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Abstract

This study addresses the computational challenges of implementing Model D, the most
comprehensive environmentally extended Leontief-type model in the FIGARO EU Inter-Country
Input-Output (ICIO) framework. By combining truncation thresholds with the Generalized RAS
(GRAS) method, the proposed approach significantly reduces dataset size while preserving total
emissions, enabling the operationalization of Model D for the first time. A truncation threshold of 1-
ton reduced dataset size by 97% with minimal accuracy loss (WAPE 1.27%), making it feasible to
conduct detailed, policy-relevant analyses. Model D’s ability to trace CO, emissions across industries,
countries, and categories of final demand positions it as an essential tool for climate policy, offering
unparalleled insights into the environmental impacts of global economic activities. This methodology
contributes to environmental accounting by providing a scalable solution to the data-intensive
demands of multi-regional input-output models, facilitating more efficient and accurate assessments
of environmental impacts.

1. Introduction

Accurately quantifying carbon dioxide (CO,) footprints is fundamental for understanding the
environmental impacts of economic activities and formulating effective climate policies. Multi-
regional input-output (MRIO) models, such as the FIGARO EU Inter-Country Input-Output (ICIO)
model, offer a powerful framework for linking economic activities with environmental pressures
across industries and countries. Among the model variants within the FIGARO framework, Model D is
the most comprehensive, capturing environmental pressures embodied in final demand from
multiple analytical perspectives. Its ability to simultaneously trace pressures by source industry,
country of production, and type of final demand provides critical insights that surpass those of less
detailed models. However, the computational demands of Model D, involving six-dimensional data
cubes with billions of data points, have hindered its operationalization.

Unlike more aggregated footprint formulations, Model D preserves the simultaneous relationship
between emitting industries, emitting countries, destination industries, destination countries, final
demand countries, and final demand categories. This multidimensional structure enables highly
granular tracing of embodied emissions across global supply chains while maintaining consistency
with the underlying ICIO accounting framework. Such analytical capability is particularly relevant for
consumption-based accounting, carbon leakage analysis, supply-chain monitoring, and targeted
climate policy design.

This study addresses these challenges by introducing a novel truncation and redistribution
methodology, leveraging the Generalized RAS (GRAS) algorithm to reduce dataset size while
preserving the integrity of emissions data. By making the operationalization of Model D feasible, this
research aims to bridge the gap between theoretical modelling capabilities and practical policy
applications, enabling a new level of granularity and precision in CO, footprint analysis.



2. Literature Review

Accurate estimation of carbon dioxide (CO,) footprints is essential for understanding the
environmental impacts of economic activities and guiding policies to mitigate climate change. Input-
output (I-O) analysis has long been a cornerstone of this effort, capturing the interdependencies
between industries and countries. This section reviews the key developments in CO, footprint
estimation using I-O models, addresses computational challenges, and identifies gaps that this study
seeks to address by applying truncation and redistribution methods to the FIGARO EU Inter-Country
Input-Output (ICIO) model.

2.1 CO; Footprint Estimation Using Input-Output Analysis

Since its inception by Leontief (1936), input-output (I-O) analysis has become a cornerstone of
environmental assessments, particularly for calculating carbon dioxide (CO,) footprints. Multi-
regional input-output (MRIO) models, such as WIOD (Timmer, 2016), Eora (Dietzenbacher, 2013),
and GTAP (Aguiar, 2019), integrate economic and environmental data, enabling researchers to
attribute emissions to global supply chains. These models have provided valuable insights into the
environmental impacts of production and consumption but often lack the granularity and geographic
coverage necessary for detailed regional analyses, such as those required for EU-specific climate
policies.

While these large-scale MRIO models capture interdependencies between industries and countries,
they also present significant computational challenges due to their size and complexity. Traditional
approaches, such as sectoral aggregation (Wiedmann, 2011) and thresholding methods (Lenzen,
2010) have been proposed to address these issues but frequently sacrifice detail and accuracy.
Recent advancements, such as dimensionality reduction methods (e.g., PCA and NMF) and sparse
matrix representations, offer potential for improving computational efficiency. However, these
techniques often struggle to preserve the nuanced interdependencies critical for informing policy
decisions.

Despite these efforts, no existing methods adequately address the trade-offs between
computational efficiency and the retention of total emissions consistency within MRIO frameworks.
This gap is particularly evident for high-resolution applications like FIGARO’s Model D for footprints,
which aims to capture intricate economic-environmental linkages across multiple dimensions. As a
result, there remains a pressing need for innovative solutions that simplify large datasets without
sacrificing the integrity of the underlying relationships—a challenge that this study seeks to address.

