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Abstract

Prospective multi-regional input–output (MRIO) tables that integrate scenarios

from integrated assessment models (IAMs) support forward-looking environmental foot-

print analysis, but the trade-o! between historical structural fidelity and scenario com-

pliance has not been quantified. We constructed 12 prospective MRIO tables from the

EXIOBASE 2019 and IMAGE SSP2 scenario for 2035, including a Leontief-based pro-

jection and 11 optimization-based projections under di!erent combinations of scenario
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constraints on GDP, value added, sector outputs, as well as energy and agriculture con-

sumption. Among the constraints, those on energy and agriculture consumption were

satisfied at the highest cost in coe"cient deviations from the Leontief-based projec-

tion and shifted the corresponding transaction flows most significantly. Regional shares

of the global carbon footprint remained stable, but sectoral attribution within each

region was substantially reshu#ed, and the identification of high-growth consumption

hotspots was sensitive to scenario compliance level. Some hotspots persisted at all levels

of compliance. The consumption-based carbon footprint driven by China’s final energy

demand grew the fastest and emerged as a major new hotspot in 2035. The footprint

of Livestock-consumption showed persistent high growth in multiple regions and India

and the Rest of Asia rose in environmental significance through their industrial sectors.
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scenario compliance; structural fidelity; environmental hotspots

2



Introduction

Today, the global environmental crisis is deeply interconnected with the structure of the

world economy, because production and consumption are distributed across international

borders and linked through global supply chains that propagate environmental burdens from

distant production sites to distant consumers1,2. This teleconnected perspective is essential

for sustainability governance in a highly globalized economy3–5. Multi-regional input–output

tables (MRIO table) serve as the main accounting framework to quantify the environmental

burdens embodied in international trade, as they trace flows across countries and sectors

to link production-based resource use and emissions to final consumption worldwide1,2,6.

However, standard MRIO tables o!er static and historical snapshots of economic structure,

which constrains the prospective analysis needed to evaluate long-term climate policy and

sustainability transitions that unfold over decades7,8. As a consequence, the literature in-

creasingly advocates the integration of MRIO tables with scenario analysis to explore future

trajectories and transition pathways9–12.

To project environmental footprints under di!erent socioeconomic futures, researchers

must introduce scenario changes to MRIO tables either endogenously or exogenously. Al-

though endogenous approaches exist, such as the dynamic MRIO table simulation model

GINFORS (global inter-industry forecasting system)13,14, they rely on aggregate economet-

ric relationships calibrated to historical data. As such, they lack the technology-rich and

bottom-up physical representation of specific energy and industrial transformation path-

ways found in IEA (International Energy Agency) Energy Technology Perspectives15 or

integrated assessment models (IAMs)16, which constitutes a policy-relevant knowledge base

for international climate governance. Consequently, most forward-looking MRIO studies

adopt exogenous approaches.

Since these technology-rich scenario models typically lack the full cross-sectoral economic

granularity of an MRIO table, this creates a fundamental reconciliation problem that has

been addressed in two divergent approaches by previous studies. In the first approach, re-
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searchers adapt energy-related coe"cient matrices and final demands based on exogenous

scenario data, while leaving the broader regional industry mix and outputs to be projected

via a standard Leontief demand model10,17,18. This method prioritizes the structural fidelity

of the MRIO table, but risks inconsistency with the scenario regarding macroeconomic vari-

ables (GDP, value added, sector outputs), transaction flows such as energy consumption, and

ultimately emissions and resource consumption. In the second approach, researchers adapt

transaction flows directly to align with predefined scenarios and iteratively scale tables using

balancing techniques to ensure that the remaining flows satisfy exogenous macroeconomic

constraints under minimal structural changes19–21. This approach prioritizes scenario com-

pliance and treats residual changes as indirect e!ects of exogenously specified changes, but

it risks significant coe"cient deviations, and thus may produce unrealistic inter-industry

relationships.

These two divergent prioritizations, being normative choices, highlight a fundamental

methodological tension in prospective environmental analysis. This study systematically

examines the trade-o! between scenario compliance and structural fidelity by investigating

how sensitive prospective MRIO tables are to the progressively expanded enforcement of

scenario data. Although previous research has often focused on a narrow set of drivers, such

as energy system parameters17,18 or lifestyle changes22, we expand the scope of exogenous

data coverage from basic macroeconomic variables and energy to include crop production,

price fluctuations, and trade dynamics, allowing for a more comprehensive assessment of

the trade-o!s inherent in the reconciliation process. In general, our goal is to provide a

detailed understanding of how di!erent reconciliation strategies influence projected global

supply chains and environmental footprints.
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Materials and Methods

To evaluate the trade-o! between scenario compliance and structural fidelity in the rec-

onciliation process, we integrated scenario information into a historical MRIO table progres-

sively in three stages (see Figure S1). We utilized EXIOBASE version 3.8.2 in 201923 as a

historical baseline and scenario outputs for the year 2035 of the Integrated Model to Assess

the Global Environment (IMAGE)24 under the Shared Socioeconomic Pathway 2 (SSP2) as

a prospective reference. The final prospective MRIO tables were expressed in billions of 2010

USD (109 $2010).

After data harmonization and pre-processing, the integration process began by incorpo-

rating future energy and crop coe"cients or structure derived from IMAGE into the coef-

ficient matrices of the historical multi-regional supply and use tables (multi-regional SUT).

With an updated Leontief inverse and a scaled final demand, a prospective MRIO table was

projected. This corresponds to the first reconciliation approach, where the economy is scaled

up with the inter-region-sector relations captured by the Leontief inverse, but only structural

changes are integrated. We refer to this as the Leontief-based projection.

Gaps exist between the Leontief-based projection and the IMAGE scenario outputs, due

to the baseline data discrepancies between EXIOBASE and IMAGE, fundamental di!er-

ences in modeling logic between the Leontief inverse and IMAGE, and underlying scenario

assumptions that are not endogenously captured by a static IO structure. For example,

the Leontief-based projection could not endogenously capture the implicit relations between

heavy industry production and GDP per capita in IMAGE25.

Closing these gaps requires non-uniform relative changes on the existing flows, and thus

inherently necessitates coe"cient deviations from the Leontief-based projection, because

preserving the original economic structure only allows for uniform scaling of the economy. To

analyze this tension, we developed an optimization framework that enforced the constraints

of the IMAGE scenario on the Leontief-based projection, applied both independently and

cumulatively. The optimization preserved the remaining economic structure as much as
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possible through coe"cient deviation minimization, since no further scenario information

was available to constrain it directly. We refer to the resulting MRIO tables as optimization-

based projections. The enforced constraints included macroeconomic parameters (i.e. GDP

and Value Added for agriculture, industry, and service sector), sector outputs for heavy

industries and transport, energy outputs, energy consumption, agriculture outputs, and

agriculture consumption. Enforcing these constraints independently allowed isolating their

individual roles before considering cumulative implementations. This process generated two

series of prospective MRIO tables, i.e., one complied with individual scenario constraints

and a second representing progressively higher levels of scenario compliance.

We evaluated the structural fidelity of the optimization-based projections by quantifying

their coe"cient deviations from the Leontief-based projection, revealing which constraints

require the largest adaptation of the economic structure. Lastly, we assessed the sensitivity of

macroeconomic variables, sector outputs, agriculture and energy flows, and carbon footprints

to the level of scenario compliance.

The following sections summarize the methodology, with full details provided in SI1.

Data Harmonization and Pre-processing

We first defined the resolution of the prospective MRIO table by reconciling the region,

product, and sector classifications of EXIOBASE with IMAGE scenario outputs. The recon-

ciled resolution encompasses 20 regions, 72 products, and 70 sectors, with the corresponding

concordances provided in SI2. To create a consistent starting point, we aggregated the

multi-regional SUT in 2019 to this unified resolution (see Section S1.2.2).

The IMAGE scenario data were preprocessed into monetized variables aligned with the

MRIO table structure (see Section S1.2.3). We first derived physical use tables for crops,

livestock, and energy products based on regional demand and bilateral or net trade data in

IMAGE. We then monetized these physical tables using IMAGE-based producer prices to

ensure consistency with EXIOBASE transaction flows, yielding energy consumption, energy
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output, agriculture consumption, and agriculture output in monetary unit. Finally, we mon-

etized the sector outputs of heavy industries and transports by assuming constant historical

prices. Once monetized, these data were aggregated to the defined resolution.

Leontief-based Projection Framework

We implemented structural changes to the multi-regional SUT in 2019 and utilized the

Leontief quantity model to project a future economy. To distinguish the resulting matrices

from the historical matrices, we denote them with a superscript (→).

First, we modified the supply share matrix D to D→ by enforcing a one-to-one corre-

spondence between each scenario-relevant product and its primary producing sector, i.e.,

setting the corresponding supply share to one and all secondary supply shares to zero. This

follows the logic of the transfer method for treating secondary production26. For exam-

ple, we mapped the ruminant livestock farming sector exclusively to the ruminant livestock

product, even though the original EXIOBASE data record this sector as also co-producing

minor amounts of other products. This simplification ensures consistency with the IMAGE

outputs, where such co-production is not represented. We did not systematically re-derive

the use coe"cient matrix under the same assumption. However, the IMAGE outputs used

to modify the intermediate coe"cient matrices are themselves consistent with this transfer

method. For example, in IMAGE the feed crops to livestock production and the N2O and

CH4 emissions from the sector, are attributed entirely to the livestock product.

We also introduced new sectors and products modeled by IMAGE but not individually

represented in the original multi-regional SUT, including hydrogen, electricity from hydrogen,

and relevant categories for biofuels. We assigned diagonal entries of 1 in D→ for these new

sectors and selected proxy sectors for their input structure in B (see Table S5 for proxy

sectors).

We further modified the use coe"cient matrix B to B→ by incorporating the energy and

crop coe"cients and structure derived from the monetized IMAGE tables. For sectors where
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both specific inputs and total sector outputs are available, we calculated and applied coe"-

cients directly, which was the case for energy coe"cients in energy sectors, heavy industries,

and transport. For sectors whose inputs are reported only for an aggregated purpose or

whose sector output is missing (see Table S7), we instead integrated the consumption struc-

ture—the relative ratios among region-product suppliers for that purpose.

When integrating new coe"cients, we ensured each column sum of intermediate and

value-added coe"cients (B→ and L→) remained equal to one through proportional scaling

(Eq.1). Where the sum of the integrated coe"cients exceeded one, the value-added coe"-

cient was computed as the residual needed to satisfy the column-sum constraint, yielding

a negative value that represents a production subsidy. For structural ratios, we assumed

energy products are globally substitutable across all consumers. Agriculture products are

substitutable for food and feed but not for other purposes, mainly food processing (e.g.,

rice and livestock processing). For these sectors, we preserved the product structure and

integrated only each product’s trade structure.

Finally, we updated the final demand matrix Y to Y → using IMAGE scenario data. We

assumed that the variation in the region-product final supply follows the variation in the

value added of the corresponding broad sector (agriculture, industry, and service), with the

mapping provided in SI2. This approach captures shifting consumption patterns, such as the

rising share of services in final demand as economies develop. Monetary residential energy

demand was also incorporated into Y →.

With the modified matrices B→, D→, and Y →, intermediate coe"cient matrix A→ and final

demand matrix F → were calculated (Eq.2, 3). Sector output g→ was then projected via the

Leontief inverse (Eq.4). With the new g→, we derived the intermediate matrix Z → and the

value added matrix V → based on Eq.5.

∑

i

B→
i,j + L→

j = 1 (1)

A→ = D→B→ (2)
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F → = D→Y → (3)

g→ = (I ↓ A→)↑1F →1 (4)

Z → = A→ĝ→, V → = L→ĝ→ (5)

Where:

• D→ is the modified supply share matrix (region-sector by region-product).

• B→ is the modified use coe"cient matrix (region-product by region-sector), with i de-

noting region-product and j denoting region-sector.

• L→ is the modified value added coe"cient matrix (value added by region-sector).

• A→ is the projected intermediate coe"cient matrix (region-sector by region-sector).

• Y → is the modified final use matrix (region-product by region).

• F → is the projected final demand matrix (region-sector by region).

• I is the identity matrix.

• 1 is a summation vector of ones that sums F → across the final demand regions.

• g→ is the vector of projected region-sector output.

• ĝ→ represents the diagonalized vector of projected region-sector output.

• Z → is the projected intermediate matrix (region-sector by region-sector).

• V → is the projected value added matrix (value added by region-sector).

Enforcing Scenario Values via Optimization

To achieve higher levels of scenario compliance, we extended the enforcement of scenario

data beyond the structural level to the scenario values themselves. We imposed six scenario
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constraints on the Leontief-based projection both independently and cumulatively, using

optimization to minimize deviations in the intermediate coe"cients, A→, value-added coe"-

cients L→ and expenditure share E → (Eq.6). This approach generated two series of prospective

MRIO tables.

E →
j,k =

F →
j,k∑

j F
→
j,k

(6)

Where:

• E →
j,k is the entry of the expenditure share matrix E → for region-industry j and final

demand region k.

• F →
j,k is the entry in the projected final demand matrix F →.

• The denominator
∑

j F
→
j,k represents the total final demand for region k across all

region-industry j.

Technically, we defined scaling factors mZ→ , mV → , and mF → on Z →, V →, and F → as decision

variables in the optimization. The initial values were 1. The standard bounds for these

scaling factors were set between 4.6 ↔ 10↑4 and 8.8 ↔ 103, corresponding to the minimum

and maximum ratios between the scenario constraints and the Leontief-based projection.

When all constraints were enforced simultaneously, the standard bounds caused numerical

di"culties. As a practical adjustment for the agriculture consumption scaling factors, we

estimated initial scaling factors from the ratios between the agriculture consumption con-

straints and the Leontief-based projection, and set bounds as factors of 10↑4 to 104 around

these estimates. Sensitivity tests across factor widths from 102 and 104 yielded the same

optimum, indicating that the reported solution is stable within this range. Scaling factors

for residential energy demand within F → were fixed at 1, ensuring that this robust scenario

input remained unchanged during optimization and preventing the solver from over-adapting

F → to satisfy other constraints. Scaling factors for all zero flows were set to zero.
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Scenario and balance constraints were enforced by Eq.S18-S28. MRIO table balance was

always imposed as a constraint, regardless of whether scenario constraints were enforced

independently or cumulatively (see Table 1).

Table 1: Summary of individual and cumulative scenario constraint implementations and
their corresponding abbreviations.

Level Setting of Scenario Constraints Abbreviations

I
n
d
iv

id
u
a
l

IO balance, GDP, Value Added KpBlGdpVa
IO balance, Sector Outputs (Heavy Ind.
& Trans.)

KpBlSeouit

IO balance, Energy Output KpBlSeoue
IO balance, Energy Consumption KpBlEnergy
IO balance, Agriculture Output KpBlSeouc
IO balance, Agriculture Consumption KpBlCrop

C
u
m

u
la

t
iv

e

IO balance, GDP, Value Added KpBlGdpVa
+ Sector Outputs (Heavy Ind&Trans.) KpBlGdpVaSeouit

+ Energy Output KpBlGdpVaSeouitSeoue
+ Energy Consumption KpBlGdpVaSeouitSeoueEnergy

+ Agriculture Output KpBlGdpVaSeouitSeoueEnergySeouc
+ Agriculture Consumption KpBlGdpVaSeouitSeoueEnergySeoucCrop

The optimization problem was formulated as a Quadratically Constrained Program (QCP)

under constraints listed in Table 1. The objective function minimizes the sum of squared

deviations of non-zero scaling factors from their column mean (Eq.7). This formulation fol-

lows the principle that if all scaling factors within a column are identical, A→, L→, and E → are

perfectly preserved. Conceptually, the setting allows for uniform scaling of the matrices and

conceptually minimizes structural distortion (coe"cient deviations). Each matrix is normal-

ized by its number of non-zero scaling factors so that all three are weighted equally by the

solver. Squared deviations for flows exceeding 106 $2010 in Z →, V →, and F → were assigned a

weight of 100 to penalize distortion of larger coe"cients.
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Objective = min

[
1

NZ→
non-0

∑

j1,j2

w(j1,j2)

(
mZ→

(j1,j2) ↓mZ→&V →

j2

)2

+
1

NV →
non-0

∑

j2

w(1,j2)

(
mV →

(1,j2) ↓mZ→&V →

j2

)2

+
1

NF →
non-0

∑

j1,k

w(j1,k)

(
mF →

(j1,k) ↓mF →

k

)2
]

(7)

Where:

• mZ→

(j1,j2)
, mV →

(i=1,j2)
, and mF →

(j1,k)
represent the scaling factors for Z →, V → , and F →, respec-

tively.

• j1 and j2 denote the region-sector indices for rows and columns, while k denotes the

region index for final demand.

• mZ→V →
j2 denotes the mean value of the non-zero scaling factors within column j2 for both

Z → and V →.

• mF →
k represents the mean value of the non-zero scaling factors within column k for F →.

• w is a weighting factor equal to 100 for transaction flows > 1 ↔ 106 $2010 and 0

otherwise.

• Nnon-0 indicates the total number of non-zero flow elements in the respective prospective

matrices, used to provide equal weighting to Z →, V →, and F →.

We implemented the optimization using the GAMSpy package in Python with the CPLEX

solver to reach the global optimum. To distinguish the new prospective MRIO tables from

the Leontief-based projection, we denote them with a double-prime superscript (→→). Applying

the optimal scaling factors yielded the final matrices Z →→, V →→, and F →→ (Eq.8). From these

reconstructed flows, we derived g→→, A→→, and L→→ (Eq.9, 10), and E →→ following Eq.6.
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Z →→
j1,j2 = mZ

j1,j2 · Z
→
j1,j2 , V →→

1,j2 = mV
1,j2 · V

→
1,j2 , F →→

j1,k = mF
j1,k · F

→
j1,k (8)

g→→j2 =
∑

j1

Z →→
j1,j2 + V →→

1,j2 (9)

A→→
j1,j2 =

Z →→
j1,j2

g→→j2
, L→→

1,j2 =
V →→
1,j2

g→→j2
(10)

Where:

• Z →→, V →→, and F →→ represent the resulting prospective intermediate, value-added, and final

demand matrices, respectively, based on the optimal scaling factors.

• g→→ is the vector of final prospective industry output.

• A→→ and L→→ are the final prospective intermediate and value-added coe"cient matrices.

• j1 and j2 denote the region-sector indices for rows and columns, while k denotes the

region index for final demand.

Measurement of structural fidelity and scenario compliance

To quantify trade-o!s among di!erent prospective MRIO and assess the e!ect of the

various scenario constraints, we measured the structural fidelity and scenario compliance of

the optimization-based MRIO tables against the Leontief-based projection as a benchmark.

We measured structural fidelity using the relative deviations of the non-zero coe"cients

(hereafter, coe"cient deviations) of the four sector groups (as suppliers) in A→→ and E →→, and of

the non-zero coe"cients in L→→, from their counterparts in A→, L→ and E → (Eq.11). The sector

groups were heavy industry and transport, energy, and agriculture, each separately targeted

by scenario constraints, together with a residual "other" group comprising the remaining

sectors. Larger coe"cient deviations correspond to lower structural fidelity. We measured
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scenario compliance using the relative deviations of a prospective MRIO table from the

scenario constraints (hereafter, scenario deviations) (Eq.11). The larger scenario deviations

correspond to lower scenario compliance. These deviations were summarized into empirical

cumulative distribution functions (ECDFs) as a statistical basis for the following synthesized

indicators.

d =
x↓ xref

xref
(11)

where x is the value being evaluated and xref is its reference. For structural fidelity, x

is an optimization-based coe"cient and xref is the corresponding Leontief-based coe"cient.

For scenario compliance, x is a projected value, and xref is the IMAGE scenario constraint.

