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SolECOs: a data-driven platform for sustainable
and comprehensive solvent selection in
pharmaceutical manufacturing
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Solvent selection in pharmaceutical crystallization plays a pivotal role in determining overall manufacturing
efficiency while also significantly impacting environmental performance and regulatory compliance. A
data-driven solution for sustainable solvent selection, applicable to both single and binary solvent
systems, was developed and integrated into SolECOs (Solution ECOsystems), a modular and user-friendly
platform for Sustainable-by-Design solvent selection in pharmaceutical manufacturing. A comprehensive
solubility database containing 1186 active pharmaceutical ingredients (APIs) and 30 solvents was con-
structed and used in conjunction with thermodynamically informed machine learning models, including
the Polynomial Regression Model-based Multi-Task Learning Network (PRMMT), the Point-Adjusted
Prediction Network (PAPN), and the Modified Jouyban—Acree-based Neural Network (MJANN), to predict
solubility profiles along with associated uncertainties. Sustainability assessment was performed using both
midpoint and endpoint life cycle impact indicators (ReCiPe 2016) and industrial benchmarks such as the
GSK sustainable solvent framework, enabling a multidimensional ranking of solvent candidates.
Experimentally validated case studies involving APIs such as paracetamol, meloxicam, piroxicam, and
cytarabine confirmed the approach’s robustness, adaptability to various crystallization conditions, and
effectiveness in supporting single and binary solvent screening and design.

1. This work advances green chemistry by introducing Sol/ECOs, a sustainable-by-design digital platform for solvent and solvent mixture selection, integrating
predictive modelling and comprehensive sustainability assessment to support greener pharmaceutical manufacturing.

2. SolECOs predicts optimal single or binary solvents for 1186 APIs using a database of 30 000 + solubility points for 30 solvents, ranked via 23 Life Cycle
Assessment indicators and the GSK Environmental Assessment Framework. Predictions were experimentally validated for four APIs.

3. Greener performance could be achieved by expanding the database to include more bio-based solvents, adding renewable feedstock pathways in LCA, and
integrating real-time process data for adaptive, in-process solvent design.

1. Introduction

over crystal properties and, more importantly, ensures high
product yield.>® With the growing adoption of Green

More than 80% of small-molecule pharmaceuticals are deli-
vered in solid form."” As a fundamental step in solid-liquid
phase transformation, crystallization is pivotal in pharma-
ceutical manufacturing, where solvent selection serves as a key
determinant of process efficiency and product quality.>* An
appropriately chosen crystallization solvent affects solubility
and supersaturation behavior, which in turn enables control
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Chemistry’ and Quality by Design (QbD)® in pharmaceutical
manufacturing, solvent selection has become central to
addressing not only product quality and process efficiency but
also sustainability, regulatory compliance, and life cycle
assessment (LCA). This shift is reflected in guidelines such as
ICH Q8-Q12,° the REACH regulation,'® and initiatives includ-
ing the Green Pharmacy Initiative and Pharmaceuticals in the
Environment (PiE), which emphasize reduced volatile organic
compounds (VOCs) emissions, lower carbon footprint, and
improved atom economy.'***

On average, it takes approximately 12.5 years and up to
£1.15 billion to bring a new drug to market."> While many
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factors contribute to this painstaking and costly process, ineffi-
ciencies in crystallization solvent selection remain a persistent
bottleneck, particularly in unit operations such as API syn-
thesis, crystallization, liquid-liquid extraction, wash-filtration,
drying, and granulation.’® Despite decades of accumulated
experience, solvent selection in crystallization continues to rely
heavily on empirical rules and trial-and-error strategies.'’°
These approaches are time-consuming, resource-intensive, and
heavily reliant on expert judgment, which collectively limits
efficiency and scalability in process development.?®*!

Driven by these challenges, solvent selection is gradually
transitioning from traditional empiricism to data-driven intel-
ligent screening and machine learning (ML)-assisted design
approaches.”>?° Technically, the objective of solvent selection
aligns closely with solubility prediction, an area that has seen
substantial progress in recent years.”’>* However, based on
accurate characterization of solubility behavior, a critical
differentiating step lies in effectively linking API dissolution
behavior in a given solvent with its environmental footprints
under variable real-world production conditions.