Beyond methodological considerations, the operational implementation of highly detailed MRIO
systems increasingly faces practical computational constraints. The combination of high geographical
resolution, sectoral detail, and multiple analytical dimensions generates datasets that may contain
billions of values, challenging conventional approaches to storage, memory management, and
processing. These constraints are particularly relevant in official-statistics environments, where
reproducibility, scalability, and operational feasibility are essential requirements. Despite advances
in computational hardware and sparse matrix techniques, the practical operationalization of highly
disaggregated footprint models remains a significant challenge.



2.2 The FIGARO EU Inter-Country Input-Output Model

The FIGARO EU Inter-Country Input-Output (ICIO) model, developed by Eurostat (Eurostat, 2019),
represents a significant advancement in environmental-economic accounting by integrating global
economic data into a coherent framework based on official statistics. Unlike other MRIO models
such as WIOD or GTAP, FIGARO is designed to build an Integrated Global Accounts framework using
official statistics from the European Statistical System for EU countries and United Nations sources
for non-EU countries. This approach ensures consistency and reliability, addressing the specific
needs of policymakers and analysts within the EU context.

One of FIGARQ'’s defining features is its innovative treatment of international trade data through the
Quasi-Transit, Domestic, and Re-Exports (QDR) approach (Martins Ferreira, 2018). In addition,
FIGARO addresses global production arrangements complexities, including merchanting and goods
sent abroad for processing, by bridging the gaps between trade statistics and national accounts.

Additionally, FIGARO employs a rigorous process to construct fully consistent inter-country supply
and use tables (IC-SUTs). These IC-SUTs serve as the basis for deriving the ICIO tables, ensuring that
all components are aligned within an integrated framework. This consistency is particularly critical
for advanced applications such as Model D, which traces emissions embodied in global supply chains
across multiple dimensions—final demand, production, and source.

By focusing on methodological coherence and integrating economic accounts with environmental
data, FIGARO provides a unique platform for analysing the environmental implications of globalized
production and consumption patterns. However, the computational demands of high-resolution
models like Model D underscore the need for innovative data reduction techniques to operationalize
FIGARQ's full potential while preserving analytical depth and integrity.

2.3 Data Reduction Techniques: Truncation and the RAS Method

Managing the scale and complexity of large datasets, such as those in MRIO frameworks, requires
effective data reduction techniques. Truncation, which involves setting insignificant values to zero
based on predefined thresholds, has emerged as a practical solution. Properly chosen thresholds can
significantly reduce dataset size, but their application often risks introducing biases or losing critical
details. (Lenzen, 2010) emphasized the importance of selecting thresholds carefully to minimize
errors, while (Temurshoev, 2011) noted that aggregation techniques, though widely used, often fail
to retain the granularity essential for detailed policy analysis.

Despite the utility of truncation, its application to large-scale MRIO models presents unique
challenges. Even seemingly minor flows can have significant impacts when aggregated across
thousands of interrelated economic linkages. This limitation underscores the need for methods that
can balance simplification with the preservation of total values and relational integrity.

The RAS method, introduced by (Bacharach, 1970), has been a widely applied technique for
balancing input-output tables. By iteratively adjusting rows and columns to meet predefined
constraints while preserving relative proportions, RAS has been successfully used in matrix updating
(Jackson, 2004), reconciling data inconsistencies (Lenzen, 2010), and linking economic and
environmental data (Miller, 2009). The Generalized RAS (GRAS) algorithm, proposed by (Junius,
2003), extends this method by accommodating more complex constraints, such as sub-matrix



conditions and non-negativity requirements, making it particularly suited for large-scale MRIO
models.

However, despite the versatility of GRAS, its integration with truncation methods remains largely
unexplored. Existing studies have not adequately addressed how these two approaches can be
combined to achieve computational efficiency while retaining the integrity of emissions and
economic relationships. This gap highlights the need for innovative methodologies that reduce noise
and enhance manageability without compromising the structural accuracy of MRIO datasets—a
challenge this study directly addresses by proposing a truncation approach supplemented with
GRAS-based redistribution.

