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H I G H L I G H T S

• Data-driven methods can help fill LCI data gaps.

• Different algorithms are applicable for different data sizes and structures.

• Language models can extract useful information from documents.

• Text-based matching can speed database selection.

• Combined AI approaches can complement traditional LCI practices.
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A B S T R A C T

With increasing requirements for environmental accountability, Life Cycle Assessment (LCA) is becoming key 

for sustainability reporting. Nevertheless, significant challenges remain regarding data availability, especially 

for emerging and low-carbon energy technologies, for which Life Cycle Inventory (LCI) data are usually scarce 

and spread across studies and reports. Common LCI challenges concern the exploitation of available, smaller 

or larger, LCA datasets and the collection of LCA data from various sources when these are not found in LCA 

databases. This study explores machine learning (ML), natural language processing, and large language models 

(LLM) applications to tackle such challenges and estimate missing LCI data. A thorough review of suggested 

ML and artificial intelligence (AI) applications for LCI compilation is performed, complemented by case studies 

investigating ML and generative LLM methods to impute or gather missing LCI data for car-driving, power plants, 

and geothermal energy systems. ML methods can provide more reliable estimations than simple linear regression 

even for small datasets, while generative LLMs are found to effectively identify and extract LCI information from 

scientific papers. The potential of ML and AI methods to facilitate LCI compilation and enhance data reliability 

and availability for the LCA of emerging energy technologies is large, highlighting the crucial role such methods 

can play for decarbonization. Nevertheless, relevant applications remain in their infancy. More research is needed 

to construct robust frameworks for large-scale deployment to complement traditional LCI methods, and ensure 

correct usage of ML algorithms towards automated, accurate, and interpretable AI-assisted LCA.

1 . Introduction

Life Cycle Assessment (LCA) is becoming a key pillar for achieving 

sustainable development goals [1], and a significant tool that supports 

decision-making towards decarbonized energy systems and circular re­ 

source use [2]. This is particularly critical for energy and renewable 

energy systems, where LCA is increasingly required to demonstrate 

the decarbonization potential of emerging technologies such as off­ 

shore wind, deep geothermal, hydrogen, and next-generation batteries. 

Requirements for environmental data reporting are adopted by several 

countries [3,4], while the environmental, social, and governance val­ 

ues of companies are increasing importance [5]. LCA is endorsed by 

the European Commission for estimating the environmental impacts of 

products and systems including renewable energy systems [6], buildings 

[7], and batteries [8]. Despite its relevance, LCA implementation is hin­ 

dered due to a lack of LCA data, expert knowledge, and the associated 

costs [9]. The most critical stage of an LCA is the data collection dur­ 

ing the Life Cycle Inventory (LCI) phase [10,11]. LCI data concern all 
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Nomenclature

Abbreviations

AI Artificial Intelligence

ANN Artificial Neural Networks

GHG Greenhouse Gases

GPR Gaussian Process Regression 

LCA Life Cycle Assessment 

LCI Life Cycle Inventory 

LLM Large Language Models 

LLR Local Linear Regression

LR Linear Regression 

MAE Mean Absolute Error 

ML Machine Learning 

MLR Multiple Linear Regression 

MRE Mean Relative Error 

NLP Natural Language Processing 

RAG Retrieval Augmented Generation 

RF Random Forests 

RR Ridge Regression 

XGB XGBoost

inflows and outflows of a process, including water, energy, and raw ma­ 

terials consumed, emissions, waste, and products produced, and capital 

goods used (e.g., equipment). The LCI is separated into the foreground 

and background systems concerning, respectively, system specific and 

supply chain information. The accuracy of an LCA depends on how rep­ 

resentative the data used for the investigated system are. Therefore, to 

increase the quality of LCA studies, reduce the costs, and widen LCA 

implementation, methods for reducing the time, complexity, and cost to 

compile the LCI are needed.

LCI information can be sought in several sources, including LCA 

databases. LCA databases may provide cross-sectoral and global cover­ 

age [12,13], or focus on specific countries [14,15] or sectors [16–18]. 

Navigating between numerous LCA databases and their unit processes 

can be a difficult task [19]. Also, LCA databases often focus on industri­ 

ally mature, well-researched systems and processes and not on emerging 

technologies and products. Industrial reports [20–22] also contain LCI 

data, while for emerging technologies LCI information is usually re­ 

ported in scientific LCA studies. In the latter case, and in the absence of 

process-specific data, LCA practitioners might use data reported in other 

LCA studies for the same or similar technologies with modifications. For 

example, to construct prospective LCA databases, the Premise software 

[23] uses LCI datasets for emerging technologies such as direct air cap­ 

ture and carbon capture and storage derived from other LCA studies. 

Similarly, Brandt used LCI values from natural gas and oil well drilling 

to perform LCA for natural hydrogen production [24]. Data scarcity is 

a common problem for the LCA of emerging technologies in the energy 

and decarbonization fields, where novel technologies such as green hy­ 

drogen, direct air capture, or battery recycling are developing rapidly 

but LCI data remain incomplete and scattered. In their review, Delval 

et al. [25] mentioned that of the twenty LCA studies on ocean-based CO 2 

removal methods, most used literature or lab/pilot-scale data. Also, less 

than half of the thirty LCA studies on deep geothermal energy plants 

reviewed in [26] reported a primary LCI. In addition, Peeters et al. 

[27] showed that the majority of LCA studies on Li-ion batteries rely on 

datasets reported by a handful of initial studies, many of which involve 

lab-scale data. In such data-scarce cases, the accuracy of the LCA re­ 

lies on finding useful sources of information and extracting the relevant 

data. Data scarcity is not only a methodological challenge but also a bar­ 

rier to scaling renewable energy systems and low-carbon technologies, 

where reliable LCAs are essential for policy support and market adop­ 

tion. Insufficient data can result in uncertainty about the environmental 

benefits of decarbonization technologies, delaying policy decisions and 

investment in cleaner alternatives.

1.1 . LCA data estimation methods

Traditional LCA data estimation methods involve process simula­ 

tions and calculations, extrapolation, and the usage of proxy data. In 

chemical manufacturing, Parvatker and Eckelman suggested an eight-

step hierarchy that emphasizes using actual plant data, performing 

process simulations, calculations, or stoichiometry, and as a last resort 

using proxy secondary data [28]. This hierarchy was also considered for 

emerging technologies [29], general LCI data estimation [30] and aligns 

with what is described for the compilation of ecoinvent LCI datasets 

for chemical manufacturing [31]. For emerging technologies tested at a 

low scale, methods have been suggested to approximate LCI data at a 

higher scale of implementation. These include simplified process calcu­ 

lations [32], mapping lab-scale to industrial-scale processes [33], and 

scaling relationships based on statistically derived scaling factors [34]. 

Extrapolation methods using simple relationships of key influential pa­ 

rameters have also been suggested [35,36]. Nevertheless, using proxy 

data, with the appropriate modifications, has been suggested to be of 

similar quality to actual plant data, in cases where appropriate proxy 

datasets are available [28,37].

Process simulations are commonly used for estimating LCI data [38]. 

However, they require specialized software and/or domain-specific 

knowledge rendering them an unaffordable solution for small-medium 

enterprises, small research teams, early-stage technology developers, 

or organizations operating with limited capacity. Additionally, process 

models for emerging technologies are scarcely available and their devel­ 

opment can require highly specialized personnel and assumptions. These 

are not always within the scope of an LCA study, which might opt to use 

data from a similar process to identify potential environmental hotspots 

and suggest mitigation measures, or to model an emerging technology as 

a small part of another process. For example, well drilling is a major en­ 

vironmental hotspot for deep geothermal energy production. However, 

models to calculate energy, steel, and cement consumption for differ­ 

ent geological settings, depths and applications are not available and 

cannot be developed by an LCA practitioner, who would use data for 

wells developed for hydrocarbon production [24,39] or for geothermal 

wells developed elsewhere [40,41]. Similarly, literature values for the 

energy consumption during battery manufacturing would be used (e.g., 

[42,43]) since process models for battery plants are scarce or might re­ 

quire extensive data not available to the LCA practitioner (e.g., [44,45]). 

Moreover, process models might be costly/time-consuming and diffi­ 

cult to integrate with LCA software, hindering uncertainty and scenario 

analysis. In these cases, Machine Learning (ML) methods have been 

suggested to create surrogates of process models and facilitate LCA for 

multiple configurations [41,46,47].

Several researchers have highlighted ML, Natural Language 

Processing (NLP), and Large Language Model (LLM) applications as a 

promising avenues to tackle LCA data challenges and allow for widened, 

low-cost implementation of LCA. These methods are particularly valu­ 

able for renewable energy systems, where datasets are fragmented across 

studies, technical reports, and pilot-scale experiments. In these cases ML 

and LLM methods can support the LCI compilation with data-driven es­ 

timates of key LCI data and automate the search in relevant databases 

and the literature for LCI information about emerging energy systems.

ML methods for LCI data estimation have been discussed in previous 

review studies in limited detail. ML methods rely on creating data-driven 

models of systems (e.g., an emerging technology) that given a set of 

characteristics (features) can predict other characteristics (outputs) of 
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Fig. 1. Generic frameworks for ML (a) and language model (b) applications in LCA.

the system. To create these models a dataset relating the features to 

outputs is needed. In LCA context, this dataset can originate from lab 

experiments, process simulations, or from gathering data reported in the 

literature for similar processes. Fig. 1(a) depicts the process of using ML 

models for LCI data generation. Kock et al. [30] focused on traditional 

LCI methods and briefly discussed ML methods for different LCA phases, 

without analyzing how they can be applied. Zargar et al. [48] reviewed 

data-driven, mechanistic, and prospective LCI methods including appli­ 

cations of ML and NLP to estimate missing data, find proxy datasets, and 

approximate process simulations. They identified a large potential for 

ML and AI methods in streamlining inventory data collection highlight­ 

ing the need for further research. Martinez-Ramon et al. [49] focused 

on using ML methods to create surrogate models for process simulations 

that estimate LCA inputs. Also, Wright et al. [50] discussed emerging 

LCI methods noting that the successful application of ML methods de­ 

pends on the amount of datasets available. Ghoroghi et al. [51] focused 

on applications of ML in LCA, with most reviewed studies concerning 

the impact assessment phase. Also, Neupane et al. [52] conducted a 

qualitative review of ML methods applied in LCA, identifying twenty 

studies using ML methods to approximate LCI inputs from experimental 

or literature data. Moreover, Romeiko et al. [53] focused on the method­ 

ological choices of ML models used in various LCA phases, mentioning 

that the sample size of the datasets used varied between 60–20,000 with 

a median of 540 samples.

