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Abstract

Life Cycle Assessment (LCA) is one of the most used methodologies for evaluating

environmental impact, but its effective application is severely limited by missing data,

an issue that existing methods for Life Cycle Inventory (LCI) data completion cannot
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address effectively. This paper proposes a paradigm shift: rather than depending ex-

clusively on numerical correlations, we leverage the extensive contextual information

inherent in process descriptions via pre-trained language models, establishing a seman-

tic bridge between qualitative descriptions and quantitative environmental ŕows. Our

semantic-based neural network framework, SemaNet, achieves superior performance in

predicting missing LCI values, surpassing existing state-of-the-art methods in various

evaluation metrics. The results are signiőcant: while existing approaches fail completely

under high data sparsity, our method achieves high accuracy even with 100% missing

numerical data while reducing computational requirements by 99% through the use

of semantic őltering. This new method for LCI data completion signiőcantly reduces

the data collection efforts and time for LCA practitioners, making reliable and faster

environmental impact assessment feasible, even when primary data does not exist, thus

facilitating reliable sustainability assessment across industrial sectors.

keywords: Life Cycle Assessment, Semantic Learning, Neural Network Method, Data

Efficiency, Life Cycle Inventory

Synopsis

Our framework enables reliable environmental prediction even without life cycle inventory

data, improving the speed, cost, and feasibility of life cycle assessments across sectors.

1. Introduction

Life Cycle Assessment (LCA) has been recognised as one of the most established methodolo-

gies for thoroughly evaluating environmental impacts, offering essential insights across the

entire product life cycle, from the extraction of raw materials to disposal at the end of life.1 As

the challenges of global sustainability become more intense, LCA has become indispensable

for informed decision-making in diverse domainsÐguiding sustainable manufacturing prac-
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tices, evaluating emerging low-carbon technologies, and optimizing environmental resource

management.2 For example, LCA facilitates a thorough exploration of the environmental

trade-offs associated with renewable energy systems, revealing the hidden impacts in solar

photovoltaic technology, which range from the extraction of materials to the production of

panels and their eventual recycling.3

The foundation of a reliable LCA is the creation of a complete and accurate Life Cycle

Inventory (LCI), which provides a comprehensive record of all the input and output ŕows

across the entire lifecycle of a product or process.1 However, constructing a comprehensive

LCI presents a fundamental challenge: industrial process data often do not exist, and when

they do, the collection of these data is very time-consuming and resource-intensive, requiring

meticulous investigation and extensive laboratory testing.4,5 This challenge is further compli-

cated by the prevalent practice of data withholding in industrial settings, where process data

frequently constitutes signiőcant intellectual property. While alternative approaches such as

using proxy datasets and data extrapolation have been proposed,6,7 they bring with them

signiőcant uncertaintyÐstudies have shown order-of-magnitude discrepancies between ex-

trapolated estimates and direct measurements.8,9 This LCI data completion problem creates

a contradictory scenario: while accurate, reliable and fast environmental impact assessments

are becoming increasingly essential, they remain considerably constrained by the scarcity of

available LCI data.

A possible way to address this challenge is to formulate the LCI data completion prob-

lem as a matrix completion task.10 In the matrix completion literature, traditional meth-

ods usually introduce mathematical and statistical techniques to predict missing values in

structured datasets. For instance, Mazumder et al.11 developed spectral regularisation algo-

rithms that utilise low-rank structure via a soft-thresholded singular value decomposition,

providing stable convergence for incomplete matrices. Soni et al. (2017) studied the noisy

matrix completion problem, by using sparsity-regularized maximum likelihood estimation to

recover matrices from different noise models. Jin et al.12 introduced ℓ2,1-norm regularised

3



sparse matrix factorisation techniques for robust data completion of matrices with noise or

corrupted observations. Petrov et al.13 proposed a matrix completion framework that can

model sparse measurement errors, employing a two-mask iterative update strategy alongside

canonical-angle based subspace alignment to jointly recover the low-rank matrix and the

sparse error component.

Matrix-oriented methods have inspired early attempts in the LCA domain. For instance,

Liu et al.14 introduced a multiple imputation method to address high missing data in the

steel plant’s inventory datasets, providing stable estimates even under non-linear and high-

uncertainty conditions. Moreau et al.15 used kriging (a geostatistical interpolation method)

to estimate absent LCI values in the hydroelectric power plant’s dataset. Hou et al.10 formu-

lated the LCI gap-őlling task as a similarity-based completion problem, leveraging structural

regularities in unit process matrices and constructing LCI data completion strategies based

on statistical similarity and data availability.

These early attempts are primarily based on traditional statistical or optimization frame-

works, which rely on structured matrix representations and domain-speciőc assumptions.

More recently, researchers in the artiőcial intelligence őeld have begun exploring machine

learning techniques to forecast missing LCI data more ŕexibly and accurately.16ś24 Signiő-

cant contributions encompass the application of neural networks for predicting the effects of

chemical production16,17 and the development of machine learning models aimed at estimat-

ing the ecotoxicity factors for a range of chemicals.19 Building on this trend, Zhao et al.24

developed the extreme gradient boosting (XGBoost) algorithm to tackle the LCI data őlling

task, which achieves superior prediction performance with up to 20% of the data missing.

Despite these advances, a critical limitation remains: these approaches rely solely on

numerical correlations among observed ŕows, entirely neglecting the important contextual

information that is inherent in process descriptions. These descriptions contain technical

speciőcations, geographical contexts, and operational conditions, which represent a signiő-

cant amount of domain knowledge that has the potential to enhance prediction models. The
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core idea is that process descriptions contain latent semantic patterns that can assist the

prediction process for missing data even with few observed data, allowing for precise predic-

tions even in situations of high data scarcity. While recent explorations like the Flamingo

framework25 have initiated the application of semantic information to LCI-related tasks such

as automated environmental impact factor matching, they have yet to address the funda-

mental LCI data completion challenge of predicting missing unit process data, which remains

a signiőcant bottleneck in achieving reliable and fast LCAs at scale.

This paper presents a novel framework, SemaNet, which utilizes a semantic-based neural

network to signiőcantly improve the performance of predicting unit process data in LCA. Our

approach bridges the link between textual process descriptions and numerical ŕow data, al-

lowing for more precise predictions even in situations characterized by extreme data sparsity.