2.4 Gaps in the Literature and Need for a New Approach

Existing data reduction techniques, such as aggregation and thresholding, have proven effective in
simplifying large datasets but often compromise granularity and analytical precision. These methods
fail to adequately balance computational efficiency with the retention of total emissions consistency,
particularly in high-resolution MRIO models like FIGARO’s Model D. The absence of methodologies
that can simplify data while preserving the nuanced relationships between economic and
environmental variables remains a critical gap in the literature.

Moreover, while the RAS and Generalized RAS (GRAS) methods are widely used to balance input-
output tables, their potential for integration with truncation techniques has not been explored. This
integration could address the dual challenge of reducing computational burdens and maintaining the
structural integrity of MRIO datasets, enabling more accurate analyses of global supply chains and
their environmental impacts.

This study addresses these gaps by proposing a novel truncation method combined with GRAS-based
redistribution, specifically tailored for FIGARO’s Model D. This approach aims to retain total
emissions consistency while significantly reducing dataset size, unlocking the potential of high-
resolution models for policy-relevant applications. By overcoming computational barriers, the
methodology enhances the accessibility and usability of MRIO models, bridging the gap between
theoretical modelling capabilities and practical decision-making needs in environmental accounting.

3. Methodology

This study develops a truncation and redistribution approach to address the computational
challenges of calculating CO, footprints using the FIGARO EU Inter-Country Input-Output (ICIO)
model. By setting a truncation threshold and applying the Generalized RAS (GRAS) method, this
methodology reduces dataset size while preserving total emissions. This section details the structure
of the FIGARO model, the computational challenges, the proposed truncation method, and the
statistical tools used for analysis.

3.1 Description of the FIGARO EU ICIO Model
The FIGARO EU ICIO model represents economic transactions and environmental impacts across the
European Union and its key trading partners (Eurostat, 2021a). It comprises:

e 46 Countries: Including EU member states and key global economies.



e 64 Industries: Spanning various sectors such as agriculture, manufacturing, services, and
energy.

e 5 Final Demand Categories: Representing consumption by households, government
expenditure, NPISH, gross fixed capital formation and changes in inventories.

At its core, the model employs the Leontief inverse matrix, which encapsulates total direct and
indirect inputs required to deliver one unit of final demand. The Leontief inverse matrix has
dimensions of 2944 x 2944, representing 46 countries and 64 industries. Additionally, the model
includes 230 final demand vectors derived from 5 demand categories for 46 countries.

3.2 Computational Challenges

Calculating the CO, footprints using the full FIGARO model involves handling a dataset with nearly 2
billion cells: 46 origin countries X 64 origin industries X 46 destination countries X 64 destination
industries X 46 final demand countries X 5 final demand categories.

This large-scale dataset poses several challenges:

e Memory Limitations: Storing such a dataset often exceeds the capacity of standard
computing systems, causing crashes or slowdowns.

e Computation Time: Processing billions of entries demands substantial time and
computational resources.

o Data Management: The sheer volume of data makes identifying significant results difficult,
as the very large number of extremely small flows can substantially increase computational
and storage burdens while contributing only marginally to aggregate analytical outcomes.

3.3 Efficient Implementation of the Model D Equation
Model D Equation Reformulation

In the original formulation described in Eurostat’s Technical Paper, the computation of Model D
involves the following matrix multiplication:

E = GLF
where:

o Gis the diagonal matrix of emissions intensities
o Listhe Leontief inverse matrix
o Fis the diagonal matrix of final demand.

While mathematically accurate, this approach is computationally intensive. Constructing large
diagonal matrices G and F and performing multiple large-scale matrix multiplications significantly
increases the demand for memory and processing power, particularly for high-resolution datasets
like those required for Model D.

To address these challenges, this study adopts an alternative formulation by exploiting the algebraic
equivalence of the Model D equation. Using the fact that the product of diagonal matrices with a
third matrix can be expressed as an outer product, the Model D equation can be reformulated as:

E=LERXD



where:

e gandf are the emission intensity vector and final demand vector, respectively.
e g fdenotes the outer product of the vectors Leontief gand f

This reformulation eliminates the need for explicitly constructing the diagonal matrices G and F,
drastically reducing computational complexity. By first computing the outer product of g and f, the
resulting intermediate matrix can be efficiently multiplied with the Leontief inverse L.

Alternative computational implementations based on multidimensional tensor representations and
element-wise broadcasting operations may offer additional performance advantages and represent
a promising direction for future methodological comparison and optimization.