Generative LLMs are increasingly used across diverse fields beyond 

LCA, to retrieve data from unstructured sources. For example, Zheng 

et al. [54] prompted ChatGPT to find the most relevant sections, summa­ 

rize them, and extract chemistry-related information from 228 scientific 

papers. They reported an F1 score of over 90 % against manually 

extracted information. Furthermore, Dagdelen et al. [55] tested two 

generative LLMs (GPT and Llama) to extract information about mate­ 

rial chemistry from abstracts of scientific papers. They evaluated the 

results by manual labeling, reporting, for GPT-3, relatively high re­ 

call (0.576–0.943), precision (0.4–1), and accuracy (0.5–0.943) values, 

depending on the information extracted (e.g., formula, acronym, de­ 

scription). Review studies demonstrating the application of NLP and 

generative LLMs for LCI compilation remain scarce. Preuss et al. [56] de­ 

scribed potential LLM applications for LCA, including scraping databases 

and documents to gather LCI data, identifying emission factors, and fa­ 

cilitating the search of LCA databases. The authors presented a general 

conceptual framework for LLM-assisted LCA, without putting empha­ 

sis on current applications. Cornago et al. [57] conceptually designed a 

workflow to fine-tune LLMs with LCA data and use them to gather and 

evaluate data needed for LCA, without specifying how such a framework 

can be implemented. Also, Tu et al. [58] discussed the potential appli­ 

cation of NLP and LLMs in LCA, highlighting their potential to extract 

inventory information from various document types. The authors pro­ 

vided a generic framework for the usage of LLMs for inventory modeling 

based on Amazon tools. NLP and LLM methods for LCA applications, 

have been used to identify proxy datasets based on textual descrip­ 

tions as in [59,60]. In this case, a language model is provided with 

text descriptions of (1) the investigated (query) system and (2) the LCIs 

available for similar systems and transforms them, via its tokenizer, into 

N-dimensional numerical vector representations (embeddings). Next, a 

similarity measure can be calculated between the vectors to identify the 

datasets that are most similar to each other. Fig. 1(b) depicts this process.

1.2 . Scope of the study

Fig. 2 defines a typology of data challenges commonly encountered 

when searching for LCI data. These challenges involve seeking LCI data 

in (1) structured databases or (2) unstructured sources and are classified 

based on the size of the available data. Large structured datasets are typ­ 

ically available for well-established systems with robust reporting, such 

as direct emissions from conventional energy systems. For example, via 

its GHG reporting program, USEPA requires major GHG emitters in the 

US to report their emissions, which are published annually in various 

formats (e.g., by unit and fuel type) [61,62]. Similar data by plant 

and region can also be found from USEIA [63]. In contrast, structured 

datasets for emerging renewable energy technologies are scarce and data 

are often dispersed across unstructured sources. Data may be present 

in formats, such as PDF reports, websites, or online databases, requir­ 

ing manual collection, making the extraction process time-consuming, 

costly, and error-prone, hindering the LCA of such emerging energy 

technology and thus potentially delaying their adoption.

Tackling data challenges and improving the quality and coverage 

of LCIs is key for reliable LCA of emerging clean energy technologies. 

Santucci et al. [64] identified significant data gaps in the current LCIs 

used for emerging, clean, hydrogen production technologies (e.g., wa­ 

ter electrolysis) including missing values for LCI data and background 

datasets. A similar observation was made by Paul et al. [65] for battery 

recycling technologies, noting that the results of LCI studies can be in­ 

fluenced by data gaps and inconsistencies. For example, Muller et al. 

[66] showed that using outdated PV inventories led to 2.3–4.3 times 

higher GWP impact compared to an updated, industry-based inventory. 

Similarly, Pratiwi et al. [67] found that the calculated GWP impact 

for geothermal energy production in Geneva (electricity and heat) var­ 

ied by 20–25 % (5–95 % percentiles) when data quality (reliability, 

completeness, temporal, geographic, and technological correlation) was 

considered. Such variations can impact which technologies appear envi­ 

ronmentally favourable, influence investment priorities, and affect how 

quickly specific emerging solutions are integrated into energy-transition 

plans. When LCIs are outdated, incomplete, or not representative of 

current technologies and supply chains, LCAs may mis-rank compet­ 

ing technologies, resulting in misguided policy signals, slower scaling 

and deployment, or misaligned R&D and infrastructure investments. 

Integrating ML and LLM methods in LCI workflows can help alleviate 
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Fig. 2. Typology of LCI data challenges.

these issues, for example by using ML models to impute missing energy 

consumption data for battery manufacturing under different conditions, 

and LLMs to extract LCA data and technical parameters from different 

sources (i.e. industry reports, literature). By strengthening the com­ 

pleteness and representativeness of LCIs, these methods reduce the risk 

of misestimating the environmental impacts and benefits of emerging 

clean-energy options. This supports clearer comparisons between tech­ 

nologies and gives planners and policymakers more confidence in setting 

priorities for incentives, deployment pathways and investment.

This study explores how LCI data challenges (Fig. 2) can be alleviated 

by using ML and AI methods to enhance and complement traditional 

LCI compilation methods. It aims to provide a critical evaluation of 

the algorithms used and their technical specifications and bridge the 

gap between AI methods and LCA practitioners. It investigates sepa­ 

rately ML and language model methods for LCI, identifies strengths and 

weaknesses of the different approaches, and suggests how they can com­ 

plement each other. To analyze each case (ML and language models) 

a structured approach is followed by first exploring the relevant liter­ 

ature and recent developments, second suggesting frameworks for the 

utilization of ML and language model methods to facilitate LCI compi­ 

lation, and third deriving observations based on what is reported in the 

literature and the results of the suggested frameworks. The outcomes 

of this study indicate that ML and LLM methods can complement tra­ 

ditional LCI methods and facilitate LCI compilation especially in cases 

governed by data-scarcity. This highlights the crucial role ML- and AI-

assisted LCI methods can have for the environmental assessment of 

novel clean energy technologies, for which data-scarcity is pertinent, 

and thus for supporting sustainable development. Summarizing, this 

study contributes to the literature by:

1. Exploring how ML methods can be used to impute LCI data from 

previously reported information, describing technical specifica­ 

tions and bottlenecks,

2. Providing the first, to the authors’ knowledge, review on lan­

guage model methods for LCI compilation, discussing in detail the 

pertinent technical implementations and drawbacks,

3. Assessing concurrently ML and language model methods for LCI 

data revealing how they can supplement each other towards 

addressing LCA data challenges,

4. Proposing implementations and advancements for LCI-focused ML 

and AI methods to support the deployment and assessment of 

emerging technologies, such as renewable and low-carbon energy 

systems, where reliable LCI data are urgently needed.

2 . Materials and methods

This section describes the methods followed to evaluate ML and lan­ 

guage model applications for LCI compilation. First, ML methods for 

imputing missing LCI data using previously reported LCI datasets are 

investigated via a literature review and two case studies testing five 

ML algorithms. Second, current language model applications are re­ 

viewed. This is followed by proposing a generic framework for using 

generative LLMs to extract LCI information, a promising and under­ 

explored approach as indicated by the literature review, and testing 

it in a proof-of-concept example for an emerging energy technology 

(deep geothermal energy). The combined analysis highlights how ML 

and language models can complement each other towards unified robust 

ML-assisted LCI compilation frameworks.

2.1 . Machine learning methods for LCI compilation 

2.1.1 . Literature Review Design

Three main applications of ML models for LCI data imputation 

are identified, (1) approximating process models, (2) training on data 

originating from experiments and technical databases for specific appli­ 

cations, and (3) training on data reported for similar, but independent, 

systems sourced from LCA databases and studies. Cases 1 and 2 have 

been explored in previous review studies [38,49,50,52,53] and are 

briefly discussed in this study, with emphasis on the, underexplored, 

case 3 which is becoming more relevant with the increasing adoption of 

environmental data reporting especially for emerging technologies.

Following principles of systematic reviewing methods to elimi­ 

nate bias and increase coverage [68,69], the Google Scholar, Web 

of Science, and ScienceDirect databases were searched using key­ 

word combinations relating to Machine Learning (‘Machine Learning’, 

‘Artificial Intelligence’, ‘ML’, ‘AI’, ’Data-driven’) and LCA (‘LCA’, ‘Life 

Cycle Assessment’, ‘Life Cycle Analysis’, ‘Environmental Analysis’). The 

resulting articles were required to be in English, employ data-driven 

methods to estimate LCI flows, and elaborately describe the data-driven 

methods applied. A few selected articles were considered for cases 1 

and 2, which have been explored in previous studies. To increase cover­ 

age, backward and forward snowball review methods were employed. 

Twenty-one articles on using ML methods for LCI data were included 

in the literature review, focusing on the ML models used, performance 

metrics calculated, field of application, dataset size and source, indepen­ 

dent and dependent variables, and main conclusions regarding how ML 

models assist LCA. The insights from this review guided the selection of 

ML models and the design of the experimental pipeline in Section 2.1.2, 

ensuring that the models tested reflect the diversity of approaches iden­ 

tified in the literature while addressing the specific challenges of LCI 

datasets.

2.1.2 . Case Study and ML Pipeline Design

Two case studies are investigated testing ML methods for estimating 

LCI data from previously reported datasets containing LCI information. 

These include a) a strongly linear dataset describing CO 2 

 emissions 

occurring during vehicle driving [70] and b) a non-linear dataset de­ 

scribing CO 2 

 emissions reported for US power plants [71]. Table 1 

summarizes the ML models tested. The models were selected to repre­ 

sent widely used and well-explored ML algorithms with robust proof and 

documentation that represent different families of ML methods including 

linear (LR), regularized linear (RR), ensemble (RF, XGB), probabilistic 

(GRP), and neural network (ANN) models [72]. The diversity of the 

tested models allows to thoroughly assess the capability of ML mod­ 

els to work on LCI datasets that are governed by characteristics such 

as limited sample size, mixed data types, and potential non-linear rela­ 

tionships between variables. For example, RF and XGB can handle well 

categorical variables [73], while GPR is expected to work well with small 

datasets, and ANNs can excel in capturing complex relationships in non-

linear datasets provided sufficient dataset size [74,75]. Furthermore, the 

models tested were identified as commonly used in the literature review 

performed in the previous section.

Fig. 3 depicts the ML pipeline applied in the two datasets. First, du­ 

plicate features, missing values, and outliers were removed in a data 

analysis step leading to 7385 and 5038 examples for the linear and 
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Table 1 

Machine learning models tested for LCI data prediction.

