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ARTICLE INFO ABSTRACT
Keywords: Advances in Life Cycle Assessment (LCA) toward greater automation and methodological integration have
Life Cycle Assessment (LCA) intensified challenges in standardizing heterogeneous raw Life Cycle Inventory (LCI) data, which rarely aligns

Large language model (LLM)

with LCI database nomenclature. Rule-based mapping approaches struggle with linguistic variations, typo-
Environmental sustainability assessment

graphical errors, unit inconsistencies, and location granularity mismatches. Furthermore, they fail to adapt
automatically when data or terminology change. FAULDIER (Framework for 1Arge langUage modeL assisteD life
cyclE inventoRy) is proposed as a framework to bridge heterogeneities between raw LCI data and LCI database
requirements. It aims to automate data transformation by resolving naming inconsistencies, classifying flow
types, and harmonizing locations and units. By using LLMs, FAULDIER supports handling multilingual inputs,
correcting typographical errors, resolving location granularity mismatches, and choosing proxies for missing
processes. In a test scenario using the open LCI database FORWAST and a use case characterized by non-
standardized multilingual entries, unit inconsistencies, and typographical errors, FAULDIER achieved approxi-
mately 57% process and elementary flow mapping accuracy (single-expert validated), with unit conversion error
rates below 1%. Current limitations include LCI database constraints, LLM token limitations, performance
variability of open-weight LLMs, mapping ability, and reproducibility across runs. Within these limitations,
FAULDIER indicates the feasibility of LLM-assisted LCI construction for LCA modeling, particularly for non-
standardized raw LCI data. Future work could focus on developing confidence metrics for mapped LCI data,
optimizing LLM query efficiency, and expanding testing across additional LCI databases, use cases, and LLMs.
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The conceptual origins of LCA trace back to predecessor methods
from the 1960s, including systems analysis, the life-cycle concept as a
budgeting process for military weapon systems, and resource and
environmental profile analysis by corporations [1-5]. Due to limited
computing resources in this era [6], these early assessments were typi-
cally performed manually. Specialized LCA software (e.g. GaBi,
SimaPro) emerged around 1990 [4], enabling more efficient handling of
Life Cycle Inventory (LCI) data and facilitating the calculation of Life
Cycle Impact Assessment (LCIA) results. However, early software ca-
pabilities were limited to only a few impact categories [7], thus
restricting advanced functionalities such as scenario modeling, uncer-
tainty analysis, and other automation-intensive tasks which require
numerous calculation runs.

Throughout the 2010s and 2020s, Python-based frameworks such as
Brightway [8], complemented by tools such as lca_algebraic [9] and
premise [10], enabled ready-to-use, parametrized LCA that facilitated
and accelerated prospective assessments with a multitude of scenarios.
Prospective LCA relies, even more than standard LCA, on LCI data
collection from non-specialists (e.g. scientific project partners, com-
panies), who typically provide generic material and energy flow de-
scriptors that rarely align with LCI database naming. Furthermore,
coupling LCA with different complementary methods and tools (e.g.
energy system modeling [11], CAD [12]) complicates data standardi-
zation, as heterogeneous outputs from these tools require manual
formatting to align with LCI databases.

Rule-based data mapping approaches using logic are limited by their
reliance on predefined rules, which are difficult to scale to large real-
world domains [13,14] and to keep them up to date. In the context of
LCA applications, this typically results in fixed input-output schemas,
linking a single software tool to one LCI database version. Moreover,
because these mapping approaches rely on classical logic (true/false
statements), they cannot effectively resolve differences across lan-
guages, typographical errors, unit inconsistencies, or differences in
location granularity, unless a rule is explicitly implemented for each
case. While fuzzy logic [15-17] can partially address these issues, the
acquired knowledge remains static [18], making it difficult to adapt to
changes such as updates within the LCI database or switching to a
different LCI database. Consequently, recent developments in other
fields combine these methods with LLMs to overcome these limitations
[19,20].

