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Thesis Abstract 

Timely and accurate emissions data is an essenIal first step to the understanding of 

business environmental impacts, as naIonal economies look to shic away from reliance on 

emission generaIng acIviIes. Current measurement approaches, however, represent a 

significant pracIcal obstacle for small and medium-sized enterprises (SMEs). Without 

widespread SME emission measurement, a gap in data occurs. This has created a dual 

challenge: many SMEs remain disengaged from emissions measurement due to limited 

capacity and low reporIng expectaIons, while external stakeholders such as large firms, 

financial insItuIons and policymakers lack the reliable emissions data for SMEs needed to 

inform analysis and decision-making. This thesis invesIgates how financial transacIon data 

(FTD) and environmentally extended mulI-regional input–output (EEMRIO) analysis can 

enable low burden, spend-based measurement approaches to address these issues through 

efficient, scalable, standardised, transparent, and Imely emissions esImates. 

The first two empirical chapters develop the processes required to transform large 

scale FTD into emissions esImates for SMEs and evaluate whether the resulIng data can be 

meaningfully modelled across firms and industries. These processes are introduced for 

esImaIng SME Scope 1 and 2 emissions from energy and fuel spending, ensuring 

compaIbility with established acIvity-based emissions factors, before the approach is 

extended to upstream components of Scope 3 using EEMRIO mulIpliers. A set of 

hierarchical regression models is then constructed to idenIfy the minimal inputs needed to 

predict SME emissions accurately. The findings show that emissions can be esImated 

reliably using just a small number of firm-level variables, demonstraIng that modelled 

approaches can be used to produce accessible emissions insights, even in the absence of 

detailed transacIonal data. These models provide a pracIcal mechanism for producing SME 

benchmark emissions profiles, informed by extensive microdata, in turn allowing for external 

stakeholders to approximate the unreported emissions of SMEs. 

The final empirical chapter then addresses the mulI-year publicaIon lag of EEMRIO 

databases by evaluaIng three nowcasIng methods that vary in data requirement and 

underlying assumpIons. Applied to the UKMRIO for a set of known years (2018–2022) the 
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methods achieve broadly similar accuracy, with the analysis showing that simple inflaIon-

based updates provide a strong basis for real-Ime esImaIon, performing comparably to 

more complex approaches designed to adjust MRIO structures.  

Taken together, this thesis advances methodological tools for producing SME 

emissions esImates and for updaIng EEMRIO-based conversion factors in lagged periods. It 

demonstrates how FTD can help fill the SME emissions data gap, how emissions can be 

predicted in low-data contexts, and how EEMRIO systems can be aligned with real-Ime 

economic condiIons. These contribuIons support the wider ambiIon of creaIng emissions 

data that is both operaIonally pracIcal and broadly accessible, thereby enabling more 

inclusive parIcipaIon in climate policies. 
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Chapter 1. Introduc4on 

1.1 Overview  

1.1.1 Thesis Context 

Over the course of the twenIeth century, anthropogenic emissions became an 

increasing focus of concern in relaIon to changes in the Earth’s atmosphere. Human acIvity 

is now understood to be the dominant driver of atmospheric change (IPCC, 2021), and 

annual average global surface temperatures conInue to rise, with 2023 approaching the 

Paris Agreement’s upper limit of 1.5°C above pre-industrial levels (UNFCCC, 2015; WMO, 

2024). Changes to the atmosphere are contribuIng to more frequent and intense extreme 

weather events, which in turn create significant physical and economic risks and have far-

reaching social and environmental impacts (Cologna et al., 2025; IPCC, 2023; Newman and 

Noy, 2023). To address this, many countries have pledged to reach net zero greenhouse gas 

(GHG) emissions in some shape or form by the mid-century (Fankhauser et al., 2022).  

Whilst small and medium-sized enterprises (SMEs) may not be the principal source of 

GHG emissions, given their vast numbers, they make a crucial contribuIon to meeIng any 

naIonal net zero ambiIons (OECD, 2023). In the United Kingdom (UK), SMEs make up 99.9% 

of the business populaIon (BEIS, 2022), yet their contribuIon to total GHG emissions is 

crudely esImated (BBB, 2021), whilst the emissions embodied through their trade is 

unknown. This is largely due to the focus of exisIng emission disclosure frameworks on 

larger firms, leaving SMEs outside their scope, creaIng a significant data gap in relaIon to 

SMEs. With net zero targets fast approaching, this situaIon is insufficient. Measuring and 

monitoring environmental impacts represents a criIcal first step in the transiIon to net zero, 

supporIng the development of awareness, knowledge, and the senng of evidence-based 

reducIon strategies. 

1.1.2 Thesis Contribu2on 

This thesis focuses on this challenge, making several individual contribuIons. First, 

through a partnership with Lloyds Banking Group (LBG), one of the major retail banks in the 
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UK, this research has unprecedented access to proprietary financial transacIon data (FTD) 

for a large sample of UK SMEs, enabling enIrely novel analyses and large-scale insights on 

an otherwise challenging to observe segment of the economy. Second, all data structures 

and methods are aligned with the GHG Protocol, the global standard for corporate GHG 

accounIng, making this UK focused study a transferable case study for all other economies 

with significant digital transacIon acIvity. Third, by working on real-Ime FTD, this work 

addresses one of the most significant and frequently cited limitaIon associated with 

emissions data, it’s Imeliness. Finally, an accompanying R package is provided to 

operaIonalise the methods detailed here, enabling pracIIoners to reproduce esImates and 

apply to their own use cases.  

While the UK is the sole country of analysis due to the availability of FTD, it has 

various benefits for being so. Firstly, as previously stated, SMEs make up 99.9% of the UK’s 

physical business populaIon. This, combined with the UKs legally binding climate targets of 

a 68% reducIon by 2030 (relaIve to 1990), and net zero by 2050 (DESNZ and BIES, 2022a), 

make SME engagement crucial. As interim carbon budgets Ighten, pracIcal ways to engage 

SMEs in measurement and emission miIgaIon will only grow in importance. Secondly, the 

single-country focus of this work follows best pracIce, as emissions factors are derived from 

official naIonal staIsIcal aligned databases, enhancing robustness of results (Edens et al., 

2015; Tukker et al., 2018). Lastly, as in most countries, in the UK, SMEs remain outside of 

mandatory emissions disclosure regulaIons (HM Government, 2019), creaIng both a 

regulatory and data gap. AlternaIve emissions data sources for SMEs are scarce, 

underscoring the need for scalable, low-burden measurement approaches. This work 

examines the role of FTD as a raIonal and efficient means of developing scalable models or 

policy frameworks to support SMEs in contribuIng to decreasing emissions. 

LegislaIve amendments in 2019 established the UK as the first major economy to set 

a binding target to cease its net contribuIon to global GHG emissions by 2050 (BEIS, 2021). 

In recent years, the UK’s territorial emissions have seen a steady decrease, with emissions 

decreasing to 50% of 1990 levels by 2024. The primary driver of this decline has been the 

reducIon in emission intensity within the electricity supply sector, which alone accounts for 
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approximately half of all naIonal emission reducIons since 2008 (CCC, 2025). As the UK 

electricity grid advances towards decarbonisaIon, the potenIal for further reducIons in this 

sector diminishes, requiring greater emission reducIons from other sources. Business and 

industry account for 25% of UK territorial emissions, with approximately half of these from 

SMEs (Hu+on, 2020).  

Alongside territorial emission targets, which capture direct emissions generated 

within the UK, the UK also tracks and officially publishes consumpIon-based emissions, 

which reflect the global supply-chain impacts of goods and services consumed domesIcally. 

These figures are parIcularly important in the UK context, where reducIons in territorial 

emissions have coincided with increases in emissions embodied in imports. The emissions 

linked to the UK’s consumpIon emissions rose by 41% between 2001 and its peak in 2007. 

These emissions have since fallen to 740 MtCO2e, remaining 23% above 2001 levels (DEFRA, 

2025a; Owen and Kilian, 2025). 

The introducIon of this thesis conInues with an outline of the literature surrounding 

this PhD research, followed by a presentaIon of both the research aims and objecIves, and 

data and methods contained within this thesis. 

1.2 An Introduc'on to Emission Accoun'ng 

1.2.1 Na2onal Emission Inventories 

When measuring naIonal emissions inventories, different accounIng perspecIves 

can be applied, each requiring disInct methodologies and producing different esImates. 

Territorial emissions account for all GHG emissions occurring within a naIon’s geographic 

boundaries, including offshore areas under its jurisdicIon. They underpin naIonal net zero 

targets and are reported under the Kyoto Protocol (UNFCCC, 1997). ProducIon-based 

emissions follow the residency principle, a+ribuIng emissions to resident households and 

enterprises regardless of where those emissions physically occur. These inventories also 

contain the bunker fuels from aviaIon and shipping. ProducIon-based emissions align with 

the System of NaIonal Accounts, enabling coherent integraIon of emissions and economic 

staIsIcs. Whilst these allocaIon principles differ, both metrics quanIfy the emissions 



4 

 

directly produced from the energy use, fuel combusIon, and processes associated with 

naIons or their residents.  

LimitaIons inherent to these accounIng principles have led to increasing calls for the 

switching to, or amalgamaIon with other approaches (Afionis and Sakai, 2022; Peters, 

2008). Of parIcular concern is the concept of carbon leakages through imports, where 

emissions are generated abroad to meet a naIon’s consumpIon demand. In these cases, 

domesIc emission reducIons may be offset by increased reliance on carbon-intensive goods 

produced elsewhere, meaning emissions are effecIvely shiced rather than reduced. This 

undermines the integrity of naIonal climate targets and obscures the responsibility of high-

consumpIon economies, as global emissions may remain unchanged or increase, even when 

domesIc inventories fall (Davis and Caldeira, 2010; Franzen and Mader, 2018; Hertwich and 

Peters, 2009; Wiedmann et al., 2010). The globalizaIon of supply chains and geographically 

uneven nature of consumpIon has amplified this limitaIon, underscoring the need to 

quanIfy emissions occurring outside of naIonal borders but a+ributable to domesIc 

demand (Hertwich and Peters, 2009; Owen et al., 2014). EsImates show that approximately 

one quarter of global CO2 emissions are embodied in internaIonal trade. In 2019 emissions 

associated with internaIonal trade amounted to 7.9 GtCO2 (22% of the global total), a 1.4Gt 

CO2 increase since 1995 (Maquet et al., 2024). A country’s consumpIon-based emissions 

adjust for this, reallocaIng emissions from the point of producIon to the consumer of the 

final good or service.  

When quanIfying emissions, differences in the allocaIon of responsibiliIes across 

measurement approaches may stem from variaIons in operaIonal control, the scope of 

policy, or consideraIons of fairness and equity. 
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1.2.2 Corporate Emission Accoun2ng 

While naIonal inventories focus on how emissions are generated and allocated on an 

economy level, corporate emission accounIng operates at a smaller scale, requiring 

individual firms to understand, measure and report the emissions associated with their own 

acIviIes and value chains. The first GHG Protocol (WRI & WBCSD, 2001) was considered a 

major step towards enabling coherent emission accounIng at the corporaIon level (Lenzen 

and Murray, 2010). The protocol has since had subsequent revisions, and now defines 

accounIng principles, system boundaries and reporIng standards, thus providing a 

widespread framework of emission accounIng. The concepts of producer, consumer, and 

shared responsibility are embedded within the GHG Protocol, and operaIonalized through 

the pracIce of carbon footprint analysis (Wiedmann and Minx, 2008). To measure the 

complete carbon footprint of a corporaIon, the GHG Protocol defines clear, differenIated 

“Scopes” that capture all emissions associated with a business’s operaIons and broader 

value chain. The scopes encompass emissions arising from acIviIes related to a business’s 

purchases, its owned or controlled operaIons, and the goods and services it provides. Figure 

1.1 illustrates where each scope of emission occurs within an individual firm’s value chain, 

indicaIng that one firm's Scope 2 and 3 emissions are the allocated Scope 1 emissions of 

another (Hertwich and Wood, 2018).  

Figure 1.1 - "Spheres of corporate responsibility" included within the corporate carbon footprint. Adapted from 

Lenzen and Murray (2010). Grey secEon represents the porEon of the footprint not represented within FTD, and thus 

outside the scope of this study. 
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1.2.2.1 Scope 1 

GHG emissions produced from operaIons owned or controlled by a company are 

classified as Scope 1 emissions. These are direct emissions and can include staIonary 

combusIon, mobile combusIon, and process-related emissions (Lenzen and Murray, 2010). 

These emissions appear in the central column of Figure 1.1 and could arise from direct on-

site acIviIes such as a gas boiler for heaIng or using a combusIon engine vehicle. These 

emissions can be substanIal in businesses with large operaIonal complexity and scale, or 

those that use energy-intensive industrial processes. CalculaIng Scope 1 emissions can 

therefore be data intensive: it requires the idenIficaIon of emission sources, collecIon of 

detailed acIvity and usage data, and applicaIon of appropriate conversion factors.  

Businesses may consume various fuels in different units; natural gas may be reported 

in thermal or volumetric units, while liquid fuels are measured in gallons, barrels, or cubic 

metres. CalculaIng emissions from mobile combusIon introduces further complexity, as 

calculaIons may need to account for both distance travelled and vehicle characterisIcs. To 

ensure consistency, fuel characterisIcs such as the gross calorific value should also be 

incorporated. Once each source has been idenIfied, and usage data has been collected, data 

conversion requires accurate selecIon of emission factors from official datasets. In the UK, 

government departments publish official usage conversion factors, with the condensed file 

alone containing over 1,000 potenIal Scope 1 factors for firms to choose from. In pracIce, 

errors in matching acIvity data to the correct units or conversion factors frequently result in 

significant misreporIng (Financial ReporIng Council, 2021). 

1.2.2.2 Scope 2 

GHG emissions from the generaIon of purchased electricity, steam, and heaIng or 

cooling consumed by a company are classified as Scope 2 emissions. These are indirect 

emissions, arising outside the organisaIon’s direct operaIonal control, are considered 

upstream as they occur before the point of purchase. In Figure 1.1, Scope 2 emissions are in 

the first column, and mainly include electricity purchases to operate lighIng, machinery, and 

other equipment. Compared with Scope 1, Scope 2 measurement should be more 

straighuorward, as consumpIon is usually reported directly on uIlity bills in consistent units 
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such as kilowa+-hours (kWh). Measuring Scope 2 emissions also involves applying 

conversion factors, with two disInct accounIng approaches recognised under the GHG 

Protocol. The locaIon-based method calculates emissions using average grid emission 

factors for the region where the electricity is consumed, reflecIng the fuel mix of the 

electricity grid. AlternaIvely, the market-based method, incorporates the specific energy 

contract of the business, enabling firms to account for specific a+ributes of the electricity 

they procure. EnIrely renewable tariffs could then be designated an emission factor of 0.  

Although Scope 2 reporIng is less complex in terms of acIvity data requirements, 

the choice between locaIon- and market-based methods has important implicaIons for 

transparency, comparability. 

1.2.2.3 Scope 3 

Scope 3 emissions encompass all other indirect GHG emissions that occur within a 

company’s value chain but outside of its direct operaIons. These emissions present the 

greatest measurement challenges and whilst not produced as a direct consequence of a 

firm’s operaIons, these emissions can ocen account for the largest share of a firm’s carbon 

footprint (Hertwich and Wood, 2018). The GHG Protocol idenIfies 15 disInct categories of 

Scope 3 emissions, spanning both upstream and downstream acIviIes. Upstream emissions 

are linked to how a business spends its money. These include categories such as purchased 

goods and services, capital goods, fuel- and energy-related acIviIes not captured in Scope 1 

or 2, upstream transportaIon and distribuIon, waste generated in operaIons, business 

travel, employee commuIng, and leased assets. Downstream emissions, by contrast, relate 

to the goods and services a business sell. These cover downstream transportaIon and 

distribuIon, processing and use of sold products, end-of-life treatment of products, as well 

as downstream leased assets, franchises, and investments. A business’s bank account can 

proxy for much of the upstream component of its Scope 3 emissions since many relevant 

purchases flow directly through financial transacIons. The main excepIon is employee 

commuIng, which does not typically appear in business spending records, whilst 

downstream emissions are also generally not observable in this way. 
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Scope 3 emission measurement is complex relaIve to Scope 1 and 2 emissions 

(Blanco et al., 2016; Cheema-Fox et al., 2021). Their calculaIon necessitates subjecIve 

decisions on system boundaries, whilst requiring extensive external data on supplier 

locaIons, producIon techniques, and knowledge on various other factors within global 

supply chains (Acquaye et al., 2014). This introduces significant complexity and pracIcal 

obstacles: precise external data may be hard to source or unavailable, firms might then rely 

on secondary data or industry averages which may require a level of technical experIse to 

acquire, and transparency in reporIng is required. Each Scope 3 category demands different 

assumpIons, system boundaries, and conversion factors, making Scope 3 the most resource-

intensive and uncertain element of corporate emissions accounIng.  

A further complicaIon is the issue of double counIng. Under the GHG scopes, the 

Scopes 2 and 3 emissions of firms are the Scope 1 emissions of others, accounIng for them 

both implies a double counIng. Rather than a flaw, this overlap is inherent to value-chain 

accounIng as several actors influence and can therefore reduce the same underlying 

emissions. In this sense, double counIng signals shared responsibility and highlights more 

opportuniIes for emission reducIons (Hertwich and Wood, 2018). 

1.2.3 Uses of Corporate Emission Data 

Once a firm measures its emissions, it typically reports them either voluntarily or in 

response to mandatory disclosure requirements. These requirements vary by jurisdicIon 

and are typically defined using firm-size thresholds (for example turnover or employee 

numbers) and, in some cases, levels of energy-consumpIon. Voluntary reporIng is ocen 

done through plauorms like Carbon Disclosure Project (CDP), or in company sustainability 

reports, while regulatory disclosure is done so in the requested format. In the UK, 

mandatory disclosures are included in annual reports filed with Companies House, making 

them publicly accessible but not compiled into a centralised emissions database. Instead, 

the data sits within individual, annual company filings. Increasingly, providers have sought to 

collect and standardize emissions data from these sources, ocen supplemenIng gaps with 

esImaIon models. Key providers include: the CDP, Trucost, Morgan Stanley Capital 

InternaIonal (MSCI), SustainalyIcs, RefiniIv. 
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In pracIce, these datasets are ocen uIlised by external stakeholders of business 

emission data, forming the basis for financed emissions or climate-related risk calculaIons 

(Nguyen et al., 2021; PCAF, 2022), whilst they also have varied uIlity in research. For 

instance Banerjee et al. (2025) use the RefiniIv database to study the impact of increased 

poliIcal risk on firm-level emissions, whilst Okimoto and Takaoka (2024) use the Trucot 

database to examine the relaIonship between emissions and firm default risk. The CDP 

database has also been used to examine the effect of carbon emissions on firm value 

(Matsumura et al., 2014) and understand the relevance and significance of Scope 3 

categories (Buchenau et al., 2025). 

1.2.4 Predic2ng Corporate Emission Data 

There is a growing body of literature that uses corporate emissions datasets to 

extrapolate or esImate emissions for firms that do not report them, thereby filling the data 

gap that arises when only a subset of businesses produce emissions measurements. 

Goldhammer et al., (2017) use the joint Scope 1 and 2 emissions of 93 European companies 

sourced from the CDP, Corporate Sustainability Reports, and the Thomson Reuters database 

to produce a regression-based specificaIon using variables on a firm's industry, size, capital 

intensity, and centrality of producIon to externally esImate the emissions of a firm, 

highlighIng the benefits of enhanced efficiency for external stakeholders. Griffin et al. 

(2017) develop a similar approach using the reported emissions of 1,657 companies held by 

the CDP to enhance the sample size for their study on relevance of emission disclosers for 

investors. Nguyen et al. (2021), build on this, finding predicIon error reducIons can be 

achieved from applying machine learning techniques on a larger sample of 13,435 firm-year 

observaIons for 2,289 firms (sourced from Thomson Reuters). Further examples of machine 

learning based models can be found (Assael et al., 2023; Heurtebize et al., 2022a), which aim 

to maximise variable inputs to provide high accuracy emission esImates for the large set of 

companies that do not report emissions. 

External predicIon methods for Scope 1 and 2 emissions offer uIlity to a wide range 

of stakeholders. Policymakers use such esImates to design and evaluate environmental 

policies that can drive behavioural and operaIonal change, ensuring progress toward the 
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UK’s legally binding Carbon Budgets. For financial insItuIons (FIs), robust emissions data are 

criIcal for developing, assessing, and implemenIng financed emissions strategies, and for 

aligning lending and investment poruolios with climate targets. Under Task Force on 

Climate-related Financial Disclosures (TFCFD)-aligned disclosure frameworks, FIs are 

expected to measure and disclose their financed emissions, with the Partnership for Carbon 

AccounIng Financials (PCAF, 2022) providing the methodological standard most commonly 

used for this purpose. As a result, the availability and accuracy of corporate emissions data 

are essenIal. Moreover, increased Scope 3 reporIng has heightened the importance of 

accurate Scope 1 emissions data from suppliers, as larger firms seek to quanIfy emissions 

across their value chains. This creates pressure for reliable emissions data even among 

smaller businesses that do not currently disclose such informaIon, a trend likely to 

strengthen further as Scope 3 targets become more widespread and are reinforced through 

investor and market pressures. 

Scope 3 predicIon models have also been developed, but their uIlity for external 

stakeholders is more limited. Because Scope 3 disclosure remains largely voluntary, available 

training data are incomplete and sparse. Nguyen et al., (2023) employ various emissions 

datasets to train machine learning models for Scope 3 emissions, but find that error 

reducIons are modest regardless of the method used. Similarly, Serafeim and Velez Caicedo 

(2022) apply an adapIve boosIng algorithm to the CDP dataset, using financial statement 

variables to predict Scope 3 emissions, whilst Wang and Ye (2025) also uIlise machine 

learning techniques in a Taiwan-focused Scope 3 esImaIon study. 

1.2.4 Limita2ons of Using Corporate Emission Data 

Models that predict firm-level emissions using publicly disclosed data inevitably face 

several well-documented limitaIons. Self-reported figures frequently contain 

inconsistencies, such as rounding errors and unit misclassificaIons (Bajic et al., 2023; 

Financial ReporIng Council, 2021). Data reliability is further undermined by discrepancies 

across providers: Busch et al. (2022) report similarity scores can be as low as 16% for Scope 

3 emissions between data providers, while Goldhammer et al. (2017) also found the 

persistence of missing values and conflicIng entries across providers. These variaIons raise 
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significant reliability and comparability concerns, which are worsened by inconsistent or 

non-standardised emissions calculaIons (Dragomir, 2012; Talbot and Boiral, 2013). 

Moreover, reliance on mandatory and voluntary disclosures restricts sample sizes; a 

limitaIon ocen compensated for by the pooling of mulI-year and mulI-region observaIons 

(Assael et al., 2023), introducing further heterogeneity into the underlying data. Such 

challenges have direct implicaIons for predicIon models as inconsistent training data limits 

model accuracy and validity, whilst the sparse coverage of reporIng firms hampers the 

ability of a model to truly generalise across firms, or sectors.  

Importantly, reliance on self-disclosed informaIon limits coverage of SMEs, which fall 

outside mandatory reporIng requirements and ocen lack the resources to disclose 

emissions voluntarily. These firms stand to benefit most from accessible and efficient 

emissions esImaIon methods (Assael et al., 2023; Goldhammer et al., 2017), as they 

represent the largest source of the current data gap.  

1.3 The SME Challenge 

1.3.1 Status of SMEs in Decarbonising 

The vast numbers of SMEs operaIng within the UK economy makes their 

engagement crucial in achieving the UKs net zero ambiIons. Unlike larger firms, SMEs are 

exempt from formal emissions reporIng requirements under frameworks such as the UK’s 

Streamlined Energy and Carbon ReporIng (SECR) scheme, which mandates the disclosure of 

emissions as part of broader extra-financial reporIng (Meath et al., 2016). SECR eligibility 

cover companies who meet at least two of the following criteria: turnover of £36m or more; 

balance sheet assets of £18m or more; 250 employees or more. Companies consuming less 

than 40,000 kWh of energy per year are exempt (HM Government, 2019). The omission of 

SMEs has led to a situaIon where the vast majority of SMEs do not know how to measure 

their carbon footprint (BBB, 2021), and many are yet to set any reducIon targets (Mazhar et 

al., 2022). As a key starIng point to decarbonisaIon, this is a worrying situaIon. 

Extending reporIng obligaIons to SMEs presents a complex challenge. While SMEs 

have a significant environmental impact collecIvely, their individual contribuIons are ocen 
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minimal. In addiIon, SMEs are overly exposed to economic disrupIons, energy prices and 

other external changes given their lower resources. With an esImated 60% of small 

businesses already failing within their first three years of operaIon (May, 2019), effecIve 

policy should be designed with this vulnerability in mind, ensuring that addiIonal 

requirements do not overburden firms.  

The true contribuIons of SMEs to total emissions are unknown, with esImates 

calculated through linking SME shares of labour, turnover or value added to an industry 

emission intensity value. EsImates range between 43-53% of total UK business emissions, 

and between 29-36% of UK territorial emissions (BBB, 2021). This esImaIon process is 

crude, and rely on an assumed constant relaIonship between emissions and the specified 

economic variable (European Commission, 2022), illustraIng how the limited data 

availability forces the use of simplified approximaIon methods. 

1.3.2 Challenges to SME Decarbonisa2on   

In addiIon to economic challenges, SMEs face numerous internal and external 

barriers to pursuing decarbonisaIon that are unique to firms of their size (Alipour and 

Rahimpour, 2020; Oyewole et al., 2024). These challenges are well documented in the 

literature, with Caldera et al (2019) describing six categories; a lack of financial resources; a 

lack of Ime; a lack of knowledge; risks associated with implemenIng a new sustainable 

pracIce; current policies and regulaIons; and exisIng organizaIonal culture. In this study, 

beyond financial constraints, the most frequently cited barriers among SMEs were their lack 

of knowledge, skills, awareness, and Ime. 

The theme of knowledge and awareness barriers conInues in other studies. Mazhar 

et al (2022) found that 79% of SMEs do not acIvely measure their emissions, and 41% do 

not have any carbon reducIon targets. These findings are reflected by the BriIsh Business 

Bank, who found only 6% of surveyed SMEs have a+empted to measure their carbon 

footprint in the last 5 years, and only 3% had set reducIon targets (BBB, 2021). A lack of 

sustainability knowledge is a direct impediment to applying sustainable pracIces such as 

emissions measurement (Bakos et al., 2020). 
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SMEs also have limited capacity to dedicate Ime and resources to staff training and 

educaIon (Yacob et al., 2018). With many SMEs operaIng with ten or fewer employees, 

responsibiliIes for decarbonisaIon are typically spread across individuals whose primary 

roles lie elsewhere. Engaging external consultants can provide experIse, but the associated 

costs are high and such services rarely rank as a priority for SMEs. As a result, significant 

gaps in understanding remain, including uncertainty about the primary sources of 

operaIonal emissions and the extent to which upstream suppliers contribute to a firm’s 

overall footprint (Oluleye et al., 2025). 

The lack of personnel resources to dedicate to sustainability have also led to SMEs 

being described as ‘data poor’ when it comes to understanding energy (Janda et al., 2014), 

with li+le or no energy tracking (Conway, 2015). Linked to this, acIons to correct for data 

limitaIons, or decarbonise are further limited due to pracIcal constraints such as being 

tenants of a premises (Mazhar et al., 2022). Central to overcoming these barriers is the 

improved access to more data for decision-making, alongside stronger, more efficient 

support mechanisms tailored to SMEs. 

1.4 Financial Ins'tu'ons and Financial Transac'on Data  

1.4.1 Financial Ins2tu2ons as Data Holders 

In contemporary economies, financial insItuIons (FIs) play a foundaIonal role. 

Among them, retail banks are parIcularly central, facilitaIng capital flows and everyday 

transacIons. The relaIonships fostered through this role extends to both individuals and 

businesses, whilst larger FIs hold important lobbying powers with policy makers (Lambert 

and Igan, 2019). Retail banking markets are generally dominated by a handful of large 

insItuIons that collecIvely capture most of the market share. In 2015, the four largest 

current account providers in Great Britain (RBS Group, Lloyds Banking Group, Barclays, and 

HSBC Group) held approximately 70% of all main personal current accounts and 83% of all 

business current accounts (CompeIIon Markets Authority, 2016). Most financial data is 

therefore held by a small set of dominant insItuIons, posiIoning FI’s well to influence and 

shape the sustainability transiIon. 
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1.4.2 Financial Transac2on Data (FTD) 

Of the data amassed by FIs, FTD stands out for use in emission esImaIon. It is 

intrinsically accumulated with every payment made through a debit or credit card, and when 

combined with an effecIve categorisaIon system, can be used to gain spending behaviour 

insights. Amongst others, academic uses cases of FTD include economic responses to income 

changes (Boudt et al., 2022), invesIgaIng markers of degeneraIve health or financial abuse 

(Trendl et al., 2025), and as a data source for household emission esImaIon (Trendl et al., 

2023). 

The concept of linking transacIons to emissions factors is not new, with various so 

called ‘carbon calculators’ available for individual or business use (Barendregt et al., 2020). 

In the private sphere, companies are developing apps that provide individuals and 

businesses with transacIon-linked emissions esImates (Cogo, 2022; Svalna, 2022). However, 

the use of this data asset to address the SME regulatory and data gap remains 

underexplored, despite its considerable potenIal. Leveraging FTD could address the key 

barriers to SME decarbonisaIon, by supporIng the development of pracIcal tools that place 

less reliance on self-reporIng, reducing the burden on already resource-constrained SMEs. 

To assess the advantages and limitaIons of using FTD, it is useful to compare key 

data characterisIcs with the current alternaIve approaches to emission esImaIon such as 

surveys or acIvity data. Table 1.1 categorises the characterisIcs of FTD under three 

headings: Availability, Quality, and Detail. In the table, a Ick indicates a strength, a cross 

indicates a weakness, whilst the appearance of both denotes that the characterisIc may be 

either, depending on the specific subtype of data. 
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Table 1.1 - Overview of the strengths and weaknesses of carbon measurement sources, from the perspecEve of researchers. 

Adapted from Trendl et al. (2023). 

Criteria Surveys Ac/vity Data FTD 
Data Availability    

Data Access 
   

Big data 
   

Scalability 
   

Representa5ve sample 
   

Longitudinal view 
   

Frequency of data points 
   

Demographic variables 
   

Data Quality    

Completeness 
   

Reliability 
   

Comparability 
   

Data Detail    

Granularity 
   

Physical Volumes 
   

Differen5a5on by brand or 
product    

    

1.4.2.1 Data availability  

In terms of public accessibility, generally only surveys are available at scale. In the UK, 

the Living Cost and Food Survey (LCFS), is the most comprehensive, official survey of annual 

household spend. The LCFS is openly available via the UK Data Service and frequently used 

to generate household emission insights (Be+s-Davies et al., 2025; Kilian et al., 2023; Owen 

and Büchs, 2024). The business equivalent of the LCFS, the Annual Business Survey (ABS), is 

not publicly available, with limited access granted on a project-by-project basis. On the other 

hand, neither physical acIvity data nor FTD are made widely available. FTD is subject to data 
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proprietary constraints and privacy protecIons, whilst physical acIvity data can only be 

sourced and shared by the user. This represents a major barrier to the FTD use case in 

climate policy contexts, and one that this thesis seeks to address. 

When access is possible, FTD stands out for its data availability strengths. As an 

inherent dataset in modern economies, an emissions measurement could be constructed for 

any current account without relying on any acIve parIcipaIon. Those within a sample are 

selected purely on the grounds of having an acIve account, reducing any self-selecIon bias 

(West et al., 2016), whilst samples of FTD from dominant FIs can be assumed to be broadly 

reflecIve of the wider populaIon. FTD has the potenIal to be collected and stored across 

mulIple years, allowing for the analysis of change over Ime, whilst its frequency posiIons it 

as the only real-Ime data asset. 

1.4.2.2 Data quality  

Whilst surveys do provide a fuller and comprehensive picture of spending, assuming 

no user error, a bank account may not reflect the same complete picture. This is because 

individuals and businesses are not constrained to a single account, with 22% of UK adults 

having more than one financial service provider (CompeIIon Markets Authority, 2016). The 

comparable number for businesses is not widely reported or known. Where mulI-banked 

accounts exist, the FTD of one provider may underesImate true expenditure, and 

subsequent emissions. To reduce the impact of mulI-banked firms, analyses using FTD 

should aim to minimise their inclusion during the sample selecIon process.  

In terms of its reliability and comparability traits, FTD excels. It is collected 

objecIvely, eliminaIng risks associated with human errors or misreporIng. Whilst 

calculaIons are standardised and transparent, ensuring consistency across observaIons. 

This is a key advantage not always present by self-reported emissions based on acIvity data. 

1.4.2.3 Data detail  

FTD, however, remains limited in the level of detail required for precise emissions 

esImaIon. TransacIons are recorded and classified at the merchant-level, rather than at the 

receipt or item level, meaning the specific products, quanIIes, and brands purchased are 
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not observed (Trendl et al., 2023). As a result, variaIon in carbon intensity across goods and 

suppliers is obscured. The absence of physical quanIty informaIon in FTD also necessitates 

reliance on the assumpIon that physical consumpIon scales linearly with monetary value 

(Lenzen, 2000). In contrast, physical usage data captures both fuel type and actual 

consumpIon levels, whilst surveys, can elicit product-level details unobserved by FTD. 

1.5 Research Aims and Objec'ves 

This thesis takes a pragmaIc approach to extending corporate emissions 

measurement and reporIng to SMEs, with an overarching aim of exploring FTD as a means 

to deliver real-Ime, standardised esImates of SME emissions for the purposes of increased 

SME engagement, and external stakeholder calculaIons. To address this, the following 

research quesIons (RQ) are asked: 

RQ1: How can FTD be used to produce models that capture variaIon in SME 

emissions across firms and industries? 

RQ2: What level of accuracy can be retained whilst minimising user input 

requirement to produce SME emission esImates? 

RQ3: What processes are required to ensure FTD is applied to Imely emission 

conversion factors, thus enabling real-Ime esImates? 

These RQs are set out below, along with brief explanaIons of the aims and objecIves 

they address and an indicaIon of where each is covered within the thesis chapters. 

1.5.1 RQ1: How can FTD be used to produce models that capture varia2on in 

SME emissions across firms and industries? 

Central to this thesis is the construcIon of SME emission profiles from FTD. While 

expenditure-based methods are acknowledged in the GHG Protocol, there is no single, 

standardised procedure for firm-level implementaIon, and expenditure-based emissions 

mulIpliers, compaIble with the Protocol, are not officially published in the UK. Accordingly, 

this thesis develops and present a standardised, transparent, and robust process to produce 
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expenditure-based emission esImates that are consistent with the Protocol’s scope 

definiIons.  

This process is then applied to the FTD of the sample of SMEs for which this thesis 

has access to, producing a large sample of emissions data for an otherwise unobserved 

segment of the business populaIon. This thesis then aims to address the principal limitaIon 

of using FTD for emissions esImaIon, its proprietary nature and subsequent inaccessibility. 

Whilst work on developing an expenditure-based process offers value in itself, uIlity is 

contained by the data owners (FIs) that store this data for a large-scale sample. Without 

their acIve parIcipaIon, the benefit is FTD data is restricted. To address this, Chapters 2 and 

3 develop models, trained on FTD emissions esImates, that can be used to produce 

predicIons of emissions, with firm characterisIcs. This provides a means of accessing FTD 

insights, in the absence of access to the vast microdata itself.  

1.5.2 RQ2: What level of accuracy can be retained whilst minimising user input 

requirement to produce SME emission es2mates? 

The models produced in this thesis use a hierarchical regression specificaIon, where 

industry and firm level variables are used to try and capture the variaIon observed within 

the data. To assess model performance relaIve to pracIcal feasibility, variables are added 

sequenIally, allowing simple baseline models to be compared with more complex iteraIons. 

The second research quesIon examines the extent to which these models can be 

simplified without substanIally sacrificing accuracy. This reflects a pracIcal requirement for 

real-world applicaIon, where the aim is to provide SMEs with a low burden tool. The chosen 

specificaIon is evaluated through mulIple rounds of tesIng to assess its accuracy and 

stability when applied to out-of-sample data. These tests draw on several independent data 

sources, including withheld sample data (FTD-based esImates), predicIons derived from 

industry-average intensiIes (mirroring current financed-emission methods like PCAF), and, 

where available, self-reported emissions from SECR disclosures. Together, these exercises 

assess how well the model can perform under realisIc deployment condiIons.  
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1.5.3 RQ3: What processes are required to ensure FTD is applied to 2mely 

emission conversion factors, thus enabling real-2me es2mates? 

The final RQ aims to overcome a central limitaIon of EEMRIO database use, their 

mulI-year publicaIon lag. Addressing this limitaIon enables EEMRIO compaIbility with FTD 

and harnesses its real-Ime resoluIon. To answer this RQ, high-frequency indicators (price 

indexes, output and trade data) are used to nowcast EEMRIO base tables to produce Imelier 

embodied-emission conversion factors. Methods are designed based on the exisIng 

literature, and nowcasted EEMRIOs are benchmarked against databases for known years to 

assess accuracy, stability, and pracIcal uIlity. This chapter aims to quanIfy the associated 

uncertainty of nowcasIng approaches, with the aim of producing a transparent, 

reproducible approach that pracIIoners, policymakers, and researchers can operaIonalise 

to enable expenditure-based emissions esImaIon and other real-Ime applicaIons, whilst 

retaining EEMRIO consistency. 

1.6 Data and Methods 

This secIon introduces the key data and methods used throughout this thesis. 

Further, more detailed, accounts of data and methodology applicaIons are provided in the 

three empirical chapters. 

1.6.1 Financial Transac2on Data - Lloyds Banking Group 

To facilitate this research project, access was granted to the otherwise proprietary 

FTD of SMEs banking with Lloyds Banking Group (LBG), one of the major retail banks in the 

UK, with a client base of over 900,000 commercial customers and 28 million retail 

customers. Insights derived from this banking data were then used to produce anonymised 

profiles of SMEs at scale. For this study, data is collected for the single year 2021. The reason 

for this, is at the Ime of analysis the most recent environmental data for the UK was 

available up to 2021 (producIon- and consumpIon-based accounts) (DEFRA, 2025b). In 

pracIce, firms report emissions to coincide with their financial reporIng requirements, 

meaning year ends vary. Here, the calendar year is used as start and end dates to match 

public environmental datasets. The intenIon of this work is to serve as a case study, under 
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the understanding that addiIonal years could easily be modelled, with annual data updates 

to transacIons, and emission conversion factors. 

The first characterisIc included in each SME profile is the firm’s annual turnover, 

which serves as an indicator of the scale of its operaIons. As retail banks do not typically 

hold full accountancy records for all commercial clients, turnover is esImated from credit 

transacIons recorded in the bank account. To improve the accuracy of this esImate, 

selected credit lines are excluded, including inter-account transfers, refunds, and HMRC 

rebates. This approach reflects standard banking pracIce and is internally validated. 

The second required characterisIc is industry classificaIon, which is recorded by 

relaIonship managers when a business establishes its relaIonship with LBG. This follows the 

Standard Industrial ClassificaIon (SIC) system and is recorded at both the two- and three-

digit levels. A firms SIC code idenIfies its’ primary business acIviIes, and groups it with 

similar businesses. 

Finally, annual firm expenditure is compiled from business account transacIons. Each 

transacIon is automaIcally classified using a transacIon classificaIon system with a 

detailed hierarchy of 624 recipient-based categories. This schema is a custom-built, 

expanded version of LBG’s standard internal classificaIon system, developed to provide 

greater disaggregaIon for emissions accounIng, parIcularly in key areas such as energy, 

fuels, and wider business and industry spending. Although the classificaIon system is not 

itself part of the SIC structure, it is designed to be compaIble with it, as merchants are 

assigned both an SIC secIon and division alongside a transacIon classificaIon code. Owing 

to the greater level of detail in the transacIon classificaIon system, mulIple transacIon 

codes may correspond to a single SIC code. This classificaIon provides the foundaIon for 

linking transacIon data to appropriate categories of emissions and relevant emission factors.  

Upon opening an account, LBG customers consent to their data to be used for 

research purposes (Phillpo+s et al., 2025; Trendl et al., 2023, 2025; Wells et al., 2025b). In 

line with LBG’s data privacy requirements, all firm-level data are anonymized, and only the 

minimum necessary informaIon is uIlised. To further ensure anonymity, all insights 

produced throughout this thesis are reported at the aggregate level. Further informaIon on 
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sample sizes and characterisIcs is provided in Chapters 2 and 3, along with their respecIve 

appendices 

1.6.2 Public Accounts – Economic and Environmental Datasets 

In addiIon to FTD, various public datasets are required throughout this thesis to 

assist with the esImaIon and modelling of emissions, as well as the nowcasIng of EEMRIO 

databases. Table 1.2 summarises the public datasets used, lisIng dataset Itle and which 

chapters they are used in. 

Table 1.2 - Summary of public datasets used throughout this thesis. 

Dataset Role Reference Chapter 

Energy intensity: Annual Business Survey 
2019 and Annual Purchases Survey 2018 

Typical firm gas-to-electricity consump5on ra5o, 
used to differen5ate u5lity purchases. (ONS, 2021) 2, 3 

UK gas and electricity prices in the non-
domes5c sector 

Data on consump5on bands and energy unit 
prices are collected (DESNZ, 2024) 2, 3 

UK greenhouse gas repor5ng: conversion 
factors 

Usage-based conversion factors for fuels and 
energy consump5on are collected 

(BEIS and DEFRA, 
2022) 2, 3 

Digest of UK Energy Sta5s5cs Data on the UK’s petrol–diesel consump5on 
split is collected 

(DESNZ and BIES, 
2022b) 2, 3 

Business popula5on es5mates for the UK 
and regions 2022 

Firm-turnover distribu5ons by industry are 
calculated (BEIS, 2022) 2, 3 

UK Supply and Use Tables Data on sectoral output and sectoral electricity 
purchases is collected (ONS, 2022) 2, 3, 4 

UK Environmental Accounts Data on sectoral emissions is collected (ONS, 2025) 2, 3, 4 

Interna5onal Monetary Fund’s World 
Economic Outlook Database 

Data is sourced to calculate real GDP, imports, 
and export growth rates for all regions in the 
UKMRIO 

(IMF, 2022) 4 

Producer Price Indices Annual, industry specific infla5on indices are 
collected (ONS, 2025a) 4 

Contribu5ons to monthly GDP Data is collected to calculate the contribu5ons 
different sectors make the annual GDP change (ONS, 2025b) 4 

    

1.6.3 UKMRIO 

Throughout this thesis, the UKMRIO database is used (Owen and Kilian, 2025). This is 

an EEMRIO database developed at the University of Leeds with the primary purpose of 
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producing and publishing the UK’s consumpIon-based emissions accounts (Barre+ et al., 

2013). To maintain an official status, the database is constructed with an emphasis on 

preserving original data released by the Office for NaIonal StaIsIcs (ONS), making it a 

Single-country NaIonal Accounts Consistent (SNAC) MRIO, a framework specifically 

designed for credible, robust country-specific analysis (Edens et al., 2015; Tukker et al., 

2018).  

In the UKMRIO, data is structured into Supply and Use tables (SUTs) (Figure 1.2), 

splinng products and services into 112 sectors. The UK’s SUTs are released with a relaIvely 

prompt lag of 22 months following the reference period, typically in October each year 

(ONS, 2022). Following their release, the UKMRIO is constructed, and subsequent 

consumpIon-based emission inventories are then calculated and published in June, 

approximately 30 months acer the reference year (Owen and Kilian, 2025). For the years 

used in this thesis, the internaIonal element of the UKMRIO is extracted from FIGARO, an 

MRIO database produced by Eurostat (2021). This database is also available in a SUT 

structure for 64 products and industries, and is therefore manipulated into the same 

regional, industry and product structure of the UK’s SUTs. A comprehensive account of the 

UKMRIO construcIon methodology is provided in the official documentaIon published on 

the UK Government website, released alongside the annual UK consumpIon-based accounts 

(DEFRA, 2025b; Owen and Kilian, 2025). 
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1.6.4 Spend-based Emission Es2ma2on 

The process of producing emission esImates from FTD forms the basis for much of 

the work conducted in this thesis. Figure 1.3 illustrates a simplified flow chart of this 

process, with the subsequent subsecIons further detailing the conversion process and 

factor used by spend type. 

Figure 1.2 - UKMRIO structure for a 4-region example. 

Figure 1.3 - Overview of spend-based emission esEmaEon. Black rectangles indicate derived data, green denotes raw data, 

and grey highlights specific processes. Here, iTCS refers to the internal TransacEon ClassificaEon System to categories spend. 
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1.6.4.1 CalculaIng energy- and fuel-related emissions 

Spending adjustments 

Spend relaIng to Scope 1 and 2 emissions are categorised under “Energy & UIliIes” 

and “Vehicle Fuelling”. The former refers to 4 sub-categories of expenditure, containing 

energy providers selling electricity, natural gas, and heaIng oil, whilst the la+er refers to 

diesel and petrol purchased for mobile combusIon. With these categories, the Scope 1 and 

2 emissions generated from a firm’s energy-use are captured, mirroring what is required of 

larger firms under the SECR framework. 

Two adjustments to spending classified under ‘Energy & UIliIes’ are necessary to 

address limitaIons arising from the granularity of FTD and the proporIonality assumpIon 

underlying emissions esImaIon in this important category. First, due to many UK uIlity 

firms providing electricity, gas, and heaIng oil to consumers, it is a necessary step to 

disaggregate spending into Scope 1 (gas and oil) and Scope 2 (electricity). To do this, external 

data signally the expected split between spend on electricity and other fuels in the UK is 

sourced. To esImate the split between Scope 1 and Scope 2, industry data is used to 

determine the typical gas-to-electricity raIo of firms in each industry (ONS, 2021), and 

applied to those firms known to be selling various energy types. 

Second, transacIons made with energy companies also require addiIonal 

adjustment steps to account for discounts given to consumers of high energy spend. 

Businesses receive a cheaper unit price for energy, as energy consumpIon increases. As a 

result, spend is adjusted upwards for higher consumpIon levels to reflect actual 

consumpIon levels (and thus emissions), accounIng for the lower unit price. Whilst spend is 

also adjusted downwards for lower consumpIon levels to reflect the above average unit 

price charged to smaller consumers. Adjustment bands are calculated from UK staIsIcs on 

consumpIon bands and energy unit prices (DESNZ, 2024). 
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Emission conversion 

Next, a set of conversion factors are constructed to esImate the emissions 

associated with a unit purchase of different energy and fuel types. As official conversion 

factors are provided in terms of physical usage rather than expenditure, these must be 

derived in a manner that ensures consistency and comparability with usage-based factors. 

Official emissions factors per physical unit (BEIS and DEFRA, 2022) are divided by the average 

price paid by non-domesIc consumers per unit (DESNZ, 2024) to derive emissions per pound 

spent. This calculaIon is shown in EquaIon 1.1. 

𝐸𝑚𝑖𝑠𝑠𝑖𝑜𝑛𝑠	𝐹𝑎𝑐𝑡𝑜𝑟!,£ =	
𝑈𝑛𝑖𝑡	𝑓𝑎𝑐𝑡𝑜𝑟	%,&
𝑈𝑛𝑖𝑡	𝑝𝑟𝑖𝑐𝑒	&,£

	 (1.1) 

Where e = kgCO2e 

𝑢 = chosen unit of energy or fuel (see tables 1.3 and 1.4) 

As spending within “Vehicle Fuelling” reflects the consumpIon of both petrol and 

diesel, a single conversion factor is calculated through a weighted average based on the UK’s 

consumpIon split between petrol and diesel (DESNZ and BIES, 2022b) and the unit price 

difference (DESNZ, 2024). For gas and oil, an average conversion factor is assigned given the 

near zero difference in individual factors. Finally, for electricity, the conversion factor is 

based on the UK grid’s emission intensity (locaIon-based method). This process and 

resulIng factors are presented in Table 1.3. 

Table 1.3 - CalculaEon of direct emission conversion factors. Units are fuel-specific: petrol, diesel, and oil are measured in 

litres, while gas and electricity are measured in kilowaX-hours. 

 

 Scope 1 Scope 2 
 Petrol Diesel Gas Oil Electricity 

Emissions per Unit (kg CO2e / Unit) 2.19 2.51 0.18 2.54 0.21 

Average Unit Price (Unit / £) 1.31 1.35 0.03 0.43 0.15 

Expenditure factors (kg CO2e / £) 1.67 1.86 5.96 5.94 1.41 

Consump5on Split 68% 32%    

Conversion Factors (kg CO2e / £) 1.802 5.949 1.408 
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The same spend categories can also be used the calculate the upstream emissions 

from fuel and energy consumpIon, Category 3 defined in the GHG Protocol (WRI and 

WBCSD, 2020). Here, well-to-tank (WTT) emissions per unit figures (BEIS and DEFRA, 2022) 

are divided by the unit price, reflecIng the emissions produced during the extracIon, 

processing, and distribuIon of fuels and energy. This process, and resulIng factors are 

presented in Table 1.4. 

Table 1.4 - CalculaEon of WTT emission conversion factors. Units are fuel-specific: petrol, diesel, and oil are measured in 

litres, while gas and electricity are measured in kilowaX-hours. 

 

1.6.4.2 CalculaIng indirect emissions from purchases 

The remaining categories of spend relate to non-energy and fuel purchases. To 

esImate the upstream emissions associated with this spend, emission conversion factors 

derived through environmentally extended input-output analysis (IOA) are required. IOA, 

developed by Wassily LeonIef in the 1930s, traces monetary flows between industries and 

to final demand consumers. IniIally a naIonal framework to model how economic shocks 

propagate through supply chains, IOA has evolved into MulI-Regional Input-Output (MRIO) 

models, incorporaIng global economies and then into Environmentally Extended MRIOs 

(EEMRIOs) (Miller and Blair, 2009). When extended to incorporate greenhouse gases, 

EEMRIOs are capable of tracing emissions embodied within global supply chains, in a 

standardized and manageable process (Kitzes, 2013).  

Key to IOA is the transacIon matrix (𝐙), shown in Figure 1.3. 𝐙 is the central matrix 

containing intermediate flows of trade between industries. Reading the transacIon matrix 

on a column basis, 𝐙	indicates the specific inputs required by industries to produce their 

 Scope 1 Related Scope 2 Related 
 Petrol Diesel Gas Oil Electricity 

Emissions per Unit (kg CO2e / Unit) 0.61 0.61 0.03 0.53 0.02 

Average Unit Price (Unit / £) 1.31 1.35 0.03 0.43 0.15 

Expenditure factors (kg CO2e / £)  0.47 0.45 1.02 1.23 0.12 

Consump5on Split 68% 32%    

Conversion Factors (kg CO2e / £) 0.457 1.13 0.125 
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goods and services, whilst reading 𝐙  on a row basis indicates the various industries a single 

product is sold to. The elements within 𝐙 (𝑧'() therefore represent monetary flows between 

industry and product pairs (i and j).  

Sales to final demand are represented by the 𝐘 matrix and contain all final sales to 

end consumers. When combined, the row sums of 𝐙 and 𝐘 can be calculated to find the total 

output of each industry (vector 𝐱). These row sums equal the column sums of 𝐙 plus value 

added (𝒗𝒂), which contains the addiIonal value created by an economy (EquaIon 1.2).  

>𝑧'(
'

+	𝑦( =	>𝑧'(
(

+	𝑣𝑎' =	𝑥'( 	 (1.2) 

Environmental impacts can then be quanIfied by extending the core monetary IO 

system with an environmental impacts vector. Here, 𝒆 contains each sector’s direct emission 

intensity, expressed as emissions per unit of output. IOA can then be used to track how 

these impacts are embodied within the global economy (Kitzes, 2013). These impacts can be 

displayed through embodied emission conversion factors, contained within vector 𝒆𝑳. These 

values represent the total amount of upstream emissions that occur anywhere in the 

economy, in any industry, to ulImately produce one unit of output. 

The first step towards calculaIng 𝒆𝑳, is to derive the technical coefficient matrix, 𝑨, 

through EquaIon 1.3. 𝑨 contains elements signifying the unit input from all industries 

required to produce a unit output. 

𝐴'( =
𝑍'(
𝑥(

(1.3) 

With EquaIons (1.2) and (1.3), (1.4) is produced. EquaIon (1.4) can then be wri+en 

in matrix form (1.5) and solved for x (1.6) 

𝑥' =	𝐴')𝑥) + 𝐴'*𝑥* +⋯+ 𝐴'+𝑥+ + 𝑦' (1.4) 

𝑥 = 𝐴𝑥 + 𝑦 (1.5) 

𝑥 = (𝐼 − 𝐴),)𝑦 (1.6) 
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EquaIon 1.6 is fundamental to the input-output process and is referred to as the 

LeonIef equaIon. It describes output (𝒙) as a funcIon of final demand (𝒚). EquaIon 1.6 

introduces the idenIty matrix 𝑰, contained within (𝐼 − 𝐴),), which is henceforth refer to as 

𝑳.  

