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Abstract

Carbon accounts are organized by territory or final demand at sectoral resolution;
border measures and procurement standards need product-level information. We build
a product-level Trade-LCA framework linking bilateral HS6 trade flows to life-cycle
emission factors (ecoinvent cut-off and Agribalyse, IPCC 2013 GWP 100a) across
5,000 products, 120 countries and 1995-2023. A large language model assists the
matching from customs nomenclature to life-cycle processes, restricted to classification
among documented candidates; to our knowledge it is the first such pipeline with
measured rather than asserted reliability. A blind expert audit of 100 stratified
products found 17 wrong assignments; repairing the filter with deterministic rules,
including a processing-stage ladder read from the nomenclature, brings a second
blind audit to 8 wrong in 100 (1.2% of emissions). The audited account puts
world embodied carbon in traded goods at 14,368 MtCOse in 2023, with 71.7% of
emissions on direct product-specific evidence and the remainder on declared fallbacks,
of which 0.6% of emissions is monetary. It reconstructs 96% of the benchmark
consumption-minus-production wedge, captures 90% of the EXIOBASE footprint
at the emissions-weighted median, and matches an independent material database
at a median ratio of 1.04. Carbon intensity varies thirteen-fold within the median
input—output sector, against thirty-five-fold before the repair: part of the dispersion
unaudited accounts report is matching error. A sector average still mis-estimates, by
more than a factor of two, products carrying 45.5% of traded emissions and 59.9% of

trade value.

Keywords: embodied carbon; international trade; life-cycle assessment; carbon border

adjustment; input—output analysis; product-level accounting. JEL classification: F18;

Q56; Qb4; C67; H23.
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1 Introduction

Production-based accounts assign emissions to the territories where they occur, while
consumption-based accounts reallocate emissions to the final demand that drives production
[Davis and Caldeira, 2010, Peters et al., 2011]. The gap between these two principles is
the carbon embodied in international trade, and it is large: for major economies it can
exceed a quarter of the production-based inventory [Hertwich and Peters, 2009, Peters
and Hertwich, 2008]. Emissions embodied in global trade have also grown substantially
since 1990, as production has fragmented across global value chains [Peters et al., 2011].
Quantifying this gap at fine resolution has become a policy priority. Instruments such
as the EU Carbon Border Adjustment Mechanism increasingly target individual traded
products [European Parliament and Council, 2023, Béhringer et al., 2022, OECD, 2023].

Environmentally extended multi-regional input-output models provide macroeconomic
consistency. They are the dominant approach for estimating consumption-based carbon
footprints [Tukker and Dietzenbacher, 2013, Lenzen et al., 2013, Stadler et al., 2018|.
Their sectoral resolution, however, averages over products with very different physical
characteristics and carbon intensities. Within a single input-output sector, the carbon
intensity of individual products can differ by more than an order of magnitude. Sectoral
averages are therefore poorly suited to product screening, border measures and low-carbon
procurement |[Minx et al., 2009].

Carbon-account resolution is also inadequate geographically [Davis et al., 2025| and
in the choice of life-cycle database [Gudipudi et al., 2026]; product resolution within
the sector is the third axis, and it is the one this paper measures. Life-cycle assessment
supplies product-specific evidence at this resolution. But LCA databases have not been
systematically connected to global bilateral trade panels at customs-product detail [Lenzen,
2000, Suh et al., 2004, Crawford, 2008].

Product-level embodied carbon accounting has a direct precedent in Sato [2014a] and
Kanemoto et al. [2016] (see also Sato, 2014b), which mapped monetary intensities onto
trade categories for a single year; the framework here attaches process-LCA cradle-to-gate
factors to physical quantities at HS6, bilaterally, over twenty-nine years, organized around
an auditable evidence hierarchy |Gaulier and Zignago, 2010].

Services are not observed at product resolution, so goods are the core of the paper; a
monetary-intensity services extension is in the Supporting Information.

Aggregation bias in embodied-carbon accounts is established at input—output resolution
|[Lenzen, 2011, Su et al., 2010, Steen-Olsen et al., 2014, de Koning et al., 2015]; what
has not been available is a measurement of the dispersion below the finest input—output
partition, in physical units, across the full traded-product space (Supporting Information
Section S10 positions this claim in that literature).

The paper addresses four questions. First, can HS6 trade flows be linked to life-cycle
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emission factors at global scale with transparent evidence layers, and which products and
countries dominate embodied carbon exposure in trade? Second, and centrally, how much
does carbon intensity vary within input-output sectors, and how much embodied trade
carbon does a sector average, the resolution of MRIO models, therefore mis-estimate?
Third, how do the resulting product-level Trade-LCA adjustments compare with benchmark
consumption-based accounts, and where do they diverge? Fourth, how robust are these
estimates to the evidence layer, emission-factor uncertainty and outliers?

One element of the implementation carries a claim of its own. The link from HS6
customs lines to life-cycle processes is built with the assistance of a large language model,
used for classification and disambiguation among documented candidate processes and
for nothing else. A literature now applies such models to life-cycle data. It matches
free-text product descriptions to emission factors [Balaji et al., 2023a,b, 2025], and it
names background-data matching as a grand challenge these models can address [Tu et al.,
2024]. The same literature documents hallucinated inventory values [Preuss et al., 2024]
and unstable performance in inventory gap-filling [Zhao et al., 2025]. To our knowledge,
no work in this line addresses customs nomenclature, and none publishes a measured
error rate. This paper does both, in deliberately narrow terms. Blind expert coding of
stratified samples measures the matching at 17 wrong assignments in 100 before repair,
and 8 in 100 after. The repair itself is a set of deterministic rules, not model judgement
(Section 3.4). The cautionary half of that measurement is part of the result: a model-based
pre-adjudication of match quality agreed with the blind expert at chance level. The
reliability of a model-assisted pipeline therefore cannot be certified by the model itself.
Throughout, we publish the audited account and state its coverage honestly, because a
wrong factor is worse than a declared fallback.