The main contributions of this work are:

1. We introduce the őrst framework that bridges textual process descriptions with nu-

merical ŕow data, enabling LCA prediction results of higher accuracy. By selecting

only semantically relevant neighbors, our approach achieves superior results with just

1% of the data traditionally required.

2. We develop a uniőed neural architecture that jointly optimizes classiőcation and regres-

sion, eliminating error propagation issues found in two-stage methods. This approach

reduces computational time from hours to minutes compared to the state-of-the-art

approaches.

3. Notably, we demonstrate data prediction capability in true zero-shot scenariosÐwhere

only process names are available with no ŕow data. This feature allows the LCA

practitioners to perform preliminary life cycle assessments where other existing LCI

completion methods completely fail, fundamentally transforming the potential for fore-

casting environmental data deőciencies.

4. We provide an open-source Ecoinvent data protocol that automatically extracts both
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textual and numerical process data, with every step publicly inspectable. This guar-

antees that any researcher can rerun the same workŕow on the same Ecoinvent release

and obtain identical results, accelerating the adoption of semantically enhanced LCA

methods.

The rest of this paper is organized as follows: Section 2 formulates the unit process

data prediction problem and introduces our semantic reformulation; Section 3 provides our

SemaNet framework and describes the experimental dataset; Section 4 presents compre-

hensive experimental results demonstrating our approach’s performance, and discusses key

implications, limitations and avenues for future work.

2. Materials

This section establishes how unit process data is structured, examines traditional prediction

approaches, and introduces our semantic reformulation.

2.1. LCA Data Structure and Matrix Formulation

LCI data is naturally represented as a matrix where columns correspond to unit processes and

rows represent ŕows. Each unit process contains a structured name with: (1) a Reference

Product Name, (2) a Geography Code, and (3) an Activity Name. Each ŕow represents

either an intermediate exchange between processes or an elementary exchange with the

environment. Table 1 illustrates this structure using electricity production as an example.

The process łElectricity, high voltage//[AT] electricity production, hard coalž produces 1

kWh of electricity while consuming 0.386 kg of hard coal and emitting 0.804 kg of CO2 and

0.0456 m3 of water.

Mathematically, we represent the LCI database as a matrix Y ∈ R
n×m with n processes

and m ŕows. In practice, this matrix is extremely sparseÐthe Ecoinvent 3.11 database

contains 26,034 processes and 29,271 ŕows with only approximately 0.22% non-zero entries.
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This indicates that only about 0.22% of all possible process-ŕow combinations have a non-

zero value, indicating an actual environmental exchange or ŕow between the corresponding

process and ŕow, while the remaining 99.78% indicate no direct interaction. The sparsity

reŕects both the natural structure of industrial processes (each process uses only a small

subset of all possible ŕows) and the widespread missing data problem in LCA.

2.2. Traditional Numerical Prediction Approaches

The state-of-the-art approach for predicting missing LCI data, developed by Zhao et al.,24

formulates this as a matrix completion problem. For any process i, we deőne Ki as the set

of known ŕow indices and Ui as the set of unknown ŕow indices that require prediction. The

traditional prediction task employs a function:

ŷij = f
(

{yik | k ∈ Ki}, j
)

, for each j ∈ Ui (1)

This function learns patterns from known values to predict missing ones. While effective

with limited missing data (≤ 20%), this approach deteriorates rapidly as data sparsity

increases and completely fails when data is 100% missing. The fundamental limitation is

that numerical-only methods cannot recognize functional similarities between processes that

share ŕow patterns based on their technical, geographical, or operational characteristics.

Table 1: Example Life Cycle Inventory Matrix (AT: Austria)

Flow Type Electricity Production Hard Coal Supply ...

Electricity, high voltage//[AT] Hard coal//[AT]

electricity production, hard coal market for hard coal

Electricity, high voltage (kWh) 1.000 0 ...

Hard coal (kg) 0.386 1.000 ...

CO2 emissions (kg) 0.804 0 ...

Water emissions (m3) 0.0456 0 ...

... ... ... ...

7



2.3. Semantic Reformulation for Enhanced Prediction

To address these limitations, we propose integrating semantic information from process de-

scriptions into the prediction function:

ŷij = f sem
(

{yik | k ∈ Ki}, j, ei
)

, for each j ∈ Ui, (2)

where ei represents semantic embeddings derived from the process i’s textual description.

This reformulation fundamentally transforms the prediction task in three critical aspects.

First, it expands the information space by incorporating not just numerical correlations but

also the contextual knowledge embedded in process descriptions. Second, it facilitates the

identiőcation of functional similarities among processes that share related descriptions (e.g.,

different photovoltaic production methods). Third and most importantly, it allows zero-shot

prediction, i.e., generating estimates for processes with no observed ŕow data, relying solely

on their textual descriptions.

The semantic embeddings effectively establish a connection between the qualitative do-

main knowledge encoded in process descriptions and the quantitative ŕow data. This ap-

proach improves both accuracy and interpretability, especially in situations of extreme data

sparsity where methods relying solely on numerical data are inadequate.

The following section details our implementation of this semantic prediction approach,

demonstrating its inŕuence on LCI data prediction under different levels of data availability.

3. Methods

To implement the semantic-enhanced prediction idea outlined in Section 2, we developed

a framework that bridges textual process descriptions with numerical ŕow data (as illus-

trated in Figure 1). The SemaNet framework addresses these challenges by recognizing that

processes with semantic similarities frequently exhibit comparable ŕow patterns, despite
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Figure 1: Architecture of the Semantic-based Neural Network (SemaNet) framework showing
the process ŕow from semantic embedding through sample selection and feature fusion to
coupled prediction.

variations in their numerical proőles. This insight allows us to make accurate predictions

even in cases where conventional methods fail completely. The framework consists of four

integrated components: semantic embedding of process descriptions, semantic-based sam-

ple selection, feature processing and fusion, and a coupled neural architecture that jointly

handles classiőcation and regression tasks.

3.1. Semantic Embedding of Process Descriptions

We employed the Sentence-Transformers (SBERT) framework26 to convert textual process

descriptions into dense vector representations. The SBERT framework offers a variety of

pre-trained models with differing trade-offs in terms of semantic accuracy, computational

cost, and embedding dimensionality1.

