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Abstract
Global multiregional input-output (MRIO) tables constitute detailed accounts of the economic activity worldwide. Global trade models based on MRIO tables are being used to calculate important economic and environmental indicators such as value added in trade or the carbon footprint of nations. Such applications are highly relevant in international trade and climate policy negotiations, and consequently MRIO model results are being scrutinized for their accuracy and reproducibility. We investigate the variation in results from three major MRIO databases by comparing underlying economic data and territorial and consumption-based results across databases. Although global value added accounts were similar across databases, we find some significant differences at the level of individual countries and sectors. Model disagreement was relatively stable from the territorial to the consumption perspective. Pairwise matrix comparison statistics indicated that the GTAP and WIOD MRIO tables were overall more similar to each other than either was to the Eora database.
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1. Introduction
Considerable progress has been made in recent years in calculating the extent to which various production factors and social or environmental externalities are embodied in international trade flows. As part of the globalization process, the production of goods and services is increasingly separated from their consumption, with supply chains often spanning multiple countries. In most cases, global multiregional input-output (MRIO) models are used to create macro-level accounts of factor use from the consumption perspective, as these models are capable of tracking the monetary flows of goods and services between nations as well as the production factors embodied in these flows. Example applications include value added in trade (Bridgman, 2012; Johnson and Noguera, 2012; Foster-McGregor and Stehrer, 2013; Kelly and La Cava, 2013; Michel, 2013; Auer and Mehrotra, 2014; Baldwin and Robert-Nicoud, 2014; Suder et al., 2014; Koopman et al., 2014; Timmer et al., 2014) or the environmental (Hertwich and Peters, 2009; Galli et al., 2012; Steen-Olsen et al., 2012; Weinzettel et al., 2013; Wiedmann et al., 2013; Hoekstra and Wiedmann, 2014; Tukker et al., 2014) or social (Alsamawi et al., 2014; Simas et al., 2014a; Simas et al., 2014b) footprints of nations.
A number of global MRIO databases have been developed recently (Wiedmann, 2009; Wiedmann et al., 2011; Peters et al., 2011; Lenzen et al., 2012; Dietzenbacher et al., 2013; Tukker et al., 2013), see a summary in (Murray and Lenzen, 2013). However, with the availability of several alternative databases, the issue of potentially conflicting estimates of such accounts for a nation or a sector needs to be addressed. To what extent are the results produced by MRIO tables reliable and reproducible considering that each table may provide different results? This question is at the heart of potential policy applications seeking to address questions of differing value added or resource-intensity of traded products and responsibility for environmental or social impacts embodied in consumed goods and services. Quantification and management of uncertainty becomes increasingly important as the number of policy relevant applications of MRIO modeling rises (Wiedmann and Barrett, 2013). The work presented in this paper aims to identify and quantify the differences between global MRIO tables and their implications for policy formulation.
In a recent study, Peters et al. (2012) address this question with carbon footprint assessments in mind. They consider the effect that different emissions datasets have on carbon footprint results using a single MRIO system, in this case the GTAP table, but the authors did not investigate to what extent different MRIO databases assume the same structure of the global economy in terms of output and consumption levels, trade patterns, and sector interdependencies. 
A recent special issue of Economic Systems Research (Vol. 26, Issue 3) presents a number of papers comparing MRIO databases and analytical results derived from their use (Inomata and Owen, 2014). Moran and Wood (2014) compare carbon footprint accounts calculated with four different databases. With harmonized emissions datasets they find national carbon footprint accounts to vary by up to 10% across models for most major economies, though significantly more for many smaller countries. Owen et al. (2014) apply structural decomposition across databases to compare national carbon footprints and find that for a majority of countries accounts from the GTAP and WIOD databases are more consonant than those calculated from the Eora database, and attribute a significant part of this to differences in the Leontief inverse. In a comparison of carbon footprint accounts for GTAP and WIOD MRIO databases using structural decomposition analysis, Arto et al. (2014) find that most of the overall differences can be attributed to differences in a few key countries and sectors. 
In this paper we present a comparison of the Eora (Lenzen et al., 2012; Lenzen et al., 2013), GTAP[footnoteRef:1] (Andrew and Peters, 2013) and WIOD (Dietzenbacher et al., 2013) global MRIO tables for the year 2007. We focus on the degree to which the different databases represent the global economy in a way that can be said to be structurally similar, by comparing value added accounts from a production-based and a consumption-based perspective, and from a regional and a sectoral perspective. Though we foresee our results will be particularly interesting for environmental assessments, we have chosen to conduct the analysis based on value added rather than any environmental factors so as to be able to study the MRIO tables in their “purest” form, to avoid the added uncertainties arising from including extension matrices that are not an intrinsic part of the MRIO system, especially since these represent physical rather than economic quantities. This also makes our results more relevant in terms of the many other potential applications of MRIO, such as analyses of energy, labor, material use or land use, for which the relative importance of sectors may be very different than they are for carbon emissions. Finally, we discuss sources of variation and offer recommendations for the future use and development of MRIO systems. [1:  We use version 8 of GTAP (Narayanan et al., 2012). Note that the original GTAP database does not include an MRIO table; however one can readily be constructed from it (Peters et al., 2011).] 