The factors are representative-technology intensities, so the account measures the
composition of embodied trade and its dispersion is a lower bound on true heterogeneity;
where its sign differs from a consumption account, the difference diagnoses where production

technology matters most (Section 5.5).

2 Product-level Trade-LCA framework

2.1 Accounting logic

The unit of observation for the goods component is a bilateral product flow,

(i, J, p, 1), (1)
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INPUTS

Bilateral trade flows

BACI (HS6)

product x exporter X importer X year
258M flows - 5,000 products

120 countries - 1995-2023 - quantity + value

MATCHING

HS © LCA matching
« text similarity + unit compatibility
+ material class + processing stage

- LLM-assisted disambiguation

Life-cycle emission factors
ecoinvent (industry / materials) +
Agribalyse (agri-food), via Base Empreinte
cradle-to-gate - IPCC 2013 GWP 100a

only,
never factor generation

+ two blind expert audits:
17 - 8 wrong assignments / 100
filter repaired at source

+ manual arbitration & validation

EVIDENCE HIERARCHY

COMPUTE & AGGREGATE

VALIDATION

Each flow takes the first layer that applies

HS6 direct physical match

57.7% of trade value - 71.7% of emissions

HS4 physical fallback

HS2 physical fallback

Monetary fallback ~ kgCOze /USD
1.2% of trade value - 0.6% of emissions

|

Eijpt=QXEF

embodied emissions per bilateral flow

l

Country adjustment
Adjc = Imported E — Exported E
PBETrde-LCA = PBE + Adj.

gross = exposure - net = accounting
(closes to PBE)

cross-

check

Independent
benchmarks

ICE database
median ratio 1.04
9 of 11 within 2x

EXIOBASE footprint
83% within 3x
median capture 0.90
approximately
unbiased at the
median, nota
conservative bound

4,667 candidate HS6 factors
representative-technology
(67% generic geography)

EU CBAM defaults
consistent for
steel / Al / ammonia

every flow keeps its layer label, so results
remain stratifiable by evidence quality
characterise a product, not a producer

Figure 1: The product-level Trade-LCA framework. Bilateral HS6 trade flows
(BACI) are linked to life-cycle emission factors (ecoinvent, Agribalyse) through product
harmonization, unit checks and an auditable four-layer evidence hierarchy; product-
level embodied imports and exports are then aggregated to country-level trade-adjusted
production emissions, validated against the EXIOBASE footprint, the ICE database and
CBAM default values.

where i is the exporter, j is the importer, p is the traded product and ¢ is the year. For

each bilateral product flow, embodied emissions are estimated as

Ei,j,p,t = Qi,j,p,t x EF, ot (2)

where @Q); ;¢ is the traded quantity and E'F,,; is the assigned life-cycle emission factor
for product p, exporter or region 7, and year t.

Country-product imports and exports are

ImportedE, ,, = Z Eicpyi,
i

ExportedE, , , = Z Ecjpt-
J

The country-level goods trade adjustment is
Adj%gods = ImportedE%gOds — ExportedEiczods‘

We construct country-level trade-adjusted production emissions as

PBE[;*/~"C4 = PBE,, + Adj&°®. (6)

An optional services term, documented in the Supporting Information, adds to Equa-
tion (6); the core analysis is goods-only.

This accounting logic preserves product-level structure in the trade component. National
production-based emissions remain the territorial baseline. The result measures product-

level embodied trade exposure and country-level trade-adjusted production emissions. It
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PRODUCTION-BASED (PBE) CONSUMPTION-BASED (CBE) TRADE-LCA (THIS PAPER)

Emissions where they occur Reallocated to final demand Carbon carried by shipments
the territorial ledger of national PBE pushed through the Leontief bilateral trade x cradle-to-gate
inventories inverse (I — A)~1 of an MRIO table life-cycle factors
resolution: country X country x HS6
resolution: territory resolution: country X sector answers: which products carry the
answers: who emits answers: whose demand carbon across borders
System boundary
includes the combustion of fuels one intensity per sector: products cradle-to-gate - IPCC 2013 GWP 100a
at the burner inside a sector are indistinguishable fuels upstream-only: combustion is already in the
importer's territorial account (no double counting)
? closes to PBE ‘ aggregates
One identity ties the frames together
ic = - Trade- " i =
net = accounting (closes to PBE) Adjc = Imported E — Exported E PBET"deLCA = PBE + Adj, ZcAdjc =0 (world total conserved)
gross = exposure

WHAT EACH FRAME SEES

excludes emissions embodied in imports, sees imported carbon, sees the product, the partner, and the
by construction: the boundary is the territory at the resolution of 35-200 sectors evidence layer behind every number

Figure 2: What the account counts, next to the frames it complements.
Production-based accounting (PBE) records emissions where they occur, at territorial reso-
lution, and includes the combustion of fuels at the burner. Consumption-based accounting
(CBE) reallocates PBE to final demand through the Leontief inverse of an input—output
table, at country by sector resolution. The account built here weights bilateral product
shipments by cradle-to-gate life-cycle factors (IPCC 2013 GWP 100a), at country by coun-
try by HS6 resolution; mineral fuels carry upstream factors only, because their combustion
is already in the importer’s territorial account. The net country adjustment closes to
PBE and the world total is conserved by construction; gross flows measure exposure. The
bottom strip states what each frame can and cannot see.

does not allocate domestic production emissions to products. The emission factors EF}, , ;
are largely product-generic (Section 3.3). The trade adjustment therefore varies with
what and how much a country trades, holding production technology at representative
intensities. It is a composition measure. The exporter-region index r enters only through
the limited subset of factors for which geographically specific evidence is available.
Figure 2 places the account among the two frames it complements. Production-based
inventories count emissions where they occur, and consumption-based accounts reallocate
them to final demand at sector resolution; the account built here counts the carbon that
products carry across borders, and its net country adjustment closes to the territorial

ledger.

2.2 Evidence-layer hierarchy

The framework assigns each traded flow to one mutually exclusive evidence layer (Figure 1).
The first layer uses direct HS6 physical matches, where the HS6 product description,
quantity unit and emission-factor unit are compatible and the matched donors survive the
admissibility filter of Section 3.4.

