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• Database covers 189 countries, 163 sectors, and a set of environmental indicators.
• Automated approach to improve the
resolution and indicator coverage of
MRIO database.
• Higher resolution raises the EU's water
stress and biodiversity loss footprint by
up to 20%.
• Half of the EU's water stress footprint is
induced in countries aggregated in
EXIOBASE3.
• Few countries achieved their green
economy progress target for carbon,
water, and land.
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a b s t r a c t
Moving towards a greener economy requires detailed information on the environmental impacts of global
value chains. Environmentally-extended multi-regional input-output (MRIO) analysis plays a key role in
providing this information, but current databases are limited in their spatial (e.g. EXIOBASE3) or sectoral
resolution (e.g. Eora26 and GTAP) as well as their indicator coverage. Here, we present an automated, transparent, and comparably time-efﬁcient approach to improve the resolution, quality, and indicator coverage
of an existing MRIO database. Applied on EXIOBASE3, we disaggregate and improve the limited spatial resolution by weighting each element with country and sector speciﬁc shares derived from Eora26, FAOSTAT,
and previous studies. The resolved database covers 189 countries, 163 sectors, and a cutting-edge set of environmental and socio-economic indicators from the years 1995 to 2015. The importance of our improvements is highlighted by the EU-27 results, which reveal a signiﬁcant increase in the EU's water stress and
biodiversity loss footprint as a result of the spatial disaggregation and regionalized assessment. In 2015, a
third of the EU's water stress and half of its biodiversity loss footprint was caused in the countries aggregated as rest of the world in EXIOBASE3. This was mainly attributed to the EU's food imports, which induce
comparably high water stress and biodiversity loss in Egypt and Madagascar, respectively. In a second example, we use our database to add carbon, water stress and biodiversity loss footprints to the Green Economy Progress (GEP) Measurement Framework. Most countries have not achieved their environmental
target and many countries, facing strong future population growth, show increasing footprints. Our results
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demonstrate that far more action is needed to move towards a greener economy globally, especially
through supply chain management. The attached database provides detailed information on the environmental impacts of global value chains to plan efﬁcient strategies for a greener economy.
© 2020 The Authors. Published by Elsevier B.V. This is an open access article under the CC BY license (http://
creativecommons.org/licenses/by/4.0/).

et al., 2012a, 2013); GTAP (Aguiar et al., 2016), WIOD (Timmer et al.,
2015), OECD-ICIO (Yamano and Webb, 2018) and GRAM (Giljum
et al., 2008; Wiebe et al., 2012). Currently, EXIOBASE3 and Eora26 are
the only publicly available databases with harmonized country and sector resolution, covering a large set of environmental pressures with time
series from 1995 to 2015 (see SI Table S1 for a comparison of the
databases).
For many major economies, the necessary input-output data to construct a MRIO database are regularly published by the national statistical
agencies. Countries for which national input-output tables are unavailable or that are outside the focus of the speciﬁc database still need to
be represented in the MRIO table to ensure that global supply chains
are fully covered (Stadler et al., 2014). Usually, this is achieved by aggregating those countries not explicitly covered in the database into one or
several “rest of the world” (RoW) region(s). Consequently, there is a
considerable number of countries with minimal information. This
leads to higher uncertainties in the results, both for these countries
and all the other countries which are connected to them by trade. This
raises three issues: (i) a low level of regional detail limits the comparison of environmental indicators between countries; (ii) a limited country coverage might lead to spatial aggregation errors; (iii) the relevance
of different countries varies depending on the environmental indicator.
For instance, many of the least developed countries heavily contributed
to biodiversity loss impacts (Lenzen et al., 2012b), but these countries
are not individually covered in the EXIOBASE3 and WIOD databases
(Andrew and Peters, 2013).
The size and importance of spatial and sectoral aggregation errors
have been studied previously. de Koning et al. (2015) found that material footprints calculated with different spatial and product aggregations
deviate in the order of only a few percent with outliers in the order of a
25% difference. For carbon footprints, Wood et al. (2014) found signiﬁcant errors for the aggregated model, while other studies showed that
additional regional detail yields little numerical difference (Andrew
and Peters, 2013; Bouwmeester and Oosterhaven, 2013; Stadler et al.,
2014). Also, footprints of occupied workforce and the related compensation were found rather independent of the chosen aggregation options (Stadler et al., 2014). In contrast, the effects of different
aggregation options led to a considerable underestimation in the
water scarcity footprints of many countries (Bouwmeester and
Oosterhaven, 2013). A detailed study comparing MRIO with bottomup trade data came to the same to conclusion for water stress footprints
(up to a 48% differences for nations and even more for sector analyses)
(Feng et al., 2011). For land-use accounting, footprints were found to
vary signiﬁcantly (Stadler et al., 2014) and Bjelle et al. (2020) concluded
that particularly regions in Asia and Africa should be represented in
more detail in order to avoid aggregation errors.
Overall, these studies show that a lower level of spatial or sectoral
detail may be acceptable for global environmental stressors such as
greenhouse gas emissions, which are caused by all industries and all
countries. However, when calculating water and land footprints, a
high level of spatial and sectoral disaggregation is essential, especially
for agricultural, forestry, mining and related processing sectors
(Tukker et al., 2018). EXIOBASE3 was built with a strong environmental
focus and hence provides detailed information for sectors such as agriculture, energy, mining, and transport, where impact intensities can differ considerably (Tukker and Dietzenbacher, 2013). However, while
EXIOBASE3 stands out with its high sectoral resolution (163 sectors),
it is limited in the regional resolution (44 countries and ﬁve RoW regions, SI Table S1 and Fig. S1). Eora26 has the beneﬁt of a higher country

1. Introduction
Effective environmental policies require reliable, relevant, and upto-date indicators to measure environmental protection efforts
(Wiedmann and Lenzen, 2018). The Green Economy Progress (GEP)
Measurement Framework of the UNEP aims to provide such indicators
to facilitate cross-country comparisons of national efforts towards
greener economies (PAGE, 2017a; PAGE, 2017b). Until now, the GEP
and many other indicator frameworks measured these efforts according
to territorial (or production-based accounting) principles, under which
countries are responsible for environmental pressures generated within
their borders. However, a large share of today's products and services
are no longer produced within a single country but rely on global
value chains (Baldwin, 2011; Los et al., 2015; Timmer et al., 2014).
This means that countries import intermediate goods and raw materials, add one or more layers of value, and sell the resulting product either for ﬁnal consumption or to another producer, who adds the next
value layer (Tukker and Dietzenbacher, 2013). At each of these steps,
environmental pressure is generated in the form of natural resource
use, emissions, or waste. In order to capture the impacts of global
value chains, consumption-based accounting has been suggested to
complement traditional production-based accounting (Peters and
Hertwich, 2008). It allows assessing the cumulative environmental impacts of a nation's consumption, including the impacts caused abroad
due to imports, but excluding domestic impacts due to exports. Thus,
consumption-based impacts, which are also called “footprints”, address
the importance of supply chain management.
Environmentally-extended multi-region input-output (MRIO) analysis has emerged as an appropriate methodological framework for
consumption-based accounting (Tukker et al., 2020; Wiedmann,
2009). This concept aggregates the global economy into a speciﬁc number of regions and sectors to record its transactional ﬂows and environmental accounts for a speciﬁc year or time frame. Applying simple
mathematical calculations allows to evaluate the linkages between economic consumption activities and environmental impacts. Thus, MRIO
analysis has been applied to calculate a wide range of environmental
and socio-economic footprints and to track them along different steps
in the global value chain (Cabernard et al., 2019; Wiedmann and
Lenzen, 2018). Recently, UNEP's International Resource Panel (IRP)
published a report on carbon, water stress and biodiversity loss footprints of global material production, revealing the importance of material production and international trade for these footprints (IRP, 2019).
The report further highlights the importance for footprint analysis of
high-income countries such as the EU, which increasingly outsource
their resource-related environmental footprints to lower-income
regions.
These studies have become possible only recently as MRIO databases
suitable for calculating environmental and socio-economic footprints
became available. Dietzenbacher et al. (2013) emphasize that a useful
MRIO database for analyzing environmental and socio-economic footprints should respect three aspects: (i) be global, (ii) include a set of environmental and socio-economic indicators, (iii) and cover time series.
Further, the ideal MRIO database should be as detailed as possible in
terms of sectors and products and discern as many countries and regions as possible (Tukker and Dietzenbacher, 2013). While there is consensus for the ideal system, limitations in data quality, consistency, and
availability have led to the development of several MRIO databases with
different strengths and weaknesses (Inomata and Owen, 2014). These
include EXIOBASE3 (Stadler et al., 2018), Eora and Eora26 (Lenzen
2
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matrices of the economy (9 rows and 30'807 columns) and the ﬁnal demand (9 rows and 1104 columns) are provided as time series from 1995
to 2015 (https://doi.org/10.5281/zenodo.3993659 and https://doi.org/
10.5281/zenodo.3994795). In the following, matrices and vectors are
displayed in uppercase (e.g. T, Y, Q_T and Q_Y) and the respective elements are displayed in lowercase (e.g. t, y, q_t, and q_y).