To synthesize the distributions of coe"cient deviations into a single value representing

the structural fidelity of a prospective MRIO table, we summed the absolute values of the

coe"cient deviations within each sector group, normalized each sum by the total number of

non-zero coe"cients across all matrices (Eq.12), and then summed the resulting normalized

values across the four groups into a single indicator Cstruct (Eq.13). Absolute values were

used to prevent positive and negative deviations from canceling in the overall measure. A

sector group thus contributes more to the final sum when its coe"cient deviations are larger

and when it contains more coe"cients, so that the final sum reflects the overall state of the

entire MRIO table.

Cstruct, g =
1

Ntot

(
∑

j1↓g

[
∑

j2

∣∣∣∣
a→→j1,j2 ↓ a→j1,j2

a→j1,j2

∣∣∣∣+
∑

k

∣∣∣∣∣
e→→j1,k ↓ e→j1,k

e→j1,k

∣∣∣∣∣

]
+
∑

j2

∣∣∣∣
l→→j2 ↓ l→j2

l→j2

∣∣∣∣

)
(12)

Cstruct =
∑

g↓G

Cstruct, g (13)

where:
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• Cstruct, g is the normalized total coe"cient deviation per group g.

• Cstruct is the single indicator for coe"cient deviations and structural fidelity.

• G denotes the four supplier sector groups: heavy industry and transport, energy, agri-

culture, and other.

• a→→j1,j2 and a→j1,j2 are the non-zero intermediate coe"cients (A) supplied by sector j1

in group g to consumer j2, in the optimization-based and Leontief-based projections,

respectively.

• e→→j1,k and e→j1,k are the non-zero expenditure-share coe"cients (E) supplied by sector

j1 in group g to final-demand region k, in the optimization-based and Leontief-based

projections, respectively.

• l→→j2 and l→j2 are the non-zero value-added coe"cients (L) in the optimization-based and

Leontief-based projections, respectively.

• j1 and j2 denote the region-sector indices for rows and columns in the MRIO matrix;

k is the region index for final demand.

• Ntot is the total number of non-zero coe"cients across A→→, E →→, and L→→.

To synthesize the distributions of scenario deviations into a single value representing the

scenario compliance of a prospective MRIO table, we averaged the absolute values of relative

deviations within each scenario constraint (Eq.14) and summed these per-constraint averages

into a single indicator Cscen (Eq.15). Instead of normalization as for Cstruct, summing per-

constraint averages treats all constraints equally and keeps every constraint explicit in the

total. This prevents constraints with many cells like agriculture and energy consumption

conceal constraints with few elements such as GDP&VA. To limit the noise of negligible flows,

we excluded monetary values below 1↔ 106 $2010 when computing the relative deviations.
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Cscen, t =



 1

Nt

∑

(p,q)↓t

∣∣∣∣
xp,q ↓ xscen

p,q

xscen
p,q

∣∣∣∣



 (14)

Cscen =
6∑

t=1

Cscen, t (15)

where:

• Cscen, t is the remaining deviations from scenario constraint t.

• Cscen is the single indicator for remaining scenario deviations and scenario compliance.

• t indexes the six scenario constraints: GDP&VA, sector output of heavy industry and

transport, energy output, energy consumption, agriculture output, and agriculture

consumption.

• xp,q is a projected value (Leontief-based x→
p,q or optimization-based x→→

p,q) and xscen
p,q is

the corresponding unimplemented IMAGE scenario constraint. For GDP, xp,q is the

GDP of region q; for value added, the value added of sector p in region q; for sector

output, the total output of sector p in region q; for consumption flows, the transaction

from supplier p to consumer q (both region-sectors).

• Nt is the number of non-zero elements within constraint t.

The Leontief-based projection without any scenario constraint carries the largest scenario

deviations, and therefore has the lowest scenario compliance. Each optimization starts from

this projection and eliminates a subset of these deviations, determined by the constraints

implemented in that run. Scenario deviations tied to the unimplemented constraints remain.

A fully scenario-compliant table eliminates all deviations and thus attains the highest com-

pliance, whereas partially constrained tables fall in between. In cumulative implementation,

the scenario deviations eliminated at each step are the combined scenario deviations that

the corresponding constraints would eliminate individually. As discussed earlier, these devi-
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ations being eliminated under di!erent constraint settings are the direct drivers of coe"cient

deviations. Therefore, we also summarized them in ECDFs.

Sensitivity of global supply chains and environmental footprints

Following this technical evaluation of the trade-o!, we assessed the practical implications

for global supply chains and environmental footprints under increasing levels of scenario

compliance.

We evaluated the sensitivity of global supply chains by examining changes in regional

GDP&VA, sector outputs, energy and agriculture consumption flows and the corresponding

coe"cients across the prospective MRIO tables under cumulative scenario constraints. Rela-

tive changes were computed against the Leontief-based projection following Eq.11, revealing

how each economic variable responds to increasing levels of scenario compliance. We also

calculated relative changes from the 2019 EXIOBASE table to the Leontief-based projection,

illustrating the projected shift from 2019 to 2035. Results were aggregated into nine regions

(the eight largest economies by GDP in 2019 plus a combined category for the remaining

regions) and into ten sector groups that preserve the major energy and crop consumers, with

energy and consumption flows and coe"cients aggregated from the consumer perspective.

Concordances can be found in SI2.

We evaluated environmental sensitivity through the consumption-based carbon footprint,

expressed in Mt CO2-eq (GWP100). The top three contributors to global greenhouse gas

emissions, CO2, CH4, and N2O 27, were obtained from the IMAGE scenario data by sector

and region for 2020 and 2035, mapped to the resolution of the prospective MRIO tables

(concordances in SI2), and characterized with the GWP100 factors28.

For each regional sector, we calculated the gas-specific production-based impact inten-

sities by dividing the sectoral impact in 2020 and 2035 by the sector outputs in 2019 EX-

IOBASE and the prospective MRIO tables, respectively. The sum of gas-specific GWP

intensities was the total carbon intensity. Intensities therefore varied across prospective
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MRIO table versions due to di!erences in sector outputs, while the total impact and emis-

sions for 2035 were preserved. Where sectoral impacts were reported at a coarser resolution

than the MRIO table, such as N2O from total industry, we assumed uniform intensity across

the corresponding MRIO subsectors, since these emissions were small relative to the primary

emission categories.

Regional consumption-based footprints were then computed for 2019 EXIOBASE, the

Leontief-based projection, and the optimization-based projections under cumulative scenario

constraints (Eq. 16). Using the Leontief-based projection and the prospective MRIO fully

compliant with IMAGE as representative cases, we decomposed their regional footprints

by final-supply sector and final-demand region to assess the environmental sensitivity at

sector-region level (Eq. 17). To trace the link between consumption activities and climate

impacts, we also computed consumption-based footprints of energy and agriculture products,

and disaggregated carbon footprints into CO2 contributions and N2O&CH4 contributions.

Residential emissions were unconsidered, so as the energy in final demand. All footprint

results were aggregated into nine regions and ten sector groups, as previously.

Lastly, we identified robust environmental hot spots in 2035 by averaging the rank of

each sector-region consumption-based footprint across all scenario compliance levels under

cumulative cases. Sectors and regions that ranked consistently high were treated as the most

robust drivers.

GWPd = g↔(I ↓ A)↑1f (d) (16)

GWPsd = g↔(I ↓ A)↑1f (d)e(s) (17)

Where:

• A is the intermediate coe"cient matrix (region-sector by region-sector).

• I is the identity matrix.
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• f (d) is the final demand vector for region d in final demand matrix F , and f (d) is its

diagonalized form.

• g is the vector of impact intensities, which can be about total GWP, GWP from CO2,

or GWP from N2O&CH4.

• e(s) is a column vector of zeros with a value of one at the position corresponding to the

final supply sector s.

• GWPd and GWPsd represent total and sectoral consumption-based carbon footprints

for final demand region d and final supply sector s.
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Results and Discussions

This study generated 12 di!erent versions of prospective MRIO tables, including the

Leontief-based projection and 11 optimization-based projections under 6 individual scenario

constraints and 5 cumulative implementations, with optimal objective values shown in the

Table S10.

Trade-o! between structural fidelity and scenario compliance

The dispersion of the coe"cient deviation ECDFs in the optimization-based projections

increases as the scenario constraints are cumulatively enforced (Figure S3), reflecting both

a higher magnitude of the deviations and a higher frequency of significant deviations. This

indicates that structural fidelity decreases as scenario compliance increases, quantifying the

trade-o! between the two. In particular, adding the energy and crop consumption constraints

induces the largest marginal increase in deviations.

Under individual scenario constraints, the more variable the scenario deviations that the

optimization eliminates (i.e., the greater the ECDF dispersion in Figure 1a), the greater the

resulting coe"cient deviations (Cstruct on x-axis in Figure 1c), except for GDP&VA. This

indicates that the variability of the eliminated scenario deviations is the dominant driver

of coe"cient deviations, with the number of directly constrained cells playing a secondary

role. For example, the energy consumption constraint directly constrains more cells than

the agriculture consumption constraint (see the TableS1), but the latter causes larger coe"-

cient deviations because the scenario deviations it eliminates are more variable. Conversely,

enforcing sector outputs eliminates more variable scenario deviations than GDP&VA, yet

the latter causes larger coe"cient deviations because it constrains more cells directly, leav-

ing fewer available for flexible adjustment for coe"cient deviation minimization. Overall,

eliminating scenario deviations of higher variability and magnitudes (e.g., agriculture out-

put, energy consumption, agriculture consumption) incurs larger coe"cient deviations as
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structural cost (Cstruct on x-axis in Figure 1c), but leaves the remaining scenario deviations

smaller and less variable, yielding higher scenario compliance (y-axis in Figure 1c). This

relation is not strictly monotonic, due to the inherently di!erent properties of the individual

scenario constraints across macroeconomic, sectoral, and flow levels.

(a) (b)

(c) (d)

Figure 1: Panels (a) and (b) show the ECDFs of relative deviations between the Leontief-
based projection and implemented scenario constraints under individual and cumulative
cases, respectively, illustrating the scenario deviations eliminated by optimizations. Panels
(c) and (d) sharing the legends summarize the structural fidelity (Cstruct in Eq.13 based on
coe"cient deviations) and scenario compliance (Cscen in Eq.15 based on scenario deviations)
of the Leontief-based projection and of the optimization-based projections, under individual
scenario constraints in (c) and cumulative scenario constraints in (d).

Under cumulative scenario constraints, the coe"cient deviations (x-axis in Figure 1d)
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do not correspond to the overall variability of eliminated scenario deviations (Figure 1b),

which can stabilize or even decrease at a given stage depending on the relative variability of

the newly eliminated deviations compared to the previous stage. Instead, each newly added

constraint increases the number of constrained cells or the number of constraints imposed

on each cell, further restricting the solution space and forcing the solver to satisfy preex-

isting and new constraints simultaneously. Consequently, coe"cient deviations increase and

structural fidelity decreases monotonically, while the remaining scenario deviations decrease

and scenario compliance increases monotonically (y-axis in Figure 1d). The cumulative co-

e"cient deviations are not the linear sum of those induced by individual constraints, since

the scenario constraints are not fully independent and the MRIO table is adjusted as a

whole to preserve balance. Nevertheless, constraints that individually induced larger devia-

tions also contribute larger marginal deviations in cumulative cases, as observed for energy

consumption and agriculture consumption (x-axis in Figure 1c and x-axis in Figure 1d).

In summary, the trade-o! between structural fidelity and scenario compliance is evident

in both individual and cumulative cases, though the underlying mechanisms di!er. Under

individual constraints, coe"cient deviations are governed primarily by the variability of the

eliminated scenario deviations. Under cumulative constraints, they accumulate through the

growing number of constrained cells and the layering of multiple constraints on the same cells

and therefore increase monotonically (Figure 1d), even when the variability of the eliminated

scenario deviations decreases (Figure 1b). However, the two regimes are linked. Scenario con-

straints that induce larger coe"cient deviations individually also contribute larger marginal

deviations when added cumulatively. These factors can be assessed in advance to anticipate

the resulting coe"cient deviations in similar integration tasks, which is particularly useful

when computational resources are limited.

In our case, the energy and agriculture consumption constraints eliminate the most vari-

able scenario deviations, which induces the largest total and marginal deviations in the

individual and cumulative cases, respectively, concentrated in energy and agriculture coef-
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ficients (Figure S2, S3). However, under all constraint settings except the individual crop

consumption constraint, coe"cients from other sectors contribute the most to total devia-

tions (x-axis in Figures 1c and 1d), due to their larger share in the MRIO table compared

to the industry, energy and agriculture sectors (see the number of coe"cients within each

group in Figure S3).

Sensitivity of economic variables to increasing scenario compliance

From the 2019 EXIOBASE table to the 2035 Leontief-based projection (Figure S4), GDP

and VA grow least in the USA, Western Europe (WEU), and Japan (JAP) (below 40%),

and most in India (IND), Rest of Asia (RAS), and Rest of Africa (RAF) (above 40%). Once

the GDP&VA scenario constraints are enforced, regional GDP deviates from the Leontief

projection by less than 10%, whereas VA deviates by up to 40%.

Sector outputs are more sensitive to increasing scenario compliance than GDP&VA (Fig-

ure S5). The largest deviations among directly constrained sectors occur for iron and steel

in RAS and RAF, with outputs >150% higher than the Leontief benchmark. For all other

directly constrained regional sectors, the deviations remain within ±50%. Sector outputs

that are not directly constrained are adjusted flexibly to minimize coe"cient deviations aris-

ing from constraints on other outputs and intermediate flows, and their relative changes can

exceed 50%. For example, enforcing the energy consumption constraint in the USA increases

food-processing energy use by 230% from the fourth optimization onward, so the solver raises

food-processing output by 38%–93% to alleviate the energy coe"cient deviations (Figures

S6 and S7).

Energy and agriculture consumption flows and their coe"cients show higher sensitivity

than sector outputs and GDP&VA (Figures S6, S7, S8, S9). In addition to the 230% increase

in energy use of food-processing in the USA noted above, enforcing the agriculture consump-

tion constraint raises crop use by livestock production by 1327% in CHN. The response of

these flows and their coe"cients depends on whether IMAGE-derived coe"cients have been

23



integrated into the Leontief-based projection (see Table S7).

For flows whose coe"cients are already taken from IMAGE, including energy consumed

by heavy industry, transport, and energy production, and agriculture inputs consumed by

energy production (mainly crops for biofuels), the coe"cients are largely preserved through

the optimization. For the remaining flows, where only energy and agriculture input struc-

ture are integrated, the flows fluctuate and then deviate substantially once consumption

constraints are enforced, which produces large deviations in the corresponding energy and

agriculture coe"cients. More details are discussed in Section S2.3.

This high sensitivity is consistent with the previous result that energy and agriculture con-

sumption constraints introduce the largest and most variable scenario deviations eliminated

by optimization. The scenario deviations correspond to the large deviations of consump-

tion flows, and their variability results into the largest coe"cient deviations, concentrated

in energy and agriculture coe"cients. Weighted by flow magnitude, the most significant

shifts occur in energy consumption by energy production, commercial services, and other

industry, and in crop consumption by food processing, residential use, commercial services,

and livestock production, with various directions across regions, which can propagate to the

environmental footprint outcomes.

Sensitivity of consumption-based carbon footprints to increasing sce-

nario compliance

From 2019 to 2035, IMAGE projects a slight decline in the global carbon footprint,

from 44,408 to 44,046 Mt CO2-eq (-0.82%) (Figure S12). Based on the Leontief-based pro-

jection, the largest consumption-based carbon footprint increases occur in RAF (+48.6%),

IND (+45.2%), and RAS (+27.6%), and the largest decreases occur in the USA (-26.6%),

WEU (-21.4%), and JAP (-20.6%), in line with the relative di!erences in regional GDP

growth (Figure S4). Under increasing scenario compliance, the global total is fixed by the

method. Regional shares remain largely stable, with small increases for USA and ME and
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corresponding decreases for WEU and JAP in the fully-compliant prospective MRIO (Figure

S13). In absolute terms, USA and ME footprints rise by 14.3% and 13.5% above the Leontief

level, while WEU and JAP fall by 12.7% and 11.0%.

To identify the drivers of these significant regional shifts and the hotspots within each

region, we compared the consumption-based carbon footprint per final-supply-sector and

final-demand-region pair (hereafter, sector-region pair) between the Leontief-based projec-

tion and the fully-compliant prospective MRIO. We decomposed the total carbon footprint

of each pair into a CO2 component, driven by the energy footprint, and an N2O&CH4 com-

ponent, driven by the agriculture footprint.

Each of these footprints comprises three contributions: direct consumption by the final-

supply sector, indirect consumption embedded in its upstream supply chain, and final de-

mand (Eq. S43; decomposed shares in SI3). The sensitivity of direct energy and agriculture

consumption flows established in the previous section therefore propagates to each sector-

region pair’s footprint both directly and indirectly through the supply chain. However, the

resulting footprint for a given pair can be dominated by any of these components.

For example, the substantial drop in direct energy use by crop production consumed

in CHN (Figure S6) coexists with a sharp rise in its energy footprint (Figure 2a), since

87% of that footprint originates from indirect inputs. In another case, direct agriculture

consumption for livestock production consumed by CHN (primarily feed crops) rises by

1327% under full compliance (Figure S8), yet the total agriculture footprint for the pair

remains relatively stable (Figure S15a), because direct consumption contributes only 1% to

the sector-region pair’s footprint while final demand dominates (76%) and rises by just 7%.

Under full compliance, the global energy footprint declines (Figure 2a), as the energy out-

put constraints lower total energy supply (Figure S5), and the global agriculture footprint

similarly declines (Figure S15a). For energy, the largest reductions concentrate in commercial

services across most regions, driven by both lower direct energy use and reduced upstream

inputs. For agriculture, the largest reductions concentrate in food processing. Because the
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global CO2 total is fixed, sector-region pairs whose energy footprints fall most receive a

smaller share of the CO2 attribution under full compliance, while those whose energy foot-

prints fall less or rise receive a larger share (Figure S14). N2O&CH4 attribution redistributes

analogously with the agriculture footprints (Figure S15b). Since CO2 dominates the total

carbon footprint (Figure 2b), its regional pattern largely mirrors the CO2 reallocation, with

N2O&CH4 reinforcing or weakening the CO2 pattern depending on the sector.

The USA and ME are the only regions whose total footprints rise under full compliance,

with increases concentrated in a small set of final supply sectors. In the USA, the rising

footprints occur for other industry, food processing, and livestock production — the same

sectors where the energy consumption constraint raises direct energy use (Figure S6). For

livestock production, the total carbon footprint increase exceeds the CO2 contribution, with

an additional contribution from N2O&CH4 (Figure S15b) mainly driven by the increasing

livestock consumed in final demand (see residential use in Figrue S8). In ME, the increase

is led by transport, other industry, and energy production.

In WEU and JAP, the footprint decline is broadly distributed across final supply sectors

— nearly all sectors in WEU, and primarily food processing and commercial services in JAP.

In CHN, IND, RAS, RAF, and the "Other" region, the regional totals are stable but the

internal attribution shifts. CHN’s commercial services footprint falls sharply across all three

indicators, while footprint of crop production rises sharply as discussed above. IND shows

a contrasting pattern, with rising commercial services and falling livestock production. In

RAS and RAF, the substantial growth in iron and steel outputs and their direct energy

inputs (Figures S5 and S6) is embedded in the rising energy footprints of other industry,

since indirect inputs account for 80% and 77% respectively of these footprints (SI3), while

heavy industries themselves rarely appear in final demand.

In summary, the aggregate stability of regional footprint shares across prospective MRIO

variants conceals substantial reshu#ing of sectoral responsibility within regions, driven by

the high sensitivity of energy and agriculture consumption flows propagating through the
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supply chain. This shows the relevance of the integration approach chosen in creating the

prospective MRIO to identify potential environmental hotspots.

