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The terms bioeconomy and bio-based economy refer to one of the recently most prominent
political-economic concepts in Europe addressing ecological objectives. Measuring
bioeconomic progresses is vital for future socioeconomic and political decisions. Previous
studies on the state of bioeconomy were based on an initial decision, what bioeconomy is, i.e.
which sectors of an economy are considered as bioeconomic. However, this contradicts the
fact, that sectoral prioritization within bioeconomy strategies around the world differ
considerably. In order to overcome the problem of a lacking definition of bioeconomy we
suggest to monitor the potential outcome of a bioeconomic transition instead, which is first
and foremost a reduction in fossil resources dependency. As a first step towards a material-
based indicator, extraction of fossil resources and biomass embodied in the consumption
patterns of a broad set of countries is calculated, employing the World Input-Output
Database (WIOD). Additionally, the same indicators derived from a different data source
(EORA Footprint Summary) are compiled and compared to the WIOD results. Our results
show a correlation between the databases of 0.95 for fossil and 0.99 for biomass raw material
consumption. Relative disagreement tends to be lower for larger economies (USA, China,
Brazil and India). However, for smaller countries and some outliers (Japan, Australia, Russia
and Korea), divergences may be substantial. Based on these findings we draw conclusions on
the possibility to test, to which extent these inconsistencies influence regression-based
explanations of raw material consumption, in order to disclose their implications for a
material-based indicator of bioeconomic transition.
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1 Introduction

The terms “bioeconomy” and “bio-based economy” are currently referring to one of the most
prominent political-economic concepts in Europe focusing on ecological aspects i.e. climate
change mitigation and reducing environmental impacts (European Commission, 2012).
Furthermore, a bio-based economy is intended to have socioeconomic benefits such as
fostering economies’ competitiveness, meeting rising demand and counteract resource
depletion (ibid.). Measuring and monitoring the state of bioeconomic developments is
important for future social, political and economic decisions. Within a DPSIR framework for
the bioeconomy, O’Brien et al. (2015) identified production and consumption patterns as the
drivers of environmental impacts such as climate change, soil quality depletion and
biodiversity loss. In order to investigate these patterns, the authors presented three indicator
types, categorized into 1) economic basic data, 2) monitoring of resource use and 3) economic
modelling. The first indicator category contains data on turnover, contribution to gross



domestic product, employment, potential for innovation, production and consumption, added
value and trade balance of bioeconomy. An example for the use of this indicator class can be
found in Ronzon et al. (2017). The second class consists of data on global material footprints
including water resources as well as on environmental and social consequences of resource
related to bioeconomy (e.g. Budzinski et al., 2017). The third class encompasses indicators
derived from economic modelling such as CGE and PE models, aiming at estimations on
sustainability of bioeconomy, inter alia. All three indicators classes rely on a decision, what
bioeconomy is, i.e. which sectors of an economy are considered as bioeconomic.

However, Priefer et al. (2017) found, that corresponding prioritization within bioeconomy
strategies around the world differ. Some countries rather focus on traditional biomass
producing and transforming sectors (e.g. forestry sector, pulp and paper industry) while others
concentrate on high-tech industry (e.g. chemical and pharmaceutical industry). Such
divergences have been identified by earlier studies as well (Pulzl et al., 2014; Beermann et al.,
2015; FAO, 2016). Additionally, taking the recent literature on bioeconomy into account,
Priefer et al. pointed out an ongoing controversy over possible pathways of bioeconomic
transitions and shed light on different areas of criticism (strongly technology-oriented focus or
inadequate stakeholder integration). Hence, a comprehensive and at the same time precise
definition of bioeconomy does not exist at present. On the contrary, the authors recognized a
broad consensus across bioeconomy strategies with regard to possible outcomes of a
bioeconomic transition, which is, first and foremost, a reduction in fossil resources
dependency facilitated by an increased use of biogenic resources. Besides, the authors
identified further outcomes such as global warming mitigation or creation of jobs in rural
areas, which we interpret as secondary effects resulting from the stated shift in raw material
use.