Computational Advantages
This reformulated approach offers significant computational advantages:

o Reduced Complexity: Avoiding the construction of diagonal matrices simplifies the
operations and reduces memory usage.

o Faster Computation: The intermediate step involving the outer product is computationally
lighter than traditional matrix multiplications with diagonal matrices.

e Scalability: This method is particularly advantageous for high-dimensional datasets, as it
minimizes the processing time required for Model D computations.

By leveraging this optimized formulation, this study makes the computation of Model D feasible
even for datasets that incorporate truncation, ensuring the model retains its full analytical capability
while significantly reducing computational overhead.

3.4 Proposed Truncation Method

To address these challenges, a truncation method combined with redistribution is proposed.
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Figure 1: Conceptual workflow of the truncation and redistribution methodology

3.4.1 Threshold Setting
CO, emissions are measured in thousand tons. Three truncation levels are tested:

e 100 kg (1/10 000)
e 1ton(1/1000)
e 10tons (1/100)



Emissions below the chosen threshold are considered statistically insignificant and set to zero,
significantly reducing the number of non-zero entries in the dataset.

An important consideration is that emissions vary widely across regions and sectors, both in
magnitude and significance. A uniform threshold may be suitable for broad simplifications, but its
applicability might diminish when analysing sectors that inherently produce lower emissions or
when focusing on regional economies that differ markedly in their emission profiles. For example,
applying the same truncation threshold to a high-emitting industrial sector and a low-emitting
service sector may disproportionately reduce detail in the latter, potentially misrepresenting its role
in the supply chain.

To address this, future work could develop adaptive or sector-specific truncation rules. Such rules
might set tighter thresholds for sectors known to have low but critical emissions or relax thresholds
for high-emission sectors to ensure their detailed representation. This tailored approach could
preserve the granularity necessary for certain policy analyses without negating the computational
advantages gained through truncation.

While fixed thresholds provide a transparent and operationally simple solution, future developments
could explore relative or adaptive threshold definitions linked to the scale of country-level or sector-
level footprints. Such approaches could better account for structural heterogeneity across
economies and industries while preserving the computational advantages of truncation.

3.4.2 Application of the Generalised RAS Method

To maintain consistency in total emissions after truncation, the Generalized RAS (GRAS) method is
applied. This advanced technique updates non-negative matrices to meet specified row and column
totals while preserving the original matrix structure.

e Input: The truncated CO, footprint matrix, with zeros for values below the threshold.

e Target Totals: The original row and column sums.

e Iteration: GRAS adjusts non-zero cells iteratively until the changes between successive
iterations fall below a predefined threshold.

An important characteristic of this approach is that aggregate emissions totals are preserved exactly
after redistribution, ensuring consistency with the original environmental accounting framework
despite the simplification of underlying detailed flows.

3.4.3 Secondary Redistribution
For cases where the GRAS method does not fully converge:

e Unallocated Emissions: Any remaining discrepancies are identified.
e Proportional Distribution: These emissions are redistributed proportionally across all non-
zero cells to preserve total emissions.

3.5 Rationale Behind the Method
This method is designed to:

o Reduce Noise: By eliminating values below the threshold, the dataset becomes clearer and
less cluttered with insignificant data.



e Preserve Total Emissions: GRAS and secondary redistribution ensure that total emissions
remain unchanged.

e Minimize Impact on Significant Values: Adjustments are concentrated on values above the
threshold, maintaining the integrity of critical data.

From a computational perspective, the truncation process also increases the sparsity of the resulting
footprint structure. This substantially improves storage efficiency and facilitates more scalable
computational workflows, particularly when handling multidimensional environmental footprint
datasets.

3.6 Statistical and Analytical Tools
The analysis leverages R and its ecosystem of packages for efficient handling of large-scale data,
parallel processing, and matrix operations:

e data.table: A fast and memory-efficient package for data manipulation, ideal for handling
large datasets with millions of rows and columns. It provides tools for sub setting, grouping,
and aggregating data in a streamlined syntax.

o  future and furrr: Packages for parallel and asynchronous computing. These tools enable the
execution of operations across multiple CPU cores, significantly reducing computation time
for iterative tasks such as matrix adjustments or simulations.

e arrow: Designed for fast file I/O and interoperability, this package supports the Apache
Arrow format, enabling efficient storage and retrieval of large datasets. Its Parquet file
compatibility makes it particularly useful for managing the large matrices in this study.