(a)

(b)

Figure 2: Energy (a) and carbon (b) footprints induced by consumption for each final supply
sector and final demand region, comparing the Leontief-based projection with the fully-
constrained prospective MRIO. Circle sizes indicate the footprints from the Leontief-based
projection, and colors indicate the relative shifts of the footprints in the fully-constrained
prospective MRIO.
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Robust environmental hotspots in 2035

Given the significant variability of sectoral footprints within regions shown above, we

identified the sector-region pairs that rank consistently high as consumption-based carbon

footprint hot spots in 2035 with increasing scenario compliance, both by absolute level in

2035 and by relative growth from 2019. All ranks can be found in SI3.

The top 10 pairs by footprint level in 2035 account for 48.5%–49.8% of the global total

(Figure 3a). The four highest — other industry and commercial services consumed in CHN

and in Other — hold their positions across all seven versions of MRIO. Energy production

consumed in CHN climbs from rank 47 in 2019 to a mean rank of 5.3 in 2035, and other

industry consumed in IND and RAS rises from ranks 12 and 9 to mean ranks of about 6

and 8, reflecting emerging industrial activity in these economies. The top 10 set is highly

robust, with only one swap across the seven versions: Commercial services consumed in the

USA drops from rank 5–8 to 12 under full compliance, and livestock production consumed

in Other enters at rank 10 under full compliance.

The top 10 pairs by relative growth form a partly di!erent set (Figure 3b). Energy

production consumed in CHN ranks first across all versions except "+Crop", growing by

660%–810% from 2019. Livestock production dominates the remaining high-growth entries,

with livestock consumed in USA, JAP, RAS, and ME among the top contributors. Commer-

cial services consumed in IND also increases strongly. Compared with the top by absolute

level, this set is more sensitive to scenario compliance. The top five hold their positions across

all seven versions, but 16 distinct pairs cycle through the lower half of the top 10 as con-

straints are added, and a single-version analysis would therefore both miss and misidentify

high-growth hot spots. A Leontief-based projection would, for example, place commercial

services consumed in RAF (rank 8) and transport consumed in IND (rank 7) in the top 10

and miss that energy production consumed in RAF enters the top 10 (to ranks 6–9) once the

energy output constraint is enforced. With the heavy industry and transport output con-

straints being enforced, transport consumed in IND drops out of the top 10 (to ranks 16–22),
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and with the energy output constraint being enforced, commercial services consumed in RAF

drop out (to ranks 18–24). Full compliance produces the largest shifts. Livestock production

consumed in IND drops from ranks 10–12 to 43, and livestock production consumed in Other

rises from ranks 11–14 to 7.

Despite these sensitivities, three robust patterns hold across all seven prospective MRIO

versions for 2035. First, energy production consumed in CHN emerges as both a major

new high-level hot spot and the fastest-growing one relative to 2019. Second, the increasing

carbon footprint of livestock consumption is a persistent high-growth trend across several

regions. Third, IND and RAS grow in environmental significance through their industrial

sectors. These sector-region pairs should be prioritized for climate change mitigation in

future scenario pathways. Additionally, the mean-rank approach provides a summary that

does not depend on any single version of the prospective MRIO table and thus can be used

to identify further hotspots.

(a) (b)

Figure 3: Top-10 final-demand-region and final-supply-sector pairs (a) ranked by
consumption-based carbon footprints in 2035, and (b) ranked by relative growth in carbon
footprints from 2019 to 2035. The pairs are ordered by mean rank r across seven prospective
MRIO versions. Individual colored dots represents one version and hollow diamonds mark
the mean across versions.
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Limitations and outlook

Several methodological choices and data limitations should be noted.

First, IMAGE and EXIOBASE di!er in sectoral and regional resolution, in reporting

units, and in their historical base-year values. Concordances bridge these di!erences but

cannot remove inconsistencies in historical accounting, and these inconsistencies propagate

into the prospective tables. Part of the movement from the 2019 EXIOBASE baseline to

the fully-compliant 2035 table therefore reflects closer alignment with IMAGE’s own internal

accounting rather than projected structural change alone. Systematic cross-checking between

the IAM and MRIO databases, including alignment of base-year sectoral aggregates, would

separate these two components29.

Second, the optimization framework is designed to preserve the intermediate coe"cients

in columns, which are the technology recipes that the Leontief inverse propagates through

the supply chain and directly determine consumption-based footprints. Alternative recon-

ciliation methods, such as biproportional updating in the RAS/GRAS family30,31 and the

KRAS approach with reliability information32, instead preserve row and column structures

jointly, which would distribute the structural deviation di!erently. The trade-o! ranking

we report between constraint types and the resulting prospective MRIO tables is therefore

conditional on the choice of objective function.

Third, cumulative constraints are enforced in a fixed order from macroeconomic param-

eters to consumption details. The marginal deviations attributed to each constraint depend

on this ordering, although the fully-compliant result does not. A Shapley-style attribution,

which averages each constraint’s marginal contribution across all possible orderings, would

assign each constraint an order-independent share of the total deviation, which might be

interesting for further research.

The trade-o! between structural fidelity and scenario compliance is inherent to any inte-

gration that relies on partial future information from an external scenario model and needs

a normative choice regarding what to prioritize. The magnitude of coe"cient deviations un-
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der each constraint and the identification of environmental hotspots can be sensitive to the

choice of scenario model and the baseline MRIO and cannot be generalized. The framework

presented here is transferable to alternative IAMs, scenarios, and global MRIO databases

(EORA, WIOD, GTAP, OECD-ICIO33), as well as to other footprint indicators34. Such

applications would reveal how hotspots depend on these choices and guide mitigation prior-

ities.

The presented results give insight into the sensitivity of prospective MRIO to integration

choices and identify hotspots that are robust across implementations. The final prospec-

tive MRIO can serve as a background database representing future supply chains in target

years, supporting the evaluation of specific interventions around those years. Future work

can add further environmental extensions to also examine synergies and trade-o!s among

environmental impacts and priorities.
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S1 Methodological Details

S1.1 Overview of workflow

S1.2 Data harmonization and preprocessing

Inputs. EXIOBASE 2019 multiregional supply and use tables (multi-regional SUT),

and IMAGE scenario outputs covering macroeconomic, energy, agriculture, biofuel-crop,

and heavy-industry/transport variables.

What this step does. We first reconciled the region, product, and sector classifica-

tions of EXIOBASE and the Integrated Model to Assess the Global Environment (IMAGE)

into a unified resolution. The preprocessing pipeline then proceeded in three stages: (i)

the EXIOBASE multi-regional SUT in 2019 were aggregated to the unified resolution and

converted into use, supply-share, and value-added coe"cient matrices (B, D, L) for the base

year 2019. (ii) IMAGE macroeconomic variables were harmonized to the unified resolution.

Energy and agricultural variables were translated into physical use tables, monetized using

producer prices (with constant historical prices assumed for heavy industries and trans-

ports), and aggregated to the unified resolution. (iii) The resulting tables were checked for

input–output consistency and corrected where necessary.

Outputs. Aggregated EXIOBASE base coe"cient matrices (B, D, L) and final-use

matrix Y , together with the monetized IMAGE energy and agricultural use tables and the

heavy-industry/transport sector-output table, all at the unified resolution and expressed in

billions of $2010. These fed into the Leontief-based projection (Section S1.3). Each stage is

detailed below.

Scope of preprocessing. All IMAGE-derived preprocessing (macroeconomic, energy,

agriculture, biofuel-crop, and heavy-industry/transport tables) was run for every SSP2 sce-

nario year reported by IMAGE rather than only for the target year. This gave a timeline-

wide view when screening for inconsistencies in the input–output consistency check (Sec-
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Figure S1: Three-stage construction pipeline for the prospective multi-regional input-output
table (pMRIO table). Stage 1 is Data harmonization & preprocessing. The EXIOBASE
v3.8.2 (2019) tables are aggregated to a unified resolution of 20 regions, 70 sectors, and 72
products. The IMAGE/SSP2 (2035) scenario data are preprocessed in parallel: GDP, value-
added, and sector outputs are aggregated directly, while agriculture and energy variables
are first derived into physical use tables, monetized, and then aggregated to the unified
resolution. Stage 2 is Leontief-based projection. The preprocessed EXIOBASE and IMAGE
inputs jointly populate four updated core matrices. Applying the updated Leontief inverse
to the scaled final demand yields a Leontief-based prospective MRIO table that serves as
the benchmark. Stage 3 is Optimization-based projection. Decision variables are defined
as scaling factors acting on the benchmark flows, while the IMAGE scenario provides the
constraints. A quadratically constrained program, solved with GAMSpy/CPLEX, minimizes
the coe"cient deviations from the benchmark subject to the scenario constraints, yielding
the final scenario-compliant prospective MRIO table.
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tion S1.2.3.6) and let corrections that arose in any scenario year be traced back to a single

root cause. Only the 2035 SSP2 outputs entered the downstream Leontief projection and

optimization. For brevity, the equations and variable references below were written for a

generic scenario year and were applied year by year. Only where a specific year was essential

(e.g., the EXIOBASE 2019 base year, the 2015 implicit-price anchor, or the 2035 target) was

it stated explicitly.

S1.2.1 Definition of the unified resolution and classification

We defined the resolution of the prospective multiregional input-output table (pMRIO

table) by reconciling the region, product, and sector classifications of EXIOBASE with the

scenario outputs from IMAGE. The resulting aligned resolution encompasses 20 regions, 72

products, and 70 sectors. The pMRIO table represents monetary flows expressed in billions

of $2010 (109 $2010).

Sectors and products in EXIOBASE multi-regional SUT follow NACE Rev.2 and CPA2002,

respectively. NACE Rev.2 is derived from ISIC Rev.41, and CPA is articulated with NACE2.

EXIOBASE covers 44 countries (28 EU member plus 16 major economies) and five rest-of-

the-world regions, with 163 sectors and 200 products3.

IMAGE employs IEA definitions for energy products and consumers. Though IMAGE

models energy production and consumption in various sectors at the technology level, the

sectoral energy consumption is calibrated to IEA, where the consuming sectors are defined

as ISIC sectors. IMAGE’s agriculture products follows GTAP classifications and IMAGE

distinguishes three purposes of crop and livestock consumption (food, feed, and other) in

addition to biofuel production. IMAGE covers 26 regions.

The concordances of sectors, products, and regions among EXIOBASE, IMAGE, and the

unified resolution are provided in SI2.
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S1.2.2 Preprocessing of EXIOBASE multi-regional SUT in 2019

The 2019 EXIOBASE multi-regional SUT (supply, use, value added, and final use) were

aggregated from the EXIOBASE resolution (49 regions, 200 products, 163 sectors) to the

unified resolution based on the region, product, and sector concordances (SI2). All flows

are expressed in billions of $2010. The original EXIOBASE flows, reported in euros at 2019

prices, were first converted to 2019 US dollars using the 2019 annual-average euro–dollar

reference exchange rate of 1.12 USD/EUR4, and then deflated from 2019 to 2010 US dol-

lars using a factor of 0.86 derived from the U.S. Bureau of Labor Statistics CPI inflation

calculator5. The combined conversion factor is thus 1.12↔ 0.86 ↗ 0.96$2010 per EUR2019.

From these aggregated tables we derived the region-sector output g and the region-product

output q from Eq. S1 and then the base-year inputs to the Leontief-based projection: the

supply-share matrix D, the use coe"cient matrix B, and the value-added coe"cient matrix

L from Eq. S2, while the final use matrix Y taken directly from the aggregated final-use

table.

gj =
∑

i

Uij + Vj, qi =
∑

j

Sji (S1)

Bij =
Uij

gj
, Dji =

Sji

qi
, Lj =

Vj

gj
(S2)

Where:

• i indexes a region-product and j indexes a region-sector.

• Sji is the supply table (region-sector ↔ region-product).

• Uij is the use table (region-product ↔ region-sector).

• Vj is the value-added vector (1↔ region-sector).

• Y is the final use table (region-product ↔ region), taken directly from the aggregated

final-use table.
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• gj is the region-sector output, equal to the column sum of intermediate inputs plus

value added.

• qi is the region-product output, equal to the column sum of the supply table over

region-sectors.

• Dji is the supply-share matrix (region-sector ↔ region-product), obtained by dividing

the supply table column-wise by q so that each region-product column of D sums to

one. Conceptually, Dji is the share of region-product i supplied by region-sector j, i.e.,

the market share that captures which sectors and regions produce each region-product.

• Bij is the use coe"cient matrix, obtained by dividing the use table column-wise by

g. Conceptually, Bij is the amount of region-product i used per unit of output of

region-sector j, i.e., the input intensity (production recipe) of each region-sector.

• Lj is the value-added coe"cient matrix, obtained by dividing the value-added row by

g.
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S1.2.3 Preprocessing of IMAGE data

Table S1: Resolution of preprocessed IMAGE scenario data at the unified resolution (20
regions, 72 products, 70 sectors)

Preprocessed variable Dimensions Role in projection

GDP (MER) 20 regions VA/GDP constraint
Value added (MER) 3 macro-sectors ↔ 20 regions (agricul-

ture, industry, services)
VA/GDP constraint

Heavy-industry and trans-
port sector output

8 sectors ↔ 20 regions (Chemicals;
Iron and Steel; Pulp and Paper; Non-
metallic minerals; Air, Other land, Rail-
way, Water transport)

Sector-output constraint

Energy output 20 energy products ↔ 20 regions (Coal,
Oil, Natural gas, Heat, Hydrogen, Mod-
ern solid biofuels, Traditional solid bio-
fuels, Liquid biofuels, and 12 electricity
technologies: Biomass, Hydrogen, Coal,
Oil, Gas, Geothermal, Hydro, Nuclear,
Wind, CSP, PV, Other)

Energy-output constraint

Energy consumption (mon-
etary energy MRIO)

20 source regions ↔ 20 energy products
↔ 20 destination regions ↔ 25 consum-
ing sectors (10 non-transport sectors, 8
transport modes, Heat, Hydrogen, and
5 fuel-specific electricity sub-sectors)

Energy-consumption
constraint; populates B→

Residential energy demand 20 source regions ↔ 20 energy products
↔ 20 destination regions

Overwritten into Y →

(fixed in optimisation)
Agriculture output ↘9 agricultural products ↔ 20 regions

(7 crop groups; Ruminant and Non-
ruminant livestock)

Agriculture-output con-
straint

Agriculture consumption
(monetary agricultural
MRIO)

20 source regions ↔ ↘9 agricultural
products ↔ 20 destination regions ↔
3 consumption purposes (food, feed,
other)

Agriculture-consumption
constraint; populates B→

Biofuel-crop inputs 20 source regions ↔ ↘6 feedstock crops
↔ 20 destination regions ↔ 2 biofuel
pathways (Liquid biofuels, Modern solid
biofuels)

Appended to agricultural
MRIO; populates B→

S1.2.3.1 Macroeconomic variables GDP and sectoral VA per region under SSP2 were

extracted from the IMAGE outputs for every scenario year and harmonized to the unified

resolution. The GDP|MER variable was taken directly as the regional GDP in Market Exchange

Rates (MER) at $2010 and aggregated from the 26 IMAGE regions to the 20 unified regions

by summation. Sectoral VA in IMAGE is reported in Purchasing Power Parity (PPP)
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at the level of three macro-sectors m (agriculture, industry, and services) based on ISIC

classification. To translate it to MER while preserving the sectoral structure, we computed

each macro-sector’s share of the regional VA total in PPP and rescaled these shares to the

regional GDP|MER, which is equivalent to multiplying the original VA in PPP by the regional

GDP|MER/GDP|PPP ratio (Eq. S3). The resulting sectoral VA in MER $2010 was aggregated

to the 20 unified regions by summation. These regional GDP and three-sector VA provided

the scenario data used as the GDP and VA constraints in the optimization step.

V MER
r,m = V PPP

r,m · GDP|MERr

GDP|PPPr

(S3)

Where:

• m ≃ {agriculture, industry, services} indexes the three IMAGE macro-sectors.

• V PPP
r,m and V MER

r,m are the value added of region r in macro-sector m in PPP and MER

respectively.

S1.2.3.2 Energy demand and supply This subsection describes how IMAGE energy

outputs were preprocessed into a monetary energy use table based on a physical energy use

table, trade, and prices.

Step 1: Physical energy use table construction. The physical energy use table

represents, within each region, (i) the direct use of energy carriers by sectoral and residential

consumers and (ii) the use of primary fuels by secondary energy production (electricity, heat,

hydrogen) that is subsequently delivered to those same consumers. Throughout this section,

“sectoral and residential use” refers to consumption within the energy module and only the

residential use corresponds to the “final use” block of the multi-regional SUT.

IMAGE reports energy quantities through a structured variable family:

• Final Energy|* represents energy carriers directly used by sectoral and residential

consumers.
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• Secondary Energy|* represents secondary energy carriers processed before being de-

livered to sectoral and residential consumers.

• Primary Energy|* represents primary energy carriers used as inputs for secondary-

energy production.

All three families quantify regional energy demand at successive stages in physical units, and

energy is lost across the primary ⇐ secondary ⇐ final stages, whether or not the energy

carrier type changes. We first extracted the relevant variables from these three families and

then assembled a physical energy use table, initially without trade. Specifically, (i) Final

Energy|* variables populated the energy use table for sectoral and residential consumers

(energy-to-sector); (ii) Primary Energy|* variables populated the energy use table for

electricity and hydrogen production; and (iii) because Primary Energy|* was unavailable

for heat production, inputs to heat were derived from Secondary Energy|Heat|* combined

with an assumed heat-conversion e"ciency.

To respect the physics of conversion losses, the energy carrier at an earlier stage must

always exceed the corresponding energy carrier at a later stage. Where this rule was violated,

the IMAGE variables were corrected: we scaled up Secondary Energy|Heat (and its input

breakdown Secondary Energy|Heat|*) when it fell below Final Energy|* of heat, and we

scaled up PrimaryEnergy|f|Electricity at flagged points when SecondaryEnergy|Elec

tricity|f exceeded it.

Trade was assumed to occur for coal, oil, natural gas, hydrogen, modern solid biofuels,

and liquid biofuels at all stages, but not for electricity or heat. Combining the corrected

demand and trade data yielded the physical energy use table, from which energy supply was

derived. Trade data for hydrogen were missing, so we derived the bilateral trade matrix for

hydrogen from the available demand and supply data.

Note that the physical energy use table does not reproduce the physical energy flows in

IMAGE, because it does not distinguish the same energy carrier across stages (e.g., coal

as primary, secondary, or final energy; electricity as secondary or final energy). In the
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physical modelling in IMAGE, a same energy carrier carries di!erent energy content at

di!erent stages owing to distribution losses. Here since the physical table was used only

to construct a monetary energy use table that captures sectoral interlinkages in monetary

unit, we collapsed physical stages whenever the energy carrier type was unchanged (i.e.,

no conversion occurred). In principle, the monetary table could be further disaggregated

to mirror the physical stages, but this is rarely done in practice because the corresponding

transformations occur within a single economic sector in monetary accounts. Therefore,

unlike energy flow in IMAGE, the current physical energy use table does not need to reflect

the total energy content used by the system or the true energy flows at the various stages.

It only needs to capture the interlinkages among energy products and sectors, which are

translated to monetary flows once energy-product-specific prices are applied.
Table S2: Simplified structure of physical energy use table. Entries with ‘1’ indicate that
flows from the row energy product to the column sector/process are tracked; ‘0’ indicates
none, and ‘-’ indicates self-use is not applicable.