𝑳 is mulIplied with the direct intensity vector 𝒆 to produce 𝒆𝑳𝒃𝒑, the embodied 

emission conversion factors expressed in basic prices (bp). Basic prices represent the 

underlying cost of producIon and reflect the value received by producers before any taxes, 

trade, or transport margins. As basic prices exclude these mark-ups, emissions are allocated 

over a smaller monetary value than what is actually paid (purchasers’ prices), which means 

that embodied intensiIes expressed in basic prices are typically higher than intensiIes 

expressed in purchasers’ prices. 

Conversion factors in purchasers’ prices (𝒆𝑳𝒑𝒑) are more suitable when applying IO-

based intensiIes to FTD, as this data includes these mark-ups. To maintain price-level 

consistency, total industry embodied emissions are first calculated using basic-price 

conversion factors as (𝑭 = 	𝒆𝑳𝒃𝒑𝒚𝒑𝒑). An average purchasers-price intensity can then be 

obtained by dividing these total emissions by total expenditure, giving an emission intensity 

per unit of spending at purchasers-prices (𝒆𝑳𝒑𝒑 =	 𝑭
∑ 𝒚𝒊

𝒑𝒑
𝒊

). 

Whilst these conversion factors are generally a+ributed to a unit of final demand, the 

LeonIef inverse assumes sectoral goods are homogenous and thus have the same cradle-to-

gate emissions per monetary unit. As such, intermediate inputs have the same unit footprint 

as products sold to the final consumer (Hertwich and Wood, 2018). The underlying 

assumpIon of these conversion factors is that the supply structure of each purchase is 

approximated by the corresponding economic sector, as represented within the underlying 

data (Schmidt et al., 2022). 

1.6.5 Regression Models 

1.6.5.1 RaIonale 

Regression modelling provides a framework for interpreIng relaIonships between 

an outcome (dependent variable), and a set of predictors (independent variables). Once 
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specified, a regression model can be used to predict an outcome given the funcIons of the 

models predictors (Gelman and Hill, 2006). In this thesis, both linear and logisIc 

specificaIons are employed to model conInuous and discrete dependent variables 

respecIvely. Linear models are used to esImate conInuous outcomes in all empirical 

chapters, while binary logisIc models are applied in Chapter 3 to predict discrete outcomes. 

Where regression specificaIons are applied to FTD, a hierarchical approach is 

adopted. This accounts for the inherent structure of the data, where firms are nested within 

industry categories. Hierarchical models allow for varying intercepts and slopes across 

groups, capturing sectoral effects, whist supporIng more reliable inference and pracIcal 

applicaIon (Gelman and Hill, 2006). 

1.6.5.2 Model specificaIons  

Ordinary least squares linear specifica>on 

Ordinary least squares (OLS) linear regressions, in their simplest form, models the 

expected value of an outcome as a linear combinaIon of predictors, and is fi+ed to 

ungrouped data (pooled). EquaIon 1.7 provides a simple OLS regression example. 

𝑦' =	𝛽2 +	𝛽)𝑥' +	𝜀' 	 (1.7) 

Here, 𝛽2 is the intercept, signifying the expected 𝑦', when all independent variables 

equal zero. Whilst 𝜀'  is the error term, capturing variaIon not explained by the regressors. In 

a classical OLS linear regression, this error term is assumed to have mean of zero and a 

normal distribuIon. The coefficient term 𝛽) measures marginal effects, ceteris paribus, 

which can be used to esImate the change in the dependent variable associated with a unit 

increase in the independent variable. 

The OLS equaIon is calculated to find the line of best fit, that produces esImates as 

close as possible to the actual values. Here, ‘best’ refers to the smallest total of squared 

residuals between predicted and actual values. The procedure yields coefficient esImates, 

together with standard errors that quanIfy sampling uncertainty. StaIsIcal significance of 

each coefficient is assessed by relaIng each coefficient to its standard errors, to disInguish 

genuine associaIons from random noise (Schroeder et al., 1986).  
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To account for non-linear relaIonships, reduce skewness and heteroskedasIcity, and 

adjust for predictors measured on different scales, variables can expressed as the natural 

logarithm (𝑙𝑛) of the raw datapoints (Keene, 1995). This requires strictly posiIve 

observaIons and permits the interpretaIon of coefficients as elasIciIes. For example, 

should 𝛽)equal 0.6, this can be interpreted as a 1% increase in 𝑥'  associates with a 0.6% 

increase in 𝑦', ceteris paribus.  

OLS regressions can also be enhanced through interacIon terms. InteracIons allow 

the model to capture situaIons where two variables may influence each other. In these 

cases, the effect of one variable can become stronger, weaker, or even change direcIon 

depending on the level of the other (Rimpler et al., 2025). 

Model performance is summarised by the coefficient of determinaIon (RSQ), which 

calculates the proporIon of variance explained by the specified regression formula 

(EquaIon 1.8).  

𝑅𝑆𝑄 = 1 −	
𝑆𝑆345
𝑆𝑆676

	= 	1 −	
∑ (𝑦' −	𝑦8\)'

*

∑ (𝑦' − 𝑦8])'
* (1.8) 

Here, 𝑆𝑆345 is the residual sum of squares, defined as the sum of squared differences 

between observed and predicted values, ∑ (𝑦' −	𝑦8\)'
*. In an OLS regression, the fi+ed 

model is chosen to minimise this value. 𝑆𝑆676  is the total sum of squares, defined as the 

sum of squared differences between observed values and their mean, ∑ (𝑦' − 𝑦8])'
*. Thus, 

RSQ measures the proporIon of variaIon in the observed data explained by the model.  

Variables are introduced to the specificaIon sequenIally, allowing for the evaluaIon 

of the required complexity to explain the dependent variables (Cohen et al., 2013). The 

Akaike InformaIon Criterion (AIC) is useful here (EquaIon 1.9). 

𝐴𝐼𝐶 = 2𝑘 − 2 lnc𝐿ef (1.9) 

Where k is the number of parameters in the model and 𝐿e  is the maximum log 

likelihood funcIon for the model. The AIC compares the relaIve quality of models esImated 
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on the same data, penalising complexity; lower AIC indicates a be+er balance of fit and 

parsimony. 

Log-log hierarchical linear specifica>on 

Where the data is hierarchically structured, a pooled linear regression can produce 

biased coefficients from unobserved group-level effects. In addiIon, pooled approaches risk 

noisy esImates in more sparsely sampled groups. Modelling on hierarchical data, like firms 

grouped within industries, therefore requires an approach that efficiently deals with group-

level variaIons (EquaIon 1.10) 

𝑦' = c𝛽) +	𝛽),((')f𝑥' + 𝜀' (1.10) 

EquaIon 1.10 includes the individual and group-level impact of 𝑥', wri+en as 

!𝛽1 +	𝛽1,𝑗(𝑖)". Here, 𝛽) is the overall (fixed) effect of 𝑥'  with respect to 𝑦𝑖, and 𝛽1,𝑗(𝑖) is the 

group-specific (j) deviaIon which individual i belongs, allowing the slope to differ by group. 

In the context of this research, this heterogeneity is theoreIcally sensible as industries differ 

in producIon technologies and energy intensity, so the elasIcity of emissions with respect 

to variables such as turnover is likely to vary by sector.  

This example equaIon is also esImated without an intercept, which means the line 

is forced to pass through zero. In pracIce, this assumes that when the predictor takes the 

value zero, the outcome is also zero.  

When assessing a hierarchical model such as EquaIon 1.10, both RSQ and AIC remain 

useful. Under a hierarchical specificaIon, RSQ can be split between marginal and condiIonal 

scores. The first refers to the proporIon of variance explained by the fixed effects, whilst the 

la+er refers to the proporIon explained by the total equaIon. The larger the gap between 

the two, the more variance is explained by the group differences. 

Hierarchical Binary Logis>c specifica>on 

To esImate discrete outcomes, a hierarchical binomial logisIc regression framework 

can be applied. This specificaIon is used to predict the likelihood of a binary outcome, whilst 
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also accounIng for a grouped structure within the data. EquaIon 1.11 predicts the log odds 

of 𝑌'(  for any data point in group j. 

𝑙𝑜𝑔𝑖𝑡 k𝑃c𝑌'( = 1fm = 𝛼( (1.11) 

Where: 

𝑙𝑜𝑔𝑖𝑡(𝑃(𝑌'( = 1)) is the log odds of the probability of the outcome variable Y for 

data point i in group j. Here, Y = 1 indicates an occurrence, while Y = 0 denotes its absence 

𝛼(  represents the variable effect for group j 

Model performance is summarised using several complementary metrics. AIC ranks 

alternaIve specificaIons by balancing goodness of fit against model complexity. The median 

residual describes the typical error; with values near zero suggesIng no systemaIc over- or 

under-predicIon. Both the log-likelihood and the deviance also quanIfy overall model fit. 

When comparing models, a higher log-likelihood and a lower deviance indicate be+er fit, 

enabling straighuorward comparison across compeIng specificaIons. Finally, predicted log 

odds can be converted into probabiliIes easy with EquaIon 1.12, enabling interpretaIon. 

𝑃𝑟𝑜𝑏𝑎𝑏𝑖𝑙𝑖𝑡𝑦 = 	
1

1 + expc−𝑌'(f
(1.12) 

1.6.5.3 PredicIon and out-of-sample applicaIon 

 Acer interpretaIon, regression models can be used to generate predicIons 

for new observaIons. Once a model has been fi+ed, its esImated coefficients provide a 

formula from inputs (the predictors) to produce an expected outcome. Applying this formula 

to unseen data allows the model to predict outcomes for cases where only the predictors 

are known. 

Assessing predicIve accuracy is therefore an important step and is conducted 

through out-of-sample tesIng. Out-of-sample tesIng provides an unbiased measure of 

predicIve accuracy and checks for overfinng, ensuring that the model generalises beyond 

the training data. In this thesis, a 5-fold cross-validaIon is used to randomly divide data into 
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five folds, and repeatedly train the model specificaIon on four folds and test on the 

remaining fold (James et al., 2021). This provides a more stable and reliable esImate of 

predicIve performance than a single split. Stability is assessed by examining whether the 

mean RSQ across folds is consistent with the base model.  

AddiIonal out-of-sample assessments are carried out by comparing the model’s 

predicIons with those generated by alternaIve approaches, or by tesIng the model against 

independent datasets, assisIng to evaluate validity. In these cases, performance is also 

assessed using absolute error (AE) and absolute percentage error (APE). These error metrics 

are summarised by their means and medians.  

1.6.6.2 Macroeconomic aggregates from MRIO tables 

 ImplemenIng the nowcasIng procedure requires an understanding of how 

the MRIO framework maps to macroeconomic aggregates, specifically regional GDP, exports, 

and imports. These aggregates are sourced from the base table, projected using exogenous 

growth rates, with the resulIng figures used as a basis for the nowcasted table. The first step 

is to split the base SMRIO into domesIc IO tables (Figure 1.4). 

1.6.6 Mul2-regional Input-Output Projec2ons 

 Whilst EEMRIO databases provide a robust, standardised framework for esImaIng 

the embodied emissions of purchases, their usefulness is limited by significant publicaIon 

lags. The principal cause of these lags is inherited through the delay in publicaIon of official 

SUTs. These pairs of tables record how supplies of different kinds of goods and services 

originate from domesIc industries and imports, and how those supplies are allocated 

between various intermediate and final users. Thus, providing essenIal detail on the 

structure of economies through monetary values of transacIons between pairs of sectors 

(Miller and Blair, 2009). It is due to this detail, that SUTs are generally published several years 

acer the period they refer to. The European Transmission programme sets targets for 

member state to publish SUTs within 36 months acer the reference period (European 

Commission, 2008), however in other parts of the globe, publicaIon is less frequent. 
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Chapter 4 invesIgates methodologies for adapIng base EEMRIO tables to allow for 

compaIbility with real-Ime data, such as FTD. For this, a modified version of the Scenario-

based ProjecIon of the InternaIonal Trade Network (SPIN) method (Beaufils and Wenz, 

2022) is combined with higher frequency economic datasets to produce nowcasted EEMRIO 

tables. The SPIN method builds on established input–output principles, uIlising the LeonIef 

inverse, RAS-type balancing procedures, and applying the fundamental accounIng 

relaIonships between regional output, Gross DomesIc Product (GDP), internaIonal trade, 

and aggregate demand, making it both a pracIcal and theoreIcally sound approach to 

nowcasIng. 

1.6.6.1 UKMRIO sdjustments 

The UKMRIO is originally in a supply and use table format (Figure 1.3), to keep data 

as true to the original official data points as possible. TheoreIcally, this is useful when 

industries produce more than one product type. The supply table details secondary products 

as off-diagonal values (products made by industries other than their principal industry). To 

enable compaIbility with the SPIN method the UKMRIO must be converted into a symmetric 

MRIO table (SMRIO), whilst the single Rest of the World final demand column must be 

disaggregated into regions. 

To transform the UKMRIO into a SMRIO table, the Eurostat manual of supply, use and 

input-output tables idenIfies four transformaIon methods. In this thesis, Model D is used to 

convert the Supply and use table structured MRIO (SUT-MRIO) into a SMRIO. Model D 

assumes that each product has its own specific sales structure, independent of the industry 

in which it is produced (Eurostat, 2008. p296). By adopIng Model D, the resulIng SMRIO 

be+er reflects product-specific pa+erns of producIon, use, and trade, providing a more 

accurate basis for upstream environmental accounIng. 

To disaggregate the Rest of the World final demand column, supplementary data 

from FIGARO is used (Eurostat, 2021). FIGARO final demand data is aggregated to match 

UKMRIO regions (creaIng a region-by-region matrix) and converted into proporIons 

(excluding UK final demand). This provides the shares for distribuIng a region’s final demand 

across non-UK desInaIon regions. 
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Figure 1.4 - DomesEc IO table (region 1 example). 

 

The common formula for GDP measurement follows the expenditure approach 

(EquaIon 1.13). Under this formula GDP is equal to the sum of private consumpIon (C), 

investment (I), government spending (G) and net exports (X – M). 

𝐺𝐷𝑃 = 𝐶 + 𝐼 + 𝐺 + (𝑋 −𝑀) (1.13)	 

For each region EquaIon 1.14 is wri+en: 

𝑔𝑑𝑝> =	𝑐> +	𝛿> (1.14) 

Where 𝑐>  refers to domesIc use of final goods and services (C + I + G), whilst 𝛿>  

refers to the balance of payments (net exports). GDP can also be measured though the 

income measure (EquaIon 1.15), where GDP straighuorwardly links to value added (Wenz et 

al., 2014). 

𝑔𝑑𝑝> =	𝑣> (1.15) 
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Total imports can be found by summing rows indicaIng non-domesIc sectors in the 

transacIon and final demand matrix (EquaIon 1.16), whilst total exports can be found by 

summing non-domesIc columns in the transacIon and final demand matrix (EquaIon 1.17). 

Subscript ordering denote source region then desInaIon region (𝑍𝒊𝒓 = intermediate imports 

for region r from region i).  

𝑖𝑚> = 𝑍𝒊𝒓 + 𝑌'𝒓	 (1.16) 

𝑒𝑥> = 𝑍𝒓𝒊 + 𝑌𝒓𝒊	 	(1.17) 

1.6.6.2 Deriving aggregate demand from macroeconomic aggregates 

The base table values of GDP, imports and exports are then mulIplied by real growth 

rates, externally sourced from high frequency datasets, to create the projected values that 

form a basis for construcIng the nowcasted table. Projected intermediate exports and 

imports are easily assigned to relevant the row / column constraint (𝑒𝑥> 	 and 𝑖𝑚>). Where 

values involve domesIc producIon or consumpIon (𝑍𝒓𝟏.𝟏and 𝑌𝒓𝟏.𝟏), gross output is first 

derived.  

To derived gross output, aggregate demand must first be found (EquaIon 1.18).  

𝑎𝑑> = 	𝑦>> + 	𝑒𝑥> (1.18) 

𝑎𝑑>  is the domesIc demand for domesIc goods and services (𝑦>>) plus foreign 

demand for domesIc goods and services (𝑒𝑥>). Output is then produced to saIsfy this 

demand. To find each of the terms that make up aggregate demand, each component is 

expressed in terms of GDP, imports, and exports. These terms are known values as they have 

been projected in the previous secIon. 

𝑒𝑥> = 	>𝜃>'∗ 𝑒𝑥>'
'

(1.19) 

Where 𝜃>'∗  refers to the region shares of each industry’s exports, whilst 𝑒𝑥>'  refers to 

the export secIon of the domesIc IO table. The second term in EquaIon 1.18, domesIc 

demand for domesIc goods and services, can be expanded to EquaIon 1.20. 
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𝑦>> = 𝜑>∗ z𝑔𝑑𝑝> − 𝛿> − 𝛼>∗>𝑖𝑚>'
'

{ (1.20) 

Where 𝜑>∗ represents the relaIve market shares of domesIc sectors in the domesIc 

final demand of region r, 𝛼>∗ refers to the share of final commodiIes in imports to region r. In 

EquaIons 1.19 and 1.20, 𝜃>'∗ , 𝜑>∗ and 𝛼>∗ can either be derived directly from the base table or 

adapted to reflect economic changes. 

1.6.6.3 Deriving output from aggregate demand 

The LeonIef inverse makes explicit the direct and indirect dependencies interlinking 

the sectors within the transacIon table. Whilst tradiIonally used to obtain the sectoral 

producIon volumes requited to fulfil a given demand for commodiIes, here the LeonIef 

inverse is applied to find the regional sectoral producIon (𝑥>) required to fulfil the esImated 

aggregate demand (𝑎𝑑>). EquaIon 1.6 can be rearranged to find 𝑥>, as the exogenous 

demand is represented by	𝑎𝑑>  (Beaufils and Wenz, 2022) 

𝑥> = 𝐿>∗𝑎𝑑> (1.21) 

1.6.6.5 Balancing steps and MRIO compilaIon 

Each region’s domesIc IO tables are balanced using a GRAS algorithm, allowing for 

the handling of negaIve coefficients (subsidies). The constraints for the balancing procedure 

are listed below and provided in Figure 1.5. 

The domesIc inter industry table’s margins should meet the gross producIon 

requirement 𝑥>, export arrays to each trade zone should equal the volume of exports to the 

corresponding region as prescribed in input, import arrays plus imported final demand sum 

up to the volume of imports from the corresponding trade zone, total value added, and 

domesIc final demand are linked to GDP and trade balance.  
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Figure 1.5 - DomesEc IO table with constraints for GRAS balancing 

 

The second step of balancing adjusts internaIonal trade with respect to the exports 

and imports derived at the regional level. Using regional imports and exports constraints 

determined from the first balancing step, internaIonal trade is opImized using the basic 

RAS algorithm. Once done, the domesIc blocks are inpu+ed to create a new MRIO table. 

This table is balanced and consistent with the prescribed GDP and trade projecIons. 

1.7 Methodological Limita'ons 

1.7.1 Limita2ons associated with spend-based methodologies and input-output 

models 

Spend-based methodologies carry several methodological constraints that should be 

considered throughout. First, full coverage of the economy is not achievable as certain 

industries are excluded due to sparse samples or inherent errors in the turnover and 

emissions esImaIon. In addiIon, the absence of receipt-level detail in FTD necessitates 

assigning emission factors at broad merchant-category level and assuming product mixes 

(gas/electricity; petrol/diesel). Related to this, Scope 2 esImaIon is calculated solely on a 
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locaIon-based basis, which may cause differences when compared against firm-level data 

which may be calculated on a market basis.  

Furthermore, interpretability of emissions insights are constrained by coarse 

category taxonomies (for example “Shopping”), limiIng the acIonability of findings from 

emission calculaIons and ocen requiring addiIonal informaIon to enhance uIlity.  

Whilst energy and fuel mulIpliers are narrowly specified, for all other spending 

categories the embodied emission mulIpliers are mapped from the 112 sectoral intensiIes 

detailed in the UKMRIO to the 620 merchant expenditure codes. This is closely related to the 

aggregaIon uncertainty of IO models, where geographical and technological variability of 

producIon exists within a parIcular sector, but uncaptured by the MRIO database which 

requires the assumpIon of homogenous products (Kitzes, 2013; Lenzen, 2000). 

The key process for this work is the use of monetary values to represent physical 

flows. This implies that a monetary value can accurately represent a physical volume 

(Lenzen, 2000), assuming a level of linearity which is not always persistent in the true 

relaIonship between monetary and physical values. In reality, constant, fixed proporIons of 

inputs do not create output (Kitzes, 2013), with the existence of features such as economies 

of scale. Some inputs such as electricity supplied by uIlity firms have highly volaIle prices, 

which can decrease with high volumes of supply. Such examples violate the proporIonality 

assumpIon (Lenzen, 2000; Tukker et al., 2018), and require further adjustments. 

ValidaIon tests at the firm-level remain challenging, with one-to-one comparisons of 

self-reported emissions to transacIon-derived esImates generally only feasible for Scope 1 

and Scope 2, but impracIcable for SMEs who do not produce disclosures at scale. Among 

the larger firms that do meet SECR thresholds and also bank with LBG, sample sizes are very 

small and anonymity risks arise. Scope 3 validaIon is parIcularly challenging due to sparse 

and incomplete disclosures, whilst several categories of Scope 3 are either unobservable in 

FTD (for example, use-phase of sold products) or rely on strong assumpIons, creaIng 

uncertainty.  
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Finally, this research is conducted for the single year 2021, replicaIng an annual 

reporIng cycle. As FTD is longitudinal by nature this reduces a key benefit of the data, and 

year-on-year comparability depends on periodic updates to FTD, and conversion factors. 

1.7.2 Limita2ons associated with regression models 

The use of linear regression models also carries assumpIons which need to be 

considered before use. First, the mathemaIcal assumpIons of these models is that the 

predicted variable is the product of a linear funcIon of the sperate inputs, and the errors 

from the predicIon line are assumed to be independent, and normally distributed. When 

these specificaIon are extended to hierarchical models, addiIonal assumpIons occur, 

where each level of the model corresponds to its own set of assumpIons of linearity, 

independence and normality (Gelman and Hill, 2006). 

In addiIon, training these models on esImated rather than directly measured 

emissions carries forward the limitaIons of the esImaIon process, and it is important to be 

mindful that the fi+ed regression reproduces proxy-based esImates rather than physical 

emissions. The subsequent predicIons are a snapshot esImate, producing a benchmarking 

tool rather than one that is capable of tracking individual level changes over Ime. 

This thesis employs parsimonious regressions rather than high-dimensional machine 

learning, with the aim to produce pracIcal to deploy models and reduce the risk of 

overfinng. Importantly, more inputs do not guarantee be+er results when predictors are 

inconsistently available. Scope 3 emissions illustrates this challenge as improving predicIons 

would require accessible, standardised data on the number and characterisIcs of suppliers, 

product use-phase emissions, transportaIon and logisIcs metrics such as distance shipped 

and freight mode, and procurement expenditures disaggregated by category (Wang and Ye, 

2025). These inputs are rare for SMEs at scale and a+empIng to include parIal proxies may 

inadvertently increase error. 

1.8 Thesis Structure and Alterna've Format 

The Faculty of Environment at the University of Leeds offers the submission of PhD 

thesis in the so-called ‘alternaIve format’. This means that the empirical chapters of this 
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thesis (Chapter 2, Chapter 3, and Chapter 4) consist of first-author, peer-reviewed journal 

arIcles at various stages of the submission and publicaIon process. It is required for one of 

these papers to be accepted for publicaIon, for one paper to be accepted for resubmission, 

and for one paper to be ready for submission.  

To date, Chapters 2 and 3 are published (Phillpo+s et al. (2025, 2026)), whilst Chapter 

4 is in a format and at a standard ready to be submi+ed for peer-review. Thus, this thesis 

meets the condiIons for the alternaIve format.  

Following the empirical chapters, Chapter 5 provides the discussion and conclusion 

to the thesis. For further details on this format please refer to the Faculty of Environment’s 

guide on the alternaIve style thesis (University of Leeds: Faculty of Environment, 2020). 
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Chapter 2. Bridging the SME Repor4ng Gap: A new 

model for predic4ng Scope 1 and 2 emissions. 

2.1 Abstract 

We present a novel staIsIcal model for predicIng Scope 1 and 2 emissions for small 

and medium-sized enterprises (SMEs). Trained on financial transacIon data from over 

100,000 UK SMEs, the model targets a business segment excluded from formal emissions 

reporIng and ocen under-engaged in sustainability efforts. By leveraging scalable, objecIve 

data, our approach offers an accessible alternaIve to exisIng methods that rely on either 

coarse sectoral averages or detailed, resource-intensive firm-level acIvity data. In 

developing the model, we evaluate a range of predictors and find that incorporaIng 

industry-level variables beyond basic emission intensity significantly enhances predicIve 

accuracy. We also observe diminishing returns from addiIonal model complexity, reinforcing 

the value of a parsimonious, low-input design. The final model achieves RSQ values of 0.89 

for Scope 1 and 0.72 for Scope 2, improves accuracy by up to 50% compared to sector-level 

esImates, and performs reliably on out-of-sample data. Our findings provide a simpler 

approach to emissions esImaIon for SMEs, supporIng broader climate engagement among 

smaller actors. 

2.2 Introduc'on 

Although small and medium-sized enterprises (SMEs) consItute 99% of the United 

Kingdom’s business populaIon (Department for Business, Energy & Industrial Strategy 

(BEIS), 2022), their environmental impact remains insufficiently understood. Unlike larger 

firms, SMEs are exempt from formal emissions reporIng requirements under frameworks 

such as the UK’s Streamlined Energy and Carbon ReporIng (SECR) scheme, which mandates 
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the disclosure of emissions as part of broader extra-financial reporIng1 (HM Government, 

2019; Meath et al., 2016). Globally, frameworks like SECR have increased the number of 

companies measuring and reporIng their emissions (Assael et al., 2023; Tomar, 2023); 

however, the focus on large enterprises has led to a situaIon where only a subset of firms 

consistently report their emissions (Nguyen et al., 2021).  

Extending reporIng obligaIons to SMEs presents a complex challenge. While SMEs 

have a significant environmental impact collecIvely, their individual contribuIons are ocen 

minimal. Moreover, SMEs face numerous internal and external barriers to enhancing their 

sustainability, many of which are unique to firms of their size (Alipour & Rahimpour, 2020; 

NormaIve, 2024; Oyewole et al., 2024). Among these, informaIon barriers and the inability 

to measure and monitor emissions are frequently cited as key challenges (BriIsh Business 

Bank (BBB), 2024). The process of emission measurement involves gathering detailed data 

on industrial processes and technologies from mulIple sources, tracking annual 

consumpIon of fuel and energy in physical units, and applying calculaIons using relevant 

conversion factors. This is a challenging, laborious task, even for dedicated teams within big 

corporaIons (Assael et al., 2023; Goldhammer et al., 2017). These barriers, combined with 

regulatory exempIons, have allowed SMEs to remain largely under-engaged on the topic of 

sustainability (BBB, 2024). 

To bridge the SME reporIng gap, we develop a predicIon model using a series of 

hierarchical regressions to esImate Scope 1 and 2 emissions requiring only minimal, widely 

available inputs: company turnover, industry classificaIon, and industry-level characterisIcs 

drawn from public accounts. To tailor our model to the SME use case, it is fi+ed to emission 

esImates derived from anonymized financial transacIon data (FTD) for over 100,000 UK 

SMEs.  

 

1 SECR disclosure requirements cover companies who meet at least two of the following criteria: (1) turnover of 

£36m or more; (2) balance sheet assets of £18m or more; (3) 250 employees or more. Companies consuming 

less than 40,000 kWh of energy per year are exempt. 
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By relying on rouInely collected FTD rather than detailed acIvity data, this model 

places fewer requirements on SMEs while sIll capturing the key drivers of Scope 1 and 2 

emissions. FTD-based emission esImates capture a simplified version of emissions, and their 

validaIon against actual emissions is challenging due to the scarcity of alternaIve data. 

Here, we argue that, for SMEs, precision is not paramount. A degree of absolute accuracy 

can be reasonably traded for substanIal gains in efficiency and scalability. Prior work 

confirms FTD as a credible alternaIve to survey-based emissions data (Trendl et al., 2023), 

noIng key advantages such as reduced calculaIon effort, scalability, and real-Ime 

applicaIon (Wells et al., 2025). Moreover, using a standardized, transparent methodology 

across firms helps avoid the inconsistencies associated with errors-prone self-reported data 

(Financial ReporIng Council, 2021). 

Through this work, we contribute to the understanding of emissions within this 

criIcal segment of the economy and provide a simple methodology to underpin more 

pracIcal and accessible soluIons for SMEs’ emission esImaIon. We argue that developing 

this model into a publicly accessible tool would enable SMEs and other stakeholders to 

generate reliable emissions esImates, while encouraging greater engagement with 

sustainability among currently disengaged smaller actors. 

The remainder of this arIcle is organised as follows. First, we provide an overview of 

emission accounIng for firms, the stakeholders of SME emissions data, and the current 

approaches for esImaIng non-reported emissions. Following this, we introduce the 

materials and methods used to calculate Scope 1 and 2 emissions from FTD and the 

staIsIcal techniques used in developing our predicIon model.  Subsequently, we present 

the results of our model, along with robustness checks and out-of-sample performance 

evaluaIons. The arIcle concludes with a discussion of our key findings, their pracIcal 

implicaIons, limitaIons, and suggesIons for future research direcIons. 
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2.3 Background and Context 

2.3.1 Defining Emission Scopes 

A firm’s carbon footprint refers to the greenhouse gases (GHGs) that are produced as 

a by-product of its economic acIviIes. The concept is defined by the accounIng principles, 

system boundaries, reporIng standards, and framework for calculaIons laid out in the GHG 

Protocol Corporate AccounIng and ReporIng Standards (WRI & WBCSD, 2004). This 

framework outlines clear, differenIated “Scopes” that make up a firm’s footprint: 

Scope 1 - Direct GHG emissions from operaIons that are owned or controlled by the 

company. This includes staIonary combusIon, mobile combusIon, and process emissions. 

Scope 2 - Indirect GHG emissions from the generaIon of purchased electricity, steam 

and heaIng/cooling consumed by the company. 

Scope 3 - Other indirect GHG emissions from the upstream and downstream value 

chain. 

These definiIons indicate that one firm's Scope 2 and 3 emissions are the allocated 

Scope 1 emissions of another, emphasising that purchasers should account for emissions 

driven by their demand and highlighIng the need for broader emission reducIon strategies 

beyond their own producIon (Hertwich & Wood, 2018).  

Emission reporIng regulaIons, such as SECR, have historically prioriIzed the 

mandatory disclosure of energy-related Scope 1 and 2 emissions, with Scope 3 emissions 

ocen considered ambiguous, voluntary and deferred for future consideraIon (Assael et al., 

2023; Hansen et al., 2022; He+ler & Graf-Vlachy, 2024; Nguyen et al., 2021). The focus on 

Scopes 1 and 2 facilitates manageable measurement, but provides a limited view, as Scope 3 

can make up the majority of a firm’s emission profile (Harangozo & SzigeI, 2017; Hertwich 

and Wood, 2018; Ma+hews et al., 2008; Stein & Khare, 2009). Given the disInct scopes, 

here we esImate Scope 1 and 2 emissions independently, noIng the addiIonal theoreIcal 

consideraIons for Scope 3 as well as the opportunity and novelty involved in leveraging FTD 

as a record of upstream emissions. 
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2.3.2 Implica2ons of the SME Repor2ng Gap 

Emission measurement is widely recognized as a criIcal first step for businesses in 

advancing sustainability, grounded in the principle "what gets measured gets managed" 

(WRI & WBCSD, 2004, p. 11). Research supports this, showing that firm emission 

measurement and disclosure is ocen followed by reducIons (Tomar, 2023), through the 

creaIon of emission baselines and an improved understanding of emission sources 

(Harangozo and SzigeI, 2017; Talbot and Boiral, 2013). In the absence of this informaIon, 

SMEs remain limited in their ability to idenIfy and implement effecIve decarbonisaIon 

strategies. The lack of emissions data also places SMEs at a compeIIve disadvantage with 

both downstream consumers (Deloi+e, 2023; McKinsey, 2023) and upstream suppliers 

(He+ler and Graf-Vlachy, 2024; World Economic Forum, 2022) increasingly focusing on 

environmental factors in decision-making. Firms with clearly defined sustainability strategies 

and emission measurement approaches may be favoured over those without, leading to 

important long-term effects on company performance.  

AddiIonally, policymakers and financial insItuIons (FIs) are impacted by the absence 

of comprehensive SME emissions data. For the policymaker, increased access to and a 

greater understanding of SME emissions data is essenIal for developing effecIve 

environmental policies capable of driving sector-wide behavioural and operaIonal change. 

This presents a significant challenge to realising the UK’s legally binding Carbon Budgets, 

which are designed to provide a structured and measurable pathway to achieving net zero 

greenhouse gas (GHG) emissions by 2050 (BEIS, 2021). For FIs, these data gaps make it 

difficult to design, assess, and implement financed emissions strategies, limiIng their ability 

to align lending and investment poruolios with climate targets. Under the Partnership for 

Carbon AccounIng Financials (PCAF, 2022) framework, FIs must measure and disclose their 

financed emissions. Without accurate SME emission data, FIs rely on esImaIon techniques, 

which introduce uncertainty and reduce the precision of poruolio-level climate impact 

assessments. Improving the quality and accessibility of SME emissions data would enable 

financial insItuIons to pursue more targeted green financing, with important knock-on 

effects for the wider economy (OECD, 2024). 
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2.3.3 Methods for Es2ma2ng Non-reported Emissions 

In the absence of reported emissions and internal physical usage data, a common 

approach for predicIng firm-level emissions involves combining industry-average emission 

intensity factors, derived from official staIsIcal data or established environmentally 

extended input-output tables, with firm-specific variables such as revenue and employment 

(Hirvonen et al., 2021; OECD, 2023). This methodology is employed in both financed 

emission calculaIon (PCAF, 2022), and in broader assessments of the overall contribuIon of 

SMEs emissions. Such esImates suggest that SMEs may account for approximately half of all 

UK business-driven emissions (BBB, 2021, p. 15). 

Whilst straighuorward and simple to produce, sole reliance on industry emission 

intensity factors ignore firm-level heterogeneiIes within an industry and assume a constant 

relaIonship between emissions and the specified economic variable (European Commission, 

2022). AddiIonally, industry averages are skewed by larger firms and may not represent 

smaller businesses. Despite their physical numbers, SMEs contribute far less to total industry 

turnover, labour, and emissions. 

Beyond basic esImates, more sophisIcated models have been developed using 

machine learning and staIsIcal methods, summarised in Table 1 (Assael et al., 2023; 

Goldhammer et al., 2017; Griffin et al., 2017; Heurtebize et al., 2022b; Nguyen et al., 2021). 

These models rely on publicly disclosed firm-level emission data, resulIng in their 

development being predominantly based on larger firms. This limits applicability to smaller 

firms (Assael et al., 2023) and can introduce inconsistencies due to quality and reliability 

issues of self-reported data (Dragomir, 2012; Talbot & Boiral, 2013). Moreover, the reliance 

on self-reported data places an important limitaIon on model sample sizes, with the largest 

study involving 4,360 firm-year observaIons (Assael et al., 2023).  
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2.4 Materials and Methods 

The predicIon model presented here is developed using the anonymised FTD of 

businesses banking with Lloyds Banking Group (LBG), one of the UK’s largest banks, with a 

business banking client base of over 900,000 firms (Lloyds Banking Group, 2023, p. 12). All 

businesses included in our analysis are SMEs, henceforth defined as firms with an annual 

turnover of less than £36 million. The model is based on the single year 2021, given the 

availability of both internal banking data and official industry data. The intenIon of this 

paper is to serve as a case study, under the understanding that addiIonal model years would 

rely on annual data updates. These model parameters would be expected to change only 

gradually over Ime, supporIng most pracIcal applicaIons.  

The methodological approach to developing our model is described in the following 

subsecIons, whilst Figure 2.1 provides a schemaIc overview of this process. First, SME FTD 

is obtained from LBG, and an iteraIve sample restricIon process is implemented. The FTD of 

the resulIng sample is then combined with spend-based emission conversion factors, 

sourced from official UK government datasets, to esImate Scope 1 and 2 emissions. StarIng 

with the most basic specificaIon and increasing in complexity, we then fit a series of 

hierarchical regression models to the FTD emission esImates. For this, firm-level predictors 

are sourced from LBG, while industry-level predictors are drawn from official UK sources, 

including government databases and the Office for NaIonal StaIsIcs (ONS). These models 

Table 2.1 Summary of exisEng predicEon models for company emissions 

Model Observa/ons Sample Data Model Scope 1 & 2 
Treatment 

     
Goldhammer et al. (2017) 93  

 
 

Self-reported figures 

Ordinary Least Squares 1 and 2 jointly 
    

Griffin et al. (2017) 1,657 Ordinary Least Squares 1 and 2 jointly 
    

Nguyen et al. (2021) 
 

2,289 Machine Learning 1 and 2 individually 

Heurtebize et al. (2022) 3,500 Machine Learning 1 and 2 individually 

Assael et al. (2023) 4,360 Machine Learning 1 and 2 individually 
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are evaluated and compared against each other for model performance. Our preferred 

model is selected, and further model evaluaIon tesIng is conducted. 

 

 

2.4.1 Sample Selec2on 

To ensure the analysis is based on high-quality and comprehensive financial data 

histories, a series of emission scope-specific restricIons is required. A full account of this 

process, including raIonale and impact of each step is provided within SupporIng 

InformaIon S2.1. These steps are designed to isolate SMEs who use LBG as their primary 

banking provider, excluding those with significant financial acIviIes through other 

insItuIons.  

AddiIonally, it is necessary to restrict our sample to SMEs for which financial data 

can reasonably proxy both firm revenue and emission-generaIng acIviIes. As a result, we 

exclude agricultural SMEs due to their substanIal process-related emissions not directly 

reflected in FTD. We also omit certain service-sector SMEs, such as those in insurance, real 

estate, and legal or accounIng services, whose frequent handling of non-turnover credit 

lines (e.g., deposits) leads to systemaIc overesImaIon of turnover. Table S2 of SupporIng 

Figure 2.1 - Overview of predicEon model development. Black rectangles indicate the key stages of the modeling process, 

green denotes data sources, and gray highlights the specific inputs and processes required at each step. LBG, Lloyds Banking 

Group.  
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InformaIon S2.1 provides a full list of explanaIons of exclusions where relevant, along with 

sample observaIons for each industry. 

With the sample restricIons steps in place, our final sample for Scope 1 consists of 

39,704 companies across 44 industries. Our Scope 2 sample is larger, covering 92,714 

companies across 54 industries, as restricIons are based solely on electricity spend, whilst 

Scope 1 restricIons span mulIple spend categories. CollecIvely, these companies account 

for an esImated £70 billion in annual revenue and encompass over 95 million financial 

transacIons in 2021. 

2.4.2 FTD-based Emission Es2mates 

2.4.2.1 FTD Classifica>on and Adjustments 

A transacIon is defined as any spend that occurs on a business account or credit 

card, including electronic transfers, online transacIons, and card payments. Each transacIon 

is classified according to the bank’s internal transacIon classificaIon system (TCS), which 

assigns recipient-based categories (Trendl et al., 2023; Wells et al., 2025). Of these 

categories, two are relevant for the esImaIon of Scope 1 and 2 emissions: “Energy & 

UIliIes” and “Vehicle Fuelling”. The former refers to 4 sub-categories of expenditure, 

containing energy providers selling electricity, natural gas, and heaIng oil, whilst the la+er 

refers to diesel and petrol purchased for mobile combusIon. With these categories, we 

capture the Scope 1 and 2 emissions generated from a firm’s energy-use, mirroring what is 

required of larger firms under the SECR framework.  

Acer categorizaIon, we apply two addiIonal adjustments to the spending amounts 

classified under "Energy & UIliIes". First, in instances where UK uIlity firms are known to 

provide electricity, gas, and heaIng oil to consumers, we disaggregate spending into Scope 1 

and Scope 2 using industry-level averages on energy spend by energy type (ONS, 2021). 

Second, due to energy tariff bands, businesses consuming more energy typically pay less on 

a per-unit basis. We therefore use UK staIsIcs on consumpIon bands and energy unit prices 

(DESNZ, 2024) to calculate adjustment factors for different consumpIon bands. We provide 

our methodology for these adjustments in SupporIng InformaIon S2.2. 
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2.4.2.2 Scope 1 and 2 Emission Conversion Factors 

Next, we create a set of conversion factors to capture the emissions associated with a 

unit purchase of different energy and fuel types. We divide emission per unit figures (CO2e / 

kwh (or litre); BEIS and DEFRA, 2022) by average price paid by non-domesIc consumers per 

unit (£ / kwh (or litre); DESNZ, 2024) to return emissions produced per pound spent (CO2e / 

£).  

As spending within “Vehicle Fuelling” reflects the consumpIon of both petrol and 

diesel, we produce a single conversion factor through a weighted average based on the UK’s 

consumpIon split between petrol and diesel (DESNZ and BIES, 2022b) and the unit price 

difference. For gas and oil, we use an average conversion factor given the near zero 

difference in individual factors. Finally, for electricity, our emission conversion factor is based 

on the UK grid’s emission intensity (locaIon-based method). These conversion factors are 

mulIplied with the annual expenditures of our sample to esImate Scope 1 and 2 emissions 

based on their energy consumpIon. Tables containing direct emission conversion factor 

calculaIon, and subsequent sample emission summary staIsIcs can be found in SupporIng 

InformaIon S2.3. 

2.5 Hierarchical Regression Models  

Given the nature of the data, where firms are nested within industries, we specify a 

hierarchical regression. This allows for industry-specific effects to vary whilst including non-

independent observaIons within the same industry (Gelman and Hill, 2006).  

To support the staIsIcal reasoning of our model, we ensure a minimum industry 

sample size of 50 and adequate representaIon across turnover brackets, requiring at least 5 

firms in each: below £250,000, £250,000–£1 million, and above £1 million. Whilst there is no 

defined minimum number of observaIon required in each group to perform a hierarchical 

regression (Gelman and Hill, 2006), this is relaIvely close to the 50/50 rule, where a 

minimum of 50 groups and 50 units per group assists the hierarchical method of esImaIon 

(Ali et al., 2019). 
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2.5.1 Dependent Variable and Predictor Variables 

Following Goldhammer et al. (2017), we predict the natural logarithm (ln) of the 

firm’s Scope 1 and 2 emissions. We apply the same transformaIon to all independent 

variables, allowing for coefficients to be interpreted as elasIciIes (the percentage change in 

the dependent variable for a one percent change in the independent variable). Table 2 

introduces the predictor variables, providing the raIonale for their inclusion and the method 

of procurement.
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Table 2.2 Predictor Variables for the hierarchical regression model 

Variable Unit Descrip/on Calcula/on / Procurement 
Industry-level    

Industry Intensity kg Co2e / £ 

Represen5ng the emissions produced per unit of output across 
each industry, this is the only industry variable to change to reflect 
the scope of emissions in focus. Currently, industry intensity is 
used exclusively in non-reported emissions es5ma5on methods, as 
it serves as a key indicator of varia5on in emissions-genera5ng 
ac5vity across industries. For this reason, it is an important feature 
in our model. 

This calcula5on u5lizes the 2021 UKMRIO model (Owen and Kilian, 
2025), a model of the UK economy designed to study the UK 
economy and its environmental impact. 
 
For scope 1 emissions, the calcula5on involves simply dividing 
industry direct emissions (F) by industry output in purchasers’ 
prices (X). For scope 2 emissions, we follow an approach outlined 
by Hertwich and Wood (2018) to return industry scope 2 
emissions, which are divided by industry output in purchasers 
prices (X). 

Industry Turnover Skew  % 

A variable capturing the share of industry turnover from large 
firms assesses industry skew. We interact this variable with 
industry intensity, under the hypothesis that where industry skew 
is high, industry intensity is heavily influenced by larger firms in 
the industry, poten5ally reducing the suitability of industry 
averages for SME.  

ONS industry data is used to generate a percentage figure for the 
share of turnover produced by firms with an annual turnover 
exceeding £1 million (ONS, 2024). 

Firm-level    

SIC Code SIC 

The Standard Industrial Classifica5on (SIC) iden5fies a firm's 
primary business ac5vi5es. Including an industry iden5fier allows 
for more accurate comparisons of expected emission intensity 
among firms performing similar ac5vi5es. 

 

SIC classifica5ons are the standard industry categories in the UK, 
with official economic and environmental data commonly 
published on a 2 digit SIC code basis, whilst it is standard prac5ce 
for firms banking with LBG to be assigned SIC codes at both the 2- 
and 3-digit level by rela5onship managers. Of the 88 possible two-
digit SIC codes (See Suppor5ng Informa5on S2.1), 44 are included 
in the Scope 1 sample and 54 in the Scope 2 sample. 

Turnover £ 

Turnover serves as an indicator of a firm's opera5onal scale and is 
included in the analysis because, all else being equal, higher 
turnover typically correlates with greater emissions. However, 
firms with higher turnover may also benefit from economies of 
scale or possess greater capacity to invest in emission-reduc5on 
technologies, thereby decreasing their emission intensity. 

 
Credit turnover is derived by summing the credit transac5ons 
recorded within a firm's bank account in the year. 

Margin % 
Firm margin is included as firms opera5ng at a greater financial 
margin may have capacity to allocate resources towards 
sustainable prac5ces, poten5ally lowering their emission intensity. 

We calculate profitability by simply subtrac5ng total debit from 
total credit and make the variable rela5ve by dividing the result by 
credit turnover. 
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Capital Spend – Assets % 
Capital expenditure reflects a firm's investment in assets. This 
variable is included because high capital spending on newer 
energy-efficient technologies may serve to lower a firm's emission 
intensity. For ease of calcula5on, we define capital expenditure as 
purchases that require financing. 

Asset capital spend is calculated by summing the percentage of 
total spend, spent on asset financing and plant hire for the three-
year period ending 2021. We take an average of these percentages 
to gain a single figure, capturing asset spending across the three-
year window. 

Capital Spend – Vehicles % 

 
Vehicle capital spend is calculated by summing the percentage of 
total spend, spent vehicle financing for the three-year period 
ending 2021. As above, we calculate a single figure, capturing 
vehicle spending across the three-year window. 
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2.5.2 Model Evalua2on 

We develop four progressively complex models to esImate firm-level emissions for 

each emissions scope, under the following hierarchical regression structure: 

𝑙𝑛	𝑌' = 𝛽+(𝑓𝑖𝑥𝑒𝑑_𝑒𝑓𝑓𝑒𝑐𝑡𝑠) +	𝛼+(𝑣𝑎𝑟𝑖𝑎𝑏𝑙𝑒_𝑒𝑓𝑓𝑒𝑐𝑡𝑠)	 + 𝜀'  

Where: 

	𝑌'  represents the absolute emissions of firm i 

𝛽+ represents the coefficients for fixed predictors whose effects do not vary across 

industries 

𝛼+ represents the coefficients for the variable predictors whose effects do vary 

across industries 

e represents the residual error term 

We examine predictor influence sequenIally, starIng with two variables and 

increasing to eight, evaluaIng the required complexity to explain the dependent variables 

(Cohen et al., 2013). The baseline model includes only industry classificaIon and turnover. 

Building on this, we add industry-average emissions intensity to align with data used under 

PCAF, followed by an industry skewness variable to test whether the industry-average 

provides sufficient sectoral detail. Model 4 then introduces addiIonal firm-level variables to 

capture intra-industry heterogeneity. 

For each model, we present coefficients and staIsIcal significance, indicaIng the 

strength and direcIon of predictor relaIonships to the dependent variables, along with their 

standard errors, reflecIng the esImate uncertainIes. We evaluate both model fit (R-squared 

- RSQ) and model fit with respect to complexity (Akaike informaIon criterion - AIC). 

Following model comparison, our preferred model is subjected to further rounds of 

evaluaIon. PredicIve accuracy is evaluated against the PCAF framework, which assumes 

uniform firm-level emissions intensity within industries. Comparing predicted intensity 

(predicted emissions divided by turnover) with PCAF esImates provides a reference point 

for assessing predicIon error, while idenIfying areas of model strength and weakness. We 

then test for stability and out-of-sample performance through an 80/20 train-test split with 
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straIfied sampling, applying a 5-fold cross-validaIon (James et al., 2021) to ensure balanced 

representaIon and robust performance evaluaIon. A further round of out-of-sample tesIng 

is conducted on a sample of 50 large businesses that report under SECR. As SMEs are not 

required to disclose emissions, model performance can only be assessed against larger firms 

for external one-to-one validaIon. In the SECR sample, annual turnover ranges from £38 

million to £211 million. By contrast, our model is fi+ed exclusively to emissions esImates for 

SMEs with turnover below £36 million, with 80% falling under £1 million. We also idenIfied 

several inconsistencies and errors in the self-reported SECR data, introducing further 

uncertainty into this approach. Finally, we perform a sensiIvity analysis to evaluate the 

robustness of results under varying sample selecIon criteria. 

2.6 Results 

2.6.1 Model Performance Comparison 

2.6.1.1 Scope 1 

Table 3 presents summary staIsIcs and coefficient esImates for each model 

iteraIon. Across all four model specificaIons, firm turnover consistently shows a strong, 

posiIve relaIonship with Scope 1 emissions. A 1% increase in turnover corresponds to an 

average of 0.77% increase in Scope 1 emissions, with the effect strengthening in more 

complex models. 

In Model 2, we find the inclusion of industry average only slightly improves model 

performance (an RSQ increase of only 0.003), with its coefficient being relaIvely weak and 

negaIve. AccounIng for industry skew in Model 3 shics the industry intensity coefficient to 

posiIve, and increases its magnitude. A 1% increase in industry intensity is now related to an 

0.84% increase in Scope 1 emissions. The interacIon term between industry intensity and 

industry skew suggests that for industries involving larger, dominant firms, industry intensity 

has a weaker effect on SME emissions. This supports the hypothesis that industry-wide 

emissions metrics may not fully capture SME emissions pa+erns. The 9% increase in model 

performance here highlights the importance of incorporaIng addiIonal industry structure 



70 

 

variables, with larger firms appearing to emit less per unit of turnover, which may be 

explained by an economies of scale effect. 

Adding firm-specific factors beyond turnover does not significantly enhance model 

performance. While industry variables gain strength, firm-level predictors yield mixed 

results: a 1% increase in assets or vehicle spending leads to only a 0.02% and 0.01% rise in 

Scope 1 emissions, respecIvely. In contrast, a 1% increase in firm margin results in a notable 

0.57% emissions increase, suggesIng more profitable firms emit more, ceteris paribus. 

Despite these addiIons, model performance slightly declines (RSQ = 0.882). 

2.6.1.2 Scope 2 

In all Scope 2 models displayed in Table 3, turnover remains a strong predictor of 

emissions. Whilst the iniIal strength of this variable is smaller for Scope 2, this coefficient 

increases to 0.79 with the final model. 

Notably, we find the iniIal impact of industry intensity to be 0.16, significantly 

different to the relaIonship observed amongst Scope 1 emissions. The inclusion of industry 

skew in Model 3 again reverses the industry intensity coefficient, this Ime to negaIve, 

suggesIng that firms in industries with a higher Scope 2 intensity, have lower individual 

Scope 2 emissions, holding all else constant, with the effect diminishing as industry skew 

increases. This result may be driven by the calculaIon method of industry Scope 2 

emissions, which is based on electricity expenditures from Supply and Use Tables. Firms in 

industries with high electricity consumpIon generally secure lower unit prices, with larger 

firms benefiIng most. This potenIal underesImaIon of total industry emissions may create 

a discrepancy between industry-wide and firm-level Scope 2 emissions. While the negaIve, 

staIsIcally significant interacIon term suggests an explanaIon centred on the influence of 

industry skew, other contribuIng factors could include regional tariff variaIons or industry-

specific differences in electricity consumpIon pa+erns. 

