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2 Abstract

3 Accurately quantifying greenhouse gas (GHG) emissions is crucial for organizations
4 to measure and mitigate their environmental impact. Life cycle assessment (LCA)
5 estimates the environmental impacts throughout a product’s entire lifecycle, from raw
6 material extraction to end-of-life. Measuring the emissions outside of a product owner’s
7 control is challenging, and practitioners rely on emission factors (EFs) — estimates of
8 GHG emissions per unit of activity — to model and estimate indirect impacts. However,
9 the current practice of manually selecting appropriate EFs from databases is time-
10 consuming, error-prone, and requires expertise. We present an Al-assisted method
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leveraging natural language processing and machine learning to automatically recom-
mend EFs with human-interpretable justifications. Our algorithm can assist experts by
providing a ranked list of EFs or operate in a fully-automated manner where the top
recommendation is selected as final. Benchmarks across multiple real-world datasets
show our method recommends the correct EF with an average precision of 86.9% in the
fully-automated case, and shows the correct EF in the top 10 recommendations with an
average precision of 93.1%. By streamlining EF selection, our approach enables scalable
and accurate quantification of GHG emissions, supporting organizations’ sustainability
initiatives and progress toward net-zero emissions targets across industries.

Synopsis: We present an Al-assisted method that streamlines emission factor
matching, improving its scalability and accuracy, thereby supporting effective envi-
ronmental policy and sustainability initiatives.

Keywords: emission factor recommendation, life cycle assessment, carbon foot-
print, large language model, retrieval augmented generation, environmental impact

assessment

Introduction

Organizations worldwide have pledged to achieve net-zero carbon emissions and publicly
release their annual greenhouse gas (GHG) emissions as part of their sustainability reports.**
The Greenhouse Gas Protocol® is the widely adopted standard used in estimating GHG
emissions, and it is based on the principles of Life Cycle Assessment (LCA).”® The GHG
Protocol requires declaration of both direct and indirect emissions. Direct emissions (Scope
1) include emissions from owned sources such as fuel combustion by a vehicle. Indirect
emissions are further categorized into two types: Scope 2 emissions are associated with
the purchase of electricity, steam, heat, or cooling for operations, while Scope 3 emissions
encompass all other indirect emissions along the value chain such as those from raw material

extraction, manufacturing processes, transportation, product use, and end-of-life.
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Accurately measuring the numerous sources of indirect emissions across the supply chain
can be prohibitively expensive and sometimes infeasible.™ Consequently, practitioners rely
on databases of emission factors (EFs) that provide GHG emissions associated with core
materials, products, and industries on a per-unit basis, e.g., kg CO2-eq per kg of cotton
produced or kg CO2-eq per kWh of electricity.” ¥ Practitioners acquire these EF datasets,
map each business activity to an appropriate EF, and estimate their footprint by scaling the
EF. The total carbon footprint is the sum of these individual emission estimates. However,
the manual selection of EFs from databases containing hundreds or thousands of entries is
a slow and expensive process.?!? Our motivation for this work stems from observing LCA
scientists, e.g. co-author Gargeya Vunnava, spending weeks of their time on EF matching.

To address these challenges, we aim to develop automated EF recommendation algorithms.

LCA practitioners rely on background datasets such as Ecoinvent,*” Sphera’®, and USEEIO™

to characterize the emissions associated with upstream (raw material extraction, transporta-
tion to factory) and downstream (transportation to wholesalers, retailers, and consumers,
and disposal of the product) processes. The exact emission value depends on the alloca-
tion** and impact assessment methods*® used. An EF is a combination of the background
dataset, allocation, and impact assessment method. Practitioners of LCA either pre-calculate
their EFs using a fixed allocation and impact assessment method, and then select each EF
manually, or they manually select a background dataset, allocation, and impact assessment
methods to calculate a specific EF on the fly. We focus on the former approach, with global
warming potential defined by the IPCC sixth assessment report.'® However, our methods
can be generalized to background dataset recommendation.

There are two primary approaches to LCA: process-based and Environmentally Extended
Input-Output analysis-based (EEIO).*” A process-based LCA (pLCA) is a bottom-up ap-
proach that tracks all the inputs (i.e., material and energy) and outputs (i.e., emissions and
environmental waste) of a product across its supply chain. This framework allows practition-

ers to investigate the source-specific impacts of a product and identify hotspots in the supply
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chain. For example, the Ecoinvent database provides a pLCA-based EF for the activity ‘pear
production’ as 0.31 COse per kg of pear (Ecoinvent v3.9.1, cut-off system, IPCC AR6 impact
assessment, location: China).’¥ These emissions arise from all the activities in the supply
chain starting from growing the pears, farm cultivation and maintenance, fertilizer/pesticide
application, water needs, harvesting, and distribution to the final markets. Since individual
activities can emit different types of GHG gases (e.g., Methane, Nitrous oxide, etc.), all such
GHG emissions are converted to a single unit of mass of carbon dioxide equivalent (or COxe)
as defined by the IPCCYY and are available as EFs in datasets.

