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1.  We provide an algorithm to cover data gaps in life cycle assessment, the fundamental tool to quantify the
environmental impact of chemical systems investigated in Green Chemistry. By combining
reactionnetworks with mass-based allocation and first-principles energy consumption approximations,
we estimate life cycle impacts to guide the discovery of greener synthesis routes, even when only scarce
data are available.

2. This work estimate the life cycle footprint of thousands of chemicals that are missing in commercial
databases. Our approach simplifies the time-consuming LCA data collection phase, covering chemicals
that previously lacked LCA data and were hard to model due to the multiple synthesis steps involved.

3. Beyond improving our LCA augmentation algorithm, i.e., by refining solvent and yield estimates, the
crucial next step is to optimize synthesis pathways based on sustainability criteria and make the tool
available to the Green Chemistry community so LCA becomes more widely adopted in the field. This
will allow benchmarking chemical systems, including syntheses routes, to identify greener alternatives,
providing measurable insights and trends to support sustainable development.
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Maximilian G. Hoepfner!2#, Dion Jakobs't, Lucas F. Santos and Gonzalo Guillén-Gosélbez2*

Life cycle assessment (LCA) has become the prevalent tool to quantify the impact of chemical processes, yet data gaps
Received 00th January 20xx,

Accepted 00th January 20xx remain a major obstacle towards its widespread adoption. Existing LCA databases cover a few thousand, mostly

high-production-volume, chemicals; however, fine chemicals are often underrepresented. Here we introduce an augmented
DOI: 10.1039/x0xx00000x LCA (AuLCA) framework based on chemical reaction networks (CRN), mass-based impact propagation, and first-principles
based energy estimations to predict the life cycle inventories and impacts of fine chemicals. By applying AuLCA to four case
studies, we find good agreement with commercial data, with the accuracy level depending on the chemical reaction
network’s size and density. Overall, AuLCA is intended to support sustainable decision-making across chemical scales,

particularly in early-stage decisions on chemical reaction pathways selection.
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Introduction

Since their inception in 1998, green chemistry principles have shaped
chemistry towards a new paradigm where sustainability is not an
afterthought but is a foundational goal 2. Today, chemists and
engineers guided by these principles seek to design chemical
processes and products with lower environmental footprint to
ensure long-term ecological balance 3.

Despite the clarity of this overarching goal, the path towards a truly
sustainable chemical industry remains uncertain. The current
chemical industry represents 10% of the global greenhouse gas
(GHG) emissions and is classified as a hard-to-abate sector, making it
a critical target for sustainability-driven actions 4. Multiple green
chemical technologies are being investigated, whose sustainability
performance needs to be quantified using metrics to support
experimental research, technology deployment, and policymaking.

The environmental impact of chemical routes was originally assessed
via mass- and energy-based process level metrics such as the E-
factor, Atom Economy, or Process Mass Intensity (PMI) >~7. Although
these metrics address key environmental aspects such as resource
utilization and waste prevention, they provide limited information on
the entire environmental footprint of complex molecules throughout
their lifecycle 8°. Complementing these metrics, Life Cycle Impact
Assessment (LCIA) methods 1° quantify the environmental, human
health, and resources impacts of chemical systems across their full
life cycle, encompassing the resource extraction, manufacturing,
transportation, and end-of-life phases. LCA studies allow identifying
environmentally detrimental processes 713, the occurrence of
burden-shifting (collateral damage) across environmental categories
1416, and the most critical parameters affecting environmental
impacts 17:18,

However, completing an LCA is a time- and resource-intensive task
that requires detailed accounting of all material and energy flows
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along the life cycle of the reference product, most of which are hard
to collect in practice. Consequently, LCAs are frequently only
completed retrospectively for processes fully characterized and
developed, thus reducing the opportunity for LCA results to influence
early-stage chemical exploration %, Although some early-stage LCAs
have been conducted 1%20-22, performing full LCAs for hypothetical
synthetic routes remains challenging due to lack of data. Moreover,
even LCAs of already existing chemicals may face many data gaps 3,
as discussed below, thus hampering the sustainable chemicals
transition.

LCA databases, such as ecoinvent 24, only contain hundreds to
thousands of chemicals, representing a small fraction of the over 279
million registered substances 2>, which severely limits sustainability
assessments. This is particularly true in fine chemicals (e.g., active
compounds in pharma, pesticides, additives, etc.), whose synthesis
typically involves multiple reaction steps entailing diverse reagents,
solvents, and catalysts, which are seldom publicly disclosed.