Energy Carriers energy-to-sector energy-to-elec/heat/h2
Sectors and Residential Electricity Heat Hydrogen

Coal 1 1 1 1
Oil 1 1 1 1
Natural gas 1 1 1 1
Modern solid biofuels 1 1 1 1
Traditional solid biofuels 1 0 0 0
Liquid biofuels 1 0 0 0
Hydrogen 1 1 1 -
Electricity 1 - 0 1
Heat 1 0 - 0

Step 1.1: Construct the energy use table for sectors and residentials (en

ergy-to-sector). We extracted Final Energy|* variables describing the use of eight

energy carriers across the consuming sectors and transport modes listed below. The resulting

table energy-to-sector has products (energy carriers) as rows and region–sector pairs as

columns:

• Ten non-transport sectors: Agriculture, Commercial, Residential, Non-Energy Use

(i.e., chemical production), Food Processing, Iron and Steel, Non-Metallic Minerals,
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Pulp and Paper, Other Industries, and Other Sector.

• Seven transport modes: Bunkers (i.e., international aviation and shipping), Bus, Light

Duty Vehicle, Truck, Rail, Domestic Aviation, and Domestic Shipping.

• Eight energy carriers: Coal, Oil, Natural gas, Solid biofuels, Liquid biofuels, Electric-

ity, Heat, and Hydrogen. The Solid biofuels row is later split into Modern solid

biofuels and Traditional solid biofuels (see the “Solid biofuel split” bullet be-

low), so the final energy-to-sector table carries nine rows.

The extracted variables were harmonized and disaggregated prior to tabulation:

• Variable-name harmonization: variants across IMAGE outputs were mapped to a

single convention as follows:

– Liquids|Biomass, Liquids|Bioenergy, Biofuel ⇐ Liquid biofuels;

– Liquids|Fossil, Liquids|Oil ⇐ Oil;

– Solids|Bioenergy, Solids|Biomass ⇐ Solid biofuels;

– Solids|Coal, Solids|Fossil ⇐ Coal;

– Gases, Gas ⇐ Natural gas;

– H2, Hydrogen (with trailing whitespace) ⇐ Hydrogen.

• Reconstruction by subtraction: any energy carrier missing within a parent aggre-

gate was recovered from the residual according to the following rules:

– Liquid biofuels = Liquids ↓ Oil (when Oil is present and Liquid biofuels is miss-

ing);

– Solid biofuels = Solids ↓ Coal (when Coal is present and Solid biofuels is missing);

– Oil = Liquids ↓ Liquid biofuels (when Liquid biofuels is present and Oil is miss-

ing).
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• Bunker disaggregation: Final Energy|Bunkers was split into International Avia-

tion and International Shipping using the shares of Final Energy|Bunkers|International

Aviation and Final Energy|Bunkers|International Shipping. The split was ap-

plied uniformly across bunker fuels, i.e., the two modes were assumed to have identical

bunker fuel mixes.

• Solid biofuel split: the Solid biofuels row in sectoral and residential demand

was split into Modern solid biofuels and Traditional solid biofuels using a

regional modern/traditional share derived from Primary Energy|Biomass|*. For each

region, we estimated the modern primary-biomass volume routed directly to sectoral

and residential use, M , as the residual after subtracting biomass used for secondary

energy production:

M = Primary Energy|Biomass|Solids↓ Secondary Energy|Heat|Biomass
0.9

↓Primary Energy|Biomass|Electricity↓Primary Energy|Biomass|Hydrogen.

(S4)

where 0.9 is the assumed e"ciency for converting biomass into delivered heat. Tra-

ditional direct biomass use T was taken as Primary Energy|Biomass|Traditional,

assumed to flow exclusively to sectoral and residential use rather than secondary en-

ergy production. The shares M/(M + T ) and T/(M + T ) were then applied to split

the Solid biofuels row. This implicitly assumed that modern and traditional pri-

mary biomass converted to their respective solid-biofuel forms with equal e"ciency, so

that the share computed at the primary-biomass level transferred to the solid-biofuel

(secondary) level.

At the end of Step 1.1, energy-to-sector was dimensioned as 26 IMAGE regions ↔ 18

consuming sectors and transport modes (10 non-transport sectors plus 8 transport modes,

after the Bunkers row was split into International Aviation and International Shipping) ↔
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9 energy products (Solid biofuels split into Modern and Traditional). The Non-Energy Use

sector had no Heat input.

Step 1.2: Construct the energy use table for secondary energy production

(energy-to-elec/heat/h2). Following IEA accounting, which IMAGE adopts, this step

covered only energy transformation, i.e., fuel inputs that were converted into a di!erent

energy carrier. Energy industry own use—energy consumed inside the energy sector for

heating, pumping, traction, and lighting, together with non-energy uses such as lubricants

and waxes—could be reported by IMAGE under Final Energy|* and allocated to the Other

Industries aggregate, so it was captured in Step 1.1 rather than here. To represent how

fuels were consumed in producing delivered electricity, heat, and hydrogen, we combined (i)

primary-energy inputs reported for secondary-energy production with (ii) secondary-energy

cross-flows, converted to implied inputs using e"ciencies:

• Primary-energy inputs to electricity and hydrogen: fuel inputs reported by

IMAGE as PrimaryEnergy|f|Electricity and PrimaryEnergy|f|Hydrogen were

taken directly as upstream inputs to delivered electricity and hydrogen production.

These series were subsequently corrected at flagged points when SecondaryEnergy|E

lectricity|f exceeded PrimaryEnergy|f|Electricity (see the electricity balance

correction in Step 1.4).

• Primary biomass reclassified as solid biofuels: Primary Energy|Biomass|* in-

puts to secondary-energy production were converted into Modern solid biofuels in-

puts to avoid double counting with biomass used for biofuels (detailed in Section S1.2.3.4).

The conversion used Efficiency|Solids|Biomass|Woody as a region-specific factor.

• Heat inputs from delivered heat: because primary inputs to heat production

are not reported, they were derived from Secondary Energy|Heat|* divided by an

assumed heat-conversion e"ciency of 0.9.

• Cross-inputs between electricity and hydrogen: SecondaryEnergy|Electric
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ity|Hydrogen and SecondaryEnergy|Hydrogen|Electricity were converted into

implied inputs using Efficiency|Electricity|Hydrogen (regional) and Efficiency

|Hydrogen|Electricity (reported at the world level).

At the end of Step 1.2, energy-to-elec/heat/h2 was dimensioned as 26 IMAGE regions

↔ 3 producing sectors (Electricity, Heat, Hydrogen) ↔ 5 input energy products (Coal, Oil,

Natural gas, Modern solid biofuels, and Hydrogen for Electricity and Heat; Coal, Oil, Natural

gas, Modern solid biofuels, and Electricity for Hydrogen).

Step 1.3: Merge the two tables and disaggregate electricity by technology.

The tables from Steps 1.1 and 1.2 were merged into a single physical energy use table

(without trade). To resolve electricity by generation technology, we extracted the regional

electricity production mix from Secondary Energy|Electricity|* and used the result-

ing regional ratios to (i) split the Electricity product row in both energy-to-sector

and energy-to-elec/heat/h2 into 12 technology-specific electricity sub-products (Biomass,

Hydrogen, Coal, Oil, Gas, Geothermal, Hydro, Nuclear, Wind, CSP, PV, Other), and (ii)

split the Electricity sector in energy-to-elec/heat/h2 into 5 fuel-specific electricity-

production sub-sectors (“Production of electricity by {coal, oil, natural gas, modern solid

biofuels, hydrogen}”). The product side and the sub-sector side were intentionally asym-

metric here: only the five fuel-burning technologies consumed an energy carrier as a tracked

input and therefore appeared as producing sectors in energy-to-elec/heat/h2, whereas the

seven non-fuel technologies (Geothermal, Hydro, Nuclear, Wind, CSP, PV, Other) consumed

no energy carrier in IMAGE and so had no row of inputs at this stage. Their producing sec-

tors were introduced later when the energy table was layered onto the EXIOBASE economic

table.

Step 1.4: Screen inconsistencies and apply corrections. Because energy is lost at

each conversion stage, the energy product quantity at an earlier stage must always exceed

that at the corresponding later stage. We screened the merged table point-wise across regions

and applied the following corrections where this rule was violated:
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• Heat balance: if the regional sum of sectoral and residential heat demand exceeded

Secondary Energy|Heat, then Secondary Energy|Heat was set to that demand di-

vided by 0.85 (15% assumed loss from delivered heat to sectoral and residential use)

and all Secondary Energy|Heat|* inputs were scaled by the same ratio. The 0.85

figure was calibrated against IMAGE outputs themselves: from 2035 onwards the im-

plied secondary-to-final heat loss was around 14% in CHN and 18% in WEU, and fell

from 40% to 18% in USA. We adopted 15% as a representative central value. (The

primary-to-secondary heat-conversion e"ciency of 0.9 used in Steps 1.1 and 1.2 is a

separate, technology-side parameter taken from the literature, not the same quantity.)

If Secondary Energy|Heat was zero at a flagged point, the corresponding Heat row

in energy-to-sector for that region was set to zero (the heat producing block in

energy-to-elec/heat/h2 was already empty in this case, since zero secondary heat

output implied zero Secondary Energy|Heat|* inputs).

• Electricity balance: for each fuel f ≃ {Biomass, Oil, Gas, Coal}, if SecondaryEne

rgy|Electricity|f exceeded PrimaryEnergy|f|Electricity, then PrimaryEnerg

y|f|Electricity was scaled up to match the implied requirement, using an average

regional e"ciency estimated from “normal” points where SecondaryEnergy|Electric

ity|f⇒PrimaryEnergy|f|Electricity.

Step 1.5: Add bilateral trade. Trade was assumed to occur for coal, oil, natural gas,

hydrogen, modern solid biofuels, and liquid biofuels at all stages, but not for electricity or

heat. Bilateral sourcing was constructed in two passes.

First, hydrogen — for which IMAGE reports no trade matrix. Total regional hydro-

gen demand was computed as the sum of (i) sectoral and residential hydrogen demand,

(ii) hydrogen used for heat production (Secondary Energy|Heat|Hydrogen / 0.9), and

(iii) hydrogen used for electricity production (SecondaryEnergy|Electricity|Hydroge

n / Efficiency|Electricity|Hydrogen). Every region’s Secondary Energy|Hydrogen

(and Secondary Energy|Hydrogen|*) supply was then scaled by the same global ratio of
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global hydrogen demand to global hydrogen supply, and Primary Energy|*|Hydrogen in-

puts were scaled by the same ratio. A bilateral hydrogen trade matrix was then built by

allocating domestic supply first and distributing residual demand across exporters in pro-

portion to their residual supply.

Second, the remaining traded fuels. For coal, oil, and natural gas (net-trade data) and

for modern solid and liquid biofuels (bilateral-trade data), exporter shares were obtained

by normalizing the bilateral matrices column-wise (importer-wise) and used to disaggregate

each importing region’s demand into bilateral sources. Negative entries in the coal, oil,

and natural gas trade matrices, which represented net trade in the opposite direction to

the positive entries, were clipped to zero before normalization. Products without trade data

(electricity, heat, and their sub-products) were assumed to be supplied domestically (identity

trade). The resulting physical energy MRIO table was at the IMAGE 26-region resolution

and expressed in EJ. In MRIO table form it was dimensioned as 26 source regions ↔ 20

energy products (the 9 energy products from Step 1.1 with Solid biofuels disaggregated to

Modern and Traditional solid biofuels, with the original Electricity row replaced by 12

technology-specific electricity sub-products: 9 ↓ 1 + 12 = 20) by 26 destination regions ↔

25 sector columns (10 non-transport sectors + 8 transport modes after the Bunkers split

into International Aviation and International Shipping + Heat + Hydrogen + 5 fuel-specific

electricity-production sub-sectors).

Step 2: Monetization. Producer prices were obtained from IMAGE and applied to

the physical energy MRIO table:

• Carrier prices from IMAGE: IMAGE reports two upstream price variables that

we drew on. Price|Primary Energy|* is the price of a primary fuel at the global

or regional spot market, which for the traded fossil fuels (coal, oil, and natural gas)

is a close proxy for the producer price at the point of extraction. Price|Secondary

Energy|* is the price at the regional wholesale market: from a supply-curve perspec-

tive, it corresponds to the highest producer price among the regional suppliers plus
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transportation, i.e., a delivery price. We purposefully avoided Price|Final Energy|*

variables because they additionally include transmission and distribution costs as well

as carbon prices. Our assignment was therefore: Price|Primary Energy|* for fos-

sil fuels (coal, oil, and natural gas); Price|Secondary Energy|* for electricity and

heat, which are largely produced and consumed locally so the delivery price is a close

proxy for the producer price; and Price|Secondary Energy|* for hydrogen and mod-

ern solid and liquid biofuels, which served as a stand-in for the producer price that

IMAGE does not report (we accepted the implicit transport mark-up). Traditional

solid biofuels were assigned a zero price, reflecting the assumption that they were

gathered or self-supplied without market exchange. All other prices were expressed in

$2010 per GJ.

• Cross-check against EXIOBASE: IMAGE prices were compared with the ratio of

EXIOBASE 2015 monetary product output to the physical production from the energy

MRIO table. The IMAGE values were retained as the more reasonable estimates.

• Electricity prices by technology: prices were di!erentiated by generation tech-

nology under the assumption of globally and temporally constant relative cost ratios

across technologies, with wind power as the reference (Table S3). For each region and

year, the wind-power price was solved such that the production-weighted average of the

technology-specific prices equalled the IMAGE Price|Secondary Energy|Electricity,

and each technology’s price was obtained by scaling the wind price by its relative cost

ratio.

• Monetization and aggregation: the physical energy MRIO table was monetized by

applying these region-, energy-product-, and (for electricity) technology-specific prices.

The resulting monetary MRIO table was aggregated by summation from the 26 IMAGE

regions to the 20-region unified resolution.
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Table S3: Literature-based Levelized cost of electricity (LCOE) by generation technology,
used to derive the relative cost ratios across electricity technologies in the monetization step.
Mean 2019–2021 is taken as a representative pre-shock value. The relative cost ratio is
computed as the technology mean divided by the wind-power mean over 2020 (wind = 1).

prospective MRIO product IMAGE product Mean
2019–2021
[$/MWh]

Relative cost
(wind = 1)

Electricity by nuclear Secondary Energy|Electricity|Nuclear 161.67† 4.08
Electricity by solar thermal Secondary Energy|Electricity|Solar|CSP 141.00† 3.55
Electricity by coal Secondary Energy|Electricity|Coal 109.67† 2.76
Electricity by Geothermal Secondary Energy|Electricity|Geothermal 82.00† 2.07
Electricity by natural gas Secondary Energy|Electricity|Gas 58.33† 1.47
Electricity by solar photovoltaic Secondary Energy|Electricity|Solar|PV 37.67† 0.95
Electricity by wind Secondary Energy|Electricity|Wind 39.67†,a 1.00
Electricity by hydro Secondary Energy|Electricity|Hydro 47.67‡ 1.20
Electricity by solid biofuels Secondary Energy|Electricity|Biomass 71.00‡ 1.79
Electricity by hydrogen Secondary Energy|Electricity|Hydrogen 174.17‡,b 4.39
Electricity by other Secondary Energy|Electricity|Other 83.29c 2.10
Electricity by oil Secondary Energy|Electricity|Oil 158.33d 3.99

Sources: †Lazard’s Levelized Cost of Energy Analysis (US-based). ‡IRENA Renewable Power Generation
Costs (global weighted average).
Notes: [Reference to be added]
aRepresented by Wind-Onshore, which is more common currently, but o!shore wind is growing rapidly.
b$1.74/kg H2 in Saudi Arabia and 9.99 kWh of electricity per kg H2, giving 1.74/9.99↔1000 ↗ 174.17 $/MWh.
cAssumed equal to the geothermal LCOE.
dOil price is ca. 5 times the natural gas price per MMBtu. Assuming a representative natural-gas fuel cost of
ca. $25/MWh of electricity (consistent with a Combined Cycle Gas Turbine heat rate of ca. 7 MMBtu/MWh
at $3–5/MMBtu gas), the oil-fired equivalent is ca. 5 ↔ 25 = 125 $/MWh, i.e., a fuel-cost increment of ca.
$100/MWh. Fuel cost is only part of LCOE, and we assume the infrastructure part is similar, so we add
$100 on top of the natural-gas LCOE (58.33 + 100 = 158.33 $/MWh). Oil-fired electricity is uncommon, so
no literature value is available.

S1.2.3.3 Agriculture demand and supply This subsection describes how IMAGE

and MAGNET outputs were preprocessed into a monetary agricultural use table based on a

physical agricultural use table, trade, and prices.

Step 1: Physical agricultural use table construction. The physical agricultural use

table represents, within each region, the use of agricultural products (crops and livestock) for

the three consumption purposes: food, feed, and other (mainly food-processing such as rice

and livestock processing). Demand for biofuel production was constructed separately from

the physical energy MRIO table and is described in Section S1.2.3.4. Two complementary

data sources were used:

S19



• IMAGE reports regional physical demand of crops and livestock, disaggregated by

consumption purposes (food, feed, and other), in million Dry Matter (DM) tonnes

(Agricultural Demand|*). It also reports regional price indices for crops and live-

stock relative to the 2019 base year (Price|Agriculture|Food Products|Crops|*

and Price|Agriculture|Food Products|Livestock), which were used to project

base-year producer prices to each scenario year in Step 2.

• MAGNET, the agro-economic module of IMAGE, reports bilateral monetary and

physical trade of crops and livestock (monetary trade in constant $2017; physical trade

in Wet Matter (WM) tonnes), regional production quantities, and crop-specific mois-

ture content used to convert producer prices between WM and DM terms in Step 2.

We first extracted IMAGE demand (Step 1.1), then constructed and harmonized the MAG-

NET bilateral trade matrices (Steps 1.2–1.3), and finally disaggregated IMAGE regional

demand into bilateral flows based on the trade matrices to construct the physical agricul-

tural MRIO table (Step 1.4). Producer prices were addressed in Step 2.

Step 1.1: Extract IMAGE demand. Regional crop and livestock demand under

SSP2 across the three IMAGE consumption purposes was extracted in million DM tonnes

for every scenario year from the following Agricultural Demand|* variables:

• Crop demand by purpose: Agricultural Demand|Crops|Food|*, Agricultural

Demand|Crops|Feed|*, and Agricultural Demand|Crops|Other|*, where * enumer-

ates the IMAGE crop categories.

• Livestock demand by purpose: Agricultural Demand|Livestock|Food, Agricultural

Demand|Livestock|Feed, and Agricultural Demand|Livestock|Other. These were

reported at the aggregated livestock level and were further split into ruminant and

non-ruminant species using the regional shares derived from AgriculturalDemand|

Livestock|Food|* (where * enumerates Ruminant and Non-ruminant), under the

assumption that the species mix was consistent across purposes.
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The extracted demand was aggregated from the IMAGE region–product resolution to the

20-region unified resolution by summation through the concordances (SI2).

Step 1.2: Construct the full bilateral physical trade matrix in MAGNET.

MAGNET reports bilateral physical trade between exporters and importers but does not

directly fill the diagonal of each trade matrix (a region’s domestic supply of its own produc-

tion). Following the MAGNET modelling assumption that produced commodities are either

supplied to domestic markets to satisfy demand by private households and governments or

exported, and that demand is met by national producers or by imports, we computed the

diagonal as production minus total exports (Eq. S5)6. This construction implicitly assumed

that all imports were for domestic use and all exports came from local production (i.e., no

re-exports), consistent with the MAGNET modelling assumption but not necessarily with

raw observed trade. In our processed MAGNET data, no region–product cell yielded a neg-

ative diagonal. Spot checks of the resulting diagonals matched expectation: for example,

Western Europe imported a substantial share of wheat from Ukraine, while cattle was mostly

domestically supplied across regions because livestock itself is rarely traded internationally

(meat trade is not reported in MAGNET). The diagonal of the bilateral monetary trade

matrix was left empty.

QMAGNET
r,r,p = Qprod

r,p ↓
∑

r→ ↗=r

QMAGNET
r,r→,p (S5)

Where:

• r is the producing region and r→ is any other region.