resolution (189 countries), but is limited in its sectoral resolution (26
sectors). This implies that at the current state, none of the existing
MRIO databases (SI Table S1) are suitable to perform a detailed and
comprehensive analysis for a broad range of environmental indicators.
Due to its strong environmental focus and high sectoral coverage,
several studies have been built on EXIOBASE to improve its country resolution. Two studies (Lutter et al., 2016; Weinzettel and Pﬁster, 2019)
enhanced the water footprint assessments in EXIOBASE2 by using detailed crop production and water scarcity impact assessment at a high
spatial resolution. However, both studies did not analyze time series
and Lutter et al. (2016) did not enhance the resolution for trade data.
Weinzettel and Pﬁster (2019) additionally enhanced the trade data of
agricultural sectors by using FAO trade balances, but did not improve
the trade data of the other sectors. Bruckner et al. (2019a) have linked
EXIOBASE3 to the global physical biomass trade model LANDFLOW
and improved the country and product detail with regard to cropland
use. Bruckner et al. (2019b) further improved this work by setting up
the Food and Agriculture Biomass Input-Output model FABIO, which
covers 130 agriculture, food, and forestry products for 190 countries.
Since FABIO is limited in the sector detail of the remaining economy,
Bjelle et al. (2020) addressed this issue by disaggregating the ﬁve
RoW regions of EXIOBASE3 into 214 single countries, while keeping
the high detail of 163 industrial sectors. All of these studies (Bjelle
et al., 2020; Bruckner et al., 2019a, 2019b) focused exclusively on
land-use, but did not address other environmental and socioeconomic indicators that are important to assess trade-offs among
them and a broader environmental progress.
In this study, we combine EXIOBASE3 and Eora26 to provide a resolved MRIO (R-MRIO) database with high country and sector detail,
covering a broad set of partially regionalized environmental and socioeconomic indicators, namely material footprint, climate change impacts, health impacts due to particulate matter (PM) emissions, water
stress, land-use related biodiversity loss, value added, and workforce
(Section 2). The database is available as time series from 1995 to
2015. As a ﬁrst application example, we use it to assess the environmental and socio-economic footprints of the EU-27 (including Croatia and
without the United Kingdom). This allows us to ﬁnd hotspots in the
EU's supply chain with regard to the impacts displaced to the individual
RoW countries (Section 3.1). Due to its differences compared to previous MRIO databases, we call our database a “resolved” MRIO (RMRIO) database and discuss its beneﬁts and limitations in Section 3.2.
In a second application example, we use the resolved database to add
carbon, water stress and biodiversity loss footprints to the Green Economy Progress (GEP) Measurement Framework of the UNEP (PAGE,
2017a; PAGE, 2017b). For each country, we compare these footprints
against speciﬁc per-capita targets to measure its progress towards a
greener economy from a consumption perspective (Section 3.3).

2.2. Overview
To derive the matrices of the R-MRIO database, we primarily used
EXIOBASE3 (version 3.4) and merged its sector-speciﬁc data with the
country-speciﬁc data of Eora26 to disaggregate the ﬁve rest of the
world regions of EXIOBASE3 into 145 countries with 163 industrial sectors, respectively, for each year from 1995 to 2015. EXIOBASE3 was chosen as a starting point because the economically most important
countries have a high sector resolution, and those countries aggregated
by EXIOBASE3 into RoW regions have inadequate sectoral resolution in
Eora26. Additionally, many environmental extensions are more reliably
and transparently reported in EXIOBASE3 (Stadler et al., 2018) (SI
Methods M1, Figs. S2 and S3). The merging process of EXIOBASE3 and
Eora26 is described in Section 2.3. The implementation of the environmental indicators is reported in Section 2.4. We further improved the
data quality for all agricultural, food, and forestry sectors by integrating
production data from FAOSTAT and regionalized data on water stress
and land-use related biodiversity loss (Section 2.5). The implementation of the workforce indicator and the balancing of the R-MRIO database is explained in Sections 2.6 and 2.7, respectively. The calculation
with the R-MRIO database for the EU's footprint analysis and to assess
Green Economy Process is described in Section 2.8. The entire procedure
to resolve the database, implement the indicators, and improve the data
quality is attached as MATLAB code (https://doi.org/10.5281/zenodo.
3993659).
2.3. Merging EXIOBASE3 and Eora26
The match between regions and sectors of EXIOBASE3 and Eora26 is
included in the SI (SI_Exio_Eora_match.xlsx). For the 44 countries individually covered by EXIOBASE3, the elements of the resolved transaction and ﬁnal demand matrix (TExio−Eora and YExio−Eora) equal those of
the original transaction and ﬁnal demand matrix of EXIOBASE3 (TExio
and YExio, Fig. 1). The ﬁve RoW regions of EXIOBASE3 were disaggregated into 145 single countries by weighting each sector-speciﬁc element from EXIOBASE3 with the corresponding regional share of the
country-speciﬁc element from Eora26:
t Exio−Eora
¼ t Exio
cj sj ,ck sk
Σcj sj ,Σck sk ∗

t Eora
cj Σsj ,ck Σsk
∑t Eora
cj Σsj ,ck Σsk

ð1Þ

cj ck

2. Methods
where c represents the resolved country derived from Eora26 (e.g.
Egypt), Σc stands for the corresponding RoW region in EXIOBASE3
(e.g. RoW Middle East), s stands for the resolved sector derived from
EXIOBASE3 (e.g. cultivation of cereal grains), and Σs represents the
matching sector group in Eora26 (e.g. agriculture). The index j and k refer to the selling sector and country (rows of T) and the buying sector
and country (columns of T), respectively.
As an example, to resolve the input of Iran's cultivation of cereal
grains into Egypt's cattle farming (tExio−Eora
, Fig. 1), we used the fact
5, 4
that Egypt and Iran are part of the RoW Middle East in EXIOBASE3, in
combination with the fact that the cultivation of cereal grains and cattle
farming sectors are part of the agriculture sector in Eora26. In the RMRIO database, the RoW Middle East is composed of 16 countries, and
the agriculture sector distinguishes 15 sectors, including different
types of crops, animal farming and forestry. It was assumed that the agriculture sector in Eora26 also includes forestry, since the environmental extension on timber extraction is almost exclusively allocated to the

2.1. Terminology
Each environmentally-extended MRIO database is composed of a
transaction matrix (T), a ﬁnal demand matrix (Y), and the satellite matrices of the economy (Q_T) and the ﬁnal demand (Q_Y), all of which
refer to a speciﬁc time frame. The transaction matrix is a square matrix,
which records the transactional ﬂows between all sector-regioncombinations of the respective time frame. The ﬁnal demand matrix indicates the transactional ﬂows from each sector-region to each ﬁnal demand combination. The satellite matrices indicate the environmental
and socio-economic accounts for each sector-region combination
(Q_T) and each ﬁnal demand combination (Q_Y) of the MRIO system.
The R-MRIO database of this study distinguishes 163 sectors, 189
countries, six ﬁnal demand categories, and nine satellite accounts. The
resulting transaction matrix (30'807 rows and 30'807 columns), ﬁnal
demand matrix (30'807 rows and 1104 columns), and the satellite
3
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Fig. 1. Derivation of the resolved transaction matrix (TExio−Eora) by merging EXIOBASE3 and Eora26. In this simpliﬁed example the RoW Middle East of EXIOBASE3 is only composed of
Egypt and Iran, and the agriculture sector of Eora26 only includes the cultivation of cereal grains and cattle farming. In the R-MRIO database, the RoW Middle East is composed of 16 countries derived from Eora26, and the agriculture sector equals 15 different crops, farming and forestry sectors derived from EXIOBASE3.