In the following section, the basics of multiregional input-output analysis are presented along with the MRIO databases selected for this analysis, and the approach taken to compare them. In Section 3, the main results are presented, while Section 4 concludes.
2. Methods and data
2.1.  Multiregional Input-Output Analysis
Input-output analysis yields economic output as the solution to a set of linear equations that describe both inter-industrial and international trade relationships. The IO identity describes output () as a function of final demand ():
							(1)
In Equation 1, each element  of the total requirements matrix  shows the total (direct and indirect) output of country-sector  instigated per unit of final demand for country-sector ’s output.  is a matrix of dimension  where  is the number of countries and  the number of sectors represented in the MRIO table. For the present analysis we pre-multiply Equation 1 by a coefficient vector  of primary inputs required per unit of production, forming 
					     (2)
Equation 2 gives total valued added  by sector, expressed as a function of final demand. In MRIO tables, , rather than a single column vector of total final demand, can be represented as a matrix  of width m, each column vector  representing the final demand being exerted by a specific country . Such a representation allows the total value added resulting from the final demand exerted by a single country to be determined. If both vectors  and are diagonalized, they have the same dimensions as , as does the matrix product , which expresses the value added in country-sector  as a result of the consumption of country-product . By calculating this matrix for final demand exerted by each country (i.e. for ), m such matrices are produced, analyzing each country’s final demand separately.
Consider for instance the vector  of Australian final demand. Assume the th item of  represents Australian final demand of food products from New Zealand. In this case, the th column of   shows the contributions of value added by each production sector by country to the total Australian demand of New Zealand food products.
For the purpose of this analysis we followed a similar approach to Johnson and Noguera (2012) and aggregated each   matrix horizontally by product type to give m such matrices of dimension , and concatenated these to a new matrix . Rather than a column representing e.g. Australian final demand of New Zealand food products, a column in  represents Australia’s total final demand of food products, broken down by VA-contributing countries and sectors. In the  matrix calculated from each MRIO table, then, we now have the global gross value added broken down by producing country and sector (as rows), and demanding country and demanded commodity (as columns). These matrices will be used for the MRIO table intercomparison in the following.
2.2. Data sources
The most recent audits of the main global MRIO initiatives (Peters et al., 2011; Wiedmann et al., 2011; Dietzenbacher and Tukker, 2013) describe six systems of which three (WIOD, Eora and EXIOBASE) were released in 2012. The other major MRIO systems available are GTAP, AIIOT, and various systems using OECD tables. The present study was performed for the reference year 2007, for which there is data available for three MRIO tables; the GTAP8, Eora, and WIOD databases. Eora is available in both a homogeneous 26-sector classification and a heterogeneous system where different countries are represented by different sector classifications depending on data availability. We analyze both Eora systems, treating them as two separate tables. The outcomes calculated by the four MRIO systems will vary because each table has been constructed slightly differently. Differences between the tables can be categorized into three broad areas:
· Source data – e.g. source of national input-output tables, bilateral trade data and environmental accounts
· System structure – e.g. numbers of sectors and countries, use of supply and use tables (SUTs) or symmetric input-output tables (SIOTs)