In contrast, EEIO-LCAs take a top-down macroeconomic approach using supply-use ta-
bles to estimate the emissions associated with the production and trade of a given good
or service at an industry sector level. Sector-level environmental data such as water with-
drawals, greenhouse gases, and energy extraction are collected and normalized to a unit
currency based on the gross economic output of each sector.™! For instance, the US Envi-
ronmental Protection Agency’s EEIO model provides an EF of 0.5 kg COqe per US dollar
for the ‘Fruit and Tree Nut Farming’ sector (USEEIO v2.0.1, based on 2017 1O data). A $2
pear will be mapped to this sector, and estimated to have an impact of 1 kg COqe.

Exact string matching, commonly used in LCA tools for EF recommendation, fails to
capture semantic information in the text such as synonyms (e.g., milk and dairy, maize and
corn), or abbreviations (e.g., Ni-Cd and Nickel Cadmium). Prior works have proposed use
of machine learning (ML) solutions to overcome these problems.?¥ A key challenge is the
lack of labeled datasets in LCA, making it difficult to train supervised text classification
models that generalize to all types of products. To overcome this issue, recent works,*
including our own such as CaML? and Flamingo,*? have leveraged off-the-shelf semantic
text matching models trained on web-scale data without any fine-tuning (zero-shot). CaML4
focuses specifically on EEIO-LCA, using semantic similarity matching to map products to

2

NAICS industry codes for carbon footprinting. Flamingo,'? on the other hand, addresses

pLCA, introducing an intermediate classification layer to improve ‘no match’ precision with
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semantic text matching for environmental impact factors. These neural network models
take text as input, and output a vector representation, called an embedding, such that
semantically similar texts are placed closer in the vector space.?! The similarity between two
texts can then be measured by the distance between their embeddings.

Embedding models depend on clear text descriptions to create accurate vector represen-
tations. Such high-quality text is available from data sources used in prior works, such as
e-commerce product pages.”? However, we find that organizations often do not have such
high-fidelity data in practice. Their information comes from sources like enterprise resource
planning systems, which use abbreviations, domain specific terms, and which may contain
multiple languages. E.g., ‘FAC.WRC.OALO508IN9.GRU - Combina o chave’ describes a
combination wrench from our procurement dataset. Asking users to create clean text de-
scriptions manually is burdensome, and directly feeding the inputs to the embedding model
returns incorrect results. Another challenge with embedding models is that they are trained
on generic web-based definition of semantically similar data that may not align with the
definitions associated with GHG emissions. E.g., for the query ‘macbook’; the fruit ‘apple’
shows up with a high similarity score. Our study aims to overcome these shortcomings with
the use of large language models (LLMs).

LLMs have emerged as powerful tools for natural language processing, capable of gener-
ating human-like text across various domains. These models, such as GPT*? and Claude®?
are trained on vast amounts of textual data with a self-supervised auto-regression objective,
enabling them to capture intricate patterns and generate contextually relevant text. These
models are further optimized through instruction tuning on question-answer pairs, improving
their ability to respond to prompts in a coherent manner and provide responses favored by
humans. However, LLMs often exhibit limitations, including hallucinations, inconsistencies,
and lack of grounding in factual knowledge.**

Retrieval Augmented Generation (RAG) aims to mitigate these limitations by combin-

ing the generative capabilities of LLMs with the ability to retrieve and incorporate relevant
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information from external knowledge sources.“” RAG systems typically consist of a retriever
module that identifies relevant passages from a knowledge base with an embedding model,
and a generator module (an LLM) that uses the retrieved information to generate the final
output. This approach has shown promise in improving the factual consistency and ground-
ing of generated text, particularly in open-ended question answering and dialogue tasks.?"
Prompts, or the input text provided to LLMs, play a crucial role in their performance. As
LLMs are primarily trained on self-supervised learning objectives, their outputs can be sen-
sitive to the prompts used.*” Prompts serve as the initial context for the model, guiding
its generation process. Effective prompts can elicit desired behaviors from LLMs, enabling
more accurate and relevant generation across a wide range of tasks.”®

The key distinction between LLMs and embedding models in handling domain-specific
text lies in their training objectives and operational capabilities. While embedding mod-
els are trained to create fixed vector representations that capture semantic similarity be-
tween texts,*! LLMs are trained to predict and generate text sequences.”® This funda-
mental difference in purpose leads to several important advantages for LLMs when han-
dling unclear text descriptions. When embedding models encounter cryptic text like
‘FAC.WRC.OALO508IN9.GRU’, they attempt to map it directly to a vector space based
on their training data. However, since such abbreviated or technical notation rarely appears
in their training corpora (which typically consists of natural language text®), they struggle
to create meaningful representations. The embedding models cannot transform or interpret
the text - they can only represent it as-is in the vector space.

In contrast, LLMs’ generative capabilities allow them to actively process and transform
the input text. Through their training on next-token prediction across vast amounts of
technical documentation,”” they learn to decode abbreviated patterns and expand them
into complete descriptions. This is not just pattern matching, but rather a learned ability to
generate contextually appropriate expansions of technical shorthand. For example, when en-

countering ‘FAC.WRC’, the LLM can generate a complete description like ‘Factory Wrench’
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based on its understanding of common industrial terminology and abbreviation patterns.
The instruction-tuning phase further enhances this capability by teaching LLMs to perform
implicit tasks like text standardization. While embedding models remain static in their rep-
resentation approach, LLMs can dynamically adapt their output based on the implied need
for clarification or expansion. This ability to actively transform and explain cryptic text,
rather than just represent it, is what enables LLMs to succeed where embedding models
struggle.