Several predictive LCA (streamlined LCA) methodologies have been
developed to cover LCA data gaps 2672%, They estimate cradle-to-gate
or gate-to-gate LCA impacts using approximations, where the recent
trend is to leverage machine learning algorithms to correlate basic
features (e.g., molecular structure, thermodynamic properties, etc.)
with environmental impacts 3°-32, Commonly used machine learning
methods include artificial neural networks 132735 support vector
machines and Gaussian process regressors (SVM/GPRs) 3336, and,
more recently, transformers 2°, amongst others 3738, Additionally,
optimization-based methods 2832 and similarity matrices #° have also
been applied to the same problem.

Most streamlined LCA methodologies are based on regression
approaches calibrated with a training set of chemical footprints.
These methods are often based on the chemical’s structure and
properties while the underlying reaction pathway is not explicitly
considered, although it plays a key role in the chemical’s footprint.
Ethylene, for example, could be synthesized from naphtha in the
steam cracker, and also produced via dehydration of bioethanol,
leading to completely different environmental footprints.
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Moreover, such regression tools are trained for specific classes of
chemicals and impact metrics, thus providing lower accuracies when
extrapolating beyond the training set.

Here, we address these limitations by developing a novel Augmented
Life Cycle Assessment (AuLCA) methodology that integrates chemical
reaction networks, first-principles-based energy estimations, and
mass-based propagation of LCA data. Using data from ecoinvent
version 3.9.1 24, we show that AuLCA provides sensible predictions,
more so when the reaction pathway is known.

Overall, AuLCA aims to facilitate the broad application of LCA to
support better informed, transparent, and reliable sustainable
decision-making across chemical scales.

Methods

AuLCA comprises of several core components, which we describe
next considering the phases of a standard LCA. First, the goal and
scope of the LCA study are defined (Figure 1A). Then, data collection
and curation are performed (Figure 1B). This involves constructing
chemical reaction networks (CRNs) around a corpus of chemicals
whose life cycle inventories (LCl) are known and which we here
retrieve from a commercial database. These LCls will be then
propagated across the network. Next, the impacts of the missing
chemicals will be predicted from the propagated LCls of the
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Figure 1: Three-step framework of the AuLCA tool: A) Goal and Scope definition B) Data
curation and network construction, C) Impact augmentation, D) Data analysis and
validation of predictions.

molecules in the corpus and the gate-to-gate emissions linked to the
associated reaction pathways (Figure 1C). Finally, the predicted
impacts are analysed. Here, a leave-one-out validation approach is
applied to assess the performance of the algorithm (Figure 1D) in
four different case studies.

Step 1. Goal and scope of the analysis

The goal of the study is to compute the environmental footprint of
1 kg of chemical (functional unit) following a cradle-to-gate scope.
The challenge here is that the LCI of this chemical is unknown and
must be estimated before its impact can be computed.

Step 2. Reaction network construction

We initiate our workflow to estimate the impact by defining a corpus
of chemicals and collecting their associated LCls, in our case retrieved
from ecoinvent v3.9.1 database in accordance with 1SO

2 | Green Chem., 2012, 00, 1-3
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14044/14040. To this end, similar filtering criteria as ip.Lucasetale
are applied using the brightway25 package @ pYthoANR G2 (Figite
5 in the SI for more information). The LCls are defined for the
functional unit of 1 kg of chemical. Next, CRNs are built around the
chemicals in the corpus by identifying the chemical neighbourhood
around them (i.e., set of chemical reactions transforming the
molecules in the corpus into other molecules). Due to the flexible
input data strategy, both the corpus of chemicals as well as the CRNs
can be updated to include the most recent data as well as user-
specific tailored datasets. This structure ensures that common
challenges, e.g., the increasing number of novel chemicals and new
(and updated) characterization factors, could be easily addressed
without changing the algorithm structure itself.

Ideally, we would employ chemical databases to build CRNs,
iteratively expanding the molecules in the corpus as many times as
desired via chemical reactions retrieved from the chemical database.
Alternatively, open databases (e.g., USPTO and the CJHIF chemical
reaction dataset (CRD) #2) might be used instead. Despite being free,
the latter often contain fewer reactions, thus preventing the use of
some molecules in the corpus (i.e., those not appearing in any
reaction in the open CRN) and requiring some additional
approximations in the calculations, as discussed later in the article.

The goal of the analysis is to estimate the LCls for the nodes in the
network with unknown footprint connected to the nodes in the
corpus with known footprint.

Several data curation strategies might be required to prepare the
CRNs before data augmentation (section 1 of the SlI) to ensure they
can be used for LCA augmentation, regardless of their source.

Step 3. Data Augmentation

We first provide the general nomenclature followed in the method
derivation. The CRN is represented as a directed bi-partite graph
consisting of nodes (chemicals and reactions) and edges (reactant
and product connections between reactions and chemicals).
Reactions r belong to the set of all reactions R in the graph. The
chemical nodes n belong to the set S:=SK; U SU; , which is given, at
iteration i € I of the algorithm, by the union of chemicals with
known (in the corpus) or estimated (via data augmentation) LCA data
(SK;), and the set of chemicals whose footprint we still seek to
estimate (SU;). Hence, the intersection of SK; N SU; is empty at any
iteration iof the algorithm (SK; n SU; = @), as the LCl of a
chemical is either known or unknown, but not both at the same time.
With proceeding iterations of the algorithm, chemicals from the set S
U; are gradually added to the set SK;.