1A full list of available models can be found at: https://www.sbert.net/docs/sentence_transformer/
pretrained_models.html
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After preliminary evaluation, we selected ‘all-MiniLM-L6-v2’ as the sentence embedding

model. Larger models like "all-mpnet-base-v2" have slightly better benchmark performance,

but they produce 768-dimensional embeddings and use a lot more memory and time. Given

that our framework needs to embed and compare more than 20 thousand unit process de-

scriptions efficiently, these heavier models proved impractical in our context. In contrast,

‘all-MiniLM-L6-v2’ provides a favorable balance between speed and semantic quality. It

generates compact 384-dimensional embeddings by default and contains only 22 million pa-

rameters, making it approximately őve times faster than ‘all-mpnet-base-v2’ in practice.

During our validation tests on LCI-related texts, this model consistently produced stable

and meaningful semantic representations with minimal overhead.

For LCA processes with their structured naming convention (e.g., "electricity, high volt-

age//[AT] electricity production, hard coal"), we separately embedded the Reference Prod-

uct, Geography, and Activity Name components. These three 384-dimensional vectors were

then concatenated to form a 1152-dimensional semantic representation for each process.

This method effectively captures crucial technical and contextual relationships among

processes. For example, when we analyzed photovoltaic processes from different regions us-

ing t-distributed stochastic neighbor embedding (t-SNE) visualization, processes with similar

technical characteristics (like "electricity production, photovoltaic, 3kWp slanted-roof instal-

lation, multi-Si") clustered together despite geographical differences (CN-BJ versus CN-CQ).

The average similarity among processes within semantic clusters was found to be high (e.g.,

≥ 0.8010), in contrast to a lower between-cluster similarity (e.g., ≤ 0.4353). This quantita-

tive evidence shows that our embeddings effectively reŕect meaningful process relationships.

Employing sentence-level embedding offers signiőcant advantages over word-level ap-

proaches in the analysis of LCA data. It preserves the contextual importance of special-

ized terms and reŕects underlying operational similarities that might be missed in simpliőed

representations. The understanding of semantical information is especially important when

predicting ŕow data in situations where there is little to no observed data. In such cases,
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the model must depend largely on textual information to identify relevant patterns.

3.2. Semantic-Based Sample Selection

One of the signiőcant advancements of SemaNet is the careful selection of training data

based on semantic similarity. Traditionally, the methodology in machine learning has relied

on the use of all available data for training purposes. However, our őndings suggest that this

setting may hinder performance in predicting LCI data, speciőcally resulting in decreased

prediction accuracy and increased computational complexity. This is because incorporating

unrelated or semantically distant processes introduces irrelevant variations and noise, making

it challenging for the model to identify meaningful and generalizable patterns relevant to the

target LCI predictions.

To implement this selective training strategy, we leverage the semantic embedding vector

(that is 1152 dimensions and has already been computed for each unit process description)

to compute the similarity score between the target embedding and each candidate training

sample. An intuitive way to obtain this similarity score is by calculating traditional distance

metrics, such as Euclidean or Manhattan distances. However, these traditional distance met-

rics are normally ineffective in high-dimensional spaces, as most vectors in high-dimensional

spaces have similar norms and closer distances.

Cosine similarity is a more advanced metric for the similarity score, as it focuses more

on the angular difference between vectors rather than the magnitude difference. Beneőting

from this characteristic, it is more semantically meaningful for comparing dense vector rep-

resentations. Cosine similarity has become common with the rise of embedding models like

Word2Vec27 and GloVe,28 where semantic relationships are encoded through vector direction

rather than magnitude. It is also more robust to variation in phrasing, sentence length, and

token compositionÐproperties particularly relevant to process names in LCI databases.

Based on these considerations, we adopt cosine similarity between the target process
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embedding and all training process embeddings:

sim(i, j) =
ei · ej

||ei|| · ||ej||
(3)

to rank training samples.

Then, for each prediction task, we select only the top 1% most similar processesÐapproximately

290 out of 29,261 potential training examples. This selective approach contradicts the con-

ventional wisdom that łmore data is betterž but delivers remarkable beneőts. Training time

drops from over 10 hours (XGBoost on full data) to just 1 minute on our approach, while

simultaneously improving prediction accuracy across all missing scenarios.

This signiőcant improvement arises from the focused learning environment created by

semantic selection. Instead of attempting to learn general patterns across all industrial pro-

cesses (that is an almost impossible task due to their diversity), our model concentrates on

semantically similar processes that are expected to exhibit relevant ŕow characteristics. This

method reŕects the way humans would tackle the problem, emphasizing similar processes

rather than attempting to identify universal patterns across entirely different industrial sec-

tors.

3.3. Feature Processing and Fusion

The combination of semantic embeddings and numerical ŕow data poses a challenge, largely

due to the distinct scales and features that each data type possesses. In this section, we

developed a thoughtfully calibrated processing pipeline to facilitate the effective integration

of these information sources.

For semantic embeddings, we apply a scaling transformation:

escaled
i = η · ei. (4)

where the scaling η controls the inŕuence of semantic information relative to numerical data.
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At lower values, the model underutilizes semantic information, whereas at higher values,

semantic information overshadows numerical patterns, leading to a decline in performance.

The LCI data presents unique challenges for normalization due to the wide range of

magnitudesÐŕow values can range from 10−12 to 106 across different processes and ŕow

types. To address this challenge, we implemented a two-step normalization process:

yrow
ij =

yij

max(|min(yi)|,max(yi))
and ynorm

ij =
yrow
ij

max(|min(y·j)|,max(y·j))
(5)

The initial step normalizes each process’s ŕows relative to its internal range, while the sub-

sequent step normalizes each ŕow type across different processes. This approach preserves

crucial relative relationships while also ensuring that all features fall within a range that is

appropriate for training neural networks.

These processed features (i.e., scaled semantic embeddings and normalized ŕow values)

are subsequently concatenated with the index of the ŕow that is being predicted to create

the input vector:

xi = concat(escaled
i , {ynorm

ik | k ∈ Ki}, j). (6)

This fusion approach allows the model to utilize both semantic information and numerical

patterns simultaneously, effectively addressing the limitations inherent in approaches that

rely solely on either aspect.