Below it sit a stage-matched physical fallback (a code whose donors the filter re-
jected inherits the median of surviving family codes at the same processing stage), plain
HS4/HS2/global physical fallbacks, and a monetary fallback where physical evidence is

unavailable or fails the validity screen. All outputs retain the assignment layer so that
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results can be filtered by evidence quality.

2.3 Gross and net embodied trade exposure

Gross embodied trade exposure measures the scale of embodied carbon moving through a

country-product position:

GrossTradeE, ,; = ImportedE, , , + ExportedE, , ;. (7)
Net embodied trade exposure measures direction:
NetTradeE.,; = ImportedE, ,, — ExportedE, , ;. (8)

Gross and net exposure answer different questions. Net exposure identifies whether a
country or product position is a net importer or exporter of embodied carbon. Gross
exposure identifies positions with large two-way flows. Those positions can stay transition-
relevant even when imports and exports offset in net terms.

Because each product carries its full cradle-to-gate factor, summing gross flows double-
counts the shared upstream of goods traded at several processing stages, so gross exposure
is a risk measure and the net adjustment is the accounting-consistent one (Supporting

Information Section S10).

3 Data and implementation

3.1 BACI trade data

We use BACT as the empirical backbone of the international goods trade network. BACI
reports harmonized bilateral trade flows by exporter, importer, product and year using
Harmonized System product codes and reconciled mirror trade statistics |Gaulier and
Zignago, 2010|. Each observation includes a trade value and, where available, a physical
quantity and unit. The final account covers approximately 5,000 HS6 product categories,
120 countries and the period 1995-2023. The source dataset is BACI HS92 V202501,
comprising 258,605,562 bilateral trade flows.

3.2 Product harmonization

BACI supplies all flows in a single fixed nomenclature (HS92), which removes the need for
a concordance |Pierce and Schott, 2012, Van Beveren et al., 2012]; products affected by
definitional drift within codes are aggregated to the lowest level that preserves temporal

comparability.
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3.3 Life-cycle emission factors

Life-cycle emission factors convert traded quantities into greenhouse gas emissions. The
factors are process-level data. Industrial and material products use ecoinvent cradle-to-gate
processes; agri-food products (HS chapters 1-24) use the ADEME Agribalyse database;
both come through the Base Empreinte distribution [Wernet et al., 2016, Koch and Salou,
2020|. The ecoinvent extract uses the cut-off system model, with cumulative life-cycle
impact assessment at the process level. It is not the APOS or consequential variant.

All results are characterized with IPCC 2013, climate change, GWP 100a, the horizon
on which every benchmark below is built; an earlier version of this account had inherited
the extract’s superseded CML 2001 GWP 500a column by first match, and the re-
characterization, applied at record level and re-accumulated from flow level, raises the
pre-repair 2023 total by 11.8% (Supporting Information Section S11 documents the
provenance and the product-level heterogeneity of the switch). The upstream boundary
for mineral fuels excludes the combustion of traded fuels, which territorial accounts
already carry. Factors are expressed per kilogram, per physical unit, or, only where no
physical factor exists, per monetary unit. They cover the cradle-to-gate stages from
raw-material extraction to the factory gate. We assign exporter- or region-specific factors
where they exist, and we fall back to global averages otherwise. Specific factors are
the exception: 67% of the underlying records carry a generic geography. The factors
are therefore representative-technology intensities, as discussed above. Arbitration and
validation initially accepted direct physical factors for 4,667 HS6 codes; the admissibility
filter of Section 3.4, which is a result of this paper, retains 3,022 of them, and the remainder
fall to the stage-matched fallback layer.

Each code’s factor is the median across the admissible records mapped to it, and the
characterization is applied at record level (98.3% of accepted records resolve to a named

process; Supporting Information Section S11).

3.4 HS-LCA matching

The mapping procedure links customs product descriptions to life-cycle emission-factor
categories. HS product descriptions and emission-factor descriptions are cleaned by
normalizing case, removing non-informative terms, standardizing units and extracting
material or product keywords. Candidate factors are retrieved using text similarity and
sectoral context. Candidates are then filtered by seven tests, each of which a record must
pass before it can serve as a donor for an HS6 code.

The seven tests, stated in full in Supporting Information Section S11: unit compatibility;
the waste boundary; reference-flow substance; material composition (a fifty-class taxonomy
over the HS description and the donor’s reference product); product hierarchy; processing

stage (an ordinal ladder read from the nomenclature itself, so that refined silver at
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459 kgCOsqe/kg cannot price a precious-metal ore); and traceability (a code with no
admissible donor falls to the stage-matched fallback rather than take a wrong factor).

The division of labour is exact: the model assists candidate classification and disam-
biguation, and nothing else; every admissibility test, like the repair, is a deterministic
rule over recorded metadata, and all carbon intensities come from documented life-cycle
sources.

Restricting the model to arbitration among documented candidates, never to producing
a number, keeps the provenance of every factor auditable [Preuss et al., 2024, Zhao et al.,

2025).

Blind expert audit of the matching

Those seven tests are the outcome of a two-iteration repair that is itself a result of the
paper: the pipeline that first produced this account applied five of the seven not at all,
and the before-and-after pair of blind audits is a statistic the literature has not previously
reported.

Accuracy was measured on a stratified sample of 100 HS6 codes from the direct-physical
layer (the 30 highest-emission codes plus 70 drawn proportionally to emissions), coded
blind on a workbook carrying no model verdict and no pre-filled value, each match graded
correct, acceptable or wrong (protocol in Supporting Information Section S12).

The expert found 17 of 100 assignments wrong, 14 acceptable and 69 correct. A
model pre-adjudication of the same sample agreed with the expert column at chance level
(exact agreement 39/100, Cohen’s k = —0.003) and had validated fifteen of the seventeen
wrong assignments, among them the diborane factor on apples; we therefore withdrew
all model-assisted agreement statistics, and the blind human audit is the only reliability
evidence this paper treats as such (Supporting Information Section S12).

