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 A B S T R A C T

The chemical industry needs to undergo a significant transformation towards more sustainable and circular 
production systems. To guide this transformation, estimating the environmental impacts of chemical production 
at early product screening or development stages is highly desirable. This study leverages the molecular 
structure of the process products with graph neural networks (GNNs) for early-stage environmental impact 
approximation of chemical processes. Specifically, we use end-to-end GNN models to predict fifteen envi-
ronmental impact categories, utilizing a CarbonMinds dataset of 51,905 processes producing 791 molecules 
produced in 91 countries, augmented with country-specific energy mix data. Our analysis begins with a 
comparison of Quantitative Structure-Property Relationship (QSPR) and GNN models for the climate change 
impact category. Specifically, we develop three different GNN models: (i) GNN with only molecular structure, 
(ii) GNN with molecular structure and additional geographical features, and (iii) GNN with molecular structure 
and additional energy mix features. The results indicate that the three GNN models show an improvement 
over the QSPR models. Furthermore, benchmarking our GNN models against the existing literature in the 
climate change impact category reveals that our models perform comparably. We then extend our approach 
by developing both single- and multi-task GNN models to predict all fifteen impact categories. The findings 
indicate that multi-task learning can improve model performance in complex environmental impact predictions 
compared to single-task GNNs. Therefore, we recommend using a multi-task GNN for predicting multiple 
impact categories, with single-task models applied to fine-tune performance on underperforming categories. 
Although our proposed approach shows improvements over previous models, the prediction of environmental 
impacts solely based on molecular information remains a rough approximation.
1. Introduction

The chemical industry is currently in need of a significant paradigm 
shift towards more sustainable and circular processes. This transition 
requires reducing the environmental impact associated with existing 
chemical production processes. In this context, it is critical to recognize 
that modifications in the design of chemical products and processes 
at early technology readiness levels (TRLs) (Buchner et al., 2019) are 
most feasible and cost-effective. The role of computational prescreening 
techniques (Weber et al., 2021, 2022; Ulonska et al., 2016; Minten 
et al., 2024; Preuss et al., 2024; Blanco et al., 2024) is increasingly 
important, as these methods offer a systematic approach to assessing 
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the environmental impact of chemical production processes and their 
viable alternatives during the early stage of development.

The state-of-the-art methodology for determining the environmen-
tal impact of processes and products is Life Cycle Assessment (LCA). 
LCA is an ISO-normed methodology for assessing the environmental 
impact of a product or process (Standard, 2006). The core principle 
of LCA is to trace the principal stages and processes in a product’s 
lifecycle, from raw material extraction through manufacturing, usage, 
and recycling, to eventual disposal, pinpointing and calculating the 
environmental impacts at each stage. Because of its holistic nature, 
LCA requires detailed information about the processes and products 
across all phases of the life cycle inventory—often from cradle-to-gate 
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and beyond. Specifically, in this study, we focus exclusively on the 
cradle-to-gate phase. The significant data demands, spanning multiple 
levels of the supply chain of products, often present a major obstacle 
to conducting a thorough LCA. This challenge is particularly evident 
in the chemical industry and its supply chains, which are characterized 
by complex process networks with interdependent exchanges of energy, 
mass, and water, as well as the use of diverse intermediate products 
and feedstocks. Additionally, the high data demand for a full LCA 
study often hinders early-stage screening studies on multiple product 
and/or process alternatives. Therefore, to address these data gaps, LCA 
practitioners have deployed simplified approaches (Heidari et al., 2019; 
Nakamura and Nansai, 2016; Mattila, 2017; Yang et al., 2017), for 
example, streamlined LCA (Heidari et al., 2019), to overcome the data 
scarcity problem.

Streamlined LCA uses simplified models, databases, and assump-
tions to estimate impacts without extensive data collection and analysis 
as in full LCAs. The streamlined LCA methods consist of two parts: (1) 
the input data and (2) the analysis model. The data is usually collected 
from key aspects such as the molecular structure and it can be charac-
terized by the technology readiness level as defined in Buchner et al. 
(2019). Several databases (Martínez-Rocamora et al., 2016) provide 
access to LCA impact category data, including Ecoinvent (Wernet et al., 
2016) and the European Reference Life Cycle Database (ELCD) (Fazio 
et al., 2015). These resources offer valuable data for estimating en-
vironmental impacts across various categories. The analysis model 
maps the input data to output environment impact categories through 
a predictive model. Molecular structure models (MSMs) have been 
widely used in assessing chemical products (Kleinekorte et al., 2020; 
Parvatker and Eckelman, 2018). The rationale of MSMs is that the 
molecular structure encodes key information that has a direct impact 
on (i) the intricacy of their production process and (ii) their potential 
for danger and degradation at the end of life, which in turn affects 
aspects of their life cycle environmental impact. Unlike the prediction 
of conventional physicochemical properties (Alshehri et al., 2021; Chen 
et al., 2023), such as boiling point or solubility, predictions of LCIA 
impact scores aim to assess properties of an entire industrial supply 
chain, including aspects of production processes and specific process 
conditions. This complexity introduces greater variability and noise 
into the data, making accurate predictions more challenging. Various 
modeling approaches have been explored for predicting LCA impact 
categories within MSMs. These approaches can be broadly classified 
based on molecular representation methods and the techniques used 
to map these representations to corresponding impact category values. 
Molecular representations generally fall into three categories: molec-
ular descriptors, molecular graphs, and molecular strings. Techniques 
for mapping these representations to impact values range from simple 
linear regressions to advanced machine learning models, including 
large language models, with training parameters varying from a few 
thousand to billions.

Quantitative structure–property relationship (QSPR) models (Ham-
mett, 1935), utilizing molecular descriptors, as a type of MSMs have 
been successfully deployed to predict LCA impact categories in the pre-
vious literature. QSPRs characterize molecules with various structural, 
chemical, physical, and biological features, group contributions (Al-
shehri et al., 2021; Gani, 2019), referred to as molecular descriptors 
that are then mapped to a property of interest by a linear or nonlin-
ear model, such as support vector machines, decision trees, random 
forests, and multilayer perceptrons (MLPs). For example, Wernet et al. 
(2008, 2009) first utilized both linear regression models and MLPs 
for molecular structures to predict several impact categories such as 
cumulative energy demand (CED), global warming potential (GWP), 
the biological and chemical oxygen demands (BOD and COD), the total 
organic carbon (TOC), the Ecoindicator’99(H/H): human health (HH), 
ecosystem quality (EQ), resources (R) and total (T) scores, achieving 
𝑅2 values from 0.41 to 0.69 across respective categories. Later, Song 
et al. (2017) also utilized molecular descriptors and MLPs to predict six 
2 
impact categories, including CED, GWP, HH, EQ, T, and acidification 
(AC). The 𝑅2 values ranged from 0.45 to 0.87. Sun et al. (2022) 
further utilized four common machine learning algorithms: support 
vector machines, decision trees, random forests, and MLPs to predict 
six impact categories, and the 𝑅2 values ranged from 0.73 to 0.86. 
Additionally, Baxevanidis et al. (2021) deployed six different linear and 
nonlinear regression models to predict CED, GWP, and Ecoindicator’99. 
The 𝑅2 values ranged from 0.08 to 0.26.

While predicting environmental impacts directly from molecular 
descriptors is an attractive approach, it presents challenges in achiev-
ing consistently accurate and generalizable models. Specifically, when 
using only product features such as molecular structure, these models 
most likely struggle to accurately predict aspects of the impact cat-
egories that depend on process-level decisions. This limitation arises 
because the models do not account for the production methods (e.g., de-
rived from crude oil versus electrolyzers powered by green energy), 
which significantly influences environmental outcomes. To mitigate 
this problem, Calvo-Serrano et al. (2017, 2018b,a) added thermody-
namic features with molecular descriptors as input, formulated into 
Mixed Integer Nonlinear Programming (MINLP) problems and achieve 
relative errors in the range 20%–44% for CED, GWP, COD, BOD, TOC, 
T, HH, EQ, and depletion of resources (Res). Also, Kleinekorte et al. 
(2019) additionally included process descriptors in MLPs, together with 
molecular descriptors (information commonly available at TRL 2 of 
process/product development), to predict seventeen impact categories 
with 𝑅2 between 0 and 0.66. Karka et al. (2022) incorporated MLPs and 
decision trees to process molecular descriptors, process, and energy-
related parameters, and predict twenty-three LCA metrics with 𝑅2

between 0.50 and 0.88.
Recently, end-to-end learning, operating mainly on molecular

graphs or molecular strings, has shown promising results in prop-
erty prediction and molecule generation. In contrast to traditional 
QSPR models, the aim of end-to-end learning is to train a model 
to automatically learn from input data, such as molecular graphs or 
molecular strings, to final output predictions without the need for 
manual feature engineering or intermediate steps. Molecular strings 
with large language models (Sultan et al., 2025, 2024) for molecular 
property prediction are also a promising research direction. However, 
in this work, we mainly focus on the molecular graph perspective. 
In particular, graph neural networks (GNNs) have shown promising 
results in these tasks (Zhang et al., 2020; Buterez et al., 2024; Wang 
et al., 2024; Gao et al., 2024; Trivedi et al., 2024). GNNs can learn 
to predict properties from molecular graphs where nodes present as 
atoms and edges correspond to the bonds, which constitutes an end-to-
end supervised learning setup without manual feature selection (Rittig 
et al., 2022). GNNs reached state-of-the-art accuracy in predicting 
molecular properties, for regression tasks, like electron affinity (Gao 
et al., 2024), excitation energies (Trivedi et al., 2024), and classification 
tasks, such as toxicity of molecules (Pope et al., 2018). In the context 
of environmental impact category prediction, Kleinekorte et al. (2023) 
recently utilized a GNNs-based encoder–decoder network for processing 
molecular graphs. In addition, they derived process descriptors from the 
stoichiometric reaction equation and combine molecular and process 
descriptors in a Gaussian process to predict the global warming impact 
(GWI). The model obtained an 𝑅2 value of 0.53, demonstrating the 
potential of GNNs for learning molecular descriptors for environmental 
impact categories prediction tasks. Additionally, Zhang et al. (2024) 
proposed FineChem 2, which is based on a GNN and a transformer 
framework, to assess the product carbon footprints (PCF), the same as 
GWI and GWP, of chemicals.