In Model 4, addiIonal firm-level predictors improve RSQ to 0.728 and reduces AIC to 

208,299. As in Scope 1, margin has the largest impact, while our capital assets variable has 
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minimal influence (coefficient = 0.02). InteresIngly, vehicle spending has a negaIve 

coefficient, where a 1% increase is associated with a 0.02% decrease in Scope 2 emissions.  
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Table 2.3 Model summary. Asterisks indicate significance level where P values < 0.05 = *, < 0.01 = **, and < 0.001*** 

 Scope 1 Scope 2 
 Model 1 Model 2 Model 3 Model 4 Model 1 Model 2 Model 3 Model 4 
 Coef Std Coef Std Coef Std Coef Std Coef Std Coef Std Coef Std Coef Std 
                 

ln turnover 0.79*** 0.01 0.77*** 0.01 0.77*** 0.02 0.79*** 0.02 0.70*** 0.01 0.77*** 0.01 0.78*** 0.01 0.79*** 0.01 
ln scp1_intensity   -0.08*** 0.01 0.84*** 0.21 1.26*** 0.21         
ln scp2_intensity           0.16*** 0.00 -1.49*** 0.10 -1.28*** 0.10 
ln skew     -0.47*** 0.03 -1.03*** 0.04     0.01 0.03 -0.51*** 0.04 
intensity*skew     -0.34*** 0.05 -0.42*** 0.05     0.38*** 0.03 0.34*** 0.03 
ln assets       0.02*** 0.00       0.02*** 0.00 
ln vehicles       0.01*** 0.00       -0.02*** 0.00 
ln margin       0.57*** 0.02       0.55*** 0.01 

                 
RSQ (fixed) 0.655 0.609 0.408 0.425 0.567 0.630 0.586 0.585 
RSQ (total) 0.798 0.801 0.891 0.882 0.690 0.721 0.717 0.728 
AIC 79,427 79,341 79,111 78,299 211,955 210,662 210,362 208,299 
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2.6.1.3 Predic>on Model Selec>on 

The preceding results indicate that the inclusion of addiIonal firm-level variables 

did not significantly enhance model performance, despite the increased complexity and data 

resources needed to acquire these predictors. This indicates diminishing returns to model 

complexity; a simple, parsimonious soluIon can reach useful levels of predicIve power 

whilst being pracIcal to apply. Based on performance and applicability, we select Model 3 as 

our preferred model for each scope. Figure 2.2 presents the model predicIon versus FTD 

emission esImates. 

Figure 2.2 - Model predicEons against FTD emission esEmates. 

 

2.6.2 Predic2on Model Evalua2on 

To evaluate accuracy, we calculate the Absolute Error (AE) and Absolute Percentage 

Error (APE) of Model 3’s predicIons relaIve to their FTD counterparts. Given the lec-skewed 

distribuIon of firm sizes in the sample due to greater physical numbers of smaller firms, we 

report both the mean and median values of AE and APE. 
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2.6.2.1 PCAF Comparison 

Assessing differences in AE and APE between our model and the PCAF framework 

reveals large error reducIons for Scope 1 emissions. Here, the PCAF framework results in a 

Mean AE of 0.108 kg CO2e/£. Whilst Model 3 improves this significantly, reducing the error 

to 0.047 kg CO2e/£, a reducIon of over 50%. The decrease in Median AE is smaller in 

absolute terms but falling from 0.092 to 0.033 kg CO2e/£ represents another reducIon of 

over 50%. For Scope 2 emissions, the reducIon is more modest, with a decrease in both 

Mean AE (0.033 kg CO2e/£ to 0.022 kg CO2e/£) and Median AE (0.022 to 0.014 kg CO2e/£). 

We plot both PCAF and predicted Mean AE by aggregated SIC secIon and turnover 

brackets in Figure 2.3. We observe the greatest reducIon in error occurs in industries with 

the largest starIng error. However, error reducIons are observed across all industries. 

Assessing the Mean AE by firm size demonstrates that iniIal errors decrease with firm size, 

and that predicted errors diminish consistently across all revenue categories. This highlights 

the model’s effecIveness, significantly reducing the errors for smaller firms, which typically 

experience the highest error under the average approach. 
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Figure 2.3 - Comparison of mean absolute error (MAE) from Model 3 and Partnership for Carbon AccounEng Financials 

(PCAF) across industry sectors and turnover brackets. 

 

 

2.6.2.2 Out-of-Sample Performance 

Table 4 presents the output from the 5-fold cross-validaIon for Model 3. For each 

fold we report Mean and Median AE and APE, as well as the RSQ of the test data. The model 

consistently produces similar results across the folds, indicaIng stability. For Scope 1 the 

Median AE across all folds was 6.8 tCO2e (std. = 0.03 tCO2e), and average RSQ was 0.78 (s.d. 

= 0.00) for Scope 1. For Scope 2, the Median AE across all folds was 2.4 tCO2e (s.d. = 0.01 
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tCO2e), with an average RSQ of 0.73 (s.d. = 0.00). This indicates that the model performs 

robustly when used to predict out-of-sample FTD-based emission esImates. 

Table 2.4 Performance Metrics for Model 3 Test and Train IteraEons 

 Scope 1 Scope 2 
  Mean Median  Mean Median 

Fold RSQ AE APE AE APE RSQ AE APE AE APE 
  t CO2e % t CO2e %  t CO2e % t CO2e % 

1 0.778 29.7 63.24 6.9 41.40 0.730 9.2 73.50 2.4 48.74 
2 0. 778 31.0 63.35 6.8 41.45 0.730 9.6 74.65 2.4 48.69 
3 0.782 30.5 62.57 6.8 41.35 0.730 9.4 73.96 2.4 48.21 
4 0.782 30.9 62.13 6.9 41.12 0.729 9.2 73.95 2.4 48.53 
5 0.776 30.4 62.75 6.9 41.26 0.728 9.7 74.22 2.4 48.79 
           
Mean 0.779 30.5 62.81 6.8 41.31 0.729 9.4 74.05 2.4 48.59 
Std 0.003 0.5 0.50 0.03 0.13 0.000 0.2 0.42 0.01 0.23 

           
 

Further out-of-sample tesIng is presented in SupporIng InformaIon S2.4, where we 

apply our models to predict emissions for 50 large businesses reporIng under the SECR 

framework. We observed a median absolute percentage error (APE) of 25.32% for Scope 1 

emissions. Errors are substanIally higher for Scope 2 emissions, with a median APE of 

65.08%. Although these results are broadly in line with error levels exhibited in Table 4, we 

observe low RSQ scores and high mean errors, largely driven by a small number of extreme 

outliers. 

2.6.2.3 Impact of Sample Selec>on  

Up to this point, the results presented are based on the restricIons steps laid out in 

SupporIng InformaIon S2.1. For transparency, in Table 5, we now present a sensiIvity 

analysis on Model 3’s performance as we alter trimming thresholds of energy and fuel spend 

intensity (Step 5 in Table 6). In both scopes, we observe increasing RSQ value with increased 

levels of trimming. Both the Mean and Median AE significantly reduces as the trimming 

threshold increases, with Median APE reaching 30% and 34% for Scope 1 and 2 respecIvely. 

To balance data quality with sample size, we apply a conservaIve 10% trimming, removing 

outliers while preserving diversity and representaIveness. 
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Table 2.5 Performance Metrics for Model 3 Across Different Sample RestricEons 

Metric Unit 5% Trim 10% Trim 15% Trim 20% Trim 25% Trim 
Scope 1       
Firms  50,290 39,704 30,217 21,962 15,140 
Industries  46 44 41 36 34 
       
RSQ (Fixed)  0.379 0.408 0.440 0.418 0.438 
RSQ (Total)  0.855 0.879 0.898 0.921 0.932 

       

Mean AE t CO2e 35.03 30.46 26.56 23.46 20.99 
APE % 75.46% 62.71% 53.40% 46.30% 40.26% 

Median AE t CO2e 7.72 6.80 6.02 5.33 4.71 
APE % 45.29% 41.22% 37.36% 33.92% 30.43% 

       
Scope 2       
Firms  104,272 92,714 81,094 69,477 57,903 
Industries  54 54 54 52 52 
       
RSQ (Fixed)  0.540 0.586 0.628 0.664 0.697 
RSQ (Total)  0.662 0.717 0.761 0.798 0.832 

       

Mean AE t CO2e 10,925 9,476 8,397 7,547 6,897 
APE % 89.98% 73.60% 62.12% 53.22% 45.87% 

Median AE t CO2e 2,663 2,364 2,098 1,848 1,604 
APE % 53.68% 48.52% 43.49% 38.61% 33.91% 

        
 

2.7 Discussion 

2.7.1 Key Findings 

New modelling approaches, such as the one detailed in this paper, offer a pracIcal 

way forward to addressing emissions data gaps among SMEs. Here, we have provided a use-

case for uIlising SMEs' financial transacIon data (FTD) as proxies for emission-generaIng 

acIviIes, esImaIng the emissions for an otherwise unobserved subset of the business 

populaIon. We then use this emissions data to develop new models that predict Scope 1 

and 2 emissions.  

We idenIfy models that can achieve an RSQ of 0.89 for Scope 1 emissions and 0.72 

for Scope 2 emissions. This translates to a reducIon in error of over 50%, when compared to 

the simple esImaIon techniques currently used under frameworks such as PCAF. This error 

reducIon can be a+ributed to three main findings. First, we observe a consistent, strong and 

significant relaIonship between ln turnover and our dependent variables (ln Scope 1 & 2 

emissions) with a coefficient of 0.7 at the lowest. This log-log relaIonship implies that the 
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relaIonship between the raw variables is not linear, as is assumed under simple esImaIon 

techniques. Second, we find that accounIng for industry characterisIcs beyond basic 

emission intensity significantly improves model performance, parIcularly for Scope 1 

emissions. We observe a model performance increase of nearly 10% by incorporaIng 

industry skew, underscoring the importance of addiIonal factors currently overlooked. 

Finally, we find that the inclusion of detailed, firm-specific variables to try and explain 

heterogeneiIes beyond size leads to diminishing model performance gains, whilst 

significantly disadvantaging the pracIcal applicaIon of the model. A pragmaIc approach 

balances complexity with accuracy to enhance accessibility. 

With these findings, this study supports the noIon that regression analyses can 

provide an alternaIve method to esImaIng emission data, in the absence of reported data 

(Goldhammer et al., 2017). By tailoring the model specifically to the SME context, we 

address a criIcal limitaIon in the current literature (Assael et al., 2023), ensuring inclusion 

of firms with the highest likelihood of emissions data gaps. 

2.7.2 Prac2cal Implica2ons 

Regulatory exclusions and firm size-specific barriers have kept SMEs largely absent 

from emissions reporIng, limiIng their engagement in improving sustainability and leaving 

their environmental impact poorly understood. The emission predicIon models described 

here are made available in SupporIng InformaIon S2.6, enabling users to produce SME 

emission esImates from minimal inputs (namely turnover and industry), while improving on 

the accuracy of sector-level average esImates. 

These models give SMEs a crucial starIng point to both understand and reduce their 

environmental impact - an unmet need in the current landscape (BBB, 2024). When 

delivered through behaviourally informed design packages tailored to the specific barriers 

SMEs face, emissions esImates can help simplify the complex landscape of SME net zero 

support. This approach tackles structural barriers like limited funding and experIse (Caldera 

et al., 2019; Menon and Ravi, 2021), while also allowing tailored support for common SME 

constraints, such as occupying rented premises (Mazhar et al., 2024). 
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The benefits of increased SME engagement through model availability drives the 

adopIon of sustainability pracIces, helps SMEs maintain compeIIveness against larger 

firms, and removes obstacles to accessing external funding (Appiah-Kubi et al., 2024a; 

Madrid-Guijarro and Duréndez, 2024). AddiIonal impact may be achieved when emission 

esImates are distributed by FIs with academic endorsement, leveraging established trusted 

relaIonships. 

With this paper, we also begin to build the argument for FTD as a viable opIon for 

emission esImaIon at scale, parIcularly amongst smaller actors. This is an argument 

developed in the household space by Trendl et al. (2023) and Wells et al. (2025), but one not 

yet applied in the corporate emission reporIng environment. This approach enables 

automated emission insights for SMEs while allowing external parIes to understand 

emissions drivers at scale. IntegraIng FTD-based emissions data into the PCAF framework 

for esImaIng poruolio financed emissions could incenIvise FIs to leverage their extensive 

data assets to develop methodologies that serve the public good. 

2.7.3 Limita2ons 

While modelling approaches improves accessibility, key limitaIons exist. Some 

industries are excluded due to limited sample sizes or unreliable turnover esImates. Whilst 

the method is also less suitable for sectors like agriculture, where large proporIons of 

emissions arise from processes not captured in FTD. As a result, full sectoral coverage is not 

achieved. 

A full list of excluded SIC codes and the implicaIon of their removal is provided in 

Table S7 within SupporIng InformaIon S2.1. To assess the impact of exclusions, we compare 

business populaIon data (BEIS, 2022) against the predicIon model coverage to idenIfy SIC 

codes that have the highest exclusion impact. We find that the model covers over 71% of UK 

SME populaIon, with scope to expand this further if trade-offs in accuracy are acceptable. 

Of the excluded SMEs, 25% are excluded due to our iniIal exclusions, with an addiIonal 4% 

excluded because of sample size within our restricIon process. Of the excluded industries, 

most represent a minimal share of the UK’s SME populaIon. Notable excepIons include 
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agriculture and service sectors such as insurance, real estate, legal and accounIng which 

contain SME populaIons of 5% and 16% of the SME populaIon respecIvely.  

AddiIonally, FTD lack the granularity of receipt-level analysis. Emission conversion 

factors are therefore applied at the merchant category level only (Trendl et al., 2023). This 

means transacIon-based emission esImaIon relies on assumpIons regarding energy mix, 

since many energy suppliers provide both natural gas and electricity, and petrol staIons sell 

both diesel and petrol. Although these assumpIons are informed by official industry 

surveys, they remain approximaIons. Related to this, Scope 2 emissions are esImated using 

locaIon-based emission intensity factors. For SMEs on renewable energy tariffs, emissions 

are overesImated when looking from a market-based perspecIve. Our model is primarily 

designed to predict energy-use emissions rather than precisely reflect specific tariff choices 

and in a publicly available version of the tool, users would have the opIon to toggle 

renewable tariff use on or off. This would both highlight the emission reducIon 

opportuniIes of green tariffs and present a clear, acIonable step for firms not yet on a 

renewable tariff. 

This analysis reflects a one-year snapshot, aligning with pracIcal deployment. Future 

iteraIons of the model can be easily updated, with new FTD and emissions conversion 

factors. In addiIon, the model is developed with UK data, its applicability is therefore limited 

to non-cash-based, digital economies with comprehensive FTD. SME acIvity is ocen shaped 

by regional factors, model development for other economies requires changes to conversion 

factors, currencies, grid intensiIes, and other differences. This presents an opportunity for 

collaboraIons between regional policymakers and financial insItuIons. 

2.7.4 Future Research Direc2ons 

While this paper focuses on Scope 1 and 2 emissions due to regulatory emphasis, a 

firm’s complete footprint includes Scope 3 emissions. As a growing area of regulatory 

interest, Scope 3 presents a strong use case for FTD. Future research could explore applying 

FTD to esImate these emissions, potenIally enabling broader reporIng of this 

underrepresented category while reducing the effort and cost associated with measurement 
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(He+ler and Graf-Vlachy, 2024). This may require integraIng new data sources or methods 

to be+er capture supply chain emissions and provide a more complete SME profile. 

A second area for further research is to compare transacIon-based emission 

esImates for firms with alternaIve firm-level microdata. While Trendl et al. (2023) verifies 

FTD as a credible alternaIve to survey-based household esImates, equivalent validaIon in 

the commercial sector remains unexplored. Addressing this gap would help clarify the 

current uncertainIes around the validity of FTD emissions esImaIon. PotenIal comparable 

emissions data include self-disclosed reports such as those submi+ed under the SECR 

framework. However, these are constrained by limited sample sizes, business size 

thresholds, and the need for manual data collecIon. In this study, a manual compilaIon of 

SECR reports conducted for out-of-sample tesIng revealed several challenges with the 

dataset, these are discussed in detail in SupporIng InformaIon S2.4. Survey data, such as 

the Annual Business Survey (ONS, 2024), offer broader sectoral and firm coverage, whilst 

avoiding the inconsistencies within self-reported methodologies. However, such sources 

present access barriers and do not permit one-to-one firm-level comparisons. Accountancy 

data also offers a promising avenue, with socware providers increasingly integrate emissions 

profiling into their plauorms (Sage Earth, 2025; Xero, 2025).  

2.8 Conclusion 

This paper introduces a new staIsIcal model for predicIng the Scope 1 and 2 

emissions of SMEs using widely accessible informaIon such as company turnover, industry 

classificaIon, and sectoral characterisIcs from public accounts. By finng the model to the 

FTD data from over 100,000 UK SMEs, we capture key firm and industry-level relaIonships 

that enable it to outperform commonly used benchmarking approaches. 

A key finding from this research is that relaIvely simple model requiring only four 

variables, two publicly available industry variables and a firm's industry and annual turnover, 

can generate accurate and robust emission esImates while remaining pracIcal for real-

world applicaIon. These types of modelling soluIons can address important gaps in 

emission reporIng for SMEs, who lack the resources and Ime to designate to sustainability 
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challenges. By simplifying access to more accurate emission profiles, we can increase 

engagement among SMEs and provide their stakeholders, including financial lenders and 

policymakers, with informaIon for targeIng sustainability strategies.  
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Chapter 3. Comple4ng the SME Carbon Profile: Scalable 

Predic4on of Scope 3 Emissions 

3.1 Abstract 

Despite growing recogniIon of significance, a business’s Scope 3 emissions remain 

rarely measured and as a result are poorly understood. This situaIon is parIcularly common 

amongst small and medium-sized enterprises (SMEs), which face addiIonal obstacles to 

emission measurement. With this paper, we present a transacIon-based approach to 

facilitate SME Scope 3 engagement. Using financial transacIon data for 150,000+ UK SMEs, 

we produce spend-based Scope 3 esImates across key Greenhouse Gas Protocol categories. 

We then fit a series of hierarchical regression models to both quanIfy and idenIfy firm-level 

Scope 3 emissions, with minimal user inputs. We find that this approach is effecIve in 

predicIng the upstream emissions of both purchased goods & services (RSQ = 0.87) and fuel 

and energy-related acIviIes (RSQ = 0.89 and 0.72), whilst weaker for more targeted 

categories such as business travel. We also find a small number of recurrent industry 

hotspots tend to account for 75% of a firm’s upstream emissions. By leveraging objecIve, 

standardised data to esImate emissions, this method provides a low-input alternaIve to 

costly micro-studies for generaIng Scope 3 insights, extending the visibility of emissions 

beyond a firm’s direct operaIons, revealing emission hotspots and supporIng the 

development of value chain decarbonisaIon strategies. 

3.2 Introduc'on 

Business emission reporIng has tradiIonally focused on the emissions produced 

directly by operaIons (Scope 1) and energy-use (Scope 2). Whilst these emissions are both 

relaIvely easy to quanIfy and directly under a business’s organisaIonal control, this 

neglects the substanIal share of emissions that occur across the broader value chain (Scope 

3) (Serafeim and Velez Caicedo, 2022). Typically these indirect emissions far exceed a firms 

combined Scope 1 and 2 totals (Huang et al., 2009). Overlooking Scope 3 emissions both 
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limits business decarbonizaIon efforts (He+ler and Graf-Vlachy, 2024) and risks inefficient 

policy intervenIons (Hertwich and Wood, 2018). 

RecogniIon of the importance of Scope 3 emissions is gaining momentum. Policy 

developments to integrate Scope 3 into disclosure frameworks are underway in Europe 

(DESNZ, 2023a; EU, 2022), while Australia is phasing in the introducIon of mandatory Scope 

3 emissions reporIng for larger businesses. However, extending these frameworks to small 

and medium-sized enterprises (SMEs) requires careful consideraIon. 

Scope 3 emissions are complex relaIve to Scope 1 and 2 emissions (Cheema-Fox et 

al., 2021). Their calculaIon necessitates subjecIve decisions on system boundaries, whilst 

requiring extensive external data on supplier locaIons, producIon techniques, and 

knowledge on various other factors within global supply chains (Acquaye et al., 2014). Under 

the Greenhouse Gas (GHG) Protocol, Scope 3 emissions are divided into 15 disInct and 

mutually exclusive categories, capturing embodied upstream emissions from purchased 

goods and services, as well as downstream emissions from sold goods and services, 

including distribuIon, use, and end-of-life treatment (WRI and WBCSD, 2020).  

For larger firms with complex supply networks, significant regulatory exposure, and 

notable individual environmental impact, firm-specific Life Cycle Assessments (LCAs) are the 

preferred approach. LCAs involve bo+om-up techniques to account for the specific 

processes, suppliers, and regions involved in each stage of the life cycle. The resulIng data 

are primary, and therefore considered more reliable (Busch et al., 2022). Whilst guided by 

internaIonal standards, and adaptable to the GHG Protocol Scope 3 categories, LCAs are 

inherently resource-intensive and methodologically complex, even for dedicated teams 

within large corporaIons (Goldhammer et al., 2017). CalculaIng these emissions requires 

technical knowledge, and involves significant operaIonal and transacIonal costs (Isil and 

SebasIanelli, 2020). Moreover, differences in methodological approaches undermine data 

comparability (Robinson et al., 2015), while frequent errors further compromise data quality 

(Patchell, 2018). 

To miIgate the substanIal operaIonal and transacIonal costs of primary data 

collecIon, firms ocen turn to secondary data sources. These can include pre-exisIng LCAs, 
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or industry-average emission conversion factors derived from environmentally extended 

mulI-regional input-output (EEMRIO) models (Nguyen et al., 2023). Whilst simpler, these 

approaches sIll require a level of technical experIse, and for some, the reliance on 

secondary factors introduces inaccuracies (Busch et al., 2022). 

Despite this, different levels of accuracy and completeness are necessary to address 

different needs (Huang et al., 2009), with process-based data alone insufficient for producing 

robust and comparable esImates at scale (Minx et al., 2008). For SMEs, sole reliance on 

expensive micro-analysis presents a substanIal barrier to the widespread adopIon of Scope 

3 emission measurement. 

In our earlier work (Phillpo+s et al., 2025), we build the argument for applying simple 

staIsIcal models to proxy Scope 1 and 2 emissions amongst SMEs. Our approach uses large-

scale financial transacIon data (FTD) to fit models that are simple to apply, requiring two 

inputs: turnover and industry. This efficient, and highly scalable approach addresses the data 

gap created by the exclusion of SMEs from current reporIng requirements. FTD-based 

emission esImates capture a simplified version of emissions, and its validaIon against actual 

emissions is challenging due to the scarcity of alternaIve data. However, we argue that 

transparent, standardised, and objecIve measurement represents a jusIfied trade-off, at 

the expense of some absolute accuracy. 

This paper builds on these foundaIons by extending the approach to SME Scope 3 

emissions. ExisIng approaches to model unreported Scope 3 emissions have used regression 

and machine learning techniques (Carbon Disclosure Project, 2020; Nguyen et al., 2023; 

Serafeim and Velez Caicedo, 2022; Shakdwipee and Lee, 2016). These models rely on self-

reported data for their training, presenIng inherent limitaIons; inconsistent methodologies 

across reporIng firms undermine comparability, while the training data underrepresents 

SMEs. With this paper, we uIlise the FTD of over 150,000 UK SMEs to esImate Scope 3 

emission categories, creaIng a large dataset for a previously unobserved segment of the 

business populaIon. 

Drawing on our novel, micro-level dataset, we make two contribuIons: first we 

explore how different transacIon categories contribute to a firm’s Scope 3 emissions, and 
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second, we develop a series of staIsIcal models to quanIfy and idenIfy Scope 3 emissions. 

Through this work, we demonstrate how FTD can support the mainstreaming of Scope 3 

emission measurement and introduce a simple benchmarking tool to generate Scope 3 

emissions insights. Thereby transforming extensive, granular, otherwise private data into 

accessible macro-level insights to facilitate a wider adopIon of Scope 3 measurement 

amongst smaller, ocen under-engaged actors (BriIsh Business Bank (BBB), 2024). 

The remainder of this arIcle is structured as follows. First, we describe the data and 

method used to calculate Scope 3 categories, idenIfy hotspot thresholds, and outline the 

staIsIcal techniques applied in developing our models. Next, we present model results, 

interpretaIons, and stability tests. Finally, we conclude with a discussion of the key findings, 

their pracIcal implicaIons, limitaIons, and recommendaIons for future research. 

3.3 Materials and Methods 

In partnership with Lloyds Banking Group (LBG), one of the UK’s largest retail banks 

(LBG, 2023), this study accessed a substanIal dataset of transacIons made by UK SMEs in 

the calendar year 2021. Here, we define SMEs as firms with an annual turnover of less than 

£36 million (Companies Act, 2006). 

Our methodological approach is outlined in the following subsecIons, with Figure 3.1 

providing a schemaIc overview of the Scope 3 extension to the model. First, FTD is obtained 

from LBG, and an iteraIve sample restricIon process is implemented. The FTD from this 

sample is then used to esImate Scope 3 emission categories. We then produce predicIon 

models by finng a series of hierarchical regression models to the FTD-based emission 

esImates, using firm-level predictors from LBG, and industry predictors from public accounts 

when required. In some instances, the model finng process requires addiIonal sample 

restricIons to ensure model convergence. For each category, we evaluate model 

performance and select a preferred specificaIon, before conducIng further validaIon tests. 
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Figure 3.1 - Overview of predicEon model development. Black rectangles indicate key stages of the modelling process, green 

denotes data sources, and grey highlights the specific inputs and processes required at each step. Adapted from PhillpoXs et 

al. (2025). 

 

3.3.1 Sample Selec2on 

A series of sample restricIons are required to ensure our analysis is based on 

comprehensive financial data histories, isolaIng SMEs who use LBG as their primary banking 

provider, and excluding those with significant financial acIviIes through other insItuIons 

(Phillpo+s et al., 2025). A full account of this process, including raIonale and impact of each 

step is provided within SupporIng InformaIon S3.1.  

We also restrict our sample to only SMEs for which FTD can reasonably serve as a 

proxy for both firm revenue and Scope 3 emission-generaIng acIviIes. We therefore 

exclude SMEs in sectors including agriculture, energy, and water, where substanIal industry-

specific Scope 3 emissions require more tailored modelling approaches. Certain service-

sector SMEs are also omi+ed, such as those in insurance, real estate, and legal or accounIng 

services, due to frequent handling of non-turnover credit lines causing a systemaIc 

overesImaIon of turnover (Phillpo+s et al., 2025). Table S2 in SupporIng InformaIon S3.1 

provides a full list of explanaIons of exclusions where relevant, along with the sample and 

populaIon figures for each industry. 
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With these restricIon steps in place, our sample consists of 167,169 companies 

across 57 industries. CollecIvely, these companies account for an esImated £103 billion in 

annual revenue, with over 101 million financial transacIons collecIvely in 2021. 

3.3.2 FTD-based Emissions Es2mates 

3.3.2.1 Mapping to greenhouse Gas (GHG) protocol categories 

The GHG Protocol (2011) defines 15 categories of Scope 3 emissions. These 

categories are intended to encompass all indirect emissions from business acIviIes. 

Consequently, a firm’s FTD does not directly translate to all Scope 3 categories, and 

assumpIons may be required to enable compaIbility. Table 3.1 introduces each Scope 3 

category, noIng its coverage by FTD and the need for any assumpIons in its esImaIon.  
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Table 3.1 GHG Protocol Scope 3 categories and their alignment with FTD. 

Scope 3 Category Captured by FTD? Included in Model? 

1. Purchased goods & services Yes 

 
FTD reflects the goods and services a business purchases 
when paid via the business account. These transac5ons can 
be matched to emissions using appropriate emission 
factors. 

 

Yes  

2. Capital goods Par5ally 

Capital asset purchases are captured in FTD; however, 
without addi5onal context, FTD alone cannot reliably 
dis5nguish capital goods from regular purchases, nor 
iden5fy the specific type of capital asset involved. 
 

No  

3. Fuel- and energy-related Yes 
Fuel and energy purchases are visible in FTD and can be 
used to calculate Scope 1, 2 and associated Scope 3 
emissions. 
 

Yes  

4. Upstream transport & 
distribu5on Par5ally 

Payments to logis5cs providers are visible when made 
directly. However, transport and delivery fees are osen 
bundled within purchases and may not be separately 
iden5fiable. 

 

Yes 
We assume upstream transport and distribu5on costs are 
included within the purchases of goods. These emissions are 
therefore included within Category 1.  

5, Waste from opera5ons Par5ally 

Payments to waste service providers are visible. However, 
FTD does not capture waste volume, type, or treatment 
method. Addi5onal data or assump5ons are beneficial for 
measurement. 

 

No  

6. Business travel Par5ally 

Travel-related purchases such as flights, hotels, and car hire 
are iden5fiable in company FTD. However, expenses that 
are paid by employees and later invoiced to the company 
are not captured and thus remain unmeasured. 

 

Yes We assume all business travel spend in our sample is made 
through the business account. 

7. Employee commu5ng No Commute-related spending is made by employees and 
does not typically appear in business transac5ons. No  
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8. Upstream leased assets Par5ally 
Lease payments are visible, but emissions depend on asset 
type and use, which cannot be determined by FTD alone. 

 
No  

9. Downstream transporta5on and 
distribu5on Par5ally 

Courier and distribu5on payments are visible when made 
directly. However, as with upstream transport, bundled 
costs and lack of direc5onality (up vs. downstream) can 
make atribu5on difficult. 

 

Yes 
We assume all payments to courier, distribu5on and logis5cs 
firms are related to the downstream transporta5on of goods 
and services. 

10. Processing of sold products 
 

No 
 

No direct purchase associated 
 No  

11. Use of sold products 
 

No 
 

No direct purchase associated 
 No  

12. End-of-life treatment of sold 
products 

 

No 
 

No direct purchase associated 
 No  

13. Downstream leased assets 
 

No 
 

Lease income may appear in FTD, but usage-based 
emissions are not measurable with FTD alone. 

 
No  

14. Franchises No 

Payments such as franchise fees or royal5es may be visible, 
but opera5onal emissions would be challenging to 
es5mate. Moreover, SMEs are unlikely to have associated 
franchises, due to their size. 

 

No  

15. Investments No 

Investment income or flows may appear, but emissions 
from investments require detailed poruolio data. In 
addi5on, SMEs, are unlikely to be holding large sums of 
financial investments. 

 

No  
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3.3.2 Scope 3 Emission Conversion Factors 

The primary source for Scope 3 emission conversion factors is the UKMRIO (Owen 

and Kilian, 2024). The UKMRIO is a Single-country NaIonal Accounts Consistent (SNAC) 

EEMRIO model, used to produces the official annual consumpIon-based emissions for the 

UK, making it ideal for a UK focused methodology (Tukker et al., 2018). EEMRIO conversion 

factors reflect the embodied environmental load of a unit of final demand (e.g. kg CO2e / £) 

(Wiedmann et al., 2011), a full derivaIon of which, can be found in Kitzes (2013, pp. 497-

498). Whilst these conversion factors are generally a+ributed to a unit of final demand, the 

LeonIef inverse assumes sectoral goods are homogenous and thus have the same cradle-to-

gate emissions per monetary unit. As such, intermediate inputs have the same unit footprint 

as products sold to the final consumer (Hertwich and Wood, 2018). The underlying 

assumpIon of EEMRIO conversion factor use is that the supply structure of each purchase 

can be approximated by the corresponding economic sector, as represented in the UK 

Supply and Use Tables (ONS, 2022; Schmidt et al., 2022).  

The UKMRIO produces consumpIon-based conversion factors for 112 industries, 

denoted by their Standard Industrial ClassificaIon of economic acIviIes (SIC code). To make 

these conversion factors compaIble with FTD, SIC industries are mapped to all but two 

headings of spend: “Energy & UIliIes” and “Vehicle Fuelling”. The mapping table for this 

process can be found in SupporIng InformaIon S3.2. 

Spend categorised under “Energy & UIliIes” and “Vehicle Fuelling” can instead be 

combined with direct conversion factors to esImate Scope 1 and Scope 2 emissions 

(Phillpo+s et al., 2025) or as in this case, well-to-tank (WTT) conversion factors. The resulIng 

esImates reflect the emissions produced during the extracIon, processing, and distribuIon 

of fuels and energy. Table 3.2 displays the resulIng interquarIle range and median 

emissions per esImated Scope 3 category, along with observaIon numbers, whilst further 

details of the conversion factor calculaIons and their mapping to transacIons are provided 

in SupporIng InformaIon S3.3. 
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Table 3.2 Number of observaEons, interquarEle and median emissions by aggregated industry and Scope 3 category. Here, SIC SecEon A – Agriculture, Forestry and Fishing, excludes agriculture 

SMEs. 

 

 

SIC Sec'on Sample Category 1.  
Purchased Goods and Services 

Category 3.1  
Fuel-related ac'vi'es 

Category 3.2  
Energy-related ac'vi'es 

Category 6. Business Travel Category 9. Downstream 
transporta'on and distribu'on 

  Q1 Median Q2 Q1 Median Q2 Q1 Median Q2 Q1 Median Q2 Q1 Median Q2 
 # kg Co2e kg Co2e kg Co2e kg Co2e kg Co2e kg Co2e kg Co2e kg Co2e kg Co2e kg Co2e kg Co2e kg Co2e kg Co2e kg Co2e kg Co2e 

A - Agriculture 696 2,139 57,261 160,016 1,872 3,650 10,601 207 429 973 577 1,286 2,689 45 308 1,821 
C- Mining 78 61,734 142,245 460,682 2,637 6,951 23,407 232 647 2,391 771 1,511 3,557 423 3,815 18,208 
F - Manufacturing 15,497 20,591 60,863 197,533 1,296 2,733 8,350 65 203 597 416 974 2,115 89 827 5,701 
G - ConstrucIon 44,901 14,158 31,430 88,309 2,153 4,358 9,775 199 427 1,012 500 1,031 1,990 14 83 805 
H - Wholesale & Retail 34,107 21,483 63,890 196,064 1,736 5,187 16,430 293 690 1,810 228 602 1,419 70 489 3,831 
I - TransportaIon 2,244 2,883 8,100 30,409 3,261 5,991 10,280 693 1,376 2,417 495 1,260 2,942 6,244 22,753 83,916 
J - Hospitality 16,897 17,642 43,888 92,906 403 810 1,748 163 405 991 202 683 3,320 10 54 369 
M - Prof AcIviIes 3,317 9,094 20,636 67,617 909 1,733 3,790 164 381 891 274 656 1,545 17 79 593 
N - Admin Services 7,127 8,682 19,281 60,308 1,104 2,253 4,847 98 229 502 340 787 1,644 15 54 377 
P - Public 9,171 4,792 11,540 34,089 2,510 18,210 78,787 567 2,712 9,364 350 794 1,620 12 56 461 
Q - EducaIon 5,419 6,604 17,150 53,743 2,024 4,120 9,067 324 716 1,706 774 1,368 2,666 14 81 905 
R - Health 11,953 8,996 38,942 136,825 1,176 2,529 7,312 222 501 1,580 191 501 1,212 16 52 194 
S - Arts 6,388 11,397 41,184 131,622 700 1,086 1,721 181 280 448 142 369 871 45 56 249 
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3.3.2.3 Defining Scope 3 emission hotspots 

While some Scope 3 categories are narrow, Category 1. Purchased Goods and 

Services span diverse, sector-specific emission sources. To compare pa+erns across firms 

and sectors, we express each emission source as a proporIon of total calculated Scope 3 

emissions and use these proporIons to idenIfy recurrent hotspots. Table 3.3 displays 

different minimum-contribuIon thresholds, showing the number of expenditure codes used 

at the industry level, the number used per firm, and the share of emissions captured. For 

each metric we report the mean, median, and standard deviaIon. 

Using a 10% contribuIon threshold, we capture, on average, 74.5% of emissions 

while reducing the median number categories from 24 to 2 per firm. We define hotspots as 

categories contribuIng above this 10% threshold and visualise industry mean values in 

Figure 3.2. 

Table 3.3 The impact of minimum contribuEon thresholds on Scope 3 emission sources. 

 

 

 

 

 

 

 

Min Scope 3 
Contribu/on Industry Expenditure Codes Firm Expenditure Codes Emission Captured 

 Mean Median Std Mean Median Std Mean Median Std 
None 72.3 74 15.6 26.8 24 13.0 100% 100% 0 

1% 21 21 3.2 8.8 8 3.5 95.7% 96.1% 0 
5% 8.8 9 1.1 3.6 3 1.5 83.7% 84.9% 0.1 

10% 5.6 6 0.8 2.3 2 0.9 74.5% 76.2% 0.1 
20% 3.9 4 0.5 1.4 1 0.6 61.7% 64.6% 0.2 
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Figure 3.2 - Industry breakdown of hotspot spend categories and the level of emissions captured by them. Here, SIC SecEon 

A – Agriculture, Forestry and Fishing, excludes agriculture SMEs. 

 

3.3.3 Hierarchical Regression Models 

To develop models for predicIng Scope 3 emissions, we fit a series of hierarchical 

regression models to the FTD-based emissions esImates. To maintain the staIsIcal 

reasoning outlined in (Phillpo+s et al., 2025), turnover representaIveness and adequate 

group sizes are ensured (Ali et al., 2019). 

3.3.3.1 QuanIfying Scope 3 emission categories 

To quanIfy esImates for Scope 3 emission categories, we uIlise a hierarchical linear 

regression specificaIon, allowing for industry-specific effects to vary (Gelman and Hill, 

2006). Following Goldhammer et al. (2017), we specify a log-log relaIonship, allowing for 

coefficients to be interpreted as elasIciIes. 
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3.3.3.1.1 Variable selecIon 

To predict Categories 1, 6 and 9, we rely on a selecIon of firm-level variables, 

outlined in Table 3.4. AddiIonal variables to capture Scope 3 emissions would need to 

reflect more granular operaIonal details, such as supplier characterisIcs or transportaIon 

metrics on distance or freight mode (Wang and Ye, 2025). Standardised versions of these 

inputs are rarely available for SMEs at scale, and the inclusion of weak proxies risk 

introducing measurement error and biasing coefficient esImates (Hausman, 2001). 

For Category 1, we retain the full sample, whilst Categories 6 and 9 require further 

targeted sample refinement to support model convergence. Here, we exclude SMEs with 

zero expenditure in the relevant category (43% of the sample for downstream 

transportaIon, and 17% for business travel) and remove extreme values by trimming the top 

and bo+om 10% of category spend, relaIve to total expenditure. The resulIng samples 

comprise 111,098 SMEs for Category 6 and 75,622 for Category 9, with industry coverage 

maintained at 57 industries. 
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Table 3.4 Predictor variables for the hierarchical regression model. Adapted from PhillpoXs et al. (2025). 

Variable Unit Descrip9on Calcula9on 

Turnover £ 

Turnover serves as an indicator of a firm's 
opera5onal scale and is included in the 
analysis because, all else being equal, 
higher turnover typically correlates with 
greater emissions. 

Credit turnover is derived by summing the 
credit transac5ons recorded within a 
firm's bank account in the year (excluding 
iden5fied non-turnover credit lines). 

2 Digit SIC Code SIC The Standard Industrial Classifica5on (SIC) 
iden5fies a firm's primary business 
ac5vi5es. Including this industry iden5fier 
allows for more accurate comparisons of 
expected emission intensity among firms 
performing similar ac5vi5es. 

 

SIC classifica5ons are the standard 
industry categories in the UK with official 
economic and environmental data 
commonly published on a 2 digit SIC code 
basis, whilst it is standard prac5ce for 
firms banking with LBG to be assigned SIC 
codes at both the 2- and 3-digit level by 
rela5onship managers. For a fuller 
understanding of these classifica5ons see 
(Companies House, 2018). 

3 Digit SIC Code SIC 

Capital Spend – 
Assets % 

Capital expenditure reflects a firm's 
investment in assets. This variable is 
included because high capital spending on 
newer energy-efficient technologies may 
serve to lower a firm's emission intensity. 
For ease of calcula5on, we define capital 
expenditure as purchases that require 
financing. 

Asset capital spend is calculated by 
summing the percentage of total spend, 
spent on asset financing and plant hire for 
the three-year period ending 2021. We 
take an average of these percentages to 
gain a single figure, capturing asset 
spending across the three-year window. 

Capital Spend – 
Vehicles % 

 
Vehicle capital spend is calculated by 
summing the percentage of total spend, 
spent vehicle financing for the three-year 
period ending 2021. As above, we 
calculate a single figure, capturing vehicle 
spending across the three-year window. 

 
 

As Category 3. Fuel- and energy-related acIviIes emissions should directly align with 

a firm’s Scope 1 and 2 emissions, the model specificaIons developed and validated in 

Phillpo+s et al. (2025) for Scope 1 and 2 emissions are applied, adapIng each to esImate 

WTT emissions of fuels and electricity respecIvely. Here, models rely on turnover and 2-digit 

SIC code, as well as variables on industry-level Scope 1 and 2 emission intensity, as well as 

the industry distribuIon of turnover.  

3.3.3.1.2 Model finng and evaluaIon 

Models for Categories 1, 6 and 9 are built sequenIally, starIng with two and 

increasing to five variables, evaluaIng the required complexity to explain the dependent 

variables (Cohen et al., 2013). Under a transacIon-based methodology, higher Scope 3 
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emissions are associated with both greater absolute levels of expenditure and a greater 

allocaIon of spend to high intensity categories. We first reflect these dynamics with just 

turnover and industry classificaIon in Model 1, allowing the effect of turnover to vary by 

industry. We then extend the model by nesIng addiIonal three-digit SIC codes within the 

industry groupings (Model 2) and subsequently incorporate capital variables to capture 

further firm-level heterogeneity (Model 3). These variables are specified as fixed effects to 

miIgate convergence issues. The hierarchical regression structure of these models are as 

follows: 

Model 1: 𝑙𝑛 𝑦𝑖 =	!𝛽𝑡 +	𝛽𝑡,𝑗(𝑖)" 𝑙𝑛 𝑡𝑢𝑟𝑛𝑜𝑣𝑒𝑟𝑖 + 𝜀𝑖 

Model 2: 𝑙𝑛 𝑦𝑖 =	!𝛽𝑡 +	𝛽𝑡,𝑗(𝑖) +	𝛽𝑡,𝑘(𝑖)" 𝑙𝑛 𝑡𝑢𝑟𝑛𝑜𝑣𝑒𝑟𝑖 + 𝜀𝑖 

Model 3: 𝑙𝑛 𝑦𝑖 =	𝛽𝑡 𝑙𝑛 𝑡𝑢𝑟𝑛𝑜𝑣𝑒𝑟𝑖 + 𝛽2 𝑙𝑛 𝑎𝑠𝑠𝑒𝑡𝑠𝑖 + 𝛽3 𝑙𝑛 𝑣𝑒ℎ𝑖𝑐𝑙𝑒𝑠𝑖 +

	𝛽𝑡,𝑗(𝑖) 𝑙𝑛 𝑡𝑢𝑟𝑛𝑜𝑣𝑒𝑟𝑖 +	𝛽𝑡,𝑘(𝑖) 𝑙𝑛 𝑡𝑢𝑟𝑛𝑜𝑣𝑒𝑟𝑖 + 𝜀𝑖 

Where: 

	𝑦'  represents the absolute emissions each category of firm i’s Scope 3 emissions 

𝑙𝑛	represents the natural logarithm of the variable	

𝛽F represents the fixed coefficients for firm turnover 

𝛽𝑡,𝑗(𝑖)represents the variable coefficient for industry j of firm i	

𝛽𝑡,𝑘(𝑖)represents the variable coefficient for the addiIonal industry grouping (k) of 

firm i	

𝛽*	represents the fixed coefficients for the firms’ assets variable		

𝛽G	represents the fixed coefficients for the firms ‘vehicles variable		

𝜀𝑖 represents the residual error term  

Model specificaIons for esImaIng Category 3 are taken directly from Phillpo+s et al. 

(2025), this emissions category is therefore split between Category 3.1 (fuels) and 3.2 

(electricity), whilst only results for the final model is presented. 

Fuels (WTT emissions related to Scope 1): 

𝑙𝑛 𝑦𝑖 = 𝛽1 𝑙𝑛 𝑖𝑛𝑡𝑒𝑛𝑠𝑖𝑡𝑦𝑖 + 𝛽2 𝑙𝑛 𝑠𝑘𝑒𝑤𝑖 + 𝛽3$𝑙𝑛 𝑖𝑛𝑡𝑒𝑛𝑠𝑖𝑡𝑦𝑖 	 ∙ 	 𝑙𝑛 𝑠𝑘𝑒𝑤𝑖	%

+	𝛽𝑡,𝑗(𝑖) 𝑙𝑛 𝑡𝑢𝑟𝑛𝑜𝑣𝑒𝑟𝑖 + 𝜀𝑖 
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Electricity (WTT emissions related to Scope 2): 

𝑙𝑛 𝑦𝑖 = 𝛽1 𝑙𝑛 𝑖𝑛𝑡𝑒𝑛𝑠𝑖𝑡𝑦𝑖 + 𝛽2 𝑙𝑛 𝑠𝑘𝑒𝑤𝑖 + 𝛽3$𝑙𝑛 𝑖𝑛𝑡𝑒𝑛𝑠𝑖𝑡𝑦𝑖 	 ∙ 	 𝑙𝑛 𝑠𝑘𝑒𝑤𝑖	%

+	𝛽𝑡,𝑗(𝑖) 𝑙𝑛 𝑡𝑢𝑟𝑛𝑜𝑣𝑒𝑟𝑖 + 𝜀𝑖 

Where: 

	𝑦'  represents the absolute emissions of firm i’s fuel or energy Scope 3 emissions 

𝑙𝑛	represents the natural logarithm of the variable	

𝛽),*,G represents the fixed coefficients for industry variables 

𝛽𝑡,𝑗(𝑖)represents the variable coefficient of turnover for industry j of firm i	

𝜀𝑖 represents the residual error term  

For each model, we present coefficients and staIsIcal significance, indicaIng the 

strength and direcIon of predictor relaIonships to the dependent variables, along with their 

standard errors, reflecIng the esImate uncertainIes. We evaluate both model fit (RSQ) and 

model fit with respect to complexity (AIC). We then select a preferred model and test out-of-

sample performance using an 80/20 straIfied train-test split with 5-fold cross-validaIon 

(James et al., 2021).  

3.3.3.2 IdenIfying Scope 3 emission hotspots 

Next, we fit a hierarchical binomial logisIc regression framework on the proporIonal 

emissions data of Table and Figure 3.2. This approach enables the esImaIon of an outcome 

probability (Gelman and Hill, 2006), thereby allowing us to idenIfy and present hotspot 

categories based on firm-level predictors. Here, our dependent variable is defined as the log 

odds of an expenditure category contribuIng over 10% to calculated emissions. We run an 

iteraIon of this regression for each of the 624 expenditure categories.  

The analysis was computaIonally demanding in R as separate hierarchical binomial 

logisIc regressions were required to esImate each transacIon code, with different 

coefficients computed across the 57 industry groupings, resulIng in 624 outcome iteraIons. 

The base sample included approximately 170,000 firms, each associated with up to six 

hotspot outcomes, creaIng substanIal processing demands in terms of runIme. Even the 

simpler specificaIons exhibited 72 hour plus runImes, while more complex models did not 

complete acer more than 168 hours, with convergence becoming more problemaIc as 
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complexity increased. To keep the analysis tractable, two model formulaIons were 

implemented for each spend category, providing a balance between computaIonal 

feasibility and operaIonal results. First, Model 4 predicts the log odds of hotspot occurrence 

given firm industry. Second, Model 5 predicts the log odds of hotspot occurrence given both 

firm industry and turnover, allowing for changes in hotspot likelihood with firm size.  

As we run 624 iteraIons of each model, we report the average performance of each 

model specificaIon. In addiIon to the AIC, we report the median residual as a measure of 

central tendency, where values close to zero indicate accurate predicIons. We also present 

the model's log-likelihood, reflecIng explanatory power, with higher values indicaIng a 

be+er fit. Finally, we convert the predicted log odds into probabiliIes, to enable visualisaIon 

and interpretaIon. Full model specificaIons, results and probability calculaIons can be 

found in SupporIng InformaIon S3.4. 

3.4 Results 

3.4.1 Hierarchical Linear Regression Results 

Summaries for the three models used to predict Categories 1, 6 and 9 are presented 

in Table 3.5. In Model 1, turnover returns a strong, posiIve coefficient. The elasIcity is 

highest for Category 1 (0.87), whilst lower for Category 6 (0.55) and Category 9 (0.47). 

Explanatory power varies substanIally, with RSQ values ranging from 0.87 for Category 1 to 

0.55 and 0.41 for Categories 6 and 9, reflecIng differences in how well turnover and industry 

alone explain each emissions source. 

The introducIon of more granular industry detail in Model 2 expands groupings from 

58 to 212 SIC codes. These groupings slightly improve model fit across all categories, as seen 

in lower AIC values and small gains in RSQ.  

The inclusion of asset and vehicle variables produces mixed effects across categories. 

Turnover coefficients remain largely unchanged across each category’s models, with 

addiIonal disaggregaIon and predictors unable to weaken its strong relaIonship with 

emissions. For Category 1, both addiIonal variables have small negaIve coefficients, slightly 



107 

 

reducing emissions acer controlling for turnover. For Category 6, the vehicles variable shows 

a small posiIve relaIonship, while assets have no significant effect. For Category 9, the 

effect of the two addiIonal variables is strongest, with elasIciIes of -0.07 and -0.12, 

suggesIng that firms with greater in-house capacity may rely less on outsourced distribuIon 

services.  

Table 3.5 Model summary. Asterisks indicate significance level where P values < 0.05 = *, < 0.01 = **, and < 0.001*** 

 Model 1 Model 2 Model 3 
 Coef Std Coef Std Coef Std 

Category 1. Purchased goods & services 
ln turnover 0.87*** 0.01 0.87*** 0.01 0.86*** 0.01 
ln assets     -0.02*** 0.00 
ln vehicles     -0.01*** 0.00 

       
RSQ (fixed) 0.74 0.75 0.75 
RSQ (total) 0.87 0.88 0.88 
AIC 269,421 248,957 247,866 

       
Category 3.1. Fuel-related acQviQes 
ln turnover    0.77*** 0.02 
ln scp1_intensity    1.35*** 0.21 
ln skew    -0.82*** 0.02 
ln (intensity * skew)    -0.46*** 0.05 

      
RSQ (fixed)   0.41 
RSQ (total)   0.89 
AIC   80,304 

     

Category 3.2. Electricity-related acQviQes     
ln turnover    0.78*** 0.01 
ln scp2_intensity    -1.07*** 0.10 
ln skew    -0.54*** 0.03 
ln (intensity * skew)    0.28*** 0.03 
      
RSQ (fixed)    0.59 
RSQ (total)    0.72 
AIC    210,345 

 
Category 6. Business Travel 
ln turnover 0.55*** 0.01 0.54*** 0.01 0.55*** 0.01 
ln assets     -0.00 0.00 
ln vehicles     0.04*** 0.00 
       
RSQ (fixed) 0.27 0.28 0.27 
RSQ (total) 0.55 0.56 0.55 
AIC 321,419 318,082 317,793 
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Category 9. Downstream transportaQon and distribuQon 
ln turnover 0.47*** 0.02 0.47*** 0.02 0.46*** 0.02 
ln assets     -0.07*** 0.00 
ln vehicles     -0.12*** 0.01 
       
RSQ (fixed) 0.07 0.07 0.09 
RSQ (total) 0.41 0.43 0.43 
AIC 322,529 321,169 320,393 

       

Models for both Categories 3.1 and 3.2 return idenIcal RSQ values to what is 

observed in Phillpo+s et al. (2025), indicaIng that changes in emission factors did not 

introduce unexpected variaIon in model performance. Across both models, all coefficients 

retain consistent correlaIons, with only slight changes in magnitude, reflecIng the absolute 

differences between Scope 1 and 2 emissions and their WTT counterparts. The foremost 

difference lies in the skew term where the previously insignificant coefficient for electricity 

now returns as negaIve and highly significant (-0.54***). 

The summaries in Table 3.5 indicate that the inclusion of addiIonal firm-level 

variables did not significantly improve model performance, despite increasing model 

complexity and data requirements. Model 3 delivers the best or near-best fit across all 

categories but gains in explanatory power over earlier models are modest, just one to two 

percentage points higher than the baseline Model 1.  

For Category 1, a simple and parsimonious model provides strong predicIve power 

while remaining pracIcal to implement, these emissions are well explained by a firm’s 

turnover, reflecIng scale, and its industry, capturing spending pa+erns. Model performance 

is further supported by the standardised calculaIon of emissions and broad emission 

category. In contrast, for Categories 6 and 9, explanatory power is weaker, with the most 

complex model failing to significantly improve performance. This reflects the higher 

uncertainIes introduced by the necessary assumpIons underlying emissions esImaIon.  

Alongside the models for Categories 3.1 and 3.2, Model 1 is selected as the preferred 

specificaIon for the remaining categories, and five-fold cross-validaIon is conducted to 

evaluate model robustness. The results indicate consistent performance across folds, with 

minimal variaIon in both RSQ and median errors. Category 1 shows the strongest 

performance, with a median absolute error of 8.5 kg CO2e (28%), while Categories 3.1 and 
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3.2 produce smaller absolute errors (1.0 kg CO2e and 0.2 kg CO2e, respecIvely) reflecIng 

the low magnitude of WTT emissions but higher relaIve percentage errors (both around 

49%). Categories 6 and 9 exhibit weaker fits, with median errors of 0.4 kg CO2e (59%) and 

0.18 kg CO2e (93%), respecIvely. Overall, the stable RSQ values across folds indicate that, 

regardless of absolute fit strength, the models capture relaIonships that are reproducible 

and not dependent on specific training samples. Test and train results for each iteraIon can 

be found in SupporIng InformaIon S3.4. 