ML model Brief description Python library used

in this study

Linear Regression 

(LR)

Linear regression with 

multiple parameters as 

independent variables

scikit-learn [76]

Ridge Regression 

(RR) 

Linear regression with L2 

regularization 

scikit-learn [76] 

Random Forest 

(RF)

Ensemble method based on 

multiple Decision Trees

scikit-learn [76]

XGBoost (XGB) Ensemble method based on

boosted Decision Trees

 XGBoost [77]

Gaussian Process 

Regression (GPR)

Non-parametric method 

modeling distributions over 

functions

scikit-learn [76]

Artificial Neural 

Networks (ANN)

Interconnected layers of 

artificial neurons embedded 

with an equation relating 

inputs to outputs

tensorflow [78]

non-linear datasets respectively. Categorical variables were encoded to 

integer values and skewed numerical variables were log-transformed. 

An 80–20 ratio was used to split the dataset into training and test sets. A 

consistent random sampling procedure was used for splitting the dataset 

into training and test sets and for the ten internal loops (Fig. 1), fol­ 

lowed by the same steps for training each model in each loop. This 

procedure, along with the ten internal evaluations reduced the effect of 

data partitioning and enhanced the comparability of the results achieved 

with the different ML models. The ML models were trained for vary­ 

ing dataset sizes (20-2000 examples) and ten times for each size using 

consistent random sampling across models. The model performance was 

assessed with the R 

2  and Mean Absolute Error (MAE) metrics and the av­ 

erage value and standard deviation for the ten loops were computed. As 

shown in Fig. 3 in each loop, normalization, feature selection, and hyper-

parameter tuning using grid search cross validation were performed. 

Notably, for the ANN several architectures were manually tested, with 

the final architecture involving four layers of 64, 32, 16, and 1 nodes 

respectively, all using the relu activation function except for the out­ 

put layer which used a linear function. The adam algorithm [79] was 

used for training with MAE as the loss function, allowing a maximum of 

100 epochs. Sections S1 and S2 of the supplementary material provide 

a more detailed explanation of the ML pipeline implemented. Together, 

the critical review and case study results established the foundation for 

analysing and critically evaluating the performance of ML models for 

LCI data imputation, considering typical characteristics and challenges 

of datasets in emerging energy technologies, including limited sample 

size, mixed data types, and complex non-linear relationships between 

parameters.

2.2 . Language model methods for LCI compilation

Language model applications for LCI have focused on automating and 

reducing the cost of LCA to increase its application. To identify relevant 

studies, the Google Scholar, Web of Science, and ScienceDirect databases 

were searched using keyword combinations related to LCA (‘LCA’, 

‘Life Cycle Assessment’, ‘Life Cycle Analysis’, ‘Environmental Analysis’) 

and NLP or LLMs (‘Natural Language Processing’, ‘NLP’, ‘Generative 

LLM’, ‘Large Language Models’), following systematic reviewing meth­ 

ods [68,69]. Significant work on LCA automation is conducted outside 

of scientific journals. Thus, to capture the current state of development, 

the review is extended to include software tools, GitHub repositories, 

and reports and websites describing frameworks and language model 

applications for LCI compilation from both academic institutions and 

private companies. Only studies describing NLP and LLM applications 

and frameworks for the LCI phase were considered.

Fig. 1(b) depicts, the most frequent language model application 

identified, which concerns the automatic matching of foreground sys­ 

tems with background databases. Specific focus is placed on studies 

exploring such frameworks, since increasing interest in automation is 

observed in the LCA industry [80,81]. Additionally, generative LLM ap­ 

plications for LCI compilation are reviewed, including (1) matching text 

descriptions to background datasets and identifying emission factors, (2) 

directly generating LCI data, and (3) extracting data from documents. 

Finally, a framework is proposed and tested for utilizing generative LLMs 

to extract LCI information from unstructured documents. The generic 

framework is described in the next paragraph and is tested in a proof-of-

concept example for extracting LCI information from four LCA studies on 

geothermal energy production. This analysis represents the first system­ 

atic review focusing on the use of language models for LCI compilation, 

bringing together both academic and industrial developments. The in­ 

sights gained from this review guided the development of the generative 

LLM framework presented in the next section, which was designed to 

explore the largely under-investigated potential of language models for 

LCI information extraction from unstructured sources, given the limited 

number of studies addressing this capability to date.

2.2.1 . Generative LLM framework for LCI information extraction

Fig. 4 presents the framework proposed for extracting LCI data 

from unstructured sources using generative LLMs. First, documents and 

sources that might contain LCI-related information for an investigated 

Fig. 3. Machine Learning pipeline applied for model evaluation.
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Fig. 4. Framework for utilizing generative LLMs to extract LCI information from unstructured documents.

use case are gathered. These might involve scientific papers, word docu­ 

ments (e.g., the supplementary materials of papers that usually contain 

valuable LCI information such as mass balances and inventory tables), 

presentations, grey/white literature reports, or websites. The collection 

of these sources can be done manually, or more automatically using a 

web-scraping application. Depending on the document type, different 

tools can be utilized to process the documents and extract the text (e.g., 

[82–84]). Document sections that are not expected to contain LCI in­ 

formation (e.g., introduction, conclusions, references) can be removed 

to allow more precise textual analysis and reduce the computational 

needs. Next, the extracted text can be separated into chunks to identify 

the most relevant ones to provide to the generative LLM for information 

extraction. To identify the most relevant text chunks, these can be em­ 

bedded to numerical vectors using a language model along with a query 

describing the LCI information to be extracted. The most relevant text 

chunks can then be identified as those having the highest cosine simi­ 

larity to the query. Alternatively, the entire text can be provided to the 

LLM, though this can lead to higher computational needs and less effi­ 

cient information extraction especially for smaller language models. The 

framework follows a retrieval augmented generation (RAG) approach, 

grounding the responses (thus the extracted data) of the generative LLM 

exclusively on what is mentioned in the document. This ensures that the 

extracted values originate from the provided document and are traceable 

and verifiable. The text provided to the generative LLM is accompa­ 

nied by a prompt. The prompt should contain domain knowledge to 

give context to the LLM and instruct it about what information to ex­ 

tract, to provide its reply solely based on the provided text and avoid 

hallucinations, to output the requested information in a structured for­ 

mat (e.g., json), and what steps to follow during information extraction. 

Other prompt engineering techniques such as few-shot prompting [85] 

and chain-of-thought [86] can be utilized. Extracting only LCI numer­ 

ical data (e.g., electricity consumption), without the relevant process 

and methodological metadata, can limit the usage of extracted data. 

Therefore, the prompt should instruct the LLM to also extract both LCA 

and technical metadata such as the functional unit and boundaries used 

and the operational conditions of the system (e.g., capacity factor or 

temperature). Accompanying the LCI numerical values with such data 

ensures that the extracted information is well-defined and can be later 

evaluated and used without mistakes. This also allows the LCA practi­ 

tioner to identify undefined data sources and exclude them from further 

consideration.

Next, the response of the generative LLM and the steps it took to 

achieve it, can be inspected to identify issues hindering information 

extraction and refine the prompt, query, and text pre-processing. This 

human-in-the-loop step allows designing the application to target the 

extraction of numerical LCI data and required methodological metadata 

without being distracted by similar information mentioned in the docu­ 

ments. Generative LLMs can be used via provider APIs [87,88] or open 

models can be loaded locally [89]. The former results in low comput­ 

ing times, but can lead to data safety or high-cost issues. By contrast, 

locally deployed generative LLMs avoid these issues, but require access 

to compute which might be unavailable.

Framework testing. The framework suggested in Fig. 4 is tested on 

four LCA papers on geothermal energy extraction [39,90–92]. Nine 

types of information were extracted: Two numerical LCI flows (Steel 

and diesel consumed for well development), and seven related techni­ 

cal and methodological metadata (plant type, capacity, capacity factor, 

operational hours, and lifetime, well depth, and functional unit of the 

study), which were found in a previous study [26] to be crucial for the 

environmental performance of geothermal LCA plants and to be fre­ 

quently reported in geothermal LCA studies. The extracted metadata 

consist different data types (e.g., numerical, textual) to demonstrate the 

capabilities of generative LLMs for meaningful LCI information extrac­ 

tion. Two generative LLMs (GPT4.1 and a locally deployed Qwen-14B) 

were tested and the all-mpnet-base-v2 text embedding model [93] was 

used to generate the text embeddings. The framework was tested once 

by feeding the LLMs the entire document, and once using only the text 

sections that had the highest cosine similarity to the following query: 

‘How much is the steel (kg/m) and diesel (MJ/m or lt/m) consumption 

to drill one meter of well? How much is the capacity, lifetime, and an­ 

nual operational hours of the plant? What functional unit is used?’. The 

FAISS library [94] was used to calculate the cosine similarity between 

the embeddings of the text sections and the query. To avoid proprietary 

issues, the GPT4.1 model was given only the most relevant sections of 

the document. The extracted information was compared with manually 

extracted information and classified as correct if they are semantically 

equivalent.

The selection of LCI data and associated metadata extracted in the 

exemplary case study did not exhaustively cover parameters determin­ 

ing the performance of geothermal systems, such as geological setting, 

permeability, thickness, geofluid flow rate, etc. This case study aims to 

investigate the potential of using generative LLMs to extract structured 

LCI-related data from unstructured sources across sectors, and facilitate 

LCA of emerging technologies for which LCI data are scarce. The same 

framework for LCI data extraction could be applied to other sectors or 

for detailed geothermal-related applications by adapting the prompt and 

query to extract more domain-specific parameters.
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2.3 . Integrated evaluation

The methodological structure adopted in this study linked system­ 

atic literature reviews, ML case studies, and proof-of-concept generative 

LLM framework testing to enable a coherent evaluation of state-of-the-

art methods for LCI compilation in the energy sector. This ensured that 

the analyses and critical evaluation of the investigated techniques were 

both explanatory and comparative, allowing identification of dependen­ 

cies between data characteristics, model behaviour, and methodological 

setup. It provides a solid foundation for the moving forward analysis, 

where the complementarity of ML and language model methods is ex­ 

amined and integrated frameworks are proposed to address LCI data 

challenges for emerging energy technologies.

3 . Results and discussion 

3.1 . LCI data estimation using machine learning methods

Table 2 presents an overview of the twenty-one studies reviewed that 

applied ML methods to estimate LCI data. Ten studies [46,47,95–102] 

used ML to estimate process parameters, (e.g., process yields and fuel 

characteristics), that are used for LCA calculations. Another eleven stud­ 

ies [103–112] used ML methods to directly estimate LCI data (e.g., 

energy and material consumption) from other available LCI datasets. 

Notably, thirteen studies applied ML methods to facilitate the LCA 

of energy-related systems [46,47,95–97,99,100,102,105–107,109,113], 

with another three predicting energy consumption for chemical [110] 

or metal manufacturing [108,111].