Note that, in the special case where no numeric data are available for the target process

(i.e., a zero-shot scenario), the semantic embedding becomes the sole input feature for pre-

diction. As illustrated in Figure 1, although no numerical LCI features are involved in this

setting (i.e., xi = η · ei), the value of η still inŕuences the model’s behavior by adjusting the

magnitude of the semantic signal entering the network. This modulation can subtly affect

neuron activations and, consequently, the őnal output. Thus, η provides a meaningful con-

trol over how strongly the model responds to semantic information, even when no numeric

data are present.
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3.4. Coupled Neural Network Architecture

A key limitation of the XGBoost method24 is its dependence on a two-stage process: ini-

tially determining the presence of ŕows (zero versus non-zero), followed by the prediction of

values for non-zero ŕows. This division leads to error propagation issues, as misclassiőca-

tions occurring in the initial stage have a lasting impact on the regression outcomes in the

subsequent stage. In contrast, our architecture addresses this limitation by jointly learning

both tasks.

The proposed network is composed of three main components: a shared backbone, a

classiőcation branch, and a regression branch, which are all interconnected via an attention

mechanism. The shared backbone consists of three fully connected layers, with each employ-

ing the Rectiőed Linear Unit (ReLU) activation function (to introduce the nonlinearities).

This shared representation guarantees that both classiőcation and regression tasks beneőt

from common feature learning.

For the classiőcation branch, it utilizes the backbone’s output to estimate the probability

of a non-zero ŕow:

p̂ij = σ(fclass(xi)), (7)

where σ is the sigmoid activation function.

After obtaining this probability vector, rather than treating it as a separate preliminary

step, we aim to let it play an active role in guiding the regression stage. Based on this idea,

our framework feeds this classiőcation output p̂ij into a lightweight multi-head self-attention

module:

ai = Attention(Wp̂ij). (8)

where W is a learned linear projection matrix that transforms the classiőcation vector into a

format suitable for attention processing. The transformed vector is then used as the query,

key, and value in a single-token self-attention operation. This turns the attention mechanism

into a channel-wise reweighting function that captures dependencies across ŕow classes. The
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resulting attention vector ai ∈ R
64 is concatenated with the shared feature representation xi

and passed into the regression branch:

v̂ij = freg(concat(xi, ai)), (9)

The őnal prediction combines both outputs:

ŷij = p̂ij · v̂ij (10)

This coupling allows feedback from the classiőcation learning to inŕuence the regression

task and, conversely, allows classiőcation to inform regression learning. When a ŕow is

incorrectly categorized as zero but regression indicates a signiőcant value, this inconsistency

can guide parameter updates that reduce such errors in future iterations.

3.5. Model Training Optimization

Our approach involves optimizing the model through a loss function that effectively balances

the objectives of classiőcation and regression:

L = λLclass + Lreg, (11)

where Lclass represents the binary cross-entropy loss for the classiőcation task, Lreg denotes

the mean squared error for the regression task, and λ controls their relative importance. To

guarantee the balanced feedback for both tasks, we select λ = 1.0 in this paper.

We employ the Adam optimizer with an initial learning rate of 0.001 and incorporate

a learning rate scheduler that decreases the rate by 50% when validation loss remains un-

changed for 5 consecutive epochs. This adaptive approach allows rapid initial convergence

while also providing őne-grained optimization as the training progresses. Furthermore, im-

plementing early stopping with a patience of 20 epochs serves to mitigate overőtting while
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also reducing unnecessary computational efforts.

A critical aspect of our training approach is the initialization strategy. In contrast to the

method proposed by Zhao et al.24 that requires hyperparameter tuning (that is computa-

tionally intensive) for each level of data sparsity , our approach demonstrates stability across

different initialization seeds. This will be further illustrated in the later experiments.

3.6. Dataset and Implementation

We conducted our experiments using the Ecoinvent 3.11 database,29 which is one of the most

comprehensive and used LCI database available. After preprocessing, the dataset included

26,034 unique processes and 29,271 distinct ŕows, resulting in an extremely sparse matrix

with around 0.22% non-zero entries.

A difficulty in using Ecoinvent data lies in its typical accessibility via proprietary LCA

software (e.g., OpenLCA 2, SimaPro 3), which limits the reproducibility and broad appli-

cation of data-driven methods. To address this limitation, we developed an automated ex-

traction pipeline speciőcally designed to process the native XML-format SPOLD őles. This

pipeline extracts not only the numerical ŕow data but also the textual process descriptions

essential for semantic analysis.

Our pipeline adheres to a methodical framework: Initially, it associates activity IDs with

their respective locations and names by traversing all SPOLD őles. It then extracts activity

descriptions, intermediate exchanges, and basic exchanges from each őle, using activityLinkId

references to rebuild the interrelations across processes. Upon cleansing and standardizing

the data (eliminating erroneous entries, addressing duplicates, and normalizing units), it

produces a structured matrix format appropriate for analysis. More details with pseudocode

can be found in the supporting material.

All experiments were implemented in Python 3.8 using PyTorch for deep learning com-

ponents and NVIDIA CUDA for GPU acceleration. The code was executed on a workstation

2The official website of the OpenLCA software: https://www.openlca.org
3The official website of the SimaPro software: https://simapro.com
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with an Intel Core i9-14900KF CPU and NVIDIA RTX 4090 GPU. This conőguration pro-

vided sufficient computational resources to effectively handle the challenging training scenar-

ios. The entire implementation, including the data extraction pipeline and SemaNet code,

will be made accessible to the public to guarantee reproducibility and facilitate adoption.

4. Results and Discussion

This section provides a detailed account of the experiments conducted to assess the effective-

ness of our SemaNet framework. In more detail, we begin by validating the effectiveness of

the semantic embedding approach, then evaluating the performance of classiőcation and re-

gression under different levels of data sparsity, and őnally analyzing the framework’s compu-

tational efficiency and robustness. All the experiments were conducted utilizing the dataset

and implementation outlined in Section 3.6, and all the evaluation metrics are summarized

in the supporting material. Note that unless otherwise speciőed, all reported results are vali-

dated over test sets built from ten held-out unit processes and therefore reŕect generalization

performance rather than training behavior.

4.1. Semantic Embedding Validation

Prior to assessing the effectiveness of our predictions, we initially conőrmed that our semantic

embedding method effectively captures signiőcant relationships among processes. We chose

30 processes from the Ecoinvent dataset and organized them into three groups of ten, each

representing a unique domain.

1) Photovoltaic electricity generation processes varying by panel type (mono vs. poly-

crystalline silicon), installation method (slanted-roof vs. facade), and geographical location

(e.g., CN-BJ, CN-CQ, CH, RoW).

2) Heat and power co-generation processes differing in capacity (50kW to 1MW), func-

tionality (electricity-only vs. combined heat and power), and geography.
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3) Land tenure and transformation processes involving agricultural maintenance, forest

conversion, and transition to perennial crops across different Brazilian regions.