From this perspective, the question of bioeconomic transition is fundamentally centered
around the interacting uses of fossil resources on one hand and biomass on the other hand
within socio-technical systems. Bioeconomy-related literature often takes a production-based
perspective and deals with the technical and economic challenges of innovative bio-based
applications (for an overview see Priefer et al., 2017) or with the environmental implications
of such innovations on the level of the individual product along its lifecycle (see e.g.
Krzyzaniak et al., 2018). At the same time, it is obvious that improvements in production
efficiency alone are not sufficient to substantially reduce environmental impacts, e.g. to
achieve CO, emission reduction targets. According to Pothen (2017), increased production
efficiency reduced global consumption of raw materials by 7% between 1995 and 2008, while
in the same period rising demand overcompensated the savings by a factor of seven. Thus
considering the realm of consumption an integral part of bioeconomy and of economy in
general, we adopt a demand-driven view and seek to investigate patterns of direct and indirect
consumption of fossil resources and biomass across countries as a first step towards a
material-based indicator of bioeconomic transition. Due to its outcome-orientation, the
indicator’s comparability across countries would not be negatively affected by the diversity of
bioeconomy definitions in national bioeconomy strategies.

As socio-technical transitions are linked to a variety of technological, organizational, political
and economic dimensions (Markard et al., 2012), a useful indicator of bioeconomic transition
takes varying country-specific conditions into account and reflects alterations of raw material



consumption patterns across space and time in the light of related changes. Economic growth,
affluence or final demand, for example, are broadly discussed as key determinants of material
use (e.g. Bithas and Kalimeris, 2017, Eisenmenger et al., 2016, Hatfield-Dodds et al., 2017,
Krausmann et al., 2009, Pothen, 2017, Schaffartzik et al., 2015, Schandl and Turner, 2009,
Shao et al., 2017, Wood et al., 2009). In this context, fossil resource use was found to have a
stronger GDP elasticity than biomass (Steinberger et al., 2010, Wiedmann et al., 2015),
suggesting, that GDP levels influence the composition of raw material consumption.
Wiedmann et al. (2015) introduced further variables and demonstrated that GDP per capita,
domestic extraction per capita and population density together explain 46-65% of per-capita
biomass consumption variation across countries (77% for fossil resources consumption) in
2008. Besides, consumption of energy from other than combustion and metabolic processes,
geographical zone/latitude and land cover may play a role, but also urbanization, inequality,
political and demographic structures, regulatory and cultural norms (see Markard et al., 2012),
which will be the subject of further work.

In the present conference paper though, we limit our focus to the fundament of a material-
based indicator, which is the data describing the direct and indirect raw material consumption
(RMC) of fossil and biomass resources by countries. As a consequence of globally
interdependent trade flows, calculation of RMC is not trivial. Eisenmenger et al. (2016)
showed for Austria, that RMC results may differ greatly depending on approaches and data
sources used. The phenomenon of diverging indicators originating from different data sources
is also known in the context of climate research (see e.g. Moran and Wood, 2014; Owen et al.,
2014; Wieland et al., 2018). Hence, the aim of this study — using methods from the fields of
ecological economics and economic geography — is to

= calculate and compare fossil and biomass RMC results derived from two different and
independently constructed data sources (WIOD and EORA);
= include a broad set of countries to reveal possible patterns of agreement and
disagreement across countries;
= cover a time period instead of a single year to compare temporal dynamics of time
series resulting from both data sources;
= conclude on inconsistencies between WIOD and EORA results and on the possibility to
test, to what extent these inconsistencies influence regression-based explanations of RMC,
in order to disclose their implications for a material-based indicator of bioeconomic
transition.