Inspection of the seventeen identified four failure modes, each attributable to a pipeline
stage: ingestion (a column-header block parsed as data, setting the factor of 719 codes);
semantically unrelated donors (fresh apples priced by market for diborane, uncooked pasta
by printed wiring board production at 278 kgCOqe/kg); components standing for assemblies;
and waste-treatment datasets standing for virgin production (Supporting Information
Section S12).

The cause is mechanical: the text the similarity score read was not the process name but
a record string of numeric codes and hashes, so the activity name was never compared, and
the arbitration that followed tested neither hierarchy nor material composition (Supporting

Information Section S12).
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Scope of the defect and its repair

Applied as detection rules over the whole factor set, the tests price the defect: 42,864 of
68,102 donor records (62.9%) fail at least one, the codes holding an inadmissible donor
carry 73.2% of 2023 embodied emissions, and 1,645 of 4,667 codes retain no admissible
donor and fall to the stage-matched fallback rather than carry a wrong factor. The
stage test, added in a second iteration, was validated on the three cases whose direction
is known a priori: precious-metal ores lose their refined-silver donors (median 171.6 to
1.02 kgCOsqe/kg), crude petroleum its refinery-gate donors, unwrought aluminium its
rolled-product donors (Supporting Information Section S12).

Re-accumulating all 258.6 million flows on admissible donors raises the 2023 world
total from 10,282 to 14,368 MtCOqe (+39.7%): the excluded waste-treatment datasets
had a median intensity of 0.023 kgCOse/kg against 1.53 for the rest, and were pulling
every median they touched toward zero. Coverage falls as wrong matches are dropped
rather than replaced, and the treatment of the 1,645 orphaned codes brackets the total:
plain family inheritance 14,291, stage-matched inheritance (central) 14,368, monetary
13,596, uncovered 11,463 with 33.0% of trade value then carrying no admissible physical
evidence, the honest coverage statement that accompanies the central figure. On the
central treatment the direct layer carries 71.7% of emissions and 57.7% of trade value,
the stage-matched fallback 20.1% and 32.6% (Table 2; full decomposition in Supporting

Information Section S12).

The post-repair audit

The repaired assignment was then audited the same way the defective one was. A new
stratified sample of 100 codes was drawn from the repaired direct layer (top 30 plus 70
emissions-weighted draws, 50.0% of the direct-layer total). The author coded it blind again,
under the protocol stated above, on a workbook that lists every retained donor with its
reference product, unit and processing stage, with no model verdict anywhere. The verdict:
8 wrong in 100, against 17 in 100 before the repair (2 of 30 in the certainty stratum,
6 of 70 in the emissions-weighted stratum, none acceptable). The eight residual errors
are all of one kind: semantic mismatches within the correct material class and processing
stage. That is precisely the failure mode a lexical taxonomy and a structural stage ladder
cannot reach. The eight carry 1.22% of the repaired account’s emissions and 1.45% of its
trade value. We do not hand-correct them: correcting the codes the sample happened to
expose, and not the codes it did not, would bias the very error rate the audit measures.
The pair 17/100 — 8/100, each measured blind on a stratified emissions-weighted sample,
is the paper’s measurement-quality result. Every number in this paper is computed on the
audited, repaired assignment.

A factor-level plausibility diagnostic accompanies the filter as a flag, never a truncation;
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its main catch is 38 codes whose assigned factor is exactly zero, an open class error inside
the waste exception that neither audit sample happened to draw. Four limits bound what
the audit pair establishes, chiefly that the samples cover only the direct-physical layer, so
the fallback layers (27.7% of emissions) are unaudited inheritance (Supporting Information
Section S12).

3.5 Assignment layers

Each flow is assigned in the strict hierarchy of Section 2.2: HS6 direct physical match
on admissible donors, then the stage-matched fallback for codes whose donors the filter
rejected, then HS4 and HS2 physical fallbacks and a global physical median, then a
monetary fallback (kgCOse per USD applied to trade value) for the remainder. No flow
with positive trade value is dropped, and every flow keeps its layer label, so results can be

stratified by evidence quality (Table 2, Supporting Information Figure S3).

3.6 Quantities and units

The central estimates are products of physical quantities and per-kilogram factors, indepen-
dent of currency conversion; monetary conversion enters only the services module and the

EXIOBASE comparison, which do not share a rate (Supporting Information Section S11).

3.7 Services (supplementary extension)

Services are not observed at product resolution; the Supporting Information develops a
monetary-intensity services module and shows it does not improve the aggregate recon-

struction, so all central results are goods-only.

3.8 Benchmark data and residuals

We compare reconstructed trade adjustments with benchmark production- and consumption-
based emissions from the Our World in Data CO, and greenhouse gas emissions dataset

[Ritchie et al., 2024]. For country ¢ and year ¢, the benchmark wedge is

Wedgep " = CBES™" — PBECS™. (9)
The residual is

Residual,; = Wedgei’;mh — Adj ™" (10)

We interpret this residual as diagnostic. It reflects the difference between observed product-
level trade exposure and benchmark consumption-accounting estimates, which can arise
from services, re-exports, indirect upstream requirements, domestic allocation choices and

system-boundary differences.

10
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4 Validation and uncertainty

4.1 Coverage and layer robustness

We evaluate coverage separately for trade value and embodied emissions, because products
with small value shares can carry large emissions shares (Supporting Information Figure S3).
In the latest goods account, direct HS6 physical matches on audited, admissible donors
cover 57.7% of trade value and 71.7% of embodied emissions; the stage-matched fallback
carries 32.6% and 20.1%, the plain HS4/HS2/global physical fallbacks 8.5% and 7.7%,
and the monetary fallback only 1.2% and 0.6%; this structure is stable across the panel
(Supporting Information Figure S4). Before the repair the direct layer read 90.2% of value
and 94.9% of emissions; that figure measured the reach of an unaudited filter, and the

physical layers together still carry 98.8% of the account.

