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Abstract

Despite growing recognition of significance, a business’s Scope 3 emissions remain rarely measured and as a result are
poorly understood. This situation is particularly common amongst small and medium-sized enterprises (SMEs), which face
additional obstacles to emission measurement. With this paper, we present a transaction-based approach to facilitate SME
Scope 3 engagement. Using financial transaction data for 150,000 + UK SMEs, we produce spend-based Scope 3 estimates
across key Greenhouse Gas Protocol categories. We then fit a series of hierarchical regression models to both quantify and
identify firm-level Scope 3 emissions, with minimal user inputs. We find that this approach is effective in predicting the
upstream emissions of both purchased goods & services (RSQ=0.87) and fuel and energy-related activities (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 objective, standardised data to estimate
emissions, this method provides a low-input alternative to costly micro-studies for generating Scope 3 insights, extending
the visibility of emissions beyond a firm’s direct operations, revealing emission hotspots and supporting the development of
value chain decarbonisation strategies.

Keywords Industrial ecology - Scope 3 - Emission modelling - Embodied emissions - Financial transaction data

1 Introduction

Business emission reporting has traditionally focused on
the emissions produced directly by operations (Scope 1)
and energy-use (Scope 2). Whilst these emissions are both
relatively easy to quantify and directly under a business’s
organisational control, this neglects the substantial share of
emissions that occur across the broader value chain (Scope
3) (Serafeim & Velez Caicedo, 2022). Typically these
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indirect emissions far exceed a firms combined Scope 1 and
2 totals (Huang et al., 2009). Overlooking Scope 3 emis-
sions both limits business decarbonization efforts (Hettler &
Graf-Vlachy, 2024) and risks inefficient policy interventions
(Hertwich & Wood, 2018).

Recognition of the importance of Scope 3 emissions
is gaining momentum. Policy developments to integrate
Scope 3 into disclosure frameworks are underway in Europe
(DESNZ, 2023; EU, 2022), while Australia is phasing in the
introduction of mandatory Scope 3 emissions reporting for
larger businesses. However, extending these frameworks to
small and medium-sized enterprises (SMEs) requires careful
consideration.

Scope 3 emissions are complex relative to Scope 1 and
2 emissions (Cheema-Fox et al., 2021). Their calculation
necessitates subjective decisions on system boundaries,
whilst requiring extensive external data on supplier loca-
tions, production 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 distinct and mutually exclusive
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categories, capturing embodied upstream emissions from
purchased goods and services, as well as downstream emis-
sions from sold goods and services, including distribution,
use, and end-of-life treatment (WRI & 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 bottom-up techniques
to account for the specific processes, suppliers, and regions
involved in each stage of the life cycle. The resulting data
are primary, and therefore considered more reliable (Busch
et al., 2022). Whilst guided by international standards, and
adaptable to the GHG Protocol Scope 3 categories, LCAs
are inherently resource-intensive and methodologically
complex, even for dedicated teams within large corporations
(Goldhammer et al., 2017). Calculating these emissions
requires technical knowledge, and involves significant
operational and transactional costs (Isil & Sebastianelli,
2020). Moreover, differences in methodological approaches
undermine data comparability (Robinson et al., 2015), while
frequent errors further compromise data quality (Patchell,
2018).

To mitigate the substantial operational and transactional
costs of primary data collection, firms often turn to
secondary data sources. These can include pre-existing
LCAs, or industry-average emission conversion factors
derived from environmentally extended multi-regional
input—output (EEMRIO) models (Nguyen et al., 2023).
Whilst simpler, these approaches still require a level of
technical expertise, 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 estimates at scale (Minx et al.,
2008). For SMEs, sole reliance on expensive micro-analysis
presents a substantial barrier to the widespread adoption of
Scope 3 emission measurement.