Solvent selection approaches are developed to meet various
single or multi-objective targets, such as maximizing product
yield, controlling crystal polymorphism, and enhancing
solvent sustainability.>* > From an industrial standpoint, a key
and often unavoidable goal is to reduce environmental impact
while still achieving the desired product yield. Computer-
Aided Molecular Design (CAMD) serves as a systematic
approach to identify crystallization solvents.**™*! Karunanithi
et al.**> developed a framework combining CAMD, database
screening, and experiments, with attention to crystal mor-
phology. Wang and Lakerveld*® presented a systematic
approach for the simultaneous optimization of process con-
ditions and solvent selection for continuous crystallization
including solvent recycling. Chai et al.** introduced the Grand
Product Design (GPD) model, incorporating technical, econ-
omic, and regulatory factors. Liu et al.*®> proposed an ML-inte-
grated CAMD approach focused on solvent recovery. Watson
et al.*® designed a CAMD-based method for optimal solvent
blend selection in pharmaceutical crystallization, capable of
simultaneously determining ideal process temperature, solvent
and anti-solvent species, and their compositions.

To improve practical applicability, efforts have focused on
user-friendly tools that integrate process needs, solvent pro-
perties, and environmental constraints.”’>' Larsen et al.’
developed a green solvent selection tool for printed elec-
tronics, organizing a wide range of solvents based on Hansen
solubility parameters and sustainability indicators. Similarly,
an interactive tool has been developed to support solvent selec-
tion by incorporating chemical functionality, physical pro-
perties, regulatory considerations, and Safety, Health, and
Environmental (SHE) impacts.>?

Despite the emergence of various solvent design and selec-
tion frameworks in recent years, significant limitations
remain. Firstly, the implementation complexity of many
methods and models hinders their broader adoption. While
computational methods demonstrate strong performance in
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specific case studies, they typically rely on intricate parameter
settings and assumptions, making it difficult to generalize or
directly apply the results in real-world scenarios. Without sub-
stantial expertise, users may struggle to navigate these tools
effectively, thereby diminishing the cost and efficiency advan-
tages of non-experimental approaches. Secondly, the “optimal”
solvents identified by computational approaches sometime
lack practical feasibility. These designed solvents may face
challenges in industrial adoption due to high synthesis costs,
limited commercial availability, supply chain constraints, or
issues related to transportation and storage. Thirdly, existing
methods often lack flexibility and consistency, particularly in
sustainability assessment. Current industrial practices rely on
diverse and sometimes inconsistent sustainability indicators,
each emphasizing different aspects — such as carbon footprint,
toxicity, biodegradability, or energy consumption during pro-
duction. The absence of a unified evaluation framework makes
it difficult to comprehensively assess and compare the environ-
mental impacts of solvents or solvent mixtures.

To address these limitations, this study sets out three key
objectives. First, to improve usability, we develop a computa-
tionally efficient and user-oriented platform that enables
solvent selection without requiring advanced modeling exper-
tise or high-performance computing. Second, to enhance prac-
tical relevance, the framework focuses on commonly used sol-
vents and their binary combinations, avoiding hypothetical or
industrially inaccessible candidates. Third, to accommodate
diverse sustainability criteria, the methodology incorporates
multiple assessment schemes, allowing engineers and experi-
mentalists to select evaluation criteria aligned with specific
environmental, health, or regulatory frameworks.