While truncation and redistribution can streamline computations, it is also important to
acknowledge that the input datasets themselves contain varying degrees of uncertainty. Emission
estimates at the industry-country level may be derived from heterogeneous data sources with
differing levels of reliability. The truncation process, by design, removes small flows that may already
be subject to higher uncertainties, but the implications of compounding these uncertainties in the
final redistributed matrix warrant further exploration.

Future applications of this methodology could incorporate uncertainty quantification frameworks—
such as Monte Carlo simulations or Bayesian inference—to evaluate how thresholds and
redistribution strategies interact with underlying data variability. Incorporating uncertainty
estimates into the truncation decision-making process could help identify threshold levels that not
only reduce computational loads but also maintain robust confidence intervals around key results.

3.7 Error Metrics and Validation
The impact of truncation and redistribution is evaluated using:

e Weighted Absolute Percentage Error (WAPE): Measures the deviation between truncated
and original matrices, weighted by the magnitude of the original values.

e Maximum Absolute and Relative Differences: Highlights the largest cell-level discrepancies,
assessing the robustness of the method.



4. Results

The results from the truncation method are vividly demonstrated in the graphical and tabular
elements of the paper. The findings reveal a striking balance between computational efficiency and
the accuracy of CO, footprint estimates.

Computational Savings

Table 1 and Figure 2 1 collectively highlight the significant computational savings achieved through
truncation. By reducing the dataset size, truncation enables more efficient data processing and
storage. Table 1 provides a detailed comparison of metrics for various truncation levels against non-
truncated footprints. For a CO; pollutant in 2022, the non-truncated dataset contained over a billion
non-zero records stored in a 1GB parquet file. Applying truncation drastically reduced the number of
non-zero records: 74.5 million for a 100-kg truncation, 29.2 million for a 1-ton truncation, and 9.6
million for a 10-ton truncation. Correspondingly, the output file size dropped from over 1GB to
113.6MB, 61.8MB, and 25.7MB, respectively.

Table 1: Impact of Truncation on Footprint Estimates: Comparison of File Size, Record Count, and Accuracy Metrics

full 100 kg 1tone 10 tones
File size (MB) 1453.4 113.6 61.8 25.7
Number of records (millions) 1088.2 74.5 29.2 9.6
Percentage of Records 100.0% 6.9% 2.7% 0.9%
WAPE (%) - 0.30% 1.15% 3.79%
Max WAPE - 4.96% 16.60% 42.27%
Max Abs Diff (1000 tones) - 1.0 9.6 72.9
Max Abs Diff (1000 tones) - 3.5% 16.3% 110.0%
Avg Max Abs Diff (1000 tones) - 0.3 1.9 10.9
Avg Max Rel Diff (%) - 0.17% 0.68% 2.83%

Figure 2: Number of records and WAPE per truncation level.
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These results are particularly significant because they demonstrate that extremely large reductions
in dataset size can be achieved while preserving a high level of analytical fidelity. In practical terms,
the methodology transforms Model D from a theoretically powerful but computationally
cumbersome framework into an operationally manageable analytical system.

Impact on Accuracy
While truncation achieves impressive computational efficiencies, it comes at the expense of
accuracy. There is a clear inverse correlation between the number of records retained and the



accuracy, as measured by the Weighted Absolute Percentage Error (WAPE), as shown in Figure 1. At
the 10-ton truncation level, WAPE reaches 3.79%, a significant increase compared to the non-
truncated model. Although this error may seem modest in aggregate, closer inspection reveals
substantial deviations in specific cases. The 10-ton truncation introduces considerable inaccuracies,
with WAPE values as high as 42.27% for certain combinations of final demand country and type. This
indicates that truncation at this level may not be suitable for granular analyses requiring high
accuracy. We will then focus only on the 100 kg and on the 1-ton truncation levels.

WAPE Analysis

Figure 3 demonstrates the Weighted Absolute Percentage Error (WAPE) resulting from truncating
CO, emissions at thresholds of 100 kg and 1 ton across five final demand categories: Government
(P3_S13), Household (P3_S14), NPISH (P3_S15), Gross Capital Formation (P51G), and Changes in
Inventories (P5M). Across all categories, WAPE values remain remarkably low, with the majority
falling below 2.5%, regardless of the truncation threshold. This suggests that both thresholds have a
minimal impact on the accuracy of CO, emissions estimates, highlighting the robustness of the
method.