· System construction – e.g. the method by which the compilers have dealt with missing data and what techniques were used to ensure system balance
· Harmonization approach – e.g. the method chosen to handle inconsistent or conflicting data, or the degree to which a common label (say, a sector) consists of data for sectors that are not defined exactly the same in different regions or datasets.
Table 1 summarizes the main differences in the tables considered.
<Table 1 about here>
The comparison in this study was performed on the tables in basic prices as far as possible. The GTAP database is valued in what the developers call ‘market prices’, which are similar to the basic prices used in standard input-output systems (Peters et al., 2011). WIOD and Eora are both available in basic prices.
2.3. Aggregation
Prior to data comparison between MRIO tables, we need to arrange the structure of each table to be the same in terms of the global economic regions (countries) and sectors within each country. To this end, a common classification (CC) system of countries and sectors was adopted, into which all the MRIO tables could be aggregated. The CC was defined based on the principle of greatest common factor, so that the harmonization would be strictly an aggregation exercise for all tables. A concordance matrix was constructed for each of the MRIO tables, allowing them to be aggregated to the CC structure for comparison. Table 1 lists the original dimensions of the three MRIO tables used in the study. Since the full Eora table has a heterogeneous sector classification system where countries may have different numbers of sectors, the CC was built according to the least detailed of these classifications – countries with information on just 26 sectors. The CC resulted in a system with 40 countries as well as a bulk ‘Rest of the World’ (RoW) region, each with 17 sectors, for a total of 697 country-sectors. For details of the aggregation to the CC for the various tables, please refer to Tables S1 and S2 in the appendix. Results for each MRIO table were calculated using the table at its full level of detail, and then post-aggregated to the common classification to avoid the well-published issues of pre-aggregation (Lenzen, 2011; Andrew et al., 2009). 
2.4 . Matrix comparison methods
The  matrices alone contain significant amounts of information. They directly provide detailed value added accounts from both the production-based perspective (through their rows) and the consumption-based perspectives (through columns). Hence, a quantitative evaluation of the four  matrices may provide an indication of overall table similarity. There is no single statistical test that can be used to determine the accuracy with which a matrix corresponds to another (Butterfield and Mules, 1980), and it is suggested that to obtain an indication of similarity between the result matrices calculated by the four MRIO systems a suite of matrix comparison statistics is used (Harrigan et al., 1980; Knudsen and Fotheringham, 1986; Günlük-Şenesen and Bates, 1988; Gallego and Lenzen, 2005). The convention in matrix similarity tests is to compare elements from a matrix of superior data  with elements from a matrix of preliminary estimates  (Gallego and Lenzen, 2005). We adopt this notation when describing the comparison equations below, but note that in this study there is no MRIO system assumed to produce superior results over another. This means that the similarity tests used must be commutative and calculate the same result regardless of which MRIO system is chosen as  or . The Chi-squared statistic is an example of a comparison test which calculates a different result if the variables are interchanged, and as a result it was excluded from this study.
After surveying the literature and excluding statistics that were non-commutative or directly correlated to other statistics, the following six were selected to estimate matrix similarity:
1.	The mean absolute deviation (MAD) (MABS in (Harrigan et al., 1980))