agriculture sector in Eora26, and since a description on the coverage of
the sectors in Eora26 was not available. In the simpliﬁed example of
Fig. 1, the RoW Middle East only includes Egypt and Iran and the agriculture sector of Eora26 only distinguishes cultivation of cereal grains and
cattle farming. Accordingly, we multiplied the input of RoW Middle
East's cultivation of cereal grains into RoW Middle East's cattle farming
from EXIOBASE3 (tExio
3, 4 , Fig. 1) by the regional share of the input of Iran's
agriculture sector into Egypt's agriculture sector (tEora
3, 2 , Fig. 1) in the total
input of RoW Middle East's agriculture sector into RoW Middle East's
agriculture sector in Eora26. The total input of RoW Middle East's agriculture sector into RoW Middle East's agriculture sector in Eora26
equals the input of Egypt's agriculture sector into Egypt's (tEora
2, 2 ) and
Iran's agriculture sector (tEora
2, 3 ), plus the input of Iran's agriculture sector
Eora
into Egypt's (tEora
3, 2 ) and Iran's agriculture sector (t3, 3 ):
¼ t Exio
t Exio−Eora
5,4
3,4 ∗

t Eora
3,2
Eora
Eora
Eora
t Eora
2,2 þ t 2,3 þ t 3,2 þ t 3,3

2.4. Implementation of the environmental impact categories
For the 44 countries individually covered by EXIOBOASE3, we used
the impact coefﬁcients, built on EXIOBASE3, of Cabernard et al. (2019).
The general procedure for the remaining 145 countries was to implement each impact category into Eora26 (Section 2.4.1) and to scale the
impacts reported by Cabernard et al. (2019) to country-sector resolution by following the same approach as for the transaction and ﬁnal demand matrices (Section 2.4.2). The implementation of the indicators
into Eora26 is also attached as MATLAB code (Exiobase_resolved.m).
2.4.1. Implementation of impact assessments for Eora26
The indicators material extraction and blue water consumption
were directly adopted from the satellite matrix of Eora26. For land
use, we used the data on crops and pastures indicated by the satellite
matrix from Eora26. Since reliable data on forestry and infrastructure
land is not available in Eora26, this type of data was compiled from
FAOSTAT (2019) and OECD (2020), respectively.
For climate change impacts, PM health impacts, water stress, and
land-use related biodiversity loss, we applied the most recent impact
assessment methods recommended by the UNEP-SETAC (2016) and
followed the same general procedure described in Cabernard et al.
(2019). For climate change impacts, we weighted each greenhouse
gas listed in the satellite matrix of Eora26 (CO 2, CH4 , N 2O,
hydroﬂuorocarbons and perﬂuorinated compounds) with the respective global warming potential to derive the amount of emitted
CO2 equivalents (SI Methods M1, Figs. S2 and S3). For PM health impacts, we multiplied each type of emissions listed by the satellite matrix of Eora26 leading to PM health impacts (PM 2.5 , NO x, SO x, and
NH3 ) with sector-speciﬁc characterization factors (CFs) derived
from UNEP-SETAC (2016) and Fantke et al. (2017). This allowed us
to measure humanity's burden of disease in ‘disability adjusted life
years’ (WHO, 2020).
The water stress indicator was implemented into Eora26 by
weighting total blue water consumption indicated by the Eora26 satellite matrix with country-speciﬁc water stress factors adapted from
Boulay et al. (2018) for agricultural and non-agricultural sectors. The

ð2Þ

With this procedure, we only added country-speciﬁc information
from Eora26 to the EXIOBASE3 database to provide a better estimate
on the regional resolution, but the total sum of the merged transaction
matrix (TExio−Eora) remains the same as for the original EXIOBASE3 database (TExio).
In accordance to the resolved transaction matrix (TExio−Eora), we derived each element of the resolved ﬁnal demand matrix (YExio−Eora):
yExio−Eora
¼ yExio
cj sj ,ck f k
Σcj sj ,Σck f k ∗

yEora
c Σs ,c
j

j

k

fk

∑yEora
c Σs ,c
cj ck

j

j

k

ð3Þ
fk

whereby f stands for the category of ﬁnal demand (e.g. households, capital formation) and the index j and k stand for the rows and columns of
the ﬁnal demand matrix, respectively. The ﬁnal demand categories are
the same for EXIOBASE3 and Eora26.
The total output vector of the R-MRIO database (XExio−Eora) was calculated as the row sum of the merged transaction (TExio−Eora) and ﬁnal
demand matrix (YExio−Eora).
4
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2.5.1. Integration of FAOSTAT data
We compiled the production amounts of all crops, food, and wood
products, and the live stocks for all animals from FAOSTAT (2019)
from 1995 to 2015, and classiﬁed them into the 30 agriculture, food
and forestry sectors (biomass sectors) distinguished by EXIOBASE3.
Analogous to the procedure in Section 2.3, we weighed the total output
indicated by EXIOBASE3 (XExio) for the corresponding RoW region (Σc),
with the share of the country's biomass sector in the total biomass sector of the respective RoW region compiled from FAOSTAT (XFAO) to derive the total output (XExio−FAO) for each biomass sector (s) of each
resolved country (c):

resulting unit (volume of H2O equivalents) indicates the scarcityequivalent of water consumed under global average water scarcity
conditions.
In terms of land-use related biodiversity loss, we weighted the area
of cropland and pastures given by the Eora26 satellite matrix with
country-speciﬁc CFs adapted from UNEP-SETAC (2016) as reported by
Chaudhary et al. (2016) and summarized by Verones et al. (2020).
These CFs are based on species loss methods developed for selected animal taxa (Chaudhary et al., 2015) and plants (Verones et al., 2017). For
forestry and infrastructure, we weighted the respective land use area
compiled from FAOSTAT (2019) and OECD (2020) with the countryspeciﬁc CFs from UNEP-SETAC (2016). This allowed us to quantify the
global potentially disappeared fraction of species (global PDF years),
which indicates the fraction of global species that are committed to extinction due to anthropogenic land use.

¼ xExio
xExio−FAO
cj s j
Σcj sj ∗

¼
q_t Exio−Eora
i,ck sk

¼
t Exio−final
cj sj ,ck sk

ð4Þ

q_t Eora
WS,Egypt:agri
Eora
þ q_t Eora
WS,Iran:agri þ q_t WS,Iraq:agri þ . . .

q_yEora
i,ck f

ð5Þ

k

t Exio−final
cj sj ,ck sk b ¼

∗t Exio−Eora
cj sj ,ck sk

xExio−FAO
cj s j
xExio−Eora
cj sj

∗t Exio−Eora
cj sj ,ck sk

ð8Þ

ð9Þ

xExio−FAO
cj s j
xExio−Eora
cj sj

∗t Exio−Eora
cj sj ,ck sk

ð10Þ

The same procedure (Eq. (10)) was applied to improve the data on
blue water consumption for each crop sector of each resolved country.

