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ABSTRACT

Initial design stages are inherently complex and often lack comprehensive information, posing
challenges in evaluating sustainability metrics. Machine Learning (ML) emerges as a valuable so-
lution to address these challenges. ML algorithms, particularly effective in predicting environmen-
tal impacts of new chemicals with limited data, enable more informed decisions in sustainable
design. This study focuses on employing ML for predicting the environmental impacts related to
human health, ecosystem quality, climate change, and resource utilization to aid in early-stage
environmental impact assessment of chemical processes. The effectiveness of the ML algorithm,
eXtreme Gradient Boosting (XGBoost) tested using a dataset of 350 points, divided into training,
testing, and validation sets. The study also includes a practical application of the model in a cradle-
to-cradle LCA of N-Methylpyrrolidone (NMP), demonstrating its utility in sustainable chemical pro-
cess design. This approach signifies a significant advancement in the early stages of process de-
sign, highlighting the potential of ML in enhancing environmental sustainability in the chemical

industry.
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INTRODUCTION

Amidst growing climate change concerns and
heightened environmental awareness, industries are in-
creasingly scrutinized for their environmental impact [1].
This scenario underscores the importance of environ-
mental impact assessment at early-stage process syn-
thesis [2], [3], where operational processes are initially
formulated and assessed. Decisions made at this stage
have significant implications for the environmental foot-
print of the entire operation. In this context, Machine
Learning (ML) [4], [5] presents a transformative solution.
By integrating ML in the early stages, industries can effi-
ciently utilize its potential for rapid, accurate, and com-
prehensive assessments of sustainability.

ML offers a significant advantage in systems with
non-obvious relationships in that, once trained, ML mod-
els can be used to predict such environmental metrics,
facilitating prompt design modifications and improve-
ments. Its adaptability also allows for easy integration
with optimization strategies, aiding industries in
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developing processes during early-stages that balance
environmental and economic factors. Financially, ML is
invaluable; addressing sustainability issues early on helps
industries avoid costly later-stage modifications, leading
to substantial cost savings. In essence, incorporating ML
into early-stage process synthesis represents a forward-
thinking move for industries striving towards sustainabil-
ity.

Thermodynamic properties such as enthalpy, en-
tropy, Gibbs free energy [6], [7], among others provide
crucial insights into the energy requirements of a pro-
cess, operational efficiency, and overall feasibility. These
attributes significantly influence the energy consumption
of the process, impacting essential sustainability metrics
such as GWP and total carbon footprint. On the other
hand, molecular characteristics [8], [9], including molec-
ular weight, bond energies, and functional groups, among
others offer valuable information about the inherent qual-
ities of chemical substances such as reactivity [10], po-
tential toxicity [11], and environmental impacts [12], [13].
Often times, data on both thermodynamic and molecular
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properties are available during the initial stages of pro-
cess design. Therefore, by developing a ML model that
incorporates thermodynamic and molecular descriptors
as input and sustainability metrics as outputs, it is possi-
ble to predict sustainability metrics for both new and ex-
isting chemicals that lack established sustainability data.
This approach enables a more holistic and informed eval-
uation of sustainability at the early stages of chemical
process synthesis.

Previous research has shown that ML can be utilized
to effectively enhance energy efficiency [14] and fore-
cast corporate carbon footprints [15], among others [16],
[17]. Building on this, the current study applies ML, spe-
cifically, eXtreme Gradient Boosting (XGBoost) [18], [19],
to predict endpoint impact metrics for chemicals, partic-
ularly new molecules. This approach can lead to the de-
velopment of safer and more sustainable chemical alter-
natives and circular process designs. Subsequently, the
developed ML model is used together with other meth-
ods to predict the entire cradle-to-cradle environmental
impact of NMP.

METHODOLOGY

In this section, we discuss the data gathering pro-
cess, preprocessing, ML model building, and evaluation
metrics.

Data Acquisition

A comprehensive dataset of 350 common solvents,
including alcohols, esters, hydrocarbons, and ethers, was
compiled for this study. The dataset is divided into two
parts: the feature set and the label set. The feature set
consists of thermodynamic and molecular descriptor
data, encompassing the chemical properties used for
model training. The label set, on the other hand, repre-
sents the data that the model aims to predict. For each
chemical, 15 thermodynamic properties are gathered,
such as critical temperature, pressure, volume, heat ca-
pacity, boiling point, and standard Gibbs-free energy.
The data collection process begins with extracting the
SMILES string [20] and chemical formula for each sol-
vent.