Since 2018, advances in LLMs have demonstrated significant capa-
bilities in resolving such challenges, particularly through reasoning
models [21]. Recent studies have identified promising applications of
LLMs in LCA. These include supporting LCI data collection and inter-
preting LCIA results [22], enabling direct extraction of impact data from
scientific literature [23], and, in the context of Social LCA, retrieving
information from documents, articles, webpages, and similar sources.
Furthermore, LLMs have also been applied to generate process flow
graphs [24] and to estimate greenhouse gas emissions (e.g. Scope 3
emissions of a company) with a reported precision of around 87% [25].
Using an LLM-based agent, carbon footprint reports were automatically
generated [26]. However, an expert-grounded benchmark revealed that
37% of LLM-generated responses in the LCA domain were inaccurate,
highlighting significant risks [27]. Despite these risks, LLMs could serve
as an effective bridge to reconcile heterogeneities between raw data and
the requirements of LCA. Recent review studies on LCA automation
using artificial intelligence conclude that, while such approaches can
enable scalable and rapid decision-making in environmental sustain-
ability assessment [28,29], only very few tools are currently publicly
available [28]. To evaluate LLM capabilities in the context of LCA,
within an open-source and LCA-software-integrated tool, FAULDIER
(Framework for 1Arge langUage modeL assisteD lIfe cyclE inventoRy)
was developed, a framework designed to address the following
objectives:
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1. Spreadsheet-to-LCA: Transform raw LCI data from a simplified
spreadsheet into an LCA-compatible format, requiring exact
nomenclature input.

2. LLM-assisted mapping: Map processes and elementary flows by
resolving heterogeneities in process names, multilingual entries, unit
variations, location specifications, and missing input data.

3. Integration into LCA software: Enable full automation from raw LCI
data to LCIA results.

Compared to existing LLM-assisted LCA tools in research, FAULDIER
focuses on raw LCI data typically encountered in research projects that
require a prospective LCA approach. Consequently, its development
emphasizes integration with flexible LCA software such as Brightway,
which supports connections to additional tools for prospective LCA, LCI
parametrization, and sensitivity and uncertainty analysis.

2. Software description
2.1. Software architecture and functionalities

The core function x2bw_transformation in FAULDIER automates the
conversion of raw LCI data from the LCI spreadsheet into a Brightway-
compatible format by:

— Default location assignment if none is provided

— Categorization of processes (e.g. electricity) into technosphere and
elementary flows (e.g. carbon dioxide) to biosphere

— Optional avoided-burden allocation for multi-output processes

Configurable via basic_mapping.py, these transformations reduce the
need for manual data curation. For non-standardized raw LCI data,
1lm_mapping.py can use LLMs to resolve:

— Naming inconsistencies: Mapping generic descriptors to database-
specific process or elementary flow names

— Linguistic variations: Handling inputs in multiple languages

— Typographical errors: Correcting misspellings in process or elemen-
tary flow names

— Location granularity mismatches: Mapping locations to database-
specific regions

— Proxy processes: Selecting substitutes for processes unavailable in
the LCI database

The complete workflow (Fig. 1) is demonstrated in the Jupyter
notebook LCA_LLM.ipynb, which:

1. Extracts processes and elementary flows from the LCI database

2. Transforms the LCI spreadsheet file (LCA_AP_LLM.xlsx) into a
Brightway database

3. Maps process names from the LCI spreadsheet; if LLM_mapping=-
True, starts mapping via the LLM

4. Constructs the product system for the subsequent LCIA calculation

2.2. Software requirements

To use FAULDIER, Brightway must be installed [30] and initialized,
including the installation of an LCI database (e.g. FORWAST). API access
to an LLM is required and can be configured in the /input/llm_config. txt
file, or will be requested upon first execution. Because results may differ
across various LLMs, the prompt (/input/llm_prompt.txt) and LLM pa-
rameters may require adjustment when employing different models or
data inputs.

2.3. Software design decisions

Although databases such as ecoinvent [31] are widely used in LCA
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Fig. 1. Illustration of FAULDIER’s main components, architecture, and information flow.

practice, we implemented the FORWAST [32] database. The ecoinvent
license agreement [33] restricts the export of data, which likely includes
the transmission to external LLMs. Furthermore, the ecoinvent database,
including its elementary flows, would generate approximately 900,000
tokens, exceeding the maximum context window of all LLMs available to
us for this study [34]. For example, using Alibaba Cloud Qwen 3 235B
A22B Thinking 2507 LLM, which supports up to 222,000 tokens, we
could transmit approximately one-quarter of the entire ecoinvent data-
base in a single request. Thus, while FAULDIER was specifically
designed with database flexibility in mind, the current implementation
and testing were exclusively performed with the FORWAST database.