We generated embeddings for these processes using SBERT approach and applied t-SNE

dimensionality reduction to visualize their relationships in a two-dimensional space, as shown

in Figure 2.

Figure 2: The t-SNE visualization of process embeddings showing clear clustering of seman-
tically related processes. The three distinct clusters correspond to (1) photovoltaic electricity
generation (blue), (2) heat and power co-generation (orange), and (3) land tenure and trans-
formation (green). Representative process names for each cluster are shown on the right.

The visualization demonstrates clear clustering based on the type of process involved.

Processes within each domain create unique clusters, as those with comparable technical

characteristics tend to group together, even when separated by geographical boundaries. For

example, the term łElectricity, low voltage//[CN-BJ] electricity production, photovoltaic,

3kWp slanted-roof installation, multi-Siž and the same process in [CN-CQ] are close to

each other, indicating that the embedding effectively reŕects their functional similarity, even

though they originate from different locations. Interestingly, the visualization also reveals
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that the electricity-related clusters (photovoltaic and co-generation) appear closer to each

other than to the land transformation cluster. This conőguration underscores their interde-

pendence throughout energy systems.

The őndings from quantitative analysis (which is summarized in Table 2) corroborated

the visual observations made. The average cosine similarity between processes within the

same cluster was 0.8010, while the average similarity between processes from different clusters

was less than 0.4353. This distinct separation demonstrates that our embedding approach

effectively captures the semantic relationships critical for recognizing similar processes.

Table 2: Average Cosine Similarity: Intra- vs. Inter-Cluster Processes

Process (1) Process (11) Process (23)

Group 1 (Photovoltaic electricity generation) 0.8529 0.4353 0.2002

Group 2 (Heat and power co-generation) 0.3685 0.8010 0.2001

Group 3 (Land tenure and transformation) 0.1971 0.1673 0.8659

4.2. Effect of Top k% Semantic Selection on Accuracy and Runtime

Before formally evaluating SemaNet’s classiőcation and regression ability, a preliminary step

is to assess how much data is necessary for SemaNet’s training without affecting prediction

accuracy. Consequently, we select one unit process out of the Ecoinvent dataset as the

held-out test set and randomly mask 10% of the entries in the test column as targets to

be predicted. Based on the idea of Top k% semantic selection, we form the training set by

taking the top k% most semantically similar processes to the test process (from the cosine

similarity of the rest 26,033 processes). For each k, SemaNet is trained for 1,000 iterations

and after training, we evaluate on the masked entries. The accuracy of predictions is assessed

using two common error metrics: Normalized Mean Absolute Error (NMAE) and Normalized

Mean Squared Error (NMSE), which are shown in Figure 3.
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Figure 3: Regression errors (NMAE and NMSE) on the test set across top k% selection.

Figure 3 shows that both error metrics attain their minima at k = 1%, i.e., when only

≈ 26,033 × 0.01 ≈ 260 nearest neighbours are used for training. It can be observed that,

using too few samples (when k = 0.5%) yields unstable estimates with markedly higher

errors, reŕecting high variance due to insufficient coverage of relevant ŕow behaviours. On

the other hand, enlarging the training set beyond the most relevant neighbours (e.g., k ≥ 5%)

degrades accuracy: semantically distant processes act as distractors, injecting heterogeneity

and noise that dilute the useful signal (łsemantic driftž). This validates the intuition behind

semantic őltering: the goal is not to maximise the amount of data, but to maximise the

relevance of data. Besides the error evaluation, the training time of each k% is also reported

in Figure 4.
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Figure 4: Computation time at different k% selection (evaluated on the test set).

Figure 4 shows that the runtime grows monotonically with k, as larger k increases the

size of training set to affect computation time. Under the conventional full-data practice

(i.e., k = 100%), SemaNet takes 15.26 minutes in our setup, whereas using only the top 1%

nearest neighbours őnishes in 0.24 minutesÐan ≈ 64× speed-up. Coupled with Figure 3, we

therefore őx k = 1% for the remainder of the study (Sections 4.3ś4.8). This setting preserves

the beneőts of semantic relevance and enables rapid experimentation cycles, while avoiding

the instability of extremely small neighbor sets and the negative transfer introduced by large,

semantically heterogeneous training pools.

4.3. Prediction of Non-zero Flows as a Classiőcation Task

A critical component of LCI prediction is accurately determining which ŕows exist (non-

zero) versus which are absent (zero). We treat this as a classiőcation task and evaluate

the performance of our SemaNet model at different missing data ratios, from 10% to 100%.
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Figure 5 illustrates the misclassiőcation rate (MCR) of our SemaNet model at different

missing ratios and semantic scaling factors (η).

Figure 5: Misclassiőcation rate (MCR) on the test set at different data missing ratios for our
SemaNet model with varying semantic scaling factors (η) compared to the baseline XGBoost
approach. Lower values indicate better performance.

The őndings indicate that the models that incorporate semantic information (i.e., η > 0)

consistently outperform those relying solely on numerical data (i.e., η = 0) neural network

(NN) across all missing ratios. For example, when 10% of the data is missing, our method

utilizing η = 80 yields a MCR of 3.42e-05. This indicates a remarkable 99.9% reduction in

classiőcation errors in comparison to the numerical-only neural network, which has an MCR

of 0.03977. Notably, our approach demonstrates remarkable effectiveness even with 100%

missing data (zero-shot scenario), achieving an MCR of 2.77e-4. In this extreme situation,

the numerical-only NN framework demonstrates a complete failure, as it is unable to generate

any predictions at all.

It can also be concluded from the őgure that the scaling factor η plays a crucial role

in balancing semantic and numerical information. The improvement in performance as η

increases from 0 to 80 highlights the importance of semantic information. However, further

increasing η to 200 leads to a decline in classiőcation performance. This indicates that an

overemphasis on semantic information (at the expense of numerical patterns) may not yield
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beneőcial results.

In order to conduct a comprehensive evaluation that extends beyond the binary MCR,

we assessed our method using additional classiőcation metrics: Precision, Recall, F1-Score,

G-Mean, and Matthews Correlation Coefficient (MCC). Figure 6 illustrates radar plots that

compare SemaNet (η = 80) to the numerical-only NN (η = 0) across these metrics at different

missing ratios.