With those advancements in utilizing GNNs in environmental im-
pact prediction, there are still some remaining research gaps. Primarily, 
while GNNs have shown good results in predicting GWI (GWP or PCF), 
the results of other crucial impact categories like AC and HH still 
need to be explored. Furthermore, current GNN prediction models are 
made for individual impact categories separately, namely, single-task 
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GNN. However, multi-task GNNs have outperformed single-task GNNs 
on several molecular prediction tasks (Liu et al., 2022; Ramsundar 
et al., 2015; Chen et al., 2025; Hu et al., 2025). Multitask learning is 
a machine learning approach where a model is trained simultaneously 
on multiple related tasks. A shared representation is first learned across 
multiple tasks, capturing generalizable information. This shared repre-
sentation serves as a foundation, upon which individual hidden layers 
are utilized to extract task-specific features. Consequently, a multi-task 
GNN has the potential to enhance predictive accuracy in the domain 
of environmental impact assessment by effectively integrating and 
learning from multiple related tasks. Furthermore, the current literature 
lacks a comparative analysis between GNNs and QSPR models. To 
guide future research effectively, particularly in the context of model 
selection, a comparison between these methodologies is necessary.

We propose to utilize GNNs to estimate the environmental impact 
categories. First, our contribution is applying GNN-based models to 
predict fifteen distinct midpoint environmental impact categories—a 
broader scope than most previous studies, which typically focus on 
less than three categories. Second, we utilize a comprehensive dataset 
in a total of 51,905 processes comprising 761 molecules, enriched 
with geographic and energy mix information from 91 different coun-
tries. Additionally, those impact scores are calculated and collected 
by the Environmental Footprint (EF) framework developed by Carbon 
Minds independently outside of this work, which is based on the 
Environmental Footprint v3.0 (European Commission, 2021) and is 
reported using a cradle-to-gate system boundary. Third, three different 
GNN models are proposed: 1. Molecular features only (GNN-M); 2. 
Molecular features and one-hot encoded country features (GNN-C); 
3. Molecular features and energy mix features (GNN-E). Additionally, 
we establish a comparative framework by developing QSPR models 
using molecular descriptors from Song et al. (2017) as a benchmark 
to evaluate the performance of GNN models, with a specific focus on 
the climate change (CC) category because it is the most extensively 
studied and standardized impact category. CC values used in our study 
correspond to GWI — the total life-cycle climate impact per kg of 
product, expressed in kg CO2-eq. Fourth, we develop single-task GNN-C 
and GNN-E to predict all fifteen impact categories separately. Addition-
ally, to further improve prediction accuracy and data efficiency, we 
propose multi-task GNN-C and GNN-E. These models share message-
passing layers across tasks while using separate MLP heads for each 
impact category, allowing shared learning across categories. Finally, we 
publish the trained models and code to support reusability and future 
research: https://github.com/process-intelligence-research/LCA_GNNs.
git. Together, these contributions could provide data-driven tools for 
early-stage sustainability assessment.

2. Preliminaries

In this section, we briefly introduce the fundamentals of QSPR and 
GNN modeling.

2.1. Quantitative structure–property relationship

QSPR is a method used in chem- and bioinformatics to establish 
relationships between the molecular structure of compounds and their 
physical or chemical properties, consisting of two parts: (i) molecule 
description and (ii) property regression. In step (i), the structure of a 
molecule 𝑚 is represented by selected molecular descriptors 𝑑𝑖. Mathe-
matically, this can be described as 𝐷 ∶ 𝑚 ↦ 𝐝 with 𝐝 = [𝑑1, 𝑑2,… , 𝑑𝑛]𝑇 . 
In the step (ii), the function 𝐹 (⋅) predicts the target property 𝑝̂ based 
on the descriptors 𝑑𝑖 (Katritzky et al., 2010) as 𝑝̂ = 𝐹 (𝐝) = 𝐹 (𝐷(𝑚)). 
The function 𝐹 (⋅) can be linear or nonlinear (multivariate) regression 
methods, such as random forests, support vector machines, or MLPs. 
The choice of molecular descriptors depends on the molecules and 
properties of interest. Two frequently used descriptor types are struc-
tural groups and molecular fingerprints. Group contribution methods 
3 
(GCMs) (Benson et al., 1969; Joback and Reid, 1987) decompose the 
molecular structure into predefined structural groups, e.g., >CH– (non-
ring), or =CH– (ring), with the frequency of these groups serving as 
molecular descriptors. Alternatively, molecular fingerprints denote the 
molecules as a vector in which the molecular structure such as the 
count of substructures, similar to the GCM, or geometric distances 
between two atoms or structural groups (Todeschini and Consonni, 
2000) are stored. A critical challenge in QSPR modeling is selecting ap-
propriate descriptors for specific property prediction tasks, Cherkasov 
et al. (2014) as effective property prediction relies on the use of the 
most informative descriptors. However, informative descriptors are not 
always apparent prior to model development. Therefore, to mitigate 
this challenge, principal component analysis (PCA) has been utilized 
to extract informative features from molecular descriptors. PCA is a 
dimensionality reduction technique that transforms correlated variables 
into a smaller set of uncorrelated components while preserving as 
much variance as possible. Song et al. (2017) applied PCA to extract 
60 features from a total of 3839 molecular descriptors, which were 
subsequently used to predict six impact categories. However, even with 
PCA, the initial selection of molecular descriptors remains a necessary 
first step, requiring manual effort. As a result, the development of 
predictive QSPR models often still relies on expert intuition (Katritzky 
et al., 2010; Cherkasov et al., 2014).

2.2. Graph neural networks

GNNs are a deep learning technique designed to learn properties di-
rectly from graph representations. Molecules are represented as graphs 
where atoms are denoted as nodes 𝑚, also referred to as vertices 𝑣 ∈ 𝑉 , 
and bonds are represented as edges 𝑒𝑣𝑤 ∈ 𝐸 connecting two nodes 𝑣 and 
𝑤. Importantly, a feature vector is typically assigned to each node and 
each edge, which includes specific information for the atom or bond, 
e.g., the atom type or the bond type. Mathematically, we denote the 
feature vector of a node 𝑣 with 𝐟𝑣 ∈ 𝐹 𝑉  and the feature vector of an 
edge 𝑒𝑣𝑤 with 𝐟𝑒𝑣𝑤 ∈ 𝐹𝐸 .

The framework of GNNs consists of two phases: The message passing 
phase and the readout phase as shown in Fig.  1. The message-passing 
phase is responsible for extracting structural information from the 
molecular graph through graph convolutions. Within the graph convo-
lution process, each node exchanges information as messages that are 
passed along the edges to their neighboring nodes. These messages are 
based on the feature vectors of the corresponding neighboring nodes 
and edges. For example, at the beginning of graph convolution layer 𝑙, 
the initiated state of a node with the corresponding feature vector is 
denoted as 𝐡0𝑣 = 𝑓 𝑣 with 𝑙 = 0. Then, the molecular graph traverses 
the individual graph convolutional layers 𝑙 ∈ {1, 2,… , 𝐿}. Within a 
graph convolutional layer 𝑙, the hidden state of each node is updated 
based on the hidden states of the corresponding neighborhood nodes 
and the features of the associated edges. Thereby, with a total of 𝐿
graph convolutional layers, each node receives direct information about 
an environment with a radius of 𝐿 nodes. The updating process can be 
written as 
𝐦𝑙

𝑣 = 𝐴𝑙{𝑀𝑙(𝐡𝑙−1𝑤 , 𝐟𝑒𝑣𝑤 ) ∣ 𝑤 ∈ 𝑁(𝑣)} (1)

𝐡𝑙𝑣 = 𝑈𝑙(𝐡𝑙−1𝑣 ,𝐦𝑙
𝑣) (2)

The function 𝑀𝑙 maps the message from one of its neighbor nodes 𝑤 to 
node 𝑣, with 𝑤 ∈ 𝑁(𝑣). The message is a function with two parts: (i) 
the hidden states of neighbor nodes 𝑤: 𝐡𝑙−1𝑤 , and (ii) the edge 𝑒𝑣𝑤 with 
the associated edge feature vector 𝐟𝑒𝑣𝑤 . Furthermore, the aggregation 
function 𝐴𝑙 aggregates the messages from all the neighbors of node 𝑣
in 𝐦𝑙

𝑣. Then, the neighbor messages 𝐦𝑙
𝑣 are finally combined with the 

preceding hidden state of the node 𝑣 itself, 𝐡𝑙−1𝑣 , in the update function 
𝑈𝑙 to update the hidden state of node 𝑣. Consequently, the hidden state 
of a node in layer 𝑙 depends on its previous hidden state, the previ-
ous hidden states of its neighboring nodes, and the associated edges. 

https://github.com/process-intelligence-research/LCA_GNNs.git
https://github.com/process-intelligence-research/LCA_GNNs.git
https://github.com/process-intelligence-research/LCA_GNNs.git
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Fig. 1. Illustration of a GNN architecture for molecular property prediction (based on Schweidtmann et al., 2020).
With iterations of multiple graph convolutional layers 𝐿 together, the 
information of all neighboring nodes within a distance of 𝐿 nodes is 
passed to a node, thereby enabling learning of the so-called 𝐿-hop local 
environment of each node.