Since FAULDIER is designed to directly handle non-standardized raw
LCI data, simplified heuristic decision rules were derived for the map-
ping. For example, generic inputs such as “Nitrogen” could represent an
input elementary flow (natural resource), an output emission, or a
process. To resolve this ambiguity, we require the environmental
compartment for elementary flows in the spreadsheet and instruct the
LLM to map to elementary flows whenever a compartment is provided. If
neither a location nor a compartment is given, the LLM shall default to
mapping the input to a process. After the LLM step, FAULDIER assigns all
entries with environmental compartments to elementary flows. For by-
products, a simplified avoided-burden approach is applied, wherein
the by-product is included as a negative input. This can be overridden by
entering “no avoided burden” in the “Description” field, which results in
a cut-off. Thus, this approach does not cover the full range of LCA
allocation methods.

Regarding LLM selection criteria, we used open-weight models that
ensured data protection (compliant with GDPR) and with context win-
dows exceeding 128,000 tokens, hosted by the Gesellschaft fiir wissen-
schaftliche Datenverarbeitung mbH Gottingen (GWDG) [35,36].
Language- or application-specific models were excluded to ensure robust
multilingual capability. Meeting these requirements, the following
open-weight models were available to us: Meta Llama 3.1 8B Instruct,
OpenAl GPT-0SS 120B, Google Gemma 3 27B Instruct, Alibaba Cloud
Qwen 3 235B A22B Thinking 2507, Alibaba Cloud Qwen QwQ 32B,
Meta Llama 3.3 70B Instruct, and Mistral Large Instruct.

3. Illustrative example

To demonstrate the functionality of FAULDIER, we implemented a
test case using a simplified LCI for synthesis gas production via Artificial
Photosynthesis. The LCI data were adapted from prior research [37] and
modified to enable the use of the FORWAST database and to simulate

real-world data challenges, including multilingual process names,
non-standardized geographical locations, inconsistent units requiring
conversion, and typographical errors. Consequently, the resulting LCI
does not constitute a comprehensive LCA but serves exclusively as a
demonstration of FAULDIER’s mapping capabilities.

Using the LCA_LCI LLM.xlsx raw LCI data input spreadsheet, we
generated an LCA model by processing the test LCI data through mul-
tiple LLMs. Among the seven evaluated open-weight LLMs, Alibaba
Cloud Qwen 3 235B A22B Thinking 2507 was the only model that
successfully mapped all requested processes and elementary flows. The
remaining models either failed to produce the required output format or
left most inputs unmapped. We iteratively refined the prompt and
experimented with different temperature and top_p settings, but full
mapping could not be achieved with any other models.

Consequently, we analyzed three runs using Alibaba Cloud Qwen 3
235B A22B Thinking 2507 with temperature = 0.5 and top_p = 1. The
mapping results for each input are provided in the Supplementary In-
formation as mapping_results.xls. For some inputs, the mapped process
or elementary flows varied between runs. This also occurred in the unit
conversion for biogas, where the converted value differed across runs.
When “Gas” was assumed as a proxy for biogas, the LLM did not account
for differences in heating values between natural gas and biogas. Several
elementary flows were misclassified, for example, carbon dioxide was
mapped to the resource category (e.g. “carbon dioxide, from soil or
biomass stock”) rather than the correct emission category (“carbon di-
oxide, non-fossil”). Specific chemicals not available in the LCI database,
including didodecyldimethylammonium bromide, toluene, acetone,
hexane, and isopropanol, were mapped to the generic chemical pro-
duction process. Ammonia and nitrogen were mapped to fertilizer.
However, in some runs, nitrogen as well as gold, acetone, and iso-
propanol were mapped to elementary flows. Photocatalyst production
facilities were mapped to “Machinery and equipment”, “Buildings, non-
residential”, or “total production and consumption 2003", while the
photocatalyst deposition facility was mapped to “Buildings, non-resi-
dential” or “Infrastructure, excluding buildings”. All of these LCI inputs
were labeled as "factory" in the source data. All electricity LCI inputs
were successfully mapped despite containing special characters, multi-
lingual entries (tested in German, Spanish, and Japanese), and spelling
errors. However, similar to the factory mappings, the geographical
location assigned to the electricity processes (e.g. DK/EU27) varied
between runs using the same LLM.