2.	The mean squared deviation (MSD)

3.	The Isard-Romanoff similarity index (DSIM)

4	R-squared (RSQ)

5.	The absolute psi statistic (ABSPSI)

Where



6.	The absolute entropy distance (AED)

where


and ,  are defined as above.
Each matrix comparison statistic takes a different approach to measure similarity. The first three measures can be described as ‘distance measures’. The MAD is based on the absolute distance between each element in the two matrices, independent of the magnitude of the cell values. This means that the MAD puts larger weight on the relative accuracy of larger elements. The MSD calculates squares of differences; hence large table elements will count relatively more towards the overall distance evaluation. This further emphasizes the effect of differences between cells containing large values. The DSIM indicator is similar to the MAD, but is based on relative rather than absolute differences.  The next measure, RSQ, calculates how well the sets of values in each matrix correlate, and can be called a ‘goodness of fit’ measure. An RSQ value of zero indicates no correlation between the two matrices, whereas a value of one indicates perfect correlation. The final two measures are ‘information-based statistics’ (Knudsen and Fotheringham, 1986). Information theory is concerned with the quantification of information and ABSPSI and AED are extensions of the the information gain statistic developed by Kullback and Leibler (1951). Information-based statistics compare the probability distributions of the result matrices. We use the ABSPSI information gain statistic as opposed to others because it is commutative (Knudsen and Fotheringham, 1986). The AED is the absolute value of the difference in the entropies of the two result matrices. In information theory, entropy refers to the amount of information needed to specify the full system. It is worth a mention that neither of the last three indicators are able to detect any systematic differences in scale; that is, multiplying one of the matrices by a scalar will not affect the calculated difference indicators.
As a screening test for table dissimilarities to potentially indicate directions of future research, we apply this set of indicators to each of the six possible pairings between the databases, to see if any table pair is consistently ranked as more or less similar across statistics.
3 Results
We assess value added accounts from two perspectives. Through the Leontief inverse, input-output tables can be used to allocate all production and the associated value added generation, dollar for dollar, to a corresponding final consumption activity that is assumed to be its ultimate driving force. Value added accounting, as accounting of other factors of production, can thus be performed with allocation either to producers or consumers. We refer to these accounting perspectives as production-based accounting (PBA) and consumption-based accounting (CBA), respectively. PBA and CBA are both relevant, but quite different approaches to issues such as international emissions accounting. The two perspectives are interestingly different also for the purpose of MRIO table comparison: Whereas MRIO agreement from the production-based perspective depends only on MRIO basic data, consumption-based accounts are model results, and the agreement thus also depends on the global economic structures assumed by each MRIO table through the Leontief inverse.
An initial comparison of the value added accounts accompanying each database was performed at the most aggregated level, represented by the global gross value added (GVA). While the value added data in WIOD comes from the supply and use tables from the MRIO countries’ national accounts, Eora uses value added accounts from national IO tables supplied with data from the UN National Accounts Main Aggregates database (Owen et al., 2014). GTAP relies on data submitted by consortium members, using GDP data from the World Bank for adjustments (Aguiar and Dimaranan, 2008).
The comparison showed more or less equal GVA values of 52.7 and 52.8 trillion USD for Eora/Eora26 and WIOD, respectively, while this value according to GTAP was 53.6 trillion USD or about 1.6% higher than the other two. The relative standard deviation[footnoteRef:2] (RSD) of 0.9% was deemed a high degree of coherence. In the following, we are interested in the economic structures assumed by each table rather than in absolute value added accounts. For this reason, we henceforth report value added accounts as shares of the global GVA rather than in absolute values unless otherwise noted. [2:  This is the standard deviation divided by the mean.] 

