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1 Introduction
Climate change is a global phenomenon with severe environmental, social,
financial, and economic consequences. As climate patterns shift and extreme
weather events become more frequent and intense, the need to quantify and
understand the impact on economic systems has become increasingly import-
ant. Climate change affects agriculture, health, migration patterns, labour
productivity, conflicts, energy consumption, among other aspects of societies.

Not surprisingly, policymakers and economists have devoted substantial
effort to estimating the economic damages caused by climate change.

Several studies investigate which economic variables should be incorpor-
ated into empirical analyses. For example, Newell et al. (2021) highlight the
uncertainty in climate damage estimates depending on model specifications,
particularly whether economic activity is measured in levels or growth rates
of Gross Domestic Product (GDP). More uncertain is the quantification of
the net climate effect: Tol (2018) assesses an average per capita income loss
of approximately 1.3 percent for a global temperature increase of 2.5 ◦C; on
the other hand, Bilal and Känzig (2024) estimates a decrease in Real GDP
per capita exceeding the 10 percent per 1 ◦C, using annual and world data.

Another critically important but relatively unexplored issue is the op-
timal selection of climate variables in such analyses. The choice of which
climatic indicators to include can significantly affect the results of climate
damage assessments. Most of this literature considers temporal variations in
temperature and (or) precipitation as the climatic variable of interest (Ah-
madi et al., 2025; Bilal and Känzig, 2024; Burke et al., 2015; Dell et al.,
2012; Letta and Tol, 2019). However, this approach tends to oversimplify
the climate–economy relationship. In everyday experience, people perceive
that the burden of weather depends not only on heat or rainfall but also on
factors such as humidity, radiation, or air circulation, yet these dimensions
are rarely included in empirical analyses. As noted in Dell et al. (2014), the
use of a single indicator (or a limited set) can result in an omitted-variable
bias. In fact, climate is a complex phenomenon influenced by a broad set of
atmospheric and environmental factors that jointly determine and shape the
weather experienced in a particular region at a given time (see the discus-
sion in Hsiang, 2016). However, including as many climate-related variables
as possible in empirical analyses exposes to the risk of overparametrisation.
Therefore, a trade-off arises between model completeness and parsimony.

At this point, the crucial question is: How can we measure climate?
Despite the growing attention climate change receives in social sciences, there
are still few contributions that use or attempt to construct valid proxies for
climate change. A growing number of studies are based on more complex
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measures of climate, such as ad hoc indices constructed by climatologists. For
instance, Cashin et al. (2017) explore the macroeconomic effects of El Niño
oscillations, measured through the ENSO cycle. The ENSO pattern is usually
measured via some indices as the Oceanic Niño Index (ONI) and the Southern
Oscillation Index (SOI), which are technically constructed as moving averages
of single variables, such as ocean temperature or sea level pressure.1 Kim
et al. (2025) investigate the impact of extreme climate variables using the
Actuaries Climate Index (ACI). This index is available for Canada and the US
and is calculated taking into account only a few weather variables2 Finally,
some articles consider the construction of climate indices, usually focusing
on a subset of variables, as the indicator of the extent of Arctic sea ice in
Diebold et al. (2021).

The use of climate indices has the advantage of capturing multiple di-
mensions of weather beyond just temperature and (or) precipitation, while
remaining parsimonious by summarising a large amount of information into
a single variable. However, existing indices are often constructed by com-
puting simple averages of many variables (as in the case of the ACI) or by
considering only a limited subset of indicators (e.g., the above-mentioned
Artic sea ice index by Diebold et al., 2021, or the ENSO indices).

In this paper, we contribute to the climate econometrics literature by
constructing a set of indices for Europe that not only incorporate several
climate-related variables but also account for both global and local dimen-
sions, capturing joint European weather dynamics as well as country-specific
characteristics. By estimating a Multilevel Dynamic Factor Model (MDFM)
(developed by Choi et al., 2018, 2023), we obtain a global European climate
index, which captures the common climate variations across all countries,
and country-specific indices that synthesise local weather and atmospheric
conditions.