3.1.1 . Cases 1–2, machine learning models to approximate 

well-documented processes and simulations

Studies using ML to estimate process parameters used for LCA cal­ 

culations mainly concern specific processes for which data are usually 

available in the literature and are governed by process laws. This fa­ 

cilitates ML modeling, since the training data can be representative 

of the process. Most of the relevant reviewed studies used over 150 

samples and employed advanced ML algorithms with ANNs being used 

predominantly. High performance (e.g., R 

2 > 0.9 [46,96,98]) are re­ 

ported in these cases as the experiments and dimension space can be 

redesigned to facilitate ML modeling and create models that accurately 

predict values for narrower boundaries of design conditions. This ap­ 

plies also when ML models are used to approximate process simulations 

and use their outputs for LCA, with high R 

2  (0.9–1 [114,115]) and low 

prediction error [116] being reported. Nevertheless, significant chal­ 

lenges remain. Complex simulation models or experiments need to be 

designed and ran multiple times to enable sufficient datasets for ML 

modeling. Representative features must be selected such that the re­ 

lationships between features and outputs are properly captured and 

the model can generalize for unseen cases, avoiding overfitting and 

risking unreliable predictions when deployed. Domain knowledge and 

knowledge about the scope and limitations of the ML model are essen­ 

tial for ensuring its best use. For example, ANNs developed in [41] to 

predict the environmental impacts of a geothermal power plant from 

its design parameters cannot be used directly for other geological set­ 

tings without considering that they were developed for a specific case. 

Also the transparency and robustness of the ML procedures followed 

by LCA practitioners needs to be ensured. Rankin et al. [117] reported 

that in several cases in which industrial ecology experts used ML meth­ 

ods, methodological and implementation errors were identified, while 

the lack of appropriate datasets also hindered conclusions derivation. 

Data availability when simulations or specific cases (cases 1–2) are 

targeted helps the usage of ML models. Nevertheless, the design and 

training of such models involves difficulties and requires domain, LCA, 

and ML knowledge such that the quality of data is ensured, appro­ 

priate features are selected, methodological errors during training are 

avoided (e.g., test data leaking), and the best use of the models is 

ensured.

3.1.2 . Case 3, machine learning models to estimate LCI data from small 

datasets originating from unrelated sources

In the reviewed studies of case 3, the size and origin of the dataset 

varied, influencing the ML approaches used and conclusions derived. 

Two studies showed that non-parametric models such as local linear re­ 

gression and ANNs achieved higher R 

2  values than MLR for predicting 

LCI data such as CO 2 

 emissions of coal-fired power plants (0.49 vs 0.61 

[109]) or energy consumption of chemical manufacturing (up to 0.74 vs 

less than 0.29 [110]) from characteristics of the power plant or chemi­ 

cal. MLR was also tested for predicting air emissions of dual-fuel engines 

in [105] achieving an R 

2  of 0.4–0.6. The three studies mentioned used 

datasets of over 100 examples compiled from various sources including 

literature and on-site observations [105] or governmental reports [109], 

or LCA databases and in-house data [110]. Another three studies em­ 

ployed the kriging algorithm for relatively small datasets (e.g., less than 

35 examples), gathered from the literature, industrial reports and LCA 

databases. Of these, two studies showed that kriging predicted LCI data 

(e.g., material and energy consumption) for wind [106] or hydropower 

[107] plant construction from plant characteristics with a lower MAE 

than linear regression, with only the former study reporting exact nu­ 

merical results (e.g., MAE of 0.08 vs 0.32 and 0.09 vs 0.42 for the 

electricity and aluminum consumption). Also, the prediction accuracy 

improved with the co-kriging variant when correlated parameters were 

considered for model training. The third study [111] did not provide a 

comparison with linear regression, and focused on showing that intro­ 

ducing stochastic and Bayesian processes to kriging reduced the MAE 

(from 0.61 to 0.59 and 0.39) for predicting the energy consumption of 

metal powder production processes. Moreover, GPR, an algorithm with 

a strong resemblance to kriging [118], led to higher prediction accu­ 

racy for filling data gaps in datasets about fertilizer consumption than 

using the average value in [103]. Furthermore, two studies used ecoin­ 

vent unit datasets to train ML models that could predict data missing 

from them. One study [108] focused on manufacturing processes (315 

examples) finding high R 

2  values (close to 1), with RF and boosted trees 

performing the best of the tested models. The other study [112], used 

all available datasets (2546 examples) to train ML models to predict 

the missing LCI data from the remaining available data, with XGBoost 

leading to the highest R 

2  (0.622 for 1 % of the LCI data missing, and 

0.152 for 70 % of the data missing). An additional two studies adopted 

a distance-based approach (e.g., calculating the Minkowski distance) to 

identify the K most similar LCI datasets, over an available pool, to a case 

study, and use these to estimate missing LCI data for the case study (e.g., 

by taking the average value). One study used all ecoinvent unit datasets 

[104] finding that the prediction became unreliable for datasets with a 

lot of gaps (e.g., MPE 92 % for 1–20 % of LCI flows missing). In con­ 

trast, Meron et al. [113] used datasets gathered from the literature and 

showed that the LCI data estimated with this method led to more ac­ 

curate GHG prediction than intuitively selecting an LCI dataset from a 

database.

Although interest in using ML methods for LCI data estimation is 

increasing, studies investigating such methods remain scarce. A trend 

indicating that ML models can perform better than conventional MLR 

methods is shown, with different models being selected for varying 

dataset size. For example, complex models such as ANNs and ensem­ 

ble models are more frequently used for relatively larger datasets, while 

for smaller datasets models like kriging are more frequently encoun­ 

tered. However, the performance and suitability of ML models for LCI 

data imputation across varying dataset sizes and types remain underex­ 

plored, and more research is needed to provide robust recommendations 

for their usage.

3.1.3 . Case study results and performance of ML models

This section assesses the performance of common ML algorithms for 

LCI data prediction based on the literature analysis described in the pre­ 

vious paragraph and on performance results for two test datasets directly 

assessing the suitability of algorithms across different dataset types 
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Table 2 

Studies using machine learning algorithms to predict missing inventory data. Lit: Literature. GBR: Gradient Boosted Regression, MLR: Multiple Linear Regression, SVM: Support Vector Machines, ADB: AdaBoost, 

DT: Decision Trees, KR: Kernel Regression.

Study ML models Application Dataset

size

 Dataset source Independent

variables

 Dependent variables Metrics Conclusions

[95]
 

GBR, RF,

SVM, 

XGB/ADB, 

ANN

 Biomass

gasification

 312 Lit. Process parameters Gas properties R2
 :0.24–0.97

 

GBR outperformed other

models

 

[96]
 

Regression Biodiesel

production

 33 Experiments Process parameters Biodiesel yield and HHV R
 

2
 :0.80–0.99 ML can be used to predict

parameters used in LCA

 

[47]
 

MLR, RF, 

SVM, ANN

Hydrothermal

treatment of 

biomass

 800 Lit. Process parameters Yield, energy and carbon

content of products

 R
 

2:0.16–0.90 RF performed the best on

predicting process parame­
 

ters that were used for LCA 

calculations

 

[97]
 

RF Pyrolysis 538 Lit. Feedstock and 

process parameters

Yield, energy, carbon, and 

N content of biochar

R
 

2:0.45–0.87 RF can predict process

parameters used in LCA

calculations

 

 

[103]
 

GPR Food 

production

>2000
 

1 Gov. sources Year, Location, 

Species

N fertilizer amount MAPE:7.4–305 % GPR can predict LCI

data gaps and quantify 

prediction uncertainty

 

[104]
 

Link

prediction

 Ecoinvent

processes

 2546 Ecoinvent LCI flows in the unit

process

 Missing LCI flows in the

unit process

 MPE 0–91 %
 

2
 . Low MPE when less than

5 % data are missing

 

[98]
 

ANN, ANFIS Sugarcane

production

 120 On site farm data Energy, farming

parameters

 Production (in energy

units)

 R
 

2:0.9–0.99, MAPE:

0.006–0.11 %

 ANNs can predict pa­

rameters used for LCA 

calculations

[46]
 

ANN Biomass

pyrolysis

 250 Lit. Process parameters Active carbon yield R2:0.971 ANNs can predict pa­

rameters critical for LCA 

models.

[99]
 

RF, XGB,

ANN

 Biomass

treatment

 65 Lit. Feedstock and

process parameters

 yield, chemical consump­

tion

R
 

2>0.7 ML models can predict key

parameters used in LCA 

modeling

 

[105]
 

MLR Dual fuel 

engines

114 Lit. Operation and

design parameters

 GHG and air pollutant 

emissions

R
 

2
 :0.39–0.59, MARE:

2.7–27 %

 ML models can predict 

values to fill data gaps in 

process inventories

[106]
 

Kriging, co-

kriging

Wind

turbines

 5 Ecoinvent Wind turbine

characteristics

 Material and energy

consumption

 MAE of kriging lower than

LR
 

 
3

Kriging and co-kriging out­

perform LR for estimating

missing LCI data
 

 

[107]
 

Kriging, co-

kriging

Hydropower 27 Lit. Hydropower

plant technical 

characteristics

 Material and energy 

consumption

MAE of kriging lower than 

LR

Same as above

[100]
 

GBR, SVM,

ANN, KR

 Methanol

production

 1765 Lit. Process parameters Yield product parameters R
 

2
 :0.86 ML models can predict key

process metrics to be used 

in LCA studies

 

(continued on next page) 
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Table 2 (continued)

Study ML models Application Dataset Dataset source Independent Dependent variables Metrics Conclusions

size variables

[101]
 

ANN Solid waste

handling

 245 Lit. Process parame­

ters and biomass 

specifications

Yield R
 

2
 :0.81–0.96 ANNs can predict variables

critical for LCA studies

 

[102]
 

GPR, ANN,

SVM, DT

 Anaerobic

digestion

 167 Lit. Process parameters Yield and methane content R
 

2
 :0.82–0.84 ML models can be used to

estimate parameters used in 

LCA studies

 

[108]
 

DT, RF, ADB,

Gradient 

boosting

 Manufacturing

process

 315 Ecoinvent Process parameters,

type, and technology

 GHG emissions, en­

ergy, water, material 

consumption

R
 

2 close to 1 ML models can be used

to estimate missing LCI 

data. Gradient boosting 

performed the best

 

[109]
 

MLR, LLR Coal power 

plants

444 Lit. Plant design and

location parameters

 CO2 emissions
 

 

R
 

2
 :0.49 (MLR), 0.61 (LLR) Regression models can be

used to predict data gaps in

LCI inventories

 

 

[110]
 

MLR, ANN Chemical

production

 103 Ecoinvent, in house Chemical composi­

tion parameters

Energy demand and

impacts

 MLR: R
 

2
 <0.29, ANN: 

R
 

2<0.74

ANNs outperformed MLR.

They can be used to fill 

LCI gaps for chemical 

production.