4.2 Emission-factor uncertainty

For products with uncertainty ranges or multiple sources, we compare lower, central and
upper factors and test whether the product rankings, country rankings and aggregate
emissions hold. A Monte Carlo analysis (4,000 draws) propagates emission-factor uncer-
tainty through the full pipeline. It perturbs each product factor with a mean-preserving
log-normal shock calibrated to its spread across the admissible donor records; codes on the
stage-matched fallback carry the spread of the donor pool they inherit from. The spreads
are therefore empirical, read from the donor pool each code actually draws on, rather
than taken from the pedigree matrix that supplies default uncertainty factors in life-cycle
practice [Ciroth et al., 2013|. The empirical route ties the uncertainty to the evidence this
account holds for each code; the pedigree route would carry database-average judgements
that our admissibility filter has already overridden in places. For world goods in 2023
the deterministic central estimate is 14,367.8 MtCOqe (after the factor corrections below;
14,648.3 as assigned). On the audited upstream-only factor set, the Monte Carlo distribu-
tion has a median of 14,108.5 MtCOse and a 90% interval of [13,257.0, 15,127.9] MtCOge,
a coefficient of variation of 4.0%. The deterministic central estimate sits inside this interval.
The correction shifts the central by 1.9%, well within the band.

Assignment uncertainty dominates factor uncertainty: the four orphan treatments span
2,905 MtCOqe against 1,871 for the Monte Carlo interval (Section S13).

The interval is narrower than the pre-repair one (coefficient of variation 4.0% against
7.8%): inadmissible donors had inflated the spreads that calibrate each factor’s shock
(Supporting Information Section S13).

Its width rests on the independence of the draws, not on the factor spreads [Groen and
Heijungs, 2017, Schulte et al., 2024|. With the marginals held fixed, dependence widens the

interval 1.20 times within donor processes, 2.34 times within HS2 chapters and 4.4 times
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under a background component carrying a fifth of each factor’s log variance. Correlation
cannot be calibrated from a characterised-score extract, so these are scenarios and the
4.0% figure is conditional on independence; rankings are stable across draws (Supporting

Information Section S13).

4.3 Top-product audit

We audit the largest contributors to embodied emissions, because a few products dominate
the total. The twenty largest HS6 products account for 27.9% of all embodied emissions;
fourteen of the twenty are direct HS6 physical matches (crude petroleum, natural gas
liquefied and gaseous, urea, soya beans, unwrought aluminium, maize, coal, palm oil, frozen
beef) and four ride on the stage-matched fallback (refrigerators, lamps and light fittings
among them), which is where the audited filter’s coverage cost is most visible. Twenty
codes out of about 4,700 carrying a quarter of the total is concentration enough to make a
top-product audit worthwhile, but not enough for a small set to stand in for the whole.
The concentration is lower than on a combustion-inclusive basis, where twenty products
carry half the account, because charging traded fuels with their eventual combustion loads
the total onto a handful of petroleum lines.

As an external check, the factors for the carbon-dominant traded materials sit inside
published cradle-to-gate ranges (the matching repair moved unwrought aluminium and
semi-finished steel into range), and the audited corrections anchor four factors the extract
misplaced; the correction cuts the total by 1.9% and the fertilizer share from 6.5% to 4.5%.
Against the EU CBAM total default values the median ratio across the ten regulated
groups is 1.00 (Supporting Information Section S3 and Section S13).

4.4 Benchmark comparison

We validate the account against benchmark consumption-minus-production wedges on
aggregate scale, sign agreement, country-year correlations and residual diagnostics; exact
equality is not expected across different system boundaries. Over the full country-year
panel the goods-only account captures 96% of the benchmark wedge in aggregate magnitude
(ratio 0.956). The scale-robust (log-signed) cross-country correlation is 0.53, the Spearman
rank correlation 0.50, the panel-level Pearson correlation 0.69, and sign agreement holds in
69.1% of observations. Among the thirty largest non-entrepot positions in the latest year,
the absolute magnitude ratio is 0.888, the Spearman correlation 0.66 and sign agreement
87% (Table 3).

Two repairs separate these numbers from an earlier version of this account, and each
is identified against the benchmark in its own way: the re-characterization moved levels
but not ranks (a near-monotone rescaling cannot reorder countries), while the matching

repair moved both, taking the magnitude ratio from 0.767 to 0.956 and the panel Pearson
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correlation from 0.385 to 0.69. A repair motivated entirely by internal evidence moves the
account most of the remaining way toward an external benchmark it was never fitted to,
which we read as confirmation that the audit measured real error (Supporting Information
Section S13).

Adding the supplementary services extension barely moves these figures (Supporting
Information Section S6). Across the 28 available years the log-linear correlation between the
sector-level estimates and EXIOBASE is stable at » = 0.76-0.79; Supporting Information
Section S13 traces the ratio’s history through the combustion-inclusive basis, where two
errors of opposite sign once cancelled to a spurious near-unity ratio.

The appropriate level benchmark is the EXIOBASE footprint intensity (the total-
requirements multiplier), which like our cradle-to-gate factors embodies the whole upstream
chain. Against it, 82.8% of estimated embodied emissions fall within a factor of three and
65.1% within a factor of two; the emissions-weighted median capture ratio is 0.90 and the
unweighted median 0.98 (Figure 3). Three mechanisms in this gap have been separated on
the same cells: the characterization switch (largest where methane matters, the signature
a horizon correction must produce), matching error (the larger of the two, raising the
emissions-weighted median from 0.67 to 0.90), and the boundary residue that remains,
undershoot in machinery and fuels against overshoot in agriculture and wood. What an
earlier version reported as process-LCA truncation was in large part mis-assigned donors,
and the account is approximately unbiased at the median rather than a conservative lower
bound (Supporting Information Section S13).

As an independent check, the eleven material factors matched to the ICE database
(compiled outside the ecoinvent—Agribalyse backbone, on the same cradle-to-gate boundary)
agree at a median ratio of 1.04 with a log-log correlation of 0.91; nine of eleven fall within
a factor of two, and one of the two outside sits on an inherited fallback factor (Supporting
Information Section S4 and Section S13).