Figure 6: Radar plots comparing test set classiőcation performance across multiple metrics at
different missing ratios. The SemaNet model with semantic information (orange) consistently
outperforms the numerical-only model (blue) across all metrics and sparsity conditions.

The radar plots demonstrate that semantic embeddings improve all aspects of classiő-

cation performance, extending beyond just MCR. The enhancement in Recall is especially

signiőcant, as it demonstrates the model’s ability to accurately recognize true non-zero ŕows.

This metric is particularly important in LCA applications, as neglecting process ŕows which

contribute to environmental impacts substantially could lead to considerable underestimation

of environmental impacts. These őndings demonstrate that our semantic approach funda-

mentally enhances classiőcation performance, facilitating reliable ŕow identiőcation under

scenarios where traditional methods encounter difficulties or are entirely ineffective.
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4.4. Qualitative Predictions of Non-zero Flow

While classiőcation determines which ŕows exist, regression predicts their actual values,

which is a critical task for accurate environmental impact assessment. The accuracy of

predictions is also assessed using NMAE and NMSE. Figure 7 presents a comparison of the

regression performance of our SemaNet approach against the state-of-the-art method (i.e.,

XGBoost) across different missing ratios.

Figure 7: Regression errors (NMAE and NMSE) on the test set at different missing ratios for
SemaNet (orange) versus XGBoost (blue). Lower values indicate better performance. Note
that XGBoost cannot make predictions at 100% missing data.

The őgure shows that our SemaNet framework outperforms XGBoost in all cases of

missing data ratios, which highlights the effectiveness of semantic embeddings in revealing the

relationships and preserving prediction accuracy. Note that XGBoost cannot create estimates

when all numerical data is completely absent, while SemaNet still provides reasonable ŕow

forecasts solely on text embeddings. This demonstrates the robustness of our strategy, as it

can still yield predictions despite the scarcity of data, which is desirable in practice.

Figure 8 shows the convergence of MCR for SemaNet and XGBoost at a 10% missing

ratio. It demonstrates that SemaNet begins reducing MCR as early as epoch 30, while

XGBoost does not exhibit any sign of convergence until epoch 80. It can also be seen from the

őgure that SemaNet reaches a stable low-error plateau at epoch 70 and no more improvement
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from that until epoch 90. This phenomenon demonstrates that although the model is trained

jointly on classiőcation and regression objectives, the classiőcation head tends to stabilize

őrst, resulting in a temporary plateau in MCR while regression error continues to decrease.

After epoch 90, SemaNet continues to improve its classiőcation behaviour and eventually

achieves a őnal MCR of 7× 10−5, which is better than XGBoost’s 1× 10−4.

Figure 8: Convergence of MCR for SemaNet versus XGBoost at 10% missing data. SemaNet
achieves lower error rates and faster convergence dynamics.

The performance advantage of SemaNet over XGBoost can be attributed to three main

factors: (1) the integration of semantic information that captures functional similarities

among processes, (2) a selective training strategy that emphasizes on the most relevant

processes, and (3) the coupled neural architecture that prevents error propagation between

classiőcation and regression tasks. These advancements work together to notably enhance

prediction accuracy, particularly in challenging high-sparsity situations.

4.5. Computational Efficiency

Beyond accuracy improvements, our SemaNet framework also delivers substantial computa-

tional advantages. To demonstrate this efficiency improvement, we compare their compu-
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tation time (with 150 training epochs) at missing data ratios varying from 0.01 to 0.5 (as

shown in Figure 9). Leveraging semantic-based őltering of the top 1% of data and highly par-

allelized GPU tensor operations, our SemaNet methodology (orange bars) reliably achieves

training completion within one minute across all evaluated situations.

Figure 9: Computation time at different data missing ratio (evaluated on the test set).

In contrast, the classiőcation-only variant of XGBoost (green bars) and its dual-stage

pipeline (blue bars) require signiőcantly more timeÐsometimes exceeding hundreds of min-

utes (from 19.5 minutes at 1% missing data to 417.3 minutesśaround 7 hours at 50% missing

data). Even though the regression stage in XGBoost can save time by skipping zero ŕows

for prediction, it still has to handle non-zero data, which increases computing time.

In summary, the proposed SemaNet framework improved performance by utilizing se-

mantic őltering to decrease the size of training data, simultaneously in both classiőcation

and regression performance, which has signiőcant practical implications. In practice, LCA

practitioners often need to assess various scenarios or revise LCA results as new industry

data is updated. With XGBoost, each new analysis could require overnight processing, which

signiőcantly restricts the ability to engage in iterative exploration. Our SemaNet framework
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enables rapid assessment cycles, yielding results in minutes instead of hours. Therefore, it

expands the opportunities available in practical LCA applications.

4.6. Robustness Analysis

To ensure that our results represent real improvements instead of being inŕuenced by par-

ticular data setups, we undertook a comprehensive robustness analysis through multiple

experimental runs. We executed ten independent experiments with randomized ŕow orders

and initialization seeds to assess consistency and reliability. Figure 10 illustrates boxplots of

NMAE and NMSE across these independent experiments.

Figure 10: Distribution of regression errors on the test set across ten experimental runs with
different random initializations. Boxplots show median, quartiles, and range at each missing
ratio, demonstrating consistent performance despite randomization.

In all 10 experiments, the proposed method can attain high prediction accuracy at low

missing ratios and regularly escalates with increasing missing ratios. Remarkably, even with

100% data absence, it still generates signiőcant estimatesÐhighlighting the model’s capacity
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to depend exclusively on semantic embeddings in the absence of numerical features. The

uniformity observed across many random conőgurations demonstrates the robustness of the

approach, guaranteeing its application to incomplete LCI datasets.

An interesting pattern emerges when analyzing the boxplots corresponding to various

missing ratios. As the missing ratio increases, the variability in error distributions tends to

diminish, leading to more compact boxplots at elevated levels of sparsity (≥ 50%). This

counterintuitive őnding indicates that when numerical data becomes extremely sparse, the

model increasingly depends on semantic information, which offers a consistent foundation

for predictions despite the randomization of numerical inputs.

The robustness analysis provides additional evidence that our semantic approach funda-

mentally alters the prediction challenge rather than simply offering minor enhancements. By

establishing a reliable foundation based on process semantics, we develop a robust prediction

framework that consistently performs well, even in the face of signiőcant data constraints

and diverse experimental conditions.