In our earlier work (Phillpotts et al., 2025), we build the
argument for applying simple statistical models to proxy
Scope 1 and 2 emissions amongst SMEs. Our approach uses
large-scale financial transaction 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 reporting requirements. FTD-based emission
estimates capture a simplified version of emissions, and
its validation against actual emissions is challenging due
to the scarcity of alternative data. However, we argue that
transparent, standardised, and objective measurement
represents a justified trade-off, at the expense of some
absolute accuracy.

@ Springer

This paper builds on these foundations by extending the
approach to SME Scope 3 emissions. Existing approaches to
model unreported Scope 3 emissions have used regression
and machine learning techniques (Carbon Disclosure Pro-
ject, 2020; Nguyen et al., 2023; Serafeim & Velez Caicedo,
2022; Shakdwipee & Lee, 2016). These models rely on self-
reported data for their training, presenting inherent limita-
tions; inconsistent methodologies across reporting firms
undermine comparability, while the training data underrep-
resents SMEs. With this paper, we utilise the FTD of over
150,000 UK SME:s to estimate Scope 3 emission categories,
creating a large dataset for a previously unobserved segment
of the business population.

Drawing on our novel, micro-level dataset, we make two
contributions: first we explore how different transaction
categories contribute to a firm’s Scope 3 emissions, and
second, we develop a series of statistical models to quantify
and identify 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
adoption of Scope 3 measurement amongst smaller, often
under-engaged actors (British Business Bank (BBB), 2024).

The remainder of this article is structured as follows.
First, we describe the data and method used to calculate
Scope 3 categories, identify hotspot thresholds, and
outline the statistical techniques applied in developing our
models. Next, we present model results, interpretations, and
stability tests. Finally, we conclude with a discussion of the
key findings, their practical implications, limitations, and
recommendations for future research.

2 Materials and methods

In partnership with Lloyds Banking Group (LBG), one of the
UKs largest retail banks (LBG, 2023), this study accessed a
substantial dataset of transactions 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
subsections, with Fig. 1 providing a schematic overview of
the Scope 3 extension to the model. First, FTD is obtained
from LBG, and an iterative sample restriction process is
implemented. The FTD from this sample is then used to
estimate Scope 3 emission categories. We then produce
prediction models by fitting a series of hierarchical regres-
sion models to the FTD-based emission estimates, using
firm-level predictors from LBG, and industry predictors
from public accounts when required. In some instances, the
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Fig.1 Overview of prediction 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 Phillpotts et al. (2025).

model fitting process requires additional sample restrictions
to ensure model convergence. For each category, we evalu-
ate model performance and select a preferred specification,
before conducting further validation tests.

2.1 Sample selection

A series of sample restrictions are required to ensure our
analysis is based on comprehensive financial data histories,
isolating SMEs who use LBG as their primary banking
provider, and excluding those with significant financial
activities through other institutions (Phillpotts et al., 2025).
A full account of this process, including rationale and impact
of each step is provided within Supplementary Information
SI1.

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-generating activities. We therefore
exclude SMEs in sectors including agriculture, energy, and
water, where substantial industry-specific Scope 3 emissions
require more tailored modelling approaches. Certain service-
sector SMEs are also omitted, such as those in insurance,
real estate, and legal or accounting services, due to frequent
handling of non-turnover credit lines causing a systematic
overestimation of turnover (Phillpotts et al., 2025). Table S2
in Supplementary Information SI1 provides a full list of
explanations of exclusions where relevant, along with the
sample and population figures for each industry.

With these restriction steps in place, our sample consists
of 167,169 companies across 57 industries. Collectively,

these companies account for an estimated £103 billion in
annual revenue, with over 101 million financial transactions
collectively in 2021.

2.2 FTD-based emissions estimates

2.2.1 Mapping to greenhouse gas (GHG) protocol
categories

The GHG Protocol (WRI and WBCSD, 2020) defines
15 categories of Scope 3 emissions. These categories are
intended to encompass all indirect emissions from business
activities. Consequently, a firm’s FTD does not directly
translate to all Scope 3 categories, and assumptions may be
required to enable compatibility. Table 1 introduces each
Scope 3 category, noting its coverage by FTD and the need
for any assumptions in its estimation.