Our focus on European countries is motivated by two main reasons. First,
we aim to construct indices for a region currently lacking such measures,
unlike areas where climate indices such as the ACI are already available.3
Second, we explore whether our indices can improve the assessment of cli-
mate damage in a region where the impacts of climate change are under-
investigated. The global-local perspective is justified by the idea that a com-
mon pattern among European countries exists, despite individual heterogen-

1See https://origin.cpc.ncep.noaa.gov/products/analysis_monitoring/
ensostuff/ONI_v5.php and https://www.ncei.noaa.gov/access/monitoring/enso/
soi.

2The ACI is disposable at https://actuariesclimateindex.org/home/.
3The ACI is currently available for North America and has been extended to Australian

data.
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eities. With the MDFM we account for the presence of a such common driver
represented by a global factor and preserve the degree of flexibility needed
to capture the country-specific effects via local factors. In this sense, the
distinction between global and local becomes relevant, as highlighted among
others by Bilal and Känzig (2024).

We find evidence that the global index captures various dimensions of
temperature effects for most European countries (especially those with a
temperate climate), making it a plausible proxy for global warming. In
contrast, other meteorological phenomena and changes in water reserves
are mostly represented by local indices. This distinction appears to be
well motivated: global climatic phenomena are driven by large-scale at-
mospheric dynamics, with global temperatures as the main determinant,
while local events are more closely related to country-specific weather con-
ditions. From a practical perspective, our set of indices provides a valid
alternative for measuring climate variation over time in empirical analyses,
as our indicators incorporate additional weather dimensions beyond just
temperature or precipitation. Importantly, our indices are publicly avail-
able and can be accessed from a dedicated dashboard at the following link:
https://climateindex.shinyapps.io/CLIMIND/. Additional information
on the dashboard is reported in Appendix A.

Furthermore, as highlighted in Dong et al. (2025), there is a large het-
erogeneity in the procedures used to construct different climate variables.
Typically, climate indicators are expressed as deviations from a previous ref-
erence period. Climatologists refer to this reference period as “climatology”,
while scientists from other disciplines (e.g. Dong et al. (2025)) call this “re-
turn to the prevailing conditions”. Climate variables are therefore expressed
as anomalies, that is, deviations relative to a selected climatological baseline.
Different studies adopt alternative climatologies, which complicates cross-
study comparisons. By considering several climatologies in the construction
of our climate indices, we show that these choices lead to different index
dynamics.4

Finally, we quantify the climatic effects, defined as one-unit standard de-
viation shocks in the global and local indices, on the real GDP of selected
European countries. Our analysis is based on panel local projections (Jordà
et al., 2020) and incorporates a global/local perspective, following the as-
sumptions in Bilal and Känzig (2024). Our findings show that the detrend-
ing procedure used to construct climate anomalies influences the results and
leads to differences in the estimated magnitudes of economic damages. In

4To support practical applications, we provide users with all available alternatives,
allowing practitioners to select the most appropriate climatology for their specific study.
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addition, both global and local climate factors significantly affect economic
activity, suggesting that relying solely on temperature or precipitation vari-
ables may not be sufficient to capture the overall impact of climate on the
macro-economy.

The rest of the paper is organized as follows. Section 2 describes the
dataset and the variables used for the construction of the indices; Section
3 presents the methodology; Section 4 presents the dynamics of the indices
along with a detailed examination of their properties; in Section 5 we use our
set of indices to analyse the effects of climate on European macroeconomic
output; finally, Section 6 concludes.

2 The climate variables
We consider a total of 37 European countries, following the Eurostat defini-
tion of European NUTS-0 administrative units.5 The complete list of coun-
tries includes: Albania (AL), Austria (AT), Belgium (BE), Bulgaria (BG),
Croatia (HR), Cyprus (CY), Czechia (CZ), Denmark (DK), Estonia (EE),
Finland (FI), France (FR), Germany (DE), Greece (EL), Hungary (HU), Ice-
land (IS), Ireland (IE), Italy (IT), Latvia (LV), Liechtenstein (LI), Lithuania
(LT), Luxembourg (LU), Malta (MT), Montenegro (ME), Netherlands (NL),
North Macedonia (MK), Norway (NO), Poland (PL), Portugal (PT), Ro-
mania (RO), Serbia (RS), Slovakia (SK), Slovenia (SI), Spain (ES), Sweden
(SE), Switzerland (CH), Türkiye (TR), and the United Kingdom (UK).