From an LCA practitioner’s perspective, acknowledging that in-
terpretations may vary between practitioners, approximately 57% of
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processes were correctly mapped, 20% were incorrectly mapped, and
the remainder were classified as inconclusive. For material flows pro-
vided in volumetric units, the LLM applied density-based conversions to
express values in mass units. The resulting error remained below 1%
when compared to standard reference values.

Running times varied significantly across LLMs. The Alibaba Cloud
Qwen 3 235B A22B Thinking 2507 model required approximately 1
hour, whereas Meta Llama 3.1 8B Instruct, OpenAl GPT-OSS 120B,
Google Gemma 3 27B Instruct, Alibaba Cloud Qwen QwQ 32B, Meta
Llama 3.3 70B Instruct, and Mistral Large Instruct finished in under 10
minutes. This corresponds to approximately 17 s to 2 min per mapping
of one process or elementary flow (35 in total). The complete mapping
outputs with rationales for each decision of the LLM are documented for
one run in the Supplementary Information (LLM_output.txt).

4. Discussion and limitations
4.1. Discussion of results

The incorrect mapping of elementary flows, such as assigning
emissions to resources (or vice versa) or processes to elementary flows,
represents a major issue. This occurs because the LLM does not consis-
tently follow the predefined rules outlined in the design decisions, a
phenomenon described as instructional distraction in LLM research
[38]. This may stem from similar causes as hallucinations, occurring
because acknowledging uncertainty is less rewarding for the model [39].
When configuration parameters (temperature and top_p) were adjusted,
several processes remained unmapped. Multiple attempts to refine the
prompt also failed to fully resolve this problem.

More complex and partly subjective tasks, such as converting biogas
to natural gas based on heating value, were not performed. This limi-
tation may be mitigated with greater data availability in the LCI data-
base. Limited data availability likely also contributed to mappings such
as biogas being mapped to “Gas” and specific chemicals being mapped to
“Chemicals”. While this is not ideal, it aligns to some extent with com-
mon LCA practice, especially when there are limitations on modeling the
missing process.

Inconsistent mappings such as assigning the parabolic trough col-
lector to “Machinery and Equipment” in one run and to “Metals basic” in
another indicate fundamental ambiguity in the LLM’s results. Similar
inconsistencies were observed for different facility types (both labeled as
“factory” in the input) and different process locations across multiple
runs.

Unit mismatches introduce additional ambiguity. For instance,
mapping the photocatalyst production facility to “Buildings, non-resi-
dential” introduces complications because the FORWAST database ex-
presses this process in monetary units (EUR 2003), whereas other
databases represent such facilities in physical units. This discrepancy
illustrates the risk of ignoring unit inconsistencies during LLM-based
mapping. Despite these limitations, the successful application of
density-based conversions for volume-to-mass transformations shows
the framework’s capability to convert units.

The mapping of CO2 biogenic to “Carbon dioxide, non-fossil” reflects
an appropriate mapping of biogenic carbon streams. The mapping of
ammonia to “Fertilizer, N” demonstrates contextual reasoning but also
introduces new challenges, such as determining the appropriate equiv-
alent quantity, which was not solved by the LLM.

The LLM’s performance with electricity inputs containing special
characters, multilingual entries, and intentional spelling errors demon-
strates linguistic flexibility. Moreover, despite the previously noted
misalignments, elementary flow mappings consistently achieved high
accuracy across all test cases.

Currently, to the best of our knowledge, there are no studies that use
LLMs on heterogeneous LCI data to automate LCA in a way that would
allow for direct comparison to our results. However, there are similar
tools and approaches: For example, the Flamingo tool applies natural
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language machine learning to automatically identify environmental
impact factors for products [40]. On a dataset of 664 products, it ach-
ieved a matching accuracy of 75%. Furthermore, the Parakeet tool es-
timates greenhouse gas emissions (e.g. corporate scope) with an average
precision of approximately 87% [25]. A whitepaper by Makersite eval-
uated LLM-based estimates for global warming potential and found that,
for some products, the deviation from modeled impact assessment re-
sults was extremely high, up to 508,903% [41]. In contrast, a study in
which an AI-powered agent calculated environmental impacts based on
information extracted from webpages and text documents, reported a
maximum deviation of approximately 12% compared to a full LCA [42].