ð6Þ

k

Σck q_yEora
i,c f

xExio−Eora
cj s j

2.5.2. Water stress of crops
In order to account for higher spatial and temporal detail of speciﬁc
crop growth patterns, we compiled blue water consumption and water
stress data for all crops from Pﬁster and Bayer (2014) and Pﬁster and
Lutter (2016) and classiﬁed them into the eight crops sectors distinguished by EXIOBASE3 as was done for EXIOBASE2 by Lutter et al.
(2016). To derive the water stress (WS) for each crop sector (s) of
each resolved country (c) of the ﬁnal satellite matrix (Q_TExio−ﬁnal), we
weighted the crop-speciﬁc water stress indicated by Cabernard et al.
(2019) (Q_TExio) for the aggregated region (Σc), with crop-speciﬁc
country shares derived from Pﬁster and Lutter (2016) (Q_Twater):

The same principle was applied to derive the resolved satellite extensions of the ﬁnal demand (Q_YExio−Eora), whose rows indicate the
total impact of the respective indicator (i) for each of the 1134 ﬁnal demand combinations (c and f) in the columns (k):
¼ q_yExio
q_yExio−Eora
i,ck f k
i,Σck f k ∗

ð7Þ

The ﬁnal total output vector of the R-MRIO database (XExio−ﬁnal) was
calculated as the row sum of the scaled transaction (TExio−ﬁnal) and ﬁnal
demand matrices (YExio−ﬁnal).

Exio−Eora
q_t WS,Egypt:cattle

q_t Eora
WS,Egypt:agri

xExio−FAO
cj sj

t Exio−final
cj sj ,ck sk b ¼

As an example, to resolve the water stress (WS) caused by Egypt's
Exio−Eora
cattle farming (q_tWS,
Egypt:cattle), we multiplied the water stress caused
by the RoW Middle East's cattle farming from Cabernard et al. (2019)
Exio
(q_tWS,
M. East:cattle) with the relative share of the water stress of Egypt's
Eora
agriculture (q_tWS,
Egypt:agri) in the water stress of the RoW Middle East's
agriculture indicated by Eora26. The later equals the sum of the water
stress in the agriculture sector of all countries in Eora26 classiﬁed as
RoW Middle East:

¼ q_t Exio
WS,M:East:cattle ∗

Σcj xFAO
cj s j

By dividing XExio−FAO through the corresponding total output of the
merged database from Section 2.3 (XExio−Eora), we derived a correction
factor to scale the outputs of the biomass sectors (s) of the merged
transaction and ﬁnal demand matrices from Section 2.3 (TExio−Eora and
YExio−Eora):

2.4.2. Derivation of the resolved satellite matrices
Following the same approach as for the resolved transaction and
ﬁnal demand matrices (Section 2.3), we derived the satellite matrix
(Q_TExio−Eora), whose rows refer to the respective indicator (i) and indicate the total impact (e.g. in volume of H2O equivalents for water stress)
for each of the 30'807 country (c)-sector (s) combinations in the columns (k) of the satellite extension. Consequently, we spatially resolved
the sector-speciﬁc impact of Cabernard et al. (2019), which was built on
EXIOBASE3 (Q_TExio), with the country-speciﬁc impact of Eora (Q_TEora):
q_t Eora
i,ck Σsk
q_t Exio
i,Σck sk ∗
Σck q_t Eora
i,ck Σsk

xFAO
cj s j

2.5.3. Land-use related biodiversity loss of crops, pastures, and forestry
Land resources are mainly used through land occupation and
corresponding activities. Depending on the vulnerability and species
richness of the occupied ecosystem, this can lead to severe biodiversity losses. Since EXIOBASE3 and Eora26 are limited in their spatial
and sectoral resolution, we used more detailed and well documented
data on land use and biodiversity impacts due to land occupation. To
quantify global potential species loss due to land occupation for
crops, we used the characterization factors (CFs) of the biodiversity
impact assessment recommended by the UNEP-SETAC (2016),
which are available on an ecoregion level (~800 units globally)
(Chaudhary et al., 2016). For assessing the land use of pasture, intensive forestry, and extensive forestry, we applied the respective country average CFs (Chaudhary et al., 2016).
For crops, production data for 160 crops with approximately
10 km × 10 km spatial resolution, representing the year 2000, were

k

2.5. Improvement for agricultural, food, and forestry sectors
EXIOBASE3 distinguishes 30 agriculture, food and forestry sectors,
which are aggregated in the sectors “agriculture” and “food and beverages” in Eora26. To improve the data quality of these sectors for the
145 resolved countries, we integrated production data from FAOSTAT
(2019) and adjusted the respective outputs in the transaction and
ﬁnal demand matrices (Section 2.5.1). Additionally, we integrated
data on water stress caused by each crop sector from Pﬁster and Bayer
(2014) (Section 2.5.2), and data on biodiversity loss caused by each
crop sector, pasture, and forestry from Chaudhary et al. (2016)
(Section 2.5.3).
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sector of the R-MRIO database (xExio−ﬁnal
Egypt:cereals) to derive the number of
Exio−ﬁnal
people occupied in Egypt's cereal grains sector (q_tWF,
Egypt:cereals):

compiled from Pﬁster et al. (2011). These data were multiplied with respective CFs for land use on an ecoregion level based on Chaudhary et al.
(2016). Classiﬁcation into permanent and annual cropland for each crop
type is based on the FAO classiﬁcation (FAO, 2010), since it is required to
apply the different CFs. In a second step, the total species loss per crop
and location were aggregated on the sectoral level of EXIOBASE3, following the approach of Lutter et al. (2016). The resulting total species
loss was divided by the respective land use of the sector to derive production weighted CFs for each crop sector and country of the R-MRIO
database. This allowed us to account for the spatial distribution and production volume of different crops for each country of the R-MRIO database. These CFs were applied to the land use time series from FAOSTAT
(2019), which account for yield increases and production changes for
each crop and country. This allowed us to derive the biodiversity loss
caused by each crop and country of the R-MRIO database (Q_TLand) for
each year from 1995 to 2015.
For pasture and forestry, we used the CFs from Chaudhary et al.
(2016) and respective land use areas reported by FAOSTAT (2019). Pastures are reported as “Pastures (temporary and cultivated only)” and
“Permanent meadows and pastures” by FAOSTAT (2019). We used
both entries for the year 2000 and 2010, and applied the pasture CFs
from Chaudhary et al. (2016) to derive Q_TLand for pastures. For forestry,
FAOSTAT (2019) reports data on FAO Global Forest Resource Assessments (FRA) for forest sub-category items “Planted forest”, “Primary
forest” and “Other naturally regenerated forest,” for 1990, 2000, 2005,
2010 and 2015. We used the data for the year 2000 and 2010, and applied intensive forest CFs for “planted forests” and extensive forest CFs
for “Other naturally regenerated forest”. According to Chaudhary et al.
(2016), each forestry area was multiplied with the UNEP-SETAC
(2016) recommended CFs for land use on country resolution to derive
QLand for forestry. For pasture and forestry, we interpolated and extrapolated the values for 2000 and 2010 to derive time series from 1995 to
2015.
Finally, we weighted the land-use related biodiversity loss indicated
by Cabernard et al. (2019) (Q_TExio) for the aggregated region (Σc), with
the sector-speciﬁc country shares of Q_TLand. This allowed us to derive
better biodiversity loss (BD) estimates for each crop, pasture and forestry sector (s) for each country (c) of the R-MRIO database
(Q_TExio−ﬁnal):
t Exio−final
cj sj ,ck sk b ¼

xExio−FAO
cj s j
xExio−Eora
cj s j

∗t Exio−Eora
cj sj ,ck sk

t Exio−final
cj sj ,ck sk b ¼

t Exio−final
cj sj ,ck sk b ¼

∗t Exio−Eora
cj sj ,ck sk

ð13Þ

xExio−FAO
cj s j
xExio−Eora
cj sj

∗t Exio−Eora
cj sj ,ck sk

ð14Þ

Since we calculated the value added as a residual, the R-MRIO database is not suitable for analyzing footprints of value added, as discussed
in Section 3.2.
2.8. Calculation with the R-MRIO database
2.8.1. Footprint and supply chain analysis for the EU–27
In a ﬁrst application example, we used the R-MRIO database to assess the environmental and socio-economic footprints of the EU-27 (including Croatia and without the United Kingdom). We derived the
footprint of the EU-27 (FEU) from the matrix multiplication of the impact
coefﬁcients (D, matrix with 9 rows representing each indicator and 30′
807 columns), the Leontief inverse (L, matrix with 30'807 rows and columns), and the ﬁnal demand of the EU (YEU, matrix with 30'807 rows
and 27 columns representing the 27 EU member states), and by adding
the direct impacts of the ﬁnal demand of the EU (Q_YEU, matrix with 9
rows and 27 columns).
t Exio−final
cj sj ,ck sk b ¼