Figure 3: WAPE Comparison Across Final Demand Types
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While the 100 kg threshold tends to result in slightly lower WAPE values compared to the 1-ton
threshold, the differences between them are minor. This indicates that the additional detail
captured by the lower threshold does not significantly improve accuracy. Outliers are present,
particularly in categories like Changes in Inventories and NPISH, but they do not detract from the
overall observation that truncation thresholds of both 100 kg and 1 ton lead to consistently low
deviations in emissions estimates.

Although the optimal truncation level may ultimately depend on the analytical objective and
required level of detail, the empirical results suggest that the 1-ton threshold offers a particularly
robust compromise between computational efficiency and preservation of analytical accuracy.



Maximum Absolute Differences

The Maximum Absolute Differences (MAD) for truncating CO, emissions at 100 kg and 1 ton are
generally small across all final demand categories, with most values below 2.5 units (Figure 4).
Government (P3_S13), Household (P3_S14), and NPISH (P3_S15) show consistently low differences,
while Gross Capital Formation (P51G) exhibits the largest variability and outliers, reflecting its
sensitivity to truncation thresholds. The 1 ton threshold tends to yield slightly higher MAD values
compared to the 100 kg threshold, but the differences are negligible, further supporting the
robustness of the truncation approach for accurately estimating emissions.

Figure 4: Maximum Absolute Difference Across Final Demand Types
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Maximum Relative Differences

The Maximum Relative Differences (MRD) for truncating CO, emissions at 100 kg and 1 ton are
generally small across all final demand categories, with most values remaining below 5% and many
below 2.5% (Figure 5). Government (P3_S13) and Household (P3_S14) exhibit the lowest MRD
values, indicating minimal sensitivity to truncation thresholds. While NPISH (P3_S15), Gross Capital
Formation (P51G), and Changes in Inventories (P5M) show higher variability and occasional outliers,
the overall impact remains limited. Again, the 1-ton threshold tends to yield slightly higher MRD
values than the 100 kg threshold, but the differences are not significant.



Figure 5: Maximum Relative Difference Across Final Demand Types

Maximum Relative Difference Across Final Demand Types

15

10

Maximum Relative Difference (%)

° . [} ] ° y
y ° H ¢ * : !
$ . ' N

P3_813 P3_S14 P3_815 P51G P5M

Final Demand Type

Model E Truncated (100kg) ' Truncated (1t)

5. Discussion

This study developed a truncation and redistribution approach, applied to the FIGARO EU Inter-
Country Input-Output (ICIO) model, to address the computational challenges of CO, footprint
calculations. By testing different truncation levels and integrating the Generalized RAS (GRAS)
method, the study explored the trade-offs between computational efficiency and accuracy. The
results demonstrate a meaningful balance between dataset simplification and the preservation of
total emissions, providing valuable insights into the applicability of these methods for large-scale
environmental assessments.

Truncation Effects on CO, Footprint Estimates

Truncation drastically reduced the size of the dataset, with the number of non-zero records
decreasing from over a billion to 74.5 million, 29.2 million, and 9.6 million for 100-kg, 1-ton, and 10-
ton truncation levels, respectively. The reduction in storage requirements was similarly impressive,
dropping from over 1GB to as little as 25.7MB. However, as truncation levels increased, the accuracy
of the CO, footprint estimates decreased, as reflected by the Weighted Absolute Percentage Error
(WAPE). At the 10-ton level, WAPE reached 3.79%, with some combinations of demand country and
type exhibiting errors as high as 42.27%.

Effectiveness of Redistribution Methods

The Generalized RAS method effectively redistributed emissions after truncation, ensuring that total
emissions were preserved. Secondary redistribution successfully addressed minor discrepancies in
cases where GRAS convergence was not complete. This iterative process ensured that the structural
integrity of the dataset remained intact, albeit at the cost of introducing localized inaccuracies in the
10-ton truncation scenario.



Utility of Truncation for Simplifying Large Datasets

The findings affirm that truncation, when combined with robust redistribution techniques, can
significantly reduce computational burdens without a substantial loss of accuracy. For truncation
levels up to 1 ton, the method achieved a balance between efficiency and precision, making it
suitable for high-level analyses of CO, footprints. Higher truncation levels, such as 10 tons, are only
advisable for coarse analyses where detail is less critical.

Applicability in Other Environmental Assessments

This approach can be extended to other large-scale environmental datasets, such as material flow
analyses, energy balances, and waste accounts, where reducing noise and improving manageability
are critical. By preserving total values and structural relationships, this method offers a versatile tool
for policymakers and researchers dealing with increasingly complex environmental datasets.