For each country, we collect 29 variables in different climatological cat-
egories: i) temperature; ii) wind, pressure and precipitation; iii) radiation
and heat; iv) soil water; v) snow; vi) lakes; vii) evaporation and runoff. We
list the complete set of variables in Table 1, along with their unit of measure
and a brief description.6

The variables are sourced from the ECMWF ERA5-Land gridded dataset,
provided by Copernicus, which offers a consistent overview of the evolution of
climate at a very detailed resolution and over several decades. This dataset
is based on a reanalysis that combines actual observations with the so-called
“model data”, (i.e., derived through combinations of theoretical and statist-
ical models) and comprises among the most accurate and “long” time series

5For details, see https://ec.europa.eu/eurostat/web/gisco/geodata/
administrative-units/countries.

6For some variables, we restrict the set of countries according to their climatic char-
acteristics. Specifically, we consider forecast albedo, lake ice depth, snow albedo, snow
cover, snow density, snow depth, snowfall and snowmelt only for Austria, Finland, France,
Iceland, Italy, Lichtenstein, Montenegro, Norway, Sweden, and Switzerland. Considering
other countries for snow-related variables would result in heavily zero-inflated time series.
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for climate, spanning from 1950 onward. Each variable comes in the form of
cell-observations, i.e., multidimensional arrays containing the measurement
of a given phenomenon over a spacial resolution grid of 9 km2 at a given
point in time, with each dimension of the array corresponding to spatial and
temporal coordinates,7

We match the gridded observations within each country border and ag-
gregate at country level via sample averages. The resulting variables are
country-specific monthly time series covering the period from January 1950
to March 2024. These series require further processing to remove determin-
istic seasonal components and to express observations as deviations from a
defined climatology, as is customary in climate econometrics. A climatology
refers to an average value or a filtered value for a specific monthly observa-
tion, calculated over a predetermined reference period. The anomalies are
then computed as the difference between the observed monthly value of a
variable and its climatology for that month. In this way, climate anomalies
capture deviations from long-term reference conditions, or “normal” climate
patterns. This transformation is crucial to separate the signal of climate
change from regular seasonal variation.

For each m-th country (m = 1, . . . ,M , with M = 37) and each i-th
climate variable at time t (i = 1, . . . , N ; with N = 29; t = 1, . . . , T ), we
compute xmit = zmit −Xmit, where zmit is the observed value at time t of the
i-th climate variable for the m-th country , Xmit is the climatology, and xmit

is the corresponding monthly climate anomaly. We consider three different
climatologies, namely:

Fixed-average climatology (FAC): computed as the average of the ob-
served values from the period January 1950 – December 1979 (i.e.
XFAC

t ≡
∑S

j=1 zt,j/S, where zt,j is the original climatic variable, t is
the month, j indicates the year and S = 30 is the number of years
in the reference period). Similar climatologies are used in the IEA
Weather, Climate and Energy Tracker data, with a reference period
covering years from 2000 to 2019, or in the computation of the ACI,
which considers the average of the values from 1961 to 1990.

Moving-average climatology (MAC): computed as moving averages with
a 20-year window (XMAC

tf ≡
∑f

j=f−k zt,j/S, where t is the month, f is
the year, k = 20 − 1 and S = k + 1). Similar setups are adopted in
Ahmadi et al. (2025); Kahn et al. (2021), who consider returns to the

7Gridded data are disposable at https://cds.climate.copernicus.eu/datasets/
reanalysis-era5-land-monthly-means?tab=overview.
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climate of the past 30 years.8

Hamilton-filtered climatology (HFC): this filtering technique (Hamilton,
2018) is mostly popular in economics and isolates the dynamics of a
variable that is orthogonal to its long-term trend. More formally, we
define as anomaly the residuals from the regression of zt,i on a constant
and its own lags, from zt−24,i to zt−35,i. In our setup, we consider a
lag order consistent with the monthly frequency and in line with the
literature (Bilal and Känzig, 2024).