4.7. Validation on Structurally Diverse and Non-Standardized LCI

Dataset Beyond Ecoinvent

To further assess the generalizability of our semantic-based framework beyond Ecoinvent, we

evaluated SemaNet on an independent LCI dataset, the Tiangong LCA database4. Unlike

Ecoinvent, which is highly standardized and rigorously structured, Tiangong records open-

access process data from 70 different sectors in China, including manufacturing, agriculture,

energy, and waste treatment.

Due to the diversity in different sectors, the Tiangong dataset exhibits a broader spectrum

of real-world data characteristics: process descriptions may be inconsistently structured, ŕow

completeness varies signiőcantly, and terminology is often heterogeneous. These properties

resemble the practical conditions encountered when LCA practitioners rely on self-reported

4The official website of Tiangong database: https://www.tiangong.earth/zh/data
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data, literature sources, or early-stage product development inputs (settings where process

descriptors may be vague, incomplete, or inconsistent). In this regard, Tiangong serves as a

practical proxy for the real-world challenges of incomplete LCI data with variation in either

ŕows or descriptors compared to Ecoinvent.

Following the same workŕow as described in Section 3, we applied SemaNet to this un-

structured dataset and obtained the results as shown in Figures 11 and 12. From Figure 11,

the regression accuracy of SemaNet outperforms the XGBoost method across different miss-

ing ratios. Most impressively, even with 100% missing data (i.e., only process descriptions

are available to the model), SemaNet can generate usable preliminary predictions solely

based on semantic information. In contrast, XGBoost is unable to operate (i.e., make any

meaningful predictions) in this scenario due to the absence of numerical features.

Figure 11: Regression errors (NMAE and NMSE) on the test set at different missing ratios
for SemaNet (orange) versus XGBoost (blue). Lower values indicate better performance.
Note that XGBoost cannot make predictions at 100% missing data.

Figure 12 demonstrates SemaNet’s exceptional scalability and computational efficiency.

The semantic-based sample őltering mechanism constrains training time to under ten seconds

across all evaluated missing ratios, enabling rapid iterative deployment in industrial envi-

ronments. This computational advantage proves critical for real-time applications requiring

frequent model updatesÐevaluating new suppliers, adapting to evolving product speciőca-
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tions, or responding to dynamic design constraints during early development phases.

Figure 12: Computation time at different data missing ratio (evaluated on the test set).

4.8. Quantifying Architectural Gains via Module-swap Ablations

with XGBoost

To substantiate the semantic gains of the proposed SemaNet framework and evaluate whether

integrating XGBoost can beneőt the design, we extend the experiment in the last Section.

Four approaches are compared: (i) SemaNet (semantics in classiőcation and regression);

(ii) XGBoost(non-semantic baseline); (iii) SemaNet + XGBoost (SemaNet for classiőcation,

XGBoost for regression); and (iv) XGBoost + SemaNet (XGBoost for classiőcation, SemaNet

for regression). We őrst evaluate their predictive performance using the error metrics NMAE

and NMSE across different missing ratios.

Figure 13 shows that SemaNet attains the lowest NMAE/NMSE across the entire range

of missing ratios and, critically, continues to produce meaningful predictions in the zero-shot

case (100% missing). This robustness follows from applying semantic information in both
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modules: the classiőer uses embeddings to gate plausible non-zero ŕows, and the regressor

maps the same embeddings to values, yielding a coherent semantic prior even when no

numerics are available. Among other models, SemaNet + XGBoost ranks second overall. The

gain arises because semantic classiőcation exploits the sparsity of LCI matrices to identify

a compact, high-precision set of candidate non-zero ŕows, so the subsequent tree-based

regression operates on a well-őltered target set.

By contrast, XGBoost + SemaNet performs competitively only at low sparsity (missing

ratio < 0.2): with sufficient numerical evidence, the non-semantic classiőer can still pass a

reasonably accurate mask to the semantic regressor, consistent with prior observations on

tree-based models under modest missingness.24 As the missing ratio increases, classiőcation

without semantic cues deteriorates and the propagated mask becomes the accuracy bottle-

neck, which explains the rise of its error curves. Nevertheless, both hybrids improve upon

the fully non-semantic XGBoost baseline across all missing ratios, indicating that injecting

semantics into either classiőcation or regression already confers a tangible beneőt. While

at 100% missing (zero-shot), any pipeline that contains a non-semantic module fails in pre-

dicting numerical values: a non-semantic classiőer has no features to identify non-zero ŕows,

and a non-semantic regressor has no usable inputs to map to values.

Figure 13: Error comparison (NMAE and NMSE) for SemaNet, XGBoost, and two hybrids
across missing ratios.
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Besides the prediction error, we also record the training time of each approach, as shown

in Figure 14. SemaNet is the fastest, and its curve is nearly ŕat as the missing ratio increases,

reŕecting that the semantic pipeline is intrinsically lightweight under the őxed Top k% setting

and is only weakly affected by how many entries are masked. SemaNet + XGBoost ranks

second: semantic classiőcation őrst identiőes a small set of candidate non-zero ŕows in the

sparse matrix, so the subsequent tree-based regression is executed on a markedly reduced

subset; runtime grows modestly with higher missing ratios as more targets require value

estimation. XGBoost + SemaNet is slower because the front-end classiőer lacks semantic cues

and must operate on high-dimensional, mostly-zero numerics, which increases computational

burden before the semantic regressor is applied. The slowest pipeline is the fully non-semantic

baseline XGBoost(classiőcation + regression), which lacks semantic őltering to reduce the

candidate set and therefore runs both stages over nearly all entries.

Figure 14: Runtime comparison for SemaNet, XGBoost, and the hybrids at different missing
ratios.
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4.9. Practical Implications for LCA

SemaNet addresses a fundamental challenge in industrial LCA: generating reliable environ-

mental data when proprietary constraints or data scarcity prevent conventional assessment

approaches. The framework synthesizes missing LCI data through semantic inference, en-

abling comprehensive environmental assessments with 60-80% less input data while main-

taining prediction accuracy.