2.2.2 Scope 3 emission conversion factors

The primary source for Scope 3 emission conversion fac-
tors is the UKMRIO (Owen & Kilian, 2024). The UKMRIO
is a Single-country National Accounts Consistent (SNAC)
EEMRIO model, used to produces the official annual con-
sumption-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 CO,e / £) (Wiedmann
et al., 2011), a full derivation of which, can be found in
Kitzes (2013, pp. 497-498). Whilst these conversion factors
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are generally attributed to a unit of final demand, the Leon-
tief 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 & Wood,
2018). The underlying assumption 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 consumption-based conversion
factors for 112 industries, denoted by their Standard
Industrial Classification of economic activities (SIC code).
To make these conversion factors compatible with FTD,
SIC industries are mapped to all but two headings of spend:
“Energy & Utilities” and “Vehicle Fuelling”. The mapping
table for this process can be found in Supplementary
Information SI2.

Spend categorised under “Energy & Utilities” and ““Vehi-
cle Fuelling” can instead be combined with direct conversion
factors to estimate Scope 1 and Scope 2 emissions (Phill-
potts et al., 2025) or as in this case, well-to-tank (WTT) con-
version factors. The resulting estimates reflect the emissions
produced during the extraction, processing, and distribution
of fuels and energy. Table 2 displays the resulting interquar-
tile range and median emissions per estimated Scope 3 cate-
gory, along with observation numbers, whilst further details
of the conversion factor calculations and their mapping to
transactions are provided in Supplementary Information SI3.

2.2.3 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 patterns across firms and
sectors, we express each emission source as a proportion of
total calculated Scope 3 emissions and use these proportions
to identify recurrent hotspots. Table 3 displays different
minimum-contribution 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 deviation.

Using a 10% contribution threshold, we capture, on aver-
age, 74.5% of emissions while reducing the median number
categories from 24 to 2 per firm. We define hotspots as cat-
egories contributing above this 10% threshold and visualise
industry mean values in Fig. 2.

2.3 Hierarchical regression models

To develop models for predicting Scope 3 emissions, we
fit a series of hierarchical regression models to the FTD-
based emissions estimates. To maintain the statistical
reasoning outlined in (Phillpotts et al., 2025), turnover
representativeness and adequate group sizes are ensured
(Ali et al., 2019).

2.3.1 Quantifying scope 3 emission categories

To quantify estimates for Scope 3 emission categories, we
utilise a hierarchical linear regression specification, allowing
for industry-specific effects to vary (Gelman & Hill, 2006).
Following Goldhammer et al. (2017), we specify a log—log
relationship, allowing for coefficients to be interpreted as
elasticities.

2.3.1.1 Variable selection To predict Categories 1, 6 and 9,
we rely on a selection of firm-level variables, outlined in
Table 4. Additional variables to capture Scope 3 emissions
would need to reflect more granular operational details,
such as supplier characteristics or transportation metrics on
distance or freight mode (Wang and Ye, 2025). Standard-
ised versions of these inputs are rarely available for SMEs
at scale, and the inclusion of weak proxies risk introducing
measurement error and biasing coefficient estimates (Haus-
man, 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 transportation, and 17% for
business travel) and remove extreme values by trimming
the top and bottom 10% of category spend, relative to total
expenditure. The resulting samples comprise 111,098 SMEs
for Category 6 and 75,622 for Category 9, with industry
coverage maintained at 57 industries.

As Category 3. Fuel- and energy-related activities
emissions should directly align with a firm’s Scope 1 and 2
emissions, the model specifications developed and validated
in Phillpotts et al. (2025) for Scope 1 and 2 emissions are
applied, adapting each to estimate WTT emissions of fuels
and electricity respectively. 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
distribution of turnover.