ð11Þ

xExio−FAO
cj s j
xExio−Eora
cj sj

∗t Exio−Eora
cj sj ,ck sk

ð15Þ

The impact coefﬁcient matrix (D) was derived from the elementwise division of the total impact indicated by the resolved satellite matrix (Q_T) through the total output of the respective country and sector
(X).
While the direct impacts of the ﬁnal demand (Q_YEU) are usually
caused locally, the impacts of the economy (D_T × L × YEU) are frequently caused in another country due to the EU's reliance on imports.
By diagonalizing the impact coefﬁcient vector (Di) of the respective indicator (i), we calculated a footprint map for the impacts caused by
the economy (Fmapi,economy
):
EU

Since no workforce accounts are reported by Eora26, the workforce
coefﬁcients were directly adopted from EXIOBASE3. To derive the entries in the satellite matrix (Q_TExio−ﬁnal) for the workforce (WF)
employed in each sector (s) of each of the 145 resolved countries (c),
we used the sector-speciﬁc workforce coefﬁcients (DExio) of the corresponding RoW region (Σc) from EXIOBASE3 and multiplied it with the
total output of the respective country and sector of the merged database
(XExio−ﬁnal):

xExio−Eora
cj s j

∗t Exio−Eora
cj sj ,ck sk

In a balanced MRIO database, the total output of each sector-country
combination needs to equal its total input (Miller and Blair, 2009). As
done for the GRAM database (Giljum et al., 2008; Wiebe et al., 2012)
and discussed by Wiebe and Lenzen (2016), we calculated the value
added of the resolved satellite matrix of the economy (Q_TExio−ﬁnal) as
the difference of the total output (XExio−ﬁnal) and the column sum of
the transaction matrix (TExio−ﬁnal) to ensure that the total input equals
the total output of the R-MRIO database:

2.6. Workforce

t Exio−final
cj sj ,ck sk b ¼

xExio−Eora
cj sj

2.7. Balancing by value added

The same procedure (Eq. (11)) was applied to improve data on land
use area for each crop, pasture, and forestry sector of each resolved
country from 1995 to 2015.

xExio−FAO
cj s j

xExio−FAO
cj s j

t Exio−final
cj sj ,ck sk b ¼

xExio−FAO
cj s j
xExio−Eora
cj sj

∗t Exio−Eora
cj sj ,ck sk

ð16Þ

The footprint map involves 30'807 rows and 27 columns. The rows
indicate the country and sector where the EU's footprint is caused,
while the columns attribute these impacts to the consumption by each
EU member state. This allowed us to estimate the EU's footprint caused
in RoW countries (Fmapi,economy
RoW, EU).
In a ﬁnal step, we investigated the importance of food imports with
regard to the EU's water stress and biodiversity loss footprint caused in
RoW countries (Fi,food
RoW, EU). For this purpose, we applied the method of
Cabernard et al. (2019) based on Dente et al. (2019, 2018), which allows

ð12Þ

As an example, it was assumed that the number of people employed
to generate one unit of output in the cultivation of cereal grains sector
was the same for Egypt as for the RoW Middle East (dExio
WF, M. East:cereals).
This value was multiplied with the total output of Egypt's cereal grains
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and by adding the impacts caused by the countries' ﬁnal demand
(Q_Y, row vector with 189 columns):

to assess and track the cumulated upstream impacts of intermediate
sectors (like food production) without double counting along the global
value chain. Following the procedure described in Cabernard et al.
(2019), we deﬁned global food production as target (T) and the remaining global economy (global non-food production) as non-target (O) to
calculate the total impacts caused in RoW countries due to EU's food
consumption (Fi,food
RoW, EU):
t Exio−final
cj sj ,ck sk b ¼

xExio−FAO
cj s j
xExio−Eora
cj s j

∗t Exio−Eora
cj sj ,ck sk

t Exio−final
cj sj ,ck sk b ¼

xExio−FAO
cj s j
xExio−Eora
cj s j

∗t Exio−Eora
cj sj ,ck sk

xExio−Eora
cj sj

∗t Exio−Eora
cj sj ,ck sk

ð19Þ

We used the data for carbon, water stress, and biodiversity loss footprints to derive the average per-capita values from 2001 to 2005 (y0)
and from 2011 to 2015 (y1). The target y* was determined for each
country individually by using the lowest number of either:
(1) the ratio of y1p/y0p of the 10% most improving countries for a relevant comparison group (p) multiplied with y0 of the respective country.
We used the Human Development Index (HDI) of each country for the
year 2015 to classify the countries in comparison groups.
(2) a general threshold t, which was set at the 75th percentile of the
per-capita impact distribution from 2001 to 2005 based on PAGE
(2017b). This means the countries should never exceed the value
achieved by the bottom 75% of all countries.
(3) If both values of (1) and (2) were higher than y0, we used the
minimum target of 0.99 * y0. This is because the target should be smaller
than y0 based on PAGE (2017b).
The progress indicator (P) was then calculated as:

ð17Þ

Thereby, Di, RoW refers to the impact coefﬁcients of the RoW countries, LRoW−T indicates the cumulated inputs of all sectors of the RoW
countries into global food production, and YT−EU equals the EU's direct
ﬁnal demand for food products. The last term (AT−O × LO−O′ × YO−EU)
refers to the EU's indirect ﬁnal demand for food products (e.g. food consumed via other sectors such as restaurants and other service sectors)
and is calculated by the matrix product of the direct inputs of global
food production into global-non-food production (AT−O), the cumulated
input of global non-food production into global non-food production
(LO−O′) and the direct ﬁnal demand of the EU for global non-food products and services (YO−EU). Diagonalizing the cumulated impacts coefﬁcients of global food production in RoW countries (diag(di, RoW × LRoW
−T)) allows to allocate the impacts to the food sectors (T). A detailed description of the procedure and derivation of all terms is described in
Cabernard et al. (2019) by the example of global material production instead of food.
The remaining impacts caused in RoW countries due to EU's consumption of commodities other than food (Fi,nonfood
RoW, EU) were derived by
applying the method of Dente et al. (2019, 2018) to the R-MRIO database in accordance to Cabernard et al. (2019):

t Exio−final
cj sj ,ck sk b ¼

xExio−FAO
cj s j

t Exio−final
cj sj ,ck sk b ¼

xExio−FAO
cj s j
xExio−Eora
cj sj

∗t Exio−Eora
cj sj ,ck sk

ð20Þ

If P is positive, this means per-capita footprints have decreased and
progress has happened. If P is 1 or higher, the target was reached,
while positive P values below 1 mean that the target was not achieved
although per-capita footprints have decreased. Negative values indicate
increasing per-capita footprints.
3. Results and discussion

ð18Þ

3.1. EU's footprints and the role of food imports from RoW countries
3.1.1. The effect of spatial disaggregation on the EU's footprint
Fig. 2 shows the EU's footprint calculated with the R-MRIO database
as it compares to the footprint calculated with the tool developed by
Cabernard et al. (2019) (based on EXIOBASE3) for all indicators from
1995 to 2015. For the indicators carbon, PM health impacts and workforce, the spatial disaggregation has almost no effect on the EU's footprint (±2%, Fig. 2). However, for water and land use, the spatial
disaggregation of the RoW regions leads to a signiﬁcant difference in
the EU's footprints (Fig. 2). This is in accordance with previous studies,
which showed that a high spatial and sectoral resolution is particularly
relevant for water and land use indicators, which largely occur in RoW
regions (Bjelle et al., 2020; Bouwmeester and Oosterhaven, 2013;
Feng et al., 2011; Stadler et al., 2014; Tukker et al., 2018).
The effect of spatial disaggregation on the EU's footprint is even
stronger for water and land if regional conditions on water scarcity
and ecosystem value are taken into account (Fig. 2). It increases the
EU's water stress footprint by up to 20% compared to ≤8% for blue
water consumption (Fig. 2). Likewise, the spatial disaggregation
has a stronger effect on the EU's land-use related biodiversity loss
than land use area footprint (Fig. 2). In accordance to previous studies, this highlights not only the importance for spatial disaggregation
when assessing water and land, but also to take regional conditions
on water scarcity and ecosystem value into account (Feng et al.,
2011; Lenzen et al., 2012b).
The effect of spatial disaggregation on the EU's water and land footprint is attributed to the EU's strong reliance on water and land intensive imports from RoW regions. In contrast to the EU's material,
carbon, and PM health impact footprint, where less than 20% were induced in RoW regions, 42% of the EU's water use and 27% of the EU's