This data efficiency translates into quantiőable cost reductions. Traditional LCA assess-

ments incur substantial expenses through data acquisition ($20,000-$40,000), expert consul-

tation ($15,000-$30,000), database licensing ($5,000-$15,000), and extended project timelines

that delay decision-making ($10,000-$15,000 in opportunity costs). SemaNet’s semantic in-

ference reduces data collection requirements by 60-80%, eliminating most őeld studies and

primary data gathering. Expert consultation shifts from extensive data interpretation to

framework validation, reducing associated costs by 70%. Timeline compression from 6-

8 months to 6-8 weeks further minimizes opportunity costs and project overhead. These

combined efficiencies yield total assessment costs of $10,000-$20,000, representing a 70-80%

reduction from conventional $50,000-$100,000 evaluations. These improvements lower im-

plementation barriers across industrial sectors, particularly beneőting small and medium

enterprises that traditionally lack resources for comprehensive environmental assessments.

Manufacturing organizations can now integrate LCA into standard product development

cycles rather than treating environmental assessment as a specialized, external process.

SemaNet’s computational efficiency enables two complementary deployment strategies.

Expert users can integrate the framework as an interactive module within design workŕows,

generating real-time predictions from textual speciőcations. Alternatively, practitioners can

employ SemaNet offline to create semantically enriched LCI databases for standard plug-and-

play deployment. While current implementation prioritizes the interactive mode, integration

with mainstream LCA platforms represents a natural extension for broader adoption.
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4.10. Toward Trustworthy and Scalable AI-Based LCI Prediction

Ensuring the robustness and scientiőc legitimacy of the AI-generated data is critically im-

portant before applying SemaNet in practical LCI data prediction. This section outlines

some concerns and discusses how they can be addressed or mitigated.

4.10.1. Uncertainty Estimation in AI-Generated LCI Values

Uncertainty estimation is a fundamental requirement for the scientiőc use of any AI-generated

environmental data. Unlike conventional LCI datasets such as Ecoinvent, which incorporate

uncertainty through pedigree matrices and statistical distributions, most machine learning-

based methods (including our own method SemaNet) typically produce point estimates with-

out an explicit quantiőcation of prediction conődence.

To address this limitation, we outline several promising directions for future work. First,

approximate Bayesian techniques (e.g., Monte Carlo analysis and deep ensembles) could be

incorporated into the model to yield conődence intervals over predictions. Second, Gaussian

Process Regression (GPR) offers a principled alternative for delivering both point estimates

and uncertainty bounds, which has been illustrated on environmental inventory modeling.22

Third, our very recent conference paper30 has explored neural process architectures that

enable active learning and uncertainty-aware predictions, however, it has not incorporated

the semantic information in the framework.

While these approaches remain outside the scope of the present study, it is a highly

promising future direction to transit from point-based prediction to uncertainty-aware mod-

eling. Our future work will consider the integration of these approaches to further enhance

the reliability, transparency, and applicability of AI-generated LCI data.

4.10.2. Data Quality Transfer and Representativeness

When using AI to generate LCI data, one of the most important things is to keep the quality

of the data and its ability to represent the context. In our current SemaNet framework, it
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captures contextual signals implicitly through a semantic embedding scheme. As described

in Section 3.1, each unit process name is decomposed into three components (i.e., Reference

Product, Geography, and Activity Name), which are separately encoded using a pre-trained

sentence transformer. The resulting vectors are combined into a 1152-dimensional represen-

tation that keeps structure-aware semantic alignment.

This design enables SemaNet to focus more on samples that are relevant to the meaning

and context when it trains and makes predictions. For example, two processes that use similar

technologies but come from different regions are likely to be separated in the embedding

space, preserving geographic speciőcity in the inferred values. While this serves as an effective

proxy, it is still an approximation of true metadata transfer.

To improve representational ődelity, the future extensions of SemaNet may explicitly

incorporate auxiliary metadata (e.g., reliability scores, regional weights and temporal tags)

into the sample selection framework. This would allow the model to better reŕect not only

numerical similarity, but also data quality dimensions as deőned by International Reference

Life Cycle Data System (ILCD)31 and ISO 14044 standards.32 This would further align the

proposed framework with established LCA data quality principles.

4.10.3. Model Reliability for Novel Technologies

Another critical problem of machine learning-based prediction frameworks, including Se-

maNet, lies in their ability to generalize to novel or emerging technologies. These kinds

of technologies often diverge signiőcantly from the historical data used for training. Even

though the text looks similar, they may not share meaningful underlying characteristics. As a

result, relying on existing analogues can lead to unjustiőed extrapolations and overconődent

predictions.

To mitigate these risks, a possible solution is a semantic novelty detection mechanism that

measures the distance between the target process and all training samples in the embedding

space. If this similarity is less than a certain level, the prediction is marked as low-conődence,

35



which warns users that the extrapolation may not be reliable. The recent advances in

large language models (LLMs) provide an opportunity to go further. LLMs can evaluate

semantic similarity across deeper dimensions (e.g., technological functionality, environmental

relevance, and contextual operation) offering more meaningful insight into whether a process

meaningfully aligns with historical precedents.

To guarantee the transparency and methodological rigor, it is recommended that future

AI-generated LCI datasets should adhere to the ILCD data creation protocol.31 This pro-

tocol provides a structured way for documenting assumptions, indicating uncertainties, and

ensuring representativeness across technical, temporal, and geographic dimensions. At the

same time, expert validation remains essential. In accordance with ISO 14044,32 any AI-

generated data destined for public databases, particularly for emerging technologies, must

undergo expert evaluation to determine its plausibility, completeness, and conformity with

physical and technological limitations.

Finally, future extensions may combine semantic data-driven inference with mechanistic

models or expert-informed priors. These hybrid methods could provide increased robustness

in low-data regimes and ensure that AI-generated inventories remain scientiőcally credible

and practically applicable.

4.10.4. Practical Constraints and Deployment Challenges

Beyond the aforementioned methodological concerns, several broader limitations remain that

inŕuence the scalability and generalizability of SemaNet in practical deployment environ-

ments. First, the current framework supports only English-language descriptions, limiting

its applicability in multilingual industrial settings. Second, SemaNet requires on-demand

prediction for each process rather than generating reusable gap-őlled databases, posing us-

ability challenges for non-technical LCA practitioners.

To address these concerns, future research may pursue universal semantic models capa-

ble of cross-domain prediction without domain-speciőc retraining. This goal presents several
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technical obstacles: industrial vocabulary remains highly heterogeneous, current datasets

lack coverage across manufacturing sectors, and existing neural models struggle to general-

ize environmental knowledge. Achieving this vision requires developing multilingual training

corpora, curating structured ontologies, and architecting transformer-based models speciő-

cally tailored to industrial LCI tasks.
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