3.1  Comparison of global value added accounts by sector
For the sectoral comparison, all data and results are aggregated across countries, such that sectors are global and all VA is distributed between the 17 CC sectors. Figure 1 shows the sectoral breakdown from both accounting perspectives as calculated by each MRIO database. 
The columns in Figure 1 show the overall distribution of VA generation according to the data underlying each table. Though the global GVA was similar across databases, there are some differences in how they each attribute its generation to the various sectors of the economy. Across sectors the RSD ranged from 2-31%, with an output-weighted average of 8%. The Mining sector stands out (RSD 31%), with global GVA generation according to Eora/Eora26 42% lower than the average of GTAP/WIOD. In absolute terms, in addition to the Mining sector the GVA generation differs especially for the sectors ‘Trade’ and ‘Finance & business’. GVA according to GTAP in these tertiary sectors is significantly lower than the others, despite the global GVA being higher. 
The results of the Leontief reallocation to consumed products are shown for each table as the markers accompanying each column in Figure 1. The reallocation causes significant changes for some sectors, whereas others are less affected. The finance and business sector becomes less important towards the global total, while the public sector increases to be the most important sector from the CBA perspective. Again, these overall trends are the same across tables. A visual comparison of the relative position of the markers compared to the height of the columns suggests that the pattern of change is largely the same across tables; i.e. if table A gives a somewhat larger VA estimate in the PBA than table B, it is generally also larger to more or less the same degree in the CBA. The RSD calculation corroborates this notion. Though the RSD now ranges from 2-131 % the weighted average RSD is similar as in the PBA at 7%.
This result is somewhat surprising. The conversion from PBA to CBA involves shifting value added data through the production system described by the Leontief inverse, which includes relationships with all other sectors through an infinite series of intersectoral dependencies. The change is significant; some sectors, especially resource extraction and similar primary sectors, here represented by mining and quarrying, all but vanish during the reallocation from PBA to CBA because their outputs are almost exclusively intermediate goods. The public administration sector becomes relatively more important because it delivers its output mostly to final demand, and because it draws heavily upon other sectors. Still, the analysis showed that this reallocation was performed in the tables in such a way that the overall RSD between models was in fact slightly reduced. Peters et al. (2012) investigated carbon emissions using a previous version of GTAP with five different carbon emission inventories and made a similar observation; they explain this by noting that the data for large countries, which constitute a significant part of the consumption based accounts of other countries through international trade, are more in agreement than data for small countries.
<Figure 1 about here>
3.2  Comparison of global value-added accounts by country
The construction of accounts of production factors embodied in internationally traded products using MRIO depends on detailed information on international trade. Information on the distribution of imported goods between different sectors is usually lacking in MRIO tables, however, and must be estimated by MRIO compilers. This disaggregation may affect how economic activities in the various countries are associated with consumption in other countries in the analysis.
In Figure 1 in the previous section, results were aggregated across countries; in this section an analogous aggregation is performed across sectors to rather allow a comparison of table agreement from a regional perspective. Although the deviation of the global GVA was in the order of 1% from the average across databases, a comparison of some macro-indicators by country as shown in Figure 2 reveals considerably larger differences.
<Figure 2 about here>
Across countries, the difference in gross value added generation from the lowest to the highest estimate is 13% on the median; in the consumption-based accounts it is 11%. Though there is a weak tendency of larger deviations for the smaller countries, there are significant differences also among the larger economies in the PBA or the CBA accounts. In many of these cases, the largest disagreement is between GTAP and Eora, with GTAP generally giving the higher estimates (see Table S3 for a tabular breakdown of these results). Although the slightly higher global GVA in GTAP relative to Eora obviously amplifies this effect to some degree, rescaling the results in Figure 2 so that global GVA is the same across databases (not shown) only leads to minor changes and does not change this picture. Overall, the level of variation is stable from the production to the consumption perspective; however for individual countries it is sometimes significantly changed.
In the bottom half of Figure 2 the same comparison across databases is performed on the analysis of value added embodied in traded products for each country, specifically the amount of value added embodied in consumption that is generated in a different country, and the reciprocal assessment of the amount of domestic value added generation attributable to consumption abroad. The differences observed through this comparison are generally larger, with medians of 31% and 22% for the exports and imports comparisons, respectively. There are also a few countries for which this estimated value differs by a factor of two or more between the most deviating results.
3.3 Calculations of matrix similarity
In an attempt to get a more complete, quantitative evaluation of the table agreement, a series of matrix comparison statistics were calculated for each of the six possible pairs of tables. The comparisons were performed on the  matrices, and Table 2 shows how each statistic ranks the pairs in terms of similarity. Not surprisingly, Eora-Eora26 is overall the most similar pair combination. The entropy-based AED statistic is seen to disagree with the other indicators throughout, interestingly deeming both Eora and Eora26 to be more similar to GTAP than to each other. Using the mean rank from the six indicators as the criteria, second to Eora-Eora26 in similarity is Eora26-WIOD, followed by GTAP-WIOD. Conversely, Eora-GTAP is the most dissimilar table pair by all indicators except the AED. 
<Table 2 about here>
4 Discussion and conclusions
The question of to what degree global MRIO databases are similar is highly important. Currently, such tables are generally[footnoteRef:3] not compiled by national or international statistical offices, but by a few research groups collecting datasets from various sources and using various methods to harmonize, disaggregate and balance their tables. Since the national data that go into MRIO tables will ultimately be supplied by many different sources all over the world, and there is no suggested standard for constructing MRIO tables from them, there are potentially significant, yet mostly not quantified uncertainties. Nevertheless, these tables are increasingly being used by researchers to perform analyses that serve to inform national and international policies. The differences observed in the comparison of macro-level indicators at the sector and country level were non-negligible in most and considerable in many cases. This variation may stem from several factors; taking the MRIO database descriptions in Table 1 as a point of departure, we offer some suggestions below. [3:  The OECD has published MRIO tables as part of their trade in value added (TiVA) database, see  http://www.oecd.org/sti/ind/tiva/tivasourcesandmethods.htm] 