2. Methodology

A computational framework with a sequential workflow was
developed to streamline solvent selection and screening for
APIs in both single and binary solvent systems. The process
began with the construction of a comprehensive solubility
database with over 30k data points for 1183 APIs in organic
solvent/water systems, covering both single and binary compo-
sitions. Additionally, the environmental impact of solvent
usage was systematically assessed by evaluating the sustain-
ability performance of 30 solvents and their mixtures. To
enable quantitative solvent selection, the 3D molecular struc-
tures of APIs were characterized using 347 molecular descrip-
tors. Key descriptors were identified through a combination of
random forest modeling and Monte Carlo sensitivity analysis.
Hybrid modeling approaches integrating ML and theore-
tical methods were developed. A Polynomial Regression
Model-based Multi-Task Learning Network (PRMMT) was
designed with multiple shared layers to accommodate
different design requirements. The Point-Adjusted Prediction
Network (PAPN) was developed for solubility prediction at
specific temperatures, while the Modified Jouyban-Acree
Model-based Neural Network (MJANN) was tailored to handle

This journal is © The Royal Society of Chemistry 2025
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Fig. 1 Data-driven framework for sustainable solvent selection in the SolECOs platform.

the complexities inherent to the design of binary solvent
systems.

To enhance reliability, discrepancies between predicted and
actual solubility values in the validation set were quantified
and mapped to optimal probability distributions of prediction
residuals. By preserving probability variations across different
distribution values, a robust solvent selection framework was
established, ensuring reliable solvent recommendations. The
entire workflow has been integrated into the user-friendly
SolECOs platform, providing an efficient tool for solvent
screening and selection (Fig. 1).

2.1. Data collection

2.1.1. Database for solubility. To accommodate the diverse
range of potential model compounds involved in the crystalli-
zation process, the solubility database was curated based on
compound value and complexity, selecting a total of
1186 high-value compounds that are essential for the prepa-
ration and production of APIs approved by the World Health
Organization (WHO). The solubility data for these compounds
in 30 commonly used single solvents and binary solvent mix-
tures were systematically retrieved through comprehensive lit-
erature searches and database queries, including published
articles and Reaxys.’* Only data explicitly reporting the use of
pure solvents were included to ensure consistency and avoid
the influence of mixed-isomer or denatured solvents.

To facilitate model development and validation, the entire
dataset was divided into three independent subsets, each
serving a specific purpose. Approximately 70% of the data was
allocated to the training set for model development, while
30% was used as a validation set to fine-tune model perform-

This journal is © The Royal Society of Chemistry 2025

ance. Additionally, a separate test set, consisting of data from
20 independent APIs, was reserved for final model evaluation.

2.1.2. Database for solvent environmental categories and
impact quantification. Thirty solvents widely used were
selected for this study (Table S1). The selection process was
meticulously designed to balance physicochemical diversity,
industrial relevance, and environmental sustainability.>® Polar
protic solvents such as methanol, ethanol, and water were
included for their hydrogen-bonding capabilities, while non-
polar solvents like hexane and heptane represent low-dielectric
environments. Industrial relevance guided the inclusion of
widely used solvents such as chloroform, dichloromethane,
acetone, and ethyl acetate. Additionally, solvents like acetic
acid, pyridine, 1,4-dioxane, and cyclohexanone were incorpor-
ated for their roles in tuning polarity and solubility in process-
critical applications. Environmental considerations were also
incorporated into the selection process. While solvents like
chloroform and benzene were retained for benchmarking pur-
poses despite known risks, greener alternatives such as DMSO,
oxolane, and selected alcohols were included to promote more
sustainable crystallization practices.

The environmental impact of solvents was quantitatively
evaluated using SimaPro 9.5 and the ReCiPe 2016
vl.1 method, based on the Ecoinvent 3 database, in accord-
ance with ISO 14040-14043 standards.”® Both midpoint and
endpoint indicators were considered to provide a comprehen-
sive evaluation of environmental impact (Fig. S1). The mid-
point approach enabled a detailed examination of each sol-
vent’s impact across different environmental categories, while
the endpoint approach focused on the overall long-term
environmental consequences. In addition to the sustainability
indicators provided by the methodology, a weighted sum-

Green Chem., 2025, 27,12621-12641 | 12623
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mation of impact factors (eqn (1)) was also considered, where
higher a Sustainability Throughput Index (STI) values indi-
cated a greater negative environmental impact.