2.3.1.2 Model fitting and evaluation Models for Categories
1,6 and 9 are built sequentially, starting with two and increas-
ing to five variables, evaluating the required complexity to
explain the dependent variables (Cohen et al., 2013). Under
a transaction-based methodology, higher Scope 3 emissions

@ Springer
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Ta.bI.e 3 The impacF of Min Scope 3 Industry Expenditure Codes  Firm Expenditure Codes Emission Captured
minimum contribution Contribution
thresholds on Scope 3 emission Mean Median Std Mean Median Std Mean Median Std
sources
# # # # # # % % %
None 72.3 74 15.6 26.8 24 13.0 100% 100% 0
1% 21 21 32 8.8 8 35 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% 39 4 0.5 1.4 1 0.6 61.7% 64.6% 0.2

Industry Expenditure Codes

Firm Expenditure Codes

Scope 3 Emissions Captured

Agriculture

Mining
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Construction
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Transportation
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Fig. 2 Industry breakdown of hotspot spend categories and the level of emissions captured by them. Underlying data for this figure can be found

in Table S1 of Supplementary Information SI7

are associated with both greater absolute levels of expendi-
ture and a greater allocation of spend to high intensity cat-
egories. We first reflect these dynamics with just turnover
and industry classification in Model 1, allowing the effect of
turnover to vary by industry. We then extend the model by
nesting additional 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 mitigate

convergence issues. The hierarchical regression structure of
these models are as follows:

Model 1 : Iny, = (B, + p,j) In turnover; + ¢

Model?2 : Iny, = (ﬁt + ﬂtJ(i) + ﬁt,k(i)) In turnover; + €;
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Credit turnover is derived by summing the credit transactions recorded within

Turnover serves as an indicator of a firm's operational scale and is included

£

Turnover

a firm's bank account in the year (excluding identified non-turnover credit

lines)

in the analysis because, all else being equal, higher turnover typically

correlates with greater emissions
SIC The Standard Industrial Classification (SIC) identifies a firm's primary

SIC classifications are the standard industry categories in the UK with official

2 Digit SIC Code
3 Digit SIC Code

economic and environmental data commonly published on a 2 digit SIC code
basis, whilst it is standard practice for firms banking with LBG to be assigned

SIC codes at both the 2- and 3-digit level by relationship managers.

business activities. Including this industry identifier allows for more
accurate comparisons of expected emission intensity among firms

performing similar activities

SIC

Asset capital spend is calculated by summing the percentage of total spend,

Capital expenditure reflects a firm's investment in assets. This variable

%

Capital Spend — Assets

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

is included because high capital spending on newer energy-efficient

technologies may serve to lower a firm's emission intensity. For ease of

calculation, we define capital expenditure as purchases that require financing

Vehicle capital spend is calculated by summing the percentage of total spend,

Capital Spend — Vehicles %

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

Model3 : Iny; =p,Inturnover; + B, In assets;
+ B3 Invehicles; + p, ;) In turnover,

+ By iy Inturnover; + ¢,

where:

y; represents the absolute emissions each category of
firm i’s Scope 3 emissions.

In represents the natural logarithm of the variable.

p, represents the fixed coefficients for firm turnover.

B, represents the variable coefficient for industry j
of firm i.

B, k(i represents the variable coefficient for the additional
industry grouping (k) of firm i.

p, represents the fixed coefficients for the firms’ assets
variable.

p; represents the fixed coefficients for the firms ‘vehicles
variable.

g, represents the residual error term.

Model specifications for estimating Category 3 are
taken directly from Phillpotts 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):

Iny; =p, Inintensity; + p, In skew,
+ ps(Inintensity, - In skewi)

+ B, jiy Inturnover; + g,

Electricity (WTT emissions related to Scope 2):

Iny; =p, Inintensity; + p, In skew;,
+ p;(Inintensity, - In skewi)

+ B, jiy Inturnover; + g,

where:

y; represents the absolute emissions of firm i’s fuel or
energy Scope 3 emissions.