Ultimately, all chemicals in SU; will belong to the set SK; after
completing the calculations in the last iteration of the data
augmentation step. At iteration zero, set SK; contains the chemicals
whose LCI data have been retrieved from the commercial database
(e.g., the corpus), denoted here as chemicals in the set SEI.
Therefore, at iteration 0, SK, = SEI applies.

Moreover, we define additional sets used in the derivation of the
algorithm. Specifically, for all reactions r in the network (Vr € R),
we define the set of corresponding reactants linked to the incoming

This journal is © The Royal Society of Chemistry 2025


http://creativecommons.org/licenses/by-nc/3.0/
http://creativecommons.org/licenses/by-nc/3.0/
https://doi.org/10.1039/d5gc06892d

Open Access Article. Published on 14 April 2026. Downloaded on 4/15/2026 12:00:59 AM.

Thisarticleislicensed under a Creative Commons Attribution-NonCommercial 3.0 Unported Licence.

(ec)

Green Chemistry

nodes n (SIN,) based on their mass-based stoichiometric coefficient
Vnr € RZwithrt € Randn € S, as given below:

SIN, = {n € S|vy, < 0} vr e(l)
Conversely, for products (SOUT,.) of a reaction r, we have:

SOUT, = {n € S|vy, > 0} Vr €(2)

Similarly, the set of reactions that produce (RPROD,,) or consume (R
CONS,) chemical node n, respectively, are defined as following:

RPROD, = {r € RIn€SOUT,} Vn €(3)

RCONS,, = {r € R|In€SIN,} Vn €(4)

In Figure 2 an example of a reaction (a), with two reactants (1,2) and
two products (3,4) is given. In iteration i = 0 of the algorithm, only
1 and 2 are modelled with LCls retrieved from a commercial
database, while in the next iteration i = 1, we shall compute the LCI
for chemicals 3,4, which will then join set SK;.

Reactants Products
i=0
1 Reaction SK,={1.2)
SU, = {3.4}
L— 4 S
i=1
) SIN, ={1,2} SK, = {1,2,3.4}
SOUT = {34} SU, =0

Figure 2: Simple reaction setup of reaction a with two reactants (1,2) and two products
(3,4).

The data augmentation algorithm departs from the molecules in the
commercial databases, e.g., the corpus, but in performing the data
augmentation it may face data gaps (i.e., the footprint of some
reactants might be missing when attempting to compute the
footprint of the reaction products). This might happen because the
chemical database contains reactions that depart from a molecule in
the corpus but require additional reactants missing in the corpus.
Hence, a strategy is required to rank the reactions based on data
availability, prioritizing data augmentation in those reactions where
more information is at hand. Therefore, to guide the LCI prediction
across the CRN, we rank the reactions r and nodes n in the set SU;
(those whose footprint is yet to be estimated) based on the herein
introduced Availability Factor (AF).

The AF quantifies the amount of LCI data available in each reaction
yielding each compound in SU;. In each iteration, the compounds
and synthesis routes with the highest AF are prioritized for data
augmentation.

Hence, parameter AFP,, is first defined in every iteration i for every
node n as follows:

1, Vin € SK;
AFPiy = {0, vin esu; ®)

The set of nodes connected to reaction r, denoted by N, is defined
as follows:

This journal is © The Royal Society of Chemistry 2025

Nr = SINT U SOUTT(6) View Article Online

. . . . DOI; 10.1039/D5GC06892D
The AF for node n, in reaction r, at iteration i, is calculated as:

1

Ao = =1

AFP;qn,
nreN,ni+n

Vin€N,r € (7)

For each iteration i, we define the maximum AF over all reactions r
involving nodes n as:

M; = max

r €R, neE N,

AFi,n,r (8)

Finally, we can define RAFMax; as the set of all reactions that
actually reach the maximum AF in iteration i:

RAFMax; = {r € R|n € Ny, AF;n, = M}(9)

After identifying the order in which calculations will be performed,
we next conduct the subsequent impact augmentation. Here, our
goal is to determine the life cycle assessment inventories (and
impacts LCAl} ) of the missing chemicals. Impacts can be obtained
from the LCl using characterisation factors CFj, that map flow j, of
all environmental flows J, to the impact category index k of all impact
categories K.