3 Methodology
One of the most common ways to summarise information from a large set of
variables is via a Dynamic Factor Models (DFM). An approximate DFM can
be expressed as a system of an observation and a state equation:

xt =

p∑
j=0

Λjft−j + εt, εt ∼ N(0,Σε) (1)

ft =
s∑

i=1

Aift−i + ut, ut ∼ N(0,Σu) (2)

where xt is a k × 1 vector of observed variables. ft is a q × 1 vector of un-
observed common factors, Λj are the loading matrices and Ai are the VAR
coefficient matrices of the factors, which describe the evolution of the unob-
served components. The matrices Σε and Σu contain the variance-covariance
elements of the two idiosyncratic components εt and ut, respectively9 Estim-
ation of a DFM is usually performed parametrically via Maximum Likelihood
and Expectation Maximization algorithms (see e.g. Doz et al., 2012), or with
nonparametric techniques such as Principal Component Analysis (PCA).

Most of the popularity of this method lies in its simplicity: DFMs are
dimensionality reduction tools that compress data information in a limited
set of unobservable factors that evolve over time and capture the common
movements of observed time series. This technique is widely used in mac-
roeconomics, where the abundance of variables, coupled with the relatively
small size of the temporal dimension, requires regularisation (see Stock and
Watson, 2016; Doz and Fuleky, 2020). DFMs have also been successfully

8We choose a 20-year reference period, rather than the conventional 30 years, in order
to limit the loss of observations.

9For an extensive review of DFMs, we refer the reader to Barigozzi and Hallin (2024).
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used in other settings, such as the study of commodity markets (Delle Chi-
aie et al., 2022; Casoli and Lucchetti, 2022) or financial econometrics (Ng
et al., 1992; Diebold et al., 2008). Crucially, they have been employed for
the construction of indices in a variety of contexts (see e.g., Alquist et al.,
2020; Baumeister et al., 2022, 2024; Diebold et al., 2021).

What is particularly interesting about DFMs and their potential use in
index construction is that they can be naturally extended to embed a multi-
level structure. In general, a multilevel structure consists in imposing blocks
of zero restrictions on the Λj matrices of factor loadings, so that some factors
are specific only to a subset of variables, while other factors pertain to the
whole system of observed time series. This allows them to flexibly incorporate
the hierarchical structure often present in the data. For example, Multilevel
DFMs (MLDFMs) have been used to construct hierarchical synthetic indicat-
ors for global and regional financial markets (Breitung and Eickmeier, 2015),
the international and country-specific business cycle (Choi et al., 2018), or
the common and group-specific movement of commodity prices (Delle Chiaie
et al., 2022).

To construct global and local climate indices, we follow the procedure
proposed in Choi et al. (2018), which is computationally efficient and does
not require a fully parametric estimation. The observation equation of the
MLDFM used in our analysis is defined as follows:

xmit = γ′
miGt + λ′

miFmt + εmit, (3)

where xmit is the anomaly i-th in country m at time t.10 Furthermore, Gt

identifies the global factor of size s×1, while Fmt is a rm×1 country-specific
factor;11 γmi and λmi are related loadings and εmit the idiosyncratic error.
The global and local factors in Equation (3), together with the loadings,
can be consistently estimated nonparametrically with a four-step procedure,
involving PCA and Canonical Correlation Analysis (CCA).12

The number of factors s and rm must be determined and two alternative
approaches are used in the literature: either it is assumed that the number of
factors is known or fixed a priori based on hypotheses relative to the nature
of the empirical setting (Choi et al., 2018), or it is selected by some criteria
ad hoc (see e.g. Bai and Ng, 2002; Choi et al., 2023). In our analysis, we
impose the number of factors in order to have only one global index (s = 1)
and one local factor for each country (rm = 1, ∀m).This choice is driven by

10Here we do not report again the state equation, governing the evolution of the factors
in time, as it is equivalent to Equation (2).

