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Introduction

Accurately quantifying and comparing emis-
sions from commercial activities (e.g., manu-
facturing energy use, fleet mileage) is essen-
tial for meeting global climate goals [1], and
for compliance with evolving carbon report-
ing requirements [2,3]. Emission Conversion
Factors (ECFs) enable such comparisons by
translating activity data into equivalent car-
bon dioxide (COqe) values (e.g., miles driven
multiplied by a specific ECF value) to quan-
tify generated emissions [4,5].

ECFs are typically research artefacts gener-
ated by academic or commercial studies focus-
ing on greenhouse gas emissions (e.g., COq,
CH,) related to specific activities (e.g., driv-
ing an average petrol car in a specific coun-
try) [4,5]. As such, ECFs are calculated for
diverse purposes and may be intended to be
used only in certain contexts.

ECFs can be accessed through many sources,
such as the IPCC database [6], peer-reviewed
literature, and national databases [7]. Com-
panies also frequently employ carbon calcu-
lator tools which implement different calcula-
tion methodologies and ECF's for a particular
domain [8]. However, in all these cases the re-
search context (the intended use) of ECF's or
details of their application are not recorded as
part of an emission report and cannot be eas-
ily retrieved and evaluated using automated
means. Due to the lack of such transparency,
the ECFs used in emission reports may be-
come disconnected from their intended con-
text and both the comparability and accuracy
of emission impacts will reduce [9].

We argue that to improve transparency, con-
textual information should be recorded by
documenting provenance of ECFs and their
consecutive application in carbon footprint
reports. Such provenance traces would in-
clude detailed information about the ECF
(e.g., what input data ECF converts, where
the ECF can be applied, etc.) as well as
details of the calculation process (e.g., what
ECFs were used in the calculation, what in-
put data was multiplied using ECF, etc.).
Similar calls for better documentation of in-
tended use and other properties of research
artefacts to ensure their correct use have also
emerged, for example, in the Machine Learn-
ing domain including Model Cards for ma-
chine learning models [10] and Datasheets for
datasets [11]. However, these approaches of-
ten face a barrier to adoption due to the
limited automation of information recording
mechanisms, which makes the documentation
process labour-intensive.

Therefore, our research focuses on:

e Preserving contextual information about
ECFs to guide their correct application
in practice

e Automating execution and documenta-
tion of carbon footprint calculations us-
ing the most appropriate ECF's

e FEnabling automated querying and com-
parison of carbon footprint reports

Semantic Technologies and Trans-
parency

Semantic web technologies such as ontolo-
gies and knowledge graphs can support so-
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lutions for challenges related to transparency,
as these can be used to effectively record and
access provenance of different data modifica-
tions [12,13]. Provenance of Emission Cal-
culation Ontology (PECO) and the Emission
Conversion Factor Ontology (ECFO) [14],
provide the means to represent emission cal-
culations (including ECFs) and record their
provenance. Previous work on integrating
data for emission reporting [15] and capturing
provenance of reports has used similar seman-
tic approaches [16]. However, these studies
show that knowledge graphs are hard for non-
experts to adopt because of the specialised
skills required for managing and querying
them. Past research into the use of seman-
tic technologies in this domain has also high-
lighted the need to address challenges with
the labourious manual alignment of ECFs to
the correct activity data, and the creation and
retrieval of information about the calculation
processes and its provenance trace [14,17].

LLMs as Automation Agents

Large Language Models (LLMs) have rapidly
gained popularity in task automation for their
usability in a variety of contexts. The ability
of these models to provide natural language
answers based on retrieved information (e.g.,
from a knowledge graph of ECF's) could help
improve the adoption of semantic technolo-
gies by the industry by automating labou-
rious creation and management of semantic
data structures. This is especially the case
with enhancements to context awareness by
methods such as Retrieval Augmented Gen-
eration (RAG) [18,19]. For example, recent
research into the use of RAG to help optimise
the ability of LLMs to assist in the creation
of SPARQL queries has shown promising re-
sults for automation of expert and labourious
tasks in retrieving information from a knowl-
edge graph [19,20]. Previous research has also
demonstrated that SPARQL queries can be
used to create provenance traces and retrieve
input data for semantically represented emis-
sions calculation formulas [17]. However, the
manual creation of these queries is a signifi-
cant drawback to the method and would ben-
efit from automation.

Approach

Our research therefore aims to answer the fol-
lowing research question:

“How effectively can Large Language
Models generate SPARQL queries that
correctly integrate, document and in-
form about individual elements of the
emission calculation process by gener-
ating and querying knowledge graphs?”

Since knowledge graphs can be both queried,
created, and modified using SPARQL queries,
we will explore the ability of LLMs to gener-
ate such queries to better sustain a connection
between an ECF used in an emission report
and the original context for that ECF. We
have identified the following tasks from the
emissions reporting process that could bene-

fit from LLM-based SPARQL support:

Linking Data and Calculation Methods
Formulating queries to retrieve appropriate
input data and corresponding ECFs in the
context of a specific calculation methodology.

Provenance Trace Creation Generating
SPARQL Create queries to annotate the re-
ported emission data with provenance traces
containing the information about the ECFs,
input data and calculation methods used.

Human-in-the-Loop Compliance Mon-
itoring Translating natural language ques-
tions about details of emission reports into
SPARQL queries executed over a knowledge
graph of provenance records.

Conclusion & Future Work

In this paper we have highlighted the need
for additional provenance information to sup-
port the correct use of research artefacts such
as ECFs in practical settings. We argued that
while semantic web technologies provide suit-
able mechanisms to represent and query the
required provenance records, neuro-symbolic
approach implementing LLMs may be needed
to limit manual human tasks to improve adop-
tion of such solutions.

Our future work will focus on evaluating the
capabilities of LLMs for the tasks outlined in
this paper in the context of real-world case
studies. We will evaluate the LLMs’ abil-
ity to produce semantically correct SPARQL
queries, the effects of hallucination, and novel
workflow design patterns combining human-
in-the-loop, LLM agents, and semantic rules
to enhance the compliance monitoring of car-
bon footprint reporting.
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