Use of RAG ensures we can provide domain specific context to the LLM as it may not
be part of its training data, which cannot be done with embedding models. For example, we
include information such as process description and system boundary in our algorithm. RAG
also helps reduce the context information sent by selecting a subset of EFs to be considered
with semantic matching, which assists in both improved performance and reduced costs in
using LLMs.

Our scope of research is orthogonal to prior works that have used ML for addressing data
gaps in life cycle inventory and characterization factors.

Recent studies have revealed that inventory data gaps remain a fundamental challenge in
LCA and illustrated how ML approaches can contribute to bridging these gaps. For example,
Write et al.®! and Zargar et al.®? highlighted that methods based on supervised learning al-
gorithms, such as artificial neural networks, extreme gradient boosting, and similarity-based
models, can effectively estimate missing inventory flows when sufficient training data is avail-
able. However, these methods face limitations including challenges in uncertainty assessment
1 BT

and dependency on high-quality training datasets. Wright et al.*" also suggested that emerg-

ing technologies like Internet of Things (IoT) and blockchain platforms could enhance data

1.%2 emphasized the need for diversifying data

collection and validation, while Zargar et a
sources and exploring novel algorithms such as graph neural networks. Addressing these
limitations could significantly improve LCI data completeness and reliability, ultimately en-

abling more accurate environmental impact assessments of products and processes.
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Recent studies have also highlighted ML as a promising approach to address gaps in char-
acterization factors. Li et al.®? demonstrated that XGBoost algorithm can predict average
ecotoxicity values (logEC50) for chemicals lacking empirical data, revealing that approxi-
mately 13.6% of ecotoxicity impacts from coal power generation in China were previously
underestimated due to missing characterization factors. Similarly, von Borries et al.*# iden-
tified 13 priority parameters for ML model development in toxicity characterization, showing
ML approaches could potentially predict values for 8-46% of marketed chemicals based on

1.%9 who

limited available measured data (1-10%). These findings align with Romeiko et a
found ML applications in LCA improve prediction accuracy, pattern discovery, and com-
putational efficiency across inventory development, impact assessment, and interpretation
stages. Together, these studies suggest ML offers a viable pathway to enhance the compre-
hensiveness and accuracy of LCA through systematic prediction of missing characterization
factors, though challenges remain in data availability, model selection, and uncertainty quan-
tification.

To our knowledge, we are the first to leverage LLMs for EF recommendation and validate
their effectiveness in enhancing EF prediction accuracy. In our work, we leverage LLMs and
RAG, and carefully design prompts to improve emission factor selection by providing relevant

context, retrieving information from EF datasets using an embedding model, and guiding

the LLM to align with the domain knowledge of life cycle assessment.

Datasets and Methods”

Our objective is to match a query text with an appropriate EF from a given dataset. The
query text typically describes a product or service that needs an EF assignment. We use
EF datasets with clear text descriptions for this matching process. A recommended EF

is considered ‘appropriate’ if a human would agree with its assignment to the query. For

®The methods discussed are for research purposes only, and are not indicative of Amazon’s business use
cases for carbon footprinting.
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each query, the algorithm must return exactly one matching EF. In cases where multiple
appropriate EFs exist, selecting any one of them is acceptable. For EEIO-LCA datasets,
the algorithm always finds an appropriate EF since these datasets comprehensively cover
all economic sectors. However, for pLCA datasets, the algorithm should return ‘no match’
when no suitable EF exists for the query.

pLCA is useful for a granular analysis of emissions associated with an activity, whereas
EEIO gives a first-order approximation of the estimated emissions using industry sector
level data. The EF recommendation strategy differs for these two types of LCA. For pLCA,
each EF requires detailed measurements for a given activity published in the literature
or released by the manufacturer, and some products or activities may not have available
EFs. For example, the Ecoinvent dataset has an EF for ‘pear’ and ‘orange’, but does not
have an EF for ‘plum’ or ‘grapefruit’.*” In such cases, an EF recommendation algorithm
needs to return that an appropriate choice is not available for the given input. EEIO-
LCA EFs, on the other hand, are designed to have broad coverage of products or services,
encompassing all industries in an economy, including catch-all ‘miscellaneous’ sectors for any
missing industries.™ Therefore, the EF recommendation algorithm for EEIO-LCA needs to
provide an appropriate EF as long as the given input data is valid.