Our evaluation was based on a single raw LCI dataset, which limits
the validity of the results compared to testing across multiple datasets
from diverse sources. However, by publishing the tool as open source,
we aim to enable community-driven testing on a broader range of data,
which could help strengthen and validate our findings.

4.2. Database limitations

A major limitation of this study is the inability to use the larger-scale
ecoinvent LCI database, which is widely adopted by LCA practitioners.
Consequently, we were unable to benchmark LLM-generated mappings
against practitioner-derived mappings based on ecoinvent, substantially
reducing the significance and comparability of our results. Due to
FORWAST’s limited process availability and lower specificity, identi-
fying suitable processes was inherently challenging, which may have
negatively affected performance. However, FAULDIER is structurally
designed to allow for database interchangeability, and the prompt can
be adjusted to include database-specific requirements. Nevertheless, in
accordance with good LCA practice, this functionality should be used
only to transfer the entire product system to another database, because
assumptions and methodological approaches differ across databases.
Mixing databases may therefore lead to inconsistent results [43].

4.3. LLM limitations

Token consumption limitations present a significant technical barrier
to full database integration. Our testing revealed that, even with the
relatively limited FORWAST database, we approached a token capacity
of approximately 98,000 tokens when transmitting name, reference
product, location or environmental compartment, and unit of each
process and elementary flow. Full integration of comprehensive data-
bases like ecoinvent would only be feasible with commercial models
allowing up to 1 million tokens, unless substantial filtering or segmen-
tation of the database is applied. To reduce token size, compression tools
such as LLMLingua [44] and pre-filtering methods (e.g.
semantic-similarity pre-filtering [45]) should be evaluated, as LCI da-
tabases will likely continue to grow in size [46]. However, it is also likely
that future LLM versions will support even higher token capacities,
potentially mitigating this problem.

A significant risk of using LLMs in this context is incorrect mapping,
i.e. assigning the wrong process when no clear match exists. While this
can be adjusted in the prompt, the model might still return incorrect
results without indicating uncertainty. We also observed that the LLMs
sometimes tend to hallucinate, by slightly changing the names. In
addition, we observed result variability both across repeated runs of the
same LLM and between different LLM implementations during testing.
In some cases, the LLM failed to achieve sufficient mappings in one run
despite succeeding in another. This variability raises significant con-
cerns regarding reproducibility. To address this, coupling with or vali-
dation through complementary approaches, such as fuzzy logic methods
demonstrated in other fields of research [19,20], should be considered.
Unit conversion, while generally successful, revealed inconsistencies in
specific cases. The framework's current implementation applies con-
versions without providing transparency about the assumptions or
sources for density values and other conversion factors.
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While our evaluation exclusively used open-weight LLMs, this choice
may have limited performance compared to commercially available
models with potentially superior capabilities. Since only Alibaba Cloud
Qwen 3 235B A22B Thinking 2507 successfully handled our task, and it
also performs better in general benchmarks, compared to the other LLMs
we used [47], this may indicate that higher overall model performance is
beneficial for LCA applications. It also shows that the task involves a
level of complexity that exceeds the capabilities of basic LLMs. The
runtimes recorded for the LCI mapping may not be fully representative,
as they are influenced by the performance of the hosting platform and its
system load.

4.4. Methodological considerations

Our current implementation lacks testing across diverse LCI datasets,
for example, representing different industries and data types, as well as
database and LLM switches, all of which could lead to substantially
different outputs. In the prompt, we did not allow the model to output
“unknown” for uncertain mapping. This design choice, while ensuring
mapping completeness, might have sacrificed precision. However,
allowing “unknown” entries would result in unmapped processes,
raising the question of whether the LCA practitioner must intervene at
this stage to model the missing processes or whether LLMs can auton-
omously handle such gaps, for instance, by extracting LCI data from
literature. This issue requires further testing and discussion, particularly
regarding the desired level of practitioner involvement and the extent to
which LLMs can effectively resolve such data gaps. Furthermore, the
prompt itself could be further evaluated using alternative approaches,
such as few-shot learning [48].