In the readout phase, a graph representation vector, the so-called 
molecular fingerprint vector 𝐡𝐺 is aggregated from the learned struc-
ture information during message passing by the pooling function 𝑃  such 
as 𝐡𝐺 = 𝑃 ({𝐡𝐿𝑣 ∣ 𝑣 ∈ 𝑉 }). In particular, the pooling function 𝑃  is 
commonly chosen as the mean, sum, or max function (Schweidtmann 
et al., 2023). Finally, the molecular fingerprint 𝐡𝐺 is mapped to the 
property of interest by a regression model such as an MLP: 𝑝̂ = MLP(𝐡𝐺).

The functions in the message passing phase and pooling functions 
in the readout phase are both explicit and differentiable, which enables 
the training of the GNN with backpropagation in a supervised learning 
setup (Gilmer et al., 2017; Hamilton et al., 2017). This means that 
GNNs learn in an end-to-end manner, from the molecular graph to the 
property of interest instead of steps for the selection of informative 
molecular descriptors as is required in QSPR/QSAR modeling.

3. Datasets

The dataset comprises 51,905 processes producing 761 distinct 
molecules (represented by SMILES string (Weininger, 1988)) from 91 
countries, where the target chemical is manufactured, which are in-
corporated as categorical features. Furthermore, each process contains 
15 impact categories, as shown in Table  1. These impact results are 
process-specific, meaning the values for the same chemical product may 
vary depending on the production method and region. Acidification 
(AC) quantifies the potential of acidifying substances to disrupt ecosys-
tems, expressed in mol H+ equivalents. Climate change (CC) measures 
greenhouse gas emissions contributing to global warming in kg CO2
equivalents.

Ecotoxicity, freshwater (ECO) assesses the toxic effects of chemicals 
on aquatic life, reported in comparative toxic units for ecosystems 
(CTUe). Energy resources, fossils (ER) reflects the depletion of non-
renewable fossil fuels in megajoules. Eutrophication is divided into 
freshwater (EUF), marine (EUM), and terrestrial (EUT) categories, cap-
turing nutrient enrichment impacts using phosphate (kg PO4 eq), nitro-
gen (kg N eq), or mol N equivalents, respectively. Human toxicity (HT) 
estimates long-term effects of chemical exposure on human health in 
CTUh. Ionizing radiation (IR) represents human exposure to radioactive 
substances relative to uranium-235 (c kBq U-235 eq). Land use (LU) 
captures impacts on soil quality and ecosystem functionality. Material 
4 
resources, metals/minerals (MR) quantifies the depletion of abiotic 
mineral and metal resources in kg Sb equivalents. Ozone depletion 
(OD) reflects the contribution to stratospheric ozone layer degrada-
tion in kg CFC-11 equivalents. Particulate matter formation (PMF) 
measures the increase in respiratory disease incidence from airborne 
particles. Photochemical ozone formation (POF) estimates the forma-
tion of ground-level ozone harmful to human health, reported in kg 
NMVOC equivalents. Lastly, water use (WU) accounts for water scarcity 
potential in m3 water equivalents. These fully characterized scores 
require no further transformation and serve as direct prediction targets 
in our models. For additional details, we refer to the literature (Stellner 
et al., 2022; European Commission, 2021)

All the impact categories are calculated using the Environmen-
tal Footprint (EF) framework implemented into the Carbon Minds 
Database (V1.01, 2022) (Stellner et al., 2022). This framework is 
based on the Environmental Footprint v3.0 (EF v3.0) Life Cycle Impact 
Assessment (LCIA) method. EF v3.0 (European Commission, 2021) is 
a life cycle impact assessment method developed by the European 
Commission to support consistent, science-based environmental eval-
uation of products. It provides midpoint characterization factors across 
multiple impact categories and is aligned with the Product Environ-
mental Footprint (PEF) framework for policy and industry applications. 
Unlike ReCiPe2016 (Huijbregts et al., 2016), EF v3.0 follows a single, 
consensus-based modeling approach without offering multiple perspec-
tives. EF v3.0 is typically applied to chemical products using a cradle-
to-gate system boundary, meaning it accounts for impacts from raw 
material extraction up to the point of product leaving the production 
site. It is important to mention that EF v3.0 includes 16 categories, 
due to the distinction between Human Toxicity of carcinogens and 
noncarcinogens. In this work, we count Human Toxicity as a single 
category. Furthermore, the collection and precalculation of the impact 
scores are done by Carbon Minds independently outside of this work.

In addition, Fig.  2 demonstrates the count of molecules in our 
dataset containing each functional group. Note that these are not 
counts of unique molecules, as a single molecule may contain mul-
tiple functional groups. Approximately 728 molecules are organic, 
and 33 molecules are non-organic. Specifically, the most frequent 
groups were alcohols (13%), aromatics (11%), and amines (10.5%), 
followed by halogenated compounds, ketones, and esters. This distri-
bution reflects a broad spectrum of functionalized molecules relevant 
to industrial chemical processes. Approximately 9% of molecules could 
not be clearly assigned to any predefined group and were labeled as 
‘‘Other’’.
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Table 1
Overview of fifteen selected impact categories. The corresponding impact scores and units are listed. Note that the term ‘‘potential’’ 
in Table 1 refers to the standard terminology of midpoint impact categories from the EF v3.0 LCIA method, which requires no 
further transformation.
 Impact categories Impact scores (unit)  
 Acidification (AC) Accumulated exceedance (mol H+𝑒𝑞)  
 Climate change (CC) Global Warming Impact (kg CO2 𝑒𝑞)  
 Ecotoxicity, freshwater (ECO) Comparative Toxic Unit for ecosystems (CTUe)  
 Energy resources, fossils (ER) Abiotic depletion potential (MJ)  
 Eutrophication, freshwater (EUF) Fraction of nutrients reaching freshwater end compartment (kg PO4 𝑒𝑞) 
 Eutrophication, marine (EUM) Fraction of nutrients reaching marine end compartment (kg N𝑒𝑞)  
 Eutrophication, terrestrial (EUT) Accumulated exceedance (mol N𝑒𝑞)  
 Human toxicity (HT) Comparative Toxic Unit for humans (CTUh )  
 Ionizing radiation (IR) Human exposure efficiency relative to U235

𝑒𝑞  (c kBq U235
𝑒𝑞 )  

 Land use (LU) Soil quality index (-)  
 Material resources, metals/minerals (MR) Abiotic depletion potential (kg Sb𝑒𝑞)  
 Ozone depletion (OD) Ozone depletion potential (kg CFC-11𝑒𝑞)  
 Particulate matter formation (PMF) Impact on human health (Disease incidence)  
 Photochemical ozone formation, human health (POF) Tropospheric ozone concentration increase (kg NMVOC𝑒𝑞)  
 Water use (WU) User deprivation potential (m3 water𝑒𝑞)  
Fig. 2. Functional group counts of the molecules in the dataset. Notably, one molecule could potentially contain more than one functional groups.
Molecular features with categorical country features offer a broad 
overview, however, they fall short of capturing the important contri-
butions of different energy sources and the dynamic shifts in policy 
and technology that significantly influence the environmental impact 
categories. To address this limitation and enrich the predictive ca-
pability of our model, we integrate energy mix data that details the 
specific contributions of various energy sources to carbon emissions. 
This data is collected from the International Energy Agency (IEA) open-
source version for 49 countries. The rest of the countries are assigned 
to broader regions (e.g., Africa, Middle East). Moreover, these data 
encompasses industry consumption energy data across eight product 
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flows: Coal, peat, and oil shale; Crude, NGL, and feedstocks; Oil prod-
ucts; Natural gas; Nuclear; Renewables and waste; Electricity and heat. 
The detailed information is shown in Table  8.

4. Methods

In this section, we introduce the development of the GNN model. 
First, we describe the data representation approaches for molecules, 
countries, and energy mix features in Section 4.1. Next, we present 
the GNN and QSPR architectures in Section 4.2. Finally, the model 
extensions for single/multi-task learning are described.
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Fig. 3. Illustration of three GNN architectures: GNN-M, GNN-C and GNN-E.
Table 2
Atom features for initial node feature vector (Gilmer et al., 2017; Schweidtmann et al., 2020; 
Rittig et al., 2023) in GNN models. Features are typically encoded as one-hot vectors.
 Feature Description Dimension 
 Atom type Atom type (e.g., C, H, O) ordered by atomic number 19  
 Is in ring Whether the atom is part of a ring 1  
 Is aromatic Whether the atom is part of an aromatic ring 1  
 Number of neighbors Number of bonded atoms 6  
 Hybridization Atom hybridization (e.g., s, sp, sp2...) 5  
4.1. Data representation

Data representation is critical since it directly affects the training 
process for ML models. In QSPR, molecules are denoted as molec-
ular descriptors. Here, each molecule is described by 56 molecular 
descriptors as proposed in the earlier work by Song et al. (2017). 
These descriptors are automatically generated by the software Dragon 
7 (Mauri et al., 2006). The list of descriptors can be found in Song et al. 
(2017) and contains common descriptors such as molecular weight, 
number of aromatic rings, number of functional groups, and number 
of halogen atoms. We represent each product molecule with a vector 
𝑑 of the length 56, where each entry corresponds to a descriptor with 
continuous or binary values. Notably, those descriptors are only utilized 
for QSPR models training.