3.4.2 Hierarchical Binomial Logis2c Results 

Table S7 in SupporIng InformaIon S3.4 presents average summaries for the binomial 

regression iteraIons. Under Model 4, we observe an average median residual of -0.0018, 

while average log-likelihood is -2,562. The inclusion of turnover in Model 5 improves all 

performance metrics, reducing the median residual slightly to -0.0015 respecIvely, and 

increasing the average log-likelihood to -2,424. Comparing the average AIC between models, 

we observe a slight decrease from 5,127 to 4,856.  

While metric improvements are observed, the iniIal near-zero median residuals 

suggest that the basic model does not systemaIcally mis-predict hotspots. Turnover’s 

inclusion in the logisIc regression does not drasIcally enhance model fit but adds 

complexity to computaIon and deployment. Model 4 produces a single log-odds value for 

each industry-expenditure code combinaIon. These log-odds are easily converted to 

probabiliIes, a full matrix of which is provided in SupporIng InformaIon S3.5. Figure 3.3 

displays an aggregated version of this matrix, plonng the most likely hotspot heading 

occurring by SIC SecIon. 
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Figure 3.3 - Hotspot matrix showing the likeliest hotspot spend category, by SIC secEon. Here, SIC SecEon A – Agriculture, 

Forestry and Fishing, excludes agriculture SMEs. 

 

Even at this aggregate level, we observe a complex web of hotspots. We observe 

frequent, industry-specific hotspots, where firm SIC secIon aligns closely with the spend 

category. For example, SecIon Q. Human Health and Social Work AcIviIes exhibits a 

hotspot in Health-related spending. SupporIng InformaIon S3.5 shows that this is largely 

driven by SIC codes 86. Human Health AcIviIes and 87. ResidenIal Care AcIviIes), with 

corresponding hotspots in categories such as 296 (Medical FaciliIes & Services) and 306 

(Assisted Living and Long-Term Care). Similar pa+erns emerge across other industries, 

suggesIng that a substanIal share of firms’ Scope 3 emissions arises from intra-industry 

transacIons. This aligns with supply and use table pa+erns, where the largest values occur 

along the leading diagonal, reflecIng industries’ specialisaIon in their primary products 

(Australian Bureau of StaIsIcs, 2021).  
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In addiIon, several expenditure codes consistently emerge as hotspots across 

mulIple SIC secIons. The General Business & Industry heading is parIcularly prominent, 

containing hotspots for 11 of the 14 modelled secIons, while Food & Drink and Business 

Travel contain hotspots in five and four secIons, respecIvely. SupporIng InformaIon S3.5 

shows that General Business & Industry encompasses a diverse set of spend categories that 

frequently return high hotspot probabiliIes, especially among industrial SIC codes such as 

manufacturing and construcIon. Within this heading, Category 132 (Office Supplies) is the 

most common hotspot, appearing in 27 of the 57 SIC divisions modelled. Other recurring 

hotspots include Shopping (27 divisions) and Food & Drink (19 divisions).  

3.5 Discussion 

3.5.1 Key Findings 

The FTD-based approach of this paper offers new insights into the drivers of firms’ 

Scope 3 emissions and facilitates analysis of the extent to which these pa+erns differ across 

industries. We idenIfy that across all industries, a small number of spend categories 

typically account for an average of 75% of a firms calculated Scope 3 emissions. These 

categories are largely industry-specific, with a median of six per industry, while individual 

firms within those industries typically exhibit more concentrated spending pa+erns, with a 

median of two per firm. 

We then construct models to predict these emissions, a pracIce ocen used by 

emission data providers (Serafeim and Velez Caicedo, 2022). We find that with just industry 

and turnover inputs; a hierarchical log-log regression specificaIon achieves an RSQ of 0.87 

for Category 1. Purchased Goods and Services. In this model, we observe a strong and 

significant relaIonship between turnover and Category 1 emissions with an elasIcity of 

0.87. The strong explanatory power of this simple model reflects both the standardized 

process of emissions calculaIon and the relaIvely coarse view it provides of emissions, 

whilst remaining consistent with previous studies showing that firm size and industry are 

primary determinants of Scope 3 emissions (Buchenau et al., 2025). 
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For Category 6. Business Travel and Category 9. Downstream TransportaIon and 

DistribuIon, model performance is weaker, with the simplest specificaIons returning RSQ 

values of 0.55 and 0.41, respecIvely. Whilst more complex iteraIons offering li+le 

improvement, these categories rely on stronger assumpIons, which may contribute to the 

unexplained variance. For Business Travel, we assume all employee travel is paid directly via 

the business account, excluding cases where employees pay and later invoice the firm. For 

Downstream TransportaIon, many firms (43% of the sample) record zero spending in the 

relevant categories, further limiIng model applicability. With these categories, emissions 

may reflect firm behaviours that extend beyond size and industry alone. 

In the case of Category 3. Fuel- and energy-related acIviIes, we find that the models 

developed in Phillpo+s et al. (2025), can be redeployed as well-to-tank alternaIves. The 

results are consistent with those reported in the paper, with the same model specificaIons 

yielding RSQ values of 0.87 and 0.72 respecIvely and a median average percentage error of 

49%.  

Our hotspot predicIons complement the emission esImates by idenIfying spend 

categories that contribute disproporIonately to calculated Scope 3 emissions. We observe 

both industry-specific hotspots, closely Ied to sectoral acIviIes, and shared categories that 

recur across mulIple industries. These findings may indicate that many Scope 3 emissions 

originate within close supplier relaIonships, while also showing that certain categories of 

spending consistently drive emissions across sectors. 

3.5.2 Prac2cal Implica2ons 

Mainstreaming the measurement of Scope 3 emissions remains highly challenging 

due to the complexity of measurement and the absence of harmonised reporIng 

requirements. As a result, current Scope 3 data is ocen incomplete, and exisIng 

measurements are regularly inconsistent (Nguyen et al., 2023). This paper examines the 

potenIal of FTD as a transparent and standardised basis for calculaIng Scope 3 emissions, 

minimising subjecIve decision-making and reducing common challenges such as truncaIon 

error (Ward et al., 2018). For SMEs, which face financial, resource, and influence obstacles to 
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Scope 3 measurement, the advantages of a low-cost, Ime-efficient soluIon are pronounced 

(Serafeim and Velez Caicedo, 2022). 

Recent studies on household emissions (Trendl et al., 2023; Wells et al., 2025) 

highlight the applicaIon of FTD approaches, and our findings extend these insights to 

business emission accounIng. For Scope 3 emissions the advantages of FTD are parIcularly 

salient given current regulatory gaps and limited awareness. Drawing on intrinsic business 

data that directly reflects operaIonal behaviours, FTD offers a simplified pathway for SMEs 

to begin understanding and managing their supply chain impacts, which typically account for 

much of their environmental footprint.  

To demonstrate the pracIcal benefits of FTD, we use detailed, micro-level data to 

construct macro-level pathways that subsItute for transacIon records where these are 

unavailable. With only two user inputs, we generate robust esImates for Category 1. 

Purchased Goods & Services and Category 3. Fuel and Energy-related acIviIes. These 

esImates can be refined by idenIfying recurring emission hotspots that arise from typical 

industry spending pa+erns. 

To approximate total Scope 3 emissions, one accurately measured category can be 

scaled using benchmarking proporIons to esImate the remaining categories (Buchenau et 

al., 2025). This approach constructs a complete picture of Scope 3 emissions, while avoiding 

reliance on the weaker predicIons associated with Categories 6 and 9. An illustraIon of this 

approach is provided in SupporIng InformaIon S3.6. 

When combined with Scope 1 and 2 esImates (Phillpo+s et al., 2025), a simple 

model requiring only two user inputs produces a complete SME emissions profile. Guidance 

on accessing the model is provided in SupporIng InformaIon S3.6. Providing such esImates 

address the structural barriers faced by SMEs (Caldera et al., 2019; Menon and Ravi, 2021) 

and fosters broader engagement with emissions profile understanding among firms not yet 

subject to mandatory disclosure requirements (BBB, 2024). Understanding Scope 3 

emissions enables businesses to idenIfy their most material value-chain hotspots. Upstream 

reducIon levers may include supplier engagement and procurement reform, with evidence 
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indicaIng greater supply-chain engagement encourages more companies to disclose their 

emissions through voluntary frameworks (Science Based Targets iniIaIve, 2018). 

For policymakers, the findings highlight the value of leveraging FTD held by 

insItuIons to generate automated, standardised emissions insights. While financial 

insItuIons are increasingly aware of this potenIal (e.g., Bankers for Net Zero, 2022), policy 

guidance and incenIves remain necessary to facilitate widespread, standardised 

deployment. Policymakers therefore have a role in creaIng the condiIons that allow 

transacIon-based approaches to complement exisIng reporIng systems. Furthermore, our 

analysis also shows that upstream emissions are highly concentrated and overlapping across 

industries, revealing shared hotspots that can act as policy leverage points (Meadows, 1999), 

where modest but well-coordinated intervenIons could materially reduce overall emissions 

(Science Based Targets iniIaIve, 2018). 

3.5.3 Limita2ons 

While these modelling soluIons offer advantages in terms of accessibility and 

efficiency, it is important to acknowledge some key limitaIons. Our study includes 57 of the 

88 SIC codes. To assess the impact of exclusions, Table S3.2 in SupporIng InformaIon S1 

compares business populaIon data (BEIS, 2022) with model coverage, showing that the 

model captures over 75% of the UK SME populaIon. Among excluded SMEs, agriculture 

accounts for 5% and service sectors for 16%, both omi+ed due to inherent limitaIons in the 

FTD process. 

AddiIonally, FTD lack the level of detail available in receipt-level data (Trendl et al., 

2023). Emission conversion factors are therefore applied at the merchant category level only, 

making it difficult to maximise interpretaIon from hotspot esImates. For example, the 

general “Shopping” spend classificaIon, would require examples of relevant merchants to 

assist transferability.  

Related to this point, the validity of FTD-based Scope 3 emission esImates is difficult 

to assess, owing to accessibility and inconsistency limitaIons in alternaIve data. This 

challenge is compounded by the mapping of EEMRIO conversion factors to spend categories, 
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which are derived from broad industry averages and applied to non–product-specific 

expenditures, exact matches are ocen una+ainable. Instead, they serve only to differenIate 

between higher- and lower-embodied emission categories.  

In pracIce, analysts of Scope 3 emissions should treat both reported and esImated 

values with cauIon and account for potenIal data error in their analyses (Nguyen et al., 

2023). With an approach based on FTD, transparent and standardised methodologies come 

at the expense of absolute accuracy. 

Here we demonstrate that some Scope 3 categories are either enIrely 

unrepresented by FTD or require assumpIons for compaIbility (Table 1). This means that 

potenIally significant emissions like Use of Sold Products are unmeasured and thus require 

their own measurement process, whilst those that require assumpIons can be measured 

with an unknown degree of uncertainty. To address this, we propose the use of 

benchmarking approaches; however, these techniques rely on self-reported emissions data, 

which are ocen limited, incomplete, and inconsistent. 

Finally, in addiIon to the limitaIons of a transacIon approach, this methodology 

shares the limitaIons experienced by any IOA method. These include the Ime lags of 

EEMRIO databases, sectoral aggregaIons, price; temporal and spaIal variaIon, and 

proporIonality assumpIons (Lenzen, 2000). 

3.5.4 Future Research Direc2ons 

Among the limitaIons discussed, two key direcIons for future research emerge. The 

first refers to the limitaIons of EEMRIO emission factors. While these mulIpliers capture 

upstream emissions associated with each unit of expenditure, their publicaIon is subject to 

significant Ime lags. This delay introduces inaccuracies, as economic structures and prices 

may change during the lag period. In the UK and across much of Europe, this issue is 

especially relevant due to recent experiences with prolonged periods of high inflaIon. A 

significant benefit to FTD is its real-Ime nature, and lagged mulIpliers depreciate this. To 

miIgate this challenge, techniques such as nowcasIng and inflaIon adjustments have been 

proposed (OECD, 2017; Stadler et al., 2018). However, there remains a notable gap in the 
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literature evaluaIng the effecIveness of these approaches in reducing inaccuracies 

associated with Ime lags.  

A second avenue for future research is to idenIfy the most suitable financial data for 

SME emission accounIng. While this study focuses on FTD, accountancy-level data offers an 

alternaIve view of business operaIons. Its established role in financial reporIng and 

subsequent completeness could reduce reliance on assumpIons whilst improving coverage 

and accuracy. Similarly, the validity of FTD-based esImates should be tested against survey 

or physical data, to strengthen its use case in policy. Trendl et al. (2023) demonstrates the 

strong alignment of FTD with survey data across UK households; a comparable assessment 

for Scope 3 would be valuable, though currently constrained by data availability. 

3.6 Conclusion 

This paper demonstrates the potenIal of FTD as a scalable and transparent 

methodology for calculaIng key categories of Scope 3 emissions thereby addressing an 

important gap in current measurement pracIces. Using FTD-based esImates, we find 

emission sources are typically concentrated in a small set of hotspot spend categories, with 

both persistent industry-specific hotspots and common hotspots idenIfied across mulIple 

sectors. The models produced here robustly esImate Category 1 and Category 3 Scope 3 

emissions, whilst Categories 6 and 9 are less well captured, reflecIng their reliance on 

stronger assumpIons. 

FTD-based approaches substanIally reduce reporIng burdens and dependence on 

subjecIve measurement decisions, providing an accessible entry point for SMEs. Using the 

approach outlined here, SMEs can begin to explore decarbonisaIon strategies that extend 

beyond their direct operaIons, whilst the close relaIonships observed between firms Scope 

3 emission sources highlight opportuniIes for coordinated, high-impact policy intervenIons. 
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Chapter 4. Towards Timelier Embodied Emission 

Factors: Inves4ga4ng methods to enable real-4me 

EEMRIO applica4ons 

4.1 Abstract 

The Ime lags associated with Environmentally Extended MulI-Regional Input–

Output (EEMRIO) databases are a significant limitaIon to their pracIcal uIlity. Policymakers, 

researchers, and businesses are increasingly requiring near real-Ime assessments to 

monitor progress toward climate targets yet are constrained by data that are typically 

published with a mulI-year delay. To address this challenge, this paper develops three 

methods, each requiring different levels of assumpIons and data requirement, for 

nowcasIng EEMRIO databases to enable more Imely analysis. We test these nowcasIng 

methods with the UKMRIO for a set of historic data (2018–2022) and evaluate nowcasted 

performance against their known counterparts. 

We find that average error levels between nowcasted embodied emission factors and 

their known counterparts are similar across methods, with mean absolute percentage errors 

ranging between 16.5% and 17.5%. The most effecIve balance between complexity and 

accuracy is achieved by an intermediate approach, which applies regional-level adjustments 

without requiring extensive industry-level modificaIons. Performance is highly dependent 

on the economic stability of the nowcasted period and remains sensiIve to methodological 

choices in construcIng yearly data points. These results demonstrate both the potenIal and 

limitaIons of MRIO nowcasIng and point to the need for a single-country naIonal accounts 

consistent approach that maximises the use of domesIc data to improve both Imeliness 

and relevance of applicaIon. 

4.2 Introduc'on 

Understanding the relaIonship between environmental degradaIon and economic 

acIviIes has become increasingly important in the context of today’s global sustainability 
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challenge (Kasman and Duman, 2015). Achieving this requires robust methodologies for 

a+ribuIng emissions to their respecIve economic sources. At present, internaIonal 

miIgaIon targets are predominantly territorial-based, reflecIng the jurisdicIonal limitaIons 

of naIonal regulatory agencies (Afionis and Sakai, 2022; Tukker et al., 2020). However, 

reducing the emissions associated with naIonal consumpIon is also important to reduce 

global emissions. ConsumpIon-based approaches a+ribute the responsibility of greenhouse 

gas (GHG) emissions to the consumer, ensuring that those whose demand is driving 

producIon processes, bear some responsibility for the associated emissions (Davis and 

Caldeira, 2010; Shue, 1999). At the naIonal level, this entails accounIng for carbon leakages 

and the outsourcing of greenhouse gas-intensive producIon. For individual actors, such as 

households and businesses, it involves recognising responsibility for the emissions generated 

through supply chains to saIsfy their consumpIon demands. 

As a system capable of calculaIng consumpIon-based emissions, Environmentally 

Extended MulI-Regional Input-Output (EEMRIO) databases offer a promising route to 

delivering a globally consistent environmental accounIng system, given their ability to 

efficiently track embodied emissions across global supply chains in a robust and consistent 

(Tukker et al., 2018; Wood et al., 2019). However, harnessing the power of input-output 

systems to capture indirect emissions is not without limitaIon. The mulI-year publicaIon 

delay of EEMRIO databases is one of the most frequently cited barriers to the uptake of 

input-output techniques (Lenzen et al., 2012). This lag creates a gap between the underlying 

data and the applicaIon of policy, research quesIons and other real-Ime use, weakening 

the argument for their adopIon (Wiedmann et al., 2011). In the UK, the 30-month delay in 

publishing EEMRIO derived consumpIon-based emissions has been highlighted by the 

Climate Change Commi+ee as a significant risk. Here, the Commi+ee stressed that greater 

investment in the collecIon and reporIng of consumpIon-based emissions is needed to 

ensure staIsIcs are produced on a Imely, annual basis. Without such improvements, the 

UK’s consumpIon-based accounts will conInue to rely on lagged data and may fail to 

capture genuine, real-Ime reducIons in the naIon’s carbon footprint (CCC, 2022. p494).  
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Over the lagged period, economies depicted within an EEMRIO database may 

undergo substanIal shics in trade pa+erns, purchasing powers, and industrial emission 

intensity. The extent of such change varies throughout regional economic cycles, with 

temporal lags less consequenIal in periods of stability, but increasingly problemaIc amid 

economic volaIlity (Maluck and Donner, 2015). In the wake of the 2008 financial crisis, the 

need for the Imely data publicaIon has heightened across all domains (OECD, 2017) and 

staIsIcal offices are taking steps towards the prompt producIon of naIonal emission 

figures (Brown et al., 2021; OECD, 2017; Office for NaIonal StaIsIcs, 2022a). Given recent 

major economic shocks such as Brexit, COVID-19, the Russia-Ukraine war, and subsequent 

high inflaIon across much of Europe, conInuing to allow EEMRIO databases to be 

constrained by significant Ime lags presents a serious limitaIon to their pracIcal uIlity. 

In this paper, we explore methods to address the inherent Ime lag of EEMRIO 

databases, with the aim of quanIfying the uncertainIes arising from using nowcasted 

databases as well as providing pracIIoners with an easy approach to enable real-Ime data 

applicaIons. Specifically, we combine straighuorward MulI-Regional Input-output (MRIO) 

projecIon techniques (Beaufils and Wenz, 2022), with high frequency, exogenously sourced 

economic datasets, to produce three nowcasIng procedures for a period of known years 

(2018 to 2022). This provides insights into the expected accuracy of results based on the 

informaIon known at that Ime (Brown et al. 2021). With each approach, the underlying 

assumpIons and data requirements increase: the first only adjusts for inflaIon, the second 

addiIonally applies regional changes in producIon and trade, and the most complex allows 

for industry-specific adjustments. 

The rest of this paper is organised as follows; first we provide a background and 

context secIon, which introduces EEMRIO databases, their use in environmental accounIng, 

associated Ime lags and current nowcasIng approaches. Next, in the methods and materials 

secIon we introduce the EEMRIO used here, the projecIon techniques and the data 

requirements underpinning each nowcasIng method. Subsequently, we present the results 

of our comparison. These results are presented by key EEMRIO component. The paper then 
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concludes with a discussion of our key findings, their pracIcal implicaIons, limitaIons, and 

suggesIons for future research direcIons. 

4.3 Background and Context 

4.3.1 Time lags associated with EEMRIO models 

Input-Output Analysis (IOA), developed by Wassily LeonIef in the 1930s, traces 

monetary flows between industries and to final demand consumers. IniIally a naIonal 

framework to model how economic shocks propagate through supply chains, IOA evolved 

into MRIO models to incorporate global economies and then into EEMRIOs (Miller and Blair, 

2009). When extended to incorporate GHG emissions, the EEMRIO framework traces 

emissions embodied across global supply chains, linking producIon acIviIes to final 

consumpIon, revealing the environmental impacts driven by demand (Kitzes, 2013). A 

parIcularly versaIle product of the EEMRIO framework are the industry specific emission 

factors that can be derived from an EEMRIO database, reflecIng the total environmental 

load of a unit of final demand (e.g. kg CO2e / £) (Wiedmann et al., 2011). For the full 

derivaIon of these mulIpliers, see Kitzes (2013, pp. 497-498). In the literature, these 

mulIpliers are widely employed to analyse upstream emissions in various contexts (Owen 

and Büchs, 2024; Schmidt et al., 2022; Trendl et al., 2023; Wells et al., 2025b) 

The construcIon of EEMRIO databases is a challenging, laborious and complicated 

process (Tukker et al., 2018; Wood et al., 2019). They are intrinsically data intensive, 

parIcularly when covering a number of regions, where data can ocen be hard to both 

source and manage (Afionis and Sakai, 2022; Mangır and Ülkü Alver, 2022). Whilst the 

challenges associated with the construcIon of MRIOs do lead to delays in database 

publicaIon, the principal cause of database Ime lag is inherited through the delay in 

publicaIon of official Supply and Use Tables (SUTs). These pairs of tables record how 

supplies of different kinds of goods and services originate from domesIc industries and 

imports, and how those supplies are allocated between various intermediate and final users. 

Thus, providing essenIal detail on the structure of economies through monetary values of 

transacIons between pairs of sectors (Miller and Blair, 2009). It is due to this detail, that 
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SUTs are generally published several years acer the period they refer to. The European 

Transmission programme sets targets for member state to publish SUTs within 36 months 

acer the reference period (Eurostat, 2025), however in other parts of the globe, publicaIon 

is less frequent sIll. 

Whilst automaIng the MRIO construcIon process can shorten the Ime to publish an 

MRIO, this reducIon is limited to only a few months (Wiedmann et al., 2011; WilIng et al., 

2009). It is for this reason that it is beneficial to explore methodologies capable of uIlizing 

addiIonal, more frequent, datasets to generate Imelier embodied emission mulIpliers.  

4.3.2 Nowcas2ng EEMRIO Models 

Many studies have focused on projecIng the raw data underlying MRIOs, IOTs 

(Temursho et al., 2020), and SUTs (Temurshoev et al., 2011; Valderas-Jaramillo et al., 2019), 

whilst scenario-based modelling of MRIOs is also applied in pracIce (Beaufils and Wenz, 

2022; Wiebe et al., 2018). NowcasIng is a specific form of MRIO projecIon, defined as ‘the 

predicIon of the present, the very near future and the very recent past’, through the use of 

higher frequency data to obtain an early esImate before the target period is available 

(Banbura et al., 2013. p2). This is a process used in other contexts such as weather 

(Mostajabi et al., 2019), economics and financial markets (Bank of England, 2017; Huber et 

al., 2021; Xie, 2023). CompensaIng for missing data is also common pracIce in IOA, where 

projecIons are frequently needed during the compilaIon, balancing, and revision of SUTs 

(Department of Economic and Social Affairs, 2018).  

Efforts to nowcast MRIOs exist (Wiebe et al., 2018), with key databases employing 

procedures to nowcast inter-country MRIO makeups (Miao and Fortanier, 2017). However, 

methodologies and assumpIons vary, whilst levels of error and uncertainIes are typically 

not disclosed. We consolidate and summarise exisIng nowcasIng approaches and 

assumpIons in Table 4.1 
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Following the 2013 World Investment Report, the UNCTAD-Eora Global Value Chain 

(GVC) database emerged as a popular tool for analysts studying the globally fragmented 

nature of producIon processes. Based on the Eora MRIO dataset and naIonal supply-use 

tables (SUTs), its usefulness was limited by the two- to three-year lag between the latest 

available data and the Ime of analysis. To address this, analysts sought to reduce the mulI-

year lag between the latest available data and the Ime of analysis. As of 2019, the UNCTAD- 

Eora database contained actual data from 1990 to 2015, with nowcasted esImates for the 

years 2016, 2017 and 2018 (Casella et al., 2019). The nowcasIng procedure employed by the 

UNCTAD-Eora database incorporates data on annual change in the GDP, imports, and exports 

Database Nowcas/ng 
Documenta/on Key Assump/ons Reference 

Eora Yes 

Growth rates: GDP, import and export growth rates from the IMF WEO are 
used to scale na5onal totals 
 
Structure: Sectoral composi5on is assumed fixed; the en5re industrial 
structure of each country is inherited from the last observed SUT (no 
sector-specific varia5on) 
 
Balancing: Not explicitly detailed; nowcasted updates are applied 
propor5onally to exis5ng SUT structures without modelling bilateral trade 
partner shiss 
 

(Casella et al., 2019) 

FIGARO Yes 

 
Growth rates: GDP, output, final demand, and trade growth are used to 
scale the previous year’s SUT 
 
Structure: Technical coefficients and sector rela5onships are assumed 
stable 
 
Balancing: RAS-style balancing ensures the updated tables remain 
internally consistent 
 

(Eurostat, 2021) 

EXIOBASE Yes 

Growth rates: Regional macroeconomic indicators (GDP, etc.) from the IMF 
WEO are used to scale MRIO tables forward 
 
Structure: Technical coefficients incorporate historical structural change, 
with sector-specific short-term growth rates extrapolated conserva5vely 
 
Balancing: MRIO balancing is maintained, assuming structural evolu5on 
follows historical trends 
 

(Stadler et al., 2014; 
Stadler et al., 2015) 

WIOD No 
  

GTAP No 
  

    

Table 4.1 Summary of key MRIO databases exisEng approaches to nowcasEng 
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of each country from the InternaIonal Monetary Fund’s (IMF) World Economic Outlook 

Database (WEO). These staIsIcs are used to direct figures within the database to reflect 

changes observed within the global economy. Given the absence of sectoral datasets with 

the granularity of SUTs, the composiIon of the economy in nowcasted years is fully inherited 

from the last year that the data is available (Casella et al., 2019). As a result, output 

increases are constant across regional industries, reflecIng only changes in relaIve regional 

performance. The incorporaIon of global trends is limited by the lack of detail on trade 

partners, with the WEO database reporIng only percentage changes in import and export 

volumes by country, without specifying source or desInaIon regions. 

FIGARO also adopts an approach that assumes that short-term economic 

developments can be captured by applying NaIonal Accounts growth rates to update SUTs 

and trade flows, while maintaining broadly stable technical coefficients. Price and volume 

effects are treated separately, and environmental extensions are scaled in line with 

economic acIvity when new environmental data are unavailable. Together, these 

assumpIons are used to generate provisional esImates for years where full data are not yet 

published (Eurostat, 2021). 

EXIOBASE is another MRIO database, offering comprehensive regional coverage, high 

sectoral detail, and the incorporaIon of mulIple environmental satellite accounts (Stadler et 

al., 2018). To address the publicaIon lag, EXIOBASE applies a nowcasIng procedure that 

uses regional development indicators from the WEO to generate iniIal esImates of the most 

recent MRIO tables (Stadler et al., 2014). EXIOBASE 3.9 is constructed from supply-and-use 

tables available up to 2020, with later years produced through nowcasIng. Unlike the 

UNCTAD-Eora approach, EXIOBASE explicitly accounts for the disproporIonate and sector-

specific growth pa+erns observed in real economies. This is achieved by calculaIng technical 

coefficients that reflect historically observed structural change within the EXIOBASE Ime 

series. These coefficients adopt a conservaIve approach by extrapolaIng short-term, 

industry-level growth rates forward in Ime (Stadler et al., 2015).   
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4.4 Materials and Methods 

Put simply, the requirement to nowcast an EEMRIO database is a base table and 

exogenous data for the uncaptured period. The amount of exogenous data used depends on 

the assumpIons and complexity of the nowcasIng approach. In pracIce, three disInct 

adjustments must be made, each relaIng to a core component of the system: updaIng the 

economic structure captured in the MRIO matrices, projecIng the environmental extension 

vector, and aligning monetary values to the correct price level. 

The data used, and projecIon methods are described in the following subsecIons, 

whilst Figure 4.1 provides a schemaIc overview of the three nowcasIng processes. Method 

1 provides the simplest adjustment to lagged mulIpliers by applying inflators to embodied 

emissions factors, so they are expressed at real-Ime price levels. This pracIcal step reduces 

emission overesImaIon from inflaIon and keeps esImates comparable over Ime. The 

method is targeted and simple to implement, but it does not alter the base EEMRIO. It 

therefore assumes no structural change during the lag period: producIon recipes and trade 

flows are unchanged, and real sectoral emission intensiIes remain at their base-year levels.  

Method 2 then addresses changing producIon and global trade levels by applying 

regional real growth rates. Under assumpIons used by the UNCTAD-Eora (Casella et al., 

2019), output increases are constant across regional industries, reflecIng only changes in 

relaIve regional performance. Once a balanced, nowcasted table is achieved, the inflaIon 

procedure is applied.  

Finally, Method 3 accounts for disproporIonal industry growth by further refining 

the projecIon procedure for the core MRIO matrices. In the standard projecIon framework, 

sectoral allocaIons are derived from the base table proporIons prior to balancing. This 

assumpIon can be relaxed to incorporate exogenous informaIon on sectoral dynamics. This 

approach preserves the overall growth rate while allowing sectors to expand or contract at 

different rates. Once a balanced, nowcasted table is achieved, the inflaIon procedure is 

applied. 
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4.4.1 The UKMRIO 

In this study, we use the UKMRIO (Owen and Kilian, 2025), an EEMRIO database 

developed at the University of Leeds with the primary purpose of producing and publishing 

the UK’s consumpIon-based emissions accounts (Barre+ et al., 2013). To maintain an official 

status, the database is constructed with an emphasis on preserving the original tables 

released by the Office for NaIonal StaIsIcs (ONS), making it a Single-country NaIonal 

Accounts Consistent (SNAC) MRIO, a framework specifically designed for credible, robust 

country-specific analysis (Edens et al., 2015; Tukker et al., 2018) 

In the UK, SUTs are released with a lag of 22 months following the reference period, 

typically in October each year (ONS, 2022). Following their release, the UKMRIO is 

constructed for the calculaIon of the UK’s consumpIon-based emissions accounts. These 

figures are subsequently published in June, approximately 30 months acer the reference 

year.  

Figure 4.1 Overview of nowcasEng methods. EEMRIOs and factors are denoted with two-Eme subscripts: the first 

referring to the structure, the second referring to price level; here t = nowcasted year whilst t-3 = base year 
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Here, we use the 2025 publicaIon of the UKMRIO database (Owen and Kilian, 2025), 

which provides a Ime series of data for the years 1990–2022, to recreate data for the most 

recent five years available. These years capture: periods of relaIve stability (2018-2019), 

disrupIon (2020-2021), and subsequent high inflaIon (2022). We use key matrices and 

vectors as benchmarks to compare against nowcasted alternaIves. To simulate the typical 

three-year publicaIon lag, we use base tables from 2015 to 2019 to generate nowcasted 

target years.  

4.4.2 Exogenous data 

A selecIon of higher frequency, external datasets are used to nowcast the UKMRIO 

across the lagged period, ensuring that the resulIng nowcasted table is grounded in insights 

from official datasets. Table 4.2 summarises the datasets used, their publicaIon frequency, 

and the methods they are used in. Each dataset and specific data points used are then 

described in more detail in the subsecIons that follow. In addiIon, SupporIng InformaIon 

S4.1 contains each dataset used for nowcasIng. 

Table 4.2 Data inputs to nowcasEng methods, with sources and publicaEon frequency. 

Dataset Ref Publica/on Frequency Used in 

    

ONS Price Indexes (ONS, 2025a) Monthly/Quarterly Methods 1,2,3 

World Economic Outlook Database (IMF, 2022a) Biannually Methods 2, 3 

Contribu(ons to monthly GDP (ONS, 2025b) Monthly Method 3 

   
 

4.4.2.1 ONS Price Indexes 

The ONS publishes a comprehensive range of price indices on a monthly, quarterly, 

and annual basis, typically with a short lag of one to two months. These indices allow data to 

be inflated or deflated to account for temporal price changes. In all methods, the embodied 

emission factors produced by the nowcasted UKMRIO are expressed in constant prices and 

therefore require price-level adjustments to the target year. To accurately capture 

fluctuaIons in the prices of intermediate goods and services, industry-specific inflaIon 
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indices are applied across all 112 industries in the UKMRIO. Relevant data sources include 

the Agricultural Price Index, Fuel Price Indices, the Producer Price Index, and the Services 

Producer Price Index (ONS, 2025a). The classificaIon of industries in these indices aligns 

with those in the UKMRIO because both follow the product and industry structures 

prescribed by the System of NaIonal Accounts and the UK naIonal accounIng framework.  

4.4.2.2 World Economic Outlook Database 

The World Economic Outlook (WEO) database contains a range of macroeconomic 

datasets which are presented in the staIsIcal appendix of the WEO report. The WEO is 

published biannually, in April and October each year, and is noted for its high country 

resoluIon (Stadler et al., 2015). 

The WEO publishes GDP staIsIcs under the follow condiIons; Constant Prices 

(NaIonal Currency), Constant Prices (Percent Change), Current Prices (USD). As real GDP is 

not published in a single currency, a procedure is outlined in the IMFs Country Data 

DocumentaIon (IMF, 2022b) to calculate real growth rates which can be used in the 

UKMRIO.  

Data on changes to imports and exports are also available within the WEO database, 

however only in percentage terms for each naIon (each naIon has a +/- annual percentage 

figure for imports and exports). This is limited by the lack of detail on trade partners, with 

the WEO database only reporIng volume changes by country, without specifying source or 

desInaIon. These figures refer exclusively to the aggregate change in the quanIIes of total 

imports meaning that the goods and services and their prices are held constant (IMF, 

2022a). 

With real GDP and trade growth rates, the base table is projected in constant prices, 

meaning that without the relevant inflaIon adjustment, nowcasted tables remain in the 

price of the base year. 

4.4.2.3 ONS Monthly ContribuIons to GDP 

To incorporate sectoral heterogeneity in economic growth, monthly ONS data on 

contribuIons to GDP growth are sourced (ONS, 2025b). This data, released with a two-
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month publicaIon lag, report the proporIonate contribuIons of broad industry groupings to 

GDP growth. The series is transformed to produce year-on-year contribuIon measures, and 

the high-level industry groups are disaggregated to align with the 112 industries represented 

in the UKMRIO. This procedure enables naIonal GDP growth to be allocated more accurately 

across industries while preserving the aggregate growth rate implied by the WEO dataset. 

The non-UK components of the UKMRIO is projected at the regional level, due to the 

absence of comparable high-frequency datasets for all the regions represented in the model. 

An alternaIve is to extrapolate trends observed from historical tables (Stadler et al., 2014), 

however this approach is not chosen for two reasons. First, the UKMRIO is not produced as a 

methodologically consistent Ime series (Owen and Kilian, 2025), which limits its suitability 

for year-to-year analysis. Second, undertaking an addiIonal round of inflaIon and deflaIon 

to observe real industry growth rates would introduce avoidable uncertainty into the 

nowcasIng process.  

In pracIcal terms, this approach strengthens the UK-focused analysis by allowing 

domesIc embodied emissions to reflect recent variaIon in UK industry growth. The 

internaIonal component is projected at a more aggregated level, so emissions embodied in 

imports capture broad regional trends rather than detailed sectoral shics. Overall, the 

method prioriIses coherence and robustness in the nowcasted UKMRIO, while accepIng 

reduced granularity in the non-UK elements. 

4.4.3 Nowcas2ng the core UKMRIO matrices 

To project the UKMRIO we apply a modified version of the Scenario-based ProjecIon 

of the InternaIonal Trade Network (SPIN) method (Beaufils and Wenz, 2022). The SPIN 

method builds on established input–output principles, uIlising the LeonIef inverse, RAS-

type balancing procedures, whilst ensuring consistency with the fundamental relaIonships 

between regional output, GDP, internaIonal trade, and aggregate demand, making it both a 

pracIcal and theoreIcally sound approach to nowcasIng. In its simplest form, the SPIN 

method requires only a base, symmetric MRIO table and exogenously specified targets for 

regional GDP, imports, and exports levels. The method then produces a balanced EEMRIO 

database for the target year aligning with these exogenous values, while allocaIng domesIc 
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producIon, exports, and imports to intermediate and final demand, based on the sectoral 

shares derived from the base table. 

With minor modificaIons, the SPIN method can be uIlised for nowcasIng. Instead of 

relying on exogenously prescribed GDP and trade values, base-year figures can be 

calculated, and projected to the target year using exogenously sourced real growth rates. 

This projecIon may take the form of a blanket adjustment, applying a single growth rate 

across all sectors within a region (Method 2), or, where data permit, a more granular 

approach in which individual sectors are allowed to grow at different rates while sIll 

maintaining consistency with aggregate growth (Method 3).  

To enable compaIbility with the SPIN method, the UKMRIO must be converted into a 

symmetric MRIO table (SMRIO), whilst the single Rest of the World final demand column 

must be disaggregated into regions. To transform the UKMRIO into a symmetric MRIO 

(SMRIO) table, the Eurostat manual of supply, use and input-output tables idenIfies four 

transformaIon methods. Here, Model D is used to convert the SUT-MRIO into a SMRIO. 

Model D assumes that each product has its own specific sales structure, independent of the 

industry in which it is produced (Eurostat, 2008. p296). By adopIng this approach, the 

resulIng SMRIO be+er reflects product-specific pa+erns of producIon, use, and trade, 

providing a more accurate basis for upstream environmental accounIng. 

To disaggregate the Rest of the World final demand column, supplementary data 

from FIGARO is used (Eurostat, 2021). FIGARO’s final demand data is aggregated to match 

UKMRIO regions (creaIng a region-by-region matrix) and converted into proporIons 

(excluding UK final demand). This provides the shares for final demand across non-UK 

desInaIon regions. Full descripIons of these procedures are provided in SupporIng 

InformaIon S4.2, noIng immaterial differences between the consumpIon-based emission 

esImates of the UK produced by the original model, against those produced by the 

symmetric version. 
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To run the SPIN method, we create domesIc IO tables for each region using the base 

symmetric UKMRIO. Each table contains a domesIc transacIon table, with columns for 

intermediate imports and imports for final demand, rows for domesIc industry exports 

(both to other industries and final demand), and domesIc industry value added. A four-

region example of a domesIc IO table is presented in Figure 4.2. 

Base-year GDP, import totals, and export totals are then derived from the domesIc 

IO tables (EquaIons 4.1-4.3). Here, for each region, GDP equals value added, imports equal 

the sum of imports for intermediate and final demand, and exports equal the sum of exports 

for intermediate and final demand. Subscript ordering denote source region then 

desInaIon region (𝑍𝒊𝒓 = intermediate imports from region i to region r).  

𝑔𝑑𝑝> =	𝑣> 	 (4.1) 

𝑖𝑚> = 𝑍𝒊𝒓 + 𝑌'𝒓	 (4.2) 

𝑒𝑥> = 𝑍𝒓𝒊 + 𝑌𝒓𝒊	 	(4.3) 

 

Figure 4.2 DomesEc IO table, extracted for each region from the UKMRIO. 
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Base-year totals are then projected using WEO real growth rates, to produce the key 

inputs for the construcIon of the nowcasted IO tables. Projected exports and imports are 

easily assigned to relevant the row / column constraint, whilst values involving domesIc 

producIon or consumpIon (𝑍𝒓𝟏.𝟏  and 𝑌𝒓𝟏.𝟏  in Figure 4.2) require further steps to derive 

output (𝑥𝒊). For these rows, we calculate projected aggregate demand for each region (the 

domesIc final demand for commodiIes produced by domesIc sectors plus the total exports 

to trade partners - 𝑎𝑑>), as expressed in terms of GDP, Imports and Exports. 

𝑎𝑑> =	𝜑>∗ 	 ∙ 	z𝑔𝑑𝑝> −	𝛿> −	𝛼>∗>𝑖𝑚>'
'

{ +>𝜃>'∗ 𝑒𝑥>'
'

	 (4.4) 

Where; 𝜑>∗ refers to the sectoral shares of domesIc final demand 

 𝑔𝑑𝑝> −	𝛿>  refers to final demand for locally produced commodiIes (gdp less 

balance of payments), 

𝛼>∗ refers to the share of final commodiIes in imports, 

∑ 𝑖𝑚>''  refers to the sum of imports across regions i, 

𝜃>'∗  refers to the region shares of each sectors exports, 

𝑒𝑥>'  refers to the export secIon of the domesIc IO table, 

 Here, 𝜃>'∗ , 𝜑>∗ and 𝛼>∗ can either be derived directly from the base table, or in 

the case of the UK secIon of Method 3, adapted to reflect variaIon in industry growth. With 

the derived aggregate demand (𝑎𝑑>), the LeonIef inverse can be used to find the regional 

sectoral producIon required to fulfil the esImated aggregate demand. We subsItute 𝑎𝑑>  

into the tradiIonal LeonIef equaIon (EquaIon 4.5), to produce EquaIon 4.6, with 𝑥>  

equalling the nowcasted esImate for output. 

𝑥 = 𝐿𝑦 (4.5) 

𝑥> = 𝐿>∗𝑎𝑑> (4.6) 
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 Acer deriving all constraints for the nowcasted domesIc IO table, a GRAS 

algorithm is applied to balance the domesIc block. The implied regional import and export 

constraints are subsequently harmonised across regions using a basic RAS algorithm. This 

produces a fully balanced, nowcasted MRIO table that is consistent with the prescribed GDP 

and trade projecIons. For a comprehensive descripIon of the original SPIN method please 

see, Beaufils and Wenz (2022), whilst a step-by-step derivaIon of the procedure used here is 

also provided in SupporIng InformaIon S4.3. 

4.4.3.1 NowcasIng the emission extension vector 

The emission extension vector contains the annual CO2e emissions generated by 

each industrial sector. In the UK, the ONS disaggregates UK producIon emissions into the 

112-sectors modelled in the UKMRIO and reports on these emissions as Environmental 

Accounts, published at a lag of 2 years (ONS, 2025). NowcasIng for this data, and the 

corresponding internaIonal element is challenging, due to the scarcity in alternaIve, 

compaIble emissions data sources. Examples include the Emissions Database for Global 

Atmospheric Research (EDGAR), which has a lag of less than one year (typically in the 

autumn following the reference year) but is not provided at the same level of sectoral 

disaggregaIon. AlternaIve sources include the UNFCCC NaIonal Inventory Submissions, 

published annually by individual countries, or the Eurostat Air Emission Accounts (AEA), 

which are generally available with a two-year lag. 

Here, we instead adopt a staIsIcal approach to predicIng changes in regional 

emissions based on historically observed relaIonships with real macroeconomic growth. 

This method captures underlying emission trends while controlling for shocks that affect 

regional output. It also removes the need to use the UKMRIO as a Ime series, as well as 

avoiding extensive emissions data procurement and complicated data alignment steps. 

For each nowcasted target year, we fit a simple ordinary least squares linear 

regression (EquaIon 4.7), specifying regional year-on-year emissions growth as the target 

variable (∆𝐹F) with the exogenously sourced, real GDP (∆𝑌F), and import growth rates (∆𝑀F) 

as covariates. Here, the subscript t denotes growth rate year, with historical observaIons 

included in each regression to predict changes in future periods. We exclude exports to 
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avoid collinearity arising from the near inevitable posiIve correlaIon between GDP and 

exports, a problem noted in trade-growth literature (Michaely, 1977). 

∆𝐹F = 	𝛼 +	𝛽)∆𝑌F + 𝛽*∆𝑀F +	𝜀F	 (4.7) 

To replicate the three-year lag, the model for each target year is only fi+ed on data 

available three years earlier. This approach ensures out-of-sample predicIons consistent 

with real implementaIon. As a result, a disInct regression is esImated for each region and 

every forecast year. These models are used to predict emission growth rates which can be 

applied to the observed levels in the base table to esImate for the target year. Regional 

totals are then allocated to industries on base-year shares. We provide a full account of the 

raIonale and processes of these regressions in SupporIng InformaIon S4.4.  

4.4.3.2 AdjusIng the price level 

The aforemenIoned projecIon techniques apply real growth rates for GDP, imports, 

and exports. Consequently, without further adjustment, each nowcasted table is expressed 

in the price levels of the base year. Benchmark tables on the other hand, are presented in 

the current prices of each respecIve year. InflaIonary adjustments are required to enable a 

comparison and in pracIce ensure compaIbility with the nowcasted EEMRIO database and 

real-Ime data. ImplemenIng real adjustments to a global database poses challenges, due to 

the varying inflaIonary pressures experienced by different naIons during the same period. 

This, along with the need to maintain a balanced database, makes it difficult to adopt a 

naIon-specific approach to inflaIng the database.  

Given the SNAC construcIon of the UKMRIO, one opIon is to apply a single inflaIon 

index such as the Consumer Price Index (CPI), since purchases in the UK are made in UK 

prices (Wiedmann et al., 2010). However, this general adjustment does not capture industry-

specific drivers of inflaIon. Instead, it is preferable to use industry-specific indices, which can 

be pracIcally applied acer mulIplier calculaIon, rather than inflaIng the enIre nowcasted 

MRIO table. UlImately, the choice of inflaIon index depends on the intended use of the 

model. 
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In this paper, we use annual, industry-specific Producer Price Indices (PPIs) to align 

price levels between the UKMRIO emission mulIpliers and firm-level transacIon data, 

enabling the esImaIon of Scope 3 emissions. This approach is feasible due to the alignment 

between UKMRIO sector definiIons and published ONS inflaIon series (Owen and Kilian, 

2025). OperaIonally, pracIIoners have the opIon to adjust mulIpliers (annually) or the 

transacIon data (annually, quarterly, or monthly). Full details of the indices used are 

provided in SupporIng InformaIon S4.1. 

4.4.4 Nowcas2ng Evalua2on  

To evaluate a nowcasIng procedure’s ability to reproduce actual UKMRIO years we 

rely on a selecIon of matrix difference staIsIcs. There is no single staIsIcal test for 

assessing the accuracy with which one matrix or vector corresponds with another, thus it is 

common pracIce to use different metrics simultaneously (Bu+erfield and Mules, 1980). The 

metrics selected are intended to complement each other, ensuring that weaknesses in one 

test are compensated and accounted for in other tests. Whilst these staIsIcs ocen have 

differing assumpIons, they all involve a quanItaIve descripIon of some aspects of the 

difference between a predicted and benchmark value (Knudsen and Fotheringham, 1986). 

Because the inflaIon adjustment is applied only to the emissions mulIpliers, our 

comparison includes two price-invariant components (the emissions vector and the direct 

requirements matrix) and the resulIng inflaIon-adjusted emissions mulIpliers. The 

subsecIons below introduce the metrics used and describes each matrix and vector 

included in the comparison. 

4.4.4.1 Matrix difference staIsIcs 

R-Squared (RSQ) or coefficient of determinaIon: One of the most commonly 

employed goodness-of-fit staIsIcs is RSQ (Knudsen and Fotheringham, 1986). This measure 

is the square of the correlaIon coefficient between observed and predicted values (𝑦'  and 

𝑦8\). As RSQ approaches 1, the model is seen as a good fit for the actual data. However, RSQ 

in isolaIon is considered an imperfect staIsIc and must be treated with cauIon (Bu+erfield 

and Mules, 1980; Knudsen and Fotheringham, 1986; Smith and Hutchinson, 1981). 
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𝑅𝑆𝑄 = 1 −	
𝑆𝑆345
𝑆𝑆676

	= 	1 −	
∑ (𝑦' −	𝑦8\)'

*

∑ (𝑦' − 𝑦8])'
* (4.8) 

Here, 𝑆𝑆345 is the residual sum of squares, defined as the sum of squared differences 

between observed and predicted values, ∑ (𝑦' −	𝑦8\)'
*. In an OLS regression, the fi+ed 

model is chosen to minimise this value. 𝑆𝑆676  is the total sum of squares, defined as the 

sum of squared differences between observed values and their mean, ∑ (𝑦' − 𝑦8])'
*. Thus, 

RSQ measures the proporIon of variaIon in the observed data explained by the model.  

To complement RSQ, we calculate the mean absolute error (MAE) and mean absolute 

percentage error (MAPE). These metrics provide the average that each nowcasted element is 

larger or smaller than its target value (in both absolute and proporIonal terms). 
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4.4.5.2 Matrices and vectors evaluated 

We evaluate the nowcasIng methods against a benchmark using three 

complementary diagnosIcs. First, we examine the industry-level emissions vector (𝒇) to 

assess accuracy of the emissions levels of the nowcasted table. We then compare the direct-

requirements matrix (𝑨) to gauge the accuracy of the supply-chain structure used to 

distribute those emissions. Finally, we assess the product-level emission-intensity vector 

(𝒆𝑳𝒑𝒑 - embodied emission factors) to establish accuracy of the mulIpliers used in real-Ime.  

Vector of emissions by industry (𝒇) 

The first vector assessed is the emissions extension vector. This contains the 

emissions produced by every industry and region combinaIon represented in the UKMRIO. 

We first compare annual, regional emissions totals before evaluaIng on an industry basis. 

We evaluate the whole vector (1232 industries) before focusing on the UK (112 industries). 
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As the same method for nowcasIng these emissions are used for each method, only one 

assessment is required. 

Matrix of direct requirements matrix (𝑨) 

We then assess the matrix of direct requirements (technical coefficients). This matrix 

details the inputs from each industry required to produce the outputs of each industry. The 

matrix is normalised, with each element in 𝑨 showing the proporIonal requirement of each 

input (𝑎'(  = 
J%&
K%&

) for a single unit of output. The matrix contains every industry and region 

represented in the UKMRIO, with dimensions of 1232 x 1232. We assess the enIre matrix, 

before focusing on UK domesIc requirement. Three versions of A are produced, the first is 

matrix A from 3 years prior (no adjustment is made to the base table in Method 1), whilst 

Method 2 and 3 produce new versions of 𝑨. 

Vector of emission intensity by product (𝒆𝑳𝒑𝒑) 

Finally, we assess the emission intensity vector of products consumed in the UK, in 

purchasers’ prices. This vector is calculated in purchasers’ prices, to replicate mulIpliers that 

could be combined with the transacIons of businesses to calculate the embodied emissions 

of their purchases. Given our UK focus, we only look at the accuracy of nowcasted 

mulIpliers of each method for UK industries. 

4.5 Results 

4.5.1 Vector of emissions by industry (𝒇) 

Table 4.3 presents the error metrics associated with different secIons of the 

emissions vector. A total of 75 regression equaIons are esImated (15 regions across 5 

years), as such, a summary table of regional model performance along with further 

interpretaIon, is provided in SupporIng InformaIon S4.4. These results are based on 

models trained using the full dataset, whereas the emissions esImates reported in the main 

analysis are derived from individual out-of-sample forecasts thus replicaIng real-world 

implementaIon. We begin by assessing the predicted regional producIon-based emission 

totals, which exhibit low percentage error levels. This suggests that the regression method 
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effecIvely esImates total GHG emissions observed within the UKMRIO. The consistently 

high RSQ values further indicate that the model reliably captures variaIon in emissions 

across regions, given known real GDP and import rates. On average, the model yields an 

error of 4.77% across the study period, with the lowest errors observed during more stable 

economic years (2018 and 2019). 

Figure 4.3 overlays the out-of-sample predicIons onto actual emissions for the 

comparison period, as well as for the subsequent years (2023–2025), demonstraIng the 

model's nowcasIng capability. Regional trends are generally well replicated. However, more 

notable deviaIons are observed for some regions such as South Africa, where the model 

produces larger errors. These regions are noted to have more irregular pa+erns of emissions 

and emission intensity, creaIng challenges for predicIon (See SupporIng InformaIon S4.4). 

In contrast, predicIons for the UK and its major trading partners (EU, USA, China) closely 

align. 

Table 4.3 Comparison of emissions nowcasted, against benchmark. Green highlighEng reflects best performing years for 

each method-metric combinaEon (highest RSQ, lowest MAE and MAPE). 

 

  2018 2019 2020 2021 2022 Mean 
Emissions by Regions     
R2  0.999 0.999 0.994 0.995 0.996 0.997 
MAE tCo2e 76,040 88,295 217,654 214,957 178,794 155,148 
MAPE % 2.25 3.57 6.9 5.78 5.37 4.77 
       
Emissions by Industries    
R2  0.996 0.995 0.992 0.992 0.992 0.993 
MAE tCo2e 2,661 2,458 3,518 3,357 3,258 3,050 
MAPE % 9.6 9.3 16.3 12.4 9.4 11.4 
        
Emissions by UK Industries   
R2  0.933 0.981 0.931 0.945 0.988 0.956 
MAE tCo2e 578 372 548 460 317 455 
MAPE % 14.87 12.93 16.54 12.07 11.35 13.552 
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At the industry level, RSQ values remain strong but show a slight decline compared 

to the regional assessments. Meanwhile, MAPE more than doubles across all years. This 

indicates that while the model effecIvely predicts total emissions, it is less precise in 

distribuIng emissions across individual industries. In some cases, industries with high 

emissions in the base year unexpectedly exhibit much lower values in the benchmark data. 