LCAlyy = Z CFjxLCl;, ¥ ke€Kne (10)
i3]

The life cycle inventory (LCI ;) for every node n € S in the reaction
network is given by the LCls embodied in the reactants in the reaction
yielding the missing chemical, plus the LCI flows linked to the
chemical transformation, including the reaction energy and the
energy required in the downstream separations. In what follows,
LCI?’,‘{’,, is the inventory given by the mass-based allocation of the
LCls of the corresponding reactants in node n for reaction r, LCIfn,r
is the inventory linked to the reaction energy in reaction r for node
n, while the LCI connected to the separation energy of reaction r is
denoted by LCI,.

As different reactions might point to the same chemical (i.e.,
different alternative pathways might yield the same molecule), we
shall compute the average of LCls estimated across pathways as
follows:

LCIRM + LCI,,, + LCIS n_r)
|RAFMax;|

2 €ERAFM (
LCIj'n _or ax;

vj€ejmne (11)

The reaction energy inventory LClﬁn,r is calculated using the mass-
based enthalpy of formation (AH°}T§{’) of all reactants and products
of the reaction and normalizing by the stoichiometry of the node of
interest. Moreover, once the energy requirements are computed,
they are converted into the corresponding LCI using parameter
LCIHEAT (i.e., inventory of the heating or cooling agent, retrieved
from an environmental database).

Green Chemistry., 2025, 00, 1-3 | 3
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Yn'r

R
LCIR, . v

omb
= < AH }'Z) LCIHEAT,
n’'e SIN,USOUT,

Vj € J,n € SOUT,,r € RAFMax,,(12)

Similarly, the separation energy inventory LCIJS-_M is computed from
the energy requirements for separations and the LCI of energy
provision LCIHEATj, also retrieved from an environmental
database.

LCIS

jnr

= HEAT,, - LCIHEAT,

Vj € Jn € SOUT,,r € RAFMax,(13)

Here we estimate parameter HEAT, , which quantifies the energy
requirements for separations, following the heuristics in Gani et
al.®3. In essence, such heuristics provide suitable separation
technologies for product n in reaction r. Once a suitable separation
technology is identified, heuristics for energy requirements are
applied. Herein, we focus on distillation, liquid-liquid extraction and
recrystallization.

Finally, the inventory embodied in reactants LCI5y),.

is computed
assuming a mass-based allocation method based on mass-based
stoichiometry coefficients combined with the reactants’ life cycle

inventories LCI .

jnr —

Vn'r

Lert = Z
Vnr
n'€SIN, d

-LCI ,-,nr)

Vj,n € SOUT,,r € RPROD,,(14)

Hence, the overall algorithm (Algorithm 1) can be written in compact
form as follows.

Algorithm 1: Augmented Life Cycle Assessment (AuLCA)

1 <0 # Start at iteration O
2 SK; < SEI # Init. data

3 SU; < S;\SK;

4 Initialize LCAlxn, LCIj, forn € SK;  # Corpus of LCA data
5 WhileSU; # 0:

6 r « RAFMax; # Ranking

7 Compute LCAIy p,, LCljn

8 SK; < SK; Un

9 SU; <« SU;\n

10 i—i+1l # Next iteration

11 Return LCAlxn

Figure 3 illustrates how Algorithm 1 works within a simple reaction
network, containing seven chemicals (1,2,3,4,5,6,7) and three
reactions (a,b,c). In iteration i = 0, all chemicals in the corpus
SEI = {1,2,4} are added to SK;. Meanwhile, SU; = {3,5,6,7} # @.
Using the availability factor,n =

3inreactionr = a,isselected as

the next node, due to the highest availability factor being RAFMaX;n

4 | Green Chem., 2012, 00, 1-3
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= a. After computing LCAI, from LCl;,, the alggrithm then
proceeds to the next iterations until the loop$st6 8 WiER/SHED 08%ee
more detailed examples in section 2 of the SI.

1 4 AFP, =1 AFPU.E—Oo
AFP-’M =1
|—> a L »> C
1 i v
T | o3 o
AFP, =0
2
AFP,,=0
SK, (Start data)
SK, (Predictioni=1) » b >
@ SK,, (Prediction i = 2,3) -~
i=0 i=1 i=23
= (v
S:E AF, =05 AF =1 - 4
3

Figure 3: Schematic of Algorithm 1, based on a simple reaction network with three
reactions (a,b,c) and with seven chemicals. in total ten nodes, i.e., chemicals and
reactions.

Step 4. Data Validation and Analysis

Here the algorithm is validated against known data and insights are
derived from the analysis of the LCA results generated, as discussed
in the next section.

Results

The performance of the algorithm is evaluated using data in
ecoinvent (compare Figure S5 in the Sl). This database mostly
contains high production volume chemicals, thereby affecting the
accuracy of the results (see limitations and assumptions in the SI). An
external validation using the IDEA database #* can also be found in
the SI, which leads to similar results.