In GNNs, molecules can be naturally represented by molecular 
graphs where atoms are denoted as nodes and edges are represented as 
edges. Each node and edge has one associated feature vector, which is 
outlined in Tables  2 and 3. These features are local graph-based repre-
sentations and are fundamentally different from the global, descriptor-
based features used in the QSPR model. For example, the QSPR descrip-
tors include molecular weight, percentage of N atoms and fragment 
counts — each computed from the entire molecular graph — whereas 
the GNN models operate on atomic and bonding features such as atom 
type, hybridization state, and bond type, which are used in the message 
passing process. All the features are represented as a one-hot encoder 
in the corresponding dimension for this feature, where a single entry 
with value one at the index corresponds to the value of the feature. 
Specifically, molecules are given as SMILES and we convert SMILES 
strings into molecular graphs through RDkit (Landrum et al., 2024). 
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Table 3
Bond features for initial edge feature vector (Gilmer et al., 2017; Schweidt-
mann et al., 2020; Rittig et al., 2023) in GNN models. Features are typically 
encoded as one-hot vectors.
 Feature Description Dimension 
 Bond type Bond type as in single, double, triple or aromatic 4  
 Is conjugated Whether the bond is conjugated 1  
 Is in ring Whether the bond is in a ring 1  

4.2. Model architectures

We first set up a QSPR model to do the comparative study with 
GNN-based models. The QSPR model is adapted from Song et al. 
(2017), which contains an 𝐌𝐋𝐏QSPR with two fully connected lay-
ers with 16 hidden dimensions and ReLu activation function. Taking 
molecular descriptors 𝐝 as input, the QSPR model calculates the target 
property 𝐩̂ by Eq.  (3). The QSPR model parameters are listed in Table 
10. 
𝐩̂ = 𝐌𝐋𝐏QSPR(𝐝) (3)

Fig.  3 shows three GNN models that we propose: 1. Molecular 
features only (GNN-M); 2. Molecular features and one-hot encoded 
country features (GNN-C); 3. Molecular features and energy mix fea-
tures (GNN-E). All three GNN-based models deploy the same model 
architecture for molecular feature representation learning. We first 
convert the molecules into attributed molecular graphs that serve as 
input to the GNN. In the message-passing phase, gated recurrent units 
(GRUs) (Cho et al., 2014) are used to explore local atomic environments 
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Table 4
Overview of model inputs, outputs, and implementation frameworks.
 Model Input Output  
 QSPR model Molecular descriptors (Dragon 7) Climate change (CC) score 
 GNN-M Molecular graphs (RDKit) Climate change (CC) score 
 Single-task GNN-C/GNN-E Molecular graphs + country or energy-mix vectors One impact category score 
 Multi-task GNN-C/GNN-E Molecular graphs + country or energy-mix vectors 15 impact category scores  
within the molecular graphs, which has shown promising results in 
molecular property prediction (Withnall et al., 2020; Meng et al., 2019; 
Schweidtmann et al., 2020). Specifically, the hidden state in layer 𝑙 is 
updated by Eq.  (4): 
𝐡𝑙𝑣 = 𝐆𝐑𝐔(𝐡𝑙−1𝑣 ,𝝈(𝜃𝑣 ⋅ 𝐡𝑙−1𝑣 +𝐦𝑙

𝑣)) (4)

where 𝐦𝑙
𝑣 is given by Eq.  (5). 

𝐦𝑙
𝑣 =

∑

𝑤∈𝑁(𝑣)
𝐌𝐋𝐏𝜃𝑒 (𝐟

𝑒𝑣𝑤 ) ⋅ 𝐡𝑙−1𝑤 (5)

The edge features 𝐟𝑒𝑣𝑤  are first mapped by a 𝐌𝐋𝐏 into a parame-
ter matrix 𝜃𝑒, which is further multiplied with the hidden states of 
neighborhoods of node 𝑣, 𝐡𝑙−1𝑤  where 𝑤 ∈ 𝑁(𝑣), to get message 𝐦𝑙

𝑣. 
The message 𝐦𝑙

𝑣 is then added to hidden state 𝐡𝑙−1𝑣  multiplied with a 
parameter matrix 𝜃𝑣. The result is passed into an activation function, 
exponential linear unit (ELU), and then together with hidden state 𝐡𝑙−1𝑣
to get the final updated hidden state 𝐡𝑙𝑣 after 𝐆𝐑𝐔. Furthermore, after 𝑙
layers of graph convolution, the molecular fingerprint 𝐡𝐺 is calculated 
by Eq.  (6). 
𝐡𝐺 =

∑

𝑣∈𝑉
𝐡𝑣 (6)

where the pooling function is the sum. To note that, the initial hidden 
states 𝐡0𝑣 are passed into a shallow 𝐌𝐋𝐏 with 𝐑𝐞𝐋𝐮 activation to ensure 
the uniform dimension.

All three GNN-based models use the same message passing layers to 
process molecular graphs but differ in how they incorporate additional 
features for property prediction, which are all implemented by the 
Pytorch-Geometric package. The detailed model parameters can be 
found in Tables  11, 13 and 12 for GNN-M, GNN-C, and GNN-E in the 
Appendix section, respectively. It is important to mention that the con-
catenation of learnable molecular embedding is similar to traditional 
approaches that use molecular descriptors alongside thermodynamic or 
process descriptors to predict impact scores, as demonstrated in several 
previous studies (Karka et al., 2022; Kleinekorte et al., 2019; Calvo-
Serrano et al., 2018b). The key distinction in our work is that the 
molecular representation is now learned dynamically via GNNs rather 
than being manually engineered.

• GNN-M: The molecular fingerprint 𝐡𝐺 is directly fed into an MLP 
to predict the target property: 
𝐩̂ = 𝐌𝐋𝐏GNN-M(𝐡𝐺) (7)

• GNN-C: A one-hot encoded country feature 𝐅𝑐 (91-dimensional) 
is concatenated with the molecular fingerprint before training: 
𝐩̂ = 𝐌𝐋𝐏GNN-C

[

𝐂𝐚𝐭(𝐡𝐺 ,𝐅𝑐 )
]

(8)

• GNN-E: The model extends GNN-C by also incorporating a seven-
dimensional energy mix feature 𝐅𝑒: 

𝐩̂ = 𝐌𝐋𝐏GNN-E
[

𝐂𝐚𝐭(𝐡𝐺 ,𝐅𝑒)
]

(9)

4.3. Training approach

We began by training a QSPR model and three GNN-based models 
(GNN-M, GNN-C, and GNN-E) for the CC impact category. The QSPR 
model takes molecular descriptors (listed in Table  9) as input and was 
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evaluated using 10-fold cross-validation. Training hyperparameters for 
this model are provided in Table  10.

The GNN-M model was trained under the same cross-validation 
process, using molecular graphs as input. Details of its architecture and 
training settings are summarized in Table  11. For the GNN-C and GNN-
E models, the molecular graph is learned through message passing to 
produce a molecular fingerprint. In GNN-C, this fingerprint is concate-
nated with a one-hot-encoded geographical feature vector (dimension 
= 91), while in GNN-E, it is concatenated with an energy mix feature 
vector (dimension = 7). Both are passed through multilayer perceptrons 
(MLPs) for CC prediction. Architectural and training configurations for 
these models are shown in Tables  12 and 13.

We then extended GNN-C and GNN-E to cover all 15 impact cat-
egories. These models were trained in both single-task and multi-task 
settings. In single-task training, a separate model is trained indepen-
dently for each target property—this is the approach used for the initial 
CC models—resulting in different fingerprints for the same molecule 
across tasks. In contrast, multi-task learning employs a shared model 
where all tasks utilize the same message passing layers for molecular 
representation, while separate MLPs are used for each prediction target. 
This allows the model to learn generalizable features across tasks while 
still capturing task-specific signals in the readout layers.

Multi-task learning has been shown to improve generalization and 
reduce overfitting by encouraging shared feature learning across
tasks (Ruder, 2017). Prior work has demonstrated its advantages in 
molecular property prediction (Burkardt et al., 2021; Dahl et al., 2014; 
Ramsundar et al., 2015). In our case, we apply a multi-task strategy to 
jointly predict 15 LCA impact categories using a shared GNN backbone 
and 15 parallel MLP heads.

All models were trained on a dataset of 761 molecules, with 51,905 
total processes across countries and impact categories, using 10-fold 
cross-validation. The detailed input–output structure is listed
in Table  4. Hyperparameters and architectural configurations for single-
task GNN-C and GNN-E models are listed in Tables  12 and 13, respec-
tively. Learning rates were tuned individually for each category and are 
reported in Table  16. Multi-task model configurations for both GNN-C 
and GNN-E are detailed in Tables  14 and 15.

To avoid overfitting and improve generalization, we apply several 
standard regularization techniques during model training. Specifically, 
we employ early stopping, which stops training when performance on 
the validation set ceases to improve for a fixed number of epochs, 
preventing overfitting to the training data. Additionally, we apply a 
learning rate decay strategy, which gradually reduces the learning 
rate over time to allow finer convergence in later training stages. All 
corresponding training hyperparameters are summarized in the Ap-
pendix tables. Importantly, folds are constructed based on the number 
of unique molecules, rather than the total number of samples. For 
the QSPR and GNN-M models, where only molecular descriptors or 
molecular graphs are used as input, each molecule corresponds to a 
single data point (e.g., one climate change impact value). In these 
cases, each fold consists of 80% of the molecules for training, 10% for 
validation, and 10% for testing. This ensures that each molecule is seen 
only once across the folds. In contrast, the GNN-C and GNN-E models 
incorporate additional contextual information—namely, geographical 
and energy mix features. Here, each molecule may be associated with 
multiple samples due to its presence across different countries. How-
ever, not all chemicals have complete data for all 91 countries. As a 
result, when folds are split based on unique molecules, the number 
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Fig. 4. Per-molecule Mean Relative Error (MRE) comparison between the GNN-M and QSPR models. Molecules are sorted by GNN-M MRE to highlight performance 
differences across the dataset.
Fig. 5. Parity plots of QSPR, GNN-M, GNN-C, and GNN-E for predicting CC category.
of training, validation, and test samples may vary across folds. The 
reason for splitting by unique molecules rather than by sample is to 
evaluate the model’s ability to generalize to entirely unseen chemicals. 
This approach reflects a more realistic deployment scenario where the 
model is applied to new molecules not encountered during training.