First of all, the level of detail is quite different between the databases. Several countries in Eora, generally those that play larger roles in the global economy, are represented by several hundred economic sectors, whereas in WIOD the same countries are represented by only 35 sectors. For analyses of individual sectors or countries, lack of detail may result in large aggregation errors, especially for environmental MRIO analyses. However, for analyses at the macroeconomic level similar to the one conducted here, this effect is less pronounced, as supported by the agreement found here between Eora and Eora26, and by Steen-Olsen et al. (2014).
The method by which compilers populate the off-diagonal trade blocks in the MRIO transactions matrix can explain some of the discrepancies. International trade data are not available by importing sector; hence the bulk of the elements in the MRIO transactions table must be estimated. Compilers of existing databases have relied on different data sources for trade and used different methods for reconciliation. The uncertainties resulting from the various approaches are not well understood.
Valuation schemes represent a continuous challenge for input-output compilers and analysts. Data are typically available in the valuation most useful to the data supplier, and records might include or exclude various types of taxes and margins. The general IO preference is to use basic prices. IO analysis is not the primary focus of the GTAP consortium, which does not strictly adhere to IO conventions. For instance, the ‘market price’ valuation used in GTAP differs from the basic price in that it includes domestic margins as inputs to production (Peters et al., 2011). The effect of this deviation in the GTAP database from the true basic price as used in Eora and WIOD we have not analyzed, but judging from the findings here (cf. Figure 2) it may be the case that this effect is more important than previously assumed.
The question of how to measure how similar two or more MRIO databases are is not trivial. In our study we have focused on similarity of the model results as a practical proxy. In addition to this, several statistical measures of matrix similarity were identified, and applied to the overall  matrices, to determine if any two were consistently deemed more dissimilar to each other. This was found to be the case for Eora and GTAP, although these results should be considered to be indicative only.
It is clear that an analysis of value added embodied in consumption based on a model where 15% of the global value added generation occurs in the Trade sector may, depending on the research question, conclude quite differently than if the model only puts this at 11%. The same is true for analyses of any environmental or social indicators. On the other hand, the overall stability in differences observed in going from the production to the consumption perspective is interesting. Consumption-based account modeling is the essence of input-output analysis, and results depend on the structure of the full multiregional table, the elements of which must for a large part be estimated by compilers due to limited data availability. If it were confirmed that the variation in consumption-based accounts is mainly the result of disagreeing data in the extension matrices, focus could be shifted to this rather than the more daunting task of adjusting individual entries in the full transactions matrix; however recent work by Owen et al. (2014) attribute a considerable share of variation also to the Leontief inverse.
This paper is intended as a first step towards a more fundamental understanding of the reliability of global MRIO tables and how it can be improved. In the attempt to construct a basis for further research toward this end, we have focused on general comparisons at the macro level. It is to be expected, however, that comparisons on a more detailed level, such as on results of advanced contribution analyses, will give larger differences than observed here. We suggest further investigations along this vein as an area of future work, focusing on identifying countries and sectors that contribute especially to overall model uncertainty (see Arto et al. (2014) for some recent work in this direction) and determining their underlying causes. We believe the matrix distance measures presented here can prove useful for future comparative studies that delve more into subsystems of the global economy (i.e. of the databases), investigating database representations of individual countries or economic sectors.
Further analyses of the importance of different or ambiguous valuations in input-output databases should be undertaken. An example of this, mentioned previously, is the use of GTAP’s market prices as an approximation of basic prices in this and other studies. The importance of this assumption has not been assessed here; however future investigations into the differences identified here between GTAP and Eora should pay particular notice to this aspect. Furthermore, based on the results found here and by Peters et al. (2012) suggesting that underlying data quality is of particular importance towards uncertainties in analyses of social or environmental extensions, further uncertainty assessments focusing on various relevant extensions should be performed. For MRIO compilers, the present study suggests that efforts towards improving database quality are best spent working with national statistical agencies and data suppliers to improve data quality, but also to acquire a better, preferably quantitative, understanding of the uncertainties accompanying individual datasets.
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Tables with captions
Table 1. Characteristics of the assessed databases.
	Eora (Lenzen et al., 2013)