One structural feature deserves its own record: before the repair the largest position,
China, took the opposite sign to the benchmark and held the latest-year Pearson correlation
near zero; on the audited account China’s adjustment is —812 MtCOqe against a wedge of
—1,315, the sign agrees, and the cross-section correlation rises to 0.69. India’s divergence
survives, and among the thirty largest non-entrepot positions sign agreement is 87%
(Supporting Information Section S13).

A truncation test separates a real divergence from a capture artefact (Table 1). India’s
positive adjustment survives all three treatments, so it is a genuine composition-versus-

technology divergence; China’s changes sign, so China’s sign is not identified.
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Figure 3: Validation against the EXIOBASE footprint intensity. (a) Median ratio
of the Trade-LCA intensity to the EXIOBASE footprint (total-requirements, fL) intensity,
by broad sector. Material-intensive sectors that dominate embodied trade carbon (blue)
agree closely; complex manufactures (red) are under-captured. On the repaired account
the residual gap is no longer read as process-LCA boundary truncation. Most of what an
earlier version of this paper attributed to truncation was mis-assigned donors: repairing
the matching raised the emissions-weighted median capture from 0.67 to 0.90, so matching
error was the larger of the two effects and the account is approximately unbiased at the
median rather than a conservative lower bound (Section 4.4). (b) Cumulative share of
estimated embodied carbon by the Trade-LCA /footprint ratio (emissions-weighted, log
scale): 65.1% of embodied carbon falls within a factor of two of the footprint intensity
(shaded band) and 82.8% within a factor of three.

Table 1: Truncation-asymmetry test on the two largest residual divergences. Trade-LCA
adjustment under three treatments of differential sector capture, MtCOse, latest year.

Treatment of differential capture India  China
No correction +346 —763
Sectors both accounts capture at > 0.60 +137 —1,400
First-order de-truncation, both legs +998 +751
Benchmark wedge (CBE — PBE) —519.5 —1,315

A country that imports from well-captured sectors while exporting from poorly captured
ones would show a positive adjustment for measurement reasons alone. India’s adjustment
keeps its positive sign under all three treatments, against a negative benchmark wedge, so
the divergence is not that artefact. China’s adjustment changes sign between treatments,
so its sign is not identified. The de-truncation column has known limits: dividing the fuel
leg by its capture ratio of 0.24 partly re-imports the combustion emissions the upstream
basis excludes, and 44.7% of the de-truncated total still sits on sectors captured below 0.30.
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4.5 Residual diagnostics

We flag countries where residuals may be affected by re-exports, entrepot trade or services.
These include Singapore, Hong Kong, the Netherlands, Belgium and the United Arab
Emirates. For these economies, the residual can reflect the difference between observed

customs flows and the allocation of indirect requirements in input-output accounts.

5 Results

5.1 Coverage by evidence layer

The central account is not driven by residual assumptions: direct HS6 physical matches on
admissible donors carry 71.7% of embodied emissions and 57.7% of trade value, physical
evidence including the stage-matched and family fallbacks carries 98.8% of both, and the
monetary fallback only 0.6% of emissions (Table 2; layer detail in Supporting Information
Section S14).

5.2 Concentration of embodied carbon

Embodied carbon in traded goods is highly concentrated (Figure 6). Across the recon-
structed goods account, gross embodied trade (the sum of all bilateral flows) amounts to
14,367.8 MtCOqe in the latest year (Section 4.2).

The gross figure double-counts the shared upstream of multi-stage trade and is an
exposure measure (Section 2.3); concentration is reported on it because border measures act
on gross flows. Mineral fuels account for 2,184.1 MtCOse, or 15.2% of embodied emissions,
while representing 14.0% of trade value. Iron and steel contribute 847.2 MtCOse, or 5.9%
of emissions, on 2.1% of trade value. Fertilizers account for 644.5 MtCOse, or 4.5% of
emissions, but only 0.5% of trade value, followed by plastics, organic chemicals, fats and
oils, aluminium and meat.

Machinery and electrical machinery owe their positions mainly to the stage-matched
fallback, and the fertilizer level reflects the audited nitrogen cap; both mechanics are
documented in Supporting Information Section S14. Trade value is therefore a poor proxy
for embodied carbon exposure. The heavy chapters are the material-production sectors

that have become a large and growing share of global emissions [Hertwich, 2021].

5.3 Within-sector dispersion of carbon intensity

The central advantage of product resolution is that carbon intensity varies by an order of
magnitude within the sectors at which input-output models operate. The audit changes

what can honestly be claimed about how much. We measure the dispersion on two bases
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that answer different questions. The physical basis (kgCOye/kg) isolates carbon from
price. On the audited factor set, the trade-weighted ratio between the 90th and 10th
percentile product intensities in the median HS2 sector is about thirteen-fold (precisely
12.7, across the 71 chapters with at least five directly matched codes). The monetary basis
(kgCO4e/USD) adds price variation and reaches 12.2-fold. Before the matching repair the
same statistics read 35.0 and 82.7. Roughly two thirds of the dispersion an unaudited
product-level account measures, and an earlier version of this paper reported, is therefore
matching error rather than product heterogeneity: wrong donors are drawn from the far
tails of the factor distribution. The audited thirteen-fold figure is the one we defend, and
it is still far beyond anything a sector average can carry.

Monetary intensity compounds carbon with price: unit values span 4.4-fold in the
median chapter, but carbon intensity and unit value are positively correlated within sectors,
so the covariance cancels most of the price channel and the two bases nearly coincide at the
median (the full decomposition, and the pre-repair artefact it corrects, are in Supporting
Information Section S14).

We report the physical figure as the headline measure of carbon heterogeneity, and the
monetary figure as the composite statistic that a value-based instrument would in fact
inherit, because a value-based MRIO applies one sector-average kgCOqe/USD to every
dollar of trade in the sector.

A sector-average intensity mis-estimates the embodied carbon of a large share of trade
even on the audited factors (Figure 4). On the monetary basis, the basis on which an
MRIO average operates, products that differ from their sector average by more than a
factor of two account for 45.5% of traded embodied emissions and 59.9% of trade value
(beyond a factor of five: 14.7% and 29.6%). Price does not drive the mis-estimated share:
on the pure physical basis, these products still carry 34.2% of embodied emissions. The
result also survives outlier cleaning. Capping the 0.7% of products still sitting above
thirty times their sector median changes total emissions by 1.9% and leaves these shares
essentially unchanged.

