty similar to our hot day shock. During winter and spring,
food prices decrease, while a warm summer leads to an increase. Again, here we observe
the typical S-shape behavior, where food price return to the pre-shock level and then even
further decrease due to demand effects. For energy, the picture is also very much in line with
our baseline results, where warmer months during fall, winter, and summer cause declining
prices. Responses of core inflation are far less clear, where we cannot observe such strong
patterns as for food and energy prices. Core inflation still appears to be driven by services,

as both indices are moving in similar directions.
A.2.2 Different Weightings

In our main shock design, we aggregate our local weather shocks using population numbers as

weights. The argument is simple: the more people live in a region, the more they are exposed
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to certain weather conditions causing potential consequences (for example, higher energy
demand). Nevertheless, one could think about other possibilities, moving away from the
simple exposure of people argument. The most obvious might be focusing on the economic
relevance of each region using GDP as weights. Economically stronger regions are therefore
weighted more heavily, as any economic damage could be greater here and therefore have
a greater impact on the macroeconomy. As a second alternative, we take the agricultural
area, trying to capture the food channel shown in this paper. Regions more dependent on
agriculture might suffer more from bad temperature values, dampening food production at
a larger scale. While the agricultural area follows a similar idea as population, measuring
the exposure to temperature conditions of a region, the GDP focuses purely on economic
performance. Yearly regional data for all German "Landkreise" are taken from the inkar
database. Since the data for agricultural land is only available for "Landkreise" from 2016
and is unlikely to change that much over time, we take the last observed value from 2021 for
the entire sample.

Figure 15 presents the impulse responses for multiple price indices covered in this paper,
where the local temperature shocks were aggregated using GDP as weights. In addition to
that figure 16 shows the same plots, but aggregation was performed using agricultural area as
weights. Comparing both figures with our baseline shock design and the respective impulse
responses, we do not observe any changes qualitatively but only very small changes quanti-
tatively. All identified channels are still present in both alternative aggregation procedures.
Especially looking at food and energy prices, hot and cold extremes lead to opposite price
responses depending on the calendar season. To highlight only a few patterns, during winter
and spring, cold shocks increase food prices up to 0.5 percent, similar to before. For a hot
summer, we still observe the S-shaped behavior, where food prices return to the pre-shock
level after a sharp increase initially after the shock. Energy prices react most interestingly

during winter, where we still observe the opposite response of warm and cold spells. As
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expected, a cold winter increases energy prices, while a warm winter lowers energy demand

and thus, energy prices decrease significantly up to one percent.
A.2.3 Different learning periods

As discussed in the main part of our paper, we ensure that the choice of our learning window
does not drive the results. Thus, we construct the same types of shocks, except that the
reference distribution used to determine whether a day is extreme includes not the past 5
years but instead 2 or 10 years, respectively. In this way we try to cover both extremes.
People only rely on very recent events to form their expectations versus people looking further
into the past to make a prediction. Apart from that, we perform the same local projection
analysis as before.

Qualitatively, the results remain unchanged regardless of the chosen learning period. As
can be seen in figure 17 for a 2-year learning period, warm winters decrease energy and food
prices, the latter persistently for 9 months and up to 0.4 percent. During summer months, we
still observe our S-shape behavior for food prices (increase of 0.3 percent on impact), which
even significantly decreases 6 months after the shock. For the remaining indices and seasons,
we do not see any significant variations. Turning to Figure 18, we observe similar patterns

for the extended learning period of 10 years, with only minor quantitative differences.
A.2.4 Year on Year Inflation Rates

Figure 19 shows the results when using the year-on-year inflation rates of the respective CPI
components as the dependent variable in our local projection framework. By performing
this kind of additional robustness check, we account for the possibility that our seasonal
adjustment process of the raw data is not driving or results. As the year on year inflation
rate compares the price level of the month of interest with the same month from last year,
there should not be any seasonal patterns visible. Fortunately, the results remain robust
qualitatively as well as quantitatively. Thus, the seasonal adjustment process seems to be

appropriate.
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Appendix 3: Data Sources

Table 9: Variables definition and data sources. All data is taken for Germany. The table
reports all the data we use in the different model specifications and robustness checks.

Variables Source Sample

2m temperature (ERA5 Land) CDS 1970m1-2021m12
Population (regional) INKAR 1996-2021
Agricultural Area (regional) INKAR 2016-2021
HICP - Overall index Eurostat 1996m1-2021m12
HICP - Energy Eurostat 1996m1-2021m12
HICP - Food (incl. alcohol and tobacco) Eurostat 1996m1-2021m12
HICP - Processed food (incl. alcohol and tobacco) Eurostat 1996m1-2021m12
HICP - Unprocessed food Eurostat 1996m1-2021m12
HICP - Excl. energy, food, alcohol and tobacco Eurostat 1996m1-2021m12
HICP - Services (excl. goods) Eurostat 1996m1-2021m12
Production in Industry (total) Eurostat 1996m1-2021m12
Call Money /Interbank Rate: Total for Germany FRED 1996m1-2021m12
Euro area shadow rate Wu and Xia (2017) 2004m9-2021m12
Power generation and consumption Agorameter 2012m1-2021m12
Sun Duration DWD 1996m1-2021m12
Precipitation DWD 1996m1-2021m12
Growing Season (start- & end date) World Bank 1996-2021
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