• p indexes the agricultural product.

• Qprod
r,p is the MAGNET production of product p in region r.

• QMAGNET
r,r→,p is the MAGNET physical export flow of product p from region r to region

r→, so QMAGNET
r,r,p is the imputed domestic supply on the diagonal.
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Step 1.3: Harmonize the bilateral trade matrices to the unified resolution.

The bilateral physical trade matrix with diagonal filling, the bilateral physical trade matrix

without diagonal filling, and the bilateral monetary trade matrix were aggregated from the

native MAGNET region–product resolution to the 20-region unified resolution by summing

across exporter and importer regions and aggregating products through the concordances

(SI2). Within MAGNET, producer prices are assumed identical across purchasers within

the same product. After aggregation this no longer held at the unified resolution, because

the aggregated price was essentially a quantity-weighted average over MAGNET subregions

and subproducts.

Step 1.4: Construct the physical agricultural MRIO table. The physical agricul-

tural MRIO table was constructed by disaggregating, for each product, the unified-resolution

regional demand from Step 1.1 into bilateral flows using the MAGNET physical-trade import

ratios derived from the harmonized trade matrix with diagonal filling (Step 1.3). The diag-

onal entries of the import-ratio matrix represented domestic supply. The resulting physical

agricultural MRIO table was at the 20-region unified resolution and expressed in million DM

tonnes. It spanned 3 consumption purposes (food, feed, other).

Step 2: Monetization. Producer prices were estimated from the MAGNET 2019 trade

data (Step 2.1) and projected to each scenario year using IMAGE price indices (Step 2.2),

then applied to the physical agricultural MRIO (Step 2.3).

Step 2.1: Derive base-year producer prices. Base-year (2019) producer prices

in WM terms were derived from the 2019 MAGNET aggregated physical and monetary

trade matrices without diagonal entries (Eq. S6). The aggregated trade was preferred over

the native MAGNET trade because it directly yielded an e!ective producer price for each

(region, product) pair at the unified resolution.

ωbase,WM
r,p =

∑
r→ ↗=r M

MAGNET,2019
r,r→,p∑

r→ ↗=r Q
MAGNET,2019
r,r→,p

(S6)

Where:
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• r is the exporting region (producer), r→ ⇑= r indexes other importing regions.

• p indexes the agricultural product at the unified resolution.

• MMAGNET,2019
r,r→,p is the bilateral monetary MAGNET trade flow in 2019 (in million $2017).

• QMAGNET,2019
r,r→,p is the bilateral physical MAGNET trade flow in 2019 (in WM tonnes).

• ωbase,WM
r,p is the base-year producer price of product p in region r (in $2017 per WM

tonne).

Manual price corrections were applied at a small number of region–product cells where

the MAGNET-derived prices were inconsistent with the downstream input–output checks of

biofuel production (Section S1.2.3.6):

• The prices of sugar cane and sugar beet in CHN, RAM, and RAS were unreasonably

high, which would otherwise drive the monetary biofuel output below the cost of crop

inputs. These prices were replaced by the average of structurally comparable regions

where the price was reasonable: BRA and MEX for RAM; INDIA, INDO, ME, TUR,

and RUS for CHN and RAS.

The corrected base prices were converted from WM to DM tonnes using crop-specific moisture-

content data from MAGNET, harmonized from the MAGNET crop resolution to the unified

product resolution by averaging across MAGNET subcategories within each unified product.

There were still outliers in the resulting base prices at regions with negligibly small

production for a given product. We did not further revise these because we could not

reliably distinguish real product di!erences across regions from MAGNET data noise.

Step 2.2: Compute future producer prices. Future producer prices under SSP2

were computed for every scenario year by combining the base-year DM prices with regional

price indices reported by MAGNET in IMAGE:

• For each unified region and unified product, the IMAGE price index (relative to the

2019 base year) was aggregated from the IMAGE region–product resolution to the
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unified resolution as an average over IMAGE subregions mapped to the unified region

and over IMAGE subproducts mapped to the unified product (subproduct grouping is

defined entirely by the product concordance, SI2).

• IMAGE reports a single livestock price index that is not di!erentiated by species. We

applied this same index to both the ruminant and non-ruminant unified products.

• The future producer price was then computed as base price multiplied by price index

(Eq. S7).

ωfut
r,p = ωbase,DM

r,p · I IMAGE
r,p (S7)

Where:

• r is the producing region and p indexes the agricultural product at the unified resolu-

tion.

• ωbase,DM
r,p is the 2019 producer price in DM terms (in $2017 per DM tonne).

• I IMAGE
r,p is the scenario-year IMAGE price index for product p in region r under SSP2

(relative to the 2019 base year).

• ωfut
r,p is the resulting scenario-year producer price (in $2017 per DM tonne).

Step 2.3: Monetize the physical agricultural MRIO. The physical agricultural

MRIO from Step 1.4 was monetized row-by-row by the corresponding scenario-year pro-

ducer prices from Step 2.2 and converted from $2017 to $2010 using a constant deflator

of 0.89 [U.S. Bureau of Labor Statistics inflation calculator]. The result was the monetary

agricultural MRIO in million $2010 at the 20-region unified resolution and across the three

food/feed/other purposes.
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S1.2.3.4 Crops for biofuel production This subsection describes how the fourth crop-

consumption purpose – crop inputs for biofuel production – was constructed separately

from the IMAGE crop and livestock demand variables (which cover only food, feed, and

other) and integrated into the agricultural MRIO. The construction proceeded in three steps:

we derived biofuel production from the physical energy MRIO and translated it into crop

inputs by biofuel pathway (Step 1), monetized these inputs with a crop price (Step 2), and

concatenated the result with the food/feed/other agricultural MRIO (Step 3). Only Liquid

biofuels and Modern solid biofuels carried biofuel-crop inputs in this pipeline: Traditional

solid biofuels were assumed to be gathered or self-supplied without market exchange (and

already carried a zero price in the energy monetization), so they were not represented as a

biofuel feedstock in either the physical or the monetary biofuel-crop matrix here.

Step 1: Physical biofuel-crop use table construction.

Step 1.1: Extract regional biofuel production from the physical energy MRIO.

Regional production of Liquid biofuels and Modern solid biofuels (in EJ) at the IMAGE 26-

region resolution was extracted from the physical energy MRIO by summing the bilateral

physical flows along the row of each regional biofuel product. This yielded a regional biofuel

production that was internally consistent with the regional demand for biofuels and the

IMAGE bilateral biofuel trade in the energy MRIO. The same regional biofuel production

could in principle be read directly from IMAGE Secondary Energy|Production|* variables

(covering ethanol, biodiesel, biomass-to-liquid, and charcoal-type pathways). The two were

not identical at the regional level but agreed within the same order of magnitude. Here, we

used the production consistent with the energy MRIO.

Step 1.2: Disaggregate by pathway and convert to crop inputs. Each regional

biofuel total was disaggregated into specific biofuel pathways using the regional shares of

various pathways (Secondary Energy|Production|*) from IMAGE, with CCS and non-

CCS variants of each pathway aggregated together (the CCS variants are tracked separately

in IMAGE for emissions accounting and use the same upstream feedstock). The crop input
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required by each pathway b in region r was then computed as biofuel production divided by

the corresponding pathway-specific conversion e"ciency (Eq. S8):

• Liquid-biofuel pathways used Efficiency|Liquids|*, covering Maize-to-ethanol, Sugar-

crops-to-ethanol (sugar cane and sugar beet), and Oil-crops-to-biodiesel, Woody/Non-

woody (Grassy)-to-ethanol/FT-diesel/Methanol.

• Solid-biofuel pathways used Efficiency|Solids|*, covering Woody, Non-woody (Grassy),

and Residues. The residue-pathway e"ciency was set to the regional mean of the re-

ported Woody and Non-woody (Grassy) e"ciencies for that region, because IMAGE

does not report a residue-specific e"ciency.

The crop inputs in EJ were then converted to million DM tonnes using crop-specific lower

heating values from the literature (Table S4).

Qcrop
r,c,b =

Qbiofuel
r,b

εIMAGE
r,b

· 1

LHVc
(S8)

Where:

• r is the producing region, b indexes the biofuel pathway, and c indexes the crop feed-

stock used by pathway b (uniquely determined by the pathway).

• Qbiofuel
r,b is the production of biofuel pathway b in region r (in EJ).

• εIMAGE
r,b is the IMAGE conversion e"ciency from feedstock to biofuel.

• LHVc is the literature lower heating value of crop c (in EJ per million DM tonnes).

• Qcrop
r,c,b is the resulting crop-input demand (in million DM tonnes).
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Table S4: Literature-based Energy content and 2010 world prices (in dry-matter terms) used
to monetize biofuel-crop inputs.

Crop (prospective MRIO) Energy content [GJ/t DM] World price 2010 [$2010/t DM]

Non-woody solid biomassa 18.407,8 63.709

Woody solid biomassb 18.607,8 46.5010

Sugar cane, sugar beetc 16.50 -
Oil seedsd 32.35 -
Cereal grains n.e.c.e 18.60 -
Residue for solid biofuelsf 15.25 38.00

Notes:
aRepresented by switchgrass. $2011 to $2010 deflator 0.98.
bRepresented by hybrid willow (2014). $2014 to $2010 deflator 0.93.
cEnergy content derived from sugarcane11 and sugar-beet pulp12.
dEnergy content averaged from rapeseed (41.4 MJ/kg DM)13 and soybean (23.3 MJ/kg DM) 14.
eRepresented by maize15.
fEnergy content averaged from wood16 and crop residue17. Price represented by corn stover ($28.49–
$48.14/t18, dry-mass content 77.5%19). $2022 to $2010 deflator 0.77.

Step 1.3: Harmonize to the unified resolution. The pathway-resolved crop inputs

were aggregated from the IMAGE 26-region and pathway resolution to the 20-region unified

resolution by summing across IMAGE regions within each unified region, summing across

pathways that drew from the same crop, and aggregating crops through the concordances

(SI2). The aggregation was performed before monetization so that the unified-resolution

prices from Section S1.2.3.3 could be applied directly.

Step 2: Monetization with crop-specific price regimes. The aggregated physical

crop inputs for biofuel production were monetized using di!erent price regime per crop class.

• Food-grade feedstocks (sugar cane and sugar beet, oil crops, maize): the scenario-

year SSP2 producer prices derived in the agricultural preprocessing (Step 2.2 of Section

S1.2.3.3) were reused, after applying the same $2017–$2010 deflator of 0.89 used in

agricultural Step 2.3. We assumed biofuel-grade crops were at the same price as food-

grade.

• Woody and non-woody (grassy) solid biomass: a single global, constant lit-

erature price in $2010 per DM tonne was applied (Table S4) – one value per crop

class, identical across regions and across years. We considered using Price|Primary
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Energy|Biomass from IMAGE but rejected it on rationality grounds. Conceptually,

woody and grassy biomass should remain cheaper than food crops because (i) the man-

agement required is simpler than for food crops, and (ii) under demand-driven price

increases, farmers would shift from food crops to biofuel crops, raising food prices in

tandem – so biomass prices alone cannot persistently exceed food prices in equilibrium.

With Price|Primary Energy|Biomass, biomass for biofuel became more expensive

than the cheapest food crop (sugar crops) as early as 2030, and the gap widened over

time as IMAGE projected food-crop prices to fall and biomass prices to rise. Crop and

biomass prices are modelled separately in IMAGE and this potential inconsistency is

not reconciled there. With a constant literature anchor, biomass started cheaper than

food crops in the base year. We acknowledged that for a few region–year combina-

tions the modelled food-crop price fell below the constant literature biomass price. We

accepted this minor inversion rather than tracking food-crop prices dynamically for

biomass.

• Residues: a single global, constant literature price was applied (Table S4). In principle

residues (a byproduct of other agricultural activities) can be cheaper than dedicated

woody and grassy biomass. With future demand increases their price could rise toward

the woody and grassy level but should still remain below the food-crop price.

Step 3: Combination with the food, feed, and other agricultural demand. The

monetary biofuel crop-input matrix in million $2010 was concatenated with the monetary

agricultural MRIO from Section S1.2.3.3 (which covers the food, feed, and other purposes)

to form the complete agricultural MRIO supplied to the projection framework. The same

concatenation was also performed on the physical side, yielding the complete physical agri-

cultural MRIO. One manual override was applied at this step in both the physical and the

monetary matrices: Agricultural Demand|Crops|Other|Sugar crops for BRA was set to

zero, because the IMAGE estimate for this cell was implausibly large, while the large con-

sumption of Sugar crops in BRA used for liquid biofuel production consistent with reality20
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had already been reflected in energy use.

S1.2.3.5 Heavy industry and transport This subsection describes how the prospec-

tive physical and monetary outputs of the four heavy industries (Chemicals, Iron and Steel,

Pulp and Paper, Non-metallic Minerals) and the four transport modes (Air, Other land,

Railway, Water transport) were obtained. IMAGE reports physical production for these

sectors but no monetary output, so monetization relied on a single historical price anchor

from EXIOBASE 2015. We chose 2015 rather than 2019 because IMAGE reports outputs

only on a five-year time grid (. . . , 2015, 2020, 2025, . . . ), and the 2020 step coincides with

the COVID-19 pandemic, which would have distorted the implicit price anchor.

Step 1: Physical output extraction from IMAGE. Sectoral physical outputs were

extracted as Production|* (in Mt) for the four heavy industries and EnergyService|Tran

sportation|* (in billion tonne-km) for the four transport modes, then aggregated from the

26 IMAGE regions to the 20-region unified resolution and from IMAGE-specific products to

the unified product list through the concordances (SI2).

Step 2: Monetization using EXIOBASE-derived implicit prices.

• Implicit price from a single historical anchor: for each region–product pair, the

implicit price was set as the ratio of EXIOBASE 2015 monetary product output to

the corresponding IMAGE 2015 physical production (Eq. S9). This was equivalent to

assuming constant historical prices that were carried forward unchanged.

• Filling missing prices: region–product pairs for which IMAGE reported zero physical

production in 2015 (so that the implicit price was undefined) were filled with the mean

implicit price of the same product across regions where production was non-zero.

• Manual corrections: a small number of implicit prices were then manually corrected

because the underlying EXIOBASE monetary output appeared underestimated, which

would otherwise drive the prospective monetary output below the cost of energy inputs

in the input–output check (Section S1.2.3.6):
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– Water and railway transport services in MEX: replaced by the average of RAM

and BRA.

– Water transport services in CEU: set to half the price of WEU.

• Price application: the corrected implicit prices were applied to the IMAGE physical

production under SSP2 for every scenario year to obtain the prospective monetary

outputs in $2010.

ωimpl
r,p =

MEXIO,2015
r,p

QIMAGE,2015
r,p

(S9)

Where:

• r is the producing region and p indexes the heavy industry or transport product at the

unified resolution.

• MEXIO,2015
r,p is the EXIOBASE 2015 monetary product output (in billions of $2010 after

deflator conversion).

• QIMAGE,2015
r,p is the corresponding IMAGE 2015 physical production (in Mt for industries

or billion tonne-km for transports).

• ωimpl
r,p is the resulting implicit producer price.

S1.2.3.6 Input–output consistency check Once the prospective physical and mone-

tary tables had been assembled for all sectors, we ran a battery of input–output consistency

checks at the unified 20-region resolution to detect potential inconsistencies and conduct

corrections. Consistent with the scope of the IMAGE preprocessing described above, the

checks were run for SSP2 only but across all scenario years from 2025 onwards, so that any

inconsistency observed at any point along the SSP2 timeline was recorded and traced back

to its source, rather than only diagnosing the target year 2035. Only the 2035 SSP2 outputs

S30



were retained for the downstream Leontief projection and optimization. We separated phys-

ical checks (in EJ, on the physical energy use table) from monetary checks (in $2010, on the

monetized outputs of the previous subsections), then summarized all corrections that were

introduced earlier as a consequence of these checks plus the inconsistency screening in the

energy preprocessing.

Physical checks (in EJ, on the physical energy use table).

• Secondary energy product balance: physical inputs vs. physical output for each

secondary energy product, per region. The check was run on Heat, Hydrogen, and the

five fuel-specific electricity sub-products (Electricity by coal, by natural gas, by oil, by

solid biofuels, and by hydrogen). For each product, the physical output was calculated

by summing demand across all consuming sectors, then compared against the physical

input from the corresponding upstream energy carriers.

Monetary checks (in $2010, on the monetized outputs of the previous sub-

sections). For each producing sector, the monetary cost of inputs was compared with the

monetary output, per region:

• Heavy industry and transport: monetary energy inputs vs. monetary output of

each heavy-industry sector (Chemicals, Iron and Steel, Pulp and Paper, Non-metallic

Minerals) and transport mode (Air, Other land, Railway, Water transport).

• Biofuel production: monetary crop inputs vs. monetary output of Liquid biofuels

and Modern solid biofuels production. Traditional solid biofuels were excluded because

they carried a zero price by construction (Section S1.2.3.4).

• Secondary energy production: monetary energy inputs vs. monetary output of

electricity (aggregate Electricity), heat, and hydrogen production.

• Zero-input / zero-output screening: non-zero monetary output with zero mone-

tary input, and non-zero monetary input with zero monetary output, both flagged as

inconsistencies in the scenario data.
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Summary of abnormalities and corrections introduced earlier. The abnormali-

ties flagged by the checks above and by the inconsistency screening in the energy preprocess-

ing were resolved by the following corrections, all already described in the relevant earlier

subsection:

• Energy demand and supply, Step 1.4 (heat balance): for many regions and

years, the flagged imbalance was that Final Energy|*|Heat exceeded the primary-

energy inputs derived from Secondary Energy|Heat divided by the conversion e"-

ciency. Tracing the chain, the secondary-to-primary link was consistent, while Final

Energy|*|Heat already exceeded Secondary Energy|Heat in IMAGE itself, contra-

dicting the expected energy-loss direction. Where this occurred, Secondary Energy|Heat

(and its |* input breakdown) was scaled up to (regional sum of sectoral and residential

heat demand) / 0.85. Where Secondary Energy|Heat was zero at a flagged point, the

corresponding Heat row in energy-to-sector was set to zero for that region.

• Energy demand and supply, Step 1.4 (electricity balance): for several electric-

ity sub-products in specific regions and years, the inferred output (FinalEnergy|*|El

ectricity disaggregated by Secondary Energy|Electricity|* ratios) exceeded the

input from Primary Energy|*|Electricity, which would imply impossible conver-

sion e"ciencies. The link from final to secondary energy was consistent. The source

was where Primary Energy|*|Electricity was underestimated relative to Seconda

ryEnergy|Electricity|* in the a!ected years while remaining consistent in other

years. Accordingly, for f ≃ {Biomass, Oil, Gas, Coal}, where SecondaryEnergy|El

ectricity|f exceeded PrimaryEnergy|f|Electricity, the latter was scaled up to

match using the average regional e"ciency from non-flagged years. The specific cases

corrected are:

– BRA, electricity by solid biofuels, 2025–2050: Primary Energy|Biomass|Electricity

estimated from the average e"ciency in other years.
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– CHN, electricity by oil, 2030: Primary Energy|Oil|Electricity estimated from

the average e"ciency in other years.

– CEU, electricity by natural gas, 2035–2040: Primary Energy|Gas|Electricity

estimated from the average e"ciency in other years.

• Agriculture demand and supply, Step 2.1 (sugar prices): the base prices of

sugar cane and sugar beet in CHN, RAM, and RAS were replaced by the average of

structurally comparable regions (BRA and MEX for RAM; INDIA, INDO, ME, TUR,

RUS for CHN and RAS), to avoid monetary biofuel output being much higher than

the cost of crop inputs.

• Heavy industry and transport, Step 2 (transport prices): the implicit prices

of water and railway transport services in MEX were replaced by the average of RAM

and BRA, and the implicit price of water transport services in CEU was set to half

the price of WEU. Both corrections targeted the energy-versus-sector-output monetary

check.