The mis-estimates concentrate exactly where border measures and procurement stan-
dards must discriminate: ores, base metals, chemicals and machinery, where products
like primary aluminium and petroleum coke sit far above their sector mean (Supporting
Information Section S14).

Finer sectors do not dissolve the heterogeneity: at HS4 resolution (341 groups, finer
than any operational MRIO) a group average still mis-estimates 8.7% of emissions and
14.6% of value beyond a factor of two, so the mis-estimated share is bounded between
9-46% of emissions and 15-60% of value at any feasible MRIO granularity, and the shares
are stable across 1995-2023 (Supporting Information Section S14).
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Figure 4: Carbon intensity varies by orders of magnitude within input-output
sectors. (a) Trade-weighted p10-p90 spread of product carbon intensities, in kgCOqe per
kg, within the top-emitting HS2 sectors (log scale); the dot is the sector median. The
median chapter spans a factor of 12.7 (n = 71 chapters). (b) The same spread computed
per dollar of trade, in kgCOqe per USD, which is the unit a value-based MRIO applies.
The median chapter spans a factor of 12.2 (n = 96), slightly less than on the physical
basis: carbon intensity and unit value are positively correlated within sectors, so the price
channel cancels most of its own contribution instead of adding to it (Section 5.3). (c)
Share of a total carried by products that deviate from their own HS2 sector average by
at least the factor on the horizontal axis. Deviation is symmetric, the larger of the ratio
and its inverse, so overstatement and understatement count alike. At a factor of two (left
dotted line) these products carry 45.5% of traded embodied emissions and 59.9% of trade
value on the monetary basis, and 34.2% of emissions on the physical basis (dashed). A
sector-average intensity, the resolution of MRIO models, cannot capture this heterogeneity.
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5.4 Country-level Trade-LCA adjustments and the aggregate re-

construction ratio

Across all country-years the goods-only reconstruction captures 119,642.6 MtCOse of the
125,179.1 benchmark wedge magnitude (ratio 0.956), with sign agreement in 69.1% of
country-years, Spearman rank correlation 0.50 and Pearson 0.69. Supporting Information

Figure S7 shows the annual trend. Supporting Information Section S13 reports the detail.

5.5 Residuals identify where product trade and MRIO accounting
diverge

For several economies the goods reconstruction captures most of the benchmark wedge (the
United States 448.7 against 513.3 MtCOqe, Russia —344.4 against —327.2); the mid-sized
residuals are read in Supporting Information Section S14.

China is where the repair changed the account’s reading most: from a net importer
at 4266 MtCOqe (sign contradicting the benchmark wedge of —1,315) to a net exporter
at —812, the defective donors having priced its dominant export chapters near zero
(Supporting Information Section S14).

The most informative remaining residuals are India (4349 against a wedge of —520)
and Vietnam: consumption accounts make them net exporters of embodied carbon through
dirtier-than-average production, while the representative-technology account values their
carbon-intensive imports at generic intensity, and for India the divergence survives every
truncation treatment (Section 4.4); the gap pinpoints the economies for which production
technology, the dimension a border measure acts on, matters most. These residuals are
diagnostic outputs (Figure 5). They identify where observed product-level trade exposure
differs from benchmark consumption-accounting conventions through composition, services,

re-exports, indirect supply chains and system-boundary choices.

6 Discussion

6.1 Contribution to the literature

Product-level Trade-LCA provides a reproducible bridge between life-cycle evidence and
global trade statistics. It adds product specificity to embodied carbon trade accounting,
and it keeps a transparent diagnostic of the evidence layer used in each assignment. The
contribution complements MRIO-based carbon footprints. Those provide economy-wide
consistency and final-demand allocation, but they typically operate at more aggregated
sectoral resolution |[Tukker and Dietzenbacher, 2013, Stadler et al., 2018].

The paper advances three steps beyond the product-level accounts of Sato [2014a| and
Kanemoto et al. [2016] and the aggregation-bias quantification of Su et al. [2010|, which
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worked within input—output resolution rather than below it: a documented process-LCA
backbone mapped to HS6 over a 29-year panel with a measured error rate (17 then 8
wrong in 100, the first published for an account of this kind); a quantitative policy statistic,
audited against the account’s own measurement error, for how much embodied carbon
a sector average mis-estimates; and a composition-versus-technology reading of the sign
disagreements with consumption accounts (Supporting Information Section S15).

The audit pair is also the paper’s contribution to the literature on language models in
life-cycle assessment [Balaji et al., 2023a,b, 2025, Tu et al., 2024]: the first model-assisted
customs-to-LCA pipeline with measured reliability, whose cautionary half is that the
model-based pre-adjudication agreed with blind expert coding at chance level (k = —0.003)
while everything that fixed the pipeline was a deterministic rule. The exportable lesson is
one sentence: model assistance in classification is useful, model self-validation is worthless,
and a blind human audit is not optional.

A monetary-intensity services extension is reported in the Supplementary Material;
because services lack product resolution and the extension does not improve the recon-

struction, the product-level goods account remains the core of the paper.

6.2 Implications for product-level climate policy

One scope statement: these are default values in the border-adjustment sense, a contested
basis for a charge, and we take no position in that debate (Section S15). The factors are
an accounting and screening instrument, not a liability basis. Measurement error in a
policy’s pollution basis redistributes burden across heterogeneous firms [Lyubich et al.,
2018], which is why we publish an error rate.

With that stated, the framework supports policy applications that require product-level
carbon information, and the cost of not having it is concrete. Consider a screen that
prices or flags traded goods by their carbon intensity, the logic of a border measure or
a procurement standard. A screen built on sector-average intensities, the resolution an
MRIO provides, would under-price by more than half a set of 640 products. Together
they carry 5,412 MtCOge, or 37.7% of all embodied trade carbon, because each is far
more carbon-intensive than its sector. The list is specific and policy-relevant: unwrought
aluminium alloys (3.1 times their sector average), photosensitive and solar apparatus (5.3
times, inside the otherwise moderate electrical-machinery sector), nickel ores (about 14
times), lignite (13 times), cement clinker, methanol and semi-finished steel. A product-level
account flags exactly these goods; a sectoral account cannot. The framework thus identifies
where monetary trade value, or a sectoral average, understates physical carbon exposure
[European Parliament and Council, 2023, OECD, 2023|.