These SMILES strings are used to extract the corre-
sponding thermodynamic properties. This is achieved
through two Python libraries: “chemicals” [21] and
“thermo”, which host extensive databases of pure and
calculated chemical properties. The local databank in
these libraries includes over 20,000 chemicals and their
properties, compiled from sources like the National Insti-
tute of Standards and Technology (NIST), Design Insti-
tute for Physical Properties (DIPPR), PubChem, CRC
Handbook, Perry’s Chemical Engineers’ Handbook, and
various scientific papers and publications.

The molecular descriptor properties for each
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chemical were obtained using RDKit [22] (version
2023.3.3), an open-source Python library renowned in
cheminformatics. For this study, RDKit was employed to
acquire 200 molecular descriptors for each chemical,
covering various properties. These include molecular
weight, carbon count, maximum partial charge, functional
group, number of heterogeneous atoms, number of radi-
cal atoms, and the number of aliphatic rings, among oth-
ers.

For the label data, SimaPro® [23] (version 9.4.0.2) is
used to gather the cradle-to-gate metrics for each chem-
ical. The metrics include human health impact (HHI), eco-
system quality impact (EQI), global warming potential
(GWP), and resource utilization impact (RUI). These four
endpoint metrics are chosen due to decision-making rel-
evance, ease of communication, and depth of analysis.

Data Preprocessing

The initial step is to address the issue of missing
data in the label set. While removing rows with missing
data is a typical solution, ML models benefit from larger
datasets. Therefore, the k-Nearest Neighbors (kNN)
method, a well-established technique in data imputation,
was employed for this analysis. Upon completion, the
feature dataset was scaled to be in a range of 0 and 5.

Given the large number of features available in the
dataset, it was necessary to identify and select those
features that contribute most significantly to the model.
This process of feature selection not only reduces com-
putational time but also eliminates redundant features,
thereby enhancing model accuracy. A balanced ap-
proach was adopted, choosing a total of 10 features with
an equal number (5) from both the thermodynamic and
molecular feature sets. This equal representation ensures
that each feature set contributes fairly to the model. The
streamlined selection of just 10 features also adds prac-
tical value for users, simplifying the prediction process
for specific chemicals by requiring only a limited set of
properties. Additionally, the model was tailored to each
of the four metrics it predicts, with a unique set of fea-
tures for each metric. This customization ensures that
only the most relevant and impactful features are used
for predictions in each specific case, optimizing the ef-
fectiveness and precision of the model. The Sequential
Backward Feature Selection (SBFS) methodology, with
linear regression and Mean-Squared-Error (MSE) crite-
rion, was used to achieve this aim.

Model Training and Hyperparameter Tuning

Once the feature set for each label is finalized, the
next step is to build the ML model for the prediction. Two
models were developed, XGBoost and Artificial Neural
Network (ANN), but in this paper, we present the
XGBoost model.

XGBoost, an advanced ensemble ML model, is an
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efficient implementation of the gradient boosting frame-
work, particularly suitable for optimizing large-scale ML
problems. It functions by iteratively building and refining
models, each new model correcting the inaccuracies of
its predecessors. This refinement is guided by the gradi-
ent descent method, which addresses the weaknesses in
the existing ensemble by adding new decision trees, con-
tinuing until a predetermined error limit is reached or a
specified number of trees is included.

In this study, the data was divided into training, val-
idation, and testing sets. This split was not fix but was
determined based on the label being predicted. To en-
hance the performance of the model, key hyperparame-
ters of XGBoost (version 1.7.6) were optimized. This op-
timization involved selecting and tuning four to six hy-
perparameters that most significantly affect the model.
This process was facilitated by the “hyperopt” [24] (ver-
sion 0.2.7) library, which employs a Bayesian optimization
framework [25]. The hyperparameters adjusted include
the maximum depth of a tree, learning rate, number of
trees, minimum child weight in a node, subsample frac-
tion for growing trees, and the fraction of features cho-
sen for tree development. The optimal hyperparameters
were determined using the validation set, with an objec-
tive function designed to minimize the MSE between the
actual and predicted values after training on the training
set. The test set, crucially, was reserved exclusively for
evaluating the generalizability and overall performance of
the model.

For model evaluation, two key metrics were used:
R-squared (R?) value and the Root-Mean-Squared-Error
(RMSE). The R?, also known as the coefficient of deter-
mination, indicates the proportion of the variance in the
dependent variable that the independent variables in the
model can explain. On the other hand, the RMSE
measures the average magnitude of the errors between
the predicted and actual outcomes, providing a direct as-
sessment of the accuracy of the model. This metric gives
an absolute measure of the fit of the model, quantifying
the average deviation in the predictions.