After applying the corrections above, no abnormalities remained in any of the physical

or monetary checks across all SSP2 scenario years.

S1.3 Leontief-based projection framework

Inputs. The aggregated EXIOBASE 2019 base coe"cient matrices (B, D, L) and

final-use matrix Y , together with the monetized IMAGE energy and agricultural use tables

and the heavy-industry/transport sector-output table at the unified resolution, all from the

preprocessing step (Section S1.2).

What this step does. Three matrix modifications D ⇐ D→, {B,L} ⇐ {B→, L→}, and

Y ⇐ Y → integrated the IMAGE-derived energy, agriculture, and heavy-industry/transport

information into the EXIOBASE 2019 base. The Leontief equations were then applied to

obtain the projected flows, followed by a post-projection cleaning step that narrowed the
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magnitude range fed to the downstream optimization. All values were expressed in billions

of $2010, consistent with the unified MRIO unit.

Outputs. The Leontief-based projected matrices A→, L→, Z →, V →, and F → at the unified res-

olution, and Z →, V →, and F → served as the base flows for the optimization step (Section S1.4.1).

S1.3.1 Construction of D→

The supply-share matrix D was modified to D→ by zeroing the entire product-column and

sector-row of every IMAGE-relevant product–sector pair, and then setting the entry at the

intersection of the pair’s principal sector and principal product to one. (Strictly speaking

this is not a diagonal entry, since the rows of D index region–sectors and the columns index

region–products. The operation pinned the supply share of the principal product to its

principal sector and broke any secondary supply links.) This enforced a one-to-one product–

sector mapping consistent with the physical modelling of IMAGE. The same construction was

applied to newly created sectors and products that did not exist in EXIOBASE (hydrogen,

electricity from hydrogen, woody-biomass, non-woody biomass, residue, liquid biofuels, and

modern solid biofuels): their sector-row and product-column in D→ were populated only at the

principal sector–product entry with a value of one, so that they entered the projection with a

fully specified supply share. For regional products without any supply in the base D (manure,

traditional solid biofuels, and biogas in certain regions), the principal sector–product entry

was likewise set to one, so that any downstream use of these products in B→ had a defined

source sector. After these modifications, every product column of D→ was renormalized to

sum to one. This step was needed because zeroing the sector-row of an IMAGE-relevant

pair also removed that sector’s secondary supply of other products, leaving those product

columns summing to less than one. Table S5 lists the IMAGE-relevant product–sector pairs

used for this construction.

Table S5. IMAGE-relevant product–sector pairs and agent-sector assignments at unified resolution. The

agent sectors are proxies for sectors available in IMAGE but newly added in EXIOBASE.
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Product Sector Agent sector (for B→, L→)

Wheat Cultivation of wheat –

Woody solid biomass for biofuels Production of woody solid biomass Forestry, logging and re-

lated service activities (02)

Non-woody solid biomass for bio-

fuels

Production of non-woody solid biomass Cultivation of plant-based

fibers

Paddy rice Cultivation of paddy rice –

Sugar cane, sugar beet Cultivation of sugar cane, sugar beet –

Oil seeds Cultivation of oil seeds –

Cereal grains n.e.c. Cultivation of cereal grains n.e.c. –

Vegetables, fruit, nuts Cultivation of vegetables, fruit, nuts –

Plant-based fibers Cultivation of plant-based fibers –

Crops n.e.c. Cultivation of crops n.e.c. –

Residue for solid biofuels Production of residue Cultivation of cereal grains

n.e.c.

Heat Steam and hot water supply –

Electricity by coal Production of electricity by coal –

Electricity by hydro Production of electricity by hydro –

Electricity by natural gas Production of electricity by natural gas –

Electricity by solar photovoltaic Production of electricity by solar photovoltaic –

Electricity by Geothermal Production of electricity by Geothermal –

Electricity by solar thermal Production of electricity by solar thermal –

Electricity by hydrogen Production of electricity by hydrogen Production of electricity by

natural gas

Electricity by nuclear Production of electricity by nuclear –

Electricity by other Production of electricity by other –

Electricity by wind Production of electricity by wind –

Electricity by solid biofuels Production of electricity by solid biofuels –

Electricity by oil Production of electricity by oil –

Hydrogen Production of hydrogen Chemical production

Continued on next page
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Product Sector Agent sector

Modern solid biofuels Production of solid biofuels Production of paper, pulp

and print

Liquid biofuels Production of liquid biofuels Chemical production

Coal Production of coal –

Natural gas Production of natural gas –

Oil Production of oil –

Non-metallic minerals Manufacture of Non-metallic minerals –

Air transport services Air transport –

Chemicals Chemical production –

Iron and steel Production of iron and steel –

Other land transportation services Other land transport –

Paper, pulp and print Production of paper, pulp and print –

Railway transportation services Transport via railways –

Water transportation services Water transport –

Ruminant livestock Ruminant livestock farming –

Non-ruminant livestock Non-ruminant livestock farming –

Manure (conventional treatment) Manure treatment (conventional), storage

and land application

–

Manure (biogas treatment) Manure treatment (biogas), storage and land

application

–

S1.3.2 Construction of B→ and L→

The base B and L coe"cients were first prepared by filling the empty columns produced

by EXIOBASE for sectors with zero output and by the newly created sectors:

• Before the peer/agent fill, columns where every B entry was zero but the L entry was

non-zero (an EXIOBASE rounding artefact for sectors with e!ectively zero throughput)

were detected, and the L entry was forced to zero so that the subsequent fill operated

on consistently empty columns.
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• For a regional sector with zero output in EXIOBASE, both the B column and the L

entry of the same column were filled with the peer mean across other regions for the

same sector.

• For a sector that did not exist in EXIOBASE (the newly created sectors, including pro-

duction of hydrogen, electricity from hydrogen, woody-biomass, non-woody biomass,

residue, liquid biofuels, and modern solid biofuels), both the B column and the L entry

of the same column were filled by copying the column of a designated agent sector in

the same region. The agent-sector mapping is listed in Table S5. The use coe"cients

of these new sectors therefore entered the projection as a copy of the agent-sector pat-

tern, before being overwritten where IMAGE energy and agriculture information was

integrated (as below).

• Sectors with neither a peer nor an agent (manure in our preprocessing) were left as

zero columns.

IMAGE energy and agriculture information was then integrated through two pathways.

The first pathway applied to sectors where IMAGE provides both energy or crop inputs

and the corresponding sector output (the heavy industries, transport modes, and secondary

energy production sectors—biofuels, electricity by coal/oil/gas/biofuels/hydrogen, heat, and

hydrogen production): coe"cients were calculated for the IMAGE energy or crop rows and

substituted into B as a complete block, including zero entries. The residual B rows to-

gether with the L entry of the same column were then adjusted to preserve the column-sum

constraint (Eq. S10). For the secondary energy production sectors, this block substitution

enforced the IMAGE accounting convention that the column contained only fuel inputs for

energy transformation: the energy-industry own use that EXIOBASE attributed to these

sectors (e.g., own electricity or non-energy carriers consumed inside electricity-from-coal) sat

on the substituted rows and was therefore zeroed out in B→, while the corresponding own-use

volumes were captured under the Other Industries aggregate, integrated through the second
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pathway. Four cases were distinguished by the new IMAGE coe"cient sum (the column sum

of the substituted IMAGE rows) and the original column sum of the same rows in the base

coe"cient:

• Zero IMAGE output (new sum = 0): the entire column of B→ and L→ was set to

zero, since the sector was inactive in the scenario.

• Negative-VA case (new sum > 1 and original sum < 1): the residual B rows were

left unchanged and L→ was assigned a negative value to absorb the excess, representing

a production subsidy.

• Existing negative VA preserved (new sum < 1 and original sum > 1): L→ was kept

at its base negative value, and the residual B rows were proportionally scaled so that

the column sum returned to one.

• Standard case (new sum and original sum on the same side of 1, i.e., both < 1 or

both > 1): the residual B rows and L→ were proportionally scaled together by a single

factor to preserve their relative composition, regardless of whether L→ was negative or

positive.

∑

i

B→
i,j + L→

j = 1 for all active region-sectors j. (S10)

The second pathway applied to sectors where IMAGE provides only aggregated-sector

inputs without a sector-specific output, namely the IMAGE aggregated sectors Agriculture,

Food Processing, Other Industries, and Other Sector for energy consumption, together with

the Food, Feed, and Other agricultural consumption purposes (covering both crop and live-

stock products). Treatment depended on the IMAGE aggregated-sector output and on the

type of input:

• Zero IMAGE aggregated-sector output. If the IMAGE structural-share column
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summed to zero (the corresponding aggregated IMAGE sector had zero scenario pro-

duction), the entire pMRIO sector column of B→ and L→ was set to zero.

• Energy products, and agricultural products for the Food and Feed purposes.

The existing total energy or agricultural input of each pMRIO sector was preserved and

reallocated across supplier products and regions in proportion to the IMAGE structural

shares.

• Agricultural products for the Other purpose (mainly food processing such as

livestock processing and rice processing). Agricultural products were assumed not

substitutable across products, so for each product separately the input of the pMRIO

sector was preserved and reallocated across supplier regions only, in proportion to the

IMAGE structural shares. Two sub-rules applied:

– If the EXIOBASE input of a given agricultural product in the pMRIO sector

was already zero, no reallocation was performed for that product even when the

IMAGE shares were positive: introducing a non-substitutable agricultural input

that did not exist in EXIOBASE was treated as out of scope for this step.

– If the IMAGE shares for an agricultural product were uniformly zero across all

suppliers, the column entries for that product were zeroed and the remaining B→

entries together with L→ were rescaled so that the column sum stayed at one.

Table S7 summarizes which sectors use coe"cients versus structural ratios.
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Table S7: Availability of IMAGE scenario data for inputs and sectoral outputs. Blue check-
marks (↭) indicate cells where both input data and total sector output were available,
enabling coe"cients to be calculated directly. Brown checkmarks (↭) indicate cells where
input data were available but total sector output was not. Text entries indicate cells where
input data were unavailable, and the text names the broader IMAGE consumption purpose
that covers the consuming sector and has inputs available.

Consuming Sector Energy Products Agricultural Products Total Sector Output

Energy production ↭ ↭ ↭
Heavy industries ↭ Other ↭
Transport ↭ Other ↭
Crop production Agriculture Other ↭
Livestock production Agriculture Feed ↭
Other industry Other Industries Other -
Other agriculture Agriculture Other -
Commercial services ↭ Food -
Food processing ↭ Other -
Final demand ↭ Food -

S1.3.3 Construction of Y → and Leontief solve

The final-use matrix Y was modified to Y → in two stages:

• Each region-product was mapped to one of the three IMAGE major VA sectors (agri-

culture, industry, services) through the product-to-major-VA-sector concordance (SI2),

and the corresponding region-product entry of Y was scaled by the ratio of IMAGE

2035 SSP2 VA to EXIOBASE 2019 VA in that major sector for that region (Eq. S11).

• The energy rows of Y → were then directly overwritten with the monetary residential

energy demand from IMAGE, and the agriculture rows were reallocated across agri-

cultural products and supplier regions in proportion to the IMAGE structural shares

of agricultural products for the Food purpose, while preserving each demand region’s

total final expenditure on agricultural products.

Y →
(r,p),d = Y(r,p),d ·

V IMAGE,2035
r,m(p)

V EXIO,2019
r,m(p)

(S11)
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Where:

• r is the supplying region.

• p is the supplying product.

• d is the final-demand region.

• m(p) is the IMAGE major VA sector (agriculture, industry, or services) to which

product p is mapped through the product-to-major-VA-sector concordance (SI2).

• Y(r,p),d and Y →
(r,p),d are the base-year and modified final-use entries.

• V EXIO,2019
r,m(p) is the EXIOBASE 2019 value added of region r aggregated to major VA

sector m(p).

• V IMAGE,2035
r,m(p) is the IMAGE 2035 SSP2 value added of region r in major VA sector m(p).

Rationale for the value-added-based scaling of Y . The structure of value added

and the structure of final demand are positively correlated through two mutually reinforcing

mechanisms, which together motivated using the regional VA ratio as the scaling factor

for Y . First, a price e!ect21: in agriculture and parts of industry, productivity gains over

the projection horizon outpace the increase in labour costs (and hence value added), so

the producer price falls while the producer price for services rises. Since the direct and

indirect demand for these products also grows more slowly than for services, sector output

and the corresponding final expenditure on agricultural and industrial products grow more

slowly than on services. Second, an income e!ect22: as regional incomes rise, household

preferences shift toward services, raising the services share of consumption expenditure.

Scaling Y by the regional VA ratio at the IMAGE major-sector level therefore reflected

the structural shift of the regional economy implied by the scenario. The direction of this

shift depends on the region’s stage of development—in lower-income regions consumption

reallocates from agriculture toward industry, while in higher-income regions it reallocates

from both agriculture and industry toward services.
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With the modified matrices in place, the pMRIO table was projected through the Leontief

equations:

A→ = D→B→ (S12)

F → = D→Y → (S13)

g→ = (I ↓ A→)↑1F → (S14)

Z → = A→ĝ→, V → = L→ĝ→ (S15)

Where:

• D→, B→, L→ are the modified supply-share, use coe"cient, and value-added coe"cient

matrices constructed in the previous subsubsections.

• Y → is the modified final-use matrix and F → is the corresponding sector-side final demand

obtained as D→Y →.

• A→ is the projected intermediate-coe"cient matrix.

• g→ is the vector of projected region-sector output, obtained by summing (I ↓ A→)↑1F →

across demand regions, and ĝ→ is its diagonalised form.

• I is the identity matrix.

• Z → is the projected intermediate matrix and V → is the projected value-added row vector

(1↔ region-sector), distinct from the raw EXIOBASE value-added vector V in Eq. S1.

Post-projection cleaning. The purpose of the post-projection cleaning was to narrow

the magnitude range of the data fed into the QCP optimization, which reduced numerical

di"culty in the downstream solve. The magnitude threshold 10↑6 in scaled units (i.e. 103

$2010, or $1,000) was chosen low enough that (i) the input–output balance of the projec-

tion was preserved within the solver’s feasibility tolerance (10↑3 in scaled units), and (ii) the
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cleaned zero/non-zero pattern remained consistent with the IMAGE-derived energy and agri-

culture tables. The latter consistency mattered because in the QCP optimization the prior

values from the projection entered as fixed parameters multiplied by scaling-factor variables,

and to reduce numerical di"culty these scaling-factor variables were locked at zero where

the projected flow was zero and bounded strictly positive otherwise. As a consequence, the

optimization could rescale the magnitude of any retained flow but could not turn an existing

zero into a non-zero, or vice versa, so any zero/non-zero disagreement between the cleaned

projection and the IMAGE inputs would have left the IMAGE constraint unsatisfiable.

• Magnitude cleaning of intermediate flows and value added. Any element of

F →, Z →, or V → with absolute value below 10↑6 in scaled units was set to zero. The coe"-

cient matrix A→ itself was not cleaned, because A→ was not consumed by the downstream

optimization. Only the cleaned flow matrices and their product-side counterparts (re-

computed below) were passed forward. As a residual safeguard, in the rare case where

this magnitude cleaning zeroed a sector’s input side (its column in Z → together with its

entry in V →) while its output side (its row in Z → together with its row in F →) still carried

non-zero entries, or vice versa, both sides of that sector were then forced to zero so the

sector was consistently inactive.

• Sign-consistency reconciliation against IMAGE. The cleaned Z →+F → was aggre-

gated to the IMAGE agriculture, energy, and heavy-industry / transport resolution and

compared cell-by-cell against the corresponding IMAGE-derived inputs (the agricul-

tural use table, the energy use table, and the heavy-industry / transport sector-output

table). Where the cleaned projection was zero but the corresponding IMAGE input

was non-zero, the IMAGE-side input was forcibly set to zero. The reverse case—non-

zero in the cleaned projection where IMAGE was zero—did not arise: the projection

inherited IMAGE’s zero pattern through both integration pathways, the Leontief solve

preserved that pattern, and magnitude cleaning could only add zeros.

S43



S1.4 Enforcement of scenario data through optimization

Inputs. The Leontief-based projected matrices Z →, V →, and F → from Section S1.3, together

with the IMAGE 2035 SSP2 scenario constraints for GDP, sectoral value added, sector

outputs of heavy industries and transports, energy output and consumption, and agricultural

output and consumption.

What this step does. A convex quadratic-constraint program (QCP) perturbed the

projected flows multiplicatively through cell-specific scaling factors so that the IMAGE sce-

nario data were met as equality constraints, while the deviations of the scaling factors from

their column means were minimized. The bound design, the stepwise activation of constraint

families, the objective weighting and solver settings, and the post-optimization derivation of

the final coe"cients and shares are detailed in the following subsubsections.

Outputs. The post-optimization flow matrices Z →→, V →→, and F →→, the derived intermediate-

coe"cient and value-added-coe"cient matrices A→→ and L→→, and the final-expenditure share

matrix E →→, all consistent with the IMAGE 2035 SSP2 scenario data and used for the down-

stream characterization step (Section S1.5).

S1.4.1 Multiplicative scaling-factor formulation and bound design

The optimization perturbed the Leontief-based projection multiplicatively: each entry of

Z →, V →, and F → was multiplied by a cell-specific scaling factor (Eq. S30), and the scaling factors

– rather than the transaction flows themselves – were the decision variables. This formulation

had two motivations. First, it preserved the zero/non-zero pattern of the Leontief-based

projection by construction: zero flows remained zero and could not be activated by the

solver, so the structural sparsity inherited from the priori-information integration step (and

ultimately from EXIOBASE 2019) was retained as a hard property of every pMRIO table.

Second, in combination with the column-mean objective (Eq. S29) it yielded a convex QCP to

minimize the coe"cient and expenditure share changes, for which CPLEX returned a global

optimum whenever feasible. The convexity proof is given in Section S1.4.6. If transaction
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flows themselves had been used as decision variables, such a convex QCP could not have

been formulated.

Cell-level scaling factor. The bounds on the scaling factors were derived from the

magnitudes of the active scenario data themselves rather than chosen arbitrarily. For

each scenario constraint family f ≃ {sector outputs, value added, energy consumption,

agriculture consumption}, we computed a cell-level closing factor

mf
p,q =

xscen,f
p,q

xproj,f
p,q

, (S16)

where xscen,f
p,q is the IMAGE scenario data for cell (p, q) under family f , and xproj,f

p,q is the

corresponding Leontief-projected aggregate at the resolution at which family f ’s constraint

applies (e.g., aggregated energy- or crop-consumer resolution for the energy and agriculture

consumption constraints, respectively, and region-sector resolution for sector outputs and

value added). Conceptually, mf
p,q is the cell-level scaling factor that would be required to

close the gap between the Leontief-based projection and the scenario constraints for family

f in isolation. Because mf
p,q was grounded in the active scenario data, the resulting bounds

were scenario-specific and adapted to the magnitude of the gap actually being closed in each

run.

Initial level and standard bounds. The initial level and bounds of each scaling factor

depended on its base flow:

• Cells with zero base flow. The initial level and both bounds were hard-locked to

0. This substantially shrank the active dimensionality of the QCP – the solver did not

explore values for cells whose flow was zero.

• Cells with non-zero base flow. The initial level was set to 1 (i.e., the Leontief-

based projection itself was the starting point of the optimization), and the bounds were
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specified as [min_m, max_m], derived from the cell-level closing factors as

min_m = min
f,(p,q):xproj,f

p,q ↗=0
mf

p,q, max_m = max
f,(p,q):xproj,f

p,q ↗=0
mf

p,q, (S17)

taken across all scenario constraint families active in the run. For the SSP2-M 2035

run reported in this paper, this gave min_m ↗ 4.6 ↔ 10↑4 and max_m ↗ 8.8 ↔ 103

– a su"ciently broad range that the optimum returned was global rather than local.