Because the factors are technology-normalized, a country’s embodied-trade position

also decomposes into a composition and a production-technology component, with compo-
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sition the larger on average; border instruments act on the technology component only

(Supporting Information Section S15).

6.3 Relationship to MRIO approaches

MRIO models allocate emissions to final demand; Trade-LCA measures the carbon
embodied in observed product flows. They answer different questions and should be used
together, which is where the field’s own consensus assessment points, ranking environmental
data quality ahead of economic resolution [Tukker et al., 2018]. Our sector-level estimates
correlate with EXIOBASE at r = 0.76-0.79 in all 28 years (Section S15).

MRIO consumption-based estimates carry documented uncertainty of their own [Ro-
drigues et al., 2018, Moran and Wood, 2014, Wiedmann and Lenzen, 2018|, and the
geographic correction of Davis et al. [2025] is orthogonal to the within-sector disper-
sion measured here, so the two corrections compound rather than compete (Supporting

Information Section S15).

6.4 Limitations

The framework has several limitations, and the first is the largest: the matching is error-
prone at a measured rate (17 then 8 wrong in 100), the residual errors are the kind neither
a lexical taxonomy nor a stage ladder can catch, the audit covers only the direct-physical
layer, and 33.0% of trade value carries no admissible direct physical evidence. The 38
zero-factor codes exposed by the plausibility diagnostic remain open. Nothing else in this
list is of that order. Three further limits: factors are representative-technology intensities
held fixed over 1995-2023, so the annual series is a lower bound on decarbonization while
the within-year dispersion results are unaffected; HS categories can hold heterogeneous
products; and entrepdt trade distorts country-level readings. The rest are in the Supporting
Information.

The remaining limitations are listed in Supporting Information Section S15: factors
are representative-technology averages held fixed over time, so the annual series is a lower
bound on decarbonization; HS categories contain heterogeneous products; BACI quantities
carry reporting error; re-exports can distort country-level readings; and the account does

not propagate emissions through complete value chains or allocate domestic production.

6.5 Future work

Future work should develop country- and technology-specific factors, integrate the account

with MRIO models, and bring services onto the same product-resolution footing as goods.
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7 Conclusion

Product-level Trade-LCA provides a reproducible bridge between life-cycle evidence and
global trade statistics. It complements production- and consumption-based accounts. It
identifies the traded products and country positions through which embodied carbon
exposure is created.

The results show that trade value is a poor proxy for embodied-carbon exposure,
that carbon intensity varies by an order of magnitude within the sectors input-output
models resolve, and, by auditing this account’s own matching before and after repair, that
unaudited product-level accounts overstate that heterogeneity: the audit is as much a part
of the method as the mapping. By making the evidence layer of each assignment explicit,
the framework provides a transparent basis for product-level carbon accounting in global
trade.
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Country decomposition: OWID wedge vs goods net imports (2023, upstream-only basis)
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Figure 5: Country-level decomposition. Top countries by absolute OWID wedge in the

latest year. Bars show the OWID CBE-PBE wedge and goods net imports of embodied
carbon.
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Figure 6: Product-group concentration. Left bars show trade-value shares; right bars
show emissions shares for the top HS2 sectors. Fertilizers are the clearest case of emissions
concentration without value concentration: 0.5% of trade value against 4.5% of emissions.
Mineral fuels are not, on this boundary. HS27 carries 14.0% of value against 15.2% of
emissions, so it is close to proportional, because the upstream-only treatment excludes the
combustion of imported fuels and combustion is what made fuels look disproportionate
in territorial and consumption accounts. The concentration that survives is therefore a
statement about production intensity, not about the energy content of the goods.
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Table 2: Goods coverage by evidence layer, latest year (2023), on the audited basis:
iteration-2 admissible donors, stage-matched fallback for the codes whose donors the
filter rejected, upstream-only mineral-fuel factors and the factor corrections described in
Section 4.3. The emissions column sums to 14,367.8 MtCOse, the central estimate. Before
the matching repair the direct layer carried 90.2% of value and 94.9% of emissions; the
difference is the coverage cost of dropping inadmissible donors, and a factor change moves
flows across the physical-validity cap, which is why the account is re-accumulated at flow
level rather than rescaled.

Layer Trade value (trn USD)  Share of trade value Emissions (MtCOge) Share of emissions Products Flows
HS6 direct physical (audited donors) 13.04 57.7% 10298.0 71.7% 2797 5538317
Stage-matched physical fallback 7.38 32.6% 2884.9 20.1% 1505 3810670
HS4 physical fallback 1.25 5.5% 896.5 6.2% 179 550919
HS2 physical fallback 0.67 3.0% 202.4 1.4% 155 452262
Global physical fallback 0.01 0.04% 1.1 0.01% 5 16072
Monetary fallback (capped or missing quantity) 0.27 1.2% 84.9 0.6% 4561 468035

Table 3: Validation against OWID CBE-PBE benchmark, on the audited upstream-only,
factor-corrected, IPCC 2013 GWP 100a basis. Before the matching repair the full-panel
row read Pearson 0.39, Spearman 0.50, log-signed 0.50, same-sign 70%, absolute ratio
0.767, and the latest-year Pearson was 0.05; on a combustion-inclusive basis the full-panel
ratio of 1.007 reflected two offsetting errors rather than agreement (Section 4.4).

Sample n Pearson r Spearman p Log-signed » Same-sign Abs. ratio
Full panel (1995-2023) 3421 0.69 0.50 0.53 69% 0.956
Latest year (2023) 119 0.69 0.52 0.54 7% 1.049
Top 30, latest, ex-entrepot 30 0.73 0.66 0.70 87% 0.888
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