4.4. Evaluation metrics

To assess model performance, we use two standard regression met-
rics: the mean relative error (MRE) and the coefficient of determination 
(𝑅2).

The MRE is defined as: 

MRE = 1
𝑛

𝑛
∑

𝑖=1

|

|

|

|

𝑦𝑖 − 𝑦̂𝑖
𝑦𝑖

|

|

|

|

, (10)

where 𝑦𝑖 and 𝑦̂𝑖 denote the ground truth and predicted values, respec-
tively, and 𝑛 is the number of samples. MRE provides a relative measure 
of prediction error, normalized by the true values, and is robust to scale 
differences across categories.

The 𝑅2 score is given by: 

𝑅2 = 1 −
∑𝑛

𝑖=1(𝑦𝑖 − 𝑦̂𝑖)2
∑𝑛

𝑖=1(𝑦𝑖 − 𝑦̄)2
, (11)

where 𝑦̄ is the mean of the ground truth values. 𝑅2 quantifies the 
proportion of variance in the target variable that is explained by the 
model. An 𝑅2 value of 1 indicates perfect prediction, while a value of 
0 means the model performs no better than predicting the mean.

Notably, 𝑅2 can be negative when the model performs worse than 
the baseline prediction 𝑦̂𝑖 = 𝑦̄. A negative 𝑅2 suggests that the model 
fails to capture the underlying trend in the data and instead increases 
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the prediction error relative to a naive mean-based approach. Note that 
throughout this manuscript, we use the coefficient of determination 
(R2) rather than correlation coefficients (Pearson or Spearman), which 
are also commonly reported in the literature.

5. Results and discussion

In this section, we first compare the QSPR models with GNNs for 
the CC impact category. Next, we discuss the results of single- and 
multi-task GNN with additional country and energy mix features.

5.1. Comparing QSPR and GNN for the climate change impact category

We benchmark our proposed models on the CC impact category, 
also as referred to GWP or GWI in the literature, because this impact 
category is widely studied in the literature. Table  5 shows results of the 
MRE and 𝑅2 for this benchmark.

First, we compare the QSPR models to three GNN models. One 
observation is that GNN-M outperforms the QSPR model as MRE de-
creases by 6% and 𝑅2 increases by 46.9%. This indicates that in this 
case, the end-to-end learning manner enables GNN-based models to 
automatically extract effective features from molecular graphs. Fig. 
5(a) further verifies that the GNN-M (blue) demonstrates improved 
predictive accuracy compared to the QSPR model (orange). GNN-M pre-
dictions are more tightly clustered along the parity line. Fig.  4 compares 
the MRE of GNN-M and QSPR models across 761 molecules. The 𝑥-axis 
shows molecule indices sorted by GNN-M’s error from lowest to highest, 
while the 𝑦-axis shows the MRE for each molecule. The plot illustrates 
how prediction accuracy varies per molecule and highlights that GNN-
M generally achieves lower errors than QSPR. Notably, the highest 
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Table 5
Results of QSPR and GNN models, as well as previous literature, for CC impact categories. The assessment metrics 
utilized include MRE and 𝑅2 on the test dataset. Each metric represents the mean value ± standard deviation of 
the best models.
 Model Model type Dataset Additional MRE /% 𝑅2  
 (# molecules) features  
 QSPR MLPs 761 – 108 ± 6 0.17 ± 0.03 
 GNN-M GNN 761 – 101 ± 30 0.32 ± 0.09 
 GNN-C GNN 761 ✓ 72 ± 5 0.39 ± 0.04 
 GNN-E GNN 761 ✓ 77 ± 2 0.35 ± 0.02 
 Literature  
 Wernet et al. (2008) MLPs & linear models 103 – – 0.37 ± 0.36 
 Wernet et al. (2009) MLPs 338 – 58.2 0.41 ± 0.23 
 Song et al. (2017) MLPs 166 – 50 0.48a  
 Calvo-Serrano et al. (2017, 2018b) MINLPs 83 ✓ 41.82 0.55b  
 Calvo-Serrano et al. (2018a) MINLPs 90 ✓ 30 0.55b  
 Kleinekorte et al. (2019) MLPs 63 ✓ – 0.30a  
 Baxevanidis et al. (2021) Six linear/nonlinear models 214 – 53 0.26  
 Karka et al. (2022) MLPs & classification tree – ✓ – 0.72 ± 0.14 
 Kleinekorte et al. (2023) GNN 166 ✓ – 0.53  
 Zhang et al. (2024) GNN & Transformer 547 – 38.6 -  
a 𝑅2 Pearson
b 𝑅2 Spearman
prediction errors from GNN-M are primarily associated with sulfur-
containing compounds. This is likely because sulfur-related chemicals 
often require detailed process-specific information — such as oxidation 
states, reaction pathways, or treatment technologies — which cannot 
be captured by molecular descriptors alone. To further compare the 
predictions of sulfur-related chemicals remains challenging, as, to the 
best of our knowledge, no existing studies report model predictions 
for specific individual molecules in this category. Moreover, the in-
corporation of the country and energy mix features improved both 
𝑅2 and RMSE performance, as depicted by GNN-C and GNN-E results. 
For example, compared with GNN-M, the 𝑅2 increases by 21.8% and 
9%, and RMSE drops by 28.7% and 23.8% for GNN-C and GNN-E, 
respectively. Additionally, both GNN-C and GNN-E models have lower 
standard deviations than GNN-M, which indicates that the results are 
likely more reproducible and reliable. Furthermore, the GNN-C model 
depicts slightly better performance than the GNN-E model in terms of 
MRE and 𝑅2. One plausible reason is that the preprocessing of the 
energy mix data requires several simplifications due to the lack of 
information from several countries. Those simplifications may account 
for the high variance and less accurate predictions than GNN-E.

When inspecting Fig.  5(b), both GNN-C and GNN-E models are able 
to capture the overall trend. However, substantial deviations from the 
parity line are observed across both models. The GNN-E model (purple) 
tends to overestimate the impact for low- to mid-range values, while the 
GNN-C model (green) behaves more conservatively, but underestimates 
in most cases. Notably, the sulfur dichloride process has a true CC 
impact greater than 45 in the plot. Both models significantly under-
estimate this value, predicting well below 10. This discrepancy arises 
because the majority of sulfur-containing compounds in the training 
data have much lower CC values—typically below 2. For instance, 
disulfur dichloride (S2Cl2), which is structurally similar to sulfur dichlo-
ride (SCl2), consistently shows CC values around 1.5 across various 
countries. As a result, the models generalize a learned pattern that 
‘‘sulfur-containing compounds’’ are associated with low CC, and fail to 
account for outliers like sulfur dichloride. This large gap is explained 
by differences in industrial production processes. Disulfur dichloride is 
synthesized directly from molten sulfur and chlorine gas in a relatively 
simple and energy-efficient process. In contrast, sulfur dichloride is 
produced by further chlorinating disulfur dichloride, requiring addi-
tional energy, materials, and process complexity (Ulonska et al., 2016). 
This is a limit of molecular-based predictions when process context 
(e.g., feedstock origin, energy use, reaction severity) is crucial.

At first glance, the results in Table  5 show that our GNN-C and GNN-
E models yield 𝑅2 values that are comparable with, but in most cases 
9 
lower than, those reported in the literature. Specifically, the GNN-C 
model achieves an 𝑅2 of 0.39, which is comparable with the 𝑅2 values 
of 0.37 and 0.36 reported by Wernet et al. (2009) and Kleinekorte 
et al. (2019), respectively. Furthermore, when compared with Karka 
et al. (2022), GNN-C and GNN-E models demonstrate a substantially 
lower 𝑅2, implying a potential need for integrating additional process 
information to enhance prediction accuracy.

However, it is important to note that our models exhibit higher 
MRE compared to previous studies, with MRE values ranging from 
72% to 77%, whereas earlier works report values between 30% and 
58.2%. These differences can be partially attributed to the distinct 
methodologies and datasets employed. Our study leverages a signifi-
cantly larger dataset of 761 molecules, which is substantially greater 
than the 63 to 338 molecules used in previous studies. While this 
expanded dataset enhances the potential for more generalizable mod-
els, it also increases the complexity of the prediction task, potentially 
leading to the observed higher MRE values. It is important to note that 
our dataset is based on commercially available and transparent data 
sources, ensuring broader applicability. However, the increased dataset 
size also introduces greater structural and physicochemical variability, 
which inherently makes direct comparisons with smaller datasets more 
challenging.

Additionally, a direct comparison of 𝑅2 values across studies is 
complicated by the use of different evaluation metrics and model con-
figurations. For instance, some studies used Pearson (Song et al., 2017; 
Kleinekorte et al., 2019) or Spearman (Calvo-Serrano et al., 2018a,b) 
𝑅2 metrics, while we employed the coefficient of determination. This 
variability in evaluation methods further complicates the comparison. 
However, the standard deviation of 𝑅2 in our models is significantly 
lower than in previous studies, suggesting better reproducibility and 
model stability. Overall, despite these challenges, our results suggest 
that GNN-C and GNN-E models are promising tools for environmental 
impact prediction due to their improved performance in 𝑅2 and RMSE 
over baseline models like GNN-M, as well as their lower standard de-
viations, indicating better reproducibility. Their ability to incorporate 
complex features, such as country and energy mix, enhances their ap-
plicability across different impact categories, potentially making them 
valuable for further development in environmental modeling.