Our algorithm, named Parakeetiﬂ, uses a combination of generative LLMs and embedding
models in a retrieval augmented generation pattern to identify an appropriate EF, when
available. We use the LLM to integrate domain-specific instructions via prompts, and ask
it to create a plain-language description of the input query. We feed the paraphrased plain
description to the embedding model, and find the top-10 semantically similar EFs from the
dataset by sorting them on similarity score. We feed the top-10 EFs back to the LLM, and

ask it to recommend an EF to use given the previous context. We collate the query, LLM

®We use the name “Parakeet” from a species of small, intelligent parrots known for their ability to learn
and repeat human speech. Like the bird, our algorithm learns to mimic human abilities to match business
activities into appropriate emission factors. Parakeet also explains itself in natural language, similar to a
human. Additionally, parakeet’s green color symbolically aligns with green innovation in carbon footprint
assessment.
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outputs, and top-10 EFs for human review and verification. Our algorithm can directly
ingest real-world business data lacking clear descriptions assumed by prior approaches. It
provides human-readable justifications to enable expert verification.

Parakeet differs in its details for EEIO and process LCA due to the structure of EFs in
the respective datasets. Figure [1] illustrates the EEIO recommendation process through a
detailed example. We use the General Text Embedding (gte-large) models for semantic
text matching,%% Claude 3 Sonnet as our LLM,23 and include one example in each prompt.
These parameters and models yield the best performance among the ones we evaluated. The

algorithm is designed to be modular, and it is easy to switch between different models.

Top K EFs

FAC.WRC.OALO508INS.GRU - 1. Motor Vehicle Supplies and New Parts
Combina o chave, 5/8 pol., 9-1/2 Merchant Wholesalers
pol. OAL (chave de extremidade N
Similarity Score 2. Saw Blade and Handtool Manufacturing
aberta)
3. Industrial Machinery and Equipment
J Merchant Wholesalers
4. ..
l
l — . &3
4
The item is a9 1/2 inch long /i\ o= !

1
I
A
combination wrench for use in - w — ‘3\"/3‘ ' Recommended EF
warehouses and with basic tools. bt E i Saw Blade and Handtool Manufacturing
1
1
1

T
1
1
i Justification: This EF covers the manufacturing of
non-powered hand tools such as wrenches, ....

Figure 1: An example of Parakeet’s EEIO EF recommendation process. First, Parakeet paraphrases the
given activity description into plain text. Next, using an embedding model, it retrieves the most semantically
similar EFs to the given activity. Finally, these similar EFs are fed into the LLM model, which recommends
the best matched EF and generates a justification for this recommendation.

The first step of the algorithm is to produce a plain-language description of the query
using an LLM. The given query can consist of multiple fields such as name, description,
company, and category. Feeding this input directly into an embedding model yields imprecise
retrieval of EFs as these models are trained on full sentences available on the web rather
than invoices or manufacturing data. In our prompt, we ask the LLM to be an LCA expert.

We include specific instructions such as inclusion of information relevant to material and

10
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manufacturing phase of LCA, and expansion of relevant abbreviations. All of our prompts
include an example for the LLM to follow, referred to as a “l-shot” prompt in machine
learning literature®?, where the shots refer to number of examples. In the Numbers of
Examples in Prompts section, we further examined the impact of the number of examples
in prompts on the performance of the model. We also include all the prompts used in our
study in Supplemental Information (SI).

The second step of the algorithm is to feed the plain language text to an embedding model
to create a vector representation of the text data. Embedding models are neural network
based machine learning models trained on web-scale data using a self-supervised objective,
where no human provided labels are used during training. Examples include predicting the

4T or comparing similar and dissimilar sentences.®® The large scale

next word in a sentence,
training data enables the model to generalize across domains. These models are modified to
output a numeric vector representation of a given input text, and are further fine-tuned on
explicitly labeled similar/dissimilar sentences to improve their text matching performance.*
We use the general text embedding (gte) model®® that is trained on ~800M sentences in the
self-supervised stage, and fine-tuned with ~3M labeled sentences. Cosine similarity is used
as the measure of distance between two embeddings. We use the gte-large variant, which
occupies 1.6GB of memory, and outputs 1024-dimensional embedding for a given sentence.
Similar to the LLM models, we picked the state-of-the-art embedding models available to us
at the time of experimentation. The cost of embedding models is outweighed by both the
human time as well as any of the LLM models we use in Parakeet. We gauged the relative
capability of these models from the Massive Multilingual Text Embedding Benchmark.=%4"
In general, Parakeet can be used with any of these models, and future improved version of
embedding models can be incorporated easily. In the Choice of Embedding Model section,
we examined the performance of our model using five other embedding models.

We create embedding representations for all EFs in the dataset and compute their cosine

similarity with the query embedding. The top-10 EFs are then ranked in ascending order

11
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based on their distance scores. In the final step, we feed the top-10 EFs to the LLM and
ask it to recommend the best matching EF along with a justification. The prompt includes
the history of the paraphrasing step, and additional context explaining that the ranked list
of EFs is obtained with semantic text similarity. We used the state-of-the-art LLM models
available to us in our experiments, as the cost of using the LLM models outweighs the
human time it takes to pick an EF without assistance. These LLM models include the series
of models from Claude,* Llama,*? and Mistral.#* We have excluded models which failed to
give us well-formed responses, e.g., when the data format was not readable with our code.
We gauged the relative capability of these models with open benchmark leaderboards such
as Chatbot Arena.”” We also evaluate smaller models such as Claude 3 Haiku to assess
the impact on performance and cost of recommendation. In general, Parakeet can be used
with any of these models, and future versions of LLM models can be incorporated easily.
We used Claude 3 Sonnet as our default LLM and evaluated how different LLMs affect the
performance of Parakeet. The Choice of LLM section presents these comparative results. We
also evaluated the impact of each component through ablation studies by separately removing
LLM paraphrasing, semantic matching (embedding models), and LLM EF recommendations
to test their contribution to the model’s overall performance. The Ablation Analysis section
presents the results of these experiments.