11Both the global and the local factors are proved to be weakly stationary.
12For more details about the procedure and the asymptotic properties of the estimators,

we refer to Appendix B and Choi et al. (2018).
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Table 2: Unit root tests for the global factor
Climatology ADF with const ADF with const+trend
FAC −3.31∗∗ −12.28∗∗∗

MAC −10.94∗∗∗ −11.22∗∗∗

HFC −5.52∗∗∗ −6.92∗∗∗

Notes: The ADF tests are based on the AIC as lag selection criterion. ∗ indicates statistical significance
at the 10% level, ∗∗ at the 5% level and ∗∗∗ at the 1% level.

the need for parsimony and interpretability of the model. On the other hand,
using a statistical testing procedure for the optimal number of factor may be
easily misleading given the potential heterogeneities across countries: these
may undermine the detection for a common co-movement.

4 Main results: global vs local indices
Figure 1 reports the global factor for the three different climatologies, to-
gether with its smoothed version, which is included to better isolate the
medium-term dynamics from short-term noise.13 The global index derived
using the FAC (panel 1a) shows a clear upward trend over time, indicating
a general increase in the climate change index across the European region.
This trend is particularly evident when examining the filtered series. By
design, the FAC approach produces a trend whenever anomalies show per-
sistent changes over time, and this is reflected in the index that captures
permanently changing climate anomalies. Crucially, the indices derived from
the other two climatologies (panels 1b and 1c) do not show any trend, be-
cause their calculation methods inherently remove long-term changes in the
anomalies.

For this reason, the reliability of fixed average methods as filtering tech-
niques is debatable, although they are particularly well suited to capture
long-term trends in climate change. This behavior is clearly reflected in the
mean reverting properties of the indices, as reported in Table 2, where we
report the results of the unit root tests. All indices appear stationary when
both a constant and a trend are included. When only a constant is included,
FAC may exhibit evidence of a unit root at the 0.01 significance level.

13A simple 12-month moving average filter is used as smoother, providing a clearer
view of medium-term climatic fluctuations by reducing short-run noise. Note that the
selected climatology affects the starting period of the sample. Actually, the Moving-
average climatology discards 20 years, while the Hamilton-filtered climatology discards
3 years. Given these discrepancies, we have chosen to normalize the series by fixing a
common sample starting in January 1970.
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Figure 1: Global factor (red lines) and smoothed global factor (blue lines)
with different climatologies.

Apart from the trend, the fluctuations of all the indices are similar, show-
ing recurrent patterns such as peaks (e.g., the positive outlier in July 2007)
and periods of persistence (e.g., 1980-1990 and 2014-2021).

We now turn to the inspection of local factors. To provide a concise sum-
mary, we focus on eight representative countries, chosen to capture the key
patterns observed across the full set of countries. This selection is applied
throughout the rest of the section. Specifically, the countries are grouped
into eight geographical regions, each designed to represent relatively homo-
geneous climatic conditions, and one representative country is selected from
each region. The countries we consider are Italy, France, Germany, the UK,
Poland, Spain, Greece, and Norway (see Appendix C for a detailed descrip-
tion of each geographical group).
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In Figure 2 we report the local factors for the selected countries, obtained
using the FAC (the other two cases and unit root tests are shown in Appendix
D). As illustrated, local factors reveal substantially different characteristics
across countries. The dynamics vary from one country to another, reflecting
the distinct climatic conditions and regional patterns captured by the local
indices. This highlights the importance of examining country-specific factors
alongside global dynamics to fully capture the heterogeneity of climate beha-
vior across Europe. The next section will investigate these aspects, providing
a variance contribution analysis to understand cross-country heterogeneity
and local factor interpretation.
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Figure 2: Local factors for selected countries, FAC. The red (blue) lines
correspond to the original (smoothed) series