 

[111]
 

Kriging,

Bayesian 

Kriging

 Metal-powder

production

 34 Lit., on site data Process parameters Energy consumption MAE/MSE lower for

bayesian kriging
 

 
4
 

Kriging models can predict

missing LCI data.

 

[112]
 

DT, XGB, RF,

SVM, ANN

 Ecoinvent

unit processes

 2546 Ecoinvent LCI flows in the unit

process

 Missing LCI flows in the

unit process

 R
 

2:0.152–0.622,

MPE:39–85 % (for 1–70 % 

missing data)

 XGB and RF can estimate

missing LCI data. Prediction 

error increases for more 

missing data.

 

[113]
 

Similarity-

based

prediction

 

Water sup­

ply/coal-fired

systems

 

22/100 Lit. Technical system

characteristics

 GHG emissions N.A. Similarity-based prediction

outperformed arbitrarily

selecting proxy datasets.

 

 

1 The dataset was separated into much smaller datasets for different scenarios. 

2 MPE was near 0 for 1–5 % of data missing, 40 % for 10 % of data missing, 91 % for 20 % of data missing. 

3 MAE of kriging prediction was lower than for LR for the consumption of: electricity (0.08 vs 0.32), aluminum (0.09 vs 0.42), copper (0.43 vs 0.72). 

4 MSE: 0.61, 0.59, and 0.39 and MAE: 0.62, 0.58, 0.48 for conventional, stochastic, and Bayesian stochastic kriging respectively. 
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Fig. 5. Performance of ML algorithms on the test set against the dataset size for strongly non-linear (top) and strongly linear (bottom) datasets.

Table 3 

Comparative performance of ML algorithms vs. linear regression. *Values worse than LR, with negative R 

2 .

Dataset size Dataset type Metric LR RR RF XGB GPR ANN

Small (20-100) Linear R2 

  MAE 0.80–0.8612.6–16.2 0.84–0.8712.5–14.5 0.83–0.8711.5–14.0 0.81–0.8611.1–14.5 0.8–0.9711.1–14 see*

Non-linear R2 

  MAE 0.0–0.21371–425 0.0–0.22370–425 0.08–0.41325–398 0.0–0.29341–402 0.0–0.36326–409 see*

Large(200-2000) Linear R2 

  MAE 0.86–0.8711.9–12.2 0.86–0.8711.9–12.0 0.87–0.8910.4–10.9 0.87–0.909.4–10.4 0.87–0.98.9–10.4 0.82–0.857.5–9.2

Non-linear R2 

  MAE 0.32–0.42314–334 0.32–0.42314–334 0.47–0.61244–296 0.42–0.60245–306 0.45–0.6246–298 0.35–0.6226–304

(linear and non-linear) and sizes (20-2000 samples). Fig. 5 and Table 3 

present the results of the case studies, comparing the performance of ML 

algorithms against linear regression.

For small datasets, (e.g., 20–100 samples), RR, RF, XGB, and GPR 

outperform LR, achieving 0.5–4.2 % higher R 

2  for the linear dataset 

with the difference increasing for the non-linear dataset (up to 16.2 %). 

In contrast, ANNs perform poorly for small datasets possibly due to 

their large parameter space and overfitting risk. This observation is in 

line with what is reported in the literature, with non-parametric models 

such as GPR, kriging, and LLR being mainly employed to fill data gaps 

when scarce information is available, since they can lead to better data 

estimation than LR or using mean or proxy values [103,107,109]. For 

larger datasets (e.g., 200–2000 samples) the difference in performance 

between the ML algorithms and LR increases, with ANNs also outper­ 

forming LR. In fact for both datasets ANNs lead to the lowest MAE, while 

XGB and GPR achieve the highest R 

2 . This is because the ANNs were 

trained using the MAE as loss function minimizing the error on most 

dataset points in expense of capturing the variance of points that lay fur­ 

ther in relation to the mean. Notably, ANNs behave differently for small 

dataset size producing unstable predictions (negative R 

2  values and os­ 

cillatory behavior). A similar pattern is shown in the reviewed literature, 

with ANNs and ensemble models (e.g., RF, XGB) performing well with 

relatively large datasets (e.g., over 100 examples) [46,108,110,112], 

and across various sectors such as chemical manufacturing or biomass 

pyrolysis. Notably, the results reported in Fig. 5 and Table 3 are the 

mean values over the ten loops that were run for each model and train­ 

ing dataset size (Fig. 3). The standard deviation of the R 

2  and MAE over 

the ten training loops is relatively large for small datasets, especially for 

ANN, XGBoost, and GPR. This suggests that the model performance is 

sensitive to the sampled training data, and thus caution should be paid 

when developing such models based on small datasets (e.g., to perform 

stratified sampling ensuring representativeness of the training dataset 

for the design space). Nevertheless, the standard deviation decreases for 

increasing training size for all models, indicating increased stability and 

reliability of the predictions. The detailed numerical results achieved for 

the two datasets can be found in section S3 of the SI.

The results indicate that ML models can impute missing LCI data 

better than more conventional linear regression methods, when scarce, 

unrelated data from similar systems are available. Depending on the type 

and size of the available dataset, the suitability and effectiveness of ML 

models can vary. In line with what reported in ML literature [74,75] 

complex ANN and ensemble models tend to be used for relatively large 

datasets, while algorithms such as kriging and GPR can be used even 

for small datasets outperforming MLR and other conventional methods. 

ANNs and ensemble models perform well with relatively large datasets 

(e.g., over 100 examples) and can work with various uncorrelated fea­ 

tures. However, they have been tested in limited detail for estimating 

LCI data based on small datasets. Also, their complex implementation 

makes them essentially black-box models, providing difficult to interpret 

predictions, that can be problematic, when the approximated LCI flow 

causes a large portion of the environmental impacts. In contrast, krig­ 

ing and GPR methods provide interpretable estimates, also quantifying 

the uncertainty of the prediction. These methods use covariance func­ 

tions to capture spatial dependencies in the feature space putting more 

weight on the information held in neighboring data points when making 

their prediction [118]. They can thus model complex relationships, par­ 

ticularly when spatial correlations exist in the feature space, making 

them a good fit for datasets with such feature correlations. Introducing 
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Table 4 

Advantages and disadvantages of used ML algorithms for missing LCI data imputation.

Method Advantages Disadvantages Performance & Applicability

MLR Simple, Interpretable, Good

benchmark

 Fails to capture non-linear 

relationships, Sensitive to outliers

Performs well on large linear datasets but 

not with complex systems.

Kriging & GPR Captures spatial dependencies,

Interpretable, Quantifies uncertainty

 Sensitive to uncorrelated variables Can perform better than MLR for small

datasets, Better performance for correlated 

features

 

ANN and Ensemble 

models

Models complex relationships, Can 

handle non-linear patterns

Requires large datasets, Black-box 

model, Difficult to interpret

Best for large datasets with complex, non

linear relationships Performs well with 

medium-to-large datasets

-

randomness into kriging was shown to improve the estimation accu­ 

racy in [111], potentially because the randomness allowed the estimator 

to include variance not considered in conventional kriging. However, 

this result is specific to the test case investigated and more research is 

needed before making generalizations. In fact, in case of weakly corre­ 

lated variables this approach could potentially lead to the introduced 

noise having a disproportionate influence on the prediction and its vari­ 

ance. Further research is needed to assess the performance of kriging 

and GPR on larger datasets of LCIs and when using uncorrelated features. 

Table 4 provides an indicative summary of the strengths and weaknesses 

of the different ML methods for missing LCI data estimation based on the 

literature reviewed and the analysis shown in Fig. 5.

3.2 . Language model methods for LCI compilation

This section first reviews current developments in using language 

models for LCI compilation. The review first focuses on studies using 

language models for semantic matching between the foreground and 

background systems of an LCI to reduce costs and automate LCA (a 

commonly researched application: Table 5) and second on studies and 

applications that use generative LLMs to facilitate LCI compilation (e.g., 

for LCI data generation). Second, the results for the exemplary case 

study investigating generative LLM usage for LCI data extraction from 

LCA studies are presented. Finally, the observations from the literature 

review and case study results are discussed.

3.2.1 . Analysis of existing language model applications

Table 5 summarizes six studies found in the literature exploring lan­ 

guage models for automatic identification of background LCI datasets 

(e.g., Fig. 1b). Three studies led by the same authors used language 

models to match product descriptions to background LCI datasets. Balaji 

et al. [59] used the reference product of ecoinvent unit datasets and 

the all-mpnet-base-v2 language model to create numerical representa­ 

tions (embeddings) of the datasets. These were matched to embeddings 

created for product descriptions by calculating the cosine similarity be­ 

tween the embeddings to identify the closest ecoinvent dataset to the 

products Fig. 1(b). The authors introduced a classification layer impos­ 

ing that the product and ecoinvent reference product share HS industry 

codes. The framework was tested on two datasets of 90 and 667 prod­ 

ucts, benchmarking its performance against manual selection. For the 

larger dataset, introducing the intermediate layer led to precision val­ 

ues ranging between 3.2–54.1 %, 68.7–99.7 % and 57.2–75 % for, 

respectively, identifying a matching dataset, identifying cases where no 

relevant ecoinvent dataset was present, and overall precision. The re­ 

spective precision values when the intermediate layer was omitted were 

lower (9.7 %, 85.8 % and 66.6 %). Nevertheless, the precision val­ 

ues achieved by humans matching the datasets manually were higher 

(75.5 %, 76.1 %, and 76.4 %), especially for the matching precision, in­ 

dicating that further development is needed for the algorithm to reach 

human-level LCA. Notably, most errors originated from semantic mis­ 

takes of the language model and errors on the HS code classification. 

Similar results were shown when the same framework was used for 

input-output LCA using the USEIO database [119]. In a next study, Balaji 

et al. [120] used generative LLMs to refine the product descriptions and 

as a re-ranker that suggests the most relevant dataset of the ten with 

the highest cosine similarity (Fig. 6). They tested the framework us­ 

ing the Claude 3 Sonnet generative LLM and gte-large text embedding 

model on six datasets (four IO-LCA and two process LCA), considering 

the matching correct if a human would agree with it. The precision of 

the algorithm ranged between 71–97 % for the six datasets. A similar 

framework was suggested by Bekavac and Volk [60] who developed an 

ontology for ecoinvent datasets and employed a generative LLM to ex­ 

plain the algorithm’s selection. They used the framework to perform 

LCA of clothing and textiles without however mentioning quantitative 

results. Another two studies used similar frameworks to automate the 

matching of building information modeling (BIM) outputs to Okobaudat 

LCI datasets [121] and Andalucia database entries [122], reporting 

respectively, matching accuracy of 79–88 % and prediction error of 

25 %.

Moreover, generative LLMs have been directly applied to facilitate 

LCI compilation, including finding emission factors from background 

datasets, predicting LCI data, and extracting LCI data from documents. 