In other cases, predicted industry emissions are consistently below observed levels, 

suggesIng the allocaIon procedure fails to track rapidly expanding industries. The most 

prominent example is China’s electric power generaIon sector, which produces the largest 

absolute error in all five years (average annual error of 462ktCO2e or 8.28%). These 

discrepancies contribute to higher element-level errors, despite the overall regional 

accuracy. 

Figure 4.3 Nowcasted total regional producEon emissions. 
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Focusing on UK industries, predicIons maintain consistently high RSQ values, 

although slightly lower; the average MAPE across the study period also reflects this, 

increasing to 13.6%. Figure 4.4 visualises the relaIonship between logged emissions of UK 

industries and their nowcasted counterparts across all years. Among the ten industries with 

the highest annual percentage errors, 'Support AcIviIes for Mining' appears in three 

separate years, while 'Manufacture of Tobacco Products'. This is due to their small absolute 

values (making absolute error very low). ‘Air Transport’ appears twice among the industries 

with the highest percentage errors (in 2020 and 2021), and among the top ten in terms of 

absolute error. This pa+ern is likely linked to the sharp reducIon in air transport acIvity 

during the COVID-19 pandemic, a disrupIon that the lagged, base-year allocaIon method is 

unable to reflect. Table 4.3 also reveals a lower level of accuracy for UK industries in 2018, 

with performance closest to that observed for 2020 - a year marked by unprecedented 

disrupIon due to COVID-19. This reduced accuracy is likely linked to differences in the 

construcIon of the underlying base tables. The UKMRIO is designed to align as closely as 

possible with official naIonal staIsIcs published by the ONS. As a result, the 2015 base 

table (used to nowcast 2018) is built using detailed analyIcal tables in which the combined 

use table is fully disaggregated into a domesIc use matrix and separate components for 

imports, product taxes, and value added. By contrast, from 2016 onwards, only less detailed 

analyIcal tables are available, and these provide only the DomesIc Use table. This 

discrepancy in data availability and table construcIon means that comparisons between the 

nowcasted 2018 table (based on 2015) and the published 2018 table may reflect underlying 

structural differences rather than genuine projecIon error (Owen and Kilian, 2025). 
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Figure 4.4 Nowcasted emissions of UK industries against benchmark counterparts. 

 

4.5.2 Matrix of direct requirements (𝑨) 

Table 4.4 presents the error metrics for each method’s direct requirements matrix 

(𝑨). At the full-matrix level, all methods yield consistently high RSQ values, indicaIng strong 

overall alignment with the benchmark structure. Because the elements of 𝑨 are proporIons 

and therefore small in magnitude, MAE values remain low, while MAPE values become 

inflated due to the prevalence of near-zero coefficients. Methods 2 and 3 show a 

pronounced increase in MAPE during 2021–2022, consistent with the economic volaIlity 

following COVID-19 period, which affects both the input data used for projecIon and the 

benchmark outcomes. Notably, the performance metrics in 2020 are consistent with those 

observed in surrounding years. The 2018 results, again, stand out as a clear outlier, with 

substanIally lower accuracy for both the global matrix and, more prominently, the UK 

submatrix. As discussed earlier, this is likely driven by differences in the construcIon of the 
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underlying base tables. These inconsistencies in table construcIon introduce structural 

differences that reduce nowcasIng feasibility. 

Table 4.4 Comparison of	𝑨 nowcasted matrices against benchmark. Green highlighEng reflects best performing years for 

each method-metric combinaEon (highest RSQ, lowest MAE and MAPE) 

  2018 2019 2020 2021 2022 Mean 
EnQre A Matrix       

 RSQ 0.92 0.95 0.96 0.96 0.95 0.95 
Method 1 

MAE 8.47E-05 7.23E-05 7.53E-05 7.25E-05 8.21E-05 7.74E-05 
 

MAPE 2.74E+09 1.24E+08 3.99E+05 9.20E+09 8.99E+10 2.04E+10 
        
 

RSQ 0.92 0.95 0.96 0.96 0.95 0.95 
Method 2 

MAE 8.55E-05 7.22E-05 7.52E-05 7.26E-05 8.23E-05 7.76E-05 
 

MAPE 4.46E+09 1.14E+09 4.10E+08 2.90E+18 2.18E+19 4.94E+18 
        
 

RSQ 0.92 0.95 0.96 0.96 0.95 0.95 
Method 3 

MAE 8.56E-05 7.25E-05 7.55E-05 7.25E-05 8.24E-05 7.77E-05 
 

MAPE 4.60E+09 1.17E+09 4.06E+08 2.88E+18 2.19E+19 4.96E+18 
        
UK Sec/on Only        
 

RSQ 0.59 0.93 0.89 0.89 0.92 0.85 
Method 1 

MAE 1.04E-03 8.11E-04 9.54E-04 9.45E-04 8.54E-04 9.22E-04 
 

MAPE 3.86E+09 1.73E+03 8.95E+02 1.73E+02 2.18E+03 7.72E+08 
        
 

RSQ 0.60 0.94 0.89 0.89 0.92 0.85 
Method 2 

MAE 1.04E-03 8.09E-04 9.58E-04 9.50E-04 8.55E-04 9.23E-04 
 

MAPE 3.72E+09 1.29E+05 3.64E+03 1.08E+04 1.59E+04 7.44E+08 
        
 

RSQ 0.59 0.93 0.87 0.87 0.92 0.84 
Method 3 

MAE 1.05E-03 8.07E-04 1.03E-03 1.01E-03 8.51E-04 9.5E-04 
 MAPE 3.72E+09 1.29E+05 3.74E+03 1.11E+04 1.56E+04 7.4E+08 
        

        
Within the UK submatrix more generally, RSQ values are systemaIcally lower than in 

the global matrix, with all methods returning approximately 0.6 in 2018. Unlike the global 
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results, the UK secIon does not exhibit the late-period MAPE spike, suggesIng relaIvely 

greater stability on the UK level. Across all metrics, there is no clear performance advantage 

associated with the addiIonal complexity of Methods 2 and 3, indicaIng that their 

expanded data requirements do not improve the accuracy of the projected UK A matrix. 

Figure 4.5 presents heatmaps of annual MAE, illustraIng where the projecIon errors 

occur across methods and years. Errors in Method 1 are highly localised within domesIc 

transacIon blocks (along the diagonal), with China and the Rest of the World showing the 

largest concentraIons. In contrast, Method 2 produces more widespread deviaIons, with 

addiIonal errors across mulIple internaIonal flows, indicaIng that this approach introduces 

structural changes that are not reflected in the target-year data. Method 3 shows a similar 

performance to Method 2 and aligns with the metrics reported in Table 4.4, where industry-

specific adjustments fail to meaningfully reduce errors within the UK porIon of the 

database. Overall, the heatmaps indicate that Method 1 yields the most structurally 

consistent projecIons, despite not incorporaIng nowcasted GDP or trade adjustments. 
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4.5.3 Vector of product emission intensity (𝒆𝑳𝒑𝒑) 

Table 4 summarises the error metrics for the embodied emission mulIpliers for the 

UK, and a Ime-series for each metric is also shown in Figure 4.6. Across the period, Methods 

1 and 2 show broadly similar performance, whereas Method 3 displays greater volaIlity. 

Methods 1 and 2 achieve comparable RSQ values, averaging 0.80 and 0.77 

respecIvely, with increases and declines occurring in the same years. Their error magnitudes 

are also similar: both record average MAE values of 0.1 kgCo2e / £, and MAPE values in the 

Figure 4.5 Top 15% largest sources of MAE within nowcasted A matrices. 

 

Figure 4.6 Annual error metrics of nowcasted emission factors by method.Figure 4.7 Top 15% largest sources of MAE within nowcasted A 

matrices. 
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15-17% range, with Method 2 performing slightly be+er on average, due to larger errors 

observed in 2018 by Method 1. 

Table 4.5 - Comparison of 𝒆𝑳𝒑𝒑 nowcasted vectors against benchmark. Green highlighEng reflects best performing years for 

each method-metric combinaEon (highest RSQ, lowest MAE and MAPE) 

 2018 2019 2020 2021 2022 Mean 

Method 1      
R2 0.85 0.98 0.77 0.62 0.79 0.802 
MAE (kgCo2e / £) 0.11 0.05 0.11 0.15 0.10 0.104 
MAPE (%) 20.97 15.55 15.06 13.21 19.91 16.94 

       

Method 2       
R2 0.79 0.99 0.75 0.58 0.75 0.772 
MAE (kgCo2e / £) 0.10 0.04 0.12 0.15 0.09 0.10 
MAPE (%) 16.11 9.84 15.76 13.98 17.90 14.718 

       

Method 3       
R2 0.44 0.53 0.42 0.44 0.66 0.498 
MAE (kgCo2e / £) 0.14 0.09 0.14 0.17 0.11 0.13 
MAPE (%) 15.71 18.83 15.92 18.13 14.30 18.83 
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Method 3’s performance heavily depends on the metric used. Its RSQ values are 

substanIally lower (averaging around 0.5), although they show some improvement in the 

2022. In absolute terms, MAE generally follows the same broad pa+ern as for Methods 1 

and 2, at a slightly higher level. The comparaIvely low RSQ alongside similar MAE and MAPE 

values indicates that, while the model predicts the overall magnitude of mulIpliers 

reasonably well, it fails to capture their underlying variaIon across industries. 

Overall, these pa+erns suggest that Method 3, whilst a+empIng to capture UK 

industry growth variaIon, fails to increase accuracy relaIve to Method 1 and 2. By contrast, 

Methods 1 and 2 track the period more smoothly and with greater consistency. The main 

disIncIon between the two models is Method 2’s noIceably lower MAPE in 2018 and 2019. 

4.6. Discussion 

4.6.1 Key Findings 

The nowcasIng approaches developed in this paper build on exisIng MRIO 

projecIon techniques and are designed to be pracIcal to implement while capturing the key 

economic changes occurring during the publicaIon lag period. Method 1 applies only an 

inflaIon adjustment, retaining the structural relaIonships of the base year. Method 2 

Figure 4.8 Annual error metrics of nowcasted emission factors by method. 

 

Figure 4.9 Annual error metrics of nowcasted emission factors by method. 
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extends this by incorporaIng real GDP and trade growth to update emissions esImates and 

generate a nowcasted MRIO structure. Method 3 adds industry-specific adjustments using 

addiIonal UK-focused data. 

Across the period studied, differences in average error across methods are relaIvely 

modest. The mean MAPE for the product mulIpliers remains between 14.7% and 17.2% for 

all three methods. On average, the nowcasted mulIpliers slightly underesImate their 

benchmark values. Method 2 achieves the lowest average MAPE, indicaIng that 

incorporaIng macroeconomic indicators offers a marginal improvement, though the gains 

over a simple inflaIon adjustment remain small. 

Error levels are lowest in 2019, while the years 2020–2022 exhibit higher errors, 

consistent with the sharp disrupIons brought about by the COVID-19 pandemic, supply-

chain instability, and rapid inflaIon. Comparisons of 𝑨 and 𝒆𝑳𝒑𝒑 also show disInctly poor 

performance in 2018, indicaIng strong sensiIvity to differences in the construcIon of the 

base tables used for nowcasIng. 

Higher-than-average errors in the 𝑨 matrix for Methods 2 and 3 highlight the 

difficulty of projecIng technical coefficients, each of which changes over Ime even when 

underlying structural pa+erns appear persistent (Torres-González and Yang, 2019). These 

challenges also intensify during periods of economic disrupIon. The UK block of 𝑨 avoids 

the very large global errors, but Method 3 introduces addiIonal volaIlity in its a+empts to 

incorporate industry-specific adjustments.  

The approach used to project regional emissions totals performs well for many 

regions and provides a pracIcal soluIon requiring no addiIonal data. Other comparisons of 

MRIO databases have found the emissions vector to be large explainers of different database 

consumpIon-based esImates (Owen et al., 2014), whilst Tukker et al., (2018) note that the 

environmental figures used are the most significant factor contribuIng uncertainty of 

esImates. ProjecIons are best for regions economically or geographically close to the UK, 

where emissions trajectories appear relaIvely stable. Larger errors arise for regions such as 

South Africa and Japan, where emissions intensiIes exhibit substanIal volaIlity in the base 

data. Mining Support Services is a notable example, returning MAPE values above 100% due 
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to much higher base-year levels than in the target year. Importantly, these errors occur on 

small absolute totals (21, 35, and 124 MtCO2e). This reflects a broader trend: smaller values 

tend to be associated with disproporIonately higher relaIve errors, as shown in Figure 4.4, 

which shows overesImaIon is concentrated at the lower end of the distribuIon.  

Across the assessment period, Methods 1 and 2 return broadly comparable and 

stable error levels for the UK embodied emission mulIpliers (𝒆𝑳𝒑𝒑), with similar MAE and 

MAPE values and RSQs around 0.8. By contrast, Method 3 shows much greater volaIlity and 

substanIally lower RSQ values, indicaIng that it struggles to reproduce industry-level 

variaIon despite generaIng mulIplier magnitudes similar to the other methods. Overall, the 

added complexity of Method 3 does not translate into improved accuracy, while Methods 1 

and 2 provide more reliable and consistent esImates for pracIcal use. 

4.6.2 Prac4cal Implica4ons  

The Ime lag associated with EEMRIOs poses a significant barrier to their pracIcal 

applicaIon (Lenzen, 2000; Wiedmann et al., 2011). The results presented here do not show 

sufficient error reducIon to jusIfy the addiIonal complexity of Methods 2 and 3. While the 

regional emissions totals can be projected with reasonable accuracy, distribuIng these 

emissions across industries and projecIng the 𝑨 matrix remains challenging.  

The emission factors produced by EEMRIO databases are highly versaIle and as a 

result, a growing body of research integrates EEMRIO-derived emission factors with 

alternaIve data sources to esImate the embodied emissions of various actors. For 

households, Trendl et al (2023) demonstrate that FTD-based emission esImates align closely 

with those derived from household spend surveys, whilst Wells et al (2025) uses FTD-based 

emissions to segment individuals with similar sociodemographic, consumpIon behaviours 

and carbon footprints. Similarly, Owen and Büchs (2024) uIlise household spend surveys 

with an EEMRIO database to invesIgate generaIonal differences in consumpIon-based 

emissions. When combined with the FTD of businesses, these emission factors can also be 

used esImate the embodied supply chain emissions of purchases (Scope 3 emissions) 

(Schmidt et al., 2022; Phillpo+s et al., 2026). These bodies of work, alongside others 

(Andersson, 2020; Cogo, 2022; Schmidt et al., 2022), have demonstrated the disInct 
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advantages of leveraging real-Ime FTD to generate scalable, standardized emission 

esImates. 

The UKMRIO’s alignment with ONS inflaIon indices means that external inflaIon 

adjustments offer a simple and effecIve means of updaIng emission factors. To support 

wider adopIon of EEMRIO tools in real-Ime applicaIons, including business value-chain 

emissions esImaIon, this paper provides evidence that inflaIon adjustments remain an 

appropriate and low-burden strategy at present. When combined with real-Ime data like 

financial transacIons, users have the opIon to apply deflaIon series directly to the 

transacIon, this can be done on an annual, quarterly, or even monthly basis. 

4.6.3 Limita4ons 

Several limitaIons contribute to the error levels observed. First, no addiIonal data 

were incorporated to proxy changes in the environmental extension vector. While 

supplementary datasets exist, they lack the appropriate level of sectoral detail or are 

released too infrequently to be useful for annual nowcasIng. IncorporaIng the most recent 

year of environmental accounts would sIll leave two unavailable years, limiIng its 

usefulness. Second, industry-level emissions are allocated using fixed base-year shares. 

Although pragmaIc, this approach weakens performance when sectoral emissions change 

from their historical distribuIon. For example, the sharp decline in UK aviaIon emissions 

during 2020 and 2021 was not captured through this approach. More sophisIcated 

alternaIves, such as using historical emissions trends or incorporaIng aggregated energy-

use data, would require far greater model complexity.  

4.6.4 Future Research Direc4ons 

The results highlight the need for a Single-country NaIonal Accounts Consistent 

(SNAC) approach to nowcasIng naIonal MRIOs such as the UKMRIO. The Climate Change 

Commi+ee has repeatedly idenIfied the MRIO publicaIon lag as a major obstacle to 

effecIve climate-policy monitoring (CCC, 2022). The methods developed here represent 

progress, but they remain grounded in techniques originally designed for global MRIO 

systems, which prioriIse balanced accuracy across regions rather than naIonal specificity. 
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Future work should nowcast the UKMRIO directly in its SUT form, avoiding the 

addiIonal assumpIons introduced when converIng to symmetric IO tables. A SNAC 

approach would anchor projecIons more firmly in UK-specific data, and produce results 

more aligned with domesIc policy requirements. Such a framework would provide Imelier 

and more reliable inputs for assessing naIonal progress and enable a wider set of real-Ime 

applicaIons, including consumpIon-based emissions monitoring and Scope 3 analysis. 

In the near term, this paper demonstrates that simple inflaIon adjustments remain 

an effecIve and scalable method for updaIng EEMRIO-derived emission factors. Establishing 

a standardised inflaIon-adjustment methodology, or publishing regularly updated 

mulIpliers, would support their broader adopIon in real-Ime analyIcal senngs.  

4.7. Conclusion 

This paper has developed and tested three pracIcal approaches for nowcasIng the 

UKMRIO, aimed at addressing the long-standing challenge of Ime lags in EEMRIO 

availability. The results demonstrate that while average error levels are relaIvely similar 

across methods, moderate adjustments to regional sizes and trade flows (Method 2) provide 

the best balance between complexity and predicIve performance. Performance is affected 

in years of economic stability and weakest during periods of economic disrupIon, reflecIng 

the inherent difficulty of replicaIng the complex data structures represented by an EEMRIO. 

NowcasIng procedures are also highly sensiIve to changes in the construcIon process of 

EEMRIOS. For pracIIoners, the findings underline that addiIonal methodological 

complexity does not necessarily yield proporIonal improvements in accuracy, and that 

straighuorward adjustments to account for changing price levels may ocen be more or 

equally effecIve.  
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Chapter 5. Discussion and Conclusion 

This chapter begins with a summary of the key findings from the empirical chapters 

in light of this thesis’ research quesIons, followed by a discussion of the impacts, 

methodological contribuIons, pracIcal implementaIon, and policy implicaIons of this 

work. In addiIon, this chapter discusses the key limitaIons and future direcIons highlighted 

by this research, before finishing on some concluding remarks. This chapter, therefore, 

summarises the novel contribuIons of this thesis and where it places within the wider 

context of small- and medium-sized enterprise (SME) emission measurement, disclosure, 

and esImaIon as well as within the broader sustainability topic. 

5.1 Summary of Findings 

In Chapter 1 of this thesis, 3 research quesIons (RQs) are set out. These RQs are then 

addressed through the empirical Chapters 2, 3, and 4. This secIon briefly summarises the 

results of these chapters, and how they answer the RQs they intended to address.  

5.1.1 RQ1: Can FTD be used to produce models that capture varia2on in SME 

emissions across SMEs and industries? 

Chapters 2 and 3 describe the processes required to transform large-scale Financial 

TransacIon Data (FTD) into emissions esImates for SMEs, and the subsequent models that 

can be produced from this dataset. These cover direct emissions from fuel use (Scope 1), 

indirect emissions from purchased energy (Scope 2), and other upstream emissions arising 

from their purchases (Scope 3). Owing to methodological differences in esImaIon, as well 

as the disInct external stakeholders and reporIng purposes associated with each, Chapter 2 

focuses on Scopes 1 and 2, while Chapter 3 extends the framework to Scope 3. Within these 

chapters, a novel process is developed for calculaIng SME emissions from their bank 

accounts, using publicly available UK datasets and the UKMRIO. Using country-specific data 

enhances the robustness and relevance of these esImates (Edens et al., 2015; Tukker et al., 

2018). This is especially important for Scopes 1 and 2, where aligning spend-based esImates 

with physical-acIvity-based esImates requires applying the same underlying physical 

intensity factors, adjusted to make them compaIble with expenditure data. 
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Hierarchical regression formulas are then specified, using a selecIon of potenIal 

industry and firm-level predictors, which are sequenIally applied to the resulIng emissions 

datasets and their performances are assessed. The pracIcal implementaIon of these 

models enables FTD-based emission esImates to be predicted in instances where extensive 

FTD are not available.  

In Chapter 2, models used to esImate Scope 1 and 2 emissions achieve an RSQ of up 

to 0.89 for Scope 1, and 0.73 for Scope 2. PotenIal predictors include firm characterisIcs on 

size (annual turnover), industry, and insights on business a+ributes that may influence 

emissions, such as annual margin (revenues less expenses), and capital spending (on vehicles 

and other assets such as plant hire).  Within these models, a consistent, strong, and 

significant relaIonship between ln turnover and ln Scope 1 and 2 emissions is observed, 

with coefficients of at least 0.7. This log-log form shows that the underlying relaIonship 

between turnover and emissions is non-linear, which contrasts with the assumpIons of 

simple esImaIon methods using industry averages. In addiIon, accounIng for industry 

characterisIcs beyond average emission intensity markedly improves model performance, 

parIcularly for Scope 1. IncorporaIng industry skew increases explanatory power by almost 

10%, highlighIng the important factors that are ocen overlooked when using industry 

averages. 

In Chapter 3, the approach is applied to the Scope 3 emission categories that can be 

captured by a firm’s transacIons. Here, the same firm-level variables are included, with the 

addiIon of more granular industry groupings, to further capture variaIon of pa+erns of 

spending. Model performance is dependent on the Scope 3 emission category under 

invesIgaIon; Category 1 (Purchased Goods and Services) produces RSQ values of up to 0.88 

whilst Category 3 (Energy- and Fuel-Related Emissions) is disaggregated into elements 

corresponding to the well-to-tank (WTT) emissions associated with Scope 1 and Scope 2, 

which return equivalent RSQ values (up to 0.89 and 0.73). Model performances, however, 

are nearly 20% lower for Categories 6 (Business Travel) and 9 (Downstream transportaIon 

and distribuIon), where the highest RSQ values only achieve 0.55 and 0.43 respecIvely. 

Weaker performance for these categories reflects their reliance on stronger assumpIons, 
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which likely contributes to the higher unexplained variance. For business travel, the 

assumpIon that all employee travel is paid directly through the business account is required, 

excluding cases where employees pay upfront and are later reimbursed. For downstream 

transportaIon, a substanIal share of firms (43% of the sample) report zero spending in the 

relevant spend categories, further limiIng the model’s applicability. Emissions in these 

categories may therefore reflect firm behaviours not fully explained by size and industry 

characterisIcs, with bank account data providing only a parIal view of total exposure. In 

absolute terms, these emissions are also much smaller than those in Category 1. 

Findings in these chapters not only exemplify the usability of FTD in producing 

emission esImates for an overwise uncaptured segment of businesses but also introduce an 

approach to producing models that are able to capture the insights gained from granular 

FTD-based approaches. These models are designed to serve as an accessible resource, 

allowing both SMEs and their external stakeholders to obtain benchmark emissions profiles. 

When accessed by SMEs, the esImates can inform decision-making and target 

senng. When used by external stakeholders, they offer a mechanism to approximate 

unreported emissions, supporIng the evaluaIon of financed climate risks, Scope 3 

calculaIons or policy intervenIons. The use of hierarchical regression specificaIons 

enhances pracIcality and transparency, uIlising only a small number of input variables 

compared to more complex alternaIves, such as machine learning approaches. 

5.1.2 RQ2: What level of accuracy can be retained whilst minimising user input 

requirement to produce SME emission es2mates? 

Following the development of models capable of esImaIng SME emissions, a 

selecIon process is required to determine the specificaIon that both achieves robust, 

accurate results, whilst remaining pracIcal to deploy. Model results indicate that the 

inclusion of addiIonal firm-level variables fails to significantly enhance model performance, 

despite the required increases in complexity and data resources. These diminishing returns 

to model complexity suggest that a simple, parsimonious soluIon can reach useful levels of 

predicIve power whilst being pracIcal to apply. In all cases, increasing model complexity 
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yields only marginal gains in explanatory power, with improvements in RSQ of no more than 

10% relaIve to simpler models. A model which incorporates just two user inputs (turnover 

and industry) is therefore able to predict SME emissions well. 

To assess the accuracy of these models it is important to contextualise model 

performance through out-of-sample tesIng, such as comparisons against alternaIve 

predicIon techniques, withheld sample data or, where possible, self-reported data. Given 

the current regulatory focus on Scope 1 and 2 emissions, there is more opportunity to do so 

for these emissions than Scope 3. First, the Scope 1 and 2 model predicIon accuracy is 

compared to the Partnership for Carbon AccounIng Financials (PCAF) approach which 

assumes uniform firm-level emission intensiIes within industries. The findings indicate that 

the model integraIng firm turnover, industry classificaIon, industry emission intensity, and 

industry skew halves error when compared to the coarse industry-average method for Scope 

1 and 2 emissions. The simple applicaIon of firm turnover to an industry average therefore 

overlooks important variaIon within the data, which can be captured through the modelling 

framework outlined in Chapter 2. 

Further model evaluaIons include test and train validaIon, which allows for an 

unbiased account of model performance and stability. For this, models for all scopes are 

assessed through an 80/20 train-test split with straIfied sampling, applying a 5-fold cross-

validaIon (James et al., 2021). When applied to out-of-sample FTD-based emissions 

esImates, models return stable RSQ values for all iteraIons (STD values less than 0.00 for all 

selected models), whilst median absolute percentage error ranges from 28% to 49% 

depending on emission assessed.  

An addiIonal layer of out-of-sample tesIng was applied to Scope 1 and 2 esImates, 

given self-reported data can be accessed for larger firms, within SECR disclosures. A sample 

of 50 large businesses is collected and used to compare self-reported emissions values to 

model esImated counterparts. In this sample, annual turnover ranges from £38 million to 

£211 million, whilst the models specified in Chapter 2 are exclusively trained on SMEs with 

turnover below £36 million, with 80% of the sample falling under £1 million. Despite this, 

median absolute percentage error of 25% are returned Scope 1 emissions, whilst error is 
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higher for Scope 2 emissions, with a median absolute percentage error of 65%. Although 

these results are broadly in line with error levels exhibited in the test and train evaluaIon, 

low RSQ scores and high mean errors occur and are largely driven by a small number of 

extreme outliers. 

These findings reveal the high levels of accuracy that can be retained while 

substanIally minimising user input requirements, with a simple modelling approach. A 

parsimonious model relying primarily on turnover and industry classificaIon consistently 

delivers robust emissions esImates, demonstrates stable out-of-sample performance, and 

withstands mulIple forms of validaIon, including benchmarking against industry-average 

methods and comparisons with self-reported data. While addiIonal complexity yields only 

marginal gains, the simple model achieves a favourable balance between accuracy and 

pracIcality, making it well suited for scalable deployment in real-world SME emissions 

esImaIon, both for internal use by firms and for external analysis by third parIes. 

5.1.3 RQ3: What processes are required to ensure FTD is applied to 2mely 

emission conversion factors, thus enabling real-2me es2mates? 

Chapter 4 examines processes that produce Imely and credible emissions conversion 

factors for real-Ime applicaIons, through the development and evaluaIon of three disInct 

nowcasIng methods. The results show that updaIng conversion factors through simple 

inflaIon adjustment provides a surprisingly strong foundaIon for real-Ime use. Method 1, 

which applies only an inflaIon adjustment and leaves the MRIO structure unchanged, 

performs to a similar level of accuracy as the more complex approaches. Across the assessed 

period, all three methods produce mean average absolute percentage (MAPE) error values 

for product emission mulIpliers, ranging from 14.7% percent to 17.2%. Method 2, which 

incorporates real GDP and trade growth to update the MRIO structure, obtains the lowest 

MAPE but only marginally. Method 3, which applies addiIonal industry-specific adjustments 

based on UK-focused data, does not reduce error and in some cases introduces greater 

volaIlity. This is especially evident in the technical coefficients, where adjustments to the 𝑨 

matrix results in higher error levels during periods of economic instability (2020-2022). 
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These findings indicate that inflaIon-based updates are a reliable, and pracIcal, process for 

keeping emissions factors aligned with changing price levels and economic condiIons. 

The performance across years highlights that economic stability has a strong 

influence on model accuracy. PredicIng 2019 data produces notably lower errors, while the 

disrupted period of 2020 to 2022 produces significantly higher errors. This reflects the 

effects of COVID-19 on supply chain disturbances and the sharp energy price increases 

following the Russia-Ukraine war. A+empts to adjust the 𝑨 matrix are parIcularly sensiIve 

to such disrupIon reinforcing the conclusion that simple inflaIon adjustments are both 

more pracIcal and more robust for real-Ime esImaIon. Differences in the construcIon of 

the 2015 base table, which was used to nowcast 2018, also introduced significant 

performance challenges and resulted in lower accuracy relaIve to other years. 

Drawing these findings together, the chapter concludes that an inflaIon adjustment 

represents the most effecIve and operaIonally feasible process for updaIng EEMRIO-based 

conversion factors for use with FTD. Since the UKMRIO already aligns with ONS inflaIon 

staIsIcs, this strengthens the reliability of this approach allowing users to combine inflaIon-

adjusted mulIpliers or deflated transacIonal data to generate real-Ime esImates at annual, 

quarterly, or monthly frequencies. It also idenIfies the longer-term need for a fully 

developed Single-country NaIonal Accounts Consistent (SNAC) updaIng framework to 

support more accurate and Imely projecIons. 

5.2 Project Impacts 

This PhD was conducted as a joint research collaboraIon between the Sustainability 

Research InsItute (SRI) at the University of Leeds and Lloyds Banking Group (LBG). The 

partnership combines academic experIse with industry interests and data assets, 

demonstraIng the value of collaboraIve research in addressing key sustainability challenges 

such as SME emission measurement. As a project delivered in direct partnership with a large 

retail bank, the findings have been widely disseminated within the organisaIon throughout 

the research period. The work was overseen by the Managing Director for Poruolio 

AnalyIcs, Client Products in Lloyds Banking Group’s Commercial Banking division, and 
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required monthly presentaIons to update senior leadership on research progress and 

emerging results. Ongoing engagement with senior members of the Environmental 

Sustainability and Business & Commercial Banking teams helped ensure that the research 

direcIon remained commercially relevant while also meeIng academic standards of rigour, 

novelty and contribuIon to exisIng gaps in the literature. At the start of this research in 

September 2022, Lloyds’ emission esImaIon programme (hereacer referred to as Carbon 

Insights) was at a prototype stage. It had been deployed only to a small group of opt-in 

commercial banking clients, and its approach was not yet aligned with GHG Protocol 

standards. At this point, Carbon Insights relied on lagged embodied emissions mulIpliers 

with no inflaIon adjustment, and the potenIal role of FTD in the wider context of SME 

decarbonisaIon challenges had not yet been defined.  

The immediate impacts of this work included establishing the GHG Protocol as a core 

criterion for producing business-level emission esImates. This involved mapping internal 

transacIon categories to the appropriate emission Scopes and calculaIng GHG Protocol-

compaIble spend-based mulIpliers capable of esImaIng Scope 1, 2 and 3 emissions 

without overlap. These procedures are detailed in the Methods secIon of Chapters 2 and 3.  

A further contribuIon was the incorporaIon of an inflaIon adjustment within the 

esImaIon process. Together with Lara Vomfell and Anna Trendl, a process was developed to 

deflate FTD values on a monthly basis to match the price level of the mulIplier year, 

ensuring consistency between real-Ime FTD and lagged EEMRIO factors. This represented a 

pracIcal and necessary step for the operaIonal use of EEMRIO data alongside FTD, jusIfied 

by the results described in Chapter 4.  

To date, Carbon Insights has not yet officially rolled out, as the bank conInues to 

assess the most appropriate implementaIon pathway. One area under consideraIon is the 

potenIal shic to accountancy data to address the challenge posed by mulI-banked clients, 

whose financial acIvity is not fully observable through a single bank account. The models 

developed in Chapters 2 and 3, and operaIonalised through the CRAN package, were 

presented to senior leadership as a tool for inclusion on the Lloyds Sustainability webpage. 

The proposal posiIoned the tool as a non-intrusive, easy-to-use interface that could provide 
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SMEs with indicaIve emissions esImates and link them to relevant green finance offerings. 

At this stage, this has not been taken up. 

Through engagement with external organisaIons such as the BriIsh Business Bank 

(BBB), the OrganisaIon for Economic Co-operaIon and Development (OECD), and the Office 

for NaIonal StaIsIcs (ONS), the approach developed in this thesis provided a basis for 

exchanging ideas on how firm-level FTD can support more effecIve measurement of SME 

emissions. With BBB and the OECD, this centred on the shared challenge of be+er isolaIng, 

measuring, and understanding the emissions contribuIon of SMEs, where firm-level FTD 

offers potenIal to strengthen exisIng approaches. In parIcular, the work highlighted 

limitaIons in methods that rely on gross industry-average emissions intensiIes, which are 

ocen shaped disproporIonately by the largest firms within each industry. For the ONS, the 

research demonstrated how Lloyds’ FTD can be combined with official economic and 

environmental indices to support more detailed and policy-relevant analysis of business 

emissions. 

Work from this thesis was also accepted for presentaIon at various UK and 

internaIonal conferences, showcasing the interest amongst varying research contexts. 

Preliminary results for Chapter 4 were presented at the 29th InternaIonal Input-Output 

AssociaIon Conference in Alghero, Sardinia (2023). As this conference took place early in my 

PhD, it provided a valuable opportunity to meet leading figures in the input-output 

community and to reflect on how their work related to my research. Combining transacIon 

data with input-output analysis a+racted significant interest, with the data asset seen as a 

real novelty. Although my own results were sIll preliminary and I had not yet engaged fully 

with the FTD, discussions with researchers were highly producIve. Speaking with KonstanIn 

Stadler, one of the developers of EXIOBASE, allowed me to explore different approaches to 

nowcasIng. I also met with Timothé Beaufils, who had recently published the SPIN method 

(Beaufils and Wenz, 2022), and our conversaIons directly influenced my decision to apply 

this method in Chapter 4. This paper stood out to me as a highly pracIcal approach to 

nowcasIng the UKMRIO, making effecIve use of exogenous data while remaining firmly 

grounded in input-output principles. It was unsurprising that the original SPIN paper went on 
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to receive the 2023 Sir Richard Stone Award for the best publicaIon in Economic Systems 

Research. I also had the chance to connect with Sanjiv Mahajan, who is Head of Methods 

and Research Engagement at the ONS and was President of the InternaIonal Input-Output 

AssociaIon at the Ime.  

Chapters 2 and 3 were then presented at conferences of various themes. First at the 

Corporate Responsibility Research Conference (CRRC) in Leeds, UK (2024), where the 

conference’s qualitaIve emphasis offered valuable new perspecIves, while also providing 

space for my empirical work to add a complementary dimension. Here my presentaIon was 

held in the ‘Corporate Social Responsibility and Sustainability for SMEs’ session, chaired by 

Richard Bull and Ana Rita Domingues, who have conducted SME focused research which 

helped guide the use cases developed in the thesis (Mazhar et al., 2024). This conference 

also provided an opportunity to discuss my work with Alice Owen, who presented on 

differenIated emissions policies for SMEs. These conversaIons helped reinforce the 

relevance of developing pracIcal, data-driven approaches for SME emissions esImaIon, and 

highlighted how the methods presented in this thesis can support more targeted and 

equitable policy design.  

Second, Chapter 2 was presented at the Sustainable ConsumpIon Research and 

AcIon IniIaIve (SCORAI) conference on Mainstreaming Sustainable ConsumpIon in Lund, 

Sweden (2025). This aligned with the themes of this chapter, which demonstrates how 

intrinsically collected data can be used to generate low-input emissions insights for SMEs. In 

Lund I was able to connect with the David Andersson, the Chief ExecuIve Officer of Svalna, 

who’s research papers formed a strong basis for the beginning research period of my PhD 

(Andersson, 2020; Barendregt et al., 2020; Svalna, 2022). I was also quesIoned on the 

implicaIons of this work for Scope 3 emissions and was able to explain that this is the focus 

of my current research (now Chapter 3. Phillpo+s et al. 2026). The keynote talks, parIcularly 

those by Manisha Anantharaman and Tim Jackson, were not directly related to my empirical 

work, but were influenIal in helping me view my research through a broader sustainability 

lens and reflect on how it fits within the complex landscape of ‘Sustainability’. On a personal 
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level, it was both nerve-racking and exciIng to learn that my presentaIon would be 

delivered on the main stage, immediately before the conference’s closing remarks.  

Finally, but by no means least, I presented Chapter 3 in the 12th InternaIonal 

Conference on Industrial Ecology, in Singapore (2025). This conference felt like a natural 

point of reflecIon, as I was finalising my empirical results and beginning to assemble this 

thesis with the aim of subminng in late 2025. Its theme of interconnecIvity resonated 

strongly with my work, which sits at the intersecIon of academia and industry, by focusing 

on supporIng SMEs through collaboraIon between a university and a major bank. I was able 

to reconnect with familiar faces and meet new researchers at various stages of their careers. 

A career workshop with Edgar Hertwich provided an opportunity to ask quesIons and 

receive guidance on navigaIng the field. My work also a+racted interest from conference 

sponsor FootprintLab, whose Co-Founder, Tim Bayes, highlighted its relevance to the 

Australian context, where compulsory Scope 3 disclosures are being introduced into the 

regulatory framework. 

To date, Chapter 2. Bridging the SME ReporIng Gap: A new model for predicIng 

Scope 1 and 2 emissions (Phillpo+s et al., 2025) and Chapter 3. CompleIng the SME Carbon 

Profile: Scalable PredicIon of Scope 3 Emissions (Phillpo+s et al., 2026) are open-access 

papers published in the Journal of Industrial Ecology. The Journal of Industrial Ecology has an 

acceptance rate of 31% and an impact factor of 5.4. In addiIon to these research paper 

contribuIons, the models developed in Chapter’s 2 and 3 have been combined and 

published on CRAN, the primary package repository in the R community, to enhance 

accessibility and reproducibility. To date this package has been downloaded 250 Imes, 

whilst the code for the nowcasIng procedures has also been made public via Zendo 

(Phillpo+s, A., 2026). 

Chapter 4 has been prepared as an academic paper ready for submission to 

Economic Systems Research (acceptance rate 9%; impact factor 1.6). The chapter tackles a 

widely cited limitaIon in the EEMRIO literature, which presents as a significant barrier to the 

implementaIon of EEMRIOs in real-Ime applicaIons (CCC, 2022).  

https://zenodo.org/records/19034950
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5.3 Contribu'on to Knowledge Base 

This research draws on FTD from a large sample of UK SMEs, providing a unique 

opportunity for large-scale analysis of an otherwise difficult-to-observe segment of the 

economy. Owing to this novelty, the methods, results, and interpretaIons presented in the 

first two empirical chapters offer original contribuIons to different areas within the exisIng 

literature. Chapter 4, while not directly using FTD, addresses one of the central limitaIons of 

applying EEMRIO models to real-Ime data. This is a widely recognised challenge that 

remains underexplored in the current literature. 

5.3.1 Methodological Contribu2ons 

Methodologically, this thesis sits within three areas of literature. First, it advances 

methods for esImaIng SME emissions using financial transacIon data (FTD); second, it 

contributes to modelling approaches for SME emissions at scale; and third, it assesses 

nowcasIng frameworks for EEMRIO databases. 

5.3.1.1 EsImaIng SME emissions with FTD 

This thesis makes a methodological and pracIcal contribuIon to supporIng the 

measurement of SME emissions using FTD. While the GHG Protocol recognises expenditure-

based esImaIon (WRI & WBCSD, 2004), no standardised procedures currently exists for 

applying it at the firm level, nor are expenditure-based emission mulIpliers officially 

published for the UK that are compaIble with the Protocol. This research therefore develops 

a transparent, standardised, and replicable process for producing expenditure-based 

emission esImates consistent with the Protocol’s Scope definiIons. The approach derives 

unit spend emissions mulIpliers from official UK datasets, making use of government 

conversion factors, energy prices, and fuel-use staIsIcs. This is a replicable process that can 

be adapted for other regions given equivalent data. 

Beyond the esImaIon process, the thesis also builds the argument for FTD as a 

viable basis for emission esImaIon among smaller actors - an idea previously explored for 

households (Trendl et al., 2023) but not yet applied to SMEs. By enabling automated, high-

resoluIon insights into SME emissions, the approach has the potenIal to support SME 
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disclosure pracIces and enhance financial-sector applicaIons such as financed-emission 

accounIng and climate-risk assessment, while also providing external stakeholders with 

more accurate data to enable their Scope 3 emissions measurement.  

This approaches contribuIon to enabling the mainstreaming Scope 3 emissions 

provides an addiIonal layer of benefit, where methodology complexity and costs 

surrounding these emissions presents a current substanIal barrier to measurement 

(Acquaye et al., 2014; Cheema-Fox et al., 2021; He+ler and Graf-Vlachy, 2024; Isil and 

SebasIanelli, 2020). Further to this, differences in methodological approaches undermine 

data comparability (Robinson et al., 2015). For SMEs, the sole reliance on costly, data-

intensive micro-analysis poses a major barrier to the widespread adopIon of Scope 3 

emissions measurement. In contrast, FTD-based calculaIons offer a scalable alternaIve that 

overcomes these structural barriers while ensuring standardised and transparent data. This 

approach enables further analysis of firm-level spending pa+erns to idenIfy Scope 3 

emissions hotspots across industries, providing valuable insights for the SME and 

policymakers. 

5.3.1.2 Modelling SME emissions 

The models developed in this thesis differ fundamentally from exisIng esImaIon 

approaches in the literature due to the nature of the underlying data. Whereas most 

previous models rely on self-reported emissions (Assael et al., 2023; CDP, 2020; 

Goldhammer et al., 2017; Griffin et al., 2017; Heurtebize et al., 2022a; Nguyen et al., 2023, 

2021; Serafeim and Velez Caicedo, 2022; Shakdwipee and Lee, 2016; Wang and Ye, 2025), 

this research uses FTD-based emission esImates. This addresses several key limitaIons of 

self-reported data, which are prone to reporIng errors (Financial ReporIng Council, 2021), 

and vary in methodology across firms, ulImately undermining comparability (Dragomir, 

2012; Talbot and Boiral, 2013). By contrast, FTD-based esImaIon ensures that emissions for 

all firms in the sample are calculated using a standardised and transparent process, as 

detailed in Chapters 2 and 3. This consistency enhances the comparability of data, assisIng 

for the inherent limitaIon of using self-reported data, thus allowing more robust 

benchmarking across firms and sectors. 
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A further contribuIon is the impact of the removal of the dependency on self-

disclosures on sample inclusion. The FTD approach enables the inclusion of firms that 

tradiIonally fall outside exisIng emission datasets, expanding both the size and 

representaIveness of the sample: the only prerequisite for inclusion is that a firm holds and 

uses a transacIon account with the parIcipaIng financial insItuIon (LBG). Previous models 

largely exclude SMEs due to their limited disclosure acIvity, whilst the models developed in 

this thesis are trained enIrely on SME data, uniquely tailoring them to the SME context and 

significantly improving the coverage of emission insights for this crucial yet 

underrepresented segment of the economy. SMEs stand to benefit most from accessible and 

efficient emissions esImaIon methods (Goldhammer et al., 2017), given their financial, Ime 

and knowledge limitaIons (Assael et al., 2023), whilst external stakeholders benefit from 

accessing these emission esImates given the lack of alternaIve data on SME emissions 

(Deloi+e, 2024). 

By deploying an OLS regression framework, the approach taken to produce the 

models in this thesis are comparable to previous models. Goldhammer et al. (2017) use the 

joint Scope 1 and 2 emissions of 93 European companies sourced from self-reported 

datasets to produce a regression-based procedure, requiring predictors sourced from their 

financials. Here the authors show model performance gains when treaIng different 

industries individually, with individual regressions or a single regression with industry 

dummy variables performing greater than a pooled alternaIve. The authors also make 

a+empts to further describe intra industry firm heterogeneity aside from size, with metrics 

such as verIcal integraIon and capital intensity. Whilst benefinng from being standardised 

metrics that can be procured from company financials, these variables regularly returned 

non-significant coefficients.  

The models described in this thesis use a hierarchical regression framework that 

incorporates industry-level variables as an essenIal part of the modelling process. This 

approach allows firms within the same industry to be modelled together, while sIll 

recognising differences between sectors. The hierarchical framework shares informaIon 

across industries, meaning that sectors with fewer firms can sIll benefit from pa+erns 
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observed elsewhere, ensuring stability for smaller sectors. With a dataset of over 30,000 

SMEs, this parIal pooling produces more accurate and generalisable results (Gelman and 

Hill, 2006), balancing firm-level variaIon with the stability of industry-level trends. In 

contrast to Goldhammer et al. (2017), the models developed in this thesis found capital 

intensity to be staIsIcally significant, yet coefficients were small, and the improvement in 

model fit was modest.  

The machine learning approaches developed in the literature are intended to train 

models on as much informaIon as possible to maximise the accuracy of predicIons. Whilst 

this is beneficial for the use case of extrapolaIng emissions esImates in emission datasets 

(Nguyen et al., 2021), simpler models achieve both a low user burden and accurate 

predicIons when compared to more complex alternaIves, matching the use case of the 

thesis. 

5.3.1.3 NowcasIng EEMRIO databases 

This thesis then addresses one of the most persistent challenges facing EEMRIO 

users: the mulI-year publicaIon lag. This delay limits the operaIonal use of EEMRIOs for 

real-Ime applicaIons. To explore methods for producing Imelier emission factors, Chapter 4 

systemaIcally evaluates a set of methods, ranging from a minimal inflaIon-only adjustment 

through to region- and industry-specific updates. By tesIng and comparing these methods, 

the chapter shows how differences in data requirements and methodological complexity 

influence nowcasIng accuracy. 

To project base-year tables, Chapter 4 employs an adapted version of the SPIN 

method (Beaufils and Wenz, 2022). In the original paper, the authors use the SPIN method 

to explore alternaIve, hypotheIcal scenarios following the 2008 financial crisis. To the best 

of my knowledge, this thesis presents the first a+empt to reproduce the SPIN method 

specifically to compare projecIons against known MRIO tables. Using this technique in a 

nowcasIng context is valuable because it emphasises operaIonal simplicity while remaining 

faithful to core input-output principles. This makes it suitable for use by non-technical 

pracIIoners and is parIcularly relevant for mainstreaming EEMRIOs in contexts such as SME 

Scope 3 emission esImaIon. 
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Chapter 4 also establishes an error-quanIficaIon framework that evaluates the 

performance of each projecIon approach over a known historical window (2018 to 2022). 

This illustrates how methodological choices, and changing annual contexts, affect the 

stability of key EEMRIO components (𝒇, 𝑨 and 𝒆𝑳𝒑𝒑). At present, the literature contains no 

published assessment of the error and uncertainty involved in using nowcasted MRIO tables 

to esImate environmental impacts or generate output mulIpliers. For nowcasted EEMRIOs 

to be adopted in official or policy senngs, this uncertainty must be understood, 

communicated, and eventually reduced. 

Finally, the chapter provides pracIcal guidance for the operaIonal use of EEMRIOs, 

parIcularly in the context of SME Scope 3 emissions. The finding that simple inflaIon-based 

adjustments perform comparably to more complex projecIon methods has important 

implicaIons. It suggests that for many real-Ime applicaIons, robust price adjustments may 

be more effecIve than a+empIng to replicate detailed structural change. This insight 

provides a foundaIon for integraIng MRIO-based emission factors with high-frequency 

datasets such as FTD, which can support the wider adopIon of EEMRIOs in real-Ime 

emissions analysis. 

5.3.2 Prac2cal Implica2ons 

The outputs of this thesis are primarily designed to address the persistent under-

engagement of SMEs in emission measurement (BBB, 2024), which represents both a 

regulatory and pracIcal omission within current emission accounIng frameworks. SMEs 

make up the majority of the business populaIon and collecIvely contribute a significant 

amount to total business emissions, making their engagement and acIon crucial to 

achieving any decarbonisaIon targets. However, individually, SME contribuIons are ocen 

minimal, whilst their exposure to addiIonal regulatory pressures are higher than larger firms 

(Oluleye et al., 2025). Extending reporIng obligaIons to SMEs therefore presents a complex 

challenge.  

The models outlined in this thesis, and operaIonalised into an SME emission 

predicIon tool, addresses the structural barriers faced by SMEs such as limited funding, 

resources, and experIse (Caldera et al., 2019; Menon and Ravi, 2021), providing a starIng 
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point for SMEs to engage with strategies to reduce their associated emissions, whilst 

removing the burden of emission measurement from the business. The tool, currently 

available on CRAN, would gain greatest credibility if distributed through financial insItuIons 

with academic validaIon, allowing SMEs to use trusted channels while avoiding both the 

burden of emissions measurement and the confusion created by the wide and inconsistent 

range of private carbon calculators. This would also create opportuniIes for FIs to promote 

targeted green financing products that align with each firm’s emissions profile make-up, 

offering the most relevant and impacuul improvements. Whilst affordability isn’t impacted, 

connecIng relevant products to SMEs overcomes some barriers to accessing external 

funding (Appiah-Kubi et al., 2024b). When adopted, green financing has been shown to 

generate energy efficiency gains, cost savings, and enhanced environmental disclosure, as 

firms seek both to demonstrate efforts and to track improvements over Ime (Bouchmel et 

al., 2024; Liu et al., 2022). 

Beyond the direct use to SMEs, external stakeholders also have a growing demand 

for this type of emissions data. Large corporaIons require reliable informaIon on their 

suppliers’ Scope 1 and 2 emissions to calculate their own Scope 3 footprints. Likewise, 

financial insItuIons depend on emissions data to calculate financed emissions and climate-

related financial risks across their poruolios. At present SME data is missing. Providing 

consistent, high-quality emissions data at the SME level therefore supports wider 

transparency and accountability within both supply-chain and financial-sector disclosure 

frameworks. 

Finally, this thesis has highlighted the missed opportunity created by the absence of 

a centralised repository for SECR disclosures. ConsolidaIng these reports into a single 

structured dataset would provide a valuable resource for analysts, researchers, and 

policymakers, enabling more robust understanding of firm-level emissions and sectoral 

trends. It is therefore recommended that, going forward, SECR disclosures be provided both 

within annual accounts and through submission to a central, accessible database, in order to 

maximise their analyIcal and policy value. 
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5.3.3. Policy Implica2ons 

5.3.3.1 Spend-based methods 

FTD provides a new basis for data-driven insights that were previously impossible to 

obtain at scale. Spending pa+erns can reveal valuable proxies for energy use and fuel 

consumpIon, the idenIficaIon of spending pa+erns, and upstream emissions drivers. In this 

thesis, by capturing real financial acIvity across thousands of firms, FTD has enabled the 

idenIficaIon of supply-chain emissions drivers with far greater efficiency than tradiIonal 

methods. These insights can directly inform net zero strategies by highlighIng where 

emissions are generated and where intervenIons are likely to have the greatest impact. Our 

analysis shows that upstream emissions are highly concentrated and overlapping across 

industries, revealing shared hotspots that can act as policy leverage points (Meadows, 1999), 

where modest but well-coordinated intervenIons could materially reduce overall emissions 

(Science Based Targets iniIaIve, 2018). 

This thesis also demonstrates that FTD can provide a credible and scalable means of 

filling this SME data gap. By leveraging rouInely collected financial data already held by 

financial insItuIons, FTD-based esImaIon enables automated and standardised emissions 

calculaIons without imposing new reporIng burdens on firms. The untapped potenIal of 

FTD as a low burden method of generaIng automated emissions data is recognised by 

iniIaIves such as the UK focused Bankers for Net Zero (2022). 

However, the final year of this research, 2025, saw the demise of the Net Zero 

Banking Alliance, a global coaliIon of financial insItuIons, following a wave of departures 

that exposed growing divergence in global antudes toward coordinated climate acIon. This 

began in response to the shicing poliIcal environment linked to the 2024 US elecIon with 

six major US banks leaving. These exits triggered subsequent UK departures; HSBC stepped 

back to pursue its own transiIon strategy, while Barclays argued that the alliance “no longer 

has the membership to support our transiIon” acer most global peers had already 

withdrawn (Messenger, 2025). In this context, there is both an opportunity and a clear need 

for UK policy to provide clearer guidance on how banks can best use their data assets to 

support the net zero transiIon in a way that aligns with naIonal strategy.  
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In the UK, Scope 1 and 2 emission factors are published only in acIvity-based form. 