Thereby, LRoW−O refers to the cumulated inputs of all sectors of the
RoW countries into global non-food production and YO−EU refers to
the EU's direct ﬁnal demand for non-food sectors. The sum of the EU's
footprint caused in RoW countries due to food consumption
nonfood
(Fi,food
RoW, EU), and nonfood consumption (Fi, RoW, EU) equals the EU's total
footprint caused in RoW countries (Feconomy
i, RoW, EU). The split into food and
non-food production (Eqs. (17) and (18)) allows to reallocate the impacts of the EU's food consumption to the food sector themselves instead of splitting them among different end-sectors as it is the case
with the general Leontief model. This allowed us to evaluate the importance of food imports with regard of EU's water stress and biodiversity
loss footprint caused in RoW countries.
2.8.2. Integrating carbon, water stress, and biodiversity loss footprints into
the GEP Measurement Framework
In a second application example, we used our database to add carbon, water stress, and land-use related biodiversity loss footprints to
the Green Economy Progress (GEP) Measurement Framework of the
UNEP (PAGE, 2017a; PAGE, 2017b). The GEP dashboard includes
“good” and “bad” indicators, where bad indicators refer to negative environmental impacts. The three considered footprint indicators, carbon,
water stress, and land-use related biodiversity loss, represent “bad” indicators and are supposed to be added to the GEP dashboard according
to the methodology report on GEP (PAGE, 2017b), which was the basis
for our calculations below.
We calculated the carbon, water stress and land-use related biodiversity loss footprint (F) of all 189 countries by the matrix multiplication
of the impact coefﬁcient matrix (D) with the Leontief Inverse (L) and
the ﬁnal demand of each country (Y, 30807 rows and 189 columns)
7
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Fig. 2. Difference of the EU's environmental and socio-economic footprint calculated with the R-MRIO database of this study compared to the same footprints calculated by the tool
developed by Cabernard et al. (2019) based on EXIOBASE3 from 1995 to 2015. Boxplots are reported in addition to individual data points from 1995 to 2015.

Fig. 3. Map of the EU's total A) water stress and B) land-use related biodiversity loss footprint calculated with the R-MRIO database of this study in 2015.
8
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related biodiversity loss footprint, the effect of spatial disaggregation
was particularly high in 2011 (+17% higher in the R-MRIO database
compared to Cabernard et al. (2019), Fig. 2). This was attributed to increased wood imports from countries in RoW Latin America with high
ecosystem value (SI Fig. S5). Conclusively, these results indicate that
the EU sources water and land-intensive commodities from RoW countries with comparably higher water scarcity and ecosystem value. Analyzing the EU's supply chain allows us to identify those countries and
sectors where most of the impacts are caused (Section 3.1.2).

land use footprint were created in RoW regions according to the RMRIO database in 2015. With regard to environmental impacts, the fractions outsourced to RoW regions increase further as a consequence of
the spatial disaggregation: in 2015, half of the EU's water stress footprint and a third of the EU's biodiversity loss footprint was induced in
RoW regions. For water stress, this is almost exclusively attributed to
the spatial disaggregation of water scarce countries in the RoW Middle
East (SI Fig. S4). These countries are highly diverse and include e.g.
Egypt, which is a major food and cotton exporter to the EU (with a
trade agreement) and Iran, which is a major crop producer that was affected by trade restrictions in the past decades (EU, 2020). For land-use
related biodiversity loss, the EU's higher footprint calculated with the RMRIO database is mainly driven by the spatial disaggregation of countries with high ecosystem value in RoW Africa (SI Fig. S4).
For most indicators, the effect of the spatial disaggregation increases
during the investigated timespan (Fig. 2). This is because over the past
two decades the EU's water and land intensive food and wood imports
from RoW countries have increased, meaning the environmental burden displaced to RoW regions has also increased. For the EU's land-use

3.1.2. RoW hotspots in the EU's water stress and biodiversity footprint
supply chain
The R-MRIO database allows to track the supply chain of the EU's
footprint back to each country and sector where the impacts are caused.
All countries affected by the EU's water stress and land-use related biodiversity loss footprints are shown in Fig. 3. Fig. 4 illustrates the supply
chain of the fractions of the EU's water stress and biodiversity loss footprint caused in RoW regions (50% and 33%, respectively), both of which
have signiﬁcantly increased due to the improved resolution. This reveals

Fig. 4. Supply chain of the EU's A) water stress and B) land-use related biodiversity loss footprint (consumption perspective) displaced to RoW countries (production perspective) in 2015.
The supply chain was analyzed with the R-MRIO database. Each bar sums up to 100%, and these 100% refer to the fraction of the EU's footprint caused in RoW countries (50% for water stress
and 33% for land-use related biodiversity loss of the total respective footprints of the EU).
9
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databases, we calculated the land use footprints for all countries (SI
Fig. S6). The average global per-capita land use footprint is similar for
the two databases (6% higher in the R-MRIO database). On the country
level, land use footprints are mostly comparable (SI Fig. S6). For the
RoW countries, per capita footprints are highest for Mongolia,
Kazakhstan, Botswana, Namibia, and Bolivia in both databases (SI
Fig. S6). In contrast, land use footprints are about ﬁve times higher for
Gabon, Congo, the Central African Republic, and Papua New Guinea in
Bjelle et al. (2020) compared to this study (SI Fig. S6). For those 44 countries individually covered by EXIOBASE3, land use footprints are broadly
comparable for all countries except Mexico and Taiwan, where they are
ﬁve times higher in (Bjelle et al., 2020) compared to our work and
EXIOBASE3. This is surprising, because Mexico's domestic accounts are
almost identical in both databases (SI Table S2). This implies that according to Bjelle et al. (2020), Mexico is a very strong net importer of
land use, which is in contrast to previous MRIO databases (EXIOBASE3,
Eora26).
While hotspots on land use footprints are mostly similar for the two
databases, they strongly differ within the R-MRIO database of this study
if local conditions on ecosystem value are taken into account (SI Fig. S6).
For example, within the EU-27, Finland stands out as having the highest
per-capita land use footprint, while concurrently having a comparably
low biodiversity loss footprint. Spain, however, has the opposite pattern, with a high biodiversity loss in combination with a comparably
low land use footprint on a per-capita level (SI Fig. S6). This underlines
again the importance of regionalization for land use to assess biodiversity loss as addressed in this study.
Compared to this study, the MRIO database of Bjelle et al. (2020) has
a higher spatial resolution (214 countries compared to 189 countries),
but the additionally covered countries include almost exclusively
islands with very low population numbers and high data uncertainty
(since data rely on average estimates). Due to the large size of the database and the resulting computational requirements, Bjelle et al. (2020)
did not calculate results using the entire MRIO system as was done in
this study. Instead, Bjelle et al. (2020) used the emissions embodied in
bilateral trade (EEBT) approach to estimate land use footprints. The
main limitation of the EEBT approach is that it does not account for
the intermediate demand of imports that is required to produce exports
by a country. Thus, it is suitable to assess total footprints, but not applicable to assess the total impacts of intermediate sectors (e.g. food) nor
to analyze the supply chain of a region's footprint as illustrated by the
EU's water stress and biodiversity loss footprints in this study (Figs. 3
and 4). The slightly lower resolution of this study's database allows for
a detailed footprint and supply chain analysis of both countries and intermediate sectors using the entire MRIO system.
In contrast to our work, Bjelle et al. (2020) expanded the regional
resolution of EXIOBASE3 by constructing the monetary supply and use
tables of 170 RoW countries. Since supply and use tables were not available for RoW countries, Bjelle et al. (2020) used proxy data in the form
of generic estimates on the coefﬁcients for the supply and use matrices
to construct the database. The main challenge for the practical implementation of such a concept is the computational requirements due to
the enormous size of the database (Bjelle et al., 2020). The procedure
applied in this study represents an automated, transparent, and comparably time-efﬁcient approach to merge the sector and country resolution of two MRIO databases (Sections 2.3 and 2.4), and to further
improve the quality by integrating other data sources (Section 2.5).
This allowed us to extend not only land use data, but also to implement
a set of other environmental and socio-economic indicators.
For the entire assessment, we weighted the values of EXIOBASE3
with country and sector-speciﬁc relative shares derived from Eora26,
FAOSTAT (2019) and previous work (Chaudhary et al., 2016; Pﬁster
and Bayer, 2014; Pﬁster et al., 2011; Pﬁster and Lutter, 2016). Thus,
the total output and the domestic impacts match with EXIOBASE3
(and Cabernard et al. (2019) for the environmental impact categories)
when aggregated back to the 49 regions (SI Methods M2). Solely the