A critical methodological gap is the absence of confidence metrics or
iterative refinement mechanisms. Without such features, users cannot
differentiate between high-confidence and potentially problematic
mappings that require expert review. However, such validation effort,
most probably required due to the opaque, "black-box" nature of LLMs,
may approach or even exceed the time investment of manual modeling.

Furthermore, using a general-purpose LLM for this task may repre-
sent an inefficient use of computational resources. A rule-based system
might be more resource-efficient but lacks flexibility regarding database
updates, user-specific requirements, and dynamic factors. Alternatively,
approaches such as retrieval-augmented generation and fine-tuning
could be applied to customize a general-purpose model and potentially
allow the use of smaller models that, with these techniques, are still
capable of performing the mapping task.

The simplified heuristic approach for distinguishing processes and
elementary flows, as well as handling by-products, does not align with
the full spectrum of LCA methods and may result in inconsistencies and
non-preferred methodological choices. At present, Brightway 2 is used,
and expanding framework compatibility to the latest Brightway 2.5
version is necessary.

5. Impact

FAULDIER has the potential to open new research directions by
questioning whether LCA modeling can be accelerated through the
direct use of heterogeneous LCI data, thereby reducing or even elimi-
nating the need for manual curation. This raises an important question
about whether such automation is feasible given the inherent in-
consistencies and sometimes non-reproducible nature of LLMs, which
could compromise the precision required in LCA studies.

Another aspect to examine is whether this approach could broaden
the applicability of LCA by dynamically adapting to data derived from
the outputs of other software tools. If successful, this capability might
lead to an increase in the number of environmental assessments con-
ducted, ultimately contributing to improved environmental perfor-
mance overall by simplifying and accelerating the LCA process.

Beyond enabling new research questions, FAULDIER also enhances
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the pursuit of existing ones. By supporting the integration of outputs
from other tools, it facilitates software coupling, which is particularly
valuable for method integration. In the context of prospective LCA,
where multiple database modifications are often employed to represent
scenarios or uncertainty ranges, FAULDIER could significantly ease
implementation.

Although some features remain under development, the framework
could have the potential to transform daily practice for LCA practi-
tioners by reducing the need for manual curation. Its ability to poten-
tially adapt to database updates, even when naming conventions or
process structures change, further reduces the effort required to main-
tain models over time. In the future, these advancements could auto-
mate workflows to a greater extent, saving time, minimizing human
error, and ultimately accelerating sustainability decision-making sup-
port. However, it remains to be investigated to what extent such auto-
mation is fully achievable with this type of system.

6. Conclusions and future work

While mapping accuracy, current technical, and licensing constraints
limit FAULDIER's immediate applicability to LCA workflows, future
advancements in both LLM capabilities and database accessibility,
combined with further methodological implementations within
FAULDIER, could potentially support LLM-assisted LCA workflows,
provided that the reproducibility of generated results can be ensured. To
validate this potential, further testing is required across various LCI
datasets and databases, input formats, as well as improved data-
handling and prompting strategies. Achieving this will require
addressing both technical and licensing challenges.

Future work should include testing FAULDIER on previously
modeled LCAs. This would allow a direct comparison between manual
and automated results and help identify key drivers for deviations, such
as poorly mapped processes and elementary flows. Multiple runs would
need to be performed on this dataset to account for potential variations
in the LLM. To reduce the trade-off between automation and mapping
success, implementing mechanisms to quantify mapping confidence and
provide alternative mappings would enhance transparency and reduce
validation effort. An iterative procedure of feeding back low-confidence
mappings to another LLM run could improve the mapping. Alterna-
tively, the development of fine-tuned LLMs on LCA datasets could
improve mapping precision and alignment with LCA practitioner pref-
erences. Moreover, mapping performance could also be enhanced by
ensemble approaches, where multiple LLMs are queried and their results
cross-validated, or even through models "talking to each other" during
the mapping process to reach consensus. With these implementations,
the question of whether LLMs can be integrated into LCA workflows may
be addressed more comprehensively.
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