AcIvity data is, and remains, the preferred basis for Scope 1 and 2 reporIng under SECR for 

larger firms, but this approach is far less pracIcal for SMEs, who lack the resources to collect 

detailed operaIonal data and conduct accurate emissions calculaIons. Enabling SMEs to 

calculate emissions using spend data removes a significant burden and increases the 

likelihood of meaningful engagement. It would be a posiIve acIon to include the GHG 

Protocol aligned spend-based mulIpliers, derived in this thesis, in the annual emission 

mulIplier dataset (BEIS and DEFRA, 2022) 

UKMRIO emission factors are also not currently provided in a form that aligns with 

the GHG Protocol or incorporates transparent inflaIon adjustments to address the Ime lag 

in MRIO publicaIon. To mainstream the use of input–output analysis for Scope 3 

calculaIons, UK-focused EEIO mulIpliers derived from the UKMRIO should be made 

available through an accessible interface designed specifically to support Scope 3 esImaIon. 

Establishing a naIonally endorsed, regularly updated set of UK spend-based mulIpliers, 

supported by clear methodological guidance, would enable firms to produce emissions 

esImates that are consistent, credible, and aligned with naIonal policy expectaIons. Recent 

tools such as ClimaIq, which offers EXIOBASE-derived mulIpliers via API, demonstrate both 

the strong demand for simple spend-based factors and the feasibility of delivering them in a 

user-friendly, well-documented format (ClimaIq, 2025). 

5.3.3.2 External Predic2on Models  

The models developed in this thesis offer a non-intrusive way to harness the 

emissions insights that can be derived from FTD. By aggregaIng micro-level transacIon data 

into sector-level insights, the approach avoids breaching privacy boundaries, whilst 

converIng what would otherwise remain private data into publicly usable insights. 

These models provide a pracIcal mechanism for larger companies to improve Scope 

3 emissions reducIon schemes. Although these models do not replace the use of EEIO 

mulIpliers for Scope 3 esImaIon, they offer a useful starIng point for supplier engagement 

between larger firms and SMEs. By providing indicaIve emissions esImates based on simple 

informaIon such as industry classificaIon and turnover, the models allow reporIng firms to 
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idenIfy where engagement may be most effecIve without requiring SMEs to generate 

detailed emissions data. This reduces the reporIng burden placed on SMEs and lowers the 

risk that smaller suppliers are disadvantaged or excluded from value chains due to limited 

disclosure capacity. 

The models in this thesis also have direct applicaIon for financial insItuIons 

reporIng financed emissions under the PCAF. Banks ocen struggle to esImate emissions for 

SME borrowers, since most do not disclose primary emissions data, resulIng in reliance on 

low-quality esImates. The models presented here offer a pracIcal alternaIve, that improves 

on the accuracy of esImates by up to 50% (Phillpo+s et al., 2025).  

Recent developments within PCAF reinforce the value of such approaches. In 2025, 

PCAF integrated the Comprehensive Environmental Data Archive (CEDA) into its database to 

expand access to standardised proxy emission factors. This shic highlights the growing need 

for credible and transparent esImaIon methods when primary emissions data are 

unavailable. The SME models developed in this thesis complement this direcIon by offering 

an addiIonal data source tailored to smaller firms, a group that remains largely 

unrepresented in exisIng emissions datasets (PCAF, 2025). 

5.3.3.3 Nowcasted EEMRIO 

The nowcasIng procedures developed in this thesis begin to address the mulI-year 

publicaIon lag associated with EEMRIO databases, a limitaIon that has been explicitly 

highlighted by the UK Climate Change Commi+ee (CCC). Here, the Commi+ee stressed that 

greater investment in the collecIon and reporIng of consumpIon-based emissions is 

needed to ensure staIsIcs are produced on a Imely, annual basis. Without such 

improvements, the UK’s consumpIon-based accounts will conInue to rely on lagged data 

and may fail to capture genuine, real-Ime reducIons in the naIon’s carbon footprint (CCC, 

2022. p494). By demonstraIng that relaIvely simple adjustments, such as inflaIon-based 

updates to MRIO-derived emission factors, can achieve accuracy levels close to more 

complex projecIon techniques, this thesis offers a pracIcal route for producing interim 

updates to the UKMRIO.  
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The relevance of this work becomes especially clear in the context of the UK’s 

forthcoming Carbon Border Adjustment Mechanism (CBAM), scheduled to begin phasing in 

from 2027 (HM Treasury and HM Revenue & Customs, 2024). An effecIve CBAM requires 

accurate and up-to-date esImates of the embodied emissions in imported products, yet 

current MRIO data lags limit the UK’s capacity to assess these impacts. Timelier MRIO 

insights would allow policymakers to be+er understand how domesIc decarbonisaIon 

interacts with internaIonal trade pa+erns at a Ime when more jurisdicIons are introducing 

similar border-carbon measures.  

5.4 Limita'ons and Challenges  

5.4.1 Validity of Emission Es2mates  

FTD-based emission esImates provide a simplified representaIon of firms' 

emissions, and their validaIon is difficult due to the limited availability of alternaIve data. 

Whilst the methodology used in this thesis is transparent and theoreIcally grounded, the 

lack of comparable datasets introduces uncertainty around the accuracy of FTD-based 

esImates. For Scope 1 and 2 emissions, the validaIon challenge is more manageable. These 

emissions relate to direct operaIonal acIviIes, such as fuel use and electricity consumpIon, 

which are typically captured through metered data, billing records, or other quanIfiable 

sources. While self-disclosed Scope 1 and 2 data, including SECR submissions, have restricted 

coverage, may contain errors, and ocen require manual compilaIon, they nonetheless 

provide an idenIfiable reference point for indicaIve comparison. 

Scope 3 presents a different limitaIon. The issue is not only that data coverage is 

limited, but that comparable alternaIve data is largely absent. Scope 3 emissions encompass 

wide-ranging and complex value-chain acIviIes, and variaIons in category boundaries, 

supplier assumpIons, and emission factors mean that firms apply varied methodological 

approaches. This introduces substanIal subjecIvity into exisIng Scope 3 assessments. 

Consequently, disclosed Scope 3 figures cannot be treated as empirical truths or definiIve 

benchmarks, as they reflect methodological choices as much as underlying acIvity. 
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5.4.2 Coverage of the Model 

5.4.2.1 Industry Coverage 

While the modelling approaches presented within this thesis improves accessibility, 

some industries are excluded due to limited sample sizes or unreliable turnover esImates. 

The method is also less suitable for sectors such as agriculture, where a large share of 

emissions arises from process-based acIviIes rather than fuel combusIon and is therefore 

not captured in FTD. A full list of excluded SIC codes and the implicaIon of their removal is 

provided in Table S2 of SupporIng InformaIon S2.1. To assess the impact of exclusions, 

business populaIon data (BEIS, 2022) is compared to the predicIon model coverage, 

idenIfying the SIC codes that have the highest exclusion impact. The model produces 

complete emissions profiles for over 71% of UK SME populaIon, with scope to expand this 

further if trade-offs in accuracy are acceptable. Of the excluded SMEs, 25% are excluded due 

to our iniIal exclusions, with an addiIonal 4% excluded because of sample size within our 

restricIon process. Of the SIC codes excluded from the analysis, most account for only a 

small proporIon of the UK’s SME populaIon. The main excepIons are agriculture and 

service sectors such as insurance, real estate, legal, and accounIng services, which together 

contain approximately 5% and 16% of UK SMEs respecIvely. Industries with disIncIve 

emissions profiles, such as agriculture, require specialised esImaIon tools to account for 

their unique producIon processes and resource use. In contrast, the service-sector SMEs, 

were excluded due to the frequent occurrence of non-turnover credit flows, which cause a 

systemaIc overesImaIon of turnover when calculated from FTD.  

5.4.2.2 Emission Coverage 

As menIoned previously, FTD-based emission esImates capture a simplified version 

of emissions. For Scope 1 and 2 emissions, switching away from physical acIvity data means 

monetary units are used to infer consumpIon quanIIes, and their subsequent emissions. 

This is parIcularly problemaIc in electricity purchases due to energy tariff bands as 

businesses consuming more energy typically pay less on a per-unit basis. Adjustments are 

therefore required to account for this.  
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AddiIonally, FTD lack the granularity of receipt-level analysis. Emission conversion 

factors are therefore applied at the merchant category level only (Trendl et al., 2023). This 

means transacIon-based emission esImaIon relies on assumpIons regarding energy mix, 

since many energy suppliers provide both natural gas and electricity, and petrol staIons sell 

both diesel and petrol. Consequently, a single conversion factor produces emissions from 

petrol staIon purchases, whilst all electricity purchases are converted on a locaIon-basis 

(naIonal grid intensity factor), regardless of tariff. In addiIon, models only capture the 

Scope 1 and 2 emissions generated from a firm’s energy-use, mirroring what is required of 

larger firms under the SECR framework. This means emissions that occur from a firm’s 

process are not included. It is for this reason that industries like agriculture, water and waste 

are not included.  

For the esImaIon of Scope 3 emissions, the UKMRIO is used to calculate selected 

Scope 3 categories. This approach assumes that the supply structure of each purchase can 

be approximated by the corresponding economic sector as represented in the UK Supply and 

Use Tables (ONS, 2022; Schmidt et al., 2022). In this study, emissions are modelled for five of 

the ficeen Scope 3 categories, excluding several major sources such as the use of sold 

products and capital goods.  

5.4.2.3 Regional and Longitudinal Coverage 

This analysis reflects a one-year snapshot, aligning with pracIcal deployment. Future 

iteraIons of the model can be easily updated, with new FTD and emissions conversion 

factors. In addiIon, the model is developed with UK data, its applicability is therefore limited 

to non-cash-based, digital economies with comprehensive FTD. SME acIvity is ocen shaped 

by regional factors, model development for other economies requires changes to conversion 

factors, currencies, grid intensiIes, and other differences. This presents an opportunity for 

collaboraIons between policymakers and financial insItuIons in other regions. 

5.4.3 Nowcas2ng the UKMRIO 

Several limitaIons help explain the error levels observed across the nowcasIng 

methods of Chapter 4. First, the analysis does not incorporate addiIonal GHG emissions 

data, instead modelling emissions changes through relaIonships with macroeconomic 
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growth rates. Although supplementary datasets exist, they are not available at the level of 

aggregaIon required for the UKMRIO and are published far less frequently than 

macroeconomic indicators such as GDP. In principle, the most recent UK environmental 

accounts could be added, but doing so would sIll leave two missing years to esImate, 

limiIng the pracIcal benefit. A related limitaIon is that industry-level emissions are 

allocated using base-year shares. This is a pragmaIc choice in the absence of consistent, up-

to-date emissions or energy data, but it weakens accuracy in sectors with volaIle emissions. 

For example, aviaIon emissions fell sharply in 2020 and 2021, yet the method retains the 

base-year distribuIon, leaving this reducIon unrepresented.  

A further limitaIon stems from the need to convert the UKMRIO from its Supply and 

Use Table structure into a symmetric input–output table before nowcasIng. This 

transformaIon inevitably introduces its own assumpIons and potenIal distorIons, which 

may take away from the SNAC focus of the UKMRIO. 

5.5 Future Research Direc'ons 

5.5.1 Addressing the Limita2ons  

There are some clear paths to overcoming some of the key limitaIons menIoned 

above. First, comparisons of FTD-based emission esImates against alternaIve firm-level 

microdata is enIrely possible. For Scope 1 and 2 emissions, potenIal comparable emissions 

data include self-disclosed reports such as those submi+ed under the SECR framework. 

However, these are constrained by limited sample sizes, business size thresholds, and the 

need for manual data collecIon.  

Survey data, such as the Annual Business Survey (ONS, 2024), offers a path to 

comparing Scope 3 esImates. Trendl et al. (2023) conducts a comparison between 

household FTD and household survey-based esImates, finding FTD serves as a credible 

alternaIve, with a broad agreement between the two data sources across key emission 

areas and demographic characterisIcs. An equivalent validaIon in the commercial sector 

remains unexplored and would address this gap, helping to clarify the current uncertainIes 

around the validity of FTD Scope 3 emission esImaIon. 
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The most informaIve validaIon exercises would compare emissions esImates 

derived from FTD, accountancy records, physical acIvity data, and survey-based approaches 

in parallel. This would allow the differences between methods to be idenIfied and 

quanIfied. Such a study, however, would require acIve parIcipaIon from SMEs to supply 

their accountancy and acIvity data, cooperaIon from the financial insItuIon providing FTD, 

and access to the relevant business survey. 

Related to this point, the inclusion of accountancy data in this could allow for the 

inclusion of some service-sector firms, such as those in insurance, real estate, and legal or 

accounIng services, which were excluded due to uncertainty in their FTD-based turnover 

esImate, from frequent handling of non-turnover credit lines (e.g., deposits) leading to 

systemaIc overesImaIon of turnover. In Chapters 2 and 3, these exclusions accounted for 

16% the SME populaIon uncaptured by the model. In principle, these firms could be 

incorporated if turnover were measured using accountancy-based figures rather than FTD 

credit lines. This was not feasible within the scope of the present study as accountancy data 

are not rouInely collected by financial insItuIons.  

Other industries, such as agriculture, energy and water, were excluded because they 

involve substanIal sector-specific emission sources that would require tailored modelling 

approaches. Although many of these sectors have relaIvely small SME populaIons, some 

contain a significant number of SMEs. Agriculture is the most notable example, with 5% of all 

SMEs operaIng in this sector (BEIS, 2022). Wells et al. (2025) demonstrate how a sector-

specific approach can be developed for this industry, using a hierarchical framework similar 

to the methods used in this thesis. Their model, which incorporates variables such as pigs, 

sheep, dairy cows, fuel spend, ca+le and farm size (expressed relaIve to turnover), achieves 

an RSQ of 0.91 in explaining variaIon in emission intensity across farm types. 

Moreover, to address the categories of Scope 3 emissions uncaptured in Chapter 4, a 

benchmarking approach has been adopted using data from the CDP corporate disclosure 

database (Buchenau et al., 2025). However, this adjustment relies on self-reported figures, 

which are subject to well-documented issues of completeness, representaIveness, and 
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methodological inconsistency. Modelling frameworks for quanIfying downstream Scope 3 

impacts would make a valuable contribuIon. 

Finally, future nowcasIng focused research should focus on developing a SNAC 

framework for EEMRIOs (like the UKMRIO). The approaches used in this thesis replicated 

assumpIons currently employed, which operate for global MRIOs, which opImise accuracy 

across regions rather than prioriIsing naIonal relevance. A dedicated SNAC method would 

instead draw directly on UK-specific data sources, including naIonal accounts, sectoral 

staIsIcs, trade data and environmental accounts, ensuring projecIons are firmly aligned 

with the domesIc economy and more useful for policy analysis. Importantly, future efforts 

should aim to nowcast the UKMRIO in its original SUT form rather than converIng to a 

symmetric IO table, since this conversion introduces addiIonal assumpIons and potenIal 

distorIons. A SNAC-based SUT nowcasIng approach would be+er preserve accounIng 

consistency and provide more robust foundaIons for naIonal-level consumpIon-based 

emissions monitoring. In the UK, Supply and Use Tables are constructed from 349 individual 

data sources, reflecIng the depth and detail of the underlying system (ONS, 2025c). A future 

nowcasted iteraIon of the UKMRIO could examine how many of these sources are reported 

more frequently and whether they can be used to construct preliminary, nowcasted SUTs 

during the lagged period. 

5.5.2 Wider Research Applica2on 

There are also several wider research opportuniIes that follow directly from this 

thesis. The potenIal applicaIons of FTD are extensive, given its unprecedented coverage 

and the limited academic literature that currently exists on its use for emissions esImaIon. 

One valuable direcIon is the development of mixed-methods studies that combine 

the vast, quanItaIve insights (exemplified in this thesis), with qualitaIve engagement from 

firms. This would require direct engagement between the financial insItuIon and 

parIcipaIng firms, which may increase the cost and Ime required to conduct the study. 

However, this would enable the creaIon of a voluntary sample of businesses who can 

provide contextual insights, beyond the FTD esImaIons, through interviews or surveys. 

Researchers can then assess both the empirical accuracy of FTD-derived esImates and the 
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perspecIves of firms regarding their credibility and usefulness. Such work could also idenIfy 

how businesses interpret the emission informaIon derived from FTD and where they 

perceive uncertainty or misalignment with operaIonal realiIes. Related to this, future work 

could examine how the FTD-based emissions tool developed in this thesis should be 

designed to maximise SME engagement. A trial phase involving a sample of firms could 

explore preferred formats, levels of detail and types of guidance that transform emissions 

esImates into acIonable next steps. This would also provide an opportunity to understand 

behavioural and organisaIonal barriers to decarbonisaIon and to test whether the provision 

of automated esImates influences decision making in pracIce. 

A further research avenue is the integraIon of FTD-based esImates with exisIng 

Scope 3 accounIng pracIces. Although FTD does not replace EEMRIO methods for larger 

corporate emissions reporIng, it can complement these frameworks by offering supplier-

specific indicators that refine hotspot idenIficaIon, supplier screening and uncertainty 

assessment. Future studies could invesIgate how FTD-derived insights align with or diverge 

from spend-based EEIO esImates and whether hybrid approaches could improve the 

reliability or granularity of value-chain emissions assessments. There is also significant 

potenIal to use FTD to disaggregate industry-level emissions between SMEs and larger 

firms. Current environmental accounts typically report emissions at broad industry levels 

without disInguishing contribuIons from firms of different sizes. Aggregated FTD-based 

emissions profiles, combined with structural business staIsIcs or environmental accounts, 

could enable researchers to esImate size-specific emission intensiIes and to understand 

how emissions are distributed across firm types within industries. This would refine 

assumpIons used in EEMRIO modelling. 

Finally, the sectoral detail available in FTD creates opportuniIes for industry-specific 

research. Future studies could focus on a single sector, such as manufacturing, construcIon 

or accommodaIon and food services, to examine how spending behaviours, supply-chain 

structures and emissions profiles vary within industries. Such sector-focused analyses could 

reveal heterogeneity that is obscured in aggregate models and would provide insights 

directly relevant to industry-level policy design. 
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5.6 Smaller Actors within a Fragmen'ng Net Zero Context 

To sustain momentum, environmental policies should be grounded in realisIc, 

evidence-driven outcomes that consider impact, operaIonal feasibility, and the wider 

economic context. Globally, and within the UK, the long-standing consensus on net zero and 

climate policy has begun to fracture. This period of poliIcal agreement may have fostered a 

degree of complacency, leaving certain policies vulnerable to criIcism. LegiImate concerns 

have been raised about the offshoring of carbon-intensive industries, causing significant job 

losses, and impacted both the economic stability of local communiIes and vulnerability to 

external global shocks. The failure to anIcipate and manage these transiIons effecIvely is 

concerning (CCC, 2025). As global emissions conInue to increase, these impacts undermine 

the integrity of the UK’s net zero commitments and risks eroding public confidence, support, 

and engagement with the transiIon. 

The findings of this thesis demonstrate that emission measurement and 

management can be pracIcally achievable through FTD, and subsequent models. By 

applying transacIon-based methods, emissions can be transparently and consistently 

esImated without imposing excessive reporIng burdens on SMEs. This creates a pragmaIc 

middle ground which supports engagement, without overwhelming SMEs, helping to 

maintain parIcipaIon in the transiIon. 

The SME populaIon, targeted in this thesis, will play a vital role in the collecIve 

transiIon toward a more sustainable future. A future where the global economy stops 

pushing the plant to its environmental limits. The individual choices of smaller actors 

aggregate into wider outcomes, meaning that small-scale acIon replicated across millions of 

firms, can have a substanIal cumulaIve impact. The provision of emissions esImates 

through the models in this thesis offer SMEs a clearer starIng point for taking pracIcal 

decarbonisaIon acIons. For SMEs, Scope 1 and 2 emissions can be reduced through 

pracIcal steps such as the electrificaIon of machinery and vehicle fleets, the adopIon of 

more efficient logisIcs and operaIons, and investment in modern, lower-emission 

technologies. For Scope 3 emissions, the insights provided by the model can help SMEs 

reflect on procurement choices, pursue low-carbon or locally produced alternaIves, 
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strengthen waste management pracIces, and encourage lower-emission employee 

behaviours such as public transport use, cycling or car-sharing. In this way, modelled 

esImates can support SMEs in understanding where emissions arise within their acIviIes 

and where targeted intervenIons may be most effecIve. 

It is, however, important to acknowledge the constraints many SMEs face. In addiIon 

to heightened economic vulnerabiliIes, many have limited capacity or incenIve to invest in 

long-term decarbonisaIon measures. SMEs operaIng out of rented or shared premises lack 

the autonomy to install solar panels, retrofit buildings, or replace heaIng systems with heat 

pumps (Mazhar et al., 2024). Similarly, SMEs face barriers to fleet electrificaIon due to high 

upfront costs. These constraints mean that while SMEs can make incremental 

improvements, their potenIal to decarbonise independently remains limited without 

support.  

The effecIveness of SME decarbonisaIon therefore depends on the systemic 

enablers that determine whether sustainable opIons are accessible, affordable, and reliable 

(Pinkse et al., 2024). Smaller actors operate within economic and insItuIonal systems that 

strongly shape the boundaries of their choices. Among the most criIcal enabler is access to 

low-cost low-carbon energy. The economy can be understood as a system that transforms 

energy into goods, services, and waste, a view grounded in ecological economics (Daly, 

1996; Georgescu-Roegen, 1971). In the case of SMEs, livelihoods are closely Ied to the 

conInuity and viability of these firms, making energy accessibility and compeIIveness 

important. Efforts to accelerate grid decarbonisaIon must be designed with care, given 

SMEs face higher economic and regulatory exposure than larger businesses (Oluleye et al., 

2025). 

The CCC idenIfies lowering the cost of clean electricity as the single most important 

acIon for decarbonising the UK economy (CCC, 2025). Yet, paradoxically, high electricity 

prices are ocen cited as one of the main arguments against renewable grid expansion 

(Holton and Twidale, 2025). Addressing this tension requires coordinated policy acIon to 

both manage energy prices and improve transparency around the true costs and benefits of 
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the energy transiIon. Doing so is essenIal to sustain public and business confidence in 

renewable energy investment. 

Recent evidence underscores the broader economic benefit of renewables: O’Shea et 

al. (2025) esImate a net benefit of £104.3 billion to UK consumers from wind power 

investment between 2010 and 2023. Such findings should be widely communicated and 

used to expose and correct systemic inequiIes in the energy system, where, as the authors 

note, “natural gas users, who pay nothing towards wind investment, have enjoyed 82% of 

the benefits”. In addiIon, grid capacity and infrastructure, and access to finance are equally 

important enablers. Without sufficient grid capacity investment, the electrificaIon of heat, 

transport, and industrial processes will stall (Butler et al., 2023). Similarly, affordable 

financing mechanisms and tailored green loan products are essenIal for helping SMEs 

overcome upfront cost barriers and invest in energy efficiency or renewable technologies 

(Oyewole et al., 2024).  

The role of SMEs in the UK must also be understood within a global context. 

Although the UK now contributes only a small fracIon of global territorial emissions, it 

carries a disproporIonate historical responsibility as one of the earliest industrialised 

economies and remains among the world’s top five historical emi+ers (Carbon Brief, 2023). 

Furthermore, emissions measured on a consumpIon basis and adjusted for populaIon 

reveal the UK’s per capita footprint is approximately 65% higher than the global average 

(Ritchie et al., 2023). The UK’s territorial emission reducIons should therefore not be seen 

as the sole focus of its climate strategy. As domesIc emissions fall, a growing share of the 

UK’s carbon footprint is embedded in imported goods and services, highlighIng the need to 

address pa+erns of overconsumpIon alongside producIon-based measures (Barre+ et al., 

2013; DEFRA, 2025a). It is also essenIal to address not only domesIc emissions, but the 

wider environmental impacts embedded in global supply chains, ensuring that the UK's 

progress toward net zero is not achieved at the expense of increasing emissions abroad.  

The UK’s role in this context involves developing and deploying technological and 

policy innovaIons that can be replicated globally, from low-carbon industrial processes to 

financial mechanisms that incenIvise greener supply chains. Although the UK’s current 
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direct impact on global emissions is limited, its influence lies in demonstraIng how 

advanced economies can decouple prosperity from carbon intensity whilst taking 

responsibility for the full impact of its consumpIon.  

Crucially, the framing of the transiIon to net zero requires careful consideraIon. 

Beyond its environmental benefits, decarbonising energy systems represents a strategy for 

long-term economic stability and naIonal security. Reliance on volaIle fossil fuel markets 

exposes economies to price shocks, supply disrupIons, and geopoliIcal tensions (Energy 

Crisis Commission, 2024). In recent years the Russia-Ukraine war has exemplified the 

vulnerabiliIes of the UK’s current energy systems, with £39.3 billion of government support 

required between October 2022 and March 2023 (DESNZ, 2023b), and a total of £140bn 

from the start of the war (2021) to the end of 2024 (Energy & Climate Intelligence Unit, 

2025), all the while energy prices remain almost 50% higher in late 2025 than in the winter 

of 2021/22 (Bolton, 2025). In contrast, sustained investment in renewable energy protects 

firms and households from future volaIlity. Moreover, not only do the economic costs of 

inacIon far outweigh the costs of a planned transiIon (The Economist Intelligence Unit, 

2015; World Bank, 2024), but recent evidence suggests that the energy transiIon can yield 

significant benefits in pure financial terms (O’Shea et al., 2025). 

Climate policy framed as a robust economic strategy transforms net zero from an 

environmental obligaIon into a long-term investment in naIonal resilience. Such an 

approach helps policy to transcend elecIon cycles, which importantly ensures conInuity and 

confidence along the transiIon process. For smaller actors, this perspecIve rephrases 

parIcipaIon in decarbonisaIon as an investment in their own resilience and 

compeIIveness. 

5.7 Conclusion 

This chapter has demonstrated how the preceding secIons addressed each of the 

RQs set out in Chapter 1. Following this a discussion on the impacts, contribuIons, 

limitaIons, and potenIal future direcIons of this work is laid out. It then places this 

research in the wider context of progressing the decarbonisaIon agenda. The remaining 
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secIon demonstrates how this thesis fulfils its overarching aim, before ending on some 

concluding remarks.   

5.7.1 Overarching Aim 

The objecIve of this thesis, laid out in Chapter 1, was to explore FTD as a means to 

deliver real-Ime, standardised esImates of SME emissions, thereby lowering knowledge 

barriers and supporIng pracIcal pathways to sustainable acIons. This aim is achieved 

throughout the empirical chapters. Chapter 2 presents a process of converIng FTD into 

Scope 1 and 2 emissions, before developing and accessing a model capable of predicIng 

these emission insights, in the absence of this granular, private data. Chapter 3 then extends 

this work to Scope 3 emissions, where compaIble categories of Scope 3 are calculated, and 

subsequently predicted using the same modelling approach. These chapters found that a 

simple model, requiring two user inputs of firm industry and annual turnover, was suitable in 

capturing a large proporIon of the variaIon in the data. This provides a parsimonious 

approach to emission modelling, which has the potenIal to benefit both the SME, and 

external stakeholders such as policy makers and financial insItuIons. This thesis therefore 

addresses the two research quesIons; “Can FTD be used to produce models that capture 

variaIon in SME emissions across SMEs and industries?” and “What level of accuracy can be 

retained whilst minimising user input requirement to produce SME emission esImates?” 

Chapter 5 then invesIgates methods to overcome the mulI-year Ime lag associated 

with EEMRIOs, a limitaIon that restricts their mainstream use for applicaIons such as Scope 

3 esImaIon. The results show that, although average error levels are similar across 

approaches, moderate adjustments to regional size and trade flows (Method 2) offer a 

balance between complexity and performance. Accuracy is strongest in stable years and 

weakest during periods of economic disrupIon, highlighIng the difficulty of replicaIng the 

detailed structure of an EEMRIO, further reinforced by uncovered sensiIviIes to changes in 

how EEMRIOs are constructed. For pracIIoners, these findings indicate that at this stage, 

addiIonal methodological complexity does not consistently improve accuracy, and that 

simple adjustments, such as accounIng for changing price levels, may ocen be as effecIve. 

Taken together, these results address the research quesIon: “What processes are required 
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to ensure FTD is applied to Imely emission conversion factors, thus enabling real-Ime 

esImates?”. 

5.7.2 Concluding Remarks 

Achieving any regional net zero ambiIon requires coordinated acIon across all parts 

of the economy, including the many SMEs whose emissions remain difficult to quanIfy and 

manage. Addressing the current disconnect between the economic acIvity and 

environmental harm of SMEs is therefore essenIal. This thesis has demonstrated how FTD, a 

resource already collected at scale, can help bridge this gap by generaIng credible esImates 

of firm-level emissions and revealing pa+erns that would otherwise remain unobserved. It 

also invesIgates the processes required to maximise the high frequency of FTD through 

nowcasIng and inflaIonary adjustment techniques. Although these approaches cannot 

subsItute for the structural and infrastructural advancements required for complete 

decarbonisaIon, they demonstrate the value of data-driven methods in supporIng a more 

transparent and inclusive net zero transiIon. Through these methodological and empirical 

advances, the thesis contributes to ongoing efforts to expand parIcipaIon in climate acIon 

and ensure that progress toward net zero is both Imely and equitable.  
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Appendices 
Suppor&ng Informa&on Chapter 2 

Suppor2ng Informa2on S2.1 – Sample Selec2on Process 
This document provides a comprehensive descrip2on of the sample selec2on process. It 

includes a table detailing the ra2onale and impact of each step involved in genera2ng the final 

samples. Addi2onally, pre- and post-restric2on distribu2ons are presented to illustrate the correc2on 

of irregulari2es. A complete list of SIC codes is also provided, with excluded codes clearly iden2fied 

along with the corresponding jus2fica2on. 

Table S1 outlines the restric2on process required to procure our sample for Scope 1 and 2 

emission es2ma2on. Each step is provided with corresponding ra2onale and sample impact (number 

of firms and industries remaining in the sample). For steps 2, 3, and 4 which involve the crea2on of 

metrics used to iden2fy representa2ve data, we also provide pre- and post-distribu2on plots. This 

can be used to understand the challenges we intend to correct for, and output distribu2ons. 

Finally, in Table S2 we include a full list of SIC codes, with excluded industries iden2fied and 

the ra2onale alongside sample and popula2on sizes of each SIC, presen2ng the impact of industry 

exclusions. This relates to the ra2onale of step 1a, and is discussed further in Sec2on 2.7.3.
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Table S1. Sample restricIon steps and impact 

 
 
 

Restric/on Step Ra/onale 
Impact 

Scope 1 Scope 2 
Firms Industries Firms Industries 

1a. Eligible sample Exclude firms that operate within flagged industries. 424,764 60 424,764 60 
1b.  Exclude firms outside defined SME revenue brackets. 352,811 60 352,811 60 
1c.  Exclude firms with zero scope related spend. 97,957 54 166,169 55 

2. Minimum account ac5vity 

 
Exclude firms with dormant accounts, we set a minimum threshold for 
total transac5ons to 60 in 2021 (averaging 5 per month). 
 

97,608 54 161,845 55 

3. Account use metric 

To iden5fy and exclude firms with unusual bank account ac5vity we divide 
the number of annual transac5ons made by firm turnover. We group firms 
by size and industry and remove the remove the upper and lower 10% of 
each distribu5on. 

77,771 52 129,171 55 

4. Energy and fuel spend to 
turnover 

 
To remove outliers, caused by ar5ficially low or high turnover levels,  
we divide annual energy and fuel spend with turnover and exclude the top 
and botom 5%. This step ensures turnover figures are representa5ve, 
consider the firm’s energy and fuel spend. 

62,828 52 116,211 55 

5. Energy and fuel spend to 
total spend 

 
Finally, we calculate an energy intensity metric, dividing energy and fuel 
spend by total spend. In this process, we iden5fy firms with ar5ficially high 
or low energy and fuel spend as a share of their total spend. We group 
firms by size and industry and remove the upper and lower 15% of each 
distribu5on. We conduct a sensi5vity analysis to assess the impact of 
varying the sample restric5on thresholds and present these results in 
Sec5on 3.3. 
 

39,702 44 92,714 54 
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Pre- and Post- Distribu0on Plots  
 
Step 3 – Account Use Metric 

AQer calcula2ng the account usage metric (annual transac2on count divided by turnover), 

we iden2fy issues at both ends of the distribu2on. Firstly, we no2ce a substan2al number of near-

zero values, indica2ng that account usage is exceedingly low rela2ve to firm size. Secondly, we 

observe a long right tail, which signifies the presence of firms with excep2onally high account usage 

rela2ve to their size. To address these dispari2es, we group firms by industry and size, subsequently 

trimming the lower and upper 10%. This results in a refined distribu2on post-restric2on. 

 
Figure S1. Pre- and post- restric2on plots for account usage 
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Step 4 – Energy and fuel spend to turnover 

AQer calcula2ng energy and fuel expenditures rela2ve to turnover, we again iden2fy issues at 

both ends of the distribu2on for each fuel type. As previously noted, a significant number of near-

zero values indicate low spending in these categories rela2ve to firm size. Addi2onally, we observe 

extremely long right tails, sugges2ng that some accounts exhibit excep2onally high spending in these 

areas rela2ve to their size. Given that this step aims primarily to eliminate outliers resul2ng from 

ar2ficially high or low observed turnover levels, we only group firms by industry before removing the 

lower and upper 5% of the distribu2on. Notably, we find that right tails persist to an extent, 

par2cularly in the fuel and gas categories. Upon further inves2ga2on, we determine that the firms 

within these extremes belong to a limited number of industries, leading us to conclude that fuel and 

gas consump2on may indeed be higher in these specific sectors. 

Figure S2. Pre- and post- restric2on plots for energy and fuel spend to turnover 
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Step 5 – Energy and fuel spend to total spend 

AQer resolving issues related to turnover and general account usage, we introduce a 

restric2on to control for the propor2on of total expenditure that firms allocate to energy and fuel. 

Prior to this restric2on, we observe that many firms spend close to 0% of their total budget on 

energy and fuel, while others allocate more than 50%. We hypothesize that this varia2on stems from 

some firms maintaining dedicated accounts for energy and fuel, which may not always be captured in 

our data. To refine the sample, we group firms by industry and size, removing the lower and upper 

15% of the distribu2on. As this step is more arbitrary, we report model performance for different 

levels of trimming, in Sec2on 2.6.2.3 Impact of Sample SelecIon. 

 
Figure S3. Pre- and post- restric2on plots for energy and fuel spend to total spend 
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Table S2. SIC code sample and popula2on sizes, exclusion stage and ra2onale 

Sec'on Division Descrip'on 

Excluded 
before 
sample 

selec'on? 

Excluded 
during 
sample 

selec'on? 

Star'ng 
Sample 

Size 

Final Sample UK Business Popula'on 

Notes 
Scp 1 Scp 2 Total Firms SMEs* SMEs* 

     # # # # # %  

A 1 Crop and animal producIon, hunIng and related service 
acIviIes Y  - - - 132,420 132,335 99.94 

Industry idenIfied as high error 
due to limitaIons of transacIon 
methodology 

A 2 Forestry and logging   726 79 129 4,440 4,440 100.00 
 

A 3 Fishing and aquaculture   955 79 153 4,160 4,155 99.88 
 

B 5 Mining of coal and lignite Y  - - - 10 10 100.00 
Missing required industry data for 
regression input variables 

B 6 ExtracIon of crude petroleum and natural gas  Y - - - 150 130 86.67 
 

B 7 Mining of metal ores Y  - - - - - 0.00 
Missing required industry data for 
regression input variables 

B 8 Other mining and quarrying  Y 177 - - 705 695 98.58 
 

B 9 Mining support service acIviIes  Y 310 - - 385 375 97.40 
 

C 10 Manufacture of food products   1,551 227 470 8,945 8,715 97.43 
 

C 11 Manufacture of beverages   449 66 139 2,730 2,700 98.90 
 

C 12 Manufacture of tobacco products Y  - - - 5 5 100.00 Missing required industry data for 
regression input variables 

C 13 Manufacture of texIles   1,314 134 306 4,290 4,270 99.53 
 

C 14 Manufacture of wearing apparel  Y 606 - 136 4,245 4,240 99.88 
 

C 15 Manufacture of leather and related products  Y 157 - - 630 625 99.21 
 

C 16 
Manufacture of wood and of products of wood and cork, 
except furniture; manufacture of arIcles of straw and 
plaiIng materials 

  2,533 365 653 9,940 9,920 99.80 

 

C 17 Manufacture of paper and paper products  Y 272 - 82 1,430 1,395 97.55 
 

C 18 PrinIng and reproducIon of recorded media   2,463 257 642 10,940 10,910 99.73 
 

C 19 Manufacture of coke and refined petroleum products  Y - - - 90 80 88.89 
 

C 20 Manufacture of chemicals and chemical products   716 88 208 3,230 3,155 97.68 
 

C 21 
Manufacture of basic pharmaceuIcal products and 
pharmaceuIcal preparaIons 

 Y - - - 695 645 92.81 
 

C 22 Manufacture of rubber and plasIc products   1,202 230 419 5,550 5,460 98.38 
 

C 23 Manufacture of other non-metallic mineral products   1,239 180 338 3,810 3,765 98.82 
 

C 24 Manufacture of basic metals   484 100 172 1,825 1,790 98.08 
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C 25 Manufacture of fabricated metal products, except 
machinery and equipment 

  8,011 1,382 2,345 27,805 27,730 99.73 
 

C 26 Manufacture of computer, electronic and opIcal products   1,039 100 248 5,755 5,695 98.96 
 

C 27 Manufacture of electrical equipment   2,349 299 564 3,090 3,040 98.38 
 

C 28 Manufacture of machinery and equipment nec   2,195 411 712 7,460 7,370 98.79 
 

C 29 Manufacture of motor vehicles, trailers and semi-trailers   1,015 141 275 3,495 3,405 97.42 
 

C 30 Manufacture of other transport equipment   893 111 200 2,265 2,200 97.13 
 

C 31 Manufacture of furniture   1,577 259 476 6,580 6,550 99.54 
 

C 32 Other manufacturing   2,637 218 543 10,210 10,175 99.66 
 

C 33 Repair and installaIon of machinery and equipment   342 50 100 15,085 15,030 99.64 
 

D 35 Electricity, gas, steam and air condiIoning supply Y  - - - 5,840 5,795 99.23 
Industry idenIfied as high error 
due to limitaIons of transacIon 
methodology 

E 36 Water collecIon, treatment and supply Y  - - - 105 85 80.95 
Industry idenIfied as high error 
due to limitaIons of transacIon 
methodology 

E 37 Sewerage Y  - - - 1,105 1,105 100.00 
Industry idenIfied as high error 
due to limitaIons of transacIon 
methodology 

E 38 Waste collecIon, treatment and disposal acIviIes; 
materials recovery Y  - - - 5,915 5,865 99.15 

Industry idenIfied as high error 
due to limitaIons of transacIon 
methodology 

E 39 RemediaIon acIviIes and other waste management 
services Y  - - - 1,150 1,145 99.57 

Industry idenIfied as high error 
due to limitaIons of transacIon 
methodology 

F 41 ConstrucIon of buildings   9,365 845 2,080 111,955 111,845 99.90 
 

F 42 Civil engineering   17,195 2,566 4,091 25,105 25,025 99.68 
 

F 43 Specialised construcIon acIviIes   62,387 8,597 13,901 222,640 222,530 99.95 
 

G 45 Wholesale and retail trade and repair of motor vehicles 
and motorcycles 

  19,402 3,077 5,784 78,995 78,790 99.74 
 

G 46 
Wholesale trade, except of motor vehicles and 
motorcycles 

  10,937 1,553 3,079 106,735 106,250 99.55 
 

G 47 Retail trade, except of motor vehicles and motorcycles   43,590 4,595 12,490 220,685 220,205 99.78 
 

H 49 Land transport and transport via pipelines Y  - - - 79,450 79,270 99.77 
Industry idenIfied as high error 
due to limitaIons of transacIon 
methodology 

H 50 Water transport  Y 248 - - 1,360 1,350 99.26 
 

H 51 Air transport  Y - - - 1,045 1,025 98.09 
 

H 52 Warehousing and support acIviIes for transportaIon   2,539 252 526 17,380 17,210 99.02 
 

H 53 Postal and courier acIviIes  Y - - - 39,170 39,140 99.92 
 

I 55 AccommodaIon   6,815 1,117 2,616 18,665 18,485 99.04 
 

I 56 Food and beverage service acIviIes   24,292 3,426 9,800 148,350 147,885 99.69 
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J 58 Publishing acIviIes  Y 2,291 - 202 12,075 12,015 99.50 
 

J 59 
MoIon picture, video and television programme 
producIon, sound recording and music publishing 
acIviIes 

  2,216 61 178 29,320 29,280 99.86 

 

J 60 Programming and broadcasIng acIviIes  Y 879 - 65 2,035 2,020 99.26 
 

J 61 TelecommunicaIons  Y 907 - 141 8,440 8,385 99.35 
 

J 62 Computer programming, consultancy and related acIviIes   12,766 306 1,031 151,945 151,720 99.85 
 

J 63 InformaIon service acIviIes  Y 707 - 62 9,150 9,115 99.62 
 

K 64 Financial service acIviIes, except insurance and pension 
funding Y  - - - 19,645 19,505 99.29 

Industry idenIfied as high error 
due to limitaIons of transacIon 
methodology 

K 65 Insurance, reinsurance and pension funding, except 
compulsory social security Y  - - - 7,355 7,300 99.25 

Industry idenIfied as high error 
due to limitaIons of transacIon 
methodology 

K 66 AcIviIes auxiliary to financial services and insurance 
acIviIes Y  - - - 34,315 34,115 99.42 

Industry idenIfied as high error 
due to limitaIons of transacIon 
methodology 

L 68 Real estate acIviIes Y  - - - 105,370 105,145 99.79 
Industry idenIfied as high error 
due to limitaIons of transacIon 
methodology 

M 69 Legal and accounIng acIviIes Y  - - - 75,620 75,355 99.65 
Industry idenIfied as high error 
due to limitaIons of transacIon 
methodology 

M 70 AcIviIes of head offices; management consultancy 
acIviIes 

Y  - - - 173,650 173,520 99.93 
Industry idenIfied as high error 
due to limitaIons of transacIon 
methodology 

M 71 Architectural and engineering acIviIes; technical tesIng 
and analysis 

  11,466 683 1,714 93,470 93,310 99.83 
 

M 72 ScienIfic research and development  Y 1,192 - 132 5,785 5,695 98.44 
 

M 73 AdverIsing and market research   3,718 138 413 23,275 23,180 99.59 
 

M 74 Other professional, scienIfic and technical acIviIes   6,939 335 809 77,290 77,270 99.97 
 

M 75 Veterinary acIviIes  Y 942 - 261 3,890 3,880 99.74 
 

N 77 Rental and leasing acIviIes Y  - - - 18,155 18,090 99.64 
Industry idenIfied as high error 
due to limitaIons of transacIon 
methodology 

N 78 Employment acIviIes   4,251 195 582 30,615 30,155 98.50 
 

N 79 Travel agency, tour operator and other reservaIon service 
and related acIviIes 

 Y - - - 8,670 8,630 99.54 
 

N 80 Security and invesIgaIon acIviIes  Y 154 - - 9,910 9,835 99.24 
 

N 81 Services to buildings and landscape acIviIes   12,575 1,012 1,672 46,525 46,225 99.36 
 

N 82 Office administraIve, office support and other business 
support acIviIes 

  10,662 522 1,310 116,340 116,160 99.85 
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O 84 Public administraIon and defence; compulsory social 
security 

 Y 209 - - 7,695 7,295 94.80 
 

P 85 EducaIon   18,276 913 3,061 45,490 43,935 96.58 
 

Q 86 Human health acIviIes   21,558 1,019 4,648 57,620 57,170 99.22 
 

Q 87 ResidenIal care acIviIes   1,384 187 483 10,825 10,420 96.26 
 

Q 88 Social work acIviIes without accommodaIon   25,189 605 2,655 36,110 35,790 99.11 
 

R 90 CreaIve, arts and entertainment acIviIes   6,933 246 686 29,955 29,925 99.90 
 

R 91 Libraries, archives, museums and other cultural acIviIes  Y 670 - 153 1,830 1,780 97.27 
 

R 92 Gambling and bejng acIviIes  Y - - - 975 940 96.41 
 

R 93 Sports acIviIes and amusement and recreaIon acIviIes   21,910 951 2,618 35,495 35,265 99.35 
 

S 94 AcIviIes of membership organisaIons  Y 4,391 - 343 22,340 22,265 99.66 
 

S 95 Repair of computers and personal and household goods  Y - - - 9,665 9,650 99.84 
 

S 96 Other personal service acIviIes   20,597 1,727 5,818 76,275 76,245 99.96 
 

T 97 AcIviIes of households as employers of domesIc 
personnel Y  - - - - - 0.00 Missing required industry data for 

regression input variables 

T 98 UndifferenIated goods- and services-producing acIviIes 
of private households for own use 

Y  - - - 5 5 100.00 Missing required industry data for 
regression input variables 

U 99 AcIviIes of extraterritorial organisaIons and bodies Y  - - - - - 0.00 
Missing required industry data for 
regression input variables      

      
 

Included Firms       
2,095,955  

      
2,703,915  

                      
424,764  

           
39,704  

           
92,714  

      
2,765,145  

      
2,754,605  

 
 

Number of SIC Codes 21 23 60 44 54 85 85  
 

 Excluded 25.3% 4.1%       
 

 Captured 74.7% 95.9% 74% 71% 73%    
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Suppor2ng Informa2on S2.2 – U2lity adjustment factors  
This suppor2ng informa2on provides the calcula2on for the spli[ng of spend on "Energy 

and U2li2es" into Scope 1 and Scope 2 elements, as well as provides the u2lity adjustment factors for 

differing consump2on levels of energy. 

Spli:ng "Energy and U>li>es" spend 

As many UK u2lity firms are known to provide electricity, gas, and hea2ng oil to consumers, 

it is a necessary step to disaggregate spending into Scope 1 and Scope 2. To do this, we source 

external data which signals the expected split between spend on electricity and other fuels in the UK. 

We find that na2onal fuel consump2on data is unsuitable, as it is published in physical units, 

and we require monetary values. Suitable monetary sources include supply and use tables or other 

survey-based indicators. 

While the monetary data from supply and use tables is valid, it exhibits the limita2on of 

requiring the same split percentage across all industries. A more detailed op2on comes from an ONS 

dataset on business energy spending intensity, which draws on two otherwise confiden2al sources: 

the Annual Business Survey (2019) and the Annual Purchases Survey (2018). This dataset includes 

the table “Energy Intensity by Industry Sec2on and Energy Type,” which provides percentage 

breakdowns of energy spending Despite being based on 2018 data, we consider this the beger 

op2on, as it allows for industry-specific varia2on. Table 8 below reproduces the original data and 

includes the subsequent calcula2on of industry-level splits.  

To es2mate the split between Scope 1 and Scope 2, we first sum the electricity and gas 

columns, then calculate the contribu2on of each fuel type. We exclude the "other" category, as 

suppor2ng source documenta2on indicates it primarily consists of petroleum products, which are 

unlikely to be sold by u2lity companies. 

For SIC sec2ons G and I, the gas and other categories are reported as a combined figure due 

to confiden2ality restric2ons. To es2mate gas intensity for these industries, we calculate the average 

gas and other intensi2es across all industries (excluding sec2on D). We then determine the typical 

gas-to-other ra2o based on these averages and apply that ra2o to the combined figure to impute the 

gas intensity
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Table S3. Energy & U2li2es split ra2o calcula2on (Data highlighted grey represents raw data from source, whilst unhighlighted cells show our calcula2ons).  

  
Energy intensity by energy type   Suppressed Value Assumption  Utility Spend Split 

SIC Section   Electricity Petrol/diesel Natural gas Other Suppressed Total   Gas Share Utility Spend   Elec Share Gas Share 
   % % % % % %  % %  % % 
A  1.2 10.0 0.1 0.6 0.0 11.9   1.3  94 6 
B  2.1 3.3 1.3 1.2 0.0 7.9   3.4  61 39 
C  1.8 0.7 0.8 9.4 0.0 12.7   2.6  69 31 
D  33.5 0.3 20.8 1.7 0.0 56.3   54.3  62 38 
E  6.3 5.3 0.4 0.1 0.0 12.2   6.8  94 6 
F  0.4 2.2 0.1 0.1 0.0 2.8   0.5  78 22 
G  2.5 3.5     3.7 9.7  1.6 4.0  62 38 
H  1.5 14.0 0.2 8.8 0.0 24.5   1.7  91 9 
I  4.6 4.9     4.7 14.2  1.9 6.5  71 29 
J  2.1 0.4 0.1 0.0 0.0 2.6   2.2  96 4 
K  0.8 0.2 0.1 0.0 0.0 1.0   0.9  92 8 
L  4.1 1.2 0.8 0.1 0.0 6.2   4.9  83 17 
M  0.9 1.1 0.2 0.1 0.0 2.3   1.1  84 16 
N  1.4 3.5 0.4 0.4 0.0 5.7   1.9  77 23 
P  2.5 1.7 0.9 0.2 0.0 5.3   3.4  73 27 
Q  3.6 1.3 2.0 0.1 0.0 7.0   5.6  65 35 
R  3.8 0.9 0.9 0.1 0.0 5.8   4.8  81 19 
S  2.9 4.0 0.7 0.1 0.0 7.7   3.6  80 20 

                
Mean (Excl D, G. I) 2.27 2.37 0.59 0.84  6     78 22 
                
     41 59          
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U>lity Adjustment factors 

Transac2ons made with energy companies require addi2onal adjustment steps, to account 

for discounts given to consumers of high energy spend. Businesses receive a cheaper unit price for 

energy as energy spend increases. As a result, we adjust spend upwards for higher consump2on 

levels to reflect actual consump2on levels (and thus emissions) – accoun2ng for the lower unit price. 

We also adjust spend downwards for lower consump2on levels to reflect the above average unit 

price charged to smaller consumers. 

 
Table S4. Annual u2lity spend floors and the corresponding adjustment factors to apply. 

Annual UQlity Spend Floor UQlity Adjustment Factor 
£0 0.77 

£4,777 0.83 
£26,213 0.96 

£115,690 0.98 
£264,997 0.97 
£420,410 1.04 

£2,161,288 1.11 
£4,138,796 1.12 

£14,239,548 1.14 
£22,533,284 1.12 
£31,264,609 1.10 

 

Suppor2ng Informa2on S2.3 – Direct emission factors and subsequent sample 
summary sta2s2cs 

This suppor2ng informa2on provides details on the calcula2on of key data required to 

es2mate Scope 1 and 2 emissions from financial transac2ons. This includes the calcula2on of 

downstream emission factors, and subsequent sample summary sta2s2cs. 

 
 
Table S5. Calcula2on of direct emission conversion factors 

 
 
 
 
 

 Scope 1 Scope 2 
 Petrol Diesel Gas Oil Electricity 

Emissions per Unit (kg CO2e / Unit) 2.19 2.51 0.18 2.54 0.21 

Average Unit Price (Unit / £) 1.31 1.35 0.03 0.43 0.15 

Expenditure factors (kg CO2e / £) 1.67 1.86 5.96 5.94 1.41 

Consump5on Split 68% 32%    

Conversion Factors (kg CO2e / £) 1.802 5.949 1.408 
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Table S6. Summary sta2s2cs by revenue bracket of Scope 1 and 2 emission es2mates (kg CO2e) 

 Annual Revenue Brackets 

 < 50k 50 - 100k 100 - 250k 250 - 500k 500k - 1M > 1M 

Scope 1       

Mean 5,193 9,973 15,226 28,382 49,200 221,143 

25th Percentile 2,494 4,921 6,970 13,079 21,112 59,473 

Median 4,166 8,081 11,882 22,484 39,631 122,732 

75th Percentile 6,659 12,790 19,726 38,163 66,507 256,564 

Min 235 576 542 707 869 763 

Max 36,037 69,117 231,335 244,979 422,173 9,051,760 

Count 5,159 6,622 8,355 6,302 5,383 7,881 
       

Scope 2       
Mean 2,148 3,748 6,909 11,423 17,840 62,589 

25th Percentile 741 1,128 1,905 3,488 5,591 13,106 

Median 1,555 2,528 4,154 7,150 11,138 27,451 

75th Percentile 2,771 4,635 8,811 15,335 22,181 58,661 

Min 38 101 130 340 588 885 

Max 18,472 35,958 62,804 129,489 242,181 2,650,815 

Count 14,238 15,680 20,114 14,487 11,239 16,956 

 
 

Suppor2ng Informa2on S2.4 – Out of Sample Performance 
This supporIng informaIon provides corresponding plots for the out of sample 

performance demonstrated in SecIon 4.2.2. We then provide out-of-sample performance 

metrics and plots for a small sample of self-reported emissions data (SECR). 

5-Fold Test and Train Plot 

We visualise our out-of-sample test and train results presented in Table 2.4 with 

Figure S4. Here we take a sample of 1,000 firms from the last test sample dataset, and plot 

predicted values against FTD emissions.  
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Figure S4 - Model predicIons against out-of-sample FTD emission esImates. Underlying data 
for this figure are available in Table 6 within SupporIng InformaIon S5. 