To collect a ground truth EF for each query, we compile the given query, paraphrased
query, recommended EF, and the top-10 EFs, and send it to a human annotator for review.
The human can choose to select one of the top-10 EFs, mark that the given query is unclear,
that the list of EFs is irrelevant, or that they are ‘not sure’. Figure |2 shows an example. We
provide annotators of Parakeet with guidance to help them understand the steps to annotate
and the science behind it. The annotation process involves selecting the most appropriate
EF from a list of options that best matches a given input activity description. Annotators
are instructed to carefully read and understand the input text, consider Al-generated inter-

pretations and recommendations, and make selections based on their understanding. The

12
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instructions emphasize the importance of identifying cases where none of the recommended
EFs are a match or when the input text is unclear. In order to create a robust ground truth
for each of our datasets, we asked for triple votes from the annotation team and applied
majority voting to establish ground truth. Collecting ground truth this way introduces bias,
as the annotator is only exposed to the EFs short-listed by the model. For example, it is
possible annotators pick a different answer if the short list had more choices. While we
minimize this bias with clear instructions and by including options like ‘none of the options
match’, ideally we would have asked the annotators to pick the EF based on the full list
of thousands of choices. However, it is challenging and time consuming to collect sufficient

data to perform such an analysis — the exact problem we are trying to solve in this work.

Emission Factors Annotators
Saw Blade and Handtool Manufacturing
Query e A
Parakeet |Motor Vehicle Supplies and New Parts

combination wrench
|Given activity is unclear to select EF

|

9 1/2inch long _ | Hardware Merchant Wholesalers | /O\ /O\
|
|

|EF options do not match given activity 1.5 minutes per label, 2K labels / day

Figure 2: We provide the query, the paraphrased text, the recommended emission factor, and top-ranked
list of emission factors to an annotator. The annotator can choose to override the Parakeet recommendation,
indicate that the input data or provided EFs are inappropriate, or express uncertainty about making a choice.

We have only experimented with cradle-to-gate emission factors (EFs) in this research. All
of the EFs we use in both USEEIO and Ecoinvent datasets are cradle-to-gate EFs, covering
various reference units such as kg CO2-eq per kg of material produced, kg CO2-eq per kWh
of electricity consumed, or kg CO2-eq per ton-km of transportation. It’s important to note
that Parakeet does not currently piece together EFs as practitioners often do in real-world
applications, such as combining raw material production with manufacturing processes. In
process-based EF, for a given query (like ‘carrot juice’), we require the EF to cover the
entire cradle-to-gate system boundary. If available data only covers partial processes (e.g.,
if the best match is ‘carrot production’), then we mark the ground truth as ‘no match’. We

evaluate the performance of Parakeet with four metrics:

Precision@K: Given a list of queries with a matching item, Precision@QK measures the
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fraction where the correct item is ranked within the top-K results.?##4 The value of K
measures the performance depending on how the algorithm is used. Top-1 refers to the
fully automated solution, if the metric is 95%, there is a 5% chance that the chosen EF
is incorrect. For Top-10, we expect a human to inspect the recommended EFs and select
one of them as the EF to use for LCA. In this case, Precision@10 of 95% means that
the human will be able to find a match among the top-10 recommendations 95% of the
time. We present a maximum of 10 choices to the user. We picked 10 based on search
engine user experience research, which has shown that more choices increase mental load
and frustration.?® We also instruct the LLM to rank the choices with the most relevant to
the least, so that the user spends less time going through the short-list.

Mean Absolute Percentage Error (MAPE): Rather than text matching of emission
factors, MAPE measures the prediction accuracy from a carbon footprint perspective by
comparing the kgCOse values of the predicted and correct EFs. For each input, we calculate
the error between the CO, impact values associated with the predicted EF and the ground
truth EF. For instance, if the correct EF for ‘lentil’ has an impact value of 0.77 kgCOqe
per kg (‘market for lentil’), and the model predicts an EF with an impact value of 0.71
kgCOqe per kg (‘lentil production’), the absolute percentage error for this prediction would

be 7.8%. The below formula shows how MAPE is calculated for n data points.

100% s | Actual; — Predicted;
MAPE = n ZZI ‘ Actual;

Latency: It indicates the time it takes to return the EF recommendation given the input.
It is an important measure of both cost and responsiveness of the algorithm. Smaller LLMs
have both lower latency and cost but also have lower performance.?? All of the experiments
were conducted on a MacBook Pro with an Apple M3 Pro chip and 16GB memory.

Match Precision: In the case of pLCA, where there might be data points that do not have

an exact matched EF, both annotators and the model label them as ‘no match’. Match

Precision calculates the precision on only data points that have a valid EF (not ‘no match’)

14



1 in the ground truth.