2  Methods

Multi-regional input-output analysis is a useful tool for allocating uneven distributed
environmental and socioeconomic impacts to final consumption of regions (Wiedmann et al.,
2011). Recently, environmentally extended multi-regional input-output analyses (EEMRIO)
for consumption-based allocation of raw materials extraction have been conducted (e.g.
Bruckner et al., 2012; Schoer et al., 2013; Giljum et al., 2015; Wiedmann et al., 2015;
Eisenmenger et al., 2016; Budzinski et al., 2017; Pothen, 2017). The approach facilitates the
quantification of raw materials directly and indirectly embodied in final consumption of a
country. In literature, the corresponding indicator is called raw material consumption (RMC,;
e.g. Eisenmenger et al., 2016) or material footprint (MF; e.g. Wiedmann et al., 2015). Input-



output modelling is based on information on monetary flows between the sectors of an
economy (domestic interindustry exchanges) and from domestic final consumption to
domestic industry (Miller and Blair, 2009). Exports and imports are considered by including
flows from and to a rest of the world (ROW) aggregate. Multi-regionality is introduced by
disaggregating ROW, allowing to trace monetary flows not only within the domestic
economy, but within and across all regions included. Environmentally extending these input-
output relations by a biophysical quantity layer (e.g. global raw material extraction or CO,
emissions), the individual contribution of each region’s final consumption to the impact
investigated is assessed. While EEMRIO for calculating RMC and related indicators is the
most advanced approach in terms of depicting global monetary interindustry flows, also
single-region input-output variants are possible (Schaffartzik et al., 2014). These applications
often rely on additional data from life cycle inventories in order to compensate for the black
box nature of ROW.

In order to calculate RMC, we use an EEMRIO model together with domestic material
extraction quantities in mass units (DE) as environmental extension, which result from
economy-wide material flow accounting (EW-MFA). EW-MFA describes the interaction of
economies with their natural environment and the rest of the world via a quantification of
domestic raw material extraction, material trade flows as well as domestic waste and emission
outputs. For the purpose of this study, only data on domestic raw material extraction (DE) is
used, omitting other dimensions of EW-MFA. On its top level, the framework consists of the
four main material categories biomass, metal ores, non-metallic minerals and fossil energy
carriers. Usually, EW-MFA applications make use of secondary data obtained from national
and international providers of data, combined with estimates for material sub-categories not
covered (e.g. grazing biomass). In 2007, Eurostat released a compilation guide for economy-
wide material flow accounting (EW-MFA), which has been revised several times to the
version of 2013 (Eurostat, 2013).

Formally, RMC is calculated according the standard EEMRIO model, as for example
described by Moran and Wood (2014), Pothen (2017), Schaffartzik et al. (2014) and Schoer et
al. (2012). In this model', Z is a square matrix representing intersectoral monetary flows
within and across economies, while monetary flows from final consumption to the sectors are
represented by Y. The sectorwise gross output is denoted by vector x = Zj + Yj, where j is a
column vector of ones. Derived from Z, the input coefficient matrix A = Z&~* describes the
sectorwise inputs necessary to produce one unit of output of that sector in monetary terms.
The environmental extension data is stored in E, which quantifies the amount of raw materials
extracted from the domestic environment (DE) by each primary sector in mass units. The
amount of materials extracted and normalized by gross output is represented by F = EX 1.
Given these variables, raw material extraction embodied in consumption can be calculated by
applying the EEMRIO standard model, M = F(I — A)~'Y, where I is an identity matrix. After
calculations according to this model, we aggregated the different final consumption classes
(e.g. consumption expenditure by households or governments) country-by-country as well as
the sub-types of raw materials (e.g. biomass feed and biomass food).

! Matrices are referred to by upper case bold letters, vectors by lower case bold letters. I denotes an identity matrix, j a vector of ones. The
“hat” operator produces a diagonal matrix from a vector.