Finally, Figure 3 presents the summary statistics of both global and local
factors. The FAC produces a global index that is more tightly concentrated
around the mean, with smaller interquartile ranges and fewer extreme outliers
compared to the other climatologies. This property is particularly relevant
when the indices are interpreted as “climate shocks” as in the setup of Bilal
and Känzig (2024).14

14Bilal and Känzig (2024) construct temperature shocks using the Hamilton filter. In
comparison, fixed-average climatology would produce a shock with reduced variability.
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Figure 3: Boxplots of the global factor for the three climatologies (a) and
the local factors for the FAC and selected countries (b)

4.1 Variance contribution

The use of factors effectively compresses a large amount of information into
a limited set of indices. However, this comes at the cost of reduced inter-
pretability. In this section, we address this issue by relating the indices to
the proportion of variance explained for each variable. To save space, we
focus only on FAC, while results for the other two variants are reported in
Appendix D.

We compute the variance from Equation (3). Since xmit is standardised
and each component on the right-hand side is mutually uncorrelated, we have
the following:

V(γ′
miGt) + V(λ′

miFmt) + V(emit) = 1,

with V(γ′
miGt) being the variance explained by the global factor, V(λ′

miFmt)
the variance contribution of the local factor, and V(emit) the idiosyncratic
variance.

Table 3 reports the results. Italy, France, Germany, the UK and Poland
show broadly similar dynamics, with the global index primarily capturing
temperature-related effects, while local factors reflect other variables such
as potential evaporation, runoff, soil water, radiation, and precipitation. In
contrast, countries with more extreme weather, such as Spain, Greece, and
Norway, exhibit different behaviours. In these cases, the global factor be-
comes almost irrelevant, indicating that the joint dynamics observed across
most of Europe diverge from the local patterns in these regions and the
local factor takes on a predominant role. Snow-related variables contribute
meaningfully only in the case of Norway.
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5 The economic effects of climate change
The climate indices presented in the previous sections can be used for a vari-
ety of purposes, such as monitoring weather patterns or improving forecasts.
In this section, we show that it is possible to use global and local indices
to analyse the macroeconomic effects of climate shocks, contributing to the
growing literature on the topic.

Specifically, we identify global and local factors as two distinct climate
shocks, which allows us to examine how a positive (joint or country-specific)
shock affects real GDP in a set of European countries.15 We build a quarterly
dataset that includes real GDP, our target variable, and a set of macroeco-
nomic controls, and estimate impulse response functions from panel local
projections on a sample ranging from 1960 (second quarter) to 2022 (second
quarter) (Jordà, 2005; Jordà et al., 2020).

The regression setup can be summarized as:

ym,t+h − ym,t−1 = αm + βhshockm,t + w′
m,tγ + w′

tη + um,t+h (4)

where ym,t is the quarterly real GDP(in log) of country m, αm the fixed
effect of the country specific, shockm,t is the global index (in which case the
dependency of m-th country drops, i.e., shockt) or the local factor; wt collects
country-invariant variables while wmt contains controls which vary in both
spatial and temporal dimensions; finally, um,t is the idiosyncratic term. The
complete list of variables in wm,t includes the inflation rate, the industrial
production index (in log), and the unemployment rate, sourced from the
OECD Quarterly Dataset, and a control for pandemic-induced uncertainty:
the new confirmed cases of COVID-19 per million people, sourced from Our
World in Data and aggregated at a quarterly frequency. The list wt includes
the Brent oil price (in log), the German 3-month interbank rate, a dummy
variable for European recession periods, and a time trend.16 Additionally,
the global or local factor that is not used as shock is included among the
control variables. For example, when estimating the regression for the global
climate shock shockt, we include the local factor in wmt, and vice versa.

To mitigate potential autocorrelation effects, we further expand the set of
controls by including lags up to the eighth order of the considered shock, real
GDP growth, and the nondummy components of wmt and wt, in line with
Bilal and Känzig (2024). Finally, we also employ robust standard errors from
Driscoll-Kraay (Driscoll and Kraay, 1998).

15We limit our analysis to 17 countries in order to balance the availability of data and
the need for consistent coverage across all economic variables required for the analysis.