5.2. Single-task model GNN

Table  6 shows the performance of the single-task GNN-C and GNN-E 
models across fifteen impact categories in terms of MRE and 𝑅2. As 
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Fig. 6. Parity plots of single-task GNN-C and GNN-E for predicting ER and IR category, respectively.
Section 5.1 discussed, here we omit training the QSPR and GNN-M 
because GNN-C and GNN-E depict more promising results.

First, although both GNN-C and GNN-E models demonstrate some 
ability to predict the majority of impact categories, the overall per-
formance is limited. For example, nine out of fifteen 𝑅2 and ten out 
of fifteen 𝑅2 are non-negative for GNN-C and GNN-E, respectively. 
Additionally, neither GNN-C nor GNN-E consistently outperforms the 
other across all categories. Specifically, GNN-E shows higher 𝑅2 values 
in ten out of fifteen categories than GNN-C, suggesting that GNN-E 
may better explain the variability in the data for those categories. This 
could be important in cases where the focus is on understanding overall 
trends and patterns, such as exploratory analyses or when dealing with 
noisy data. On the other hand, GNN-C exhibits a lower MRE in twelve 
out of fifteen categories than GNN-E, which may indicate that GNN-C 
provides more accurate predictions with smaller average errors. This 
might be more relevant when precise predictions are needed, such as 
in applications where the magnitude of errors has a significant impact. 
As a result, the choice of model should be guided by the specific 
requirements of the impact category under study. For example, a model 
with a higher 𝑅2 may be preferable for explaining variability, while a 
model with lower MRE might be chosen when accuracy and precision 
are critical

Moreover, both models show better performance in predicting CC, 
ER, EUF, and WU categories than others. This indicates that the addi-
tional country and energy mix features can account for geographical, 
regulatory, and energy-related differences across countries and provide 
models with more context for predicting those environmental impacts. 
For example, GNN-E has superior performance on water-related im-
pact categories such as EUF and WU. One potential reason is that 
energy mix features provide related information about energy con-
sumption patterns and their associated water footprints across different 
regions. Energy production and consumption significantly influence 
water usage, with various energy sources requiring differing amounts 
of water for extraction, processing, and generation, thereby giving 
more accurate predictions. However, it is important to note that the 
models exhibit higher prediction errors in certain categories, such as 
LU and IR. This is expected, as these impact categories are less directly 
influenced by molecular properties and are instead driven by broader 
land management practices and nuclear-related processes, which are 
not explicitly captured in our input features.

Furthermore, we selected the ER category and IR category to discuss 
the performance through Fig.  6. In Fig.  6(a), both models demonstrate 
reasonable performance for the ER category, with the majority of 
predictions aligning with the parity line. However, we observe that one 
region (top left) is significantly overestimated, and one region (middle 
right) is underestimated. When inspecting the corresponding chemicals, 
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all significant prediction errors—both underestimations (e.g., carbon 
disulfide, 1,3,4-thiadiazolidine-2,5-dithione, and tetramethyl thiuram 
disulfide) and overestimations (e.g., thioformamide)—originated from 
sulfur-containing compounds. As shown in Fig.  7(a), sulfur-related 
chemicals exhibit a highly skewed and widespread ER distribution, 
ranging from very low (< 10) to extremely high values (> 600). In con-
trast, the ER values for alkene-containing molecules (Fig.  7(b))) form 
a narrower (10–90) and more symmetric distribution centered around 
moderate values. The wide variance in ER values for sulfur-related 
compounds likely limits the model’s generalizability. This may stem 
from the diverse nature of sulfur production processes, which differ 
substantially in energy intensity depending on feedstocks, technologies, 
and purification steps. These results highlight the need to consider 
intra-family heterogeneity and suggest that incorporating process de-
scriptors may improve prediction for such chemically diverse families. 
On the other hand, Fig.  6(b) reveals that both models significantly 
underperform on the IR category. Predictions for both GNN-C and GNN-
E are heavily clustered at low values and fail to reproduce the tail of 
the ground truth distribution.

In conclusion, Table  6 suggests that neither model consistently 
outperforms the other across all categories. The choice between GNN-
C and GNN-E may depend on the specific impact category of interest. 
Therefore, we further deploy multi-task GNN to investigate the causes 
of high variance in model predictions, assess the robustness of the 
models, and explore potential improvements in model architecture or 
training data. 

5.3. Multi-task GNN

We further investigate multi-task GNN-C and GNN-E models and the 
MRE and 𝑅2 across fifteen impact categories (see results in Table  7). 
Furthermore, Fig.  9 provides a clear comparison of the performance 
between single-task and multi-task GNN models.

First, we observe a consistent improvement in MRE across nearly 
all impact categories when compared to the single-task GNN-C and 
GNN-E as Fig.  9(a) shows. For example, the MRE of fourteen out of 
fifteen categories for multi-task GNN-C decreases by ranging from 8% 
(PMF category) to 73% (OD category) compared with single-task GNN-
C. The same trend echoes in multi-task GNN-E. The MRE of thirteen 
out of fifteen categories decreases by ranging from 16% (CC category) 
to 79% (IR category) compared with single-task counterparts. This 
enhancement verifies the hypothesis that multi-task GNN models learn 
a shared representation that captures underlying patterns common to 
all tasks, thereby building a more robust and generalizable model 
framework. This shared learning facilitates the transfer of knowledge 
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Fig. 7. Data distribution of Sulfur-related family and alkenes-related family for ER category.
Fig. 8. Parity plots of multi-task GNN-C and GNN-E for predicting ER and IR category, respectively.
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Table 6
Results of single-task GNN-C and GNN-E models evaluated across fifteen 
categories. The assessment metrics utilized include MRE and 𝑅2. Each metric 
represents the mean value ± standard deviation obtained from three indepen-
dent runs.
 Impact Single-task GNN-C Single-task GNN-E
 category MRE/% R2 MRE/% R2

 AC 98 ± 8 −0.03 ± 0.02 122 ± 14 0.04 ± 0.08  
 CC 72 ± 5 0.39 ± 0.04 77 ± 2 0.35 ± 0.02  
 ECO 193 ± 16 0.17 ± 0.08 232 ± 30 0.16 ± 0.09  
 ER 159 ± 2 0.47 ± 0.04 166 ± 10 0.50 ± 0.05  
 EUF 195 ± 48 0.40 ± 0.16 239 ± 15 0.58 ± 0.06  
 EUM 87 ± 8 −0.01 ± 0.01 99 ± 5 0.01 ± 0.01  
 EUT 92 ± 6 −0.02 ± 0.03 88 ± 3 −0.01 ± 0.01 
 HT 413 ± 71 −0.18 ± 0.03 332 ± 247 −0.14 ± 0.2  
 IR 589 ± 32 −0.17 ± 0.11 670 ± 20 −0.27 ± 0.08  
 LU 253 ± 10 −0.04 ± 0.02 272 ± 36 −0.01 ± 0.03 
 MR 1405 ± 1312 0.16 ± 0.35 580 ± 109 0.32 ± 0.37  
 OD 414 ± 22 0.09 ± 0.09 447 ± 11 −0.14 ± 0.06  
 PMF 176 ± 4 0.12 ± 0.04 281 ± 28 0.13 ± 0.03  
 POF 85 ± 4 0.004 ± 0.022 89 ± 6 0.12 ± 0.06  
 WU 237 ± 42 0.36 ± 0.19 242 ± 12 0.33 ± 0.10  
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Table 7
Results of multi-task GNN-C and GNN-E models evaluated across fifteen 
categories. The assessment metrics utilized include MAE, MRE, and 𝑅2. Each 
metric represents the mean value ± standard deviation obtained from three 
independent runs.
 Impact Multi-task GNN-C Multi-task GNN-E
category MRE/% R2 MRE/% R2

AC 71 ± 1 0.20 ± 0.09 74 ± 1 0.23 ± 0.04  
CC 60 ± 2 0.31 ± 0.04 65 ± 3 0.29 ± 0.03  
ECO 134 ± 9 0.05 ± 0.09 130 ± 8 0.07 ± 0.02  
ER 52 ± 1 0.54 ± 0.03 56 ± 1 0.51 ± 0.02  
EUF 163 ± 18 0.47 ± 0.10 210 ± 27 0.47 ± 0.02  
EUM 140 ± 27 −0.02 ± 0.00 127 ± 4 −0.005 ± 0.006 
EUT 71 ± 2 −0.09 ± 0.07 74 ± 6 −0.08 ± 0.09  
HT 190 ± 22 0.34 ± 0.24 137 ± 16 0.44 ± 0.02  
IR 191 ± 6 0.20 ± 0.01 202 ± 3 0.08 ± 0.00  
LU 131 ± 7 −0.26 ± 0.45 122 ± 11 −0.002 ± 0.037 
MR 725 ± 219 0.44 ± 0.46 800 ± 189 0.64 ± 0.11  
OD 111 ± 3 0.40 ± 0.05 116 ± 0 0.29 ± 0.02  
PMF 162 ± 7 0.09 ± 0.04 163 ± 4 0.09 ± 0.03  
POF 56 ± 1 −0.03 ± 0.00 61 ± 3 −0.07 ± 0.01  
WU 156 ± 15 0.36 ± 0.19 178 ± 7 0.38 ± 0.05  
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Fig. 10. Mean relative error (MRE, log scale) for propylene predicted with the multitask GNN-C (blue) and GNN-E (orange) models across 15 impact categories. 
For each category, the bar represents the MRE averaged over all country contexts, while the GNN-E bar is averaged over the corresponding national energy-mix 
scenarios.
between tasks, with insights or patterns learned in one task potentially 
benefiting others, particularly if they are interrelated.