2 Figure [3| shows an overview of the variations in the steps of the algorithm for EEIO LCA
s and pLCA. We explain the details of the variations in the algorithm along with the EF

s+ datasets used in Supplementary Information (SI).

Given Activity Input (real example) Given Activity Input (real example)
FAC.WRC.OALO508IN9.GRU - Combina o chave, 5/8 pol., 9-1/2 Component_type: shrink sleeve, component_material_family:
pol. OAL (chave de extremidade aberta) Plastic, component_material: aPET
Parakeet Paraphrase Parakeet Reference Products Recommendation
The item is @ 9 1/2 inch long combination wrench for use in ['polyethylene terephthalate, granulate, amorphous’,
warehouses and with basic tools. ‘polyethylene terephthalate, granulate, amorphous, recycled’,

‘waste polyethylene terephthalate’, 'polyethylene
terephthalate, granulate, bottle grade’, ...]

! !

Parakeet Recommendation Parakeet Recommendation
NAICS title is ‘Saw Blade and Handtool Manufacturing’. This aPET (Amorphous polyethylene terephthalate) is a type of
covers the manufacturing of nonpowered handtools like plastic material, and the impact factor 'market for
wrenches, which is what the product is. olyethylene terephthalate, granulate, amorphous' exactly

matches this material description.

(a) EEIO LCA (b) Process LCA

Figure 3: Two examples of Parakeet mapping product descriptions to EFs. Figure (a) shows Parakeet
suggesting the product is a ‘combination wrench’ from the given activity description and using that it can
recommend the most appropriate NAICS title (EEIO LCA). Figure (b) shows an analogous example for
process LCA where Parakeet finds the closest reference product and associated impact factor for a product
it paraphrases as ‘shrink sleeve’ from the given activity description.

s Business Activity Datasets
s We evaluate Parakeet on four EEIO-LCA and two pLCA datasets.

7 EEIO - Proprietary Procurement Products: 3.9K unique products from a proprietary
s Procurement catalog. This dataset covers a diverse range of items commonly used in offices
o and warehouses, including knee braces, locks, metal detectors, and printer toner: e.g.,
1w ‘AM.BRC.KNEE.XL - Brace, Knee, Neoprene, Open Patella, Extra Large’, in the category
un  ‘Medical & First Aid Supplies’.

2 EEIO - Austin Invoices: Sample of 2.1K invoices from City of Austin, Texas, USA gov-
15 ernment records.?Y City level expenditures such as steel, printers, irrigation systems: e.g.,

1 ‘Gloves Work Mechanic Synthetic Leather SZ Large’.
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EEIO - KatanaML Invoices: Dataset of 1.1K unique invoices collected for machine learn-
ing research in data extraction, includes a variety of items such as rugs, game console, and
furniture:*” e.g., ‘October Mist Deer Metal Side Table by Rosemary Millette’.

EEIO - Proprietary Heavy Equipment Data: A dataset of 3.7K products that in-
clude a variety of items, such as Air Handler Unit, and Exhaust Fans, categorized by
materials, labor, and freight. For example, ‘Camboard Rating Plug Change and Bus Bar
Modification’ is under the category ‘Generator’ and the subcategory ‘Labor’.

pLCA - Food.com Ingredients: We extract a random sample of 2K ingredient entries
from a dataset of recipes.*® The dataset consists of a variety of ingredients such as choco-
lates, carbonated drinks, herbs, and steak.

pLCA - Proprietary Grocery Packaging: 5.5K (195 unique) data points on packaging
used in grocery products, including cardboard boxes, paper, various types of plastic: e.g.,

‘HDPE High density polyethylene’ used in primary packaging of plastic bags.

Results and Discussion

We evaluate the overall performance of Parakeet, for both EEIO and pLCA, with the above
six datasets. We use the Katana ML invoices and Food.com ingredients dataset to further
characterize each step used in the algorithm. These are public datasets, and we make our
annotated groundtruth datasets available as part of our open-source repository for repro-
ducibility and further research in this area.

Table (1| summarizes evaluation across our six datasets. For these experiments, we used
Claude 3 Sonnet LLM and thenlper/gte-large embedding model. Parakeet shows strong
performance in accurately recommending EFs across diverse real-world business activity
data. Precision@1 indicates that the annotator agrees with the top-recommended EF being
an appropriate choice. Precision@10 indicates that the annotator picked one among the

top-10 EFs recommended by Parakeet. For pLCA cases, the shortlist provided to annotators
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Table 1: Performance of Parakeet for EEIO-LCA and pLCA EF recommendation across our six datasets

Dataset Precision@1 Precision@10 Dataset Size
EEIO LCA EF Recommendation
Govt of Austin Invoices 93.5 98.8 2159
Katana ML Invoices 97.1 100 1121
Procurement Products 90.9 98.1 3980
Heavy Equipment 82.2 93.5 1803
Process LCA EF Recommendation
Food.com Ingredients 71.0 72.9 1956
Grocery Packaging 82.2 89.2 195

may contain fewer than 10 EFs, as it depends on the number of EFs associated with the
matching reference products. However, we maintain a maximum of 10 EFs in the shortlist.
For EEIO datasets, we observed that limiting recommendations to the top-5 EFs maintained
the same precision, as the correct EF was typically found within the top-5 ranked sugges-
tions. The higher Precision@10 scores indicate that annotators almost always pick an option
among the short-listed EFs. These strong results showcase Parakeet’s ability to handle the
technical terminology and abbreviations found in business data, underscoring the robust and
generalizable nature of Parakeet’s EF selection capabilities.