3 Data sources

3.1 World Input-Output Database

The World Input-Output Database (WIOD) (Dietzenbacher et al., 2013; Timmer et al., 2015)
offers multi-regional input-output tables (IOTs) covering the period between 1995 and 2009
in its 2013 release. The database includes the EU-27 member countries and 13 other major
economies, together accounting for 85% of the world GDP. Additionally, a rest of world
(ROW) country group is incorporated. Economies are disaggregated to a 35 sectors level in
the industry-by-industry format. All flows are expressed in current basic prices. The
construction of the 10Ts has been based on national Supply and Use Tables (SUTs), on data
on international trade, e.g. from the United Nations (UN) Comtrade or from the International
Monetary Fund (IMF) trade statistics as well as on OECD and UN National Accounts data
(Timmer et al., 2015). Since WIOD was intended to provide time series data, estimates had to
be made for countries and years in which no SUTs were available. For this purpose, data from
national accounts statistics on outputs, value added, imports, exports and final consumption
have been used as constraints, while the intersectoral flows were estimated using an iterative
balancing technique (SUT-RAS). Furthermore, harmonization of different levels of detail
between the national SUTSs including aggregation and in some cases disaggregation of data
was conducted. Some proportionality assumptions concerning allocation of import flows to
different use categories were introduced. In the step of transforming SUTs into IOTs the so-
called fixed product sales structure assumption was applied (Dietzenbacher et al., 2013).

Data for material extension was taken from the Global Material Flow database compiled and
maintained by SERI, the Wuppertal Institute, the Institute for Energy and Environmental
Research, and the Vienna University of Economics and Business (Genty et al., 2012). The
database complies with the nomenclature and accounting principles outlined in Eurostat
(2013). It contains data on used an unused extraction of biomass, fossil resources, industrial
and construction minerals, and ores in mass units sourced from the Food and Agriculture
Organization of the United Nations (FAQ), the International Energy Agency (IEA), the
United States Geological Survey (USGS) and other organizations. Unused extraction refers to
extraction not further processed, e.g. harvest residuals or overburden for mining activities
(Lutter et al., 2016). In accordance with literature on raw material consumption (Eisenmenger
et al., 2016, Wiedmann et al., 2015), only domestic extraction used is considered in the
current work. As bioeconomy is interconnected only with the use of biomass and fossil
resources, the results section excludes other material categories. The biomass category covers
agriculturally harvested biomass, e.g. crop production and by-products, grazing, forestry,
hunting and other biomass (e.g. fibers), transformed to a standardized water content of 15%.
Fossil resources include anthracite, coking coal, other bituminous coal, sub-bituminous coal,
lignite, crude oil, natural gas, natural gas liquids, peat for energy use, oil shale and oil sands,
and other hydrocarbons. For more detailed information see Lutter et al. (2016).

3.2 EORA Input-Output Database

The following section briefly discusses the EORA database and its material extension. This
should not hide the fact that the calculation of the EORA-based RMC dataset used for
comparison purposes in this study is not our own work. Instead, we use a footprint summary
dataset provided on the EORA website.



The EORA database (Lenzen et al., 2012; Lenzen et al., 2013) delivers input-output data for
the period 19902015 and 187 countries, which is close to global coverage. In its full version,
aggregation levels of sectors (or products) differ across countries and range from 25 up to
approximately 500. Principal data sources were the national statistical offices, Eurostat, the
Institute of Developing Economies Japan External Trade Organization (IDE-JETRO), the
OECD, the UN National Accounts as well as UN Comtrade and UN Servicetrade. While
different valuation layers are provided in EORA (e.g. trade and transport margins or taxes),
physical extension data is limited to be used with the basic price layer. Hence, for
environmentally extended applications, WIOD and EORA share the same price concept as a
measure of monetary flows. Compared to the construction of the WIOD however, the
methodology used for building EORA differed fundamentally. In contrast to WIOD, the
EORA initiative made direct use of I0Ts from national statistical offices. Lenzen et al.
assumed superiority of knowledge of local statisticians and thus avoided data transformation
whenever possible. As a consequence of the direct use of national 10Ts, no conversion from
SUTs was required in these cases, indicating that sales and technology structure assumptions
— implicitly embedded in the national I0Ts — have been adopted unchanged. Multi-regional
IOTs were created in a multi-stage process based on national 10Ts and national SUTs. Firstly,
an initial estimate of the year 2000 multi-regional 10T was generated and reconciled with the
constraints of this year. Initial estimates for subsequent years were derived by scaling prior
solutions with inter-year ratios of GDP, exports, imports and value added. Secondly, based on
these estimates and constraints data, multi-regional 10Ts were obtained by large-scale
optimization and iterative balancing techniques (e.g. KRAS).