RESULTS AND DISCUSSION

In this section we discuss the results from the fea-
ture selection, the developed XGboost model and an
NMP case study.

Feature Selection Result

Table 1 outlines the chosen features for evaluating
various sustainability metrics, following the application of
SBFS. The selected features underscore the importance
of both thermodynamic properties and molecular de-
scriptors in providing a comprehensive assessment of
sustainability. Notably, critical temperature and heat ca-
pacity emerge as common thermodynamic features
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across all metrics, highlighting their universal applicability
in sustainability evaluations. These properties are funda-
mental in understanding the energy dynamics and effi-
ciency of chemical processes. Furthermore, the inclusion
of XLogP and boiling point in three out of the four metrics
signifies their relevance in assessing different environ-
mental impacts. Molecular descriptors, particularly HallK-
ierAlpha, have been selected for their ability to represent
the three-dimensionality of molecules, a factor crucial in
understanding the environmental behavior and impact of
chemicals. HallKierAlpha, selected for three of the four
metrics, specifically captures shape representation and
molecular branching, aspects essential for evaluating the
environmental compatibility of chemical substances.

Table 1: Selected features for each endpoint metric

Metric Thermodynamic Molecular De-
Feature scriptor Fea-
ture
HHI heat of vaporiza- Chi0, HallKi-
tion, heat capacity, erAlpha,
XLogP, acentric SMR_VSA7,
factor, critical tem-  VSA_EState6,
perature NumVa-
lenceElectrons
EQI heat capacity, Chi2v, BertzCT,
standard formation  HallKierAlpha,
enthalpy (gas), boil- qged, fr_halogen
ing Point, critical
temperature, critical
volume
GWP heat capacity, boil-  BertzCT, Exact-
ing point, XLogP, MolWt, HallKi-
critical temperature, erAlpha,
critical molar vol- PEOE_VSAG,
ume NOCount
RUI heat capacity, boil-  ExactMolWt,
ing point, XLogP, MaxAbsPartial-
critical pressure, Charge, Max-
critical temperature  PartialCharge,
NumRotatable-
Bonds,
SMR_VSA2
Model Result

Figure 1 presents a parity plot of the predictive ac-
curacy of the XGBoost model across the various environ-
mental metrics. This parity plot offers a comprehensive
view of the model's performance, highlighting its
strengths and areas for further improvement.

Starting with the Human Health Impact (HHI) metric,
as depicted in Figure 1 (a), the model demonstrates re-
markable accuracy. The test set notably outperforms
both the training and validation sets, achieving an R? of
0.997. This high score indicates a strong correlation

Syst Control Trans 3:621-628 (2024) 623



between the predicted and actual values, signifying the
efficacy of the model in predicting HHI metric. Addition-
ally, the RMSE values across the train-validation-test
sets are closely aligned, further underscoring the reliabil-
ity of the predictions. The range of HHI predictions, span-
ning 0.63 - 12 (x 10-) DALY /kgchem With @ 95% confidence
interval, reflects the model's comprehensive coverage of
potential human health impacts.

The Ecosystem Quality Impact (EQI) metric, illus-
trated in Figure 1 (b), presents a slightly different picture.
Although the RMSE values remain within acceptable lim-
its, suggesting general reliability, the model exhibits a
significant discrepancy in the R? value for train-validation
sets bur performs wells on the test set. This variance in-
dicates a need for refinement in the model to achieve a
more dependable R? value for EQI predictions. The pre-
dictions for EQI range from 0.022 - 3.0 PDF.m2.yr/ kQchem.

In the case of the Global Warming Potential (GWP)
metric, the model shows good predictive performance,
though it is not without its challenges. The GWP model
displays a tendency to generalize to a good degree on
the validation set but performs less efficient on the test-
ing set based on the R2 however, the RMSE for both val-
idation and training set are similar in magnitude and or-
der. The predicted values for GWP, ranging from 0.81 to
9.0 kgCO2-eq/kgehem Within a 95% confidence interval,
demonstrate capability of the model in this domain.