For the former, Gu et al. [123] used Claude 3.5 and GPT-4o to match 

BIM outputs to Chinese Life Cycle Database datasets, and to calculate 

the building’s embodied carbon. Claude 3.5 led to accuracy, recall, preci­ 

sion, and F1 scores of 0.84, 0.71, 0.70, and 0.69 for finding the database 

entries, with the error on the embodied carbon calculation compared to 

manual LCA ranging between 0.6–27 %. Similarly, Präger et al. [124] 

used GPT-4.o-mini to match material descriptions derived from tender 

documents for construction activities to Oekobaudat database entries 

finding a 0.01–76.8 deviation for the GWP of the building compared 

to conventional LCA methods. A similar framework was conceptually 

described in [125], and in [126] where open-source code for such appli­ 

cations was provided, without presenting case study results. Two studies 

were found using generative LLMs to directly predict LCI data. Luo et al. 

[127] prompted five generative LLMs to act as experts steel, fabric, and 

batteries production and generate the LCI for their manufacturing. They 

mentioned that of the five LLMs, GPT models provided LCIs closest 

to those generated by human-experts without however providing nu­ 

merical results. Moreover, Kumar et al. [128] fine-tuned Llama-2 using 

five-thousand LCA studies and five-hundred pairs of questions-answers 

related to LCA of methanol production. The fine-tuned LLM was asked to 

directly predict various LCI flows, such as water and energy consumption 

for standard methanol production, leading to an error range of 3–44 %. 

Finally, generative LLMs have been suggested for LCI information ex­ 

traction from documents aiming to reduce the manual effort needed 

to gather LCI data. Two studies reported using generative LLMs for ex­ 

tracting LCI information from documents regarding biologically active 

building materials [129] and sustainability data from reports, papers, 

and monitoring systems [130], without mentioning specific results on 

the information extraction or the architecture of the frameworks used. 

Moreover, the Tiangong initiative [131] offers open-source AI-powered 

solutions to facilitate searching for sustainability-related information 

in documents. At the time of writing, a detailed documentation is not 

available, and the following description of the Tiangong framework is 

based on the open-source code available on GitHub [132]. The approach 
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Table 5 

Studies using language models to identify proxy background datasets.

Study ML models Application Query text Database entries text Dataset Similarity metric Performance Metrics Conclusions

[120]
 

gte-large, Claude 

3.5-Sonnet
 

a

Background dataset 

identification

Product description
 

Ecoinvent reference 

product description

Six datasets
 

a
 Cosine

 

Precision (first recom

mendation: 71–97 %, in 

top 10 recommendations: 

73–100 %)

­ Semantic matching reduces

the time to find proxy 

datasets. Generative LLMs 

can help refine descriptions

 

[60]
 

ada-002, Mixtral-

8x7B-v0.1

Background dataset

identification

 Product description
 

Ecoinvent LCI 

datasets
 

b

LCA for textiles Euclidean Not reported The proposed method re­

duced the time needed for 

LCA.

[59]
 

all-mpnet-base-2 Background dataset 

identification

Product description 

and attributes

Ecoinvent reference 

product description

Two datasets (90 

and 667 products)

Cosine For the small and large

datasets respectively
 

 
c
 : 

Matching precision: 

13.6–45.5 %, 6.9–54.1 %, 

No-Match precision: 

55.9–98.5 %, 68.7–99.7 %, 

Overall precision: 

53.3–81.1 %, 57.2–75.0 %

The proposed matching al­

gorithm reduces the manual 

effort for LCA.

[119]
 

Same approach as in [59] but for IO-LCA and testing 40,000 products. The proposed approach reaches results comparable to human performance.
 

[121]
 

spacy, BERT, 

GermaNET

Match BIM outputs to

Okobaudat database 

entries

 Names and properties 

of BIM outputs

Okobaudat entries 

description

Five building case 

studies

Cosine BERT-NLP leading to

79–88 % similarity 

score and 78.1 % correct 

matching accuracy
 

 The proposed method can 

reduce the time to find LCA 

datasets for BIM outputs

[122]
 

c
 Bag-of-Words

 

Building sector
 

Building elements 

materials sescription

Andalucia entries 

description

Building rehabilita­
 

tion

Cosine Estimated error of

prediction matching: 25 %

 The algorithm reduced the 

time needed to search the 

Andalucia database
 

d
  by 

80–90 %

a
 Several text embedding models and generative LLMs were tested with the performance of the algorithm ranging. Claude 3.5 Sonnet (generative LLM) and gte-large embedding model led to the highest 

performance. The datasets tested were: procurement products (3980), invoices (2159), invoices (1121), heavy equipment (1803), food ingredients (1956), packaging (195 unique entries).

 

b The authors reported using an own-defined ontology for ecoinvent datasets. 

c Matching: finding the most relevant Ecoinvent dataset. No-Match: Identifying correctly that a relevant Ecoinvent dataset is not present. 

d The Andalucia database is not an LCA database but contains information that can be subsequently used for LCI compilation. 
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Fig. 6. Generic RAG framework for LLM usage in LCI.

followed is similar to that described in Section 2.2.1, with documents 

being processed to extract the text, language models used to embed 

the text, and a vector database used to store these embeddings. Given 

a user query, semantic matching is used to identify the most relevant 

documents and sections, which are given to a generative LLM that pro­ 

vides natural language interpretation and recommendations. However, 

specific results have not, to the authors’ knowledge, been reported.

Increasing interest in using language models for facilitating LCI com­ 

pilation in numerous manners is observed. Automating the identification 

of background LCI datasets based on semantic matching and embedding 

models has been tested in different case studies, with the findings indi­ 

cating that the time and manual effort needed to search LCA databases 

can be greatly reduced. Nevertheless, significant errors and variations 

were reported suggesting that more research is needed before these 

frameworks reach human-level performance for LCA. Generative LLMs 

have been also suggested to find background datasets or even directly 

predicting LCI data. However, generative LLM usage for such numer­ 

ical calculations can raise transparency and replicability issues, while 

the errors reported in the studies reviewed ranged widely without ro­ 

bust justification for these variations. Regardless, generative LLMs can 

facilitate LCI compilation by helping to extract useful data from unstruc­ 

tured sources as already done in other fields [54,55]. Such applications 

can largely help the LCA of emerging decarbonization technologies for 

which LCI datasets are usually spread across scientific publications and 

industrial reports. Despite some efforts made (e.g., [131]) actual results 

and frameworks for generative LLM usage to extract LCI information 

from unstructured sources have not been, to the authors’ knowledge, 

reported. In the next section, the framework depicted in Fig. 4 is tested.

3.2.2 . LCI information extraction from PDFs using generative LLMs

In this section the framework proposed for LCI information extrac­ 

tion using generative LLMs in Section 2.2.1 is tested for four LCA papers 

on geothermal energy extraction and to extract nine types of informa­ 

tion, including numerical LCI data (steel and diesel consumed) and case 

study related data (e.g., plant type and functional unit). Table 6 presents 

the information extracted for the steel and diesel consumed. The rest of 

the results can be found in the SI (Section 5), along with the description 

of the PDF pre-processing applied and the prompt given to the generative 

LLMs (Section 4). Both generative LLMs effectively extracted LCI infor­ 

mation (steel and diesel consumed) and other methodological and case 

study related information needed to define the extracted numerical LCI 

data. This result highlights the potential of generative LLMs to extract 

LCI data and related metadata from unstructured sources. The informa­ 

tion extracted from the PDFs from the generative LLMs was compared 

with manually extracted information. Small deviations are observed be­ 

tween the replies of the generative models with some data being missed 

in some cases. This happens mainly for the well depth and plant capac­ 

ity. The deviations occur due to the articles investigating multiple case 

studies with varying depths and capacity and because the prompt used 

put more emphasis on the steel and diesel consumption, which are the 

main LCI flows sought. In fact, the replies of the generative LLMs for the 

latter are more consistent. The only inconsistency observed, regards the 

steel consumption value for the study of Frick et al. [90], where the local 

Qwen-14B model, when provided with the entire document, only re­ 

ported the value for low-alloyed steel, missing the value for high-alloyed 

steel, due to a reported range of 80–100 kg/m for the steel consumption 

in the paper.

The information extraction results (Table 6 and Section 5 in SI) 

demonstrate that generative LLMs can effectively be used to extract 

LCI information from scientific papers. Notably, more local generative 

LLMs were tested (for example, Qwen-0.6B, Qwen-8B), with larger mod­ 

els taking more time to run but also providing better responses. Some 

inefficiencies were identified (e.g., amount of high-alloyed steel not ex­ 

tracted in one case), which can be tackled by redesigning the prompt, 

using a larger model, providing examples to the generative LLM, and by 

giving the model more targeted and smaller tasks. In addition, in this 

study, tables were converted to strings and figures were disregarded. A 

more delicate handling of these information types could improve the LCI 

information extraction. Moreover, the LLM was not provided with the 

supplementary information of the articles, which usually in LCA articles, 

includes mass and energy balances and detailed inventory tables. In this 

case, the supplementary information would have to be pre-processed and 

the prompt would need to be refined accordingly. Such actions could 

improve the accuracy of the LCI information extraction and need to be 

further investigated.

However, the scope of this analysis is limited to showcase that gen­ 

erative LLMs can effectively be used to gather LCI data demonstrating 

the capabilities of generative LLMs for LCI information extraction to­ 

wards facilitating the LCA of novel technologies, rather than presenting 

production-ready applications or providing in-depth geothermal assess­ 

ment. In the proof-of-concept example explored the generative LLM 

was instructed to extract along with the numerical LCI data (steel and 
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Table 6 

LCI data extraction with generative LLMs.

Study Data Gpt4.1 most relevant sections Qwen14B full document Qwen14B most relevant sections

[90] Steel ‘69.1 kg/m (low alloyed), 

34.0 kg/m (high alloyed)’

‘69.1 kg/m’ ‘69.1 kg/m and 34.0 kg/m’

[90] Diesel ‘7492 MJ/m per well’ ‘7492 MJ/m’ ‘7492 MJ/m’

[91] Steel ‘111.3 kg/m’ ‘111.3 kg/m’ ‘111.3 kg/m’

[91] Diesel ‘4000 MJ/m’ ‘4000 MJ/m’ ‘4000 MJ/m’

[92] Steel ‘Injection well: 84.30 kg/m,

Production well: 76.46 kg/m, 

Production leg 2: 46.83 kg/m’

 ‘84.30 kg/m (injection),

76.46 kg/m (production)’

 ‘84.30 kg/m, 76.46 kg/m, 46.83 kg/m’

[92] Diesel ‘7.23 GJ/m’ ‘7.23 GJ/m’ ‘7.23 GJ/m’

[39] Steel ‘100.200 kg/m’ ‘100.200 kg/m’ ‘100.200 kg/m’

[39] Diesel ‘53.100 kg/m’ ‘53.100 kg/m’ ‘53.100 kg/m’

diesel consumption), metadata defining the case study, including the 

functional unit, the type of the geothermal plant, and the well depth, 

demonstrating that generative LLMs can extract the information needed 

to define the LCI data and ensure their correct usage. The same frame­ 

work can be applied for other technological domains by modifying the 

queries and prompts to target domain-specific parameters. For geother­ 

mal systems, these parameters could include geological characteristics 

such as reservoir lithology, porosity, thickness and permeability and 

plant characteristics such as geofluid output temperature and well-head 

pressure, all defined within a domain-dedicated ontology. However, the 

development of such ontologies or the creation of geothermal-related 

LCI databases goes beyond the scope of this study which used the in­ 

vestigated example as proof-of-concept to demonstrate that generative 

LLMs can be used to extract LCI numerical data the relevant contextual 

information needed.