	Source data
	National IO tables
	74 IO tables from national statistical offices


	
	Bilateral trade data
	Trade in goods from UN Comtrade database 
Trade in services from UN Service trade database

	
	Value added data
	National IO tables
UN National Accounts Main Aggregates Database
UN National Accounts Official Data

	System structure
	Region detail
	186 countries

	
	Sector detail
	Varies by country; ranges from 26 to 511 sectors

	
	Structure of IO tables
	Heterogeneous table structure. Mix of SUT and SIOTs. SIOTs can be industry-by-industry or product-by-product

	System construction
	Harmonization of sectors
	Uses original classification from national accounts

	
	Harmonization of prices and currency
	Converts national currencies into current US$ using exchanges rates from IMF

	
	Assumption for countries with no IO data
	For each of the 113 countries with no IO table, sector data is taken from the UN National Accounts Main Aggregates Database then applied to a general template averaged from the IO tables of Australia, Japan and the US

	
	Off-diagonal trade data calculations,
balancing and constraints
	Large-scale KRAS optimisation of an intial MRIO estimate with various constraints

	Eora26 (Lenzen et al., 2013)

	Source data
	National IO tables
	As Eora

	
	Bilateral trade data
	As Eora

	
	Value added data
	As Eora

	System structure
	Region detail
	As Eora

	
	Sector detail
	26 homogeneous sectors

	
	Structure of IO tables
	As Eora

	System construction
	Harmonization of sectors
	Uses concordance matrices to aggregate Eora to 26 sectors

	
	Harmonization of prices and currency
	As Eora

	
	Assumption for countries with no IO data
	As Eora

	
	Off-diagonal trade data calculations,
balancing and constraints
	As Eora

	GTAP (Andrew and Peters, 2013)

	Source data
	National IO tables
	Tables submitted by GTAP consortium members

	
	Bilateral trade data
	Trade in goods from UN Comtrade database. 
Trade in services from UN Servicetrade

	
	Value added data
	Tables submitted by GTAP consortium members

	System structure
	Region detail
	129 regions

	
	Sector detail
	57 homogeneous product-by-product sector tables

	
	Structure of IO tables
	Homogenous SIOT table structure

	System construction
	Harmonization of sectors
	To disaggregate a country’s non-agricultural sectors, the structure from other IO tables within regional groupings is used. For agricultural sectors data from the FAO is employed

	
	Harmonization of prices and currency
	IO tables scaled to US$ using GDP data from the World Bank

	
	Assumption for countries with no IO data
	GTAP contains 20 composite regions such as ‘Rest of South East Asia’ which are calculated as a linear combination of the known IO tables for that region and matching the required income level for the area

	
	Off-diagonal trade data calculations,
balancing and constraints
	Uses ‘entropy-theoretic methods’ to harmonize dataset. Constraints include consumption data from the World Bank, energy data from IEA), Bilateral trade data from UN’s COMTRADE database.