Predictions for known synthesis routes

We first evaluate the algorithm performance by assuming that the
reaction pathway is known, and only gate-to-gate emissions are
unknown. To this end, we consider 13 exemplary organic chemicals
in ecoinvent for the validation, reconstructing the associated
reaction pathways based on the activity description and material
flows in ecoinvent (Table 4 in the SI). For the prediction, we only
consider one synthesis step at a time, namely the single-step
transformation of a specific chemical in ecoinvent into one of the said
13 chemicals, all of which are also in ecoinvent. Subsequently,
reaction networks containing only a single reaction were curated
from the retrieved ecoinvent data. This approach serves as an
internal benchmark, to ensure that the AuLCA algorithm accurately

captures the environmental impacts when only gate-to-gate

This journal is © The Royal Society of Chemistry 2025
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emissions need to be predicted for a known single-step synthesis
path. Next, AuLCA was applied to each chemical focusing on
predicting the IPCC 2021 global warming potential (GWP), which was
then compared with the corresponding reference values in ecoinvent
using the following metrics 4>%%: root mean square error (RMSE),
coefficient of determination (R2), mean absolute error (MAE), and
the mean relative error (MRE).

Figure 4 shows that the predictions closely match the references
(RZ=0.97), with an RMSE of 0.74 kgCOr-eq/kg, an MAE of
0.52 kgCO,-eq/kg, and a mean relative error of 11 %. Similar results
are obtained when analysing the energy-related emissions rather
than the total emissions (Table 4 of the Sl). This analysis indicates
that when reaction pathways are known predictions are accurate,
suggesting that the mass allocation and gate-to-gate calculations
work well in the cases analysed.

’ +100 ¥
20 < 00 %
7 - 50 %
/,/
15 e ___Optimal
B ’ Prediction
k=t &
g 10 7
o o
P
5 &
k-
,
0
0 5 10 15 20
Reference

Figure 4: Prediction performance of AuLCA based on manually selected chemicals from
ecoinvent using the same reaction pathway. Values given in kgCOzeq/kg.

Leave-One-Out validation

We next evaluate the overall performance of AuLCA following a
leave-one-out validation approach (LOOV). The LOOV was selected
to use the available validation data to the maximum extent possible
by ensuring that each compound in our dataset is utilized for
validation while the model is trained on the remaining instances.
Given the specific constraints of high-quality LCI benchmarks, LOOV
provides a fair estimate of the model's generalization error and
ensures a direct, comprehensive comparison against the employed
LCA database. We define four different CRNs case studies, three
based on open-source (OS) data of different sizes and one on
Reaxys® data 4’ (Table 1).

We define the training set, e.g., the set SK, corresponding to the
corpus for each such case, as the intersection of all chemicals S in the
graph (CRN) and the precomputed chemicals from ecoinvent v3.9.1
SEI (SK, = S n SEI). Since the set of all chemicals S within the
CRN is different for each case study, the training set is different too.
In addition, this set needs to be filtered, yielding a validation dataset
SK;ooy that is used in the leave one out validation (LOOV).
Particularly, single atom compounds, PFAS, small complex molecules
(e.g., SiCls), inorganic chemicals, and heavy halogenated molecules
were excluded from SK to build the validation set (SK; g0y S SKo)(
full filtering criteria in section 3.2 of the Sl). Again, due to differences

Copyright © 2022 Elsevier Limited except certain content provided by third
parties. Reaxys is a trademark of Elsevier Limited.
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among CRNs, the number of validation chemicals SK gy, differsalse
across cases, affecting the comparisons. ~ DOI: 10.1039/D5GC06892D

During the LOOV, the LCI of one chemical in the validation set is
removed from the training set SK, and then predicted using AuLCA
for each case, using the remaining known data for the other
chemicals in the augmentation. Hence, the entire data augmentation
procedure is repeated for as many times as chemicals in the
validation set, leaving one of them out of the analysis at a time.

Table 1: Selected case studies for LOOV. Initial nodes SK, represent the number of
ecoinvent chemicals, which can potentially be used for impact augmentation. Not all
initial nodes SK are employed in the LOOV, therefore |SK ooy | < |SKo|-

Networks Open-Source (0S) Reaxys
Case Study CS1 csli CS 1l CSIv
Reactions r 10’000 100’000 | 300°000 308’500
Chemicals S 16’000 140’000 | 360’000 310000
SK 49 98 122 236
SK Loov 12 34 41 110