3.2.3 . Analysis of Literature Review and Case Study Results

Language models have large potential to enhance LCI compilation. 

Semantic embedding-based matching frameworks can help reduce the 

time and cost required to search LCA databases by using text descrip­ 

tions to identify background datasets. High matching precision values 

for such frameworks have been reported (e.g., higher than 70 % [120]) 

indicating that datasets that an LCA practitioner would select can be 

identified by semantic matching frameworks. Such frameworks use em­ 

bedding models that produce consistent results for the same input, 

ensuring reproducible matching results. Nevertheless, the precision of 

these frameworks can only be evaluated against the background datasets 

an LCA practitioner would choose from the database. Therefore, even if 

100 % accuracy would be achieved this would contain the subjectivity of 

the ground-truth dataset used, even if that would be compiled via ques­ 

tioning multiple experts (e.g., in [59]). For example, if a background 

dataset for steel is sought, low-alloyed, unalloyed, or high-alloyed steel 

are options an LCA practitioner might choose, while another might 

suggest seeking more site-specific data than those reported in an LCA 

database. The decision would also be affected by the contribution of the 

steel consumption to the overall impacts of the system. Therefore, such 

frameworks cannot substitute the LCA practitioners. However the high 

matching precision values reported in the literature indicate that they 

can be used complementarily for LCA applications to allow for efficient 

database search that considers semantic information reported in the de­ 

scription of the datasets, especially in cases that the practitioner lacks 

extensive domain-knowledge. This can allow the practitioner to quickly 

search multiple databases, with the semantic algorithm suggesting the 

K most semantically similar datasets and explaining the suggestions via 

explainable AI methods to reduce bias in the selection process [133,134] 

and actively support background dataset identification.

Using generative LLMs to identify the most relevant background 

datasets (as in [123,124]) creates replicability and transparency issues, 

since the replies of a generative LLM cannot be traced and will vary due 

to model stochasticity, temperature settings, and prompt formulation. 

The latter limitations govern also practices in which generative LLMs 

are used to directly predict numerical LCI data (e.g., [127,128]). More 

specifically, LCI data generated by generative LLMs cannot be a resort 

for formal assessments since the reply is not traceable or replicable. The 

generative LLM will reply based on what previously reported to generate 

a new possible value, without respecting physical or chemical laws or 

following process-modeling principles. Errors in data generated this way 

were reported to vary widely (3-44 % in [128], or 1–98 % for embod­ 

ied carbon calculations in which generative LLMs were used to identify 

emissions factors in [124]) without explaining these variations, possibly 

because the replies of the generative LLM could not be traced. Therefore, 

even if a generative LLM would predict an LCI value very close to the 

actual one (or even equal), this should be considered with caution for 

informal usage.

Generative LLMs have great potential to facilitate LCI compilation, 

when used to extract LCI information from unstructured sources to re­ 

duce the time needed by the LCA practitioner to find LCA data. This 

case is especially relevant for novel energy technologies which are not 

represented in LCA databases, and for which primary data are difficult 

to find. Employing frameworks for extracting LCI data using genera­ 

tive LLMs (Fig. 4) can effectively reduce the time needed for LCI data 

gathering, enabling LCA of emerging technologies. The information ex­ 

traction framework in Fig. 4 eliminates hallucinations and grounds the 

LLM replies on the provided document via a RAG manner. Furthermore, 

it can, along with numerical LCI values, extract additional metadata that 

define the case study such as functional units, lifetime set, and tech­ 

nical characteristics of the system. This allows later evaluation of the 

extracted data and their exclusion in case the associated metadata are 

not aligned with the requirements set by the LCA practitioner (e.g., if 

process designs are not reported or differ what is sought). The ability of 

generative LLMs to capture such contextual information poses them as a 

promising solution for LCA information extraction enabling provenance 

tracking and metadata annotation to enhance reliability of the ex­ 

tracted information. This aligns with recent developments across fields 

[55,131,135,136] and in the industrial setting [137,138]. Nevertheless, 

human experts should be involved in the data extraction process to first, 

design the information extraction framework (prompt, query) to ensure 

that the numerical LCI data and the necessary metadata are extracted, 

and second, to ensure that data to be used for further analysis are well-

defined and reliable (e.g., by inspecting the selected documents). For 

example, generative LLMs can be used to scrap multiple documents and 

annotate them with the extracted information. The LCA practitioner can 

decide on what documents to inspect further based on the annotations 

and verify the extracted information greatly reducing the time needed 

for LCA.

The reviewed methods show great potential for reducing the cost of 

sustainability reporting. However, the development of these methods is 

still in its early stages. Further work is needed to improve the accuracy 

of the algorithms, ensure their reproducibility, and wider their adop­ 

tion by providing user-friendly tools for non-experts. More research is 

required to establish best practices for applying generative LLMs in LCA. 

It is crucial that a human expert evaluates the LLM’s recommendations 
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Table 7 

Overview of methods to identify relevant background LCI datasets to a query system.

Method Advantages Disadvantages Performance & Applicability

NLP (Natural 

Language 

Processing)

Reduces reliance on domain knowledge, 

Can handle unstructured text data

Accuracy varies, Requires good-quality 

text data for matching

Effective for datasets with complex 

or minimal structure, Still under 

development for widespread LCA use

Generative 

LLM

Enhances semantic matching, Reduces 

manual effort in data gathering and 

curation

Computationally intensive, Lack of trans­ 

parency in decision-making, Unsuitable 

for numerical LCI estimations

Good for refining descriptions and im­ 

proving matches, Still in early stages of 

integration into LCA workflows, Best used 

in RAG frameworks for extracting LCA 

related information from unstructured 

data

Fig. 7. Approaches to mitigate LCI data challenges.

and reasoning, before using them in LCA studies, as LLMs cannot be held 

responsible for the study’s outcomes [56]. Table 7 describes an indica­ 

tive summary of strengths and weaknesses of using language models for 

LCI compilation derived by the literature review and analysis performed 

in the previous paragraphs.

3.3 . Moving forward 

3.3.1 . Typology of data challenges in LCI and methods to address them

Fig. 2 defined four types of LCI data challenges. This study indicates 

that ML and LLM methods can alleviate these challenges with different 

strategies being more appropriate for each challenge. Fig. 7 presents 

solutions derived from the analysis of this study. For large datasets, 

ML algorithms such as ANNs, XGBoost, and RF can excel in extrapo­ 

lating missing data for new cases. When these data are only available in 

unstructured format, generative LLMs can be employed to extract this 

information in structured format making it usable by ML algorithms ex­ 

tracting also relevant metadata to ensure correct usage of the extracted 

data. When small datasets are available, different ML algorithms such 

as kriging and GPR, can be more efficient to extrapolate missing LCI 

data (Table 4), while for linear datasets, linear regression can be also a 

good option for estimating missing LCI data. In case the information is 

sought in unstructured sources, generative LLMs can be used to extract 

it similarly to what described for larger datasets. In addition, when the 

most similar LCI dataset for a product or system is sought, NLP methods 

(Fig. 1(b) can excel in identifying the most relevant dataset without the 

heavy domain knowledge needs. By contrast, when only a few datasets 

are available manual identification can be more efficient.

Integration of ML and language model methods. The approaches 

described in Fig. 7 rely on using generative LLMs to extract LCI infor­ 

mation from unstructured sources, NLP and language models to identify 

relevant background datasets for an investigated system, and ML algo­ 

rithms to extrapolate missing LCI data from the available information. 

These three approaches can complement each other leading to more 

robust frameworks for AI-assisted LCI compilation. Generative LLMs are, 

currently, not suitable for performing numerical calculations, a task in 

which ML methods excel. Similarly, using generative LLMs to identify 

relevant proxy datasets can lead to replicability issues. Nevertheless, 

generative LLMs can be used to gather the datasets needed for the ML 

algorithms by extracting LCI numerical data and associated methodolog­ 

ical metadata and guiding their design. Major challenges regarding ML 

algorithms and semantic proxy selection methods can be, respectively, 

the selection of meaningful features and the design of text descriptions. 

Feature selection is significant for the design of an ML algorithm since 

the features need to allow the model to capture actual physical relation­ 

ships between the inputs and outputs. In this regard, generative LLMs 

can complement ML by guiding feature selection for the ML algorithms 

as already reported for other scientific fields [139,140]. This approach 

is also similar to when generative LLMs were used to redesign text de­ 

scriptions to improve semantic matching of background and foreground 

processes in [120]. Fig. 8 describes an integrated framework in which 

generative LLMs, ML algorithms, and semantic matching frameworks 

complement each other towards a robust LCI compilation pipeline. In 

the proposed integrated framework, generative LLMs complement ML 

algorithms by providing data sources (numerical LCI data and asso­ 

ciated metadata) and guiding feature selection, while ML algorithms 

supplement the inefficiency of generative models to perform reliable, 

transparent, and reproducible calculations. More specifically, the LCI 

information derived by the LLM from the documents or when the LLM 

is used to identify proxy background datasets can have gaps or mistakes 

in numerical values, or their values might need updating to account for 

temporal or regional differences. These numerical estimations, cannot 

be made by the generative LLM itself. In contrast, ML models trained in 

pre-existing verified data for similar products or processes can be em­ 

ployed to provide numerical estimations, impute missing data, or update 

outdated data. This way ML algorithms can complement LLM-based LCI 

compilation to make it reproducible and transparent.

Incomplete inventories can significantly influence the LCA results 

of emerging and fast-evolving energy and decarbonization technolo­ 

gies (Paul et al. [65], Santucci et al. [64], Muller et al. [66]). As a 

result, comparative assessments may reflect data gaps rather than ac­ 

tual environmental differences. This can occur when one technology has 

complete data while another relies on approximations (i.e. when the 

technology is new or with underdeveloped inventories). For example, 

when comparing geothermal with biomass-fired heating systems, data 

on drilling or geological information may be lacking compared to well-

documented biomass heating. Similarly, when investigating emerging 

fuels (e.g., hydrogen) and carbon-removal options against mature fossil-

based systems, data for the latter can be more complete, compared to 

data available for the former systems.