 
SECR Out-of-sample Tes9ng 

Further out-of-sample tesIng is conducted by comparing emissions predicted by our 

model against emissions self-reported by firms. To do this, we manually sourced and 

tabulated SECR reports for a sample of 50 firms via the Companies House website. For each 

firm, we input the reported turnover and SIC code into our model to generate esImates for 

Scope 1 and 2 emissions. These esImates are then compared to the corresponding self-

reported values. Table S7 presents the summary results, with individual firm-level 

comparisons visualised in Figure S5. Following this, we provide our interpretaIon of these 

metrics, along with a detailed discussion of the limitaIons and key findings arising from the 

compilaIon of SECR data. 
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Table S7. Performance Metrics for Model 3 Test and Train Itera2ons 

 
 
Figure S5 - Model predicIons against out of sample FTD emission esImates. Underlying data 
for this figure are available in Table 7 within SupporIng InformaIon S5 

 
The Table S7 and Figure S5 reveal mixed results when applying our predicIon model 

to SECR-reporIng firms. While the majority of predicted values fall close to reported figures, 

there are notable outliers in both Scope 1 and Scope 2 emissions. These instances appear to 

be more extreme amongst Scope 2 predicIons. When assessing the median AE and APE of 

Scope 1 predicIons, we observe error levels consistent with error observed on out-of-

sample FTD emissions, with a median APE of 25.32%. The median APE for Scope 2 is higher, 

 Unit Scope 1 Scope 2 
        RSQ  0.218 0.099 

Mean AE t CO2e 714.48 704.61 
APE % 33.75 193.89 

Median AE t CO2e 355.46 551.23 
APE % 25.32 65.08 
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at 65.08%. However, when assessed using mean AE and APE, the model exhibits higher error 

levels. This is also reflected in the low RSQ scores of 0.2 and 0.1 for Scope 1 and Scope 2, 

respecIvely.  

Figure S5 also highlights a systemaIc overesImaIon of Scope 2 emissions for larger 

firms. This is consistent with the expectaIon that energy-use intensity tends to decline with 

firm size, driven by lower unit energy prices, economies of scale, and disproporIonate 

increases in turnover beyond certain thresholds. AddiIonally, our model esImates Scope 2 

emissions using locaIon-based intensity factors, whereas individual firms ocen report using 

a market-based approach that accounts for renewable energy procurement, further 

contribuIng to esImate differences. 

As previously menIoned, there are important limitaIons associated with these 

comparisons, which contribute to uncertainty regarding results. We idenIfy three primary 

sources of uncertainty in this comparison: 

First, and most criIcally, the SECR firms are substanIally larger than those in our 

model sample. In the SECR sample, annual turnover ranges from £38 million to £211 million. 

By contrast, our model is trained exclusively on SMEs with turnover below £36 million, 80% 

of which fall under £1 million. As previously noted, larger firms may differ from SMEs within 

the same industry in terms of operaIonal complexity, organisaIonal behaviour, and 

emissions intensity. These differences highlight the need for an SME-specific approach to 

emissions esImaIon and contribute to the observed discrepancies in model performance. 

Second, the reporIng periods covered by SECR submissions do not always align 

precisely with our model’s reference year. Although we restrict our analysis to reports with a 

start or end date within 2021, company-specific reporIng cycles vary and exact temporal 

alignment cannot be ensured. 

Finally, we encountered numerous errors, inconsistencies, and omissions in the SECR 

reports themselves, making the dataset both difficult to compile and challenging to analyse. 

A key concern is the lack of consistency in the emissions conversion factors used: firms apply 

a wide range of factors, some from the relevant year, others from several years prior. 

AddiIonal issues include unit conversion errors, such as confusion between MWh and kWh 
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or between kg CO₂e and t CO₂e. This variability introduces further uncertainty into the 

comparison.  

Suppor2ng Informa2on S2.5 – Accessing the model 
Accessing the Model: 

To access the model described in this paper, the interested reader is directed to the 

following public repo: 

h+ps://david-leake.github.io/carbonpredict/ 

As well as the following CRAN package:  

h+ps://cran.r-project.org/package=carbonpredict  

Example funcIon use: 

Figure S6 – PredicIon model funcIon example. 

 
 

 

 

 

 

https://david-leake.github.io/carbonpredict/
https://eur03.safelinks.protection.outlook.com/?url=https%3A%2F%2Fcran.r-project.org%2Fpackage%3Dcarbonpredict&data=05%7C02%7Cee21ap%40leeds.ac.uk%7C08b3ae861eee482e7a9608de0c9f420d%7Cbdeaeda8c81d45ce863e5232a535b7cb%7C0%7C0%7C638962075315312994%7CUnknown%7CTWFpbGZsb3d8eyJFbXB0eU1hcGkiOnRydWUsIlYiOiIwLjAuMDAwMCIsIlAiOiJXaW4zMiIsIkFOIjoiTWFpbCIsIldUIjoyfQ%3D%3D%7C0%7C%7C%7C&sdata=u84BgQCGrMcRfOhHvxK%2FEUSNFc44xfv01vNoXFGwAqQ%3D&reserved=0
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Suppor&ng Informa&on: Chapter 3 

Suppor2ng Informa2on S3.1 – Sample Selec2on and Industry Coverage 
This document provides a comprehensive descrip2on of the sample selec2on process. It 

includes a table detailing the ra2onale and impact of each step involved in genera2ng the final 

samples. Addi2onally, pre- and post-restric2on distribu2ons are presented to illustrate the correc2on 

of irregulari2es. A complete list of SIC codes is also provided, with excluded codes clearly iden2fied 

along with the corresponding jus2fica2on. 

Table S1 outlines the restric2on process required to procure our base sample of financial 

transac2on data. Each step is provided with corresponding ra2onale and sample impact (number of 

firms and industries remaining in the sample). For steps 2, 3, and 4 which involve the crea2on of 

metrics used to iden2fy representa2ve data, we also provide pre- and post-distribu2on plots. This 

can be used to understand the challenges we intend to correct for, and output distribu2ons. 

Finally, in Table S2 we include a full list of SIC codes, with excluded industries iden2fied and 

the ra2onale alongside sample and popula2on sizes of each SIC, presen2ng the impact of industry 

exclusions. This provides a sense of the significance of each exclusion. Overall, the model achieves 

coverage of approximately 75% of UK SMEs. 

Two main factors explain the exclusions. Industries in high-intensity sectors such as 

Agriculture, Energy, Water, Sewage, Waste, and Land Transport were removed because their frequent 

intra-industry transac2ons would ar2ficially inflate es2mated emissions. Moreover, their Scope 3 

emissions are highly sector-specific, requiring a more tailored approach than the general framework 

applied here. In addi2on, some service industries (including Financial, Insurance, Real Estate, and 

Legal) were excluded because FTD-based turnover is grossly overstated in these cases due to non-

turnover financial flows and frequent fund transfers. As turnover is a key predictor in our model, 

such distor2ons would lead to substan2al inaccuracies.
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Table S1. Sample restricIon steps and impact 
 

Restriction Step Rationale Impact 
Firms Industry Types 

1a. Eligible Sample Exclude firms that operate within flagged industries. 261,888 66 
1b. Exclude firms outside defined SME revenue brackets. 247,010 66 
1c. Exclude firms with zero fuel or energy spend. 246,991 66 

2. Minimum Account Ac5vity 
To exclude firms with dormant accounts, we set a minimum threshold for 
total transac5ons to 60 in 2021 (averaging 5 per month). 
 

240,534 62 

3. Account use metric 

To iden5fy and exclude firms with unusual bank account ac5vity we divide 
the number of annual transac5ons made by firm turnover. We group firms 
by size and industry and remove the remove the upper and lower 10% of 
each distribu5on. 

192,055 60 

4. Energy and Fuel spend to 
turnover 

 
To remove outliers, caused by ar5ficially low or high turnover levels, 
we divide annual u5lity and fuel spend with turnover and exclude the top 
and botom 5%. This step ensures turnover figures are representa5ve, 
anchoring it to spend on u5li5es and fuel. 

172,917 59 

5. Observed Margin 

 
To eliminate clear outliers, we also set a threshold, ensuring that observed 
spend does not exceed twice the turnover. 
 

167,169 57 
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Pre- and Post- Distribu0on Plots 

Step 3 – Account Use Metric 

AQer calcula2ng the account usage metric (annual transac2on count divided by turnover), 

we iden2fy issues at both ends of the distribu2on. Firstly, we no2ce a substan2al number of near-

zero values, indica2ng that account usage is exceedingly low rela2ve to firm size. Secondly, we 

observe a long right tail, which signifies the presence of firms with excep2onally high account usage 

rela2ve to their size. To address these dispari2es, we group firms by industry and size, subsequently 

trimming the lower and upper 10%. This results in a refined distribu2on post-restric2on. 

Figure S1. Pre- and post- restric2on plots for account usage 

 
Step 4 – Energy and fuel spend to turnover 

AQer calcula2ng energy and fuel expenditures rela2ve to turnover, we again iden2fy issues at 

both ends of the distribu2on for each fuel type. As previously noted, a significant number of near-

zero values indicate low spending in these categories rela2ve to firm size. Addi2onally, we observe 

extremely long right tails, sugges2ng that some accounts exhibit excep2onally high spending in these 

areas rela2ve to their size. Given that this step aims primarily to eliminate outliers resul2ng from 

ar2ficially high or low observed turnover levels, we only group firms by industry before removing the 

lower and upper 5% of the distribu2on. Notably, we find that right tails persist to an extent, 

par2cularly in the fuel and gas categories. Upon further inves2ga2on, we determine that the firms 

within these extremes belong to a limited number of industries, leading us to conclude that fuel and 

gas consump2on may indeed be higher in these specific sectors. 
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Figure S2. Pre- and post- restric2on plots for energy and fuel spend to turnover 

 
 

Step 5 – Observed Margin 

As Scope 3 emissions are made up of total spend, rather than spend on few unique 

categories, the final sample restricIon step focuses on how total spend compares to total 

turnover. As with prior steps, we observe a long right tail of high values. Business profit / loss 

margins are variable, and it is difficult to make a subjecIve decision to the extent a 

business’s profit or loss shows irregular bank account acIvity. As a result, we take a 

conservaIve approach, only removing firms with double spend when compared to turnover. 

This results in a normal distribuIon, centring over a break-even profit margin.  

Figure S3. Pre- and post- restric2on plots for firm margin 
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Table S2. SIC code sample and popula2on sizes, exclusion stage and ra2onale 

Sec'on Division Descrip'on 

Excluded 
before 
sample 

selec'on? 

Excluded 
during 
sample 

selec'on? 

Star'ng 
Sample Size 

 UK Business Popula'on 

Notes 
Sample Total Firms SMEs* SMEs* 

     # # # # %  

A 1 Crop and animal producIon, hunIng and related service 
acIviIes 

Y   -     -    132,420 132,335   
Industry idenIfied as high error 
due to limitaIons of transacIon 
methodology 

A 2 Forestry and logging    520   347  4,440 4,440 100.00 
 

A 3 Fishing and aquaculture    532   349  4,160 4,155 99.88 
 

B 5 Mining of coal and lignite Y   -     -    10 10 100.00 Missing required industry data 
for regression input variables 

B 6 ExtracIon of crude petroleum and natural gas    9   -    150 130 86.67 
 

B 7 Mining of metal ores Y   -     -    - - 0.00 Missing required industry data 
for regression input variables 

B 8 Other mining and quarrying    123   78  705 695 98.58 
 

B 9 Mining support service acIviIes  Y  135   -    385 375 97.40 
 

C 10 Manufacture of food products    1,047   727  8,945 8,715 97.43 
 

C 11 Manufacture of beverages    326   217  2,730 2,700 98.90 
 

C 12 Manufacture of tobacco products Y   -     -    5 5 100.00 Missing required industry data 
for regression input variables 

C 13 Manufacture of texIles    828   567  4,290 4,270 99.53 
 

C 14 Manufacture of wearing apparel    329   211  4,245 4,240 99.88 
 

C 15 Manufacture of leather and related products    87   -    630 625 99.21 
 

C 16 
Manufacture of wood and of products of wood and cork, 
except furniture; manufacture of arIcles of straw and 
plaiIng materials 

   1,959   1,381  9,940 9,920 99.80 

 

C 17 Manufacture of paper and paper products    187   124  1,430 1,395 97.55 
 

C 18 PrinIng and reproducIon of recorded media    1,454   988  10,940 10,910 99.73 
 

C 19 Manufacture of coke and refined petroleum products  Y  25   -    90 80 88.89 
 

C 20 Manufacture of chemicals and chemical products    464   291  3,230 3,155 97.68 
 

C 21 Manufacture of basic pharmaceuIcal products and 
pharmaceuIcal preparaIons 

 Y  35   -    695 645 92.81 
 

C 22 Manufacture of rubber and plasIc products    941   642  5,550 5,460 98.38 
 

C 23 Manufacture of other non-metallic mineral products    917   636  3,810 3,765 98.82 
 

C 24 Manufacture of basic metals    388   260  1,825 1,790 98.08 
 

C 25 Manufacture of fabricated metal products, except 
machinery and equipment 

   5,894   4,071  27,805 27,730 99.73 
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C 26 Manufacture of computer, electronic and opIcal products    603   371  5,755 5,695 98.96 
 

C 27 Manufacture of electrical equipment    1,641   1,112  3,090 3,040 98.38 
 

C 28 Manufacture of machinery and equipment nec    1,647   1,097  7,460 7,370 98.79 
 

C 29 Manufacture of motor vehicles, trailers and semi-trailers    735   495  3,495 3,405 97.42 
 

C 30 Manufacture of other transport equipment    590   396  2,265 2,200 97.13 
 

C 31 Manufacture of furniture    1,197   843  6,580 6,550 99.54 
 

C 32 Other manufacturing    1,309   882  10,210 10,175 99.66 
 

C 33 Repair and installaIon of machinery and equipment    278   186  15,085 15,030 99.64 
 

D 35 Electricity, gas, steam and air condiIoning supply Y   -     -    5,840 5,795 99.23 
Industry idenIfied as high error 
due to limitaIons of transacIon 
methodology 

E 36 Water collecIon, treatment and supply Y   -     -    105 85 80.95 
Industry idenIfied as high error 
due to limitaIons of transacIon 
methodology 

E 37 Sewerage Y   -     -    1,105 1,105 100.00 
Industry idenIfied as high error 
due to limitaIons of transacIon 
methodology 

E 38 
Waste collecIon, treatment and disposal acIviIes; 
materials recovery Y   -     -    5,915 5,865 99.15 

Industry idenIfied as high error 
due to limitaIons of transacIon 
methodology 

E 39 
RemediaIon acIviIes and other waste management 
services Y   -     -    1,150 1,145 99.57 

Industry idenIfied as high error 
due to limitaIons of transacIon 
methodology 

F 41 ConstrucIon of buildings    5,356   2,649  111,955 111,845 99.90 
 

F 42 Civil engineering    13,059   8,975  25,105 25,025 99.68 
 

F 43 Specialised construcIon acIviIes    47,221   33,277  222,640 222,530 99.95 
 

G 45 Wholesale and retail trade and repair of motor vehicles 
and motorcycles 

   14,578   10,102  78,995 78,790 99.74 
 

G 46 Wholesale trade, except of motor vehicles and 
motorcycles 

   7,273   4,886  106,735 106,250 99.55 
 

G 47 Retail trade, except of motor vehicles and motorcycles    27,609   19,119  220,685 220,205 99.78 
 

H 49 Land transport and transport via pipelines Y   -     -    79,450 79,270 99.77 
Industry idenIfied as high error 
due to limitaIons of transacIon 
methodology 

H 50 Water transport    154   100  1,360 1,350 99.26 
 

H 51 Air transport  Y  29   -    1,045 1,025 98.09 
 

H 52 Warehousing and support acIviIes for transportaIon    1,473   944  17,380 17,210 99.02 
 

H 53 Postal and courier acIviIes    1,805   1,200  39,170 39,140 99.92 
 

I 55 AccommodaIon    5,233   3,484  18,665 18,485 99.04 
 

I 56 Food and beverage service acIviIes    19,502   13,413  148,350 147,885 99.69 
 

J 58 Publishing acIviIes    585   367  12,075 12,015 99.50 
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J 59 
MoIon picture, video and television programme 
producIon, sound recording and music publishing 
acIviIes 

   780   519  29,320 29,280 99.86 

 

J 60 Programming and broadcasIng acIviIes  Y  310   -    2,035 2,020 99.26 
 

J 61 TelecommunicaIons    453   281  8,440 8,385 99.35 
 

J 62 Computer programming, consultancy and related acIviIes    3,181   2,016  151,945 151,720 99.85 
 

J 63 InformaIon service acIviIes    216   134  9,150 9,115 99.62 
 

K 64 Financial service acIviIes, except insurance and pension 
funding 

Y   -     -    19,645 19,505 99.29 
Industry idenIfied as high error 
due to limitaIons of transacIon 
methodology 

K 65 
Insurance, reinsurance and pension funding, except 
compulsory social security Y   -     -    7,355 7,300 99.25 

Industry idenIfied as high error 
due to limitaIons of transacIon 
methodology 

K 66 
AcIviIes auxiliary to financial services and insurance 
acIviIes Y   -     -    34,315 34,115 99.42 

Industry idenIfied as high error 
due to limitaIons of transacIon 
methodology 

L 68 Real estate acIviIes Y   -     -    105,370 105,145 99.79 
Industry idenIfied as high error 
due to limitaIons of transacIon 
methodology 

M 69 Legal and accounIng acIviIes Y   -     -    75,620 75,355 99.65 
Industry idenIfied as high error 
due to limitaIons of transacIon 
methodology 

M 70 
AcIviIes of head offices; management consultancy 
acIviIes Y   -     -    173,650 173,520 99.93 

Industry idenIfied as high error 
due to limitaIons of transacIon 
methodology 

M 71 
Architectural and engineering acIviIes; technical tesIng 
and analysis 

   5,275   3,546  93,470 93,310 99.83 

 

M 72 ScienIfic research and development    317   175  5,785 5,695 98.44 
 

M 73 AdverIsing and market research    1,295   839  23,275 23,180 99.59 
 

M 74 Other professional, scienIfic and technical acIviIes    3,176   2,163  77,290 77,270 99.97 
 

M 75 Veterinary acIviIes    585   404  3,890 3,880 99.74 
 

N 77 Rental and leasing acIviIes Y   -     -    18,155 18,090 99.64 
Industry idenIfied as high error 
due to limitaIons of transacIon 
methodology 

N 78 Employment acIviIes    1,820   1,169  30,615 30,155 98.50 
 

N 79 Travel agency, tour operator and other reservaIon service 
and related acIviIes 

 Y  57   -    8,670 8,630 99.54 
 

N 80 Security and invesIgaIon acIviIes  Y  77   -    9,910 9,835 99.24 
 

N 81 Services to buildings and landscape acIviIes    7,841   5,277  46,525 46,225 99.36 
 

N 82 Office administraIve, office support and other business 
support acIviIes 

   4,096   2,725  116,340 116,160 99.85 
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O 84 Public administraIon and defence; compulsory social 
security 

   121   76  7,695 7,295 94.80 
 

P 85 EducaIon    7,866   5,419  45,490 43,935 96.58 
 

Q 86 Human health acIviIes    10,755   7,394  57,620 57,170 99.22 
 

Q 87 ResidenIal care acIviIes    939   634  10,825 10,420 96.26 
 

Q 88 Social work acIviIes without accommodaIon    6,208   3,925  36,110 35,790 99.11 
 

R 90 CreaIve, arts and entertainment acIviIes    2,266   1,481  29,955 29,925 99.90 
 

R 91 Libraries, archives, museums and other cultural acIviIes    338   218  1,830 1,780 97.27 
 

R 92 Gambling and bejng acIviIes Y   -     -    975 940 96.41 
 

R 93 Sports acIviIes and amusement and recreaIon acIviIes    7,047   4,689  35,495 35,265 99.35 
 

S 94 AcIviIes of membership organisaIons    1,014   483  22,340 22,265 99.66 
 

S 95 Repair of computers and personal and household goods Y   -     -    9,665 9,650 99.84 Missing required industry data 
for regression input variables 

S 96 Other personal service acIviIes    12,881   8,815  76,275 76,245 99.96 
 

T 97 
AcIviIes of households as employers of domesIc 
personnel Y   -     -    - - 0.00 

Missing required industry data 
for regression input variables 

T 98 UndifferenIated goods- and services-producing acIviIes 
of private households for own use 

Y   -     -    5 5 100.00 Missing required industry data 
for regression input variables 

U 99 AcIviIes of extraterritorial organisaIons and bodies Y   -     -    - - 0.00 
Missing required industry data 
for regression input variables      

 -     -       
 

Included Firms  2,085,365   2,731,995   246,991   167,169  2,765,145  2,754,605   
 

Number of SIC Codes 22 7 66 57 85 85  
 

 Excluded 24% 1% 
 

    
 

 Captured 76% 99% 76% 75%    
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Suppor2ng Informa2on S3.2 – Transac2on Category Mapping and Conversion 
Factor Calcula2ons 

This suppor2ng informa2on provides details on each transac2on categories mapping to 

Greenhouse Gas Protocol Scope 3 categories, their conversion factor, and descrip2on. The figure 

below illustrates how these spend codes map to Scope 3 categories. We then discuss how each 

Scope 3 category is es2mated, before providing a detailed table of transac2on code, descrip2on, and 

conversion factor. The final table contains descrip2ve sta2s2cs of es2mated emissions categories by 

industry. 

 

Figure S4. Sankey plot shows TCS to GHG Protocol Mapping. Diagram created using SankeyMATIC.  

 

Es9ma9ng Category 1. Purchased Goods & Services 

UKMRIO conversion factors are mapped to 522 transacIon classificaIons, relevant to 

this Scope 3 category. As noted in Table 1 of the main text, we assume that transportaIon 

costs are embedded within payments for these purchases, thereby implicitly capturing 

Category 4 (Upstream Transport and DistribuIon), with these emissions also reflected in 

each EEMRIO conversion factor. 
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Es9ma9ng Category 3. Fuel- and Energy-related purchases 

To calculate upstream emissions from fuel and energy consumpIon, we isolate two 

relevant categories of spend: “Energy & UIliIes” and “Vehicle Fuelling”. The former refers to 

4 sub-categories of expenditure, containing energy providers selling electricity, natural gas, 

and heaIng oil, whilst the la+er refers to diesel and petrol purchased for mobile 

combusIon.  

As shown in Phillpo+s et al. (2025), two adjustments to "Energy & UIliIes" spending 

are necessary. In instances where UK uIlity firms are known to provide electricity, gas, and 

heaIng oil to consumers, spending is disaggregated into fuels and electricity. Second, 

consumpIon-weighted adjustment factors are required to reflect lower unit costs for higher-

usage bands. 

To create a set of conversion factors capturing the upstream emissions associated 

with purchases of different energy and fuel types. We divide well-to-tank emissions per unit 

figures (CO2e / kwh (or litre); BEIS and DEFRA, 2022) by average price paid by non-domesIc 

consumers per unit (£ / kwh (or litre); DESNZ, 2024) to return emissions produced per pound 

spent (CO2e / £). These reflect the emissions produced during the extracIon, processing, 

and distribuIon of fuels and energy. As spending within “Vehicle Fuelling” reflects the 

consumpIon of both petrol and diesel, we produce a single conversion factor through a 

weighted average based on the UK’s consumpIon split between petrol and diesel (DESNZ 

and BIES, 2022b) and the unit price difference. For gas and oil, we use an average conversion 

factor given the near zero difference in individual factors. Finally, for electricity, our emission 

conversion factor is based on the UK grid’s emission intensity (locaIon-based method). We 

provide this calculaIon in Table S3. 
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Table S3. Calcula2on of WTT emission conversion factors 

 

Es9ma9ng Category 6. Business travel 

To calculate emissions from Business Travel, we use 9 spend sub-categories under 

‘Travel’, including general travel, air, rail, bus, car rental, and hotels. We are required to 

assume travel costs are captured directly in the business account, excluding employee-paid 

expenses later reimbursed. Emissions are calculated using UKMRIO-mapped conversion 

factors for rail, land, water, and air transport, and accommodaIon services.  

 

Es9ma9ng Category 9. Downstream transporta9on and distribu9on 

Given upstream transport emissions are assumed to be embedded in purchase costs; 

all spend with logisIcs and courier merchants is assumed to reflect downstream 

distribuIon. Emissions are calculated using 9 spend sub-categories under “TransportaIon 

and LogisIcs”, including freight, delivery, mariIme, and rail, mapped to UKMRIO conversion 

factors for relevant transport and courier sectors. 

 
Table S4. Expenditure codes, headings, emissions factors and associated Scope 3 category 

Scope 3 
Category 

Transaction 
Code Description 1 Description 2 Description 3 Emission 

Factor 

1 code_1 Adult   0.139712 

1 code_2 Arts & Entertainment   0.263201 

1 code_3 Arts & Entertainment 
Celebrities & Entertainment 
News  0.176778 

1 code_4 Arts & Entertainment Comics & Animation  0.173578 

1 code_5 Arts & Entertainment Comics & Animation Anime & Manga 0.173578 
1 code_6 Arts & Entertainment Comics & Animation Cartoons 0.173578 

1 code_7 Arts & Entertainment Comics & Animation Comics 0.195566 
1 code_8 Arts & Entertainment Entertainment Industry  0.155141 

1 code_9 Arts & Entertainment Entertainment Industry Film & TV Industry 0.155141 
1 code_10 Arts & Entertainment Entertainment Industry Recording Industry 0.155141 

1 code_11 Arts & Entertainment Events & Listings  0.285517 
1 code_12 Arts & Entertainment Events & Listings Bars  Clubs & Nightlife 0.302584 

1 code_13 Arts & Entertainment Events & Listings Concerts & Music Festivals 0.302584 
1 code_14 Arts & Entertainment Events & Listings Expos & Conventions 0.302584 

1 code_15 Arts & Entertainment Events & Listings Film Festivals 0.18328 

 Scope 1 related Scope 2 related 
 Petrol Diesel Gas Oil Electricity 
Emissions per Unit (kg CO2e / 
Unit) 0.61 0.61 0.03 0.53 0.02 

Average Unit Price (Unit / £) 1.31 1.35 0.03 0.43 0.15 

Expenditure factors (kg CO2e / £) 0.47 0.45 1.02 1.23 0.12 

Consump5on Split 68% 32%    

Conversion Factors (kg CO2e / £) 0.457 1.13 0.125 
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1 code_16 Arts & Entertainment Events & Listings Movie Listings & Theater Showtimes 0.18328 

1 code_17 Arts & Entertainment Fun & Trivia  0.221568 
1 code_18 Arts & Entertainment Fun & Trivia Flash-Based Entertainment 0.221568 

1 code_19 Arts & Entertainment Fun & Trivia Fun Tests & Silly Surveys 0.221568 
1 code_20 Arts & Entertainment Humor  0.153234 

1 code_21 Arts & Entertainment Humor Funny Pictures & Videos 0.153234 
1 code_22 Arts & Entertainment Humor Political Humor 0.153234 

1 code_23 Arts & Entertainment Movies  0.152584 
1 code_24 Arts & Entertainment Music & Audio  0.135089 

1 code_25 Arts & Entertainment Music & Audio CD & Audio Shopping 0.135089 
1 code_26 Arts & Entertainment Music & Audio Classical Music 0.135089 

1 code_27 Arts & Entertainment Music & Audio Country Music 0.135089 
1 code_28 Arts & Entertainment Music & Audio Dance & Electronic Music 0.135089 

1 code_29 Arts & Entertainment Music & Audio Experimental & Industrial Music 0.135089 
1 code_30 Arts & Entertainment Music & Audio Jazz & Blues 0.135089 

1 code_31 Arts & Entertainment Music & Audio Music Education & Instruction 0.135089 
1 code_32 Arts & Entertainment Music & Audio Music Equipment & Technology 0.135089 

1 code_33 Arts & Entertainment Music & Audio Music Reference 0.135089 
1 code_34 Arts & Entertainment Music & Audio Music Streams & Downloads 0.135089 

1 code_35 Arts & Entertainment Music & Audio Music Videos 0.135089 
1 code_36 Arts & Entertainment Music & Audio Pop Music 0.135089 

1 code_37 Arts & Entertainment Music & Audio Radio 0.135089 
1 code_38 Arts & Entertainment Music & Audio Religious Music 0.135089 

1 code_39 Arts & Entertainment Music & Audio Rock Music 0.135089 
1 code_40 Arts & Entertainment Music & Audio Soundtracks 0.135089 

1 code_41 Arts & Entertainment Music & Audio Urban & Hip-Hop 0.135089 
1 code_42 Arts & Entertainment Music & Audio World Music 0.135089 

1 code_43 Arts & Entertainment Offbeat  0.201884 
1 code_44 Arts & Entertainment Offbeat Occult & Paranormal 0.201884 

1 code_45 Arts & Entertainment Online Media  0.201884 
1 code_46 Arts & Entertainment Online Media Online Image Galleries 0.201884 

1 code_47 Arts & Entertainment Performing Arts  0.212149 
1 code_48 Arts & Entertainment Performing Arts Acting & Theater 0.212149 

1 code_49 Arts & Entertainment Performing Arts Circus 0.212149 
1 code_50 Arts & Entertainment Performing Arts Dance 0.212149 

1 code_51 Arts & Entertainment Performing Arts Magic 0.212149 
1 code_52 Arts & Entertainment Performing Arts Opera 0.212149 

1 code_53 Arts & Entertainment TV & Video  0.152584 
1 code_54 Arts & Entertainment TV & Video Online Video 0.152584 

1 code_55 Arts & Entertainment TV & Video TV Commercials 0.152584 
1 code_56 Arts & Entertainment TV & Video TV Shows & Programs 0.152584 

1 code_57 Arts & Entertainment Visual Art & Design  0.162184 
1 code_58 Arts & Entertainment Visual Art & Design Architecture 0.156058 

1 code_59 Arts & Entertainment Visual Art & Design Art Museums & Galleries 0.163805 
1 code_60 Arts & Entertainment Visual Art & Design Design 0.201884 

1 code_61 Arts & Entertainment Visual Art & Design Painting 0.201884 
1 code_62 Arts & Entertainment Visual Art & Design Photographic & Digital Arts 0.201884 

1 code_63 Autos & Vehicles   0.225799 
1 code_64 Autos & Vehicles Bicycles & Accessories  0.33606 

1 code_65 Autos & Vehicles Bicycles & Accessories Bike Parts & Repair 0.33606 
1 code_66 Autos & Vehicles Bicycles & Accessories BMX Bikes 0.33606 

1 code_67 Autos & Vehicles Boats & Watercraft  0.302606 
1 code_68 Autos & Vehicles Campers & RVs  0.375221 

1 code_69 Autos & Vehicles Classic Vehicles  0.375221 
1 code_70 Autos & Vehicles Commercial Vehicles Cargo Trucks & Trailers 0.375221 

1 code_71 Autos & Vehicles Motor Vehicles (By Type)  0.375221 
1 code_72 Autos & Vehicles Motor Vehicles (By Type) Hybrid & Alternative Vehicles 0.375221 

1 code_73 Autos & Vehicles Motor Vehicles (By Type) Motorcycles 0.375221 
1 code_74 Autos & Vehicles Motor Vehicles (By Type) Off-Road Vehicles 0.375221 

1 code_75 Autos & Vehicles Motor Vehicles (By Type) Trucks & SUVs 0.375221 
1 code_76 Autos & Vehicles Vehicle Codes & Driving Laws  0.170341 

1 code_77 Autos & Vehicles Vehicle Codes & Driving Laws Vehicle Licensing & Registration 0.170341 
1 code_78 Autos & Vehicles Vehicle Parts & Services  0.299548 

3 code_79 Autos & Vehicles Vehicle Parts & Services Gas Prices & Vehicle Fuelling 0.457 
1 code_80 Autos & Vehicles Vehicle Parts & Services Vehicle Parts & Accessories 0.299548 
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1 code_81 Autos & Vehicles Vehicle Parts & Services Vehicle Repair & Maintenance 0.297154 

1 code_82 Autos & Vehicles Vehicle Shopping  0.375221 
1 code_83 Autos & Vehicles Vehicle Shopping Used Vehicles 0.375221 

1 code_84 Autos & Vehicles Vehicle Shows  0.259202 
1 code_85 Beauty & Fitness   0.309717 

1 code_86 Beauty & Fitness Beauty Pageants  0.222804 
1 code_87 Beauty & Fitness Body Art  0.291649 

1 code_88 Beauty & Fitness Cosmetic Procedures  0.291649 
1 code_89 Beauty & Fitness Cosmetic Procedures Cosmetic Surgery 0.291649 

1 code_90 Beauty & Fitness 
Cosmetology & Beauty 
Professionals  0.291649 

1 code_91 Beauty & Fitness Face & Body Care  0.291649 

1 code_92 Beauty & Fitness Face & Body Care Hygiene & Toiletries 0.291649 
1 code_93 Beauty & Fitness Face & Body Care Make-Up & Cosmetics 0.291649 

1 code_94 Beauty & Fitness Face & Body Care Perfumes & Fragrances 0.291649 
1 code_95 Beauty & Fitness Face & Body Care Skin & Nail Care 0.291649 

1 code_96 Beauty & Fitness Face & Body Care Unwanted Body & Facial Hair Removal 0.291649 
1 code_97 Beauty & Fitness Fashion & Style  0.738472 

1 code_98 Beauty & Fitness Fashion & Style Fashion Designers & Collections 0.738472 
1 code_99 Beauty & Fitness Fitness  0.287046 

1 code_100 Beauty & Fitness Hair Care  0.296838 
1 code_101 Beauty & Fitness Hair Care Hair Loss 0.296838 

1 code_102 Beauty & Fitness Spas & Beauty Services  0.291649 
1 code_103 Beauty & Fitness Spas & Beauty Services Massage Therapy 0.291649 

1 code_104 Beauty & Fitness Weight Loss  0.291932 
1 code_105 Books & Literature   0.195286 

1 code_106 Books & Literature Children's Literature  0.195286 
1 code_107 Books & Literature E-Books  0.195286 

1 code_108 Books & Literature Fan Fiction  0.195286 
1 code_109 Books & Literature Literary Classics  0.195286 

1 code_110 Books & Literature Poetry  0.195286 
1 code_111 Books & Literature Writers Resources  0.195286 

1 code_112 Business & Industrial   0.310656 
1 code_113 Business & Industrial Advertising & Marketing Public Relations 0.110192 

1 code_114 Business & Industrial Aerospace & Defense Space Technology 0.202416 
1 code_115 Business & Industrial Agriculture & Forestry  2.278005 

1 code_116 Business & Industrial Agriculture & Forestry Agricultural Equipment 0.423007 
1 code_117 Business & Industrial Agriculture & Forestry Forestry 0.327824 

1 code_118 Business & Industrial Agriculture & Forestry Livestock 2.314544 
1 code_119 Business & Industrial Automotive Industry  0.309141 

1 code_120 Business & Industrial Business Education  0.10258 
1 code_121 Business & Industrial Business Finance  0.113865 

1 code_122 Business & Industrial Business Finance Venture Capital 0.113865 
1 code_123 Business & Industrial Business Operations  0.070301 

1 code_124 Business & Industrial Business Operations Business Plans & Presentations 0.108621 
1 code_125 Business & Industrial Business Operations Management 0.108621 

1 code_126 Business & Industrial Business Services  0.150649 
1 code_127 Business & Industrial Business Services Consulting 0.15233 

1 code_128 Business & Industrial Business Services Corporate Events 0.194539 
1 code_129 Business & Industrial Business Services E-Commerce Services 0.19147 

1 code_130 Business & Industrial Business Services Fire & Security Services 0.153014 
1 code_131 Business & Industrial Business Services Office Services 0.152384 

1 code_132 Business & Industrial Business Services Office Supplies 0.425337 
1 code_133 Business & Industrial Business Services Writing & Editing Services 0.195513 

1 code_134 Business & Industrial Chemicals Industry  1.225531 
1 code_135 Business & Industrial Chemicals Industry Cleaning Agents 0.836584 

1 code_136 Business & Industrial Chemicals Industry Plastics & Polymers 0.633761 
1 code_137 Business & Industrial Construction & Maintenance  0.333827 

1 code_138 Business & Industrial Construction & Maintenance Building Materials & Supplies 0.501233 
3 code_139 Business & Industrial Energy & Utilities  - 

3 code_140 Business & Industrial Energy & Utilities Electricity 0.125 
3 code_141 Business & Industrial Energy & Utilities Oil & Gas 1.130 

3 code_142 Business & Industrial Energy & Utilities Renewable & Alternative Energy - 
1 code_143 Business & Industrial Hospitality Industry  0.307688 

1 code_144 Business & Industrial Hospitality Industry Event Planning 0.280247 
1 code_145 Business & Industrial Hospitality Industry Food Service 0.31608 
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1 code_146 Business & Industrial 
Industrial Materials & 
Equipment  0.656415 

1 code_147 Business & Industrial 
Industrial Materials & 
Equipment Heavy Machinery 0.421459 

1 code_148 Business & Industrial Manufacturing  0.680609 

1 code_149 Business & Industrial Metals & Mining  0.380651 
1 code_150 Business & Industrial Metals & Mining Precious Metals 0.761028 

1 code_151 Business & Industrial Pharmaceuticals & Biotech  0.273856 
1 code_152 Business & Industrial Printing & Publishing  0.195286 

1 code_153 Business & Industrial Retail Trade  0.11123 
1 code_154 Business & Industrial Retail Trade Retail Equipment & Technology 0.111137 

1 code_155 Business & Industrial Small Business MLM & Business Opportunities 0.121549 
1 code_156 Business & Industrial Textiles & Nonwovens  0.762562 

9 code_157 Business & Industrial Transportation & Logistics  1.135895 
9 code_158 Business & Industrial Transportation & Logistics Freight & Trucking 0.620678 

9 code_159 Business & Industrial Transportation & Logistics Mail & Package Delivery 0.263766 
9 code_160 Business & Industrial Transportation & Logistics Maritime Transport 2.406699 

9 code_161 Business & Industrial Transportation & Logistics Moving & Relocation 0.620678 
9 code_162 Business & Industrial Transportation & Logistics Packaging 0.263766 

9 code_163 Business & Industrial Transportation & Logistics Parking 0.339032 
9 code_164 Business & Industrial Transportation & Logistics Rail Transport 0.794241 

9 code_165 Business & Industrial Transportation & Logistics Urban Transport 0.676149 
1 code_166 Computers & Electronics   0.250638 

1 code_167 Computers & Electronics CAD & CAM  0.15329 
1 code_168 Computers & Electronics Computer Hardware  0.411838 

1 code_169 Computers & Electronics Computer Hardware Computer Components 0.411838 
1 code_170 Computers & Electronics Computer Hardware Computer Drives & Storage 0.411838 

1 code_171 Computers & Electronics Computer Hardware Computer Peripherals 0.411838 
1 code_172 Computers & Electronics Computer Hardware Desktop Computers 0.411838 

1 code_173 Computers & Electronics Computer Hardware Laptops & Notebooks 0.411838 
1 code_174 Computers & Electronics Computer Security  0.153359 

1 code_175 Computers & Electronics Computer Security Hacking & Cracking 0.153359 
1 code_176 Computers & Electronics Consumer Electronics  0.411838 

1 code_177 Computers & Electronics Consumer Electronics Audio Equipment 0.411838 
1 code_178 Computers & Electronics Consumer Electronics Camera & Photo Equipment 0.411838 

1 code_179 Computers & Electronics Consumer Electronics Car Electronics 0.411838 
1 code_180 Computers & Electronics Consumer Electronics Drones & RC Aircraft 0.411838 

1 code_181 Computers & Electronics Consumer Electronics Game Systems & Consoles 0.411838 
1 code_182 Computers & Electronics Consumer Electronics GPS & Navigation 0.411838 

1 code_183 Computers & Electronics Consumer Electronics TV & Video Equipment 0.437809 
1 code_184 Computers & Electronics Electronics & Electrical  0.411838 

1 code_185 Computers & Electronics Electronics & Electrical Electronic Components 0.411838 
1 code_186 Computers & Electronics Electronics & Electrical Power Supplies 0.411838 

1 code_187 Computers & Electronics Enterprise Technology  0.152469 
1 code_188 Computers & Electronics Enterprise Technology Data Management 0.152469 

1 code_189 Computers & Electronics Networking  0.15329 
1 code_190 Computers & Electronics Networking Data Formats & Protocols 0.15329 

1 code_191 Computers & Electronics Networking Network Monitoring & Management 0.15329 
1 code_192 Computers & Electronics Networking VPN & Remote Access 0.15329 

1 code_193 Computers & Electronics Programming  0.15329 
1 code_194 Computers & Electronics Programming Java (Programming Language) 0.15329 

1 code_195 Computers & Electronics Software  0.15329 
1 code_196 Computers & Electronics Software Business & Productivity Software 0.15329 

1 code_197 Computers & Electronics Software Device Drivers 0.15329 
1 code_198 Computers & Electronics Software Internet Software 0.15329 

1 code_199 Computers & Electronics Software Multimedia Software 0.15329 
1 code_200 Computers & Electronics Software Operating Systems 0.15329 

1 code_201 Computers & Electronics Software Software Utilities 0.15329 
1 code_202 Finance   0.102513 

1 code_203 Finance Accounting & Auditing  0.113888 
1 code_204 Finance Accounting & Auditing Billing & Invoicing 0.113888 

1 code_205 Finance Accounting & Auditing Tax Preparation & Planning 0.113888 
1 code_206 Finance Banking  0.100455 

1 code_207 Finance Credit & Lending  0.113865 
1 code_208 Finance Credit & Lending Credit Cards 0.113865 

1 code_209 Finance Credit & Lending Credit Reporting & Monitoring 0.113865 
1 code_210 Finance Credit & Lending Loans 0.113865 
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1 code_211 Finance 
Financial Planning & 
Management  0.102753 

1 code_212 Finance 
Financial Planning & 
Management Retirement & Pension 0.102753 

1 code_213 Finance 
Grants  Scholarships & 
Financial Aid  0.10596 

1 code_214 Finance 
Grants  Scholarships & 
Financial Aid Study Grants & Scholarships 0.10596 

1 code_215 Finance Insurance  0.088193 

1 code_216 Finance Insurance Health Insurance 0.088193 
1 code_217 Finance Investing  0.113865 

1 code_218 Finance Investing Commodities & Futures Trading 0.113865 
1 code_219 Finance Investing Currencies & Foreign Exchange 0.113865 

1 code_220 Finance Investing Stocks & Bonds 0.113865 
1 code_221 Food & Drink   0.469376 

1 code_222 Food & Drink Beverages  0.552626 
1 code_223 Food & Drink Beverages Alcoholic Beverages 0.727946 

1 code_224 Food & Drink Beverages Coffee & Tea 0.725362 
1 code_225 Food & Drink Beverages Juice 0.42134 

1 code_226 Food & Drink Beverages Soft Drinks 0.42134 
1 code_227 Food & Drink Cooking & Recipes  0.758549 

1 code_228 Food & Drink Cooking & Recipes BBQ & Grilling 0.811989 
1 code_229 Food & Drink Cooking & Recipes Desserts 0.735321 

1 code_230 Food & Drink Cooking & Recipes Soups & Stews 0.811989 
1 code_231 Food & Drink Food  0.758549 

1 code_232 Food & Drink Food & Grocery Retailers  0.758549 
1 code_233 Food & Drink Food Baked Goods 0.734311 

1 code_234 Food & Drink Food Breakfast Foods 0.735321 
1 code_235 Food & Drink Food Candy & Sweets 0.81948 

1 code_236 Food & Drink Food Grains & Pasta 0.747368 
1 code_237 Food & Drink Food Meat & Seafood 0.803618 

1 code_238 Food & Drink Food Snack Foods 0.756658 
1 code_239 Food & Drink Restaurants  0.31608 

1 code_240 Food & Drink Restaurants Fast Food 0.31608 
1 code_241 Food & Drink Restaurants Pizzerias 0.31608 

1 code_242 Food & Drink Restaurants Restaurant Reviews & Reservations 0.31608 
1 code_243 Games   0.219961 

1 code_244 Games Arcade & Coin-Op Games  0.222804 
1 code_245 Games Board Games  0.222804 

1 code_246 Games Board Games Chess & Abstract Strategy Games 0.222804 
1 code_247 Games Board Games Miniatures & Wargaming 0.222804 

1 code_248 Games Card Games  0.222804 
1 code_249 Games Card Games Collectible Card Games 0.222804 

1 code_250 Games Card Games Poker & Casino Games 0.094973 
1 code_251 Games Computer & Video Games  0.279959 

1 code_252 Games Computer & Video Games Casual Games 0.279959 
1 code_253 Games Computer & Video Games Driving & Racing Games 0.279959 

1 code_254 Games Computer & Video Games Fighting Games 0.279959 
1 code_255 Games Computer & Video Games Music & Dance Games 0.279959 

1 code_256 Games Computer & Video Games Sandbox Games 0.279959 
1 code_257 Games Computer & Video Games Shooter Games 0.279959 

1 code_258 Games Computer & Video Games Simulation Games 0.279959 
1 code_259 Games Computer & Video Games Sports Games 0.279959 

1 code_260 Games Computer & Video Games Strategy Games 0.279959 
1 code_261 Games Computer & Video Games Video Game Emulation 0.279959 

1 code_262 Games 
Family-Oriented Games & 
Activities  0.222804 

1 code_263 Games 
Family-Oriented Games & 
Activities Drawing & Coloring 0.222804 

1 code_264 Games 
Family-Oriented Games & 
Activities Dress-Up & Fashion Games 0.222804 

1 code_265 Games Gambling  0.094973 

1 code_266 Games Gambling Lottery 0.094973 
1 code_267 Games Online Games Massively Multiplayer Games 0.279959 

1 code_268 Games Puzzles & Brainteasers  0.222804 
1 code_269 Games Roleplaying Games  0.222804 

1 code_270 Games Table Games  0.222804 
1 code_271 Games Table Games Billiards 0.222804 

1 code_272 Games Word Games  0.222804 
1 code_273 Health   0.258847 
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1 code_274 Health Aging & Geriatrics  0.260433 

1 code_275 Health Health Conditions  0.306182 
1 code_276 Health Health Conditions AIDS & HIV 0.306182 

1 code_277 Health Health Conditions Allergies 0.306182 
1 code_278 Health Health Conditions Arthritis 0.306182 

1 code_279 Health Health Conditions Cancer 0.306182 
1 code_280 Health Health Conditions Diabetes 0.306182 

1 code_281 Health Health Conditions Ear Nose & Throat 0.306182 
1 code_282 Health Health Conditions Eating Disorders 0.306182 

1 code_283 Health Health Conditions Endocrine Conditions 0.306182 
1 code_284 Health Health Conditions Genetic Disorders 0.306182 

1 code_285 Health Health Conditions Heart & Hypertension 0.306182 
1 code_286 Health Health Conditions Infectious Diseases 0.306182 

1 code_287 Health Health Conditions Neurological Conditions 0.306182 
1 code_288 Health Health Conditions Obesity 0.306182 

1 code_289 Health Health Conditions Pain Management 0.306182 
1 code_290 Health Health Conditions Respiratory Conditions 0.306182 

1 code_291 Health Health Conditions Skin Conditions 0.306182 
1 code_292 Health Health Conditions Sleep Disorders 0.306182 

1 code_293 Health 
Health Education & Medical 
Training  0.275678 

1 code_294 Health 
Health Foundations & Medical 
Research  0.275678 

1 code_295 Health Medical Devices & Equipment  0.299749 
1 code_296 Health Medical Facilities & Services  0.299749 

1 code_297 Health Medical Facilities & Services Doctors' Offices 0.291932 
1 code_298 Health Medical Facilities & Services Hospitals & Treatment Centers 0.291932 

1 code_299 Health Medical Facilities & Services Medical Procedures 0.291932 
1 code_300 Health Medical Facilities & Services Physical Therapy 0.291932 

1 code_301 Health Men's Health  0.306182 
1 code_302 Health Mental Health  0.306182 

1 code_303 Health Mental Health Anxiety & Stress 0.306182 
1 code_304 Health Mental Health Depression 0.306182 

1 code_305 Health Nursing  0.291932 
1 code_306 Health Nursing Assisted Living & Long Term Care 0.27296 

1 code_307 Health Nutrition  0.306182 
1 code_308 Health Nutrition Special & Restricted Diets 0.306182 

1 code_309 Health Nutrition Vitamins & Supplements 0.306182 
1 code_310 Health Oral & Dental Care  0.31269 

1 code_311 Health Pharmacy  0.306182 
1 code_312 Health Pharmacy Drugs & Medications 0.306182 

1 code_313 Health Public Health  0.291932 
1 code_314 Health Public Health Occupational Health & Safety 0.291932 

1 code_315 Health Reproductive Health  0.306182 
1 code_316 Health Substance Abuse  0.306182 

1 code_317 Health Substance Abuse Drug & Alcohol Testing 0.288524 
1 code_318 Health Substance Abuse Drug & Alcohol Treatment 0.285968 

1 code_319 Health Substance Abuse Smoking & Smoking Cessation 0.306182 

1 code_320 Health Substance Abuse 
Steroids & Performance-Enhancing 
Drugs 0.306182 

1 code_321 Health Vision Care  0.31269 
1 code_322 Health Vision Care Eyeglasses & Contacts 0.31269 

1 code_323 Health Women's Health  0.306182 
1 code_324 Hobbies & Leisure   0.327003 

1 code_325 Hobbies & Leisure Clubs & Organizations  0.175955 
1 code_326 Hobbies & Leisure Clubs & Organizations Youth Organizations & Resources 0.175955 

1 code_327 Hobbies & Leisure Crafts  0.749917 
1 code_328 Hobbies & Leisure Crafts Fiber & Textile Arts 0.749917 

1 code_329 Hobbies & Leisure Merit Prizes & Contests  0.221568 
1 code_330 Hobbies & Leisure Outdoors  0.222804 

1 code_331 Hobbies & Leisure Outdoors Fishing 0.222804 
1 code_332 Hobbies & Leisure Outdoors Hiking & Camping 0.222804 

1 code_333 Hobbies & Leisure Paintball  0.222804 
1 code_334 Hobbies & Leisure Radio Control & Modeling  0.391751 

1 code_335 Hobbies & Leisure Radio Control & Modeling Model Trains & Railroads 0.391751 
1 code_336 Hobbies & Leisure Special Occasions  0.250713 

1 code_337 Hobbies & Leisure Special Occasions Holidays & Seasonal Events 0.250713 
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1 code_338 Hobbies & Leisure Special Occasions Weddings 0.269648 

1 code_339 Hobbies & Leisure Water Activities  0.222804 
1 code_340 Hobbies & Leisure Water Activities Boating 0.230317 

1 code_341 Hobbies & Leisure Water Activities Surf & Swim 0.222804 
1 code_342 Home & Garden   0.162967 

1 code_343 Home & Garden Bed & Bath  0.115391 
1 code_344 Home & Garden Bed & Bath Bathroom 0.115391 

1 code_345 Home & Garden Domestic Services  0.038032 
1 code_346 Home & Garden Domestic Services Cleaning Services 0.038032 

1 code_347 Home & Garden Gardening & Landscaping  0.099156 
1 code_348 Home & Garden Home & Interior Decor  0.057796 

1 code_349 Home & Garden Home Appliances  0.074543 
1 code_350 Home & Garden Home Furnishings  0.057578 

1 code_351 Home & Garden Home Furnishings Curtains & Window Treatments 0.057578 
1 code_352 Home & Garden Home Furnishings Kitchen & Dining Furniture 0.057578 

1 code_353 Home & Garden Home Furnishings Lamps & Lighting 0.064357 
1 code_354 Home & Garden Home Furnishings Living Room Furniture 0.057578 

1 code_355 Home & Garden Home Furnishings Rugs & Carpets 0.084417 
1 code_356 Home & Garden Home Improvement  0.103608 

1 code_357 Home & Garden Home Improvement Construction & Power Tools 0.108453 
1 code_358 Home & Garden Home Improvement Doors & Windows 0.103619 

1 code_359 Home & Garden Home Improvement Flooring 0.103619 
1 code_360 Home & Garden Home Improvement House Painting & Finishing 0.041905 

1 code_361 Home & Garden Home Improvement Plumbing 0.103608 
1 code_362 Home & Garden Home Safety & Security  0.099156 

1 code_363 Home & Garden Home Storage & Shelving  0.1154 

1 code_364 Home & Garden 
Home Swimming Pools  
Saunas & Spas  0.099169 

1 code_365 Home & Garden HVAC & Climate Control  0.103514 
1 code_366 Home & Garden HVAC & Climate Control Fireplaces & Stoves 0.103514 

1 code_367 Home & Garden Kitchen & Dining  0.133682 
1 code_368 Home & Garden Kitchen & Dining Cookware & Diningware 0.061086 