Regarding computational requirements, our primary performance metric was latency -
the time required to generate an EF recommendation. Using a MacBook Pro with an Apple
M3 Pro chip and 16GB memory, we observed that latency primarily depends on the LLM
response time and input length. Average response times were 11.2 seconds for EEIO and
17.1 seconds for pLCA data points. We analyzed token usage and associated costs using
Claude 3 Sonnet. Each EEIO EF recommendation required an average of 2.4K input to-
kens and 340 output tokens, costing approximately $0.012 per data point. For pLCA EF
recommendations, the model processed an average of 11.2K input tokens and generated 520

output tokens, costing $0.041 per data point.
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Error Analysis
EEIO-LCA Analysis

We perform the error analysis on the Katana ML Invoices dataset, where we get a Preci-
sion@1 of 97.1% and Precision@10 of 100%. These results demonstrate Parakeet’s strong
performance in accurately recommending EFs across diverse real-world business activity data.
For the 2.9% of data points (33 out of 1,121) where the model predicted the wrong EF, our
analysis identified two main types of errors. First, the model incorrectly selected the EF for
items related to software and console games like PlayStation or Nintendo, focusing on the
software and video manufacturing aspect rather than the correct EF of ‘Doll, Toy, and Game
Manufacturing’. For example, for the item ‘Microsoft Xbox Series X Console Pre-Order’,
the model incorrectly selected ‘Software and Other Prerecorded Compact Disc, Tape, and
Record Reproducing’. Second, the model made wrong EF selections for book titles, choos-
ing ‘Research and Development in the Social Sciences and Humanities” for the book ‘The
Neuroscience of Emotion A New Synthesis by Ralph Adolphs” when the correct EF should
have been ‘Book Publishers’. The model lacks sufficient context about book titles and maps
these items based solely on their descriptions, leading to inaccurate EF predictions. These
errors indicate that domain specific instructions to the LLM may be necessary in order to

improve performance further.

pLCA Analysis

We analyzed 567 (out of 1,956) data points where the top match predicted by the model
was incorrect for the Food.com ingredients dataset, resulting in a Precision@1 of 71.0% for
pLCA EF recommendation. Recall that for pLCA, the EF needs to be an exact match
with the given input in order to be correct. For example, if ‘carrot production’ is the
closest matching EF for ‘carrot juice’, then the output should be ‘no match’ as the emissions

associated with juicing of carrot are not included. We find that this definition plays a
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crucial role in the design and performance of the algorithm. In ~93% of these errors, the
model incorrectly recommended an EF while the ground truth was ‘no match’. For example,
the model selected ‘market for grape’ for ‘wine’, even though the correct answer was ‘no
match’. We instructed the LLM to select an EF that captures all processes performed on
an item, but in some cases, it failed to follow this guidance. This mismatch could lead to
underestimations or overestimations of environmental impacts, as omitting relevant processes
might miss important contributions, while including unrelated processes could add erroneous
impacts. For the LLM-based method, these results underscore the need to incorporate
LCA-specific decision rules that align with the reasoning of LCA practitioners. Such rules,
though not systematically documented in current literature, would improve alignment with
real-world LCA practices by guiding the model to select EFs that account for all essential
processes in a product’s lifecycle.

For the 354 data points in the Food.com dataset that have a valid EF in the ground
truth, the Match Precision of the model is 98.1%, indicating that in 98.1% of cases the
predicted EF was the same as the ground truth. Examples of incorrect predictions include
‘melon production’ instead of ‘market for melon’ for the input ‘winter melon’, and ‘tap water
production, underground water without treatment’ instead of ‘market for tap water’ for the
query ‘tap water’. In Ecoinvent, EF terms like ‘market for X’ indicate the inclusion of trans-
portation emissions for distribution, while ‘production for X’ does not. We instructed the
LLM to prioritize ‘market for X’ when available, but for ~2% of data points, the LLM failed
to follow this guidance. These mismatches could lead to underestimations of environmen-
tal impacts, as transportation emissions within supply chains may be omitted, potentially
under-representing impacts for certain industrial or business sectors.*? This also highlights
the importance of prompt engineering that incorporates LCA-specific terminology and design
principles, such as prioritizing terms that reflect the full product lifecycle. This approach
would better align model predictions with LCA methodologies, reducing the risk of omitting

relevant supply chain emissions.
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The remaining ~5% of errors were due to human misjudgments. Our instructions state
that the EF must exactly match the product provided, and if the EF does not cover all
emission-causing activities in making the product, then it is considered a ‘no match’. For
example, in the case of ‘lime peel’, the model returned ‘no match’ because existing EFs like
‘lime’ do not account for the peeling process, while the human selected ‘market for lime’. In
another case, the model correctly identified ‘no match’ as the appropriate EF for ‘ground
lamb’, as it refers to the process of grinding lamb meat, which is not covered by any of the
provided impact factors, while the human selected ‘market for sheep for slaughtering, live
weight’.