Material extension data was taken from the Global Material Flow Database published by the
Commonwealth Scientific and Industrial Research Organisation, Australia (CSIRO) and
linked to the input-output data (see SI Text in Wiedmann et al., 2015)%. Schandl and West
(2010) outlined the foundations of the database in a study focusing on the Asia-Pacific region.
Principally, data compilation was conducted in accordance with a predecessing version
(Eurostat, 2007) of the accounting methods sketched in Eurostat (2013). Due to a distinction
between industrial and construction minerals, the authors used five instead of the usual four
material categories. Key data sources were the FAO, UN Production Statistics, UN Comtrade,
and the IEA. Biomass flows represented by the database cover harvest of primary crops, crop
residues, grazed biomass, and wood in mass units. While the majority of data was sourced
from FAO, crop residues were calculated based on harvest factors and recovery rates from the
literature. Grazing was estimated via theoretical feed energy requirements minus energy
stemming from use of fodder crops. Again, conversion factors were applied to standardize
water contents to 15%. To calculate tonnages of coniferous and non-coniferous wood,
densities provided in Eurostat (2007) were adopted. Data for fossil energy carriers were
acquired from the IEA, with only minor transformations. Due to limited relevance of the other
material categories for the present study, they are not described here; for further information
see Schandl and West (2010). The publication does not provide information about
compilation of unused material flows.

2 The footprint summary dataset provided on the EORA website does not include references to technical documentation. We assume that
detail information on methodology and data given in the SI Text in Wiedmann et al. (2015) also holds true for this dataset, particularly as
they refer to the EORA website for additional results on raw material consumption.



4 Results and Discussion

Figure 1 represents the correlation between annual fossil and biomass RMC results derived
from WIOD and EORA across countries and years. Since the two databases are employed to
measure the same indicators in the present application, they ideally should show identical
results for each year and country. Nevertheless, due to differences in the construction process
of the databases, disagreement may occur. Despite of a coefficient of determination of 0.95 or
higher, disagreement between databases are pronounced in some cases. The largest relative
distances to the inter-model mean (mean between WIOD and EORA regarding a given
country and year) are 0.7 for fossil RMC results and 0.5 for biomass. Generally, results for
biomass RMC display better convergence. Unsurprisingly and therefore not represented
graphically, (temporal) within variance is clearly smaller than between variance across
countries.
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Figure 1: Annual fossil and biomass raw material consumption (RMC) according WIOD (y-axis) and EORA (x-axis) in thousands of metric
tons. Data refer to the period between 1995 and 2008 and cover the 40 WIOD countries except the Rest of World (ROW) region with a total
of 560 observations.

[Continued on page 8]
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Figure 2: Relative distance from annual inter-model mean (WIOD, EORA) (y-axis) by annual inter-model mean (x-axis) in terms of fossil
(left-hand) and biomass (right-hand) raw material consumption (RMC) in thousands of metric tons. Data refer to the period between 1995
and 2008 and cover the 40 WIOD countries except the Rest of World (ROW) region with a total of 1120 observations.

If the relative distances between the annual inter-model mean and the corresponding values in
WIOD/EORA are plotted against the inter-model mean, a funnel-shaped pattern emerges
(Figure 2). The bulk of data points displaying high disagreement is clustered around an inter-
model mean near zero, while the distances tend to decrease with an increasing inter-model
mean. Approximately, the larger a country in terms of RMC is, the less disagreement exists
between the model’s RMC results, for both, fossil and biomass RMC. Thus, distances in
absolute terms are not proportionally related to country size. Relative disagreement is
particularly low for countries with an annual RMC above 10° t (which is the case for biomass
RMC of USA, China, Brazil and India; fossil RMC of USA and China).