Table 2 summarizes the results. We find that larger networks often
lead to better prediction performance, although recall that such
performance is computed over training sets of different sizes.
Specifically, in the OS case studies, moving from 10’000 to 100’000
and 300’000 reactions increased the size of the training set SK from
49 to 98 and 122, respectively. Note that the size of the training set S
K, does not increase in the same proportion as the network size
does, e.g., for a tenfold increase (CS | vs. CS l1), the size of the training
set SK( doubles only. This moderate growth of the training set SK
can be explained by the fact that a high number of reactions in the
OS networks do not contain any ecoinvent chemicals present in SEI.
Consequently, expanding the network does not guarantee a
commensurate expansion of the initial nodes in the set SKj.
Regardless, performance tends to improve with larger training sets,
e.g., larger corpus SK,, which improve data accuracy and enable a
broader coverage of chemicals within the CRN, as discussed below.
Furthermore, a higher degree of interconnection, especially within
larger CRNs, allows for the identification of more alternative
synthesis pathways, whereas the validation data typically rely on a
single selected route. Since our approach averages values across all
available pathways within the CRN, the prediction is strongly
influenced by the diversity of the considered synthesis routes (i.e.,
number of routes in the network, where some will be more
industrially relevant than other). In addition, sparse CRNs might be
on the other hand unable to predict the right synthesis route due to
lack of sufficient reaction connections within the network. Hence,
there is a clear trade-off regarding network size, as larger networks
will average values over a wider range of routes (being only some of
them industrially relevant) and smaller ones might be unable to
identify the most realistic pathway. This trade-off is discussed more
in-depth later in the article.
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RMSE and MAE both improve when increasing the CRN and set SK,
size (Figure 5). For example, comparing CS | and CS llI, the RMSE is
reduced from 3.80 kgCO.eq to 2.79 kgCO,eq, while the MAE
decreases from 2.53 kgCO,eq to 1.98 kgCO,eq. The MRE follows a
similar trend from CS | to CS Il1.

The Reaxys®-based CRN strategy in CS IV shows comparable
prediction accuracy, with an RMSE of 2.97 kgCO,eq, a MAE of 2.27
kgCOseq, but a notably higher MRE of 72.1 %. Note, however, that
the training set SKy and the validation set SK; ooy are nearly twice
as large as in CS Ill, despite containing a similar number of reactions.
This is because of the way we build the CRN using Reaxys® data,
which allows including more ecoinvent chemicals in the corpus. The
high MRE in CS IV arises because AUuLCA tends to overestimate the
GWP of low-GWP molecules, which are more frequent in the
Reaxys®-based CRN due to the larger number of (simple) reactions
involving such compounds.

While the prior performance metrics indicated good predictive
performance, the R? values across the case studies appear
comparatively modest and inconsistent. These results can be
attributed to the specific distribution of the validation data.
Specifically, the low variance within the validation sets significantly
penalizes the R? calculation, resulting in low values even when
absolute deviations are comparable small. This effect is particularly
evident in CS IV, which includes multiple low-GWP compounds with

Green Chemistry

a correspondingly low variance in the validation data. Consegquently,
these R? values should be interpreted in th&lcontexP 6f>tHe0 882313
narrow range rather than as a lack of model accuracy.

Table 2: Results of the LOQV, in the selected case studies. Employed LOOV filter criteria
are in the supplementary information. See more metrics Table 3 in the SI.

Networks Open-Source (0S) Reaxys®
Case Study csli csli CS 1l CSIv
RMSE [kgCOzea/kg] | 3.80 3.65 2.79 2.97
MAE [kgCO,eq/kg] 2.53 2.52 1.98 2.27
MRE [%] 72.3 81.1 59.3 72.1

R? 0.28 0.11 0.41 -0.08

Figure 5 (top) shows all the predicted values for the different cases.
As seen, most of the chemicals, in all four case studies, are predicted
with an error in the range of +100 % / -50% (grey area in Figure 6).
However, the relative number of chemicals falling outside the grey
area only slightly decreases as we move to larger networks (from
33.3%in CS1to0 30.0% in CS IV). As in Table 2, the trend of the violin
plots (Figure 5, bottom) shows an increasing prediction accuracy
from CS I to CS lIl. In CS IV, however, the violin plot reveals a slight
overestimation, i.e., distribution centered slightly above zero for the
reasons previously discussed.

A CS1-0S 10k B CS11-0S 100k C CS Il - OS 300k D CS IV - Reaxys 300k
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Figure 5: Values given in kgCO,eq/kg. Correlations and residuals analysis of case studies. A) case study |, B) case study II, C) case study Ill, D) case study IV. Detailed overview of
results can be found in Table 2. Grey area visualizes acceptable deviation from reference data with deviation of up to +100 %/-50%. Sets of all employed chemicals used for LOOV

can be found in the supporting information.