16The German interbank rate and European recession periods are provided by OECD,
while the Brent oil price is sourced from the World Bank’s Pink Sheet.
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Figure 4 reports the impulse response functions of a global and local
climate shock on real GDP.

A positive global climate shock leads to a significant decline in economic
activity that persists for up to twelve quarters before being gradually ab-
sorbed.

Furthermore, the choice of climatology used to construct climate anom-
alies materially affects the results. When employing Fixed-average–based
anomalies, the estimated economic damages reach approximately −2% after
nine quarters. In contrast, using the Hamilton-filtered or the Moving-average
climatologies as a detrending procedures yields a smaller maximum impact
smaller than −0.8%. This comparison highlights the sensitivity of climate–
economy estimates to the underlying data treatment and underscores the im-
portance of methodological consistency when assessing the macroeconomic
costs of climate change.

In contrast, a local climate shock has a short-lived positive impact on real
GDP, which turns negative after several quarters. This pattern likely reflects
the immediate economic response to climate-related disasters, such as floods,
when governments and households increase spending on reconstruction and
recovery efforts. Such expenditures temporarily boost output, but the longer-
term consequences of physical damage and productivity losses ultimately
weigh on economic performance. In the medium term, the effect is contained
between −0.4% and −0.7%.

Overall, the estimated impact of local climate shocks is comparable in
magnitude to the effect of a global shock, with the exception of the results
obtained with fixed-average indices. This suggests that both global and local
factors exert significant macroeconomic effects.

6 Conclusion
This article proposes new climate indices for European countries. Using a
novel dataset from ERA5-land, we exploit the granularity present in the grid-
ded data to recover the indices built via an MLDFM strategy. Consequently,
we disentangle a global component from country-specific (local) ones. The
underlying idea is to trace back global climatic phenomena which affect all
the countries under analysis from geographically-specific ones, proposing in
this way a clearer overview of the climate dynamics. The MLDFM approach,
moreover, allows one to propose a rigorous data reduction framework which
encompasses several sources of information. To this end, we tackle the com-
mon issue encountered in the literature of conveying climatic effects via the
sole temperature variable.
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To construct climate anomalies, we consider three widely used procedures:
a fixed-average climatology, a moving-average climatology, and a filter based
on Hamilton (2018). The resulting indices show different dynamics across
these setups, indicating that the choice of method has non-trivial implica-
tions. The variance decomposition of the estimated model reveals that the
global index primarily reflects temperature patterns, whereas local factors
mainly capture variables such as potential evaporation, runoff, soil water,
radiation and precipitation.

We conclude with a macroeconomic exercise that analyses the effects of
global and local climate shocks on real GDP for 17 European countries, us-
ing panel local projections. Our results show that methodological choices
in detrending procedures significantly influence the estimated magnitude of
climate-related economic damages. In addition, considering a broader set
of climate variables – not just temperature or precipitation – helps capture
different dimensions of climate variability relevant for economic analysis. Fi-
nally, we find that a positive global climate shock has a statistically significant
negative effect on economic activity, lasting up to twelve quarters.

Future extensions of the proposed set of indices will consider: i) more
granular measures at sub-national administrative units (e.g. NUTS-2, NUTS-
3), ii) higher frequency, i.e. at daily basis, iii) a non-fixed number of local
factors (to account for the possibility that different factors could capture the
heterogeneity of certain geographical and climatic zones such as mountain
areas, dry regions etc.) and iv) a focus on extreme events, such as aggrega-
tion at quantiles level or monthly aggregation by considering maximum daily
registered values rather than averages.
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Figure 4: Panel local projections of real GDP responses to a 1 standard
deviation increase in the global (left column) and local (right column) climate
factors.

Notes: sample 1960 (second quarter) – 2022 (second quarter), unbalanced panel. Black lines denote the

local projections estimates and gray lines the 68% confidence bands. GLB denotes the global factor,

while LOC indicates the local factors.
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A Dashboard and Data Access
This section briefly describes the interactive dashboard developed for this
project. The dashboard provides public access to the global and local climate
indices constructed in this article.