In represents the natural logarithm of the variable.

P15 represents the fixed coefficients for industry
variables.

B, i represents the variable coefficient of turnover for
industry j of firm i.

g, epresents the residual error term.

For each model, we present coefficients and statistical
significance, indicating the strength and direction of
predictor relationships to the dependent variables, along with
their standard errors, reflecting the estimate uncertainties.
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 stratified
train-test split with fivefold cross-validation (James et al.,
2021).
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2.3.2 Identifying scope 3 emission hotspots

Next, we fit a hierarchical binomial logistic regression
framework on the proportional emissions data of Table and
Fig. 2. This approach enables the estimation of an outcome
probability (Gelman & Hill, 2006), thereby allowing us to
identify and present hotspot categories based on firm-level
predictors. Here, our dependent variable is defined as the log
odds of an expenditure category contributing over 10% to
calculated emissions. We run an iteration of this regression
for each of the 624 expenditure categories.

The hierarchical binomial logistic regression analysis
is computationally intensive due to the large sample
size, industry groupings, and the 624 outcome iterations.
Increasing model complexity posed challenges for model
convergence and runtime efficiency. To address this, we
implement two model formulas for each spend category.
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 iterations of each model, we report the
average performance of each model specification. In addition
to the AIC, we report the median residual as a measure of
central tendency, where values close to zero indicate accurate
predictions. We also present the model's log-likelihood,
reflecting explanatory power, with higher values indicating
a better fit. Finally, we convert the predicted log odds into
probabilities, to enable visualisation and interpretation. Full
model specifications, results and probability calculations can
be found in Supplementary Information SI3.

3 Results
3.1 Hierarchical linear regression results

Summaries for the three models used to predict Categories
1, 6 and 9 are presented in Table 5. In Model 1, turnover
returns a strong, positive coefficient. The elasticity is highest
for Category 1 (0.87), whilst lower for Category 6 (0.55) and
Category 9 (0.47). Explanatory power varies substantially,
with RSQ values ranging from 0.87 for Category 1 to 0.55
and 0.41 for Categories 6 and 9, reflecting differences in
how well turnover and industry alone explain each emis-
sions source.

The introduction 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 additional disaggregation and predictors unable to
weaken its strong relationship with emissions. For Category
1, both additional variables have small negative coefficients,
slightly reducing emissions after controlling for turnover.
For Category 6, the vehicles variable shows a small positive
relationship, while assets have no significant effect. For
Category 9, the effect of the two additional variables is
strongest, with elasticities of -0.07 and -0.12, suggesting
that firms with greater in-house capacity may rely less on
outsourced distribution services.

Models for both Categories 3.1 and 3.2 return identical
RSQ values to what is observed in Phillpotts et al. (2025),
indicating that changes in emission factors did not introduce
unexpected variation in model performance. Across both
models, all coefficients retain consistent correlations, with
only slight changes in magnitude, reflecting 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 negative and highly significant (-0.54%*%).

The summaries in Table 5 indicate that the inclusion of
additional 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 predictive power while remaining practical
to implement, these emissions are well explained by a
firm’s turnover, reflecting scale, and its industry, capturing
spending patterns. Model performance is further supported
by the standardised calculation 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 uncertainties introduced by the necessary
assumptions underlying emissions estimation.