To identify any biases in AuLCA, we analyse the prediction error in
Figure 6 (for CS Ill only, the other cases, which behave similarly, are
provided in Figure 8 of the Sl), finding positive and negative
prediction errors of similar magnitude. Hence, no strong systematic
over- or underestimation is found across all predictions, suggesting
the absence of any systematic bias. Further evaluation of the results

6 | Green Chem., 2012, 00, 1-3

shows that overestimation with higher errors is mainly associated
with large scale, industrially synthesized, olefin-like chemicals, for
which very well-established Alternatively, their
footprint is predicted by AuLCA using more complex synthesis

routes exist.

pathways, thereby leading to larger GWPs. This mostly happens in
CSI I-11l, as the dataset contains only patents, some of which might

This journal is © The Royal Society of Chemistry 2025
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have never been deployed at scale and may greatly differ from
current industrial practice. In addition, this often leads to more
synthesis steps and larger emissions.
Moreover, in CS IV, the standard routes to produce chemicals are
averaged together with others, less common (and complex) ones,
thereby leading as well to overpredictions. Conversely,
underestimation often occurs in some molecules (e.g., acetylene)
requiring reactants (i.e., oxygen contributes to 90 % of its GWP)
missing in the network and, therefore, assumed through proxies (see
eq. S13 in the SI) that tend to underestimate their true value. This
emphasizes, the importance of the AF-ranking to produce more

accurate estimates, as discussed next.

8 o
6 o =
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S ° o B
<2 o o [ |
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2 e © B
o o
0 5 10 15 0 10
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Figure 6: Prediction error analysis for LOOV chemicals in CS IlI. Similar trend observed for
case studies CS I, CS Il and CS IV in the SI.

Effect of the AF on the prediction

We next investigate the effect of the AF on the predictions made
(Figure 7). For this, we counted the number of unknown chemicals (S
U;) within the CRNs in the OS case studies, which can be calculated
by defining a AF threshold, which limits the augmentation to those
level of

chemicals generated in reactions with a minimum

information available (i.e., minimum amount of LCI data available).

Without setting an AF threshold, all chemicals can be computed.
Introducing a modest threshold of 0.25 (i.e., at least 25% of reactants
and products in each reaction must be known) reduces coverage: CS
Il and CS 1ll are slightly affected, with 79% and 82% of chemicals still
computable, whereas CS | drops to 68%. This effect is even more
pronounced for a threshold of 0.5. Higher AF thresholds, e.g., >0.75,
leave only a negligible fraction of chemicals computable for all cases.

This result indicates the poor degree of interconnections within
smaller CRNs, such as in CS |. Here, most chemicals are computed
using a limited number of reactions strongly affected by an AF
threshold, while this does not happen to the same extent in CS Il and
CS 1ll, which contain more reactions. Regardless of the case, it is
obvious that approximations (eq. 1 in the Sl) are required for making
predictions in all networks, and less so in larger networks due to

This journal is © The Royal Society of Chemistry 2025
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more interconnections. Notably, Reaxys® provides more alternative
routes and many links between chemicals)!: thuld 39enig- kRl
insensitive to the AF threshold.

82.1%
CS1
N CSl
. Csl

80% 78.7%
68.4%
60%
40% 36.1%
24.3%
20%
26%
> . -

P 0.3% 0.3%
0.2%
0,19 g
0.1%
0.0%
0.0%

0.75 b
AF Threshold
Figure 7: Effect of adjusting the availability factor (AF) threshold on the number of
computable test chemicals within the reaction network for CS I. Percentages show the
decrease in computable test chemicals.

Share of Computed Chemicals
A

Figure 8 provides an illustrative network example for the chemical
morpholine in CS Il and CS Ill. Imposing larger AFs leads to more
convoluted networks because the algorithm tries to avoid proxies.
This requires expanding further the synthesis routes to fully connect
the ecoinvent chemicals with the target molecule without relying on
so many approximations. Certainly, only two reactions remain the
same in both cases, while the number of ecoinvent chemicals (stars)
used in the predictions is similar in both cases. The selected pathways
for CS Ill are, hence, longer, involving more reactions and chemicals
to bypass proxies (triangles).

B Both Networks @ Target A Asymptions
B 100kNetwork @ Chemicals % Ecoinvent
B 300k Network M Reactions ,,-/.,.N

6 Assumptions A

A 2 Assumptions
% 9 Ecoinvent Chem

v 8 Ecoinvent Chem

Figure 8: Visualization of sub-networks for CS Il (green, left) and CS Ill (blue, right), to
identify the computational graph for the case study chemical morpholine.