Because the scaling factor was strictly positive, the post-optimization flow inherited

the sign and non-zero status of the projected flow.

Exceptions to the standard bounds. Two cell groups departed from the standard

[min_m, max_m] rule. First, when all scenario constraints were applied at the same time,

applying the standard bounds uniformly produced numerical di"culties. The bounds for cells

of agricultural consumption were instead adjusted to [mcrop
p,q · 10↑4, mcrop

p,q · 104] around the

cell-specific closing factor, which aided convergence without sensitizing the global optimum.

Second, residential-energy entries within F → were fixed to a scaling factor of 1 in level,

lower, and upper bound, so that the IMAGE residential energy demand already plugged

into F → during the priori-information integration passed through the optimization unchanged.

Table S8 restates these bound conventions in the GAMSpy notation.

S1.4.2 Stepwise enforcement of scenario constraints

The series of pMRIO tables corresponding to individual and cumulative scenario con-

straints (Table 1 of the main text) was generated by manually toggling which equality equa-

tions were active in the GAMSpy script for each run. Each scenario constraint – on GDP,

sectoral VA, sector outputs of heavy industries and transports, energy output, energy con-

sumption, agricultural output, and agricultural consumption – was pre-coded as a separate

equality equation between the IMAGE target and the corresponding sum of scaled projected

flows. To produce a given run, the relevant equations were activated and the others were
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commented out, while the input–output balance equation was kept active in every run.

1. Macroeconomic constraints

GDP for each region k under the expenditure approach (equivalently, total output of

region k minus intermediate inputs absorbed by region k):

GDPk =
∑

j1↓J (k)

(
∑

j2

Z →
j1,j2 m

Z→

j1,j2 +
∑

k→

F →
j1,k→ m

F →

j1,k→

)
↓

∑

j2↓J (k)

∑

j1

Z →
j1,j2 m

Z→

j1,j2 , ⇓k ≃ R

(S18)

Value added aggregated to agriculture, industry, and services for each region k:

VAg
k =

∑

j2↓J (k)↘J (Sg)

V →
j2 m

V →

j2 , g ≃ {agr, ind, ser}, ⇓k ≃ R (S19)

2. Sectoral output constraints

For sectors with exogenous output trajectories (heavy industry and transport, energy,

and agriculture), the row sum equals the scenario output:

Xj1 =
∑

j2

Z →
j1,j2 m

Z→

j1,j2 +
∑

k

F →
j1,k m

F →

j1,k, j1 ≃ J (Sind&tr ⇔ Sen ⇔ Sag) (S20)

3. Energy consumption constraints

For consumer groups defined at an aggregated level in the scenario data, the constraint

sums across the corresponding MRIO table sectors:

Eg
j1,k

=
∑

j2↓J (k)↘J (Sg
4en)

Z →
j1,j2 m

Z→

j1,j2 , j1 ≃ J (Sen), ⇓k ≃ R (S21)

For consuming sectors that map one-to-one between the scenario data and the MRIO,

the constraint is imposed cell-by-cell:

Esingle
j1,j2 = Z →

j1,j2 m
Z→

j1,j2 , j1 ≃ J (Sen), j2 ≃ J (Ssingle
4en ) (S22)
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Residential energy consumption is matched through the final-demand block:

Eres
j1,k = F →

j1,k m
F →

j1,k, j1 ≃ J (Sen), ⇓k ≃ R (S23)

4. Agricultural consumption constraints

Feed use aggregates deliveries to livestock and related sectors:

C feed
j1,k =

∑

j2↓J (k)↘J (Sfeed)

Z →
j1,j2 m

Z→

j1,j2 , j1 ≃ J (Scr), ⇓k ≃ R (S24)

Other (industrial) use:

Cother
j1,k =

∑

j2↓J (k)↘J (Sother)

Z →
j1,j2 m

Z→

j1,j2 , j1 ≃ J (Scr), ⇓k ≃ R (S25)

Food use combines intermediate use by food-processing sectors with household final de-

mand:

C food
j1,k =

∑

j2↓J (k)↘J (Sfood)

Z →
j1,j2 m

Z→

j1,j2 + F →
j1,k m

F →

j1,k, j1 ≃ J (Scr), ⇓k ≃ R (S26)

Biofuel use is resolved at the cell level:

Cbiof
j1,j2 = Z →

j1,j2 m
Z→

j1,j2 , j1 ≃ J (Scr), j2 ≃ J (Sbiof) (S27)

5. Input–output balance

For every region-sector, total output equals total input:

∑

j2

Z →
j1,j2 m

Z→

j1,j2 +
∑

k

F →
j1,k m

F →

j1,k =
∑

j→1

Z →
j→1,j1

mZ→

j→1,j1
+ V →

j1 m
V →

j1 , ⇓j1 (S28)

Notation

Indices and sets:
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• k ≃ R: region

• j1: supplying region-sector (row index of Z → and F →)

• j2: consuming region-sector (column index of Z →; index of V →)

• S: set of sectors; Sg: sectors in group g

• J (k): region-sectors located in region k

• J (Sg): region-sectors belonging to sector group g

• g ≃ {agr, ind, ser}: aggregated sector groups (agriculture, industry, services)

Sector groups:

• Sen: energy sectors

• Sag: agriculture sectors

• Sind&tr: heavy industry and transport sectors

• Sg
4en: MRIO sectors in consumer group g that consume energy

• Ssingle
4en : MRIO sectors that map one-to-one to scenario energy-consuming sectors

• Sfeed, Sfood, Sother, Sbiof : MRIO sectors that consume agriculture products for feed,

food, other (industrial), and biofuel use, respectively

Matrices (Leontief-based projection):

• Z →: intermediate transaction matrix

• V →: value-added vector

• F →: final-demand matrix

Scaling factors (decision variables):
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• mZ→ , mV → , mF → : element-wise scaling factors applied to Z →, V →, F →, respectively

Scenario constraints:

• GDPk: regional gross domestic product

• VAg
k: value added in sector group g in region k

• Xj1 : total output of region-sector j1

• Eg
j1,k

, Esingle
j1,j2 , Eres

j1,k: energy consumption by aggregated consumer group, one-to-one

consumer, and residential, respectively

• C feed
j1,k , C food

j1,k , Cother
j1,k , Cbiof

j1,j2 : agriculture consumption by use category

S1.4.3 Objective weighting and solver configuration

The objective function used in the optimization (also given in the main text) is restated

here:

Objective = min

[
1

NZ→
non-0

∑

j1,j2

w(j1,j2)

(
mZ→

(j1,j2) ↓mZ→&V →

j2

)2

+
1

NV →
non-0

∑

j2

w(1,j2)

(
mV →

(1,j2) ↓mZ→&V →

j2

)2

+
1

NF →
non-0

∑

j1,k

w(j1,k)

(
mF →

(j1,k) ↓mF →

k

)2
]

(S29)

Implementation-level details:

• The flow-magnitude weight w was implemented as a parameter taking the value 100

for cells whose absolute Leontief-projected flow exceeded 106 $2010 and 1 otherwise,

and applied element-wise inside the squared-deviation sums for Z →, V →, and F →. There-

fore, the optimization penalized coe"cient deviations more heavily for cells with larger

projected flows.
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• The squared deviations and the column-mean denominator were both restricted to

only non-zero scaling factors, so that zero cells did not contribute to the objective.

Therefore, the solver only saw, and only penalized deviations among, scaling factors

that actually multiplied non-zero flows.

The optimization was solved with the CPLEX QCP solver via the GAMSpy interface,

under the following non-default options:

• quality = 1: request the highest solution quality.

• scaind = 1: enable aggressive scaling.

• numericalemphasis = 1: prioritize numerical stability over speed.

• eprhs = 10↑3: relative feasibility tolerance for the equality constraints.

These settings were necessary to handle the wide range of magnitudes in the pMRIO table

and to avoid early termination when many scenario constraints were simultaneously active.

S1.4.4 Post-optimization derivation

Once the optimization returned the optimal scaling factors mZ→ , mV → , and mF → , the final

prospective matrices were derived following the equations of the main text, restated here:

Z →→
j1,j2 = mZ→

j1,j2 · Z
→
j1,j2 , V →→

1,j2 = mV →

1,j2 · V
→
1,j2 , F →→

j1,k = mF →

j1,k · F
→
j1,k (S30)

g→→j2 =
∑

j1

Z →→
j1,j2 + V →→

1,j2 (S31)

A→→
j1,j2 =

Z →→
j1,j2

g→→j2
, L→→

1,j2 =
V →→
1,j2

g→→j2
(S32)

E →→
j1,k =

F →→
j1,k∑

j1
F →→
j1,k

(S33)

Where:
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• j1 and j2 are region-sector indices and k is the final-demand region index.

• F →→
j1,k is the post-optimization final demand entry from Eq. S30.

• E →→
j1,k is the final-expenditure share matrix at the post-optimization stage.

S1.4.5 Technical summary of the optimization in GAMSpy

Table S8 summarizes the decision variables, parameters, equality constraints, and ob-

jective of the QCP optimization, with names matching the GAMSpy implementation. The

scaling-factor variables (Z_m, V_m, F_m) follow the initial-level and bound design described

in Section S1.4.1. The table only states their domain and the residential-energy excep-

tion specific to F_m. Each scenario run activates only a subset of the equality constraints.

io_bal_cons is active in every run, while the remaining scenario constraints are toggled on

per Table 1 of the main text. Index conventions: r, s index the supplying region-sector and

r→, s→ the consuming region-sector, and k indexes the final-demand region.

Table S8. Technical summary of the QCP optimization.

GAMSpy symbol Meaning

Decision variables and bounds

Z_m Cell-specific scaling factor mZ→ for the projected Z → flow over

(r, s, r→, s→). Initial level and bounds per Section S1.4.1.

V_m Cell-specific scaling factor mV → for the projected V → over

(r→, s→). Initial level and bounds analogous to Z_m per Sec-

tion S1.4.1.

Continued on next page
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GAMSpy symbol Meaning

F_m Cell-specific scaling factor mF → for the projected F → over

(r, s, r→). Initial level and bounds analogous to Z_m per Sec-

tion S1.4.1, except residential-energy entries are fixed to 1 in

level, lower, and upper bound and therefore pass through the

optimization unchanged.

m_col_mean Column mean mZ→&V →
j2 of Z_m and V_m per region-sector (r→, s→),

restricted to non-zero scaling factors. Free variable.

m_col_fd_mean Column mean mF →
k of F_m per final-demand region r→, re-

stricted to non-zero scaling factors. Free variable.

Parameters

Z_start_param,

F_start_param,

V_start_param

Leontief-projected Z →, F →, and V → entries (in billions of

$2010) that the scaling factors multiply to produce the post-

optimization flows.

Z_wt_param, F_wt_param,

V_wt_param

Flow-magnitude weights w in the objective: 100 for cells

whose absolute base flow exceeds 106 $2010, 1 otherwise.

GDP_new_param Regional GDP target in 2035 under SSP2.

VA_agr_new_param,

VA_ind_new_param,

VA_ser_new_param

Regional value-added targets for the three IMAGE major sec-

tors (agriculture, industry, services).

SecOut_IndTransp_new_param,

SecOut_Energy_new_param,

SecOut_Crop_new_param

Sector-output targets for heavy-industry/transport sectors,

energy-producing sectors, and crop sectors.

Crop4Feed_new_param,

Crop4Food_new_param,

Crop4Other_new_param

Crop and livestock consumption targets per (region-product,

consumer region) at the IMAGE aggregated-consumer resolu-

tion for the feed, food, and other purposes.

Continued on next page
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GAMSpy symbol Meaning

Crop4Biof_new_param Crop consumption targets per cell for the biofuel-producing

sectors.

Energy4Other_new_param,

Energy4OtherInd_new_param,

Energy4FoodPro_new_param,

Energy4Agr_new_param

Energy consumption targets at the IMAGE aggregated-sector

resolution (Other Sector, Other Industries, Food Processing,

Agriculture).

Energy4SingSec_new_param Energy consumption targets per cell for individual scenario-

relevant sectors (heavy industry, transport, biofuel produc-

tion).

Energy4Resid_new_param Residential energy consumption targets, applied to F →.

N_non0_per_col_param,

N_non0_per_col_fd_param

Number of non-zero scaling factors per region-sector column

and per final-demand region column, used as denominators

when computing column means.

Equality constraints

io_bal_cons Input–output balance per region-sector after scaling: total in-

puts (intermediate + value added) equal total outputs (inter-

mediate + final demand). Active in every run.

gdp_exp_cons Regional GDP expression matches GDP_new_param.

va_cons_agr, va_cons_ind,

va_cons_ser

Sum of scaled V → flows over each major-VA sector matches the

corresponding IMAGE VA target.

sec_out_ind_transp_cons,

sec_out_energy_cons,

sec_out_crop_cons

Total scaled output of each region-sector matches the IMAGE

sector-output target for the three sector groups.

crop4feed_cons,

crop4food_cons,

crop4other_cons

Sum of scaled A→ (and, for food, F →) flows over the relevant

consumer group matches the corresponding crop-consumption

target per (region-product, consumer region).

Continued on next page
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GAMSpy symbol Meaning

crop4biofuel_cons Cell-level equality of scaled A→ flows for biofuel-producing sec-

tors against their crop-input targets.

energy4other_cons,

energy4otherind_cons,

energy4foodpro_cons,

energy4agr_cons

Sum of scaled A→ flows over each IMAGE aggregated consumer

matches the corresponding energy-consumption target.

energy4singsec_cons Cell-level equality for energy inputs to scenario-relevant single

sectors.

energy4residential_cons Cell-level equality for residential energy in F →.

m_col_mean_cons,

m_col_fd_mean_cons

Define mZ→&V →
j2 and mF →

k as the average of the non-zero scaling

factors in their respective columns.

obj_def Defines obj_val as the right-hand side of Eq. S29.

Objective

min obj_val Weighted sum of squared deviations of the scaling factors from

their column means (Eq. S29), normalized by the number of

non-zero scaling factors in each of Z →, V →, and F →.

S1.4.6 Proof of convexity of the QCP objective function

The QCP objective (Eq. S29) is a weighted sum of squared deviations of the scaling factors

from their column means. Below we show that, after eliminating the column-mean variables

through their defining linear equalities, this objective is a convex quadratic form in the

scaling factors. Together with the linear equality constraints (input–output balance, scenario

constraints, and the column-mean definitions) and the box bounds from Section S1.4.1, the

optimization is therefore a convex QCP, and CPLEX returns a global optimum whenever

the problem is feasible.

Elimination of the column-mean variables. The column means mZ→&V →
j2 and mF →

k
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are free variables tied to the scaling factors by the linear equalities m_col_mean_cons and

m_col_fd_mean_cons (Table S8). Because these equalities are linear, each column-mean

variable can be replaced by an a"ne function of the scaling factors. Substituting an a"ne

expression into a quadratic objective preserves convexity, so it su"ces to prove convexity of

the resulting objective in the scaling factors alone.

Convexity of one column’s contribution. Fix a column index j and let mj ≃ RNj

collect the scaling factors belonging to that column – the joint vector of non-zero Z_m and V_m

entries in region-sector column j2, or the non-zero F_m entries in final-demand region column

k – where Nj is the count of non-zero base-flow cells in that column. After substitution, the

column mean is the linear functional

mj =
1

Nj
1↔mj, (S34)

with 1 ≃ RNj the all-ones vector. The deviation vector therefore writes as

mj ↓mj 1 = Pj mj, Pj = INj ↓ 1
Nj

11↔, (S35)

where Pj is the centering projection: symmetric (P↔
j = Pj) and idempotent (P 2

j = Pj). Let

Wj = diag(w̃1,j, . . . , w̃Nj ,j), where each diagonal entry w̃i,j is the product of the cell’s flow-

magnitude weight (1 or 100, Section S1.4.3) and the per-matrix normalizer of the matrix

to which the cell belongs (1/NZ→
non-0 for Z → entries, 1/NV →

non-0 for V → entries in the joint Z →&V →

column, 1/NF →
non-0 for F → entries). All w̃i,j > 0, so Wj ↖ 0. The column-j contribution to the

objective is

!j(mj) = (Pjmj)
↔Wj(Pjmj) = m↔

j (PjWjPj)mj, (S36)

a quadratic form with Hessian Hj = 2PjWjPj. For any x ≃ RNj ,

x↔Hjx = 2 (Pjx)
↔Wj(Pjx) ↙ 0, (S37)
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since Wj ↖ 0. Hence Hj is positive semidefinite and !j is convex on RNj .

Convexity of the full objective. With the per-matrix normalizers already absorbed

into the per-cell coe"cients in Wj, the full objective in Eq. S29 is the sum of the column

contributions !j over all columns of Z →, V →, and F →. Di!erent columns share no scaling-factor

variables, so the Hessian of the full objective is block diagonal with one block Hj per column.

A block-diagonal matrix whose blocks are positive semidefinite is itself positive semidefinite,

so the full Hessian is positive semidefinite and the full objective is convex.

Conclusion. The bound design of Section S1.4.1 – the hard-locking of zero-flow cells

(level and both bounds set to 0), the standard [min_m,max_m] box on non-zero cells, the

crop-narrowing rule, and the fix of residential-energy entries to 1 – reduces to box bounds

on the scaling factors, which together with the linear equalities yields a polyhedral feasible

set. Combined with the convex quadratic objective established above, the box bounds and

linear equalities make the optimization a convex QCP, and CPLEX returns a global optimum

whenever the problem is feasible. The optimum value is unique. The optimizer need not be,

since Hj is positive semidefinite (the all-ones direction 1 ≃ kerPj leaves the column-deviation

term unchanged) rather than positive definite.

S1.5 Characterization and impact calculations

Inputs. Region- and sector-resolved GHG emissions from IMAGE Emissions|* vari-

ables (CO2, CH4, N2O) under SSP2 for 2035, the corresponding 2020 anchor for EXIOBASE

2019, and the monetary sector outputs of every psMRIO version under study (EXIOBASE

2019, the Leontief-based projection of Section S1.3, and the optimization-based pMRIO

tables of Section S1.4.1).

What this step does. Gas-specific emissions were extracted, gap-filled, mapped to the

20-region unified resolution, aggregated to gas-specific sector groupings, and characterized

to GWP100 using AR6 100-year factors. Sectoral GWP intensities (Mt CO2-eq per billion

$2010) were then computed at the gas-specific aggregated-sector resolution and broadcast
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to the fine-sector resolution of each MRIO version.

Outputs. A fine-resolution GWP100 intensity field IntensityGWP100
r,s per MRIO version,

used downstream in the consumption-based footprint calculations.

S1.5.1 GHG emissions extraction and characterization

We extracted emissions for the three principal greenhouse gases (CO2, CH4, and N2O)

from the IMAGE Emissions|* variables under SSP2 for the reference year 2035, plus 2020

for the historical EXIOBASE 2019 anchor. Emissions from the final-demand-side residential

combustion were out of scope and excluded, which accounted for approximately 1% - 3%

of the total global CO2, CH4, and N2O in 2020 and 2035 in IMAGE. Emissions from land

fires, land-use change, harvested wood products, and wetlands were excluded because no

consistent assignment to producing sectors was available. The set of emission categories

pulled per gas reflected the sources actually reported in IMAGE for that gas:

• CO2: energy demand (industries, transports, commercial, and other sectors), energy

supply (production of primary and secondary energy carriers), and industrial processes.

CO2 from crop and livestock production was excluded because its magnitude in IMAGE

is negligible.

• CH4: energy demand and supply; industrial processes; agriculture (livestock, paddy

rice); waste.

• N2O: energy demand and supply; industrial processes; agriculture (managed soils

which was assigned to crop cultivation rather than livestock pasture to avoid addi-

tional allocation; livestock); waste.