Alongside the models for Categories 3.1 and 3.2, Model
1 is selected as the preferred specification for the remaining
categories, and five-fold cross-validation is conducted to
evaluate model robustness. The results indicate consistent
performance across folds, with minimal variation 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 3.2 produce smaller
absolute errors (1.0 kg CO2e and 0.2 kg CO2e, respectively)
reflecting the low magnitude of WTT emissions but higher
relative 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%), respectively. Overall, the
stable RSQ values across folds indicate that, regardless of
absolute fit strength, the models capture relationships that
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Table 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

In turnover 0.87*** 0.01 0.87*** 0.01 0.86*** 0.01
In assets -0.02*** 0.00
In 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 activities

In turnover 0.77*** 0.02
In scp1_intensity 1.35%** 0.21
In skew -0.82*** 0.02
In (intensity * skew) -0.46*** 0.05
RSQ (fixed) 0.41

RSQ (total) 0.89

AIC 80,304

Category 3.2. Electricity-related activities

In turnover 0.78*** 0.01
In scp2_intensity -1.07*** 0.10
In skew -0.54*** 0.03
In (intensity * skew) 0.28*** 0.03
RSQ (fixed) 0.59
RSQ (total) 0.72

AIC 210,345

Category 6. Business Travel

In turnover 0.55*** 0.01 0.54** 0.01 0.55*** 0.01
In assets -0.00 0.00
In 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

Category 9. Downstream transportation and distribution

In turnover 0.47*** 0.02 0.47*** 0.02 0.46*** 0.02
In assets -0.07*** 0.00
In vehicles -0.12*** 0.01
RSQ (fixed) 0.07 0.07 0.09
RSQ (total) 0.41 0.43 0.43

AlC 322,529 321,169 320,393

@ Springer
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Top 3 Aggregated Hotspots, by SIC Section

Agriculture & Forestry .
Autos & Vehicles
Beauty & Fitness
Business Travel .
Construction & Maintenance
Food & Drink
General Business & Industry
Health
Hobbies & Leisure
Home & Garden
Industrial Materials & Equipment .
Jobs & Education
Metals & Mining .

Aggregated Spend Category

Performing Arts
Pets & Animals
Science
Shopping .
Transportation & Logistics

Visual Art & Design
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Fig.3 Hotspot matrix showing the likeliest hotspot spend category, by SIC section. Underlying data for this figure can be found in Supplemen-

tary Information SIS

are reproducible and not dependent on specific training
samples. Test and train results for each iteration can be found
in Supplementary Information SI4.

3.2 Hierarchical binomial logistic results

Table S7 in Supplementary Information SI4 presents
average summaries for the binomial regression iterations.
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
respectively, 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 initial near-
zero median residuals suggest that the basic model does not
systematically mis-predict hotspots. Turnover’s inclusion in
the logistic regression does not drastically enhance model fit
but adds complexity to computation and deployment. Model

4 produces a single log-odds value for each industry-expend-
iture code combination. These log-odds are easily converted
to probabilities, a full matrix of which is provided in Sup-
plementary Information SIS. Figure 3 displays an aggregated
version of this matrix, plotting the most likely hotspot head-
ing occurring by SIC Section.

Even at this aggregate level, we observe a complex
web of hotspots. We observe frequent, industry-specific
hotspots, where firm SIC section aligns closely with the
spend category. For example, Section Q. Human Health
and Social Work Activities exhibits a hotspot in Health-
related spending. Supplementary Information SIS shows
that this is largely driven by SIC codes 86. Human Health
Activities and 87. Residential Care Activities), with
corresponding hotspots in categories such as 296 (Medical
Facilities & Services) and 306 (Assisted Living and
Long-Term Care). Similar patterns emerge across other
industries, suggesting that a substantial share of firms’
Scope 3 emissions arises from intra-industry transactions.
This aligns with supply and use table patterns, where the
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largest values occur along the leading diagonal, reflecting
industries’ specialisation in their primary products
(Australian Bureau of Statistics, 2021).

In addition, several expenditure codes consistently
emerge as hotspots across multiple SIC sections. The
General Business & Industry heading is particularly
prominent, containing hotspots for 11 of the 14 modelled
sections, while Food & Drink and Business Travel
contain hotspots in five and four sections, respectively.
Supplementary Information SIS shows that General
Business & Industry encompasses a diverse set of
spend categories that frequently return high hotspot
probabilities, especially among industrial SIC codes such
as manufacturing and construction. 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).