With a larger repertoire of reactions, missing compounds can be
inferred from preceding steps via impact propagation, thereby
avoiding the use of less accurate proxies. In smaller CRNs, such as the
100k OS example (green, left side), fewer reactions are available, so
missing chemicals cannot be inferred and must be assumed through
proxies: CS Il requires only two assumptions to compute
morpholine’s GWP, and CS Il six. This observed behavior underlines
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the advantage of larger networks to reduce the number of necessary
proxies, yet this leads to more complex routes that might also differ
from more direct ones, particularly when analyzing well-established
bulk chemicals involving fewer synthesis steps like those in
ecoinvent. Numerical examples indicate that avoiding proxies is
more critical than minimizing pathway length, although the effect
can be chemical-specific. Proxies fail to distinguish high- and low-
impact compounds because they assign the average impact of the
reactants. Consequently, it is preferable to predict missing
compounds via longer, information-preserving routes, provided the
added uncertainty remains low, as these better capture compound-

specific impacts.
Gate-to-Gate Impact Contributions

Figure 9 shows the reaction energy, separation energy, and mass-
based allocation in case study CS Ill (similar patterns found for the
remaining cases are shown in Figure S9 of the Sl). As seen, consistent
with previous work 8, the prediction is dominated by the impact
embodied in reactants (gate-to-gate impacts based on mass-based
allocation in the range of 4.88 — 7.25 kgCO,-eq, Cl 95%). This is
because reactants already include gate-to-gate impacts from
preceding steps, so applying mass-based allocation along a pathway
propagates these upstream, energy-related impacts. Moreover, the
distribution of the mass-based allocation impact is heavily influenced
by the selection of the CRN.

Energy requirements in separations clearly exceed those in the
reaction. This is because of the often mild conditions at the reaction
step, leading to small energy needs in contrast to the energy
requirements of energy-intensive separation processes, particularly
distillation. Furthermore, reaction energy impacts related to cooling
duties for exothermic reactions were neglected and so were energy
losses. Moreover, energy requirements in separations are more
spread due to the different processes assumed for the individual
reactions.

Reaction
energy impact

Separation
energy impact

Mass-based
allocation

0.20
32

32
0.16+
24

24

1 ==
16
16
0.08 _
0.8
0.04 - L

i) A - a

GWP contribution [kgCOzeq/kg]

Figure 9: Analysis of the gate-to-gate impact contribution for reaction energy, separation
energy, and the mass-based allocation in case study CS Ill. Based on chemicals of the
initial chemical set SK with n =121.

8 | Green Chem., 2012, 00, 1-3

Green Chemistry

Applicability to Alternative LCIA Methods

View Article Online
DOI: 10.1039/D5GC06892D

Due to the fact that the GWP is currently (arguably) the most critical
metric for quantifying the environmental impact, the AulLCA
algorithm was validated exclusively against the IPCC GWP 2021 48
methodology. Regardless, the AuLCA algorithm is fundamentally
designed to generate LCls compatible with any assessment
framework and is inherently capable of integrating other alternative
life cycle impact assessment (LCIA) methods, such as ReCiPe 2016 #°
or EF 3.1 %9,

Conclusions and outlook

Here we introduced a first principles-based method for estimating
LCA data for fine chemicals. Our data augmentation algorithm AuLCA
showed promising performance for covering data gaps, especially
when considering the same pathway for reference values. The
algorithm can easily perform hundreds of thousands of LCAs,
demonstrating its scalability to large data sets.

However, our approach is inherently limited by the quality and
diversity of the input chemicals in the corpus and the CRNs used in
the LCA data propagation. In particular, the distribution and variance
of chemicals in the corpus could be improved by including more fine
chemicals. In addition, chemical diversity and network connectivity
in the CRNs could be enhanced to maximize overall coverage and,
thus, the predictive power.

A key next step is the integration of multiple reaction databases,
potentially combining foundational CRNs, such as in CS IV, with more
specialized CRNs, such as in CS | to CS lll. This integration will expand
the algorithm’s capabilities across a broader chemical space and
allow it to operate with higher AF thresholds. Moreover, gate-to-
gate estimates will have to be refined, including the footprint of
solvents and catalysts while considering more accurate yields. Based
on the observed predictive performance, the AuLCA algorithm could
provide a robust platform for generating preliminary LCA estimates.
It could be leveraged to guide sustainable decision-making, with an
emphasis on the selection of synthesis routes, particularly in the
early stages of chemical process development, where data is often
limited. Furthermore, the next version of the AuLCA framework will
be provided in the form of a toolbox for LCA practitioners and
chemists to generate environmental footprint estimates for a
plethora of chemicals. Due to the open data structure, AuLCA will be
able to support user-defined data to be tailored to the specific
setups, including the integration of multiple LCIA methods, e.g.,
ReCiPe 2016.

Overall, AuLCA could support early-stage design decisions in a
plethora of applications, with strong emphasis on guiding the
sustainable scale-up of active compounds production in the pharma
industry. Specifically, automating the evaluation of alternative
routes, currently performed manually, would enable chemists and
process engineers to identify and prioritize the most sustainable

This journal is © The Royal Society of Chemistry 2025
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synthesis options more efficiently, helping to advance the goals of
Green Chemistry in both research and industrial practice.
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