To further strengthen the sustainability assessment, the
platform also incorporated the solvent evaluation framework
proposed by the regularly updated GSK Solvent Sustainability
Guide.?”*® This method categorizes solvents into ten distinct
subcategories, which are subsequently aggregated into four
major sustainability category scores and ultimately synthesized
into a composite sustainability score (G), as described in eqn
(2)—(5). All scores range from 1 to 10, where a low score indi-
cates poor sustainability, while a high score reflects favorable
environmental performance. Overall, the platform offers 23
different sustainability indicators for users to choose from.

STI = EN:w,- I (1)
=1
H = VHH x EP (2)
S = VFE x RS (3)
E = \/air x aqua (4)
W = VI x R x BT x VOC (5)
G=VHXSXEXW (6)

2.2. Descriptors determination

The Molecular Operating Environment (MOE) software®® was
employed to calculate molecular descriptors, encompassing
both 2D and 3D properties which include topological, geo-
metric, and electronic properties. After computation, the
descriptors were reviewed and exported for further analysis. To
identify and select the most independent descriptors, a
random forest model and Monte Carlo simulations based on
random forest were utilized. More information can be found
in the SI

2.3. Modeling

2.3.1. Thermodynamic and empirical modeling. Classical
thermodynamic and empirical models provide an effective
means to describe solubility variations with temperature in
single solvents, and with both temperature and composition
in binary mixtures. The proposed digital platform employs an
empirical Polynomial Regression (PR) model to describe solu-
bility variations with temperature in single-solvent systems.
The general form of this model is provided in eqn (7):

S=ay+a - TH+ay T*+---+a, T" (7)

where S is the solubility value, T is the temperature. a,, are the
model’s coefficients. Given that solubility often exhibits non-
linear behavior with temperature, employing a quadratic func-
tion (n = 2) can effectively capture this trend.

The Jouyban-Acree (JA) model is widely utilized to correlate
the solubility of solutes with both temperature and the initial
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composition of binary solvent mixtures. This model effectively
captures the dependence of solution behavior on solvent com-
position and temperature in multi-solvent systems. One of the
key advantages of the JA model is its simplified three-para-
meter structure, which significantly enhances computational
efficiency and makes it well-suited for integration with ML
frameworks.®*®> The general form of the JA model is pre-
sented in eqn (8).

In(x1) =x,° - In(x1), + x3° - In(x1)5

+x° x50 (%-i—ﬂ%(xzo —x3%) +%(xz° - xso)z) ®
where x; is the mole fraction solubility of the solute; x,° and
x;° are the initial mole fractions of two solvents in the solute-
free, binary solvent mixtures, respectively; f,, f; and S, are
model parameters; and (x;), and (x;); refer to the corres-
ponding mole percentage solubility of compound in two sol-
vents. Thermodynamic model parameters were considered as
target variables for ML modeling. Additional information is
available in the SI.

2.3.2. ML modeling. The Polynomial Regression Model-
based Multi-Task Learning Network (PRMMT) developed in
this study adopts a shared-bottom architecture to predict the
solubility-temperature profiles of compounds across multiple
solvents. This approach improves computational efficiency by
enabling simultaneous predictions across 30 different tasks
while leveraging shared representations. The model consists of
a fully connected shared-bottom layer followed by task-specific
branches. Each branch comprises two dense layers optimized
through hyperparameter tuning, with dropout layers applied
to mitigate overfitting. The model predicts three solubility-
related outputs per task, leading to a total of 90 outputs. To
ensure physically meaningful predictions, custom loss con-
straints enforce non-negativity and monotonicity of solubility
with respect to temperature. Hyperparameter tuning, includ-
ing the number of units, dropout rates, and learning rates, is
performed using Keras Tuner with a random search strategy
across 400 trials. The final model, trained for up to 1000
epochs, adaptive optimizer is applied to minimize the Mean
Absolute Error (MAE). Post-training, inverse transformation is
applied to restore the standardized solubility predictions to
their original scale. Model performance is evaluated based on
the MAE across tasks. By comparing the predicted and actual
solubility values across each task in the validation set, the
uncertainty in each prediction is evaluated. This uncertainty
reflects the variability inherent in the model’s predictions, and
with the current scale of data, it represents the predictive
uncertainty of the model. This uncertainty can be used to
assess the reliability of the predictions, especially when extend-
ing the model to predict solubility for new compounds or
solvents.