For multi-task GNN models, eleven out of fifteen 𝑅2 are non-
negative for both GNN-C and GNN-E models. When compared with 
their single-task counterparts, the 𝑅2 presents a mixed landscape with 
some categories showing improvements and others slight declines as 
Fig.  9(b) depicts. For instance, for multi-task GNN-C, in the categories 
of AC, HT, and IR, the performance has been improved by 115%, 152%, 
and 185%. While for categories ECO and POF, the 𝑅2 significantly 
decreases by 216% and 112%. Additionally, for multi-task GNN-E, we 
do observe significant improvements in HT (131%), IR (456%), and 
LU (327%) categories, but for the ECO, EUM, and POF categories, the 
𝑅2 decreases by 132%, 224% and 260%, respectively, compared with 
single-task GNN-E. Notably, for both GNN-C and GNN-E, the multi-task 
models significantly improve the 𝑅2 in HT and IR categories but decline 
in ECO and POF categories. This discrepancy could potentially be at-
tributed to the nature of the tasks and their underlying data structures. 
HT and IR categories share similarities in how environmental exposures 
impact human health, allowing the multi-task GNN to leverage shared 
representations and improve predictive performance. In contrast, ECO 
and POF involve complex, distinct mechanisms—ecological interactions 
in aquatic environments for ECO, and atmospheric chemistry for POF—
that do not easily align with the patterns learned from other tasks. 
Consequently, the multi-task model may struggle to generalize across 
these divergent categories, leading to a worse performance. These 
findings highlight the importance of task similarity and data alignment 
in multi-task learning frameworks, suggesting that while multi-task 
GNNs can enhance performance for related tasks, they may require 
careful design or even task-specific models when dealing with highly 
specialized or unrelated properties.

We further examine the parity plots for ER and IR categories for 
multi-task models. Compared to the single-task results, both models 
exhibit slightly improved alignment with the parity line, particularly in 
the mid-range values of the ER category (Fig.  8(a)). The overall trend 
is supported by the performance metrics: the corresponding improve-
ments in 𝑅2 and reductions in MRE (as shown in Table  7) confirm 
that generalization and error mitigation have indeed improved. For the 
IR category (Fig.  8(b)), although predictions still remain challenging, 
both models show improved dispersion compared to their single-task 
counterparts.

For the CC category, multi-task GNN models perform worse than 
single-task models. This may be because multi-task learning prioritizes 
general features, reducing the ability of the model to capture CC-
specific patterns. Therefore, a single-task GNN is recommended for 
predicting CC category. Additionally, to cross-compare the multi-task 
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results of GNN-C and GNN-E, both models display similar performances 
in terms of MRE and 𝑅2. GNN-E marginally outperforms in eight impact 
categories for 𝑅2 and maintains overall smaller standard deviations 
compared to GNN-C, indicating more reproducible results. On the other 
hand, GNN-C shows better MRE in ten out of fifteen impact categories 
than GNN-E.

Additionally, Fig.  10 shows the mean relative error (MRE, log 
scale) for propylene predicted by the multitask GNN-C and GNN-E 
models across the fifteen EF midpoint impact categories. Errors span 
more than three orders of magnitude: the lowest MREs occur for ER, 
OD, and IR (all below roughly the 20% range), whereas MR and 
WU exhibit extremely large errors (>103%), with EUf and EUm also 
high. Intermediate error levels (tens to low hundreds of percent) are 
observed for AC, CC, EUt, LU, PMF, and POF. Categories such as ER, 
OD, and IR are largely governed by upstream energy-conversion or 
halocarbon-related emission factors that scale well with the elemental 
composition of propylene and the national energy mix. They also show 
comparatively low inter-database variability, which helps the model 
keep MREs below 20% (Kim et al., 2023; Alyaseri and Zhou, 2019). 
Conversely, MR and WU require detailed information on ore grades, 
mining routes, and regional water scarcity indices, all of which vary 
widely across countries and databases (Kim et al., 2023; Alyaseri and 
Zhou, 2019). Because such process- and location-specific flows are 
absent from the molecular graph, the model under-predicts or over-
predicts by orders of magnitude. Comparing the two models, adding 
energy-mix information (GNN-E, orange) substantially improves ECO 
and modestly reduces LU (and slightly ER/IR), but increases error 
relative to the country-only variant (GNN-C, blue) in categories such 
as AC, EUm, HT, MR, PMF, POF, and WU. Taken together, the figure 
highlights that molecular-based multitask models are most useful for 
energy- or chemistry-dominated categories, whereas process-intensive 
categories will still require additional life-cycle inventory data for reli-
able screening. This illustrative case also underscores the limitations of 
predictive models in practical applications—particularly in later stages 
of process development, where accurate life-cycle assessments depend 
on detailed process designs and simulation studies beyond molecular 
structure and national energy mix.

Overall, we offer the following recommendations for future work in 
early-stage prediction of life cycle impact categories. First, the choice of 
impact category is critical. When using only molecular features in com-
bination with geographical or energy mix data, categories such as land 
use (LU) may be less suitable due to their weak correlation with molec-
ular structure. We recommend excluding such categories from purely 
structure-based modeling efforts. Second, it is important to inspect 
the data distribution, particularly with respect to chemical diversity 
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Table 8
Overview of the energy mix data from IEA.
 Product Description  
 Coal, peat and oil shale Coal includes all coal, both primary (including hard coal and lignite) and derived fuels (including patent fuel, coke oven coke, gas coke, 

BKB, gas works gas, coke oven gas, blast furnace gas and other recovered gases). Peat (including peat products) and oil shale are also 
included in this figure where applicable.

 

 Crude, NGL and feedstocks Crude oil comprises crude oil, natural gas liquids, refinery feedstocks and additives as well as other hydrocarbons (including emulsified 
oils, synthetic crude oil, mineral oils extracted from bituminous minerals such as oil shale, bituminous sand, etc. and oils from coal and 
gas liquefaction).

 

 Oil products Oil products comprise refinery gas, ethane, LPG, aviation gasoline, motor gasoline, jet fuels, kerosene, gas/diesel oil, fuel oil, naphtha, 
white spirit, lubricants, bitumen, paraffin waxes, petroleum coke and other oil products.

 

 Natural gas Natural gas includes both ‘associated’ and ‘non-associated’ gas as well as colliery gas (excluding natural gas liquids).  
 Nuclear Nuclear shows the primary heat equivalent of the electricity produced by a nuclear power plant with an average thermal efficiency of 33%. 
 Renewables and waste Renewables and waste comprises hydro, geothermal, solar, wind and tide/wave/ocean energy and the use of these energy forms for 

electricity and heat generation, as well as solid biofuels, liquid biofuels, biogases, industrial waste and municipal waste.
 

 Electricity Electricity shows final consumption and trade in electricity, which is accounted at the same heat value as electricity in final consumption 
(that is, 1 GWh = 0.0036 PJ).

 

 Heat Heat shows the disposition of heat produced for sale. The large majority of the heat included in this column results from the combustion 
of fuels although some small amounts are produced from electrically powered heat pumps and boilers. Any heat extracted from ambient air 
by heat pumps is shown as production.

 

 Total Total equals the total of products included in the dataset.  
and class imbalance. If a small subset of molecules dominates the 
dataset or if certain classes are underrepresented, data augmentation 
or rebalancing strategies (Wieder et al., 2020) could be considered to 
improve model generalization in future work. Finally, for applications 
involving multiple impact categories, we suggest initially developing a 
multi-task GNN model using molecular and energy mix or geographical 
features. This approach enables shared representation learning across 
tasks. If performance is suboptimal for certain categories, those spe-
cific targets may benefit from additional fine-tuning using task-specific 
(single-task) GNNs. These strategies can help improve the robustness 
and interpretability of predictive models in the context of sustainable 
process and product design.

