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The Technology-Adjusted Balance of Emissions Embodied in Trade (TBEET)
In line with Jiborn et al. (2020), we link the carbon emission and input-output data of 56 sectors in each of the 43 countries and a Rest-of-the-World residual, which are included in the World Input-Output Database (WIOD) (Timmer et al., 2015). The considered carbon emissions during the regarded period (2000 – 2014) are obtained from Corsatea et al (2019). 
To derive each country’s TBEET, we use simple matrix algebra to calculate, first, the direct and indirect global emissions E that are required to serve final demands contained in the matrix  F:
(1)	
with L as the Leontief inverse (describing the direct and indirect product requirements for one unit of final demand in a given industry) and  as a matrix indicating each sector’s direct CO2 intensity on the diagonal. 
However, in order to cancel out the effects of international differences in technology, we create a revised vector dWA (and through diagonalization the matrix) with world average sectoral carbon intensities. Consequently, the total emission matrix  computed by
(2)	
displays emissions that would have been generated if the final goods had been produced by the use of a world average technology (Baumert et al., 2019). 
By using  as a measure of embodied emissions in trade from country i to j, country i’s technology-adjusted emissions embodied in exports (TEEE) are calculated by
(3) 	
and its technology-adjusted emissions embodied in imports (TEEI) are computed by 
(4)	  .
Finally, country i's technology-adjusted balance of emissions embodied in trade (TBEET) equals
(5) 	
Supplementary Information SI.2
Uncertainties and Limitations 
As noted by Lenzen (2004) in general practice, only a minor proportion of authors add uncertainty and robustness analyses to their input-output studies. This is mainly due to limitations of data availability and computational power required to perform such analyses (Rodrigues et al, 2018). Given that it is difficult to quantify potential errors associated with the environmental IO analysis we chose not to perform such task. Instead we discuss uncertainties inherent in IO analyses that have been outlined in previous uncertainty-specific studies and are likely to be important in our case. 
Past work (e.g. Lenzen et al, 2010; Barret et al, 2013) has indicated that the uncertainty in the environmental input output analysis may occur due to calibration, balancing, and harmonization of input output tables, the use of different time periods, different currencies, different country classifications, different exchange rates, levels of disaggregation, inflation, and raw data errors.
The current consensus is that the major source of uncertainty affecting consumption based carbon accounting estimates is the energy and emission data and not the economic data (Owen, 2015, Rodrigues et al, 2018). Thus, we can expect that the error types that are likely to be important in our study include sectoral aggregation, spatial aggregation, and allocation uncertainty.  
Aggregation is an issue when high and low impacting sectors are combined in one aggregate sector (Lenzen et al, 2010). 
Bouwmeester and Oosterhaven (2013) show that for CO2 emissions, aggregation errors are on average 2.3% when sectoral detail is reduced from 129 to 59 sectors and about 3.4 % when sectoral detail is reduced from 59 to 10 sectors. The spatial aggregation error is on average 1.4% when aggregating from 43 to 5 regions and 2.4% when aggregating from 5 to 2 regions. However, in most cases the results differ strongly across countries, suggesting that a uniform prescription for the level of sectoral and spatial detail is not possible. Cyprus, Luxembourg, Malta, Greece and the Baltic countries show the largest aggregation error (Bouwmeester and Oosterhaven, 2013).
Allocation error comes from allocation of environmental impacts and material use across different products and industries (Weber, 2008). In general, there is little information on how the allocation should be performed and the choice largely depends on the question at hand (Owen, 2017). Owen (2015) show that there is a considerable degree of variation in the sectoral emission intensities across WIOD, Eora and GTAP databases. The variation is lower for emission multipliers (i.e. when e (emission intensity) is multiplied with L matrix) this is because there is less uncertainty in monetary data used to calculate L matrix. The variation reduces even further for total emissions (i.e. eLy) because of multiplication ﻿by final demand (y), this is mainly because final demand vectors are similar across different databases. 
Lenzen et al (2010) also show that uncertainty differs for various carbon accounting components (i.e. CBA, EEI, EEE, BEET). Generally, the greater the aggregation of the results, the smaller the error of the component. The largest uncertainty occurs in the case of BEET because of the subtraction (BEET = EEE-EEI) involved in its calculation. BEET values closer to zero are more uncertain than those further away from zero. This is an important issue for our study since the calculation of TBEET is similar to BEET. Those values of TBEET which are closer to zero should be interpreted with caution.
Some of the issues can be alleviated by using a database with more detailed sectoral and country classification. Alternative databases include Eora, GTAP, and EXIOBASE. We believe that future analysis using EXIOBASE3 could shed more light on the robustness of our results and also on the more recent TBEET trends. However, the current study using WIOD2016 version allows to compare the results of this study with the results of other studies that have utilized the same database. Moreover, the environmental accounts have recently been updated and the 2016 version of WIOD includes a much higher number of included sectors and countries as compared to the 2013 release.
The main results for TBEET by country and year are tabularized in the supporting excel file. 
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