that the effect of the spatial disaggregation on the EU's water stress footprint is almost exclusively attributed to food imports from Egypt
(Figs. 3A and 4A). In 2015, 28% of the EU's total water stress footprint
was caused in Egypt (Fig. 3A). This was mainly attributed to vegetables,
fruits, nuts, wheat and other crops (e.g. cotton) cultivated for the EU's
food supply (Fig. 4A). Germany, France, Italy, the Netherlands and
Spain were responsible for the majority (80%) of the EU's water stress
footprint induced in Egypt (Fig. 4A). The Netherlands in particular had
an especially high reliance on Egypt's agriculture, given that more
than half of their total water stress footprint was generated in Egypt
in 2015.
In addition to Egypt, hotspots include Iran, Pakistan, Morocco, and
Syria (Figs. 3A and 4A). Similar to Egypt, the EU's water stress footprint
caused in Iran was mainly due to the cultivation of vegetables, fruits and
nuts. In Pakistan, most water stress related to the EU's food consumption was attributed to paddy rice and wheat cultivation (Fig. 4A). The
EU's water stress footprint displaced to Morocco was mainly due to
food imports by France and Spain (Fig. 4A).
In contrast to the EU's water stress footprint, which is mainly concentrated in a few countries (Figs. 3A and 4A), the EU's biodiversity
loss footprint is spread across many RoW countries (Figs. 3B and 4B).
Madagascar drives the effect of spatial disaggregation on the EU's increased biodiversity loss footprint for all years except 2011 (SI Fig. S4).
In 2015, 8% of the EU's footprint (Fig. 3B) occurred in Madagascar, and
the majority was due to cattle farming (Fig. 4B). This involves a high
fraction of global species loss due to the extreme endemism of species
in Madagascar. Most of the EU's biodiversity loss footprint caused in
Madagascar was attributed to France's food consumption (Fig. 4B). In
2015, a ﬁfth of France's total land-use related biodiversity loss was
caused in Madagascar, whereby the vast majority was attributed to
meat (mainly cattle) and dairy products.
The supply chain analysis of the EU's footprints caused in RoW countries highlights the importance of food imports for both water stress
(99%, Fig. 4A) and land-use related biodiversity loss (87%, Fig. 4B).
While animal-based products play a minor role for water stress, they
contributed to 43% of the EU's biodiversity loss footprint caused in
RoW countries in 2015 (mainly cattle meat). This includes also the impacts attributed to imported feed for the EU's livestock farming. Besides
food, wood imports used for construction and furniture further contributed to the EU's land-use related biodiversity loss footprint caused in
RoW countries (~13%, Fig. 4B). Increased wood imports from Peru,
Colombia, Venezuela and Bolivia were the major driver of the EU's particularly high biodiversity loss in 2011 (SI Fig. S5).
3.2. Comparison to previous studies, limitations, and future improvements
The EU's water stress footprint induced in Egypt (28%, Fig. 3A) is
considerably higher when compared to Pﬁster and Lutter (2016),
where only 11% of the EU's water stress footprint was caused in the
Nile watershed in Egypt. Pﬁster and Lutter (2016) combined EXIOBASE2
with water stress estimates on a watershed level, but could not differentiate trade patterns within the RoW countries. They assumed a proportional share of impacts for the crop production of each country in the
RoW Middle East. However, in fact there is a higher share of trade
with Egypt (and thus water from the Nile) than e.g. with Iran, which
was accounted for in this study by adding this information from
Eora26 (EU, 2020). While this result highlights the importance of spatial
disaggregation when assessing water stress, the relevance of RoW countries points to the need for future work to further improve the spatial
and sectoral resolution in MRIO databases.
Similar to this study, Bjelle et al. (2020) expanded the regional resolution in EXIOBASE3 to 214 countries while keeping the high and harmonized sector detail to investigate land embodied in trade. In
contrast to our work, Bjelle et al. (2020) further changed the regional
distribution of the land use accounts, with differences of >50% compared to EXIOBASE3 (SI Table S2). For a comparison of the two
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needed when analyzing the results of MRIO results due to the high
data uncertainty (Lenzen et al., 2013; Weber, 2008).
Further work is needed to model value added, as well as its components, such as taxes and compensation of workforce, on a high spatial
and sectoral resolution. This is also important to extend the database
for social LCA. The workforce indicator included here, indicating the
full-time equivalents of employed people, addresses one aspect in social
LCA. However, the workforce accounts were derived only from
EXIOBASE3, since no workforce accounts are indicated by Eora26.
Thus, the uncertainty is high for RoW countries. The integration of country and sector speciﬁc data on workforce (e.g. from the social hotspot
database) is an important step to improve the workforce accounts,
and to add other social aspects, such as the risks to which workforce is
exposed (IRP, 2019; Zimdars et al., 2018).

resolution and the contributions of the disaggregated RoW countries
and sectors change according to the relative shares of the integrated
data. As shown by Lenzen (2011), even a small amount of proxy information on additional geographical detail improves the reliability of an
MRIO database. Since we added the information of 145 individual countries, our developments involve an essential improvement of the
EXIOBASE3 database. The same procedure can be applied to add country
and sector-speciﬁc data from other MRIO databases (e.g. from GTAP) to
further improve the country and sector resolution in an automated and
time-efﬁcient way.
In this study, we focused in particular on water and land use, and the
related impacts. Thus, we integrated additional data on agriculture and
forestry from FAOSTAT (2019) and previous work (Chaudhary et al.,
2016; Pﬁster and Bayer, 2014; Pﬁster et al., 2011; Pﬁster and Lutter,
2016). These improvements are essential, since agriculture and forestry
are responsible for more than 90% of global water stress (almost exclusively due to crops) and land-use related biodiversity loss (agriculture
and forestry) (IRP, 2019). More than a third of these impacts were
caused in the 145 countries aggregated as RoW regions in EXIOBASE3
(calculated with the tool developed by Cabernard et al. (2019)). The approach applied here for biomass sectors should be extended to material
and energy sectors, which are more relevant for climate change and PM
health impacts (IRP, 2019). Also, trade-speciﬁc improvements, such as
scaling the imports and exports by integrating country and sector speciﬁc trade data are further steps to improve the quality of the R-MRIO
database.
For a balanced MRIO database, the total input of each sector and
region should equal its total output (Miller and Blair, 2009). In contrast to Bjelle et al. (2020) and ofﬁcial MRIO databases (EXIOBASE3,
Eora26, GTAP), we did not apply matrix balancing calculations (e.g.
RAS), but balanced the total input by calculating the residual value
added as done for the GRAM database (Giljum et al., Weber, 2008;
Wiebe et al., 2012). When comparing these two approaches, Wiebe
and Lenzen (2016) found differences in the results, but it was not
clear which approach leads to superior results. The simpler solution
applied here has the beneﬁt that it alters the data as little as possible
and keeps the calculation traceable (Giljum et al., Weber, 2008;
Wiebe et al., 2012; Wiebe and Lenzen, 2016). It was further concluded that the level of detail and the reliability of the underlying
raw data have a higher inﬂuence on the results than the balancing
approach (Geschke et al., 2014; Wiebe and Lenzen, 2016). This highlights the need for caution when analyzing the results of RoW countries with high data uncertainty as well as the importance of
improving data quality in these countries (Lenzen et al., 2013;
Weber, 2008).
While our approach allows for analyzing environmental and social
footprints such as workforce (with caution for RoW countries with
high data uncertainty), it is not suitable for analyzing footprints of
value added. This is reﬂected by stronger inconsistencies between the
modelled domestic value added and the GDP from ofﬁcial statistics for
several RoW countries when comparing the R-MRIO database to
Eora26 (particularly for Paraguay, Belarus, Zimbabwe, and Lesotho, SI
Fig. S7). Additionally, our approach leads to negative value added,
which makes sense if a sector is subsidized, but which occurs more
often in the R-MRIO database compared to EXIOBASE3 and Eora26 as
a consequence of the merging process (SI Figs. S8–S9). It mostly affects
RoW countries and islands with small population number as well as a
few RoW countries with higher population number but low income,
which underly high data uncertainty (e.g. Bangladesh and Tanzania,
Fig. S9). Within these countries, it mainly affects sectors that contribute
to a minor fraction of the domestic GDP (SI Fig. S10). Overall, all sectorcountry combinations with negative value added contribute to less than
1% of global GDP (SI Fig. S9). This suggests that our approach is appropriate for calculating environmental and social footprints such as workforce (but not value added), which is the focus of this study. However,
for RoW countries with low population number or income, caution is