A Point-Adjusted Prediction Network (PAPN) and the
Modified Jouyban-Acree-based Neural Network (MJANN) were
also developed to predict the solubility of APIs in solvents at a
single temperature point, as well as their solubility in binary

This journal is © The Royal Society of Chemistry 2025
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mixed solvents. These models follow the same framework as
previous studies.®”®® The inputs and outputs of the models
are presented in Tables 1 and S2, and the procedure for
residual distribution fitting and probability estimation is
detailed in the SI.

2.3.3. User interface. The user interface is developed with
PySide6 and provides an interactive and user-friendly platform
that integrates data input, model execution and result visual-
ization. It adopts a multi-tab layout that organizes solubility
prediction, uncertainty analysis, single-point adjustment,
binary solvent evaluation and sustainability assessment in a
structured manner. Users can load and save files, configure
model parameters and initiate computations through an intui-
tive graphical environment with real-time feedback using click-
able buttons, progress indicators and status tracking.
Matplotlib-based visualization supports scatter plots, uncer-
tainty distributions and 3D representations of solubility trends
and sustainability indicators. The sustainability module cat-
egorizes solvents based on selected indicators and provides
graded recommendations using classification and radar
charts. To ensure efficiency and responsiveness, computational
tasks run in the background using QThread and QRunnable
for smooth multitasking.

2.4. Comparison: simulation and experimental solubility
determination

To assess the accuracy and reliability of the computational
framework, prediction results were systematically compared
with experimental data and widely used existing method-
ologies. Experimental solubility measurements were con-
ducted wusing the Crystalline instrument (Technobis,
Netherlands) to provide a direct comparison with predicted
results. Additionally, the solubility prediction module in PSE
gPROMS, a widely used commercial process simulation soft-
ware for pharmaceutical process modeling, was also employed
for comparison.

The predictive performance of the model was evaluated
using multiple statistical metrics, including MAE, Root Mean
Squared Error (RMSE), Root Mean Squared Log Error (RMSLE),
and the coefficient of determination (R®). Given the variability
in scale across thermodynamic and empirical parameters and
solubility values, there is a risk that solvents with lower solubi-
lity might be underestimated by the model, potentially leading
to biased exclusion in decision-making. To address this,
RMLSE was adopted as a key performance metric, as it
penalizes underprediction more strongly than conventional

Table 1 Summary of the key features of the proposed ML models
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metrics. Further details on the experimental procedures, com-
putational methodologies, and evaluation metrics can be
found in the SIL

3. Results and discussion

3.1. Data construction and determination of input
descriptors

3.1.1. Data curation. The types of solvents and their occur-
rence frequency in the solubility database, along with the dis-
tribution of solubility data, are illustrated in Fig. 2. While
most small-molecule pharmaceuticals operate within moder-
ate temperature ranges, we have comprehensively compiled
and visualized all available data capturing temperatures up to
250 °C to serve as a foundational database for potential
future studies. However, during the model construction
phase, we restricted our dataset to solubility data at tempera-
tures below 70 °C to align with practical pharmaceutical
conditions.

The density and size of the circles in Fig. 2(a) represent the
frequency of solubility data points across different solvent-
temperature combinations. A noticeable clustering of data is
observed in the solubility range of 107° to 10" mole percent
and within the temperature range of 0-50 °C, indicating that
most data falls within these conditions. Although some data
points exist at temperatures above 100 °C, predominantly in
the 1-10 mole percent solubility range, statistical analysis
reveals that these cases account for less than 2% of the total
dataset.