Lastly, the Resource Utilization Impact (RUI)
metric, which can be interpreted as the Cumulative En-
ergy Demand (CED) for chemical production, performs
less in terms of prediction on the test set. The predictions
for RUI, ranging from 4.5 to 15 (x10") MJ-primary/kgchem
with a 95% confidence interval, indicate a high degree of
accuracy and reliability, showcasing the model's
strengths in this area. In this study, the 95% confidence
intervals were derived through a bootstrapping tech-
nique. This resampling approach enables us to assess the
variability in the predictions made by our models. Specif-
ically, for each model (HHI, EQI, GWP, RUI), we generated
1,000 bootstrap samples. This was achieved by randomly
selecting 50% of the dataset with replacement in each it-
eration. Subsequently, we utilized the models to make
predictions for each bootstrap sample. The construction
of the 95% confidence intervals involved determining the
2.5th and 97.5th percentiles from the distribution of
these bootstrap predictions. It is important to note that
these intervals reflect the variability associated with the
model predictions themselves, rather than the uncer-
tainty in the hyperparameters of the XGBoost model or
the variability inherent in the dataset. Table 2 also shows
the comparison of the 95% confidence intervals for the
actual data and the developed XGBoost model indicating
a good agreement with the original data.
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Table 2: Comparison of confidence interval for actual
data and XGBoost model

Metric Actual Data XGBoost Model
HHI (x10-%) 0.55-12 0.63-12

EQI 0.022-31 0.022-3.0
GWP 0.68-9.8 0.81-9.0

RUI (x10) 3.5-17 4.5-15

Case Study: Cradle-to-cradle Life Cycle
Assessment (LCA) of N-Methylpyrrolidone
(NMP)

(NMP) is a polar aprotic solvent, notable for its high
boiling point, and is widely used in the chemical industry,
particularly in the production of polymers. Its role in pol-
ymer manufacturing is significant, but it also raises envi-
ronmental concerns. The issue with NMP lies in its non-
consumptive use in synthesis and processing, leading to
its release as waste, a common occurrence in the fine and
specialty chemical industries. The environmental and
health risks associated with the disposal of NMP are well-
recognized. However, the lack of suitable and safer alter-
natives to NMP and similar dipolar aprotic solvents has
resulted in its continued widespread use in specialty
chemical applications. Given these circumstances, the
importance of solvent recovery after its usage becomes
paramount. Recovering NMP not only mitigates the envi-
ronmental and health risks but also addresses waste
management concerns in the chemical industry, empha-
sizing the need for sustainable and responsible solvent
usage practices.

Process Description

We consider a specific case where fresh solvents
(n-methyl-2-pyrolidone (NMP)) and reagents (trifluoroa-
cetic acid (TFA), hydroxyethyl methacrylate (HEMA), hy-
drochloric acid (HCI)) are initially sent to a reactor to-
gether with monomers (oxydianiline (ODA), pyromellitic
dianhydride (PMDA)) for making a resin (polyimide (PI))
precursor. The role of the NMP is to dissolve the ODA
while the reagents are added to the reaction medium to
improve the photosensitivity of the Pl produced. Once
the reaction is complete, the product stream flows to the
washing stage where ultrapure water is used to wash the
produced resin resulting in three main streams: 1) the
resin precursor stream which is sent to a filter press for
further processing, 2) a hazardous waste stream contain-
ing NMP, and 3) a wastewater stream. We look at three
main stages in the impact assessment: 1) the cradle-to-
gate (production phase) impact which entails the feed
stream containing the solvents, reagents and monomers,
2) gate-to-gate (usage phase) impact which entails the
energy and water usage from the reaction and washing
stages, and 3) gate-to-cradle (end-of-life phase) which
entails the recovery of NMP from the hazardous waste
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stream. Here, the XGboost model is used to predict the
cradle-to-gate impact metrics, which represent the pro-
duction phase. Additionally, we use the predicted values
in the gate-to-cradle phase which represent the end-of-
life phase of the waste solvent. Table 3 highlights the

specifications for the case study.

LCAi,production =

n
Zj LCAi,j,production

Equations (1) — (3) gives the environmental impacts
of each phase of the Life Cycle Assessment (LCA).

M

—_ ym
LCAi,use—phase - Zj LCAi,k,use—phase + LCAi,Water,use—phase

(2)

Actual, kgCO,-eq/kgChemical

Table 3: NMP case study specification
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Figure 1: Parity plot for each metric from the XGBoost model. (a) HHI, (b) EQI, (c) GWP, (d) RUI

Component

Inlet mass flowrate to

Ultrapure water for washing

Hazardous waste solvent

Reactor (kg/y) (kaly) stream composition (%wt)

NMP 183416 - 17

ODA 24055 - -

PMDA 26202 - -

HEMA 5448 - 0.5

TFA 5448 - 0.5

HCI 5448 - 0.5

H20 - 4114148 81.5

Table 4: Impact metric prediction for each chemical for the production phase from XGboost model