4 Discussion
4.1 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 patterns differ across
industries. We identify 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 patterns, with a median of two per firm.

We then construct models to predict these emissions, a
practice often used by emission data providers (Serafeim
& Velez Caicedo, 2022). We find that with just industry
and turnover inputs; a hierarchical log—log regression
specification achieves an RSQ of 0.87 for Category 1.
Purchased Goods and Services. In this model, we observe
a strong and significant relationship between turnover and
Category 1 emissions with an elasticity of 0.87. The strong
explanatory power of this simple model reflects both the
standardized process of emissions calculation and the
relatively 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).

For Category 6. Business Travel and Category 9.
Downstream Transportation and Distribution, model
performance is weaker, with the simplest specifications
returning RSQ values of 0.55 and 0.41, respectively. Whilst
more complex iterations offering little improvement, these

@ Springer

categories rely on stronger assumptions, 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 Transportation, many firms (43% of
the sample) record zero spending in the relevant categories,
further limiting 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, we
find that the models developed in Phillpotts et al. (2025), can
be redeployed as well-to-tank alternatives. The results are
consistent with those reported in the paper, with the same
model specifications yielding RSQ values of 0.87 and 0.72
respectively and a median average percentage error of 49%.

Our hotspot predictions complement the emission
estimates by identifying spend categories that contribute
disproportionately to calculated Scope 3 emissions. We
observe both industry-specific hotspots, closely tied to
sectoral activities, and shared categories that recur across
multiple industries. These findings may indicate that
many Scope 3 emissions originate within close supplier
relationships, while also showing that certain categories of
spending consistently drive emissions across sectors.

4.2 Practical implications

Mainstreaming the measurement of Scope 3 emissions
remains highly challenging due to the complexity of
measurement and the absence of harmonised reporting
requirements. As a result, current Scope 3 data is often
incomplete, and existing measurements are regularly
inconsistent (Nguyen et al., 2023). This paper examines the
potential of FTD as a transparent and standardised basis
for calculating Scope 3 emissions, minimising subjective
decision-making and reducing common challenges such
as truncation error (Ward et al., 2018). For SMEs, which
face financial, resource, and influence obstacles to Scope 3
measurement, the advantages of a low-cost, time-efficient
solution are pronounced (Serafeim & Velez Caicedo, 2022).

Recent studies on household emissions (Trendl et al.,
2023; Wells et al., 2025) highlight the FTD approaches,
and our findings extend these insights to business emission
accounting. For Scope 3 emissions the advantages of FTD
are particularly salient given current regulatory gaps and
limited awareness. Drawing on intrinsic business data
that directly reflects operational 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 practical benefits of FTD, we use
detailed, micro-level data to construct macro-level pathways
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that substitute for transaction records where these are
unavailable. With only two user inputs, we generate robust
estimates for Category 1. Purchased Goods & Services and
Category 3. Fuel and Energy-related. These estimates can be
refined by identifying recurring emission hotspots that arise
from typical industry spending patterns.

To approximate total Scope 3 emissions, one accurately
measured category can be scaled using benchmarking
proportions to estimate the remaining categories (Buchenau
et al., 2025). This approach constructs a complete picture of
Scope 3 emissions, while avoiding reliance on the weaker
predictions associated with Categories 6 and 9. An illustration
of this approach is provided in Supplementary Information
SIé.

When combined with Scope 1 and 2 estimates (Phillpotts
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 Supplementary
Information SI6. Providing such estimates address the
structural barriers faced by SMEs (Caldera et al., 2019;
Menon & 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
identify their most material value-chain hotspots. Upstream
reduction levers may include supplier engagement and
procurement reform, with evidence indicating greater
supply-chain engagement encourages more companies to
disclose their emissions through voluntary frameworks
(Science Based Targets initiative, 2018).