6. Conclusion

We propose an end-to-end GNN-based approach for predicting fif-
teen distinct environmental impact categories using a comprehensive 
dataset from CarbonMind. This dataset includes 51,905 processes pro-
ducing 791 unique molecules across 91 countries. We further integrate 
energy mix data from the IEA, corresponding to the same countries, to 
enrich our dataset. Our analysis begins by comparing the performance 
of QSPR and GNN models specifically for the climate change impact 
category, revealing that GNN models outperform the QSPR model. 
Furthermore, benchmarking our GNN models against existing literature 
for the climate change category demonstrates that our models achieve 
comparable performance. Expanding our approach, we developed both 
single- and multi-task GNN-C and GNN-E models to predict all fifteen 
impact categories. The results suggest that multi-task learning can 
enhance model performance in complex environmental impact predic-
tions compared to single-task GNNs, considering the MRE. In summary, 
we recommend selecting impact categories based on their relevance 
to molecular structure, and excluding those with weak correlation 
— such as land use (LU) — when relying solely on molecular and 
contextual features. It is also important to examine the data distri-
bution and address class imbalance to improve training performance. 
For multi-category prediction tasks, we suggest first training a multi-
task GNN with molecular and geographic or energy mix features. If 
certain categories show poor predictive performance, dedicated single-
task models can then be developed for those specific targets. Overall, 
the predictive performance of our computational models for impact 
categories remains limited. In scenarios where detailed process data is 
unavailable or inaccessible — such as early-stage process design, supply 
chain assessments, or cases involving proprietary or confidential infor-
mation — the models can provide useful approximations to support 
preliminary decision-making.
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Table 9
56 molecular descriptors from Song et al. (2017) used in QSPR models.
 Descriptors abbreviation Descriptors full name Descriptor category  
 MW Molecular weight Constitutional indices  
 AMW Average molecular weight Constitutional indices  
 nBM Number of multiple bonds Constitutional indices  
 RBN Number of rotatable bonds Constitutional indices  
 nF Number of Fluorine atoms Constitutional indices  
 N% Percentage of N atoms Constitutional indices  
 O% Percentage of O atoms Constitutional indices  
 D/Dtr05 Distance/detour ring index of order 5 Ring descriptors  
 D/Dtr10 Distance/detour ring index of order 10 Ring descriptors  
 MAXDP Maximal electrotopological positive variation Topological indices  
 Psi_i_A Intrinsic state pseudoconnectivity index - type S average Topological indices  
 Yindex Balaban Y index Information indices  
 CIC4 Complementary Information Content index (neighborhood symmetry of 4-order) Information indices  
 CIC5 Complementary Information Content index (neighborhood symmetry of 5-order) Information indices  
 VR1_D/Dt Randic-like eigenvector-based index from distance/detour matrix 2D matrix-based descriptors 
 SpDiam_B(m) spectral diameter from Burden matrix weighted by mass 2D matrix-based descriptors 
 ATSC2m Centred Broto-Moreau autocorrelation of lag 2 weighted by mass 2D autocorrelations  
 ATSC1p Centred Broto-Moreau autocorrelation of lag 1 weighted by polarizability 2D autocorrelations  
 GATS6m Geary autocorrelation of lag 6 weighted by mass 2D autocorrelations  
 GATS7s Geary autocorrelation of lag 7 weighted by I-state 2D autocorrelations  
 P_VSA_LogP_1 P_VSA-like on LogP, bin 1 P_VSA-like descriptors  
 P_VSA_LogP_2 P_VSA-like on LogP, bin 2 P_VSA-like descriptors  
 P_VSA_LogP_8 P_VSA-like on LogP, bin 8 P_VSA-like descriptors  
 P_VSA_MR_3 P_VSA-like on Molar Refractivity, bin 3 P_VSA-like descriptors  
 T(N..Cl) Sum of topological distances between N..Cl 2D Atom Pairs  
 T(O..F) Sum of topological distances between O..F 2D Atom Pairs  
 T(O..Cl) Sum of topological distances between O..Cl 2D Atom Pairs  
 T(F..Cl) Sum of topological distances between F..Cl 2D Atom Pairs  
 F03[C-O] Frequency of C - O at topological distance 3 2D Atom Pairs  
 F03[C-Cl] Frequency of C - Cl at topological distance 3 2D Atom Pairs  
 MLOGP2 Squared Moriguchi octanol-water partition coeff. (log𝑃 2) Molecular properties  
Table 10
QSPR model configuration and training hyperparameters.
 Model component Configuration/Parameters  
 Input features 52 descriptors  
 Hidden layers Linear(52, 16) → Linear(16, 16)  
 Output layer Linear(16, 1)  
 Activation function ReLU  
 Total trainable parameters 1137  
 Output Predicted climate change category 
 Optimizer Adam  
 Learning rate 5e−6  
 Batch size 20  
 Decreasing factor (LR scheduler) 0.9  
 Learning rate decay patience 10 epochs  
 Training epochs 800  
 Early stop patience 15 epochs  
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Table 11
GNN-M model configuration and training hyperparameters.
 Model component Configuration/Parameters  
 Input features Molecular graphs  
 Input layer Linear(32, 64)  (2112 params)  
 Edge network (NN) Linear(13, 128) + Linear(128, 4096)  (530,176 params) 
 Graph convolution NNConv (parameters in NN)  
 Recurrent layer GRU(64, 64)  (24,768 params)  
 Fully connected head Linear(64, 256) → Linear(256, 128)  
 → Linear(128, 64) → Linear(64, 1)  
 (Total: 57,857 params)  
 Output Predicted climate change category  
 Total trainable parameters 614,913  
 Optimizer Adam  
 Learning rate 0.0001  
 Batch size 20  
 Decreasing factor (LR scheduler) 0.9  
 Learning rate decay patience 10 epochs  
 Training epochs 500  
 Early stop patience 15 epochs  
 Activation functions ReLU (NN), ELU (GNN layers)  
 Number of message passing steps 3  
 Pooling method Add  
 Weight initialization Normal(0, 0.1)  
Table 12
Single-task GNN-E model configuration and training hyperparameters.
 Model component Configuration/Parameters  
 Input features Molecular graphs and energy-mix features  
 Input layer Linear(32, 64)  (2112 params)  
 Edge network (NN) Linear(13, 128) + Linear(128, 4096)  (530,176 params) 
 Graph convolution NNConv (parameters in NN)  
 Recurrent layer GRU(64, 64)  (24,768 params)  
 Fully connected head Linear(71, 256) → Linear(256, 128)  
 → Linear(128, 64) → Linear(64, 1)  
 (Total: 59,649 params)  
 Output Predicted single impact category  
 Total trainable parameters 616,705  
 Optimizer Adam  
 Batch size 20  
 Decreasing factor (LR scheduler) 0.9  
 Learning rate decay patience 10 epochs  
 Training epochs 500  
 Early stop patience 15 epochs  
 Activation functions ReLU (NN), ELU (GNN layers)  
 Number of message passing steps 3  
 Pooling method Add  
 Weight initialization Normal(0, 0.1)  
Table 13
Single-task GNN-C model configuration and training hyperparameters.
 Model component Configuration/Parameters  
 Input features Molecular graphs and country categorical features  
 Input layer Linear(32, 64)  (2112 params)  
 Edge network (NN) Linear(13, 128) + Linear(128, 4096)  (530,176 params) 
 Graph convolution NNConv (parameters in NN)  
 Recurrent layer GRU(64, 64)  (24,768 params)  
 Fully connected head Linear(155, 256) → Linear(256, 128)  
 → Linear(128, 64) → Linear(64, 1)  
 (Total: 81,153 params)  
 Output Predicted single impact category  
 Total trainable parameters 638,209  
 Optimizer Adam  
 Batch size 20  
 Decreasing factor (LR scheduler) 0.9  
 Learning rate decay patience 10 epochs  
 Training epochs 500  
 Early stop patience 15 epochs  
 Activation functions ReLU (NN), ELU (GNN layers)  
 Number of message passing steps 3  
 Pooling method Add  
 Weight initialization Normal(0, 0.1)  
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Table 14
Multi-task GNN-C model configuration and training hyperparameters.
 Model component Configuration/Parameters  
 Input features Molecular graphs, and country categorical features  
 Input layer Linear(32, 64)  (2112 params)  
 Edge network (NN) Linear(13, 128) + Linear(128, 4096)  (530,176 params) 
 Graph convolution NNConv (parameters in NN)  
 Recurrent layer GRU(64, 64)  (24,768 params)  
 Multi-task output head 15 MLPs with shared structure:  
 Linear(155, 256) → Linear(256, 128)  
 → Linear(128, 64) → Linear(64, 1)  
 (Total: 1,217,295 params)  
 Output Predicted all 15 impact categories  
 Total trainable parameters 1,774,351  
 Optimizer Adam  
 Learning rate 0.001  
 Batch size 20  
 Decreasing factor (LR scheduler) 0.9  
 Learning rate decay patience 10 epochs  
 Training epochs 500  
 Early stop patience 15 epochs  
 Activation functions ReLU (edge net), ELU (GNN + MLPs)  
 Number of message passing steps 3  
 Pooling method Add  
 Weight initialization Normal(0, 0.1)  
Table 15
Multi-task GNN-E model configuration and training hyperparameters.
 Model component Configuration/Parameters  
 Input features Molecular graphs and energy-mix features  
 Input layer Linear(32, 64)  (2112 params)  
 Edge network (NN) Linear(13, 128) + Linear(128, 4096)  (530,176 params) 
 Graph convolution NNConv (parameters in NN)  
 Recurrent layer GRU(64, 64)  (24,768 params)  
 Multi-task output head 15 MLPs with shared structure:  
 Linear(71, 256) → Linear(256, 128)  
 → Linear(128, 64) → Linear(64, 1)  
 (Total: 894,735 params)  
 Output Predicted all 15 impact categories  
 Total trainable parameters 1,451,791  
 Optimizer Adam  
 Learning rate 0.001  
 Batch size 20  
 Decreasing factor (LR scheduler) 0.9  
 Learning rate decay patience 10 epochs  
 Training epochs 500  
 Early stop patience 15 epochs  
 Activation functions ReLU (edge net), ELU (GNN + MLPs)  
 Number of message passing steps 3  
 Pooling method Add  
 Weight initialization Normal(0, 0.1)  
Table 16
Category-specific learning rates for single-task GNN-C and GNN-E models.
 Impact category GNN-C GNN-E  
 AC 1.00E–03 5.00E–04 
 CC 5.00E–05 5.00E–04 
 ECO 5.00E–04 1.00E–04 
 ER 5.00E–04 1.00E–04 
 EUf 1.00E–03 1.00E–03 
 EUm 5.00E–04 5.00E–04 
 EUt 5.00E–04 5.00E–04 
 HT 1.00E–03 1.00E–03 
 IR 1.00E–04 1.00E–03 
 LU 1.00E–04 1.00E–04 
 MR 1.00E–04 1.00E–03 
 OD 5.00E–04 5.00E–04 
 PMF 5.00E–04 5.00E–05 
 POF 5.00E–05 5.00E–05 
 WU 5.00E–04 5.00E–04 
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