3.3. Green Economy Progress (GEP)
In a second example, we use the R-MRIO database to add the new indicators for carbon, water stress, and land-use related biodiversity loss
footprints to the GEP dashboard. These indicators are presented in
Fig. 5 and in the SI with a table on the intermediate results needed to
calculate the indicator (SI_GEP_results.xlsx). It shows that most countries did not achieve the target improvement (i.e. P ≥ 1) for any of the
three footprints. Overall, only Zimbabwe, Albania, North Macedonia,
and North Korea have reached their target for all three footprints. It is
necessary to note, however, that these countries have low robustness
in the database, since they are economically of small importance and
not separately covered in EXIOBASE3.
In total 40, 11, and 17 countries reached the target for carbon, water
stress, and biodiversity loss progress, respectively. The relatively large
number of countries reaching the target for the carbon footprint is
mainly driven by the medium HDI countries. This is because the target
was set to only 0.99*y0, since the overall threshold and reference progress would have allowed for an increase of the footprint for most of the
medium HDI countries. This means that the target for these countries
envisages an unambitious reduction (e.g. for India and South Africa) of
only 1% from the average level of 2000 to 2005. Thus, future work
should reassess and reset the target for these countries in a reasonably
ambitious way.
For 48, 69, and 117 countries, the targets for carbon, water stress and
biodiversity loss, respectively, were not met despite decreasing percapita footprints (i.e. 0 < P < 1). In total, 100, 108, and 54 countries
had a negative result (i.e. P < 0) for carbon, water stress, and biodiversity loss, respectively, meaning per-capita footprints have increased.
Since increasing footprints means not meeting the GEP target, this implies that the target setting was less important for these countries
with regard to carbon and water (PAGE, 2017a). In contrast, biodiversity
loss footprints have decreased for most countries, indicating that the
target setting was more important for biodiversity loss and thus potential absolute thresholds should be reassessed in future research. However, the decrease in biodiversity loss must be considered critically,
since these data underly a high uncertainty. In EXIOBASE3, global impacts have increased over the past decades for carbon and water, but decreased for land after 2011 (since data from 2012 to 2015 were nowcasted in EXIOBASE3) (Cabernard et al., 2019; Wood et al., 2018).
These trends are in accordance with previous studies for carbon and
water, but differ for land, where other studies also showed an increasing
trend (UNEP, 2016). This suggests high uncertainty in the results on
temporal trends for land use and related biodiversity losses, and points
to the necessity of future work that improves the data quality for land
use time series.
Although many high-income countries show decreasing environmental per-capita footprints, the reductions were below the target for
most countries. In contrast, many less economically developed countries show increasing environmental footprints. To some degree, these
trends are in line with the Environmental Kuznets Curve hypothesis
11
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Fig. 5. Progress indicator for each country of carbon, water stress and land-use related biodiversity loss footprints. Green countries achieved their target (progress >1).

emissions have increased dramatically over the last few decades due
to rapid economic growth, but may peak within the next few years
(Wang et al., 2019). However, increasing environmental pressures are
anticipated particularly for India, other developing Asian countries,

(Grossman and Krueger, 1991). The Environmental Kuznets Curve
posits that as countries develop, their environmental pressures increase
to a certain point after which environmental degradation starts to decrease again due to technical improvements. For instance, in China,
12
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Supplementary data to this article can be found online at https://doi.
org/10.1016/j.scitotenv.2020.142587.

and sub-Saharan-Africa. Together with the strong population growth
anticipated for these regions, environmental impacts will heavily increase and planetary boundaries will be far exceeded. Thus, improved
environmental policies and an overall change in the consumption behavior are crucial for all countries (Wiedmann et al., 2020).
In this study, we added environmental footprint indicators to the
GEP framework, which was previously limited to production-based accounting. The importance of this extension is highlighted by the results
presented for the EU, which showed that a signiﬁcant fraction of the
EU's environmental footprints is induced abroad (Section 3.1). Although
the GEP framework now allows to measure environmental progress in
comparison to country-speciﬁc target footprints, it lacks information regarding environmental justice. For example, the GEP indicator paints a
broad picture of progressing higher-income countries and regressing
lower-income countries, but conceals the fact that higher-income countries continue to have several times higher per-capita footprints when
compared to lower-income regions. In addition, the GEP framework
does not provide any information on the driving forces behind green
economy progress, such as knowledge of global value chains. This is
also important in the context of environmental justice, since many
high-income countries displace a considerable fraction of their footprint
to lower-income regions, as shown here for the EU (Section 3.1). This
highlights the importance for improved supply chain management, especially for high-income regions. Information on the environmental impacts of global value chains are crucial to develop efﬁcient strategies for
improved supply chain management and is to some extent available
through the database provided here.
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4. Conclusions and outlook
This work provides an as of yet unavailable highly resolved MRIO database with harmonized sector and country resolution, and a set of environmental and socio-economic extensions, over a time series from
1995 and 2015. We improved the resolution of those sectors that are
most relevant regarding water and land use. For the ﬁrst time, this allows to assess water stress and land-use related biodiversity footprints
in high spatial and sectoral detail. The importance of these improvements is highlighted by the presented results, which showed a signiﬁcant increase in the EU's water stress and biodiversity loss footprint
induced in RoW countries as a consequence of the spatial disaggregation and implemented regionalized assessment.
The method applied here represents an automated, transparent, and
comparably time-efﬁcient approach to add information on an existing
MRIO database. It can be easily extended to add information from
other MRIO databases (e.g. GTAP) and other data sources to further improve the data quality and indicator coverage. This is particularly important to improve the data quality for RoW countries and the temporal
trends of land-use related biodiversity loss. The development of detailed
bottom-up MRIO databases should be considered to further improve the
spatial and sectoral resolution. Future work is also needed to extend the
database for social LCA, such as by modelling value added appropriately
and adding further socio-economic indicators.
The database of this study for the ﬁrst time allows to address different aspects of sustainability on a high country and sector resolution.
This provides the necessary data to apply environmental footprints to
the GEP framework. The GEP analysis showed that, although sometimes
going into the right direction, most countries did not achieve their environmental target. In addition, many countries that anticipate strong future population growth show increasing environmental footprints. This
distinctly highlights that more action is needed to move towards a
greener economy from a global perspective. Moving towards this direction requires knowledge not only on the progress of a country as indicated by the GEP dashboard, but also on the drivers behind it. The
database attached to this study provides detailed information on the environmental impacts of global value chains, which can help to identify
these drivers, and thus to plan strategies for a greener economy.

Associated content
The MATLAB code to resolve the database and the entire R-MRIO database is available here: https://doi.org/10.5281/zenodo.3993659 and
https://doi.org/10.5281/zenodo.3994795.
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