	WIOD (Dietzenbacher et al., 2013)

	Source data
	National IO tables
	SUTs from National Accounts.

	
	Bilateral trade data
	Trade in goods from UN Comtrade database. 
Trade in services from UN, Eurostat and OECD

	
	Value added data
	SUTs from National Accounts.

	System structure
	Region detail
	40 countries and a rest of the world region

	
	Sector detail
	35 homogeneous industry-by-industry sector tables

	
	Structure of IO tables
	Homogenous SIOT table structure

	System construction
	Harmonization of sectors
	Developed concordance tables between national classifications and the 35 sectors used in WIOD.

	
	Harmonization of prices and currency
	Supply table (from SUT) in basic prices. Use table in purchases prices. Transform the Use table to basic prices.
Convert all data to current US$ using exchange rate from IMF

	
	Assumption for countries with no IO data
	A single RoW region. To determine the RoW data, global totals are found and the sum of the 40 WIOD countries is subtracted from this total

	
	Off diagonal trade data calculations,
balancing and constraints
	International SUTs merged to a ‘World SUT’ then transformed to a WIOT using the fixed product sales structure assumption.
Missing data – use additional info and reallocate negative entries













Table 2. Ranks of similarity statistics for the 6 matrix pairings. 1 = most similar pair, 6 = least similar pair.
	
	Eora26
	GTAP
	WIOD

	Eora
	Rank MAD = 1
  Rank MSD = 4
Rank DSIM = 1
Rank RSQ = 3
Rank ABSPSI = 1 
Rank AED = 3         

Mean Rank = 2.17 
St Dev Rank = 1.33                      
	Rank MAD = 6
Rank MSD = 6
Rank DSIM = 6
Rank RSQ = 6
Rank ABSPSI = 6 
Rank AED = 1         

Mean Rank = 5.17 
St Dev Rank = 2.04                      
	Rank MAD = 5
Rank MSD = 5
Rank DSIM = 4
Rank RSQ = 5
Rank ABSPSI = 5 
Rank AED = 6         

Mean Rank = 5.00 
St Dev Rank = 0.63                      

	Eora26
	
	Rank MAD = 4
Rank MSD = 3
Rank DSIM = 5
Rank RSQ = 4
Rank ABSPSI = 4 
Rank AED = 2         

Mean Rank = 3.67 
St Dev Rank = 1.03                                            
	Rank MAD = 3
Rank MSD = 1
Rank DSIM = 2
Rank RSQ = 1
Rank ABSPSI = 3 
Rank AED = 4         

Mean Rank = 2.33
St Dev Rank = 1.21                      

	GTAP
	 
	
	Rank MAD = 2
Rank MSD = 2
Rank DSIM = 3
Rank RSQ = 2
Rank ABSPSI = 2 
Rank AED = 5         

Mean Rank = 2.67
St Dev Rank = 1.21                      



Figure captions
Figure 1. Comparison of production- and consumption-based accounts (PBA, columns; and CBA, markers) for the 17 CC sectors, aggregated to the global level, as calculated by the four MRIO databases.
Note: The agreement between tables from both accounting perspectives are shown as relative standard deviations in the bottom of the figure.
Figure 2. Largest differences between the individual MRIO databases’ estimates of national (a) GVA of production, (b) GVA of consumption, (c) GVA embodied in exports, and (d) GVA embodied in imports, as a function of the mean value of these GVA indicators across databases.
Note: See Table S3 for a numerical breakdown of this figure.