For policymakers, the findings highlight the value of
leveraging FTD held by institutions to generate automated,
standardised emissions insights. While financial institutions
are increasingly aware of this potential (e.g., Bankers for
Net Zero, 2022), policy guidance and incentives remain
necessary to facilitate widespread, standardised deployment.
Policymakers therefore have a role in creating the conditions
that allow transaction-based approaches to complement
existing reporting 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 interventions could materially
reduce overall emissions (Science Based Targets initiative,
2018).

4.3 Limitations

While these modelling solutions offer advantages in
terms of accessibility and efficiency, it is important to
acknowledge some key limitations. Our study includes 57
of the 88 SIC codes. To assess the impact of exclusions,
Table S2 in Supplementary Information SI1 compares

business population data (BEIS, 2022) with model coverage,
showing that the model captures over 75% of the UK SME
population. Among excluded SMEs, agriculture accounts for
5% and service sectors for 16%, both omitted due to inherent
limitations in the FTD process.

Additionally, 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 interpretation from
hotspot estimates. For example, the general “Shopping”
spend classification, would require examples of relevant
merchants to assist transferability.

Related to this point, the validity of FTD-based Scope
3 emission estimates is difficult to assess, owing to
accessibility and inconsistency limitations in alternative
data. This challenge is compounded by the mapping of
EEMRIO conversion factors to spend categories, which
are derived from broad industry averages and applied to
non—product-specific expenditures, exact matches are
often unattainable. Instead, they serve only to differentiate
between higher- and lower-embodied emission categories.

In practice, analysts of Scope 3 emissions should treat
both reported and estimated values with caution and account
for potential 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 entirely unrepresented by FTD or require
assumptions for compatibility (Table 1). This means that
potentially significant emissions like Use of Sold Products
are unmeasured and thus require their own measurement
process, whilst those that require assumptions 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 often limited, incomplete, and inconsistent.

Finally, in addition to the limitations of a transaction
approach, this methodology shares the limitations experienced
by any IOA method. These include the time lags of EEMRIO
databases, sectoral aggregations, price; temporal and spatial
variation, and proportionality assumptions (Lenzen, 2000).

4.4 Future research directions

Among the limitations discussed, two key directions for
future research emerge. The first refers to the limitations
of EEMRIO emission factors. While these multipliers
capture upstream emissions associated with each unit of
expenditure, their publication is subject to significant time
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
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relevant due to recent experiences with prolonged periods
of high inflation. A significant benefit to FTD is its real-time
nature, and lagged multipliers depreciate this. To mitigate
this challenge, techniques such as nowcasting and inflation
adjustments have been proposed (OECD, 2017; Stadler
et al., 2018). However, there remains a notable gap in the
literature evaluating the effectiveness of these approaches in
reducing inaccuracies associated with time lags.

A second avenue for future research is to identify the most
suitable financial data for SME emission accounting. While
this study focuses on FTD, accountancy-level data offers an
alternative view of business operations. Its established role
in financial reporting and subsequent completeness could
reduce reliance on assumptions whilst improving coverage
and accuracy. Similarly, the validity of FTD-based estimates
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.

5 Conclusion

This paper demonstrates the potential of FTD as a scalable
and transparent methodology for calculating key categories
of Scope 3 emissions thereby addressing an important gap in
current measurement practices. Using FTD-based estimates,
we find emission sources are typically concentrated in a
small set of hotspot spend categories, with both persistent
industry-specific hotspots and common hotspots identified
across multiple sectors. The models produced here robustly
estimate Category 1 and Category 3 Scope 3 emissions,
whilst Categories 6 and 9 are less well captured, reflecting
their reliance on stronger assumptions.

FTD-based approaches substantially reduce reporting
burdens and dependence on subjective measurement
decisions, providing an accessible entry point for SME:s.
Using the approach outlined here, SMEs can begin to explore
decarbonisation strategies that extend beyond their direct
operations, whilst the close relationships observed between
firms Scope 3 emission sources highlight opportunities for
coordinated, high-impact policy interventions.
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