Enhanced Dataset Quality Through Noise Reduction

By eliminating values below thresholds as low as 100 kg, the methodology reduced statistical noise,
improving the clarity and interpretability of the data. The removal of insignificant entries allowed
meaningful patterns to emerge, as evidenced by the reduction in file size and the concentration of
emissions in significant contributors. This enhancement of data quality is a strong argument for
truncation as a preprocessing step in environmental modelling.

Potential Biases Introduced by Truncation

While truncation offers clear advantages, it introduces biases, particularly at higher thresholds. For
instance, at the 10-ton level, critical combinations of demand country and type were entirely
excluded, leading to distortions in detailed analyses. These limitations suggest that truncation is not
universally applicable and must be carefully calibrated to suit the analysis objective.

Scope of Application

The method is less suitable for analyses requiring granular accuracy, such as detailed sectoral studies
or policy interventions targeting small-scale emitters. Additionally, the redistribution process, while
effective, may amplify errors in specific subsets of the dataset, as seen in the maximum relative
differences observed at higher truncation levels.

While the truncation and GRAS redistribution approach shows promise, it is beneficial to situate it
within a broader methodological landscape. Traditional aggregation techniques have the advantage
of straightforward implementation but often lose key structural details. Sparse matrix algorithms
and factorization-based dimension reduction methods offer computational speed but may sacrifice
the fidelity of total emissions or proportional relationships. Similarly, machine learning-driven
clustering or approximation methods can improve processing times but require careful validation to
ensure interpretability.

By comparing the presented approach to these alternatives, future studies can highlight scenarios in
which truncation and redistribution are particularly advantageous—such as maintaining total
emissions integrity or ensuring relational consistency across sectors and countries. This comparative
perspective can guide practitioners in choosing the most suitable data simplification strategy based
on their specific research questions, computational resources, and policy requirements.



Comparison to Other Simplification Methods

Compared with traditional aggregation approaches, the proposed methodology preserves
substantially more structural detail while still achieving major computational savings. Likewise,
unlike some dimensionality reduction or approximation methods, the truncation and redistribution
framework preserves aggregate emissions totals and maintains consistency with the underlying
accounting structure. This combination of scalability, accounting consistency, and analytical
granularity represents one of the key strengths of the proposed approach.

Recommended Truncation Levels

Based on the results, a 1-ton truncation threshold is recommended as the most balanced level,
achieving significant reductions in dataset size and computational demands while maintaining
acceptable accuracy for most analyses. This threshold avoids the severe biases observed at the 10-
ton level while still providing substantial computational savings over the non-truncated dataset.

Suggestions for Future Research

Method Refinement

Future research could explore dynamic truncation thresholds that vary by sector or country,
accounting for the heterogeneity in emission contributions. Refining the redistribution process to
minimize localized inaccuracies could further enhance the method’s applicability.

Application to Other Datasets

Extending this approach to other environmental indicators, such as water use or biodiversity
footprints, would validate its versatility. Comparative studies using alternative MRIO models could
provide insights into the generalizability of the findings.

Incorporating Machine Learning Techniques
Integrating machine learning for threshold optimization and error prediction could make truncation
more adaptive, reducing biases while maintaining efficiency.

6. Conclusion

This study demonstrates that the computational and storage challenges traditionally associated with
Model D of the FIGARO ICIO model can be effectively addressed through the proposed truncation
and redistribution methodology. By enabling the operationalization of this comprehensive model,
the research bridges the gap between theoretical modelling capabilities and practical applications,
allowing for unprecedented granularity and precision in CO, footprint analysis. The ability to
implement Model D provides policymakers with an advanced tool for tracing emissions across
industries, countries, and categories of final demand, offering critical insights for climate action and
sustainable development.

While higher truncation thresholds introduce biases that may limit detailed granular analyses, the
results demonstrate that carefully calibrated truncation can drastically simplify high-dimensional
footprint systems without materially compromising their analytical value. In particular, the 1-ton
threshold emerges as a robust operational compromise between computational efficiency, storage
reduction, and preservation of emissions consistency.



By enabling the practical implementation of highly granular footprint models within official-statistics
frameworks, the proposed methodology contributes toward a new generation of scalable
environmental-economic accounting systems capable of supporting increasingly detailed climate and
sustainability policy analysis.
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