The dashboard is structured in three main sections: “map view”, “graph-
ical summary” and “download data”. From “map view”, users can visualise a
map of European countries, interactively select a country of interest, display
its local climate index and explore the variance contribution for a selected
year. “Graphical summary” is divided in “descriptive summary”, when practi-
tioners can look at the density, plot boxplots and detect outliers for a selected
climate index, and “time series summary”, where each index can be displayed
in its raw form or as a smoothed version based on a 12-month rolling win-
dow. Finally, the “download data” interface allows users to download the
entire set of data or a filtered portion. It is possible to choose the time span,
countries of interest, data frequency (monthly, quarterly, or annual), and the
climatology used for anomaly computation (fixed-average, moving-average,
or Hamilton filter).

The dashboard thus offers an intuitive and flexible tool for exploring cli-
mate dynamics across Europe. It is publicly available at: https://climateindex.
shinyapps.io/CLIMIND/.

B Methodology: additional details
Estimation of a multilevel factor model (Choi et al., 2018) consists of a four-
sequential step algorithm:

1. select a pair of countries and obtain a first estimate of Gt, denoted Ĝ
(1)
t

from the canonical correlation analysis;

2. replace Gt in Equation (3) with Ĝ
(1)
t and derive the estimators for the

country-specific quantities, i.e., F̂ (1)
mt and λ̂

(1)
mi with PCA;

3. replace Fmt and λmi in Equation (3) with their estimates (assuming Gt

unknown), and derive the global quantities Ĝ(2)
t and γ̂

(1)
mi via PCA. Ĝ(2)

t

is the final global component factor, obtained from the whole panel of
countries;

4. repeat again step 2, this time using Ĝ
(2)
t and γ̂

(1)
mi . This will lead to the

final estimates F̂
(2)
mt and λ̂

(2)
mi, which exploit all the data information,

similar to Ĝ
(2)
t .
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C Geographical regions
In Section 4, we focus on different European regions, using one country from
each as a representative case. The regions are expected to reflect the different
climatic conditions between different areas. The regions we consider are the
following, with the representative country shown in bold.

• Iberian region, comprehending Spain and Portugal.

• French region & Benelux, including Belgium, France, Luxembourg and
Netherlands.

• British region, consisting of Ireland and the UK.

• Scandinavian and Baltic Region: Denmark, Estonia, Finland, Iceland,
Latvia, Lithuania, Norway and Sweden.

• German & Alpine regions, comprehending Austria, Germany, Liecht-
enstein and Switzerland.

• Italian region, consisting in Italy and Malta.

• Balkan region: Albania, Bulgaria, Croatia, Cyprus, Greece, Montenegro,
North Macedonia, Serbia, Slovenia and Türkiye.

• Central-Eastern Europe, consisting in Czechia, Hungary, Poland, Ro-
mania and Slovakia.

D Additional details
This section shows additional results that are omitted from the paper to save
space.
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Table D3: ADF tests for Fixed-average climatology - selected factors
ADF with const ADF with linear trend ADF with quadratic trend

GL -3.31∗∗ -12.28∗∗∗ -12.84∗∗∗
IT -13.03∗∗∗ -13.03∗∗∗ -13.02∗∗∗
FR -9.30∗∗∗ -9.31∗∗∗ -11.65∗∗∗
DE -11.04∗∗∗ -11.04∗∗∗ -11.29∗∗∗
UK -17.74∗∗∗ -17.76∗∗∗ -17.76∗∗∗
PL -10.78∗∗∗ -10.80∗∗∗ -11.36∗∗∗
ES -11.79∗∗∗ -16.84∗∗∗ -17.14∗∗∗
EL -7.37∗∗∗ -10.17∗∗∗ -10.98∗∗∗
NO -3.40∗∗ -12.64∗∗∗ -18.05∗∗∗

Note: *, **, and *** denote statistical significance at the 10%, 5%, and 1% levels,
respectively.
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Figure D1: Heatmap of the correlation between global and local factors
(Fixed-average climatology) and selected climatic series
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