Compared to aqueous solubility data, solubility data
measured in organic solvents are relatively limited (Fig. 2b).
The 30 solvent-specific tasks defined in the PRMMT model
align with the most frequently occurring solvents in Fig. 2b
(see Table S1 for details). Analyzing the logarithmic solubility
values (logS) of the collected data indicates that water and
ethanol are the most extensively represented solvents, collec-
tively accounting for over 30% of the total dataset. In contrast,
solvents such as propyl acetate and 1,2-xylene appear far less
frequent, contributing to less than 5% of the dataset.

The solubility data in water exhibit a relatively narrow distri-
bution, primarily falling within the log S range of —4 to 4 (in
mole percent). Conversely, solvents like ethanol and Propan-2-
one show a broader solubility distribution, suggesting that
solubility variations are more pronounced across different
solutes. Importantly, even for solvents with lower data avail-

Model Polynomial regression model-based Point-adjusted prediction
name multi-task learning network (PRMMT) network (PAPN) Modified Jouyban-Acree-based neural network (MJANN)
Input Representative API molecular Representative API and solvent  Representative API and solvent molecular descriptors,
descriptors molecular descriptors interaction between solvents, pure solvent solubility
values
Output PR model parameters Solubility of API in JA model parameters

temperature T

This journal is © The Royal Society of Chemistry 2025
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Fig. 2 Solubility and solvent frequency analysis. (a) Solubility distribution across different temperatures. The x-axis represents solubility values (log
scale), and the y-axis shows temperature (°C). Each bubble corresponds to a solubility data point, with bubble size representing the occurrence fre-
quency of solubility values and color intensity mapped to temperature, increasing with higher thermal conditions. (b) Combined violin and bar plots
for solvent frequency and solubility distribution. The violin plot shows solubility distributions for solvents with data frequency > 50, where width rep-
resents solubility range. The blue line marks the mean, while red and green dashed lines indicate the 25" and 75" percentiles. Below, the gray bar
chart displays solvent occurrence frequency. The right y-axis shows solubility on a log scale. Colors of the violin plots are assigned using the viridis

palette solely for distinguishing different solvents.

ability, the dataset does not exhibit an overly concentrated dis-
tribution, maintaining a relatively diverse range of solubility
values. This diverse solubility distribution underscores the
effectiveness and representativeness of the dataset.

Ideally, for model training, a uniform distribution of log S
values across the entire dataset would be preferred. However,
due to practical limitations in data availability, no log S-based
pruning was applied to the organic solvent dataset. This
ensures that the dataset retains its inherent diversity, which is
crucial for robust model performance and generalizability.

3.1.2. Descriptor development. The descriptors consist of
two categories: quantitative characterization of solute/solvent
3D structures and temperature-dependent solubility curve. The
temperature-dependent solubility profiles of compounds in
single and binary solvent systems were parameterized using
the PR model and JA model, each defined by three fitted
parameters.

For single-solvent solubility prediction, since each solvent
prediction task was assigned to independent parallel tasks, expli-
cit solvent descriptors were not required. Instead, the selected
descriptors needed to comprehensively capture API molecular
characteristics. To determine the most relevant descriptors,
random forest modeling combined with Monte Carlo sensitivity
analysis and an independent random forest approach were
applied to assess descriptor importance. Tables S3 and S4 list
the top 25 molecular descriptors, along with their definitions.
Their importance rankings, after Unit Vector Normalization, are
visualized in Fig. 3. While some variations in ranking exist, most
high-ranking descriptors exhibit consistent trends.

Key descriptors include GCUT_SLOGP, which incorporates
both structural features (via graph cut) and hydrophobicity (via

12626 | Green Chem., 2025, 27,12621-12641

log P), descriptors related to the heat of formation of the com-
pound, distance and adjacency matrices of heavy atoms, descrip-
tors describing mass distribution relative to the molecular
center of mass, and those characterizing molecular flexibility. To
minimize redundancy, a representative heat of formation
descriptor was selected, and a Pearson correlation analysis
(Fig. S2) was performed to ensure descriptor independence.

For binary solvent systems, additional considerations were
made 