An interesting outlier is Japan’s fossil RMC (cluster of single-year data points marked in
Figure 2), which is outside the funnel shape. Across the entire period investigated, the
corresponding EORA values are 1.5 to 2 times the values derived from WIOD. Interestingly,
there are also above-average discrepancies for Japan’s biomass RMC, although less
noticeable (EORA values 1.2 to 1.7 times the WIOD values). Nonetheless, the unusual
inconsistencies within both material types seem to indicate a common cause. As a second
outlier, we identified the biomass RMC results for Australia, where EORA values are 0.3 to
0.5 times the values of WIOD. In this case, fossil RMC values are not affected. Furthermore,
the fossil RMC values of Russia lie outside the funnel shape (EORA values 0.2 to 0.5 times
the WIOD values) with biomass RMC results not being concerned. Finally, we identified a
single data point located outside, which stands for the fossil RMC of Korea in 1997. Here, the
EORA value is 4.3 times the WIOD value, which is also significantly higher than the EORA
values of other years. All exceptions mentioned are marked in Figure 2 and/or represented as
time series in Figure 5 and Figure 6. While the identification of reasons for individual cases of
unusually high disagreement would go beyond the scope of this study, the occurrences must
be kept in mind when it comes to statistical modelling.
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Figure 3: Comparison of time series convergence between WIOD and EORA regarding fossil and biomass raw material consumption (RMC)
in thousands of metric tons (left-hand USA, right-hand China).
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Figure 4: Comparison of time series convergence between WIOD and EORA regarding fossil and biomass raw material consumption (RMC)
in thousands of metric tons (left-hand Brazil, right-hand India).

Figure 3 and Figure 4 display the fossil and biomass RMC convergence between WIOD and
EORA for the largest economies in terms of their biomass RMC. According to the inter-
model mean, USA, China, Brazil and India together account for about 43% of global biomass
and 42% of global fossil RMC. WIOD and EORA exhibit a decent convergence for these
countries regarding fossil and biomass RMC. The time series show low volatility and smooth
behavior over years, which we interpret as an indication of high model robustness.
Contentwise, the figures illustrate increases in RMC in all countries except USA, where a
turnaround has been evident since 2006. Counter-tendencies between fossil and biomass
RMC cannot be recognized, but rather an aligned behavior in most cases. Large country-
specific differences are present regarding the ratio of fossil and biomass RMC. As the only
one of the four economies, fossil RMC in the USA is above biomass RMC. In China, fossil
RMC increased faster than biomass RMC since 2000, approximating its RMC composition
that of highly industrialized countries. The opposite is true for Brazil, where biomass RMC
accelerated faster from around 2000 onwards. Brazil and India show a significantly lower



fossil RMC share than the USA and China.

Figure 5 and Figure 6 represent time series of the most important outliers and are therefore
not interpreted contentwise. Instead, they are intended to shed light on the differences
between WIOD and EORA results across time. In the case of Japan, WIOD and EORA results
differ substantially for both, fossil and biomass RMC. In terms of their temporal dynamics the
corresponding time series are partly similar. For Russia, WIOD derived fossil RMC is highly
above EORA and, in contrast to Japan, the disagreement is time-variant. The Russian biomass
RMC results demonstrate good convergence. In the case of Australia, biomass RMC values
from WIOD are considerably higher than those from EORA. As for Japan, partial
comparability is given in terms of temporal behavior. Recalling that smaller countries tend to
feature worse convergences, the disparity between the Australian fossil RMC time series is in
a usual range. Finally, the Korean fossil RMC time series includes a single data point in 1997,
which is highly implausible in its context. The overall disagreement between the two fossil
RMC time series is at the upper bound of the usual divergence range at this country size in
terms of RMC. The Korean results related to biomass RMC are concordant.
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Figure 5: Comparison of time series convergence between WIOD and EORA regarding fossil and biomass raw material consumption (RMC)
in thousands of metric tons (left-hand Japan, right-hand Russia).
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Figure 6: Comparison of time series convergence between WIOD and EORA regarding fossil and biomass raw material consumption (RMC)
in thousands of metric tons (left-hand Australia, right-hand Korea).