Several preprocessing rules were applied to fill gaps in the IMAGE outputs:

• Bunkers: when only international-aviation emissions were reported, international-

shipping emissions were derived by scaling aviation emissions with the regional ratio of
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Final Energy|Bunkers|International Shipping to Final Energy|Bunkers|International

Aviation.

• Industrial processes: Non-Metallic Minerals process emissions were computed as

Industrial Processes total minus Industrial Processes|Chemicals (clipped at

zero) when the Non-Metallic Minerals item was not directly reported.

• Commercial energy demand: when the Commercial item was missing, it was de-

rived as Residential and Commercial minus Residential.

• Liquids energy supply: detailed liquids variants were used when available. Other-

wise the aggregated Liquids variable indicated Oil.

The extracted emissions were then mapped from the IMAGE regional resolution to the 20

unified regions through the regional concordance (the IMAGE World aggregate was dropped)

(SI2), and aggregated within each region to a gas-specific sector resolution through gas-

specific concordance columns (Agg_co2_prod, Agg_ch4_prod, Agg_n2o_prod in SI2). Sep-

arate concordances were used because CO2, CH4, and N2O originate from di!erent sets of

sectors and therefore admit di!erent levels of aggregation.

Each gas was characterized to Mt CO2-eq using AR6 GWP100 characterization factors

(consistent with the IPCC Sixth Assessment Report and the GHG Protocol’s August 2024

update):

• CO2: 1.0.

• CH4 (fossil): 29.8.

• CH4 (non-fossil, applied to Livestock farming and Cultivation of paddy rice): 27.0.

• N2O: 273.0 (with unit conversion kt N2O ⇐ Mt CO2-eq).

S59



S1.5.2 Sectoral GWP intensity calculation

We computed sectoral GWP intensity (Mt CO2-eq per billion $2010 of sectoral output)

for every MRIO version under study — EXIOBASE 2019 (historical), the Leontief-based

projection, and the optimization-based pMRIO tables. The reference year was 2020 for

EXIOBASE 2019 and 2035 for all prospective versions.

For each gas g and each (region, emission sector) pair (r, a), the gas-specific intensity

was computed as the characterized GWP100 emission divided by the aggregated monetary

output of the corresponding MRIO sectors in the same MRIO version (Eq. S38). The

mapping between emission sectors and MRIO sectors was either one-to-one, in which case

the output was that of the single matched MRIO sector, or one-to-many, in which case the

output was obtained by summing the fine-sector outputs across the gas-specific concordance.

Intensities were set to zero where this aggregated output was zero. To produce a single fine-

resolution intensity field used downstream in the consumption-based footprint, each fine

sector s inherited the intensity of its corresponding emission sector a(s) (Eq. S39); in the

one-to-one case, a(s) = s. The three gas contributions were summed to obtain the total

GWP100 intensity (Eq. S40).

Intensitygr,a =
GWPg

r,a∑
s↓a xr,s

(S38)

Intensitygr,s = Intensitygr, a(s) (S39)

IntensityGWP100
r,s =

∑

g↓{CO2,CH4,N2O}

Intensitygr,s (S40)

Where:

• g ≃ {CO2,CH4,N2O} denotes the gas.

• r is the region. s is a fine-resolution sector and a(s) is its parent in the gas-specific
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aggregated emission concordance (Agg_co2_prod, Agg_ch4_prod, or Agg_n2o_prod).

• GWPg
r,a is the GWP100-characterized emission of gas g at (r, a) (Mt CO2-eq).

• xr,s is the monetary output of fine-resolution region-sector (r, s) (billion $2010).

• Intensitygr,a and Intensitygr,s are the gas-specific intensities at aggregated- and fine-sector

resolution. IntensityGWP100
r,s is the total GWP100 intensity at fine resolution.

S1.5.3 Consumption-based footprints calculation

Regional consumption-based carbon footprints were calculated based on EXIOBASE

2019, Leontief-based projection, and the prospective MRIOs under cumulative scenario con-

straints (Eq.S41). To trace these results back to shifts in sectoral outputs and consumption

flows driven by varing level of scenario compliance, we selected Leontief-based projection

and the prospective MRIO fully complied with IMAGE as samples, and decomposed their

regional footprints into sectoral consumption footprints (Eq.S42). To di!erentiate between

impacts driven by energy and agricultural products, we further disaggregated the total foot-

prints into parts resulting from CO2 emissions and those from N2O and CH4 emissions. This

disaggregation was supported by IMAGE data showing that approximately 70% of global

CO2 emissions in 2020 and 2035 resulted from energy consumption, electricity production,

and heat production. Consequently, changes in the CO2-related carbon footprint were pri-

marily driven by the energy footprint (excluding final demand of energy since residential

emissions are excluded). Similarly, since agricultural production accounted for the major-

ity of global N2O and CH4 emissions, changes in the corresponding carbon footprints were

largely driven by the agriculture footprint. Accordingly, energy and agriculture footprints

were calculated for each region and decomposed into final demand, direct consumption, and

indirect consumption using Equation S43. This decomposition facilitated the mapping of

shifts in intermediate flows (Z) and coe"cient deviations (A) to these footprints, and ul-

timately, to environmental outcomes. All footprint data were aggregated into nine regions
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and ten sectors to ensure consistency across the analysis.

GWPd = g↔(I ↓ A)↑1f (d) (S41)

GWPsd = g↔(I ↓ A)↑1f (d)e(s) (S42)

ENsd = (uen)↔Af (d)e(s)  
ENDIR

sd

+(uen)↔(L↓ I ↓ A)f (d)e(s)  
ENIND

sd

AGsd = (uag)↔If (d)e(s)  
AGFD

sd

+(uag)↔Af (d)e(s)  
AGDIR

sd

+(uag)↔(L↓ I ↓ A)f (d)e(s)  
AGIND

sd

(S43)

Where:

• A is the intermediate coe"cient matrix (region-sector by region-sector); I is the identity

matrix.

• f (d) is the final demand vector for region d in final demand matrix F , and f (d) is its

diagonalized form.

• g is the vector of impact intensities, which can be about total GWP, GWP from CO2,

or GWP from N2O&CH4.

• e(s) is a column vector of zeros with a value of one at the position corresponding to the

final supply sector s.

• GWPd and GWPsd represent total and sectoral consumption-based carbon footprints

for final demand region d and final supply sector s.

• uen and uag are binary sector-selection vectors equal to one for energy and agriculture

sectors, respectively.

• ENsd and AGsd represent the sectoral consumption-based energy and agriculture foot-

prints.
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• FD, DIR, and IND denote the final demand, direct consumption, and indirect con-

sumption derived from the decomposition L = I + A+ (L↓ I ↓ A).

S2 Results and discussion

S2.1 Technical results from optimization

Table S10 reports the optimization objective and the mean column-wise variance of scal-

ing factors for each constraint setting. Constraint-setting abbreviations follow Table 1.
Table S10: Technical optimization results by constraint setting.

Constraints setting Objective result Mean variance (A+V) Mean variance (F)

KpBlGdpVa 0.02 1.39e-4 3.87e-5
KpBlSeouit 1.89 0.05 2.84e-3
KpBlSeoue 0.02 3.12e-4 2.51e-5
KpBlEnergy 1.27 0.06 1.02e-3
KpBlSeouc 2.97 0.49 8.53e-4
KpBlCrop 838.44 814.39 0.13

KpBlGdpVaSeouit 1.94 0.05 2.71e-3
+Seouea 6.85 0.20 0.02
+Energyb 7.81 0.26 0.02
+Seoucc 15.07 6.76 0.02
+Cropd 902.51 844.75 0.11

Notes: aKpBlGdpVaSeouitSeoue. bKpBlGdpVaSeouitSeoueEnergy. cKpBlGdpVaSeouitSeoueEnergySeouc.
dKpBlGdpVaSeouitSeoueEnergySeoucCrop.

S63



S2.2 ECDF of coe"cient deviations from Leontief based projection

(a) OPT: KpBlGdpVa (b) OPT: KpBlSeouit

(c) OPT: KpBlSeoue (d) OPT: KpBlEnergy

(e) OPT: KpBlSecouc (f) OPT: KpBlCrop

Figure S2: ECDF of relative coe"cient deviations in the optimization-based projections
under individual constraints from the Leontief-based projection.Coe"cients are grouped into
four sector groups in intermediate matrix A, four sector groups in expenditure share matrix
E, and value added coe"ceints V . n is the number of coe"cients within each groups.
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(a) OPT: KpBlGdpVa (b) OPT: KpBlGdpVaSeouit

(c) OPT: KpBlGdpVaSeouitSeoue (d) OPT: KpBlGdpVaSeouitSeoueEnergy

(e) OPT: KpBlGdpVaSeouitSeoueEnergySec-
ouc

(f) OPT: KpBlGdpVaSeouitSeoueEnergySec-
oucCrop

Figure S3: ECDF of relative coe"cient deviations in the optimization-based projections
under cumulative constraints from the Leontief-based projection. Coe"cients are grouped
into four sector groups in intermediate matrix A, four sector groups in expenditure share
matrix E, and value added coe"ceints V . n is the number of coe"cients within each groups.
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S2.3 Changes of economic variables under cumulative scenario con-

straints

Once the GDP&VA scenario constraints were enforced, regional GDP deviated from the

Leontief projection by less than 10%, whereas VA deviated by up to 40%.

Figure S4: Relative changes of regional GDP and value added (VA) in EXIOBASE 2019
and prospective MRIOs under cumulative scenario constraints from the Leontief-based pro-
jection. On the x-axis, the remaining tick labels after the tick of "Leontief” represent the
progressively added scenario constraints; the order corresponds to Table 1.

The VA enforcement also led to fluctuations in sectoral outputs, which stayed within

±40% (Figure S5). For instance, crop and livestock outputs in RAS followed the growth of

agriculture VA in the same region .

Sectoral outputs were more sensitive to increasing scenario compliance than GDP&VA.

Heavy industry and transport outputs were enforced from the second optimization-based

projection onward, energy outputs from the third, and agriculture outputs from the fifth

(Table 1). The largest deviations among directly constrained sectors occurred for iron and

steel in RAS and RAF, with outputs >150% higher than the Leontief benchmark. For all

other directly constrained regional sectors, deviations stayed within ±50%.

Sectoral outputs that were not directly constrained were adjusted flexibly to minimize

coe"cient deviations arising from the constraints on other outputs and intermediate flows,

and their relative changes could exceed 50%. For example, the enforced reduction in crop

and livestock outputs in IND and RAS led to the decrease of their VA, so the solver raised

other agriculture outputs by 60% in IND and 84% in RAS to ensure total agriculture VA
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satisfied scenario constraint, while alleviating the resulting VA-coe"cient deviations (Figures

S10 and S11). In a second example, enforcing energy consumption constraint in the USA

pushed food-processing energy use up by 230% from the fourth optimization onward, so the

solver raised food-processing output by 38%–93% to alleviate the resulting energy-coe"cient

deviations (Figures S6 and S7).

Figure S5: Relative changes of regional sector outputs in EXIOBASE 2019 and prospective
MRIOs under cumulative scenario constraints from the Leontief-based projection. On the
x-axis, the remaining tick labels after the tick of "Leontief” represent the progressively added
scenario constraints; the order corresponds to Table 1.

Energy and agriculture consumption flows and their coe"cients showed higher sensitivity

than sectoral outputs and GDP&VA (Figures S6, S7, S8, S9). The response of energy and

agriculture consumption flows and their coe"cients depended on whether IMAGE-derived
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coe"cients had been integrated into the Leontief-based projection (see Table S7).

For flows whose coe"cients were already taken from IMAGE, including energy consumed

by heavy industry, transport, and energy production, and agriculture inputs consumed by

energy production (mainly crops for biofuels), the coe"cients were largely preserved through

the optimization. Once the consuming sectors’ outputs were enforced, the resulting energy

and agriculture consumption already came close to satisfying the consumption constraints.

These flows therefore deviated alongside the sectoral output constraints and remained rel-

atively stable thereafter, with the coe"cients returning to their Leontief-projection levels

once the consumption constraints were enforced.

For the remaining flows, where only energy and agriculture input structure were inte-

grated, the flows fluctuated and then deviate substantially once consumption constraints

were enforced, which produces large deviations in the corresponding energy and agriculture

coe"cients. Energy consumption by commercial services is an exception: both its flow and

its coe"cient deviated most when the energy output constraint was enforced. Because com-

mercial services has the lowest energy coe"cient (energy is a small input share of its output),

the solver concentrated the adjustment there to minimize the overall coe"cient deviation.
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Figure S6: Relative changes of energy consumption by region-sector in EXIOBASE 2019
and prospective MRIOs under cumulative scenario constraints from the Leontief-based pro-
jection. On the x-axis, the remaining tick labels after the tick of "Leontief” represent the
progressively added scenario constraints; the order corresponds to Table 1.
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Figure S7: Relative changes of energy input coe"cients by region-sector in EXIOBASE
2019 and prospective MRIOs under cumulative scenario constraints from the Leontief-based
projection. On the x-axis, the remaining tick labels after the tick of "Leontief” represent the
progressively added scenario constraints; the order corresponds to Table 1.
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Figure S8: Relative changes of crop consumption by region-sector in EXIOBASE 2019 and
prospective MRIOs under cumulative scenario constraints from the Leontief-based projec-
tion. On the x-axis, the remaining tick labels after the tick of "Leontief” represent the
progressively added scenario constraints; the order corresponds to Table 1.
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Figure S9: Relative changes of crop input coe"cients by region-sector in EXIOBASE 2019
and prospective MRIOs under cumulative scenario constraints from the Leontief-based pro-
jection. On the x-axis, the remaining tick labels after the tick of "Leontief” represent the
progressively added scenario constraints; the order corresponds to Table 1.
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Figure S10: Relative changes of value added (VA) by region and aggregated sector in
EXIOBASE 2019 and prospective MRIOs under cumulative scenario constraints from the
Leontief-based projection. On the x-axis, the remaining tick labels after the tick of "Leon-
tief” represent the progressively added scenario constraints; the order corresponds to Table 1.
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Figure S11: Relative changes of value-added (VA) shares by region and aggregated sector
in EXIOBASE 2019 and prospective MRIOs under cumulative scenario constraints from the
Leontief-based projection. On the x-axis, the remaining tick labels after the tick of "Leontief”
represent the progressively added scenario constraints; the order corresponds to Table 1.

S2.4 Changes of regional consumption-based footprints under cu-

mulative scenario constraints

Figure S12 illustrates the evolution of the regional carbon footprints. From 2019 to 2035,

global footprints were projected to decline slightly from 44,408.2 Mt CO2-eq to 44,046.0

Mt CO2-eq (-0.82%) according to IMAGE data. Regionally, the Leontief-based projection

showed the largest footprint increases in the Rest of Africa (+48.6%), India (+45.2%), and
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the Rest of Asia (+27.6%), whereas the most significant decreases occurred in the USA

(-26.6%), Western Europe (-21.4%), and Japan (-20.6%), corresponding to the relative dif-

ferences in GDP growth in FigureS4.

Although the global impact was fixed across all levels of scenario compliance, the results

indicate that the cumulative enforcement of scenario constraints caused varying levels of

footprint changes across di!erent regions, which induces regional reallocation compared to

the Leontief-based benchmark. In particular, enforcing all scenario constraints simultane-

ously triggered the most significant reallocation, as the MRIO exhibited the highest level

of coe"cient deviations from the initial structure. Specifically, footprints for the USA and

Middle East were 14.3% and 13.5% higher than those in the Leontief-based projection, re-

spectively, while those for WEU and JAP were 12.7% and 11.0% lower. This indicates that

the Leontief-based projection overestimated the footprint reduction for the USA from 2019

to 2035 and underestimated the reductions for Western Europe and Japan. However, the

regional shares in the global footprint are rather stable, as shown in Figure S13.

Figure S12: Regional consumption-based carbon footprints for 2019 and 2035 under di!erent
levels of scenario compliance.
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Figure S13: Regional shares in global consumption-based carbon footprints for 2019 and
2035 under di!erent levels of scenario compliance.

S2.5 Carbon footprints from CO2

Figure S14: Carbon footprints from CO2 emissions induced by consumption for each final
supply sector and final demand region, comparing the Leontief-based projection with the
fully-constrained prospective MRIO. Circle sizes indicate the footprints from the Leontief-
based projection, and colors indicate the relative shifts of the footprints in the fully-
constrained prospective MRIO; red and blue denote positive and negative shifts, respectively.
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S2.6 Agriculture footprints and carbon footprints from N2O and

CH4

Similar to the energy footprints, the overall agriculture footprint decreases (Figure S15a),

as the enforcement of sector output constraints limits the global supply of crops and livestock

(Figure S5). The most substantial reduction occurs in food processing, where direct agricul-

tural consumption accounts for 58%–75% of the sectoral footprints across regions according

to Leontief-based projection. Therefore, this decrease is primarily driven by the enforcement

of agricultural consumption constraints, which reduce agriculture inputs for the sectoral

production and proportionally reduce direct agriculture consumption of the food processing

consumed by various regions (Figure S8). The agriculture footprints induced by livestock

production consumed by the USA and other industry consumed by both the USA and India

increase significantly. In the first case, 91% of the footprint is driven by livestock production

as final demand of USA, which increases by 71% (SI3, residential use in Figure S8), while 2%

stems from direct agriculture consumption, which surges by 328% due to the enforcement

of agriculture consumption constraints (Figure S8). In the case of other industry consumed

by USA and India, 25% and 36% of the footprints are driven by the direct agriculture con-

sumption, respectively. Therefore, the footprint increases are partially attributable to the

enforcement of agriculture consumption constraints, which increases agriculture inputs of

these sectoral production (Figure S8).

Similar to the energy case, changes in direct agriculture consumption determined by agri-

culture consumption constraints, do not always correspond to agriculture footprint changes.

For instance, direct agriculture consumption for livestock production consumed by China

(primarily feed crops) increases significantly, but the total agriculture footprint remains rel-

atively stable. This occurs because direct agriculture consumption contributes only 1% to

the total, while the footprint is dominated by the final demand for livestock itself (76%),
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which increases by 7% (SI3, residential use in Figure S8). Similarly, the total footprint of

crop production consumed by USA increases, because 98% of the footprint is caused by final

demand which grows by 71%, o!setting a 16% decrease in direct agricultural consumption

that represents only 2% of the footprint (SI3, Figure S8). Finally, for commercial services

consumed by India, the total footprint increases substantially despite a minor 8% rise in

direct agriculture consumption, as 74% of the footprint originates from indirect agriculture

consumption, which increases by 160% (SI3, Figure S8).

Similar to the reallocation of CO2 impacts, the fixed global carbon impact from N2O

and CH4 is attributed di!erently to the consumers between the Leontief-based projection

and the fully-constrained prospective MRIO. The relative shifts in the agriculture footprint

determine how these impacts are redistributed. Sectors and regions with more significant

reductions in their agriculture footprints, such as food processing consumed by all regions, are

allocated less carbon footprint. In these cases, the relative decreases in the carbon footprints

are generally less pronounced than the reduction in the agriculture footprints themselves.

Conversely, for sectors and regions where the agriculture footprints grow, such as livestock

production consumed by the USA, the relative increases in carbon footprints typically exceed

the growth of the agriculture footprints.
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(a)

(b)

Figure S15: Environmental footprints induced by consumption for each final supply sector
and final demand region, comparing the Leontief-based projection with the fully-constrained
prospective MRIO. Panels show (a) agriculture footprints, and (b) carbon footprints from
N2O and CH4 emissions. In each panel, circle sizes indicate the footprints from the
Leontief-based projection, and colors indicate the relative shifts of the footprints in the
fully-constrained prospective MRIO; red and blue denote positive and negative shifts, re-
spectively.
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Figure S16: Top-10 region-sector pairs ranked by consumption-based GWP footprints based
on EXIOBASE in 2019.
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