We have included additional results such as the impact of the choice of LLM model, the

embedding model, and extension of the algorithm to recommend region-specific EFs in SI.

Discussion

We have used Parakeet to recommend EFs for carbon footprinting across six domains and
11.2k data points. Users of Parakeet find it convenient as we can process thousands of data-
points at a time with batch inference, reducing both time and costs associated with carbon
footprints. Parakeet assigns 8K EFs per day automatically, and 2K EFs per day with review
by six humans in the loop. Our automated EF recommendation algorithm can be both used
as a fully-automated service as well as with a human in the loop. Our algorithm generalizes
to both process-based LCA and EEIO LCA emission factor datasets. The algorithm outputs
human-interpretable justifications to facilitate third-party verification.

To understand the challenges in finding EFs; we requested co-author Abu-Zaher Faridee
to perform EEIO EF mappings without use of Parakeet and document his effort. He was
new to the project, LCA and EFs, and we used it as an opportunity to measure the time it
takes for a non-expert to perform EF mapping. He noted that the EF mapping process was
slow and often frustrating, sometimes spending up to 15 minutes on a single item, like ‘a bag

of ice melts’. For this item, the lack of clear information in the name and description made it
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difficult to choose the right NAICS code. Initial searches on NAICS.com did not yield useful
results, so he turned to search engines and expanded to broader product categories, such as
“snow removal equipment”, to gather enough context. Despite these efforts, determining the
correct code remained challenging, highlighting the ambiguities in the process. He completed
mapping for 55 items over about 4 active hours spread across two weeks, needing breaks to
avoid fatigue and maintain accuracy. A significant learning curve was evident, as the first
25 items took considerably longer than the last 30, and a 40% disagreement rate emerged
when the annotator rechecked some of their earlier work. Consulting with LCA scientists,
co-authors Gargeya Vunnava and Nina Domingo, helped refine their approach and identify
areas for improvement, though the process continued to be demanding, especially for complex
or unfamiliar products. We have designed Parakeet to address these challenges.

Parakeet is especially good at recommending EEIO-LCA EFs, with an average Preci-
sion@1 of 90.54%, where the task is akin to identifying an industry category for the given
input. While we have demonstrated state-of-the-art performance, we still recommend using
Parakeet with a human-in-the-loop, especially for the data points used for critical decisions,
or those that represent significant environmental impact. We acknowledge that automated
EF matching remains challenging, especially for process-based LCA where the algorithm
needs to assess system boundary overlap and comprehend domain-specific terminology. In
pLCA, we require an ‘exact match’ that covers all emission-causing activities involved with
the given input. Although we explicitly defined these criteria in the prompt, LLMs frequently
selected EFs that incompletely covered the emissions associated with given activities rather
than recommending ‘no match’ when appropriate.

The quality and reliability of human annotations were ensured through a rigorous process.
First, annotators underwent training sessions and were provided with detailed annotation
instructions and resources. Second, we implemented a triple-vote system where each data
point was independently annotated by three different annotators, with the final decision

determined by majority voting. This approach resulted in high inter-annotator agreement
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rates of 94.54% and 97.12% for Food.com Ingredients and Katana ML Invoices datasets, re-
spectively. For process-based datasets, we conducted additional manual inspections to verify
the accuracy of the selected EFs. Despite these quality control measures, we observed dis-
crepancies in decision-making among human annotators when choosing the most appropriate
EFs. These discrepancies exist across multiple industrial categories, which stems from the
ambiguity of individual annotator’s interpretation of the information from the EF database.
This is a reflection of the current practice in LCA modeling which relies heavily on individ-
ual’s interpretation of the subject matter, which is affected by the varying degree of domain
expertise. Future research can explore establishing a boundary of “acceptable ambiguities”
for LCA by surveying the LCA researchers and practitioners. Given the acceptance criteria,
it becomes easier to design algorithms that improve in performance.

From a practitioner perspective, Parakeet assists in estimating Scope 3 GHG emissions of
a company. Practitioners can assign EEIO EFs to all the financial transactions to estimate
the footprint for their portfolio, identify the hotspots, and then perform pLCA for the
products they would like to reduce emissions for. Automated EF matching algorithms such
as Parakeet significantly streamline the process, reducing the time and expertise needed.
The reduction in required resources is especially crucial for small and midsize enterprises
(SMEs) to produce LCA results for their products and services. The LCA results from these
SMEs, many of whom are suppliers to large industrial and business activities, will help fill
the current gap in the Scope 3 emission reporting, where suppliers’ LCA information is scarce
for most sectors.

Overall, our experiments have demonstrated the benefits of Parakeet to enhance EF rec-
ommendations. We have demonstrated that our algorithm outperforms the state-of-the-art
approaches based on embedding models by over 65% in terms of average precision for the top-
recommended EF. 121920 We also open-source our code and release new public benchmarks

based on real-world datasets, enabling broader research and development in this area.
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