Research on the causes of divergences in results from different input-output databases is
currently going on. Moran and Wood (2014) investigated whether WIOD, EORA, and two
other independently constructed MRIO databases converge when resulting carbon footprints
are compared. They found that disagree between databases is typically lower than 10% for
major economies if harmonized environmental extension data is used. Hence, despite of a
range of different aggregation levels across the databases investigated, results tended to be
similar suggesting that increased detail due to lower aggregation does not necessarily lead to
better results. Furthermore, the authors discovered a relation between convergence and
country size expressed in GDP or carbon emissions. In accordance with Moran and Wood, the
results of this study present high convergence for large economies in terms of RMC. Given
the complexity of constructing multi-regional input-output tables as well as the underlying
differences between WIOD and EORA regarding assumptions, data sources and techniques
(see section 3), the high convergence level is remarkable, particularly when focusing on the
similarity of temporal dynamics. However, for smaller countries and some outliers discussed
above, disagreement can be substantial. Owen et al. (2014) developed a structural
decomposition-based method to attribute inter-model differences in results to the single
components of an EEMRIO, namely to the input coefficient matrix (or to the Leontief inverse
matrix), to final demand and to environmental extension data. Comparing WIOD and EORA
using CO, emission data as extension, the authors found diverging results being caused by
both, differences in the Leontief inverse and in final demand. Wieland et al. (2018)
complemented existing approaches to assess inter-model differences by the so called
structural production layer decomposition. Comparing WIOD and EORA (among other
databases) they discovered domestic trade flows to be larger contributors to result variation
than foreign trade flows. Hence, according to the findings of Owen et al. and Wieland et al., a
first starting point for addressing the severe disagree in RMC results of Japan, Australia and
Russia might be a comparison of their domestic inter-sectoral trade flows and their flows
towards domestic final consumption across models. Due to the rather small temporal variance
shown by the current analysis, such an investigation could be conducted focusing on a single
year, reducing the involved datasets to a manageable size. This could unveil the “numerical
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cause” of divergence and possibly help to answer the question, why WIOD and EORA differ
particularly strongly in these cases.

While research on the causes of deviating results derived from different input-output
databases continues, our further work is concerned with the question, to what extent these
inconsistencies influence regression-based explanations of RMC, in order to disclose their
implications for a material-based indicator of bioeconomic transition.

5 Conclusions and Outlook

In order to measure and monitor progress towards bioeconomy, we propose to establish a
material-based indicator. In this study we present a comparison of fossil and biomass raw
material consumption (RMC) results derived from two independently constructed data
sources (WIOD and EORA). As our results suggest, the principal convergence between
WIOD and EORA regarding fossil and biomass RMC results is high enough to test, if inter-
model differences have an appreciable impact on subsequent regression-based explanations of
fossil and biomass RMC. Nonetheless, divergences may be high in some cases, which implies
that individual absolute data points referring to a particular year and country should be
interpreted with care. Taking advantage of an identified positive relation between
convergence and country size, the sample needed for this task could be limited to large
economies, hereby improving convergence of input data while keeping sample coverage
losses as low as possible. In order to pursue the opportunity of a material-based indicator of
bioeconomic transition further, we will construct two independent regression models, one
using WIOD, the other EORA based RMC data as input. Drawing on explanatory variables
such as population, affluence, consumption of energy from other than combustion and
metabolic processes, domestic extraction of fossil resources, geographical zone/latitude and
land cover, urbanization, and, if possible, on inequality, political and demographic structures,
regulatory and cultural norms we will work on the following research questions.

= To which extent do inter-model differences (WIOD/EORA) in fossil and biomass RMC
lead to differences in subsequent regression models?
= To which extent are the regression residuals sensitive to model choice (WIOD/EORA)?

We hypothesize that differences between the two regression models will be limited despite of
disagreement in input data. On the other hand, we expect some countries not to be satisfactory
explained by the models, as was the case in earlier studies. In this situation, a reasonably clear
need — supported by two independent data sets — is demonstrated for a deeper investigation of
the consumption patterns and drivers of the countries in question, which will help shaping a
material-based indicator of bioeconomic transition.
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