1 code_369 Home & Garden Kitchen & Dining Major Kitchen Appliances 0.047058 
1 code_370 Home & Garden Kitchen & Dining Small Kitchen Appliances 0.047058 

1 code_371 Home & Garden Laundry  0.047058 
1 code_372 Home & Garden Laundry Washers & Dryers 0.047058 

1 code_373 Home & Garden Nursery & Playroom  0.115475 
1 code_374 Home & Garden Pest Control  0.039885 

1 code_375 Home & Garden Yard & Patio  0.110967 
1 code_376 Home & Garden Yard & Patio Lawn Mowers 0.108356 

1 code_377 Internet & Telecom   0.231717 
1 code_378 Internet & Telecom Communications Equipment  0.296539 

1 code_379 Internet & Telecom Communications Equipment Radio Equipment 0.296539 
1 code_380 Internet & Telecom Email & Messaging  0.17321 

1 code_381 Internet & Telecom Email & Messaging Text & Instant Messaging 0.17321 
1 code_382 Internet & Telecom Email & Messaging Voice & Video Chat 0.17321 

1 code_383 Internet & Telecom Mobile & Wireless  0.27693 
1 code_384 Internet & Telecom Mobile & Wireless Mobile & Wireless Accessories 0.27693 

1 code_385 Internet & Telecom Mobile & Wireless Mobile Apps & Add-Ons 0.27693 
1 code_386 Internet & Telecom Mobile & Wireless Mobile Phones 0.27683 

1 code_387 Internet & Telecom Service Providers  0.17321 
1 code_388 Internet & Telecom Service Providers Cable & Satellite Providers 0.17321 

1 code_389 Internet & Telecom Web Services  0.15329 
1 code_390 Internet & Telecom Web Services Affiliate Programs 0.15329 

1 code_391 Internet & Telecom Web Services Web Design & Development 0.15329 
1 code_392 Jobs & Education   0.102602 

1 code_393 Jobs & Education Education  0.10258 
1 code_394 Jobs & Education Education Colleges & Universities 0.10258 

1 code_395 Jobs & Education Education Distance Learning 0.10258 
1 code_396 Jobs & Education Education Homeschooling 0.10258 

1 code_397 Jobs & Education Education Primary & Secondary Schooling (K-12) 0.10258 
1 code_398 Jobs & Education Education Standardized & Admissions Tests 0.10258 

1 code_399 Jobs & Education Education Teaching & Classroom Resources 0.10258 
1 code_400 Jobs & Education Education Training & Certification 0.10258 

1 code_401 Jobs & Education Education Vocational & Continuing Education 0.10258 
1 code_402 Jobs & Education Jobs  0.117628 
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1 code_403 Jobs & Education Jobs Career Resources & Planning 0.117628 

1 code_404 Jobs & Education Jobs Job Listings 0.113208 
1 code_405 Jobs & Education Jobs Resumes & Portfolios 0.117628 

1 code_406 Law & Government   0 
1 code_407 Law & Government Government  0 

1 code_408 Law & Government Government Courts & Judiciary 0 
1 code_409 Law & Government Government Visa & Immigration 0 

1 code_410 Law & Government Legal  0 
1 code_411 Law & Government Legal Bankruptcy 0 

1 code_412 Law & Government Legal Legal Education 0 
1 code_413 Law & Government Legal Legal Services 0 

1 code_414 Law & Government Military  0 
1 code_415 Law & Government Public Safety  0 

1 code_416 Law & Government Public Safety Crime & Justice 0 
1 code_417 Law & Government Public Safety Emergency Services 0 

1 code_418 Law & Government Public Safety Law Enforcement 0 
1 code_419 Law & Government Public Safety Security Products & Services 0 

1 code_420 Law & Government Social Services  0 
1 code_421 News   0.1609 

1 code_422 News Business News  0.1609 
1 code_423 News Business News Company News 0.1609 

1 code_424 News Business News Financial Markets News 0.1609 
1 code_425 News Gossip & Tabloid News Scandals & Investigations 0.1609 

1 code_426 News Health News  0.1609 
1 code_427 News Politics  0.1609 

1 code_428 News Sports News  0.1609 
1 code_429 News Weather  0.1609 

1 code_430 Online Communities   0 

1 code_431 Online Communities 
Blogging Resources & 
Services  0 

1 code_432 Online Communities Dating & Personals  0 
1 code_433 Online Communities Dating & Personals Matrimonial Services 0 

1 code_434 Online Communities Dating & Personals Personals 0 
1 code_435 Online Communities Dating & Personals Photo Rating Sites 0 

1 code_436 Online Communities File Sharing & Hosting  0 
1 code_437 Online Communities Online Goodies  0 

1 code_438 Online Communities Online Goodies Clip Art & Animated GIFs 0 
1 code_439 Online Communities Online Goodies Skins  Themes & Wallpapers 0 

1 code_440 Online Communities Online Goodies Social Network Apps & Add-Ons 0 
1 code_441 Online Communities Photo & Video Sharing  0 

1 code_442 Online Communities Photo & Video Sharing Photo & Image Sharing 0 
1 code_443 Online Communities Social Networks  0 

1 code_444 Online Communities Virtual Worlds  0 
1 code_445 People & Society   0 

1 code_446 People & Society Family & Relationships  0 
1 code_447 People & Society Family & Relationships Family 0 

1 code_448 People & Society Family & Relationships Marriage 0 
1 code_449 People & Society Family & Relationships Troubled Relationships 0 

1 code_450 People & Society Kids & Teens  0 
1 code_451 People & Society Kids & Teens Children's Interests 0 

1 code_452 People & Society Kids & Teens Teen Interests 0 
1 code_453 People & Society Religion & Belief  0 

1 code_454 People & Society Seniors & Retirement  0 
1 code_455 People & Society Social Issues & Advocacy  0 

1 code_456 People & Society Social Issues & Advocacy Charity & Philanthropy 0 
1 code_457 People & Society Social Issues & Advocacy Discrimination & Identity Relations 0 

1 code_458 People & Society Social Issues & Advocacy Green Living & Environmental Issues 0 
1 code_459 People & Society Social Issues & Advocacy Human Rights & Liberties 0 

1 code_460 People & Society Social Issues & Advocacy Poverty & Hunger 0 
1 code_461 People & Society Social Issues & Advocacy Work & Labor Issues 0 

1 code_462 People & Society Social Sciences  0 
1 code_463 People & Society Social Sciences Economics 0 

1 code_464 People & Society Social Sciences Political Science 0 
1 code_465 People & Society Social Sciences Psychology 0 

1 code_466 People & Society Subcultures & Niche Interests  0 
1 code_467 Pets & Animals   0.49728 
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1 code_468 Pets & Animals Animal Products & Services Pet Food & Supplies 0.49728 

1 code_469 Pets & Animals Animal Products & Services Veterinarians 0.08693 
1 code_470 Pets & Animals Pets  0.08693 

1 code_471 Pets & Animals Pets Birds 0.08693 
1 code_472 Pets & Animals Pets Cats 0.08693 

1 code_473 Pets & Animals Pets Dogs 0.08693 
1 code_474 Pets & Animals Pets Exotic Pets 0.08693 

1 code_475 Pets & Animals Pets Fish & Aquaria 0.08693 
1 code_476 Pets & Animals Pets Horses 0.08693 

1 code_477 Pets & Animals Pets Rabbits & Rodents 0.08693 
1 code_478 Pets & Animals Pets Reptiles & Amphibians 0.08693 

1 code_479 Pets & Animals Wildlife  0.08693 
1 code_480 Real Estate   0.084914 

1 code_481 Real Estate Real Estate Listings  0.084914 
1 code_482 Real Estate Real Estate Listings Bank-Owned & Foreclosed Properties 0.084914 

1 code_483 Real Estate Real Estate Listings Commercial Properties 0.084914 
1 code_484 Real Estate Real Estate Listings Lots & Land 0.084914 

1 code_485 Real Estate Real Estate Listings Residential Rentals 0.084914 
1 code_486 Real Estate Real Estate Listings Residential Sales 0.084914 

1 code_487 Real Estate Real Estate Listings Timeshares & Vacation Properties 0.084914 
1 code_488 Real Estate Real Estate Services  0.084914 

1 code_489 Reference   0 
1 code_490 Reference Directories & Listings  0 

1 code_491 Reference Directories & Listings Business & Personal Listings 0 
1 code_492 Reference General Reference  0 

1 code_493 Reference General Reference Biographies & Quotations 0 
1 code_494 Reference General Reference Calculators & Reference Tools 0 

1 code_495 Reference General Reference Dictionaries & Encyclopedias 0 
1 code_496 Reference General Reference Forms Guides & Templates 0 

1 code_497 Reference General Reference Public Records 0 
1 code_498 Reference General Reference Time & Calendars 0 

1 code_499 Reference Geographic Reference  0 
1 code_500 Reference Geographic Reference Maps 0 

1 code_501 Reference Humanities  0 
1 code_502 Reference Humanities History 0 

1 code_503 Reference Humanities Myth & Folklore 0 
1 code_504 Reference Humanities Philosophy 0 

1 code_505 Reference Language Resources  0 
1 code_506 Reference Language Resources Foreign Language Resources 0 

1 code_507 Reference Libraries & Museums  0 
1 code_508 Reference Libraries & Museums Museums 0 

1 code_509 Science   0.185857 
1 code_510 Science Astronomy  0.185857 

1 code_511 Science Biological Sciences  0.185857 
1 code_512 Science Biological Sciences Neuroscience 0.185857 

1 code_513 Science Chemistry  0.185857 
1 code_514 Science Computer Science  0.185857 

1 code_515 Science Earth Sciences  0.185857 
1 code_516 Science Earth Sciences Atmospheric Science 0.185857 

1 code_517 Science Earth Sciences Geology 0.185857 
1 code_518 Science Ecology & Environment  0.185857 

1 code_519 Science Ecology & Environment Climate Change & Global Warming 0.185857 
1 code_520 Science Engineering & Technology  0.185857 

1 code_521 Science Engineering & Technology Robotics 0.185857 
1 code_522 Science Mathematics  0.185857 

1 code_523 Science Mathematics Statistics 0.185857 
1 code_524 Science Physics  0.185857 

1 code_525 Science Scientific Institutions  0.185857 
1 code_526 Sensitive Subjects   0.265295 

1 code_527 Shopping   0.40695 
1 code_528 Shopping Antiques & Collectibles  0.524893 

1 code_529 Shopping Apparel  0.72111 
1 code_530 Shopping Apparel Athletic Apparel 0.736107 

1 code_531 Shopping Apparel Casual Apparel 0.729235 
1 code_532 Shopping Apparel Children's Clothing 0.729235 
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1 code_533 Shopping Apparel Clothing Accessories 0.729235 

1 code_534 Shopping Apparel Costumes 0.729235 
1 code_535 Shopping Apparel Eyewear 0.736107 

1 code_536 Shopping Apparel Footwear 0.718746 
1 code_537 Shopping Apparel Formal Wear 0.736107 

1 code_538 Shopping Apparel Headwear 0.736107 
1 code_539 Shopping Apparel Men's Clothing 0.729235 

1 code_540 Shopping Apparel Swimwear 0.736107 
1 code_541 Shopping Apparel Undergarments 0.736107 

1 code_542 Shopping Apparel Women's Clothing 0.729235 
1 code_543 Shopping Auctions  0.50949 

1 code_544 Shopping Classifieds  0.110192 
1 code_545 Shopping Consumer Resources  0 

1 code_546 Shopping Consumer Resources Consumer Advocacy & Protection 0 
1 code_547 Shopping Consumer Resources Coupons & Discount Offers 0 

1 code_548 Shopping Consumer Resources Product Reviews & Price Comparisons 0 
1 code_549 Shopping Entertainment Media  0.222358 

1 code_550 Shopping Entertainment Media Entertainment Media Rentals 0.136983 
1 code_551 Shopping Gifts & Special Event Items  0.508223 

1 code_552 Shopping Gifts & Special Event Items Cards & Greetings 0.75558 
1 code_553 Shopping Gifts & Special Event Items Flowers 0.193032 

1 code_554 Shopping Gifts & Special Event Items Gifts 0.508223 
1 code_555 Shopping Luxury Goods  0.627033 

1 code_556 Shopping 
Mass Merchants & Department 
Stores  0.486517 

1 code_557 Shopping Photo & Video Services  0.436448 

1 code_558 Shopping Tobacco Products  1.005129 
1 code_559 Shopping Toys  0.619265 

1 code_560 Shopping Toys Building Toys 0.619265 
1 code_561 Shopping Toys Die-cast & Toy Vehicles 0.619265 

1 code_562 Shopping Toys Dolls & Accessories 0.619265 
1 code_563 Shopping Toys Ride-On Toys & Wagons 0.619265 

1 code_564 Shopping Toys Stuffed Toys 0.619265 
1 code_565 Sports   0.175955 

1 code_566 Sports Animal Sports  0.175955 
1 code_567 Sports College Sports  0.175955 

1 code_568 Sports Combat Sports  0.175955 
1 code_569 Sports Combat Sports Boxing 0.175955 

1 code_570 Sports Combat Sports Martial Arts 0.175955 
1 code_571 Sports Combat Sports Wrestling 0.175955 

1 code_572 Sports Extreme Sports  0.175955 
1 code_573 Sports Extreme Sports Drag & Street Racing 0.175955 

1 code_574 Sports Fantasy Sports  0.175955 
1 code_575 Sports Individual Sports  0.175955 

1 code_576 Sports Individual Sports Cycling 0.175955 
1 code_577 Sports Individual Sports Golf 0.175955 

1 code_578 Sports Individual Sports Gymnastics 0.175955 
1 code_579 Sports Individual Sports Racquet Sports 0.175955 

1 code_580 Sports Individual Sports Skate Sports 0.175955 
1 code_581 Sports Individual Sports Track & Field 0.175955 

1 code_582 Sports 
International Sports 
Competitions  0.222804 

1 code_583 Sports 
International Sports 
Competitions Olympics 0.222804 

1 code_584 Sports Motor Sports  0.222804 
1 code_585 Sports Sporting Goods  0.222804 

1 code_586 Sports Sporting Goods Sports Memorabilia 0.222804 
1 code_587 Sports Sporting Goods Winter Sports Equipment 0.222804 

1 code_588 Sports Sports Coaching & Training  0.175955 
1 code_589 Sports Team Sports  0.175955 

1 code_590 Sports Team Sports American Football 0.175955 
1 code_591 Sports Team Sports Australian Football 0.175955 

1 code_592 Sports Team Sports Baseball 0.175955 
1 code_593 Sports Team Sports Basketball 0.175955 

1 code_594 Sports Team Sports Cheerleading 0.175955 
1 code_595 Sports Team Sports Cricket 0.175955 

1 code_596 Sports Team Sports Hockey 0.175955 
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1 code_597 Sports Team Sports Rugby 0.175955 

1 code_598 Sports Team Sports Soccer 0.175955 
1 code_599 Sports Team Sports Volleyball 0.175955 

1 code_600 Sports Water Sports  0.175955 
1 code_601 Sports Water Sports Surfing 0.175955 

1 code_602 Sports Water Sports Swimming 0.175955 
1 code_603 Sports Winter Sports  0.175955 

1 code_604 Sports Winter Sports Ice Skating 0.175955 
1 code_605 Sports Winter Sports Skiing & Snowboarding 0.175955 

6 code_606 Travel   0.601042 
6 code_607 Travel Air Travel  0.947955 

6 code_608 Travel Air Travel Airport Parking & Transportation 0.620678 
6 code_609 Travel Bus & Rail  0.676149 

6 code_610 Travel Car Rental & Taxi Services  0.313692 
6 code_611 Travel Cruises & Charters  1.069828 

6 code_612 Travel Hotels & Accommodations  0.269648 
6 code_613 Travel Hotels & Accommodations Vacation Rentals & Short-Term Stays 0.269648 

6 code_614 Travel Specialty Travel  1.042665 
1 code_615 Travel Tourist Destinations  0.269648 

1 code_616 Travel Tourist Destinations Beaches & Islands 0.250713 
1 code_617 Travel Tourist Destinations Mountain & Ski Resorts 0.250713 

1 code_618 Travel Tourist Destinations Regional Parks & Gardens 0.250713 
1 code_619 Travel Tourist Destinations Theme Parks 0.250713 

1 code_620 Travel Tourist Destinations Zoos-Aquariums-Preserves 0.250713 
1 code_901 Payroll   0 

1 code_902 Industry adjustment   0 
1 code_903 Business & Industrial Energy & Utilities Water 0.34626 

5 code_904 Business & Industrial Energy & Utilities Waste & Recycling 1.392327 

 
 
Table S5. Industry interquar2le and median emissions es2mates by Scope 3 category. 

SIC  Descrip,on Category 1. Purchased Goods 
and Services 

Category 3. Fuel and energy-
related ac,vi,es 

Category 6. Business Travel Category 9. Downstream 
transporta,on and distribu,on   

Lower 
25% 

Median Upper 
25% 

Lower 
25% 

Median Upper 
25% 

Lower 
25% 

Median Upper 
25% 

Lower 
25% 

Median Upper 
25%   

kg 
Co2e 

kg Co2e kg Co2e kg 
Co2e 

kg 
Co2e 

kg 
Co2e 

kg 
Co2e 

kg 
Co2e 

kg Co2e kg 
Co2e 

kg 
Co2e 

kg Co2e 

2 Forestry and logging            
14,775  

           
36,494  

           
92,710  

         
6,582  

         
2,812  

         
3,551  

                
573  

             
1,196  

             
2,417  

                  
72  

                
533  

             
2,342  

3 Fishing and aquaculture            
38,438  

           
91,763  

         
235,545  

         
3,330  

         
1,504  

         
2,328  

                
590  

             
1,373  

             
3,114  

                  
20  

                
217  

                
960  

8 Other mining and quarrying            
61,734  

         
142,245  

         
460,682  

               
-    

               
-    

               
-    

                
771  

             
1,511  

             
3,557  

                
423  

             
3,815  

           
18,208  

10 Manufacture of food products            
36,631  

         
119,011  

         
444,999  

       
16,261  

         
4,960  

       
13,469  

                
224  

                
646  

             
1,423  

                
227  

             
2,125  

           
12,001  

11 Manufacture of beverages            
40,461  

           
91,025  

         
256,189  

       
11,316  

         
4,529  

         
8,309  

                
368  

                
788  

             
1,555  

                
533  

             
2,579  

             
8,908  

13 Manufacture of tex,les            
15,526  

           
46,066  

         
136,682  

         
4,089  

         
1,914  

         
2,889  

                
257  

                
594  

             
1,509  

                  
62  

                
555  

             
5,916  

14 Manufacture of wearing apparel            
23,537  

           
57,946  

         
174,765  

            
321  

            
168  

            
874  

                
228  

                
443  

                
980  

                
125  

                
677  

             
7,893  

16 Manufacture of wood products            
18,194  

           
45,484  

         
146,029  

         
4,562  

         
2,195  

         
3,406  

                
455  

                
899  

             
1,773  

                  
32  

                
265  

             
2,469  

17 Manufacture of paper and paper products            
43,798  

         
153,379  

         
605,264  

         
1,103  

            
268  

         
3,762  

                
355  

             
1,105  

             
2,084  

             
1,050  

           
10,550  

           
55,218  

18 Prin,ng and reproduc,on of recorded media            
15,249  

           
35,972  

         
102,040  

         
4,870  

         
2,666  

         
4,033  

                
229  

                
563  

             
1,498  

                
125  

             
1,034  

             
5,327  

20 Manufacture of chemicals and chemical products            
26,841  

         
107,952  

         
471,067  

       
20,404  

         
5,361  

         
8,463  

                
296  

                
836  

             
1,926  

                
468  

             
4,040  

           
23,130  

22 Manufacture of rubber and plas,c products            
57,893  

         
179,101  

         
482,234  

       
14,978  

         
5,208  

       
10,213  

                
466  

             
1,102  

             
2,457  

                
261  

             
2,185  

           
12,810  

23 Manufacture of other non-metallic mineral 
products 

           
18,655  

           
62,304  

         
203,942  

       
10,465  

         
3,013  

         
5,311  

                
423  

                
900  

             
2,168  

                  
72  

                
876  

             
5,665  

24 Manufacture of basic metals            
33,110  

         
107,509  

         
270,454  

       
14,710  

         
5,745  

         
8,641  

                
555  

             
1,184  

             
2,430  

                
224  

             
1,559  

             
7,482  

25 Manufacture of fabricated metal products            
22,842  

           
63,454  

         
189,120  

         
7,941  

         
3,006  

         
5,319  

                
491  

             
1,072  

             
2,189  

                  
59  

                
490  

             
3,281  

26 Manufacture of computer, electronic and op,cal 
products 

           
24,177  

           
75,631  

         
247,600  

       
10,374  

         
2,787  

         
5,336  

                
296  

                
888  

             
2,050  

                
159  

             
1,794  

             
8,294  

27 Manufacture of electrical equipment            
17,797  

           
46,999  

         
146,190  

         
5,938  

         
2,293  

         
3,496  

                
522  

             
1,121  

             
2,269  

                  
31  

                
395  

             
4,160  

28 Manufacture of machinery and equipment nec            
40,104  

         
110,142  

         
318,705  

       
11,343  

         
4,454  

         
6,916  

                
586  

             
1,361  

             
2,874  

                
275  

             
1,920  

             
8,512  

29 Manufacture of motor vehicles, trailers and semi-
trailers 

           
11,888  

           
37,870  

         
130,836  

         
5,469  

         
2,192  

         
3,852  

                
388  

             
1,034  

             
2,041  

                  
84  

             
1,045  

             
5,443  

30 Manufacture of other transport equipment            
13,365  

           
34,844  

         
120,090  

         
4,386  

         
2,457  

         
3,969  

                
792  

             
1,883  

             
4,175  

                  
54  

                
662  

             
4,850  
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31 Manufacture of furniture            
15,254  

           
42,819  

         
141,293  

         
5,973  

         
2,485  

         
4,151  

                
448  

                
975  

             
2,087  

                  
65  

                
514  

             
4,180  

32 Other manufacturing            
16,921  

           
42,163  

         
143,456  

         
4,065  

         
1,786  

         
2,898  

                
254  

                
687  

             
1,672  

                
170  

                
926  

             
5,998  

33 Repair and installa,on of machinery and 
equipment 

           
20,960  

           
51,066  

         
142,329  

         
4,587  

         
2,124  

         
2,770  

                
675  

             
1,582  

             
2,658  

                  
29  

                
217  

             
1,386  

41 Construc,on of buildings            
15,364  

           
40,698  

         
122,924  

         
3,286  

         
1,590  

         
2,700  

                
381  

                
858  

             
1,778  

                  
25  

                
198  

             
1,334  

42 Civil engineering            
18,210  

           
48,492  

         
139,961  

         
4,408  

         
2,002  

         
2,840  

                
598  

             
1,239  

             
2,409  

                  
42  

                
358  

             
2,233  

43 Specialised construc,on ac,vi,es            
13,450  

           
28,170  

           
73,652  

         
2,569  

         
1,245  

         
1,625  

                
488  

                
990  

             
1,898  

                  
10  

                  
59  

                
469  

45 Wholesale and retail trade and repair of motor 
vehicles and motorcycles 

           
14,222  

           
36,068  

           
96,459  

         
4,249  

         
2,224  

         
2,750  

                
323  

                
774  

             
1,768  

                  
28  

                
138  

                
971  

46 Wholesale trade, except of motor vehicles and 
motorcycles 

           
52,040  

         
180,582  

         
548,907  

       
10,511  

         
4,339  

         
5,739  

                
393  

             
1,038  

             
2,423  

                
712  

             
5,397  

           
24,791  

47 Retail trade, except of motor vehicles and 
motorcycles 

           
24,199  

           
71,096  

         
191,738  

         
4,289  

         
2,156  

         
2,999  

                
166  

                
437  

             
1,023  

                  
78  

                
496  

             
3,006  

50 Water transport              
5,125  

           
11,808  

           
55,610  

               
-    

               
-    

               
-    

             
8,201  

           
33,299  

         
137,604  

                
123  

                
671  

           
73,971  

52 Warehousing and support ac,vi,es for 
transporta,on 

             
5,129  

           
16,400  

           
61,304  

         
5,876  

         
2,029  

         
3,546  

                
354  

                
972  

             
2,535  

           
22,690  

           
62,107  

         
187,310  

53 Postal and courier ac,vi,es              
2,072  

             
4,934  

           
14,173  

               
-    

               
-    

               
-    

                
567  

             
1,322  

             
2,652  

             
4,385  

             
9,790  

           
33,981  

55 Accommoda,on              
4,621  

           
11,020  

           
33,709  

         
6,616  

         
3,382  

         
5,354  

             
4,507  

           
10,474  

           
26,066  

                    
7  

                  
27  

                
199  

56 Food and beverage service ac,vi,es            
25,801  

           
53,762  

         
102,561  

         
7,507  

         
4,154  

         
5,788  

                
141  

                
360  

                
863  

                  
12  

                  
70  

                
439  

58 Publishing ac,vi,es              
9,364  

           
20,899  

           
58,822  

            
400  

            
162  

            
803  

                
232  

                
585  

             
1,550  

                  
63  

                
340  

             
3,643  

59 Mo,on picture, video and television programme 
produc,on, sound recording and music 
publishing ac,vi,es 

             
7,122  

           
14,088  

           
30,434  

            
837  

            
467  

         
1,058  

                
502  

             
1,124  

             
2,286  

                  
10  

                  
34  

                
137  

61 Telecommunica,ons            
12,432  

           
28,862  

         
119,672  

            
660  

            
189  

         
1,735  

                
471  

             
1,207  

             
2,538  

                  
24  

                
140  

                
897  

62 Computer programming, consultancy and related 
ac,vi,es 

             
9,392  

           
21,596  

           
75,025  

         
1,302  

            
588  

         
1,359  

                
219  

                
520  

             
1,259  

                  
17  

                  
78  

                
523  

63 Informa,on service ac,vi,es              
7,757  

           
30,426  

         
106,424  

            
759  

            
353  

         
1,572  

                
282  

                
526  

             
1,165  

                  
24  

                
123  

             
1,182  

71 Architectural and engineering ac,vi,es; technical 
tes,ng and analysis 

             
9,002  

           
19,284  

           
59,104  

         
2,710  

         
1,333  

         
2,014  

                
391  

                
866  

             
1,853  

                  
14  

                  
53  

                
422  

72 Scien,fic research and development            
12,229  

           
39,817  

         
127,896  

            
848  

            
365  

         
2,221  

                
473  

             
1,034  

             
2,132  

                  
74  

                
459  

             
2,430  

73 Adver,sing and market research              
9,054  

           
20,462  

           
59,042  

         
1,804  

            
943  

         
1,524  

                
317  

                
765  

             
1,639  

                  
18  

                  
73  

                
504  

74 Other professional, scien,fic and technical 
ac,vi,es 

             
7,254  

           
15,137  

           
34,994  

         
1,374  

            
795  

         
1,140  

                
298  

                
675  

             
1,340  

                  
13  

                  
38  

                
175  

75 Veterinary ac,vi,es            
37,349  

           
92,700  

         
171,194  

         
1,834  

         
1,005  

         
3,405  

                
223  

                
580  

             
1,370  

                  
43  

                
136  

                
423  

78 Employment ac,vi,es            
13,247  

           
37,702  

         
122,458  

         
2,533  

         
1,071  

         
1,586  

                
370  

                
951  

             
1,896  

                  
18  

                  
73  

                
561  

81 Services to buildings and landscape ac,vi,es              
3,505  

             
7,809  

           
19,591  

         
2,465  

         
1,178  

         
1,468  

                
385  

                
811  

             
1,595  

                    
8  

                  
35  

                
233  

82 Office administra,ve, office support and other 
business support ac,vi,es 

             
7,137  

           
16,234  

           
52,524  

         
2,530  

         
1,308  

         
1,818  

                
292  

                
707  

             
1,570  

                  
19  

                
108  

             
1,085  

84 Public administra,on and defence; compulsory 
social security 

             
6,604  

           
17,150  

           
53,743  

               
-    

               
-    

               
-    

                
774  

             
1,368  

             
2,666  

                  
14  

                  
81  

                
905  

85 Educa,on              
8,996  

           
38,942  

         
136,825  

       
20,921  

         
3,077  

       
11,874  

                
191  

                
501  

             
1,212  

                  
16  

                  
52  

                
194  

86 Human health ac,vi,es            
20,237  

           
75,946  

         
181,254  

         
3,956  

         
1,954  

         
3,401  

                
144  

                
367  

                
846  

                  
16  

                  
51  

                
216  

87 Residen,al care ac,vi,es            
40,211  

           
86,473  

         
188,570  

       
17,127  

         
8,492  

       
12,196  

                
182  

                
540  

             
1,417  

                  
16  

                  
75  

                
311  

88 Social work ac,vi,es without accommoda,on              
3,612  

           
12,765  

           
35,725  

         
4,863  

         
2,683  

         
3,610  

                
134  

                
350  

                
833  

                  
15  

                  
68  

                
342  

90 Crea,ve, arts and entertainment ac,vi,es              
6,238  

           
12,782  

           
29,861  

         
1,622  

            
878  

         
1,408  

                
323  

                
762  

             
1,536  

                  
16  

                  
62  

                
364  

91 Libraries, archives, museums and other cultural 
ac,vi,es 

             
9,956  

           
24,551  

           
65,550  

            
668  

            
258  

         
2,464  

                
184  

                
617  

             
1,449  

                  
63  

                
265  

             
1,666  

93 Sports ac,vi,es and amusement and recrea,on 
ac,vi,es 

             
6,562  

           
14,967  

           
40,242  

         
3,849  

         
1,587  

         
3,227  

                
203  

                
513  

             
1,246  

                  
14  

                  
70  

                
369  

94 Ac,vi,es of membership organisa,ons              
4,619  

           
13,591  

           
55,344  

            
335  

            
149  

            
777  

                
190  

                
557  

             
1,480  

                  
25  

                
106  

                
396  

96 Other personal service ac,vi,es              
6,739  

           
11,080  

           
19,178  

         
1,364  

            
883  

         
1,139  

                  
86  

                
216  

                
487  

                    
6  

                  
26  

                
114  

 

Suppor2ng Informa2on S3.3 – Expenditure Code Mapping 
Excel file containing the mapping of expenditure codes to UKMRIO factors 

ee21ap (2026) ‘ee21ap/Code-and-SupporIng-Files---AP-Thesis: Release 1’. Zenodo. 

doi:10.5281/zenodo.19034950. 



244 

 

Suppor2ng Informa2on S3.4 – Stability Results and Binomial Logis2c Regression 
Details 

This SupporIng InformaIon provides the full test and train results to assess model 
performance and stability along with binomial model specificaIons and a summary table of 
average model performance metrics across all iteraIons. 

 
Table S6. Performance Metrics for preferred models Test and Train IteraIons 

  Mean Median 
Fold RSQ AE APE AE APE 

      
Category 1.      
1 0.88 55.14 63.49 8.47 28.18 
2 0.88 52.42 67.07 8.60 28.45 
3 0.88 57.83 74.46 8.51 28.36 
4 0.88 55.95 70.08 8.56 28.22 
5 0.88 56.14 110.54 8.51 28.40 
      
Mean 0.88 0.06 77.13 0.01 28.32 
Std 0.00 0.00 17.09 0.00 0.11 
      
Category 3.1     
1 0.71 4.88 77.17 1.01 48.26 
2 0.71 4.88 76.96 1.03 49.23 
3 0.71 4.88 75.97 1.02 48.73 
4 0.72 4.87 75.98 1.03 48.61 
5 0.71 4.62 76.17 1.01 47.99 
      
Mean 0.71 0.00 76.45 0.00 48.56 
Std 0.00 0.00 0.51 0.00 0.42 
      
Category 3.2     
1 0.74 0.86 73.34 0.21 48.93 
2 0.73 0.87 74.30 0.21 48.94 
3 0.73 0.84 73.74 0.21 48.86 
4 0.73 0.85 74.78 0.21 48.45 
5 0.73 0.85 73.49 0.21 48.11 
      
Mean 0.73 0.85 73.68 0.21 48.56 
Std 0.00 0.00 0.60 0.00 0.37 
      
Category 6      
1 0.44 1.31 128.27 0.42 59.12 
2 0.44 1.33 129.69 0.43 59.18 
3 0.44 1.47 131.61 0.43 59.04 
4 0.44 1.39 129.64 0.42 59.11 
5 0.44 1.32 134.24 0.43 59.84 
      
Mean 0.44 0.00 130.69 0.00 59.26 
Std 0.00 0.00 2.07 0.00 0.29 
      
Category 9      
1 0.47 7.19 552.10 0.18 93.47 
2 0.47 6.51 560.20 0.18 93.91 
3 0.47 7.47 550.28 0.18 93.88 
4 0.47 6.00 543.39 0.18 93.84 
5 0.47 7.05 542.22 0.19 93.74 
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Mean 0.47 0.01 549.64 0.00 93.77 
Std 0.00 0.00 6.51 0.00 0.16 
      
 

Table S6 presents the results of the 5-fold cross-validaIon across all modelled 

Categories. The models are stable across folds, with consistent RSQ values and error 

distribuIons. For Categories 1, 3.1, and 3.2 the models perform strongly, with average RSQ 

values of 0.88, 0.71, and 0.73 respecIvely, and relaIvely low median AE values (8.5, 1.0, and 

0.2 tCO₂e) and median APEs between 28-49%. By contrast, Categories 6 and 9 show lower 

explanatory power, with average RSQ values of 0.44 and 0.47, and substanIally higher 

relaIve errors, as reflected in median APEs of 59% and 94% respecIvely. This suggests that 

while the models are stable across folds, predicIve performance is stronger in Categories 1 

and 3, with greater uncertainty in Categories 6 and 9. 

 
Model SpecificaIons: Binomial LogisIc Models 
Model 4: 𝑙𝑜𝑔𝑖𝑡(𝑃(𝑌'( = 1)) = 𝛼(  
Model 5: 𝑙𝑜𝑔𝑖𝑡(𝑃(𝑌'( = 1)) = 𝛽F 𝑙𝑛 𝑡𝑢𝑟𝑛𝑜𝑣𝑒𝑟' +	𝛼( 𝑙𝑛 𝑡𝑢𝑟𝑛𝑜𝑣𝑒𝑟'  
 
Where: 

𝑙𝑜𝑔𝑖𝑡(𝑃(𝑌'( = 1)) is the log odds of the probability of the outcome variable Y for 
firm i in industry j. Here, Y = 1 indicates the presence of a hotspot, while Y = 0 denotes its 
absence 

𝛼(  represents the variable effect for industry j 
𝛽F represents the fixed coefficients for firm turnover 

 
Table S7. Model summary metrics for all 624 regression iteraIons.  

 
Model 4 Model 5 

  

AIC 
Min  173.87  26.66  

Average  5,126.82   4,855.61  
Max  126,246.72   125,772.00  

    

Median Residual 
 

Min -0.11  -0.07  
Average -0.00  -0.00  

Max -0.00  -0.00  
    

Log Likelihood 
Min -63,122.36  -62,882.00  

Average -2,562.41  -2,423.80  
Max -85.93  -9.33  

    

Deviance 
Min  14.68   12.51  

Average  4,907.07   4,762.27  
Max  125,830.96   125,288.32  
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To convert the predicted log odds into probabiliIes we use the formula below, this allows us 
to produce SupporIng InformaIon S3.5: 

𝑃𝑟𝑜𝑏𝑎𝑏𝑖𝑙𝑖𝑡𝑦 = 	
1

1 + exp	(−𝑥) 

 

Suppor2ng Informa2on S3.5 – Hotspot Matrix 
Excel file containing the interacIve hotspot matrix. 

ee21ap (2026) ‘ee21ap/Code-and-SupporIng-Files---AP-Thesis: Release 1’. Zenodo. 
doi:10.5281/zenodo.19034950. 

Suppor2ng Informa2on S3.6 – Benchmarking tool and access the model 
Accessing the Model: 

To access the model described in this paper, the interested reader is directed to the 

following public repo: 

h+ps://david-leake.github.io/carbonpredict/ 

As well as the following CRAN package:  

h+ps://cran.r-project.org/package=carbonpredict  

Example funcIon use: 

 

https://david-leake.github.io/carbonpredict/
https://eur03.safelinks.protection.outlook.com/?url=https%3A%2F%2Fcran.r-project.org%2Fpackage%3Dcarbonpredict&data=05%7C02%7Cee21ap%40leeds.ac.uk%7C08b3ae861eee482e7a9608de0c9f420d%7Cbdeaeda8c81d45ce863e5232a535b7cb%7C0%7C0%7C638962075315312994%7CUnknown%7CTWFpbGZsb3d8eyJFbXB0eU1hcGkiOnRydWUsIlYiOiIwLjAuMDAwMCIsIlAiOiJXaW4zMiIsIkFOIjoiTWFpbCIsIldUIjoyfQ%3D%3D%7C0%7C%7C%7C&sdata=u84BgQCGrMcRfOhHvxK%2FEUSNFc44xfv01vNoXFGwAqQ%3D&reserved=0
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Benchmarking to create total Scope 3: 

To approximate total Scope 3 emissions, one accurately measured category can be 

scaled using benchmarking proporIons to esImate emissions from the remaining categories 

(Buchenau et al., 2025). This approach allows us to construct a more complete picture of 

Scope 3 emissions while avoiding reliance on the weaker predicIons typically associated 

with Categories 6 and 9. For this purpose, we use the underlying data from Figure 2 in 

Buchenau et al. (2025), which reports the percentage contribuIon of each Scope 3 category 

to the total using underlying CDP data. These contribuIons are disaggregated by firm type 

(manufacturing vs. services) and by firm size (SMEs vs. large enterprises). Given the SME 

focus of our model, we use data specific to SMEs only. These are presented in Table S8. 

To align the data with our modelling needs, we make two key adjustments to the 

reported percentages: 

Exclusion of Categories 14 and 15 (Franchises and Investments): These categories 

may only apply to a small subset of SMEs, yet they appear disproporIonately large in the 

SME manufacturing data. To avoid overrepresentaIon, we exclude them from our scaling 

approach. 
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Removal of Category 3 (Fuel- and Energy-Related AcIviIes): This category is 

esImated separately in our model, using a method aligned with our Scope 1 and 2 emissions 

calculaIons. 

Following these exclusions, we normalize the remaining category percentages. To 

esImate emissions for individual Scope 3 categories, we divide our predicted emissions for 

Categories 1 and 4 by their share of the normalized benchmark. This gives us an esImate of 

total Scope 3 emissions. We then allocate emissions to each remaining category based on 

the adjusted percentages. 

 

Table S8. Benchmarking percentages used to generate full emissions profile 

GHG Category Raw Data Remaining Share Used in Model 

Services    
category 11 51% 51% 63% 

category 15 16%  0% 

category 2 7% 7% 9% 

category 1 7% 7% 9% 

category 13 4% 4% 5% 

category 7 4% 4% 5% 

category 9 3% 3% 4% 

category 3 3%  0% 

category 4 2% 2% 3% 

category 6 1% 1% 1% 

category 12 1% 1% 1% 

category 14 0%  0% 

category 10 0% 0% 0% 

category 5 0% 0% 0% 

category 8 0% 0% 0% 

    
Total 100% 81% 100% 

    
Manufacturing     
category 14 75%  0% 

category 15 9%  0% 

category 11 9% 9% 54% 

category 1 2% 2% 15% 

category 10 2% 2% 14% 

category 2 2% 2% 11% 
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category 12 0% 0% 2% 

category 3 0%  0% 

category 4 0% 0% 1% 

category 13 0% 0% 1% 

category 8 0% 0% 0% 

category 9 0% 0% 0% 

category 5 0% 0% 0% 

category 7 0% 0% 0% 

category 6 0% 0% 0% 

    
Total 100% 16% 100% 

    
 

Suppor&ng Informa&on: Chapter 4 

Suppor2ng Informa2on S4.1 – Exogenous Data for Nowcas2ng 
 Excel file containing exogenous data used for nowcasIng. 
 

ee21ap (2026) ‘ee21ap/Code-and-SupporIng-Files---AP-Thesis: Release 1’. Zenodo. 

doi:10.5281/zenodo.19034950. 

Suppor2ng Informa2on S4.2 – UKMRIO Adjustments  
ConverIng the UKMRIO to a symmetric model 

The UKMRIO is originally in a supply and use table format, to keep as true to the 

original ONS data points as possible. TheoreIcally, this is useful when industries produce 

more than one product type. The supply table details these as off diagonal products 

(products made by industries other than their principal industry). 

Figure S1 - SUT-MRIO (original UKMRIO structure) 
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Of the four transformaIon techniques suggested in the Eurostat manual of supply, 

use and input-output tables, we adopt Model D - Fixed product sales structure assumpIon. 

Here, each product has its own specific sale structure, irrespecIve of the industry where it is 

produced (Eurostat, 2008. p296). We present the procedure below. 

Let: 

V = Supply matrix (industry-by-product) 

U = Use matrix for intermediates (product-by-industry) 

Y = final demand matrix (product-by-category) 

h = Value added matrix (components-by-industry) 

We first produce C and D: 

C = U 𝑔�,) = the input requirement for producers per unit of output of an industry 

D = V 𝑔�,) = the market share coefficients of the supply table 

We then make: 

B = D C 𝑔� = new transacIon matrix 

F = D Y = new demand matrix 

Figure S2 - SIOT produced for nowcasIng 
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DisaggregaIng the UKMRIO’s Rest of the World demand column 

To disaggregate the final demand column for rest of the world, and thus idenIfy final 

demand export desInaIons and source of imports, we use FIGARO (Eurostat, 2021). We 

extract the FIGARO final demand, and aggregate both the origin and desInaIons of demand 

into regions (creaIng a region-by-region matrix), and then further aggregate these regions 

to match those depicted in the UKMRIO. We convert data into proporIons and drop the UK 

column. This provides the shares for distribuIng an origin region’s final demand across non-

UK desInaIon regions. 

Comparing the UKMRIO consumpIon-based esImates it’s symmetric counterpart 

Before being enIrely saIsfied with our modified base table, we compare the consumpIon-

based emission esImates produced by the original model, against those produced by the 

symmetric version. Figure S3 plots these results across the period 2000 to 2022. We observe 

a near exact match, with a near zero percentage error for all years. 

 

Figure S3 - Comparison of UKMRIO and SIOT consumpIon-based emission esImates 
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Suppor2ng Informa2on S4.3 – Nowcas2ng the core MRIO matrices 
This supporIng informaIon details the steps involved in projecIng the core MRIO 

matrices. This is the basis for Methods 2 and 3, detailed in the manuscript. The process for 

projecIng the MRIO is developed and presented in Beaufils and Wenz (2022). The key 

differences between the methods of nowcasIng here occur within step 3. 

 

Step 1: Extract domesIc input-output tables from MRIO 
 
Figure S4 – Process of splinng a SMIOT into a domesIc IOT 

 
 
 



253 

 

First, we extract domesIc IO tables for each region using the base MRIO table. Each 

table contains a domesIc transacIon table, columns for intermediate imports and imports 

for final demand, rows for domesIc industry exports (both to other industry and final 

demand), and domesIc industry value added. 

 

Step 2: Finding base GDP, Export and Import values for each region 

EquaIon 1 demonstrates the income measure of GDP, where regional GDP is equal to 

regional value added, where value added includes taxes and subsidies: 

𝑔𝑑𝑝> =	𝑣> 	 (1) 
 

Total imports can be found by summing rows indicaIng non-domesIc sectors in the 

transacIon and final demand matrix (equaIon 2), whilst total exports can be found by 

summing non-domesIc columns in the transacIon and final demand matrix (equaIon 3). 

𝑖𝑚> = 𝑍𝒊𝒓 + 𝑌'𝒓	 (2) 
𝑒𝑥> = 𝑍𝒓𝒊 + 𝑌𝒓𝒊	 	(3) 

 
Step 3: Project base GDP, Export and Import values to create nowcasIng constraints targets 

These values are then mulIplied by growth rates, externally sourced from high 

frequency datasets. It is at this point where the level of nowcasIng granularity can be 

determined, where decisions need to be made on whether blanket growth rates applied to 

all sectors is adequate (Method 2), or if a sector specific projecIon is required (Method 3). In 

all nowcasIng methods, the overarching growth rates are sourced from the IMF’s World 

Economic Outlook database. 

The projected values now form a basis for construcIng the projected table. Projected 

intermediate exports and imports are easily assigned to relevant the row / column 

constraint. Where values involve domesIc producIon or consumpIon (𝑍𝒓𝟏.𝟏and 𝑌𝒓𝟏.𝟏) 

further steps are required.For these rows, we must calculate projected aggregate demand 

for each region, this is the domesIc final demand for commodiIes produced by domesIc 

sectors plus the total exports to trade partners (equaIon 4).  	

𝑎𝑑> = 𝑦𝒓𝒓 + 𝑒𝑥𝒓	 (4) 

To find these two terms, and subsequently calculate aggregate demand we use a 

mixture of projected values, and sectoral shares (derived from the base table). 
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Figure S5 – DomesIc IOT with constraints. 

 
 
Export term: 

𝑒𝑥> = 	>𝜃>'∗ 𝑒𝑥>'
'

(5) 

The export term corresponds to the sum of exports from region r. The desInaIon 

regions are given by 𝜃>∗, which contains market shares of each export desInaIon for region 

r’s products and services. This term is derived from the base table. 

Final demand for locally produced commodiIes: 

𝑦>> = 𝜑>∗ z𝑔𝑑𝑝> − 𝛿> − 𝛼>∗>𝑖𝑚>'
'

{ 	(6) 

Final demand for locally produced commodiIes is derived by first calculaIng 

domesIc consumpIon, which is found within the expenditure measure of GDP, where 

regional GDP is equal to domesIc final use plus the regional trade balance (exports minus 

imports): 

𝑔𝑑𝑝> =	𝑐> +	𝛿> 	 (7) 
𝑐> =	𝑔𝑑𝑝> −	𝛿> 	 (8) 

As we are focusing on domesIc producIon, we exclude imports. We do this using the 

share of final commodiIes in imports from the base table, add the projected imports value 

to remove the import share. We then use 𝜑>∗ with provides sectoral shares of domesIc final 

demand, derived from the base table. 
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𝑎𝑑> =	𝜑>∗ 	 ∙ 	z𝑔𝑑𝑝> −	𝛿> −	𝛼>∗>𝑖𝑚>'
'

{ +>𝜃>'∗ 𝑒𝑥>'
'

	 (9) 

To transiIon from method 2 to method 3, we make changes to the sectoral shares of 

the UK (𝜃>∗ and 𝜑>∗). For this we exogenously source data on industry contribuIons to GDP. 

With this informaIon, we adjust these terms to increase the proporIons of growing 

industries, whilst keeping the overall change stable through reducIons on non-growth 

industries. 

 

Step 4: Use the LeonIef inverse to derive domesIc output 
The LeonIef inverse makes explicit the direct and indirect links between sectors. It is 

generally used to obtain sectoral shares of producIon volumes, required to fulfil a given 

level of demand. Here, we have derived a level of demand, so use the LeonIef to calculate 

the necessary levels of output. 

𝐿>∗ =	 (𝐼 −	𝑍>>∗ ∙ 	 (𝑥>∗�),)	),)	 (10) 
𝑥> =	𝐿>∗ ∙ 𝑎𝑑> 	 (11) 

Step 5: Two-part balancing 
Sub-step 1: DomesIc balancing 
Regional IO tables are balanced using a GRAS algorithm, allowing for the handling of 

negaIve coefficients (subsidies). 

Constraints:  

1. The domesIc inter industry table’s margins should meet the gross producIon 
requirement x. 

2. Export arrays to each trade zone should equal the volume of exports to the 
corresponding trade zone as prescribed in input. 

3. Import arrays plus imported final demand sum up to the volume of imports from the 
corresponding trade zone. 

4. Total value added and domesIc final demand are linked to GDP and trade balance in 
accordance with EquaIons 11 and 12. 

 
Sub-step 2: InternaIonal trade 
The second step of balancing adjusts internaIonal trade with respect to the exports and 

imports derived at the regional level. Using regional imports and exports constraints 

determined in sub-step1, each internaIonal trade is opImized using the basic RAS 

algorithm. Once this is done, we input the domesIc blocks and create a new MRIO table. 

This table is balanced and consistent with the prescribed GDP and trade projecIons. 
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Suppor2ng Informa2on S4.4 – Projec2ng the emissions extension vector 
Owing to the Ime lag in the publicaIon of emissions data, it is necessary to develop 

a method for esImaIng emissions at the regional level. As a first step, we examine historical 

trends in regional emissions. Figure S1 illustrates the annual producIon-based emissions for 

each region, as reported in the UKMRIO. We observe a steady increase in emissions across 

many regions, while the UK, USA, and EU exhibit a consistent decline. For some regions, the 

trends appear relaIvely stable and predictable, whereas others display more volaIle and 

irregular pa+erns. We also invesIgate how regional emission intensity varies across the 

period in Figure S2, in all cases the emission intensity has reduced across the period 2000 to 

2022, again with some countries have a more stable, consistent decrease. 

Figure S6 – Regional emissions as depicted by the UKMRIO 
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Figure S7 – Regional emission intensity as depicted by the UKMRIO 

 
 

To project the emissions vector, two key consideraIons must be addressed. First, it is 

necessary to capture observable trends in greenhouse gas (GHG) emissions over Ime. 

Second, the emissions vector must be linked to projected output since regional output is a 

direct driver of emissions. Each year modelled within the UKMRIO is in current prices of the 

year as a standard format. This means that using UKMRIO derived output within the 

projecIon methodology is problemaIc, unless each regions output is deflated with a 

regional relevant deflator.  

 

We instead use our real GDP, imports and exports growth rates, sourced from the 

IMF’s WEO (IMF, 2022). For each region, we esImate a simple linear regression model over 

2001–2022 of year-on-year emissions growth on growth in real GDP, exports, and imports 

(all in percentage points). This first-pass specificaIon provides a comparable elasIcity-style 

summary across regions. 
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Table S1 – Model summary of regional regressions using GDP and imports to explain 

emission change. 

Region Brazil China EU India Japan OECD RoW Russia S Africa UK USA 
Intercept 0.01 1.39 -2.88 -0.06 -1.24 -0.34 0.46 1.01 0.35 -3.70 -2.34 
gdp 1.14 13.42 12.91 48.29 2.12 11.47 14.82 -30.15 35.57 8.05 21.30 
imports 12.82 14.10 22.55 20.02 30.12 18.77 15.87 12.69 13.53 43.46 37.31 

            
obvs 22 22 22 22 22 22 22 22 22 22 22 

RSQ 0.53 0.59 0.62 0.69 0.42 0.51 0.72 0.39 0.10 0.58 0.81 
MAPE 1.73 2.18 1.64 1.32 2.14 1.28 0.76 2.29 3.52 1.88 1.08 
            

 
The regressions show broadly good fit in many large economies, USA (RSQ = 0.80), 

Rest of World (0.73), EU (0.64), India (0.68), UK (0.58). Import growth consistently returns 

strong posiIve correlaIons, which may be interpreted as higher use of imported fuels and 

intermediates in domesIc producIon during growth periods. GDP is posiIve in most regions 

(notably India 49.1; EU 10.5; USA 21.7; UK 8.3), but negaIve in Brazil and Russia. Export 

coefficients are mixed: posiIve in Brazil/China/Russia/USA/Japan, but negaIve in the 

EU/India/UK/South Africa. Intercepts are negaIve in the EU, UK, and USA, represenIng an 

underlying downward trend in emissions net of macro acIvity (decoupling).  

We then combine the exogenous macro-economic variables in the lag period, with 

the regression predicted GHG rates to predict the emission changes of each region across 

the three-year lag period. We apply these growth rates to the base year level, to esImate 

GHG for the nowcasted period. Figure S3 overlays predicted emissions (orange), on the 

actual emissions (blue). We observe accurate results across most regions, the most accurate 

being Rest of the World (MAPE = 1.2%), whilst the least accurate is South Africa (MAPE = 

6.8%). In addiIon to predicIng known years, we demonstrate the real Ime applicaIon of 

the approach by extending the predicIon for the years 2023, 2024, and 2025, where we 

have macroeconomic growth rates, but no emissions data. 
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Figure S8 – Predicted emissions overlayed onto actual emissions (in-sample) 

 

The above results and figures are however OLS regression results, trained on all data 

post 2000. To fully recreate the Ime lags of EEMRIO, for each year, we must only include 

data from 3 years prior for the finng of the regression. Tp predict GHG levels for 2017 

onwards, we rerun the regression with training data up to 2014. We then iteraIvely include 

an extra years data for every year predicted acer 2017. Applying the regression outputs to 

base GHG levels we produce Figure x. We observe an increase in error, due the test 

switching to out-of-sample data, and limited training data. However overall fit is sIll good. In 

this case, the most accurate predicIons occur in the USA (MAPE = 1.9%) and the least 

accurate remaining South Africa (15.7%). 
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Figure S9 – Predicted emissions overlayed onto actual emissions (out-of-sample) 

 
 

 