Component HHI EQI GwWpP RUI
(x10°6,DALY/Kkgchem) (PDF.m2.yr/kgchem) (kgCO2eq/kgchem) (x10,MJ/kgchem)
NMP 7.6 1.9 2.7 11.3
ODA 1.7 0.6 2.5 14.1
PMDA 3.9 0.9 2.0 16.5
HEMA 1.8 1.0 2.5 7.3
TFA 1.2 0.9 2.7 5.4
HCI 0.7 0.2 0.7 0.2
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LCAigor = (1= Rreenmp)LCA;nmp oL + 251 LCA jpoL +
X7 LCA e poL (3)

Here, LCA; j proquction IS the environment impact met-
ric i for the production of chemical j, and n is the total
number of chemicals. LCA; k yse—pnase 1S the environmental
metric i for the energy demand of technology k, m is the
total number of technologies in the process,
LCA;wateruse—phase 1S the impact metric for the total
amount of water used in the process. R,.cymp iS the
amount of NMP recovered for reuse, LCA; yyp oL IS the
environmental impact metric for NMP, LCA; ; g,,, is the en-
vironmental impact of the remaining chemicals not being
recovered, and is the environmental impact due to the
energy demand of the technologies (pervaporation in this
case) for the solvent recovery process. The total cradle-
to-cradle impact assessment per kg of NMP is given by
Equation (4).

LCAi,cradle—to—cradle = LCAi,production + LCAi,use—phase +
LCA;goL (4)

Here, i is the environmental impact indicator (HHI,
EQI, GWP, RUI), LCA; proguction 1S the impact metric for the
production phase of the chemicals (cradle-to-gate),
LCA;yse—pnase 1S the impact metric for the use-phase of
the chemicals - in this case the energy demand and wa-
ter usage in the reaction and washing stages (gate-to-
gate) and LCA;,, is the impact metric for the EoL phase
(gate-to-cradle) for the chemicals in the hazardous
waste stream. NMP is the functional unit for the analysis
hence the impact metric analysis is per kg of NMP basis.
Figure 2 shows the LCA scope and the associated stages
of the cradle-to-cradle assessment.

1
,¢ Ultrapure water

— Reactor

Hazardous ~s
1

waste stream ,
/

Resin Precursor

Use phase
(gate-to-gate)

End—olf—life phase
(solvent recovery,
gate-to-cradle)
Figure 2: LCA scope and the various aspects of the
cradle-to-cradle assessment

Case Study Results & Discussion

Table 4 shows the predictions for each chemical for
the production phase assessment from the developed
XGBoost model. To give a perspective of how the predic-
tions compare with actual data from the SimaPro® soft-
ware, the HHI, EQIl, GWP, and RUl are 7.6 x 106, 1.93, 7.7,
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and 168.9, respectively for NMP. It should be noted that
for water, we used SimaPro® values for the analysis since
we did not consider it to be a chemical.

Figure 3 shows the comprehensive impact of the
NMP lifecycle.
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Figure 3: Endpoint impacts of NMP across its lifecycle.
C2G:Cradle-to-Gate; G2G:Gate-to-Gate; G2C:Gate-to-
Cradle

In the HHI, the results indicate a markedly higher im-
pact in the C2G phase, illustrating the significant health-
related implications during the initial stages of NMP pro-
duction. This could be attributed to the extraction and
processing of raw materials, underscoring the need for
stringent health and safety measures during these pro-
cesses. The EQI shows similar trend with the highest im-
pact also observed in the C2G phase. However, the G2G
is higher in this case signifying a higher impact contribu-
tion from the use-phase. For GWP, the difference be-
tween the C2G and G2G is 71.5%, whiles that between
the G2G and G2C is 52.7%. Similar trend is observed with
the RUI metric.

CONCLUSION

In this work, an XGBoost model is developed to pre-
dict four endpoint impact metrics of chemicals based on
thermodynamic properties and molecular descriptors.
The developed model was subsequently used in a case
study where a cradle-to-cradle life cycle assessment is
performed with NMP as the functional unit. The model is
used to predict the production phase of the various
chemicals used, and subsequently used in solvent recov-
ery which is the considered route for the end-of-life
phase. The use-phase is analysed using the utilities from
the reaction and washing processes. The model results
indicate that the human health impact has the best accu-
racy. While the remaining three metrics had significant
improvements on the validation set, the models could be
improved to enhance the predictions on the test set. Re-
garding the life cycle assessment, it is observed that the
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cradle-to-gate stage has the significant impact on the
lifecycle followed by gate-to-gate, and finally, gate-to-
cradle for all four metrics. Additionally, this case study
shows that ML model predictions can be used to substi-
tute unknows data for cradle-to-gate, and even gate-to-
cradle life cycle assessment. Furthermore, the developed
model can be incorporated during the early-design stage
to provide initial estimates of impact metrics for better
decision-making.
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