Integrated ML and LLM approaches can address these issues and fa­ 

cilitate the adoption of emerging low-carbon energy technologies which 

are usually underrepresented in LCA databases and for which data may 

be sparse in the literature. Integrated LLM-ML approaches can search 

scientific publications and reports to extract missing LCI parameters and 

use ML models to impute values when needed, allowing more balanced 

and transparent comparisons. This can strengthen the environmental 
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Fig. 8. Framework integrating ML algorithms and LLMs for streamlined LCI compilation.

assessment and support the adoption of emerging low-carbon tech­ 

nologies, while improving communication between technology design, 

sustainability analysis and policy-making. 

3.3.2 . Limitations and future research

ML- and AI- driven applications for LCI compilation are still under ac­ 

tive development and are not to replace traditional LCI methods, such as 

using plant data or performing process simulations, but to complement 

them. For example, generative LLMs can gather data that would have to 

be gathered manually by the LCA practitioner when investigating tech­ 

nologies not represented in traditional LCA databases, such as emerging 

energy and decarbonization technologies (e.g., Direct Air Capture and 

Carbon Capture and Utilization units). This can significantly reduce the 

time needed for the LCA. The gathered information would still need hu­ 

man validation, though the time needed to validate will be lower than 

gathering all information from scratch. Also, ML models are shown to 

produce more reliable estimations for missing LCI data than using the 

average or arbitrarily selecting a proxy value. However, the dataset used 

should be sufficiently diverse and dense. Also, the features used should 

be selected using domain knowledge, to allow the ML model to capture 

actual physical correlations between the independent and dependent 

variables, generalize to unseen cases and provides reliable predictions. 

Furthermore, this study discussed that generative LLMs cannot, at the 

time of writing, be used to directly predict missing LCI data as such pre­ 

dictions would be untraceable and unpredictable leading to unreliable 

results.

ML- and AI-driven LCI compilation methods should be employed 

when sufficiently diverse and representative datasets, appropriate fea­ 

tures, and knowledge to perform ML modeling is available. Data-driven 

methods are used to create models that represent realistic conditions. 

Therefore, when physics-based models or real data are available these 

should be prioritized. However, in cases that novel technologies are 

investigated for which process models are not available and cannot 

be developed (e.g., due to lack of knowledge or funds) or in cases 

where the missing LCI flows concern only specific parts of an in­ 

vestigated system and a detailed process model is too expensive to 

be developed, data-driven methods can provide a resort if relevant 

datasets are available. Nevertheless, the costs of gathering data and de­ 

veloping the models should be considered and compared to the cost 

of creating a process model or acquiring real data from a similar 

plant.

More research is needed to construct robust ML- and AI-driven 

LCI frameworks and enable their adoption by LCA practitioners. 

For example, LCA software providers could provide such solutions, 

also explaining the outcomes of the results and related uncertainty. 

Additionally, domain-specific databases reporting LCI flows and the 

variables driving them could be developed to enable finding datasets 

to be used for ML model training. Future research could also investi­ 

gate agentic frameworks for generative LLM usage for LCI development. 

For example, generative LLMs can process natural language descriptions 

provided by LCA practitioners to frame the machine learning problem 

based on the available data and models, and then pass this information to 

dedicated algorithms for model training. Similar frameworks are already 

employed for optimization and contain safety layers to ensure proper 

problem statement [141]. Moreover, future research efforts could put 

emphasis on integrating ML and language AI methods to complement 

the weaknesses of each other as for example described in the frame­ 

work of Fig. 8. Demonstrating the actual usage of such frameworks and 

providing open-source solutions for these could greatly help further un­ 

derstanding the applicability and hindrances of ML and AI methods for 

LCA and widen their adoption.

The proposed LCI data extraction framework uses generative LLMs to 

enable the structured extraction of both numeric LCI data and accompa­ 

nying metadata describing the methodology, assumptions, and context 

of each source. This distinction is important, as accurate extraction does 

not necessarily mean that the original data are reliable. By capturing 

methodological metadata, the framework supports a first layer of qual­ 

ity control that allows users to trace how each value was derived and 

decide whether the data are suitable for further use. For example, if 

key metadata required to evaluate the quality of extracted LCI data, are 

missing, unclear or incompatible for the intended use, these data can be 

excluded. Future work should focus on the development of systematic 

approaches to assess the quality and reliability of the original sources 

from which these data are derived as this affects the trustworthiness of 

the extracted values. With the increasing use of generative LLMs across 

fields [55,131,135–138], future research should combine expert-in-the-

loop validation of the extracted data [142], metadata extraction and 

verification, statistical analysis, or classification techniques to evaluate 

both the extraction process and credibility of the underlying data.

Knowledge graph structures have been suggested for structuring LCI 

datasets and databases [143–145], without, however, having been in­ 

tegrated with ML or AI frameworks. Such structures can facilitate LCI 
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automation since they allow for more meaningful representation of data 

than traditional relational databases [58]. Future research should in­ 

vestigate developing domain-specific ontologies for LCA data represen­ 

tation and use these for knowledge graph structuring. Such ontologies 

could integrate LCI numerical data, LCA methodological data (e.g., func­ 

tional unit), and domain- or process-specific data that define the dataset. 

A generative LLM could then populate these metadata fields by pars­ 

ing literature with frameworks similar to that proposed in this study. 

Therefore, domain and LCA experts should collaborate to develop meta­ 

data ontologies for different domains allowing the efficient numerical 

and contextual representation of LCI datasets. The geothermal energy 

example investigated in this study indicates that generative LLMs can 

extract both numerical and contextual LCI data, though remained in a 

proof-of-concept stage. Future work should expand its scope by integrat­ 

ing such domain-specific LCI data ontologies, including for example, for 

geothermal energy, geological parameters such as reservoir permeability 

and porosity suggested by domain experts, and expanded across sectors.

4 . Conclusions

This study explores how ML and AI algorithms can help solve data 

challenges in LCI compilation, by investigating a variety of methods 

proposed in the literature and presenting specific case studies. This 

combined literature and case-study investigation for ML and language 

model methods highlights their strengths and weaknesses and enables 

identifying synergies towards unified AI-assisted LCI frameworks. The 

literature review and case study on ML methods showed that these can 

impute LCI data from previously reported information with lower er­ 

rors than conventional alternatives such as linear regression. Different 

ML models perform better for smaller or larger datasets, while cau­ 

tion should be taken to ensure reliability and representativeness of the 

datasets and features used, and to consider the uncertainties and trade-

offs introduced compared to traditional LCI data estimation methods. 

Nevertheless, when sufficient datasets are available and the ML algo­ 

rithms are designed appropriately, they can provide reliable estimates 

for missing LCI data. Domain-specific guidelines for ML model develop­ 

ment to estimate LCI data could expedite the adoption of such methods 

by LCA practitioners.

The literature review on language model methods for LCI compi­ 

lation covered semantic matching and generative LLM methods and 

provides the first, to the authors’ knowledge, review on this emerging 

topic. It showed that language models excel in searching LCA databases 

and automating the identification of background datasets based on 

textual descriptions. This can help non-domain experts identify proxy 

datasets and perform LCA with reduced time and cost requirements, 

while maintaining transparency of the analysis. Generative LLMs are 

found to effectively search documents for LCI data and extract the lat­ 

ter, greatly reducing the time needed for the data gathering phase of 

LCA. Also, it is shown that generative LLMs can extract both numerical 

LCI data and methodological and case-study specific metadata that help 

to correctly define and use the former. However, such applications are 

still in early stage of development and production-ready solutions are 

yet to be developed. Domain knowledge needs to be incorporated in the 

matching procedure by for example developing and utilizing domain-

specific ontologies for representing the LCI datasets of different sectors. 

These ontologies can then be filled by using generative LLMs for LCI in­ 

formation extraction. The definition of such ontologies can also help in 

the standardization and harmonization procedures for LCI data gathered 

from diverse sources to ensure completeness and interoperability. Best 

practices for using generative LLMs for LCI data gathering need also to be 

defined to eliminate model hallucinations, and ensure the safety, trans­ 

parency, and explainability of the data extracted, documents processed, 

and processing procedures employed.

The combined analysis of ML and LLM language model methods 

allowed demonstrating clear integration pathways. These two method­ 

ological families can complement each other, with LLMs enhancing 

data discovery from unstructured sources and database search, and ML 

methods performing reliable and interpretable numerical estimations for 

missing data. This synergy lays the foundation for unified, AI-assisted 

LCI frameworks. The implementation of such standardized and robust 

AI-assisted LCI compilation workflows can facilitate the early stage as­ 

sessment of novel renewable and low-carbon technologies, which are 

hindered by data scarcity. Improving the completeness and consistency 

of LCI datasets, for example through integrated ML-LLM frameworks, 

can strengthen evidence-based assessment, reduce uncertainty and sup­ 

port more reliable decisions about technology design and policy. By 

enabling continuous updating of LCI data for such technologies with 

data coming from experiments, pilot-cases, actual field data, or data re­ 

ported in the literature, ML and LLM tools can provide the environmental 

assessment with updated data that were missing and help guiding the 

design of sustainable energy technologies.

More research is needed to ensure best usage of ML- and AI method 

for LCI compilation and develop robust ML-/AI-driven LCA frameworks. 

ML and LLM solutions need to be integrated to supplement each other’s 

inefficiencies and lead to more comprehensive and transparent solu­ 

tions that can be deployed for production. Also open-source solutions 

are needed to demonstrate the usage of ML and AI in LCA and make the 

frameworks transparent, trustworthy, and replicable. Other technologies 

such as agentic frameworks and knowledge graphs should also be ex­ 

plored to further enhance AI-assisted LCA solutions. Notably, this study 

focused on the application of ML and AI methods for facilitating the in­ 

ventory compilation in LCA studies. However, similar data challenges 

are encountered in other sustainability assessment methods such as Life 

Cycle Costing, where data on energy, materials, water consumption, and 

waste generation should be gathered and matched to their respective 

costs. The findings of this study are transferable. ML methods can esti­ 

mate missing quantitative data using available datasets, while language 

model techniques can identify and extract the required information from 

various literature sources. This can concern cost data and material quan­ 

tities, which are essential for costing analysis. More research is needed to 

extend the ML and LLM applications investigated in this study for LCA, to 

other sustainability assessment methods, such as Life Cycle Costing and 

Life Cycle Sustainability Analysis, to broaden their application for novel 

low-carbon energy systems, but also across products and systems, and 

allow their implementation for facilitating the sustainable transition.
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